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Abstract
[en]

Self-supervised learning has recently emerged as a promising approach for
retinal image representation learning by leveraging large quantities of unlabelled
data. Among these methods, Masked Autoencoders (MAEs) have demonstrated
strong performance by learning to reconstruct missing image regions. How-
ever, conventional MAEs primarily focus on spatial-domain reconstruction and
do not explicitly encourage the preservation of frequency-domain information,
which may contain important retinal structures and pathological patterns.

This work proposes a Frequency-Regularised Masked Autoencoder (FR-
MAE) for retinal image representation learning. The proposed approach ex-
tends the standard MAE framework by introducing a frequency-domain reg-
ularisation term based on the Fourier transform of reconstructed images. The
objective is to encourage the preservation of high-frequency information during
self-supervised pre-training and improve the transferability of the learnt repre-
sentations.

The proposed method was pre-trained on approximately 90,000 unlabelled
retinal images and subsequently fine-tuned for Diabetic Retinopathy and Glau-
coma classification. Experimental evaluation was performed using ten fine-
tuning seeds and included both internal test sets and cross-dataset generalisa-
tion experiments. The results showed that frequency-domain regularisation con-
sistently improved downstream classification performance compared with the
baseline MAE. In particular, the proposed approach achieved superior cross-
dataset generalisation for both tasks and substantially reduced the performance
gap with RETFound despite using a considerably smaller pre-training dataset.

These findings indicate that frequency-domain regularisation constitutes an
effective complementary learning signal for self-supervised retinal representa-
tion learning and can improve the transferability and generalisation ability of
retinal image representations.

Keywords: Self-Supervised Learning, Retinal Images, Masked Autoen-
coders, Frequency-Domain Regularisation, Diabetic Retinopathy, Glaucoma,
Representation Learning.



Résumé
[fr]

L'apprentissage auto-supervisé est rfécemment apparu comme une approche
prometteuse pour 'apprentissage de représentations d’images rétiniennes, en
exploitant de grandes quantités de données non annotées. Parmi ces méth-
odes, les Masked Autoencoders (MAE) ont montré de bonnes performances
en apprenant a reconstruire des régions masquées de 1'image. Cependant, les
MAE classiques se concentrent principalement sur la reconstruction dans le do-
maine spatial et n’encouragent pas explicitement la préservation des informa-
tions fréquentielles, qui peuvent contenir des structures rétiniennes importantes
ainsi que des motifs pathologiques.

Ce travail propose un Masked Autoencoder a régularisation fréquen-
tielle (FR-MAE) pour l'apprentissage de représentations d’images rétiniennes.
L'approche étend le cadre standard du MAE en introduisant un terme de régu-
larisation dans le domaine fréquentiel basé sur la transformée de Fourier des im-
ages reconstruites. L'objectif est d’encourager la préservation des informations
de haute fréquence lors du pré-entrainement auto-supervisé et d’améliorer la
transférabilité des représentations apprises.

La méthode proposée a été pré-entrainée sur environ 90 000 images ré-
tiniennes non annotées, puis affinée pour les taches de classification de la
rétinopathie diabétique et du glaucome. L'évaluation expérimentale a été réal-
isée avec dix graines (seeds) de fine-tuning et comprend a la fois des datasets
de test internes et des expériences de généralisation cross-dataset. Les résul-
tats montrent que la régularisation dans le domaine fréquentiel améliore de
maniere constante les performances en classification en aval par rapport au
MAE de référence. En particulier, I'approche proposée atteint une meilleure
généralisation cross-dataset pour les deux taches et réduit significativement
l'écart de performance avec RETFound, malgré 1'utilisation d’un ensemble de
pré-entrainement considérablement plus réduit.

Ces résultats indiquent que la régularisation dans le domaine fréquentiel con-
stitue un signal d’apprentissage complémentaire efficace pour 'apprentissage
auto-supervisé de représentations rétiniennes et peut améliorer la transférabil-

ité et la capacité de généralisation des représentations d’images rétiniennes.

Keywords: Apprentissage auto-supervisé, images rétiniennes, autoen-
codeurs masqués, régularisation dans le domaine fréquentiel, rétinopathie di-
abétique, glaucome, apprentissage de représentations.
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General Introduction

Today, medical imaging plays a vital role in the diagnosis and management of
many diseases. Fundus photography is a crucial form of imaging used in oph-
thalmology, as it provides a direct view of the retina and blood vessels. Fun-
dus imaging is one of the most standard methods for diagnosing and manag-
ing many ophthalmic diseases. Given the enormous number of patients and
the widespread availability of digital medical data, retinal image analysis is cur-
rently a very active area of research.

In general, deep learning-based methods have proven effective in classify-
ing and detecting ocular pathologies. However, they typically require large
amounts of annotated data. This poses a particular problem in the medical field,
as annotation requires expert intervention and is time-consuming. Therefore, it
seems relevant to turn to self-supervised learning.

This approach involves using large collections of unlabelled images to au-
tomatically learn visual representations. Among recent approaches, the use of
Masked Autoencoders has proven effective in learning robust representations
by reconstructing images from partially masked versions.

However, fundus images contain crucial information located in thin retinal
structures, such as microaneurysms, small hemorrhages, and drusen. These mi-
crostructures contain important clinical information for the early diagnosis of
certain pathologies.

Standard Masked Auto Encoder models can sometimes struggle to accurately
preserve these fine details during model building.

In this context, our work focuses on exploring Self-Supervised Learning meth-
ods for retinal images, specifically by introducing additional constraints that
should better preserve the fine structures of the image. We therefore seek, on
one hand, to provide better quality representations and, on the other hand, to
evaluate the usefulness of these representations in tasks of classifying ocular
pathologies.



The Problem Statement

Despite significant progress in deep learning methods for retinal image analysis,
several challenges remain. The limited availability of annotated retinal images
continues to restrict the training of supervised models, while large quantities
of unannotated retinal images remain underused. Self-supervised learning has
emerged as an effective solution for exploiting such data and learning transfer-
able visual representations.

Among recent Self-Supervised Learning approaches, Masked Autoencoders
have demonstrated strong performance by learning to reconstruct masked im-
age regions. However, the reconstruction objective is primarily defined in the
spatial domain and may not sufficiently emphasise fine retinal structures. Small
pathological patterns such as microaneurysms, hemorrhages, and subtle vessel
abnormalities often correspond to high-frequency image components that can
be overlooked during reconstruction.

Since these structures are clinically relevant and can contribute to robust rep-
resentation learning, it is natural to investigate whether incorporating frequency
domain information into the SSL objective can improve the quality of the learnt
representations.

Therefore, the main question addressed in this work can be formulated as
follows:

”Can frequency-domain regularisation that emphasises high-frequency reti-
nal information improve the transferability and generalisation performance of
representations learnt through self-supervised Masked Autoencoders?”

To investigate this question, this work proposes a Frequency-Regularised
Masked Autoencoder (FR-MAE), which augments the conventional reconstruc-
tion objective with a frequency-domain regularisation term designed to encour-

age the preservation of fine retinal details during self-supervised pre-training.
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1.1. INTRODUCTION

1.1 INTRODUCTION

Retinal image analysis has become an important research area due to its potential
to assist in the early diagnosis of ocular diseases

We begin by presenting the basic concepts related to retinal imaging
(anatomy and imaging techniques). Next, we discuss methods for the automated
analysis of medical images based on deep learning. Finally, reconstruction-
based SSL methods, particularly Masked Autoencoders, are presented together
with recent developments in retinal image analysis, forming the basis of the pro-
posed approach.

1.2 RETINAL IMAGING

Ophthalmic imaging plays a crucial role in the detection and monitoring of
many pathologies that may deteriorate vision or lead to blindness. Among many
imaging modalities, fundus photography is one of the most widely used tech-
niques for retinal examination, providing detailed images of important anatom-
ical structures. These images serve as valuable clinical resources for diagnosis
and can also be used in automated analysis systems based on machine learning
and deep learning methods.

However, automatic classification of retinal images remains a significant chal-
lenge due to variations in imaging devices (Topcon, Nidek, Eidon, etc.), hetero-

geneity in patient populations, and different variables during image acquisition

[1].

1.2.1 ANATOMY OF THE RETINA

The retina is located at the back of the eye, it is a very thin light sensitive mem-
brane responsible for vision. Acting as a receptor in image formation, It func-
tions by converting light into nerve impulses that are transmitted to the brain
through the optic nerve.

Important anatomical parts of the retina are the Blood Vessels, Macula, and
Fovea along with the Optic disc. Macula and Fovea are involved in centralised
and high detail vision, while the Optic disc is the area where the optic nerve
leaves the eye, a region devoid of photoreceptors which explains the existence
of a blind spot.
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Any alteration of these anatomical structures can be a sign of ocular patholo-

gies, making their analysis essential in diagnostic support systems [2].

Arteri 2 Ar Bifurcation

Arteriovenous Nicking

Fovea Optic Disc

Retinal Vessels

Macula
Perivascular Region

Figure 1.1: Retina Labels (macula, optic disc...)

1.2.2 FunNDuUSs PHOTOGRAPHY

Fundus photography is a diagnostic procedure used in ophthalmology to ob-
tain detailed pictures of the back of the eye. It is well tolerated, non-invasive,
provides high quality view of retinal structures (optic disc, retina, blood vessels,
etc) and aids in the diagnosis, documentation, and management of many eye
conditions.

A controlled light source is focused into the eye, illuminating the retina,
while an image is taken via a specialised fundus camera. Depending on the
available imaging technology and acquisition protocol, the resultant image may
be in greyscale or colour.

The standard procedure for fundus photography includes the following;:

1. Dilation of the pupil for optimal retina display.
2. Appropriate alignment of the fundus camera and the patient’s eye.
3. Retinal image capture.

4. Post acquisition analysis and image evaluation.



1.3. AUTOMATED ANALYSIS OF MEDICAL IMAGES

Retinal imaging itself has its limits. Many external conditions can affect the
quality of fundus images, such as light conditions, pupil dilation, type of retinal
camera, operator expertise, and quality of retinal camera which then influences

image analysis and clinical diagnosis [3].

1.2.3 MAJOR RETINAL DISEASES

The Major retinal diseases are a set of retinal disorders, which can result in severe
sight loss or blindness if not detected and managed adequately.

Common amongst these are:

* Diabetic Retinopathy refers to a vascular abnormality that affects the
retina due to Diabetes Mellitus. It manifests itself by capillary occlusions,
microaneurysms, and hemorrhages that impair vision in a degenerative

manner [4].

