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Deep learning algorithms effectively work with, a significant amount of
data. trained on small datasets tend to have poor generalization. Data
augmentation techniques can be used to make better use of existing training
data, improving the applicability of deep learning methods. However,
traditional data augmentation methods often produce limited additional
credible data. The deep learning approach’s performance can be enhanced by
generating new data by employing generative adversarial networks (GANS).
Although GANs have been extensively used to improve the performance of
convolutional neural networks (CNNs), there has been relatively less
research on data augmentation methods specifically for GAN training. This
study focuses on using a Wasserstein GAN (WGAN) architecture for
generating synthetic optical coherence tomography angiography (OCTA)
images of diabetic retinopathy to aid in the detection of different types of
diabetic retinopathy diseases, including proliferative diabetic retinopathy
(PDR), Severe non-PDR (NPDR), Moderate NPDR, and Mild NPDR.
WGAN, provides the generator with a more informative learning signal,
making training more stable, particularly in high-dimensional spaces. The
trained WGAN model is saved in .h5 file format (HDF), converted to
portable network graphics (PNG) image format, and then classified into
different categories of diabetic retinopathy using a ResNet50 model with
various fine-tuning methods. The proposed model has demonstrated better
results than the previous study. 99.95% accuracy is exhibited.
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1. INTRODUCTION

Deep learning (DL) has demonstrated promising performance with sufficient training data, but
limited-sized datasets continue to cause overfitting, especially in medical imaging. Augmenting data
efficiency can improve DL techniques, but this may introduce noise and affect data quality. This study
focuses on analyzing and categorizing diabetic retinopathy. The International Diabetes Federation reported
537 million adult diabetics in 2021, projected to rise to 643 million by 2030 and 783 million by 2045.
Diabetic retinopathy poses a significant risk of vision loss and life-altering complications, including kidney
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and cardiovascular diseases [1]. There are primarily two types of diabetic retinopathy: non-proliferative
diabetic retinopathy (NPDR), also known as non-proliferative diabetic retinopathy, which is a relatively
milder and symptomless type, and proliferative diabetic retinopathy (PDR), the stage of DR that develops the
quickest and shows novel and unusual development of retinal blood vessels. Before advancing to PDR,
NPDR passes through mild NPDR, moderate NPDR, and severe NPDR.

This work aims to categorize DR optical coherence tomography angiography (OCTA) images into
the above-mentioned types using OCTA images with deep learning methods for classification. However, the
unlabeled DR-OCTA images obtained from the IEEE data portal were insufficient in number for effective
DL model training. To address this, Wasserstein generative adversarial network (WGAN) was used to
enhance the dataset.

WGAN was chosen over the regular augmentation technique of rotating, and flipping, for its ability
to train the critic to optimality, eliminating the need for proper balancing of the generator and discriminator's
capacities [2]. After training, the model-generated .h5 files were stored in a hierarchical data format (HDF)
due to the large volume of data. The trained layers and weights were then loaded into the PNG image
generator model to produce augmented PNG images as .png images suit best to deep learning models. These
images are employed in the ResNet50, a deep learning technique, for the analysis and classification of DR
into different groups. The accuracy and loss values achieved from the ResNet50 model were not the best, so
the classification model was fine-tuned by varying various hyperparameters, including freezing and
unfreezing of layers, removal of classification head, addition of new classification layers, number of epochs,
batch size, learning rate, drop-out layer, and weight-decay. The research utilizes the ResNet50 model to
predict various categories of DR for each random unlabeled OCTA image. The framework mentioned above
of this research work was decided after a review of various previously done works.

