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Abstract

ABSTRACT

Diabetic retinopathy (DR) is a dangerous complication of diabetes that affects
the retina and can lead to partial or complete vision loss. It progresses through five
clinical stages, and the majority of patients are diagnosed at a late stage, when their
vision is already severely impaired. Therefore, it is essential to diagnose DR in its
early stage in order to prevent irreversible damage. With the rise of artificial intel-
ligence, deep learning has proven to be a useful tool in medical imaging, delivering

accurate and fast diagnostic support.

In this work, we explored the use of deep learning models for automatic detection and
classification of diabetic retinopathy stages. We used two publicly available datasets:
the APTOS 2019 dataset from Kaggle, which involves a five-class classification prob-
lem, and OLIVES, a multimodal dataset published by research institutions, used for
binary classification between DR and Diabetic Macular Edema (DME).We tested
different convolutional neural network (CNN) architectures , including custom-built
and pre-trained models such as EfficientNet and InceptionResNetV2. To improve
performance and address class imbalance,we applied training techniques like data
augmentation, oversampling, and class weighting . Our results support that deep
learning can effectively assist in the early diagnosis of diabetic retinopathy and en-

able the development of reliable and scalable screening systems in clinical practice.

Keywords:
Diabetic Retinopathy (DR), Deep Learning, Medical Imaging, Convolutional Neural
Networks (CNN), EfficientNet, InceptionResNetV2, Data Augmentation, Class Im-

balance.



RESUME

La rétinopathie diabétique (RD) est une complication dangereuse du diabéte
qui affecte la rétine et peut entrainer une perte partielle ou totale de la vision. Elle
évolue en cinq stades cliniques et la majorité des patients sont diagnostiqués a un
stade tardif, lorsque leur vision est déja gravement altérée. Il est donc essentiel de
diagnostiquer la RD a un stade précoce afin d’éviter des dommages irréversibles.
Avec l'essor de l'intelligence artificielle, ’apprentissage profond s’est révélé étre un

outil utile en imagerie médicale, offrant une aide au diagnostic précise et rapide.

Dans ce travail, nous avons exploré I'utilisation de modeles d’apprentissage pro-
fond pour la détection automatique et la classification des stades de la rétinopathie
diabétique. Nous avons utilisé deux ensembles de données accessibles au public :
I’ensemble de données APTOS 2019 de Kaggle, qui implique un probleme de clas-
sification a cinq classes, et OLIVES, un ensemble de données multimodal publié
par des institutions de recherche, utilisé pour la classification binaire entre la RD
et 'oedéme maculaire diabétique (OMD).Nous avons testé différentes architectures
de réseaux de neurones convolutifs (CNN), y compris des modeéles personnalisés
et pré-entrainés tels que EfficientNet et InceptionResNetV2. Pour améliorer les
performances et traiter le déséquilibre des classes, nous avons appliqué des tech-
niques de formation telles que I'augmentation des données, le suréchantillonnage
et la pondération des classes . Nos résultats montrent que l'apprentissage profond
peut contribuer efficacement au diagnostic précoce de la rétinopathie diabétique et
permettre le développement de systémes de dépistage fiables et évolutifs dans la

pratique clinique.

Mots-clés :
rétinopathie diabétique, apprentissage profond, imagerie médicale, réseauxr de neu-
rones convolutifs, EfficientNet, InceptionResNetV2, augmentation de données, déséquili-

bre des classes.
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General Introduction

Deep learning, computer vision, and medical diagnosis are dominant areas of re-
search in the past several years that lie at the intersection of medicine and artificial
intelligence. Deep learning provides powerful tools to automatically extract helpful
patterns from huge and complicated sets of data, computer vision enables visual
data to be interpreted automatically with accuracy and consistency beyond human
analysis . In medical diagnosis, the conjunction of these technologies is a paradigm
shift, introducing new means of supporting clinical decision making processes, par-
ticularly when utilized in medical imaging.

The reasoning behind the employment of deep learning and computer vision in
medical diagnosis is grounded in the growing requirement for faster, more accurate,
and more consistent diagnostic procedures. Traditional image based diagnostics , as
rudimentary are generally extremely reliant on specialist interpretation, which can
be vulnerable to variation and scarcity, especially in environments of low resource.
Computer aided analysis aims to supplement human expertise, reduce diagnostic
error, and improve access to quality health care services .These technologies en-
able early and precise detection of pathological features, quantitative assessment of
disease progression , and predictive modeling of patient outcomes.

Diabetic Retinopathy (DR) is a sight threatening retinal condition that is respon-
sible for one of the leading causes of visual impairment and blindness in diabetic
patients . In this study, we try to develop an automated diagnostic system based on
color fundus images to classify diabetic retinopathy into five standardized clinical
grades(No DR,Mild,Moderate, Severe, Proliferative DR) .This is the central task of
our dataset that presents several challenges, The first among these is not only the
need to achieve high overall classification accuracy, but also consistent performance
across all the individual classes. This is further complicated by the severe class
imbalance , where some classes are greatly more prevalent than others . In answer
to this, our objective are Improving per class accuracy, especially for the underrep-

resented stages,and employing good methods of addressing class imbalance.
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We also examine a second dataset which unites two dissimilar imaging modal-
ities: color fundus photography and Optical Coherence Tomography (OCT). The
two modalities present complementary visual images of the retina, Fundus pho-
tographs give a generalized surface view of the retina , and OCT cross-sectional
images centered on the retinal layers and macula. However, this multimodal con-
figuration raises new challenges, particularly due to differences in image resolution
and dimensions.

In order to address these challenges, in this work, we proposed a series of deep
learning techniques applicable to each of the data sets. For the first data set we

used three models:
e A model from-scratch, with two dense layers and two dropout layers.

e A transfer learning model with EfficientNetB0, and another on Inception-
ResNetV2.both developed employing the identical two-layer dense network

architecture and two dropout layers .

In the second data set , we used two recent state of the art transfer learning

architectures:
e EfficientNetB2 .
e InceptionResNetV2 .

again with two densely connected layers and two dropout layers.

This Master thesis is divided into three chapters :

e The first chapter lays down the basic principles of deep learning and provides

important strategies pertinent to medical image analysis.

e The second chapter presents a medical summary of diabetic retinopathy,

outlining its causation, clinical phases, and related risk factors.

e The third chapter outlines the deployment of our deep learning models, the
data used, experimental setup, and a thorough analysis of the achieved re-

sults.



Chapter 1

Deep learning
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1 Introduction

Deep Learning (DL) has been among the best fields of artificial intelligence in the
past few years. It is a subset of machine learning involving multi layer neural
networks to learn automatically complex patterns from vast datasets. This feature
has achieved monumental success in many fields .

With the thrust of computer power and access to big data, deep learning has
become the need of hours to solve real world issues with high accuracy . This
chapter provides a detailed overview of deep learning, starting from the fundamental
concepts of neural networks to more advanced techniques and architectures . By the
end of this chapter , we will have a sound understanding of the principles of deep

learning and its pivotal role in modern artificial intelligence.

2 Artificial Intelligence

The process of Artificial Intelligence (AI) art is one of mimicking human intelligence.
that requires the development of ”intelligent agents”, or more accurately systems
that can perceive their environment, analyze information, and act on those percep-
tions to maximize their chances of successfully achieving their predefined goals [1] .
AT enables machines to perform functions such as learning, problem solving, decision
making that would otherwise require cognitive reasoning by the human mind [2] .
In other words, the goal of artificial intelligence is to develop techniques by which
computers can simulate human behavior, and reasoning to improve their behavioral

interaction with, and adaptability to complex environments [3].

3 Machine learning

Machine Learning (ML) is a subset of artificial intelligence that systematically ap-
plies algorithms to recognize and combine patterns in data, to enable machines to
learn and improve their decision making capabilities in a variety of tasks without
human intervention [3][4].

ML models make use of an appropriate combination of mathematical functions
or rule based systems, being trained on input data sets for potentially achieving

high degrees of accuracy while classifying or predicting [5].
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4 Types of machine learning

There are three types of Machine Learning, depending on how these models learn

from data :

4.1 Supervised learning

The algorithm learns by analyzing a training data set, which contains some data
and labels that indicate that this data has the underlying patterns .

