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Resumo

A retinopatia diabética (RD) é uma das principais causas de cegueira a nível mundial, e o di-
agnóstico automatizado depende de bases de dados extensas, equilibradas e devidamente ano-
tadas. Contudo, os dados clínicos reais apresentam frequentemente limitações relacionadas com
escassez, desbalanceamento das classes e preocupações de privacidade. Esta dissertação explora
a geração sintética de imagens de fundo de retina recorrendo a um modelo de difusão controlável,
com o objetivo de ultrapassar estas limitações sem comprometer a relevância clínica.

O modelo Stable Diffusion foi combinado com a ControlNet, para permitir síntese específica
por classe, utilização de máscaras de segmentação e descrições associadas à doença. Este pro-
cesso de geração controlada possibilitou a criação de imagens que mantêm a estrutura da retina,
ao mesmo tempo que representam níveis de gravidade da RD menos representados nos dados orig-
inais. A avaliação das imagens sintéticas seguiu uma abordagem multidimensional, considerando
fidelidade, diversidade e utilidade. Em particular, a utilidade foi medida através do fine-tuning
do modelo fundacional RETFound utilizando os datasets APTOS 2019, IDRiD, e Messidor-2,
avaliando de forma prática o impacto da augmentação sintética no desempenho da classificação
da RD.

Os resultados indicaram que a utilização de imagens sintéticas trouxe melhorias no APTOS
2019, sobretudo na capacidade de reconhecer classes minoritárias, e proporcionou ganhos mod-
erados mas relevantes no IDRiD. Já no caso do Messidor-2, a integração de imagens sintéticas
não resultou em benefícios e, por vezes, gerou confusão entre níveis de severidade próximos,
reforçando que o impacto da geração sintética depende fortemente das características do dataset.

A análise de qualidade evidenciou uma elevada diversidade e boa perceção visual em todos os
conjuntos de dados. Contudo, a fidelidade apresentou variações, esta foi mais elevada no IDRiD,
intermédia no APTOS e mais reduzida no Messidor-2. Estes resultados mostram que a utilização
de mecanismos de controlo pode potenciar a qualidade da geração, mas também sublinham que a
eficácia da síntese depende de um ajuste cuidadoso dos parâmetros e das especificidades de cada
dataset.

Em conclusão, este trabalho demonstra que a geração sintética baseada em modelos de difusão,
potenciada por mecanismos de controlo, constitui uma abordagem promissora para a augmentação
de imagens médicas.

Palavras-chave: Dados Sintéticos, Imagens de Fundo de Retina, Stable Diffusion, Control-
Net, RETFound, Retinopatia Diabética
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Abstract

Diabetic retinopathy (DR) is a leading cause of blindness worldwide, with automated diagnosis
relying on large, balanced, and well-annotated datasets. However, real clinical data are often
limited by scarcity, class imbalance, and privacy concerns. This thesis investigates the synthetic
generation of retinal fundus images using a controllable diffusion model, aiming to address these
challenges while preserving clinical relevance.

A Stable Diffusion model was combined with ControlNet conditioning to enable class-specific
synthesis guided by anatomical masks and disease-related prompts. This controllable generation
framework allowed the production of images that preserved retinal structure while targeting under-
represented DR severity levels. The evaluation of synthetic images followed a multidimensional
approach, incorporating fidelity, diversity, and utility. In particular, utility was assessed through
fine-tuning the RETFound foundation model on APTOS 2019, IDRiD, and Messidor-2 datasets,
providing a practical measure of the contribution of synthetic augmentation to DR classification.

Results showed that synthetic augmentation improved performance in APTOS 2019, particu-
larly for minority classes, and achieved modest but meaningful gains in IDRiD. For Messidor-2,
however, augmentation did not yield benefits and occasionally led to confusion between adjacent
severity levels, highlighting the dataset-specific nature of outcomes.

Quality assessment confirmed high diversity and perceptual quality across all datasets, though
fidelity varied. Fidelity was higher in IDRiD, moderate in APTOS, and lower in Messidor-2. These
findings demonstrate that controllability enhances generative performance, but also emphasize
that the effectiveness of synthetic augmentation depends on careful parameter tuning and dataset
characteristics.

In conclusion, this work shows that diffusion-based synthetic generation, enhanced by con-
trollability mechanisms, represents a promising direction for medical image augmentation.

Keywords: Synthetic Data Generation, Retinal Imaging, Stable Diffusion, ControlNet, RET-
Found, Diabetic Retinopathy
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Chapter 1

Introduction

This thesis explores the synthetic generation of retinal fundus images using a controllable diffu-

sion model, specifically targeting diabetic retinopathy. The primary aim is to develop high-quality

synthetic retinal images that not only mirror the visual and statistical properties of real datasets but

also contribute to enhancing predictive ML models for Diabetic Retinopathy detection and clas-

sification. Achieving high fidelity and diversity in synthetic images is essential for their effective

use. Fidelity ensures that synthetic images accurately preserve structural, textural, and pathologi-

cal characteristics of real data, while diversity promotes robustness by representing a wide range

of variations. This balance is critical, as excessive focus on fidelity may limit representativeness,

whereas overly diverse datasets risk compromising realism. It is important to explore these trade-

offs, aiming to optimize both of these parameters. Furthermore, this work evaluates the utility of

these synthetic images in clinical applications, such as training deep learning models for disease

detection.

1.1 Context and Motivation

Diabetic retinopathy (DR) is a leading cause of adult blindness worldwide [23], among individ-

uals with diabetes. The early detection and accurate grading of DR are crucial for preventing

vision loss and improving patient outcomes. Retinal fundus images, essential for diagnosing and

monitoring DR, present significant challenges in terms of both acquisition and analysis. As the

demand for large-scale, annotated datasets rises, the need for synthetic data generation, particu-

larly through controllable methods, has emerged as a promising solution. Synthetic retinal fundus

images can augment existing datasets, address class imbalances, and provide data diversity neces-

sary for robust model training. Furthermore, these synthetic images can be generated to mimic the

specific pathological lesions found in real retinal fundus images, such as microaneurysms, hemor-

rhages, and exudates. This approach holds the potential to overcome the limitations of traditional

data collection, enabling the creation of large-scale, high-quality datasets for the development of

automated DR detection systems.

1
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1.2 Objectives

The main contributions of this dissertation are the following:

• Controllable Generation of Synthetic Retinal Fundus Images: This work develops a

methodology to generate synthetic retinal fundus images for diabetic retinopathy (DR) us-

ing a controllable diffusion model. By integrating ControlNet [95], the generation process

can be conditioned on anatomical structures and DR-specific prompts. This allows precise

control over image characteristics, ensuring that synthetic images preserve the structural,

textural, and pathological features of real data while capturing diverse variations observed

across different DR severity levels. The approach is particularly aimed at producing images

that help balance underrepresented classes in existing datasets.

• Evaluation of Synthetic Image Quality and Utility: The fidelity, diversity, and clinical

relevance of the synthetic images are rigorously assessed. Fidelity ensures that synthetic im-

ages realistically reflect real retinal structures and lesions, while diversity provides a broad

coverage of variations necessary for robust model training. Utility is evaluated by fine-

tuning the RETFound [99] foundation model, quantifying the impact of synthetic augmen-

tation on DR classification performance. This step demonstrates whether the inclusion of

controlled synthetic data improves model robustness, particularly for minority DR classes,

and supports the development of more reliable automated diagnostic tools.

The ultimate aim is to optimize the fidelity, diversity, and clinical utility of synthetic retinal

fundus images for diabetic retinopathy diagnosis, contributing to the development of more accurate

and scalable diagnostic tools.

1.3 Overview

In addition to the introduction, this dissertation contains 5 chapters.

Chapter 2, provides an overview of diabetic retinopathy, focusing on its clinical characteristics,

diagnostic criteria, classification, and the retinal lesions associated with the disease. It establishes

a foundational understanding of DR.

Chapter 3, explores the critical role of synthetic medical imaging and examines various gener-

ative models that enable the controlled synthesis of medical images.

Chapter 4 focuses on the evaluation of the synthetic images. It includes an analysis of the

fidelity and diversity and discusses the clinical utility of the synthetic data, particularly in relation

to their impact on the performance of models for DR classification.

Chapter 5 details the methodology for generating synthetic retinal fundus images. It describes

the preprocessing steps, the use of Stable Diffusion as the generative backbone, and the integration

of ControlNet to enable class-specific synthesis, addressing the problem of class imbalance in real-

world datasets.



1.3 Overview 3

Chapter 6 focuses on the validation of synthetic images through their integration into diabetic

retinopathy classification tasks. By fine-tuning RETFound, the chapter evaluates the clinical utility

of synthetic augmentation and quantifies its impact on model generalization.

Chapter 7 outlines the experimental setup, covering both the fine-tuning of the ControlNet

pipeline for synthetic image generation and the fine-tuning of RETFound for classification. The

design ensures a systematic assessment of image quality and downstream performance.

Chapter 8 presents the results and discussion of the experiments. It reports quantitative find-

ings for APTOS 2019, IDRiD, and Messidor-2, complemented by visual examples of synthetic

images.

Finally, Chapter 9 provides the conclusions of the thesis, summarizing the key findings and

contributions. It also discusses outlines directions for future work.



Chapter 2

Diabetic Retinopathy

This chapter provides an overview of diabetic retinopathy (DR), focusing on its diagnostic criteria,

disease classification, and characteristic retinal lesions. The aim is to establish a foundational

understanding of DR’s clinical aspects, which is essential to guide the synthetic generation of

realistic retinal images with diabetic retinopathy, which will be explored in later chapters.

2.1 Disease Characterization

Diabetic Retinopathy (DR) is a severe complication of diabetes mellitus that results in damage to

the retina due to microvascular alterations. As a microangiopathy, DR involves the deterioration of

small blood vessels in the retina, leading to various forms of retinal lesions. In its early stages, DR

is often asymptomatic, where affected individuals may not experience any noticeable changes in

vision. However, as the disease progresses to more advanced stages, symptoms such as blurred or

fluctuating vision become evident, at which point the condition may be irreversible and could lead

to blindness. Consequently, DR is a significant public health concern, being one of the leading

causes of vision loss among adults [23]. Regular screening of individuals with diabetes is essen-

tial to detect and manage DR in its earlier stages, thereby reducing the risk of sight-threatening

complications and improving patient outcomes.

2.2 Diagnosis and levels of Diabetic Retinopathy

The diagnosis of DR is primarily performed through fundus photography using a fundus camera,

which captures detailed images of the retina, including the optic disc, fovea, and retinal blood

vessels (Figure 2.1). These images can be obtained by a non-specialist, however, the clinical diag-

nosis and characterization of DR is subsequently conducted by a specialist, who assesses retinal

changes, identifying potential abnormalities based on a fundoscopic examination. Comprehensive

and systematic recording of these diagnostic findings allows clinicians to compare retinal images

across time points, enabling effective monitoring of disease progression in individual patients.

4
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Figure 2.1: Retina Fundus photograph with no evidence of disease or abnormality. While
taking the photograph, the gaze is directed straight into the camera, positioning the macula cen-
trally in each image, while the optic disc is oriented toward the nasal side. Image from Messidor
dataset [15].

Retinal images are then graded according to findings that correspond to specific levels of retinopa-

thy, following internationally recognized disease severity scales [87] for diabetic retinopathy and

diabetic macular oedema (DMO) [25].