¢ Age-Related Macular Degeneration is a degenerative disease that pre-
dominantly affects the macula. It is closely associated with ageing, al-
though genetic predispositions and other factors also play a role. It results
in a slow and insidious loss of central vision, affecting sight in daily activ-

ities such as reading, driving, and identifying faces [5].

* Glaucoma is a progressive optic neuropathy, with high intraocular pres-
sure being a significant risk factor; resulting in irreparable loss of vision
due to progressive loss of the optic nerve, often starting with the periph-
eral field of vision [6].

It is critical to achieve an early diagnosis of the diseases above and fun-
dus photography offers an application where computer-vision algorithms can
greatly help.

1.3 AUTOMATED ANALYSIS OF MEDICAL IMAGES

Artificial intelligence and computer vision are applied in the analysis of medical
images in order to retrieve clinically relevant information. The main objective
is to help physicians diagnose, treat and monitor patients, improving efficiency
and reducing manual interpretation effort [7].

Recent advances in this domain are heavily driven by machine learning,

specifically deep learning, which is discussed in the next section.
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1.4 DEEP LEARNING FOR COMPUTER VISION

Deep learning is a sub-field of machine learning, driven by deep neural networks
and capable of learning hierarchical representations of data. It has significantly
advanced the field of computer vision, eliminating the need for hand-made fea-
ture descriptors by enabling automatic feature learning directly from raw images
[8].

Deep learning techniques are usually deployed in supervised, unsupervised
and reinforcement learning setups. Among these, supervised learning remains
the most widely used for image-based tasks such as classification, object detec-

tion, segmentation, and regression [8].

1.4.1 CoNVOLUTIONAL NEURAL NETWORKS

Convolutional Neural Networks (CNNs) are deep learning architectures designed
specifically to extract image features, utilising convolutional operators, allowing
models of this architecture to learn automatically spatial image features through-
out stacked layers.

The general structure of a CNN architecture includes convolution, activa-
tion function, pooling layers, then fully connected layers to calculate predictions.
Whilst early CNN layers detect simple and low-level image features, like corners
and edges, later layers detect more abstract and intricate visual patterns.

As CNNs efficiently manage image features, they have become widely in-
volved in numerous computer vision tasks, such as image classification and med-

ical image analysis.

1.4.2 VisioN TRANSFORMERS

Vision Transformers (ViIs) are deep learning models, based on the Transformer
model, which was originally designed for natural language processing. Unlike
CNNs, ViTs handle the input image by splitting it into a sequence of smaller
patches.

In a ViT model, the input image is split into fixed size patches, and each patch
is then mapped to a vector. These representations are fed into Transformer layers
with self-attention allowing the model to learn dependencies between different
parts of the images.



1.5. SELF-SUPERVISED LEARNING

ViTs are effective in learning long-range dependencies from the image and
have achieved good performance in different computer vision tasks, including

medical image analysis [9].
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Figure 1.2: Retinal image processing pipeline with ViT (Patching and Encoding)

1.5 SELF-SUPERVISED LEARNING

Self-supervised learning is a machine learning method that exploits the
paradigm of unsupervised learning for tasks that are traditionally tackled by
supervised learning. The learning signals for SSL models are implicit and can
be generated automatically from unlabelled data.

SSL is particularly useful in fields such as computer vision and natural lan-

guage processing, which require large amounts of labelled data. Since such
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data require costly human annotation, collecting them can be difficult. SSL ap-
proaches are therefore faster and more cost-effective, as they reduce the need for
manual labelling.

Within SSL, a distinction is made between pretext tasks and downstream
tasks. Pretext tasks allow the model to learn useful representations from un-
structured data. These representations are then used for downstream tasks via

transfer learning, reusing the whole pre-trained model or a part of it.

1.5.1 GENERAL PRINCIPLE

The general principle of SSL is based on designing tasks that allow a loss func-
tion to use unlabelled input data as ground truth. In this context, pretext tasks
generate “pseudo-labels” from the data itself. These tasks are not necessarily
useful on their own, but they allow the model to learn representations that can
be exploited for downstream tasks, hence the concept of representation learning.

The pre-trained models are then fine-tuned for specific downstream tasks,
usually with supervised learning and much less labelled data.

There are different strategies in SSL, including contrastive learning, self-
predictive methods, reconstruction-based approaches, or a combination of these

techniques.

1.5.2 CONTRASTIVE METHODS

Contrastive SSL methods provide models with multiple data samples and re-
quire them to predict the relationships between them. Models trained with these
methods are generally discriminative (rather than generative).

These methods are typically based on creating data-data pairs; different
views of the same instance are considered positive examples, while views from
other instances serve as negative examples. These views are generated through
data transformations such as cropping, rotation, flipping, or colour modification.
The objective of the model is to maximise similarity between positive examples
and minimise similarity with negative examples.

Among the most well-known contrastive methods:

* SimCLR relies on contrastive SSL without requiring specialised architec-

tures or memory banks. It’s objective is to maximise the agreement be-
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tween augmented views of the same image (positive pairs) while minimis-
ing the agreement with views from other images (negative pairs) [10].
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Figure 1.3: Principle of SimCLR based on maximizing the similarity between two aug-
mented views of the same image.

* BYOL relies on an online (student) network and a target (teacher) network
that interact with each other. An input (augmented view of an image) is
presented to the student network and it learns to predict the target pro-
duced by the teacher network for another augmented view of the same

input, eliminating the need for negative samples [11].
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Figure 1.4: BYOL architecture showing the online and target networks with the repre-
sentation, projection, and prediction stages.

1.5.3 SELF-PREDICTIVE METHODS

Self-predictive learning approaches train the model to predict informative repre-
sentations of the input from a partial or modified view of that input. Such meth-
ods do not need an explicit comparison between positive and negative samples,
as in contrastive learning. Instead, the model learns by predicting hidden or la-
tent targets generated from the input itself, encouraging robust representation

learning through internal consistency.
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One of the most notable self-predictive methods is Data2Vec, an SSL frame-
work that trains a student model to predict contextualised latent representations
generated by a teacher model from the same input data, without predicting the
original raw pixels or the use of a contrastive task, it predicts high-level feature
representations in latent space. During training, the student receives a masked
version of the input, while the teacher processes the full input and produces
target representations. The objective is to minimise the difference between the

student’s predictions and the teacher’s latent targets [12].
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Figure 1.5: Data2Vec architecture illustrating self-supervised learning through masked

input prediction and teacher—student latent representation alignment.
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1.5.4 RECONSTRUCTION METHODS

From many categories in SSL, reconstruction-based learning has proven to be
one of the most dominant methods.

In this approach, a model is trained to recreate the input from a corrupted,
compressed, or masked version. This kind of learning method helps the model
capture the global structure of the data and the relations between different data
parts, leading to effective data representations which can then be transferred to
a wide range of downstream applications.

Reconstruction-based learning has been widely explored through ap-
proaches such as Autoencoders and, more recently, transformer-based methods.
Among these approaches, Masked Autoencoders (MAEs) have demonstrated
strong performance in computer vision tasks.

The main idea behind MAE:s is to mask away a large fraction of the input
image and then to train a model to reconstruct the masked regions from the
unmasked portion of the input. By this reconstruction objective, it is possible to
obtain useful visual features without supervision [13].

Despite their strong performance, MAEs primarily optimise reconstruction

in the spatial domain. Consequently, fine image structures are not explicitly

11
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emphasised during representation learning.
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Figure 1.6: MAE architecture showing patch masking, encoder processing of visible
patches, and decoder-based reconstruction of masked regions.

1.6 RECENT WORK ON RETINAL IMAGE ANALYSIS

In recent years, the use of deep learning in medical image analysis has evolved
significantly.

In the field of ophthalmology, fundus images are very important because
they allow direct observation of the condition of the retina. For this reason, sev-
eral researchers have attempted to develop automatic methods capable of help-
ing to diagnose eye diseases.

Initially, most studies were based on CNNs, models known for their abil-
ity to process images and automatically extract useful information. They have
been used in several studies, particularly for the detection of diabetic retinopa-
thy, achieving satisfactory results in many cases [14] [15].

Subsequently, more recent architectures were proposed. Transformer-based
models, such as ViTs, began to be used in medical imaging. Unlike CNNs, these
models focus not only on local details, but also on the image as a whole, which
can improve understanding of structures present in retinal images [16].

At the same time, some studies have shifted towards SSL. MAEs are one of
the most effective approaches that enable learning from unlabelled images prior
to performing classification [13]. Among MAE-based approaches, RETFound
has demonstrated state-of-the-art performance on a wide range of retinal image

analysis tasks by leveraging large-scale self-supervised pre-training [17].
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Although MAEs have demonstrated strong performance in retinal image rep-
resentation learning, challenges remain regarding the preservation of fine retinal

details and the generalisation of learnt representations.

1.7 CONCLUSION

In this chapter, the basics required to understand the proposed work were pre-
sented.

Retinal imaging and the main studied pathologies were first introduced. The
different methods used for medical image analysis were then discussed, with
particular emphasis on deep learning approaches such as CNNs and ViTs.

Subsequently, SSL was presented as a promising approach for exploiting un-
labelled data. Particular attention was paid to reconstruction-based methods
and Masked Autoencoders, which constitute the foundation of the proposed
methodology.

This chapter therefore establishes the theoretical foundation for the remain-

der of this work, which is detailed in the following chapter.
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CHAPTER 2. PROPOSED FREQUENCY-REGULARISED MAE METHODOLOGY

2.1 INTRODUCTION

In this chapter, we describe the methodology adopted for the automatic analysis
of retinal images. The objective of this work is to build a deep learning model ca-
pable of extracting relevant features from unlabelled images in order to improve
classification performance.

First, we present the datasets used and the pre-processing steps applied to
the images. Next, we describe the model architecture based on MAE.

We also introduce the proposed method, called Frequency-Regularised MAE
(FR-MAE), which adds regularisation in the frequency domain to improve the
quality of learnt representations.

Subsequently, we explain the loss function and the adopted training strategy.
The model is first pre-trained in a self-supervised manner, then fine-tuned for
the classification task.

Finally, we present the experimental choices and the parameters used in this

work.

2.2 PRESENTATION OF THE DATASETS

Several public retinal fundus image datasets were used to train and evaluate the
proposed model. These datasets include labelled and unlabelled images and
cover different ocular conditions, mainly Diabetic Retinopathy and Glaucoma.
The datasets were organised according to their specific role within the proposed
experimental pipeline and subsequently divided into three distinct pools: the
SSL pool, the fine-tuning pool, and the generalisation pool.

