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Abstract : Diabetic Retinopathy (DR) is a vision problem caused by high blood sugar levels damaging the blood vessels in the
retina. In order to have effective treatment, it must be detected early. As a result, the purpose of this research is to combine image
processing and deep learning approaches to help detect Diabetic Retinopathy early and reduce retinal damage. The methods
suggested in this paper include using Convolutional Neural Network (CNN) variants on fundus photography which helps us in
detecting Diabetic Retinopathy.
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I.INTRODUCTION

DIABETIC RETINOPATHY (DR) is a common blood related disease found in diabetic patients that is a major cause of blindness
among the world's working population. To prevent it from going undetected, approximately 30,000 per million population need to
be examined, which is beyond the capacity of the current ophthalmology departments. [1]. Thus, a computerized system can assist
the ophthalmologists to assess the patients more efficiently [2]. Retinal abnormalities caused by DR include light lesions (hard
exudates and cotton wool patches) and red lesions (internal bleeding and micro aneurysms).

Micro aneurysms (MA) are the first scientifically observable DR lesion and are meandering signs of ischemia, since each MA
represents the sealing of at least one capillary. Conversely, an array of attributes such as hard exudate formation, macular edema
and others can be used for accurate detection of DR [4]. Detecting DR in the early stages can help reduce 80 percent of all blindness
cases amongst the patients. Hence, an automated and efficient system that can detect the signs of DR missed by the human eye can
be very helpful in this field.

3.1 Background and Related work

For many years, a large amount of work has gone in using Machine Learning techniques to detect DR and many researchers
have proposed a variety of methods. From the initial survey we had conducted, it was clear that the most popular method used in
Computer Vision problems is Convolutional Neural Networks.

There have also been cases where mathematical morphology techniques [4], K-Nearest Neighbor algorithm [5], Naive Bayes [3]
and other models have been used in the same effect. As Convolutional Neural Networks provide better results and are more scalable,
we have decided to utilize a more specialized variant of this method, which is the Fully Convolutional Network (FCN).

3.2 Neural Network

Neural networks are collections of neurons that are connected in a manner emulating a biological neural network. They
are commonly used to discover the relationship between large amounts of data in both structured and unstructured formats. Certain
weights are assigned to the data and we can tune or adjust these weights to train the network.

The following image shows the various types of neural networks available. Convolutional Neural Networks fall under the category
of deep neural networks and are commonly used for image segmentation, classification, object detection, etc. CNNs can take high
quality images as their input rather than segments due to their architecture.
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Figure 2.1.1 The types of neural networks [6]

3.3 Introduction to TensorFlow

TensorFlow is an open-source platform for ML. It has an all-inclusive ecosystem of tools, libraries, and resources that lets
developers easily build and deploy ML-powered applications [7]. TensorFlow was started by engineers working on the Google
Brain team within Google's Machine Intelligence Research organization to conduct machine learning and deep learning research.

3.4 Introduction to Django

Django is a Python Web framework that encourages fast development with a clean design. It is developed by highly
experienced developers, and takes care of much of the hassle of Web development. Due to also being a Python framework,
integrating the deep learning model built using Python is much easier using Django [8].

Il. RESEARCH METHODOLOGY

Using deep learning techniques, we aim to detect Diabetic Retinopathy in the early stages. The proposed technique is to
use Fully Convolutional Neural Network to accurately determine the affected regions and perform binary classifications. We can
also use this to determine the severity of the condition. The doctor will first open the website and upload the retina scan of the
patient at the prompt received. Then, the image gets stored in the database from where, it is accessed by the Orchestrator. This
image will then pass on to the Featurizer where the image will be processed and the features extracted.

The processed image will then be fed to the Model Server which stores the trained model. From there, the image will be labelled
and the results along with the processed images are sent back to the user.

3.5 The Dataset Used
The model is trained on the California Healthcare Foundations (CHF) dataset and the Indian Diabetic Retinopathy Image
Dataset (IDRID) dataset. These datasets are already labelled and are very apt for classification models.

