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Abstract. Biomedical image segmentation requires pixel-wise labelling
which is extremely time-consuming and the availability of additional
training data is highly beneficial for training Deep Learning models. In
addition to using Classical Image augmentation, generative adversarial
networks have been used to augment the training data. This work is
an investigation of the usefulness of generated medical images for Deep
Learning segmentation models. An attempt has been made to create
a computer-generated retinal image segmentation dataset using vari-
ous state-of-the-art image generative deep learning models and use that
dataset to train a supervised image segmentation model. Our experi-
ments demonstrate that the generated data can be used successfully for
medical segmentation tasks and improves the model’s performance over
using classical augmentations.

Keywords: Retinal Image Segmentation, Image Generation, Image Aug-
mentation, Image Translation.

1 Introduction

Biomedical imaging is essential for practitioners in the field of medical study.
However, clinically verified labelling of biomedical image data is extremely time-
consuming with many legal barriers for their use. The scarcity of high-quality
data causes overfitting and poor generalizability in many learning models. Data
augmentation has been used to generate additional data points that can alleviate
these problems to a certain degree. Classically, only simple affine and non-affine
image transformations have been used in this data augmentation process. Re-
cently, Generative Adversarial Networks (GANs) have emerged as a promising
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solution for generating additional medical images, where data scarcity and im-
balanced data categories are common challenges. Wasserstein GANs (WGAN)
[1] are proposed to produce synthetic multi-sequence brain magnetic resonance
images (MRI) to improve the accuracy and consistency of medical diagnoses.
For high-resolution images, progressively grown GANs [2, 3] are utilized to gen-
erate synthetic medical image data for retinal fundus photographs and multi-
modal MRI of glioma. Conditional GANs [4] are exploited for denoising, super-
resolution, modality conversion, and reconstruction in MRI and for computing
tomography images. CycleGan and Pix2pix [5] are utilized in detecting ischemic
strokes. In MRI imaging, Swin-transformer-based GANs [6] for multi-modal med-
ical image translation are used to perform the missing and corrupted modalities
from the available existing ones using image-to-image translation architectures.

The objective of this investigation is to demonstrate the effectiveness of the
generated retinal fundus images in training a segmentation model. Initially, we
have incorporated the Perceptual path length (PPL) regularization [22] to get
smooth and continuous changes in the latent space while generating images.
Subsequently, an image-to-image GAN [7,8] is applied to generate the corre-
sponding vessel masks. A fully convolutional neural network based image seg-
mentation model is developed to examine the usefulness of our generated data.
In this model, a custom loss function [9, 10] is considered instead of the popularly
used binary cross entropy. The proposed image generation framework diverges
from traditional image augmentation methods and focuses on the benefits of
using images generated using generative adversarial networks for deep learning-
based model training. Through experiments, the results show that training with
generated data leads to notable improvements compared to conventional aug-
mentation methods.

Section 2 describes our proposed image generation model and the correspond-
ing image segmentation model. The experimental results with the generated
retina image dataset are presented in Section 3. Section 4 finds the conclusions
and future scope of this investigation.

2 Proposed GAN based Image Generation Model

In this work, we are concerned with generating retinal image data and verifying
its effectiveness. Here, three different tasks are performed: firstly, the retinal im-
ages are generated using a GAN; then the respective masks (pixel-wise labels)
are generated corresponding to each generated fundus image using a conditional
GAN; and finally, the utility of using generated datasets in retinal vascula-
ture segmentation is verified using a CNN model. Moreover, some additional
experiments are performed using a mixture of real, generated and classically-
augmented datasets to verify the usefulness of using additional generative data
in such tasks. The generated dataset aims to capture and mimic the distribution
of disease markers present in the input dataset used for training. The focus is on
replicating the overall distribution of the entire dataset, rather than generating
images based on specific visual characteristics or disease markers. This approach
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ensures that the generated data aligns with the distribution of disease markers
in the original dataset.