2.2.1 Diabetic Retinopathy Scale

DR is classified into two main stages: non-proliferative diabetic retinopathy (NPDR) and prolifer-

ative diabetic retinopathy (PDR). NPDR is further subdivided into four levels of severity:

1. No Retinopathy: No observable abnormalities.

2. Mild NPDR: Presence of microaneurysms only.

3. Moderate NPDR: More than just microaneurysms but without severe characteristics.

4. Severe NPDR: Presence of one or more of the following in the absence of proliferative

features:

• Over 20 intraretinal hemorrhages in each of the four retinal quadrants;

• Definite venous beading in two or more quadrants;

• Prominent intraretinal microvascular abnormalities in at least one quadrant.

The proliferative stage (PDR) is characterized by one or more of the following:
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• Extraretinal neovascularization (either neovascularisation at the optic disc (NVD) at or neo-

vascularisation of the retina elsewhere (NVE));

• Vitreous or preretinal hemorrhage.

Diabetic macular oedema (DMO) can occur at any stage of DR and is characterized by retinal

thickening in the macula. DMO is classified into:

1. Mild DMO: Retinal thickening or hard exudates in the posterior pole, distant from the

macula’s center.

2. Moderate DMO: Retinal thickening or hard exudates near the macula’s center but not in-

volving it.

3. Severe DMO: Retinal thickening or hard exudates involving the center of the macula.

In Figure 2.2, is evident that distinguishing between the different stages of diabetic retinopathy

is challenging without a thorough understanding of the specific lesions that characterize each stage.

Therefore, the following section provides a detailed description of these lesion types.

2.3 Retinal Lesions Associated with Diabetic Retinopathy

In NPDR, characteristic retinal lesions include microaneurysms, dot and blot intraretinal hemor-

rhages, hard exudates, cotton wool spots, and venous beading. In contrast, PDR is marked by the

development of new blood vessels on the optic disc and other areas of the retina, and vitreous and

preretinal hemorrhages [25].

Microaneurysms are small, circular dilations of retinal capillaries caused by the weakening

of blood vessel walls due to diabetes [76] . They appear as tiny red dots [6] with diameters

between 10 and 100 µm [84] and are often the earliest detectable sign of DR. The number of

microaneurysms correlates with the severity of NPDR, ranging from 0 to 5 in mild cases, 5 to 15

in moderate cases, and over 15 in severe cases [3]. Across all stages of DR, most microaneurysms

are concentrated in the temporal and inferior areas of the retina [72].

Dot and blot intraretinal hemorrhages occur when microaneurysms rupture within the deeper

retinal layers [1], appearing as dense, dark red spots [40]. These hemorrhages are typically larger

than microaneurysms [24], often equal to or larger than a blood vessel at the disk margin (from

228.93 µm to 243.18 µm) [49], with uneven or indistinct edges. In mild NPDR, hemorrhages are

typically absent, whereas moderate NPDR cases present between 0 and 5 hemorrhages, and severe

NPDR cases exhibit more than 5 [3]. The distribution of hemorrhages does not vary significantly

by severity. For moderate, and severe DR, the temporal area shows the highest concentration of

hemorrhages, followed by the inferior area [72].

Hard exudates consist of lipids and proteins that leak from damaged blood vessels, creating

bright, reflective yellowish-white lesions in the retina [4, 37].These lesions are absent in mild DR

cases, while moderate cases typically present with 3 to 5 exudates, and severe cases exhibit 6 to
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(a) No DR (b) Mild NPDR

(c) Moderate NPDR (d) Severe NPDR

(e) PDR

Figure 2.2: Representation of Diabetic Retinopathy Severity Levels and Associated Retinal
Lesions. This figure illustrates the progression of diabetic retinopathy, highlighting the character-
istic lesions present at each severity level, from mild NPDR to PDR, including microaneurysms,
hemorrhages, hard exudates and neovascularization.Images adapted from FGADR dataset [98]
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Table 2.1: Characterization of Lesions by DR Levels and Retinal Region

Lesion DR Level Average Number Average Size Spatial Distribution (by
Retinal Region)

Microaneurysms Mild From 0 to 5 10–100 µm Predominantly in the tem-
poral region

Moderate From 5 to 15 10–100 µm Predominantly in the tem-
poral region

Severe Over 15 10–100 µm Predominantly in the tem-
poral and inferior regions

Hemorrhages Mild Absent - -
Moderate From 0 to 5 100 - 243 µm Predominantly in the tem-

poral region
Severe Over 5 100 - 243 µm Predominantly in the tem-

poral and inferior regions
Hard Exudates Mild Absent - -

Moderate From 0 to 5 Total area covered
by hard exudates:
0.089 mm²

Within 500 to 1500 µm
from the foveal center
(approaching the macula
center)

Severe From 6 to 9 Total area covered
by hard exudates:
0.501 mm²

Within 500 µm from the
foveal center (in the mac-
ula center)

9 [22]. However, due to the challenges in detecting these lesions, there is considerable variability

among patients. Potentially, for a more accurate characterization, the area occupied by these

lesions should be assessed rather than their count [22]. In moderate DR, the total area occupied

by hard exudates is, on average, 0.089 mm², with their distribution approaching the macula center,

within 500 to 1500 µm from the foveal center. In severe DR, the total area occupied by hard

exudates is, on average, 0.501 mm², with their distribution primarily concentrated in the macula

center, within 500 µm from the foveal center [75].

For a better understanding of the regions where retinal lesions are concentrated, the division

of the retina into quadrants is illustrated in Figure 2.3, highlighting the temporal area. For a

comprehensive overview, Table 2.1, maps the average number, size, and distribution of lesions

across different stages of DR, detailing their presence in specific retinal regions for each DR level.

Cotton wool spots are pale, fluffy lesions caused by localized retinal ischemia due to arteriolar

blockage, usually appearing as small gray-white patches with fimbriated edges [25].

Venous beading is characterized by segmental dilations of retinal veins, reflecting areas of

venous endothelial proliferation and indicating a more advanced stage of NPDR [25].

In PDR, neovascularization represents a severe retinal abnormality. This process involves the

growth of new, fragile blood vessels as a compensatory response to severe hypoxia in retinal capil-

laries. These vessels are highly prone to rupture, posing a significant risk for vision loss. Detecting

neovascularization is challenging, as it can resemble normal retinal vessels in imaging [32].
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(a) Division of the retina into quadrants. (b) Example of distribution and Localization of
Microaneurysms in Retinal Fundus photograph
with a severity level of Severe NPDR.

(c) Example of distribution and Localization of
Hemorrhages in Retinal Fundus photograph with
a severity level of Severe NPDR.

(d) Example of distribution and Localization of
Hard Exudates in Retinal Fundus photograph
with a severity level of PDR.

Figure 2.3: Visualization of Retinal Lesion Distribution and Quadrant-Based Analysis. This
figure illustrates the division of the retina into quadrants and demonstrates the spatial distribution
of key retinal lesions associated with diabetic retinopathy, demonstrating their localization patterns
in Severe NPDR and PDR levels. Image (a): Adapted from [72]

; Images (b), (c), (d): Adapted from FGADR dataset [98].
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Figure 2.4: Retina Fundus photograph with a severity level of PDR. The image highlights char-
acteristic lesions associated with this advanced stage of the disease, including neovascularization
at the optic disc, and the other type of lesions described. Image adapted from FGADR dataset [98].

Vitreous hemorrhage occurs when blood from ruptured neovascular vessels enters the vitre-

ous cavity, partially obscuring retinal visualization, often with a boat-shaped appearance in sub-

hyaloid hemorrhages [39].

Preretinal hemorrhages occur when blood collects between the retina and vitreous cavity,

often forming boat-shaped or D-shaped hemorrhages due to the force of the leakage against the

retina [40].

In Figure 2.4 can be observed, the described types of lesions associated with Diabetic Retinopa-

thy.

2.4 Summary and Conclusions

In summary, DR is a significant microvascular complication of diabetes mellitus that leads to pro-

gressive retinal damage, affecting vision. This chapter has outlined the clinical characteristics of
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DR, emphasizing the importance of early diagnosis and regular screening to prevent severe visual

impairment. The classification of DR into non-proliferative and proliferative stages, along with the

identification of associated retinal lesions, provides a framework for understanding the disease’s

characteristics. Additionally, detailed insights into the average number, size, and distribution of

lesions across different stages of DR, along with their presence in specific retinal regions, enhance

our understanding of how these lesions manifest in the retina.

In conclusion, a thorough understanding of typical fundus images and retinal lesions associ-

ated with various stages of DR is crucial for creating this type of synthetic images. By integrating

this knowledge, it becomes possible to ensure that the generated images closely mimic the char-

acteristics of real-world data.



Chapter 3

Synthetic Medical Imaging: Generative
Model Approaches

This chapter highlights the importance of synthetic images in advancing medical applications,

particularly in supporting diagnostic processes where large and diverse datasets are essential.

This chapter further explores key generative models—including Variational Autoencoders (VAEs),

Generative Adversarial Networks (GANs), and Diffusion Models (DMs)—that enable the con-

trolled synthesis of medical images. This chapter also focuses on strategies to control the diffusion

generation process. The aim is to understand how these generative techniques can be effectively

applied to produce synthetic retinal fundus images, enhancing diagnostic support for diseases such

as diabetic retinopathy.

3.1 Synthetic Medical Images

One of the most critical aspects of automating medical applications is the availability of high-

quality, large-scale data. In the medical field, the success of machine learning applications largely

depends on the availability of such training data [7]. This is further complicated due to data

privacy regulations. Medical data is scarce because of its sensitive nature, where precision and

accuracy in diagnosis are paramount, the collection and annotation of specific medical datasets is

both time-consuming and expensive, requiring trained experts to annotate these images.

One approach to address the limited availability of medical image datasets is through data

augmentation techniques. Traditional methods include transformations such as flipping, rotating

or cropping. A more recent, state-of-the-art approach involves generating new data samples by

synthesizing new images [48].

By creating synthetic medical images, it is possible to improve model training by adding di-

versity to the dataset, enabling the representation of varied scenarios and handling complex condi-

tions. These synthetic images can also be controlled to simulate specific, relevant conditions. The

primary advantage of this approach over traditional techniques lies in preserving patient privacy.

12
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Synthetic datasets also facilitate the training process and reduce annotation costs. [66] demon-

strated that their method reduced the annotation load by creating synthetic images leading to per-

formance improvements with sinus surgery and intra-abdominal surgery datasets.

In the medical field, synthetic images have proven capable of enhancing classifier performance

and generalization in pathology detection. [43] demonstrated that integrating advanced generative

models with synthetic data could be a pivotal step in overcoming limitations in medical imaging

datasets. Supplementing real datasets with synthetic data significantly enhanced model perfor-

mance.

However, medical diagnosis often depends on subtle changes in the appearance of complex

organs, making it challenging to generate meaningful medical data [59]. The same challenge

arises in the diagnosis of diabetic retinopathy. The difference between a state of no disease and

one that leads to blindness may be as subtle as neovascularization, a detail that synthesized images

may fail to capture. One way to approach this problem is by training conditional models to enable

controlled image synthesis, focusing on the fine details that characterize the disease.

3.2 Generative models

Generative models have been at the forefront of deep unsupervised learning for the last decade [62].

These models aim to capture the true data distribution and can generate unseen data from it. They

have been employed to create high-quality images, and one of their key applications is in medical

imaging [74, 35]. These algorithms produce detailed and accurate images based on descriptions

in natural language [8].

One way to ensure high-quality and realistic images for specific pathological stages is by con-

trolling the output towards the desired characteristics. This can be achieved by using conditional

models for image synthesis.These models accept additional inputs that influence the generated

content, allowing for the control of the features in the output. This input can vary widely, ranging

from textual descriptions to segmentation masks [93]. Model architectures can be designed or

adapted to incorporate this additional input, enabling content control during image generation.

