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Abstract
Endoscopy has developed into a routine method of examination and treatment

for the digestive tract. Since most cancer patients will develop precancerous lesions
in the early stages of cancer, for example, in colonoscopy, colon polyps are an early
stage of colon cancer; in gastroscopy, lesions or ulcers in the mucosa of the stomach
are an early sign of gastric cancer. Early endoscopy can detect early cancerous
lesions before the onset of obvious symptoms, leading to earlier interventional
treatment and reduced patient suffering. Endoscopy can help endoscopists to
precisely locate the lesion area by visualising the internal structure of the organ
and determine the nature of the lesion based on its shape, size and colour.
However, diagnosis by clinicians is usually based on experience and training
a specialised physician is time consuming. Therefore, the development of an
automated and accurate vision algorithm for endoscopy can assist physicians
in their examination to reduce the missed diagnosis of early cancer adenomas
and precancerous lesions, thereby avoiding cancer prevention at an early stage
and improving the survival rate of patients.

In this thesis, proposed holistic approaches tackle different challenges in
endoscopy. Various tasks can assist navigation, treatment planing and minimise
missed lesions. Specifically, a novel bounding box pruning approach is proposed
to improve artefact detection and an image quality assessment system based
on artefact detection is presented. This thesis also proposes new supervised
learning and self-supervised learning based approaches for ulcerative colitis
grading respectively. Meanwhile, the performance of the proposed self-supervised
learning methods in different downstream tasks is explored. In addition, this
thesis introduces a spatial-temporal self-attention mechanism with self-supervised
learning as an auxiliary task to cope with the challenging problem of video
polyp segmentation.

The original contributions are as follows: (1) Pruning-based deep learning
artefact detection framework in endoscopy and quality assessment system. (2)
Supervised ulcerative colitis grading algorithm using additive angular margin
loss. (3) Self-supervised learning with composite pretext-class discrimination
for im- proved generalisability in multi endoscopic image analysis tasks. (4)
End-to-end self-supervised and tem- poral self-attention with feature branching
for real-time video polyp segmentation.
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Abstract

Endoscopy has developed into a routine method of examination and treatment for
the digestive tract. Since most cancer patients will develop precancerous lesions in
the early stages of cancer, for example, in colonoscopy, colon polyps are an early
stage of colon cancer; in gastroscopy, lesions or ulcers in the mucosa of the stomach
are an early sign of gastric cancer. Early endoscopy can detect early cancerous lesions
before the onset of obvious symptoms, leading to earlier interventional treatment
and reduced patient suffering. Endoscopy can help endoscopists to precisely locate
the lesion area by visualising the internal structure of the organ and determine
the nature of the lesion based on its shape, size and colour. However, diagnosis
by clinicians is usually based on experience and training a specialised physician is
time consuming. Therefore, the development of an automated and accurate vision
algorithm for endoscopy can assist physicians in their examination to reduce the
missed diagnosis of early cancer adenomas and precancerous lesions, thereby avoiding
cancer prevention at an early stage and improving the survival rate of patients.

In this thesis, proposed holistic approaches tackle different challenges in en-
doscopy. Various tasks can assist navigation, treatment planing and minimise
missed lesions. Specifically, a novel bounding box pruning approach is proposed
to improve artefact detection and an image quality assessment system based on
artefact detection is presented. This thesis also proposes new supervised learning and
self-supervised learning based approaches for ulcerative colitis grading respectively.
Meanwhile, the performance of the proposed self-supervised learning methods in
different downstream tasks is explored. In addition, this thesis introduces a spatial-
temporal self-attention mechanism with self-supervised learning as an auxiliary task
to cope with the challenging problem of video polyp segmentation.

The original contributions are as follows: (1) Pruning-based deep learning
artefact detection framework in endoscopy and quality assessment system. (2)
Supervised ulcerative colitis grading algorithm using additive angular margin loss.
(3) Self-supervised learning with composite pretext-class discrimination for im-
proved generalisability in multi endoscopic image analysis tasks. (4) End-to-end
self-supervised and tem- poral self-attention with feature branching for real-time
video polyp segmentation.
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SOTA . . . . . State-of-the-art
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1.1 Motivation

The human gastrointestinal system is very fragile and vulnerable to viruses. It

is estimated that gastrointestinal diseases, including gastric cancer and colorectal

cancer, cause about 1.8 million deaths each year, accounting for more than 12%

of the global mortality rate [1]. Disruptions to intestinal homeostasis, including

microbial imbalances and immune dysregulation, can lead to inflammation and

various rectal diseases such as rectal polyps, ulcerative colitis (UC), and intestinal

adenomas. These conditions can cause significant damage to the rectal mucosa,

increasing the risk of disease progression and potentially leading to colorectal cancer.

Endoscopy is a widely used clinical procedure for the early screening of cancer.

Endoscopes provide clinicians with a way to directly observe the internal conditions

of the body through a camera that enters the body and simultaneously transmits

video images to an external monitor. It is recommended that patients undergo

1
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regular endoscopic monitoring and generate a disease evolution map to track the

development of the disease. Early detection of lesions allows for earlier treatment.

As a clinical procedure, endoscopy plays a pivotal role in improving the detection

rate of gastrointestinal diseases by allowing direct visualisation of the mucosal

surface. However, the accuracy of current endoscopy relies heavily on the operation

of professional doctors. The doctor must continuously rotate the endoscope or adjust

the patient’s body so that the endoscope can cover most of the area. But relying

on local observation and evaluation based on clinician’s experience is inefficient

— especially in polyposis syndrome, where polyps are numerous and distributed

throughout most of the gastrointestinal tract. Relying only on clinicians’ experience

for judgement is prone to error, which can affect the detection rate of cancer,

precancerous lesions, and inflammation. At the same time, during endoscopic

surgery, due to the complex gastrointestinal environment, lighting conditions, and

unstable motion, a large number of artefacts and occlusions inevitably appear in

the video, affecting both image quality and the clinician’s diagnosis.

In recent years, the application of Artificial Intelligence (AI), particularly deep

learning algorithms, has significantly expanded within the realm of computer vision,

yielding commendable results. Within the domain of medical image analysis, AI has

demonstrated its capacity to augment clinical diagnostics through its exceptional

performance. This includes the automated detection of lung nodules in computed

tomography (CT) scans and the identification of cardiac anomalies in magnetic

resonance imaging (MRI), etc. Furthermore, in the context of endoscopic procedures

such as colonoscopy and gastroscopy, AI has the capability to autonomously recognise

and analyse abnormalities like colon polyps and gastric carcinoma. This aids medical

professionals in pinpointing areas of concern, thereby substantially reducing the

incidence of overlooked diagnoses.

However, there is still a lack of a complete AI-assisted system to support clinicians

in endoscopic examinations. This thesis proposes a holistic colonoscopy-assisted

detection framework that includes multiple functions to meet clinical needs, and
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Figure 1.1: The image shows the bilogical interpretation of colon, including the ascending,
transverse, descending and sigmoid colon [2].

introduces deep learning-based approaches to address the challenges in endoscopic

image analysis. These challenges and corresponding solutions are as follows:

• Image quality assessment: Image quality is an important indicator for

evaluating colonoscopy. In addition to improving image quality from the

hardware perspective, such as using a higher-resolution camera, the operation

of clinicians during colonoscopy also greatly affects image quality. Incorrect

operation leads to lower image quality, which may affect clinicians’ judgement

and increase surgical risks.

Solution: The image quality of each frame in the colonoscopy video can

be effectively evaluated by automatically detecting seven common artefacts,

including saturation, specularity, bubbles, contrast, blood, blur, and imaging

artefacts. This thesis presents an automatic artefact detection framework

based on deep learning, which is further refined through the pruning of instance

profiles to enhance detection accuracy. Each artefact detection frame is scored
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and evaluated, facilitating the determination of an overall image quality score

for each frame.

• Automatic and precise disease detection: The thesis focuses on two

diseases in endoscopy: ulcerative colitis (UC) and polyps. UC, a typical

representative of inflammatory bowel disease (IBD), can cause serious damage

to the rectal mucosa, leading to rectal diseases and even cancer. Similarly,

polyps are also an early manifestation of cancer. Early identification and

prompt intervention are crucial for mitigating the risk of cancer development.

However, in endoscopy, the endoscopist’s judgement of the lesion on the screen

is made by the naked eye, which is affected by a number of factors that result

in a high rate of under-detection of smaller polyps. Similarly, the evaluation

of UC severity is predominantly reliant on the experience of clinicians, which

may vary significantly.

Solution: The implementation of an automated and precise grading system

for UC can substantially support clinicians in their diagnostic assessments

and diminish discrepancies observed between colonoscopy evaluations and UC

follow-up assessments. The detection and segmentation of polyps can more

accurately quantify lesions and provide support for subsequent surgery. This

thesis proposes a deep learning approach grounded in supervised learning that

leverages additive angular margin loss to enhance the accuracy of multi-class

UC grading, specifically utilising the Mayo Endoscopic Score (MES) as a

scoring criterion. Meanwhile, a self-attention framework applied to video

polyp segmentation is proposed in Chapter 5.

• Scarcity of annotated data: Although a large amount of video data

can be generated in endoscopic surgery, the lack of annotated data for

supervised learning still presents a significant challenge. The creation of

standard medically labelled datasets necessitates extensive manual annotation

by professional clinicians for each video frame, a process that is both time-

consuming and labour-intensive. Moreover, the variability in annotations
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Figure 1.2: Samples of various image-level annotated categories in the upper and lower
gastrointestinal tract. The image intercepts from the original paper. [3]

among different clinicians further complicates this issue.

Solution: The adoption of self-supervised learning techniques offers a promis-

ing solution to this challenge. Self-supervised learning enables the development

of a pre-trained model through training on raw, unlabelled data, which can

subsequently be fine-tuned for specific downstream tasks, achieving state-

of-the-art (SOTA) outcomes. This thesis introduces a novel self-supervised

learning framework that amalgamates clustering and contrastive learning

strategies, which is capable of extracting semantically meaningful features

from a vast corpus of unlabelled data. The proposed method can be applied

to various downstream tasks pertinent to endoscopic analysis, such as polyp

segmentation, polyp detection, and the grading of ulcerative colitis.

This thesis proposes a deep learning-based method that can solve the above

problems and provide feedback to assist clinicians in diagnosis. Fig 1.2 shows some

samples of anatomical landmarks as well as pathological and normal findings in

the HyperKvasir dataset [3]. As can be seen in Fig. 1.2, image analysis based

on endoscopy datasets is challenging. For instance, boundaries of certain polyps

are difficult to distinguish from the color of the colon, and UC with varying
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MES are visually similar. The core technical contributions of this thesis are

summarized as follows:

• A pruning-based deep learning artefact detection framework in endoscopy.

• An end-to-end supervised method for automatic grading ulcerative colitis.

• Self-supervised learning with composite pretext-class discrimination for im-

proved generalisability in endoscopic image analysis.

• Self-supervised and temporal self-attention with feature branching for real-time

video polyp segmentation.

1.2 Thesis Structure and Contributions

This thesis presents an deep learning based framework with multi-tasks in colonoscopy.

As shown in Fig. 1.3, the framework can monitor image quality and automatically

detect lesions, and provide feedback to clinicians in real time. Assessment of image

quality serves to standardise clinical procedures and offers an educational benefit

to operators. Automatic detection of lesions can assist clinicians in diagnosis and

effectively reduce the missed detection rate. The structure of the thesis is below:

• Chapter 1 introduces the clinical motivation of this thesis and the prominent

role of deep learning-based image analysis methods for endoscopy. Then it

summarises the challenges faced by clinicians in endoscopy and the corre-

sponding solutions proposed in the thesis. This chapter also includes the

thesis structure, contributions and related publications.

• Chapter 2 primarily delves into the clinical and technical background pertinent

to this thesis. An understanding of the clinical context enriches the analysis

of medical issues. Meanwhile, the technical background encompasses a com-

prehensive overview of classification, segmentation, and detection challenges

within the realm of computer vision, with a particular focus on their application

in endoscopic procedures.
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Reducing missed detection rate
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Video
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Figure 1.3: Overview of the thesis framework. The left column is the normal manual
dignosis. Proposed AI assisied diagnosis framework is on the right column.

• Chapter 3 presents an image quality assessment framework. Through our

proposed novel bounding box pruning method, which can effectively improve

artefact detection and provide high localisation scores of diverse artefact

classes.

• Chapter 4 presents two deep learning-based UC grading methods. An end-

to-end supervised method uses a model scaling network as the backbone

and integration of additive angular margin loss. The proposed method can

effectively increase the inter-class distance, thereby improving the accuracy

of the UC grading task. In addition, a self-supervised learning framework

called SSL-CPCD that explores patch-level instance-group discrimination and

penalisation of inter-class variation using additive angular margin within the

cosine similarity metrics is presented by improving generalisation ability and

surpasses SOTA methods in multiple downstream tasks.

• Chapter 5 presents presents baseline methods, self-supervised approach pro-

posed in Chapter 4 for polyp detection and segmentation task and a novel
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end-to-end self-supervised and temporal self-attention framework for real-time

video polyp segmentation.

• Chapter 6 encapsulates the principal contributions of this thesis and explores

the limitations inherent to the current work, alongside potential challenges

that may arise in future endeavors.

1.3 Publications
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Springer International Publishing, 2021.
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thesis. This chapter is divided into clinical background and technical background.

Initially, the clinical background section introduces gastrointestinal endoscopy and

colorectal diseases involved in the thesis, including inflammatory bowel disease

and polyps. Subsequently, the technical background section examines the three

fundamental image analysis problems explored in the thesis: image classification,

image detection, and image segmentation. Additionally, three specific research

questions are discussed in different sections: 1) Medical image classification. 2)

Artefact detection. 3) Polyp detection and segmentation.

2.1 Clinical background

This section presents a description of gastrointestinal endoscopy and gastrointestinal

diseases which we focus on in the thesis.

2.1.1 Gastrointestinal endoscopy

Endoscopes are usually used by clinicians to examine hollow organs of patients [4].

The endoscope is composed of a camera with a light source and a correspondingly

connected external monitor. The doctor can monitor the patient’s body condition

in real time through the monitor. Endoscopes can see lesions that cannot be

shown by X-rays, so endoscopy has become an indispensable step. Endoscopes are

mainly divided into two types: gastroscopy [5] and colonoscopy [6].Gastroscopy

is used to examine the esophagus, stomach and duodenum, while colonoscopy is

used to observe the lesions of the rectum, colon and cecum. In addition, doctors

can perform some treatments through endoscopes, such as the removal of benign

polyps in the intestines. The earliest endoscopic exploration can be traced back

to 1806, when a device invented by German doctor Philipp Bozzini used a candle

as a light source and a series of mirror reflections to observe the inside of the

human body. With the development of electronic technology, electronic endoscopes

appeared in the 1980s [7]. This endoscope uses a miniature camera to provide higher

resolution images, greatly improving the accuracy of diagnosis and the success rate

of surgery. In recent years, wireless capsule endoscopes [8], using miniature cameras
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12 2.1. Clinical background

Figure 2.1: The endoscope is mainly composed of 4 major structural components,
including control body, insertion tube, bending section/distal end and light guide
connector [4]. Mechanical system, plumbing system and illumination system are
respectively connected with various components, which provides a variety of functions for
the endoscope.

and implanted in medical capsules, have also been used in clinical procedures. The

wireless capsule endoscope can move in the direction of normal gastrointestinal

muscle movement of the human body. Record data through the camera and transmit

it to an external receiver. However, its main limitation is that it cannot be detected

in real time and cannot be treated like a normal endoscope. Therefore, endoscopy

is still the most widely used clinical procedure.

2.1.2 Gastrointestinal diseases monitoring
2.1.2.1 Upper gastrointestinal disease monitoring

Endoscopy is a routine clinical surveillance technique for diagnosis and minimally

invasive treatments. Acid reflux disease, also termed as heartburn, is caused due to

the acid flowing back into the stomach’s food pipe. In gastroesophageal reflux disease,

acid flows from the stomach into the food pipe, causing symptoms such as heartburn.

Some patients with constant reflux over the years can develop a condition called

Barrett’s esophagus that is associated with a mildly increased risk of adenocarcinoma

in the esophagus [9]. During upper endoscopy, a long, flexible tube with a camera

at its tip is inserted through the mouth into the esophagus, and the lining of the

gastrointestinal tract is observed on a separate monitor. This procedure lasts for

about 20 min on average, during which the endoscopists visualise the esophagus,
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Figure 2.2: Samples of upper gastrointestinal diseases [11].

stomach, and upper part of the small bowel [10]. While doing so, the endoscopists

try to understand and differentiate between the normal tissue (the normal squamous

region in the esophagus), non-dysplastic Barrett’s esophagus (NDBE), pre-cancerous

neoplastic changes, and even esophageal adenocarcinoma (EAC).

2.1.2.2 Lower gastrointestinal disease monitoring

The thesis focus on colorectal which widely used to stratify patients at risk to

colorectal cancer. Two colorectal diseases are introduced blow.

Inflammatory bowel disease: Inflammatory bowel disease (IBD) is a chronic,

recurrent inflammation affecting the intestines. The most common IBDs include

Crohn’s disease (CD), ulcerative colitis (UC), etc. They affects the human body of

any age, leading to long-term treatment and frequent surgical care [12]. Compared

with Crohn’s disease, ulcerative colitis mostly occurs in colon and rectum and has

more focused features. The cause of ulcerative colitis is generally believed to be

the result of a combination of genetics, environmental factors, abnormal immune

system response, and an imbalance of intestinal microorganisms. Grading of UC

is empirical, and the most commonly used grading systems in clinical practice

are usually divided into two based on disease severity and disease extent. The

Montreal Classification [13] divides UC into three categories by judging the extent of
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Figure 2.3: Images shows two classic diseases. The first line presents polyps and the
second line presents 3 classes ulcerative colitis scored by Mayo endoscopic scoring.

inflammation covering the intestine, including (E1: anterior proctitis)inflammation

limited to the rectum; (E2: left-sided colitis)inflammation extends to the left

half of the transverse colon; (E3: generalised Colitis)Inflammation involving the

entire colon. Mayo Clinic Endoscopic Subscore (MCES) [14] is a part of the Mayo

scoring, which typically uses clinical symptoms to assess disease severity such as

tool frequency, rectal bleeding, mucous membranes, etc. Mayo scoring defines

UC as four categories: (Score 0)Normal or inactive disease; (Score 1)erythema,

decreased vascular pattern, mild friability; (Score 2)marked erythema, absent

vascular pattern, friability, erosions; (Score 3) spontaneous bleeding, ulceration.

The presence of visible rectal bleeding and flexible sigmoidsocopic findings in Mayo

scoring can be observed through clinical and endoscopy. At the same time, UC

has relapse and remission problems.

Therefore, colonoscopy is the most suitable clinical tool for the examination

and treatment of UC. Colonoscopy is used for the initial diagnosis of UC, and

disease surveillance has been followed to assess treatment response. Colonoscopy

is often performed to confirm the diagnosis of UC at the onset of symptoms (e.g.,

diarrhoea, rectal bleeding, and abdominal pain). During this initial procedure,
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mucosal inflammation, ulcerations, and other visual characteristics are examined.

In patients with a confirmed diagnosis of UC, colonoscopy is used regularly to assess

disease activity and the degree of inflammation. This is particularly important

when there is a sudden onset of symptoms and allows the clinician to assess

whether the disease is confined to the rectum or involves a wider area of the colon.

Colonoscopy is performed after initiating or adjusting therapy to determine the

effectiveness of medications such as aminosalicylates and corticosteroids. In mucosal

healing, the goal is to achieve visual improvement in inflammation corresponding

to symptom control. However, endoscopic grading is often subjective.Despite

the scoring systems, there can be variability between endoscopists in interpreting

mucosal appearance, which may lead to inconsistent disease classification. Thus

improving the reproducibility and objectivity of UC grading can greatly improve

clinical decision-making. Artificial intelligence (AI)-powered tools can standardise

the interpretation of endoscopic images, reducing inter-observer variability.

Polyp: Polyps are abnormal protrusions or small pieces of tissue that grow from

the surface of tissue in the body. They vary in size, shape, and growth rate

and may appear alone or in multiples [15]. The type of polyp depends on where

they appear and the type of tissue they appear. Colon polyps are the most

common, but they may also appear in other parts of the body, including the

stomach, uterus, throat, cervix, and ear canal. Colon polyps that form on the

mucosa of the colon or rectum are the main precursors of colorectal cancer. As

the third most deadly cancer in the world, colorectal cancer is generally more

common in people over the age of 50. Among them, having a history of polyps

is considered an important risk factor for colorectal cancer. In addition, long-

term lifestyle problems such as obesity, smoking, lack of physical activity, and

inflammatory bowel diseases (such as Crohn’s disease, ulcerative colitis, etc.) also

increase the risk of disease. Colon polyps can be divided into adenomatous polyps

(with the potential to become cancerous) and non-adenomatous polyps (usually

benign) according to their histological characteristics [16]. Colorectal cancer is
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considered a relatively preventable malignancy. Colonoscopy can detect precancerous

polyps in the early stages of cancer, and clinicians remove these early lesions

during this process to prevent further development of cancer. Removing early

cancer tissue through colonoscopic polyp removal surgery can avoid patients from

undergoing subsequent chemotherapy, radiotherapy, and targeted therapy. Therefore,

colonoscopy is considered the core of colorectal cancer treatment.

Colonoscopy is most often performed as part of routine colorectal cancer

screening. This is usually recommended starting at age 45-50 or earlier, during

the screening colonoscopy, the endoscopist searches for and removes adenomatous

polyps, which are considered early detection and removal prevent the progression

to colorectal cancer. After polyp removal, the endoscopist searches for and removes

adenomatous polyps, which are considered precancerous. Although colonoscopy

plays a key role in polyp detection, there are challenges associated with subjec-

tivity and variability, similar to those in the grading of ulcerative colitis.Different

endoscopists may have varying levels of skill in detecting subtle or flat polyps,

leading to miss rates, especially for lesions. Different endoscopists may have varying

levels of skill in detecting subtle or flat polyps, leading to miss rates, especially for

lesions in challenging areas like the right colon. Adenoma detection rate (ADR)

is an important quality metric for colonoscopies, but variability in ADR between

endoscopists can result in under-detection, compromising patient outcomes. Higher

ADR is associated Higher ADR is associated with lower post-colonoscopy CRC

rates. Therefore, to enhance clinical decision-making and improve patient outcomes,

polyp detection in colonoscopy needs to become more objective and reproducible.

To enhance clinical decision-making and improve patient outcomes, polyp detection

in colonoscopy needs to become more objective and reproducible. AI-powered

tools such as computer-aided detection (CADe), are being developed to assist

endoscopists by highlighting suspicious areas in real time during the procedure.

These technologies can increase ADR and standardise polyp detection, reducing

the risk of missed lesions. These technologies can increase ADR and standardise

polyp detection, reducing the risk of missed lesions.
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2.2 Technical background

This section presents a detailed technical review on classification, detection and

segmentation tasks in computer vision. And in particular, it gives a review of

the research question of concern in the thesis. Finally, some recent advances

in deep learning and computer vision have been provided to further trigger the

novelty of this thesis.

2.2.1 Image classification methods
2.2.1.1 Traditional Methods

Traditional image classification methods are divided into feature-based methods

and template matching-based methods. Feature-based methods rely on manually

extracted features, which are input into machine learning classifiers to classify

images. Common features include:

• Color features: such as color histograms [17], color moments [18], etc., used

to describe the color distribution in images.

• Texture features: such as gray-level co-occurrence matrix (GLCM) [19], local

binary pattern (LBP) [20], etc., used to describe the texture information on

the image surface.

• Shape features: such as contour descriptor [21], Hough transform [22], etc.,

used to describe the shape of objects in images.

• Spatial features: describe the spatial layout and positional relationship of

objects in images.

A large number of extracted features may have high dimensions, so feature selection

and dimensionality reduction are also very important. Commonly used methods

include principal component analysis (PCA) [23] and linear discriminant analysis

(LDA) [24], etc., which are used to reduce the dimension of features and select useful

features. Finally, the selected features are input into the machine learning classifier

to complete the image classification task. Support vector machine (SVM) [25] is
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a supervised learning classification method that separates different categories by

finding the optimal hyperplane in the feature space. SVM attempts to maximise

the interval between different categories to achieve good generalization ability.

Meanwhile, SVM is particularly suitable for classification tasks of high-dimensional

data, and by using kernel techniques, it can effectively handle nonlinearly separable

data. The K-nearest neighbor algorithm (K-NN) [26] is an instance-based learning

method that does not require explicit model training. For a given input, the K-NN

algorithm finds the K closest samples in the training data, and then predicts the

category of the input sample based on the categories of these nearest neighbors.

The decision tree [27] is a tree-structured classifier in which each internal node

represents a test on an attribute, each branch represents the result of the test,

and each leaf node represents a category. Classification rules can be obtained by

following the path from the root node to the leaf node. Pruning techniques and

ensemble methods (such as random forests [28]) are often used to improve the

performance of decision trees. Random forests construct multiple decision trees and

aggregate their prediction results to make the final classification decision. Random

forests reduce the variance of the model and improve generalization ability by

introducing randomness to construct each decision tree.

Although traditional image classification methods have achieved certain success,

different feature extraction methods are required for different application scenarios,

so expert knowledge is usually required to manually design and select features. In ad-

dition, for complex image scenes, traditional methods are easily affected by external

factors such as lighting and noise. For high-dimensional image features, the method

has a large computational overhead and is difficult to achieve efficient classification.

2.2.1.2 Deep learning-based Methods

With the development of deep learning technology in recent years, the Convolutional

Neural Network (CNN) has become the dominant method for image classification

tasks with its powerful feature extraction capabilities [31]. As the core of CNN,

the convolution layer extracts features such as edges, corners, and textures from
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Figure 2.4: Architecture of LetNet-5 [29] and AlexNet [30]. The images intercept from
the original paper.

the image by performing an inner product operation between local image regions

at each spatial location and the convolution kernel, which is usually a 3x3 or 5x5

matrix. The extracted features are passed through a nonlinear activation layer,

followed by a pooling layer that reduces the spatial resolution of the feature maps.