In the training step, these learned techniques represent the patterns in the form
of a mathematical description, generally called a model. In the inference step, this
model is used to make predictions or information about new data that has never

been seen before[6].

Labeled Data
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Figure 1.1 — Supervised Learning Diagram

4.2 Unsupervised learning

Unsupervised Learning is a machine learning approach that automatically identifies
patterns in datasets where the data points have no labels or structure(Figure 1.2).

Unlike supervised learning, this method provides an artificial intelligence system
with input data without corresponding output labels [7]. In this paradigm, the
system itself detects specific patterns and structures within the data without any

prior specification of background or labeling [8].
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Unlabelled Data Machine Results
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Figure 1.2 — Unsupervised Learning Diagram

4.3 Semi-supervised learning

Semi Supervised Learning (SSL) uses labeled and unlabeled data at the same time
to improve the performance of machine learning models. SSL relies on assumptions
such as data continuity and class separation. A few of the commonly employed tech-
niques include generative models, consistency regularization, graph based methods,
and self labeling. These techniques are particularly useful when labeling by humans

is expensive or impractical [9].

4.4 Reinforcement learning

In simple terms, Reinforcement Learning (RL) involves an agent learning to make
sequential decisions through interaction with the environment. Instead of receiving
direct input-output pairs, the agent is presented by a description of its current state,
some goal, choices of actions that it could take, and constraints on those actions[8].
Since the agent will try different strategies through trial and error, it will learn to
maximize the cumulative reward.

The core of RL revolves around the construction of a behavior policy which can
link states or situations to actions for the purpose of maximizing long term rewards.
Such approaches are very useful in dynamic environments where learning can only

be done through experience [10].
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5 Foundations of Deep Learning

DL is a Subset of machine learning in which computers learn by example and discover
higher level concepts in data. Deep learning is different from traditional algorithms
where humans have to provide the necessary features and rules, it enables machines
to learn on their own by learning to combine certain features that are then trained
in multiple layers to form new concepts [11].

Essentially, deep learning is rooted in Deep Neural Network (DNN), where the
data is computed via multiple layers of artificial neurons. The layers pull out and
convert features from raw data in a series of linear and non linear transformations,
learning abstract representations incrementally at each level, simulating the func-

tioning of the human cerebral cortex [5].

5.1 Basic concept of Deep Learning

5.1.1 Artificial neural networks

Artificial Neural Network (ANN), are computing models that were inspired from
the biological neural networks of the human brain. Their architectural designs al-
low for processing information mimic how biological neurons transmit and process
information [12].

An ANN consists of interconnected processing units, also known as neurons,
which hence work together for the purposes of recognizing patterns, processing in-
puts, and making predictions [13].

ANN models consist of three primary layers:
e Input layer : to receive raw data.

e hidden layer : in which the data is processed through interconnected neu-
rons using different mathematical transformations in order to extract features

and patterns.[14]
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Output layer: which produces the final prediction or classification result .

This architecture is illustrated in (Figure 1.3).

input layer output layer

Hidden layer

Figure 1.3 — ANN Architecture

5.1.2 Hyperparameters in Deep Learning

The performance of Deep Learning (DL) models is highly reliant on the hyperpa-

rameter setting particular to the dataset. Therefore, Hyperparameter Optimization

is a key step while designing DL models, and have a dramatic effect on accuracy,

generalization, and other performance measures [15].

Major Hyperparameters of Deep Learning are :

Learning Rate: This hyperparameter determines the optimizer step size in
each training iteration. Slow convergence is caused by a low learning rate,

whereas divergence and instability are caused by a high learning rate[15].
Epochs: Number of complete passes through the training set.

Batch Size: Is how many examples go through the network before param-

eters get updated.
Number of Hidden Layers: Determines the depth of the network.

Activation Functions: Activation functions such as ReLU, Sigmoid, and
Tanh introduce non-linearity to the network so that the network is capable

of learning intricate decision boundaries and structures [15].

Optimizer: Optimizers such as Adam, that update the weights during train-

ing in order to reduce the loss function.

Dropout Rate: This is a method of regularization that randomly shuts off

some neurons during training to prevent overfitting.
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5.1.3 Loss Functions

A loss function is one of the significant components in deep learning to quantify how
good a prediction by a model is compared to the real. it computes the difference
between the predicted and actual outcomes.Good predictions imply low loss, while

high loss implies big prediction errors.

Trained models attempt to minimize the loss by adjusting their internal param-
eters. It is trained when the loss is minimized below a given value .

The top most Loss Functions are :

e Mean Squared Error (MSE) : Mean Squared Error (MSE) is the mean
squared difference between the target output and the predictions.
1 & o
MSE =~ (4 — %)
"=
e Cross-Entropy Loss : It estimates the difference between true class labels
and predicted probabilities. The predicted probabilities must lie in the range

of 0 and 1, thus it is ideally appropriate for classification problems .

n

1 . A
Cross-Entropy = - Z [y: log(9:) + (1 — y;) log(1 — ;)]
i—1

6 Neural Network Architectures

6.1 Multilayer Perceptron (MLP)

The Multilayer Perceptron (MLP) is a specific type of supervised neural network that
employs the backpropagation algorithm to learn adjusting its weights to improve
performance. It is one of the feedforward neural networks, where information flows
just in one direction ,from the input layer to the output layer with no feedback
connections [16].

An MLP comprises multiple layers of neurons that are interconnected:

e Input Layer:It receives the raw input and transmits signals to the hidden

layers, There is one neuron for each input feature of the problem.

e Hidden Layers: They perform complex transformations of the data , and
consist of neurons activated by a nonlinear function to enable the network to

learn nonlinear relationships within the data.



CHAPTER 1. DEEP LEARNING 10

e Output Layer: It gives the network’s end prediction. The Number of

neurons within this layer is one neuron per class in classification.

All neurons in a layer of an MLP are fully connected to neurons in the next
layer, this Connections are denoted by weights, which are changed during training
to improve prediction performance .

An MLP is trained through supervised learning, where the network successively
updates its weights in order to minimize the difference between its output and true
target values [17] . This is achieved in a two-stage process known as backpropagation,
where forward propagation and backward propagation take place.

In the forward propagation phase, the input data is propagated layer by layer
into the network. Each neuron takes the input from the layer before it, weights
it with corresponding weights, applies a bias and applies an activation function to
produce an output. This is done all the way until the final output layer, where the
network outputs a prediction . To determine the error, a loss function is used to
find the difference between the predicted and actual value .

Following calculation of the error, the process of backward propagation begins.
This is the process in which error is propagated back through the network to update
model parameters (bias and weights). This is done via gradient descent, an algorithm
used to move weights in a direction towards minimization of the loss.

This forward propagation, calculation of error, and backpropagation cycle is
repeated multiple times (epochs) until the model is at the optimal solution level

where the error is minimized .

6.2 Convolutional Neural Networks (CNN)

Convolutional Neural Network (CNN) is a class of deep learning models specifically
created to handle grid structured data like images. CNNs enabled computer vision
through the tremendous boost in the ability of machines to recognize and classify
objects with great accuracy .

The most significant strength of CNNs is their ability to automatically learn and
extract relevant features from images. They achieve this by increasingly extracting
low-level features (e.g. edges and textures) in the early layers and increasingly
combining them to create more complex, high level features (e.g. shapes and objects)
in the deeper layers[19]. This hierarchical feature extraction renders CNNs highly

efficient and effective at handling large scale image datasets.
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Figure 1.4 — The process of MLP
[18]

6.2.1 CNN Layers and Architecture :

A CNN is made up of a sequence of layers that transform the input image into
an understandable representation step by step [20] . The following is a detailed

explanation of each type of layer and its role in the network.

e Convolutional Layer:
The convolutional layer is the foundation of CNNs. that employs convolution
operations to remove important features from an input image. A convolution
operation involves sliding a small matrix, referred to as a filter (or kernel),
over the input data to compute a weighted sum at each location, and filters
detect particular patterns such as edges, texture, and shape in the image[21].
Each filter generates a feature map that indicates the locations where the
particular patterns occur, with multiple filters. the network learns to detect
multiple patterns at different locations in the image. To ensure that the

entire image is processed, filters are slid over all portions of the image.
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map map

Figure 1.5 — Convolution operation
[22]

e Pooling Layer: Pooling layers decrease spatial dimensions of the feature
maps reducing parameters and computation efficiently. They make the CNN
simpler as it is less sensitive to small variations or distortions in the input
image.

