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Abstract

Ocular diseases are a significant problem faced by 70 million people worldwide

yearly. Identifying an eye disease requires a medical professional with years of

specialist training. Glaucoma screening is often done manually, which is time-

consuming. Automatic eye disease identification could be introduced to clinics

to help speed up the detection and treatment of eye diseases. Retinal fundus

images are helpful for glaucoma screening. However, the existing glaucoma

identification systems trained using images from a specific camera fail to per-

form well with those captured from a new camera. This research aims to find

solutions to address the above-unseen domain problem in machine learning-

based glaucoma detection systems from retinal fundus images. The study was

conducted in three phases, including an initial study that identifies the prob-

lem domain, followed by the manipulation of image preprocessing and image

augmentation techniques to produce a more generalised glaucoma detection

system.

In the first stage, twenty-eight pre-trained deep learning models for ob-

ject recognition tasks were compared as potential feature extractors for glau-

coma classification from retinal fundus images of the REFUGE dataset. First,

the images were automatically cropped around the optic nerve head using a

template-matching algorithm. Features were extracted using the pre-trained

networks from both whole and cropped images. An extended feature set was

created by concatenating those two feature sets. Finally, a ten-fold cross-

validation experiment was conducted to compare the performance of random

forest and logistic regression classifiers against each feature set. The best

setup was when features were extracted from images using the ResNet101V2

ImageNet-pre-trained neural network and classified using a random forest clas-

sifier. However, the accuracy dropped when testing it with images from a new

camera. Hence, the study was directed towards the unseen domain problem

in the second stage.

In the study’s second phase, transfer learning-based domain generalisation

was applied together with multiple image preprocessing methods: input stan-

dardisation, median filtering and multi-image histogram matching for glau-

coma detection using retinal fundus images from multiple cameras. The anal-
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ysis included images from the RIMONEr2 and REFUGE datasets, which were

captured using three camera models. A set of experiments were conducted us-

ing all possible combinations of training and testing camera devices, using the

best system found in the first stage. Images were preprocessed in six different

ways using either a single or a combination of three different preprocessing

methods to see their effect on generalisation. The results indicated that the

stylisation of test data might lead to better generalisation while reducing the

retraining of an existing system.

As a result, we compared multi-image histogram matching with neural style

transferring to identify the classification accuracy during the testing phase of

a model. We trained a random forest classifier and an XGBoost classifier with

AlexNet and ResNet101V2 as feature extractors and tested the system follow-

ing the same strategy as in phase two. Comparative results indicated that

the neural style transferring better predicts the labels for unseen images. We

continued experiments with neural style transferring to test publicly available

models trained on the ACRIMA dataset. The method results better when

reference images are selected from the same class. Given that the class infor-

mation of real clinical data is unavailable, we suggest possible strategies for

choosing better reference images.

Overall, this study provides solutions to develop robust machine learning

systems that require no retraining with new fundus cameras. The experimental

results indicate that the proposed combination of preprocessing methods can

be successfully utilised for better domain generalisation in the context of differ-

ent retinal fundus camera devices. Furthermore, test-time data augmentation

with neural style transferring leads to better predictions for images taken from

unseen retinal fundus cameras. This reduces model retraining and increases

the reusability of a pre-trained machine learning-based glaucoma detection

system.
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Chapter 1

Introduction

1.1 Overview

Ophthalmology is an area of medicine concerning the diagnosis and treatment

of ocular diseases and disorders1. The most common ocular diseases are mac-

ular degeneration, cataracts, diabetic retinopathy and glaucoma 2. Diabetic

patients are at high risk of having vision problems, which are sometimes irre-

versible [3].

1.1.1 Glaucoma

Despite glaucoma being identified as a priority eye disease by the World Health

Organisation [4], it is the most common reason for irreversible blindness[5]

which implies that the glaucoma is not curable unless detected early. Ac-

cording to the statistics, an estimation of 80 million persons had glaucoma,

with a predicted increase to 111 million people in 2040 [6]. Unfortunately,

half of the glaucoma patients are left undetected because glaucoma is mostly

asymptomatic[5]. Glaucoma is associated with irreversible, progressive vision

loss and typically remains asymptomatic until late in the disease process.

There are several different sub-types of glaucoma that all result in loss of

optic nerve fibres, changes in the appearance of the optic nerve head (ONH),

1http://www.mrcophth.com/Historyofophthalmology/Introductory.htm
2https://www.nei.nih.gov/learn-about-eye-health/eye-conditions-and-diseases

http://www.mrcophth.com/Historyofophthalmology/Introductory.htm
https://www.nei.nih.gov/learn-about-eye-health/eye-conditions-and-diseases
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also known as the optic disc (OD), and corresponding visual field defects. A

child from birth to 10 years may be detected with congenital glaucoma, while

ten to 35 years old may have juvenile glaucoma. According to a person’s age

the third type of glaucoma is the adult type, which occurs in adults over 35.

Various causes may define primary or secondary glaucoma. Primary causes

are non-identifiable that occur in susceptible individuals. Other causes, such

as trauma, drugs, other ocular diseases, intraocular surgeries, etc., cause sec-

ondary glaucoma. There are open-angle glaucoma and angle closure glaucoma

according to the site of obstruction of the drainage system of the eye3.

High intraocular pressure is a significant risk factor associated with glau-

coma progression. Lowering intraocular pressure using medicines, surgery, or

laser treatment can contain further visual loss in most cases [7]. Careful life-

long monitoring of adherence to treatment, intraocular pressure, optic nerve

appearance and nerve fibre loss is essential to prevent loss of vision [4].

The irreversible and progressive nature of vision loss, as seen in patients

with glaucoma, makes early diagnosis, close monitoring, and effective treat-

ment critical. At present, diagnosis and monitoring of glaucoma progression

rely on a highly-trained ophthalmologist completing detailed regular clinical

examinations, visual field tests and imaging of the ONH. As glaucoma preva-

lence rises, it is increasingly challenging for many resource-constrained oph-

thalmic clinics to keep pace with growing demand, and many patients are at

risk of vision loss [7, 8, 9]. With the increasing cohort of patients with glau-

coma, in many cases, the rate-limiting factor for effective glaucoma monitoring

is the availability of clinicians with the appropriate level of expertise to detect

progression [10].

1.1.2 Glaucoma detection

Clinicians perform four basic tests to diagnose glaucoma. The first one is

measuring intraocular pressure using a tonometer, also called tonometry. The

3https://www.glaucomapatients.org/basic/statistics/

https://www.glaucomapatients.org/basic/statistics/


3

second is the gonioscopy, which will watch the drainage angle or trabecular

meshwork. It helps detect open or closed-angle glaucoma. The third test ex-

amines the optic nerve’s structure, while the fourth evaluates the optic nerve’s

functionality with respect to the visual field or perimetry.

There are additional tests that they can perform. Pachymetry, also known

as corneal thickness, helps interpret eye pressure measurements. Also, different

aspects of visual function can be assessed using special visual field tests such as

frequency doubling and short wave perimetry. Furthermore, imaging the optic

nerve and retinal nerve fibre layer with machines helps assess and quantify

the presence of glaucomatous structural damage. Additional evaluation of the

angle can be done with Ultrasound biomicroscopy (UBM) / anterior segment

optical coherence tomography (AS-OCT). However, these exams are required

in just a few instances, as a gonioscopy exam is usually enough to evaluate the

angle.

Glaucoma outset and progression can be detected by assessing changes

in the appearance of the ONH in a sequence of images. The optic nerve

comprises around 1.2m nerve fibres that transfer visual information to the

brain. The nerve fibres are observable at the ONH as a periphery of pale

tissue surrounding a central depression, the cup. The cup-to-disc ratio (CDR)

indicates the severity of glaucoma [11]. One can calculate CDR by dividing

the diameter of the cup by the diameter of the disk. If the CDR is below 0.3,

the eye is normal. Mild glaucoma can be seen if CDR ranges from 0.4 to 0.7.

If CDR is greater than 0.7, it is considered to have moderate/severe glaucoma

[12].

Manual observation of the ONH and estimation of the CDR is time-consuming,

inaccurate and biased [11]. Furthermore, it requires years of experience to be

an expert in detecting glaucoma manually. Moreover, CDR should be in-

terpreted in conjunction with other clinical findings and tests to accurately

determine the severity of the condition, as there are a few sub-types of glau-

coma where the CDR is misleading regarding severity [13]. These challenges
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limit the number of patients to be monitored in a day. Hence, doctors seek

the assistance of automatic tools to help with their decisions.

1.1.3 Computer-aided glaucoma detection

Automated glaucoma screening and monitoring would save time and money,

enabling more efficient clinical workflow and better using limited resources.

Early detection of glaucoma with the aid of an automated system would en-

able early treatment and prevention of irreversible visual loss for patients with

glaucoma. An automated system can utilise the expertise of multiple ophthal-

mologists to produce accurate and repeatable results [11]. With the extra help

from an automated system, the practitioner will be able to see more patients

in a given time. This may even reduce the number of experts needed in a

clinic.

However, the deployment of such technologies is not without significant

challenges. Questions regarding the accuracy and reliability of automated sys-

tems persist, primarily due to the necessity for extensive and diverse datasets

for training. Models poorly trained or trained on non-representative data

can produce biased or inaccurate outputs, potentially leading to misdiagnoses

[14]. Additionally, relying too much on automated systems can reduce the

importance of human supervision in diagnosing diseases. This might limit the

comprehensive clinical judgment that seasoned medical professionals offer.

Regulatory and ethical considerations are also essential. Automated sys-

tems in healthcare must navigate rigorous validation processes to satisfy safety

and efficacy standards imposed by healthcare authorities [15]. Ethical issues,

such as ensuring patient data privacy and addressing the implications of diag-

nostic errors, must also be addressed carefully.

All in all, while computer-aided glaucoma detection systems offer promising

advancements in eye care, their implementation should be approached with

a balanced perspective that emphasises support rather than replacement of

human expertise. Such technologies need to be developed and utilised within
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a framework that addresses technical, ethical, and practical challenges to fully

capitalise on their potential while safeguarding against risks. The goal should

be to enhance, rather than replace, the capabilities of healthcare professionals

in delivering patient-centered care [16].

1.2 Research problem statement

There are potential issues when deploying automatic detectors in practical

clinical settings due to various problems, such as device dependency of data.

In this research, we are keen to explore the current systems and their issues,

the impact of device variability in automated glaucoma detection and probable

approaches to mitigate the issues. Working towards this, we have formulated

the research questions as follows.

1. What are the best machine learning-based feature extractors and useful

features in glaucoma detection from retinal fundus images?

2. How to improve the generalisation of machine learning models for new

fundus cameras in glaucoma classification through image preprocessing?

3. Will applying neural style transferring during the test time on pre-trained

machine learning systems improve the generalisation for various fundus

cameras?

1.3 Research goal

Camera bias plays a significant role inadvertently in machine learning research

involving images. It is dangerous in medical domains because of the implicit

assumption that the test images come from the same distribution (i.e. same

camera) as the training images. This research aims to reduce the unseen

domain problem of deep learning-based glaucoma classification using retinal

images from various fundus cameras and improve accuracy while saving pro-

cessing time and reducing the computational effort.
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1.4 Research objectives

The following objectives are formulated in order to achieve the above goal.

1. Compare available deep learning-based feature extractors and identify

useful features for glaucoma classification

2. Explore the problem of camera dependency of machine learning-based

glaucoma detection using retinal fundus images with respect to colour

and spatial features

3. Experiment on transfer learning-based domain generalisation along with

a combination of image preprocessing techniques and conventional data

augmentation for glaucoma detection

4. Experiment on applying neural style transferring to improve the reduced

accuracy in glaucoma detection caused by a change in the device after

model training

1.5 Contributions of the Thesis

The findings of this study are effective for the benefit of the patient, considering

that glaucoma is a severe eye condition that may lead to irreversible blindness.

The greater demand for automated tools by eye clinics justifies the need for

more effective and efficient systems using state-of-the-art (SOTA) technologies

such as artificial intelligence. Numerous manufacturers produce a diverse range

of fundus camera models that incorporate different image-capturing technolo-

gies, including digital and laser-based methods. Additionally, other imaging

technologies, such as Optical Coherence Tomography (OCT) photographs, are

employed in the diagnosis of glaucoma. Due to ethical concerns surrounding

the distribution of personal data, these systems are often restricted to use

within a single clinic. Consequently, there is a significant need to expand the

availability of these diagnostic systems.
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Thus, clinics that apply the recommended approach derived from the re-

sults of this study will be able to effectively adapt and reuse a system that

is already available. Otherwise, they can develop a machine learning system

that generalises better on newly introduced fundus cameras such as laser-based

ones. Overall, the investigation will uncover plausible solutions to the unseen

domain problem in glaucoma detection from retinal fundus images by machine

learning-based computer systems that many researchers could not explore.

Thus, a new, more generalised glaucoma detection system may be developed.

Finally, the solutions will help early detection of glaucoma and reduce the

time-consuming diagnosis process. With the help of automated tools, clinics

can reduce the waiting time for patients to be diagnosed, thereby increasing

the chances of early detection. For example, in an underdeveloped country

with limited resources, such as expert knowledge and the latest technologies,

clinics can use a handheld fundus camera to capture an image and send it to

a system for initial diagnosis. In many cases, the cost of treatment is much

higher than the cost of diagnosis.

1.6 Plan of the Thesis

The research undertaken results in this thesis with the following chapters:

Introduction

The first chapter gives the background of the research. Starting with con-

ventional and computer-aided glaucoma identification, it describes the unseen

domain problem caused by device variability. In particular, a list of currently

used devices is listed along with publicly available datasets from several de-

vices and sample images are included to show the visible differences between

them. Following this, a research problem statement is formulated. Finally, the

research aims and objectives are given.
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Literature Review

The literature review chapter studies recent literature based on the unseen

domain problem and glaucoma classification to identify the research gaps. It

describes the concepts of machine learning/ transfer learning, unseen domain

vs. domain shift vs. out-of-distribution, and domain adaptation to differen-

tiate between terminology. Furthermore, a description of the datasets used

in this research is included to show their diversity. Finally, we compare and

contrast the related work, their performance and limitations to summarise the

proposed approach.

Problem identification

This chapter explains the initial study undertaken to identify the usability

of transfer learning in glaucoma classification. The study could find the best

feature extractor among multiple pre-trained models using cross-validation.

Furthermore, it illustrates the problem of the unseen domain when a model is

trained on the devices from a particular device and tested on another device.

The initial work was extended to compare with the latest models, such as

InceptionV3.

Comparison of preprocessing methods against unseen do-

main problem

This chapter covers one of this study’s primary objectives: identifying suitable

preprocessing methods to reduce domain variability. Here, we compare three

methods: median filtering, input standardisation and histogram matching.

Importantly, we introduce randomised multi-image histogram matching that

changes an image to appear differently, creating an output similar to neural

style transferring found in domain adaptation. Furthermore, we demonstrate

that a mixture of preprocessing methods improves the generalisability of a

model to camera variability. The algorithms were initially tested using the
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networks identified by the preliminary study and extended later to be tested

using XGBoost, one of the latest methods found in recent literature.

Surrogate optimisation of deep stack transformations

Augmentation is another generalisation method in contrast to image prepro-

cessing. This chapter investigates the augmentation method called deep stack

transformations (DST) initially tested with MRI segmentation. The method

applies N image transformations sequentially per given input image; each

transformation has a magnitude and a probability of application. We use

DST for glaucoma image classification. Furthermore, we optimise parameters

using the surrogate optimisation method (SurrogateRBF-DST) and compare it

with local search (LS-DST) optimisation. Additionally, we design the network

training and testing process in a novel way where we choose train, validation

and test images from three different devices. Finally, we achieved improved

generalisation across devices while determining optimal parameters.

Neural style transfer for domain generalisation

This chapter works with another primary goal of the research: the application

of data augmentation during the testing time of a pre-trained machine learning

model. We used models trained on ACRIMA images labelled according to the

glaucoma class, and both are publicly available. Here, we styled the images of

test/target data from a separate camera using the reference images from the

ACRIMA dataset. Tested on public datasets, selecting the reference images

from the same class as the target images gives the best classification accuracy

than classifying over the original images of the target dataset. Also, the worst

accuracy was given when the reference and target images were from differ-

ent classes. However, label information is unavailable in practical situations,

which is challenging unless an ophthalmologist assigns an initial label. Hence,

we recommend strategic algorithm development for choosing better reference

images for styling.
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Conclusions, contributions and future work

The last chapter includes the conclusions, contributions and future research

directions raised from the study. We highlight the challenges and limitations

of the research as well.



Chapter 2

Background

2.1 Machine learning and transfer learning

Transfer learning (TL) is a research problem in machine learning (ML) that

focuses on reserving knowledge gained while solving one problem and applying

it to another different but related problem [17]. From the practical standpoint,

reusing or transferring information from previously learned tasks to new ones

can significantly improve the sample efficiency of a learning model [18].

The definition of transfer learning can be given using the terms: domains

and tasks. A domain D consists of a feature space X and a marginal proba-

bility distribution P(X), where X = 1, ..., n ∈ X . Given a specific domain,

D = X , P(X), a task consists of two components: a label space Y and an

objective predictive function ƒ : X → Y . The function ƒ is used to predict

the corresponding label ƒ () of a new instance . This task, denoted by

T = Y, ƒ (), is learned from the training data consisting of pairs , y, where

 ∈ X and y ∈ Y [19].

Given a source domain DS and learning task TS, a target domain DT and

learning task TT , where DS ̸= DT , or TS ̸= TT , transfer learning aims to help

improve the learning of the target predictive function ƒT(·) in DT using the

knowledge in DS and TS [19].
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2.2 Unseen domain problem

A domain shift [20], also known as distribution shift [21], is a difference between

the data distributions of an algorithm’s training dataset and the dataset it finds

when deployed. Traditional machine-learning algorithms usually adjust poorly

to domain shifts. Hence, domain adaptation techniques have become popular

among the modern machine-learning community [20].

Domain adaptation [22] is an area associated with machine learning and is

a subcategory of transfer learning. Domain adaptation can be defined as the

ability to apply an algorithm trained in one (or more) “source domain(s)” to a

different (but related) “target domain”. In domain adaptation, the source and

target domains all have the same feature space (but different distributions);

however, there may be examples where the target domain’s feature space differs

from source feature space(s) [23]. This technique is commonly used in the

medical domain because labelled images are unavailable in clinical scenarios.

Machine learning techniques such as generative adversarial networks are widely

used in such situations.

In general, the out-of-distribution (OOD) generalisation problem can be de-

fined as a representation by an instance of a supervised learning problem where

the test distribution Pte(X, Y) shifts from the training distribution Ptr(X, Y)

and stays unexplored during the training stage [24]. General machine learning

systems assume that the training and testing data come from the same dis-

tribution or that the data are independently and identically distributed [25].

However, in practical situations, the distribution of test data may differ from

the training data distribution Ptr(X, Y) ̸= Pte(X, Y). Furthermore, OOD can

be considered a special case of domain adaptation because OOD is consid-

ered when the labelling of both training and test data is known. In contrast,

domain adaptation can be known or unknown in test data labels.

OOD scenarios can be encountered in routine clinical practice where new

imaging devices are introduced in the clinical workflow [26]. This is caused by

the spatial evolution of data making machine learning lacking in practice [24].
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It implies that model retraining would be required to maintain the accuracy of

OOD scenarios. Generalisation between imaging devices is a specific instance

of domain generalisation dedicated to addressing the problem of domain shift

caused by device-dependent data properties into machine learning models.