The fully connected layer maps high-level features to the sample label space and

outputs the probability of each category using the softmax function. LeNet-5 was a

CNN architecture proposed by Yann LeCun et al. [29] in 1998. As shown in Fig. 2.4,

it includes two convolutional layers, two pooling layers, and three fully connected

layers and has been successfully applied to the task of classifying handwritten digits.

Krizhevsky et al. [30] presented AlexNet for the classification task of large-scale

image datasets. AlexNet consists of 5 convolutional layers, 3 pooling layers, and 3

fully connected layers. The rectified linear unit (ReLU) activation function helps

the neural network converge quickly and alleviate gradient disappearance. At the

same time, the Drop out technique is used as a method of model regularization

to prevent overfitting. In the ImageNet Large Scale Visual Recognition Challenge
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VGGNet

GoogLeNet

Inception Module in GoogLeNet

Figure 2.5: Architecture of VGGNet [33], GoogLeNet [34] and inception module.
VGGNet and GoogLeNet utilise deeper network layers, in which Inception Module in
GoogLeNet can not only maintain the sparsity of the network structure, but also perform
high-performance calculations in dense matrices. The images intercept from the original
paper.

(ILSVRC-2010) [32], AlexNet achieved 37.5% and 17.0% top 1 and top 5 error rates,

exceeding the traditional method based on Fisher vector by about 8%.

In the following period of time, many studies focused on developing deeper

network structures and larger model parameters in order to improve classification

performance. Among the notable advancements, VGGNet proposed by Simonyan
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and Zisserman [33], stood out by extending the network depth to 16-19 weighted

layers and adopting multiple 3x3 small convolutional kernels in place of the larger

5x5 convolutional kernels used in AlexNet. In ILSVRC-2014, the top 1 and top

5 error rates were reduced to 23.7% and 7.3% respectively. However, VGGNet

did not win the championship of ILSVRC-2014. GoogLeNet proposed by Szegedy

et al. [34] reduced the top 5 error rate to 6.67%. GoogLeNet uses a larger and

deeper network structure (22 layers), and proposes a module called Inception

to find the optimal local sparse structure and combine different local structures

together. The Inception module consists of 1×1, 3×3 and 5×5 convolutional layers

and 3×3 maximum pooling layers, where the 1×1 convolutional layer is used to

calculate reductions before the 3×3 and 5×5 convolutions. GoogLeNet achieves

compression and dimensionality reduction through the Inception module, reducing

model parameters and thus saving computing costs. The architecture of VGGNet

and GoogLeNet can be find in Fig. 2.5.

As the depth of the network continues to increase, researchers have found

that gradient diffusion and explosion become obstacles to training deep networks,

which makes the network unable to converge. The deep residual network (ResNet)

proposed by Kaiming He et al. [35] solves this problem to a large extent. ResNet

does not directly fit the target mapping, but indirectly learns the target mapping

by fitting the residual mapping. Residual learning (as shown in Fig. 2.6) introduces

Skip Connection, allowing the input to directly skip some layers and add the

output of the skipped layer to form the final output. The introduction of residual

learning allows the number of network layers to continue to increase. The 152-layer

ResNet achieved a breakthrough in ILSVRC-2015, reducing the error rate of the

top 5 to 3.57%. Based on ResNet, Gao Huang et al. [36] introduced a densely

connected network (DenseNet), which uses dense blocks to connect all previous

layers as additional input and splice input in the channel dimension. Unlike the

hand-designed architecture of most models, the EfficientNet precented by Mingxing

Tan and Quoc V. Le [37] utilising compound scaling to balance the depth, width and

image resolution of the network at the same time. They are able to scale the model in
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Residual LearningResNet

DenseNet

Model Scaling in EfficientNet

Figure 2.6: Architecture of ResNet [35], DenseNet [36] and model scaling in Efficient-
Net [37]. The residual learning in ResNet effectively solves the gradient vanishing problem
in model training through identity mapping. DenseNet utilises the dense connection
mechanism to allow the network to receive more information, while EfficientNet uses the
Neural Architecture Search method to search for the best model structure. The images
intercept from the original paper.

three dimensions at the same time in a balanced way, thereby effectively controlling

the complexity and computational cost of the model while improving the accuracy.

2.2.1.3 Medical image classification

Medical image classification shares some of the same techniques and challenges as

standard computer vision tasks, but differs significantly in terms of data constraints,

accuracy requirements, and so on. Medical image datasets are typically much smaller

compared to the large datasets used in standard computer vision, such as ImageNet.

This is due to issues such as privacy concerns, labour and time costs involved in
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annotating medical images. Meanwhile, there is a serious problem of category

imbalance in medical datasets, which can lead to false negatives in the trained

models and get serious consequences for diagnosis. In addition, medical images

may have large variability due to factors such as imaging equipment, protocols,

etc. This variability may reduce the ability of the model to generalise across

institutions or patient groups.

Medical image Classification methods based on deep learning mainly use CNN.

In [38], Zhou et al. established a GoogLeNet based on CNN to quantitatively

measure the presence and extent of pathology in the entire small intestine. Park

et al. [39] also used CNN to learn features on different scales. Ribeiro et al. [40]

added data enhancement operations based on the use of CNN classification, such

as translation, rotation, and scaling of the training data. 3-D Fully Convolutional

Network (3D-FCN) was proposed by Yu et al. [41] for polyp classification in

colonoscopy. They used a novel online learning program to solve the problem of

limited training data by using specific information from the input video during

the learning process. Due to the small amount of labelled data in the training set,

over-fitting problems occur during deep learning model training. Data enhancement,

parameter regularisation and transfer learning [42] are usually used to solve the

problem of overfitting. In [43], Zhang et al. first used CaffeNet which to pre-train

the natural dataset, and used transfer learning and fine-tuning techniques to adapt

to the application of the medical dataset. Transfer learning is also used in a variety

of medical image classification tasks [44, 45].

Disease classification in gastrointestinal tract

Upper gastrointestinal tract: Various studies have been explored in the literature

that aimed at the classification and detection of NDBE, dysplastic BE, and EAC

using deep learning methods [46–48]. A deep learning-based computer-aided method

using ResNet18 was used to classify early neoplasia and NDBE [46]. The classifier

showed an accuracy of 89% accuracy with 90% sensitivity and 88% specificity on

the test set. Furthermore, the model outperformed the general endoscopists for a
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classification task by 10-20% in accuracy, sensitivity, and specificity. Liu et al. [47]

reported a CNN-based model for the classification of esophageal cancer (EAC) from

early neoplasia and normal endoscopic frames. The proposed approach was based

on the Inception-ResNet model and comprised of two sub-networks: O-Net for

extracting the color and global features and P-Net for extracting the texture and

detail features. Their approach achieved an accuracy of 85.83%, a sensitivity of

94.23%, and specificity of 94.67% after the fusion of the two subnetworks. Similarly,

a deep learning approach for classification EAC (often obvious lesion) using ResNet

and NDBE was developed by Ebigbo et al. [48]. WLI and NBI modalities were used,

and the authors reported a sensitivity of 97% and specificity of 88%. A dual-stream

network for classification and segmentation of esophageal lesions was proposed by

Wu et al. [49]. A large image dataset of 189,436 images was used by Hussein et

al. [50] for dysplasia (high-grade dysplasia or EAC) and NDBE classification using

ResNet-101. For the anatomical site classification task, He et al. [51] used 3704

images of upper GI endoscopy for training and evaluated the classical models. Their

best model using DenseNet-121 provided an overall accuracy of 88%. A similar work

to [51] by Park et al. [52] employs several classical CNN-based models to classify

anatomical sites that included the esophagus, stomach, and duodenum; for which

11 different annotated sub-classes were present. Their best-performing model was

EfficientNet-B1. GoogLeNet was used by Takiyama et al. [53] to classify anatomical

sites with a sensitivity of 96.4% and specificity of 98.1%.

Lower gastrointestinal tract: Most of the research work on UC classification is based

on CNN. The Mayo Endoscopy Score is one of the most widely used and validated

indicators to determine the treatment of UC. In these studies (Ozawa et al. [54],

Stidham et al. [55], Alammari et al. [56]), they evaluated the feasibility of CNN to

classify the severity of UC in still frames. Gutierrez et al. [57] proposed a grading

system for the severity of UC, which also uses the Mayo endoscopy score as the

scoring standard. The method includes a quality control model whose purpose

is to distinguish between readable and unreadable frames, and a deep learning

network based on CNN for UC classification. Ozawa et al. [54]. also utilised CNN
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as a classification model, and divide them into three categories according to the

severity of UC, namely Mayo 0, Mayo 1 and Mayo 2-3.

2.2.2 Image detection methods
2.2.2.1 Traditional Methods

Similar to classification methods, traditional image detection algorithms are also

based on manual feature extraction and machine learning classifiers. Here are some

classic methods applied to object detection:

• The VJ detector [58] adopts the most direct detection method, using a sliding

window to check whether all possible positions and scales in the image contain

the detection target. The integral image method is used to accelerate the

filtering or convolution calculation, making the computational complexity of

each window in the VJ detector independent of its window size. Then the

Adaboost algorithm is used to select the most useful features from a group of

random feature pools. The cascade classifier reduces the amount of calculation

of the background window through the strong and weak classifier structure,

thereby optimizing the computational efficiency.

• The HOG+SVM detector [59] employs Histogram of Directed Gradients (HOG)

feature [60] combined with a linear SVM classifier to detect pedestrians

and other objects in a sliding-window approach. HOG [60] is a widely

used feature descriptor for object detection. It captures local shape and

gradient information by computing gradient orientation histograms over dense,

uniformly spaced cells.

• The Deformable Part-based Model (DPM) [61] extends the HOG-based

approach by modelling objects as collections of parts arranged in a deformable

configuration. Each part is described by a HOG template, and the spatial

relationships between parts are learned using latent SVMs in a weakly

supervised setting. DPMs enable improved robustness to object variation and

deformation.
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Figure 2.7: Architecture of YOLO-v1 [62]. The image intercepts from the original paper.

2.2.2.2 Deep learning-based Methods

CNN has brought the field of object detection to a new level with its powerful

feature extraction capabilities. CNN-based object detection algorithms are mainly

divided into anchor-based and anchor-free methods. Anchor-based methods rely

on a predefined set of anchors with different sizes and aspect ratios for scanning at

different locations in the image to find possible targets. The method first places

multiple anchors at different locations in the image, and then classifies and regresses

each anchor to determine the category and precise location of the target object.

Unlike anchor-based methods, anchor-free methods do not rely on predefined anchors

to locate objects. Instead, anchor-free methods directly predict the existence, size,

shape, or other attributes of objects in the image, or predict the key points of the

target (such as the center point or corner point of the target object).

Anchor-based object detection methods can be categorised into a single-stage

and multi-stage detectors. Single-stage detectors, such as You Only Look Once

(YOLO-v1) [62] and Single Shot multiBox Detector (SSD) [63], refer to detectors

that directly regress the category probability and position coordinates, and only

perform a single pass on the data. As shown in Fig. 2.7, YOLO-v1 contains 24

convolutional layers and 2 fully connected layers. The model divides the input image

into 7x7 grids. If the center point of the target falls into the corresponding grid cell,
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the grid cell is responsible for predicting the target. YOLO-v1 presented 52.7% of

mAP and achieved a real-time performance of 155 fps on the VOC-07 dataset [64].

The difference between the SSD algorithm and YOLO-v1 is that YOLO-v1 only

performs detection in the deepest branch of the network, while SSD has multiple

different detection branches, and different detection branches can detect objects of

multiple scales. Therefore, SSD has greatly improved the accuracy of multi-scale

object detection, increasing mAP to 76.8% on the VOC-07 dataset. RetinaNet

introduced by Lin et al. [65] is another single-stage detector where the authors

introduced focal loss for automatically adjusting weights to replace the standard

cross entropy lossmaking the model training more focused on difficult samples.

RetinaNet consists of a backbone (Resnet), a feature pyramid net (FPN) and two

FPN subnets (class subnet and box subnet). FPN enhances the multi-scale features

extracted from resnet to obtain a more expressive feature map containing multi-scale

target area information. Finally, two FPN subnets with the same structure but

no shared parameters are used on the feature map of FPN to complete the target

box category classification and box position regression tasks. EfficientDet [66] uses

EfficientNet [37] as the feature extraction network and introduces the Bidirectional

Feature Pyramid Network (BiFPN) to fuse multi-scale feature maps from top to

bottom and bottom to top, thereby achieving higher-level feature fusion.

On the other hand, multi-stage detectors first generate the region proposal, and

then perform object detection for the selected object known as region proposals.

Among them, two-stage architecture such as R-CNN [67], Fast R-CNN [68] and

Faster R-CNN [69] have become the basis of many successful models in the field

of object detection [70–72]. R-CNN uses the Selective Search algorithm to extract

about 2,000 Region Proposals that may contain objects from bottom to top in the

image. Each Region Proposal is warped into a uniform size and input into CNN, and

the output of the fully connected layer is input into SVM for classification. Compared

to R-CNN, Fast R-CNN adds an ROI pooling layer after the last convolutional

layer to map inputs of different sizes to a feature vector of a fixed scale. In addition,

softmax is used instead of SVM, and the bounding box regression task is added
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to the training process using a multi-task loss function, making the entire training

process end-to-end. Faster R-CNN proposes a Region Proposal Network (RPN)

to replace Selective Search, which provides more accurate bounding box location

information through a sliding window. Cai and Vasconcelos proposed Cascade

R-CNN [73], which further stacked several cascade modules in the detector part and

used different IOU threshold training to improve the positioning accuracy of the

detector. Cascade R-CNN has brought the accuracy of the two-stage object detection

algorithm to a new level, and achieved 42.8% mAP in the COCO dataset [74],

exceeding other SOTA methods in the same period.

In anchor-based methods, the size, number, and aspect ratio of anchors have

a huge impact on detection performance. For different tasks, anchors must be

constantly resized, which greatly affects the generalization ability of the model.

Therefore, researchers have begun to focus on anchor-free methods that do not rely

on anchors. CornerNet [75] proposes a new object detection method that converts

the network’s detection of the target bounding box into the detection of a pair of

key points (i.e., the upper left corner and the lower right corner). The method

uses a single convolutional network to predict a heat map and an embedding vector

for each detected corner point for the upper left corner and the lower right corner

of all instances of the same target category. By learning the vector embedding

between corner points, the corner points belonging to the same object have similar

embedding vectors. CenterNet [76] abandons the idea of predicting the upper left

corner and the lower right corner key points, and directly detects the center point

of the target. The heat map of the center point of each object is predicted by the

convolutional neural network, and the center point of each object corresponds to

a peak on the heat map. At the same time, the width and height of the object

and the precise offset of each center point relative to its grid cell are predicted,

which is used to determine the bounding box position of the object. On the COCO

dataset, CenterNet achieved a mAP of 47.0%.
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2.2.2.3 Artefact detection

The artefact detection task is a key step in image quality assessment, as well as

the pre-process for the entire endoscopic image analysis framework. Therefore

accurate artefact detection is crucial for the further task. Researchers typically use

single-stage detectors or multi-stage detectors for artefact detection.

Single-stage detectors, such as YOLO-v1 [62] and SSD [63], refer to detectors

that directly regress the category probability and position coordinates, and only

perform a single pass on the data. RetinaNet [65] is another single-stage detector

where the authors introduced focal loss that puts a focus on hard examples to

boost performance. Some researchers adopt single-stage detectors for artefact

detection tasks. Subramanian et al. [77] used RetinaNet model with ResNet50 and

ResNet-101 feature extractors for the detection of artefacts. Oksuz et al. [78] and

Khan et al. [79] utilised the RetinaNet model and focal loss to detect artefacts

in artefact detection challenge EAD2019 [70].

However, single-stage detector based methods are usually less accurate than

multi-stage methods. Multi-stage detectors first generate the region proposal, and

then perform object detection for the selected object known as region proposals.

Therefore, more researchers utilise multi-stage architecture such as R-CNN [67]

and Faster R-CNN [69] which become the basis of many successful models in the

field of object detection on medical image [70–72]. Polat et al. [71] combined Faster

R-CNN, Cascade R-CNN and RetinaNet. The prediction of their model is based on

class agnostic non-maximum suppression and false-positive elimination. Yang et

al. [80] improved Cascade R-CNN model by combining feature pyramid networks

(FPN). By fusing multi-scale feature representation and multi-stage object detection

through cascade structures, their method can detect artefacts efficiently. Zhang et

al. [72] implemented a mask-aided R-CNN model with a flexible and multi-stage

training protocol to deal with artefact detection tasks. To overcome the problem

that models trained at the same scale do not work well when detecting objects of

the same category at different scales, Wang et al. [81] proposed a data preprocessing

method to cut patches containing the same object from the image for training by
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setting a threshold. For the detection task, they used a Faster R-CNN with a FPN

as the backbone. With Mask R-CNN, Watanabe et al. [82] leverage available image

segmentation annotations to help with bounding box detection, thereby improving

the performance of YOLOv3. Yuan et al. [83] presented a multi-scale detection

framework based on YOLOv5 called EADYOLO. The multi-scale detection layer

and the dilated space pyramid pooling module are used to enhance the feature

extraction capability of the encoder. Depthwise separable convolution can reduce

the number of parameters while maintaining accuracy.

2.2.2.4 Polyp detection in endoscopy

Deep learning-based object detection algorithms are also widely used in polyp

detection task. Lee et al. [84] used YOLOv2 and validated the algorithm on

public datasets and colonoscopy videos, demonstrating real-time capability as one

of the milestones. Zhang et al. [85] proposed a Single Shot MultiBox Detector

(SSD) for gastric polyps. They linked the feature maps from the lower layers,

and the feature maps deconvolved from the upper layers and improved the mean

precision (mAP) from 88.5% to 90.4%. Qadir et al. [86], and Shin et al. [87]

used Mask R-CNN and Faster RCNN with different backbones to detect polyps,

respectively. To address the variations among different datasets, Liu et al. [88]

introduced a Gaussian Fourier domain adaptation method. This approach involves

sampling matching pairs of source and target images from a Gaussian distribution

and then standardizing their style through low-level spectral replacement. Such

a process can minimise the domain differences in appearance across cross-device

polyp datasets without altering their content. The hierarchical attention adaptation

module reduces the domain differences in feature semantics, enabling the method to

achieve a recall of 87.5% in the extended polyp detection task. The ENDOMIND-

Advanced system was proposed by Krenzer et al. [89] for real-time automatic

polyp detection. They organised and merged open source polyp detection datasets

to create a dataset of more than 500,000 annotated images. The method used
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YOLOv5 as the detection architecture and achieved an F1 score of 90.24% in

the CVC-VideoClinicDB benchmark.

2.2.3 Image segmentation methods
2.2.3.1 Traditional Methods

Traditional image segmentation divides regions by grayscale, color, texture, and

shape features in the image, maximizing the differences between regions and

minimizing the similarities within regions. It mainly includes the following:

• Threshold-based segmentation method [90]: One or more grayscale thresholds

are calculated based on the grayscale features of the image. After the grayscale

value of each pixel in the image is compared with the threshold, the pixel

is divided into the appropriate category according to the comparison result.

Therefore, the most critical part of the threshold method is to solve the

optimal grayscale threshold according to the criterion function. Commonly

used criterion functions include fixed threshold method, histogram bimodal

method, iterative threshold method and adaptive threshold method, etc.

• Edge-based segmentation method [91]: The discontinuity of local image fea-

tures or the sudden change of grayscale, color, texture and other characteristics

can usually be observed on the boundary lines of different regions. The edge-

based segmentation method refers to edge detection based on grayscale values,

which is based on the observation that the grayscale value of the edge will

show a step-type or roof-type change. There is a significant difference in the

grayscale values of the pixels on both sides of the step-type edge, while the

roof-type edge is located at the turning point where the grayscale value rises

or falls. Based on this characteristic, differential operators can be used for

edge detection, that is, the extreme value of the first-order derivative and

the zero point of the second-order derivative are used to determine the edge.

Common detection algorithms include Canny edge detector, Harris corner

detector and SIFT detector, etc.

A holistic deep learning framework for endoscopy



32 2.2. Technical background

• Region-based segmentation method [92]: Divide the image into different

regional blocks according to the similarity measure. The seed region growing

method starts with a set of seed pixels representing different regions, and

gradually merges similar pixels around the seeds to expand the region until it

cannot be merged. The similarity within the region can be measured using

information such as average gray value, texture, and color. The region splitting

and merging method divides the image into multiple non-intersecting regions,

and splits and merges these regions according to pre-established criteria. The

watershed method is a mathematical morphological segmentation method

based on topological theory. The gray value of each pixel in the image

represents the altitude of the point. By simulating the process of water level

rise, when water in different regions meets, a watershed is established between

them. Repeat this process until the entire image is completely submerged,

and the series of watersheds established at this time become the boundary

lines separating the image regions.

In addition to region growing, other classical region-based approaches include

contour-based models such as Active Contour Models (Snakes) [93] and Level

Set Methods [94]. These techniques represent region boundaries explicitly or

implicitly and evolve them over time by minimising energy functions based

on image gradients and region homogeneity. They are particularly useful for

accurately segmenting objects with smooth or complex boundaries, and can

naturally handle topological changes like splitting or merging.

2.2.3.2 Deep learning-based Methods

In recent years, image segmentation methods based on deep learning have received

considerable attention from researchers. The Fully Convolutional Network (FCN)

was proposed by Long et al. [95] in 2015 and has become the milestone for the

pixel-level segmentation task. As illustrated in the Fig. 2.8, unlike CNN, which

uses a fully connected layer to obtain a fixed-length feature vector for classification

and a deconvolution layer to upsample the feature map of the last convolution
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FCN

U-net

Figure 2.8: Architecture of FCN [95] and U-net [96]. The images intercept from the
original paper.

layer to restore it to the same spatial size as the input image. Therefore, FCN

can generate a prediction for each pixel while retaining the spatial information in

the original input image. Similar to FCN, U-net [96] also utilises the upsampling

and downsampling structure, which is also called an encoder-decoder architecture.

The left side of the architecture (Contracting Path) contains multiple convolutional

layers and maximum pooling layers to reduce the size of the feature map and double

the number of feature channels. The right side of the architecture (Expansive Path)

uses deconvolution layers to upsample the feature map to gradually increase the size

of the feature map to the same as the input image. A key feature of U-Net is the
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skip connection, which splices the corresponding feature maps in the contracting

path with those in the expanding path. This enables the model to retain more

spatial information, helping it to be more accurate when performing pixel-level

segmentation. U-net is widely used in biomedical image segmentation tasks as

a baseline due to its performance. Extensions of the original U-Net [96] such as

U-Net++ [97], ResUNet [98] and Dense U-Net [99] were applied to the biomedical

image segmentation and demonstrated improved accuracy.

2.2.3.3 SOTA segmentation methods in colonoscopy

Frame based polyp segmentation: The visual similarity of polyps and the

colonic mucosa severely limits the utility of hand-crafted features utilised in early

approaches [100, 101]. Deep learning-based approaches for polyp segmentation [41,

102] have helped to overcome these limitations. PsiNet [103] focused on region

boundary constraints, exploiting polyp region and boundary information. In

addition, Fang et al. [104] proposed an aggregated multi-scale and multi-sensory

field feature aggregation network for polyp segmentation and considered the

dependence between region and boundary branches through boundary-sensitive

loss functions. PraNet [105] achieves cutting-edge segmentation accuracy and

generalisation performance by mining the relationship between regions and boundary

cues through parallel reverse attention modules. The method improved with mean

Dice similarity coefficient (mDice) over 8% and 6% on the Kvasir and CVC-ClinicDB

datasets, respectively. Polyp-PVT [106] adopted the transformer encoder, which

can learn more robust representations. The three modules incorporated in the

method are employed for gathering semantic and positional information of polyps

from high-level features, capturing polyp information features in the lower layers,

and extending pixel features of polyp regions with semantic positional information,

facilitating a more effective feature fusion. Similarly, the recently proposed PVT-

CASCADE [107] and CTNet [108] also utilised the transformer structure. In order to

enhance the model’s ability to learn the relationship between contexts among pixels,

PVT-CASCADE proposed the CASCADED Attention module, which enhances
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long-distance and local dependencies by suppressing the background and fuses

features with skip connections. Multi-scale interaction modules are used in CTNet

to acquire high-resolution feature maps and multi-scale information. Ta et al. [109]

devised a boundary learning and enhancement network that integrates edge details

into higher-level features through a fusion approach, thereby generating features for

segmentation with boundary information. Subsequently, multi-level boundary-aware

attention blocks provided ambiguous edge information and enhanced the previous

segmentation results. Qiu et al. [110] proposed an encoder-decoder network called

Boundary Distribution Guided Network (BDG-Net). In the encoder, Gaussian

distribution is employed to extract further information about the boundaries of

polyps, which is then fused with low-level and high-level features. However, due

to its heavy reliance on boundary features, this method exhibits sub-optimal

segmentation results when polyps have weak edges. [111] also focuses on polyp

boundary information. They proposed a multi-scale global perception approach for

aggregating multi-scale information and expanding the receptive field to acquire the

primary distribution of polyps at local and global levels. Experimental results in

the paper indicated that their proposed method outperforms most state-of-the-art

models on five publicly polyp datasets. CoInNet [112] proposed by Jain et al.

focused more on tiny polyps. They designed a novel feature extraction strategy

that utilises statistical information between pixel intensities on the feature map.