Most popular pooling techniques are:
— Max Pooling: Maximizes max value over small patch (e.g., 2x2 or 3x3),
keeping only the strongest features.

— Average Pooling: It averages values in a region, thus denoising.

e Fully Connected Layer (Dense Layer): The feature maps are flattened
to a one dimensional vector following feature extraction and fed into one or
more fully connected layers (dense layers). They are just like an ordinary
feedforward neural network and are utilized to make final predictions. Every
neuron is connected to every neuron in the preceding layer[23].

The features extracted are integrated to create high level representations for
classification, and a final Softmax layer is used for multi-class classification,
which generates probability scores for each class.

For example , in an image classification task, the final fully connected layer
can generate probability scores for different classes (e.g., Mild DR, Moderate
DR, Severe DR), and the class having the highest probability is the predicted

class like shown in (Figure 1.6) .
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Figure 1.6 — Convolutional neural network

6.3 Recurrent Neural Networks (RNIN)

A Recurrent Neural Network (RNN) is a deep learning algorithm especially applied
to manage sequential data, such as time series, and text. In contrast to Feedforward
Neural Networks (FNN), which process data in a single direction (input to output),
RNNs have recurrent connections where data can be saved and reused at different

times [24].

(a) Recurrent Neural Network (b) Feed-Forward Neural Network

Single direction

Recurrent connection

Figure 1.7 — The difference between RNN and FNN

The fundamental idea of RNNs is that they have internal memory (hidden state)
to remember past inputs. This makes them ideal for understanding context and

sequence related tasks. ¢ The Mechanism of RNNs:

1. Accepting an input: The network accepts a new data point. Such as a

word in a sentence.

2. Updating the hidden state: The new input is combined with the last
hidden state that was remembered, in order to get the updated internal

memory of the network[25].

3. Generating an output: Depending on the task, the hidden state can be

further transformed to generate an output at each time.
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4. Propagating information: The new hidden state is then fed to the next
time step, enabling the network to have memory over several steps in the

sequence [25].

6.4 Transformers

Transformers are a robust type of deep neural networks (DNNs) developed to address
some serious limitations of earlier models used for sequential data, such as recurrent
neural networks (RNNs) . Traditional sequence-to-sequence (seq2seq) models pro-
cess input one step at a time, resulting in slow training and incapable of learning
long distance relations among items in a sequence effectively, They also focus on
short term dependencies [26].

To address such problems, Transformers introduce a process called self-attention(multi-
head self-attention). With this process, the model becomes capable of inspecting
the full input sequence as a whole at once and extracting what is most important
for a given position . As a result, Transformers become more capable of captur-
ing long-distance dependencies and learn much faster compared to RNNs since the
sequence is handled in parallel, not sequentially [26].

The original Transformer model is made up of an encoder and a decoder, both
consisting of multiple identical layers stacked on top of each other.each encoder layer
contains two main components:

A multi-head self-attention mechanism, which allows the model to view different
parts of the input sequence from multiple perspectives.

A feed-forward neural network (FFN) applied to each position separately.

To make it easier for the model to learn more smoothly and avoid complications,
each sub-layer is wrapped in a residual connection and Layer Normalization follows
it.

The decoder layers follow the same pattern but have one added part , it a cross-
attention layer to allow the decoder to pay attention to the relevant areas of the
encoder output. furthermore, the decoder self-attention is masked so that the model
cannot see ahead to the future positions when generating output, something that is

necessary for text generation applications [27].
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7 Learning algorithms and techniques

7.1 Activation functions

An activation function determines whether a neuron in a neural network should fire
or not based on the input. It determines how important the input of the neuron is
to make the prediction using a mathematical operation.

Its primary role is to convert the weighted summed inputs of a neuron to an
output value that is propagated on to the next layer within the network or utilized

as the final output [28].
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The most important activation functions are shown in the following table:

Name Graph Function
Sigmoide f(2) = o=
Tanh - f(z) = };Eii
0 ifz<O
ReLU f(z) =
_ r x>0
_ _exp(z)
Softmax I flz) = >, exp(z;)

7.2 Optimizers

Optimization algorithms in deep learning are methods used to minimize the loss
function, a measure of how much the model’s predictions diverge from actual out-
comes. Optimization methods iteratively adjust the model’s parameters ,such as

weights and biases in an effort to improve performance[29].

7.2.1 Gradient Descent

Gradient Descent is a first-order iterative optimization algorithm used to find the
local minimum or maximum of a function. In ML and DL, it is used broadly to
minimize the loss function.

Gradient Descent will converge to local minima and not the global minimum.
Local minima are points where the loss is lower than points around it but not
necessarily the point of lowest position.

How Gradient Descent Functions :

1. Begin with Starting Parameters:It begins with initial random values of

the model’s parameters (like weights).
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Figure 1.8 — The difference between local and global minima

2. Compute the Gradient: It calculates the gradient (slope) of the loss func-

tion to determine the direction of steepest ascent.

3. Update Parameters: The parameters are updated by moving in the oppo-
site direction to the gradient (in order to decrease the loss). The size of this
move is controlled by the learning rate.but If the learning rate is very low,
the algorithm will take small steps and converge slowly, and If it’s too high,

it may overshoot the minimum or fail to converge(Figure 1.9).

4. Repeat: These are repeated until the loss is minimized to a point or until a

specific number of iterations are obtained.

fiw) fiw)

w' w w* w
Too small: converge Too big: overshoot and
very slowly even diverge

Figure 1.9 — The impact of choosing wrong Learning rate
[30]

7.2.2 Adam

The Adam optimizer (Adaptive Moment Estimation) is an iterative algorithm for

optimization that is used to reduce the loss function while training neural networks.
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It is popular because it can dynamically change the learning rates of each parameter,
which makes it very suitable for large datasets and complicated models.
Adam uses adaptive scaling of learning rates through first and second moment

gradients estimates. The key steps in the Adam process are:

e Initialization: Two zero-initialized moving averages: The first moment
keeps track of the average gradient (how steep the slope becomes).
The second moment keeps track of the uncentered variance of the gradients
(how rapidly the slope is changing).

e Gradient Computation: In each iteration, the optimizer computes the

gradient of the loss function with respect to the model parameters.

e Moment Updates: The first moment (mean gradient) is updated from val-
ues that have preceded it.
The second aspect (variance of gradients) is revised to indicate how the gra-

dients vary with time.

e Bias Correction: As the moving averages are being initialized, Adam em-
ploys bias correction to ensure the estimates are as accurate as possible,

especially in the initial stages of training.

e Parameter Update: Adam uses the updated moment estimates to update
all parameters of a model in order to improve its performance.
This iterative procedure is repeated until the model achieves its optimal or

near-optimal state.

7.2.3 Regularization

Regularization is a method in deep learning and machine learning that avoids over-
fitting and enhances the generalization capacity of a model. Regularization adds a
penalty term to the loss function during model training to keep it away from being
overly close to the training data, including noise and non generalizable information.
A poorly regularized model might be too complex and hence learn not just
the general trends in the data but also their anomalies and noise. This leads to
excessive memorization of training data with poor performance on unknown data,
which characterizes the phenomenon of overfitting[31]. As shown in (Figure 1.10):

e Regularization Techniques

1. Dropout:

Dropout is a regularization method applied to deep neural networks. For

every iteration during training, a random set of the neurons are temporarily
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Good fit Overfitting

Figure 1.10 — Overfitting

deactivated (all their connections too), so the network is not over dependent

on the neurons[31].

2. Batch Normalization:

Batch Normalization standardizes the input of every layer by subtracting
mini-batch mean and dividing by mini-batch standard deviation .this tech-
nique Regularizes training by reducing the dependence on weight initializa-

tion.

3. Data Augmentation:

Data augmentation is a regularization technique that is commonly used in
computer vision and natural language processing (NLP). It does generate new
data from old data by applying random transformations such as rotations,

flips, and translations
4. Early Stopping:
Early stopping is a regularization method that monitors validation set perfor-

mance and stops training when a degradation is observed.it Avoids wasting

time training an overly complex model.

