Dhrish S Kumar, 2023, 11:5
ISSN (Online): 2348-4098
ISSN (Print): 2395-4752

Automated Diabetic Retinopathy Detection

Using Deep Learning
Dhrish S Kumar

Faculty of Engineering and Technology
Sri Ramachandra Institute of Higher Education and Research
Chennai, India
dhrish31@gmail.com

Abstract-Diabetic retinopathy (DR) is a leading cause of blindness worldwide. Early detection and treatment

of DR are essential to prevent vision loss. Traditional methods of DR detection, such as manual screening by

ophthalmologists, are time-consuming and subjective. Deep learning has emerged as a promising tool for

automated DR detection.In this paper, we propose a deep learning model for automated DR detection using

fundus images. Our model is based on the ResNet50 architecture, which is a pre-trained convolutional neural

network (CNN) model. We fine-tuned the ResNet50 model on a large dataset of fundus images labeled with

DR severity grades. Our model is also able to detect DR at an early stage, which is important for preventing

vision loss.We believe that our deep learning model has the potential to improve the efficiency and accuracy

of DR detection. This could lead to earlier diagnosis and treatment of DR and help to prevent vision loss in

patients with diabetes.
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I. INTRODUCTION

Diabetic retinopathy (DR) is a leading cause of
blindness worldwide. It is estimated that over 100
million people have DR, and over 25 million people are
blind from DR. DR is a complication of diabetes that
affects the blood vessels in the retina, the light-
sensitive tissue at the back of the eye. Over time, high
blood sugar levels can damage the blood vessels in the
retina, causing them to leak or burst. This can lead to
bleeding, swelling, and the formation of new blood
vessels.Early detection and treatment of DR are
essential to prevent vision loss. However, traditional
methods of DR detection, such as manual screening by
ophthalmologists, are time consuming and subjective.

Deep learning has emerged as a promising tool for
automated DR detection. Deep learning is a type of
machine learning that uses artificial neural networks to
learn from data. Neural networks are inspired by the
human brain and consist of layers of interconnected
nodes. Each node in a neural network performs a
simple mathematical operation, and the output of one
node is used as the input to another node. Neural
networks can be trained to learn complex patterns in
data, and they have been used to achieve state-of-the-
art results in a variety of tasks, including image
classification, natural language processing, and
machine translation. In recent years, deep learning has
been used to develop automated DR detection
systems. These systems have the potential to improve
the efficiency and accuracy of DR detection, and they
could lead to earlier diagnosis and treatment of DR
and help to prevent vision loss in patients with
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diabetes.The rest of this paper will describe our deep
learning model for automated DR detection. We will
also present the results of our experiments, which
show that our model achieves high accuracy on a held-
out test set.

Il. DATA DESCRIPTION AND

BACKGROUNDS
2.1 Data Description
The data used to train and evaluate our deep learning
model consisted of 100,000 fundus images labeled with
DR severity grades. The fundus images were collected
from a variety of sources, including hospitals, clinics, and
research institutions. The DR severity grades were
assigned by experienced ophthalmologists. The data
was divided into two sets: a training set and a test set.
The training set was used to train the deep learning
model. The test set was used to evaluate the
performance of the trained model.
2.2 Deep Learning Backgrounds
Deep learning is a type of machine learning that uses
artificial neural networks to learn from data. Neural
networks are inspired by the human brain and consist of
layers of interconnected nodes. Each node in a neural
network performs a simple mathematical operation, and
the output of one node is used as the input to another
node. Neural networks can be trained to learn complex
patterns in data, and they have been used to achieve
state-of-the-art results in a variety of tasks, including
image classification, natural language processing, and
machine translation.

One of the most popular deep learning architectures is
the convolutional neural network (CNN). CNNs are
wellsuited for image classification tasks because they
can learn to extract spatial features from images. CNNs
typically consist of a series of convolutional layers,
pooling layers, and fully connected layers.

In a convolutional layer, a set of filters is applied to the
input image. Each filter learns to detect a specific spatial
feature in the image. The output of the convolutional
layer is a feature map, which is a map of the locations
where the filters detected the feature.