Within each pool, all contributing datasets were merged to form a single
larger dataset. This organisation allowed the inclusion of images originating
from different populations, acquisition devices, and imaging conditions, thereby
increasing the diversity of retinal characteristics represented within each pool.
In consequence, the models were subjected to a wide variety of image variations

during training and evaluation.

2.2.1 SSL DATASET

Table 2.1 presents the datasets used to construct the SSL pool employed during
the SSL pre-training phase. During dataset collection, all available unlabelled
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retinal images were gathered and merged into a single SSL pool regardless of
their dataset of origin, with the exception of datasets reserved for the general-
isation experiments, whose unlabelled images were excluded to prevent data
leakage. The Total row indicates the final number of unlabelled images avail-

able for SSL pre-training after merging all contributing datasets.

Table 2.1: Retinal datasets used for SSL pre-training

No. | Dataset Count
1 EYEPACS [18] 53,573
2 Messidor 02 [19] [20] | 1,748
3 IDRID [21] 81
4 REMiD [22] 2,462
5 1000x39 [23] 856
6 ODIR [24] 3,373
7 PAPILA [25] 68
8 STARE [26] [27] 396
9 ARIA [28] 143
10 | FIVES [29] 200
11 | AGAR300 [30] 28
12 | APTOS [31] 1,928
13 | FUND-OCT [32] [33] 30
14 | DiaRetDB1 [34] 89
15 | DRIONS-DB [35] 110
16 | E-Ophta [36] 434
17 | HEI-MED [37] 169
18 | HRF [38] 45
19 | ROC [39] 100
20 | BREST [40] [41] [42] 8,491
21 | JICHI [43] 9,939
22 | CHAKSU [44] 1,345
23 | DR1-2 [45] 1,601
24 | Cataract [46] 601
25 | MMAC [47] 2,769
26 | DiaRetDBO [48] 130

Total 90,709

2.2.2 FINE-TUNING DATASET

Tables 2.2 and 2.3 report the labelled datasets used for fine-tuning on the Diabetic

Retinopathy and Glaucoma classification tasks, respectively. For each disease,
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the individual datasets were merged into a single fine-tuning dataset. The Total

row therefore represents the final class distribution obtained after combining all

contributing datasets.

Table 2.2: Diabetic Retinopathy datasets used for fine-tuning

No. | Dataset 0-No DR | 1-Mild | 2-Moderate | 3 - Severe | 4 - Proliferative DR | Count
1 | EYEPACS [18] 25,308 2,443 5,292 873 708 35,124
2 IDRID [21] 168 25 168 93 62 516
3 | 1000x39 [23] 38 18 49 39 0 144
4 | ODIR [24] 2,816 460 745 144 21 4,186
5 APTOS [31] 1,805 370 999 193 295 3,662
6 | BREST [40] [41] [42] | 7,287 97 164 14 213 7,775

Total 37,922 3,413 7,417 1,356 1,299 51,407

Table 2.3: Glaucoma datasets used for fine-tuning
No. | Dataset 0 - Normal | 1- Glaucomatous | Count

1 ODIR [24] 2,816 200 3,016
2 PAPILA [25] 333 87 420
3 FIVES [29] 200 200 400
4 | FUND-OCT [32] [33] 27 44 71

Total 3,376 531 3,907

It is important to note that both fine-tuning datasets exhibit a significant class
imbalance. In the Diabetic Retinopathy dataset, the majority of images are part
of the No DR class, while severe and proliferative classes are sparsely repre-
sented. In the Glaucoma dataset a similar class imbalance is observed, where
normal images numerically overwhelm glaucomatous images. Class imbalance
is typical in medical imaging datasets and may lead to a training biased towards
the majority classes. To address this issue, specific mechanisms were incorpo-
rated into the fine-tuning procedure with the intention of reducing the impact
of class imbalance and promote more balanced learning across classes. These
mechanisms are described in detail later in this chapter.

Another aspect worth noting is that a small number of datasets, such as
ODIR, is used in both the Diabetic Retinopathy and Glaucoma classification
tasks. However, this overlap does not affect the validity of the experimental
protocol, as the two tasks are treated as independent classification problems and
are trained separately. Each task is fine-tuned directly from the same SSL pre-
trained model rather than from a model previously trained on the other task.
Consequently, the presence of a dataset in both classification pools does not in-
troduce information leakage between the two experiments.
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Furthermore, some datasets contribute to both the SSL pool and the fine-
tuning pool, including datasets such as EYEPACS, ODIR, and FIVES. This over-
lap exists at the dataset level only and not at the image level. As discussed pre-
viously, several datasets were only partially annotated or contained labels that
were not suitable for the target classification tasks. In such cases, the labelled im-
ages were assigned to the corresponding fine-tuning pool, while the remaining
unlabelled images were transferred to the SSL pool. During this process, special
care was taken to ensure that no image was present in both pools simultaneously.
Consequently, there is no overlap between the images used in the two stages.

2.2.3 GENERALISATION DATASET

Tables 2.4 and 2.5 present the datasets used for cross-dataset generalisation eval-
uation in the Diabetic Retinopathy and Glaucoma tasks, respectively. The Total

row represents the final class distribution of the merged generalisation dataset.

Table 2.4: Diabetic Retinopathy datasets used for cross-dataset generalisation evalua-
tion

No. | Dataset 0-No DR | 1-Mild | 2 - Moderate | 3 — Severe | 4 — Proliferative DR | Count
1 PARAGUAY [49] 711 6 110 210 261 1,298
2 OIA-DDR [50] 6,266 630 4,477 236 913 12,522
3 SUSTech-SYSU [51] 631 24 401 87 76 1,219
Total 7,608 660 4,988 533 1,250 15,039

Table 2.5: Glaucoma datasets used for cross-dataset generalisation evaluation

No. | Dataset 0 - Normal | 1 - Glaucomatous | Count
1 Drishti-GS1 [52] [53] 31 70 101
2 G1020 [54] 724 296 1,020
3 ORIGA [55] 482 168 650
4 REFUGE [56] [57] 1,720 280 2,000

Total 2,957 814 3,771

The generalisation pool plays a crucial role in assessing the transferability
and generalisation capability of the learnt representations. For this reason, the
datasets assigned to this pool were kept completely independent from both the
SSL and fine-tuning pools. No overlap was allowed at either the dataset level
or the image level, ensuring that the model had never encountered any of the
generalisation data during training. Furthermore, any unlabelled images origi-

nating from datasets reserved for the generalisation pool were excluded rather
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than transferred to the SSL pool. This precaution was taken to avoid data leakage
and to guarantee that the reported results reflect true cross-dataset generalisa-

tion performance.

2.3 IMAGE PREPROCESSING

Medical fundus images collected from different datasets exhibit significant varia-
tions in image resolution, acquisition devices, illumination conditions, and frame
quality. Therefore, preprocessing is required before the images are provided to
the proposed model.

The objective of this preprocessing stage is not only to improve consistency
between datasets, but also to ensure that the model learns meaningful reti-
nal structures rather than non-informative elements such as borders and back-
ground regions.

A deliberate choice was made to use datasets that contain complete fundus
images. Several publicly available datasets were excluded when they only pro-
vided region-specific retinal views. For example, datasets such as ACRIMA were
not retained because they do not consistently provide full retinal images.

This decision was motivated by the fact that the proposed approach relies
on learning global retinal structures, where peripheral context such as optic disc

location, macula positioning, and vascular distribution plays an important role.

2.3.1 CLEANING IMAGES

All images are first cleaned to minimise acquisition artefacts and to increase the
effective coverage of the retinal region prior to resizing and data augmentation.

Typically, fundus images consist of considerable areas of black boundaries,
stemming from acquisition sensors of the camera, circular masks during the
acquisition, or incorrect cropping during the database generation. These non-
informative regions do not contribute to retinal structure learning and may neg-
atively affect representation learning if retained.

To address this issue, an automatic preprocessing procedure was designed to
detect and remove black borders. The method is based on intensity thresholding

combined with spatial ratio analysis.
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Algorithm 2.1 Black Border Removal Procedure

Require: Fundus image I, Intensity threshold ¢, Minimum valid ratio r
Ensure: Cropped retinal image I’
1: Convert the image I into an array of pixel intensity values
Create a binary mask where a pixel is valid if its max RGB intensity is greater than ¢
calculate the ratio of valid pixels per each row and per each column
Keep rows and columns with valid pixel ratio > r
Get the smallest bounding box that contains all valid rows and columns

Crop the image using the computed bounding box

return the cropped retinal image I

This procedure is less sensitive to partially damaged images and varying ac-
quisition conditions.

The majority of the images were correctly processed by this automatic
pipeline. A small fraction of the images had to be pre-processed by hand, pre-
venting additional noise from being introduced. This typically occurred when
text annotations were embedded within the original image document or had a

wrong colour in the background that the thresholding did not easily pick up.

2.3.2 IMAGE RESIZING

After the cleaning stage, all retinal images were resized in order to standardise
the input dimensions required by the Vision Transformer architecture. Since the
datasets used in this work originate from multiple sources, image resolutions
and aspect ratios vary significantly.

Direct resizing to a fixed square resolution would distort anatomical retinal
structures and potentially alter clinically important patterns. With that in mind,
the images were resized to keep the original geometric ratios of the retina.

The length of the longest side of the image was fixed at 224 pixels, and the
other side was scaled proportionally. This retains the relationship between ele-
ments of the retina.

After proportional resizing, the remaining empty regions were padded with
black pixels in order to obtain a final square image of size 224x224 pixels. The
padding was applied symmetrically around the shortest dimension to centre the
retinal image within the frame.

The final output of this stage is therefore a square retinal image of resolution
224x224 pixels, suitable for both SSL pre-training and downstream classification.
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2.3.3 SSL DATA AUGMENTATION

To increase the model robustness and enrich the training samples without alter-
ing key, clinically relevant, retinal structures, data augmentation was used in the
SSL pre-training stage. Augmentation procedures were selected conservatively
so that pathological information would not be destroyed, as retinal lesions like
microaneurysms, exudates and hemorrhages are often small and localised.

Prior to spatial transformations, Contrast Limited Adaptive Histogram
Equalisation (CLAHE) was applied to the green channel of the fundus images.
The green channel is commonly preferred in retinal analysis because it provides
higher contrast for vascular structures and small lesions. The CLAHE algorithm
increases local contrast but reduces over-amplification of noise. Consequently,
it will display finer retinal details, including vessels and microaneurysms. This
technique is supported in the literature on retinal image processing and has been
proven to effectively increase the visibility of lesions [58], [59].