These models can be classified into three main categories:

• Variational Autoencoders (VAEs)

• Generative Adversarial Networks (GANs)

• Diffusion Models (DMs)

3.2.1 Variational Autoencoders

VAEs [44] consist of an encoder that attributes probabilistic terms to an image, followed by a

decoder that can randomly sample from the probability distributions of each attribute to generate

a new image [18].
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Kaplan et al. [41] generated retinal fundus images using VAEs, and their results showed that

while the generated images preserved the global structure of the retina, they failed to generate the

vessels. Additionally, the images appeared blurry.

Conditional Variational Autoencoders (CVAEs) are an extension of VAEs in which a con-

ditional input is added. In the medical field, this allows for the differentiation of images from

different classes of a pathology [85].

Pesteie et al. [67] demonstrated improved classification results by using CVAEs for data aug-

mentation on ultrasound images of the spine and magnetic resonance images of the brain. This

model enabled the expansion of the existing dataset, introducing more intra-class variance.

These types of models offer an advantage over Generative Adversarial Networks (GANs) due

to their diverse outputs; however, the resolution of the generated images is not high-quality [83,

67], which can be problematic in the medical field, where small details can be critical and the

ability to capture fine nuances is essential.

3.2.2 Generative Adversarial Networks

GANs [27] consist of a generator that synthesises data similar to the input and a discriminator that

evaluates this data. Based on feedback from the discriminator, the generator minimizes the loss

between the two distributions, progressively generating samples that resemble the input data [7].

A way to control the output of GANs is by adding conditional inputs to the model, creating

a conditional GAN (cGAN) [38]. This allows for greater selectivity in which parts of the learned

distribution are used to generate data, which can be especially useful in medical imaging [33].

Conditional GANs have been applied in various cases for generating retinal fundus images [92,

13, 78, 50]. Andreini et al. [5] proposed a method using GANs conditioned on the vascularization

of retinal images, generating images with unprecedented high resolution and realism.

While GANs can generate high-resolution images, they often fail to capture the entire data

distribution (mode-collapse), resulting in a lack of diversity in the generated images [43, 33].

3.2.3 Diffusion Models

A novel approach has emerged with diffusion models (DM), which are likelihood-based and capa-

ble of estimating data distributions and sampling quality more effectively than other methods [60].

These models have demonstrated superior performance over GANs due to their stability [16], at-

tracting considerable attention for their potential to generate realistic and diverse high-resolution

images [59].

Diffusion models operate by gradually adding noise to an image with increasing intensity until

it is completely noise. A deep neural network, usually a U-Net, learns this diffusion process and

is later employed to reverse it, progressively removing the noise step by step to generate a new

image.

The synthesis of retinal fundus images through diffusion models has become a particularly

active research area, motivated by both privacy concerns and the demand for large, diverse, and
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high-quality datasets. One of the most significant advances is the SynFundus-1M dataset [77],

comprising over one million synthetic fundus images generated with a Denoising Diffusion Prob-

abilistic Model (DDPM) trained on 1.3 million authentic fundus images. SynFundus-1M achieved

competitive FID scores and expert evaluations confirmed that the synthetic images were often

indistinguishable from real ones.

Other works have demonstrated how conditioning mechanisms can further enhance structural

and pathological fidelity. Ilanchezian et al. [36] developed a counterfactual generation framework,

where conditioning on disease-specific attributes allowed the synthesis of plausible alternative

scenarios, such as adding or removing pathological findings.

Several studies have also assessed the value of diffusion-augmented data for diabetic retinopa-

thy (DR) detection and grading [10, 48]. Catapang et al. [10] introduced a framework, AffiDAVIT,

which integrates diffusion-based data augmentation with vision transformers (ViT), for DR detec-

tion. Their study explored the effectiveness of Stable Diffusion for generating synthetic fundus

images. They evaluated the utility of these synthetic images through qualitative assessments,

showing that diffusion-augmented data improved test set performance of their ViT model, par-

ticularly in reducing false negatives and improving accuracy. However, when analyzed by retina

specialists, the synthetic images were distinguishable from real ones.

Similarly, Lakas et al. [48] investigated the impact of diffusion-based augmentation on deep

learning classifiers for DR grading using the IDRiD dataset. By comparing the performance of

classifiers trained on datasets augmented with diffusion models versus traditional techniques, they

demonstrated that diffusion augmentation led to superior accuracy in both ResNet-50 and CNN

models. Their results highlight the potential of diffusion models to surpass conventional augmen-

tation methods, particularly in enhancing the generalization capabilities and overall performance

of machine learning models in medical image analysis.

3.2.3.1 Stable Diffusion

Stable Diffusion (SD) models represent a further evolution in diffusion-based generative tech-

niques, combining the high-resolution image generation capabilities of diffusion models with ad-

vanced language comprehension features.

SD builds upon the principles of Latent Diffusion modeling [71]. In latent diffusion, the model

is trained to generate compressed representations (latent data) of images. The generation process

includes a Forward Diffusion Process, which progressively injects noise into the latent data over

t steps, and a Reverse Diffusion Process, which systematically denoises the latent representations

across the same t steps.

Figure 3.1 illustrates the process of generating synthetic retinal fundus images using the Stable

Diffusion model.

Unlike earlier diffusion models primarily focused on visual data alone, Stable Diffusion uti-

lizes Visual Language Models (VLMs) to interpret and generate images with nuanced understand-

ing of semantic context [79].The integration of VLMs has enabled SD to produce diverse and

detailed images that align closely with descriptive inputs.
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Figure 3.1: Stable Diffusion Architecture. The encoder (E) compresses the input image (x)
into a latent representation (z), which undergoes a diffusion process in the latent space to create
(zT ). A U-Net is used to iteratively denoise and refine the latent representation, reconstructing
intermediate states (zT−1) until the final image (x̂) is generated. The decoder (D) then converts the
refined latent representation back into the image space, completing the generation process. Image
adapted from [68]

3.3 Strategies to Control the Diffusion Generation Process

Controlling the diffusion generation process is a critical aspect of tailoring the outputs of genera-

tive models to specific requirements. In recent years, significant advancements have been made in

developing methods to influence the characteristics of generated images, such as realism, seman-

tic consistency, and adherence to desired styles or attributes [86]. These strategies can be broadly

categorized into approaches such as fine-tuning existing models, introducing auxiliary networks,

leveraging input conditioning, and modifying sampling directions.

3.3.1 Training Models from Scratch

In specific scenarios, training a model from scratch, such as in the Composer [57] framework,

may be necessary to ensure compatibility with custom controllable elements [52]. Composer

trains models conditioned on distinct elements such as captions, sketches, or color information,

allowing for bespoke architectures tailored to specific controllable elements. However, the high

computational cost and time required make this strategy less commonly employed compared to

leveraging pre-trained models.

3.3.2 Fine-Tuning Pre-Trained Models

Fine-tuning involves modifying the weights of pre-trained diffusion models to adapt them to spe-

cific tasks or datasets. Techniques like DreamBooth [73], Textual Inversion [26] and Custom
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Diffusion [46] exemplify this approach.

DreamBooth enables models to learn new subjects, such as generating personalized images

based on a small set of photos. Textual Inversion, on the other hand, teaches models about new

concepts, enabling the generation of images in specific styles or with unique features. Custom

Diffusion focuses on modifying cross-attention layers to refine semantic or stylistic outputs.

The advantage of fine-tuning lies in its ability to refine models for high-fidelity outputs. How-

ever, it requires additional computational resources and training data, which can limit its accessi-

bility.

3.3.3 Modifying the Sampling Process

Instead of altering model weights, sampling-based methods guide the generation process by influ-

encing the direction of the denoising steps. These methods include:

• Pix2Pix Zero [64]: Performs zero-shot image editing by leveraging reference embeddings

and attention maps to guide the generation process toward desired concepts.

• SEGA (Semantic Guidance) [9]: Controls conceptual elements, allowing for the addition

or removal of features.

• Attend and Excite [11]: Ensures specific subjects in the prompt are prominently repre-

sented by enforcing attention thresholds during generation.

These techniques offer memory-efficient alternatives to fine-tuning, making them more acces-

sible.

3.3.4 Input-Based Conditioning

Input conditioning utilizes prompts, images, or combinations thereof to steer the generation pro-

cess. There are techniques that allow users to influence outputs without modifying the model

itself. This include:

• Image-to-Image Generation (img2img) [56]: Starts with an existing image and modifies

it to align with desired attributes or styles.

• Prompt Weighting [65]: Adjusts the influence of specific parts of a textual prompt to em-

phasize certain characteristics in the generated image.

• Hybrid Conditioning [69]: Combines text prompts, images, and auxiliary data for unpar-

alleled flexibility in controlling outputs.

These methods are particularly effective for applications requiring nuanced adjustments, such

as targeted image enhancements.
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3.3.5 Auxiliary Networks for Conditional Control

Auxiliary networks such as ControlNet [95] and T2I-Adapter [58] extend the capabilities of pre-

trained diffusion models by adding new trainable parameters. These networks introduce additional

conditioning mechanisms, such as edge detection, semantic segmentation, or depth maps, which

provide precise control over the generation process. This approach preserves the integrity of the

original model while enhancing its adaptability to new tasks.

3.3.5.1 ControlNet for Conditional Diffusion

ControlNet [95] introduces a novel mechanism to enhance conditional control in diffusion models

by adding specific constraints to the image generation process. Built as an extension to pre-trained

stable diffusion models [45], ControlNet allows for precise control over the spatial, structural, and

contextual aspects of generated images through the inclusion of auxiliary conditions such as edge

maps, depth maps, segmentation masks, or encoded image representations [21]. This approach is

particularly advantageous in medical imaging, where is crucial to maintain anatomical accuracy

in generated images.

The architecture of ControlNet is structured around two primary components: a fixed (locked)

diffusion model that retains the original generation capabilities, and a trainable control network

that adjusts the output based on the provided conditions [68]. By separating these components,

ControlNet maintains the underlying generative power of the diffusion model while allowing the

control network to learn specific conditional features. Figure 3.2 demonstrates the integration of

ControlNet into the Stable Diffusion pipeline for condition-based image synthesis.

One of the main advantages of ControlNet is its flexibility in specifying a variety of spatial and

semantic conditions. For instance, in applications requiring strict anatomical detail, segmentation

masks of specific structures or organs can be provided as input conditions [30, 21, 45]. These

masks serve to guide the model in generating images that preserve the shape, location, and bound-

aries of key anatomical features. This characteristic allows for the creation of images that not only

display the desired pathology but also maintain realistic visual coherence.

3.4 Summary and Conclusions

In summary, synthetic medical imaging represents a transformative approach within the medical

field, providing effective solutions to challenges such as data scarcity, privacy preservation, and

cost reduction in image annotation. This chapter has reviewed the advantages of synthetic images

for medical applications, emphasizing their potential to diversify datasets and simulate various

pathological conditions. This is particularly relevant for retinal fundus images in the context of

diabetic retinopathy, where different stages of the disease can be effectively represented.

A detailed exploration of generative models has highlighted the benefits of utilizing a Sta-

ble Diffusion Model for creating diverse and high-quality images, as well as the significance of

controlled synthesis. Additionally, the chapter has introduced strategies to control the diffusion
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Figure 3.2: Architecture of Stable Diffusion with ControlNet. The process begins with a prepro-
cessor that extracts conditioning information (ci) from an input image, which is then transformed
into feature representations (c f ) by the encoder (ε). A user-defined text prompt and time step
are provided as inputs to the Stable Diffusion U-Net, along with the latent input (zt). ControlNet
refines the diffusion process by leveraging the conditioning features (c f ), enabling precise control
over the generated image. The output latent representation (zt−1) is progressively denoised to pro-
duce the final synthetic image. Image adapted from [80]

generation process providing insights into techniques that enable the synthesis of retinal fundus

images with specific attributes. These strategies, such as the implementation of ControlNet, allow

for precise control and accuracy over the generated images. This is especially important for reti-

nal fundus images, where controlled synthesis is crucial for accurately depicting the characteristic

lesions associated with diabetic retinopathy, depending on the stage of the disease.