8 Evaluation Metrics

Evaluation metrics are quantitative measurements for gauging the performance and
correctness of a machine learning or statistical model. They provide an unbiased
comparison between different models and help during hyperparameter tuning to

achieve optimal output.

1. Confusion Matrix: A confusion matrix is an NxN matrix, where N is the
number of predicted classes. It is heavily employed in classification tasks,
offering a high level analysis of the model prediction mistakes.It is particularly

convenient to compute precision, recall, specificity, accuracy.
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Definitions Related to the Confusion Matrix :

e True Positive (TP): The instance is positive, and the model has pre-

dicted it as positive accurately.

e True Negative (TN): The instance is negative, and the model has

predicted it as negative accurately.

e False Positive (FP): The sample is negative but the model incorrectly

reports it as positive.

e False Negative (FIN): The sample is positive but the model incorrectly

reports it as negative.

Actually Actually
Positive (1) | Negative (0)

Predicted Tr.u.e Fqlse

Positive (1) Positives Positives
(TPs) (FPs)
Predicted Fals.e Trug

. Negatives Negatives
Negative (0) (FNs) (TNs)

Figure 1.11 — Confusion matrix

2. Accuracy : The Accuracy estimates the number of correctly predicted sam-

ples out of the total number of samples:

Number of correct predictions

(1.1)

Accuracy =
4 Total number of samples

3. Precision and Recall:

e Precision: Proportion of positively predicted instances actually correct
out of total instances predicted positive.
TP

PT@C?:SZ'OH = W (12)
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e Recall (Sensitivity): Proportion of actual positives predicted correctly

by the model.

TP
Recall = m (13)

4. F1-Score : The Fl-score is the harmonic mean of recall and precision, of

use in cases where class distributions are severely imbalanced.

Precision x Recall
Fl1=2 1.4
% Precision + Recall (1.4)

9 Advanced techniques in deep learning

Over time deep learning has seen a substantial increase in its capabilities, resulting
in newer approaches that improve both efficiency and performance of the resulting
model. All these techniques aim at tackling several difficulties and challenges like
overfitting, interpretability, computational cost, etc. This part explores some of the
essential advanced techniques such as transfer learning, fine tuning, and ensemble

learning.

9.1 Transfer learning

Transfer learning is an advanced deep learning technique. Training a model from
scratch typically requires large datasets, which are not always available. This is
where transfer learning comes in hand. The term "transfer” refers to the idea that
knowledge learned in one domain can be applied to another, reducing the need for
extensive new training data.

This methode allows to create powerful models of DL using small datasets by
building on models pre-trained on large datasets [32]. This is especially useful in
areas such as medical imaging where collecting large amounts of labeled data can
be difficult and expensive. It also significantly reduces the duration of training by

using pre-trained models, as training from scratch can take days or weeks [33].

9.1.1 Notable Architectures

EfficientNet: optimizes accuracy and efficiency, using depth, width, and resolu-
tion via a uniform compound coefficient. It achieves greater performance at fewer
parameters than older models, This makes that be ideal for tasks with some limited

resources [34].
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Figure 1.12 — EfficientNet Architecture
[35]

ResNet: uses skip connections, or "residuals” to allow gradients to flow through
the network more easily during training. This does help to prevent that gradient
problem in deep networks. ResNet is broadly used for its good performance. The

neural network excels in image recognition tasks [36].

Input Image
7x7 Conv, 64/2
Size 112 l
2x2 Pool
Size 56 l
1X1 Conv, 64
3x3 Conv, 64
1X1 Conv, 256
Size 28 l
1X1 Conv, 128/2
3x3 Conv, 128
1X1 Conv, 512
Size 14 l
1X1 Conv, 256/2
3x3 Conv, 256
1X1 Conv, 1024
1X1 Conv, 512/2
3x3 Conv, 512
1X1 Conv, 2048
2x2 Pool
FC 1000

Size 224

Size 7

Figure 1.13 — ResNet50 architecture
[37]

InceptionNet : uses multiple convolution filters of different sizes in parallel
within the same layer. This allows the model to capture features at various scales,
making it efficient and accurate for image classification tasks. It was designed to

optimize both computational efficiency and performance [38].
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Figure 1.14 — InceptionNet architecture

[39]

Inception-ResNet : combines the strengths of Inception modules with ResNet’s
residual connections. This hybrid model improves learning speed and accuracy by

enabling deeper architectures [40].

Output: 1000

Softmax

OCutput: 1536

Dropout (keep 0.8)

Output: 1536

Avarage Pooling

T

3 x Inception-C

Output: 8x8x1536

Output: Bx8x1536

Reduction-B

Output: 17x17x1024

7 x Inception-B

Qutput: 17x17x1024

Reduction-A

Output: 35x35x384

4 x Inception-A

Stem

Output: 35x35x384

299x299x3

Input (299x299x3)

Figure 1.15 — Inception-ResNet General Architecture
[40]

9.2 Fine tuning

Another key aspect of transfer learning is fine-tuning, which involves adjusting the
pre-trained model to better fit the new task. Instead of simply reusing the learned
features as they are, fine-tuning allows us to update certain layers of the network—
typically the last few layers—by continuing the training process with a smaller
learning rate. This helps the model adapt more specifically to the target dataset
while still benefiting from the knowledge gained in the original training [41].

9.3 Ensemble Learning

Ensemble learning is a technique within machine learning that combines multiple
models so as to improve prediction accuracy as well as generalization , such methods

reduce errors that are related to a high variance, high bias, or a low accuracy.
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Parallel and sequential methods are the two main categories. Parallel ensembles,
such as bagging as well as its popular extension, random forests, train multiple
base models independently and then fully aggregate their predictions. This certain
approach helps diversify the models and stabilize performance [42].

Ensemble learning can also be categorized into homogeneous and heterogeneous
ensembles. Homogeneous ensembles use one same type of model for each base learner,
while heterogeneous ensembles integrate diverse algorithms so as to benefit from
these diverse strengths. Ensemble learning uses these techniques, and improves
machine learning models robustness and accuracy, which makes it a widely used

real world approach [43].

10 Deep Learning applications

10.1 Computer Vision

With the coming to the fore of neural networks in the last decade, computer vision
research has grown exponentially, it involves teaching machines to interpret and
understand visual information from the world, much like humans do [44].

Deep neural networks (DNNs), especially convolutional neural networks (CNNs),
enable machines to identify, label, and perform more complex image processing

tasks, such as facial recognition, driverless cars, and medical imaging [45].

10.2 Natural Language Processing

Natural Language Processing (NLP) is a branch of Artificial Intelligence that fo-
cuses on understanding and communicating human language. They encompass cor-
pus analysis, information retrieval , machine translation , semantic analysis, text
classification, and more. Those applications depend on how efficiently and quickly
systems can process large volumes of text, and they have a direct impact on the
advancement of information technology [46].

NLP has been transformed by deep learning and transformer architectures such
as Bidirectional Encoder Representations from Transformers (BERT) and Genera-
tive Pre-trained Transformer (GPT) have pioneered this revolution. They can follow
instructions, write essays, summarize long pieces of writing, and even translate be-
tween languages with high accuracy. Unlike previous methods, which depended
heavily on manually defined rules or surface-level algorithms, deep learning systems

have the ability to detect complex language structures from extremely large corpora
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[47].

10.3 Deep Learning in Healthcare and Medicine

At present, a massive volume of biomedical data is available which is continuously
altering the processes of disease diagnosis and treatment within the healthcare in-
dustry. Given the success of deep learning in various fields, it has naturally found
promising applications in the medical domain [48].

Deep Learning is commonly applied in medical imaging and involves the use of
X-rays, CT scans, and MRIs for diagnosing and detecting cancer, cardiovascular
disease, and a whole host of other problems pertaining to neurology [49]. CNNs
are particularly well-suited for image analysis tasks due to their ability to extract

hierarchical features from visual data [50].