This information was then input into convolutional layers to highlight the polyp

regions in the image. The approach achieved mDice of 0.926 and 0.930 on Kvasir

and CVC-ClinicDB datasets, which reached state-of-the-art levels. Zhou et al. [113]

presented a cross-level feature aggregation network called CFANet. They performed

cross-layer feature fusion at different scales by fusing features of adjacent layers,

and merged boundary information.

Video based polyp segmentation: Zhao et al. [114] adopted a temporal local

context attention mechanism to refine the prediction of the current frame through

the prediction results of nearby frames, and a neighbouring frame spatiotemporal
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attention mechanism used to capture long-range dependencies in time and space.

The experimental results in the paper showed that the semi-supervised method

they proposed achieves similar results to the fully supervised method. Self-attentive

networks [115] can capture the internal relevance of features and reduce the

dependence on external information. Ji et al. [116] proposed PNS-Net using

self-attention blocks, equipping with recurrence and CNNs to improve polyp

segmentation accuracy and achieve real-time inference speed. They further extended

their approach [117] focused on video polyp segmentation, which accomplished

maximum Dice index of 0.756 and 0.737 in SUN-SEG-Easy and SUN-SEG-Hard.

The recently proposed ESFPNet [118] utilised a pre-trained Mix Transformer (MiT)

encoder and an efficient staged feature pyramid (ESFP) decoder structure to achieve

accurate image segmentation. Although the method focused on bronchial lesion

segmentation, it achieved excellent results on the polyp segmentation dataset.

The approach obtained mDice of 0.811 and 0.823 in CVC-ColonDB and ETIS-

LaribPolypDB, respectively. Xiao et al. [119] proposed proposed ICBNet based on

iterative feedback learning strategy by imitating the working paradigm of clinicians.

ICBNet gradually improves boundary detail information and context segmentation

results in an iterative manner. Experimental results show that the proposed method

can obtain accurate and robust results.

2.2.4 Relevant advances in deep learning
2.2.4.1 Self-supervised learning

Self-supervised learning (SSL) uses pretext tasks to mine self-supervised information

from large-scale unsupervised data, thereby learning valuable image representations

for downstream tasks. By doing so, the limitation of network performance on

predefined annotations is greatly reduced. Learning based on pretext tasks helps

to overcome the limitations of supervised learning by making more efficient use of

the available data and reducing the reliance on labelled datasets. SSL is usually

divided into two types: contrastive learning based methods (Fig. 2.9) and generative

based method (Fig. 2.10). In contrastive learning methods, the pretext task usually
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applies a transformation to the input image and predicts the transformed properties

from the transformed image. During pretext learning, a single model[120–122] is

used for both image and its transformations to learn consistent, invariant, and

semantically meaningful representations. The same model is then used for fine-

tuning on downstream tasks. The essence of contrastive learning is to learn a

representation learning model by constructing similar and dissimilar instances, so

that similar instances are closer in the projection space, while dissimilar instances are

farther away in the projection space. The concept of contrastive loss was initially

introduced by Bromley et al.[123]. Subsequently, more formal definitions were

proposed by Chopra et al.[124] and Hadsell et al. [125], further refining the concept.

For a pair of images(xi, xj), their labels are yi and yj respectively. fϕ() extracts the

feature embedding of samples. Where m is a hyperparameter that defines the lower

bound of the distance between different samples. The contrastive loss is defined as:

Lcontrastive(xi, xj, ϕ) = [yi = yj] ∥fϕ(xi) − fϕ(xj)∥2

+ [yi ̸= yj] max
(
0,m− ∥fϕ(xi) − fϕ(xj)∥2

) (2.1)

If samples are similar(yi = yj), then minimise the Euclidean distance between

them. If samples are not similar, then maximise the Euclidean distance between

them up to a limit m.

Based on contrastive loss, researchers have proposed a large number of self-

supervised learning framework in recent years. Chen et al. [121] proposed the

SimCLR model, which is a typical paradigm for contrastive learning of visual

representations (as demonstrated in Fig. 2.9). SimCLR performs data enhancement

on the input image to simulate the input from different perspectives of the image.

A contrastive loss is then used to maximise the similarity of the same object

under different data augmentations and minimise the similarity between similar

objects. Later, the MoCo model proposed by He et al. [122] also used contrastive

loss to compare the similarity between a query and the keys of a queue to learn

feature representation. The authors used a dynamic memory, rather than a static

memory bank, to store feature vectors used in training. In contrast to these
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Figure 2.9: Typical paradigm in contrastive learning of visual representations [121]. The
original input image x undergoes two different data augmentations (t ∼ T and t′ ∼ T ) in
the same series to generate two related views (x̃i and x̃j). f(·) and g(·) are the encoder
network and projection head, respectively. The agreement between feature embeddings
(zi and zj) is increased by minimizing the contrastive loss during the training phase. The
representation h is used for downstream tasks.

Figure 2.10: Architecture of generative self-supervised learning [126].

A holistic deep learning framework for endoscopy



2. Background 39

Figure 2.11: Architecture of BYOL [129]. Online network and target network have
similar structure with encoder f and projector g. The difference is that the online network
updates parameters θ through training, and the parameters ξ of the target network are
an exponential moving average of the online parameters. The mean squared error is
minimised between the online network output through the predictor qθ(zθ) and the target
network output through the stop-gradient sg(z′

ξ). The image intercepts from the original
paper.

methods that encourage the construction of covariant image representations to

the transformations, pretext-invariant representation learning (PIRL) [120] pushes

the representations to be invariant under image transformations. PIRL computes

high similarity to the image representations similar to the representation of the

transformed versions and low resemblance to representations for the different images.

The notion of a Jigsaw puzzle [127] was used as a image patch representation

for PIRL representation learning. Wang et al. [128] integrate between-instance

similarity into contrastive learning, not directly by instance grouping, but by

cross-level discrimination (CLD) between instances and local instance groups.

Incorporated between-instance similarity into contrastive learning through cross-

level discrimination (CLD) without relying on direct instance grouping. The CLD

approach involved discerning similarities between instances and local instance groups.

The proposed CLD can significantly improve the positive or negative sample ratio

of contrastive learning, achieve better invariant mapping, and be embedded as an

add-on component in other self-supervised methods.

Unlike the methods proposed above, BYOL (Bootstrap Your Own Latent) [129]

does not require negative samples for contrastive learning. Instead, they learn useful

features by maximizing the consistency between the representations of two different
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Figure 2.12: Architecture of BEiT [132]. The strategy for pre-training involves
reconstructing the original visual tokens from the corrupted image patches. The image
intercepts from the original paper.

views (two variants of the same image generated by data augmentation). As shown

in Fig. 2.11, BYOL’s network architecture consists of an online network and a

target network. The feature representation of the online network is converted into a

predicted representation by the predictor, and then the Euclidean distance between

the online network predicted representation and the target network representation

is minimised. The online network is trained and updated by backpropagation,

while the weights of the target network are updated by the exponential moving

average of the weights of the online network. DINO (Self-Distillation with No

Labels) [130] also uses self-distillation and replaces the encoder with a vision

transformer [131]. A bias is added to the target network for centralization to avoid

excessive sensitivity to small batch data training.

In generative based method, researchers usually adopt the masked image

modeling (MIM) strategy, which enables the model to learn the effective features

of the image by predicting the masked part of the original image [126]. BEiT was

proposed by Bao et al. [132] to adopt the MIM strategy (Fig. 2.12). The input image

is divided into multiple 16*16 pixel image patches, and a part of the image patches

is randomly masked. The method proposes a discrete variational autoencoder to
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Figure 2.13: Architecture of Spatial Transformer Network [135]. The image intercepts
from the original paper.

encode the masked image patches into a set of discrete IDs, and then predict the IDs

of these masked image patches through ViT. Prior to this, they pre-trained a code

book containing 3,000 categories and minimised the loss with the predictive visual

tokens of the input image by ViT. Different from the complicated patch classification

method in BEIT [132], SimMIM [133] uses a simpler framework, which is to directly

regress and predict the original pixel RGB value. The mask patches are directly

reconstructed by using a prediction head and increasing the image patches size to

32*32. SimMIM achieves 83.8% top-1 accuracy on ImageNet-1K [32]. Liu et al. [134]

proposed a mixed MIM (MixMIM) strategy to create a mixed image by replacing

image patches in two images, and reconstruct the original two images from the mixed

image input. In order to avoid training errors caused by the significant appearance

differences between the image patches of the two images, MixMIM uses a masked

attention mechanism to prevent interaction between the two sets of image patches.

2.2.4.2 Attention mechanism

Recent studies have shown that attention mechanisms have been widely used in

CNN-based frameworks to reduce attention to irrelevant information and improve its

ability to represent important regional features. Attention modules designed based

on CNN usually have high independence and flexibility, which makes them easy to
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apply to different CNN frameworks. Since hard attention selects a specific subset

of the input image to focus on by sampling a discrete distribution, this sampling-

based decision process is random and discontinuous. Therefore, hard attention

is not differentiable and cannot be directly optimised by traditional gradient

descent methods. It is usually trained by directly optimizing the target metric or

reinforcement learning. In contrast, soft attention calculates continuous weights for

different parts of the input image. The weight assignment process is continuous,

and for any slight change in the weight, the output of the weighted sum will also

change continuously accordingly. Due to the differentiability of soft attention,

it can be easily integrated into deep learning models and trained by standard

back-propagation algorithms. In response to the problem that CNN can only learn

small-scale translation invariance, the Spatial Transformer Network proposed by

Jaderber et al. [135] is used to explicitly learn various image transformations to make

the model spatially invariant. As shown in the Fig. 2.13, Localisation net enlarges

and centers the important regional features. θ represents the spatial transformation

parameters between the original image and the transformed image. In the Grid

generator, the feature map is affine transformed, and bilinear interpolation is

used to avoid mapping different positions before the transformation to the same

coordinate when the affine transformation is rounded. Hu et al. [136] proposed

Squeeze-and-Excitation (SE) Block to dynamically calibrate the channel response

weights of the feature map by explicitly modeling the dependencies between image

channels. In the Squeeze operation, each two-dimensional feature is compressed

into a one-dimensional feature according to the spatial dimension, which represents

the global distribution on the feature channel. Then the Excitation operation

generates weights for each feature channel, and the weights are multiplied by the

weights on the original features channel by channel to achieve reweighting of the

original features. Woo et al. [137] combined the channel and spatial attention

mechanisms and designed the Convolutional Block Attention Module (CBAM).

CBAM includes the spatial attention module with global max pooling and global
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Figure 2.14: Architecture of Vision Transforme [131]. The image intercepts from the
original paper.

average pooling applied to the width and height of the image, and the channel

attention module based on SE Block.

As a special attention mechanism, the Self-Attention mechanism enables the

network to have a global receptive field and capture the relationship between any part

of the image. The most representative of these is the Transformer architecture, which

has become the SOTA method in many machine translation tasks. Dosovitskiy

et al. [131] proposed the Vision Transformer (ViT) to apply the Transformer

architecture to computer vision tasks(as demonstrated in Fig. 2.15), and achieved

the SOTA level after training on large-scale datasets such as ImageNet-21k [138].

ViT flattens the input image into fixed-size patches and each fixed-size patch is

linearly embedded and added positional embedding. The resulting vector sequence

is fed to the Transformer encoder. The Transformer encoder consists of alternating

Multi-Head Self-Attention modules and Multi-Layer Perceptron modules connected

by residual connection. Normalised vectors are linearly transformed into Query

(Q), Key (K), and Value (V ) through different learnable weight matrices. Multi-

Head Attention performs multiple linear transformations in parallel, each time

using a different set of weight matrices WQ
i , WK

i and W V
i to generate multiple

sets of Query, Key, and Value vectors. The purpose is to enable the model to
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Figure 2.15: Architecture of Scaled Dot-Product Attention and Multi-Head Atten-
tion [139]. The image intercepts from the original paper.

capture information from different perspectives of the input data at the same time,

increasing the model’s representation capabilities.

The Scaled Dot-Product attention function for the same set of queries is as fol-

lows:

Attention(Q,K, V ) = softmax(QK
T

√
dk

)V (2.2)

1√
dk

is the scaling factor. Finally, the outputs of all heads are concatenated and

integrated through another linear layer. The formula can be expressed as:

headi = Attention(QWQ
i , KW

K
i , V W

V
i ) (2.3)

MultiHead(Q,K, V ) = Concat(head1, ..., headh)WO (2.4)

2.3 Summary

This chapter discusses the clinical and technical background of the thesis. The history

of gastrointestinal endoscopy and the structure of the device is described in Section 2.

This is followed by an introduction to Upper GI disease monitoring and Lower GI

disease monitoring respectively, including a description of the disease as well as the
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problems and challenges of the endoscopy process and subsequent surgical situations.

This leads to the importance of using AI-based computer-aided examinations. Three

classical computer vision tasks are reviewed in Section 2.2. Compared to traditional

methods that rely heavily on manual initialisation and reliable prior knowledge,

deep learning based methods are able to extract effective features more accurately

and achieve superior results in different tasks. Literature on artefact detection is

reviewed in Section 2.2.2.3. This thesis proposed an pruning-based mechanism to

optimise artefact detection by comparing the profiles of each predicted instance with

the pre-computed mean profile of that instance to achieve bounding box pruning.

Recent advances in medical image classification especially disease in GI tract and

computer vision are presented in Section 2.2.1.3 and Section 2.2.4 respectively.

To address challenges such as scarcity of annotated data, the thesis proposed a

self-supervised learning strategy using patch-level instance-group discrimination and

penalisation of inter-class variation using additive angular margin. Based on the

SOTA segmentation methods in GI endoscopy discussed in Section 2.2.3.3, the thesis

focuses on video polyp segmentation that is more relevant to realistic endoscopy.

This thesis presented a self-supervised pretext learning and temporal self-attention

method with feature branching for real-time video polyp segmentation.

For this thesis, the findings in the literature review reveal critical gaps in current

approaches, particularly around the limitations of manual initialization, the need

for large annotated datasets, and the challenge of achieving real-time performance

in video polyp segmentation. By identifying these challenges, this thesis proposes

corresponding solutions. This review lays the foundation for the contribution of

this thesis to address clinical and technical challenges in gastrointestinal endoscopy

through innovative deep learning-based methods.
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This chapter presents a deep learning-based image quality assessment system. It

includes a novel bounding box pruning approach that can effectively improve artefact

detection and provide high localisation scores of diverse artefact classes. Additionally,

it incorporates an image quality scoring mechanism that relies on artefact detection.

Originality: The dataset used in this study comes from Endoscopy Artefact
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Detection Challenge (EAD2020)[70, 140]. We train an EfficientDet architecture by

minimising a focal loss, and compute the Bhattacharya distance between probability

density of the pre-computed instance specific mean profiles of 7 artefact categories

with that of the predicted bounding box profiles. Our results show that this novel

approach is able to improve commonly used metrics such as mean average precision

and intersection-over-union, by a large margin. This work was published in Medical

Image Understanding and Analysis 2021.

• Xu, Ziang, Sharib Ali, Soumya Gupta, Numan Celik, and Jens Rittscher.

"Improved artifact detection in endoscopy imaging through profile pruning." In

Medical Image Understanding and Analysis: 25th Annual Conference, MIUA

2021, Oxford, United Kingdom, July 12–14, 2021, Proceedings 25, pp. 87-97.

Springer International Publishing, 2021.

3.1 Introduction

Endoscopy is a widely used clinical procedure for assessing inflammation in hollow

organs and performing subsequent treatments. Every endoscope typically consists

of a light source and a camera connected to an external monitor to help clinicians

navigate through the organ of interest in real-time. However, many factors such

as lighting conditions, unstable motion, and organ structure result in presence of

inevitable imaging artefacts that hinder the endoscopic surveillance and affects

imaging data analysis. In clinical endoscopic surveillance of gastrointestinal organs,

more than 60% of endoscopic video frames can be affected by artefacts [70]. A

large number of artefacts can significantly affect the lesion detection algorithms,

surface-based 3D reconstruction and other automated analysis methods [140, 141].

It is therefore extremely vital to find and locate these artefacts for a detailed

endoscopic surveillance. While artefacts can be of various shapes, sizes and nature,

accurate detection and precise localisation is difficult to achieve. We utilise deep

learning-based object detectors to generate a list of potential artefacts, and then
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exploit the nature of each artefactinstance to eliminate the false positives thereby

enabling improved accuracy and localisation.

To improve on standard detection metrics, such as mean average precision (mAP)

and intersection-over-union (IoU), while maintaining the test speed, we propose

a pruning-based mechanism. We compare the intensity profiles of each predicted

instance from the detector network with the pre-computed mean profile of that

instance. To our knowledge this is the first work, that exploits the nature of each

detected bounding box to prune detection by first computing probability density

distribution of their center line grey-values and then comparing them with the

computed mean profiles of 7 artefact instances. Here, we use EfficientDet [66], one

of the state-of-the-art single-stage detector, with EfficientNet [37] backbone as our

detector network. Our results demonstrate the effectiveness of our approach and

shows improvement over both mAP and IoU metrics.

3.2 Methodology

We propose a comprehensive artefact detection method that comprises of: a) Bound-

ing box prediction using EfficientNet with a bidirectional feature pyramid layer,

b) NMS suppression to optimise the predictions, and c) proposed artefactprofile-

based pruning of the artefactinstance boxes. Relevant details are presented in

the following sections.

3.2.1 Artefact detection

We use EfficientNet [37] as the backbone for the EfficientDet [66] and stacked

bi-directional feature pyramid network (BiFPN) layers to obtain high-level fusion

features. The design of BiFPN layers comes from path aggregation network

(PANet) [142]. It removes the node with only one input and connects the input and

output nodes of the same level. The entire BiFPN layers are used as a base layer and

are repeatedly connected three times as a feature network. It takes P3 to P7 features

from the backbone network, and repeated two-way feature fusion. Both the bounding

box and class prediction networks can share features and produce bounding box
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Plot Profile

Figure 3.1: The architecture of proposed method. The overall process is divided into two
parts, the artefact detection network and post-processing block based on artefactinstance
profiles.

predictions and object classes, respectively. We modified the class prediction network

for classifying 8 artefactclasses. Fig. 3.1 illustrates the architecture of EfficientDet.

Our goal is to minimise the total weighted loss Losstotal during training. Focal

loss [65] with α = 0.25 and γ = 1.5 and smooth L1 [69] loss Lreg are applied to

the classification task and regression tasks, respectively. The regression loss is

scaled by multiplication factor of 50 to balance the two loss functions, λ is set to

0.5. The resulting total loss LT can be written as

LT = (1 − λ)Lcls + 50 × λLreg , (3.1)

In addition, non-maximum suppression (NMS) [143] is used to optimise our

results. As shown in Fig. 3.1, the direct prediction result of the model generates

a large number of bounding boxes. The NMS selects the bounding box with the

highest confidence in each category and calculates the IoU between the highest
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Figure 3.2: The mean (µ) and standard deviation (σ) for center-line of 7 different
artefact classes created from ground truth samples. The blue bars represent the average
greyscale value for each artefact category. The red bars represent the corresponding
standard deviation, indicating the spread of greyscale distribution within each category.

confidence bounding boxes and other bounding boxes one by one. If the score

is greater than the set threshold, it is removed. It can be observed from the

Fig. 3.1 that after NMS, the detection and localisation of artefacts has been greatly

improved. However, compared with the ground truth, there are still erroneous

predictions and multiple overlapping predictions.

3.2.2 Novel pruning method using instance profiles

Through detailed inspection of the dataset, we found that there are obvious

differences in the profiles between different categories. It is specifically expressed

as the probability density distribution (PDF) of grey values corresponding to the

horizontal center-line pixels of the bounding boxes. For example, the characteristic

of saturation profile is that the grey value quickly rises to the vertex (about 200)

and then drops quickly. On the other hand, the line profile of contrast is extremely

stable, and the grey value has been maintained at around 25. We also found that

most of the artefacts are located in the center of the bounding boxes and the

same artefacts have similar bounding boxes size (see Fig. 3.3). Additionally, since
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Figure 3.3: Examples of artefactlocations in the ground truth image. The size of
bounding boxes belonging to artefactclass (green) are analogous and they are all on or
close to the center line of bounding boxes.

instrument can be part of the imaging unlike other artefacts, so we have discarded

instrument class in our work for profile pruning.

3.2.2.1 Profile atlases

We first computed the grey value distributions along the horizontal centre line of

each bounding box in the ground truth annotations for all training samples. For

each category, we first determined the representative centreline length by taking

the median of the lengths across all its samples. To ensure uniformity across

samples, we standardise the length of all profiles using the following strategy. If

the centre line is longer than the representative length, we centre-crop it to the

representative length. If the centre line is shorter than the representative length but

longer than 20 pixels, we discard the profile, as interpolating these medium-length

samples may distort the shape characteristics and introduce noise to the density

distribution. If the centre line is shorter than 20 pixels, we pad both sides with zeros

to reach the representative length. These very short profiles typically represent

small artefacts where zero-padding has minimal impact and allows the retention

of rare but informative samples. This strategy ensures all retained profiles within

each category have the same length, balancing data quality and quantity. Once all

profiles in a given category were standardised to the same length, we aggregated
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all pixel values from all centreline profiles and calculated mean grey value for each

artefact category, as shown in Fig. 3.2.

3.2.2.2 Detection box pruning

The prediction results obtained by the EfficientDet model include prediction

categories, confidence scores and bounding boxes information. Profiles of the

same style are extracted in each prediction result and are either shortened or

elongated by adding zeros such that they could be compared with the profile atlases.

Then the processed profiles and mean probability density distribution are compared

to optimise the prediction results. We calculate the Bhattacharyya distance [144]

between the two PDFs say p and q to reflect the difference between them. In

statistics, the Bhattacharyya distance [145] is used to measure the similarity of

two probability distributions and can be written as:

DB(p, q) = 1
4 ln

(
1
4

(
σ2
p

σ2
q

+
σ2
q

σ2
p

+ 2
))

+ 1
4

(
(µp − µq)2

σ2
p + σ2

q

)
, (3.2)

here σ2
q and µq represent the variance of the q-class distribution and the mean

of the q-class distribution respectively.

In addition to the confidence score, we obtain another evaluation score, the

Bhattacharyya distance score. Smaller Bhattacharyya distance means that the

probability density distributions in two profiles are more similar. We keep the

artefactbounding box predictions whose Bhattacharyya distance score is less than

4, and those greater than four are dropped out. The threshold of 4 was empiri-

cally determined based on validation set performance, where it was observed to

provide a good trade-off between removing false positives (i.e., mismatched profile

distributions) and retaining true artefact instances. This value effectively filters out

unreliable predictions without significantly affecting detection sensitivity.

3.2.3 Quality score assessment

Based on the introduced artefact detection model and the subsequent instance

profiles pruning method, we presented a frame quality scoring (QS) assessment
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which is proposed in [140]. The type of artefact, the percentage of the entire image

area, and the location information of the artefactare considered separately. Different

weights are assigned to each type according to the degree of visual interference.

For example, compared with bubbles, artefacts have a greater visual impact on

doctors. Therefore, the weight of artefacts is higher than that of bubbles. In

addition, the area and location information of artefacts are also very important.

artefacts located in the centre of the image will seriously block the doctor’s view.

Similarly, artefacts with a larger area will also reduce the image quality. The

weighting scheme is as follows[140]:

• Class weight (Wclass): artefact(0.5), specularity (0.2), saturation (0.1), blur

(0.05), contrast (0.05), bubbles (0.1).

• Location weight (Wlocation): Center (0.5), left (0.25), right (0.25), top (0.25),

bottom (0.25), top-left (0.125), top-right (0.125), bottom-left (0.125), bottom-

right (0.125). The distribution of specific locations can be seen in the Fig. 3.4.

• Area weight (Warea): The percentage of each artefactarea and normal area in

the whole image.

The proposed QS assessment relies on the accuracy of the pre-test task, instead

it does not require additional data for training. The weights set are based on the

recommendations of endoscopy experts. The final QS calculation is expressed as:

QS = 1 −
∑
B

(λaWclassWarea + λlWclassWlocation) (3.3)

B represents each bounding box where an artefact is detected. λa and λl weighs

the contributions of area and location separately.

3.3 Experiments
3.3.1 Dataset

The dataset used is from the Endoscopy Artefact Detection Challenge (EAD2020)

[70, 140]. There were eight different artefact categories, i.e. saturation, specularity,
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Figure 3.4: Location weight distribution in the quality scoring assessment.

bubbles, instrument, contrast, blood, blur and imaging artefacts. EAD2020 contains

of 2200 single endoscopic frames and 232 sequential frames1. Each frame included

an image frame and its corresponding bounding box annotations and category

labels. We have used single endoscopic frames for training (80% of them are used

for training set and the remaining 20% are used as validation set), and sequential

frames are used as the out-of-sample test set. Table 4.1 provides the total number

of artefacts present in the training data which split by classes.

3.3.2 Evaluation metrics

In this work, we have computed widely used detection metrics described below:

• Intersection-over-union (IoU): This metric quantifies the area overlap between

two spatial regions using the intersection-over-union between reference or

ground-truth (denoted R) and predicted bounding boxes and segmentations
1http://dx.doi.org/10.17632/c7fjbxcgj9.3
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Table 3.1: Statistics of the training data.

Class Number of instances
Specularity 8596

artefacts 7688
Bubbles 4627
Contrast 1590

Saturation 1184
Blur 671

Instrument 446
Blood 446
Total 25248

(denoted S).

IoU(R, S) = R ∩ S

R ∪ S
. (3.4)

• Mean average precision (mAP): This metric measures the ability to accurately

retrieve all ground truth bounding boxes. mAP calculates the average precision

(AP) of each category based on different IoU thresholds, and then the average

of all categories of AP are estimated. AP refers to the calculation of the area

under curve (AUC) of the precision-recall curve after obtaining the maximum

Precision value.

