Generating Synthetic Fundus Images and Masks of Pathological Myopia
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Pathological Myopia (PM) is a severe eye condition and is a leading cause
of blindness globally. The increasing rates of myopia highlight the need for
early detection and intervention for PM, though this remains challenging
due to the lack of large, well-annotated datasets for training Al models. This
study investigates the potential of using generative models, such as Deep
Convolutional Generative Adversarial Networks (DCGAN) and Denoising
Diffusion Probabilistic Models (DDPM), to create synthetic Fundus images
and corresponding segmentation masks. These models were trained on the
PALM and ADAM datasets, with specific enhancements aimed at improving
image quality and training stability. The DCGAN successfully generated
Fundus images along with masks for the optic disc and atrophy, while
the DDPM encountered resource limitations, which hindered its ability
to produce realistic and high-resolution images. Our results indicate that
synthetic image generation could be valuable for augmenting datasets for
PM and enhancing Al model training, though further work is necessary to
optimize these models for real-world clinical use.
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1 INTRODUCTION

Pathological Myopia (PM), a severe complication of progressive
myopia, is a critical issue in ophthalmology and a leading cause
of blindness globally, ranking as the seventh most common cause
[Hemelings et al. 2021]. The prevalence of myopia is rapidly increas-
ing, with projections suggesting it will affect half of the world’s
population by 2050 [Oliveira et al. 2024]. Early detection and inter-
vention in PM are essential to mitigate its progression and prevent
blindness.

The field of computer vision has witnessed rapid advancements
in automating medical diagnoses, particularly with deep-learning
models. However, a persistent challenge is the need for large, bal-
anced, annotated datasets essential for training robust models. In
the case of PM, this limitation hinders the reliability and clinical
applicability of Al tools as there are not that many large datasets
available. Augmenting datasets with synthetic images generated
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Fig. 1. Overview of our Methodology

using advanced techniques, such as generative adversarial networks
(GANs) and diffusion models, presents a promising solution to this
problem.

Several approaches have already been proposed and performed to
tackel the challenge of limited medical datasets, particularly in oph-
thalmology. Ahn et al. introduced FundusGAN, which generates syn-
thetic fundus images and segmentation masks for diabetic retinopa-
thy and macular degeneration [Ahn et al. 2023]. Similarly, models
like StyleGAN2-ADA and R-sGAN have been effective in creating
diverse, clinically relevant datasets for retinal diseases [Oliveira
et al. 2024; Zhao et al. 2018]. However, while such models have been
applied to diseases like AMD and diabetic retinopathy, applying
these techniques to PM remains underexplored.

On the other hand, diffusion models have emerged as strong
competitors to GANSs in recent years, particularly in the realm of
generating synthetic eye fundus images. Kim et al. explored the use
of a denoising diffusion probabilistic model (DDPM) for generating
fundus photographs using a small training dataset [Kim et al. 2024].
Additionally, Alimanov and Islam utilized a DDPM to generate both
fundus images and vessel tree masks, addressing challenges related
to manual annotation and data scarcity [Alimanov and Islam 2023].
Both studies have successfully produced high-quality fundus images
across varying dataset sizes but have not explored the generation
of masks.

Therefore, the goal of our project is to research into the feasibility
of a novel approach to generating optic and atrophy masks tailored
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for PM. Our objective is to create a pipeline for the generation of
high-quality realistic fundus images and corresponding segmenta-
tion masks that align with the characteristics of PM. The second
is to have an improved dataset diversity, which can contribute to
more balanced and comprehensive training datasets for automated
PM detection tools.

2 DATASET

The dataset utilized in this project consists of two primary sources:
the PALM dataset and the ADAM dataset, both obtained from the
Zhongshan Ophthalmic Center at Sun Yat-sen University, China.
These datasets are recognized for their extensive and high-quality
ophthalmic data. There is some bias present in both datasets as
they both come from Chinese patients which may not represent the
greater world population. [Fang et al. 2022, 2024].

2.1 PALM and ADAM Dataset

The PALM dataset was released as part of the PAthological Myopia
challenge which was held in conjunction with the International
Symposium on Biomedical Imaging (ISBI) in 2019 [Fang et al. 2024].
The dataset contains 1200 fundus images, equally divided 1:1:1 sub-
sets (training, validating, and testing) where each section had 400
images. This dataset primarily focuses on non-AMD (Age-Related
Macular Degeneration) samples, as the disease of interest in this
study is Pathological Myopia (PM) [Fang et al. 2024]. Other retinal
diseases such as retinopathy, myopia, and glaucoma are also repre-
sented in these samples [Fang et al. 2024]. Delineations of the optic
disc and fundus lesions and annotation of the fovea localization
were done manually by seven ophthalmologists with an average of
8 years of experience and one senior ophthalmologist with more
than 10 years of experience [Fang et al. 2024].