Then a conservative random resized crop was applied with a scaling range
between 0.8 and 1.0 and an aspect ratio constrained between 0.9 and 1.1. Com-
pared to aggressive cropping used for natural images, the above parameters
were specifically set up to avoid losing the overall retinal context and the deletion
of salient regions. Retinal SSL and RETFound-based approaches have shown the
importance of retaining the structure of lesions while learning representations
[17].

Horizontal flipping with a probability of 50% was also applied. Horizontal
flips remain anatomically plausible for fundus photographs, whereas vertical
flips were intentionally excluded because they generate unrealistic retinal orien-
tations.

Small random rotations limited to £15° were also introduced to simulate re-
alistic acquisition variability caused by camera tilt during retinal imaging.

Unlike conventional supervised learning pipelines, no colour jitter augmen-
tation was used during MAE pretraining. Since MAEs rely on reconstructing
original pixel values, strong colour perturbations can produce inconsistent re-
construction targets and negatively affect representation learning.

Consequently, only minimal appearance modifications were retained during
pretraining, following the practices adopted in MAE-based retinal representa-
tion learning approaches [17].

Finally, all images were converted into tensors and normalised using the Im-
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ageNet mean and standard deviation values:
* Mean: [0.485, 0.456, 0.406]
e Standard deviation: [0.229, 0.224, 0.225]

This normalisation approach is commonly used within Vision Transformer
and RETFound-based frameworks to guarantee backward compatibility with
pretrained networks and stable training [17].

Algorithm 2.2 Fundus Image Augmentation Pipeline In The SSL Phase

Require: Fundus image I
Ensure: Preprocessed image I’
1: Extract the green channel from I
Apply CLAHE to the green channel
Reinsert the enhanced green channel into the image
Apply a random resized crop to 224 x 224
Apply a horizontal flip with 50% probability
Apply a random rotation within the range [-15°, +15°]
Convert the image into a tensor
Normalize the image using ImageNet mean and standard deviation values
return the preprocessed image I’

2.4 MAE MoODEL IMPLEMENTATION

In this work, the MAE implementation employs a ViT backbone. The model fol-
lows the standard encoder-decoder workflow of Masked Autoencoders, where
the encoder takes visible image patches and the decoder reconstructs the miss-
ing parts.

The implementation uses TIMM library for ViT backbone and Lightly library
for MAE related components like patch masking, encoding and image recon-

struction.

2.4.1 PATcH MASKING PRINCIPLE

As stated previously, the proposed approach adopts a ViT backbone using the
vit_large_patch16_224 model architecture with a masking ratio of 75%, which
means that each input image is divided into small patches of size 16x16 pixels,
and only a randomly selected small portion corresponding to 25% of the patches
is provided to the encoder while the rest is masked.
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The indices of visible and masked patches are preserved throughout the pro-
cess to enable proper reconstruction during decoding. Besides reducing compu-
tational cost by limiting the number of processed patches, this masking strategy
encourages the model to learn global dependencies between different image re-

gions in order to infer the missing content.

2.4.2 IMAGE RECONSTRUCTION

After the encoding stage, the decoder receives the latent representation pro-
duced from the visible patches together with tokens corresponding to the
masked patches, then reconstructs the missing image regions.

In this work’s implementation, the reconstructed patches are subsequently
reinserted into the complete set of image patches to reform a full reconstructed

image, which is later used for frequency-domain regularisation.

Algorithm 2.3 MAE Image Reconstruction Process

Require: Input Image I;, visible index set Iy, masked index set I,
Ensure: Predicted patches Py, reconstructed image I,

1: Get visible patches based on I
Input visible patches into encoder
Obtain visible patches’ latent representation
Fill masked positions in representation vector with mask token
Input the whole sequence into decoder
Predict the masked patches P,
Extract all original patches from the image I;
Replace the masked patches with the predicted patches
Reassemble all patches to form the reconstructed image I,
return P, and I,

—_
<@

2.5 ProrPOSED MODEL: FREQUENCY-REGULARISED MAE

In this work, a Frequency-Regularised Masked Autoencoder (FR-MAE) is pro-
posed for retinal image representation learning. Although conventional MAE
models mainly optimise reconstruction in the spatial domain, they may not fully
capture fine structural and textural information present in retinal images.

To overcome this limitation, we adopted a frequency domain regularisation
term using Fourier representations of the reconstructed image. This approach
adds spectral knowledge to the spatial reconstruction aiming to improve recon-

struction quality and learn better visual features.
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The resulting FR-MAE model preserves the general MAE framework while

extending the training objective with frequency-based constraints.

2.5.1 FREQUENCY REGULARISATION

The frequency regularisation is calculated at the level of the entire image, rather
than at the patch level. This choice is motivated by the fact that applying Fourier
analysis to individual patches can distort the true frequency content of the im-
age, structures that appear as low-frequency within a patch may actually corre-
spond to high-frequency components in the global image context. Performing
the regularisation on the full image preserves the true global frequency distri-

bution and avoids artificial frequency shifts caused by patch boundaries.

Algorithm 2.4 Frequency-Domain Loss Computation

Require: Reconstructed image I, Original image I, Weighting factor «
Ensure: Frequency 1oss Lreq

1: Compute Fourier transforms: F, « FFT2(l,), F « FFT2(I)
Compute frequency domain error: D(x, y) « |Fr(x, y)— F(x, ]/)|2
Generate spatial frequencies: f, « fftfreq(W), f, « fftfreq(H)
Construct radial frequency grid: 7(x,y) < +/fx(x)? + f,(v)?
Define radial weighting: W(x, y) « r(x, y)?
Compute weighted frequency error: S « }; %y W(x,y)D(x,y)

. . S
Normalize loss: L «— Ty WEY)

Aggregate over RGB channels
Compute batch mean

Apply weighting factor: Lfreq —a-L
: return Lireq

—_ =
- O

To apply this regularisation, the torch.fft library was used. A 2D Fourier
transform(fft2) was applied for the generated image and ground truth image
respectively.

The frequency loss is then computed from the complex difference between
the two spectra, which simultaneously accounts for both magnitude and phase
errors. This is important for preserving not only spectral content but also the
spatial localisation of retinal structures.

In order to emphasise fine retinal structures, a radial frequency weighting
is introduced using torch.fft.fftfreq. This weighting increases the importance
of high-frequency components, which are responsible for edges, textures, and

small lesions. In this implementation, the weight is proportional to the spatial
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frequency radius raised to a coefficient p (r”), allowing stronger penalisation of
reconstruction errors in high-frequency regions.

The weighted frequency loss is computed by averaging over spatial dimen-
sions, summing contributions across RGB channels, then averaging over the
batch and scaling by a factor a, which controls the contribution of frequency

regularisation to the total loss.

Frequency-Domain Loss Computation

{ Require: Reconstructed image I,., original image I, weighting factor a Ensure: Frequency 10ss Lyeq

I, (reconstructed) 1 (original)
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Figure 2.1: Diagram of the Weighted Frequency Loss Computation Integrating Complex
Difference and Radial Weighting

2.5.2 Loss FuncTION

The loss function combines a spatial-domain reconstruction loss with a
frequency-domain regularisation.

The first component corresponds to the reconstruction loss, computed using
the mean squared error (MSE) between the patches predicted by the decoder
and the original masked patches.
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Lyec = MSE(Ppred/ Ptarget) (2.1)

where Ppreq denotes the predicted patches and Piarget the corresponding orig-
inal patches.

The second component is the frequency regularisation term (Lgreq) detailed
in the previous subsection (Subsection 2.5.1).

The final loss function of the model is defined as the sum of the two compo-
nents:

L= Lrec+ Lfreq (2.2)

This formulation allows the model to preserve not only reconstruction con-
sistency in masked regions but also fine-grained spectral details and the spatial

localisation of important structures.

2.6 SSL PrRE-TRAINING

The SSL pretraining phase is a key component of the proposed FR-MAE ap-
proach. It enables the effective use of large amounts of unlabelled retinal images,
which are particularly abundant in medical datasets.

The SSL training procedure is designed to ensure stable and efficient con-
vergence through training and validation phases. Retinal images are first pre-
processed (Section 2.3), then each image is divided into patches and masked
(Subsection 2.4.1). The model is then trained to reconstruct the masked patches
from the visible ones (Subsection 2.4.2). This mechanism allows the encoder to
learn rich visual representations that are well adapted to retinal structures.

At each iteration, the total loss combining spatial domain reconstruction loss
and frequency regularisation is computed (Subsection 2.5.2). Gradients are then
backpropagated to update the model parameters. In this work, different values
of the weighting coefficient @« were explored in order to study its impact on the
quality of the learnt representations.

AdamW optimiser with a learning rate schedule compromising of warm-up
and cosine decay is used during training. Mixed precision training and gradient
clipping were also applied to speed up computation and reduce memory usage
while keeping training stable.

A validation stage is conducted every epoch and the model achieving the
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best performance based on validation loss is saved to ensure good generalisation
performance.

The representations obtained after the self-supervised pretraining phase are
then used as an initialisation for a downstream fine-tuning stage dedicated to

retinal disease classification.

2.7 FINE-TUNING FOR CLASSIFICATION

After the self-supervised pre-training phase, a supervised fine-tuning stage is
performed in order to adapt the learnt representations to a specific task.

This phase aims to leverage the features extracted by the pre-trained model,
focusing on Diabetic Retinopathy as a 5-class classification task and Glaucoma
as a binary classification task.

Several experimental configurations are evaluated to analyse the influence
of the frequency regularisation coefficient. Fine-Tuning is performed on four
different pre-trained models corresponding to different values of the frequency
regularisation parameter a.

For this phase, the pre-trained encoder is reused as a feature extractor and
is complemented by a task-specific classification head. The head consists of a
normalisation layer, a dropout layer to reduce overfitting, and a linear layer pro-
jecting the extracted representations into the class space.

Fine-tuning is carried out progressively in two stages. First, only the final
classifier is trained while the parameters of the pre-trained backbone remain
frozen. This strategy allows the decision layer to adapt smoothly to the new
annotations. In second stage, the entire network is unfrozen to perform global
weight refinement. This second phase allows deeper representations to be fine-
tuned while preserving knowledge acquired during pre-training.

