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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.



Acknowledgements

I thank my supervisors, Dr Anthony Smith, Dr Micheal Mayo, Dr Abigail

Koay and Dr James McKelvie, for their precious teachings. They guided and

encouraged me to tackle scientific problems with great enthusiasm. Their con-

tribution to my personal growth in scientific research is invaluable. I hope to

repay their help with my contributions in future work on challenging problems.

I thank my colleagues for providing reviews with relevant comments and obser-

vations, which helped me improve the thesis’s quality. I thank the coordinator

of the graduate study program and the members of my thesis committee.

I am thankful for the PhD scholarship from the AHEAD project in Sri

Lanka, funded by World Bank. It covered all expenses for three years, includ-

ing tuition and living costs. I needed it to be able to complete the degree on

time. Also, my head of the department, Department of Computing, Sabaraga-

muwa University of Sri Lanka, for granting me study leave, processing progress

reports on time and encouraging words during the study period.

Also, I want to convey my utmost gratitude to my parents, family and

friends for encouraging me. It would not have been possible to complete this

project without the help and support of my dearest ones.



v

Bibliographic Notes

The main content in this thesis has been published in peer-reviewed con-

ferences and journals. The list of papers is as follows:

• Comparison of Pretrained Feature Extractors For Glaucoma Detection,

International Symposium on Biomedical Imaging (ISBI), 2021

• Automated detection of glaucoma from retinal fundus images using a va-

riety of fundus cameras, Journal of Clinical and Experimental Ophthalmology,

2022 [Abstract]

• Domain Generalisation for Glaucoma Detection in Retinal Images from

Unseen Fundus Cameras, Asian Conference on Intelligent Information and

Database Systems (ACIIDS), 2022

Additionally, some of the findings were presented at the following sympo-

sium:

• Machine learning-based glaucoma detection using fundus images from

multiple cameras, New Zealand Save Sight Society Symposium, 2022



Contents

1 Introduction 1

1.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Glaucoma . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.2 Glaucoma detection . . . . . . . . . . . . . . . . . . . . . . 2

1.1.3 Computer-aided glaucoma detection . . . . . . . . . . . . 4

1.2 Research problem statement . . . . . . . . . . . . . . . . . . . . . 5

1.3 Research goal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.4 Research objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.5 Contributions of the Thesis . . . . . . . . . . . . . . . . . . . . . . 6

1.6 Plan of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 Background 11

2.1 Machine learning and transfer learning . . . . . . . . . . . . . . . 11

2.2 Unseen domain problem . . . . . . . . . . . . . . . . . . . . . . . . 12

2.3 Retinal fundus imaging . . . . . . . . . . . . . . . . . . . . . . . . 13

2.3.1 Commercially available fundus cameras . . . . . . . . . . 13

2.4 Publicly available retinal fundus image datasets . . . . . . . . . 16

2.4.1 REFUGE dataset . . . . . . . . . . . . . . . . . . . . . . . 16

2.4.2 RIMONEr2 Dataset . . . . . . . . . . . . . . . . . . . . . . 16

2.5 Problem of camera dependency . . . . . . . . . . . . . . . . . . . 18

2.6 Causes of camera dependency in fundus photography . . . . . . 19

3 Literature review 21

3.1 Machine learning-based glaucoma classification . . . . . . . . . . 21

3.1.1 Heuristic methods . . . . . . . . . . . . . . . . . . . . . . . 23

3.1.2 Transfer learning/deep classifier based methods . . . . . 26

3.1.3 Ensemble methods . . . . . . . . . . . . . . . . . . . . . . . 29

3.2 Problems in existing machine learning based glaucoma classifi-

cation methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.2.1 Issues with respect to image data . . . . . . . . . . . . . . 31

3.2.2 Issues with respect to preprocessing methods . . . . . . . 32

3.2.3 Issues in image augmentation . . . . . . . . . . . . . . . . 33



vii

3.2.4 Issues in feature extraction . . . . . . . . . . . . . . . . . . 34

3.2.5 Issues with respect to classifiers . . . . . . . . . . . . . . . 35

3.2.6 Issues in network training and evaluation . . . . . . . . . 35

3.3 Summary of review . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4 Comparing pre-trained neural networks as feature extractors 39

4.1 Pretrained networks as feature extractors . . . . . . . . . . . . . 39

4.2 Classifiers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.2.1 Logistic Regression . . . . . . . . . . . . . . . . . . . . . . 40