The ADAM dataset was introduced as part of the Automatic
Detection Challenge on Age-Related Macular Degeneration (AMD),
held as a satellite event during the ISBI 2020 conference [Fang et al.
2022]. The dataset comprises 1200 fundus images, equally divided
into training, validation, and testing subsets. Manual pixel-wise
annotations of the optic disc and five lesions (drusen, exudate, hem-
orrhage, scar, and other lesions) were provided by 7 ophthalmol-
ogists [Fang et al. 2022]. The coordinates of the fovea were also
obtained by the 7 ophthalmologists and the final coordinate was
determined by averaging the 7 annotations, and a senior ophthal-
mologist performed a quality check afterward [Fang et al. 2022].
Any errors observed in the final coordinates were modified using a
method similar to the error processing method in the segmentation
annotating process [Fang et al. 2022]. For the ADAM dataset, we
only utilize the non-AMD samples in the dataset as our disease of
interest is PM.

2.2 Dataset Preprocessing and Augmentation Techniques

To enhance the datasets’ robustness and ensure optimal model train-
ing, comprehensive preprocessing and augmentation strategies were
employed:

We curated a custom PyTorch dataset for both the PALM and
ADAM datasets. Images without corresponding segmentation masks
were excluded. The curated dataset is structured to return the image,
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Fig. 2. Visualisations of Fundus images of patients with and without Patho-
logical Myopia. Masks of the optic disc and atrophy present in disease
patients are displayed (Only diseased patients have atrophy masks as it
signifies the presence of disease).

its associated mask, and its label. Both datasets were combined into
a single dataset to streamline the training process. All images were
resized to a standardized resolution compatible with the input size
of the model. Pixel intensity values were normalized to enhance con-
trast and ensure consistent data input for the model. An additional
channel was appended to each image to enable the simultaneous
generation of segmentation masks alongside the fundus images.

3 MODEL ARCHITECTURE

As seen across literature, when exploring deep learning models for
eye fundus image synthesis both GAN and diffusion methods are
explored [Alimanov and Islam 2023; Kim et al. 2024]. Hence, we will
be employing both GAN and diffusion-based models for our task.

3.1 Deep Convolutional Generative Adversarial Network
(DCGAN)

DCGAN is a specialized form of GAN that employs convolutional
layers in its generator and discriminator networks to synthesize
high-quality images. Key features of DCGAN include:

(1) Fully convolutional generator with upsampling layers instead
of dense layers.

(2) Fully convolutional discriminator with strided convolutions
for downsampling.

(3) Batch normalization is used to stabilize training and improve
convergence.

(4) ReLU activation in the generator and LeakyReLU in the dis-
criminator for better gradient flow.

3.2 Denoising Diffusion Probablisitc Models (DDPM)

DDPM is a class of generative models that iteratively transform
random noise into structured images through a diffusion process.
Key features of DDPM include:
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Fig. 3. Illustration of a Sample DCGAN Architecture [Suh et al. 2019]
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Fig. 4. lllustration of a Sample DDPM Architecture [Li et al. 2023]

(1) A forward process that gradually adds Gaussian noise to an

image in T steps.

(2) Predicts and removes the noise step-by-step using a learning

neural network (e.g. U-Net).

(3) Conditional generation capabilities using class labels.

(4) Improved stability and image quality with the incorporation
of techniques like exponential moving average (EMA) for
weights and self-attention mechanisms.

Generating Synthetic Fundus Images and Masks of Pathological Myopia
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Metric
Batch Size 32
Image size 360 by 360
Number of Channels 4 (3 RGB, 1 Mask)
Latent Dimension(nz) 100
Generator Features 32
Discriminator Features 64
Number of Epochs 100 and 130(with atrophy)
Learning Rate (Ir) 0.0002
Optimizer Adam
Betal(Adam 0.5
Fixed Noise Vector 64 Samples

4 TRAINING
4.1 DCGAN

The DCGAN was modified from [Jain 2024] which was also used to
generate synthetic fundus images of eyes. The training for DCGAN
utilized PyTorch on Google Colab with T4 GPU specifications. The
training process involved alternating updates between the Gener-
ator and the Discriminator in a two-player adversarial game. The
Discriminator was trained to distinguish between the real and gen-
erated data whereas the Generator was trained to generate data that
the Discriminator classifies as real. Each epoch consisted of multi-
ple batches where gradients for the Discriminator and Generator
were backpropagated and updated using their respective optimizers.
Figure 1 outlines the hyperparameters used during the training.