3.6 Pre-Processing

The retina scan’s quality has a major impact on the detection of the MAs and exudates. Too many unnecessary details can
take the focus away from the main ROIs. Thus, the images are pre-processed. The green channel of the original RGB image is
extracted as the blood vessels and the MAs contrast well in this channel. After that, masks are added to the image to return a 3-
channel image. Then, if necessary, the image is resized and then Gaussian Blur is added to this image. The resulting image will be
cleared of much of the background noise and the lesions are better highlighted. This makes it easier for both the model and the user
to detect the lesions.
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Figure 3.6.1 - Image taken from the camera before processing. Figure 3.6.2 - Pre-processed image. The highlighted areas
indicate the lesions found in the retina scan
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3.7 FCN Classification Model

The neural networks are mathematical models, which consist of parameters used in specific calculations, such as
convolutions and summations. In this case, the neural network is designed to collect the images as input and the calculated class is
given as output, such as the grade of DR. A Fully Convolutional Neural Network (FCN) does not contain a “Dense” layer which is
commonly found in traditional CNNSs. Instead, it has 1x1 convolutions that perform the task of gully connected layers.

The training images are preprocessed and fed to an image data generator for augmentation. Here, the image is rescaled to 1/255,
rotated by 30 degrees, shifted vertically or horizontally etc. All these augmentation steps are performed at random to the training
data. Similarly, validation images are rescaled to 1/255 as well. The TensorFlow library has been used to build the FCN using
Conv2D, Batch Normalization, GlobalMaxPooling2D and other relevant layers. These layers are assigned into convolutional blocks
and each block is activated by ReLU. The final layer has 1x1 convolutions and is activated by Softmax. The checkpoints for the
model are stored as a h5 file with the best weights values stored in it.

3.8 The Website

The website is built using Django, which is a python framework which allows for quick design, development and
deployment of the website. Here, the image is first uploaded by the user which is then pre-processed. After that, it is fed to the
model. The output returned by the model is displayed to the user along with the pre-processed image so that the user may cross-
check the result with their personal experience.

I1l. RESULTS AND DISCUSSION

Using the above-mentioned model, after training for 20 epochs, a training loss of 0.153 or 15.3% has been achieved while
an accuracy of 93.9% has been achieved. This was achieved when ‘Adam’ was used as the optimizer and ‘Categorical Cross
Entropy’ was used as the loss function. The graphs have been shown below.

10 Training and validation accuracy s Training and validation loss
- e—o—g—9—9—9 o—e loss
0.9 p—o—® 7 o—o val_loss
6
2 0.8 5
g07 ¢ 3a
< 3
0.6 3
2
0.5 o—0 acc
1,
e—e val_acc °
0.4 0 =
0 5 10 15 20 25 0 5 10 15 20 25
Epoch Epoch
Figure 3.9.1 - Accuracy graph of the model Figure 3.9.2 - Loss graph of the model

Along with these metrics, another important metric that should be considered is the Quadratic Weighted Kappa or Cohen’s Kappa.
The QWK assigns different weights to disparities and will help find the degree of the disparity. Simply put, if two scores have a
disparity, then the consequence is proportional to how far they are from the actual value. That means that our score will be higher
if, in our case, (a) the real value is Proliferative DR but the model predicts a Severe DR, and the score will be lower if (b) the model
instead predicts No DR. This metric makes sense for this model, since the labels 0-4 indicates how severe the illness is. Naturally,
it is better to have a model that says it is Severe DR when it is Proliferative is better than a model which says there is no DR at all.
Our model has a Kappa score of 0.801. The Kappa score graph is shown below as well. The model has been tested with different
input images from different datasets and after analyzing the outputs, we feel it is safe to say it classifies the image with an accuracy
rate of 93.9%.
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Figure 3.9.3 - Kappa graph of the model Figure 3.9.4 - Confusion matrix of the model

There are certain drawbacks to this process. For one, the storage overhead is high as the image is not resized or compressed.
Similarly, it may misclassify if the input image quality is very different from the ones used to train the model. This problem can be
solved by exposing the model to a much richer dataset or by using the input images to retrain the model, based on the consent of
the user. These are some points which we can take for further improvement of our application and for future research.
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IVV. CONCLUSION

As mentioned in the Abstract section of this paper, we have tried to develop a system to automate the detection of DR in
the early stages using Deep Learning techniques. The system takes in images from retinal scans, processes it and produces an output
denoting whether the patient has DR or not as well as the severity of the condition if present. Using Fully Convolutional Neural
Networks, we have a model with an accuracy of 93% using which we can classify the image in real time.

FCNSs help improve the flexibility of the model as it allows the image to be uploaded in any size. This helps prevent loss of
microscopic features which are especially critical in early detection of DR. The website also displays the processed image to the
doctors so that they may take a call on the condition of the patient.

This particular project, we feel, can help reduce the burden on ophthalmologists so that they can focus on providing early treatment
to the people affected by this condition. Future areas of research for this project include methods to improve the model accuracy,
extracting features in greater depth as well as self-improvement of the model based on experience.
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