3.3.3 Experimental setup

We implemented EfficientDet using PyTorch 2. In the training process, we first

resized the training data to 512×512. We used Adam optimiser with a weight decay

of 1e-4 and learning rate of 1e-3 for training the model. In the loss function, we

used Losstotal to include Focal loss with α = 0.25 and γ = 1.5 and a smooth L1-loss

regularisation. The model was trained for 1500 epochs on NVIDIA Quadro RTX

6000. The results of network prediction were optimised by NMS with set threshold

of 0.5. We additionally set a confidence threshold of 0.2 to further eliminate false

positive predictions. The results were then fed to the post-processing block for

further pruning and optimization. As described in the method section, we got

our final result by calculating the distance and discarding all scores greater than
2https://pytorch.org
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Table 3.2: Experimental results on testing set. Each model has 16 million parameters.

Test Model mAP25 mAP50 mAPoverall IoU
EfficientDet-d0 30.67% 20.93% 20.29% 5.17%

EfficientDet-d0-NMS 29.56% 19.77% 19.93% 11.60%
YOLOv3 [146] 32.19% 18.47% 17.17% 16.35%
RetinaNet [65] 17.64% 6.45% 8.08% 10.00%

DuyHUYNH [71] 28.63% 15.52% 15.46% 16.96%
EfficientDet-d0-NMS-PDF 31.69% 19.98% 21.33% 19.01%

4, which is empirically set based on our experimental validation of improvement.

For the QS assessment, λa = λl = 0.5 is set.

3.4 Results
3.4.1 Quantitative results

Table 4.2 summarises the result of artefacts detection on test set. It can be seen that

EfficientDet-d0 model got overall mAP of 20.29% and an IoU of 5.17%. This means

the model over predicted the class instances with poor localisation. However, after

the NMS, overall mAP dropped to 19.93% with increased IoU by 6.43% (i.e., IoU

of 11.60%). However, by using our proposed elimination technique, (EfficientDet-

d0-NMS-PDF), where we compare distance between the predicted PDF and the

mean PDF, the results are improved. It can be observed that with technique we

achieve an overall mAP of 21.33% and an IoU of 19.01% (an increase by nearly

15%). Similarly, we observed improvements in mAPs at other IoU thresholds

(e.g, mAP25 of 31.69%, mAP50 of 19.98%) with EfficientDet-d0-NMS. Compared

to YOLOv3 [146] and DuyHUYNH [71], our approach demonstrates substantial

improvements in both overall mAP and IoU metrics.

3.4.2 Qualitative results

As shown in Fig. 3.5, the results after NMS processing have been significantly

improved, but there is large number of wrong bounding box predictions. Our PDF-

based post-processing method further optimises the results and reduces the incorrect

predicted bounding boxes. In the original prediction of the model, there is a large
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Figure 3.5: Qualitative Results of EfficientDet-d0, EfficientDet-NMS and EfficientDet-
NMS-PDF. Different colored bounding boxes represent different classes.
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number of erroneous results between different artefacts, especially in specularity

and artefact, as well as prediction bounding boxes of different sizes for the same

artefact area, such as contrast. Our proposed method prunes these predictions by

calculating the Bhattacharyya distance-based score. From the Qualitative Results

point of view, our results have fewer and more accurate annotation bounding boxes

which can be observed to be closer to the ground truth annotations.

Fig. 3.6 shows results of the QS assessment. In the first row, because bubbles

have a low weight and occupy small areas, the image quality score of the first row

is high, reaching 0.953. The second row is mainly composed of artefacts, which

are large in area and account for 49.2% of the entire image. artefacts have a

greater weight because they have a more serious impact on line of sight occlusion.

In particular, the location of the artefacts in the image is concentrated in the

center of the image, so the quality score is only 0.252. The third row contains

a variety of artefacts, including specularity, saturation and contrast. Although

the weight of specularity is high and the location of specularity is concentrated

in the center of the image, its area is very small (2.24% of the total image area),

so it has little impact on the quality score. The area of the saturation in the

figure is about 23%, even if it is on the left side of the image, it still has a certain

impact. The final quality score is 0.529.

3.5 Discussion & Conclusion

In this chapter, we proposed a novel method of eliminating wrong predictions based

on distances between the horizontal line profile of the predicted bounding boxes

with that of the pre-computed atlas line profiles. The proposed method achieves

the purpose of bounding box pruning by calculating the Bhattacharya distance

between instances. State-of-the-art EfficientDet is trained for artefact detection

tasks. The experimental results show that our method effectively improves the mean

average precision and intersection-over-union. Compared with the widely used non-

maximum suppression technique, our method has a higher metric scores. It can be

also seen from our qualitative experiment that the results of the proposed PDF-based
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Figure 3.6: QS assessment focus on artefact detection, location and area [140]. The
left image shows the image with detection boxes in the artefact detection task. The right
image shows the corresponding area percentage. On the far right are their quality scores.
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method are closer to the ground truth bounding box annotations. Additionally, the

flexibility of the proposed pruning method, which is model-agnostic, allows it to

be applied to any deep learning-based object detection framework.

The quality score assessment mechanism introduced in this chapter can serve

as an essential preprocessing step for other algorithms used in endoscopy image

analysis. In clinical settings, low-quality images (e.g., images with artefacts or

poor illumination) can compromise the accuracy of downstream diagnostic tasks,

such as lesion detection or segmentation. By incorporating the proposed quality

evaluation technique, frames or images with suboptimal quality can either be

flagged for review or excluded from further processing. In future developments,

the quality score could become a filtering stage that precedes more advanced

diagnostic models. For instance, a segmentation model could first rely on this

quality metric to ensure that it is processing only high-quality, artefact-free images,

which could reduce errors and increase the overall performance of the system.

Moreover, by automatically assigning quality scores, the system could prioritise

high-quality images for immediate processing, while lower-quality ones could undergo

enhancement techniques before feeding into more advanced algorithms.

The proposed quality score assessment can evaluate the score of each frame and

provide image quality feedback to clinicians. Real-time feedback during endoscopic

procedures, based on the algorithm’s analysis of the image quality and detection

accuracy, could be invaluable. For instance, when the system identifies low-quality

frames (e.g., frames with artefacts or blurred regions), it could provide real-time

prompts to the clinician to adjust the scope’s position, improve lighting, or take

corrective actions. This feedback loop could ensure that high-quality data is captured

throughout the procedure, leading to better outcomes.

In the future, as the system continues to improve and refine its pruning techniques,

it could also offer more detailed suggestions, such as recommending re-examination

of specific areas that had suboptimal image quality or ambiguous detections. Over

time, this could reduce the rate of missed diagnoses and improve the thoroughness

of endoscopic evaluations. Additionally, by providing detailed feedback and quality
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assessments after a procedure, clinicians could use the information for training

purposes, helping to refine their techniques and improve their own diagnostic

accuracy over time.

Endoscopic procedures often involve video sequences rather than single frames,

so aggregating information from multiple frames is crucial for developing a compre-

hensive understanding of the anatomical structures and potential artefacts. One

method to achieve this is through temporal aggregation, where the predictions from

multiple consecutive frames are analysed together. For example, if a certain frame’s

detection is uncertain (i.e., the bounding box is pruned due to a high Bhattacharya

distance), but surrounding frames show a strong and consistent prediction, the

system could aggregate this information to retain the bounding box in the uncertain

frame, thereby improving the overall detection consistency.

Another approach could involve using temporal consistency checks, where the

bounding box predictions are smoothed across adjacent frames to reduce jittering

or sudden changes in detection results. This method would take into account

the spatial and temporal correlations between frames, ensuring that artefacts or

regions of interest are consistently tracked throughout the video. A post-processing

step could involve summarizing the quality scores across the entire video sequence,

identifying regions with lower confidence or poor quality that might warrant re-

examination or further attention.

In summary, this chapter presents a novel approach to improving artefact

detection and bounding box pruning. Approaches to image quality assessment

based on artefact detection hold great potential for research and application in

the clinical setting by providing feedback to clinicians and acting as a precursor

algorithm to other disease detection algorithms.
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This chapter presents methods for ulcerative colitis classification, which are

divided into supervised learning and self-supervised learning. The supervised

learning method improves the classification effect by improving the additive angular

margin loss function. The self-supervised learning method achieves state-of-the-

art accuracy by pre-training the model on a uniquely designed pretext task and

fine-tuning it in the downstream task.

Originality: The datasets used are from the public datasets HyperKvasir [3],

LIMUC [147] and an in-house dataset (collected from John Radcliffe Hospital,

Oxford and labeled by Prof. James East). In Section 4.1, we first propose a

3-way Mayo endoscopic subscore (MES) classification by using an additive angular

margin loss function in addition to cross-entropy loss and model scaling network.

In Section 4.2, we propose to explore patch-level instance-group discrimination

and penalisation of inter-class variation using additive angular margin within

the cosine similarity metrics. Our novel approach enables models to learn to

cluster similar representations, thereby improving their ability to provide better

separation between different classes. The supervised learning method was published

in IEEE 19th International Symposium on Biomedical Imaging (ISBI). The self-

supervised learning method was first published in International Workshop on

Machine Learning in Medical Imaging held in conjunction with Medical Image

Computing and Computer Assisted Intervention 2022 (MICCAI), and then we

extended our work and published it in IEEE Transactions on Medical Imaging.

• Xu, Ziang, Sharib Ali, James East, and Jens Rittscher. "Additive angular

margin loss and model scaling network for optimised colitis scoring." In 2022

A holistic deep learning framework for endoscopy



64
4.1. Supervised additive angular margin loss and model scaling network for

optimised colitis scoring

IEEE 19th International Symposium on Biomedical Imaging (ISBI), pp. 1-5.

IEEE, 2022.

• Xu, Ziang, Sharib Ali, Soumya Gupta, Simon Leedham, James E. East,

and Jens Rittscher. "Patch-level instance-group discrimination with pretext-

invariant learning for colitis scoring." In International Workshop on Machine

Learning in Medical Imaging, pp. 101-110. Cham: Springer Nature Switzer-

land, 2022.

• Xu, Ziang, Jens Rittscher, and Sharib Ali. "SSL-CPCD: Self-supervised

learning with composite pretext-class discrimination for improved generalis-

ability in endoscopic image analysis." IEEE Transactions on Medical Imaging

(2024).

4.1 Supervised additive angular margin loss and
model scaling network for optimised colitis
scoring

4.1.1 Introduction

The human gastrointestinal system is very fragile and vulnerable to viruses. Gastric

cancer and colorectal cancer cause about 1.8 million deaths each year accounting

for more than 12% of the global mortality rate [1]. Colonoscopy is a gold standard

clinical procedure for early screening of cancer. Studies have shown that patients

with inflammatory bowel disease (IBD) have an increased lifetime risk of developing

colorectal cancer (CRC) [12]. Monitoring and assessing disease progression and

response to drug therapy over time is thus critical. Compared with Crohn’s disease

(CD), ulcerative colitis (UC) mostly occurs in colon and rectum and has more

focused features. Grading of UC can extend over several different scoring protocols,

e.g. Mayo Endoscopic Score (MES) [14] that is characterised and graded based on

rectal bleeding, vascular pattern, mucosal topology etc. UC can cause significant

damage to the rectal mucosa that can lead to rectal dysplastic diseases and further

to cancer. Early detection of UC is important as UC can be treated at an early
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Figure 4.1: Mayo endoscopic scoring representative images

Figure 4.2: Training of a model scaling network for improved colitis classification with
ArcFace loss [149].

stage, however, the interpretation and scoring of UC is highly experience-based.

Although IBD specialists can perform follow-up scoring, it has been reported that

there is a significant discrepancy between the colonoscopy and the follow-up scores

for UC [148]. Thus, deep learning-based methods can help to minimise operator

dependence observed in complex IBD scoring.

In recent years, deep learning has been widely used in various medical image

analysis tasks. In the UC severity classification task, most groups have used deep

learning-based convolutional neural networks (CNNs) [38, 57, 150] to build the

UC scoring system. We propose a novel classification technique for UC grading

based on MES scoring protocol. We use deep learning-based model scaling network

combined with additive angular margin loss function to achieve three classes (MES

1, MES 2 and MES 3) classification task. In contrast, most of the previous

works are based on binary UC scoring. Compared with binary UC scoring, multi-
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class UC scoring will enable a more continuous scoring strategy for improved

risk assessment. The phenotypic changes that are costumed in MES scoring for

each class is defined below [151]:

i. MES 1 (mild UC) is characterised by erythema, decreased vascular pattern,

mild friability (see Fig. 4.1, left)

ii. MES 2 (moderate UC) is characterised by marked erythema, absence of

vascular pattern, friability, erosions (see Fig. 4.1, middle)

iii. MES 3 (severe UC) is characterised by spontaneous bleeding and ulceration

(see Fig. 4.1, right)

Most deep learning-based approaches for UC classification adopt the standard

cross-entropy loss [38, 57]. However, the UC grading task is characterised by subtle

visual differences between categories, which makes it difficult for cross-entropy

to effectively separate class boundaries. To address this, we adopt the ArcFace

loss instead. ArcFace introduces an angular margin between classes, thereby

enhancing inter-class separability and intra-class compactness. This leads to a more

discriminative feature embedding space, improving classification robustness and

precision in challenging endoscopic conditions.

Our contribution includes - 1) identifying a model scaling approach that improves

the state-of-the-art classification networks such as ResNet and DenseNet, 2) inves-

tigation on integration of additive angular margin loss function that can improve

classification accuracy largely when optimal parameters for margin and scale are

setup, and 3) three class MES scoring technique unlike previous binary approaches.

4.1.2 Methodology

The overall approach for our model scaling with additive angular margin loss

for colitis scoring is shown in Fig. 4.2. Below we describe different components

of our approach.
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4.1.2.1 Model scaling network

The model scaling strategy applied in EfficientNet [37] can effectively balance the

network depth (d), width (w) and resolution (r) to achieve better performance. The

composite coefficient (ϕ) is defined as the strategy to complete the unified scaling of

all dimensions of depth (d = αϕ), width (w = βϕ) and resolution (r = γϕ). By fixing

the basic network layer (α = β = γ = constant), model scaling simplifies resource

constraints, but it still has a relatively large search space. In order to further

reduce the design space, the method restricts all layers to be uniformly scaled with

a constant scale to achieve the goal of maximizing model accuracy. Specifically,

d = αϕ controls how many times each mobile inverted bottleneck convolution

(MBConv) [152] block is repeated; w = βϕ determines the number of channels

in each block; and r = γϕ defines the input image resolution. By incrementally

increasing the value of ϕ, EfficientNet expands the model uniformly across all three

dimensions to achieve better performance while maintaining computational efficiency.

The baseline network in EfficientNet-b0 (ϕ = 1) is obtained from a multi-objective

neural network structure search. EfficientNet-b0 consists of 16 MBConv modules

with varying kernel sizes (e.g., 3 × 3 and 5 × 5), strides, and expansion ratios. Each

block contains 32 channels, and the input image resolution is fixed at 224 × 224.

4.1.2.2 ArcFace loss

ArcFace [149] introduces an additive angular margin penalty based on softmax,

which is a geometrically interpretable loss function. We modified the layer of

our classification network after the last convolutional layer, i.e. fully connected

feature layer, to obtain the feature embedding which is then fed to the ArcFace

loss function. The weights and features are L2 normalised such that the learned

embeddings are distributed on a unit hyper-sphere. An angle θyi
is computed as

the product between normalised feature embedding and weights, where yi represent

logits i ∈ [0, 1, 2, ......, N ]. An additive angular margin penalty ‘m’ is added to

the angular projection of feature embedding (θj = θyi
+m) such that the decision

boundary between classes in the angular space is maximised pushing inter-class
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samples and pulling intra-class samples. Finally, all logits are scaled by a factor

‘s’ and softmax is used to obtain the final class probabilities defined as:

LArcFace = −log es cos(θyi +m)

es cos(θyi +m) +∑N
j=1,j ̸=yi

es cos(θj) , (4.1)

where θj is the angle between the embedding feature xi of the i-th sample and the

j-th ground truth (target) weight Wj which behaves as a centre for each class. Here,

yi represents the corresponding class label of xi, N is the total class number, and s

and m are the parameter of feature re-scale and angular margin, respectively. Cross

entropy loss is then minimised between ground truth and label probabilities (see

Fig. 4.2). It has been empirically shown [149] that setting m = 0.5 and s = 32

provides optimal results. However, we have searched these values for MES-scoring.

4.1.3 Experiments
4.1.3.1 Dataset

We have used HyperKvasir [3] dataset that provides six different UC categories,

including Mayo scores (1,2 and 3) and three additional scoring levels categorising

into scores 0-1, 1-2 and 2-3, i.e. ambiguous frames. In total there are 851 images

for the UC dataset. We have revised this dataset with an input from an expert

colonoscopist (> 20 years of experience) to reduce the data ambiguity. The final data

is categorised into three distinct grades (i.e., 1 = mild, 2 = moderate and 3 = severe).

For our experiments, we randomly selected 80% of data for training (681 images),

10% data for validation (85 images) and 10% for test (85 images). The complete

description of the revised dataset and codes will be made publicly available.

Table 4.1: Experimental results on test set for classification of MES scores (1, 2 and 3).
Two best results are presented in bold.

Model Top 1 accuracy Top 2 accuracy F1 score Computational complexity Time (ms)
DenseNet-161 (26.7M) 60.33% 91.79% 62.36% 30.1M 9
ResNet-152 (60.4M) 63.58% 89.79% 64.91% 60.3M 11
EfficientNet-b0 (5.3M) 70.83% 91.75% 71.59% 6M 7.9
EfficientNet-b1 (7.8M) 71.25% 91.71% 71.86% 8M 8.3
EfficientNet-b3 (12M) 71.87% 90.58% 73.46% 12M 9.1
EfficientNet-b4 (19M) 71.83% 90.62% 71.45% 19M 9.9
EfficientNet-b7 (66M) 72.95% 90.58 % 75.00% 66M 12
ResNet-152 +LArcFace 67.89% 92.27% 68.56% 60.3M 11
EfficientNet-b7+LArcFace 75.06% 93.68% 76.15% 66M 12

A holistic deep learning framework for endoscopy



4. Computer-aided risk assessment in ulcerative colitis 69

4.1.3.2 Evaluation metrics and experimental setup

We implemented our proposed method using PyTorch1. Training and validation data

were resized to 224×224. SGD optimiser with a weight decay of 4e−4, momentum

of 0.9 and learning rate of 1e−3 was used for training the model. We also set the

learning rate decay strategy with a learning rate decay of 0.8 times per 1000 epochs.

Training was conducted for 10,000 iteration on NVIDIA Quadro RTX 6000 with

a batch size of 64. We have used standard F1 score (= tp
tp+fp , tp: true positive,

fp: false positive) and top-k accuracy (percentage of samples predicted correctly)

for our 3-way classification task of MES-scoring for UC. All models were trained

on the same training dataset using the same training strategy.

4.1.4 Results

From Table 4.1, baseline networks ResNet-152 and DenseNet-161 obtained 60.33%

and 63.58%, respectively, on top-1 accuracy. Compared to the baseline network,

EfficientNet showed improved accuracies with EfficientNet-b0, which is the least

computational complexity, achieving 70.83% of top-1 accuracy and 71.59% of F1

score (an increase by 7.25% and 6.68% compared to ResNet-152). As the EfficientNet

model continues to be enlarged (i.e. ϕ > 1), the accuracy of the model continues

to improve. With the EfficientNet-b7 we obtained the best result of 72.95% for

top-1 accuracy and 75.00% for F1 score. Our final modification with ArcFace loss

resulted in further improvements. This increase in classification metrics was also

observed for the ResNet-152 showing an increment of 4.31%, 2.48% and 3.65% on

top-1 accuracy, top-2 accuracy and F1 score, respectively. However, our choice of

network, i.e. EfficientNet-b7 together with ArcFace, outperformed all the other

classification models both with and without ArcFace resulting in an accuracy of

75.06% for top-1 accuracy, 93.68% for top-2 accuracy and 76.15% for F1 score.

1https://pytorch.org
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Table 4.2: Angular and scale search for our ArcFace loss LArcFace on test set

Model Accuracy F1-scoreTop1 Top2
EfficientNet-b7-Arc

(m=0.3, s=2) 73.62% 91.97% 74.02%

EfficientNet-b7-Arc
(m=0.3, s=6) 73.98% 92.76% 74.87%

EfficientNet-b7-Arc
(m=0.3, s=10) 72.90% 91.37% 73.10%

EfficientNet-b7-Arc
(m=0.5, s=2) 74.77% 92.10% 75.03%

EfficientNet-b7-Arc
(m=0.5, s=6) 75.06% 93.68% 76.15%

EfficientNet-b7-Arc
(m=0.5, s=10) 73.48% 91.79% 74.33%

EfficientNet-b7-Arc
(m=0.7, s=2) 74.56% 93.43% 75.16%

EfficientNet-b7-Arc
(m=0.7, s=6) 74.59% 92.39% 75.09%

EfficientNet-b7-Arc
(m=0.7, s=10) 73.67% 91.88% 74.79%

Ablation study The setting of feature re-scaling (s) and angular margin (m)

parameters in ArcFace loss affects the model performance. Therefore, we conducted

an extensive experiment to investigate the performance of the ArcFace loss under

different parameter settings. We set s = 2, 6, 10, m = 0.3, 0.5, 0.7 as our experi-

mental parameters for scale and angular margin. From Table 4.2, we can see that

ArcFace loss has a significant performance drop (top-1 accuracy from 75.06% to

73.48%) when s increases from 6 to 10. Similarly, if the value of s is reduced to 2, the

performance of the model still decreases slightly. When m = 0.5, the performance

of the model is slightly higher (about 1%) than other values. Finally, for m = 0.5

and s = 6 the chosen EfficientNet-b7 yields the best classification accuracies.

4.1.5 Contribution and conclusion

In this chapter, we proposed to use a model scaling network to deal with classification

task of ulcerative colitis which is a known complex mucosal classification task. To

improve the classification performance of the model we integrated ArcFace loss
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that accounted for highly similar features in colonic images. Our experiments

showed improvements over various SOTA classification approaches which evidently

concludes that our approach is able to generate more distinct feature embedding and

the incorporation of ArcFace allowed to increase the inter-class distance between

different categories, thereby improving the classification accuracies.

4.2 Self-supervised learning with composite pretext-
class discrimination for improved colitis scor-
ing

4.2.1 Introduction

Recent advances in data-driven approaches are mostly based on convolutional

neural networks (CNNs) and have gained interest due to their ability to surpass

traditional machine-learning approaches. CNNs have been widely used for multiple

tasks and different imaging modalities, including computed tomography (CT) [153],

X-ray [154], magnetic resonance imaging (MRI) [155] and endoscopy [156].

Supervised learning-based approaches in machine learning (ML) are data-

voracious. Performance of fully supervised methods usually suffers on smaller

datasets and out-of-distribution datasets, which can be because supervised learning

only incentivises learning those features that are relevant to predicting frequent

classes of known samples. [157]. Obtaining labelled data is a significant hurdle for

medical image analysis as it requires clinical expertise. Additionally, it accounts for

the risk of human bias proportional to the sample size [158]. Data curation challenges

are thus harder to tackle, leading only to sub-optimal results in supervised learning

frameworks [159]. Several studies have also found that most supervised methods

lead to a huge performance drop when applied to different centre datasets [159].

Changes in patient population, the appearance of lesions, imaging modalities used,

and differences in hardware all affect data variability, pose a bottleneck during

training, and adversely affect model performance. We ask if we can leverage already

available high-quality public datasets with and without labels to fine-tune these

models without compromising algorithmic performance but instead boosting them.
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More recently, the availability of foundational models in endoscopy has further

accelerated progress in this field [160, 161], enabling more generalisable and trans-

ferable solutions across tasks and datasets. These developments have highlighted

the potential of self-supervised learning approaches, which aim to learn meaningful

representations from unlabelled data. By leveraging intrinsic image properties or

structural cues, self-supervised learning mitigates the reliance on large annotated

datasets—an especially valuable advantage in medical imaging where expert-labelled

data are scarce and expensive to obtain.

Self-supervised learning (SSL) methods learn semantically meaningful features

by training a ML method using unlabelled data first. The pre-trained model is then

fine-tuned on a training sample with the available labelled samples for each specific

downstream task, thus eliminating the requirement of a large amount of labelled

data during training, improving generalisation capability for the next downstream

task and expansion to other out-of-distribution datasets [162]. In the medical

imaging field, SSL has been used extensively for different tasks, including disease

classification [154, 163], lesion region detection [155, 164] and segmentation [165,

166]. Since medical imaging data are not abundantly available, pretext learning

tasks in SSL can be used to leverage the learnt representation of the training data

to benefit the downstream tasks. For example,[167] used the whole training sets for

brain MRI, abdominal CT, and fetal ultrasound images for the pretext learning

before fine-tuning on successive downstream tasks.

Endoscopy remains the clinical standard for diagnosing and surveying disease

in hollow organs. In contrast to data obtained from other imaging modalities, the

analysis of endoscopy video is extremely challenging [156] due to various factors

such as internal organ deformation, light interaction with tissue at different depths,

imaging artefacts such as bubbles, fluid and other floating objects, and a considerable

operator dependency. Subtle and fine-grained changes often indicate the onset of

disease. Developing robust computer-aided techniques to detect such changes

poses a significant challenge. In this work, we propose a novel approach with a

comprehensive loss function that improves learning on the pretext task by using
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Figure 4.3: Endoscopic image analysis for ulcerative colitis scoring. (on left) Represen-
tative images for Mayo endoscopic scoring from 0 to 3, and (on right) t-SNE plots [168]
with perplexity of 15 and maximum iterations of 1000 for all test samples before learning
and after supervised learning using ResNet50 [35].

both image-level and patch-level discrimination. To this extent, we also use memory

banks[169] to store positive and negative samples with moving weights that help

to learn features that are semantically meaningful for downstream tasks. In our

previous work [170], we only explored classification task for downstream task with

single disease type and used NCE loss similar to PIRL together with added patch

level discrimination only. In this work, we have included classification, detection,

and semantic segmentation as downstream tasks and used two different lesion types

observed under endoscopic imaging. Further, we introduce a penalisation technique

to better exploit inter-class variations in positive and negative samples using additive

angular margin in our contrastive loss. By transforming images into jigsaw puzzles

and computing contrastive losses between different feature embeddings, we learn

a representation capable of differentiating between the subtle characteristics of

the different classes. In addition, we also explore the introduction of an attention

mechanism[137] in our network for further improvement. Key contributions of

our presented work can be summarised below:

• Novel SSL-CPCD method can learn semantically meaningful features from

unlabeled data, improving performance on subsequent tasks, including classifi-

cation, detection, and segmentation of two different lesion types in endoscopic

images.
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• Single and group-level instances are used to minimise noise contrastive

estimation loss, increase inter-class separation, and minimise intra-class

distance. For this, we establish a loss between the target image-level and

patch-level embedding.

