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ABSTRACT

Diabetic retinopathy (DR) is a leading cause of blindness worldwide, and requires accurate and effective diagnosis to treat
it in time. The manual evaluation of fundus images by clinicians is prone to inaccuracies and requires a lot of labor.
Utilising computer-assisted methods specifically CNNs, shows potential for automating diabetic retinopathy diagnosis.
This study provides a GCNN methodology for a better interpretation of retinal pictures, with a specific focus on classifying
disease severity. GCNNs improve the feature extraction by using topological correlations in pictures, which results in
better classification accuracy. The evaluation criteria such as accuracy, precision, recall and F1-score describe the proposed
GCNN model to evaluate its effectiveness. Experimental results show the GCNN model outperforms current
methodologies and accuracy is achieved as high as 89% on the given dataset. Additionally, the project extends its scope
by exploring additional TL models such as InceptionV3 and Xception with an accuracy rate of over 92%. This study
improves the early detection and treatment of diabetic retinopathy by providing clinicians with a reliable and effective tool
for automated diagnosis. The project suggests the development of an intuitive front-end interface using a web framework

called Flask that will contain authentication for secure user testing.
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[. INTRODUCTION

Untreated DR can cause blindness at an early age [1].
Diabetes is the most important cause of vision impairment so
early diagnosis and treatment are important to prevent damage
to the retinal blood vessels [1]. Fundus screening of retinal
blood vessels is a common method of finding early signs of
retinal diseases and preventing blindness. The interpretation
of images from the fundus can be arduous and prone to errors,
hence CAD solutions are being explored for an increased
efficiency in analysis and increased accuracy of the analysis

[3].

Conventional  diagnostic  techniques have some
advantages; however, it requires specialized knowledge and
skill, thus limiting its use [3]. DL methods, specifically CNNs
have shown promise in the automated analysis of retinal
images [3]. The need for large annotated data sets to train
them still presents challenges for these methodologies [3].

This research aims to introduce the Hybrid Graph
Convolutional Network to solve these problems and improve

the precision of the diagnosis. HGCN combines DenseNet, a
successful DL model for image classification, with a GCN
which takes advantage of topological information to extract
features [4]. HGCN uses a combination of global and local
information to improve the diagnosis of diabetic retinopathy

[4].

The stages of diabetic retinopathy include NPDR and
PDR, as seen in Figure 1 [1]. Retinal preservation and
prevention of retinal degeneration requires early detection and
treatment [1]. As such, efficient assessment techniques that
distinguish retinopathy from visual impairment are needed

[1].

This introduction discusses the effects of the diabetic
retinopathy on vision impairment and the importance of early
detection and intervention. We discuss the shortcomings of
the diagnostic methods and propose the method of HGCN for
improving the retinal image analysis and diagnostic accuracy.
This project is to improve the diagnosis and prevention
methods of diabetic retinopathy.
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II. RELATED WORK

Diabetes complications, especially DR, are the major
cause of blindness worldwide. The literature about diabetic
retinopathy detection and categorization includes deep
learning models, transfer learning, and automated detection
systems.

Sundar and Sumathy [1] developed deep learning setup to
grade abnormalities of retinal fundus using variational
autoencoders. This model has potential in the identification
of anomalies associated with diabetic retinopathy.

Kumari et al. [2] developed "selfie" fundus imaging for
early screening of diabetic retinopathy, which improved the
simplicity and accessibility.

Gangwar and Ravi [3] used transfer learning and deep
learning to classify diabetic retinopathies using a pre-trained
neural networks.

An automated diabetic retinopathy detection using Deep
Learning - Gargeya and Leng [4] showed high sensitivity and
specificity to identify DR associated lesions.

Li et al. [5] proposed CANet, a cross-disease attention
network, to simultaneously evaluate diabetic retinopathy and
macular edema. Here they used attention approaches to detect
disease-specific characteristics.

Pires et al. [6] used machine learning approaches for data-
driven diagnosis of diabetic retinopathy by analysing the
images of the retina for the detection of cases for clinical
analysis.