2.3 Retinal fundus imaging

Retinal fundus imaging is one of the least invasive methods in diagnosing

glaucoma. The differences caused by the fundus cameras have important im-

plications for screening eye diseases when used with deep learning [27].

A fundus camera is a specialised low-power microscope attached to a cam-

era. It is optically designed based on the indirect ophthalmoscope. The optical

angle of acceptance of the lens, also known as the angle of view, is used to

describe a fundus camera. A normal angle view camera with an angle of

30° creates an image 2.5 times larger than normal. Wide-angle cameras can

capture images between 45° and 140° to provide proportionately less retinal

magnification. The angle of view is 20° or less in a narrow-angle fundus cam-

era. Simultaneous stereo fundus cameras place two images side by side on a

single 35mm frame using a single exposure [28].

Fundus photographs visually record the current ophthalmoscopic appear-

ance of a patient’s retina. They are routinely used in a wide variety of oph-

thalmic conditions, such as glaucoma (increased pressure in the eye), which

can damage the optic nerve over time. The physician studies subtle changes

in the optic nerve and then recommends the appropriate therapy, using serial

fundus photographs [29].

2.3.1 Commercially available fundus cameras

We conducted an extensive background study on available table-top retinal

fundus cameras worldwide. The aim was to identify the manufacturers, de-

vice models, their technology and publicly available datasets that consist of
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images from each device. There are around 30 different retinal fundus cam-

eras, mainly from nine manufacturers. However, only seven public glaucoma-

labelled datasets contain their camera information. Table 2.1 includes the list

of manufacturers and publicly available glaucoma datasets.
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2.4 Publicly available retinal fundus image datasets

In this study, we evaluate the accuracy of glaucoma detection algorithms with

respect to different fundus camera devices. Images from three distinct fundus

cameras from different manufacturers, namely Canon CR-2, NIDEK AFC-210

and ZEISS VISUCAM-500, are used in our work.

2.4.1 REFUGE dataset

REFUGE dataset is one of the largest glaucoma datasets in public [30]. It

contains retinal fundus images labelled as glaucoma and non-glaucoma. The

dataset was created in 2018 and has an updated version in 2020. Two latest

fundus camera models, namely, Zeiss Visucam 500 retinal fundus camera and

Canon CR-2 camera, were used to capture the images having the resolution

of 2124×2056px and 1634×1634px respectively. The images focus on the pos-

terior pole, ensuring visibility of both the macula and the optic disc. In each

image, the ONH is aligned to the left. The whole dataset consists of 1200 with

120 glaucoma images and 1080 non-glaucoma images making it a hugely un-

balanced dataset. Moreover, 400 training images were captured using a Zeiss

camera, and the remaining 800 images were captured using a Canon camera.

The new version has additional 400 images captured using a third camera, but

the camera information and the labels are hidden from the public.

2.4.2 RIMONEr2 Dataset

The RIMONE dataset was created in 2011 in three versions. The second

version (RIMONEr2), introduced in 2014, has the largest number of images

totalling 455: 200 images from glaucoma patients and 255 images from subjects

with no glaucoma. A Nidek AFC-210 fundus camera captured these fundus

photographs with a body of Canon EOS 5D Mark II. The settings include a

vertical and horizontal field of view of 45◦. All images were manually seg-

mented by a glaucoma specialist [31]. The dataset has images cropped around
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Figure 2.1: Sample images from REFUGE training set captured using ZEISS

Visucam 500

Figure 2.2: Sample images from REFUGE validation and test sets captured

using Canon CR-2
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Figure 2.3: Sample images from RIMONEr2 dataset captured using NIDEK

AFC-210

the Optic nerve head (ONH).

2.5 Problem of camera dependency

We have conducted a background study to examine the problem caused by

camera dependency. In this study, we evaluate the influence of the camera

model on automated glaucoma detection algorithm accuracy.

ACRIMA and REFUGE, labelled datasets that have captured device in-

formation, were included in the analysis. REFUGE images, which are whole

fundus images, were cropped around the ONH to align with the ACRIMA im-

ages, where the ONH is centrally located. Also, images were resized to 224px

x 224px prior to the initiation of feature extraction, ensuring consistency in

input size across the datasets. Features were extracted from images using the

ResNet101V2 pre-trained neural network and processed using a random forest

classifier for glaucoma classification. The experiment was conducted multiple

times by assigning images from one camera as the training set and images from

another as the test set. Furthermore, we kept the classification accuracy for

images from a single device as a baseline.
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We analysed 1905 images from 03 camera models to obtain the area under

the receiver operating characteristic curve (AUROC) for the test set. When

using images from two cameras in the experiment, the highest AUROC of 0.81

was given when the training set was REFUGE01’s test and validation sets,

and the test set was its training set. The lowest AUROC was 0.23 when the

model was trained on a REFUGE training set and tested on ACRIMA images.

The highest of all, 0.96 AUROC, was given when training and test data came

from the same camera.

This background study indicates that the availability of a wide variety of

camera models impacts the reliable automated detection of glaucoma from

fundus images. However, accurate automated detection of glaucoma from

fundus images is possible, but we should be careful to specify the cameras for

which the model is compatible. The results of this study were published under

the title of “Automated detection of glaucoma from retinal fundus images

using a variety of fundus cameras” [32].

2.6 Causes of camera dependency in fundus

photography

Chen et al. performed a quantitative comparison of fundus images by Optos

P200DTx (Optos PLC) and Zeiss Clarus 500 (Carl Zeiss Meditec AG) Ultra-

Widefield (UWF) fundus cameras to compare the relative number of retinal

pixels and retinal area imaged. They conducted a single-centre retrospective

cross-sectional analysis using 78 eye images of 46 patients. Among the two

devices, the Optos P200DTx captured statistically significantly more retinal

area in all four quadrants than the Zeiss Clarus 500 under no statistically

significant difference in patient or technician preference or image acquisition

time between devices[33].

Jili Chen compares images from three UWF fundus cameras (Topcon TRC-

NW300, Canon CX-1 and Optos Daytona plus) against Zeiss Clarus 500 to
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evaluate the performance. Nonmydriatic fundus photographs of 17 patients

were collected from each device, and three independent retinal imaging experts

evaluated them. They included six qualitative parameters: (1) retinal colour

reproduction; (2) image clarity; (3) field of view; (4) penetration of opacity; (5)

small pupil imaging (vignetting); (6) operator ease of use and patient comfort.

A consensus grading was performed after an inter-grader reliability assessment

to rank the fundus cameras based on their scoring. Results indicated that the

camera ranking varied depending on the parameter evaluated. For (1), Topcon,

Canon and Zeiss were superior to Optos. As for (2), the posterior pole vessels

were best appreciable on Zeiss and Canon, and mid-peripheral and peripheral

blood vessels were significantly clearer on Zeiss than on Optos. However, Optos

and Zeiss UWF cameras were superior to Topcon and Canon on (3). For (4),

Zeiss was better than Optos. In case (5), Topcon, Canon and Optos were

disturbed by vignetting, but not Zeiss. As of (6), both Opots and Zeiss were

ranked as easy to use, whereas Zeiss was more comfortable for patients [34].



Chapter 3

Literature review

This chapter thoroughly studies recent research in machine learning-based

glaucoma classification using retinal fundus images.

3.1 Machine learning-based glaucoma classifi-

cation

Numerous machine learning-based systems have been developed using retinal

fundus images for glaucoma classification. These systems aid doctors with clin-

ical decisions related to glaucoma diagnosis that lead to early or better treat-

ment. This section describes studies that successfully used feature extraction-

based machine learning, deep learning, transfer learning, and ensembles to

classify glaucoma using retinal fundus images.

Figure 3.1 shows the summary of different glaucoma diagnosis frameworks.

The framework (a) shows the classical machine learning-based fundus image

classification method, which involves manual feature extraction followed by

classifier construction. The second framework shown in (b) uses a deep learning

pipeline that classifies an image into a glaucoma class. Framework (c) uses

transfer learning-based glaucoma detection. It first trains a model using a

source dataset and then fine-tunes it for another dataset.

We studied related research work from 2018-2022, which was listed on
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Figure 3.1: Different automatic glaucoma detection frameworks.

the Google Scholar platform. Approximately five publications per year were

selected to include around 30 papers. “machine learning-based glaucoma clas-

sification” was the search term. An automated tool was employed to scrape

research papers from the Google Scholar platform, yielding 164 results. As

illustrated in Figure 3.2, we excluded inaccessible papers, removed duplicates,

and omitted review articles to focus solely on original research. Furthermore,

based on the titles, we excluded a majority of publications that did not pertain

to classification systems. Finally, articles addressing other ocular diseases or

employing different cameras were also excluded.

Apart from binary glaucoma classification systems, there are systems for

glaucoma stage classification and systems that classify multiple eye diseases

from fundus images. However, the latter two types of systems introduce com-

plexity to the problem domain we explore because of the difficulty of finding

publicly available labelled datasets belonging to multiple cameras. Hence, we

excluded such papers and considered only the systems with binary classifica-

tion for glaucoma and non-glaucoma/normal.
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Figure 3.2: Systematic literature review.

3.1.1 Heuristic methods

Among the methods of feature extraction for glaucoma classification, there are

segmentation-based methods, mathematical methods, and transfer learning-

based methods for extracting various types of features, such as visual features

and medical features/parameters. In these systems, clustering and classifi-

cation methods have been used in the segmentation/ feature extraction and

diagnosis phases, respectively.

Khan et al. propose a glaucoma classification model that extracts eight

statistical parameters: contrast, energy, mean, homogeneity, entropy, stan-

dard deviation, variance and root mean square for each RGB plane, having 24

features in total. They perform image preprocessing using discrete wavelets

transform-based bivariate shrinkage method before feature extraction. Follow-

ing, features are selected using neighbourhood component analysis. The final

feature set is fed into a least square support vector machine classifier and shows

maximum classification accuracy of 91.22% for the RIMONEr2 dataset [35].

A system for glaucoma diagnosis in fundus eye images using diversity indexes
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was developed by Araújo et al. Texture descriptors in the optic disc region are

represented through diversity indexes. They extract 120 features from RGB

channels and the grey channel, 30 from each. Then, a feature vector is un-

dergone through a genetic algorithm to select the most significant features to

be classified by a support vector machine (SVM). Tested on RIMONEr2, the

classifier reaches an accuracy of 93.41%, sensitivity of 92.83% and specificity

of 93.69% [36].

A real-time glaucoma classification system that uses object detection for

feature extraction was proposed by Thanh et al. in [37]. The darknet YOLOv3

object detector was used to extract the optic disc and cup. They calculate

medical parameters/features from disk and cup information. One thousand

six hundred seventy-seven images were used to train the model and validated

on 500 images. The accuracy, sensitivity, specificity, and precision are 92.0%,

92.68%, 91.34% and 91.2%, respectively [37].

Authors of the paper “An Efficient Deep Learning Approach to Automatic

Glaucoma Detection Using Optic Disc and Optic Cup Localization” used an

EfficientNet-B0 feature extractor to extract the deep features from the glau-

coma suspicious images. Next, a bi-directional feature pyramid network per-

forms a top-down and bottom-up key-point fusion several times to localise

an area containing the glaucoma lesion. Finally, they train a deep learning

model using the key points and predict the class. Moreover, they performed

a cross-dataset validation using three public datasets (ORIGA, RIMONE DL

and HRF), where they trained the system on one dataset and tested using the

remaining datasets. The average test accuracy is between 97.9% - 98.9% [38].

Sudhan et al. in [39] introduces a glaucoma identification system that uses

DenseNet-201 for feature extraction and a deep convolution neural network

for classification. The model was tested on the ORIGA, a publicly available

labelled dataset. First, they segment images using a U-Net to extract OD and

optic cup (OC). The segmented image is then forwarded through a DenseNet-

201 followed by a three-layer deep convolution neural network. The results
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show an accuracy of 96.90% on 30% of ORIGA images [39].

Kumar and Kumar developed a system that uses an SVM for the early

detection of glaucoma by providing CDR and parapapillary atrophy (PPA)

as diagnostic features extracted from fundus images. OD contains a vascular

tree, and the authors used its horizontal and vertical edges to extract ROI

that includes CDR and PPA. They used K-means clustering and polar trans-

formation to calculate CDR. PPA, an early sign of glaucoma, was extracted

from the image using an ellipse’s polar transform and direct least-square fitting

algorithm. A k-means clustering algorithm was further used for the optimal

separation of PPA from the residue area. An SVM was trained with 5-fold

cross-validation using 141 images of glaucoma and healthy. The authors re-

port accuracy, sensitivity and specificity of 97.3%, 100% and 88.2% for 39 test

images, respectively [40].

Elangovan and the team used a pre-trained DenseNet201 model to extract

features from the images of the DRISHTI-GS1 dataset. Then they classify

images using SVM, Naive Bayes, K-nearest neighbour (KNN) and softmax to

compare them. Accuracy, sensitivity and specificity for each of them are SVM-

96.34%, 98.34%, 92.70%; Naive Bayes-95.56% 96.64% 93.30%; KNN-93.88%,

97%, 88.20%; and softmax-96.48%,98.88%,92.10%. The results indicate that

softmax outperforms other classifiers [41].

Lima et al. diagnose glaucoma over retinal fundus image through deep

features extracted using pre-trained networks as feature extractors [42]. They

extract features from the RIMONE dataset [43] using five pre-trained networks.

Random forest and logistic regression were used as classifiers. The logistic

regression method achieved the best AUCs for RIMONEr2 and RIMONEr3

datasets with values of 0.957 and 0.860 when features were extracted using

ResNet [44] and InceptionResNet [45] respectively.

Nayak et al. introduce an evolutionary convolutional network for auto-

mated glaucoma detection using fundus images named as ECNet. The net-

work extracts discriminative features using four layers: convolutional, com-



26

pression, rectified linear unit (ReLU), and summation layer. Feature vectors

are produced by an optimised network using an evolutionary algorithm called

a real-coded genetic algorithm. Flattened feature vectors are then forwarded

through different classifiers such as SVM, KNN, backpropagation neural net-

work (BPNN), extreme learning machine (ELM), and kernel ELM (K-ELM)

to select the best model. They tested the system using a private dataset and

the ECNet model with SVM, resulting in 97.20% accuracy, the highest [46].

3.1.2 Transfer learning/deep classifier based methods

Many of the latest glaucoma classification systems use transfer learning or

deep learning models. They are more popular because a single network per-

forms feature extraction and classification. However, these methods require

heavy training and parameter tuning and expect very large datasets. Also,

preprocessing methods can be applied before training, and augmentations can

be made to enlarge the datasets. In this subsection, we study those types of

recent research work found in the literature.

Hirota and the team used ImageNet pre-trained VGG16 model to fine-

tune for glaucoma classification. Their method was based on training separate

models for each colour channel of RGB of an image. The AUROC of the

RGB model was 0.800; the red model had an AUROC of 0.746, the blue

model achieved only 0.558 AUROC, while the highest AUROC of 0.946 was

given by the green model [47]. Another system proposed by Yedukrishnan et

al. utilises the same architecture trained on the ACRIMA dataset, producing

training accuracy of 94.4% and validation accuracy of 98% for 50 epochs [48].

The ResNet architecture was used by Borwankar et al. to classify combined

data from DRISHTI [49] and REFUGEE [30] datasets. Vertical and horizontal

flipping, rotation with an increase of 30, and translation within the range of 0.2

in both horizontal and vertical directions were used as augmentation techniques

to achieve a nearly balanced dataset. They used a compact version of ResNet

that attains an accuracy of 98.9% and an F1 score of 98.8% [50].
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Asaoka et al. has conducted an extensive study to validate a pre-trained

generic ResNet model for glaucoma screening using images from different fun-

dus cameras. Training images were captured from the NONMYD WX camera

(Kowa Company, Ltd., Aichi, Japan). They used images from two other cam-

eras, NONMYD 7 camera (Kowa Company, Ltd.) and RC-50DX (Topcon

Co.Ltd.), to test the system separately. All the data are privately collected in

three different clinical settings, and the images of the control class are free from

other pathologies. Additionally, with computationally expensive preprocessing

methods and data augmentation, they reported over 99% testing AUROC[51].

Shoukat et al. uses EfficientNetB7 architecture to automatically detect

glaucoma in its early stages from retinal fundus images. They apply a me-

dian filter, Gabor filter and adaptive histogram equalisation as preprocessing

methods. Scaling, rotating and flipping were used to generate multiple images

from a single image to enlarge the dataset. The system is tested indepen-

dently using DRISHTI-GS and G1020 datasets. Best results were produced

with an accuracy of 98%, a sensitivity of 95.19% and a specificity of 94% on

the DRISHTI-GS dataset [52]. The authors expand the research by testing the

same architecture by applying CLAHE followed by a median filter as prepro-

cessing method and adding REFUGE as the third dataset to test the model.

The best accuracy of 99.2% was given for the G1020 dataset with a sensitivity

of 98% and specificity of 97% [53].

Retinal image analysis for glaucoma detection, developed by Sharmila and

Shanthi, uses an ImageNet pre-trained InceptionV3 model for transfer learning.

Experimented with the ORIGA dataset, the model achieved a test accuracy

of 91.36% in a minimum of 20 numbers of epochs [54].

Manop Phankokkruad evaluates four deep transfer learning models in glau-

coma detection for clinical application. Resizing and augmentations were done

prior to training. Four hundred images from the REFUGE dataset were used to

train and test the models. Results illustrate that each model VGG16, Xcep-

tion, InceptionV3, and ResNet50V2 can achieve the accuracy of of 87.24%,
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89.32%, 88.03%, and 76.52%, respectively [55].

Serte and Serener performed extensive experiments in developing a gener-

alised deep-learning model for glaucoma detection. They test the model using

five datasets by creating a training set combining four datasets and testing it on

the remaining dataset. They report AUROC per each test set for ResNet-50,

ResNet-152 and GoogLeNet models. Overall, there is an 80% comparability

of results with previous work [56].

Saxena and the team used a convolutional neural network (CNN) to detect

glaucoma from fundus images automatically. The proposed network has six

layers comprised of four convolution layers followed by two fully connected

layers. Before feeding into the network, the optic nerve is extracted using the

ARGALI method. The model was evaluated using the ORIGA public dataset

with AUROC of 0.822 [57].

Transfer-induced attention network introduced by Xu et al. uses transfer

learning from the ophthalmic domain (DR). It is later used to extract discrimi-

native features and finally classify for glaucoma identification using CNN. The

network achieves an accuracy of 76.6%, a sensitivity of 75.3%, a specificity of

77.2%, and AUROC of 0.835 when tested with the ORIGA dataset [58].

Santos at. al. used a capsule network (CapsNet) [59] Santos for identifica-

tion of glaucoma in retinal images. It consists of regular convolutional layers

and two convolutional capsules, one for intermediate feature mapping and an-

other for classification. The network was tested on a combined dataset that

includes images from RIMONEr2 and Drishti-GS databases. The results were

promising, with 90.90% accuracy and 0.904 AUROC [60].