Chapter 4

Evaluation of Synthetic Retinal Fundus
Images

In medical imaging, the evaluation of synthetic datasets is particularly critical, as subtle inaccu-

racies in the data can lead to diagnostic reliability or misclassification of pathological conditions.

This chapter, reviews key approaches for evaluating synthetic retinal fundus images across three

complementary dimensions: fidelity, diversity, and utility. Fidelity and diversity are addressed

through the implementation of metrics that capture structural, textural, and pathological charac-

teristics, ensuring that synthetic data not only resemble real-world distributions but also exhibit

sufficient variability to enhance representativeness. Utility is examined in terms of the capacity

of synthetic images to support clinically relevant tasks, such as diabetic retinopathy classification,

where the performance of models trained with augmented datasets is assessed. Importantly, this

dimension also provides a means to validate newly generated synthetic classes, ensuring that data

augmentation through synthetic images contributes meaningfully to model robustness and clinical

applicability. Evaluation of utility includes the assessment of RETFound [99], using established

classification metrics such as AUROC and AUPR to ensure comparability with prior studies. The

overall objective is to provide a comprehensive framework for validating synthetic retinal datasets,

ensuring their reliability for clinical and research applications.

4.1 Quality Evaluation of Synthetic Retinal Fundus Images

The evaluation of synthetic retinal fundus images relies on metrics that compare generated data

with real clinical images. These metrics assess whether the synthetic data are realistic and repre-

sentative. Two fundamental contexts underpinning this evaluation are fidelity and diversity, which

together ensure that synthetic datasets are clinically meaningful.

Fidelity in the context of synthetic data generation refers to the degree to which synthetic im-

ages accurately replicate the visual and statistical properties of real-world data [89]. High fidelity

implies that synthetic data maintains the essential structural, textural, and distributional character-

istics present in real datasets.

20
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Diversity, on the other hand, relates to the ability of synthetic datasets to capture a wide range

of variations observed in real-world data, including different pathological features and demo-

graphic variations. A diverse dataset is essential to train robust machine learning models that

generalize well across diverse clinical scenarios [53].

Ensuring fidelity and diversity of synthetic retinal fundus images is essential for generating

datasets that are both realistic and representative. High-fidelity images accurately replicate the

appearance of retinal structures and pathological lesions, while diversity ensures the inclusion of

various disease stages and lesion patterns. To evaluate these aspects, a combination of advanced

metrics can be applied, each focusing on different aspects of image quality and diversity.

In this study, the metrics considered include the Fréchet Inception Distance (FID), the Gaus-

sian Mixture Model-based Quality Assessment (GMM-GIQA), and Improved Precision and Recall

(IP&IR).

For the computation of these quality metrics, it was used the pyMDMA library [20].

4.1.1 Fréchet Inception Distance (FID)

FID [34] is one of the most widely used metrics for evaluating generative models. It measures

the similarity between the feature distributions of real and synthetic images by modeling them as

multivariate Gaussian distributions and computing the Fréchet distance between the two. A lower

FID score indicates a closer alignment between real and synthetic data distributions, suggesting

higher quality.

FID typically uses features extracted from an InceptionV3 network pretrained on ImageNet,

which consists primarily of natural images. As a result, these features may not capture clinically

relevant characteristics in medical images [61, 88], leading to questionable clinical utility. More-

over, FID provides a single aggregated score that reflects the overall similarity between real and

generated image distributions, but it does not disentangle fidelity from diversity. To overcome

these limitations, newer metrics such as (IP&IR) [47] have been proposed, as they separately as-

sess fidelity and diversity, offering more clinically meaningful insights.

4.1.2 GMM-GIQA: Gaussian Mixture Model-based Quality Assessment

The GMM-GIQA metric is tailored specifically for image quality assessment (IQA) in generated

image datasets [28]. By employing a Gaussian Mixture Model (GMM), this metric learns the

distribution of real images, including characteristics of healthy and pathological patterns. It then

calculates the probability of a synthetic image belonging to this distribution, yielding a quality

score.

This metric utilizes meaningful features extracted from real images, such as color histograms,

texture descriptors, or deep features obtained from a pretrained neural network [28], to encapsulate

essential structural and textural information. The next step involves modeling with a GMM, which

fits the probability distribution of the data as a weighted sum of multiple Gaussian components,
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each with its own mean and covariance [54]. This allows the model to capture the multimodal

nature of retinal image features.

For the quality assessment, from the synthetic image, it is extracted its feature vector and

computed the likelihood of this feature under the GMM [29]:

QGMM−GIQA = log p(Xsynthetic)

A higher likelihood indicates that the synthetic image’s features are well-represented by the

GMM, suggesting high quality and realism.

When applied to synthetic retinal images, this metric can help confirm that generated images

retain the distinct characteristics associated with diabetic retinopathy, such as microaneurysms,

hemorrhages, and exudates, contributing to their diagnostic relevance.

4.1.3 IP&IR: Improved Precision and Recall

The Improved Precision and Recall (IP&IR) metric [47] evaluates the fidelity and diversity of

generative models by comparing the feature distributions of real and synthetic datasets. This

metric provides a nuanced assessment by separately measuring:

• Precision: The proportion of synthetic images whose features lie within the distribution of

real images. A higher precision indicates better fidelity, meaning synthetic images closely

replicate real-world features.

• Recall: The proportion of real images whose features are covered by the synthetic image

distribution. A higher recall reflects greater diversity, ensuring the synthetic dataset encom-

passes the variability observed in real data.

This metric utilizes a pretrained neural network to extract feature embeddings for both real and

synthetic images [47]. These embeddings represent images in a high-dimensional space where

semantic similarities correspond to proximity. Then methods like k-Nearest Neighbors (k-NN),

estimate the boundaries or regions that encapsulate the characteristics of each dataset [82], helping

to determine how closely the synthetic data aligns with the real data and whether it adequately

covers the variability observed in real-world samples.

This metric helps evaluate both fidelity and diversity, ensuring that synthetic retinal images not

only look realistic but also capture the diversity found in clinical settings. In synthetic datasets for

diabetic retinopathy, high precision and recall indicate that the synthetic images represent a wide

range of observable features.

4.2 Utility of Synthetic Retinal Fundus Images

Beyond visual resemblance, synthetic images must provide practical utility by supporting critical

clinical applications. For instance, models trained on synthetic data should demonstrate consistent
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performance when applied to real clinical tasks, such as grading the severity of diabetic retinopa-

thy or identifying early disease lesions. This step is particularly important for validating newly

generated synthetic data classes, as their inclusion aims to augment existing datasets and improve

the robustness of downstream classification models. Utility evaluation, therefore, involves assess-

ing whether models trained on synthetic images perform equivalently to those trained on real data.

4.2.1 Evaluating the Utility of Synthetic Retinal Fundus Images Using RETFound

Foundation models, such as RETFound [99], represent a powerful approach to this evaluation by

providing a robust, generalizable framework for disease detection and classification. This par-

ticular model, for fundus photographs, has demonstrated superior performance compared with

traditional deep learning models. [99, 79] RETFound leverages self-supervised learning to extract

meaningful patterns from vast quantities of unlabelled retinal images, making it especially suited

for assessing synthetic images generated to mimic real clinical data [79].

4.2.1.1 Foundation models

Foundation models have revolutionized AI by shifting from narrowly trained, task-specific mod-

els to versatile architectures that perform consistently across a wide range of applications [12].

Developed by learning general representations from extensive datasets, these models require sig-

nificantly less labelled data to adapt to new tasks and are particularly effective in zero-shot and

few-shot learning contexts. This adaptability and high label efficiency allow RETFound to serve

as a benchmark for evaluating the quality and clinical relevance of synthetic retinal images.

4.2.1.2 RETFound

RETFound was trained on a combination of 1.3 million natural images and 1.6 million unlabelled

retinal images through a masked autoencoder approach, where it learned to reconstruct missing

parts of an image to derive clinically relevant features [99]. This pretraining enables RETFound to

accurately classify and predict retinal diseases from retinal photography. In RETFound study, the

authors conducted a evaluation of the model’s performance in diabetic retinopathy classification

using three publicly available datasets: Kaggle APTOS-2019 [42], IDRiD [70], and MESSIDOR-

2 [15, 2]. For instance, when fine-tuned on Kaggle APTOS-2019, RETFound achieved an AU-

ROC of 0.822 on IDRID and 0.738 on MESSIDOR-2, outperforming comparison models such as

SL-ImageNet and SSL-ImageNet. The remaining results, as reported by [99], of the RETFound

model’s performance across the different datasets are represented in Figure 4.1. These results

highlight RETFound’s superior performance and generalizability in DR classification tasks.

To assess the utility of synthetic images, the objective is to enhance RETFound’s performance

through the use of synthetic retinal fundus images as a data augmentation strategy. By augment-

ing the training datasets with synthetic images, we aim to improve RETFound’s performance in

diabetic retinopathy classification. This will be evaluated by comparing the model’s performance

on an augmented dataset containing synthetic images versus a dataset without them. The model’s
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Figure 4.1: Performance of the RETFound model in DR classification. The model was fine-
tuned on the Kaggle APTOS-2019, IDRID, and MESSIDOR-2 datasets, using AUROC as the
evaluation metric. The results presented compare RETFound with other models, including SL-
ImageNet, SSL-ImageNet, and SSL-Retinal. RETFound consistently outperforms the other mod-
els, demonstrating its superior performance and generalizability in DR classification from retinal
images. Image from [99]

performance will be assessed using the same cross-dataset experimental setup employed in the

original study, enabling a direct comparison to evaluate the impact of synthetic data augmentation

and, consequently, its utility.

4.2.2 Classification Evaluation Metrics

To assess the classification performance of RETFound when trained with datasets augmented us-

ing synthetic retinal fundus images, we employed the same evaluation metrics reported in the

RETFound paper: the Area Under the Receiver Operating Characteristic Curve (AUROC) and the

Area Under the Precision–Recall Curve (AUPR). These metrics provide threshold-independent

measures of classification performance and allow for a consistent comparison between results ob-

tained in this study and those reported in the RETFound paper.

4.2.2.1 Area Under the Receiver Operating Characteristic Curve (AUROC)

AUROC is one of the most widely adopted metrics for evaluating binary classification tasks [51].

The ROC curve plots the true positive rate (sensitivity) against the false positive rate (1–speci-

ficity) across a range of classification thresholds [91]. AUROC is defined as the probability that

a randomly chosen positive instance is assigned a higher score by the classifier than a randomly

chosen negative instance. Values range from 0.5, representing random chance, to 1.0, indicating

perfect discrimination.
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However, AUROC has limitations, it gives equal weight to all regions of the score distribution

and may be misleading when comparing models across datasets with differing levels of class im-

balance [55]. For this reason, complementary metrics such as AUPR are often reported alongside

AUROC to provide a more nuanced view of model performance.

4.2.2.2 Area Under the Precision–Recall Curve (AUPR)

AUPR complements AUROC by focusing on the relationship between precision and recall across

varying thresholds [96]. The PR curve emphasizes performance on the positive class, making it

especially informative in applications where early retrieval of true positives is critical, such as in

disease detection. AUPR has gained significant traction in biomedical and clinical research, where

class imbalance and the importance of correctly identifying positive cases are common.