11 Advantages of Deep Learning

Deep learning has far and away been one of the most effective techniques in artificial
intelligence, enabling machines to perform complex tasks with record accuracy.
However, Having knowledge of the strengths of deep learning is important to

being able to effectively use it for real world tasks.

e Handling Large and Complex Data : Deep learning algorithms are
best placed to handle extremely big datasets with complex structures, which
are computationally intensive for ordinary machine learning algorithms to

handle. This makes deep learning highly viable in big data applications.

e Handling Non-Linear Relationships : Deep learning models can fit very
non-linear and complex relationships in data. This enables them to predict
more accurately than typical machine learning models with linear assump-

tions.

e Generalization Ability : Deep learning models can generalize well to new
situations by learning abstract and hierarchical representations of data. This

makes them highly versatile and fit for a variety of real world applications.
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12 Challenges and Future Perspectives of Deep

Learning

12.1 Computational Complexity and Data Cost

It is well known that deep learning models can have extraordinary effectiveness, but
often at high computational cost. Generally speaking, these models require large
amounts of data and powerful computers to train on, which can be a significant
barrier to entry. For example, training modern architectures is often reliant on
expensive hardware such as clusters of GPUs or TPUs [51].

Furthermore, the expense goes beyond computation alone because the data itself
needs to be carefully selected and tagged, which is a costly and time-consuming
process [52].

These challenges become worse by the increasing size and complexity of modern
models, which impacts environmental problems. This aspect led to the advent of the
concept of Green Al, which focuses on developing models and methods that achieve
high performance with reduced energy consumption and environmental impact. Re-
searchers are currently discovering strategies such as model optimization, learning
how to reduce training time and architectural design more effectively. Such efforts
aims to balance the compromise between the effectiveness of the computer and the
model performance, which makes it easier to learn about access to depth and more

environmentally friendly, especially in resource related context [53].

12.2 Model Explainability and Interpretability

Interpretability and explainability are generally important as they provide insight
into decisions made by deep learning algorithms. This is especially important in
certain areas such as medicine. In this area, decisions made can have direct conse-
quences on people’s lives. Therefore, understanding how algorithms work in deep
learning tasks can help ensure that the decisions made by these algorithms are cor-
rect and that errors are minimized.

Explainability refers to the ability to describe internal mechanisms and decision-
making processes in human-understandable terms, and to describe the model’s de-
cision process. In contrast, according to Doshi-Velez and Kim interpretability is the
ability of a model to provide explanations or present its reasoning in a way that is

understandable to humans [54].
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Various techniques have been developed for improving model explainability and
interpretability. Methods like Local Interpretable Model-Agnostic Explanations
(LIME) and SHapley Additive exPlanations (SHAP) offer comprehension into how
features impact the model predictions. In computer vision, visualization techniques
such as that of Grad-CAM help to highlight regions in an image that can be most
relevant to a model’s decision. Notwithstanding such advances, achieving any com-
plete comprehension of complex deep learning models remains quite challenging.
Active research, in addition to that, is dedicated to developing methods that can

offer deeper understandings while maintaining performance [54].

12.3 Ethics and Bias in Al

As deep learning becomes increasingly prevalent in the medical field, it’s crucial
to consider the ethical implications—particularly how bias can influence outcomes.
These systems have the potential to perform incredible tasks, such as analyzing
images, comprehending language, and predicting health results [55].

However, due of unconscious biases in their training or construction, they are
still capable of making mistakes, sometimes very catastrophic ones, despite their
immense potential [55].

These biases aren’t always easy to spot, but they can lead to unfair or even
harmful decisions. Usually, bias in AI models falls into three main categories: data
bias, algorithm bias, and engineer bias. Understanding where these come from is a

key step in building safer and more trustworthy Al.

12.3.1 Data bias

Data bias is a frequent source of error in machine learning models, often caused by
poorly selected or representative data. There are several types of data bias, including
cognitive bias, selection bias and reporting bias. To reduce data bias, techniques
such as under-sampling and over-sampling are used to balance the data and reduce

the influence of these biases on the results [56].

12.3.2 Algorithm Bias

Data and the choice of machine learning models (estimators) that may not fit spe-
cific tasks can potentially cause algorithmic bias. Multiple comparative studies in
different domains like agriculture, healthcare, business, etc. Show how algorithm

performance varies by context, with ensemble or neural networks often yielding bet-
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ter accuracy and less bias. Additionally, various bias mitigation techniques have
been proposed, such as adversarial debiasing, fairness constraints, and variational

autoencoders, to ensure more equitable predictions across sensitive attributes [56].

12.3.3 Engineer Bias

When training or evaluating models, machine learning engineers can unintention-
ally introduce bias , often due to cognitive biases such as confirmation bias. As a
result, they interpret data in ways that confirm their initial assumptions , and to
reduce such biases, strategies like teamwork, challenging assumptions, and applying
rigorous statistical methods are recommended. More objective and reliable assess-
ments are also ensured by transparency, third-party evaluation, and comparing with

baseline models [56].

12.4 Future Developments in Deep Learning

Here are some forward-looking perspectives on the future of deep learning pro-
posed by Gary Marcus (researcher in cognitive science and artificial intelligence)
and Francois Chollet (the creator of the deep learning library Keras) :

1.Models that resemble computer programs: Future deep learning models
may incorporate features such as loops, conditional branches, memory mechanisms,
and data structures such as lists and graphs. This will enable them to move beyond
pattern recognition and in the direction of abstraction and reasoning [57].

2. Automated architecture design (AutoML): Future systems will no
longer need to be designed with human network architecture and hyperparameter
optimization. They will automatically learn best architectures via techniques such
as reinforcement learning and evolutionary algorithms [57].

3. Recurring use of modular subroutines: We expect a move towards
constructing models out of learned reusable components on previous tasks. These
can be geometric blocks like convolutional layers or algorithmic blocks like reasoning
routines, and this will lead to more efficient and more generalized learning [57].

4. The limits of deep learning for abstraction and generalization:
Deep systems now are founded upon big amounts of data and can’t generalize to
anything outside of what they’ve seen. They’re great at interpolation but weak at
extrapolation , thus less capable with novel situations or abstract concepts [58].

5. The need for hybrid models combining symbolic and neural sys-

tems: Future Al will be supported by the integration of deep learning with symbolic
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systems. This combination might enable models to reason logically, to manipulate
variables, and to utilize structured knowledge—abilities that neural networks cur-
rently do not possess [58].

6. In the direction of human-like unsupervised learning: There is a
push to develop systems that, like children, can set their own goals, explore, and
learn from unstructured experiences—without any explicit supervision or labeled

data [58].

13 Conclusion

This chapter has provided for a deeper overview into deep learning, highlighting
its role as a key subfield from of artificial intelligence. We examined its basic few
concepts, key architectures, and algorithms that drive learning in the field. A real
emphasis was placed at on how deep learning enables machines to process complex
data, learn representations, in addition to perform tasks such as image recognition
and language understanding with outstanding accuracy.

In the next chapter, we will focus on one of the many diseases for which deep
learning has played a significant role in diagnosis: diabetic retinopathy. We will
explore the nature of this condition and its prevalence, laying the foundation for ac-
knowledging how deep learning is being applied in several medical diagnoses,including

this one.



Chapter 2

Diabetic Retinopathy
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1 Introduction

Diabetic retinopathy (DR) is one of the common complications of diabetes that
affects the eyes, It may lead to vision problems and blindness if early diagnosis and
treatment are not done.

DR progresses slowly and may be asymptomatic at first. It takes on many stages
, starting with early changes in the retina through to severe forms such as irregular
development of new blood vessels . Another condition, Diabetic Macular Edema
(DME), which occurs along with DR, causes swelling of the central part of the
retina and affects vision at any level of DR.

It is imperative to know diabetic retinopathy to be able to develop tools to
diagnose and cure it. In this chapter, we present the most essential characteristics

of DR, including its types, cause, and how it is usually diagnosed.

2 Definition and General Overview

2.1 Definition of diabetic retinopathy

Diabetes mellitus is a chronic metabolic disorder with a profound impact on multiple
organs, including the eyes. One of the most common and vision-threatening ocular
complications of diabetes mellitus is diabetic retinopathy (DR), which affects the
retina, the light sensitive tissue layer at the back of the eye that receives visual
information and transfers it to the brain [59].