Choi et al. [7] used multi categorical deep learning neural
network for classification of retinal pictures. Their analysis
found that diabetic retinopathy classification systems that are
based on deep learning work well with a limited data set.

Sumod and Sumathy [8] used transfer learning in deep
neural networks to detect uterine fibroids, which is an example
of applications in medical image analysis.

These publications are examples of methods for the
detection and classification of diabetic retinopathy that cover
deep learning and transfer learning methods. Advanced
computational methods may help improve the accuracy and
timeliness of diabetic retinopathy diagnosis that will in turn
improve patient outcomes and keep them sighted.

III. MATERIALS AND METHODS

A HGCN [15] will be developed and tested to
classify the severity of diabetic retinopathy in the images of
the retina. The novel DL technique uses GCN and DenseNet
to extract the information of the retina and to identify the
topological relationship, hence, increasing classification
accuracy. The HGCN will be evaluated using the EyePACS
and DRD datasets in terms of accuracy, precision, recall, and
F1 score.

The project uses InceptionV3 and Xception deep learning
models for the system augmentation. The accuracy of the
categorization of these models will be tested. A front-end
interface built in Flask with built-in authentication will be
developed for the users to test. This enhancement augments
categorization precision and end-user usability and
accessibility.

A) System Architecture:

The architecture of the DR detection system consists of a
number of necessary components. At first the retinal fundus
photos from DRD collection are inputted. These photographs
are scaled, standardized and improved as preparation for
analysis.

Subsequent to preprocessing, the pictures are divided into
training and testing datasets for developing and testing the
models. A DL network uses the training data to classify the
retina images and detect diabetic retinopathy. The model is
evaluated on the independent test set after the training.

Accuracy, precision, recall and F1 score are used to measure
the efficacy of the trained model to detect the diabetic
retinopathy. The system structure uses retinal images to
accurately diagnose diseases and offer early detection and
intervention clues.
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Fig. 1. System Architecture
B) Dataset Collection

The DRD dataset, which is used to research DR, is a
collection of images of the retinal fundus, carefully
assembled for academic research purposes. The photographs
are taken from medical institutes, research groups and
sources which are available for the public. The data set
includes a wide variety of retinal photographs of different
stages and severity of diabetic retinopathy.

—

Fig. 2. Data Set

To create the DRD dataset, the researchers carefully
picked pictures and labeled them in a way that they would be
sure those pictures were correct and helpful for the study of
DR. The dataset contains photographs of varying resolutions,
color depths, and quality to reflect real-world scenarios that
are found in clinical settings.
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DRD data can contain metadata, including patient
demographics, clinical history, and diagnostic reports of each
image, and provides a vital background of analysis and
interpretation. The DRD dataset is an important dataset to
study and understand diabetic retinopathy through
computational analysis and machine learning techniques

.\
(4 ' oA
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Fig 3 Data Set
C) Image processing:

Image processing techniques are fundamental to get
retinal fundus pictures ready for analysis in the identification
of diabetic retinopathy. Using the ImageDataGenerator class,
several preprocessing techniques are applied to enhance the
quality and diversity of the photos. Initially, the rescaling is
performed to standardize the pixel values to ensure
consistency throughout the collection. Shear transformation
causes geometric distortions, which simulates the fluctuation
of the image orientation in the real world. The picture size is
changed through zooming enabling the recognition of
different features at different magnifications. Horizontal
flipping helps in enhancing the dataset by creating the
mirrored replicas of the original images, thus making the
model more resilient to orientation fluctuations. Ultimately,
reshaping is used to change the dimensions of the images to
match the format of the neural network model. The
ImageDataGenerator class allows the creation of a diverse
and representative dataset by undergoing stages of pre-
processing which are core to training accurate and robust
models for learning to detect diabetic retinopathy.