• We propose to include an additive angular margin[171] within the cosine

similarity in the contrastive loss to penalise the decision boundary between the

positive and the negative samples further, increasing the inter-class separation.

• Evaluation of our method on four different datasets including Kvasir-SEG [172],

CVC-ClinicDB [173], LIMUC [147], and our in-house dataset.

• We show that our SSL-CPCD-based method outperforms several SOTA SSL

strategies by a large margin.

4.2.2 Methodology

We propose a novel self-supervised approach that exploits the invariant representa-

tion learning beneficial for downstream tasks by using both image-level instance-

group discrimination and patch-level instance-group discrimination losses. To this

extent, we propose two novel approaches (see Fig. 4.4) - firstly, exploiting positive

and negative samples for noise contrastive loss estimation (LNCE). Unlike classically

used LNCE [174], we integrate an added angular margin [171] computed between

the negative samples embedding and learned normalised weights into the NCE loss.

This enables the dissociation of different samples further.

Secondly, we employ k-means clustering and adopt a cross-view approach [128]

for both image-level and patch-level instances. This enables group-wise association,

indicating that similar embedding belong to distinct groups. A similarity matrix

score is then computed for each sample i between image-level cluster centroid Ck
i

and normalised patch-level feature embedding ḡi, i.e., < ḡi, C
k
i >, and between

patch-level cluster centroid PCk
i and normalised image-level feature embedding f̄i,

i.e., (< f̄i, PC
k
i >). This determines how close the embedding of the same class k (k-

means clustered) are is in either image instances Ck
i or patch instances PCk

i . Thus,
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Figure 4.4: Block diagram of our proposed self-supervised learning framework with
composite pretext-class discrimination losses. The ResNet50 encoder network [35] is
fine-tuned using original images with transformations and randomly shuffled patches,
simulating a jigsaw puzzle task as in [120], within a self-supervised setting. This setup
encourages the model to learn spatially invariant and discriminative features, improving
generalisability and performance in downstream tasks. A contrastive estimator with margin
is separately computed for both image-level and patch-level instances. Additionally, a
group-wise contrastive loss is introduced by comparing the centroids at the patch level
(PCk) and the image level (Ck). A memory bank M [169] is utilised to store all feature
representations for efficient contrastive learning.

we apply a cross-view approach for such a similarity association by computing a

similarity matrix between the centroid of patch cluster labels with each corresponding

cluster label at the image level and vice-versa (detailed below (Section B-E)).

Our novel group-wise loss enables us to learn fine-grained features at both

patch-level Lk
PC and image level Lk

C that can enhance more local representations.

For grouping of the embeddings, here we utilise a k-means clustering technique

with class numbers similar to downstream tasks to provide representative clusters.

Our approach uses memory banks[169] to store all representations useful for various

loss function estimations. Below we have described each element of our approach

presented in the block diagram in Fig. 4.4.
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4.2.2.1 Feature extraction (FE) block

Let the endoscopy dataset D consist of N image samples, denoted as D =

{I1, I2, ..., IN}. We use a set of image transformations T to create and reshuffle m

number of image patches for each image in the dataset (D, P = {I1
1t, ..., Im1t, ..., I1

Nt, ..., ImNt}

with t ∈ T , where t represents a transformation matrix applied to image I such

that a transformed image It is obtained). We train a convolutional neural network

(in our case, ResNet50[35]) with free parameters θ that embody representation

ϕθ(I) for a given sample I and ϕθ(It) for patches P.

Image-level embedding: Candidate images are fed in batches which are trans-

formed using simple geometric (horizontal and vertical flips) and photometric (colour

jitter with 0.4 for hue, saturation, contrast and brightness) transformations and fed

into an encoder giving a feature representation ϕθ(I). We then apply a projection

head f(.) to re-scale the representations to a 128-dimensional feature vector.

Patch-level embedding: Each image is divided into nine patches and randomly

shuffled to create transformation of patches that mimic shuffled “Jigsaw puzzle”

pieces[120]. But unlike solving a jigsaw pretext task [127], here we use these patches

as transformed image patches. In this case, we perform random cropping and shuffle

of the cropped areas into patch size of 64 × 64 along with the colour transforms

used for the original images. The transformation included random horizontal

and vertical flips, and photo-metric changes such as brightness, contrast, hue and

saturation with a factor of 0.4 (changes between 60% and 140% of the original

image). Representations of each patch constituting the image I are concatenated to

form ϕθ(It). A projection head g(.)[121] is applied to re-scale the representations

to a 128-dimensional feature vector.

Memory banks: The memory bank[169] M stores all the feature representations

of the dataset D at the image level computed from the original images I. These

embedding weights are moving average of feature representation f(ϕθ(I)) represented

as mI with assigned indexes that helps to build negative samples mI′ for each image

during contrastive loss estimation. M is updated at every epoch with the step-size

of 0.5 × initial weight and normalised to between 0 and 1 similar to [120].
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4.2.2.2 Contrastive loss estimation with margin (CEM) block

Noise contrastive estimator (NCE) [120, 174, 175] is used to measure the similarity

scores. In our noise contrastive estimator, let the positive sample pair be fi and

f+
i where fi be the normalised positive sample representation of an instance and

f+
i be the target normalised feature embedding from the moving average mI, and

Dp ⊆ D where Dp denote number of positive samples. Similarly, let f−
i be the

negative sample representations from the moving average representations mI′ and

Dn ⊆ D with Dn denoting number of negative samples. Then, following prior

works[120, 175], the NCE loss models the posterior probability h(fi, f+
i ) of sample

i given a data distribution D and temperature parameter τ as:

h(fi, f+
i ) =

 exp <fi,f
+
i >

τ

exp <fi,f
+
i >

τ
+∑

f−
i ∈Dn

exp <fi,f
−
i >

τ

 (4.2)

However, unlike [120, 175], we propose to add an angular margin[171] to increase

the separation between the target embedding fi and the “negative samples” mI′ in

our contrastive loss estimation with margin block (CEM-block). We do this by first

computing angular separation between the positive target embedding and negative

embedding (ψ) ψ = arccos < fi,mI′ > and then add an angular margin m to the

computed angle, i.e. ψnew = ψ + m. Finally, cosine of the ψnew gives our new

similarity between the positive and negative samples. The same CE block is applied

for both image-level and patch-level NCE loss computations. One main motivation

behind adding the angular margin m is to increase the gap between the positive and

negative samples for both image-level and patch-level feature embedding used in

discriminative contrastive loss functions. Adding a constant m pushes the decision

boundary between the negative samples and the target sample further enabling

the network to learn improved inter class separation.

Thus, Eq. 4.3 represents the posterior probability with added angular margin[171].

Here, the angular additive margin aims to further increase the separation between

feature representations of target embedding and negative samples.
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hnew(fi, f+
i )=

 exp <fi,f
+
i >

τ

exp <fi,f
+
i >

τ
+
∑

f−
i ∈Dn

exp cos(ψnew)
τ

 (4.3)

with ψnew = arccos(< fi, f
−
i >) +m

The total NCE loss entails minimising the joint-loss (logarithmic) function of

Eq. 4.3 both at the image-level and patch-level configurations (also see Fig. 4.4)

which are our another contribution. Thus, if f̄(= f
||f ||) and ḡ(= g

||g||) are the

normalised feature embeddings for the target image and target patch then the

total NCE loss can be written as:

Ltotal
NCE(I, It) = λLNCEI

(mI, f̄(ϕθ(I)))+ (4.4)

(1 − λ)LNCEIt
(mI, ḡ(ϕθ(It))).

Each NCE loss component can be established as a negative log-posterior distribution

of data samples and negative samples[120, 169, 174]. We compute the NCE losses

at the image-level LNCEI
and at the patch-level LNCEIt

(also see Fig. 4.4) using

posterior probability in Eq. 4.3 given as below [169]:

LNCEI
(mI, f̄(ϕθ(I))) = − log[hnew(f̄(ϕθ(I)),mI)]

−
∑

I′∈Dn

log[1 − hnew(mI′ , f̄(ϕθ(I)))], (4.5)

& LNCEIt
(mI, ḡ(ϕθ(It))) = − log[hnew(ḡ(ϕθ(It)),mI)]

−
∑

I′∈Dn

log[1 − hnew(mI′ , ḡ(ϕθ(It)))]. (4.6)

Since, we take the logarithmic of function in Eq. 4.3, the denominator term

comparing the positive and negative embeddings with added angular margin acts

as a regularisation function. The configured joint-loss Ltotal
NCE(I, It) enables to learn

representations of image I closer to its transformed counterpart It of the same

instance and also to the memory representation mI that will damp the parameter

updates in the weights ϕθ. It also further penalises the representations at both

image and patch-level from other set of negative images I′ .
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4.2.2.3 k-means feature grouping

One important limitation of single instance discrimination as done in NCE loss

is that they focus on within-instance similarity by data augmentation assuming a

single distinctive instance, but in downstream tasks, these can appear as various

similar observations of the same instance. Thus, a grouping strategy can help

mitigate such limitations, as presented in this Section.

Normalised projection head: We utilise the linear projection heads to normalise

the feature embedding with l2-norm[121] that enables to reduce variance from

data augmentation and maps the features onto a unit hypersphere, f̄(ϕθ(I)) =
f(ϕθ(I))

||f(ϕθ(I))|| , and ḡ(ϕθ(It)) = g(ϕθ(It))
||g(ϕθ(It))|| .

Feature grouping: To overcome the limitation of the single instance approach, we

have used grouping instances based on the local clusters within a batch of samples

similar to[128]. We create k clusters where k is the number of classes (say n) in

the downstream tasks and use this to define clusters at image and patch levels.

Using spherical k-means clustering, we group the unit-length feature vectors. We

compute the cluster centroids for each image embedding Ck and patch embedding

PCk in batch input with k = {1, ..., n}, where n is the number of cluster classes

depending on the downstream task. We assign each instance in the image and

patches to each of their corresponding nearest centroids, say C(i) = j, meaning

instance i is assigned to centroid j and so on.

4.2.2.4 Cross-level discrimination at image and patch-levels

Cross-level grouping: Clusters could be noisy, so we applied a cross-view local

group for each instance by an element-wise multiplication of the feature embedding

at image-level f̄(ϕθ(I)) with the cluster centroid of image patches PCk
i , and at

patch-level ḡ(ϕθ(I)) with the cluster centroid Ck
i of the images in the batch where

i is the feature embedding assigned to the cluster.

Cross-level contrastive loss: The noise contrastive estimation (NCE) loss [174]

across the views can be defined using the expression in Eq. (4.2). However, here,

we will use the group cluster embeddings and centroids, and we want to assume
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that the group in the patch-level cluster is identical to the group in image level

for that specific class. Thus, the cross-level grouping of image-level representation

compared to patch-level centroid can be defined with the contrastive loss as[128]:

hfg (f̄i, PCi)=− log
exp <f̄i,PCi>

τ

exp <f̄i,PCi>
τ

+∑j ̸=i exp <f̄i,PCj>

τ

(4.7)

Similarly, our cross-level grouping of the patch-level representations can be also writ-

ten as:

hgg(ḡi, Ci)=− log
exp <ḡi,Ci>

τ

exp <ḡi,Ci>
τ

+∑j ̸=i exp <ḡi,Cj>

τ

(4.8)

The final group-wise cross-level discrimination loss LGCLD incorporating both

image-level and patch-level representations in combined form with weight λ can

be written as:

LGCLD=
k∑
k=1

N∑
i=1

{λhfg (f̄i, PCk
i ) + (1 − λ)hgg(ḡi, Ck

i )} (4.9)

Each patch-level and image-level instance are already compared independently

within our CEM-block (see Fig. 4.4 and Eq. 4.4) so using group-level association

between image and patch clusters can learn to discriminate features that were

not established in the CEM-block. Associating images with patch clusters and

vice-versa at a group level in Eq. 4.9 can enhance the model’s understanding of

context and relationships between different parts of an image. The loss function

encourages similarity and consistency between associated images and patch clusters.

By clustering patch-level embedding and associating them with the image itself, the

model is encouraged to learn consistent representations within a local context. This

helps create a metric space where the same image-level and patch-level instances

get closer, facilitating better generalisation.

4.2.2.5 Proposed loss

Our final novel loss function that defines single instance-level, group-level, and

cross-level representations as a joint loss optimisation problem is referred to as

composite pretext-class discrimination loss (CPCD). In this work, noise contrastive
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Table 4.3: Colonoscopic datasets used in our experiments

Dataset Images Input size Train Valid Test
Ulcerative colitis classification

LIMUC [147] 11276 224 × 224 8631 959 1686
In-house 251 224 × 224 0 0 251

estimation loss refers to the single instance-level representations and the group-wise

cross-level discrimination loss. Empirically, λ in Eq. 4.4 and Eq. 4.9 are set to 0.5 to

balance the impact of patch-level and image-level embedding. Thus, the final CPCD

loss LCPCD combines Eq. 4.4 and Eq. 4.9 with λ′ as weighting factor and is given as:

LCPCD =
k∑
k=1

λ
′

N∑
i=1

0.5 · {hf
g (f̄i, PCk

i ) + hg
g(ḡi, Ck

i )}︸ ︷︷ ︸
LGCLD

+

(1 − λ
′)

N∑
i=1

0.5 · {LNCEI
(mI, f̄i(ϕθ(I))) + LNCEIt (mI, ḡi(ϕθ(It))}︸ ︷︷ ︸

LNCE

(4.10)

4.2.3 Experiments
4.2.3.1 Dataset

We have explored various colonoscopic imaging datasets that are available publicly

and in-house for three different downstream tasks. For the classification task,

LIMUC [147] and one in-house dataset (collected under universal patient consenting

at the Translational Gastroenterology Unit, John Radcliffe Hospital, Oxford) are

applied. It is well-established that clinical decision-making is based on visually

good quality images during colonoscopy surveillance and that despite the patient

variability certain traits for each specific disease, such as ulcerative colitis and/or

polyps remain very closely similar. Hence, the quality of data used in this work

corresponds to the data acquired in clinical procedures that make up the majority

of cases. The details about the datasets and the number of training, validation, and

testing samples used are presented in Table 4.3. All datasets are publicly available

including the in-house dataset used for generalisability assessment.
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4.2.3.2 Evaluation metrics

We have used standard top-k accuracy (percentage of samples predicted correctly,

top1 and top2 are used), F1-score (= 2tp
2tp+fp+fn , tp: true positive, fp: false positive),

specificity (= tp
tp+fn), sensitivity or recall (= tn

tn+fp), and Quadratic Weighted Kappa

(QWK) for our classification task.

4.2.3.3 Implementation details

The proposed method is implemented using PyTorch [176]. All experiments were

conducted on an NVIDIA Quadro RTX 6000 graphics card. For pretext tasks in

self-supervised learning, we have used the batch size of 32 and all models in the

experiments were trained all models until convergence with the largest number of

epochs set to 2000. The SGD optimiser with a learning rate of 1e−3 was used for

training and was empirically set. All input images were resized to 224 × 224 pixels.

ImageNet pre-trained model weights were used during pretext training.

For the downstream classification task, we fine-tuned the model with a learning

rate of 1e−4, the SGD optimiser with a batch size of 32, and a stopping criteria

with the patience of 20 epochs. For all downstream tasks, our proposed model

converged below 200 epochs. The same stopping criteria as in the fine-tuning

approach was applied for the baseline methods.

The training of baseline networks included different data augmentation tech-

niques such as geometric augmentation including random rotation (± 5◦), random

horizontal flip (probability, p = 0.5), random crop of input size with padding adding

of 10 pixels, random affine transformation (10◦) and photometric augmentation

including brightness, contrast, and saturation changes between 50% and 150%

of the original image. The same code was used for both fine-tuning of SSL

approaches and baseline.

All experiments used 80% of the dataset for training, 10% for validation, and the

remaining held-out 10% for testing. We additionally have used out-of-centre unseen

centre datasets for generalisability study. We also provide experiments on 10%, 20%
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Table 4.4: Quantitative comparison for UC classification task on LIMUC dataset

Method Backbone Top 1 Top 2 F1 Spec. Recall QWK P-values
Baseline [35] R50 0.7532 0.9346 0.6689 0.8630 0.7011 0.8237 7.022e-07
Baseline [35, 137] R50-Att. 0.7556 0.9414 0.6727 0.8692 0.7029 0.8290 4.342e-06
SimCLR [121] R50 0.7355 0.9387 0.6631 0.8510 0.6752 0.8083 6.527e-11
SimCLR [121] R50-Att. 0.7384 0.9219 0.6649 0.8431 0.6942 0.8102 4.843e-09
SimCLR+DCL [177] R50 0.7555 0.9450 0.6729 0.8635 0.6897 0.8269 1.506e-07
SimCLR+DCL [177] R50-Att. 0.7568 0.9367 0.6755 0.8669 0.6952 0.8287 8.760e-07
MoCoV2+CLD [128] R50 0.7574 0.9493 0.6788 0.8721 0.6959 0.8309 7.691e-12
MoCoV2+CLD [128] R50-Att. 0.7598 0.9536 0.6812 0.8709 0.7047 0.8333 6.787e-09
PIRL [120] R50 0.7651 0.9637 0.6859 0.8874 0.7098 0.8376 4.201e-04
PIRL [120] R50-Att. 0.7740 0.9610 0.6918 0.8893 0.7133 0.8460 1.621e-03
PIRL+PLD (ours) [170] R50 0.7752 0.9666 0.7040 0.8891 0.7129 0.8509 6.043e-03
PIRL+PLD (ours) [170] R50-Att. 0.7847 0.9707 0.7167 0.8933 0.7146 0.8563 2.967e-02
SSL-CPCD (ours) R50 0.7912 0.9633 0.7209 0.9043 0.7198 0.8693 -
SSL-CPCD (ours) R50-Att. 0.7977 0.9750 0.7279 0.9008 0.7259 0.8746 -

and 50% training data for fine-tuning. To guarantee experimental reproducibility

we have conducted all experiments by setting random seed at 42.

Hyperparameters: For group-wise cross-level discrimination loss (LGCLD in

Eq. (4.9)), we set k = 4 for a number of clusters in classification pretext task, k = 2

in detection and segmentation pretext task, s = 6 for the re-scaling and m = 0.5 for

an angular margin. Memory bank settings proposed in[120] has been used with the

same hyperparameters. For Eq. (4.4) we use λ = 0.5 and use τ = 0.4 for computing

the function h(., .) in Eq. (4.2, 4.3, 4.7, and 4.8). We used an updated weight of 0.5

for the memory bank exponential moving average representations. These values are

justified in our ablation study provided in Section 4.2.4.4. Hyperparameter tuning

for our SSL parameters (τ , and λ) is conducted on the downstream tasks utilising

the validation set which consists of labeled samples. Further, we have performed

hyperparameter tuning (such as learning rate) with the same validation set for each

method to report the best performance of each on this dataset.

4.2.4 Results

In this section, we present the comparison of our proposed SSL-CPCD approach

with other SOTA SSL methods.

A holistic deep learning framework for endoscopy



84
4.2. Self-supervised learning with composite pretext-class discrimination for

improved colitis scoring

4.2.4.1 Comparison for UC classification task

ResNet50 [35] (R50) and ResNet50 with convolution-block attention module[137]

(R50-Att.) are established as the baseline model for supervised learning first, and

then the same is used for other SOTA SSL-based method comparisons in Table 4.4

for ulcerative colitis classification task on LIMUC dataset. Baseline networks R50

and R50-Att., respectively, obtained 75.39% and 75.62% on top-1 accuracy and

82.51% and 82.78% on QWK. Our proposed SSL-CPCD method yielded the best

results with 79.77%, 72.79%, 90.08%, 72.59% and 87.46% on top 1 accuracy, F1 score,

specificity, recall and QWK, respectively. Compared to the supervised learning-

based baseline models (R50), the top 1 accuracy and QWK is improved by 4.38% and

4.95%, respectively, using our proposed SSL-CPCD with the same backbones. We

also compared our proposed SSL-CPCD approach with other SOTA SSL methods,

including popular SimCLR [121], SimCLR+DCL [177], MoCoV2+CLD [122] and

PIRL [120] methods. Our proposed network (R50-Att.) outperformed all these

methods with at least nearly 2.4% (PIRL) up to 6% (SimCLR) on top-1 accuracy.

Similar improvements can be observed on other metrics as well.

4.2.4.2 Computation time

For the PIRL approach (top SOTA approach) it took 37 s per epoch for pretext

training, while ours (SSL-CPCD) took 40 s per epoch with a total of nearly 22.5

hrs. However, for the fine-tuning of the downstream tasks, all methods reported

in this chapter with the same backbone took the same amount of time per epoch

compared to baseline and SOTA models (e.g., for classification 31s per epoch,

detection took 27s per epoch and segmentation approach took 29 s per epoch).

With our model, the fine-tuning approach converged at 200 epochs compared to

others (e.g., PIRL took 500 epochs for convergence).

4.2.4.3 Generalisation

To ensure the generalisation of the proposed approach, we trained our model and

other methods on one dataset and then tested them on an unseen dataset from
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Table 4.5: Generalisation study for the UC classification task

Method Backbone Top 1 Spec. Recall QWK P-values
Baseline [35] R50 0.5856 0.7239 0.5569 0.5379 2.315e-11
Baseline [35, 137] R50-Att. 0.6055 0.7539 0.5739 0.6572 6.812e-08
SimCLR[121] R50 0.5737 0.7020 0.5256 0.5611 6.076e-09
SimCLR[121] R50-Att. 0.5777 0.7139 0.5420 0.6018 1.497e-06
SimCLR+DCL[177] R50 0.5976 0.7297 0.5622 0.6345 4.277e-07
SimCLR+DCL[177] R50-Att. 0.6016 0.7458 0.5758 0.6542 9.603e-06
MoCoV2+CLD[128] R50 0.6175 0.7716 0.5878 0.6939 5.657e-08
MoCoV2+CLD[128] R50-Att. 0.6135 0.7823 0.5737 0.6902 6.069e-11
PIRL[120] R50 0.6255 0.8213 0.6097 0.7312 1.370e-03
PIRL[120] R50-Att. 0.6335 0.8397 0.6139 0.7469 9.677e-04
PIRL+PLD (ours) [170] R50 0.6370 0.8359 0.6197 0.7507 2.574e-02
PIRL+PLD (ours) [170] R50-Att. 0.6453 0.8415 0.6223 0.7662 5.047e-03
SSL-CPCD(ours) R50 0.6534 0.8501 0.6249 0.7835 -
SSL-CPCD(ours) R50-Att. 0.6733 0.8677 0.6403 0.7887 -

different institutions. Generalisibility study for UC classification We used the UC

classification model trained on the LIMUC dataset collected at Marmara University

School of Medicine. We tested this model on our in-house dataset (collected

at the John Radcliffe Hospital, Oxford). Table 4.5 assesses the generalisability

of our SSL-CPCD model and other SOTA approaches on UC classification task.

Our proposed SSL-CPCD obtained an acceptable Top 1 accuracy of 67.33%, F1-

score of 64.69%, specificity of 86.77%, recall of 64.03% and QWK of 78.87%.

While outperforming all SOTA approaches, compared with MoCoV2+CLD, our

method achieves an improvement of 5.98% on top 1 accuracy and nearly 9% in

QWK. Table 4.5 shows that our SSL-CPCD outperforms other SOTA methods

in various evaluation metrics.

4.2.4.4 Ablation studies

We have conducted an extensive ablation study of our approach. First, we ablated

the impact of multiple loss functions, including NCE, GCLD, and the added angular

margin m. Then, we conducted an ablation study experiment to further evaluate

the performance of our proposed approach under different parameter settings.

Loss functions: Table 4.6 shows the quantitative results of our ablation study in

loss functions on classification tasks. Initially, our proposed method, which contains
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Table 4.6: Ablation study results for different loss functions on validation set

Loss Class. task
function Top 1 F1
NCE 0.8341 0.7693
NCE+GCLD 0.8495 0.781
NCE+GCLD+m 0.8603 0.7933

Table 4.7: Effect of different hyper-parameter setting using validation set

Parameter settings Top 1
λ

′
τ

0.1 0.2 0.8342
0.25 0.2 0.8415
0.5 0.2 0.8509
1 0.2 0.8405

0.1 0.4 0.8425
0.25 0.4 0.8467
0.5 0.4 0.8603
1 0.4 0.8446

0.1 0.6 0.8332
0.25 0.6 0.8383
0.5 0.6 0.8498
1 0.6 0.8352

Table 4.8: Hyper-parameter study for different number of clusters

No. of clusters Top 1
k
2 0.8533
3 0.8540
4 0.8603
5 0.8582
7 0.8498
10 0.8519

three loss functions, achieves 79.12% on top 1 accuracy and 72.09% on the F1

score for the classification task. It can be observed that compared with classically

using noise contrastive loss only, our approach and modifications led to significant

improvements in all downstream tasks by a larger margin (top 1 accuracy and F1

score improved respectively by 2.61% and 2.4%).