AdamW is used as the optimiser. Different learning rates are used for the
backbone and the classification head, ensuring that pre-trained weights are up-
dated slowly and the output layer is adapting quickly. A learning rate schedul-
ing strategy combining a warm-up phase followed by cosine decay is employed
to stabilise training.

The loss function used in this phase is cross-entropy loss. To handle class im-
balance, weights are assigned to classes according to their effective occurrence
in the training set. In addition, for better generalisation and to prevent overcon-

fidence, label smoothing was employed.
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The data is divided into training, validation and test sets using a stratified
70/15/15 split in order to preserve class distribution across the three subsets.
After the initial split, an additional leakage-prevention procedure was applied
using the stored metadata. This procedure checks whether images belonging
to known eye pairs are assigned to different subsets. If one image of a pair is
found in the test set, while its corresponding pair is located in the training or
validation set, the paired image is moved to the test set as well. To preserve
the split proportions, a randomly selected image from the test set is then moved
back to the subset from which the paired image was taken. The same procedure
is then applied to the validation set, ensuring that paired eye images are not

shared between different subsets.

During training, data augmentation is performed by applying random crop-
ping, horizontal flipping, and slight photometric perturbations. These transfor-
mations improve robustness to acquisition variability in retinal images. The im-

ages are then normalised before being fed into the network.

The primary performance metric used for evaluation and selection criterion
is AUCROC due to the severe class imbalance. This metric is particularly ap-
propriate in this context as it remains robust to biassed class distributions. The
best model for each configuration is saved based on its validation’s AUCROC

performance.

Finally, an early stopping mechanism is applied to stop training when perfor-

mance no longer improves over several consecutive epochs.

Once fine-tuning is completed, the best model is evaluated on an indepen-
dent generalisation set, allowing an objective comparison between different fre-
quency regularisation coefficients, and identifying the best-performing configu-

ration for each task.

To reduce the influence of random factors during supervised training, each
model was independently fine-tuned and evaluated using the same set of 10
seeds. The reported results correspond to the mean and standard deviation
across the 10 runs. This procedure provides a more robust estimate of model
performance and ensures that comparisons between models are not influenced

by favourable or unfavourable random initialisations.

The goal of this study is to determine the contribution of frequency regular-

isation introduced during pre-training on the final generalisation performance.
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Figure 2.2: Self-Supervised Learning Framework with Pre-training and Fine-tuning for
Glaucoma Classification

2.8 CONCLUSION

In this chapter, the methodology adopted for SSL pre-training and downstream
classification task was presented. Firstly, retinal datasets used in this project
were introduced along with their organisation into SSL, classification and gen-
eralisation pools.

Next, retinal images pre-processing pipeline used was discussed in detail, in-
cluding image cleaning, resizing, and data augmentation techniques designed
to preserve clinically relevant retinal structures while improving dataset consis-
tency.

The implementation of the MAE model was then detailed, covering the
patch masking mechanism and the image reconstruction process. Subsequently,
the proposed FR-MAE model was presented, together with the introduced
frequency-domain regularisation based on Fourier analysis and the associated
loss function.

Finally, the SSL pre-training strategy and the supervised fine-tuning proce-
dure for retinal disease classification were explained, including the optimisation
methods, evaluation strategy, and experimental configurations adopted in this
work.

This chapter therefore establishes the complete methodological framework
used for the experiments and evaluations presented in the following chapter.
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CHAPTER 3. RESULTS AND DISCUSSION

3.1 INTRODUCTION

This chapter presents the experimental evaluation of the proposed FR-MAE ap-
proach for the classification of Diabetic Retinopathy and Glaucoma. The objec-
tive is to assess the contribution of self-supervised pre-training with frequency
regularisation.

First, the experimental configuration is presented, including training param-
eters, and evaluation metrics. The behaviour of the SSL pre-training phase is
then analysed, followed by an evaluation of the fine-tuning performance ob-
tained with different values of the frequency regularisation coefficient.

The impact of frequency regularisation on downstream classification and
cross-dataset generalisation performance is subsequently investigated. The ob-
tained results are also compared with those of RETFound, which is used as the
reference model throughout this study.

Finally, the limitations of the proposed method and possible directions for

future improvement are discussed.

3.2 EXPERIMENTAL CONFIGURATION

In this section, the detailed information of experimental settings used in this
work are presented.

All pre-training, fine-tuning, and evaluation experiments were performed on
one NVIDIA H100 GPU with 80GB of VRAM. The large memory capacity of this
hardware enabled efficient training with large batch sizes and mixed-precision
computation.

To ensure a fair and repeatable comparison among all models, including RET-
Found, a fixed seed was set in both the SSL pre-training and fine-tuning stages
to control dataset splitting, model initialisation, and other random operations,

such as patch masking and data augmentations.

3.2.1 PRE-TRAINING PARAMETERS

Table 3.1 summarises the hyperparameters used during the SSL pre-training
phase.
The number of training epochs was fixed at 400. Preliminary experiments

showed that extending pre-training beyond this point did not provide additional
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benefits and could negatively affect downstream fine-tuning performance, sug-
gesting a degradation in the transferability of the learnt representations.

The frequency regularisation coefficient @ was evaluated using the values
0.0,0.1,0.5 and 1.0. The explored range was intentionally limited to values not
exceeding 1.0 because the frequency loss and reconstruction loss operate at dif-
ferent scales. Larger coefficients would significantly increase the contribution
of the frequency term, potentially introducing unstable optimisation dynamics
and causing the training objective to be dominated by frequency-domain regu-
larisation rather than reconstruction learning.

The decoder architecture and masking ratio were selected to remain consis-
tent with the configuration adopted in RETFound, facilitating a direct compar-
ison while relying on settings that have already demonstrated effectiveness for
learning retinal representation.

The initial learning rate was set to 1.5 X 10~%. Preliminary experiments indi-
cated that larger learning rates produced noticeable loss spikes during training,
even though the model was generally able to recover from them. Therefore, a
lower learning rate was adopted to improve optimisation stability. In addition,
gradient clipping was employed to further reduce the influence of occasional

gradient explosions and stabilise the training process.

Table 3.1: SSL Pre-Training Parameters

Parameter Value
Mask Ratio 75%
Decoder Dim 512
Decoder Depth 8
Decoder Num Heads 16
Batch Size 512
Number of Epochs 400
Initial Learning Rate 1.5e-4
Weight Decay 0.05
Warm-up Epochs 20
Minimum Learning Rate le-6
Gradient Clipping 1.0
Tested Alpha Values 0.0,0.1,0.5,1.0
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3.2.2 FINE-TUNING PARAMETERS

Table 3.2 summarises the hyperparameters used during the fine-tuning phase.

As described in the previous chapter, fine-tuning was performed in two suc-
cessive stages. The first stage consisted of five epochs of linear probing with a
frozen backbone, during which only the classification head was updated. This
stage allows the classifier to adapt progressively to the target task before modi-
fying the pre-trained representations. The second stage consisted of end-to-end
optimisation of the entire network using a lower learning rate for the backbone,
enabling gradual refinement of the learnt features while preserving the knowl-
edge acquired during SSL pre-training.

Although a maximum number of training epochs was specified, most exper-
iments converged earlier, with early stopping typically occurring after approxi-
mately 30 epochs.

Gradient clipping and label smoothing were used throughout fine-tuning to
improve optimisation stability, reduce prediction overconfidence, and enhance

generalisation performance.

Table 3.2: Fine-Tuning Parameters

Parameter Value
Batch size 16
Epochs with frozen backbone 5
Number of epochs 100
Warm-up Epochs 3
Head Learning Rate 1.2e-4
Backbone Learning Rate 8e-6
Weight Decay 0.03
Minimum Learning Rate le-7
Gradient Clipping 1.0
Label Smoothing 0.05
Early Stopping Patience 10
Head Dropout 0.30
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3.3 SSL PrRE-TRAINING RESULTS

The SSL pre-training stage was evaluated using the reconstruction loss and the
frequency-domain loss. However, the best model for each configuration was
chosen based on total validation loss. Since all models were trained using the
same random seed and initialisation settings, the first epoch started with the
same reconstruction and frequency loss values for all a configurations. This
makes the comparison between different a values more consistent, because the
observed differences are mainly due to loss weighting rather than random ini-
tialisation effects.

The validation curves showed the same general trend, although they were
less smooth than the training curves. This means that the models remained sta-
ble generally as there was no significant instability or divergence, and all models
demonstrated consistent convergence.

3.3.1 RECONSTRUCTION Loss BEHAVIOUR DURING PRE-TRAINING

Reconstruction Loss Overlay
o

Figure 3.1: Training and Validation Reconstruction Losses with Zoomed Views of the
Early (Epochs 1-6) and Late (Epochs 250-400) Training Stages

For the reconstruction loss, all models showed a rapid decrease during the
first few epochs. In the first 6 epochs, the reconstruction loss dropped to below
0.25, after which the decrease became much slower and the curves gradually
converged, indicating that models had already learnt the main image structure
and were then refining smaller details. In the initial epochs, the smallest recon-
struction loss belonged to the baseline model with & =0 then @ = 0.1 then o = 0.5
and the largest was from the model with a = 1. This shows that when frequency
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loss was given more weight, the model initially focused less on pixel-level recon-
struction accuracy.

However, in later epochs, the ranking of the reconstruction loss was reversed.
The model with a = 1 achieved the lowest reconstruction loss, while the base
model @ = 0 had the highest reconstruction loss among the four models, indi-
cating that, over time, the frequency loss helped the model learn more useful

representations, even for the reconstruction objective itself.

3.3.2 FREQUENcCY Loss BEHAVIOUR DURING PRE-TRAINING

FFT Loss Overlay

— alpha=0
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0011 { T
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Figure 3.2: Training and Validation Frequency Losses with Zoomed Views of the Early
(Epochs 1-6) and Late (Epochs 250-400) Training Stages

For frequency loss, the behaviour was similar in terms of convergence speed.
The loss decreased rapidly during the first 6 epochs, then continued to improve
more slowly until convergence. However, Unlike the reconstruction loss, the
ranking between models remained consistent from the early epochs to the final
epochs. The model with a = 1 achieved the lowest frequency loss, followed by
a =0.5, then a = 0.1, while the base model with a = 0 had the highest frequency
loss. This result is expected because larger a values give more importance to the
frequency-domain component during optimisation.

3.3.3 OBSERVATIONS

Although the difference between the losses of the models was relatively small,
the zoomed views of the curves show that the choice of « still had a measurable

effect. These small numerical differences are important because they correspond
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to fine image details, especially in the frequency domain. Therefore, adding the
frequency loss not only improved frequency preservation, but also contributed

to more refined reconstruction behaviour in the later stages of SSL pre-training.