A pooling layer performs downsampling on the feature
map. This reduces the size of the feature map and makes
the model more computationally efficient.
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A fully connected layer is a traditional neural network
layer that connects all of the neurons in one layer to all
of the neurons in the next layer. Fully connected layers
are used to learn complex relationships between the
features extracted by the convolutional and pooling
layers.

11l. BASIC DEEP NEURAL NETWORKS

A deep neural network (DNN) is a type of artificial
neural network (ANN) that has multiple hidden layers
between the input and output layers. ANNs are
inspired by the structure and function of the human
brain, and they consist of interconnected nodes that
process information. DNNs can learn complex patterns
in data and make predictions based on those patterns.

DNNs are typically trained using a supervised learning
approach. In supervised learning, the DNN is given a
set of training data that consists of input data and
corresponding output data. The DNN is then trained to
predict the output for new input data.

The training process of a DNN involves iteratively
adjusting the weights of the connections between the
nodes in the network. The goal of the training process
is to minimize the error between the predicted output
and the actual output for the training data.

Once the DNN is trained, it can be used to make
predictions on new data that it has never seen before.
To make a prediction, the DNN simply propagates the
input data through the network and calculates the
output.
The following is a simplified example of how a DNN
works:

1) The input data is fed into the network.

2) The input data is processed by the first hidden
layer.
The output of the first hidden layer is processed by
the second hidden layer.

4) This process continues until the output layer is
reached.

5) The output layer produces the prediction for the
input data.

The following are some of the benefits of using DNNs:
«DNNs can learn complex patterns in data.
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«DNNs can be used to solve a wide range of problems,
including image classification, natural language
processing, and machine translation.

«DNNs are becoming increasingly accessible and
affordable.

However, there are also some challenges associated with

using DNNs:

-DNNs can be computationally expensive to train.

+DNNs can be overfitting, which means that they can
learn the training data too well and not generalize well
to new data.

-DNNs can be difficult to interpret, which can make it
difficult to understand how they make predictions.

Despite these challenges, DNNs have become a

powerful tool for solving a wide range of problems. As

DNNs become more accessible and affordable, they are

expected to play an even greater role in our lives.

Example of a DNN for Automated Diabetic Retinopathy

Detection, the following is an example of how a DNN

could be used for automated diabetic retinopathy (DR)

detection:

1. The DNN is trained on a dataset of fundus images
labeled with DR severity grades.

2. Once the DNN is trained, it can be used to predict
the DR severity grade of a new fundus image.

3. The DNN can also be used to identify specific
features in a fundus image that are indicative of DR,
such as microaneurysms and haemorrhages.

By using a DNN for automated DR detection, clinicians
can more efficiently and accurately screen patients for
DR. This can lead to earlier diagnosis and treatment of
DR, which can help to prevent vision loss.

IV. RESNET50

4.1 Introduction

The paper” Deep Residual Learning for Image
Recognition” by Kaiming He, Xiangyu Zhang, Shaoqging
Ren, and lJian Sun, published in 2015, addresses a
fundamental problem in training very deep
convolutional neural networks (CNNs). As CNNs become
deeper, they often suffer from the vanishing gradient
problem, making them harder to train effectively. The
authors proposed the Residual Network (ResNet)
architecture to tackle this issue.

4.2 Key Contribution
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The main contribution of this paper is the introduction
of residual blocks, which enable the training of
extremely deep neural networks by addressing the
vanishing gradient problem. The core idea is to learn
residual functions (the difference between the desired
output and the actual output) rather than the complete
mapping. By doing so, they can train very deep
networks effectively, even surpassing the performance
of shallower networks.

4.3 Residual Block:

A residual block is a fundamental building block of
ResNet architectures. It consists of a shortcut
connection (skip connection) and two convolutional
layers. The skip connection allows the gradient to flow
more easily during training, addressing the vanishing
gradient problem. The two convolutional layers learn
the residual mapping.

4.4 Deep Architectures:

ResNet architectures are exceptionally deep, with
ResNet50 being one of the most well-known variants.
ResNet50 comprises 50 layers, making it deeper than
previous architectures. Despite its depth, it can be
trained successfully because of the residual
connections.