The previous research provides concise summaries of tasks related to improving OCTA images.
Yuan et al. [3] have created a super-resolution angiogram reconstruction generative adversarial network
(SAR-GAN), which is a deep learning technique that enhances the quality of en-face OCTA images. This
study used 50 OCTAs from healthy volunteers. Lyu et al. [4] proposed automated augmentation for domain
generalization (AADG), which utilizes a data manipulation approach to generalize the domain and address
the issue of domain gap between training and test datasets. They used OCTA-500 and ROSE (OCTA) for this
purpose. Chinkamol et al. [5] have proposed OCTAve, a new scribble-based weakly supervised framework.
It combines self-supervised deep supervision with adversarial deep supervision using the public datasets
OCTA-500 and ROSE. The framework outperforms other scribble-based weakly supervised methods and
even the state-of-the-art fully supervised method for the 2D en-face OCTA vessel segmentation task. Hua
et al. [6] proposed a network called TFA-Net for grading the severity of diabetic retinopathy (DR). This
network uses a small number of fundus and widefield SS-OCTA images. It works in two steps: first, it
coordinates features from different image types using shared convolution kernels, and second, it utilizes the
RCA stream. In their work, Zhou et al. [7] propose a new network structure called three-dimensional
convolution attention module-ResNet (TCAM-ResNet). The author uses three-dimensional OCT images to
classify them into two retinal diseases: AMD and DR. The process involved using around 200 images for the
classification. Alavee et al. [8] propose a 5-layer convolutional neural network (CNN) with channel size
gradually increasing from 8 to 128, on a total of 3,662 fundus images of all five DR categories and have
achieved an accuracy of 95.27%. Jabbar et al. [9] propose GoogleNet+ResNet in the research work and
perform this technique on 35,126 Fundus images that are further augmented to increase 3.6 times, from
Kaggle to achieve 94% accuracy. Zekai et al. [10] implemented a multi-branching temporal convolutional
network with tensor data completion (MB-TCN-TC) to categorize DR into five levels of the disease on
around 63 million patient data and achieved 0.949 AUROC as the data used was unbalanced. Jagadesh et al.
[11] adopt an improved contoured convolutional transformer (IC2T) to segment the fundus image. A
detection module for optical disc (OD) and blood vessels (BV) and a dual convolutional transformer block
that combines local and global contexts to make reliable associations are developed. Furthermore, a second-
stage improved coordination attention mechanism (ICAM) network identifies retinal biomarkers for DR such
as microaneurysms, hemorrhages, and exudates. With an average accuracy of 96%, 97%, and 98% on
EyePACS-1, Messidor-2, and DIARETDBO datasets, respectively. Li et al. [12] propose a U-Net-based
segmentation model to label the boundaries of large retinal vessels and the foveal avascular zone in OCTA
images. The experiments were conducted on 301 OCTA images. An accuracy of 93.1% detected the DR and
non-DR images. Le et al. [13] implemented VGG16 to classify 180 OCTA images into DR and NoDR and
achieved an accuracy of 87.27%. Ryu et al. [14] have implemented a CNN model for the detection of
different categories of DR using 301 OCTA different-size images and achieved 90.8% accuracy for 3x3
mm? and 93.3% accuracy for 6x6 mm?2 OCTA images. Zang et al. [15] in this research work the author has
proposed a CNN-based densely and continuously connected neural network with adaptive rate dropout
(DcardNet) designed for the DR classification on 303 OCTA images and achieved an accuracy of 94.3%.
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A lot of research has been carried out on DR detection using funded images but it was noted from all
the referrals that there was very little work done in recent years, on OCTA images due to their scarcity.
Ophthalmologists have pointed out that OCTA can show the very early stages of diabetic retinopathy (DR) as
it displays the fine microvascular changes in the retina, which is the earliest stage of diabetic retinopathy,
whereas fundus images fail to show these minute early microvascular changes. Also, whatever research was
conducted on OCTA images for DR analysis used a small number of images, which posed a challenge for
deep learning models. Many authors addressed this by employing general augmentation techniques such as
flipping and rotating, but these compromised the data quality and ultimately affected the accuracy of the
model. No research was found to provide a correct diagnosis for the unlabeled image, which this research
offers. The proposed framework aims to address all these issues. ResNet50 was selected because it exhibits
the most optimal results, due to its ability to alleviate the gradient loss problem. Before finalizing ResNet50
for the research, the OCTA images were analyzed using a five-layered custom CNN model without data
augmentation, as well as with general, GAN, and WGAN augmentation techniques. The results obtained
were unsatisfactory, leading to the implementation of ResNet50 with GAN and WGAN augmentation, with
the latter combination producing better results. Further improvement was achieved by fine-tuning the
hyperparameters of the models. The result section discusses the outcomes of all the mentioned combinations.