DR is asymptomatic at its initial stage, and routine screening is required .it is
typically diagnosed by ophthalmologists on fundus examination, where the eye pupil
is expanded and retina examined with specialized equipment [60]. Clinical diagnosis
relies on the presence of typical retinal lesions such as microaneurysms, hemorrhages,
hard and soft exudates, cotton wool spots, and intraretinal abnormalities [61].

Globally, DR occurs in 30-40 % of individuals with diabetes [62] . It was the fifth
avoidable cause of blindness and moderate to severe visual impairment globally be-
tween 1990 and 2010 [63]. It is also the principal cause of vision impairment among
adults aged 20-74 years, impacting not just quality of life but also socioeconomic sta-
tus,especially working-age adults with early-onset diabetes and proliferative disease,

who have a higher risk of unemployment [64].
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2.2 Diabetic retina

Diabetic retinopathy (DR) is primarily caused by chronic hyperglycemia-induced
damage to the retinal microvasculature. The earliest clinically detectable lesions
i.e., microaneurysms, intraretinal hemorrhages, and hard exudates are hallmarks of
such microvascular damage [65]. These lesions result from breakdown of the blood
retina barrier, microcapillary occlusion, and increased vascular permeability, leading
to ischemia and retinal edema [66] .

Historically, pathophysiological understanding of DR has focused on vascular
abnormalities. This is appropriate, in as much as the early ophthalmoscopic findings
..g., venous beading, microaneurysms, and lipid exudates are direct reflections of
capillary damage, as confirmed by histopathologic studies [65].

As observed in Figure 2.1, chronic hyperglycemia leads to leakage from dam-
aged capillaries, resulting in retinal edema, hard exudate deposition (yellow spots),
hemorrhages, and cotton wool spots classic signs of tissue ischemia. These changes

distort the retinal architecture and result in blurred or distorted vision [66].
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Figure 2.1 — Normal Retina vs Diabetic Retina
[67]

Interestingly, DR also evolves unnoticed over a period of many years in patients
with unrecognized or inadequately controlled diabetes. Most individuals are un-
aware of the condition until after there has been widespread retinal involvement,
emphasizing the need for early screening and stringent glycemic control to exclude

or delay the onset of vision-threatening stages of DR [68].

3 Risk Factors

The clinically most significant risk factors for the course and development of dia-
betic retinopathy (DR) are poor glucose control, hypertension, and the duration of

diabetes and genetics [67].
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3.1 Duration of Diabetes

The longer the duration of diabetes, the stronger the risk factor for DR development
and progression. In the Wisconsin Epidemiologic Study of Diabetic Retinopathy |,
the incidence of any retinopathy was 8 % at 3 years, 25 % at 5 years, 60 % at 10 years,
and 80 % at 15 years in young-onset diabetic patients. The incidence of Proliferative
Diabetic Retinopathy (PDR) was 0% at 3 years and increased to 25 % at 15 years
[59].

More prolonged follow-up cohort studies have confirmed that nearly all individ-
uals with type 1 diabetes will ultimately develop some degree of DR if the disease
persists long enough [67].

3.2 Genetic Susceptibility

Genetic susceptibility is a significant determinant of variation in DR expression.
There are individuals who develop severe DR in the context of good glycemic control,
whereas others do not develop DR in the presence of short disease duration and poor
control. Familial clusters studies and large clinical trials like the Diabetes Control
and Complications Trial have proven a heritable predisposition to DR in type 1 and
type 2 diabetes, after adjusting for conventional risk factors [67].

DR is believed to be a polygenic disorder. Certain gene polymorphisms have

been associated with susceptibility to DR [69].

3.3 Hyperglycemia

Hyperglycemia is the most important modifiable risk factor in DR progression. The
trials demonstrated that tight glycemic control reduced the incidence and progres-
sion of DR in type 1 diabetic patients. The U.K. Prospective Diabetes Study also
demonstrated that tighter control of glycemia in type 2 diabetes reduced the risk of
retinopathy [59].

Chronic hyperglycemia leads to advanced glycation end-product production, in-
ducing oxidative stress and damage to retinal cells. Increased HbAlc has a close
association with DR progression . More recently, studies have also shown glycemic
variability, postprandial glucose spikes to be another contributing factor in DR pro-
gression in type 2 diabetes [70]. Therefore, both management of long-term glycemic

control and normalization of daily glucose fluctuation are required to prevent DR.
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3.4 Hypertension

Hypertension is primarily responsible both for the development and evolution of DR
and DME. In a randomized controlled trial involving 1,148 type 2 diabetic patients
with hypertension, those who received tighter control of blood pressure (150/85
mmHg) compared to less intensive control (180/105 mmHg) were 34 % less likely to
have progression of DR and 47 % less likely to lose visual acuity [59].

4 Classification of Diabetic Retinopathy

Diabetic retinopathy (DR) is classified into different grades according to the severity
of retinal damage observed during fundus examination. Grading ranges from the
early changes limited to the retina’s microvasculature to advanced stages with new
abnormal vessel growth.

DR progresses through Non-Proliferative Diabetic Retinopathy (NPDR) stages,
varying from mild to severe, and may further progress to proliferative diabetic
retinopathy (PDR). At the same time, diabetic macular edema (DME), a condi-
tion of swelling in the macula due to fluid accumulation, may occur at any stage

and is the most common cause of visual impairment [59].

4.1 Non-Proliferative Diabetic Retinopathy (NPDR)

Non-proliferative diabetic retinopathy is the early stage of DR. In NPDR, damage
is restricted to the retinal microvasculature and does not extend beyond the inner
limiting membrane of the retina [68].

The hallmark findings of NPDR are Microaneurysms (focal capillary dilata-
tion),Dot and blot hemorrhages,Retinal edema,Hard exudates,Cotton-wool spots,
and Capillary non-perfusion or occlusion [70].

NPDR evolution is typically divided into three sub-stages:

e Mild NPDR : Characterized mainly by microaneurysms, the first clinically
detectable signs. Microaneurysms with a rise in number and size and hemor-

rhages and hard exudates and infrequent cotton-wool spots also occur [68].

e Moderate NPDR : At this stage, there is an increase in microaneurysm and
hemorrhages size and number and venous beading or rosary-like dilatation in

a few quadrants of the retina [68].
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4.2

e Severe NPDR: This is diagnosed based on the 74-2-1 rule,” and it encom-

passes the presence of one or more of the following symptoms [71]:

— Severe intraretinal hemorrhages and microaneurysms in all four quad-
rants.

— Venous beading in two or more quadrants.

— Clear intra-retinal microvascular abnormalities (IRMA) in at least one
quadrant.

There is extensive capillary closure at this stage, which makes it susceptible

to retinal ischemia and advancement to PDR.

Mild Moderate Severe

Figure 2.2 - NPDR stages

NPDR is an expression of progressive vascular endothelial injury, secondary
to chronic hyperglycemia, which in turn leads to leakage (producing edema),

vascular occlusion, and retinal tissue ischemia [70].

Proliferative Diabetic Retinopathy (PDR)

Proliferative diabetic retinopathy (PDR) is the most advanced stage of diabetic

retinopathy. It is marked by neovascularization (the formation of new abnormal

blood vessels on the surface of the retina or optic disc), initiated by extensive non

perfusion and ischemia of the retinal capillaries [68].

These newly formed vessels are often accompanied by a fibro-glial scaffold, cre-

ating extra-retinal fibrovascular proliferation [70].

PDR is typically categorized into three progressive stages :

e Early PDR: Presence of neovascularization without significant vitreous

hemorrhage [68].

e High-risk PDR: Neovascularization on or near the optic disc associated

with preretinal or vitreous hemorrhage [68].
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e Advanced PDR: Involves severe complications such as extensive vitreous

hemorrhage, tractional retinal detachment, and neovascular glaucoma [68] .

The contraction of the fibrovascular membrane can exert traction on the retina,
resulting in tractional retinal detachment, often accompanied by retinal tears. These
late-stage complications define what is known as advanced diabetic eye disease [71].

Moreover, disruption of the blood retinal barrier, together with leakage of in-
flammatory cytokines and plasma proteins, contributes to the formation of hard
exudates visible under fundoscopy. As the disease advances, vasoconstriction and
capillary occlusions lead to tortuous vessels and worsening ischemia. Cotton wool
spots , representing localized nerve fiber infarctions, may also appear at this stage
[70].