4.2.2 Random Forest . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.3.1 Tools . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.3.2 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.3.3 Experimental setup . . . . . . . . . . . . . . . . . . . . . . 43

4.4 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.5 Extended experiment . . . . . . . . . . . . . . . . . . . . . . . . . 48

5 Comparison of preprocessing methods against unseen domain

problem 51

5.1 Preprocessing methods used in existing research . . . . . . . . . 52

5.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5.2.1 Median Filtering . . . . . . . . . . . . . . . . . . . . . . . . 54

5.2.2 Input Standardisation . . . . . . . . . . . . . . . . . . . . . 54

5.2.3 Histogram Matching . . . . . . . . . . . . . . . . . . . . . 55

5.2.3.1 Randomised Multi-image Histogram Matching 56

5.3 Experimental setup . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.3.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

5.3.2 Image Preprocessing . . . . . . . . . . . . . . . . . . . . . 57

5.3.2.1 Parameters of preprocessing methods . . . . . . 57

5.3.2.2 Median filtering . . . . . . . . . . . . . . . . . . . 57

5.3.2.3 Input standardisation . . . . . . . . . . . . . . . 58

5.3.2.4 Multi-image histogram matching . . . . . . . . 58

5.3.3 Network training and testing . . . . . . . . . . . . . . . . 60

5.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . 61

5.5 Extended experiment . . . . . . . . . . . . . . . . . . . . . . . . . 64

6 Surrogate optimisation of deep stacked transformation 67

6.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

6.1.1 Deep stacked transformation . . . . . . . . . . . . . . . . . 67

6.1.2 Local search optimisation . . . . . . . . . . . . . . . . . . 69

6.1.3 Surrogate optimisation . . . . . . . . . . . . . . . . . . . . 70



viii

6.2 Experimental setup . . . . . . . . . . . . . . . . . . . . . . . . . . 71

6.2.1 Tools . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6.2.1.1 Albumentations . . . . . . . . . . . . . . . . . . . 73

6.2.1.2 pySOT . . . . . . . . . . . . . . . . . . . . . . . . 74

6.3 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . 75

7 Neural style transfer for domain generalisation 77

7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

7.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

7.2.1 GlaucomaNet: A Custom CNN . . . . . . . . . . . . . . . 79

7.2.2 Experimental setup . . . . . . . . . . . . . . . . . . . . . . 81

7.3 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . 83

7.3.1 Box plots with respect to preprocessing setup . . . . . . 83

7.3.2 Student's t-Test . . . . . . . . . . . . . . . . . . . . . . . . 84

8 Neural Style Transferring for improving the robustness of pre-

trained glaucoma classi�cation models 88

8.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

8.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

8.3 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . 91

8.4 Extended experiment 01 . . . . . . . . . . . . . . . . . . . . . . . . 92

8.4.1 Experimental setup . . . . . . . . . . . . . . . . . . . . . . 93

8.4.2 Results and discussion . . . . . . . . . . . . . . . . . . . . 94

8.5 Extended experiment 02 . . . . . . . . . . . . . . . . . . . . . . . . 97

8.5.1 Experimental setup . . . . . . . . . . . . . . . . . . . . . . 98

8.5.2 Results and discussion . . . . . . . . . . . . . . . . . . . . 100

9 Conclusions, Contributions and Future work 105

9.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

9.2 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

9.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

9.4 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111



List of Tables

2.1 List of fundus camera manufacturers and publicly available glau-

coma labelled datasets with device information

(Key: 1 = https://dataverse.harvard.edu/dataset.xhtml?

persistentId=doi:10.7910/DVN/1YRRAC ) . . . . . . . . . . . . 15

4.1 Results for the best feature extractor for each feature type of

Random Forest ten-fold cross-validation . . . . . . . . . . . . . . 46

4.2 Results for the best feature extractor for each feature type of

Logistic Regression ten-fold cross-validation . . . . . . . . . . . . 47

4.3 Median AUROC values given by each classi�er for 26 feature

extractors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.4 AUROC values given by each classi�er for MMobileNetV3 and