The research work thoroughly discusses the techniques used and the data in the method section. The
Results and Discussion section compares the accuracies of the related work with the results achieved from
the implemented deep learning techniques. The outcomes of the proposed framework are compared with
previous research to justify the selected techniques, which have enabled accurate disease diagnosis with
minimal data in a short time span. The limitation of this research is that it relies on data from the IEEE data
portal, which is prone to noise. As a result, when applying the same framework to real-time data, the model
may need some additional adjustments.

2. METHOD

The research begins with an explanation of the WGAN data augmentation technique, followed by a
detailed discussion of the PNG image generator model. Subsequently, the ResNet50 classification model and
prediction model are discussed in detail. For this research, 800 OCTA images of five categories were
obtained from the IEEE data portal and verified by ophthalmic experts. The study used a WGAN generation
model to create 19 instances of images for each category, and a PNG image generation model then produced
500 images for each instance. This resulted in a total of 47,500 images available for classifying and
predicting diabetic retinopathy categories.

2.1. WGAN generator and critic architecture

Wasserstein generative adversarial network is known by its acronym, WGAN. It is a particular kind
of GAN or generative adversarial network. The goal of WGANS is to get around some of the drawbacks of
conventional GANs, especially training stability and mode collapse it achieves this by calculating the
difference between two probability distributions using Earth Mover's distance.

The proposed WGAN architecture as shown in Figure 1 [16] uses a batch of 100 real training
images and a random noise vector for improved model generalization and performance. A five-layered
convolution network is designed, with random noise samples passed through convolutional layers and
convolutional 2D layers with filters [17]. The LeakyReLU activation function is employed to overcome
dying neurons [18]. The final Conv2D layer configures convolutional layers with Tanh activation for deeper
network learning.

The WGAN model as shown in Figure 1 critic architecture consists of two convolutional neural
networks with 32 and 64 filters. The model concatenates the generator and critic, with most layers frozen
during the training phase to improve the generator's performance based on the critic's input, enhancing
sample quality and stabilizing the training process.

2.2 PNG image generator

This work also proposes a PNG image generator. One of the hierarchical data formats (HDF) that
WGAN produces is the .h5 format. It is employed to store enormous volumes of data as multidimensional
arrays. PNG is one of the image formats that work best for the mentioned deep learning technique as it is
transparent and lossless, it can be used for images that need to be sharp and retain details without exhibiting
compression artefacts although it typically has bigger file sizes. Figure 2 shows the flow chart of the PNG
image generator. The image instances from the WGAN which are in .h5 format are uploaded to the model.
The dictionary is created to store the generated images. Further, the PNG image generator model is loaded
followed by the creation of the array of total samples of noise to train the WGAN model. The loaded model
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is called and the path of the image instances from WGAN is loaded to the model. Later the function to
generate the images is defined to yield 500 images per category. After the completion of all the epochs, the
zipped image folder can be downloaded.
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Figure 2. PNG image generator flow chart

2.2.1. PNG image generator output

PNG image generator generates 500 OCTA images from every instance of WGAN. These instances
are in HDF formats, which is basically an array of the weights of all the augmented data. PNG image
generator converts it to the data in PNG format. Figure 3 shows the sample images of all five categories in

PNG format.

No NPDR

Figure 3. PNG image generator output in .png format

2.3. ResNet50 classification workflow

A pre-trained ResNet50 which is the convolutional neural network architecture that belongs to the
Resnet family is used in this research work. Figure 4 shows the flow chart of the pre-trained ResNet50 model
[19], of which all the layers are fixed but, in this research, the model weights are trained instead of using pre-
trained weights that are ImageNet weights. Other than this the final layer is added with a Conv2D layer to
classify the images into five categories with SoftMax activation. The OCTA images in PNG format from the
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PNG image generator are uploaded to the model. For classification purposes, a batch size of 16 is used.
Around 70% which is approximately 328 images are used to train the model, 20% which is around 93 images
are used for testing purposes, and around 80 images are used for validation purposes. After that, the pre-
trained ResNet50 model is defined and compiled to get the loss function and accuracy at 20 epochs. In the
result obtained it was observed that the validation accuracy went under several fluctuations at certain epochs
and the loss increased drastically at epochs between 15-17.