Like AUROC, AUPR is threshold-independent and condenses classifier performance into a

single value ranging from 0 to 1, with higher values reflecting stronger discrimination. By captur-

ing the trade-off between avoiding false positives (precision) and recovering as many true positives

as possible (recall), AUPR provides an interpretable and clinically relevant measure of classifier

performance [31].

4.3 Summary and Conclusions

In the context of synthetic retinal fundus images, fidelity and diversity metrics are essential for val-

idating both the resemblance to real images and the representativeness of the generated datasets.

Fidelity metrics ensure that synthetic data preserve the structural, textural, and pathological prop-

erties of real retinal images, while diversity metrics guarantee sufficient variability to promote

model robustness across different clinical scenarios. Together, these dimensions provide a rigor-

ous foundation for assessing the overall quality of synthetic datasets.

Beyond quality, utility plays a central role in determining whether synthetic data can support

meaningful clinical applications. Utility evaluation not only measures the effectiveness of syn-

thetic images in tasks such as diabetic retinopathy classification but also provides a mechanism

for validating newly generated synthetic classes, ensuring that data augmentation contributes to

improved representativeness and model robustness. In this context, RETFound serves as a bench-

mark foundation model, with performance assessed using established classification metrics such

as AUROC and AUPR, thereby ensuring comparability with prior studies.

In conclusion, combining fidelity, diversity, and utility establishes a comprehensive framework

for the evaluation of synthetic retinal fundus images. This multidimensional validation ensures that

synthetic data are not only visually and statistically aligned with real-world distributions but also

clinically meaningful and effective for data augmentation strategies, ultimately reinforcing their

role in advancing medical imaging research and practice.
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Generating Synthetic Retinal Fundus
Images

The generation of synthetic images is a critical step towards developing balanced and represen-

tative datasets. In this chapter, it is presented the methodology employed to produce synthetic

images that reflect specific disease severity classes. The primary objective is to augment existing

real-world datasets, addressing the substantial class imbalance commonly observed in publicly

available fundus image datasets.

It was adopted a controlled image synthesis approach, leveraging both pretrained generative

models and additional conditioning strategies.

This chapter details the complete workflow, beginning with standardized preprocessing of the

original datasets, followed by the use of Stable Diffusion as a pretrained generative backbone, and

concluding with the fine-tuning and application of ControlNet for class-specific image synthesis.

5.1 Datasets Processing

To ensure standardized inputs and preserve the anatomical integrity of the retinal fundus images, a

dedicated preprocessing pipeline was implemented. The procedure included cropping and resizing

and anatomical mask generation.

Each image was automatically cropped around the retinal border to remove irrelevant back-

ground regions. The cropping coordinates were determined by analyzing the intensity distribution

in the value channel of the HSV color space, which provides a more robust separation between

retina and background compared to grayscale intensity. The largest detected contour correspond-

ing to the retinal boundary was used to define the region of interest. When the resulting crop was

not square, zero-padding was applied to balance the dimensions, and all images were subsequently

resized to a fixed resolution (512x512) for consistency and model compatibility.

In parallel, anatomical masks were generated to serve as conditioning inputs. First, a retinal

contour mask was created by delineating the detected boundary.

26
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Additionally, optic disc segmentation was performed automatically using a pretrained SegFormer-

based semantic segmentation model [90]. The segmentation network predicted a binary mask of

the optic disc, obtained by upsampling the output logits and selecting the most probable class for

each pixel.

These masks were subsequently integrated into the preprocessing pipeline as conditioning

inputs for the generative experiments.

This pipeline ensured standardized and anatomically meaningful preprocessing, while also

providing auxiliary conditioning, essential for the subsequent generative modeling tasks.

Figure 5.1 illustrates the preprocessing pipeline applied to the retinal fundus images,

5.1.1 Datasets Description

Three publicly available retinal fundus image datasets were used in this study, the APTOS 2019

Blindness Detection [42], IDRiD [70], and Messidor-2 [15, 2].

The APTOS 2019 dataset contains fundus images collected from subjects in rural regions of

India, acquired under varying imaging conditions as part of the Aravind Eye Hospital initiative

for the Asia Pacific Tele-Ophthalmology Society (APTOS). Each image is annotated with a DR

severity grade ranging from 0 (No DR) to 4 (Proliferative DR), following standard clinical classi-

fications.

The IDRiD dataset comprises high-resolution macula-centered fundus images captured at an

eye clinic in Nanded, India. In addition to DR severity grading, the dataset includes detailed

annotations of common DR lesions—including microaneurysms, hemorrhages, and hard and soft

exudates—as well as normal retinal structures. It also provides grading for diabetic macular edema

(DME).

The Messidor-2 dataset consists of macula-centered fundus images collected at Brest Univer-

sity Hospital, France. Each examination contains two images (one per eye), capturing real-world

variability in fundus photography. Although Messidor-2 does not include native ground-truth DR

grades, third-party labeling initiatives have made diagnostic annotations available for research

purposes.

All three datasets exhibit a high class imbalance, as summarized in Table 5.1.

To address this, synthetic image generation will be employed to balance the classes. Specifi-

cally, for each original image of a given class, artificial images will be generated corresponding to

all other DR severity classes, as illustrated in Figure 5.2.

The resulting class distributions after augmentation are depicted in Figure 5.3, illustrating how

the inclusion of synthetic images balances all DR severity classes across the three datasets. This

strategy ensures a more uniform distribution of samples across classes, supporting more robust

model training and evaluation.
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(a) Original Image (b) Retinal Contour Extraction

(c) CenterCrop and Resize (d) Optic Disc Segmentation

(e) Conditioning Image

Figure 5.1: Preprocessing pipeline of retinal fundus images. This figure illustrates the sequence
of operations applied to standardize the images, extract anatomical masks, and generate condition-
ing inputs for the generative model.
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(a) Original Image, Moderate Class (b) Synthetic Image, No DR

(c) Synthetic Image, Mild DR (d) Synthetic Image, Severe DR

(e) Synthetic Image, Proliferative DR

Figure 5.2: Example of synthetic data generation for class balancing. Additional images are
generated from the original retinal fundus image to represent the other diabetic retinopathy severity
classes, ensuring a more uniform class distribution across the dataset.
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(a) APTOS2019: 3662 real images; 14336 synthetic im-
ages.

(b) IDRiD: 745 real images; 1862 synthetic images.

(c) Messidor-2: 1937 real images; 6812 synthetic images

Figure 5.3: Class distribution before and after synthetic augmentation for each dataset. These
bar plots illustrate the effect of synthetic image generation in balancing diabetic retinopathy sever-
ity classes across the three datasets, mitigating the original class imbalance present in the real data.
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Table 5.1: Distribution of DR Classes Across Datasets

Datasets
Class APTOS 2019 IDRiD Messidor-2

No DR 1775 395 1017
Mild DR 370 27 270

Moderate DR 999 168 347
Severe DR 199 93 268

Proliferative DR 295 62 35
Total 3632 745 1937

5.2 Stable Diffusion for Retinal Fundus Image Generation

The generative backbone used in this study is based on Stable Diffusion, a latent diffusion model

that operates by progressively denoising random latent variables under the guidance of condition-

ing inputs, as illustrated in Figure 5.4.

The pretrained model adopted in this work was developed using large-scale retinal fundus

datasets, specifically EyePACS [17] and AIROGS [14], which provide extensive coverage of dia-

betic retinopathy and glaucoma cases [19]. During its training, text prompts were employed not

only to specify disease-related class labels, for Diabetic Retinopathy and Glaucoma, but also to

encode image quality attributes. These attributes included categorical descriptors of brightness

(low/medium/high), contrast, and other relevant quality factors, thereby enabling the generation

of synthetic images with controlled fidelity and variability.

In this study, the Stable Diffusion model wasn’t retrained from scratch. Instead, this pretrained

backbone was employed as the basis for fine-tuning ControlNet, which was subsequently adapted

to our datasets and experimental setup for the synthesis of diabetic retinopathy images.

5.3 ControlNet for DR Retinal Fundus Image Generation

To generate synthetic retinal fundus images, it was adopted a ControlNet-based approach, lever-

aging a pretrained model originally trained on the FGADR [97] and DDR [63] datasets. Instead

of training the network from scratch, it was performed fine-tuning to adapt it to the characteristics

of the selected datasets individually (Aptos 2019, IDRiD and Messidor-2) and the specific re-

quirements of diabetic retinopathy synthesis. ControlNet extends diffusion models by introducing

additional conditioning inputs, allowing for more controllable image generation.

In this study, generation was exclusively performed in img2img mode, which adapts an exist-

ing image into a new version guided by conditioning prompts. Unlike txt2img, which synthesizes

images solely from text prompts, img2img starts from a real preprocessed fundus image and pro-

gressively transforms it during the diffusion process. This approach ensures that essential retinal
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structures (e.g., the circular shape, and overall spatial arrangement) are preserved, while new fea-

tures consistent with the target DR severity are incorporated. Within ControlNet, img2img lever-

ages both the anatomical masks and the textual labels to constrain the generative process, ensuring

anatomical plausibility and disease-specific characteristics in the synthetic outputs.

As input images, were employed the preprocessed fundus photographs described above (Fig-

ure 5.1c). The conditioning signals consisted of two anatomical masks: the retinal contour mask

and the optic disc segmentation mask (Figure 5.1e), both integrated into the pipeline to pre-

serve anatomical plausibility and provide structural guidance during generation. Additionally,

text prompts were used to specify the target DR severity class. The following prompts were

defined: “retinal fundus image”, “mild diabetic retinopathy retinal fundus image”, “moderate di-

abetic retinopathy retinal fundus image”, “severe diabetic retinopathy retinal fundus image”, and

“proliferative diabetic retinopathy retinal fundus image”. When necessary, negative prompts were

introduced to explicitly suppress undesired features or attributes, enhancing the specificity of the

generated outputs.

The output of this process consisted of synthetic retinal fundus images that maintained the

anatomical structure of the original inputs, while reflecting the newly assigned DR severity la-

bels. This strategy enabled the generation of balanced datasets across all severity grades, thereby

mitigating class imbalance present in the original data.

5.3.1 ControlNet Inference Parameters

The ControlNet inference process depends on several hyperparameters:

• Guidance Scale: controls the strength of alignment between the generated image and the

conditioning inputs. Higher values enforce stricter adherence to the prompts.

• Inference Steps: defines the number of denoising iterations during the diffusion process.

More steps generally improve image quality and detail but increase computational cost.

• Noise Scheduler: determines how noise is added and removed during the diffusion process.

The choice of scheduler affects both the sharpness and fidelity of the generated images.

• Strength: specifies the degree of transformation applied to the input image in img2img

mode. Lower values retain more features of the original image, while higher values allow

for greater modifications toward the target prompt.

These parameters were varied systematically across experiments, with the objective of identi-

fying optimal configurations for retinal fundus image synthesis.

5.4 Summary and Conclusions

In this chapter, was presented a comprehensive methodology for generating synthetic retinal fun-

dus images, aimed at augmenting real datasets and addressing class imbalance across diabetic

retinopathy (DR) severity levels.
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Analysis of the datasets revealed substantial discrepancies in the number of images per class,

with the mild and proliferative DR classes consistently underrepresented compared to other sever-

ity levels across all three datasets. To mitigate this imbalance, synthetic image generation was

employed to augment these underrepresented classes, supporting more uniform class distributions.