The Glaucoma classification network produced by Juneja et al. was a

CNN designed using 76 layers, including convolutional, pooling, fcn and a final

output layer. They crop the fundus image around ONH augment and denoise

before training. They use a combined dataset from images of RIMONEr2

and Drishti-GS and report an accuracy of 97.51%, sensitivity of 98.78% and

specificity of 96.20% [1].
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Elangovan and Nath did a glaucoma assessment from colour fundus images

using CNN. An 18–layer CNN comprised of four convolutional layers, two

max-pooling layers, and one fully connected layer was designed and trained

to extract the discriminative features and classify the fundus image. The

network was tested on DRISHTI–GS1, ORIGA, RIM–ONEr2, ACRIMA, and

LAG databases. Images were rotated to increase the dataset and used the 7:3

ratio for training and testing data split. Accuracy of 86.62%, 78.32%, 85.97%,

96.64% and 94.43% for each of the respective datasets above [61].

3.1.3 Ensemble methods

Ensemble methods diagnose glaucoma based on the combined predictions of

two or more independently implemented systems. Usually, they consist of fea-

ture extraction-based methods and classifier-based methods in a single system.

The final prediction is made by majority voting, average voting, or assigning

weights for each subsystem. This sub-section studies several recent works on

ensemble methods.

Civit-Masot et al. developed a dual machine-learning system to aid glau-

coma diagnosis using disc and cup feature extraction. The first subsystem

applies two U-Nets to independently detect the optic disc and cup and calcu-

late CDR based on physical and positional features. The second subsystem

consists of a lightweight Imagenet pre-trained MobileNetV2-based classifier to

classify complete eye fundus images. The voting system that decides a glau-

coma patient based on any subsystem’s positive prediction improves the final

detection’s sensitivity to 0.91 [62].

Prashanth et al. proposed an early and efficient glaucoma detection system

using image processing and deep learning. The first subsystem was based on

image processing that extracts the optic cup and disk using various image pro-

cessing techniques. Afterwards, they calculate CDR to decide on the glaucoma

class. The second subsystem used a custom CNN and VGG19 model to com-

pare the results of deep models. Their results indicate that CNN yields better
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accuracy than pre-trained VGG19, and they report 84.51% accuracy. The au-

thors have developed a GUI that provides annotations and useful information

to the system users [63].

The ensemble method developed by Deepa et al. comprised three deep

learning models, ResNet, VGGNet and GoogLeNet, as feature extractors.

They used CLAHE as the preprocessing technique, and rotation, horizontal

and vertical flipping were used as augmentation techniques. Each ImageNet-

trained network produces a feature vector. The final feature vector is computed

using majority voting for feature selection. The Softmax classifier layer is used

for the final classification for glaucoma identification. The proposed method

was tested using five public glaucoma datasets independently and in combina-

tion. The best accuracy of 91.13% was given for the PSGIMSR dataset, while

the combined achieved an accuracy of 88.96% [64].

Serener and Serte proposed a glaucoma classification system via deep-

learning ensembles. They used GoogLeNet, ResNet-50, and ResNet-152 as

single classifiers. Furthermore, they tested the pair-wise ensembles and all

three together as well. The authors used the sum of the probabilities (SP),

a product of the probabilities (PP), the sum of the maximal probabilities

(SMP), and majority voting (MV) methods as fusion methods. Model training

was performed by combining four of five publicly available glaucoma datasets

as training set and tested on the remaining dataset selected from HRF and

Drishti-GS1. Other three datasets are sjchoi86-HRF [65], RIMONE [43], and

ACRIMA [66]. Based on the results, the authors conclude that ResNet-152 is

the best when a single classifier is used. The results for combining two or three

architectures are the same. Also, the majority voting fusion method shows a

better classification accuracy [67].
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3.2 Problems in existing machine learning based

glaucoma classification methods

In all of the above work, many common aspects can be seen. We will discuss

them under different topics, such as image data, preprocessing, augmentation,

features, classifiers, network training and evaluation. Overall, there are several

predominant limitations in the above studies. These limitations are identified

as gaps in our study, and we try to remove the gap by mitigating or improving

the scenarios.

3.2.1 Issues with respect to image data

In the existing literature, many approaches focus on analysing either a specific

region of interest (ROI) within an image through segmentation techniques, or

they examine entire retinal fundus images in their analyses. Previous studies

generally adopted one of these methods. In our preliminary investigation, we

employed both approaches by processing both the entire image and the ROI.

Most of the studies have tested their method against one dataset. All the

training, validation and test set images are gathered using a single camera.

Also, many of the methods we discussed above are tested and used with private

datasets that question the external validity of such a method. Furthermore,

the used datasets are relatively large, whereas we find smaller datasets in clin-

ical environments in the medical domain. Some of the public datasets contain

imbalanced data between classes. Usually, it is more difficult to find glauco-

matous images than non-glaucomatous images when collecting data. Due to

privacy and ethical considerations, the transfer of images within research cen-

ters or clinics is restricted. Hence, the dataset has fewer images in the class

we are more interested in. It is important to note that labelling the data uses

different methods such as considering multiple other tests, expert annotation

and aided by annotation software. Moreover, some datasets include glaucoma

suspects and glaucoma stages in the glaucoma class. All in all, there are dif-
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ferent ways we can test a certain method using multiple datasets to validate

usability.

One of the challenges in deploying deep learning models is their require-

ment for training on extensive datasets, typically consisting of hundreds of

thousands of images. In contrast, our models were trained on a relatively

small dataset comprising only a few hundred images. While adopting a gen-

erative AI approach to artificially augment our dataset was considered, our

objective was to replicate the actual clinical setting, where typically few im-

ages are available for glaucoma, compared to a larger number of images for

normal cases. Consequently, it was imperative to proceed without generat-

ing synthetic data. Therefore, we concentrated on adapting our algorithms

to work effectively with the available data, maintaining the integrity of the

original datasets without recourse to artificial augmentation. This approach

was central to our methodology, aligning with the specific conditions and lim-

itations of clinical environments.

3.2.2 Issues with respect to preprocessing methods

Image preprocessing is the steps taken to format images before using them in

model training and inference. Image enhancements, denoising and normalisa-

tion, are commonly applied using image processing techniques [68, 66, 47, 61].

It includes but is not limited to resizing, orienting, and colour modifications.

Afterwards, we can achieve an acceptable image to be fed into the network.

The most common preprocessing method found in glaucoma classification is

resizing which reduces the number of pixels in an image. It is important for

further processing because fundus data are often high-resolution images.

Furthermore, most existing machine-learning models require a specific im-

age size, such as 224 x 224 or 229 x 299. Hence, resizing has become an

essential preprocessing step in machine learning-based classification. Image

cropping is the second most common preprocessing method performed manu-

ally or automatically around the ONH of a retinal fundus image. It removes
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redundant information from an image and limits it to an ROI. Many of the

public datasets are centre cropped around ONH.

However, many other preprocessing techniques, such as image normalisa-

tion, histogram equalisation, and image filtering, have been applied. These

are mostly found in systems that use feature extraction-based methods. The

literature includes examples of using single or very few, i.e. two or three trans-

formations at once. Existing systems typically apply preprocessing methods

and augmentations randomly. The selection of operations and their parame-

ters can be optimised for better performance. However, there are possibilities

of applying multiple preprocessing methods at once as a combination.

3.2.3 Issues in image augmentation

Image augmentation is the manipulations applied to images to create different

versions of similar content to disclose the model to a broader array of train-

ing examples. Examples include randomly altering an input image’s rotation,

brightness, or scale. Thus a model considers what an image subject looks like

in various situations. Augmentation manipulations are forms of image pre-

processing, but they are different: image augmentation is only applied to the

training data, while image preprocessing steps are applied to training and test

sets. Thus, a transformation used as an augmentation step in some situations

may best be a preprocessing step in others.

Augmentation techniques are used in almost all the studies mentioned

above. The primary purpose of data augmentation is to increase the num-

ber of images in a dataset before training. It applies an image processing

technique to an image and adds the transformed image to the dataset. In

other words, augmentation enlarges a dataset by generating new data based

on the existing data. The most common augmentation techniques in glaucoma

detection systems, including random rotation, horizontal flip, and vertical flip,

are discussed by [48].

The literature includes examples of using single augmentations or very few,
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i.e. two or three transformations at once. They are usually random and need

to be optimised. One can apply augmentation online or offline. The offline

method, also known as static augmentation, adds new images to the dataset

before training, which can be stored for later use. Online or dynamic aug-

mentation, on the other hand, augments data at the beginning of the training

process when feeding the data into the machine learning model. Multiple aug-

mentation techniques can be simultaneously applied as a combination. Fur-

thermore, stacked transformations can serve as an augmentation method prior

to training a machine learning model.

3.2.4 Issues in feature extraction

Features play an important role in machine learning-based glaucoma classifi-

cation. There are medically important features such as CDR, which can be

calculated using the extracted OD and OC information from a fundus im-

age. Various methods have been suggested in the literature that utilise image

processing and segmentation techniques, such as clustering and unsupervised

learning. Other medically accepted features, such as retinal nerve fiber layer

(RNFL) thickness, can be calculated by segmenting nerves in a fundus image

[69]. However, since image segmentation is not the focus of our research, we

will not discuss them further.

Another type of features extracted using fundus image feature extraction

methods is statistical measures such as mean value, variance, standard devi-

ation of pixels etc. These values are calculated per image and stored as a

feature in a feature vector to be fed to a classifier.

Furthermore, spatial features are extracted to reduce the dimensions of

data. Fundus images usually contain RGB colour information in high reso-

lution. Texture, higher-order spectra, wavelet energy features, and pixel ori-

entation and density are commonly used based on image features. Applying

machine learning-based feature extraction can reduce the 2D feature space to

a 1D feature vector. Pretrained deep learning models without the top layer
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are commonly used as feature extractors.

In previous studies, systems for glaucoma classification were often designed

to utilize either image-based or statistical features [11]. Nevertheless, there ex-

ists the potential to enhance classification accuracy by concatenating different

types of features.

3.2.5 Issues with respect to classifiers

There are two types of classifiers in machine learning: shallow classifiers and

deep classifiers, based on shallow neural networks or architectures and deep

learning models, respectively. Shallow classifiers can be named SVM, Naive

bias, random forest, XGBoost, etc., while ResNet, EfficientNet, and Inception

are some deep learning models used as classifiers. Both types of classifiers

have been employed in the literature to classify glaucoma using retinal fundus

images.

From the studies listed in Section 3.1, [36, 40, 41, 42, 46] have employed

shallow classifiers in their research. Conversely, [47, 48, 51, 52, 55] utilised

deep classifiers in their studies. The former was used for testing the image

processing and feature extraction techniques, while the latter was used for

testing SOTA models for glaucoma classification using retinal fundus images.

Shallow classifiers usually require image processing and/or feature extraction

of images prior to classification, whereas deep classifiers include internal feature

processing but require more processing resources.

3.2.6 Issues in network training and evaluation

Most of the recent work studied above used various network hyper-parameters

such as learning rate, optimisers, metrics, number of epochs, batch size etc.

Every study occupied the SOTA values or algorithms when selecting them, but

most systems’ epochs were below 100 (25, 30, 50). The graphs of accuracy and

loss plotted against epochs show that they have yet to achieve stable results.

One example can be found in Figure 3.3, which uses 30 epochs to train the
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Figure 3.3: An example of unstable accuracy graphs [1]

network where the graphs are not converged or plateaued [1].

Also, most systems are trained with a single dataset and validated and

tested using the same dataset by splitting it into three, as illustrated in Figure

3.4. Therefore, a system always sees similar images in all three subsets and, on

average, results in higher training/validation/testing accuracy. It questions the

re-usability of a system with images from another camera. However, a handful

of experiments are done with single training and testing with another device,

but they are done on private datasets. Hence, we can not reproduce the results

and test the system in another environment. However, a few experiments are

performed on multiple device-based datasets, but the models are trained on a

combination of them and tested on a single device. By studying these systems,
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Figure 3.4: Standard method of train/validation/test splits using a single cam-

era/dataset.

we design our experiments to tackle the unseen domain problem.

3.3 Summary of review

Considering the shortcomings and gaps identified above, we design our research

and experiments to improve and mitigate the identified issues in Section 3.2.

First, we use images from various retinal fundus cameras widely used in

clinical environments. We gathered publicly available labelled datasets that in-

clude camera information. Some datasets contain ten to 1000 images per class

of glaucoma or non-glaucoma. Also, several datasets are highly imbalanced

as discussed in the Section 3.2.1, while others are relatively balanced. Using

those diverse and challenging datasets, we conducted multiple experiments to

train machine learning classifiers and tested them across different cameras.

Additionally, the experiment setups were designed such that the unseen

domain problem is addressed properly. For example, one of our experiments

uses images from three devices, each as train, validation and test set during

one training instance. Also, we shuffle the datasets and train the system for

each device’s data. Moreover, we used a combination of datasets in another

experiment to see the effect of using images from multiple devices to train a

system and test on a third device. Importantly, we compared the results of

these experiments against the same device scenario, keeping it as a baseline.
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These experiments were conducted to test the validity of preprocessing ap-

proaches that have never been applied to retinal fundus images in glaucoma

classification systems together as a combination. We tested three preprocessing

methods: median filtering, input standardisation and multi-image histogram

matching. Importantly, the third method was introduced in our study, and

it generates a transformed image similar to neural style transferring (NST).

We used combinations of these methods across training and testing data. The

experiments used pre-trained models as feature extractors of preprocessed im-

ages, and the features were used to train random forest and XGBoost classi-

fiers. We compare the results to select the best ones.

Finally, we extend the experiments to use NST, one of the most recent

methods that claim to work well with medical image segmentation tasks. The

idea was to apply the technique in test time to augment the images to match

the style of another dataset. We used publicly available pre-trained machine

learning models. However, those are tested only with one dataset that it

was trained on. We were interested in examining the performance of such

a method tested on multiple publicly available datasets derived in different

clinical environments.



Chapter 4

Comparing pre-trained neural

networks as feature extractors

This chapter explains the initial study conducted to compare multiple pre-

trained deep neural networks as feature extractors. We aimed to identify the

best feature extractor(s) and the best feature sets to train a shallow classifier

to experiment with the REFUGE training set. Testing the final system with

test data from the same dataset captured by a second camera reduced the

classification accuracy, establishing the background for our entire study.

4.1 Pretrained networks as feature extractors

In image processing, pattern recognition and machine learning, features are

identified as derived values built from a set of measured data. The features are

non-redundant but informative data representations that help future learning

and generalisation. Feature extraction and dimensionality reduction have a

strong relationship, as feature extraction usually results in reduced dimensions

[70]. Sometimes, algorithms require more time and memory to process large

input data. We can reduce features by removing redundant features, such

as repeated pixel values in an image and converting the input data into a

feature vector using feature extraction. As a result, the expected task can be

performed using the new representation instead of the initial complete data
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[71].

Feature extraction is a widely used technique in machine learning. It is

extremely helpful when working with high-resolution images. Retinal fundus

images are examples of high-resolution images with 1000-2500 pixels on each

edge of the picture. Pretrained machine learning models can be used as feature

extractors to get feature vectors having 512-4096 features.

Keras API [72] is a Python-based machine learning library that includes

26 pre-trained networks on the ImageNet dataset. The dataset has images

belonging to 1000 classes, considered benchmark a dataset in machine learning

classification. Publicly available weights of those pre-trained models can be

used to pass images through the model and generate features by removing the

top layer of the network. We use these features to train two classifiers and

predict glaucoma possibility in cross-validation experiments.

4.2 Classifiers

4.2.1 Logistic Regression

Logistic regression is a statistical model used in machine learning and most

medical field research. This classifier can model the probability of a certain

class against features in binary classification. Ahn et al. in [68] first used

logistic classification with fundus photographs collected from a clinical setting

using a non-mydriatic auto fundus camera (AFC-330, Nidek, Japan) with a

total of 1,542 photos. They cropped the photos at the optic nerve region with

a size of 240x240 pixels. Images were flattened to get a one-dimensional array

before inputting into the classifier. The model’s training accuracy was 82.9%,

and the AUROC was 0.85 [68]. However, they have not performed feature

extraction prior to classification. Since they used a private dataset, using

their results as a baseline or reproducing them is infeasible.
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4.2.2 Random Forest

Random forest is an ensemble learning-based classification method. It builds

an ensemble of decision trees at the training time and predicts the class by com-

bining the predictions of individual trees [73]. It computes the average of many

decision trees through bagging. Here, samples are chosen with replacement

(bootstrapping) and combined (aggregated) by taking their average. Bagging

is the shortened word for “bootstrap aggregation”. Random forests require

very little hyperparameter optimisation yet perform at near SOTA levels for

many problems.

A recent study has used random forest classifier-based techniques for glau-

coma detection, as stated in the previous chapter [42]. Another research by

Acharya et al. [12] in 2011 used a random forest classifier for glaucoma identi-

fication. They used ten trees with unlimited tree depth. Each tree “votes” for

one of the two classes and the most popular class is assigned. However, they

used a much smaller private dataset of 60 images to test the system for tex-

ture and higher-order spectral features after z-score normalisation and feature

selection and reported an accuracy greater than 91%.

4.3 Experiments

We designed an experiment to test 261 pre-trained machine learning models

as feature extractors for glaucoma image classification using two conventional

classifiers. The initial study aimed to compare different models and identify

the best feature extractor, best classifier and best feature representation. We

experimented with three steps: (1) data acquisition, (2) feature extraction and

(3) ten-fold cross-validation.

1There were only 26 models listed in https://keras.io/api/applications/ when this

study was initiated in 2020

https://keras.io/api/applications/
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4.3.1 Tools

The experiments were developed and executed in a server with an installed

Ubuntu 16.04.3 LTS operating system. We created a virtual environment that

uses Python 3.5. The libraries Keras API version 2.31 and scikit-learn version

0.22 were used as the main software packages to utilise feature extractors and

classifiers, respectively.

Keras is a high-level neural networks API written in Python capable of

running on top of TensorFlow. It was developed with a focus on enabling fast

experimentation. Keras has deep learning libraries that allow easy and fast

prototyping, support convolutional networks and run seamlessly on CPU and

GPU. This API is user-friendly, modular, easily extensible and works with

Python.

Scikit-learn (sklearn), on the other hand, is a Python-based free and open-

source machine learning library that includes many clustering, classification

and regression algorithms such as k-means, DBSCAN, gradient boosting, logis-

tic regression, support vector machines and random forests. It uses numerical

and scientific libraries such as NumPy and SciPy in Python.

4.3.2 Dataset

We used REFUGE01 [30] dataset to experiment with our proposed method.

A detailed description of the dataset is given in Subsection 2.4.1 under Section

2.4 in Chapter 2. The dataset includes whole retinal fundus images in three

sets, train, validation, and test, each having images belonging to two classes,

glaucoma and nonGlaucoma. In our experiments, we used the same ground

truth labels (glaucoma/healthy) as specified by the reference standard for Task

1 in the REFUGE challenge [30]. When performing the cross-validation ex-

periment, we rearranged the images by combining images of all three sets and

splitting them into two classes.
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4.3.3 Experimental setup

We executed multiple tests using whole and cropped images. We applied the

template matching technique to crop around the ONH to prepare the cropped

version of the images. The first image of the training set was manually cropped

to locate the template for ONH. The remaining images of the dataset were au-

tomatically cropped using the OpenCV version 4.3 [74] with the normalised

correlation coefficient method in the template matching algorithm. Each crop

image had three different cropping sizes, 480, 520 and 600 pixels vertically and

horizontally, and the ONH was placed at the top left corner of the cropped im-

age. This setting allows to capture RNFL defects in more detail than cropping

a square centered in the ONH [30]. To maintain the accuracy of the dataset,

I conducted a manual inspection of all cropped images to verify the correct

inclusion of the ONH. Figure 5.2 shows sample images of the four prepared

datasets.