D) Algorithms

DenseNet: DenseNet is an abbreviation for Dense
Convolutional Network. it is another DL architecture, which
is characterized by its dense connectivity pattern between
layers. In DenseNet the output of one layer serves as the input
to all other layers while the input to every layer is the output
of all the previous layers. This large connectivity facilitates
feature reuse and improved gradient flow across the network
and thus enables the successful the DenseNet industrial
design to extract features of retinal fundus images in the
identification of diabetic retinopathy. Utilizing the dense
connectivity and hierarchical feature representations of
DenseNet, the model is able to capture complex visual
information and achieve high accuracy in illness
classification tasks.

xl = HI([x0,x1,...,xLl — 1])
Where:

e xI= Output of the 1thl* {th}1th layer

e HIl = Transformation (comprising BatchNorm,
ReLU, and Convolution)

e [x0,x1,...,xI-1] = Concatenation of all previous
layer outputs

GCNN: GCNNs are neural network designs that are
designed to operate with graph businesses, e.g. social
networks, and chemical graphs, and here the topological
correlations within retina images. GCNNs use graph
convolutions in order to learn features from nodes (pixels)
and their interconnections (edges) within the graph. GCNNss
are used in the research to enhance the retinal image analysis
using the integration of topological relations among the pixels
of the picture. Integrating GCNNs with DenseNet allows the
model to successfully gather local and global characteristics
from pictures of the retina so that diagnostic accuracy can
indeed be improved in the identification of diabetic
retinopathy. This method enables the model to use both
image's content and topological data information for better
disease classification accuracy.

H(l+1)=0(D— 214D - 21H(OW (D))
Where:
e H(l) = Node feature matrix at layer 111
e A = Adjacency matrix of the graph
e D =Degree matrix of AAA
e W(l) = Trainable weight matrix at layer 111
e o = Activation function (e.g., ReLU)

InceptionV3: InceptionV3 is the convolutional neural
network architecture developed for image categorization
tasks. It uses a unique "inception module" which helps
achieve good feature extraction at multiple scales within the
network. The study involves the use of InceptionV3 as a DL
model for the analysis of the retinal pictures in the
identification of diabetic retinopathy. Utilizing its complex
design, InceptionV3 can skillfully extract relevant
information from images of the retina, which helps with the
classification of the levels of diseases. The good performance
of the model and the model's ability to capture complex
information in the retinal pictures greatly support the model's
capability in the correct detection of diabetic retinopathy,
which in turn, helps doctors to recognize and carry out early
detection and intervention methods.

Xception: Xception is a deep convolutional neural
network architecture that is known for its depthwise separable
convolutions, where it helps to better extract features by
reducing computing complexity. Xception is used as a main
model for the analysis of retinal pictures in the identification
of diabetic retinopathy inside the identification project. It's a
novel architecture that helps the machine extract features
quickly and identify patterns in them and therefore make a
correct classification of the levels of illness. Utilizing the
capabilities of Xception, the system is able to proficiently
diagnose the case of Diabetic Retinopathy and assist in early
intervention efforts. Its great functionality and efficiency in
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algorithm. The Xception beats all other algorithms on all
metrics on a regular basis. There are tables that give a
comparative look at the metrics for the alternative methods.

calculations make it a valuable asset in robotizing the retinal
image processing, hence, improving patient outcomes and
facilitating effective healthcare.

DenseNet+ GCNN: DenseNet+GCNN refers to a hybrid
model which combines DenseNet, a densely connected
convolutional neural network and the architecture of a
GCNN. This initiative uses a hybrid technique aimed at
enhancing the analysis made of the pictures of the retina for
the identification of diabetic retinopathy. The model
optimizes performance in terms of classifying levels of
sickness severity by incorporating the performance of the
powerful feature extraction of DenseNet with the topological
correlation extraction of GCNN. This combination improves
the extraction of features and better use of the image
topological information, leading to more precise and reliable
image topological diagnoses of diabetic retinopathy. In the
end, DenseNet+GCNN enhances the system's ability to detect
and classify abnormalities on the retina, thus enabling more
efficient management of the diseases and care for the patient.