3.4 FINE-TUNING RESULTS

As described in the previous Chapter, fine-tuning Section (Section 2.7), the SSL
pre-trained models were subsequently fine-tuned for two downstream retinal
disease classification tasks: Diabetic Retinopathy and Glaucoma. Additionally,
to reduce the influence of random factors related to dataset splitting and model
optimisation, each model was independently fine-tuned and evaluated using
the same set of 10 seeds. The reported results therefore correspond to the mean
and standard deviation across these runs.

This section presents the performance obtained on the internal test set, which
corresponds to the 15% test partition extracted from the fine-tuning pool after
applying the pair-preserving data leakage prevention procedure described pre-
viously. Although this test set originates from the same classification pool used
for training, it remains unseen during optimisation and therefore provides an
initial assessment of model generalisation.

Model performance is evaluated primarily using the Area Under the Receiver
Operating Characteristic Curve (AUROC), while the Area Under the Precision-
Recall Curve (AUPR) is reported as a complementary metric.

The objective of this analysis is to investigate how the frequency regular-
isation coefficient a influences downstream classification performance and to
determine whether frequency-domain regularisation improves the quality and

transferability of the representations learnt during SSL pre-training.

3.4.1 DIABETIC RETINOPATHY

For Diabetic Retinopathy, all frequency-regularised models outperformed base
MAE on both AUROC and AUPR, indicating that the addition of frequency-
domain regularisation during pre-training positively influenced downstream
classification performance. The base model achieved an AUROC of 79.43% and
an AUPR of 43.10%, on the other hand, the frequency-regularised models ac-
complished AUROC values ranging from 81.01% to 81.60% and AUPR values
ranging from 45.95% to 46.62%.
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The best performance was obtained with a = 1.0, which achieved an AUROC
of 81.60% and an AUPR of 46.62%. This corresponds to improvements of 2.17%
and 3.52% over the base model for AUROC and AUPR, respectively. Models
with @ = 0.1 and @ = 0.5 also consistently improved both evaluation metrics,
suggesting that the observed gains are not limited to a single choice of frequency

regularisation coefficient.

Table 3.3: Diabetic Retinopathy classification performance on the internal test set. Re-
sults are reported as mean + standard deviation over 10 fine-tuning runs.

Model AUROC (%) | AUPR (%)
Base MAE 79.43+0.91 | 43.10 + 1.33
FR-MAE (o = 0.1) | 81.01 £0.58 | 45.95 + 1.00
FR-MAE (o = 0.5) | 81.27£0.82 | 46.41 +0.88
FR-MAE (o = 1.0) | 81.60 +0.59 | 46.62 + 0.93

The reported standard deviations are relatively small across all models, in-
dicating stable behaviour across the 10 fine-tuning runs. Overall, these results
suggest that frequency-domain regularisation improves the quality of the repre-
sentations learnt during SSL pre-training and leads to more effective transfer to

the Diabetic Retinopathy classification task.

3.4.2 GLAUCOMA

For the Glaucoma classification task, the frequency-regularised models were
again able to consistently outperform the base MAE on both AUROC and AUPR.
The base model achieved an AUROC of 89.47% and an AUPR of 83.96%, while
frequency-regularised models obtained AUROC values between 90.75% and
91.65% and AUPR values between 84.59% and 85.60%.

a = 1.0 model was the best performing model, achieving an AUROC of
91.65% and an AUPR of 85.60%. Compared with the base model, this represents
2.18% increase in AUROC and 1.64% increase in AUPR. Models with a = 0.1
and a = 0.5 also produced better results than the base MAE on both evalua-
tion metrics, indicating that the benefits of frequency-domain regularisation are
consistent across different values of the regularisation coefficient.

Although the standard deviations are larger than those observed for the Dia-
betic Retinopathy task, reflecting a higher sensitivity to the fine-tuning seed, the
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performance improvements remain consistent across all frequency-regularised

models.

Table 3.4: Glaucoma classification performance on the internal test set.

Model AUROC (%) | AUPR (%)
Base MAE 89.47 £ 2.63 | 83.96 + 3.17
FR-MAE (@ = 0.1) | 90.97 +2.65 | 85.34 + 3.34
FR-MAE (@ = 0.5) | 90.75+ 1.43 | 84.59 + 2.49
FR-MAE (a = 1.0) | 91.65+2.14 | 85.60 = 3.08

3.4.3 OBSERVATIONS

Despite the fact that some variability can be observed across the 10 fine-tuning
runs, the frequency-regularised models consistently matched or exceeded the
performance of the base MAE in most experiments. This behaviour was ob-
served in both classification tasks, indicating that the improvements reported
in Tables 3.3 and 3.4 are reproducible across different seeds rather than being at-
tributable to a particular random initialisation or data split. Therefore, these
results provide the first indication that frequency-domain regularisation con-

tributes positively to downstream classification performance.

3.5 GENERALISATION PERFORMANCE

The previous section evaluated model’s performance on the internal test set. Al-
though known image pairs were explicitly separated to reduce the risk of data
leakage, complete elimination of leakage cannot be guaranteed because pair
metadata was not available for all contributing datasets. Consequently, some
unknown image pairs may still be distributed across different subsets. Further-
more, training and test sets originate from the same fine-tuning pool and may
therefore share underlying population characteristics, acquisition protocols, and
imaging devices. Therefore, to more rigorously assess the quality, transferabil-
ity, and robustness of the learnt representations, a cross-dataset generalisation
experiment is essential. This evaluation measures how effectively each model
transfers to entirely unseen datasets collected from different populations and

imaging conditions.
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3.5.1 DIABETIC RETINOPATHY

The Diabetic Retinopathy generalisation results indicate that the improvements
shown on the internal test set also transfer to completely unseen datasets. The
baseline MAE model achieved the lowest performance, with an AUROC of 71.59%
and an AUPR of 37.14%. In contrast, all frequency-regularised models achieved
substantially higher scores on both evaluation metrics, indicating that the rep-
resentations learnt during SSL pre-training generalise more effectively across
datasets when frequency-domain regularisation is employed.

The highest generalisation performance was obtained with @ = 0.5, which
achieved an AUROC of 75.50% and an AUPR of 40.84%. The model with a = 1.0
produced very similar results, reaching an AUROC of 75.00% and an AUPR of
40.75%, while o = 0.1 achieved an AUROC of 74.50% and an AUPR of 39.67%.
These results suggest that although stronger regularisation improved perfor-
mance on the internal test set, the most transferable representations for Diabetic
Retinopathy were obtained with an intermediate value of the frequency regular-

isation coefficient.

Table 3.5: Diabetic Retinopathy classification performance on the generalisation set.

Model AUROC (%) | AUPR (%)
Base MAE 71.50 + 1.45 | 37.14 + 1.65
FR-MAE (a = 0.1) | 74.50 + 1.23 | 39.67 + 1.33
FR-MAE (a = 0.5) | 75.50 + 1.79 | 40.84 + 1.57
FR-MAE (a = 1.0) | 75.00 + 1.47 | 40.75 + 1.36

Compared to baseline MAE, the best performing frequency-regularised
model improved AUROC from 71.59% to 75.50%, corresponding to a gain of
3.91%. AUPR was similarly improved from 37.14% to 40.84%, representing a
gain of 3.70%. Furthermore, the relatively small standard deviations observed
in all models indicate that these improvements are consistent across the 10 fine-

tuning runs.

3.5.2 GLAUCOMA

The Glaucoma generalisation results further support the benefits of frequency-
domain regularisation for learning transferable retinal representations. The
baseline MAE achieved an AUROC of 74.32% and an AUPR of 66.82%, while all
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frequency-regularised models obtained higher scores on both evaluation met-
rics. This indicates that the improvements introduced during SSL pre-training
are maintained when the models are evaluated on entirely unseen datasets.

a = 1.0 had the best generalisation performance, reaching an AUROC of
76.73% and an AUPR of 69.59%. The models with a« = 0.5 and @ = 0.1 also
improved upon the baseline, achieving AUROC values of 76.29% and 76.14%,
respectively. Unlike the Diabetic Retinopathy task, where the best generalisa-
tion performance was obtained with @ = 0.5, the Glaucoma results suggest
that stronger frequency regularisation provides the most transferable represen-

tations for this classification task.

Table 3.6: Glaucoma classification performance on the generalisation set.

Model AUROC (%) | AUPR (%)
Base MAE 74.32 +£1.94 | 66.82 £ 1.65
FR-MAE (o =0.1) | 76.14 +3.42 | 68.79 + 2.35
FR-MAE (o = 0.5) | 76.29 +1.46 | 68.65+ 1.91
FR-MAE (o = 1.0) | 76.73 £1.95 | 69.59 + 1.65

Compared to baseline MAE, the best performing frequency-regularised
model improved AUROC from 74.32% to 76.73%, corresponding to a gain of
2.41%. AUPR was similarly improved from 66.82% to 69.59%, representing a
gain of 2.77%. Although the standard deviations are larger for some config-
urations, particularly @ = 0.1, the overall ranking remains consistent and all
frequency-regularised models outperform the baseline on average.

3.5.3 OBSERVATIONS

In general, Diabetic Retinopathy and Glaucoma results provide strong evidence
that incorporating frequency-domain information during SSL pre-training en-
hances the transferability of the learnt retinal representations.

Further observations can be made from the individual fine-tuning runs.
Across the Diabetic Retinopathy experiments, baseline MAE consistently pro-
duced lower performance than frequency-regularised models, with only occa-
sional cases where its performance approached that of the weakest regularised
configuration. For the Glaucoma task, a small number of runs produced re-
sults comparable to those of the frequency-regularised models. Examination

of these cases revealed signs of prolonged training and reduced effectiveness of
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early stopping for some regularised configurations, suggesting occasional over-
fitting during fine-tuning. Nevertheless, such cases remained uncommon, and
the frequency-regularised models generally maintained a performance advan-
tage across the evaluated seeds.

These observations further support the conclusion that the improvements
obtained by frequency-domain regularisation are consistent and not solely at-
tributable to favourable random initialisations or dataset splits and confirm that
the advantages of frequency-domain regularisation extend beyond the internal

test set and translate into improved cross-dataset generalisation.

3.6 STATE-OF-THE-ART

To the best of our knowledge, RETFound currently represents one of the strongest
state-of-the-art models for retinal image representation learning. For this reason,
it was selected as the reference model in this study:.