Impact of hyper-parameters: The quantitative results for the ablation study

of different parameter settings are shown in Table 4.7. We set different weight
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Table 4.9: Abalation study for different learning rate using validation set

Method LR Top 1 F1 Spec. Recall QWK
0.05 0.7987 0.7298 0.9214 0.7340 0.8707
0.01 0.8010 0.7317 0.9220 0.7379 0.8732

SimCLR [121] 0.005 0.8021 0.7326 0.9246 0.7433 0.8751
0.001 0.8049 0.7345 0.9239 0.7414 0.8769
0.0005 0.8004 0.7301 0.9206 0.7355 0.8716
0.0001 0.7955 0.7270 0.9189 0.7328 0.8647
0.05 0.8501 0.7817 0.9469 0.7869 0.9253
0.01 0.8559 0.7899 0.9502 0.7873 0.9299

SSL-CPCD 0.005 0.8567 0.7905 0.9507 0.7889 0.9305
(ours) 0.001 0.8603 0.7933 0.9523 0.7911 0.9326

0.0005 0.8533 0.7882 0.9487 0.7891 0.9279
0.0001 0.8429 0.7846 0.9453 0.7865 0.9231

Table 4.10: Comparision with SOTA methods for different percentages of training
samples for fine-tuning in classification as a downstream task. ResNet50 is taken as
baseline for all cases.

Method % training
samples Top 1 F1 Spec. Recall QWK

100 0.7539 0.6702 0.8670 0.6906 0.8251
Baseline 50 0.7462 0.6580 0.8602 0.6732 0.8187
(ResNet50) [35] 20 0.7263 0.6432 0.8513 0.6655 0.8065

10 0.7004 0.6277 0.8242 0.6387 0.7879
100 0.7651 0.6859 0.8874 0.7098 0.8376

PIRL [120] 50 0.7236 0.6472 0.8324 0.6588 0.7993
20 0.6903 0.6363 0.8196 0.6350 0.7832
10 0.6813 0.6139 0.8017 0.6247 0.7649
100 0.7752 0.7040 0.8891 0.7129 0.8509

PIRL+PLD 50 0.7497 0.6719 0.8560 0.6861 0.8196
[170] 20 0.7301 0.6636 0.8455 0.6727 0.8043

10 0.7135 0.6359 0.8397 0.6518 0.7937
100 0.7912 0.7209 0.9043 0.7198 0.8693

SSL-CPCD 50 0.7811 0.7133 0.8977 0.7158 0.8562
(ours) 20 0.7692 0.6978 0.8749 0.6897 0.8242

10 0.7551 0.6897 0.8666 0.6709 0.8001

and temperature in Eq. (4.4-4.9). Weight parameter λ′ = {0.1, 0.25, 0.5, 1} and

temperature τ = {0.2, 0.4, 0.6} are used for searching best parameters experimentally.

As shown in Table 4.7, when weight and temperature parameters are 0.5 and 0.4,

respectively, our method achieves the best results in classification tasks with 79.77%

on Top 1 accuracy. We additionally explored different learning rates for all compared

A holistic deep learning framework for endoscopy



88
4.2. Self-supervised learning with composite pretext-class discrimination for

improved colitis scoring

Table 4.11: Comparison with larger baseline backbones for classification, detection, and
segmentation tasks.

Method Parameters Top 1
EfficientNet-v2 [178] (Baseline) 24M 0.7562
EfficientNet-v2 [178] (+ SSL-CPCD) 24M 0.7948
EfficientNet-B6 [179] (Baseline) 43M 0.7556
EfficientNet-B6 [179] (+ SSL-CPCD) 43M 0.7953
ResNet101 [35] (Baseline) 44.5M 0.7550
ResNet101 [35] (+ SSL-CPCD) 44.5M 0.7930
ResNet152 [35] (Baseline) 60.2M 0.7568
ResNet152 [35] (+ SSL-CPCD) 60.2M 0.7972
SENet-154 [180] (Baseline) 440M 0.7612
SENet-154 [180] (+ SSL-CPCD) 440M 0.8021

methods, and our experiments were conducted on a validation set that suggested the

same learning rate of 0.001 (Table 4.9). To substantiate the effect of the number of

clusters on cross-level grouping for the loss computation, we conducted an additional

study (Table 4.8). It can be observed that the best results were obtained when

using the same number of clusters as the number of classes in downstream tasks.

Limited data settings: It can be observed that compared to the baseline method

and most accurate SSL technique (PIRL [120] and PIRL+PLD [170]), our approach

outperforms in all data settings for all cases. For example, in classification task

(Table 4.10) with only 10% data our SSL-CPCD approach outperforms the supervised

ResNet50 trained with 100% data, while only 50% data was required to outperform

other two most accurate SSL methods.

Comparison with other larger models: It can be observed from Table 4.11

that our approach (SSL-CPCD) consistently provides a perfomance boost of nearly

4% in classification independent of model size.

Model efficiency: Compared to the baseline SSL PIRL model [120], the proposed

SSL-CPCD demonstrated faster convergence both during the pretext learning stage

and the fine-tuning stage (e.g., loss at 100th epoch from the proposed approach of

2.16 vs 3.36 during pretext, and 0.11 vs 0.35 on the fine-tuning stage). While the

inference time from all methods was the same for all SSL-based methods as the

baseline supervised methods, our SSL-CPCD took nearly 22.2 hours (compared to

20 hours 30 minutes with the baseline PIRL) for pretext training and nearly 1 hour
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40 minutes for fine-tuning for all downstream tasks (31s per epoch for classification,

27s per epoch for detection and 29s per epoch for segmentation tasks).

4.2.4.5 Qualitative Analysis

In the UC classification task in Fig. 4.5, a t-distributed stochastic neighbour

embedding (t-SNE) plot of test image samples embedding, and gradient weighted

activation map (Grad-CAM) method is used to visualise model performance. It

can be observed in Fig. 4.5 a) that more compact and interpretable clusters were

obtained using perplexity of 15 compared to perplexity of 5. It can be observed

(Fig. 4.5 a.ii) that the test images are stochastically distributed in raw sample

distributions. It is important to note that data points close to each other in

the t-SNE visualisation are likely to be similar in the original higher dimensional

embedding space[168]. This means that points forming tight clusters are more

similar than points in other clusters. It can be observed that after model training,

images of the same class cluster appear tentatively in the same region. The

SSL-CPCD method that utilises group-wise loss based on clustering demonstrates

improved grouping and their distinct seperation from other clusters in different MES

classes than the baseline supervised model and SSL-based PIRL approach. Using

SSL-CPCD, it can be observed that the same categories are more concentrated in

the same area, and there are clear boundaries between different categories, which

in other cases are not apparent.

This can also be quantified with the cluster distances between the classes

presented for ResNet50 (supervised), PIRL (SSL), and our approach. Our SSL-

CPCD method improves the inter-class separation, demonstrating the ability of our

approach to discriminate different class representations more clearly. For example,

compared to the most accurate SOTA SSL-PIRL the cluster distance between

MES 0 and MES 1, MES 1 and MES2, and MES 2 and MES 3 are increased by

10.95%, 15.01%, and 52.11%, respectively. As observed in Fig.4.5 a), MES 1 is

also confused with MES 3 in some cases. For this case, our approach increases

the cluster distance by 18.24%.
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Figure 4.5: a) t-SNE plot for the raw test data, baseline network (supervised) and two
SSL approaches with perplexity of 5 in a. i) and 15 in a. ii); and b) attention maps of the
proposed apporach compared to other state-of-the-art methods for multi-class ulcerative
colitis classification task (MES 0, MES 1, and MES 2). Principal Components Analysis
was used to reduce the dimension of the feature maps to 50 as suggested in[168]. It is to be
noted that t-SNE plots were obtained before 1000 iterations (set maximum) as the t-SNE
converged, i.e., the same error after a certain number of iterations. The minimisation
cost (Kullback-Leibler divergence) error was higher for all plots for the perplexity of 5
compared to the perplexity of 15.
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Similarly, while looking at the attention (Fig. 4.5 b), the baseline method focuses

on the wrong location in some images (see the first and second rows in Fig. 4.5

b). In other SOTA SSL methods, the model notices the correct location, but the

lesion location is inaccurate. Our proposed SSL-CPCD can accurately identify

the severely affected lesion area and shape.

4.2.5 Contribution and conclusion

While supervised learning methods have been widely used in the endoscopic image

analysis, however, due to limited labelled data availability and large variability in

disease-relevant changes in the tissue structure or used imaging devices at different

centres, their generalisability can be largely affected [181, 182].

We explored a self-supervised-based learning approach (SSL) that can learn

semantically meaningful features and representations invariant to texture and

illumination changes in endoscopic images that are more robust. SSL can learn

robust features as they are not supervised or incentivised by labels under the pretext

of training. Thus, it can learn label-relevant features during fine-tuning and other

intrinsic properties that may help generalise better [157]. In addition, self-supervised

approaches are a scalable way to learn visual representations without labels and are

well-known to be robust to class imbalance compared to supervised approaches [157].

We use patch generation during pretext training first that is independent to the

class labels in the dataset (i.e., unlabelled samples are used). Here, patches will

have their own labels, e.g., solving generated as a jigsaw puzzle in our case, and

the model tries to learn representations by learning the similarity and dissimilarity

between the patches and the target image. So, there is no notion of class imbalance

within pretext training. The learned visual representations during pretext tasks

help to fine-tune the model performance on the downstream task more effectively

and are widely known to be robust to class imbalance in the dataset as suggested by

Liu et al. [157]. Our work is validated on inconspicuous ulcerative colitis data and

more visible polyps. This gives us an insight into the strength of the performance

of SSL approaches on variable data and target lesion types.
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We show that these representations, using unlabeled endoscopic images, mitigate

the risk of limited labels and provide improved results compared to widely used

supervised techniques. Even though the SSL-based approaches have been proposed

in the past for natural scenes [120–122], to our knowledge, no study has been

conducted comprehensively for endoscopic image analysis. We propose a novel

composite pretext-class discrimination loss (CPCD) that combines noise contrastive

losses for the single instance level and group-based instance, showing significant

improvements compared to other SSL methods. Here, instance discrimination

obtains meaningful representations through instance-level contrastive learning,

which can be used to reflect the apparent similarities between instances.

Figure 4.6: Limitations of our proposed approach for different data conditions, including
blur, difficult scene views due to organ topology or camera positions, imaging artefacts
such as specularity and pixel saturation.

The assumption that instance discrimination is established is based on the fact

that each example is significantly different from others and can be treated as a

separate category. However, endoscopic image data tend to have higher similarity

in their video images, making it extremely hard to learn reliable features. Thus,

there is a significant similarity between training data in conventional self-supervised

learning, which will lead to the negative pairs used in the contrastive learning
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process being likely to be composed of high similarity instances, which will lead

to a large number of false positives in the training process of contrastive learning

repulsion. We solve this problem in two directions. First, we propose a patch-level

instance-group discrimination, GCLD loss, which can perform k-means clustering

on instances so that similar instances are clustered into the same group. The error

rejection of high-similarity instances was alleviated in the subsequent contrastive

loss. In addition, we further optimise the loss function by adding an angular margin

m between positive and negative samples in contrastive learning (see ablation study

results in Table 4.6). Our proposed SSL-CPCD significantly improves representative

tasks for anomalies in colonoscopy images. In the ulcerative colitis classification

task, SSL-CPCD succeeded with the highest Top 1 accuracy of 79.77% and the

highest F1 score of 72.79% on LIMUC (see Table 4.4). Furthermore, SSL-CPCD on

the generalisability assessment it achieves the highest Top 1 accuracy and QWK

of 67.33% and 78.87% (see Table 4.5).

Additionally, P-values from paired t-tests show statistical significance in results

from our methods compared to others. It can be observed that for UC classification

tasks our approach provided P-value ≤ 0.05 (significantly different, Table 4.4).

However, due to organ topology and the complex environment of moving the

endoscopic camera, there are unavoidable artefacts, blur due to camera motion

and differences in visual appearances that the training samples may not sufficiently

capture. We investigated which of the frames gave lower scores in each downstream

task (see Figure 4.6). It can be observed that for the classification task in Figure 4.6

(a) inaccurate results are mainly in the frames where the organ topology is complex

(e.g., lifted mucosa from surrounding in the first case and the fourth case). Similarly,

the blur in sample 3, labelled MES 2, is identified as MES 1.

We used various techniques to tackle the implementation challenges of SSL

approaches. For example, in terms of the requirement of large amounts of data to

generate pseudo labels, we used larger datasets that are publicly available and then

used testing with a held-out smaller dataset. We also applied various percentage

splits on it during fine-tuning training (e.g., 50%, 20% and 10%) to measure the
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effectiveness of the method and its ability to exploit learnt representations. We

observed a similar trend of performance drop to baseline upon reducing label

samples from 100% to 10%, which was also observed in [154]. However, it is

essential to note that our SSL-CPCD approach for classification with only 10%

data samples (Table 4.10) can get the performance of fully supervised learning

approaches that require 100% labelled data. Similarly, to understand the effect of

cluster size k (Table 4.8) and the various other hyperparameters (Table 4.7), we used

a heuristic approach on all SSL approaches for downstream task, and the best values

were identified and reported in the chapter. A marginal drop in the performance

with different cluster sizes k was observed compared to the target classes in the

downstream task. This can also be viewed as a limitation of the proposed method.

Our proposed approach combining image-level and group-level instances in a

contrastive loss-based framework for self-supervised learning in endoscopic image

analysis is unique and has not been explored before. Our SSL-CPCD approach can

learn representative features from unlabeled images that are evident to improve

any downstream tasks. Our strategy of the added angular margin increases

the geometric distance between positive and negative samples. Our experiments

demonstrate the effectiveness and improvement of our SSL-CPCD method over

several SOTA self-supervised methods on three downstream tasks for complex

colonoscopic images. Cross-dataset testing confirmed the generalisation ability of

our SSL-CPCD approach, which is superior to all SOTA SSL-based methods.
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This chapter presents polyp detection and segmentation task based on deep

learning. In Section 5.2, the results of some baseline models and applying the meth-

ods in Section 4.2 to downstream polyp detection and segmentation tasks are shown.

Subsequently, we introduced a novel real-time video polyp segmentation method

that is robust and accurate over existing state-of-the-art methods in Section 5.3.

Originality: For more comprehensive experiments, we used three public datasets

including Kvasir-SEG [172], CVC-ClinicDB [173] and SUN-SEG [183]. In Section 5.3,

We explore a novel architecture with self-supervised learning as an auxiliary task and

a spatial-temporal self-attention mechanism for improved representation learning

integrated within the network. Our novel end-to-end configuration and joint

optimisation of both self-supervised contrastive loss and cross-entropy losses enable

the network to learn more discriminative contextual features in the videos. This

work is under review by Neurocomputing.

• Xu, Ziang, Jens Rittscher, and Sharib Ali. "SSTFB: Leveraging self-

supervised pretext learning and temporal self-attention with feature branching

for real-time video polyp segmentation." arXiv preprint arXiv:2406.10200,

2024.(Neurocomputing-in review)

5.1 Motivation

The study described in Section 5.2 repurposes the approach introduced in Chapter 4

as a preliminary investigation into polyp segmentation and detection tasks. While
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this method demonstrated strong performance in static polyp segmentation, its appli-

cation to video-based polyp segmentation revealed notable limitations—particularly

in maintaining accuracy across temporally adjacent frames. This performance gap

highlighted the challenges of extending static segmentation models to dynamic, real-

world endoscopic video sequences. These observations motivated the development

of a more specialised framework tailored for video polyp segmentation, as presented

in Section 5.3. The proposed approach addresses the identified shortcomings

by incorporating temporal modelling techniques to improve consistency and ro-

bustness across frames, filling a gap in existing literature that often overlooks

video-level segmentation.

5.2 Results from baseline and proposed self-supervised
approach

5.2.1 Experiments
5.2.1.1 Baseline and Comparison Methods

For both the polyp detection and segmentation tasks, we employ RetinaNet [65]

and Res-UNet [184] as the respective baseline models. In each case, we evaluate

two backbone configurations: ResNet50 [35] and ResNet50 integrated with a

Convolutional Block Attention Module (CBAM) [137]. All models are pretrained

using the same self-supervised learning strategy described in Section 4.2, and

subsequently fine-tuned on their respective downstream tasks. Detailed fine-tuning

configurations are provided in Section 5.2.1.4.

Consistent with the experiments conducted in Section 4.2, we also perform exten-

sive evaluations using other SOTA SSL methods as comparison baselines. These in-

clude the widely adopted SimCLR [121], SimCLR+DCL [177], MoCoV2+CLD [128]

and PIRL [120].

5.2.1.2 Dataset

Kvasir-SEG [172] and CVC-ClinicDB [173] are used for the segmentation task.

Similarly, Kvasir-SEG [172] for experiments on polyp detection as a downstream
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Table 5.1: Colonoscopic datasets used in our experiments

Dataset Images Input size Train Valid Test
Polyp segmentation

Kvasir-SEG [172] 1000 Variable 800 100 100
SUN(non-polyp) [183] 1000 Variable 1000 0 0
CVC-ClinicDB [173] 612 384 × 288 0 0 612
Polyp detection
Kvasir-SEG [172] 1000 Variable 800 100 100
SUN [183] 1000 Variable 1000 0 0

task. In the pretext task for the detection and segmentation tasks, we have used

polyp samples from Kvasir-SEG [172] and 1000 non-polyp samples from the SUN

dataset [183] for training our SSL model. This approach ensures the presence of

representative images for both polyp and non-polyp samples during pretext task

learning, maintaining a balanced representation. Non-polyp frames were randomly

sampled from 10 video IDs (starting from ID 1), with a selection of 100 frames

per video, incorporating variability in non-polyp categories across the available

109,554 frames. We used a random seed of 42, which guarantees the reproducibility

of this selection process. The details about the datasets and the number of training,

validation, and testing samples used are presented in Table 5.1.

5.2.1.3 Evaluation metrics

For the detection task, standard computer vision metrics, including mean average

precision (mAP at an IoU interval [0.25:0.05:0.75]) and AP small, medium and large,

were used for our experiments. Dice similarity coefficient (DSC), which is also known

as F1-score, and type-II error referred to as F2-score, recall and positive predictive

values (PPV, = tp
tp+fp) have been used for evaluating our segmentation task.

5.2.1.4 Implementation details

We take the same setting for pretext tasks in Section 4.2. For the detection task,

we have used the Adam optimiser with a learning rate of 1e−5 and a batch size

of 32 with a learning rate decay of 0.1 with patience 3 and 400 epochs. For the

segmentation task, 300 epochs with a batch size of 16 and an SGD optimiser
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with initial learning rate of 1e−3 and a learning rate decay of 0.9 times per 20

epochs were used to fine-tune the model.

5.2.2 Results

Table 5.2: Quantitative comparison for polyp detection task using Kvasir-SEG dataset

Method Backbone mAP AP25 AP50 AP75 APsmall APmedium APlarge P-values
RetinaNet [65] R50 0.8637±0.101 0.9377 0.8965 0.6973 0.4832 0.7507 0.8398 6.150e-03
RetinaNet [65] R50-Att. 0.8729±0.082 0.9436 0.9097 0.7045 0.4871 0.7603 0.8419 1.263e-03
SimCLR [121] R50 0.8501±0.090 0.9259 0.8837 0.6709 0.4641 0.7416 0.8237 1.337e-05
SimCLR [121] R50-Att. 0.8532±0.076 0.9278 0.8818 0.6846 0.4679 0.7403 0.8302 9.270e-03
SimCLR+DCL [177] R50 0.8537±0.087 0.9269 0.8853 0.6852 0.4709 0.7429 0.8321 5.057e-04
SimCLR+DCL [177] R50-Att. 0.8592±0.101 0.929 0.8893 0.6887 0.4739 0.7467 0.8403 2.156e-04
MoCoV2+CLD [128] R50 0.8457±0.072 0.9273 0.9028 0.6845 0.4779 0.7491 0.8346 1.869e-09
MoCoV2+CLD [128] R50-Att. 0.8519±0.070 0.9412 0.9044 0.7019 0.4859 0.7563 0.8402 7.792e-07
PIRL [120] R50 0.8612±0.078 0.9403 0.8931 0.6929 0.4839 0.7487 0.8317 2.707e-02
PIRL [120] R50-Att. 0.8677±0.073 0.9408 0.8961 0.702 0.4863 0.7589 0.8408 8.771e-03
PIRL+PLD (ours) [170] R50 0.8649±0.077 0.9431 0.9027 0.7042 0.4919 0.7547 0.8426 5.694e-03
PIRL+PLD (ours) [170] R50-Att. 0.8738±0.071 0.9466 0.9053 0.7069 0.4977 0.7601 0.8458 1.178e-02
SSL-CPCD (ours) R50 0.8709±0.070 0.9421 0.9192 0.7107 0.5033 0.763 0.8542 -
SSL-CPCD (ours) R50-Att. 0.8862±0.067 0.9469 0.9227 0.7197 0.5105 0.7703 0.8598 -

5.2.2.1 Comparison for polyp detection task

The Kvasir-SEG polyp dataset was used to evaluate the performances of SSL on

detection as the downstream task in endoscopy. Here, we have chosen RetinaNet [65]

as the baseline network for both the supervised and the self-supervised learning

approaches. The quantitative results from Table 5.2 show that our proposed SSL-

CPCD approach outperforms all the other SOTA methods on all metrics. It achieves

2.29%, 2.7% and 3.3% improvement on mAP compared to SSL methods, including

MoCoV2+CLD, SimCLR+DCL and SimCLR, respectively. Our method also

improves 1.83% on AP50 and 1.4% on APmedium (medium polyp sizes) compared

to MoCoV2+CLD, respectively. Compared to the widely used supervised technique

RetinaNet, our method is better on mean average mAP but significantly improves

over AP50, AP75 and size-based metrics.

5.2.2.2 Comparison for polyp segmentation task

The Kvasir-SEG dataset was also used to assess the performance of SSL-based

approaches in our experiment for segmentation as a downstream task in endoscopy.

Here, we have chosen Res-UNet[184] as the baseline network for both the supervised

A holistic deep learning framework for endoscopy



100 5.2. Results from baseline and proposed self-supervised approach

Table 5.3: Quantitative comparison for polyp segmentation task

Method Backbone DSC F2 Recall PPV P-values
U-Net [96] none 0.7933±0.053 0.7671 0.7945 0.9131 2.881e-10
Res-UNet [184] R50 0.7867±0.074 0.7667 0.7723 0.9139 1.670e-04
Res-UNet [184] R50-Att. 0.792±0.066 0.7743 0.7862 0.9187 7.117e-06
SimCLR [121] R50 0.7892±0.068 0.7621 0.7639 0.9146 2.936e-07
SimCLR [121] R50-Att. 0.7945±0.058 0.7759 0.7903 0.9162 6.977e-05
SimCLR+DCL [177] R50 0.7879±0.056 0.7609 0.7653 0.9169 4.690e-05
SimCLR+DCL[177] R50-Att. 0.7933±0.051 0.7822 0.7741 0.9038 8.816e-06
MoCoV2+CLD [128] R50 0.7946±0.093 0.779 0.7846 0.9173 3.697e-11
MoCoV2+CLD [128] R50-Att. 0.8029±0.077 0.7953 0.7998 0.9201 7.327e-09
PIRL [120] R50 0.7906±0.069 0.7842 0.7946 0.9135 7.502e-03
PIRL [120] R50-Att. 0.7969±0.067 0.7893 0.8056 0.9177 1.432e-02
PIRL+PLD (ours) [170] R50 0.8069±0.058 0.7913 0.8093 0.9189 5.519e-03
PIRL+PLD (ours) [170] R50-Att. 0.8116±0.049 0.7989 0.8132 0.9211 4.107e-02
SSL-CPCD (ours) R50 0.8173±0.047 0.8032 0.8104 0.9217 -
SSL-CPCD (ours) R50-Att. 0.8232±0.043 0.8081 0.8234 0.9259 -

and the self-supervised learning approaches. Results for supervised U-Net[96]

approach have also been provided for comparison. Table 5.3 compares the result of

the proposed SSL-CPCD with other SOTA SSL approaches and baseline supervised

model. While proposed SSL-CPCD provided an improvement of 3.12% and 3.72%

on DSC and Recall, respectively, for the baseline ResNetUNet in a supervised

setting, our approach also showed improvements of 2.03%, 1.28%, 2.36% and

0.58% over MoCoV2 + CLD in DSC, F2-score, recall and PPV, respectively.

Higher recall while keeping the precision (PPV) high (over 90%) indicates that

our method is more medically relevant.