4.5 Training And Generalization:

ResNet50 is pre-trained on a large dataset called
ImageNet, which contains millions of labeled images
spanning 1,000 different categories. This pre-training
helps the model learn a broad range of features from
images. After pre-training, the model can be fine-tuned
on specific tasks, such as image classification or
diabetic retinopathy detection.

4.6 Impact:

The ResNet architecture, including ResNet50, had a
significant impact on the field of deep learning. It
became a benchmark for various image classification
tasks, winning the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC) in 2015. ResNet's
success led to the development of even deeper
networks, pushing the boundaries of what neural
networks could achieve.

The paper” Deep Residual Learning for Image
Recognition” introduced the ResNet architecture, with
ResNet50 being a notable variant. Its key innovation, the
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residual block, addressed the vanishing gradient
problem and enabled the training of very deep neural
networks. ResNet50’'s pre-trained model on ImageNet
serves as a powerful feature extractor for a wide range
of computer vision tasks, including diabetic retinopathy
detection. The architecture’s success significantly
influenced the development of deep learning models
and their applications in image recognition.
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Fig. 1. ResNet50 Architecture.

4.7 Mathematical Equations for ResNet50
The following are some of the mathematical equations
that are used in ResNet50:

Convolutional layer: The convolutional layer is the basic
building block of ResNet50. It applies a set of filters to
the input image to extract spatial features. The output of
the convolutional layer is a feature map, which is a map
of the locations where the filters detected the feature.
The following equation shows how the convolutional
layer is calculated:
Cc D
fq) = XXwifxi—j+1,j-1+1
i=1j=1

(M

where:

. fk(x) is the output of the k-thfilter.

. xis the input image

. Cis the number of channels in the input image
. D is the kernel size of the filter
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. Wijk is the weight of the ij-th element of the k-th
filter

. Pooling layer: The pooling layer reduces the size of
the feature map by downsampling it. This makes the
model more computationally efficient. There are two
main types of pooling layers: max pooling and
average pooling.

Max pooling takes the maximum value from a region of
the feature map. Average pooling takes the average
value from a region of the feature map.The following
equation shows how max pooling is calculated:
N M __J\‘<' R
Se(z) = Iflzﬁlx (Ijll:dfuz.J 2
where:
. fk(x) is the output of the k-th pooling layer.
. X is the input feature map
. M is the height of the pooling region
. N is the width of the pooling region
. Fully connected layer: The fully connected layer is
the final layer of ResNet50. It takes the output of
the last pooling layer and produces the prediction
for the input image.
The following equation shows how the fully connected
layer is calculated:

i)

D

Z(w,f" cxi) + bF

i=1

3)

where:

. fk(x) is the output of the k-th fully connected layer.

. X is the input feature map

. D is the number of features in the input feature
map

. wikis the weight of the i-th input to the k-thneuron.

. bk is the bias of the k-thneuron.

V. USAGE OF RESNET50 FOR AUTOMATED
DIABETIC RETINOPATHY DETECTION

To use ResNet50 for automated diabetic retinopathy

detection, the following steps can be taken:

1) The ResNet50 model is pre-trained on a dataset of
fundus images labeled with DR severity grades.

2)The pre-trained ResNet50 model is fine-tuned on a
dataset of fundus images from the patients to be
screened for DR.

3)The fine-tuned ResNet50 model is used to predict
the DR severity grade of each patient's fundus
image.
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By using ResNet50 for automated DR detection,
clinicians can more efficiently and accurately screen
patients for DR. This can lead to earlier diagnosis and
treatment of DR, which can help to prevent vision loss.
ResNet (Residual Network) has played a significant role
in Automated Diabetic Retinopathy Detection, a critical
application of deep learning in the medical field. Here's
how ResNet is relevant in this context.

5.1 Handling Complex Patterns

Diabetic retinopathy detection involves analyzing
retinal images to identify signs of diabetic retinopathy,
a common complication of diabetes. - Retinal images
can contain intricate patterns, lesions, and
abnormalities that require precise detection.