(a) Full image (b) Crop1: 480x480px

(c) Crop2: 520x520px (d) Crop3: 600x600px

Figure 4.1: Sample images of dataset: raw image and cropped images around

optic nerve head.
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Secondly, we extracted features using 26 ImageNet [75] pre-trained deep

neural networks. A max-pooling layer replaced each model’s 1000-class clas-

sification layer (top layer). Features were extracted for the original and three

cropped images, and the feature vectors were stored separately. The saved

features of each cropped size were concatenated with the original features to

create expanded feature sets.

Lastly, we conducted ten-fold cross-validation experiments using original

and cropped image features (by themselves) and concatenated features (origi-

nal plus cropped, of one size only). There were 400 images in the REFUGE1

dataset creating 40 images per fold. The base classifier was either one of lo-

gistic regression or random forest models. Since the REFUGE1 dataset is

imbalanced, examples were weighted inversely according to label frequency to

balance the label distribution.

We composed the random forest model using 1000 estimators and ten max-

imum features. The logistic regression model used l2 regularisation and lib-

linear as the solver. The model was trained for 1000 iterations. Finally, we

obtained cross-validation prediction of the glaucoma class as an AUROC score

from each model to assess the overall performance of the classification algo-

rithm in a setting when a low number of false positives is tolerated [30]. Figure

4.2 illustrates an overview of the process.

4.4 Results and discussion

Our experiment results are summarised in Table 4.1 and Table 4.2, present-

ing data to four significant figures, consistent with the standards set by the

REFUGE challenge [30]. There, feature type Full refers to the features ex-

tracted from original uncropped fundus images. Crop1, Crop2 and Crop3

represent crop sizes 480×480px, 520×520px and 600×600px respectively. Fea-

tures generated after the concatenation of full features with each previous crop

size are denoted by Concat1, Concat2 and Concat3. Results only for the best
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Figure 4.2: Experimental setup: 26 feature extractors × 7 feature sets × 2

classifiers = 364 cross validation experiments in total.

feature extractor for each feature type are given out of all 364 cross-validation

experiments we performed.

Each feature extractor generated a certain number of features for full and

cropped images, and the concatenation has doubled this number. The random

forest model gave the best result of 0.9785 AUROC score when full features

were combined with the Crop1 image features extracted from ResNet101-V2.

However, the model shows an AUROC of ≈0.93 for each of the Concat2 and

Concat3 feature types as illustrated in the Tables.

On the other hand, the logistic regression model obtained the best AU-

ROC score of 0.9441 for full features combined with the Crop1 image features

extracted from ResNet50. Furthermore, it achieves an AUROC score of ≈0.94

for Concat2 and Concat3 features when they are extracted using DenseNet169.
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We compare all 26 feature extractors in Table 4.3 to show the median

AUROC value over each feature set or feature set combination. It can be

inferred that most feature extractors perform quite poorly compared to the

best feature extractor. However, both classifiers achieve the best results for

feature type Concat1.

All in all, features from the full feature set concatenated with the 480×480px

cropped feature set (Concat1) are the best configuration. It increases the AU-

ROC score dramatically, compared with the scores returned for individual crop

image size or full image features alone by a random forest classifier. Once the

features are extracted, the random forest classifier is better suited as a base

classifier of retinal fundus images than logistic regression.

Table 4.1: Results for the best feature extractor for each feature type of Ran-

dom Forest ten-fold cross-validation

Feature type Feature extractor Number of features AUROC

Full VGG19 512 0.9028±0.1312

Crop1 ResNet50V2 2048 0.9330±0.0953

Crop2 ResNet50V2 2048 0.9370±0.1906

Crop3 ResNet50V2 2048 0.9330±0.2859

Concat1 ResNet101V2 4096 0.9785±0.3812

Concat2 ResNet50V2 4096 0.9327±0.0615

Concat3 ResNet50V2 4096 0.9329±0.0615
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Table 4.2: Results for the best feature extractor for each feature type of Lo-

gistic Regression ten-fold cross-validation

Feature type Feature extractor Number of features AUROC

Full ResNet101 2048 0.9014±0.1172

Crop1 DenseNet169 1664 0.9308±0.1841

Crop2 ResNet152V2 2048 0.9214±0.1199

Crop3 ResNet101V2 2048 0.9045±0.0667

Concat1 ResNet50 4096 0.9441±0.0558

Concat2 DenseNet169 3328 0.9417±0.0917

Concat3 DenseNet169 3328 0.9398±0.1025

Table 4.3: Median AUROC values given by each classifier for 26 feature ex-

tractors

Feature type Logistic regression Random forest

Full 0.7969±0.0994 0.8487±0.1237

Crop1 0.8203±0.1488 0.8688±0.0559

Crop2 0.8060±0.1154 0.8757±0.0707

Crop3 0.8202±0.0753 0.8763±0.0805

Concat1 0.8539±0.1209 0.9285±0.0683

Concat2 0.8454±0.0957 0.8978±0.0795

Concat3 0.8461±0.0925 0.8918±0.0936

We took a step forward and tested our method on the REFUGE2 vali-

dation dataset. Glaucoma labelling information for the dataset is publicly

unavailable, but online testing can be done using the REFUGE Challenge

platform. However, the model’s performance in the second data set was poor,
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and the images were captured using a different camera whose camera model

information was hidden from the public. This conveys to take caution if test

images are from a different or unknown source and highlights the need to use

models primarily with images from cameras for which they have been trained.

Hence, in this background study, developing models robust to change in cam-

era is a potential topic for future research. The outputs of the initial study

were recently published with the title of “Comparison of pre-trained feature

extractors for glaucoma detection” [76].

4.5 Extended experiment

We extended the above experiment to extract features using pre-trained mod-

els “AlexNet” [77] and “MobileNetV3” [78] and to compare the results with

previous experiments. Our experiment results are summarised in Table 4.4.

The logistic regression model gave the best result of 0.9811 AUROC score

when full features were combined with the Crop3 image features extracted

from AlexNet. However, the model shows an AUROC of ≈0.95 for each of the

Concat1 and Concat2 feature types as illustrated in the Table. On the other

hand, the random forest model obtained the best AUROC score of 0.9721 for

full features combined with the Crop1 image features extracted from AlexNet.

Furthermore, it achieves an AUROC score of ≈0.95 for Concat2 and Concat3

features when they are extracted using AlexNet.

Updated tables 4.5 and 4.6 compare all 28 feature extractors to show the

best AUROC values over each feature set or feature set combination. It can

be inferred that the AlexNet feature extractor shows better AUROC for most

feature sets compared to the other feature extractors, including MobileNetV3.

Furthermore, the random forest classifier maintains the best results for feature

type Concat1. This enhanced performance is likely attributable to the absence

of redundant features in Concat1, which are present in the other two feature

types.
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The computational process utilised 6 GB of memory. The feature extrac-

tion phase required approximately 15 minutes to generate a single feature set

from the REFUGE1 dataset. Subsequently, feature concatenation was com-

pleted in an average time of 0.77 minutes. For the cross-validation, processing

one feature set through two function evaluations in the REFUGE1 dataset

took approximately 9.62 minutes.

Table 4.4: AUROC values given by each classifier for MMobileNetV3 and

AlexNet feature extractors

Feature Type
Feature Extractor: MobileNetV3 Feature Extractor: AlexNet

LogisticRegressionCV RandomForestClassifier LogisticRegressionCV RandomForestClassifier

Full 0.8406±0.1818 0.5311±0.1254 0.8809±0.0445 0.8888±0.1172

Crop1 0.8505±0.1063 0.5342±0.1247 0.9403±0.0736 0.9448±0.0105

Crop2 0.8542±0.2158 0.5090±0.1128 0.9045±0.0772 0.9364±0.1353

Crop3 0.8731±0.1680 0.5271±0.1375 0.9141±0.0676 0.9372±0.1244

Concat1 0.9206±0.0605 0.5185±0.1254 0.9608±0.0372 0.9721±0.0744

Concat2 0.9364±0.1606 0.5066±0.1499 0.9497±0.0563 0.9494±0.1223

Concat3 0.9594±0.1106 0.5244±0.1293 0.9811±0.0578 0.9592±0.0992

Table 4.5: Updated results for the best feature extractor for each feature type

of Random Forest ten-fold cross-validation

Feature type Feature extractor Number of features AUROC

Full VGG19 512 0.9028±0.1312

Crop1 AlexNet 4096 0.9448±0.0105

Crop2 ResNet50V2 2048 0.9370±0.1906

Crop3 AlexNet 4096 0.9372±0.1244

Concat1 ResNet101V2 2048 0.9785±0.3812

Concat2 AlexNet 8192 0.9594±0.1223

Concat3 AlexNet 8192 0.9592±0.0992
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Table 4.6: Updated results for the best feature extractor for each feature type

of Logistic Regression ten-fold cross-validation

Feature type Feature extractor Number of features AUROC

Full ResNet101 2048 0.9014±0.1172

Crop1 AlexNet 4096 0.9403±0.0736

Crop2 ResNet152V2 2048 0.9214±0.0144

Crop3 AlexNet 4096 0.9141±0.1199

Concat1 AlexNet 8192 0.9608±0.0372

Concat2 AlexNet 8192 0.9497±0.0563

Concat3 AlexNet 8192 0.9811±0.0578



Chapter 5

Comparison of preprocessing

methods against unseen domain

problem

Our study evaluates the effect of domain generalisation using three image

preprocessing methods over the accuracy of glaucoma detection algorithms

concerning different fundus camera devices. Images from three distinct fundas

cameras from different manufacturers, namely Canon CR-2, NIDEK AFC-210

and ZEISS VISUCAM-500, are used in our work. Sample images from three

cameras are shown in Fig 5.1.

The objective of this experiment is to compare the combinations of multiple

existing preprocessing methods in order to examine how well they improve

device domain adaptation for the task of glaucoma detection in retinal fundus

images. Random forest classifiers achieve the best accuracy among other base

classifiers with these types of images and image features in a previous study

[76]. Hence, we use the random forest as the base classifier in all experiments

to obtain accurate estimates of predictive performance.
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Figure 5.1: Images captured through Zeiss Visucam 500 (Left), Nidek AFC-

210 fundus camera with a body of Canon EOS 5D Mark II (centre), Canon

CR-2 (Right).

5.1 Preprocessing methods used in existing re-

search

Xiong et al. [27] have proposed a method named enhanced domain transfor-

mation to improve the problem of domain generalisation. The idea is that if a

transformed colour space presents the test data with an identical distribution

as the training data, the model formed should become more generalised. We

adopt this idea in our experiments by applying the matching of histograms to

test data using colour histograms computed using training data.

In addition, colour normalisation is a technique that can be used to process

retinal fundus images. A study conducted by Goatman et al. [79] concluded

that histogram matching is more effective than grey world normalisation and

histogram equalisation in the identification of four lesion types in diabetic

retinopathy screening.

In their study of the automatic detection of rare pathologies in fundus

photos, Quellec et al. used an image preprocessing technique to reduce depen-

dence on the device. First, the images are converted into YCbCr colour space

where Y is the luminance component and Cb, and Cr are the blue-difference

and red-difference chroma components. Then the Gaussian kernel is used for
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background removal in Y channel [2]. A blurred image is eliminated from the

Y channel that is more or less equal to mean removal. Their method had sim-

ilar results with transfer learning in the identification of glaucoma. We adjust

the method in our study by standardising the Y channel of each image to test

for camera dependency.

(a) raw image (b) preprocessed image

Figure 5.2: An example image to process an image as in [2]

The median filter is a nonlinear digital preprocessing technique, often used

to remove image noise [80]. Shoukat et al. used the median filter together with

the Gabor filter and adaptive histogram equalisation to design an automatic

method based on EfficientNet for early detection of glaucoma using fundus

images [81]. Their system performed above 90% accuracy for two indepen-

dently trained models using two public datasets. However, they did not test

the system across devices, which is a limitation of the study. In contrast, we

use median filtering with image standardisation as a preprocessing technique

by testing across each device in our study.

5.2 Methodology

Following are the three preprocessing methods we select for domain generali-

sation in fundus image classification to identify glaucoma.
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5.2.1 Median Filtering

Median filtering is a noise removal method commonly used in image processing.

More precisely, the median filter efficiently eliminates noise while preserving

the edges, especially the noise of salt and pepper. The algorithm works by

moving one window per pixel in the image and replacing each pixel value with

the median pixel value of its neighbours. For 2D data like images, the window

should include all entries in a given radius or ellipsoid region—the greater the

radius, the greater the smoothness. The first step is to compute the median by

sorting all pixel values in the window in decreasing or increasing order. Next,

it replaces the relevant pixel value with the median (mean) value [82]. We

applied this technique before applying the input standardisation, which will

be described in more detail in the 5.3.2.2 section.

5.2.2 Input Standardisation

The normalisation of appearance can be achieved by alleviating variations in il-

lumination across an image. This transformation can be carried out effectively

in YCbCr colour space. Cb and Cr are the blue-difference and red-difference

chrominance information, respectively, whereas the Y component holds the lu-

minance. Only the Y channel can be normalised while the other two channels

remain unchanged to respond to lighting variations. [2] describes a method

that uses a large Gaussian kernel to estimate the background of the image and

remove it from the Y channel to allow device-independent analysis. Then the

image is converted into RGB colour space.

Instead of subtracting a blurred version of the illumination channel, we

tweak this method by standardising the Y channel pixel values. The former

method removes features such as blood vessels from the optic cup, which may

result in a decrease in precision when compared to our way of standardisation.

In our approach of standardisation, an RGB image is first converted to the

YCbCr colour space and then divided into three channels.
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Afterwards, the illumination (Y ) is standardised using

Y ′ = K
(Y − Y)

σ(Y)
+ C (5.1)

where Y ′ is the standardised illumination; K and C are scalar constants and,

σ(Y) and Y refer to the standard deviation and the mean Y value respectively.

All classifications in this research were conducted in the RGB color space, so

to maintain consistency, we converted the input images to RGB after the

transition. The method’s applicability will be elaborated in Section 5.3.2.3.

5.2.3 Histogram Matching

Histogram matching, also known as histogram specification, is a technique for

generating images with a defined histogram [80]. It modifies the red, green,

and blue histograms independently to match the shapes of three specified

histograms from the channels of a certain target image. The primary objective

of histogram matching is to make the histogram-based statistics for an image,

such as exposure and colour distributions, identical to those of a reference

image, hence improving the effectiveness of some image processing algorithms.

Let ƒ be a channel in the target image and g be a channel in the reference

image. The basic technique for histogram matching is as follows: The cu-

mulative distribution functions cdƒ (ƒ ) and cdƒ (g) represent the cumulative

probability for each image across the range 0:255. The numbers cdƒ (ƒ) and

cdƒ (g) represent the likelihood that a pixel in images ƒ and g is less than

the grey value . To match ƒ , create a copy ƒ ′ of ƒ and modify each grey value

 in ƒ ′ so that cdƒ (ƒ ′) = cdƒ (g). In this manner, ƒ ′ has the same cdƒ

as g. If g is lighter than ƒ , for instance, ƒ ′ will be brighter than ƒ . If g is

darker than ƒ , then ƒ ′ will also be darker. Similarly, if the reference image has

a greater range of grey values than the target image, the range of grey values

of the target image will also be increased, etc.
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5.2.3.1 Randomised Multi-image Histogram Matching

In our study, we offer a unique technique that uses histogram matching as

a component: randomised multi-image histogram matching. The procedure

begins with a random selection of N images from the reference set. Then,

we apply histogram matching to the target image using one of the N images.

The generated image serves as the target for the subsequent iteration. The

two preceding steps are repeated for each reference image so that there are N

transformations. The iterative technique will transfer the overall appearance

of the target image in numerous steps, resulting in a composite histogram of

multiple reference images. Algorithm 5.1 depicts the proposed approach, while

Figure 5.4 provides an illustration of its use.

Algorithm 5.1 Randomised multi-image histogram matching

Input : T , a single target image drawn from the unseen domain test set

Input : TR, the set of training images from the seen training domain

Input : N, N ∈ Z+ ≪ |TR|

H← {1
TR
, 2
TR
, 3
TR
, ..., N

TR
} ⊂ TR ; // random subset

0
TT
← T for  = 1 . . . N do

 
TT
= matchHistogram( −1TT , 


TR
)

end

return N
TT

, the transformed target image

5.3 Experimental setup

We evaluate the accuracy of glaucoma classification using a single and combi-

nations of the preprocessing techniques described in Section 3. The procedure

included four steps: (1) selection of datasets, (2) selection and use of prepro-

cessing techniques, (3) feature extraction (4) training and testing of models.
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Table 5.1: Pipelines of preprocessing methods as train and/or test time

Method Train image preprocessing Test image preprocessing

(A) Standardisation Standardisation Standardisation

(B) Histogram matching NA Histogram matching

(C) Median filtering before standardisation Median filtering and standardisation Median filtering and standardisation

(D) Method (C) and histogram matching Median filtering and standardisation Histogram matching

(E) Standardisation and histogram matching Standardisation Histogram matching

Baseline No preprocessing No preprocessing

5.3.1 Datasets

The REFUGE and RIMONEr2 datasets were chosen for our study because

their photographs are labelled and publicly accessible for research. Detailed

descriptions of the two datasets are available in Sections 2.4.1 and 2.4.2.

Moreover, we refer to the subsets of images collected by the two devices as

REFUGED1 and REFUGED2, respectively. In our tests, we employed the

ground truth labels (glaucoma/non-glaucoma) given by the REFUGE chal-

lenge Task 1 reference standard [30].

5.3.2 Image Preprocessing

First, using the method described in [76], we centre cropped photos of the

REFUGE dataset around ONH to create images of size 480px by 480px.

RIMONEr2 images are already center-cropped around the optic nerve head

(ONH). To ensure consistency during testing, REFUGE images were similarly

center-cropped. Then, we used image standardisation, histogram matching,

and median filtering to the train/test data, as itemised in Table 5.1.

Figures 5.3, 5.4, and 5.5 display a set of sample images in accordance with

methods (A), (B) and (C), respectively.

5.3.2.1 Parameters of preprocessing methods

5.3.2.2 Median filtering

A series of tests was undertaken with a median filter applied in the RGB colour

space for each of the three channels individually, i.e. three times per image.
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Figure 5.3: Sample image before (left) and after (right) input standardisation:

Method(A).

The neighbourhood for the filter was picked from a window in the form of a

flat disc with a radius of five pixels.

5.3.2.3 Input standardisation

Using the Equation 5.1, images were standardised with the proposed technique.

Both K and C are variable scalar and additive constants, and we set their

values to 20 and 100, respectively. Values were obtained in repeated pilot

experiments using the trial and error method.

5.3.2.4 Multi-image histogram matching

Using histogram matching, we structured our experiments to normalise the

texture of test images to that of the training set. First, ten reference photos

per test image were selected at random from the training set. Subsequently, for

each test image, the histogram was updated with the histogram of a reference

image, and the procedure was done nine more times in succession. This step

was conducted for each of the image’s three channels. The number of reference

images (N) was determined by experimentation with various values such as 1,

2, 3, 5, 10, 15. Greater (N) values resulted in memory errors. Higher (N) values
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Figure 5.4: Top two rows: Target image (left, T in Algorithm 5.1) and three

random reference/ source images with histograms of each image (1
TR
. . . 3

TR
in

the algorithm). Bottom two rows: Target image (left) and intermediate images

created as Algorithm 5.1 executes. Shown are images 1
TT
. . . 3

TT
according to

the algorithm, and if N = 3, then the right, lowest image is the final output

transformed image.
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Figure 5.5: Sample image before (left) and after applying median filter (centre)

before input standardisation (right): Method(C).

also increase the processing time and may distort the text image, potentially

removing important features.