So, to improve the results, scheduling the learning rate was incorporated into the model, where the
model refers to the practice of adjusting the learning rate during training under specific conditions. This
improved the result to some extent. Then secondly the first 150 layers of the model were frozen to avoid
catastrophic forgetting of the model and after this the epoch size was increased to 100, yielding good results
[20].
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Figure 4. ResNet50 classification model flowchart

2.4. ResNet50 prediction workflow

The workflow of a pre-trained ResNet50 model used for the prediction of the classes or the five
categories of the DR is shown in Figure 5. Here the .h5 file of the classifier model is loaded to the prediction
model. At the same time, all categories of OCTA diabetic retinopathy images are uploaded to the model. It is
been resized to 224x224, adjusted the shape, and aligned to the model to get its category predicted.

The implementation of this method will provide a convenient diabetic retinopathy classification and
prediction system. This will greatly assist ophthalmologists, as the proposed model and framework can
quickly and accurately analyze DR-OCTA images. Its capability of detecting the disease at a very early stage
will be of great benefit to patients, potentially saving them from serious vision problems or blindness. This
system will make it easier for ophthalmologists to start the treatment quickly.
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Figure 5. ResNet50 prediction model flowchart

3. RESULTS AND DISCUSSION

The comparison of the findings and the outcomes of the previous research work are illustrated in
Table 1, and its analysis shows that although the deep learning techniques are very efficient for the
classification, segmentation and prediction of complicated medical images, the appropriate augmentation
technique enhances the performance of the model and eventually its accuracy.

Before opting for the WGAN augmentation technique for data enhancement and using ResNet50 for
classifying and predicting DR and its five categories, it was analyzed that the performance of the CNN model
with different data sizes, augmentation techniques (general augmentation, GAN, and WGAN), and epoch
sizes. The results achieved from various combinations are presented in Table 2. It is evident that as the data
size increases, data augmentation becomes necessary for better model performance. For instance, with
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100 images and no augmentation, 43.44% accuracy was achieved. When the images were augmented to
800 images with simple techniques like flipping and rotating, the accuracy improved to 48.97%.

However, increasing the number of images and adding two more layers to the CNN, while also
increasing the number of epochs to 150, resulted in a decrease in accuracy to 20.8%, even with GAN-
augmented images. This indicates that the model was underfitting. Subsequently, increasing the number of
images to 47,500 only resulted in a marginal improvement in accuracy to 37.57%. Further attempts to
improve accuracy involved replacing GAN with WGAN, which led to an accuracy of 40.30%.

Table 1. Related research work findings and outcomes table

Reference. Method Augmentation Image type Number of Classification Accuracy
No. images
[4[ AADG Automated OCTA images 445 Segmentation of images 94.75%
augmentation in different domains
[5] Self-supervised deep Self- OCTA images 229 Segmentation of images 81.42%
supervision (SSDS) augmented
[6] Twofold feature Augmented OCTA images 297 DR severity 94.8%
augmentation (TFA)
[7] TCAM-ResNet - OCTA images 376 AMD, DR and NORMAL 83.3%
[8] 5-layer CNN Regular Fundus images 3,662 DR, Mild-DR, Moderate- 95.27%
augmentation DR, Severe-DR and
technique PDR
[9] GoogleNet+ResNet Regular Fundus images 35,126 DR, Mild-DR, Moderate- 94%
augmentation DR, Severe-DR and
technique PDR
[10] MB-TCN-TC - Fundus images 414,199 DR and No-DR AUROC-0.949
and
AUPRC-0.793
[11] IC2T - Fundus, DR, Mild-DR, Moderate-
EyePACS-1 8,980 DR, Severe-DR and 96%,
Messidor-2 1,748 PDR 97%,
DIARETDBO 130 98%
[12] U-Net+isolated - OCTA images 301 Segmentation 92%
concatenated block
(IcB)
[13] CNN - OCTA images 131 DR and No-DR 97%
[14] CNN - 2 sized OCTA 301 Normal, Mild-DR and ~ 3x3 mm?-90.8%
images PDR 6x6 mm?-93.3%
[15] Densely and - OCTA images 303 No-Dr and DR 98.1%
continuously connected No-Dr, NPDR and PDR
neural network with No-DR, Mild-Moderate- 87.2%
adaptive rate dropout NPDR, Severe-NPDR,
(DcardNet) PDR 74%
[16] Proposed method WGAN OCTA images 800 DR, Mild-DR, Moderate- 99.75%
WGAN-+ResNet50 augmentation DR, Severe-DR and PDR