The optimization of both networks was performed using the
Adam optimizer with a learning rate of 0.0002 and a momentum term
(Betal) of 0.5 The Binary Cross-Entropy Loss (BCE Loss) function
was employed to compute the loss for both real and fake data during
Discriminator and Generator updates.

To ensure the stability of the training process and mitigate overfit-
ting, a few techniques were employed. All weights in the networks
were initialized using the Xavier initialization technique to ensure
proper signal propagation. Batch Normalization was applied after
each convolution layer to stabilize learning and normalize activa-
tions.

We conducted two different model runs. The first utilized a DC-
GAN to generate both eye fundus images and their corresponding
optic disc masks. The second approach focused on generating eye
fundus images using the optic disc and atrophy masks.

For training, we used concatenated images, where the masks and
images were combined as described in the dataset section. Addi-
tionally, we modified the models to accommodate input and output
channels, allowing them to process 4-channel or 5-channel images
instead of the standard 3-channel format. Consequently, the output
generated by these models was also in a 4-channel or 5-channel
format.

The progress of the training process was evaluated using the
Generator and Discriminator loss values. Discriminator Loss (D)
measures the ability to classify real and fake images. Generator
Loss (G) measures the ability to generate realistic images that fool
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Table 2. DDPM Model Hyperparameters

Metric
Image Size 64 by 64
Batch Size 8
Noise Steps (T) 300
Beta Start 0.0001
Beta End 0.02
EMA Decay Rate 0.995
Learning Rate 3e-4

the Discriminator. At regular intervals, the losses were printed for
monitoring, and images were generated using a fixed noise vector
to assess the Generator’s progress.

42 DDPM

The implementation of our DDPM was modified from [Ahmadi 2023;
Rampas 2024] although based on the original DDPM implementa-
tion [Ho et al. 2020]. Training of the DDPM model was conducted
on Google Colab. The model was trained over more than 100 epochs
using the combined dataset preprocessed and augmented as de-
scribed earlier. The training loop iteratively optimizes the model
using mini-batches of data to reduce the mean squared error (MSE)
loss. The Exponential Moving Average (EMA) technique was em-
ployed to stabilize the model’s performance over training steps. 2.1
Optimization Algorithm and Hyperparameters The optimizer used
was AdamW (Adam with Weight Decay) which provides robust per-
formance by incorporating weight decay directly into the parameter
updates to regularize the mode. A constant learning rate of 3e-4 was
used throughout the training process to maintain stability. The loss
function, Mean Squared Error (MSE) measured the discrepancy be-
tween the predicted noise and actual noise added to images during
the forward diffusion. Table 2 displays the hyperparameters.

At each iteration of the training procedure, a random timestamp t
was sampled. The input image was corrupted using the forward dif-
fusion process and the model predicted the added noise at timestep
t. The MSE loss was calculated between the predicted and actual
noise. Model weights were updated using the AdamW optimizer
and the EMA weights were updated.

5 EVALUATION

With the implemented DCGAN, we were able to generate both
fundus images and their corresponding masks. Specifically, we gen-
erated images with a resolution of 360 x 360 pixels, including optic
disc masks and combined optic disc and atrophy masks. The results
were evaluated after 130 epochs for optic disc masks and images,
and 100 epochs for images, atrophy, and optic disc masks. To quanti-
tatively assess the performance, we employed the Fréchet Inception
Distance (FID) metric to distinguish the generated images by their
respective masks. The results, summarized in Table 3, revealed that
the FID for the model generating both atrophy and optic masks was
lower than that of the model. FID score for the model generating
both atrophy and optic disc masks was lower than the model gen-
erating only optic disc masks, this indicated better performance.
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Qualitatively, we visually evaluated the generated images (not the
masks) and noted that the model producing both atrophy and optic
masks yielded more accurate results. However, the model gener-
ating only the optic masks demonstrated superior performance in
generating the optic masks.