5.3.3 Network training and testing

After preprocessing according to one of the five techniques described in Table

5.1, features are extracted prior to learning using ResNet101V2 trained on

ImageNet [75]. On the basis of the findings of the preliminary study, we use

ImageNet-trained ResNet101V2 as the feature extractor. Particularly, the last

1000-class classification layer of the original network was replaced with a 2D

max pooling layer. Each image is analysed to extract 2048 features by the

network. Following the completion of feature extraction, we performed model

training and testing using the random forest as the classifier based on the

best results obtained in the preliminary investigation. As proposed by the

authors of the publication [76], 1000 estimators and ten maximum features

were utilised to determine hyper-parameters while building the random forest

model. “Maximum features“ is the number of features to consider at each split.

Importantly, we modify weights inversely proportionate to class frequencies in

order to balance the input data.

With each of the aforementioned image preprocessing techniques, we con-

ducted three types of experiments: (1) train on images from a single device



61

Figure 5.6: Advanced method of train/validation/test sets using two cameras.

and test on images from the other two devices separately; (2) set images from

two devices as the training set and test on the third device; and (3) train

and test on images from the same device as an “upper bound” for accuracy.

Henceforth, they are named Experiment 1, Experiment 2 and Experiment 3,

respectively. The overall data flow is shown in 5.6. Finally, we predicted

the class of glaucoma for each trial. The AUROC value for the test set was

obtained.

5.4 Results and Discussion

The outcomes of our experiments are summarised in Table 5.2. The first six

rows reflect Experiment 1, while the middle three rows display the outcomes

of Experiment 2. The lower three rows of the table display the upper limit

baseline findings, which is Experiment 3. REFD1 stands for REFUGED1,

and REF2 signifies REFUGED2. The dataset RIMONEr2 is indicated by the

notation RIM1. In addition, the rows of Table 5.1 match with the columns of

Table 5.2.

In Experiment 1, the model trained on REFUGED1 and tested on REFUGED2

had the greatest AUROC of 0.8870. When the input images are standardised,

this value is reached. In addition, this technique produces the best AUROC

(0.7501) for the RIMONEr2 test set trained on REFUGED1. This approach
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Table 5.2: Experimental AUROCs of preprocessing methods with random for-

est classifier

(key: REF1=REFUGED1, REF2=REFUGED2, RIM1=RIMONE)

Exp Train Test A B C D E Baseline

(1)

REF1 REF2 0.8870 0.7428 0.8870 0.6466 0.7169 0.7949

REF1 RIM1 0.7501 0.6961 0.7417 0.6916 0.6680 0.6923

REF2 REF1 0.8414 0.7300 0.8030 0.6647 0.7041 0.6984

REF2 RIM1 0.6272 0.8488 0.6040 0.5936 0.6227 0.5159

RIM1 REF1 0.9252 0.7415 0.9257 0.7138 0.7836 0.6760

RIM1 REF2 0.7940 0.8585 0.8083 0.6480 0.6699 0.5150

Average 0.8041 0.7696 0.7949 0.6597 0.6849 0.6487

(2)

REF2+RIM1 REF1 0.8803 0.7730 0.8807 0.7206 0.7339 0.6919

REF1+RIM1 REF2 0.8818 0.8059 0.8781 0.6155 0.7160 0.7071

REF1+REF2 RIM1 0.7306 0.8546 0.7364 0.6214 0.7232 0.6135

Average 0.8309 0.8112 0.8317 0.6525 0.7243 0.6708

(3)

REF1 REF1 0.8030 0.8247 0.7708 0.6771 0.9722 0.7595

REF2 REF2 0.9405 0.9410 0.9457 0.7196 0.7669 0.9436

RIM1 RIM1 0.9627 0.9216 0.9706 0.7828 0.8745 0.9368

Average 0.9021 0.8957 0.8957 0.7265 0.8712 0.8800

Overall Average 0.8457 0.8255 0.8408 0.6796 0.7602 0.7332

yields AUROC 0.8041 on average, which is the greatest among all methods.

This technique of standardisation delivers the greatest results when trained

on a single device. However, standardisation fails when a model is trained

on REFUGED2 and evaluated on RIMONEr2 with an AUROC of 0.6272:

histogram matching, however, considerably improved the results.

Experiment 2 was conducted by using training images from two devices

and testing images from a third device. When evaluated on REFUGED1 and

trained on the other two devices, the model achieves an AUROC of 0.8807.

Prior to standardising the input images in training and testing, we performed a

median filtering step. The average AUROC is 0.8317, which is an improvement

over Experiment 1 and the greatest average across all approaches. When there

are a greater number of datasets, this unique combination yields the greatest
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results.

In addition, we ran Experiment 3 to train and test using each approach on

the same device. Standardisation of the inputs with a median filter prior yields

corresponding AUROCs of 0.9457 for REFUGED2 and 0.9706 for RIMONEr2.

The test AUROC is 0.9722 when the train data are standardised, and test data

are histogram-matched on REFUGED1, suggesting that this setup is biased

towards REFUGED1. Given that the dataset comprises only 400 images, of

which merely 40 are categorised under glaucoma, these are distributed in an

80/20 split between the training and test sets. Consequently, multi-image

histogram matching repeatedly utilises the same images as reference, thereby

reducing randomness. However, the best AUROC average (0.9021) was gener-

ated for standardisation.

If images are not preprocessed, performance is severely impaired. In this

situation, Experiment 1 and Experiment 2 acquire AUROC values of 0.6487

and 0.6708, respectively, which are lower than the values given by all prepro-

cessed scenarios. Even when training and testing on the same device, the total

average baseline AUROC is 0.8800, which is the second-lowest accuracy in this

setting.

Standardising the input images is the optimal setup to conclude. It pro-

vides a higher average AUROC score than the results obtained by the random

forest classifier for other settings. Additionally, applying median filtering be-

fore standardisation improves outcomes. The findings of Experiment 1 demon-

strate that the histogram matching approach works better for RIMONEr2 and

REFUGED2. The outputs of Section 5.4 were recently published with the ti-

tle of “Domain generalisation for glaucoma detection in retinal images from

unseen fundus cameras” [83].
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5.5 Extended experiment

Boosting is a solid alternative for bagging. Instead of aggregating predictions,

boosters turn weak into strong learners by concentrating on where the indi-

vidual models went wrong. Here, individual models train upon the difference

between the prediction and the actual results, also known as the residuals.

Rather than aggregating trees, gradient-boosted trees learn from errors during

each boosting round.

XGBoost shortens “eXtreme Gradient Boosting.” The term “eXtreme”

denotes speed enhancements such as cache awareness and parallel comput-

ing, making the XGBoost nearly ten times faster than conventional gradient

boosting. XGBoost includes a unique algorithm to find the best splits that op-

timise trees and an in-built regularisation for reducing overfitting. In general,

XGBoost is a faster and more accurate version of Gradient Boosting.

XGBoost has been outperforming random forests in many applications re-

cently, and we are considering performing experiments to evaluate its perfor-

mance in glaucoma classification against device dependency. The experiment

setup is similar to that of Subsection 5.3 with two alterations where the fi-

nal layer of the feature extractor is replaced with an average pooling layer,

and the classifier is replaced with the XGBoost. In contrast to max pooling,

which has the potential to discard valuable information by exclusively selecting

the maximum value, average pooling preserves a summary of the entire patch,

thereby potentially retaining pertinent contextual details that might otherwise

be overlooked. Table 5.3 shows the outcome of the experiments.

In experiment (1), the highest AUROC of 0.8890 is given when the model

is trained on REFUGED1 and tested on REFUGED2. This value is when

the input images are applied with median filtering before being standardised.

Furthermore, this method gives the best AUROC (0.8729) for the RIMONEr2

as the training set tested on REFUGED1. The standardisation method gives

AUROC 0.8144 on average, which is the highest among others. This standard-

isation method gives the best results when trained on a single device. However,
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Table 5.3: Experimental results of preprocessing methods with XGBoost clas-

sifier

Exp Train Test A B C D E Baseline

(1)

REF1 REF2 0.8560 0.6946 0.8890 0.6906 0.6121 0.8182

REF1 RIM1 0.7818 0.6303 0.7481 0.6954 0.5893 0.7063

REF2 REF1 0.8790 0.7361 0.7667 0.6865 0.7378 0.7321

REF2 RIM1 0.6614 0.8333 0.6153 0.5994 0.5513 0.4252

RIM1 REF1 0.8418 0.7313 0.8729 0.7762 0.7370 0.8503

RIM1 REF2 0.8663 0.8128 0.8135 0.7414 0.5773 0.6486

Average 0.8144 0.7397 0.7842 0.6982 0.6341 0.6968

(2)

REF2+RIM1 REF1 0.8458 0.7483 0.8376 0.7834 0.7667 0.8840

REF1+RIM1 REF2 0.8788 0.8060 0.8402 0.6829 0.6101 0.7665

REF1+REF2 RIM1 0.7551 0.8123 0.7360 0.6119 0.6625 0.6347

Average 0.8266 0.7889 0.8046 0.6927 0.6798 0.7617

(3)

REF1 REF1 0.9948 0.8628 1.0000 0.7740 0.7517 0.9670

REF2 REF2 0.9870 0.9427 0.9852 0.8056 0.6970 0.9701

RIM1 RIM1 0.9578 0.8686 0.9534 0.6451 0.7936 0.9554

Average 0.9799 0.8914 0.9796 0.7416 0.7475 0.9642

Overall Average 0.8736 0.8067 0.8561 0.7108 0.6871 0.8075

standardisation fails when a model is trained on REFUGED2 and tested on

RIMONEr2 with an AUROC of 0.6614.

Experiment (2) was performed by setting up training images from two de-

vices and testing on the third device. The model gives testing 0.8840 AUROC

when tested on REFUGED1 and trained on the other two devices but with-

out any preprocessing method applied. The average AUROC is 0.8266, an

improvement from the experiment (1), which is also the highest average given

by standardisation compared to other methods.

Furthermore, we conducted the baseline experiment (3) to train and test

on the same device using every method. Standardising the inputs gives 0.9870

and 0.9578 AUROC for REFUGED2 and RIMONEr2, respectively. Standar-

dising the train data with the median filter prior on REFUGED1 sets the test
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AUROC for 1.0000. However, the best average AUROC (0.9799) was given

for the standardising.

In summary, standardising the input images is the best configuration. It

gives an overall higher average AUROC score compared with the scores re-

turned for other settings by the XGBoost classifier. Also, applying median fil-

tering prior to standardising gives better results. Furthermore, the Histogram

matching method is biased towards RIMONE and REFUGED2, as shown by

the results in experiments (1) and (2).

Comparing the classification results of random forest and XGBoost, the in-

put standardisation preprocessing method outperforms both classifiers. Impor-

tantly, the overall best average was increased in XGBoost compared to random

forest. Also, median filtering applied prior to standardisation achieves com-

parable results in both classifications. However, preprocessing methods that

involve histogram matching failed with XGBoost classification, indicating that

the choice of preprocessing method and the classifier may have a correlation.

The preprocessing of an image, which involved a combination of multi-

image histogram matching, input standardization, and median filtering, re-

quired approximately five seconds. The durations for feature extraction and

classification were comparable to those reported in Chapter 4.



Chapter 6

Surrogate optimisation of deep

stacked transformation

This chapter uses deep stacked transformation (DST) as an augmentation

method. Existing literature limits the use of single transformation or a few

random transformations when augmenting images in glaucoma classification.

However, by utilising DST, we introduce a proper method for selecting a se-

quence of transformation operations and their parameters through optimisa-

tion techniques.

6.1 Methodology

6.1.1 Deep stacked transformation

Deep stacked transformation, abbreviated DST, was originally introduced by

Zhang et al. to segment MRI and ultrasound images [84]. They gathered

several datasets from one domain and trained and validated their approach

using only one dataset. Finally, they tested against each of the remaining

datasets. Prior SOTA results were included for comparison, and the baseline

results with no DST applied were also included. Their results have achieved

SOTA, which implies that their method is successful in domain generalisation

in medical image segmentation.
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DST is a sequence of n stacked transformation as shown in Algorithm 6.1.

Each transformation is an image processing function with two parameters: (1)

the probability p of applying the function and (2) the magnitude m of the

function.

Algorithm 6.1 Deep stacked transformation
Input: 

Output: n = trnsƒorm()

Function transform():
1 = operton1(, p1)

2 = operton2(1, p2)

.

.

.

n = opertonn(n-1, pn)

return xn
End Function

The original DST research paper used nine transforms: three from each

of image quality (sharpness, blurriness, and noise level), appearance (bright-

ness, contrast, and intensity perturbation), and spatial configuration (rotation,

scaling, and deformation). The authors of the above study performed all the

operations with an equal probability of 0.5, but they state that the probabili-

ties can be the same or different for each operation. Magnitudes and/or their

ranges were chosen based on the transformation. Also, the order of transforms

does not have to be fixed.

We hypothesise that applying DST will increase the cross-domain glau-

coma classification accuracy. Hence, we apply a set of transformations in a

sequence, first with default 0.5 probability and then experiment on optimis-

ing the probability of each operation using different approaches such as local

search and surrogate optimisation.
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6.1.2 Local search optimisation

Local search is a heuristic method for solving computationally hard optimisa-

tion problems. It can be used on problems that are formulated for finding a

solution maximising a criterion from a number of candidate solutions. Local

search algorithms explore the search space by applying local changes until an

optimal solution is found or exceeds a given time constraint.

Hill-climbing is a mathematical optimisation technique that is a type of

local search. The iterative algorithm starts with a random solution (or pre-

defined default solution) to a problem and tries to find a better solution by

making an incremental change to the current solution. If it succeeds, the new

solution is incrementally changed, and so on, until no further improvements

can be found or if it exceeds the maximum number of iterations.

In our experiments, we used the hill-climbing approach to find the optimal

probabilities of the DST operations. First, we tried systematically increment-

ing the probability by 0.1, starting from 0 to 1. However, lower values resulted

in poor performance of glaucoma classification. Hence, we start at all the

probabilities set to 0.5 and update it by adding Gaussian noise. The pseudo

code for the algorithm is presented in Algorithm 6.2.

After trying different numbers such as 1, 20, 50, 100 and 150, the number

of iterations was set to 100, where 150 caused a memory error. The datasets

used in this study varied in the number of images they contained. Conse-

quently, the number of iterations was carefully selected to accommodate all

datasets. Furthermore, the experiments were conducted using shared remote

servers and online platforms, such as Google Colaboratory1, to facilitate par-

allel processing. This setup necessitated choosing the minimum number of

iterations necessary to achieve the highest possible accuracy, considering the

constraints on network bandwidth and memory availability.

1https://colab.research.google.com/

https://colab.research.google.com/
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Algorithm 6.2 Policy optimisation using local search algorithm

Input: data − > trainData from device1, valData from device2

Input: policy − > list of operations with magnitudes and probability=0.5

Output: best < − policy5

local variables: model < − model to be trained, initially trained on Ima-

geNet

Function search(dt, pocy):
VALAUC[best] < − train and evaluate on best

for repeat 100 times do

current < − best with added random noise to probability using Gaus-

sian distribution

train the model with current policy

trained on augmented train data

validated on unaugmented val data

pick the best model with the highest val auc

VALAUC[current]

if VALAUC[current] > VALAUC[best] then

best < − current

end

return best
End Function

6.1.3 Surrogate optimisation

A surrogate is a function that approximates another function. It attempts to

find a global minimum of an objective function within a few evaluations of

the function. The algorithm tries to balance the optimisation process between

exploration and speed. Former searches for a global minimum, while the latter

obtain a good solution in a few objective function evaluations. The stopping

criterion that stops the solver near a global solution can be set to a number of

function evaluations, a maximum allowed CPU time, or a maximum number

of failed iterative improvement trials and take the best solution found within

the computational limit.

Surrogate optimisation algorithms, in general, consist of four components:
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(1) optimisation problem, (2) experimental design, (3) surrogate model and (4)

strategy. The optimisation problem consists of all the available information

about the problem, such as dimensionality, variable types, objective function,

etc. Experimental design, on the other hand, generates the initial set of points

for building the initial surrogate model. A surrogate model is used when an

outcome of interest cannot be easily computed, so an approximate mathemat-

ical model of the outcome is used instead. It approximates the underlying

objective function using models such as radial basis function (RBF), SVM, ar-

tificial neural networks (ANN), Bayesian networks, etc. Finally, the strategy

refers to the algorithm that chooses new evaluations after the experimental

design has been evaluated [85]. The general flow of a surrogate optimisation

algorithm can be given as follows2.

Inputs: Optimisation problem, Experimental design, Optimisation strat-

egy, Surrogate model, Stopping criterion

1. Generate an initial experimental design

2. Evaluate the points in the experimental design

3. Build a Surrogate model from the data

4. Repeat until the stopping criterion met

(a) Use the strategy to generate new point(s) to evaluate

(b) Evaluate the point(s) generated using all computational resources

(c) Update the Surrogate model

Outputs: Best solution and its corresponding function value

6.2 Experimental setup

We designed our experiments to test DST’s generalisability while optimising

the transformations’ probabilities. We selected 12 transformations and ranges

2https://pysot.readthedocs.io/en/latest/surrogate_optimization.html

https://pysot.readthedocs.io/en/latest/surrogate_optimization.html
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Figure 6.1: Proposed method of train/validation/test sets using three cameras.

of magnitudes by studying relevant research, expert suggestions and pilot test-

ing3.

We used the same datasets and the initial cropping around ONH as de-

scribed in Section 5.3.1. The described datasets include images from three

different fundus cameras. Hence, we considered images from a certain device

to be the training set, another one to be the validation set and the remain-

ing one to be the test set, as shown in Figure 6.1. We repeated the training

process for each combination of three cameras, six in total. Furthermore, we

monitored the sensitivity at the specificity of the validation set to report the

performance.

6.2.1 Tools

We used several machine learning and related software packages when perform-

ing the experiments based on the compatibility and easiness of using them.

TensorFlow 2.10 [86] was used as the machine learning library to train the

models. Albumentations library [87] and pySOT [85] were used as DST and

surrogate optimisation libraries.

3https://demo.albumentations.ai/

https://demo.albumentations.ai/
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6.2.1.1 Albumentations

Data augmentation is a set of techniques that increase the size and quality

of training datasets so that better deep learning models can be trained using

them [88]. Albumentations is a widely used library to augment computer

vision and deep learning-related research areas. It is a fast image augmentation

library and easy to use wrapper around other libraries. Fast augmentations

can be done as it is based on a highly-optimised OpenCV library. Simple

but powerful interfaces and modules are for separate tasks like classification,

detection, segmentation, etc. Furthermore, it is easily customisable and easy

to add other frameworks such as TensorFlow and PyTorch to the library.

There are more than 100 transforms that belong to one of the pixel-level

or spatial-level transforms. Some are included in the domain adaptation mod-

ule, some are in the functional module, and the rest are in the transforms

module. We used 12 transforms altogether: Contrast Limited Adaptive His-

togram Equalization (CLAHE), rotation, transpose, fancy PCA, randomly

changing the hue, saturation and value of the input image, horizontal flip,

channel dropout, emboss, random change of brightness and contrast, inverting

the image, RGB shift where randomly shifting values for each channel of the

input RGB image, and image normalisation.