AlexNet feature extractors . . . . . . . . . . . . . . . . . . . . . . 49

4.5 Updated results for the best feature extractor for each feature

type of Random Forest ten-fold cross-validation . . . . . . . . . 49

4.6 Updated results for the best feature extractor for each feature

type of Logistic Regression ten-fold cross-validation . . . . . . . 50

5.1 Pipelines of preprocessing methods as train and/or test time . . 57

5.2 Experimental AUROCs of preprocessing methods with random

forest classi�er

(key: REF1=REFUGED1, REF2=REFUGED2, RIM1=RIMONE) 62

5.3 Experimental results of preprocessing methods with XGBoost

classi�er . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65



x

6.1 DST transforms and parameter values as de�ned in Albumenta-

tions library. The value of the parameter \alwaysapply\ of ev-

ery transform was set to False with the value of \p\ was changed

during the execution of the DST. . . . . . . . . . . . . . . . . . . 74

6.2 Classi�cation accuracy after surrogate optimisation vs. local

search optimisation of DST parameters . . . . . . . . . . . . . . . 75

7.1 Parameter values of each preprocessing method . . . . . . . . . . 82

7.2 t-values and p-values of student's t-test . . . . . . . . . . . . . . 84

8.1 Combination of feature extractors and classi�ers in experiments 91

8.2 Comparison of neural style transferring and multi-image his-

togram matching in test time - AUROC . . . . . . . . . . . . . . 91

8.3 ACRIMA images in each cluster resulted from by K-Means clus-

tering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

8.4 Test AUROC of ACRIMA model on original test data . . . . . 96

8.5 Test AUROC of ACRIMA model on styled test data using im-

ages from the same class of ACRIMA dataset . . . . . . . . . . . 96

8.6 Stylising of the test data using a random selection of reference

images from ACRIMA dataset . . . . . . . . . . . . . . . . . . . . 96

8.7 Class-wise stylising of the test data using reference images from

the selected cluster (cluster number 6) . . . . . . . . . . . . . . . 96

8.8 Class independent stylising of the test data using reference im-

ages from the selected cluster (cluster number 6) . . . . . . . . . 97

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.) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100



List of Figures

2.1 Sample images from REFUGE training set captured using ZEISS

Visucam 500 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2 Sample images from REFUGE validation and test sets captured

using Canon CR-2 . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.3 Sample images from RIMONEr2 dataset captured using NIDEK

AFC-210 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.1 Di�erent automatic glaucoma detection frameworks. . . . . . . . 22

3.2 Systematic literature review. . . . . . . . . . . . . . . . . . . . . . 23

3.3 An example of unstable accuracy graphs [1] . . . . . . . . . . . . 36

3.4 Standard method of train/validation/test splits using a single

camera/dataset. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

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

optic nerve head. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.2 Experimental setup: 26 feature extractors� 7 feature sets� 2

classi�ers = 364 cross validation experiments in total. . . . . . . 45

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). . . . . . . . . . . . . . . . . . . . . 52

5.2 An example image to process an image as in [2] . . . . . . . . . 53

5.3 Sample image before (left) and after (right) input standardisa-

tion: Method(A). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58



xii

5.4 Top two rows: Target image (left,Š) in Algorithm 5.1) and

three random reference/ source images with histograms of each

image (Š�
) '

� � � Š�
) '

in the algorithm). Bottom two rows: Target

image (left) and intermediate images created as Algorithm 5.1

executes. Shown are imagesŠ�
))

� � � Š�
))

according to the algo-

rithm, and if # = � , then the right, lowest image is the �nal

output transformed image. . . . . . . . . . . . . . . . . . . . . . . 59

5.5 Sample image before (left) and after applying median �lter (cen-

tre) before input standardisation (right): Method(C). . . . . . . 60

5.6 Advanced method of train/validation/test sets using two cameras. 61

6.1 Proposed method of train/validation/test sets using three cam-

eras. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

7.1 Outline of NST . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

7.2 Outline of NST . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

7.3 Outline of CNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

7.4 Model architecture of the GlaucomaNet . . . . . . . . . . . . . . 86

7.5 Box plot: The best input con�guration for GlaucomaNet . . . . 87

7.6 Box plot: The best input con�guration for XGBoost classi�er . 87

8.1 Example image of applying NST to test image in REFUGE

dataset using reference images from ACRIMA dataset . . . . . . 89

8.2 Application of neural style transferring for glaucoma label pre-

diction on test images from camera 2 using reference images

from training images acquired using camera 1 . . . . . . . . . . . 90

8.3 The process of applying NST in the experiments . . . . . . . . . 94

8.4 Visualisation of distortion score elbow for K-means clustering . 95

8.5 The architecture of the YOLOv5 model . . . . . . . . . . . . . . 99

8.6 High level illustration of the overall proposed system . . . . . . 100



xiii



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 glaucoma2. Diabetic

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

versible [3].