5.2depth And Vanishing Gradient

Traditional deep neural networks face challenges when
they become very deep. As the network depth
increases, the vanishing gradient problem can hinder
effective training. - Diabetic retinopathy detection
requires deep networks to capture intricate retinal
features

5.3 Resnet’s Solution

ResNet, introduced by Kaiming He et al, offers a
solution to the wvanishing gradient problem. It
introduces residual blocks that contain skip
connections. - Skip connections enable the gradient to
flow more easily during training. This makes it feasible
to train extremely deep networks, such as ResNet50.

5.4 Feature Extraction:

In Diabetic Retinopathy Detection, Resnet Serves As A
Powerful Feature Extractor. - The Deep Layers Of
Resnet50 Can Capture Hierarchical Features In Retinal
Images, Such As Textures, Edges, And Structures.
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5.5 Transfer Learning:

Transfer learning is crucial in medical image analysis.
Pretrained ResNet models on large datasets like
ImageNet can be fine-tuned for diabetic retinopathy
detection. - The pre-trained model already learned
general features from diverse images, making it a strong
foundation.

5.6 Improved Accuracy

By using ResNet-based architectures, diabetic
retinopathy detection models can achieve higher
accuracy. - The depth and skip connections allow these
models to capture subtle retinal changes associated with
the disease.

5.7 Data Efficiency

ResNet's ability to learn from a small dataset is
particularly beneficial in medical applications where
collecting labeled data can be challenging and
expensive.Transfer learning leverages the knowledge
from large datasets to improve model performance on
smaller medical datasets.

5.8 Research Advancements

ResNet-inspired architectures have paved the way for
further research in diabetic retinopathy detection. -
Researchers continue to experiment with deep
networks, fine-tuning them for specific aspects of
diabetic retinopathy, such as microaneurysm detection
or severity grading.ResNet, with its deep architecture
and skip connections, has significantly improved the
accuracy and effectiveness of automated diabetic
retinopathy detection models. It has become a
foundational component in this field, enabling the
development of more robust and reliable systems for
early disease detection, which is crucial for effective
patient care.

5.9 Additinal Considerations

Automated diabetic retinopathy (DR) detection using
deep learning is a promising approach for early
diagnosis and treatment. However, its performance can
be affected by various factors. Here are some
additional  considerations  for  improving  the
Performance Of Automated DR Detection Systems:
Explainability and Interpretability: In a clinical
setting,it's crucial to provide explanations for the
model’s predictions. This not only helps gain trust from
healthcare professionals but also allows them to
understand the reasoning behind a diagnosis.
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Research into interpretable deep learning models or
post-hoc interpretability techniques should be
considered.

Ethical and Bias Concerns: Ensure that the automated
system is fair and unbiased across different patient
demographics. Biased predictions can lead to unequal
access to healthcare resources. Regularly evaluate the
model for bias and take corrective actions as needed.
Real-time Processing: In clinical settings, the ability to
process retinal images in real-time is essential.
Optimizing the model for inference speed and
resource efficiency is critical for seamless integration
into clinical workflows.

Security and Privacy: Ensure that patient data is
handled securely and in compliance with healthcare
regulations such as HIPAA. Implement privacy-
preserving techniques to protect sensitive patient
information.

Continuous Learning: Implement mechanisms for
continuous learning. As more data becomes available
and the model encounters new cases, it should adapt
and improve its performance over time.

Validation on Diverse Datasets: While training on
largeand diverse datasets is essential, it's also
important to validate the model's performance on
datasets from different healthcare institutions and
regions to assess its generalizability.

Collaboration ~ with ~ Healthcare  Professionals:
Involveophthalmologists and other healthcare
professionals in the development and validation
process. Their domain expertise can provide valuable
insights and ensure that the system aligns with clinical
needs.

Regulatory Approval: Depending on the region,
healthcare Al systems may require regulatory
approval. Ensure that the system complies with
relevant medical device regulations and undergoes
necessary validation and certification processes.
Patient Education: Educate patients about the Al
systemand its role in their healthcare. This can help in
obtaining informed consent and building trust.
Robustness to External Factors: Account for
variationsin image quality, lighting conditions, and
other external factors that can affect the quality of
retinal images. Robust preprocessing techniques can
help mitigate these challenges.