The list of transforms and magnitudes are summarised in Table 6.1. We

arbitrarily selected the number of transforms which exceeds the one in [84].

Despite lacking parameter values, the transformations Transpose, Horizon-

talFlip, and InvertImg were selected due to their practical implications. The

Transpose transformation can alter the orientation of an image from portrait

to landscape, or vice versa. This is particularly beneficial for ensuring that

images adhere to the expected input size and orientation of a neural network

architecture. HorizontalFlip is generally less disruptive; it mirrors the image

content horizontally without altering its vertical structure. InvertImg, on the

other hand, creates high-contrast visuals. This can be advantageous in ap-

plications such as devices that offer a dark mode, where image inversion may
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Table 6.1: DST transforms and parameter values as defined in Albumentations

library. The value of the parameter “always apply“ of every transform was set

to False with the value of “p“ was changed during the execution of the DST.

Transform Parameter values

CLAHE clip limit=4.0, tile grid size=(8, 8)

Rotate limit=20

Transpose Transpose the input by swapping rows and columns

FancyPCA alpha=0.1

HueSaturationValue hue shift limit=20, sat shift limit=30, val shift limit=20

HorizontalFlip Flip the input horizontally around the y-axis

ChannelDropout channel drop range=(1, 1), fill value=0

Emboss alpha=(0.2, 0.5), strength=(0.2, 0.7)

RandomBrightnessContrast brightness limit=0.2, contrast limit=0.2, brightness by max=True

InvertImg Invert the input image by subtracting pixel values from 255

RGBShift r shift limit=20, g shift limit=20, b shift limit=20

Normalize mean=(0.485, 0.456, 0.406), std=(0.229, 0.224, 0.225), max pixel value=255.0

help in reducing glare.

6.2.1.2 pySOT

Surrogate Optimization Toolbox (pySOT) is designed for global deterministic

optimisation problems. The toolbox’s main purpose is to optimise computa-

tionally expensive black-box objective functions with continuous and/or dis-

crete variables. All variables should have bound constraints in some form but

could not be infinity. Tight bounds make the algorithm efficient as it reduces

the search space and increases the quality of the built surrogate.

In our experiment, we use pySOT to find the optimal probability values

of transforms in DST. RBFInterpolant4 was used as the surrogate model with

SRBFStrategy5 to explore the search space between 0.0 and 1.0 (probability).

The experimental design SymmetricLatinHypercube6 generates 26 sampling

points initially, calculated using 2 x 12 + 1, where 12 is the number of trans-

4https://rbf.readthedocs.io/en/latest/interpolate.html
5https://pysot.readthedocs.io/en/latest/options.html#srbfstrategy
6https://pysot.readthedocs.io/en/latest/options.html#

symmetriclatinhypercube

https://rbf.readthedocs.io/en/latest/interpolate.html
https://pysot.readthedocs.io/en/latest/options.html#srbfstrategy
https://pysot.readthedocs.io/en/latest/options.html#symmetriclatinhypercube
https://pysot.readthedocs.io/en/latest/options.html#symmetriclatinhypercube
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Table 6.2: Classification accuracy after surrogate optimisation vs. local search

optimisation of DST parameters

Dataset Surrogate optimisation Local search optimisation

Train Validation Test Validation AUROC Test AUROC Validation AUROC Test AUROC

RIMONE REFUGED1 REFUGED2 0.9225 0.9050 0.9325 0.9063

RIMONE REFUGED2 REFUGED1 0.9337 0.9101 0.9525 0.8375

REFUGED1 RIMONE REFUGED2 0.9440 0.9112 0.8813 0.8525

REFUGED1 REFUGED2 RIMONE 0.9287 0.8473 0.9425 0.9253

REFUGED2 RIMONE REFUGED1 0.8945 0.8900 0.8512 0.8300

REFUGED2 REFUGED1 RIMONE 0.9400 0.9220 0.9400 0.8626

forms. The maximum number of function evaluations was set to 100 to match

with local search optimisation.

6.3 Results and discussion

We reported AUROC for validation and test sets using the proposed new

train/val/test set preparation method by comparing surrogate optimisation

and local search optimisation. The results are shown in Table 6.2.

Comparing local search optimisation and surrogate optimisation of DST pa-

rameters, surrogate optimisation shows better classification accuracy on aver-

age, with 0.9272 and 0.8976 AUROCs for validation and test data, respectively.

In contrast, the values were 0.9167 and 0.8690 for local search optimisation.

These values represent an average of ten executions of the experiment.

When comparing the accuracy based on the training dataset, the classifier

achieved an average test AUROC of 0.8976 in the surrogate and 0.8690 in local

search optimisation methods. The highest test average AUROC of 0.9075 was

shown by the model for the surrogate method with RIMONE as the training

set, and the value was 0.8719 for the local search method. The model gave

average test AUROCs of 0.9060 and 0.8463 when it was trained by REFUGED2

data, keeping the surrogate method the best optimisation technique. However,

The model performed slightly well under local search optimisation when the

training set was REFUGED1 with 0.8793 and 0.8889 as average test AUROCs
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on the REFUGED2 and RIMONE datasets, but the numbers are almost the

same.

The model gave a test accuracy of 0.9000 when the DST parameters were

optimised by the surrogate method, but the value was reduced to 0.8338 when

the local search method was used with REFUGED1 as the test set. Similarly,

0.9081 and 0.87938 were the reported values for REFUGED2 as the test set.

The surrogate optimisation technique has produced better-optimised parame-

ters than the local search for REFUGE data. However, the results swapped

when the model was tested using RIMONE with AUROC values of 0.8846 and

0.8940 by respective optimisation techniques.

It should be noted that RIMONE is a nearly balanced dataset compared to

REFUGE and that REFUGED2 consists of twice the data size as REFUGED1.

Also, we have used two different datasets in the training phase for training

and validation, respectively. Hence, the model was exposed to an unseen

domain while training, creating a more complex training environment. Also,

the validation dataset was not preprocessed or balanced during the training

time. However, one can balance the validation dataset to see the accuracy

difference. Nevertheless, it may negatively affect the unseen domain problem,

where an actual clinical environment may have heavily imbalanced datasets.

In the context of memory resource utilisation and runtime performance, the

experiments detailed in this chapter were conducted within an Ubuntu server

environment, leveraging GPU capabilities. Specifically, the NVIDIA GeForce

RTX 3080 GPU [89] was employed for the experimental procedures. Across

the various experiments, the average processing time to handle one dataset and

attain results stood at approximately 3.0 hours. This duration encapsulates

the entirety of each experiment’s execution cycle, from data preprocessing

through model training to result evaluation.



Chapter 7

Neural style transfer for domain

generalisation

7.1 Introduction

Neural style transfer, abbreviated NST, is an optimisation technique that

blends two images; a content/target/input image p with a style reference im-

age a. The output image x will look like the content/target image that is

“painted” in the style of the reference image [90]. The algorithm can opti-

mise the output image in two types of statistics, namely, content statistics

and style statistics which come from the content image and the style reference

image, respectively [90]. NST is based on texture synthesis algorithms based

on histograms. They use the CNN features to perform the synthesis, where

the underlying CNN is specifically trained for object detection.

The algorithm requires an input image p and an example style image a.

First, the image p is provided through the CNN, and network activations

are sampled at a late convolution layer of the network architecture. Assume

C(p) be the resultant output sample, named the ‘content’ of the input p.

Then, the style image a is provided through the CNN, and network activations

are sampled at the network architecture’s early to middle convolution layers.

Assume S(a) be the encoded Gram matrix representation of these activations,
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named the ‘style’ of a. Neural style transfer synthesises the output image x

that shows the content of p applied with the style of a, i.e.

C() = C(p)

and

S() = S()

x is gradually updated iteratively by an optimisation to minimise the loss

function error:

L() = |C() − C(p)| + α|S() − S()|

where, |.| is the L2 distance. The constant α controls the level of stylisation

effect [91].

Figure 7.1 shows a graphical illustration of NST algorithm. Key concepts

of NST can be given as follows [90].

1. Content Image: The image whose overall structure and content will

be preserved in the final output.

2. Style Image: The image whose textural elements are to be mimicked

in the final output.

3. Convolutional Neural Network (CNN): A pre-trained network like

VGG is used. The CNN is not trained to create new images, but rather

to differentiate and characterise style and content from existing images.

4. Feature Extraction: The CNN processes both the content and style

images, extracting information about the content from certain layers and

style information from various layers across the network.

5. Loss Functions: There are two main loss functions used in style trans-

fer:

(a) Content Loss: Measures how much the content of the output

image differs from the content of the content image. This is usually
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calculated using the feature maps from one or more layers deep in

the network where high-level features are captured.

(b) Style Loss: Measures the difference in style between the output

image and the style reference. This involves comparing the correla-

tions between different sets of features across the layers of the CNN,

which capture the textures and colors that represent the style.

6. Optimization: Starting from a noise image (or sometimes the content

image itself), the algorithm iteratively updates the pixels of the initial

image to minimize both content and style loss. This optimizes the image

to resemble the content of the content image while adopting the style of

the style image.

7. Total Variation Loss: Sometimes an additional loss function is used

to encourage spatial smoothness in the final output, ensuring that the

generated image does not have too much high-frequency content which

can result in excessive noise.

The NST technique has been utilised in related research for generating

synthetic images or augmenting datasets in segmentation tasks [92, 93]. We

propose using it as a preprocessing method. Application of NST on a sample

fundus image is shown in Figure 7.2.

7.2 Methodology

7.2.1 GlaucomaNet: A Custom CNN

CNN was first introduced by LeCun et al. in 1990 [94]. The convolution

block is CNN’s main building block that includes several layers in one block.

As shown in the CNN architecture diagram in Figure 7.3, input, convolution,

and pooling layers do the feature extraction while fully connected and output

layers perform the classification.
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Figure 7.1: Outline of NST

Figure 7.2: Outline of NST
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Figure 7.3: Outline of CNN

We designed a custom CNN named GlaucomaNet that performed well for

the selected datasets. The first half of the network comprises the input layer

followed by six convolution blocks. Each of the last five convolution blocks has

a 2D convolutional layer, a batch normalisation layer and a 2D max pooling

layer. There is a global max pooling layer following the convolution blocks.

A fully connected layer follows it. All the convolutional and dense layers

use rectified linear unit as the activation function. The output layer with the

softmax function classifies the images into glaucoma and non-glaucoma classes.

Figure 7.4 shows a graphical visualisation of the model architecture. In

comparison to the custom CNNs discussed in Subsection 3.1.2, the proposed

model integrates a batch normalization layer within each convolutional block.

Moreover, this model is capable of processing larger input sizes than those

handled by related models.

7.2.2 Experimental setup

This section aims to study the effect of combining selected preprocessing meth-

ods on the unseen domain problem in glaucoma classification. The methods

under consideration are (1) image normalisation, (2) deep stacked transforma-

tion and (3) neural style transfer. Furthermore, different classification meth-
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ods were used, such as (1) GlaucomaNet, (2) random forests and (3) XGBoost.

Decision trees are used with feature extraction by ImageNet-trained AlexNet

prior to classification. Reference style images were randomly selected from the

ACRIMA dataset. Moreover, the hyperparameter values of the classifiers were

chosen based on previous Chapters 4 and 5.

We conducted 48 experiments with different parameters of the above meth-

ods, as shown in Table 7.1. A set of experiments were executed with and with-

out applying image normalisation and deep stacked transformation. Each of

them had NST applied with four values of alpha: the parameter which deter-

mines the transfer level. The alpha was systematically chosen as none, 0.0, 0.5

and 1.0. A higher α value increases the emphasis on retaining content details

in the output image [90].

Table 7.1: Parameter values of each preprocessing method

Preprocessing method Parameter Values

Image normalisation Applied Yes/No

Deep stacked transformations Applied Yes(probability = 0.5)/No

Neural style transfer Alpha None/0.0/0.5/1.0

Together with three classifiers, there were 48 settings (2x2x4x3), and each

experiment was repeated for each train/test combination of three datasets. In

addition, we conducted a set of experiments with a combination of all three

datasets to use them as a baseline.

We monitored the classification accuracy using AUROC. We conducted a

statistical test to compare method combinations to identify interesting pat-

terns and insights to find a proper algorithm for glaucoma classification with

removed device dependency.
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7.3 Results and discussion

Among many statistical tests such as Z-test, t-test, ANOVA test, and chi-

square test, we selected the student’s t-test to compare each classification

model under the above settings as it is the most common test for comparing two

methods. Also, box plots were useful for graphically visualising the AUROCs

compared to different models.

7.3.1 Box plots with respect to preprocessing setup

Each figure of multiple box plots compared the test AUROC values of three

classifiers for each preprocessing method combination. An individual box plot

contains AUROC values for six dataset combinations under each setting. We

report only the best combinations in identifying the best methods and classi-

fiers according to the maximum AUROCs.

The results are shown in Figures 7.5 and 7.6. In plots, the orange hori-

zontal line in each box shows the median value, and the green triangle shows

the mean value. The white circle is an outlier. The x-axis represents classi-

fiers GlaucomaNet, random forests, and XGBoost stated as cnn, rfc and xgb,

respectively. On the other hand, the y-axis is the AUROC.

As shown in Figure 7.5, the GlaucomaNet gave its best classification ac-

curacy over all six combinations of train and test data when (1) the data are

not normalised, (2) deep stacked transformation applied with a probability of

0.5 and (3) neural style transfer applied at a level of 0.5. The median and

mean values were above 0.8, and all the test AUROC values were above 0.7.

However, the other two classifiers failed to perform at the given settings.

XGBoost, on the other hand, gave its best classification accuracy over all

six combinations of train and test data when all the above preprocessing steps

were not applied. Like GlaucomaNet, the median and mean values were above

0.8, and all the test AUROC values were above 0.7. However, the other two

classifiers failed to perform adequately at the given settings, as illustrated in
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Figure 7.6.

When compared with the other two classifiers, random forests were not

performing at an acceptable level under any setting. For example, the box

plots corresponding to random forests are the minimum values in both graphs

above.

7.3.2 Student’s t-Test

Student’s t-test is another statistical test used for comparing different tech-

niques. It tests for the null hypothesis to determine the better technique

among two. We compared each classifier against every other under each set-

ting using the t-test. The degree of freedom was chosen as five because each

setting had six AUROC values in six data combinations. The dataset combina-

tions used for training and testing are as follows: RIM1/REF1, RIM1/REF2,

REF1/REF2, REF2/REF1, REF1/RIM1, and REF2/RIM1. These combi-

nations represent different configurations in which one dataset serves as the

training set and the other as the test set. The results (>1.0) are shown in

Table 7.2.

Table 7.2: t-values and p-values of student’s t-test

isNorm isDST Alpha Classifier 01 Classifier 02 t-value p-value

TRUE FALSE 1 GlaucomaNet XGBoost 1.305 0.2022

FALSE TRUE 1 GlaucomaNet XGBoost 1.181 0.2472

TRUE FALSE 1 GlaucomaNet Random Forest 1.155 0.2575

TRUE TRUE 1 GlaucomaNet XGBoost 1.118 0.2727

FALSE TRUE 1 GlaucomaNet Random Forest 1.017 0.3176

The best t-values were given when GlaucomaNet was compared with other

methods. Specifically, the results of the t-test confirm the best results given by

box plots under the same setup. According to the table of t-values by degrees

of freedom (dof) and the desired probability that the Null should be rejected

for 2-tailed t-tests in Appendix B, to verify that the null should be rejected



85

with a 95% probability, it requires a t-value larger than 2.045. However, the

maximum t-value of 1.305 resulted in the experiment being below the threshold

value. The corresponding p-value is 0.202, and the result is insignificant as the

p-value is greater than 0.05.

However, the results show several limitations that reduce the classification

accuracy. One example is that deep stacked transformation was applied under

a default setting of 0.5 probability to keep the probability constant in vari-

ous preprocessing setups. Transformations are applied in various magnitude

ranges, which may be suitable for one dataset but not others. Also, the prob-

ability of 0.5 is applied for all the twelve selected transformations. Hence, the

number of transformations, the selection of transformations, and their magni-

tudes and probabilities will impact the classification accuracy, which can be

achieved by policy optimisation.

According to the results of the student’s t-test, GlaucomaNet seemed to be

performing well compared to XGBoost, but the test does not disprove the null

hypothesis. This may be because of the less number of trials performed due

to limited resources. We only performed 30 times which is better if repeated

50 or 100 times.

It is noteworthy that XGBoost did not consistently outperform Random

Forest in all cases, as indicated in Table 7.2. Factors such as data noise and out-

liers may influence the performance of XGBoost relative to Random Forests.

For instance, due to its iterative nature aimed at correcting errors from pre-

vious trees, XGBoost may be susceptible to overfitting when confronted with

noisy data. Additionally, the sequential tree-building process of XGBoost may

present limitations in environments with stringent computational or time con-

straints [95].



86

Figure 7.4: Model architecture of the GlaucomaNet
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Figure 7.5: Box plot: The best input configuration for GlaucomaNet

Figure 7.6: Box plot: The best input configuration for XGBoost classifier



Chapter 8

Neural Style Transferring for

improving the robustness of

pre-trained glaucoma

classification models

8.1 Introduction

In the previous chapter, we identified NST as a potential candidate for domain

generalisation in machine learning-based glaucoma classification. However, we

used model training during the previous experiments. In this chapter, we

aim to examine the performance of NST during the test-time augmentation of

pre-trained models.

An example of applying NST to an image is shown in Figure 8.1. The first

row of the figure is the raw test image selected from the REFUGE test set.

The second row shows six reference images randomly picked from the ACRIMA

dataset, and the first three are non-glaucoma images, whereas the last three

are glaucoma ones. The last row includes all the corresponding resulting styled

content images using each reference image shown in the figure’s middle row.

First, we used NST as a test-time pre-processing technique to compare
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Figure 8.1: Example image of applying NST to test image in REFUGE dataset

using reference images from ACRIMA dataset

its accuracy with the multi-image histogram matching algorithm introduced

in Chapter 5. Next, we extended the experiments to see the performance

of the NST method used with pre-trained machine learning-based glaucoma

classifiers that are publicly available. Finally, we propose a framework fine-

tuned for combined camera identification and glaucoma identification using

NST as a test-time augmentation method.

8.2 Methodology

We applied NST as a test-time pre-processing step. REFUGE and RIMONE

labelled glaucoma detection datasets drawn from three different models of fun-

dus camera (1655 images in total) were used. REFUGE images were cropped

around the optic nerve head to match the RIMONE images. In the RIMONE

dataset, images are center-cropped around the optic nerve head (ONH) to fo-

cus on relevant anatomical features. To eliminate extraneous information and

maintain consistency in image processing, we applied a similar center-cropping

technique to the images in the REFUGE dataset.
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Figure 8.2: Application of neural style transferring for glaucoma label predic-

tion on test images from camera 2 using reference images from training images

acquired using camera 1

Then, NST was applied in the pre-processing step. Image features were

extracted using ResNet101V2 and AlexNet pre-trained neural networks, and

then glaucoma detection models based on random forests and XGBoost were

trained. Furthermore, randomised multi-image histogram matching was ap-

plied separately to compare them. The experiment was conducted by assigning

images from one camera as the training set and images from another as the

target/test set, as shown in Figure 8.2 and using training images as reference

images.