The use of a pretrained Stable Diffusion model as a generative backbone, combined with Con-

trolNet fine-tuning, enabled the production of synthetic images. Conditioning through anatomical

masks and disease-specific text prompts ensured that the generated images maintained anatomical

plausibility while reflecting the desired DR severity classes. Negative prompts were optionally

employed to suppress undesired features, further improving the specificity of the outputs.
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Figure 5.4: Pipeline of the Stable Diffusion model for retinal fundus image generation. Pre-
trained on the EyePACS and AIROGS datasets, the model receives as inputs latent representations
of retinal images and is guided by textual prompts specifying disease labels (DR or glaucoma) and
image quality attributes (low/medium/high brightness and contrast). These conditioning signals
direct the generation process, producing synthetic images with controlled fidelity and diversity
that reflect both the pathological characteristics and the desired quality parameters. Image adapted
from [81]
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Figure 5.5: Pipeline of the ControlNet-based synthetic image generation process. Prepro-
cessed retinal fundus images serve as the inputs, while masks (retinal contour and optic disc seg-
mentation) are incorporated as structural conditioning. Text prompts specifying the target DR
severity class guide. In the img2img framework, ControlNet integrates these conditioning signals
with the diffusion model to generate anatomically consistent synthetic images that reflect the as-
signed DR severity grade. Image adapted from [80]



Chapter 6

RETFound for Utility Assessment of
Synthetic Data

The validation of synthetic retinal fundus images is a critical step to ensure their practical utility in

clinical and research applications. In this chapter, the evaluation is performed through fine-tuning

the RETFound foundation model for diabetic retinopathy (DR) classification. The RETFound-

based evaluation provides a direct measure of the usefulness of synthetic images for downstream

diagnostic tasks, allowing the impact of synthetic data on model generalization and classification

performance to be quantified.

To explore clinical utility, synthetic images were employed to augment real DR datasets, ad-

dressing class imbalance across severity levels.

6.1 Validation via RETFound Fine-Tuning

To assess the utility of synthetic retinal images, the RETFound foundation model [99] was em-

ployed. RETFound is a large-scale, self-supervised model trained on millions of unlabelled retinal

fundus images and natural images, capable of extracting clinically relevant features for various

downstream tasks, including disease classification. Its architecture incorporates a masked autoen-

coder with a multilayer perceptron (MLP) head for classification tasks, enabling it to adapt effi-

ciently to different retinal image analysis challenges. The overall RETFound fine-tuning pipeline,

including model architecture, is illustrated in Figure 6.1.

In the original study [99], RETFound was fine-tuned on publicly available datasets, namely

APTOS 2019, IDRiD, and Messidor-2, for diabetic retinopathy (DR) classification. The authors

applied standardized data splits for training, validation, and testing to ensure comparability across

experiments.

In this work, the same datasets and data splits were employed to replicate the baseline fine-

tuning process, allowing direct comparison with the reported performance of RETFound. Sub-

sequently, the fine-tuning was repeated using an augmented dataset composed of both real and

synthetically generated images, under identical training conditions. This procedure was applied
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Figure 6.1: Pipeline overview of RETFound fine-tuning for diabetic retinopathy classifica-
tion. The figure illustrates the input steps, into the RETFound masked autoencoder with an MLP
classification head." Image adapted from [94]

independently for each dataset, enabling evaluation of the impact of synthetic data on model per-

formance relative to the baseline trained solely on real images.

By comparing the classification performance of RETFound trained with real-only data versus

real plus synthetic data, this methodology provides an empirical measure of the utility of the

synthetic images in enhancing downstream predictive tasks.

Table 6.1 shows the fine-tuning parameters used in this study.

Table 6.1: Fine-tuning parameters used for RETFound in this study.

Parameter Value
Model RETFound_MAE
Batch size 16
Epochs 100
Learning rate 5e-3
Layer decay 0.65
Input size 224 × 224

6.1.1 Image Preprocessing for RETFound Fine-Tuning

For the fine-tuning of RETFound, the original preprocessing pipeline described in the RETFound

paper [99] was initially employed. This pipeline consists of resizing the input images followed

by a center crop to the network’s expected input size(224x224). While effective for standardizing

inputs, the center crop can result in the exclusion of peripheral regions of the retina, potentially

discarding anatomically relevant structures.
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To preserve the anatomical integrity of the retinal images, an alternative preprocessing ap-

proach was also applied. This method involved cropping each image based strictly on the detected

retinal contour, ensuring that the entire retinal area was included, followed by zero-padding when

necessary to produce square images suitable for model input. This approach maintains the full

anatomical structure of the retina, which may be beneficial when evaluating models that rely on

fine-grained spatial information.

Experiments were conducted using both preprocessing strategies standard RETFound resizing

and center cropping, as well as the anatomy preserving preprocessing to assess the impact of input

processing on the performance of RETFound fine-tuning for diabetic retinopathy classification.

6.2 Summary and Conclusions

In this chapter, the validation of synthetic retinal fundus images was conducted through down-

stream task performance. Fine-tuning the RETFound foundation model for diabetic retinopathy

classification allowed for a practical evaluation of synthetic image utility. By comparing mod-

els trained on real datasets with models trained on augmented datasets including both real and

synthetic images, the impact of synthetic data on classification robustness and generalization was

empirically assessed. Additionally, RETFound facilitates label verification, ensuring that synthetic

images generated for specific DR stages accurately correspond to their intended labels.

Furthermore, experiments explored the effect of different image preprocessing strategies on

RETFound fine-tuning performance. While the original RETFound resizing and center cropping

ensured standardized inputs, it occasionally excluded peripheral retinal regions. The anatomy-

preserving preprocessing maintained full retinal structure, potentially enhancing model perfor-

mance on spatially sensitive features.
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Experiments

This chapter describes the experimental setup employed to evaluate both the synthetic image gen-

eration process and its downstream utility for diabetic retinopathy (DR) classification. The ex-

periments were divided into two main parts: fine-tuning of the ControlNet img2img pipeline to

generate synthetic retinal fundus images; and fine-tuning of the RETFound model for DR classifi-

cation using both real and augmented datasets.

7.1 ControlNet Fine-Tuning Experiments

Synthetic retinal fundus images were generated using the ControlNet img2img pipeline. Fine-

tuning was carried out separately for each dataset (APTOS 2019, IDRiD, and Messidor-2) under

comparable conditions. The inference parameters were initially fixed across all three datasets, as

summarized in Table 7.1.

Table 7.1: Initial inference parameters for ControlNet fine-tuning.

Parameter Value
Guide scale 7

Inference steps 50

Noise scheduler ddim

Strength 0.30

7.1.1 Negative Prompts

Negative prompts provide an additional mechanism of control in diffusion-based generation by

explicitly discouraging undesired features during image synthesis. When applied to retinal fundus

image generation, negative prompts allow the suppression of class-specific features not intended

for the target prompt.

In this work, three experimental configurations were explored for each dataset and parameter

setting:
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1. No negative prompts: images were generated without applying any negative control.

2. Full negative prompts: all other DR stages were provided as negative prompts. For in-

stance, if the target prompt was “moderate diabetic retinopathy fundus image”, then “mild,

severe, proliferative” were set as negatives.

3. Targeted negative prompts: negative prompts were applied only in cases of class regres-

sion. When generating images of a lower DR grade from a more severe real image. For

example, when conditioning on a severe case while targeting mild DR, the negatives in-

cluded "moderate, severe".

This strategy enabled systematic evaluation of the effect of negative prompts.

7.1.2 Parameter Variations

During the experiments, certain structures inconsistent with retinal anatomy were observed in the

generated images. Representative cases of these inconsistencies can be seen in Figures 7.1a, 7.1c.

To mitigate these issues, additional fine-tuning was performed with adjusted parameter settings 7.2.

Lowering the strength parameter reduced artefacts, producing more anatomically plausible images

( 7.1b, 7.1d).

Table 7.2: Modified inference parameters.(Lowering the strength parameter)

Parameter Value
Guide scale 7

Inference steps 50

Noise scheduler ddim

Strength 0.20

Further experiments were performed by increasing the number of inference steps. This ad-

justment, detailed in Table 7.3, was designed to refine the synthesis process, with the goal of

enhancing the perceptual quality and fidelity of the generated retinal images.

Representative examples of these results are illustrated in Figure 7.2, where pairs of synthetic

images generated with lower and higher inference steps are compared.

Table 7.3: Modified inference parameters. (Increasing the number of inference steps)

Parameter Value
Guide scale 7

Inference steps 70

Noise scheduler ddim

Strength 0.20
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(a) Synthetic image with anomaly, gener-
ated from Moderate DR to No DR

(b) Synthetic image after lowering
strength, from same input as (a)

(c) Synthetic image with anomaly, gener-
ated from Severe DR to No DR.

(d) synthetic image after lowering
strength, from same input as (c)

Figure 7.1: Examples of visual anomalies observed in synthetic images, compared with their
counterparts obtained after reducing strength.Subfigures (a) and (b) show samples generated
from the IDRiD dataset when synthesizing the No DR class from the same real Moderate DR
image, while subfigures (c) and (d) illustrate the synthesis of No DR images from the same real
Severe DR image. The reduction of the strength parameter mitigates the presence of artifacts,
resulting in more realistic retinal fundus images.
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(a) Synthetic image generated with lower
inference steps. Precision = 1, Recall =
0, GIQA = 0,7951.

(b) Synthetic image obtained from the
same original input as (a) , using higher
inference steps. Precision = 1, Recall =
1, GIQA = 0.8154

(c) Synthetic image generated with lower
inference steps. Precision = 1, Recall =
0, GIQA = 0.9306.

(d) Synthetic image obtained from the
same original input as (c) , using higher
inference steps. Precision = 1, Recall =
1, GIQA = 0.9468

Figure 7.2: Examples from the APTOS dataset illustrating the effect of increasing the num-
ber of inference steps with the goal of enhancing perceptual quality and fidelity of synthetic
retinal fundus images.All images were generated by conditioning from Moderate DR to Prolif-
erative DR. Images (a) and (b) derived from the same real moderate DR image (a = lower steps,
b = higher steps); Images (c) and (d) derived from the same real moderate DR image (c = lower
steps, d = higher steps). For each subfigure the reported values (Precision, Recall, GIQA) allow
quantitative comparison of image quality across configurations.



7.1 ControlNet Fine-Tuning Experiments 43

Finally, an additional set of experiments explored the combined effect of a higher guidance

scale together with an increased number of inference steps. The parameter configuration is sum-

marized in Table 7.4. This setting was tested to assess whether stronger conditioning during gen-

eration could produce images according to the desired visual characteristics

Table 7.4: Modified inference parameters. Increasing the guidance scale.

Parameter Value
Guide scale 8.5

Inference steps 70

Noise scheduler ddim

Strength 0.20

While consistent parameters were initially applied across datasets, dataset-specific behaviours

were observed, making further adjustments almost unavoidable. To address these differences and

improve the quality of the generated images, additional experiments for specific datasets were

performed as follows:

7.1.2.1 IDRiD

Fine-tuning was also tested with parameters in Table 7.5.

Table 7.5: Modified inference parameters for IDRiD

Parameter Value
Guide scale 8

Inference steps 60

Noise scheduler ddim

Strength 0.30

7.1.2.2 Messidor-2

Fine-tuning was also tested with parameters in Table 7.6.