In summary, PDR is driven by severe retinal hypoxia , which leads to Patho-
logical neovascularization both within and beyond the retina, Vitreous hemorrhage,

Tractional retinal detachment, and severe vision loss if left untreated [69].

4.3 Diabetic Macular Edema (DME)

Diabetic macular edema (DME) is a leading cause of blindness in diabetic individu-
als. It is characterized by retinal thickening due to accumulation of fluid within the
macula, the foveal component of the retina that is essential for sharp central vision
[71].

DME can occur at any stage of diabetic retinopathy, both non-proliferative
(NPDR) and proliferative (PDR) [63]. It is a result of breakdown of the blood-
retinal barrier, leading to leakage of plasma components, including lipids and fluid,
into surrounding retinal tissue.

Historically, the majority of interest in diabetic retinopathy has focused on vascu-
lar abnormalities, such as intraretinal hemorrhages, microaneurysms, venous bead-
ing, and hard exudates. Such features, as observed by ophthalmoscopic findings, are
indicative of retinal capillary damage, as supported by histopathologic findings [65].
Over time, this capillary dysfunction and subsequent retinal ischemia are central

factors in the pathogenesis of macular edema.
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5 Medical Imaging Techniques

5.1 Fundus Photography

Funduscopy is an ophthalmological examination intended to study the structures of
the eye behind the lens, and more particularly the retina, optic disc, macula, and
blood vessels. It is often performed using a fundus camera, which is a device made
of a low power microscope and a digital or film based camera. The optical system
resembles that of an indirect ophthalmoscope, enabling magnified and wide angle
views (30° to 50°, and up to 140° with auxiliary lenses).

During imaging, light is directed through a series of lenses and reflected onto the
retina through the pupil, while the returning light forms a detailed image on a digital
sensor or film. Fundus imaging permits clinicians to screen for retinal diseases such
as diabetic retinopathy, even in its initial stages. Though digital photography may
have slightly lower image quality than traditional film, it is highly efficient, offers
instant results, and creates a permanent visual record, making it a preferred method

for large scale screening and monitoring [72].

Figure 2.3 — Normal fundus

5.2 Optical Coherence Tomography

Optical coherence tomography (OCT) is a non invasive imaging tests that allows
ophtalmologists to examine the retina in cross sectional layers by measuring the
depth and thickness. This technique helps in diagnosing multiple eye deseases |,
including diabetic retinopathy [73].

It is used as a reference standard for diagnosing diabetic macular edema (DME),

because fundus photographs alone can miss certain abnormalities (leading to false
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negatives) or mistakenly detect abnormalities that are not actually present (resulting

in false positives) [74].

Foveal
center

Normal

Foveal
center

Diabetes

Figure 2.4 — OCT and Fundus images show a normal retina for a healthy patient
and retinal damage for a diabetic patient
[75]

5.3 Fluorescein Angiography

Fluorescein Angiography (FA) is a diagnostic imaging test that assesses retinal and
choroidal circulation by introducing a fluorescent dye into the circulatory system.
FA has been the mainstay of ophthalmology in the identification of vascular lesions
in diseases such as diabetic retinopathy and age related macular degeneration. Inva-
sive though it is, FA provides high-resolution dynamic circulation imaging. Recent
advancements have witnessed the introduction of widefield imaging and artificial in-
telligence based analysis. However, newer non invasive tools like OCT angiography

are now emerging as viable substitutes [75].

6 Medical Treatement

6.1 Controlling Diabetes

In order to lower the risk of developing diabetic retinopathy for a patient or help
slow its progression, it’s important to keep his blood sugar, blood pressure, and
cholesterol under control. Making healthy lifestyle choices, such as eating well,
staying active, and avoiding smoking, can make a big difference. In some cases,
medication may also be necessary to keep these levels in check and protect his eyes

over the long term [76].
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6.2 Intra-vitreal injections of anti-vascular endothelial growth

factor(VEGF') agents

In more advanced stages of the disease, substances are injected into the vitreous body
to reduce macular edema, prevent or slow the progression to proliferative retinopa-
thy, and improve or stabilize vision. These anti-Vascular Endothelial Growth Factor
(VEGF) work by blocking a protein that stimulates abnormal blood vessel growth
and fluid leakage in the retina [77].

6.3 Intravitreal corticosteroid injections

Intravitreal corticosteroid injections can be administered in liquid form, with a faster
but shorter lasting effect ,or as a biodegradable implant that gradually releases the
medication over several months [78], they are mainly used to reduce macular edema.

In diabetic retinopathy, diabetic macular edema (DME) can occur when dam-
aged blood vessels leak fluid, Corticosteroids help reduce inflammation and reduce

this leakage, which can stabilize or improve vision [79].

6.4 Laser treatment

This procedure uses laser light to stop the growth of abnormal new blood vessels,
helping to halt neovascularization and prevent further vision loss [80]. A study
using a rabbit model of retinal ischemia showed that photocoagulation helped reduce
VEGEF levels, vascular leakage, and abnormal blood vessel growth caused by ischemia

81].

Laser beam

Coagulation

Figure 2.5 — Laser Photocoagulation
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6.5 Surgical treatment

It is a type of eye surgery used to manage retinal diseases, known as vitrectomy,
involves removing the vitreous humor( wich is a clear gel like substance that fills the
inside of the eye. It helps the eye keep its round shape by gently pressing against
the retina ) from the eye and replace it with a clear solution [82]. This procedure is
typically used to treat severe complications of diabetic retinopathy, such as vitreous

hemorrhage or retinal detachment [83].

7 Advantages of Al for diagnostic assistance

- Faster, Cheaper DR Diagnosis :Automated methods for detecting diabetic
retinopathy (DR) provide a quicker, more reliable, and more affordable alternative
to traditional manual diagnosis. Manual methods can be slow, require a lot of effort
from specialists, and sometimes lead to interpretation errors [84].

- High Diagnostic Accuracy :CNNs have shown impressive results in identi-
fying and classifying DR signs in retinal images. underlining the strong potential of
deep learning tools in helping doctors make better and faster decisions in real world
clinical settings [85].

- Early Detection and Grading :DL models can identify early signs of DR
like microaneurysms, this makes early intervention possible.A study developed a
CNN that achieved a sensitivity of 98% and specificity above 94% in early stage
detection [86].

- Reduction of Screening Costs and Improved Accessibility: Using a
deep learning based automated tool to assess diabetic retinopathy from color fundus
images can help reduce the risk of misdiagnosis and improve the overall diagnostic
workflow. Such tools also offer significant advantages, including lower screening
costs, better access to healthcare services, and the possibility of initiating treatment
earlier [87].

- Integration with Mobile and Real-Time Applications: DL models can
be integrated with electronic health records and mobile applications, thereby en-
hancing the practicality and reach of DR screening programs which helps facilitate

point of care diagnostics and continuous monitoring [88].
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8 Conclusion

In the present chapter, we have given a clear and comprehensive overview of dia-
betic retinopathy (DR), one of the main causes of preventable blindness around the
world. We have illustrated its pathophysiological mechanisms, risk factors, clinical
presentation, and classification based on disease severity. Understanding these ele-
ments plays an important role in detecting the disease at an early stage and taking
appropriate measures in time.

In the following chapter, we will present the models we developed to detect
diabetic retinopathy using deep learning techniques. We give a brief overview of the
dataset, the models architecture, and the methods used. Additionally, we perform
a comparison between the different models in terms of performance and robustness.

This is followed by a detailed analysis of the results and conclusions.



Chapter 3

Implementation and Evaluation

Results
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1 Introduction

This chapter presents the evaluation of the experimental results gathered during
training and evaluation of different deep learning models for diabetic retinopathy
classification. The evaluation is conducted on two independent datasets: the AP-
TOS 2019 Blindness Detection dataset and the OLIVES dataset. Our prime objec-
tive in this chapter is to compare the performance of the proposed models : CNN,
EfficientNet B0, and InceptionResNetV2 for the APTOS 2019 dataset, and Efficient-
NetB2 and InceptionResNetV2 for the OLIVES dataset ,identify their positives and
negatives, and study the impact of varying training techniques, i.e., data augmen-
tation and oversampling.