Table 2. Deep learning techniques, data set, augmentation, epochs, and accuracy comparison table

DL Technique Data Set (OCTA Images)  Augmentation technique Epoch Accuracy
3-layer CNN 100 30 43.44%
3-layer CNN 800 Yes 30 48.97%
5-layer CNN 12,500 GAN 150 20.8%
5-layer CNN 47,500 GAN 150 37.57%
5-layer CNN 47,500 WGAN 150 40.30%

ResNet50 47,500 GAN 150 62.48%
Proposed model (fine-tuned) 47,500 WGAN 150 99.95%

It became clear that increasing the number of layers in the deep learning model does not always
yield better results, rather can lead to gradient loss, despite implementing effective augmentation techniques.
Therefore, we replaced the CNN with ResNet50, operating with the same dataset and epoch size, but using
GAN augmentation. This change improved the accuracy to 62.48%. Further, replacing GAN with WGAN
resulted in an accuracy of 84.57%. By fine-tuning the hyperparameters of the ResNet50 model, 99.95%
accuracy was achieved.

The process of fine-tuning the model starts as described and is discussed further. The pre-trained
ResNet50 classification model results achieved at 20 epochs were 100% accuracy and 00% loss, but
exhibited a lot of fluctuations in the accuracy graph at almost every alternate epoch, as shown in Figure 6(a).
The loss graph Figure 6(b) shows the heavy rise in loss value at the 15™ epoch. To improve these results the
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learning rate is scheduled and the first 150 layers of the pre-trained model were frozen for 50 epochs only
[21]. The pre-trained weights are retained by freezing the early layers, which usually contain the generic
features that are already learned by the model. Also with learning rate scheduling, you can begin at a higher
rate and progressively lower it as the training goes on for fine-tuning.

The results acquired are shown in Figures 7(a) and 7(b) have maintained a cent per cent of accuracy
and negligible loss but still exhibit a sudden fall in accuracy at around the 25™ epoch and a sudden rise in loss
at the same epoch. To overcome this lacuna the epochs were increased to 150 with the number of batch sizes
increased to 26 from 16. The results obtained from this fine-tuning, as shown in Figures 8(a) and 8(b) can be
observed that the fall in accuracy is ineligible, and also the spike or the sudden increase in loss is illuminated.
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Figure 6. Graph of (a) accuracy and (b) loss at 20 epochs of pre-trained ResNet50 model
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The greater generalization performance can result from a type of regularization that larger batch
sizes can offer. To minimize the loss function, a neural network's parameters (weights and biases) must be
adjusted during training. By increasing the number of epochs, accuracy may be increased as the model has
more time to converge to a better solution. The model requires more time to learn complex patterns and
representations in the case of the data sets having complex patterns and representations. The early
termination of the training process may not allow, the model to fully capture the underlying patterns in the
data. The observation of the accuracy graph shows that 100% accuracy is achieved from the very first epoch
itself where ideally there should be exponential growth in the accuracy and exponential fall in the loss as
well. Considering that the model could be overfitting the data size was reduced to half and the accuracy for it
on the same model and similarly tuned hyperparameters was achieved which is shown in Figures 9(a)
and 9(b). No significant change was found after reducing the data size, after the appropriate research work
was carried out, it was suspected to be due to a data leakage problem. The accuracy and loss plotted after
clearing the data leakage with all the hyperparameters fixed as earlier drastically fell to 79.34% and 19.99%
respectively.