2.1 Retinal Image Generation

The image generation model described in [11] is utilized here for retinal image
generation. The weight modulation and demodulation in the generator structure
helped eliminate any artefacts by normalizing them with estimated statistics. A
hierarchical generator with skip connections, similar to MSG-GANs, has been
exploited to reduce the phase artefacts. Additionally, Adaptive Discriminator
Augmentation (ADA) regularization has been used to improve the training sta-
bility and sample quality by dynamically adjusting the complexity of the dis-
criminator during training. Path length regularization [11] was employed in the
generator loss to encourage smooth and continuous changes in the latent space,
increasing the training stability of the generator. The real and generated images
are processed using a residual connection network as a discriminator. An R1 reg-
ularization penalty was used in the nonsaturating discriminator loss to stabilize
the training of the discriminator, thereby improving the quality of the generated
images.

2.2 Vasculature Retinal Masks Generation

The GAN framework introduced in [7] by Phillip Isola et al. is exploited for an
image-to-mask translation system. This model includes a Conditional GAN (8]
that creates images based on an input retinal image, in this instance the retinal
image, and the output is a vascular structure segmentation mask. The gener-
ating network is a U-style autoencoder connected by skip connections, similar
to the architecture provided in [7]. The encoder extracts the features of the in-
put retinal image into a latent feature vector and the decoder uses the latent
feature vector to generate the translated image. Finally, the output from the
decoder network is passed through a Tanh activation function. A PatchGAN
discriminator [7] is being used to downsample the input using convolutions and
strided-convolutions to produce a single-channel prediction map. 70x70 image
patches are used as the discriminator input. The model uses the Leaky ReLU as
the activation function, batch normalization for regularization and the Wasser-
stien loss function to maintain the Lipchitz continuity of the critic function.

2.3 Image Segmentation Model

To compare the performance of the generated retinal image segmentation dataset
with that of a real retinal dataset. Here a lightweight self-attention-based medical
image segmentation model showing state-of-the-art performance retinal vascu-
lature segmentation available in [23] is chosen. As shown in Figure 1, the model
uses a simple U-style autoencoder CNN and incorporates the concept of a convo-
lutional self-attention mechanism [24] as the bottleneck. In the proposed model,
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Fig. 1. Architecture of the segmentation model used

a down-sampling block to the decoder part of the autoencoder is added resulting
a feature vector width of 256 channels. The final segmentation model used in
this work is fully convolutional and has approximately 7 million learnable pa-
rameters. The model is then trained on two different datasets. The first was the
clinician-labelled data of 4000 training image-mask pairs, the other was a gener-
ated dataset of the same size. Additional image-mask pairs are generated for use
as the validation dataset. The performance of both models is tested using real
data. To deal with the high levels of the background to vessel pixels imbalance,
a custom loss function [9, 10] based on a combination of dice and focal loss is
incorporated. The aim of the proposed work is to evaluate the effectiveness of
generated retinal image rather than proposing a novel architecture or method
for retinal image generation. The methodology involves leveraging pre-existing
image generation models and adapting them through parameter adjustments
and modifications to suit retinal image generation. The fine-tuned models are
subsequently trained on a carefully curated dataset.

3 Results

To generate data in training the segmentation model, two datasets were created
to train two separate deep-learning models viz., the retinal image generation and
the retinal mask generation models. The first dataset for retinal image genera-
tion was compiled from six publicly available benchmark datasets - DRIVE [12],
CHASE_DBI1 [13], RIDB [14], DIARETDBI1 V2.1 [15], HRF [16], and IDRiD [17],
totalling 5000 retinal images. The second dataset for retinal vessel mask genera-
tion was created by collecting image and mask pairs from DRIVE, CHASE_DB1,
ARIA [18], FIVES [19] and STARE [20], totalling 1500 image pairs. The images
were resized to a resolution of 512 X 512 while maintaining their aspect ratio.
Centre cropping was also performed on all images.
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Fig. 2. FID and PPL Metric

3.1 Retinal Image Generation

The proposed image generation system has achieved satisfactory results in gener-
ating high-quality retinal fundus images with a fully generated vasculature struc-
ture. The Frechet Inception Distance (FID) [21] and Perceptual Path Length
Metric [22] are used to evaluate the image generation model. After 50 epochs
the model resulted in an FID score of 9.55 and a Perceptual Path Length value of
143.54. As illustrated by Figure 2, the performance of the model has increased
steadily with the increase in the number of epochs trained. Figure 3 presents
some examples of the retinal images generated from the model, centred on the
macula with proper focus. A good visualization of the parafoveal vessels was
achieved over the two disk diameters around the fovea. To further demonstrate
the model’s superiority, it is compared to another image generation model dis-
cussed in [22] that was unable to generate connected vasculature and contained
noisy artefacts; its FID score was only 25.46, indicating significantly inferior per-
formance than the proposed approach. The average computation time required
to generate the retinal images was 0.2446 seconds per image an Nvidia P100
Graphics Processor.