5.2.2.3 Generalisability study for polyp segmentation

All models for both baseline and SOTA approaches were first trained on the

Kvasir-SEG dataset and then tested on the CVC-ClinicDB dataset, for which the

results are presented in Table 5.4. Our proposed SSL-CPCD drastically surpassed

baseline supervised approaches (over 10% on DSC for U-Net and over 7% on

DSC with the same backbone on ResUNet). In addition, our method obtained an

improvement of 4.73% and 6.8%, respectively, over MoCoV2+CLD and SimCLR

on DSC. Similarly, over 5% improvement on PIRL is evident in both backbone

settings (R50 and R50-Att.).
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Table 5.4: Generalisation study for segmentation task

Method Backbone DSC F2-score Recall PPV P-values
U-Net [96] none 0.5826±0.057 0.6029 0.5942 0.7633 1.009-e12
Res-UNet [184] R50 0.6092±0.040 0.6379 0.6265 0.8218 8.708-e05
Res-UNet [184] R50-Att. 0.6027±0.072 0.6499 0.6372 0.8065 6.363-e04
SimCLR [121] R50 0.5942±0.069 0.6498 0.6334 0.8312 1.982-e07
SimCLR [121] R50-Att. 0.6113±0.055 0.6556 0.6673 0.8329 6.621-e04
SimCLR+DCL[177] R50 0.6039±0.059 0.6501 0.6586 0.8293 8.193-e06
SimCLR+DCL[177] R50-Att. 0.6092±0.049 0.6679 0.6598 0.8301 2.770-e03
MOCOv2+CLD[128] R50 0.6268±0.047 0.6498 0.6509 0.8277 9.913-e09
MOCOv2+CLD[128] R50-Att. 0.632±0.050 0.6691 0.6675 0.8362 7.076-e07
PIRL[120] R50 0.6196±0.049 0.6742 0.6703 0.8378 5.501-e03
PIRL [120] R50-Att. 0.6277±0.053 0.6801 0.6770 0.8396 6.950-e04
PIRL+PLD (ours) [170] R50 0.6459±0.062 0.6617 0.6802 0.8311 1.669e-03
PIRL+PLD (ours) [170] R50-Att. 0.6573±0.066 0.6720 0.6827 0.8368 9.618e-03
SSL-CPCD (ours) R50 0.6705±0.043 0.6903 0.6812 0.8379 -
SSL-CPCD (ours) R50-Att. 0.6793±0.040 0.6978 0.6897 0.8488 -

5.2.2.4 Ablation studies

Loss functions: Table 5.5 shows the quantitative results of our ablation study in

loss functions on polyps detection and segmentation tasks. Similarly, it has the

best AP50 and mAP of 91.92% and 87.09%, respectively. On the segmentation

task, the combined loss also showed improvement when combined with various

strategies, yielding 81.13% on DSC and 92.18% on PPV.

Impact of hyper-parameters: Same as Section 4.2, We set different weight λ′

= {0.1, 0.25, 0.5, 1} and temperature τ = {0.2, 0.4, 0.6} in Eq. (4.4-4.9). As shown

in Table 5.6, when weight and temperature parameters are 0.5 and 0.4, respectively,

our method achieves the best results in segmentation tasks with 82.32% on DSC.

For the detection task, the best performance of our SSL-CPCD was obtained

when λ
′ = 0.5 and τ = 0.6. We explored the effect of the number of clusters

on cross-level grouping loss in Table 5.7, k = 2 got best performances on both

Table 5.5: Ablation study results for different loss functions on validation set

Loss Det. task Seg. task
function AP50 mAP DSC PPV
NCE 0.9527 0.9004 0.8883 0.9438
NCE+GCLD 0.9613 0.9062 0.8987 0.9569
NCE+GCLD+m 0.9697 0.9119 0.9037 0.9604
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Table 5.6: Effect of different hyper-parameter setting using validation set

Parameter settings AP50 DSC
λ

′
τ

0.1 0.2 0.9461 0.8897
0.25 0.2 0.9489 0.8917
0.5 0.2 0.9611 0.8968
1 0.2 0.9522 0.8903

0.1 0.4 0.9503 0.8940
0.25 0.4 0.9517 0.8987
0.5 0.4 0.9653 0.9037
1 0.4 0.9549 0.8962

0.1 0.6 0.9566 0.8863
0.25 0.6 0.9607 0.8907
0.5 0.6 0.9697 0.8935
1 0.6 0.9625 0.8886

Table 5.7: Hyper-parameter study for different number of clusters

No. of clusters AP50 DSC
k
2 0.9697 0.9037
3 0.9578 0.9015
4 0.9618 0.8999
5 0.9601 0.8957
7 0.9627 0.9004
10 0.9609 0.8986

segmentation and detection tasks.

Limited data settings: For detection task (Table 5.8) under all data settings,

our method outperforms all other approaches with 2%-3% improvements. Finally,

for the segmentation downstream task (Table 5.9) where two fully supervised

models are used residual U-Net (Res-UNet[184]) and polyp segmentation with

pyramid vision transformers (Polyp-PVT[106]), our method surpassed Res-UNet

with only 50% data (nearly 2%) and Polyp-PVT trained on 50% data was achieved

by only 20% using our approach. Also, it is evident that the supervised method

(Res-UNet) dropped DSC score from 0.78 (on 100%) to 0.69 (on 10%), a drop

of 9%, while our approach only dropped by 5%. A similar drop was observed

for Polyp-PVT (7% compared to only 5%).
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Table 5.8: Comparision with SOTA methods for different percentages of training samples
for fine-tuning in detection as a downstream task. ResNet50 is taken as baseline for all
cases.

Method % training
samples mAP AP25 AP50 AP75 P-values

100 0.8637±0.101 0.9377 0.8965 0.6973 6.150e-03
RetinaNet [65] 50 0.8321±0.123 0.9051 0.8709 0.6779 1.479e-05

20 0.8207±0.095 0.8778 0.8587 0.6583 3.290e-04
10 0.8093±0.117 0.8599 0.8327 0.6467 3.157e-06
100 0.8612±0.078 0.9403 0.8931 0.6929 2.707e-02

PIRL [120] 50 0.8455±0.081 0.9194 0.8793 0.6799 9.670e-05
20 0.8260±0.087 0.8817 0.8571 0.6642 4.551e-04
10 0.8135±0.082 0.8627 0.8369 0.6498 7.619e-05
100 0.8649±0.077 0.9431 0.9027 0.7042 5.694e-03

PIRL+PLD [170] 50 0.8398±0.069 0.9156 0.8769 0.6826 1.191e-03
20 0.8261±0.072 0.8942 0.8551 0.6717 2.233e-02
10 0.8172±0.079 0.8653 0.8390 0.6521 8.582e-03
100 0.8709±0.070 0.9421 0.9192 0.7107 -

SSL-CPCD 50 0.8587±0.059 0.9229 0.8917 0.7027 -
(ours) 20 0.8439±0.075 0.9060 0.8764 0.6793 -

10 0.8307±0.077 0.8966 0.8671 0.6762 -

Comparison with other larger models: Compared with the baseline results,

our method improved ≈ 2% in detection and ≈ 3% in segmentation. (Table 5.10)

5.2.2.5 Qualitative Analysis

For the polyp detection task (Fig. 5.1), it can be seen that baseline and other SSL

methods cannot accurately locate the polyp’s spatial location. Most methods have

enlarged boundaries and even multiple bounding boxes, especially for the second

and fourth examples in the figure. However, our SSL-CPCD approach can locate the

polyp position more accurately, and the bounding boxes are closer to ground truth.

In the polyp segmentation task (Fig. 5.2), the baseline method incorrectly

identifies non-polyp regions as polyps and over or under-segments the area. Although

other SSL methods did not misidentify the polyp region, they only segmented

part of the polyp. SSL-CPCD can segment polyps more accurately, similar to

ground truth labels. Our proposed SSL-CPCD maintains the best segmentation

results in all examples.
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Table 5.9: Comparision with SOTA methods for different percentages of training samples
for fine-tuning in segmentation as a downstream task. ResNet50 is taken as a baseline for
all cases.

Method % training
samples DSC F2 Recall PPV P-values

100 0.7867±0.074 0.7667 0.7723 0.9139 1.670e-04
Res-UNet [184] 50 0.7423±0.063 0.7341 0.7369 0.7579 2.511e-03
(Supervised) 20 0.7167±0.077 0.7062 0.7098 0.6809 9.621e-06

10 0.6949±0.080 0.6897 0.6907 0.6706 5.825e-06
100 0.9067±0.042 0.8832 0.8897 0.9663 3.238e-02

Polyp-PVT [106] 50 0.8621±0.053 0.8487 0.8479 0.9409 1.181e-02
(Supervised) 20 0.8539±0.059 0.8376 0.8301 0.9241 6.489e-03

10 0.8346±0.057 0.8192 0.8221 0.9103 4.670e-05
PIRL [120] 100 0.7906±0.069 0.7842 0.7946 0.9135 7.502e-03
with Res-UNet 50 0.7589±0.072 0.7433 0.7476 0.8772 9.017e-05
(SSL) 20 0.7418±0.078 0.7306 0.7411 0.8591 1.109e-06

10 0.7273±0.086 0.7139 0.7186 0.8267 8.940e-08
PIRL [120] 100 0.8997±0.051 0.8781 0.8792 0.9580 2.209e-03
with Polyp-PVT 50 0.8660±0.045 0.8465 0.8518 0.9433 4.091e-05
(SSL) 20 0.8541±0.059 0.8329 0.8396 0.9387 4.672e-04

10 0.8302±0.060 0.8201 0.8254 0.9312 2.063e-07
PIRL+PLD [170] 100 0.8069±0.058 0.7913 0.8093 0.9189 5.519e-03
with Res-UNet 50 0.7749±0.053 0.7623 0.7646 0.8855 3.431e-07
(SSL) 20 0.7495±0.067 0.7541 0.7372 0.8661 7.073e-06

10 0.7371±0.069 0.7230 0.7287 0.8415 2.901e-05
PIRL+PLD [170] 100 0.9083±0.049 0.8862 0.9007 0.9624 1.720e-03
with Polyp-PVT 50 0.8691±0.052 0.8513 0.8577 0.9475 2.098e-02
(SSL) 20 0.8571±0.055 0.8381 0.8431 0.9406 7.574e-03

10 0.8399±0.063 0.8279 0.8316 0.9344 6.605e-05
SSL-CPCD 100 0.8173±0.047 0.8032 0.8104 0.9218 -
with Res-UNet 50 0.8063±0.044 0.7867 0.7903 0.8867 -
(ours) 20 0.7749±0.050 0.7647 0.7727 0.8803 -

10 0.7657±0.058 0.7562 0.7597 0.8747 -
SSL-CPCD 100 0.9131±0.039 0.8960 0.9041 0.9693 -
with Polyp-PVT 50 0.8793±0.037 0.8702 0.8833 0.9567 -
(ours) 20 0.8697±0.040 0.8499 0.8669 0.9508 -

10 0.8542±0.047 0.8407 0.8486 0.9387 -

5.2.3 Contribution and conclusion

Likewise, we reported the highest values of 88.62%, 94.69%, and 92.27% for mAP,

AP25, and AP50 on Kvasir-SEG in the polyp detection task (see Table 5.2).

Furthermore, we report the best DSC, recall and PPV for the polyp segmentation

task on the Kvasir-SEG dataset (see Table Table 5.3). Furthermore, SSL-CPCD on

the generalisability assessment achieving the highest DSC of 67.93% (see Table 5.4).
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Table 5.10: Comparison with larger baseline backbones for classification, detection, and
segmentation tasks.

Method Parameters AP50 DSC
EfficientNet-v2 [178] (Baseline) 24M 0.9090 0.7957
EfficientNet-v2 [178] (+ SSL-CPCD) 24M 0.9221 0.8277
EfficientNet-B6 [179] (Baseline) 43M 0.9028 0.7911
EfficientNet-B6 [179] (+ SSL-CPCD) 43M 0.9207 0.8203
ResNet101 [35] (Baseline) 44.5M 0.8993 0.7890
ResNet101 [35] (+ SSL-CPCD) 44.5M 0.9198 0.8149
ResNet152 [35] (Baseline) 60.2M 0.9047 0.7938
ResNet152 [35] (+ SSL-CPCD) 60.2M 0.9214 0.8229
SENet-154 [180] (Baseline) 440M 0.9138 0.8016
SENet-154 [180] (+ SSL-CPCD) 440M 0.9343 0.8353

Figure 5.1: Qualitative comparison of our proposed self-supervised approach with other
state-of-the-art methods for polyp detection tasks.

From Fig. 5.2, it is clear that the boundary margins are improved using SSL

methods compared to fully supervised methods. This demonstrates that the SSL

leverages unlabeled data during pretext learning, encouraging the model to capture

semantically meaningful information and robust features from data that is then

transferred to the downstream image segmentation task, improving the precision

of segmentation boundaries.

P-values from paired t-tests in Table 5.2 and Table 5.3 show significantly different

with other methods. It can also be observed that the standard deviation provided
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Figure 5.2: Qualitative comparison of our proposed self-supervised approach with other
state-of-the-art methods for polyp segmentation task.

for main metrics in detection (mAP, Table 5.2) and segmentation (DSC, Table 5.3)

is smaller compared to all other methods.

The inevitable camera motion blur as well as lighting artefacts will have an

impact on the method. For the detection task in Figure 5.3 (b) one can observe

an image in an oblique view that confuses the model and another image with a

flat polyp being missed due to specularity surrounding it. A similar under and

over-segmentation can be seen for the semantic segmentation task in Figure 5.3 (c).

A similar trend can be observed for detection (Table 5.8) and segmentation

(Table 5.9) where nearly 50% labelled data are required by fully supervised methods

to reach the performance of SSL-CPCD provided by only 10% of samples. In

addition, hidden test centre data (not provided in training) was used to measure

the efficacy and robustness of all SSL methods. Similarly with UC classification

task, we used a heuristic approach on all SSL approaches to understand the effect

of cluster size k ( Table 5.7) and the various other hyperparameters (Table 5.6)

in polyp detection and segmentation tasks. The performance of k is slightly

different for different cluster sizes.
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Figure 5.3: Limitations of our proposed approach in polyp detection and segmentation
tasks.

Our experiments demonstrate that the proposed SSL-CPCD approach outper-

forms other state-of-the-art self-supervised methods on downstream tasks such

as polyp detection and segmentation. The SSL-CPCD framework is able to

learn more robust and transferable feature representations from unlabelled data,

significantly enhancing the generalisation capacity of the model across different

tasks. However, this preliminary investigation also revealed several unmet challenges.

Specifically, unavoidable issues such as camera-induced motion blur and illumination

artefacts are frequently encountered in real-world video-based polyp segmentation,

which are not sufficiently addressed by existing self-supervised methods. These

findings motivate the subsequent sections of this chapter, where we propose a

more dedicated framework to explicitly account for temporal consistency and visual

degradation in video endoscopy, thereby addressing the limitations observed in

our earlier experiments.
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5.3. End-to-end self-supervised and temporal self-attention with feature branching

for real-time video polyp segmentation

5.3 End-to-end self-supervised and temporal self-
attention with feature branching for real-time
video polyp segmentation

5.3.1 Introduction

Colorectal cancer (CRC) is the third most common cancer worldwide [185]. Early

screening and removal of precancerous lesions (colorectal adenomas) can be effective

in preventing the development of colorectal cancer and improving survival rates

for CRC patients. Evaluation of polyps is an important step in cancer prevention.

Several studies [186] provide evidence that survival rates for patients with stage

IV and V CRC are reduced by 35% compared to stage I. Colonoscopy has been

widely used in clinical practice as the gold standard for CRC screening. During

a colonoscopy, an endoscopist confirms the location of rectal polyps and assesses

their visual appearance. A comprehensive visual assessment of polyps could

eventually reduce the need for unnecessary biopsies, hence reducing the workload

for pathologists and impacting the wider patient pathway. However, endoscopy is

highly operator-dependent, and many polyps are missed during screening. Computer-

assisted approaches are needed to improve diagnostic quality. Here, the accurate

segmentation of polyps in real-time is a critical step. Polyps are visually very similar

to their surrounding mucosa, and the low contrast affects the effectiveness of most

segmentation algorithms. Constant camera motion and artefacts make this task even

more challenging. Effective segmentation methods must compensate for motion blur,

changes in illumination, occlusion, and specular reflections. While most methods

are built upon image-based segmentation techniques [104–106], in the real world,

the nature of the colonoscopic procedure is video. Hence, it is crucial to develop

real-time video polyp segmentation that leverages the samples from previous frames,

tackling false positives. Effectively, this can also improve the robustness of methods

when the polyps are occluded or covered with artefacts such as stool. To this end,

only a few methods have developed real-time video segmentation. However, this

method suffers from generalisability and limits its performance as they are solely
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SSL loss BCE loss

Encoder: Self-supervised auxiliary task
learning (SSL) for improved representation

Global-to-local feature learning with branched features

joint-loss minimisation,

Global
encoder

Decoder

Local
encoder

NS
Block

NS
Block

NS
Block

Patches

Concat

: Query features

tim
e-

st
ep

,

Ground truth
Predictions

: low-level features
: high-level features

: local encoder features

an
ch

or
fra

m
e

se
ar

ch
w

in
do

w
in

tim
e-

st
ep

,

Notations

: global encoder features
: high-level feature partitions

: Key features
: Value features : ConcatenationConcat

Figure 5.4: Proposed network: Our network consists of three parts: a) Global and
local encoders trained with a self-supervision loss comprising Jigsaw-puzzle sampling.
b) High-level global and local features branch from both encoders and pass through
a normalised self-attention block [116], enabling global-to-local feature learning. c) A
decoder layer that fuses the self-attention high-level feature maps from NS blocks and the
low-level features from the local encoder for final mask prediction.

based on fully supervised learning. Self-supervised learning (SSL) methods [187]

have proven to be efficient ways of learning representations by minimising the

dissimilarity between the samples. However, the question we have asked is - could

we leverage the representation learning as an auxiliary task and incorporate the

learnt representations to strengthen the supervised approach? Our work builds

upon [117] but incorporates several novel ideas that include - the exploitation of

the semantic meaning of frames using an SSL loss within the learning framework,

and additionally, we exploit the sub-branching of the feature representations.

In this work, we propose a novel end-to-end self-supervised and normalised

self-attention blocks [116] with optimal configurations and feature branching adher-

ing to real-time performance, namely SSTFB network, demonstrating significant

improvement over all state-of-the-art (SOTA) methods. Our contributions in this

work can be summarised as:

• We propose a self-supervised learning scheme as an auxiliary task in an
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Figure 5.5: Normalised self-attention block used in our proposed network.

end-to-end framework to boost feature representations.

• We use feature branching and concatenation techniques for learning separately

semantically meaningful features.

• We exploit the spatial-temporal relationship of the features by normalised

self-attention blocks with feature aggregation and relevance measurement.

• We show optimal choices of normalised self-attention blocks for global-to-local

feature learning without impacting real-time performance.

• We compare on both seen and unseen video datasets with several SOTA

methods where our method outperforms them by a larger margin.

5.3.2 Methodology

We introduce a joint framework of self-supervised pretext learning and supervised

semantic segmentation in video polyp segmentation (Figure 5.4). Our proposed

self-supervised auxiliary loss enhances feature representations further in the selected

A holistic deep learning framework for endoscopy



5. Computer-aided colorectal polyp segmentation and detection 111

stream of video samples. Similarly, our supervised self-attention blocks with feature

branching mechanism strengthen learning of salient features responsible for polyp

segmentation. The entire framework is trained in an end-to-end fashion and

does not increase network size making it computationally efficient. Below we

describe each blocks separately:

5.3.2.1 Encoder self-supervision

We use a pretext-invariant representation learning (PIRL) [120] that uses a Jigsaw

puzzle [127] as a pretext task for representation learning. The encoder is fed

with the frame sequence (∆ = 5), which is then also used to create patches and

shuffled for our auxiliary self-supervised learning (SSL) task. We integrate this

task within our proposed segmentation framework. The idea here is to leverage the

learnt representations from the SSL towards faster learning and stronger feature

representations in our main segmentation task. We do this by jointly minimising

the SSL loss and the loss oriented towards our main segmentation task in an

end-to-end fashion.

The limitation of SSL is that if training samples are similar, the negative

examples used in the NCE loss are more likely to be composed of highly similar

instances, especially in our case as we are taking five consecutive frames. Thus,

the grouping strategy as shown in our previous work [170] can help mitigate such

limitations. A more detailed description of this strategy and its implementation

is provided in Section 4.2.2. The idea of patch-level instance group discriminator

(PLD) loss [170] is using cross-entropy loss to compute cosine similarity between

normalised embedding of images r̄(.) with the centroid of the patch embedding

rt(.) in a cluster, and normalised embedding of patches r̄t(.) with the centroid of

the image embedding in a specific cluster. k-means clustering is used to group the

feature vectors and compute the cluster centroids for each image embedding Ck

and patch embedding PCk where k is the number of classes. An encoder with free

parameters θ is used to incarnate representation ϕθ(.). By assuming the group in
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the patch-level cluster is the same as the group in the image-level for that particular

class, therefore the PLD loss is defined as:

LPLD(I, It) = 0.5
∑
∀k
h(r̄(ϕθ(I)), PCk)

+0.5
∑
∀k
h(r̄t(ϕθ(It)), Ck).

(5.1)

5.3.2.2 Normalised self-attention block

A normalised self-attention block as proposed in PNSNet [116] is used. However,

unlike [116] we use the feature branches as input to the NS-block, i.e. each NS-block

receives input x ∈ RT×H/2×W/2×C with temporal frames T , height H, width W , and

channel C (See Fig. 5.5). Three linear embedding functions θ(.), ϕ(.), and ψ(.) are

used to generate corresponding attention features using a 1 × 1 × 1 convolutional

layer corresponding to query Q, key K and value V . Each attention feature is

then divided into N groups, and the query features are further normalised for

internal covariance shift compensation by utilising layer normalisation. Thus, the

set now can be represented as {Q̂i, Ki, Vi} ∈ RT×H/2×W/2×C/N with i = {1, .., N}.

Similar to [116], we used a query-dependent rule where each query pixel xq of Q̂i

we require to find corresponding key Ki in a constrained neighbouring window of

kernel size k and dilation rate di = 2i − 1 using a sampling function Fs. Finally,

an affinity matrix Ai ∈ RTHW/4×T (2k+1)2 is computed as:

Ai = Softmax(Q̂iFs < xq, Ki >
T√

C/N
. (5.2)

For xa ∈ Ai we compute inner product with the value Vi utilising the similar

approach as done above with sampling function Fs and neighbouring window

resulting in a spatial-temporal aggregation matrix, STi = AiFs < xa, Vi >. Finally,

a soft-attention is applied to get the final output of the block by concatenating

group features along the channel and taking maximum value along these channels

for both Ai and STi .
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5.3.2.3 Global-to-local feature learning

Our proposed global-to-local feature learning is unique. Here, we use three NS-

blocks exploiting both feature branches from the global encoder for anchor frame

Ia and temporal feature information It+∆ from the local encoder. The global

encoder produces features for Ia extracted from conv4_6 layer of Res2Net-50[188].

Features extracted for the local encoder for consecutive frames It+∆ is extracted

from conv3_4 and conv4_6 which are indicated as low-level (.)l and high-level (.)h
features, respectively. Order of feature maps in the branches of high-level features

remains the same while entering to two first NS-blocks, i.e., the top feature branch

from global encoder xgh1 and the top feature branch from local encoders xlh1 entering

the first NS-block while xgh2 and xlh2 are fed to the second NS-block. For arbitrary

temporal distance ∆, the first two NS-blocks model the long-term relationship,

as {xh1
l ,xh2

l } ∈ R∆×H/2×W/2×C . Anchor features are taken as query entries while

xh1
l and xh2

l are taken as key and value features. As discussed in Section 5.3.2.2,

NS-block creates a spatial-temporal aggregation and pixel-wise similarities between

query and key within a neighbour window such that high-level short-term features

are exploited. Finally, we use an element-wise addition of features as a residual

operation in both NS-blocks, giving yg−l
h1 and yg−l

h2 , respectively. We then concatenate

both features from the NS blocks, which is then passed to a third NS block that

further enhances the features to propagate into a local neighbourhood, boosting

more local representations and two residual connections to avoid the vanishing

gradient problem. It can be observed that for yg−l
h , both local and global features are

pronounced after performing these operations and hold spatial-temporal information.

5.3.2.4 Decoder

Learned features from the global-to-local feature block that consists of the high-level

spatial-temporal features yg−l
h together with the low-level features from the local

encoder for time frame t represented as xll is fed to a two-stage UNet-like decoder

D estimating predictions Pt. These predictions are compared with ground truth

using widely used binary cross-entropy LBCE.
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5.3.2.5 Joint-loss optimisation (end-to-end framework)

Our novel approach includes joint-loss optimisation for both auxiliary tasks, i.e.,

self-supervised pretext learning (SSL) and the main fully supervised segmentation

task, i.e., segmentation in an end-to-end fashion. The SSL loss LSSL is given by

combining the noise contrastive loss (LNCE) and the patch-level group discrimination

loss (LPLD) described in Section 5.3.2.1. Our experiments suggests equal weighting

of these two losses thus the final SSL loss can be represented as:

LSSL = 0.5 × LNCE + 0.5 × LPLD (5.3)

For the segmentation task, we utilise predicted segmentation mask Pt and ground-

truth mask Gt at the same time frame t to minimise a binary cross-entropy (BCE)

loss formulated as:

LBCE = −
∑

(Gt log(Pt) + (1 −Gt) log(1 − Pt)) (5.4)

Thus, the joint-loss Ljoint is minimised by a combination of SSL loss and

segmentation loss. Thus, the final loss with λ as weighting factor, Ljoint is given by:

Ljoint = λLBCE + (1 − λ)LSSL (5.5)

In our experiments we empirically set λ = 0.5 for the joint loss.

5.3.3 Experimental setup
5.3.3.1 Datasets and Comparison models

Experiments were conducted on two widely used video polyp segmentation datasets:

CVC-612 [173] and SUN-SEG [183]. SUN-SEG is a large colonoscopy video database

from Showa University and Nagoya University. The dataset comprises 49,136 polyp

frames extracted from 100 polyp videos and the corresponding masks. We split

40% of SUN-SEG data for training and the rest of the data for testing. The

test data are divided into SUN-SEG-Easy (seen & unseen) and SUN-SEG-Hard

(seen & unseen) according to the polyp pathology’s difficulty level. Seen indicates

that the testing samples are from the same case in the training set, whereas the
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unseen denotes that samples do not exist in the training set. We compare our

approach with ten most recent polyp segmentation methods: PraNet [105], Polyp-

PVT [106], SANet [189], PNSNet [116], TGANet [190], PNS+ [117], CFANet [113],

ICBNet [119], PVT-CASCADE [107] and CTNet [108].

5.3.3.2 Evaluation metrics

Two conventional metrics, mean Dice Similarity Coefficient (mDice = 2TP
2TP+FP+FN )

and mean Intersection over Union (mIoU = TP
TP+FP+FN ) to measure the similarity

and overlap between predictions and ground truth are used. Here, TP is true

positives, FP is false positives, and FN refers to the false negatives.