accuracy loss

— training_loss

100 — |
A =\ AT T
\ M~ W val_oss

099 |V 04 |

of |

‘ 02

< 6 e e oA oe oW

— training_accuracy
val_accuracy

0.0

01 |

TN O T
MWW IS A N Ao A o

20 40 60 80 100
epochs

(@)

0 20 40 60 80 100
epochs

(b)

Figure 9. Graph of (a) accuracy and (b) loss at half a dataset size, all hyperparameters fixed, same as earlier

To improve the accuracy of these refreshed 47,500 DR-OCTA images, at first, all the 150 pre-
trained ResNet50 layers were unfrozen to use all the pre-trained weights of the model. Then the classification
head was removed and replaced by the new classification head with fully connected dense layers with
1,024 neurons. The large number of units has the potential to capture the complex patterns in the images and
handle large amounts of data. Further to fine-tune the model’s weight the learning rate is scheduled to 0.001
for epoch >40 and 0.005 for epoch >20 [22]. An Adam optimizer is used as it converges faster due to its
adaptiveness, batch size is increased to 60 giving more stable updates to the model weights [23], and the
accuracy achieved by this fine-tuning of hyperparameters is observed in Figures 10(a) and 10(b).
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Figure 10. Graph of (a) accuracy and (b) loss of the hyperparameter-tuned ResNet50 pre-trained model
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It is observed from the Figure 10 that in the initial 10 epochs there are a lot of fluctuations in the
exponential rise of accuracy. In an attempt to reduce these spikes by keeping all the earlier hyperparameters
fixed, adding a drop-out layer with a rate of 0.5 means 50% of random outputs are set to zero at each update,
thus the model is encouraged for learning more generalized features [24]. The weight decay is used along
with the Adam optimizer which helps discourage the weights from becoming too large this regularizes the
model [25]. The accuracy and loss after this hyperparameter tuning are shown in Figures 11(a) and 11(b).
The reduction in the spikes at the initial epochs is observed. Diabetic retinopathy with five categories,
0-no-DR, 1-mild NPDR, 2-moderate NPDR, 3-sever NPDR, 4-PDR, are very accurately categorized by the
model as observed in Figure 12(a) to 12(e).
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Figure 11. Graph of (a) accuracy and (b) loss of the hyperparameter-tuned ResNet50 with a dropout layer
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Figure 12. Predicted outputs by pre-trained ResNet50 model, (a) 2-moderate NPDR, (b) 4-PDR,
(c) 0-no-NPDR, (d) 3-severe NPDR, and (e) 1-mild NPDR

4. CONCLUSION
In this study, the WGAN model is used for data augmentation over normal augmentation techniques
to maintain the quality of the complex DR-OCTA images. The PNG image generation model was further
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used for the generation of the images in PNG format from the .h5 file generated by the WGAN model. The
ResNet50 model is used for the classification and prediction of the disease with some intense modifications
in the hyperparameters. The hyperparameter tuning done in the model was freezing its 150 layers, adding the
custom layers, and scheduling the learning rate, which yielded 100% accuracy and nearly 00% loss with a lot
of fluctuations. To eliminate this deformity in accuracy the number of epochs was increased which led to a
reduction in fluctuations but the accuracy achieved was 100 from the very initial epochs. The research carried
out to address this issue led to the conclusion that data leakage was the reason behind it. The resolution of
data leakage made the accuracy fall to 75%. Various hyperparameter tuning tasks like unfreezing all layers,
fine-tuning the last 30 layers of the model, rescheduling the learning rate adding the Adam optimizer, drop-
out layer, and weight decay layers led to better results. The results obtained at various modification stages of
the model are discussed in the results in detail. The prediction model correctly predicts the DR-OCTA image
disease categories.

This research offers a useful classification and prediction system for diabetic retinopathy, as it
analyzes DR-OCTA images quickly and accurately, that is of great assistance to ophthalmologists. Patients
will benefit greatly from its ability to detect the disease at an early stage, possibly preventing serious vision
problems or blindness. Ophthalmologists will find it easier to begin treatment promptly with this system.
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