1.1.1 Glaucoma

Despite glaucoma being identi�ed 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 di�erent sub-types of glaucoma that all result in loss of

optic nerve �bres, 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
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also known as the optic disc (OD), and corresponding visual �eld 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 de�ne primary or secondary glaucoma. Primary causes

are non-identi�able 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 signi�cant 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 �bre 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 e�ective treat-

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

rely on a highly-trained ophthalmologist completing detailed regular clinical

examinations, visual �eld 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 e�ective 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 �rst one is

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

3https://www.glaucomapatients.org/basic/statistics/
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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 �eld or perimetry.

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

as corneal thickness, helps interpret eye pressure measurements. Also, di�erent

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

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

nerve and retinal nerve �bre 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 �bres that transfer visual information to the

brain. The nerve �bres 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 �ndings 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 e�cient clinical work
ow 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 signi�cant

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 o�er.

Regulatory and ethical considerations are also essential. Automated sys-

tems in healthcare must navigate rigorous validation processes to satisfy safety

and e�cacy 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 o�er 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 classi�cation 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 signi�cant 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 classi�cation using retinal

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

cessing time and reducing the computational e�ort.
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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 classi�cation

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 �ndings of this study are e�ective for the bene�t 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 justi�es the need for

more e�ective and e�cient systems using state-of-the-art (SOTA) technologies

such as arti�cial intelligence. Numerous manufacturers produce a diverse range

of fundus camera models that incorporate di�erent 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 signi�cant 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 e�ectively 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 �rst chapter gives the background of the research. Starting with con-

ventional and computer-aided glaucoma identi�cation, 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 di�erences 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 classi�cation 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 di�eren-

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 identi�cation

This chapter explains the initial study undertaken to identify the usability

of transfer learning in glaucoma classi�cation. The study could �nd 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 �ltering, input standardisation and histogram matching.

Importantly, we introduce randomised multi-image histogram matching that

changes an image to appear di�erently, 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 identi�ed 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 classi�cation. 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 di�erent 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 classi�cation 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 di�er-

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 di�erent but related problem [17]. From the practical standpoint,

reusing or transferring information from previously learned tasks to new ones

can signi�cantly improve the sample e�ciency of a learning model [18].

The de�nition of transfer learning can be given using the terms: domains

and tasks. A domainD consists of a feature spaceX and a marginal proba-

bility distribution %(- ), where- = ‘ � � ���� ‘ ? 2 X . Given a speci�c domain,

D = X � %(- ), a task consists of two components: a label spaceY and an

objective predictive function š � X ! Y. The function š is used to predict

the corresponding labelš( ‘ ) of a new instance‘ . This task, denoted by

T = Y� š( ‘ ), is learned from the training data consisting of pairs‘ Œ� J Œ, where

‘ Œ2 - and JŒ2 Y [19].

Given a source domainD( and learning taskT( , a target domainD) and

learning task T) , whereD( 6= D) , or T( 6= T) , transfer learning aims to help

improve the learning of the target predictive functionš) ( �) in D) using the

knowledge inD( and T( [19].
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2.2 Unseen domain problem

A domain shift [20], also known as distribution shift [21], is a di�erence between

the data distributions of an algorithm's training dataset and the dataset it �nds

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 de�ned as the

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

di�erent (but related) \target domain". In domain adaptation, the source and

target domains all have the same feature space (but di�erent distributions);

however, there may be examples where the target domain's feature space di�ers

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-

�ned as a representation by an instance of a supervised learning problem where

the test distribution PE6( -� . ) shifts from the training distribution PEC( -� . )

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 di�er from

the training data distribution PEC( -� . ) 6= %E6( -� . ) . 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 work
ow [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 speci�c 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 di�erences 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

magni�cation. 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



14

images from each device. There are around 30 di�erent 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 di�erent fundus camera devices. Images from three distinct fundus

cameras from di�erent 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 �eld 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 in
uence 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

classi�er for glaucoma classi�cation. 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 classi�cation 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-

Wide�eld (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 signi�cantly more retinal

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

signi�cant di�erence 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) �eld 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 signi�cantly 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 classi�cation using retinal fundus images.

3.1 Machine learning-based glaucoma classi�-

cation

Numerous machine learning-based systems have been developed using retinal

fundus images for glaucoma classi�cation. 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 di�erent glaucoma diagnosis frameworks.

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

classi�cation method, which involves manual feature extraction followed by

classi�er construction. The second framework shown in (b) uses a deep learning

pipeline that classi�es an image into a glaucoma class. Framework (c) uses

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

source dataset and then �ne-tunes it for another dataset.