IV. EXPERIMENTAL RESULTS

Accuracy: The accuracy of a test is its ability to
differentiate the patient and healthy cases correctly. To
estimate the accuracy of a test, we should calculate the
proportion of true positive and true negative in all evaluated
cases. Mathematically, this can be stated as:

TP+ TN 1

TP+FP+TN+FN( )
Precision: Precision evaluates the fraction of correctly
classified instances or samples among the ones classified as

positives. Thus, the formula to calculate the precision is given
by:

Accuracy =

Precisi True Positive @
recision =
True Positive + False Positive

Recall: Recall is a metric in machine learning that
measures the ability of a model to identify all relevant
instances of a particular class. It is the ratio of correctly
predicted positive observations to the total actual positives,
providing insights into a model's completeness in capturing
instances of a given class.

Recall ® 3
ecall = ——
TP + FN

F1-Score: F1 score is a machine learning evaluation
metric that measures a model's accuracy. It combines the
precision and recall scores of a model. The accuracy metric
computes how many times a model made a correct prediction
across the entire dataset.

Recall X Precision
F1 Score =2 *

Recall + Precision *100(4)

Table (1) evaluates the performances metrics, i.e.
Accuracy, Precision, Recall and F1 Score for each method.
The Xception beats all other algorithms on all metrics on a
regular basis. There are tables that give a comparative look at
the metrics for the alternative methods.

Table (2) compares the performance measurements
namely accuracy, precision, recall and F1 score for each

Table.1 Performance Evaluation Table for DRD Dataset

ML Model Accurac | Precisio | Recal | F1-
y n 1 Scor
e
DenseNet 0.698 0.704 0.685 | 0.69
2
GCNN 0.496 0.494 0.494 | 0.49
4
InceptionV3 0.499 0.541 0.270 | 0.36
0
Xception 0.981 0.983 0.972 | 0.97
6
DenseNet+GCN | 0.920 0.909 0.884 | 0.89
N 2

Graph.1 Comparison Graphs for DRD Dataset
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Table.2 Performance Evaluation Table for EyePacs Dataset

ML Model Accurac | Precisio | Recal | F1-
y n 1 Scor
e
DenseNet 0.675 0.727 0.602 | 0.64
4
GCNN 0.722 0.730 0.694 | 0.70
6
InceptionV3 0.493 0.493 0.493 | 0.49
3
Xception 0.983 0.985 0.980 | 0.98
2
DenseNet+GCN | 0.697 0.739 0.634 | 0.66
N 9

Graph.2 Comparison Graphs for EyePacs Dataset
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Accuracy is shown to be in blue and precision is shown in
orange, recall is shown in green, and the F1 score is shown in
sky blue in Graph (1). Compared to the other models, the
Xception has more performance across every one of the
criteria values, getting the highest values. These findings are
shown graphically above.

Accuracy is represented by blue, precision by orange,
recall by green, and F1 by sky blue in Graph (2). Compared
to the other models, the Xception has more performance
across every one of the criteria values, getting the highest
values. These findings are shown graphically above.

V. CONCLUSION

exceptionally in detecting levels of severity. The
implementation of Xception on the project makes it much
better, ensuring reliable analysis of retinal pictures. The
intuitive interface made possible through Flask and the
SQLite database makes the diagnostic tool available and
efficient for clinical implementation to optimize the image
upload process and provide explicit results. This innovation
has tangible benefits that can be directly attributed to the
patient and the healthcare professional, such as early and
accurate identification of diabetic retinopathy for the patient
and provision of an effective tool to healthcare professionals
for selecting interventions as soon as possible and optimising
the management of diabetic ocular complications. The
project represents a significant step towards the diagnosis of
diabetic retinopathy, providing clinicians and their patients
with improved outcome and clinical decision-making.

The study involves the extraction of topological
information from retinal pictures using GNNs for the
classification of the level of diabetic retinopathy. These
topological elements include structural attributes as well as
spatial interactions between the pixels in the pictures of the
retina. The study aims to use GNNs to detect complex
patterns and correlations in retinal images that may not be
detected successfully with standard CNNs. This way, high-
dimensional features living up to the geometric structure of
the retina, vascular patterns, and other relevant spatial
information can be extracted with ease. The project aims to

improve the accuracy and robustness of diabetic retinopathy
classification models by focusing on topological features
extracted from GNNSs, so that more accurate diagnosis and
treatment plan for patients with diabetic retinopathy could be
given.
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