To ensure a fair comparison, RETFound was fine-tuned using the same train-
ing protocol adopted for the proposed FR-MAE models, including identical fine-
tuning parameters, evaluation metrics, and generalisation datasets.

The objective of this comparison is not to directly outperform RETFound, as
the two approaches were pre-trained on substantially different amounts of data.
RETFound was originally trained on approximately 1.6 million retinal images,
whereas the SSL pool used in this work contains approximately 90,000 images,
corresponding to about 5.6% of the pre-training data available to RETFound.

Consequently, RETFound is primarily used as a reference point for assessing
the effectiveness of the proposed frequency regularisation strategy. The com-
parison makes it possible to evaluate the extent to which frequency-domain reg-
ularisation improves representation learning and helps reduce the performance

gap associated with a considerably smaller pre-training dataset.

3.6.1 FINeE-TUNING

For the Diabetic Retinopathy task, RETFound achieved the highest performance,
reaching an AUROC of 87.04% and an AUPR of 57.35%. Nevertheless, introduc-
ing frequency-domain regularisation produced a clear improvement over the
baseline MAE. The best-performing FR-MAE model (o = 1.0) achieved an AU-
ROC of 81.60% and an AUPR of 46.62%, compared with 79.43% and 43.10% for
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the baseline MAE. Therefore, the AUROC gap between the baseline MAE and
RETFound was reduced from 7.61% to 5.44% when frequency regularisation was
introduced. Similarly, the AUPR gap was reduced from 14.25% to 10.73%.

Table 3.7: Comparison of the baseline MAE, best-performing FR-MAE model, and RET-
Found on the Diabetic Retinopathy internal test set.

Model AUROC (%) | AUPR (%)
Base MAE 79.43+0.91 | 43.10 +£1.33
FR-MAE (a = 1.0) | 81.60 + 0.59 | 46.62 + 0.93
RETFound 87.04 +0.71 | 57.35 + 2.04

A different behaviour was observed for the Glaucoma task. The baseline
MAE achieved an AUROC of 89.47% and an AUPR of 83.96%, while the best-
performing FR-MAE model (o« = 1.0) reached an AUROC of 91.65% and an
AUPR of 85.60%. RETFound achieved an AUROC of 91.04% and an AUPR of
86.52%. Consequently, the best FR-MAE model obtained a higher AUROC than
RETFound, while RETFound maintained the highest AUPR. More specifically,
FR-MAE achieved an AUROC improvement of 0.61% over RETFound. Although
RETFound retained an advantage in terms of AUPR, frequency-domain regular-
isation reduced the AUPR gap from 2.56% for baseline MAE to only 0.92% for
FR-MAE.

Table 3.8: Comparison of the baseline MAE, best-performing FR-MAE model, and RET-
Found on the Glaucoma internal test set.

Model AUROC (%) | AUPR (%)
Base MAE 89.47 +2.63 | 83.96 + 3.17
FR-MAE (a = 1.0) | 91.65 +2.14 | 85.60  3.08
RETFound 91.04 + 1.86 | 86.52 + 2.00

The comparison on the internal test set demonstrates that the performance
gap between a standard MAE and a state-of-the-art retinal foundation model can
be substantially reduced through frequency-domain regularisation. Although
RETFound remained the strongest model for Diabetic Retinopathy, the proposed
FR-MAE achieved the highest AUROC on the Glaucoma task despite being pre-
trained on a substantially smaller SSL dataset.
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3.6.2 GENERALISATION

The comparison with RETFound on the cross-dataset generalisation set provides
another viewpoint into the transferability of the learnt representations. For the
Diabetic Retinopathy task, RETFound achieved the highest performance, reach-
ing an AUROC of 84.20% and an AUPR of 50.40%. The baseline MAE obtained
substantially lower scores, with an AUROC of 71.59% and an AUPR of 37.14%.
Introducing frequency-domain regularisation improved both metrics, with the
best-performing FR-MAE model (a = 0.5) achieving an AUROC of 75.50% and
an AUPR of 40.84%. Therefore, the AUROC gap between the baseline MAE and
RETFound was reduced from 12.61% to 8.70%, while the AUPR gap was reduced
from 13.26% to 9.56%.

Table 3.9: Comparison of the baseline MAE, best-performing FR-MAE model, and RET-
Found on the Diabetic Retinopathy generalisation set.

Model AUROC (%) | AUPR (%)
Base MAE 71.59 + 1.45 | 37.14 + 1.65
FR-MAE (a = 0.5) | 75.50 + 1.79 | 40.84 + 1.57
RETFound 84.20 £ 1.23 | 50.40 + 1.77

A different trend was observed for the Glaucoma task. The baseline MAE
achieved an AUROC of 74.32% and an AUPR of 66.82%, whereas the best-
performing FR-MAE model (¢ = 1.0) reached an AUROC of 76.73% and an
AUPR of 69.59%. RETFound obtained an AUROC of 71.98% and an AUPR of
67.34%. Consequently, the best FR-MAE model outperformed both the base-
line MAE and RETFound on both evaluation metrics. More precisely, FR-MAE
achieved an improvement of 4.75% in AUROC over RETFound while also obtain-
ing a higher AUPR by 2.25%.

Table 3.10: Comparison of the baseline MAE, best-performing FR-MAE model, and
RETFound on the Glaucoma generalisation set.

Model AUROC (%) | AUPR (%)
Base MAE 74.32 +1.94 | 66.82 % 1.65
FR-MAE (a = 1.0) | 76.73 +1.95 | 69.59 + 1.65
RETFound 71.98 +2.90 | 67.34 +1.98

Although RETFound remained the strongest model for Diabetic Retinopathy,
the proposed FR-MAE substantially reduced the performance gap despite being
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pre-trained on a much smaller SSL dataset. For Glaucoma, the best-performing
FR-MAE model achieved the highest AUROC and AUPR among all evaluated
approaches, surpassing even the state-of-the-art reference model. These results
indicate that the benefits of frequency-domain regularisation are particularly
evident when evaluating representation transferability across entirely unseen

datasets.

3.7 DISCUSSION

The results obtained throughout this study demonstrate that frequency regulari-
sation positively affected the transferability of the representations learnt during
SSL pre-training. Across both downstream classification tasks, the frequency-
regularised models consistently outperformed the baseline MAE on the internal
test sets and achieved superior cross-dataset generalisation performance. Fur-
thermore, these improvements that were observed across multiple fine-tuning
seeds, imply that the benefits of frequency regularisation are robust and not
solely attributable to favourable random initialisations or dataset splits.

The experiments also showed that no single value of the frequency regular-
isation coefficient was optimal for all tasks and evaluation scenarios. Although
increasing a generally strengthened the influence of frequency-domain informa-
tion during SSL pre-training, the best-performing configuration depended on
the downstream task and the evaluation dataset. Consequently, a should be re-
garded as a tunable hyperparameter whose optimal value may vary depending
on the target application and the desired generalisation behaviour.

Compared with RETFound, the proposed approach demonstrated encour-
aging results. Despite being pre-trained on only approximately 90,000 retinal
images, the frequency-regularised models were able to substantially reduce the
performance gap with RETFound on the Diabetic Retinopathy task. Further-
more, for the Glaucoma classification task, the best-performing FR-MAE config-
uration achieved superior cross-dataset generalisation performance compared
to RETFound. These findings suggest that incorporating frequency-domain in-
formation during SSL pre-training can improve the quality and transferability
of learnt representations, helping to mitigate the disadvantage associated with
a substantially smaller pre-training dataset.

One possible explanation for these improvements is that frequency-domain

regularisation encourages the model to preserve image information that is only
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weakly constrained by the standard reconstruction objective. In a conventional
MAE, successful reconstruction can often be achieved by recovering the global
structure of the image while neglecting certain fine details.

Another possible explanation is that frequency-domain regularisation can in-
corporate complementary information which may not be explicit in the spatial
domain. Although certain structures may appear visually similar at the pixel
level, their underlying frequency distributions can differ significantly. In many
imaging applications, physical phenomena that are difficult to perceive directly
often manifest themselves through characteristic spectral patterns. By constrain-
ing the model to preserve frequency-domain information, FR-MAE may there-
fore encourage the learning of features that are overlooked by conventional re-
construction objectives. This additional information could contribute to the im-
proved transferability and cross-dataset generalisation observed in the experi-
ments.

However, in retinal images, clinically relevant information is frequently con-
tained in small lesions, vessel patterns, optic disc boundaries, and other high-
frequency structures. By introducing a frequency-domain constraint during SSL
pre-training, the model is encouraged to reconstruct not only the overall appear-
ance of the image but also its spectral characteristics. This additional learning
signal may lead to representations that capture more discriminative retinal fea-
tures and are therefore more transferable to downstream classification tasks.

Moreover, frequency-domain regularisation may act as a form of inductive
bias which has less reliance on dataset-specific visual characteristics. Although
pixel-level reconstruction can encourage the model to learn acquisition-specific
textures or colour distributions, frequency-domain information is more closely
related to the underlying anatomical structures present in retinal images. This
may explain why the benefits of frequency regularisation were particularly pro-
nounced during cross-dataset evaluation, where robustness to changes in popu-
lation characteristics, acquisition conditions, and imaging devices is essential.

In general, the results support the main hypothesis of this work:

“Regularisation in frequency domain during SSL pre-training helps to im-
prove the transferability of retinal image representations and the generalisation
performance of the model.”

Further validation on larger datasets and other retinal diseases is still needed,
but the proposed FR-MAE framework demonstrates that frequency regularisa-

tion can provide a useful complementary learning signal for retinal representa-
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tion learning.

3.8 LimMiTATIONS AND FUTURE PERSPECTIVES

Several limitations must be acknowledged. The most important limitation of
this work is the size of the SSL pool. Although approximately 90,000 retinal im-
ages were used during pre-training, this remains considerably smaller than the
datasets employed by large-scale SSL approaches such as RETFound. Therefore,
itis plausible that additional gains could be achieved by combining the proposed
frequency regularisation with substantially larger pre-training datasets.

Another limitation arises from the nature of frequency-domain information
itself. High-frequency components correspond not only to fine anatomical de-
tails and pathological patterns but also to image noise and acquisition artefacts.
Since the proposed frequency loss applies a radial weighting strategy that in-
creasingly emphasises higher frequencies, it does not explicitly distinguish be-
tween clinically relevant structures and other high-frequency image content. Al-
though the proposed regularisation improved downstream and cross-dataset
performance, the specific spectral components responsible for these gains re-
main unclear. Consequently, further investigation is required to better under-
stand which frequency bands contribute most strongly to representation learn-
ing and whether more selective frequency-domain weighting strategies could
further improve performance.