By addressing these considerations, automated DR
detection systems can not only improve their
performance but also ensure safe and effective
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deployment in  real-world clinical  settings.
Collaboration between Al researchers, healthcare
professionals, and regulatory bodies is essential for
the successful integration of these systems into
healthcare practice.

5.10 Public Factors Affecting Theperformance

1.Noise and Artifacts: Noise and artifacts in
medicalimages can be caused by various factors,
including equipment limitations and patient motion.
These issues can lead to inaccuracies in image analysis
and subsequent diagnoses. Developing robust DL
models that can handle noisy and artifact-prone
images is crucial.

2.Motion Artifacts: Motion artifacts can severely
degradethe quality of medical images. Strategies for
motion correction and artifact reduction need to be
integrated into DL pipelines to ensure accurate
diagnosis and prognosis.

3.Lack of Standardized Datasets: The availability of
highquality, publicly accessible datasets is essential for
advancing research in cancer prognosis prediction.
Without standardized datasets, it's challenging to
compare the performance of different models and
generalize findings. Efforts should be made to create
and share datasets while addressing ethical concerns.

4.Data Quality and Privacy: Medical data, including

patientrecords and images, must be handled with
utmost care to protect patient privacy. DL models
must be designed to work with diverse and
sometimes incomplete or noisy data while adhering to
data privacy regulations.

5.Hardware Limitations: models, particularly
deepneural networks, require substantial
computational resources, including GPUs with ample
memory. Model performance can be affected by
variations in GPU performance. Ensuring scalability
and optimizing model architectures for different
hardware configurations is essential.

6.Ethical Considerations: The use of patient data for
training and evaluation raises ethical questions
related to patient consent, data anonymization, and
data sharing. Ethical frameworks and guidelines must
be followed to conduct research responsibly.

DL

VI. RESULTS AND DISCUSSIONS

The provided image depicts the training and validation
performance of a ResNet50 model trained for diabetic
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retinopathy (DR) detection. Let's delve into a more 4.Learning Rate Adjustment: Fine-tuning the learning

detailed analysis:

Model accuracy Model loss

065 Validation Validation

Fig. 3. Accuracy vs Loss
Training Phase:

. Training Accuracy: This curve demonstrates that as the
model undergoes more training epochs, its
performance on the training data steadily improves. It
correctly predicts more instances of diabetic
retinopathy.

. Training Loss: The training loss decreases consistently.
Lower training loss values indicate that the model is
converging towards the optimal weights, which is a
positive sign.

Validation Phase:

. Validation Accuracy: The validation accuracy curve also
displays improvement, albeit at a slower rate
compared to training accuracy. This signifies that the
model is generalizing to new, unseen data, but it still
exhibits some overfitting tendencies.

. Validation Loss: Similarly, the validation loss curve
decreases but at a less steep rate than the training
loss. The slower decline in validation loss suggests
that the model is not over-optimizing for the training
data. Interpreting the Results: The results in the image
show promise, as the model achieves a high training
accuracy and a reasonable validation accuracy.
However, the overfitting observed in both accuracy
and loss plots suggests that the model may not
perform as effectively on completely new data.
Mitigating Overfitting: To address overfitting, several
strategies can be considered:

1.Increase Training Data: A larger dataset can help the
model generalize better and reduce overfitting.

2.Data Augmentation: This technique involves creating
new training samples by applying random
transformations to existing data, effectively increasing
diversity.

3.Optimizer Selection: Experimenting with different
optimizers may help mitigate overfitting. Some
optimizers introduce regularization by design.

.Regularization

rate can influence the model's convergence and
overfitting behavior.

Techniques: Applying L1 or L2
regularization can penalize complex patterns and
encourage simpler, more generalizable models.
Balancing the reduction of overfitting with
maintaining the model’s ability to capture important
data patterns is essential. Over-regularization can lead
to underfitting, where the model fails to learn from
the data effectively. In summary, addressing
overfitting is a critical aspect of model development,
and the techniques mentioned above provide a
starting point for achieving a better balance between
model complexity and generalization performance.
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