The experiment setup operates in two phases, namely, training and testing.

First, features are extracted from the training images, and a classifier is trained

using the features extracted. The second phase tests the classifier using the

features of test images which are pre-processed. Both pre-processing methods

require a reference image set, and our experiment uses training images to

style/histogram match the test images. Reference images are chosen randomly.

Finally, the test AUROC is observed.

Also, a second experiment was conducted by combining images from two

cameras to form the training dataset. Images from the remaining camera were

set as the test set. Random reference images are chosen equally from both

subsets of the training dataset.
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Table 8.1: Combination of feature extractors and classifiers in experiments

Number Feature Extractor Classifier

1 AlexNet Random Forest

2 AlexNet XGBoost

3 ResNet Random Forest

4 ResNet XGBoost

Table 8.2: Comparison of neural style transferring and multi-image histogram

matching in test time - AUROC

Experiment

No
Train Test

Neural Style Transferring Histogram Matching

1 2 3 4 1 2 3 4

(1)

REFD1 REFD2 0.9314 0.9213 0.8995 0.8216 0.6836 0.7013 0.7428 0.6946

REFD1 RIM1 0.8987 0.7732 0.8046 0.7303 0.7129 0.7878 0.6961 0.6303

REFD2 REFD1 0.9193 0.8442 0.7848 0.7831 0.7534 0.7922 0.7300 0.7361

REFD2 RIM1 0.7117 0.6681 0.8581 0.8215 0.7317 0.6226 0.8488 0.8333

RIM1 REFD1 0.8994 0.9099 0.8273 0.8089 0.6226 0.8093 0.7415 0.7313

RIM1 REFD2 0.8521 0.8246 0.9096 0.8977 0.5661 0.7165 0.8585 0.8128

Average 0.8688 0.8236 0.8473 0.8105 0.6784 0.7383 0.7696 0.7397

(2)

REFD2+RIM1 REFD1 0.9174 0.9139 0.8114 0.8213 0.7118 0.7649 0.7730 0.7483

REFD1+RIM1 REFD2 0.8979 0.9437 0.8999 0.9001 0.6344 0.7450 0.8059 0.8060

REFD1+REFD2 RIM1 0.8339 0.8240 0.8548 0.8358 0.6668 0.6324 0.8546 0.8123

Average 0.8831 0.8939 0.8553 0.8524 0.6710 0.7141 0.8112 0.7889

We used two feature extractors and two classifiers in the experiments, as

shown in Table 8.1. AlexNet and ResNet101V2 were the feature extractors,

whereas random forest and XGBoost were the classifiers.

8.3 Results and discussion

For experiment 1, the highest average AUROC of 0.87 was obtained using the

style transfer method, then a random forest classifier with features extracted

using AlexNet. For histogram matching, the best average AUROC was 0.77.

In experiment 2, the highest average AUROC of 0.89 was obtained using

the style transfer method, then an XGBoost classifier with features extracted

using AlexNet. For histogram matching, the best average AUROC was 0.81.
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Nevertheless, all the figures are above 0.80, which is promising and acceptable

XGBoost as a good model [96].

Also, the style transfer-based pre-processed showed consistently improved

accuracy compared to histogram matching in all four tested settings. How-

ever, the stylising process consumes more processing time than multi-image

histogram matching. The stylisation process typically necessitates the pro-

cessing of two images through a pretrained deep learning model, such as the

VGG network. However, the multi-image histogram matching technique em-

ploys a simpler image processing step, which is repeated N times, resulting in

a considerably shorter duration for the transformation.

8.4 Extended experiment 01

Given the promising results, we used NST to compare performance against

publicly available pre-trained models. The aim was to investigate the reusabil-

ity of readily available open-source models trained on a similar dataset (the

training data is also free to use) without retraining those models on data from

unseen cameras.

ACRIMA is a publicly available labelled dataset used to train five machine-

learning models to identify glaucoma. The dataset contains 705 retinal fundus

images, with 396 glaucoma images and 309 non-glaucoma images captured

from a Topcon TRC retinal camera. The trained models are well-known CNNs,

namely, Resnet50, VGG16, VGG19, InceptionV3 and Xception.

Initially, we tested the model accuracies against REFUGE and RIMONEr2

datasets with respect to original data from camera models to set up the lower

bound baseline. Next, we performed test time stylisation of data using NST

to match the training data. We conducted multiple experiments to select the

best-generalised setup for testing.

To enhance the classification accuracy, it is crucial to select the reference

image with careful consideration. The first experiment setup was stylising



93

a test image using the least correlated reference image in the full ACRIMA

dataset from the same class as the test image. First, we conducted a com-

parative analysis of histograms between the reference image and the content

image. We selected the reference image such that the difference between the

histograms of the content image and the reference image was maximised.

However, searching in nearly half of the ACRIMA dataset per target image

is time-consuming. Furthermore, the above stylisation is impossible in prac-

tical situations because of the lack of labelled target data unless an expert

assigns an initial label before the test time. Hence, this setup acted as an

upper-bound baseline.

Afterwards, we tested different methods that properly choose reference

images for styling as shown in Algorithm 8.2. However, choosing the most

suitable reference image for a certain target image is challenging.

8.4.1 Experimental setup

The experiment setup is mainly based on two modules, namely, selection and

aggregation. The first module selects an appropriate reference image from

ACRIMA. The second module aggregates multiple predictions after performing

the stylisation, followed by predicting the label by an ACRIMA pre-trained

model. The process diagram is shown in Figure 8.3. The blue, green and

grey colour sections of the figure show the normal process flow, the high-level

selection module and the high-level aggregation module, respectively.

The selection module may use a full reference dataset or a selected part

of the dataset based on the clustering of reference images. The first approach

takes more time to complete because it searches almost half of the reference

data set. Hence, we chose the second approach to explore finding an accurate

and efficient algorithm.

We clustered images of a certain class into 8 clusters using k-means clus-

tering as shown in Table 8.3. Prior to that, image features are extracted using

VGG16 ImageNet pre-trained feature extractor. The number of clusters was
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Figure 8.3: The process of applying NST in the experiments

chosen based on the elbow method [97] as the visualisation shown in Figure

8.4 where the elbow point is at 8 clusters (k = 8).

Afterwards, we chose cluster number 6 for future experiments as it had the

most balanced proportions of images from each class. Image distribution in

each cluster can be seen in Table 8.3. Furthermore, the accuracy given for

cluster 6 was the highest when we initially tested the choice of the cluster by

conducting class-wise stylising, which sets up an upper bound.

Each test image was styled using three random reference images from each

class, resulting in six augmented images. Afterwards, we take predictions from

all seven images, including the original image and max vote to get the final

prediction. The experiment was repeated for each model separately.

8.4.2 Results and discussion

Testing with original test images, the average model accuracy varied among

datasets from 0.8670 to 0.9348 AUROC, as shown in the rightmost column

of Table 8.4. In contrast, the best stylising setup that takes reference images

from the same class as the test image has increased the average variation to be
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Figure 8.4: Visualisation of distortion score elbow for K-means clustering

Table 8.3: ACRIMA images in each cluster resulted from by K-Means cluster-

ing

Cluster Non-glaucoma images Glaucoma images Total images

0 72 2 74

1 2 22 24

2 86 9 95

3 9 49 58

4 29 68 97

5 14 58 72

6 74 77 151

7 23 111 134

Total 309 396 705
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Table 8.4: Test AUROC of ACRIMA model on original test data

Dataset Xception InceptionV3 VGG16 VGG19 ResNet50 Dataset average

RIMONE 0.9138 0.9335 0.9410 0.9497 0.9348 0.9346

REFUGED1 0.8010 0.8183 0.9371 0.9389 0.8344 0.8659

REFUGED2 0.8862 0.8938 0.8425 0.9157 0.9047 0.8886

Model average 0.8670 0.8819 0.9069 0.9348 0.8913

Table 8.5: Test AUROC of ACRIMA model on styled test data using images

from the same class of ACRIMA dataset

Dataset Xception InceptionV3 VGG16 VGG19 ResNet50 Dataset average

RIMONE 0.9620 0.9094 0.9788 0.9844 0.9259 0.9521

REFUGED1 0.9214 0.8684 0.9763 0.9898 0.9728 0.9457

REFUGED2 0.9563 0.9041 0.9997 1.0000 0.9483 0.9617

Model average 0.9466 0.8940 0.9849 0.9914 0.9490

Table 8.6: Stylising of the test data using a random selection of reference

images from ACRIMA dataset

Dataset Xception InceptionV3 VGG16 VGG19 ResNet50 Dataset average

RIMONE 0.8667 0.8526 0.7909 0.7032 0.8355 0.8098

REFUGED1 0.8210 0.7922 0.7186 0.7349 0.7706 0.7675

REFUGED2 0.8178 0.7579 0.7375 0.7934 0.8115 0.7836

Model average 0.8352 0.8009 0.7490 0.7438 0.8059

Table 8.7: Class-wise stylising of the test data using reference images from the

selected cluster (cluster number 6)

Dataset Xception InceptionV3 VGG16 VGG19 ResNet50 Dataset average

RIMONE 0.9616 0.9645 0.9588 0.9760 0.9772 0.9676

REFUGED1 0.9697 0.9621 0.9375 0.9776 0.9656 0.9625

REFUGED2 0.9596 0.9483 0.9531 0.9230 0.9390 0.9446

Model average 0.9636 0.9583 0.9498 0.9589 0.9606
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Table 8.8: Class independent stylising of the test data using reference images

from the selected cluster (cluster number 6)

Dataset Xception InceptionV3 VGG16 VGG19 ResNet50 Dataset average

RIMONE 0.9573 0.9418 0.9556 0.9586 0.9590 0.9545

REFUGED1 0.8893 0.9065 0.9335 0.9529 0.8940 0.9152

REFUGED2 0.9461 0.9384 0.9130 0.9193 0.9248 0.9283

Model average 0.9309 0.9289 0.9340 0.9436 0.9260

between 0.8940 and 0.9914 AUROC according to the results in the bottom row

of Table 8.5. In contrast, stylising data using a random selection of reference

images drastically reduces the performance, as depicted in Table 8.6.

Moreover, the best stylising method, which performs the class dependant

stylising in the cluster-based setup, gives AUROC varied between 0.9498 and

0.9636 on average. It is comparable to the best results considering the pro-

cessing time.

The final experiment that processes class-independent stylising shows a

minimum average AUROC of 0.9260 and a maximum AUROC of 0.9436. Re-

sults improve the original prediction probability when augmented with stylised

images. Furthermore, the suggested method approximates the predictions

nearly as much as the cluster baseline.

8.5 Extended experiment 02

Previous experiment shows that each pre-trained model resulted in different

AUROCs and that the best model is different for all the datasets. Hence, it was

decided to find the best pre-trained model before predicting the test data. The

aim of the following experiment was to predict using the best model without

combining the results from all models, which may produce lower accuracy.
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8.5.1 Experimental setup

The experimental setup consisted of two modules, namely, the device module

and the glaucoma module that can recognise the camera model and the glau-

coma class, respectively. Each module is a machine learning classifier model,

where the device module is a multi-class classifier, and the glaucoma module

is a binary classifier.

Device module

The device module can identify the camera model of a test image. We trained a

YOLOv5 model using training images of four cameras: ACRIMA, RIMONEr2,

REFUGED1 and REFUGED2. Eighty images were used to train the model

with a split of 8:1:1 in train/validation/test split.

“You Only Look Once“ (YOLO) [98] was originally created for object de-

tection. However, it can be utilised for image classification tasks as the models

are trained on the COCO [99] dataset. YOLOv5 also includes functionality

for test time augmentation, which we utilised in our experiments too. The

architecture of the model is shown in Figure 8.5. The diagram has three main

parts: backbone, neck and head, comprising a cross-stage partial network, a

path aggregation network and a YOLO layer, respectively.

The device module classifies images from any unknown device to the most

relevant camera model. However, this module can be easily retrained by in-

cluding novel camera models as YOLO provides faster training compared to

other methods [98].

Glaucoma module

Any image through the system’s device identification phase travels through

the best model of the glaucoma module suggested by the device module.

The glaucoma module consists of five well-known CNNs ResNet50, VGG16,

VGG19, InceptionV3 and Xception. We used the publicly available model

weights pre-trained on the ACRIMA dataset. Each model can recognise if a



99

Figure 8.5: The architecture of the YOLOv5 model

test image is glaucomatous or not.

A complete system is proposed to integrate the above two modules, and

a stylisation module resides between them. The high-level illustration of the

overall system diagram is shown in Figure 8.6, where the prediction module

utilises the glaucoma module.

The final prediction of the glaucoma status of an image is determined by

the combined predictions of two augmented images and the original image it-

self. The stylisation module produces augmented images. The module stylises

the original test image using two ACRIMA images from glaucoma and non-

glaucoma classes. The reference ACRIMA images for each test image is chosen

by comparing the histogram of each ACRIMA image against the histogram of

the test image. We select the two most correlated ACRIMA images from both

classes for stylising. Histogram comparison is lighter than pixel-based methods

and can be easily measured using the correlation method.

The original test image and the stylised images are fed to the prediction

module to generate the prediction probabilities of each image. Finally, the
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Figure 8.6: High level illustration of the overall proposed system

glaucoma class is assigned from the image shows the minimum entropy. The

complete algorithm of the process is detailed in the Algorithm 8.2.

8.5.2 Results and discussion

We obtained the AUROCs of the best models selected by the device module

and compared them with all other models under the same selection criteria.

The results are shown in Table 8.9.

Table 8.9: Results of extended experiment 02

(Bold values in each row indicate the maximum AUROC value for each test

dataset, highlighting the model that achieved this result.)

Dataset Xception InceptionV3 VGG16 VGG19 ResNet50

RIMONE 0.9179 0.9512 0.8662 0.8422 0.8770

REFUGED1 0.8820 0.8897 0.8533 0.9467 0.8094

REFUGED2 0.9036 0.8463 0.8542 0.8026 0.9360

The device module identified Inception3, VGG19 and ResNet50 as the

best model for RIMONE, REFUGED1 and REFUGED2, respectively. The

corresponding AUROCs are 0.9512, 0.9467 and 0.9360. The above values are
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greater than the predictions for original images by each of the best models

stated above. These models predicted 0.9335, 0.9389 and 0.9047 AUROCs

for original images taken from the respective datasets. Therefore, adding a

device identification module before the prediction module increases the pre-

dicting ability of the system by identifying the best model that gives better

classification accuracy for a certain dataset when performing stylisation.

All experiments presented in this chapter were conducted using the Google

Colaboratory environment, specifically with GPU support through the Pro

version. The NVIDIA Tesla T4 GPU [100] was utilised, which is equipped

with 2560 CUDA cores and 16 GB of GDDR6 memory. This GPU model

also incorporates Turing Tensor Cores, enhancing its efficiency and suitability

for AI-related workloads. On average, processing one dataset and achieving

results in each experiment required approximately 1.5 hours.
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Algorithm 8.1 Algorithm to select reference images, apply NST and aggre-

gate predictions

procedure ƒ P(,A, s,M) ▷ x= test image, A=initial reference set,

s=sample size, M= model

R = ƒ A() Selecting best reference set using initial reference set A

R‘ = ƒ S(s) Choosing a sample of size s from the best reference set R

‘ = ƒ R() Stylising x using reference set R‘

y = ƒ M(‘) Predicting x‘ using model M

y‘ = ƒ Y(y) Aggregating predictions y

return y

procedure ƒ A1( A, k) ▷ A=initial reference set, k=number of clusters

C = ƒ K(A, k) Grouping A for k number of clusters

c = ƒ Cmn(s) picking the cluster with the lowest entropy in the labels

from C

return c

procedure ƒ A2( A, k) ▷ A=initial reference set, k=number of clusters

C = ƒ K(A, k) Grouping A for k number of clusters

c = ƒ Cm(s) picking the cluster with the lowest entropy in the labels

from C

return c

procedure ƒ A3( A, k) ▷ A=initial reference set, k=number of clusters

C = ƒ K(A, k) Grouping A for k number of clusters

foreach c ∈ C do

C′
c
= ƒ Ccenter(c) ▷ selecting a single image from c closest to centroid

end

return C‘ ▷ C‘ = set of selected images in c‘s

procedure ƒ A4( A, k) ▷ A=initial reference set, k=number of clusters

C = ƒ K(A, k) Grouping A for k number of clusters

foreach c ∈ C do

C′
c
= ƒ Crndom(c) ▷ selecting a random image from c

end

return C‘ ▷ C‘ = set of selected images in c‘s
=0
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procedure ƒ Y1(P) ▷ P=array of prediction probabilities

L = ƒ P(A, k) ▷ assigning label (class giving max probability) to each

element in array P

0 = ƒ L0() ▷ counting zeros in array L

1 = ƒ L1() ▷ counting ones in array L

 =m(0, 1)

return l

procedure ƒ Y2(P) ▷ P=array of prediction probabilities

L = ƒ P(A, k) ▷ assigning label (class giving max probability) to each

element in array P

0 = sm(P0) ▷ sum of probabilities of class zero in array P

1 = sm(P1) ▷ sum of probabilities of class one in array P

 =m(0, 1)

return l

procedure ƒ Y3(P) ▷ P=array of prediction probabilities

e = ƒ E(P) ▷ calculating the entropy of each prediction of array P

p = ƒ Lm(e, P) ▷ assigning the prediction with maximum entropy

as the class

return p

procedure ƒ Y4(P) ▷ P=array of prediction probabilities

e = ƒ E(P) ▷ calculating the entropy of each prediction of array P

p = ƒ Lmne, P ▷ assigning the prediction with minimum entropy as

the class

return p
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Algorithm 8.2 Generalised algorithm that predicts the glaucoma class of a

test image based on camera model

procedure ƒ G(,A, s,M) ▷ x= test image, A=initial reference set,

s=sample size, M= model

D = ƒ C() ▷ Identifying the camera of the image x [Camera module]

M = ƒ M() ▷ Selecting the best model for D if D! = ‘ACRMA‘ then

end

S = ƒ A() ▷ Augment x by stylising

P = ƒ P([, S],M) ▷ Get predictions for S and x using M

y = ƒ Y(P) ▷ Aggregate the predictions else

end

y = ƒ P(,M) ▷ Predict for x using M

return y

procedure ƒ Y(P) ▷ P=array of prediction probabilities

e = ƒ E(P) ▷ Calculating the entropy of each prediction of array P

p = ƒ L(e, P) ▷ Assigning the prediction with minimum entropy as

the class

return 1

procedure ƒ A() ▷ x=test image

R0 = ƒ H(,A0) ▷ Select the best reference image by comparing

the histograms of x and ACRIMA images of class 0

R1 = ƒ H(,A1) ▷ Select the best reference image by comparing

the histograms of x and ACRIMA images of class 1

S = ƒ S(R0, R1, ) ▷ Stylise x using the best reference images

return S



Chapter 9

Conclusions, Contributions and

Future work

This chapter depicts the conclusions, contributions and future research direc-

tions raised from the study. We highlight the challenges and limitations of

the research as well. Furthermore, in related studies, machine learning mod-

els—particularly those utilising deep learning techniques—have demonstrated

promising outcomes in the classification of glaucoma. These models frequently

achieve high accuracy rates, typically ranging from 85% to 95%, under con-

trolled study conditions.