A further restriction is related to the combination of reconstruction loss and
frequency loss. The reconstruction objective is computed at the patch level,
whereas the frequency loss is computed on the reconstructed image as a whole.
This introduces a mismatch between the scales at which the two objectives op-
erate. Patch-level frequency regularisation was explored during preliminary ex-
periments, but it introduced substantial instability and degraded performance,
making full-image frequency analysis the more suitable choice. Nevertheless,
this difference in granularity remains a limitation of the current formulation.

An additional drawback concerns the range of downstream tasks considered
in this study. The proposed approach was evaluated on Diabetic Retinopathy
and Glaucoma classification tasks only. Although these tasks cover distinct reti-
nal pathologies, further validation on additional retinal diseases and other oph-
thalmic imaging datasets would be necessary to determine the general applica-

bility of frequency-domain regularisation.
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Finally, the frequency loss cannot be considered entirely independent from
the reconstruction loss. Since both objectives are optimised jointly, improve-
ments in spatial reconstruction naturally influence the frequency-domain rep-
resentation of the image, while frequency-domain constraints can also affect re-
construction behaviour. Indeed, the frequency-regularised models ultimately
achieved lower reconstruction losses than the baseline MAE despite initially fo-
cusing less on pixel-level reconstruction accuracy. Consequently, part of the ob-
served downstream performance gain may arise from the interaction between
the two objectives rather than solely from the additional frequency-domain in-
formation. Although the results demonstrate that the combined objective im-
proves representation learning, the individual contribution of the frequency loss
remains difficult to isolate. As a result, investigating alternative formulations
that more clearly decouple spatial and frequency-domain learning objectives re-

mains an open research question.

3.9 CONCLUSION

In this chapter, the experimental evaluation of the proposed FR-MAE framework
was presented. The first part described the experimental setup, which include
the hardware environment, pre-training settings, fine-tuning parameters, and
evaluation protocol used throughout the study.

The behaviour of the SSL pre-training phase was then analysed through the
reconstruction and frequency-domain losses, highlighting the influence of differ-
ent values of the frequency regularisation coefficient on the training dynamics
and reconstruction behaviour.

The fine-tuning results obtained for Diabetic Retinopathy and Glaucoma clas-
sification were subsequently presented and compared across the different FR-
MAE configurations, the baseline MAE, and the RETFound reference model.
Cross-dataset generalisation experiments were then conducted to assess the
transferability of the learnt representations.

Finally, the obtained results were discussed, with particular attention to the
impact of frequency regularisation, the observed generalisation behaviour, and
the limitations of the proposed approach.

Consequently, this chapter provides a detailed evaluation of the proposed
methodology for learning retinal image representations and classifying retinal

diseases.
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Conclusion

Retinal image analysis has become an important research area due to its poten-
tial to assist in the early detection of diseases that can cause vision impairment
or blindness. Recent advances in deep learning, particularly self-supervised
learning, have demonstrated the ability to learn useful representations from
large quantities of unlabelled data. However, existing reconstruction-based ap-
proaches, such as Masked Autoencoders, primarily focus on spatial-domain re-
construction and may not explicitly encourage the preservation of fine retinal
details.

The objective of this work was therefore to investigate whether incorporating
frequency-domain information into the SSL learning objective could improve
the quality, transferability, and generalisation ability of the learnt retinal rep-
resentations. To address this question, a Frequency-Regularised Masked Au-
toencoder (FR-MAE) was proposed. This approach extends the standard MAE
framework by introducing a frequency-domain regularisation term based on
Fourier analysis of the reconstructed image, with additional weighting of high-

frequency components to emphasise fine retinal structures.

The proposed method was evaluated through SSL pre-training on a multi-
dataset pool of approximately 90,000 unlabelled retinal images, followed by su-
pervised fine-tuning on Diabetic Retinopathy and Glaucoma classification tasks.
Experimental results showed that frequency regularisation influenced both the
reconstruction behaviour during pre-training and the quality of the learnt rep-
resentations. While the magnitude of the improvement was task-dependent,
the frequency-regularised models consistently achieved better internal test and
cross-dataset generalisation performance than the standard MAE baseline.

For Diabetic Retinopathy classification, the best-performing configuration
improved generalisation AUROC from 71.59% to 75.50%, corresponding to a
gain of 3.91%. For Glaucoma classification, the best frequency-regularised
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model improved generalisation AUROC from 74.32% to 76.73%, corresponding
to a gain of 2.41%. Furthermore, the proposed approach substantially reduced
the performance gap with RETFound despite being pre-trained on only approxi-
mately 90,000 retinal images compared with the 1.6 million images used by RET-
Found. In the Glaucoma experiments, the best FR-MAE configuration surpassed
RETFound on the cross-dataset generalisation benchmark.

The obtained results therefore support the central hypothesis of this work.
Frequency-domain regularisation proved effective in improving the transfer-
ability and cross-dataset generalisation of representations learnt through self-
supervised Masked Autoencoders. The findings also showed that the optimal
regularisation coefficient («) is task-dependent and should be treated as a tun-
able hyperparameter rather than a fixed parameter.

Nevertheless, several limitations remain. The SSL pool used for pre-training
was considerably smaller than those employed by large-scale retinal foundation
models, and the specific frequency components responsible for the observed im-
provements remain unclear. In addition, the current formulation introduces a
mismatch between patch-level reconstruction and full-image frequency regular-
isation, while the individual contribution of the frequency loss remains difficult
to isolate due to its interaction with the reconstruction objective. Finally, the pro-
posed approach was evaluated on only two retinal disease classification tasks,
and its applicability to other ophthalmic or medical imaging problems remains
to be established.

As future work, the proposed approach could be evaluated on substantially
larger retinal image collections, additional retinal diseases, and other medical
imaging modalities. Further investigation of adaptive or frequency-selective
weighting strategies may help identify the spectral components that contribute
most strongly to representation learning. Alternative frequency-domain formu-
lations that more clearly decouple spatial and frequency-domain learning objec-
tives, as well as methods that operate consistently across multiple spatial scales,
may also provide additional improvements.

In conclusion, this work demonstrates that frequency-domain regularisation
constitutes a valuable complementary learning signal for self-supervised retinal
image representation learning. By encouraging the preservation of fine image
structures during pre-training, the proposed FR-MAE framework improves rep-
resentation transferability and cross-dataset generalisation, making it a promis-

ing direction for future research in medical image analysis.
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Abstract
[en]

Self-supervised learning has recently emerged as a promising approach for retinal image representation learning by leveraging large quanti-
ties of unlabelled data. Among these methods, Masked Autoencoders (MAEs) have demonstrated strong performance by learning to reconstruct
missing image regions. However, conventional MAEs primarily focus on spatial-domain reconstruction and do not explicitly encourage the preser-
vation of frequency-domain information, which may contain important retinal structures and pathological patterns.

This work proposes a Frequency-Regularised Masked Autoencoder (FR-MAE) for retinal image representation learning. The proposed ap-
proach extends the standard MAE framework by introducing a frequency-domain regularisation term based on the Fourier transform of recon-
structed images. The objective is to encourage the preservation of high-frequency information during self-supervised pre-training and improve
the transferability of the learnt representations.

The proposed method was pre-trained on approximately 90,000 unlabelled retinal images and subsequently fine-tuned for Diabetic Retinopa-
thy and Glaucoma classification. Experimental evaluation was performed using ten fine-tuning seeds and included both internal test sets and
cross-dataset generalisation experiments. The results showed that frequency-domain regularisation consistently improved downstream classifica-
tion performance compared with the baseline MAE. In particular, the proposed approach achieved superior cross-dataset generalisation for both
tasks and substantially reduced the performance gap with RETFound despite using a considerably smaller pre-training dataset.

These findings indicate that frequency-domain regularisation constitutes an effective complementary learning signal for self-supervised reti-
nal representation learning and can improve the transferability and generalisation ability of retinal image representations.

Keywords: Self-Supervised Learning, Retinal Images, Masked Autoencoders, Frequency-Domain Regularisation, Diabetic Retinopathy, Glau-
coma, Representation Learning.

Résumé
[fr]

L'apprentissage auto-supervisé est récemment apparu comme une approche prometteuse pour I'apprentissage de représentations d’images
rétiniennes, en exploitant de grandes quantités de données non annotées. Parmi ces méthodes, les Masked Autoencoders (MAE) ont montré de
bonnes performances en apprenant a reconstruire des régions masquées de 'image. Cependant, les MAE classiques se concentrent principalement
sur la reconstruction dans le domaine spatial et n’encouragent pas explicitement la préservation des informations fréquentielles, qui peuvent
contenir des structures rétiniennes importantes ainsi que des motifs pathologiques.

Ce travail propose un Masked Autoencoder a régularisation fréquentielle (FR-MAE) pour l'apprentissage de représentations d’images rétini-
ennes. L'approche étend le cadre standard du MAE en introduisant un terme de régularisation dans le domaine fréquentiel basé sur la transformée
de Fourier des images reconstruites. L'objectif est d’encourager la préservation des informations de haute fréquence lors du pré-entrainement auto-
supervisé et d’améliorer la transférabilité des représentations apprises.

La méthode proposée a été pré-entrainée sur environ 90 000 images rétiniennes non annotées, puis affinée pour les taches de classification
de la rétinopathie diabétique et du glaucome. L'évaluation expérimentale a été réalisée avec dix graines (seeds) de fine-tuning et comprend a la
fois des datasets de test internes et des expériences de généralisation cross-dataset. Les résultats montrent que la régularisation dans le domaine
fréquentiel améliore de maniére constante les performances en classification en aval par rapport au MAE de référence. En particulier, I'approche
proposée atteint une meilleure généralisation cross-dataset pour les deux taches et réduit significativement 1’écart de performance avec RETFound,
malgré l'utilisation d"un ensemble de pré-entrainement considérablement plus réduit.

Ces résultats indiquent que la régularisation dans le domaine fréquentiel constitue un signal d’apprentissage complémentaire efficace pour
I'apprentissage auto-supervisé de représentations rétiniennes et peut améliorer la transférabilité et la capacité de généralisation des représentations
d’images rétiniennes.

Keywords: Apprentissage auto-supervisé, images rétiniennes, autoencodeurs masqués, régularisation dans le domaine fréquentiel,
rétinopathie diabétique, glaucome, apprentissage de représentations.
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