Table 7.6: Modified inference parameters for Messidor-2

Parameter Value
Guide scale 8.5

Inference steps 60

Noise scheduler ddim

Strength 0.15

These experiments aimed to identify parameter settings that maximized the anatomical plau-

sibility, diversity, and perceptual quality of synthetic retinal fundus images for each dataset
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7.2 RETFound Fine-Tuning Experiments

In the second part of the study, synthetic data were evaluated in terms of their contribution to down-

stream classification of DR. RETFound, was fine-tuned independently on each dataset (APTOS

2019, IDRiD, and Messidor-2). The data splits followed the protocol reported in the RETFound

paper, ensuring comparability with prior work. For APTOS 2019, the split corresponds approxi-

mately to 60% for training, 10% for validation, and 30% for testing. IDRiD follows a distribution

of about 60% training, 20% validation, and 20% testing. Finally, Messidor-2 adopts a split of

roughly 60% training, 10% validation, and 30% testing. The Table 7.7 summarizes the distribu-

tion of samples across training, validation, and testing sets for all three datasets. The table also

reports the class composition of each split according to the DR severity levels (no DR, mild, mod-

erate, severe, proliferative), which highlights the inherent imbalance in the datasets and motivates

the use of synthetic augmentation.

Table 7.7: Distribution of samples across training, validation and test splits for APTOS 2019,
IDRiD and Messidor-2.

Dataset Split Total No DR Mild Moderate Severe Proliferative
APTOS 2019 Train 2048 1010 207 559 108 164

Val 514 253 52 140 27 42
Test 1100 542 111 300 58 89

IDRiD Train 328 107 16 108 59 39
Val 84 27 4 28 15 10
Test 105 34 7 32 19 13

Messidor-2 Train 1165 568 151 193 234 19
Val 246 143 38 49 11 5
Test 526 306 81 105 23 11

Two main experimental settings were established:

• Baseline: fine-tuning using only real dataset images.

• Augmented: fine-tuning using real plus synthetic images.

7.2.1 Image Preprocessing

RETFound requires inputs of size 224×224. Two preprocessing approaches were tested:

1. Original RETFound preprocessing: resizing and center-cropping.

2. Anatomy-preserving preprocessing (described in Chapter 6): cropping based on the

retinal contour.

Initial experiments compared both strategies. As the anatomy-preserving preprocessing yielded

superior results, all subsequent experiments used this approach.
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7.2.2 Fine-Tuning and Evaluation

All fine-tuned models (both baseline and augmented) were trained under identical conditions.

After training, performance was evaluated using standard classification metrics, enabling direct

comparison between real-only and augmented datasets.

7.2.3 Complementary Experiments

Two complementary sets of experiments were conducted:

1. Cross-dataset evaluation: In addition to the standard train/test splits within the same

dataset, as described in the RETFound paper, the original study also explored a cross-dataset

approach, where models fine-tuned on one dataset were evaluated on a different dataset (for

instance, trained on APTOS and tested on Messidor). In this work, both real-only and

augmented (real + synthetic) versions of these cross-dataset experiments were performed.

Although priority was given to the intra-dataset evaluation, as it is more directly comparable

and the cross-dataset evaluation is more challenging due to differences in image character-

istics, class distributions, and dataset-specific features.

2. Quality-filtered augmentation: instead of including all synthetic images, only those achiev-

ing maximum precision (IP = 1) according to pyMDMA quality metrics were used to aug-

ment the real datasets. This allowed assessment of whether filtering by quality improved

downstream performance compared to unfiltered augmentation. To better illustrate the

quality-filtered augmentation approach, Figure 7.3 presents examples of synthetic images

with maximum precision (IP = 1) and low precision (IP = 0). These examples demonstrate

the visual differences corresponding to the quality scores used for dataset augmentation.

7.3 Summary and Conclusions

This chapter presented a systematic set of experiments aimed at exploring the controllability and

effectiveness of diffusion-based synthetic image generation with ControlNet. The first group of

experiments focused on assessing how different parameter settings, such as strength, guidance

scale, and inference steps, affect the fidelity, diversity, and anatomical plausibility of the generated

retinal fundus images. These experiments demonstrated that parameter tuning was not merely

optional but rather necessary, as distinct behaviours were observed across datasets. Adjustments

in configuration proved essential for mitigating artifacts and enhancing structural consistency.

The second line of investigation concentrated on the utility of synthetic data when integrated

into RETFound fine-tuning. By augmenting imbalanced datasets with carefully generated im-

ages, it was possible to assess the contribution of synthetic data to model training, particularly in

challenging scenarios with limited representation of specific diabetic retinopathy grades.
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(a) Synthetic image with IP = 0 (b) Synthetic image with IP = 0

(c) Synthetic image with IP = 0 (d) Synthetic image with IP = 1

(e) Synthetic image with IP = 1 (f) Synthetic image with IP = 1

Figure 7.3: Examples of synthetic retinal fundus images for quality-filtered augmentation.
Images generated from the Messidor dataset. These examples illustrate the differences in image
quality considered during the augmentation process, highlighting the visual criteria behind the
filtering strategy.
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The following chapter presents the results and discusses the impact of synthetic augmentation

across the three datasets.The subsequent section focus exclusively on the best results obtained for

each dataset, omitting a analysis of the complementary experiments.



Chapter 8

Results and Discussion

This chapter presents the results and discussion of the validation experiments performed with

synthetic retinal fundus images.

Given the extensive number of experiments performed, only the most representative outcomes

are reported. For each dataset (APTOS 2019, IDRiD, and Messidor-2), the baseline performance

obtained with real data is compared against the best-performing configuration achieved when aug-

menting the dataset with synthetic images.

In addition to quantitative results, selected synthetic examples are included to visually demon-

strate the quality and variability of the generated images under different configurations.

The chapter aims to provide a comprehensive evaluation of the utility of synthetic data in

improving diabetic retinopathy classification.

8.1 APTOS 2019 Dataset

For the APTOS 2019 dataset, the reported results correspond to the experimental configuration

with inference parameters seen in Table 7.2, applying full negative prompts (Chapter 7). This

setting was identified as the most effective for this dataset, from a total of 12 experiments, includ-

ing four fine-tuning configurations, with one of these further evaluated under three variations of

negative prompts. The configuration reported here was selected as the most effective among these

experiments, leading to the representative distribution observed in the UMAP feature projection

shown in Figure 8.4a.

This configuration produced the synthetic samples illustrated in Figure 8.5, and served as the

basis for the augmented dataset used in the classification experiments.

The corresponding confusion matrices and evaluation metrics are presented below.

8.1.1 Confusion Matrices Analysis

Figure 8.1 presents the confusion matrices for both experimental settings. The augmented model

(Figure 8.1b) exhibits improved recognition of minority classes, such as mild non-proliferative
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(a) Real data (b) Real data + Synthetic images

Figure 8.1: Confusion matrices for the APTOS 2019 dataset showing the best results. Class
indices are defined as follows:0 = No DR; 1 = Mild DR; 2 = Moderate DR; 3 = Severe DR; 4 =
Proliferative DR.

DR and proliferative DR. However, the confusion matrix shows misclassifications in the moderate

class.

Table 8.1 reports the quantitative results for the baseline and augmented models. The model

already achieved strong baseline performance when trained solely on real data. However, the ad-

dition of synthetic images led to consistent improvements across all metrics, with the most notable

gain observed in AUPR (+2.1%). This increase in AUPR may be attributed to the augmented

dataset providing better representation of underrepresented DR classes, helping the model to dis-

criminate positive cases more effectively and improving precision-recall performance.

Although the overall gains appear modest, they are meaningful given the high baseline per-

formance, where further enhancements are inherently more challenging. These results suggest

that the synthetic augmentation successfully contributed additional useful information, particu-

larly benefiting the recognition of minority classes and enhancing the model’s robustness to class

imbalance.

In terms of quality evaluation (Table 8.2), the synthetic images exhibit an Improved Precision

(IP) of 0.58 and Improved Recall (IR) of 0.79, indicating moderate fidelity but a high level of di-

versity. Compared to the previous study on retinal image synthesis using Stable Diffusion, which

reported IP = 0.50 and IR = 0.526 [19], it shows a small improvement in both realism and vari-

ability, demonstrating the effectiveness of controllable generation with ControlNet. The FID of

341.03 is relatively high, reflecting notable global distribution differences between real and syn-

thetic images. Nevertheless, these synthetic samples still present substantial gains in diversity and

perceptual quality (GIQA = 0.94), which are crucial for balancing underrepresented classes and

supporting downstream training of diagnostic models.
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Table 8.1: Classification performance of RETFound fine-tuning on the APTOS 2019 dataset using
real data only versus real plus synthetic data. The best results are highlighted in bold.

Training Data Accuracy F1-score AUROC AUPR
Real only 0.8418 0.6919 0.9422 0.7214
Real + Synthetic 0.8491 0.7003 0.9475 0.7435

Table 8.2: Quality evaluation of synthetic images generated for the APTOS 2019 dataset using
pyMDMA metrics.

Improved Precision (Fidelity) Improved Recall (Diversity) FID GIQA (Perceptual)
0.58 0.79 341.03 0.94

8.2 IDRiD Dataset

For the IDRiD dataset, the best-performing results were achieved with the parameter configuration

described in Table 7.5, without applying negative prompts (Chapter 7). A total of 15 experiments

were conducted for the IDRiD dataset, comprising five fine-tuning configurations, each further

evaluated with three variations of negative prompts. The parameter configuration reported here

was selected as the best-performing among these experiments, as reflected in the UMAP visual-

ization of real and synthetic feature distributions in Figure 8.4b.

This configuration generated the synthetic samples illustrated in Figure 8.6.

8.2.1 Confusion Matrices Analysis

Analysis of the confusion matrices for the IDRiD dataset (Figure 8.2) highlights the challenges

posed by its highly imbalanced class distribution, with very few samples in the mild (class 1)

and proliferative (class 4) categories. This scarcity led to poor classification performance for

these underrepresented classes in the baseline model trained solely on real images (Figure 8.2a).

Augmenting the dataset with synthetic images did not improve the classification of mild cases;

however, a modest increase in correct predictions was observed for moderate (class 2) and severe

(class 3) categories (Figure 8.2b).

The quantitative metrics in Table 8.3 indicate modest improvements in accuracy (+4.8%) and

F1-score (+2.4%) when synthetic images were included in the training set. These gains, while lim-

ited, are meaningful given the challenging characteristics of the IDRiD dataset, which has fewer

samples and a more pronounced class imbalance compared to APTOS. The slight decrease ob-

served in AUROC and AUPR may result from the relatively small number of images of minority

classes. Nevertheless, the increase in accuracy and F1-score suggests that synthetic augmentation

provided additional useful information, particularly aiding the model in recognizing underrepre-

sented DR classes. Overall, these results highlight the potential of controllable synthetic data to

improve model robustness, even in small and imbalanced datasets.
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(a) Real data (b) Real data + Synthetic images

Figure 8.2: Confusion matrices for the IDRiD dataset showing the best results. Class indices
are defined as follows:0 = No DR; 1 = Mild DR; 2 = Moderate DR; 3 = Severe DR; 4 = Proliferative
DR.

Table 8.3: Classification performance of RETFound fine-tuning on the IDRiD dataset using real
data only versus real plus synthetic data. The best results are highlighted in bold.

Training Data Accuracy F1-score AUROC AUPR
Real only 0.5096 0.4054 0.8265 0.4995
Real + Synthetic 0.5577 0.4292 0.8196 0.4936

Examination of the quality metrics in Table 8.4, indicates that the synthetic images generated

for the IDRiD dataset exhibit high fidelity, diversity, and perceptual quality. The Improved Preci-

sion (IP= 0.73) suggests that the generated images closely resemble real retinal images, while the

Improved Recall (IR= 0.79) reflects good coverage of the variability present in the real dataset.