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

the Google Scholar platform. Approximately �ve publications per year were

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

si�cation" 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 classi�cation systems. Finally, articles addressing other ocular diseases or

employing di�erent cameras were also excluded.

Apart from binary glaucoma classi�cation systems, there are systems for

glaucoma stage classi�cation 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 di�culty of �nding

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

excluded such papers and considered only the systems with binary classi�ca-

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 classi�cation, 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 classi�-

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

diagnosis phases, respectively.

Khan et al. propose a glaucoma classi�cation 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 �nal

feature set is fed into a least square support vector machine classi�er and shows

maximum classi�cation 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 Ara�ujo 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 signi�cant features to

be classi�ed by a support vector machine (SVM). Tested on RIMONEr2, the

classi�er reaches an accuracy of 93.41%, sensitivity of 92.83% and speci�city

of 93.69% [36].

A real-time glaucoma classi�cation 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, speci�city, and precision are 92.0%,

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

Authors of the paper \An E�cient Deep Learning Approach to Automatic

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

E�cientNet-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 identi�cation system that uses

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

for classi�cation. 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 �tting

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 speci�city 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 speci�city 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 classi�ers [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 �ve pre-trained networks.

Random forest and logistic regression were used as classi�ers. 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-
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pression, recti�ed 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 di�erent classi�ers 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 classi�er based methods

Many of the latest glaucoma classi�cation systems use transfer learning or

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

forms feature extraction and classi�cation. 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 �ne-

tune for glaucoma classi�cation. 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


ipping, 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 di�erent 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 di�erent 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 E�cientNetB7 architecture to automatically detect

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

dian �lter, Gabor �lter and adaptive histogram equalisation as preprocessing

methods. Scaling, rotating and 
ipping 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 speci�city 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 �lter 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 speci�city 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

�ve 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 �nally classify for glaucoma identi�cation using CNN. The

network achieves an accuracy of 76.6%, a sensitivity of 75.3%, a speci�city 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 identi�ca-

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 classi�cation. 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 classi�cation network produced by Juneja et al. was a

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

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

speci�city of 96.20% [1].



29

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 classi�er-based methods in a single system.

The �nal 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 �rst 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 classi�er to

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

coma patient based on any subsystem's positive prediction improves the �nal

detection's sensitivity to 0.91 [62].

Prashanth et al. proposed an early and e�cient glaucoma detection system

using image processing and deep learning. The �rst 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 
ipping were used as augmentation techniques. Each ImageNet-

trained network produces a feature vector. The �nal feature vector is computed

using majority voting for feature selection. The Softmax classi�er layer is used

for the �nal classi�cation for glaucoma identi�cation. The proposed method

was tested using �ve 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 classi�cation system via deep-

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

single classi�ers. 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 �ve 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 classi�er is used. The results for combining two or three

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

better classi�cation accuracy [67].
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3.2 Problems in existing machine learning based

glaucoma classi�cation methods

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

them under di�erent topics, such as image data, preprocessing, augmentation,

features, classi�ers, network training and evaluation. Overall, there are several

predominant limitations in the above studies. These limitations are identi�ed

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 speci�c

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 �nd smaller datasets in clin-

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

imbalanced data between classes. Usually, it is more di�cult to �nd 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

di�erent 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 arti�cially 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 e�ectively with the available data, maintaining the integrity of the

original datasets without recourse to arti�cial augmentation. This approach

was central to our methodology, aligning with the speci�c 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 modi�cations.

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

The most common preprocessing method found in glaucoma classi�cation 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 speci�c im-

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

essential preprocessing step in machine learning-based classi�cation. 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 �ltering, 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 di�erent

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 di�erent: 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 
ip, and vertical 
ip,

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 o�ine. The o�ine

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 classi�-

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 �ber 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 classi�er.

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 classi�cation were often designed

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

ists the potential to enhance classi�cation accuracy by concatenating di�erent

types of features.

3.2.5 Issues with respect to classi�ers

There are two types of classi�ers in machine learning: shallow classi�ers and

deep classi�ers, based on shallow neural networks or architectures and deep

learning models, respectively. Shallow classi�ers can be named SVM, Naive

bias, random forest, XGBoost, etc., while ResNet, E�cientNet, and Inception

are some deep learning models used as classi�ers. Both types of classi�ers

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 classi�ers in their research. Conversely, [47, 48, 51, 52, 55] utilised

deep classi�ers 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 classi�cation using retinal fundus images.

Shallow classi�ers usually require image processing and/or feature extraction

of images prior to classi�cation, whereas deep classi�ers 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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