9.1 Summary

The initial research question focused on identifying the most effective machine

learning-based feature extractors and determining the critical features for de-

tecting glaucoma from retinal fundus images. To address this, we utilised the

REFUGE dataset, along with 28 pre-trained machine learning models, and per-

formed 10-fold cross-validation experiments using fully processed, cropped, and

concatenated features from the images. The findings revealed that AlexNet

demonstrated superior performance when employing concatenated features.

The second research question was directed towards improving the generali-

sation capabilities of machine learning models across different fundus cameras
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in the classification of glaucoma. This was pursued by integrating image pre-

processing techniques. In this study, shallow classifiers were trained using

data exclusively from one model of fundus camera as the training set, while

another model served as the testing set. This approach enabled the evaluation

of classifier performance when preprocessing methods were applied at both

the training and testing phases. The findings revealed that implementing his-

togram matching at test time, utilising training data, significantly enhanced

the generalisability of the machine learning models.

The final research question aimed to explore the application of neural

style transfer during the test phase on pretrained machine learning systems

to enhance generalisation across different fundus cameras. For this purpose,

publicly available pretrained glaucoma classifiers, originally developed using

the ACRIMA dataset, were evaluated using images from the RIMONE and

REFUGE datasets, with neural style transfer implemented during the testing

phase. The findings indicated that neural style transfer substantially improves

the generalisability of pretrained classifiers and minimises the necessity for

retraining.

9.2 Conclusions

This section summarises the conclusions drawn from the Chapters 4 to 8.

First, we conducted a preliminary study to identify the problem domain.

We compared 28 pre-trained models available in the Keras library for feature

extraction in glaucoma detection in the REFUGE dataset. Early studies used

pre-trained models for classification tasks of glaucoma by fine-tuning the base

architecture or adding more complex layers than our study’s tested approach.

Existing systems often require training with GPUs as they use much more

advanced preprocessing along with diverse intensity normalisations and aug-

mentation techniques. In contrast, our study shows that similar outcomes are

desirable with minimum preprocessing and without training a complex neural
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network for the REFUGE fundus images.

Another novelty of our research is the combination of features. Previous

studies used either only the whole image features or extracted ROI only. How-

ever, we concatenated both the ONH and whole retinal fundus image features,

creating an expanded feature set. This strategy demonstrates improved accu-

racy over other methods for the given data. It is because the combined feature

set includes features of the entire image and twice the ONH area. In other

words, the new feature set comprises emphasised ROI features and all addi-

tional features from whole and cropped versions of the retinal fundus image.

REFUGE dataset includes a validation dataset where the images come

from a different camera. The system accuracy dropped when testing with the

second dataset as they were not being used in the training process directly

or indirectly. Therefore, we explored the possibilities and techniques for de-

veloping a more robust system that gives similar or greater accuracy when

predicting labels for the images from cameras it was not trained for.

Accordingly, we have conducted several experiments to show that much

simpler changes in image preprocessing can achieve generalisation on the im-

ages collected by different retinal fundus cameras. Therefore, we propose

that a generalised system can be developed without consuming expensive re-

sources. We used input standardisation, median filter and multi-image his-

togram matching in various combinations at the training and testing phases.

First, we changed the method introduced in [2] to standardise input im-

ages in YCbCr colour space, which exhibits improved average accuracy than

the other methods. The modified input standardisation image preprocessing

method is better with the median filter before training because the median

filter method removes noise and preserves edges.

We introduced multi-image histogram matching that matches the histogram

of the test image to multiple random reference images iteratively. It was ap-

plied during the testing phase using training images as reference data. The

method outperformed conventional histogram matching in pilot experiments.
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Another solution to the unseen domain problem in this research is the ap-

plication of deep stacked transformations for augmenting training images. The

idea is to change colour and spatial image information such that the resulting

images are less specific to a certain camera model. However, selecting the best

values of DST parameters is challenging. Hence, we used the surrogate optimi-

sation technique to obtain optimal probabilities to apply each transformation

keeping the magnitude the same. Finally, we compared classification accu-

racy with the optimised parameters. Although the results are below SOTA,

the model performance is reasonable as we used a very constrained setup.

Therefore, our solution can be useful in model training using image data from

multiple devices to eliminate device dependency.

We designed a simple CNN called GlaucomaNet that generally outperforms

the random forests and XGBoost classifiers. However, the XGBoost classifier

works its best without any preprocessing step. Random forests, however, failed

to achieve acceptable results. Moreover, the results show that simple Glau-

comaNet can be sufficient for classifying glaucoma datasets while using deep

stacked transforms and style transfer to increase generalisation under different

camera settings.

We conducted another set of experiments that involved NST, where the

test image was styled using an image of the training set. The purpose was to

reduce the time to retrain a model for new retinal fundus images from another

camera. The experiment setup used AlexNet and ResNet101V2 as feature

extractors and random forest and XGBoost as classifiers, as previously found

in this study. The results were compared against the multi-image histogram

matching, which was better when trained and tested across the images from

various cameras. Hence, NST can be used as a test time preprocessing method

that reduces the requirement of retraining and fine-tuning a pre-trained model.

The style transfer-based preprocessing showed consistently improved accu-

racy compared to every other preprocessing method we tested because it uses

a pre-trained CNN to transfer styles from one image to another. In doing
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this, a defined loss function attempts to minimise the differences between the

content image, the style reference image, and the generated image.

Later, we used NST to test pre-trained ACRIMA models against test im-

ages captured from various cameras different to the images the models were

trained on. The results indicate that it is important that the best reference im-

ages are chosen from the reference dataset carefully. However, the automatic

selection of the best reference image is challenging.

9.3 Contributions

One of the main objectives of this study is to compare existing pre-trained deep

learning models as feature extractors in conjunction with standard computer

vision template matching to identify the best feature extractors for glaucoma

detection in retinal fundus images. The purpose was to feed the best fea-

tures to train a shallow classifier. Another aspect of this study is that we

analyse whole retinal fundus images and a region of an image, combined and

separated. We use logistic regression and random forest as base classifiers

in multiple cross-validation experiments to obtain accurate predictive perfor-

mance estimates. They were chosen because they have been used in related

research as conventional classifiers for a given feature set.

Another objective of this study is to compare the combinations of multi-

ple existing preprocessing methods to examine how well they improve device

domain generalisation for glaucoma detection in retinal fundus images. We

considered median filtering, input standardisation and histogram matching

with their combinations. Random forest classifiers have proven accurate with

these types of images and image features in our previous experiments [76].

Hence, we use the random forest as the base classifier in all experiments to

obtain accurate estimates of predictive performance.

As far as the authors know, this research is the first to consider the reti-

nal fundus camera model variability issue using publicly available data. We
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demonstrate that simple changes in image preprocessing can generalise ma-

chine learning models trained on the retinal fundus images created by dif-

ferent camera models. We altered one of the input standardisation methods

to improve training accuracy. Although histogram equalisation has been a

consideration in previous research, to the authors’ knowledge, this is the first

study to use histogram matching for a glaucoma detection task directly. As

an extension to histogram matching, this research introduced a multi-image

histogram matching algorithm to optimise model generalisation on test data.

The algorithm is simple but effective as a preprocessing method because it

is faster and uses fewer resources than NST, which will be discussed next.

However, the algorithm requires a few training images to be used as reference

images. Therefore, it will only sometimes be possible to use the proposed

method concerning data privacy.

Deep stacked transformation application for the unseen domain problem

in glaucoma classification was experimented with for the first time in this

research. Also, the experiment design was complex and not seen in any of the

previous studies. The complexity was introduced by choosing three different

datasets as train, validation and test sets. Even though it contradicts the

traditional machine learning requirement of validation and training sets to be

similar, this setup can be identified as one suitable way to train and test a

model for the unseen domain problem.

The final objective of the study was to examine the performance of applying

data augmentation during the test time of a pre-trained machine learning

model for its reusability. Input stylisation was the main consideration. NST

has previously been used for fake image generation tasks, which performs well

in related research [101]. This study is the first time the authors acknowledge

using the technique as a test-time data augmentation method for glaucoma

classification. The method has shown the potential of increasing the prediction

accuracy than testing raw data.
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9.4 Future work

At the conclusion of our experiments, we attempted to apply similar method-

ologies to a new private dataset comprised of fundus images captured using

laser technology, in contrast to those obtained through conventional digital

capturing techniques. The images derived from laser technology differed sig-

nificantly from their digital counterparts. However, due to ethical considera-

tions and constraints on timing, we were unable to proceed with this phase of

the research. Nonetheless, the preliminary outlook on the potential outputs

was positive, with anticipation for the application of the proposed solutions

to the new data set. The processes of labeling the data and obtaining ethi-

cal approval proved time-consuming, which necessitated the suspension of this

component of our study. However, future research could explore the feasibil-

ity of applying the proposed solutions to laser-based fundus images, thereby

extending the scope of the current study and potentially validating the initial

positive expectations.

One possible future research direction is to use similar methods as those

described in this study for glaucoma stage classification as opposed to the

binary classification (present/not present) problem, which currently is an un-

derstudied area of research [102]. Furthermore, the combined use of additional

information, such as clinical features, making the problem multimodal is also

a potential avenue for future research.

Optimising the preprocessing techniques’ parameters will improve the re-

sults in future work. For example, additive and multiplicative constants of the

standardisation method and the shape and size of the filter in median filtering

can be optimally chosen. Optimising multi-image histogram matching iter-

ations may help increase the test-time classification accuracy. Furthermore,

it would be interesting to investigate the effect of the order of N images in

contrast to the randomised strategy of multi-image histogram matching.

Furthermore, one can compare the results of surrogate optimisation with

random augmentation (RandAug) and auto augmentation (AutoAug), another
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potential policy optimisation technique to identify optimal DST parameters.

Numerous alternative methods exist for identifying optimal learning parame-

ters in classifiers. One such method is the Tree of Parzen Estimators, which

Bergstra et al. suggest provides an efficient and effective means for selecting

hyper-parameter settings [103].

Automatic choice of the best reference image in the NST technique is an-

other important direction for further study. Choosing the best reference image

is still challenging, and one can experiment with another method to compare

images other than histogram comparison. Also, stylising may only be neces-

sary for some predictions, and an algorithmic approach could be developed for

deciding whether to style.

However, the translation of these results into clinical practice entails sev-

eral challenges, such as obtaining regulatory approval, securing clinician ac-

ceptance, and ensuring continuous monitoring and validation across broader

and more diverse populations.

The ability to accurately diagnose glaucoma from retinal fundus images,

even when those images come from unseen domains, enhances the viability

of telemedicine, especially in underserved or remote areas. This could signif-

icantly improve access to specialist healthcare services, reducing the need for

patients to travel considerable distances for diagnosis, specially for differently

abled people.
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[2] Gwenolé Quellec, Mathieu Lamard, Pierre-Henri Conze, Pascale Massin,
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Schulman, and Dan Mané, “Concrete problems in ai safety,” arXiv

preprint arXiv:1606.06565, 2016.

[22] Ievgen Redko, Emilie Morvant, Amaury Habrard, Marc Sebban, and

Younes Bennani, Advances in domain adaptation theory, Elsevier, 2019.

[23] Shiliang Sun, Honglei Shi, and Yuanbin Wu, “A survey of multi-source

domain adaptation,” Information Fusion, vol. 24, pp. 84–92, 2015.

[24] Zheyan Shen, Jiashuo Liu, Yue He, Xingxuan Zhang, Renzhe Xu, Han

Yu, and Peng Cui, “Towards out-of-distribution generalization: A sur-

vey,” arXiv preprint arXiv:2108.13624, 2021.

[25] Jindong Wang, Cuiling Lan, Chang Liu, Yidong Ouyang, Wenjun Zeng,

and Tao Qin, “Generalizing to unseen domains: A survey on domain

generalization,” arXiv preprint arXiv:2103.03097, 2021.

[26] Kaiyang Zhou, Ziwei Liu, Yu Qiao, Tao Xiang, and Chen Change Loy,

“Domain generalization: A survey,” arXiv preprint arXiv:2103.02503,

2021.

[27] Jianhao Xiong, Andre Wang He, Meng Fu, Xinyue Hu, Yifan Zhang,

Congxin Liu, Xin Zhao, and Zongyuan Ge, “Improve unseen domain

generalization via enhanced local color transformation,” in Medical Im-

age Computing and Computer Assisted Intervention – MICCAI 2020,

Anne L. Martel, Purang Abolmaesumi, Danail Stoyanov, Diana Mateus,

Maria A. Zuluaga, S. Kevin Zhou, Daniel Racoceanu, and Leo Joskowicz,

Eds., Cham, 2020, pp. 433–443, Springer International Publishing.

[28] Patrick J. Saine and Marshall E. Tyler, Ophthalmic Photography: Reti-

nal photography, angiography, and electronic imaging, Butterworth-

Heinemann, Boston Mass., 2 edition, 2002.

[29] M. F. Armaly, “Optic Cup in Normal and Glaucomatous Eyes,” Inves-

tigative Ophthalmology & Visual Science, vol. 9, no. 6, pp. 425–429, 06

1970.
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[31] Francisco José Fumero Batista, Tinguaro Diaz-Aleman, Jose Sigut, Sil-

via Alayon, Rafael Arnay, and Denisse Angel-Pereira, “Rim-one dl: A

unified retinal image database for assessing glaucoma using deep learn-

ing,” Image Analysis & Stereology, vol. 39, no. 3, pp. 161–167, 2020.

[32] Hansi N Gunasinghe, James McKelvie, Abigail Koay, and Michael Mayo,

“Automated detection of glaucoma from retinal fundus images using a

variety of fundus cameras,” in Clinical and Experimental Ophthalmology.

WILEY 111 River Street, Hoboken 07030-5774, NJ USA, 2022, vol. 49,

pp. 911–911.

[33] Andrew Chen, Suveera Dang, Mina M. Chung, Rajeev S. Ramchandran,

Angela P. Bessette, David A. DiLoreto, David M. Kleinman, Jayanth

Sridhar, Charles C. Wykoff, and Ajay E. Kuriyan, “Quantitative com-

parison of fundus images by 2 ultra-widefield fundus cameras,” Ophthal-

mology Retina, vol. 5, no. 5, pp. 450–457, 2021.

[34] Jili Chen, “Comparison of the performance of four fundus cameras in

clinical practice,” Investigative Ophthalmology & Visual Science, vol. 60,

no. 9, pp. 6121–6121, Jul 2019.

[35] Sibghatullah I Khan, Shruti Bhargava Choubey, Abhishek Choubey, Ab-

hishek Bhatt, Pandya Vyomal Naishadhkumar, and Mohammed Maha-

boob Basha, “Automated glaucoma detection from fundus images using

wavelet-based denoising and machine learning,” Concurrent Engineer-

ing, vol. 30, no. 1, pp. 103–115, 2022.
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Appendix A: List of retinal fundus camera mod-

els, manufacturers and publicly available datasets



t  Table
cum. prob t .50 t .75 t .80 t .85 t .90 t .95 t .975 t .99 t .995 t .999 t .9995

one-tail 0.50 0.25 0.20 0.15 0.10 0.05 0.025 0.01 0.005 0.001 0.0005
two-tails 1.00 0.50 0.40 0.30 0.20 0.10 0.05 0.02 0.01 0.002 0.001

df
1 0.000 1.000 1.376 1.963 3.078 6.314 12.71 31.82 63.66 318.31 636.62
2 0.000 0.816 1.061 1.386 1.886 2.920 4.303 6.965 9.925 22.327 31.599
3 0.000 0.765 0.978 1.250 1.638 2.353 3.182 4.541 5.841 10.215 12.924
4 0.000 0.741 0.941 1.190 1.533 2.132 2.776 3.747 4.604 7.173 8.610
5 0.000 0.727 0.920 1.156 1.476 2.015 2.571 3.365 4.032 5.893 6.869
6 0.000 0.718 0.906 1.134 1.440 1.943 2.447 3.143 3.707 5.208 5.959
7 0.000 0.711 0.896 1.119 1.415 1.895 2.365 2.998 3.499 4.785 5.408
8 0.000 0.706 0.889 1.108 1.397 1.860 2.306 2.896 3.355 4.501 5.041
9 0.000 0.703 0.883 1.100 1.383 1.833 2.262 2.821 3.250 4.297 4.781

10 0.000 0.700 0.879 1.093 1.372 1.812 2.228 2.764 3.169 4.144 4.587
11 0.000 0.697 0.876 1.088 1.363 1.796 2.201 2.718 3.106 4.025 4.437
12 0.000 0.695 0.873 1.083 1.356 1.782 2.179 2.681 3.055 3.930 4.318
13 0.000 0.694 0.870 1.079 1.350 1.771 2.160 2.650 3.012 3.852 4.221
14 0.000 0.692 0.868 1.076 1.345 1.761 2.145 2.624 2.977 3.787 4.140
15 0.000 0.691 0.866 1.074 1.341 1.753 2.131 2.602 2.947 3.733 4.073
16 0.000 0.690 0.865 1.071 1.337 1.746 2.120 2.583 2.921 3.686 4.015
17 0.000 0.689 0.863 1.069 1.333 1.740 2.110 2.567 2.898 3.646 3.965
18 0.000 0.688 0.862 1.067 1.330 1.734 2.101 2.552 2.878 3.610 3.922
19 0.000 0.688 0.861 1.066 1.328 1.729 2.093 2.539 2.861 3.579 3.883
20 0.000 0.687 0.860 1.064 1.325 1.725 2.086 2.528 2.845 3.552 3.850
21 0.000 0.686 0.859 1.063 1.323 1.721 2.080 2.518 2.831 3.527 3.819
22 0.000 0.686 0.858 1.061 1.321 1.717 2.074 2.508 2.819 3.505 3.792
23 0.000 0.685 0.858 1.060 1.319 1.714 2.069 2.500 2.807 3.485 3.768
24 0.000 0.685 0.857 1.059 1.318 1.711 2.064 2.492 2.797 3.467 3.745
25 0.000 0.684 0.856 1.058 1.316 1.708 2.060 2.485 2.787 3.450 3.725
26 0.000 0.684 0.856 1.058 1.315 1.706 2.056 2.479 2.779 3.435 3.707
27 0.000 0.684 0.855 1.057 1.314 1.703 2.052 2.473 2.771 3.421 3.690
28 0.000 0.683 0.855 1.056 1.313 1.701 2.048 2.467 2.763 3.408 3.674
29 0.000 0.683 0.854 1.055 1.311 1.699 2.045 2.462 2.756 3.396 3.659
30 0.000 0.683 0.854 1.055 1.310 1.697 2.042 2.457 2.750 3.385 3.646
40 0.000 0.681 0.851 1.050 1.303 1.684 2.021 2.423 2.704 3.307 3.551
60 0.000 0.679 0.848 1.045 1.296 1.671 2.000 2.390 2.660 3.232 3.460
80 0.000 0.678 0.846 1.043 1.292 1.664 1.990 2.374 2.639 3.195 3.416

100 0.000 0.677 0.845 1.042 1.290 1.660 1.984 2.364 2.626 3.174 3.390
1000 0.000 0.675 0.842 1.037 1.282 1.646 1.962 2.330 2.581 3.098 3.300

z 0.000 0.674 0.842 1.036 1.282 1.645 1.960 2.326 2.576 3.090 3.291
0% 50% 60% 70% 80% 90% 95% 98% 99% 99.8% 99.9%

Confidence Level

t-table.xls 7/14/2007
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Appendix B: the table of t-values by degrees of

freedom (dof) and desired probability that the

Null should be rejected
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