The FID value (423.78) is higher than that reported for APTOS, which may be due to the smaller

size of the IDRiD dataset and the resulting challenges in capturing the full distribution of real

images.

Compared to previous retinal image synthesis study using Stable Diffusion, which reported IP

= 0.50 and IR = 0.526 [19], these results demonstrate substantial improvements in both realism and

variability. This highlights the effectiveness of controllable diffusion generation with ControlNet

in producing high-quality synthetic retinal images, even in datasets with limited sample sizes.

Table 8.4: Quality evaluation of synthetic images generated for the IDRiD dataset using pyMDMA
metrics.

Improved Precision (Fidelity) Improved Recall (Diversity) FID GIQA (Perceptual)
0.73 0.79 423.78 0.73
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(a) Real data (b) Real data + Synthetic images

Figure 8.3: Confusion matrices for the Messidor-2 dataset showing the best results. Class
indices are defined as follows:0 = No DR; 1 = Mild DR; 2 = Moderate DR; 3 = Severe DR; 4 =
Proliferative DR.

8.3 Messidor-2 Dataset

In the case of the Messidor-2 dataset, the outcomes presented were obtained using the inference

settings in Table 7.4, without applying negative prompts (Chapter 7). A total of 15 experiments

were performed for the Messidor-2 dataset, consisting of five fine-tuning configurations, each

further tested with three variations of negative prompts. This configuration proved to be the most

suitable for this dataset, as shown by the UMAP feature projection of real versus synthetic data in

Figure 8.4c.

This configuration generated the synthetic samples illustrated in Figure 8.7.

8.3.1 Confusion Matrices Analysis

The confusion matrices for the Messidor-2 dataset (Figure 8.3) reveal a tendency for the model

trained with both real and synthetic data to misclassify several cases as severe (class 3), indicating

confusion between adjacent classes, particularly moderate (class 2).

Classification metrics presented in Table 8.5 indicate that the real-only model slightly out-

performs the augmented model across most metrics, particularly in F1-score and AUPR. As a

result, adding synthetic images to balance classes had a limited positive effect and, in some cases,

introduced additional variability that may have slightly affected global performance metrics.

Table 8.5: Classification performance of RETFound fine-tuning on the Messidor-2 dataset using
real data only versus real plus synthetic data. The best results are highlighted in bold.

Training Data Accuracy F1-score AUROC AUPR
Real only 0.7167 0.6289 0.8885 0.6889
Real + Synthetic 0.6255 0.4648 0.8789 0.06541



8.4 Summary and Conclusions 53

Evaluation of synthetic image quality (Table 8.6) shows that the synthetic images generated

for the Messidor-2 dataset exhibit relatively low fidelity (IP= 0.58) but high perceptual quality

(GIQA= 0.91) and diversity (IR= 0.79). The lower fidelity compared to IDRiD (IP= 0.73) may be

attributed to the characteristics of the Messidor dataset, including the variability in image acquisi-

tion. The high IR value indicates that the synthetic images still capture a wide range of variability

present in the real dataset.

Compared to previous study using Stable Diffusion for retinal image synthesis (IP = 0.50,

IR = 0.526) [19], the results for Messidor-2 show improvement in both realism and variability,

demonstrating that controllable generation with ControlNet can produce perceptually convincing

images even when fidelity is limited.

Table 8.6: Quality evaluation of synthetic images generated for the Messidor-2 dataset using
pyMDMA metrics.

Improved Precision (Fidelity) Improved Recall (Diversity) FID GIQA (Perceptual)
0.58 0.79 592,81 0.91

8.4 Summary and Conclusions

This chapter presented a detailed evaluation of controllable diffusion for retinal fundus image

synthesis across three public datasets: APTOS 2019, IDRiD, and Messidor-2. Both classification

results and quality metrics were analyzed, complemented by confusion matrices to better capture

the effect of synthetic augmentation on individual DR classes.

For APTOS 2019, the confusion matrices showed that augmentation improved recognition of

minority classes, particularly mild and proliferative DR, although moderate DR remained prone

to misclassification. Quantitatively, synthetic data led to consistent gains across all metrics, with

the most notable improvement observed in AUPR, reflecting enhanced precision–recall perfor-

mance. These improvements are meaningful given the already strong baseline model. Quality

analysis revealed moderate fidelity but high diversity and perceptual quality, with better realism

and variability compared to prior Stable Diffusion work.

For IDRiD, the confusion matrices highlighted severe difficulties with underrepresented classes

such as mild and proliferative DR, which remained poorly classified even after augmentation.

However, improvements were observed in moderate and severe DR, consistent with the quanti-

tative gains in accuracy and F1-score. Quality evaluation indicated high fidelity and diversity,

suggesting that synthetic images captured both structure and pathology, despite a relatively high

FID reflecting distributional differences.

For Messidor-2, the confusion matrices showed a tendency of the augmented model to misclas-

sify moderate DR as severe, indicating difficulties in discriminating adjacent classes. Quantitative

results revealed that the real-only model slightly outperformed the augmented one. Despite this,

quality evaluation confirmed that synthetic images achieved high perceptual quality and diver-

sity, though fidelity remained low. Compared to previous generated images with Stable Diffusion,



Results and Discussion 54

(a) APTOS 2019 (b) IDRiD

(c) Messidor-2

Figure 8.4: UMAP Visualization of Real vs Synthetic Features.This figure demonstrates the
UMAP visualization of feature embeddings for real and synthetic retinal fundus images. Real
samples are represented in the color blue and synthetic samples in orange, highlighting the overlap
and alignment between datasets. This analysis supports the evaluation of fidelity and diversity in
synthetic data generation and aids in identifying discrepancies or gaps in feature representation.
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(a) Original Image (Proliferative DR) (b) Synthetic (No DR) Precision=1, Re-
call=1, and GIQA=0.9639

(c) Synthetic (Mild) Precision=1, Re-
call=0, and GIQA=0.9602

(d) Synthetic (Moderate DR) Preci-
sion=0, Recall=0, and GIQA=0.9188

(e) Synthetic (Severe DR) Precision=0,
Recall=0, and GIQA=0.9457

Figure 8.5: Illustrative example of synthetic retinal fundus generation from APTOS 2019
dataset. Real fundus image with its respective class, together with the synthetic images generated
from it. Each image is annotated with its class label and associated evaluation metrics (precision,
recall, and GIQA), enabling a direct assessment of visual quality.
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(a) Original Image (Moderate DR) (b) Synthetic (No DR) Precision=1, Re-
call=1, and GIQA=0.7639

(c) Synthetic (Mild DR) Precision=1,
Recall=1, and GIQA=0.7359

(d) Synthetic (Severe DR) Precision=1,
Recall=1, and GIQA=0.7656

(e) Synthetic (Proliferative DR) Preci-
sion=1, Recall=1, and GIQA=0.6548

Figure 8.6: Illustrative example of synthetic retinal fundus generation from IDRiD dataset.
Real fundus image with its respective class, together with the synthetic images generated from it.
Each image is annotated with its class label and associated evaluation metrics (precision, recall,
and GIQA), enabling a direct assessment of visual quality.
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(a) Original Image (No DR) (b) Synthetic (Mild) Precision=0, Re-
call=0, and GIQA=0.8753

(c) Synthetic (Moderate DR) Preci-
sion=0, Recall=0, and GIQA=0.73258

(d) Synthetic (Severe DR) Precision=0,
Recall=0, and GIQA=0.7217

(e) Synthetic (Proliferative DR) Preci-
sion=0, Recall=0, and GIQA=0.6818

Figure 8.7: Illustrative example of synthetic retinal fundus generation from Messidor-2
dataset. Real fundus image with its respective class, together with the synthetic images generated
from it. Each image is annotated with its class label and associated evaluation metrics (precision,
recall, and GIQA), enabling a direct assessment of visual quality.
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improvements were still observed in realism and variability, demonstrating that controllable gen-

eration can produce perceptually convincing images even in challenging datasets.

In summary, confusion matrix analysis revealed that synthetic augmentation is particularly ef-

fective in supporting minority classes, though challenges remain in consistently improving all DR

severity levels. Combined with quantitative and quality metrics, the results confirm that control-

lable diffusion enhances diversity and clinical plausibility of synthetic images, but its utility in

classification strongly depends on dataset characteristics and class distribution.



Chapter 9

Conclusion

This thesis investigated the synthetic generation of retinal fundus images using a controllable

diffusion model, with a particular focus on their application in diabetic retinopathy diagnosis and

classification. The work was motivated by the pressing need for large-scale, balanced, and diverse

datasets, as real-world clinical data often suffer from limitations such as class imbalance, scarcity

of annotated cases, and privacy concerns.

A key contribution of this work lies in demonstrating the value of controllability in diffusion-

based generation, achieved through the integration of ControlNet into the Stable Diffusion back-

bone. By conditioning the generative process on anatomical masks and disease-specific prompts,

ControlNet enabled the synthesis of retinal fundus images that not only preserved the global retinal

structure but also reflected targeted pathological features associated with different DR severity lev-

els. This level of control was particularly important for addressing class imbalance, as it allowed

the focused generation of underrepresented categories while maintaining clinical plausibility.

The evaluation framework combined fidelity, diversity, and utility metrics. Utility was as-

sessed through the fine-tuning of RETFound across three public datasets: APTOS 2019, IDRiD,

and Messidor-2. The results highlighted that there is no single optimal configuration for syn-

thetic augmentation. Instead, outcomes varied according to dataset characteristics, including class

distribution and image quality.

On APTOS 2019, synthetic augmentation consistently improved performance, reflecting im-

proved recognition of minority classes. For IDRiD, modest but meaningful gains in accuracy

and F1-score demonstrated the potential of synthetic augmentation to support learning in small

and highly imbalanced datasets. For Messidor-2, augmentation did not improve performance and

sometimes led to confusion between adjacent severity levels, showing that synthetic images may

also introduce variability that does not always benefit classification.

Quality evaluation confirmed that synthetic images exhibited strong diversity and perceptual

quality across all datasets. The results achieved showed clear improvements in both fidelity and

variability, underscoring the value of controllability. However, fidelity varied between datasets:

higher in IDRiD, moderate in APTOS, and lower in Messidor-2, reflecting the sensitivity of gen-

erative performance to dataset size and imaging conditions.
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Overall, this thesis provides evidence that diffusion-based synthetic generation, when coupled

with controllability mechanisms, holds substantial promise for medical imaging. However, the

effectiveness of synthetic augmentation depends on fine-grained parameter tuning, preprocessing

strategies, and an awareness of dataset-specific characteristics.

9.1 Future Work

While this thesis has demonstrated the potential of controllable diffusion models for synthetic reti-

nal fundus image generation, several directions remain open for future exploration. A key avenue

lies in extending the level of control during synthesis, particularly regarding pathological findings.

Current controllability enabled alignment with global retinal structures and disease severity levels,

but finer control over specific lesions, such as microaneurysms, hemorrhages, and exudates, would

substantially improve the clinical relevance of synthetic data.

Incorporating prior knowledge about the prevalence, spatial distribution, and co-occurrence of

lesions across different stages of diabetic retinopathy would allow the generation of more accu-

rate and representative synthetic classes. This would result in datasets that better reflect the true

structure of disease progression and improve the reliability of synthetic augmentation.

Also, fine-grained control of lesions could enable the targeted synthesis of clinical cases that

are underrepresented or even absent in available datasets. For instance, if severe cases with abun-

dant hard exudates are often missing in public collections, limiting the capacity of diagnostic

models to learn from such scenarios. The ability to enforce these specific lesion patterns dur-

ing image generation would fill these gaps, creating richer datasets and supporting the training of

models robust to rare but clinically significant conditions.
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