In addition, we have also included the S-measure, which is the weighted (α)

metric between the object-aware structural similarity measure (So) and region-aware

structural similarity measure (Sr) [191] (Sα = α× So(P,G) + (1 − α) × Sr(P,G)).

Here, P is prediction, G is ground true, and α is set to 0.5.

A weighted F-measure which corrects for “Equal-importance flaws” in Dice is also

used [192, 193] (Fw
β = (1+β2)×precisionw ×recallw/(β2 × (precisionw +recallw)).

Here, precison = TP
TP+FP , recall = TP

TP+FN , and β2 = 0.3.

Another metric referred to as an enhanced-alignment measure which is suitable

for assessing heterogeneous location and shape of polyps in colonoscopy [117] is

also used (Eϕ = (1/(W × H))∑W
x=0

∑H
y=0 ϕ(P (x, y), G(x, y)), W : width of G, H:

height of G, ϕ: enhanced alignment matrix) [194].

5.3.3.3 Implementation details

We train our SSTFB network using the PyTorch framework on a server deployed

with NVIDIA Quadro RTX 6000 graphics cards. All input images were resized

to 256 × 448 pixels, and batch size was set to 24. The first video clip frame was

chosen as an anchor and randomly sampled five consecutive frames as neighbouring

frames (∆ = 5). Throughout the model training process, we set the initial learning

rate and weight decay of the Adam optimiser to 3e−4 and 1e−4, respectively. The

number of stacked normalised self-attention blocks is set as R = 3, the kernel size

k = 3, and the number of attention groups to N = 4 with dilation rate of {3, 4, 3, 4}
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for the first two NS-blocks, and dilation rate of {1, 2, 1, 2} for the third NS-block.

For the SSL task, we use the patches from the entire sequence of images fed to the

Res2Net-50 model (pre-trained with ImageNet weights).

5.3.4 Results
5.3.4.1 Method comparisons

In this section, we assess the performance of our method on two seen test (held-out)

datasets (SUN-SEG-Easy(seen) & SUN-SEG-Hard(seen)) and comparison with

other SOTA methods.

Quantitative results

Quantitative results of SOTA methods and our proposed SSTFB are summarised

in Table 5.11. It can be observed from Table 5.11 that the performance of the

method developed for still polyp image segmentation (PraNet, Polyp-PVT, SANet,

TGANet, CFANet, PVT-CASCADE and CTNet) is lower than the video polyp

image segmentation method (PNSNet, PNS+ ,ICBNet and SSTFB(ours)) on both

SUN-SEG-Easy and SUN-SEG-Hard datasets. Specifically, our proposed SSTFB

reaches 0.911 on mDice, 0.856 on mIoU, Sα on 0.935, Eϕ on 0.968 and Fw
β on

0.871 achieving performance improvements of 9.9%, 11.9%, 7.8%, 7.4% and 12.8%

respectively compared with the polyp segmentation benchmark work (PraNet).

SSTFB also achieves 4.4% and 4.9% increase of mDice and mIoU on SUN-SEG-

Easy(seen) when contrasted with the recent SOTA method (CTNet). Simultaneously,

our method still has a mDice improvement of about 3% for the most recent SOTA

polyp video segmentation model PNS+. On the SUN-SEG-Hard(seen) dataset,

SSTFB presents mDice of 0.881 and mIoU of 0.813, which shows an over 8%

performance improvement compared with PraNet and 2.6% improvement compared

with PNS+.

Table 5.13 shows SSTFB can run at extremely high inference speeds (126fps).

Our proposed SSTFB significantly outperforms all other SOTA models on all

metrics with real-time performance. This shows that our model has a stronger
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Table 5.11: Quantitative results on seen
test datasets
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Table 5.12: Quantitative results on un-
seen test datasets
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learning ability and can effectively learn semantically meaningful features for polyp

segmentation.

Table 5.13: Trainable parameters and frames-per-second (FPS)

Method Trainable parameters FPS
PraNet 39.2M 97fps
Polyp-PVT 125.6M 66fps
SANet 45.1M 72fps
TGANet 42.3M 85fps
PNSNet 29.7M 135fps
PNS+ 26.8M 140fps
CFANet 25.2M 86fps
ICBNet 62.1M 71fps
PVT-CASCADE 134.5M 62fps
CTNet 168.9M 57fps
SSTFB (ours) 33.4M 126fps

5.3.4.2 Generalization

For the generalisability study, we have trained our method and other SOTA methods

on the SUN-SEG dataset and experimented on two new unseen and one out-of-centre

polyp video datasets, namely, SUN-SEG-Easy(unseen), SUN-SEG-Hard(unseen)

and CVC-612.

Generalizability results on unseen datasets

As can be seen from Table 5.12, our method is consistently superior to all SOTA

methods on SUN-SEG-Easy(unseen) dataset(e.g., nearly 5%-10% higher value

on mDice and other metrics compared to PraNet, Polyp-PVT, SANet, TGANet,

CFANet, ICBNet, PVT-CASCADE and CTNet). Compared to SOTA video polyp

segmentation methods (PNS+), our approach still shows over 3% improvement

in mDice, mIou and Sα. Especially in SUN-SEG-Hard(unseen) dataset, SSTFB

still maintains competitive performance of 0.767, 0.673, 0.822, 0.843 and 0.728 on

mDice, mIoU, Sα, Eϕ and Fw
β , respectively. The performance of most methods drops

sharply while our method retains its performance with performance improvement

even over 10% compared to most SOTA methods.
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Table 5.14: Quantitative results on out-of-centre test dataset

Method Publication CVC-612
mDice mIoU Sα Eϕ Fw

β

PraNet [105] MICCAI20 0.817 0.733 0.856 0.885 0.752
Polyp-PVT [106] MICCAI21 0.826 0.744 0.861 0.891 0.769
SANet [189] MICCAI21 0.819 0.738 0.849 0.889 0.763
TGANet [190] MICCAI22 0.832 0.751 0.879 0.896 0.775
PNSNet [116] MICCAI21 0.822 0.739 0.857 0.883 0.752
PNS+ [117] MIR22 0.841 0.763 0.882 0.907 0.793
CFANet [113] PR23 0.82 0.734 0.855 0.886 0.771
ICBNet [119] BIBM23 0.835 0.755 0.871 0.889 0.767
PVT-CASCADE [107] WACV23 0.837 0.76 0.878 0.899 0.772
CTNet [108] IEEE TOC24 0.844 0.771 0.889 0.905 0.796
SSTFB Ours24 0.862 0.786 0.893 0.923 0.814

Table 5.15: Ablation experiments of SSTFB on different datasets

Type Easy(seen) Hard(seen) Easy(unseen) Hard(unseen) CVC-612
mDice Sα mDice Sα mDice Sα mDice Sα mDice Sα

3NS-block w/o SSL 0.931 0.937 0.895 0.913 0.822 0.874 0.791 0.839 0.877 0.919
3NS-block + SSL w/o e2e 0.936 0.947 0.897 0.921 0.816 0.871 0.806 0.854 0.885 0.927
3NS-block + SSL in e2e 0.943 0.950 0.902 0.929 0.829 0.878 0.815 0.866 0.903 0.931
3NS-block + SSL in e2e+b 0.959 0.962 0.925 0.938 0.841 0.899 0.827 0.871 0.911 0.942

Generalizability results on out-of-centre datasets

We also evaluated our method against out-of-centre data in Table 5.14 where we can

observe that our proposed method achieves a mDice of 0.862, mIoU of 0.786, Sα of

0.893, Eϕ of 0.923 and Fw
β of 0.814, respectively. Compared to PraNet and PNS+,

our approach exhibits over 4% and 2% enhancement in mDice. Overall, the proposed

SSTFB achieves superior performance compared to all other SOTA methods.

Table 5.16: Ablation with different NS-blocks in SSTFB

Type Easy(seen) Hard(seen) Easy(unseen) Hard(unseen) CVC-612
mDice Sα mDice Sα mDice Sα mDice Sα mDice Sα

2 NS-blocks 0.944 0.950 0.909 0.921 0.836 0.885 0.816 0.857 0.899 0.932
3 NS-blocks (ours) 0.959 0.962 0.925 0.938 0.841 0.899 0.827 0.871 0.911 0.942
4 NS-blocks 0.951 0.957 0.916 0.929 0.832 0.881 0.820 0.864 0.906 0.937

Table 5.17: Paired t-test on different datasets. p-values (cutoff at ≥ 0.05) demonstrates
significant difference between SSTFB and other methods.

comparison Easy(seen) Hard(seen) Easy(unseen) Hard(unseen) CVC-612
p-value p-value p-value p-value p-value

SSTFB & PraNet 9.71E-14 8.03E-09 0.036 0.0195 0.0327
SSTFB & Polyp-PVT 7.59E-19 2.17E-10 0.0148 0.0096 0.0219
SSTFB & PNS+ 3.91E-56 6.46E-11 0.0077 0.00042 0.0092
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5.3. End-to-end self-supervised and temporal self-attention with feature branching

for real-time video polyp segmentation

5.3.4.3 Ablation Study

We have conducted an extensive ablation study on five different datasets (SUN-SEG-

Easy(seen), SUN-SEG-Hard(seen), SUN-SEG-Easy(unseen), SUN-SEG-Hard(unseen),

and CVC-612) to evaluate the effectiveness of our proposed method. First, we

ablate the impact of SSL block and feature branching. Moreover, we will conduct

an extended ablation experiment to further evaluate our approach’s performance

under different NS-Blocks settings.

Effectiveness of SSL block: The external SSL block that uses SSL pre-training

and the built-in SSL block in our end-to-end model are tested separately. From

Table 5.15, we can observe that the end-to-end (e2e) model with built-in SSL

block achieves 0.7%, 0.5%, 1.3%, 0.9% and 1.8% of mDice improvement on five

datasets. Meanwhile, the e2e model is also better than the external model (about 1%

improvement) in Sα. This performance improvement shows that the joint training

of the entire model through the end-to-end SSL block training can help the model

learn to capture semantically meaningful polyp features.

Effectiveness of feature branching: In Table 5.15, the last row in the table

represents the method’s performance after using feature branching (SSL+e2e+b).

Compared with other methods that are without feature branching, reported results

have a significant performance improvement. Specifically, removal of feature

branching shows a decrease in mice by 1.6%, 2.3%, 1.2%, 1.2% and 0.8% and

reductions in Sα by 1.2%, 0.9%, 2.1%, 0.5% and 1.1% for SEG-Easy(seen), SUN-

SEG-Hard(seen), SEG-Easy(unseen), SUN-SEG-Hard(unseen) and CVC-612. The

results show that synthesising aggregated features by branching global and local

features and input into soft attention blocks separately improves performance.

Choice of NS-block: The choice of the number of NS blocks with feature

branching and fusion was also tested with our experiments demonstrating the current

configuration to be the most optimal (See Table 5.16). As shown in Table 5.16, our

method with three NS-blocks settings demonstrates superior performance, which has

approximately a 1.5% increase in both mDice and Sα on all datasets. The model’s

performance with four NS-blocks is slightly higher than with the two NS-blocks
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setting.
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Figure 5.6: Qualitative results: Easy samples from SUN-SEG-Easy (unseen).
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5.3. End-to-end self-supervised and temporal self-attention with feature branching

for real-time video polyp segmentation

5.3.4.4 Qualitative results

Fig. 5.6 and Fig. 5.7 demonstrate the effectiveness of our approach and competing

networks for the video polyp segmentation on SUN-SEG and CVC-612 datasets.

It can be observed that methods designed based on the video polyp segmentation

task (SSTFB (Ours) and PNS+) show more obvious performances compared with

methods applied to still polyp segmentation (PraNet and TGANet). Specifically, our

proposed method demonstrates superior performance with sharper boundaries when

dealing with multi-scale polyp segmentation and outperforms competing networks

on various challenging video polyp segmentation tasks. For example, in the first

to third columns of Fig. 5.6, competing methods vaguely locate polyps to a large

extent, while SSTFB can accurately locate polyps. In the SUN-SEG-Hard part of

Fig. 5.7, most competing methods cannot accurately distinguish polyps from similar

environments, which results in blurred edges of predicted polyps. Our method can

cope with background interference and produce accurate edge information. Bubbles

on the lens will also affect the judgment of the method to a certain extent. In

the last row of the CVC-612 part of Fig. 5.7, the competing method was affected

by the bubbles and incorrectly judged the location of the polyp. Nonetheless, our

method can still ignore the effect of bubbles and provide accurate segmentation

results. The proposed SSTFB demonstrates a competitive advantage over other

state-of-the-art networks in video polyp segmentation tasks.

5.3.5 Discussion

Due to the similar environment of the internal structure of the intestine, frequent

movement of the endoscope, and lighting issues, there are inevitable problems

with similar disease areas to the intestinal wall in endoscopy videos, artefacts,

saturation, and motion camera blur. Some images with lower scores are presented

in Fig. 5.8. For example, in the first and third rows, the method is affected

by flares and pixel saturation and incorrectly determines the polyp area. In

addition, air bubbles (second row) and surgical instruments (fourth row) also

cause false positive segmentation results. Additionally, the third row is affected
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Figure 5.7: Qualitative results: Hard samples from SUN-SEG-Hard (unseen, top rows),
and samples from unseen data centre CVC-612 (bottom rows).

by various colour artefacts (chromatic aberration) due to sudden motion changes

or reflection. In these cases, a depressed region with such chromatic aberration is

determined falsely as polyps. Mitigating data bias due to such variability as the

causal effect in video data is important and can be tackled by video-based polyp

segmentation only to some extent (Fig. 5.6 and Fig. 5.7), but it still outputs some

false positives (Fig. 5.8). Compared to other methodologies developed based on

static polyp images, approaches incorporating normalised self-attention blocks and

a global-to-local learning strategy can more accurately segment polyp positions and

contour information by leveraging both long-term and short-term spatial-temporal

cues. Furthermore, integrating embedded SSL and sub-branching mechanisms

can further learn meaningful representations and enhance the feature-separation
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5.3. End-to-end self-supervised and temporal self-attention with feature branching

for real-time video polyp segmentation

Frame GT SSTFB (Ours)

Figure 5.8: Limitations of our proposed approach, including bubbles, instruments, and
imaging artefacts such as specularity and pixel saturation.

capability of the normalised self-attention blocks. SSTFB has demonstrated superior

segmentation results within both SUN-SEG-Easy(Fig. 5.6), SUN-SEG-Hard and

CVC-612(Fig. 5.7) datasets.

Furthermore, p-values from paired t-tests represent significant differences be-

tween SSTFB and other approaches. It can be observed from Table 5.17 that our

approach provided p-value ≤ 0.05 (significantly different) compared with PraNet,

Polyp-PVT and PNS+ in all five different datasets. Our network ablation on

utilising an optimal number of NS blocks (Fig. 5.16) also demonstrates that the

chosen architecture is best suited for video polyp segmentation in contrast to

other works previously published.

Similarly, end-to-end learning of the video polyp segmentation, jointly fine-

tuned with learned feature representation, SSL, and feature branching step, thereby

segregating high-level and low-level features and their components, made the network

robust to seen, unseen and out-of-distribution datasets (Table 5.15). It can be
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observed that performing self-supervised learning (pretext task for representation

learning) does improve the result, but using the proposed combination in an end-to-

end fashion favours learning. This also lowers the bottleneck of computational time

requirement during training and provides more useful feature learning. As evident

from our experiments, the proposed SSTFB has real-time performance (126FPS,

Table 5.13) with accuracies higher than all SOTA methods for polyp segmentation

in the literature on SUN-SEG easy and hard samples. The improvement on seen

(Table 5.11) and unseen (Table 5.12) samples ranges from nearly 10% (PraNet)

up to nearly 3% (PNS+) on mDice metric.

5.3.6 Conclusion

We proposed a novel end-to-end framework exploiting spatial-temporal information,

representation learning using self-supervision, and feature branching with normalised

self-attention blocks, namely SSTFB. We provided detailed ablation of various

network configurations that suggest that the proposed network outperforms existing

SOTA methods without hurting performance time. Compared to many methods

in SOTA that are trained and validated on single-frame endoscopy datasets, we

demonstrated that our approach outperformed these methods by a larger margin

and hence can be used for precise and real-time polyp segmentation in colonoscopy

videos that are usually of natural occurrences in clinical settings. The proposed

SSL block integration and the normalised self-attention block based on feature

branching presented in this chapter can be flexibly used in existing CNN-based

segmentation models. Our extensive experiments showed the superiority of our

method over all existing SOTA methods in all evaluation metrics, generalisability

assessment, and visual quantification.
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This thesis investigates and evaluates a variety of AI-based image analysis

methods, aiming to turn AI into an auxiliary tool for endoscopists to achieve

automatic and accurate endoscopy. This chapter provides a summary of the key

contributions of this thesis, examines the limitations of the present study, and

outlines possible avenues for future research.

6.1 Summary of Contributions

This thesis addresses several specific research questions in endoscopic surgery. The

following major contributions were made during the completion process:

• Chapter 1 of this thesis introduces the process of endoscopy and explains the

motivation for developing computer vision algorithms to assist endoscopists

in performing endoscopy.
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• Chapter 2 of this thesis presents the clinical background of endoscopy,

specifically addressing inflammatory bowel disease and polyps. In the technical

background, the existing image classification, detection and segmentation

methods are comprehensively reviewed, emphasizing the advantages of deep

learning in image analysis. Consequently, this underscores the importance of

advancing deep learning-based approaches for endoscopic applications.

• Chapter 3 of this thesis presents an image quality assessment system based

on artefact detection. The proposed artefact detection method is a model

scaling network based on a novel bounding box pruning approach. The

proposed pruning-based mechanism is a post-processing method that prunes

the bounding box by calculating the Bhattacharyya distance between the

pre-computed mean distribution of instances and the instance distribution

predicted by the model. Experimental results show that the proposed method

can effectively reduce the overlapping bounding boxes and retain bounding box

annotations that are closer to the ground truth. Based on artefact detection,

under the guidance of professional endoscopists, a quality score assessment is

developed to calculate the quality score of the entire image by setting different

weights for different regions, areas, and artefact types.

• Chapter 4 of this thesis first presents an end-to-end ulcerative colitis classifi-

cation method utilizing supervised learning. The proposed method employs

additive angular margin loss to enhance inter-class separation, significantly

boosting the classification performance. Due to data limitations, a novel

SSL-CPCD method is developed for learning semantically meaningful features

from unlabeled data, improving the performance of subsequent downstream

tasks such as ulcerative colitis classification. The proposed SSL-CPCD

method integrates a composite loss function to minimise the noise contrast

estimation loss across the target image-level and patch-level embedding while

incorporating an extra angular margin to the cosine similarity to intensify the
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penalization of the decision boundary. Comprehensive comparisons with state-

of-the-art methods and extended out-of-sample studies on multiple different

datasets demonstrate the superiority of the proposed method.

• Chapter 5 of this thesis first presents the performance of SSL-CPCD method

in polyp detection and segmentation. For the challenging problem of video

polyp segmentation, a novel end-to-end framework, SSTFB, utlizing self-

supervised and normalised self-attention blocks. These blocks are optimally

configured and incorporate feature branching to meet real-time performance

criteria. The self-supervised learning scheme serves as an auxiliary task within

end-to-end framework, enhancing the feature representation. Furthermore, the

normalised self-attention module employs feature aggregation and correlation

measurement to effectively harness the spatiotemporal relationships of features,

thereby enabling the learning of more meaningful features through feature

branching and concatenation techniques.

6.2 Limitations and directions for future work

Apart from the core contributions presented in this thesis, several other key tasks in

endoscopic vision remain under-explored and are addressed in the following sections.

These include enhancing image quality through artefact restoration, improving UC

grading by adopting more fine-grained clinical scoring systems, and quantifying

disease burden via 3D reconstruction of the intestinal mucosa. Each of these

directions is essential to further improve the clinical utility and robustness of AI-

assisted endoscopic systems, and represents a logical extension of our current work.

6.2.1 Image quality enhancement based on artefact restora-
tion

Chapter 3 presented an image quality assessment framework based on automatic

artefact detection. For video frames with low quality scores, restoring the detected

artefacts using image restoration techniques can effectively avoid artefacts from

obscuring the underlying tissue, better display the mucosal structure, lesions and
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other important features. This enhancement potentially reduces misdiagnosis rates,

even speeds up the diagnosis and shortens the duration of endoscopic examinations.

Furthermore, image quality plays a vital role in endoscopic surgery. For example,

in the case of polypectomy or biopsy, image restoration helps provide a clearer

view, helping endoscopists to accurately navigate and operate instruments, and

make more accurate real-time decisions, which is crucial for patient safety and

successful surgical outcomes.

Different image restoration strategies should be adopted for different types of

artefacts. For specular reflections and artefacts, which present as pixel missing

issues, Conditional Generative Adversarial Nets (CGAN) with l1 context loss and

generation loss can avoid the discontinuity retention term to prevent over-smoothing.

Saturation and low contrast problems are typically caused by illumination changes

and occupy a large image area. Substituting the l1 context loss in CGAN with l2

provides more effectively capture the deviation between normal lighting conditions

and saturated and low-contrast conditions. For motion blur, Generative LatEnt

bANk (GLEAN) based on StyleGAN, pre-trained and can efficiently restore high-

resolution clear images.

6.2.2 More comprehensive grading strategy for ulcerative
colitis

Chapter 4 presented the comprehensive study in ulcerative colitis grading task

utilizing the MES. In consultation with a dedicated endoscopist (Prof. Simon

Leedham), MES is often used for the initial evaluation of UC, while a more detailed

evaluation uses the Ulcerative Colitis Endoscopic Index of Severity (UCEIS). UCEIS

is designed to provide a more standardised and detailed assessment compared to MES.

UCEIS includes three specific variables: vascular pattern, bleeding, and erosions

and ulcers, each graded on a clearly defined scale. This granularity helps in reducing

inter-observer variability and increases the specificity of the assessment. UCEIS has

been shown to be highly sensitive to changes in the mucosal appearance, making it

particularly useful in clinical trials and for monitoring disease progression or response
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to treatment. MES divides UC severity into three levels, and UCEIS further refines

the classification and divides UC severity into 4 strata and 9 levels: remission

(UCEIS 0–1); mild (UCEIS 2–4); moderate (UCEIS 5–6); and severe (UCEIS 7–8).

However, there is a lack of sufficient datasets for deep learning training, and

obtaining ground truth annotations is an expensive process. Therefore, it is necessary

to build a UC dataset scored by UCEIS. After obtaining the dataset, we will test

our proposed method and develop a more robust multi-classification algorithm.

6.2.3 Quantification of disease burden

The intestinal mucosa is a very important dense connective tissue, which maintains

the homeostasis in the intestine together with the intestinal flora. Mucosa is easily

affected by diseases, such as inflammation (ulcerative colitis, Crohn’s disease, etc.)

and intestinal mucosal damage can lead to the formation of polyps on the mucosal

surface. In colonoscopy, it is very important to identify the intestinal mucosa.

The reason is that abnormalities such as polyps and adenomas in the colon and

rectum can often be identified on the mucosal surface. Therefore, it is necessary to

quantify the intestinal mucosal surface in the lesion area. Most current literature

focus on 3D reconstruction of the colonic surface. Ma et al. [195] developed a deep

learning-driven dense SLAM (simultaneous localization and mapping) system that

can generate camera trajectories and dense reconstructed surfaces for the colon, and

uses recurrent neural networks (RNN) to predict consistent depth maps and camera

pose for consecutive frames. Other methods that use depth estimation showing

successful 3D reconstruction of GI organs (e.g. Mahmood’s work [196] and Ali’s

work [197] have already used depth estimation oesophagus).

Developed method is used to collate images using pixel level registration and

depth is used to project to the 3D world co-ordinate system. Endoscope are closed to

scene which can be considered planar or quasi-planar. If away and deformation as in

real scenario then the scene becomes non-planar and that will require pixel-to-pixel

registration to achieve accurate 3D mosaics. Here the assumption is that the scene

is planar. However, the colonic surface is non-planar scene with large deformations.

A holistic deep learning framework for endoscopy



6. Conclusion and Future work 131

So, the idea will be to use pixel-level registration for our work. We plan to build

a deep learning-based framework as a depth and pose estimation network. The

generated predicted depth map and the camera pose for each image in the video,

which can show the distance between the target area and the camera. Combined

with the deformable registration network, the non-planar and complex colonic

surface will be 3D quantification. After quantifying the intestinal mucosa through

the registration network, we plan to train a region proposal network to count the

polyps in the intestine. The region proposal network can be used on the feature

map extracted by the depth estimation network to further locate the polyp region.

6.3 Conclusion

Computer-aided endoscopy is expected to have a transformative impact on clinical

practice by enhancing diagnostic accuracy, improving procedural efficiency, and

potentially reducing human error. However, before this technology can be fully

integrated into everyday clinical use, several critical challenges must be addressed.

This thesis comprehensively explores several challenges faced during endoscopy,

and the proposed image-driven method based on deep learning can effectively

address these challenges. Image quality assessment is an important prerequisite for

endoscopy. Higher image quality can not only reduce the visual impact of artefacts

on endoscopists, but also avoid multiple follow-up visits for patients. Automatic

detection of lesions such as IBD can assist and prompt endoscopists to pay attention

to areas that may be overlooked and reduce the rate of missed disease detection.

In particular, the automatic and accurate segmentation of polyps can provide

important parameters for subsequent polypectomy. In addition to exploring the

details of image analysis technology and building a more comprehensive endoscopic

dataset, future work will also aim to further examine the performance of the

proposed method in clinical practice, thereby accelerating the application of this

technology in clinical endoscopy. Finally, based on the research in this thesis,

I would like to emphasise that the development of image-driven medical image
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analysis methods can greatly reduce the workload of endoscopists and improve

diagnosis and subsequent treatment.
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