Fig. 3. Samples of the Retinal Fundus images Generated
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3.2 Retinal Mask Generation

The proposed image-to-Mask generation model has also shown good results in
generating retinal vasculature masks for both generative and real retinal images.
Accuracy, F1-Score, Specificity, and Sensitivity metrics are used to evaluate its
performance. The proposed model achieves an Accuracy of 94.456%, an F1-
Score of 0.8232, a Specificity value of 0.954, and a Sensitivity value of 0.875.
Comparisons with some state-of-the-art supervised binary segmentation models
such as [23,25] indicates that the model has achieved comparable performance
to even the above-referenced supervised deep convolutional segmentation model.
Figure 4 depicts some of the retinal masks generated, most of which show all of
the major retinal vessels with only some of the finest vessels being either missing
or deviating from the ground truth. The average computation time required
to generate the vessel masks was 0.455 seconds per image on an Nvidia P100
Graphics Processor.

Real Retinal Image Clinician Ground Truth Generated Mask Generated Retinal Image Generated Retinal Mask

Fig. 4. A sample of the masks generated from the model

3.3 Real-data versus Generated-data

To demonstrate the benefits of generated (fake) data, the segmentation model
is trained on four different datasets. The first contains real images and clinically
verified vessel segmentation masks, the next has generated images and vessel
masks, and the third has only the real images but was augmented with some
affine and non-affine transformation techniques. Finally, a segmentation dataset
containing both real images and generated images together is chosen; this dataset
is used to compare the utility of using classical image augmentation techniques
with the GANs-based image generation process mentioned in earlier an section.

Table 1 shows the performance of all the different models on a fixed testing
dataset comprising real test images and clinically verified segmentation masks.
Figure 5 depicts samples of generated masks in comparison to the ground truth
masks. Metrics such as Accuracy, DICE Score, Precision, Recall, Specificity,
and Sensitivity are used for assessing the performance between real data and
generated data for training image segmentation models. It has been found that
the generated data leads to better results than merely using the real data- this
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Generated Masks True Masks

Fig. 5. Generated and True Masks

Table 1. Performance metrics of segmentation model based on different data-sets

Dataset Accuracy|IOU |DICE (F1 Precision |Recall|Specificity MCC
Real Data 0.978 0.728 0.842 |0.842 |0.864 0.822 |0.990 0.832
Generated Data 0.981 0.762 |0.864 |0.864 [0.895 0.836 0.992 0.855
Real + Gen 0.992 0.871 |0.931|0.932(0.925 0.937(0.993 0.905
Real + Augmented|0.983 0.892|0.887 |0.888 |0.905 0.894 |0.994 0.903

is primarily due to a low number of real training image-mask pairs. The model
trained with generated data yield a high IoU score of 0.871, a Precision value
of 0.925, and a recall value of 0.937. These metrics indicate that generated data
can be used to train medical image segmentation models for real-life applications
without any serious complications. The use of combined datasets of the real and
generated datasets together is found to perform better than when either real and
augmented data together or only generated data is used. This may suggest that
using medical images created through GANs leads to better training outcomes
than only applying affine and non-affine transformations on real datasets.

4 Conclusions

This paper presents a high-resolution retinal fundus image generation pipeline
that generates retinal images and vasculature masks. The pipeline was rigorously
tested on the medical image generation task and was able to reproduce high-
quality medical images that can enhance the training of deep-learning models
in medical imaging. The use of additional generated training samples was able
to significantly improve the performance of the segmentation model. It is also
shown that augmenting medical datasets with generative data results in better
performance than using simple transformations for data augmentation. In future
work, the generative model architecture used to create a medical-specific image
generator will be modified, compare and contrast the use of various types of
regularization techniques in the loss function and explore the use of diffusion
models for medical image generation.
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