Generated Optic Mask Generated Atrophy Mask

¢ B
°
o

Fig. 5. Sample images generated by DCGAN; Images with Optic Disc and
Atrophy Mask

Generated Image Generated Mask

Fig. 6. Sample images generated by DCGAN; Images with Optic Disc Mask

Our DDPM model successfully generated fundus images and
their corresponding masks at a resolution of 64 x 64 pixels. The
low-resolution issue arose because the compute server we were
using on Google Colab did not have enough RAM to perform the
calculations required for the DDPM (Denoising Diffusion Proba-
bilistic Model) when the image size exceeded a certain threshold.
We tried methods such as reducing the batch size to mitigate this
problem, but the RAM still proved insufficient to train the DDPM on



Table 3. Results of FID Score for DCGAN

Images Generated Number of Epochs  FID Score

Image and Optic Disc Mask 100 156.24
Image, Optic Disc Mask, and
Atrophy mask 130 167.67

images larger than a resolution of 64 x 64 pixels. This was achieved
using a training set of approximately 1,071 samples derived from
the ADAM and PALM datasets. Figure 7 showcases sample images
created using the DDPM. We chose not to use FID as our evaluation
metric for this model, as it was observed to perform poorly under
the given conditions. Limitations in our results stem from insuffi-
cient computational resources, which restricted the generation of
higher-resolution images and prolonged training durations.

Images Masks

Fig. 7. Sample Images and Optic Disk Mask Generated from the DDPM

6 DISCUSSION

Our work demonstrates the feasibility of simultaneously generating
masks and eye fundus images using deep learning methods for syn-
thetic image generation. Specifically, we achieved this by training a
model on 4- or 5-channel images, allowing it to learn from both the
image and mask data simultaneously. While several studies have
explored the use of generative Al technologies to produce high-
quality eye fundus images, there remains a notable gap in models
tackling the challenge of annotation limitations. Thus, our approach
might serve as a launchpad for further research in this area. We
explored the use of DCGAN and DDPM models for generating syn-
thetic eye fundus images and their masks, particularly targeting
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the rare disease of pathological myopia (PM). Previous studies have
successfully used generative models to produce medical images and
masks, demonstrating close similarity to real images and enabling
data augmentation in clinical imaging [Kim et al. 2024]. Our focus
on PM is particularly pertinent, as it is a growing eye disease that
has been underrepresented in studies compared to other conditions
like glaucoma or age-related macular degeneration.

Using a DCGAN, we generated 1,455 synthetic images with op-
tic disc masks and 818 synthetic images with both optic disc and
atrophy masks. This was achieved without requiring manual or au-
tomatic segmentation, as the model generated masks concurrently
with the images. To the best of our knowledge, this methodology
is novel in its application to PM, a blindness-causing disease. This
methodology can be applied to other computer vision medical ap-
plications. Despite demonstrating feasibility, our results are not yet
optimal. The generated images still differ significantly from real
images, as evidenced by relatively high FID scores. We attribute
this to training limitations, including insufficient computational
resources and training duration. We believe that extending the train-
ing duration could enhance the quality, as we consistently observed
improvements in the model as training progressed.

Further research should aim to replicate our methods with ex-
tended training hours. Additionally, we recommend investigating
post-processing techniques like style transfer, which can enhance
the photorealism and coherence of the generated images, as sug-
gested by prior studies [Saragih et al. 2024]. This step has the po-
tential to significantly improve the realism and medical relevance
of synthetic images, making them suitable for training segmenta-
tion models [Saragih et al. 2024]. To further explore state-of-the-art
generative methods, we implemented a DDPM model. However, its
performance was poor, primarily due to low-resolution input neces-
sitated by RAM constraints and limited computational resources.
Increasing the image resolution to 256 x 256 pixels and expanding
the training dataset size could significantly enhance the performance
of diffusion models. We recommend that future research address
these limitations by utilizing hardware with higher RAM and GPU
capabilities to enable more effective training and higher-quality
results.

7 CONCLUSION

This project successfully explored the use of deep learning models,
including DCGAN and DDPM, to generate synthetic fundus images
and corresponding segmentation masks for Pathological Myopia
(PM). The DCGAN model demonstrated strong performance in
generating high-quality images and masks, with lower FID scores
for generating both optic and atrophy masks compared to only
optic disk masks. The DDPM model, while successful in generating
fundus images, was limited by computational constraints, producing
images at a lower resolution (64 x 64 pixels). In addition, the DCGAN
model was able to generate images that looked more closely alike
to the real images as compared to the DDPM model. The evaluation
revealed that combining both optic disc and atrophy masks resulted
in better-quality images.

This research contributes to advancing synthetic data genera-
tion in ophthalmology, particularly for PM, where large annotated

ACM Trans. Graph., Vol. 37, No. 4, Article 111. Publication date: August 2018.



111:6 « Trovato and Tobin, et al.

datasets are scarce. The ability to generate both images and seg-
mentation masks opens avenues for increasing the accuracy of
technology that automates the detection and analysis of PM. Fu-
ture work will focus on improving computational efficiency and
also gaining more computational resources so that the model can
perform on higher image resolutions. Exploring hybrid models com-
bining GANSs and diffusion techniques may further improve image
quality and mask accuracy.
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