Throughout the chapter, comparisons are made between models for each of the
datasets, revealing which architecture worked best under the same experimental
conditions. This evaluation provides insight into what deep learning techniques

perform well on multiclass and binary diabetic retinopathy classification tasks.

2 Dataset Description

2.1 APTOS 2019 Blindness Detection

The first data used under this study were retrieved from Kaggle, having been part
of the APTOS 2019 Blindness Detection challenge[89]. It comprises a total of 3662
retinal fundus images collected using fundus photography. The images originated
from various clinical centers at multiple time intervals using different camera models,
resulting in extreme variability when it comes to imaging resolution, lighting, as well
as total image quality.

Consequently, some of the images may include noise, blurring, or exposure in-
homogeneities, which are the kind of complexities one would expect to encounter in
real clinical data [90].

All images have been annotated by a trained medical specialist using a standard-

ized five grade diabetic retinopathy severity scale:
e 0: No DR .
e 1: Mild .
e 2: Moderate .

e 3: Severe .
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e 4: Proliferative DR .

The Figures 3.1 indicate a clear class imbalance with higher numbers of early

stage instances , as represented in the below figure:
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Figure 3.1 — Aptos 2019 Dataset Distribution

2.2 Ophthalmic Labels for Investigating Visual Eye Seman-
tics (OLIVES)

The second dataset used is the OLIVES (Ophthalmic Labels for Investigating Visual
Eye Semantics) dataset , made available in the public domain on GitHub [91]. Unlike
the vast majority of available datasets that consist of single modality data or address
the disease classification task only. OLIVES is a detailed, multimodal representation
of the state of the eye over time, making it particularly well adapted to machine
learning application in ophthalmology.

OLIVES consists of 1268 near infrared fundus images ,All corresponding to at
least 49 OCT scans,16 vectorized biomarkers derived by clinical interpretation,4
clinical labels, And a diagnosis label for the presence of either Diabetic Retinopathy
or Diabetic Macular Edema .

These data were collected from 96 eyes, with mean follow up of 66 weeks, and
7 treatment injections per eye for clinical trials. The dataset is meant to facili-
tate investigation of relationships between different data modalities fundus images,

OCT scans, biomarkers, and clinical labels during treatment[92]. This dataset also
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exhibits a class imbalance between the two diagnostic categories (DR and DME),
with one class significantly more represented than the other, as illustrated in the

following figure:
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Figure 3.2 — OLIVES Dataset Distribution

3 Data Preparation and Augmentation

3.1 Image Preprocessing

All images, before training, were preprocessed in the standard manner to make
them compatible with convolutional neural network architectures. so in our work
, each image was resized to 224x224 pixels,to make an input size commonly used
in computer vision models. Normalization was also carried out by dividing each
pixel value by 255, normalizing pixel intensities to the [0, 1] range. It makes the
input data consistent and improves training stability and efficiency, irrespective of

the model architecture used .

3.2 Data Augmentation

To make the model stronger and prevent overfitting, we applied several data aug-
mentation techniques . These operations produce synthetic versions of the original
images but keep their labels, This enables the model to learn more about generalizing

to new cases .
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The transformations applied are mentioned in the table below:

Technique Description

horizontal_ flip=True Horizontally flips the image to simulate a mir-
rored view.

width_shift range=0.1 Shifts the image horizontally by up to 10% of
its width.

height_shift_range=0.1 Shifts the image vertically by up to 10% of its
height.

brightness _range=[0.8, 1.2] | Adjusts image brightness between 80% and
120% to simulate lighting variations.

fill mode='nearest' Fills in empty pixels from shifting using the
nearest pixel values.

Table 3.1 — Summary of data augmentation techniques applied

These operations were applied only on the training set, but the images of vali-

dation were simply normalized and not subjected to geometric transformation.

Original Flip horizontal Width shift
Height shift Brightness Fill Mode

Figure 3.3 — Augmented data for Aptos 2019 Blindness Detection images
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Figure 3.4 — Augmented data for OLIVES fundus images

Original Flip horizontal Width shift

Height shift Brightness Fill Mode

Figure 3.5 — Augmented data for OLIVES OCT images

3.3 Handling Class Imbalance

Both datasets utilized in this work presented a significant class imbalance , In an
effort to overcome the undesirable effects of such an imbalance model bias on the
majority class and poor generalization on minority classes we used diverse strategies

pertinent to each dataset.

3.3.1 Oversampling

For the first dataset Aptos 2019, we handled the issue through oversampling specific
to the minority classes: 2 (Mild),4 (Severe), and 5 (Proliferative DR) . We did this
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by replicating samples of minority classes to artificially increase their frequency in
the training set.

In practice, we did this with a factor of 3 such that for every instance of class
2, 4 and 5 we added two more synthetic instances through sampling with replace-
ment. This tripled the number of examples for these classes, bringing them closer
in proportion to the majority class. The final training set was then shuffled so that

the model would not learn from any sequence patterns created by oversampling.

3.3.2 Class weighting

For the second dataset OLIVES, we employed a different approach with class weight-
ing. Instead of modifying the dataset itself, we computed class weights from the
'balanced” mode of scikit-learn compute class_weight function . The mode auto-
matically gave higher weight to minority classes and lower weight to majority classes
proportionally to the inverse frequency of each class, these weights were then passed
on to the training function of the model so that errors on unusual classes would be
given more importance in the loss function. This helps to offset bias towards stan-
dard classes and forces the model to treat all classes equally despite their respective

frequencies being different.

4 Models Architecture

4.1 Model used

As part of this project, we studied and compared some of the convolutional neural
network (CNN) architectures in order to identify the best-performing one for our
classification.

CNN from scratch: (used for aptos dataset only) We initially built a pro-
prietary CNN architecture from scratch, employing no pre-trained models. This
facilitated us to grasp the basics of CNN and have direct control over the number of
convolutional layers, filter sizes, activation functions, and other parameters. How-
ever, even though this model was entirely tailored to our data, its performance and
generalization ability were found to be modest.

EfficientNetBO : (used for aptos dataset only)

We then experimented with EfficientNetB0, which is one of the pre-trained mod-
els that is highly efficient offering a good balance between accuracy and computa-

tional cost. We used transfer learning on the features learned on ImageNet and then
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fine-tuned the model to our task.

EfficientNetB2 : (used for olives dataset only)

In addition to the experiments above, we used EfficientNetB2 for the olives
dataset, a more powerful variant of the EfficientNet family compared to B0, it
had greater feature extraction capability, which better suited to the complexity of
the olives classification task. As with EfficientNetB0, ImageNet-weighted transfer
learning was used, followed by task-specific fine-tuning.

InceptionResNetV2 : (used for both datasets)

Lastly, we used InceptionResNetV2, which is a deeper and more rich architecture
compared to EfficientNetB0. It is a network that makes use of the strength of
both Inception modules and residual connections for effectively learning multi-scale
features and maintaining gradient flow in very deep networks. It has proven useful

for applications with extensive and hierarchical feature extraction.

4.2 Architectural Modifications and Adaptations

4.2.1 APTOS 2019 Blindness Detection Dataset :

CNN from scratch:

Component | CNN from Scratch

Base Model | None — built from scratch

Input Size 224

o Conv Block 1: 32 filters, 3x3, ReLU
o Conv Block 2: 64 filters, ReLLU

e Conv Block 3: 128 filters, ReLU

e Conv Block 4: 256 filters, ReLU
Pooling MaxPooling2D after each Conv layer

e 256 units + ReLLU

e 128 units + ReLLU

Dropout « Dropout(0.2) after each Dense layer

Conv Blocks

Dense Layers

Output Layer | Dense(5) + softmax

Table 3.2 — Architecture details of CNN from scratch
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EfficientNetB0 and InceptionResNetV2:

Component EfficientNetB0O | InceptionResNetV2
Base Model Pretrained on ImageNet (include_top=False)
Input Size 224x224 RGB | 256x256 RGB

Convolutional Blocks

Handled internally by the base model

Pooling

GlobalAveragePooling2D

Dense Layers

e 256 units + ReLU
e 128 units + ReLU

Dropout

Dropout(0.2) after each Dense layer

Output Layer

Dense(5) + softmax

Training Strategy

Custom layers trained first, then fine-tune full model

Table 3.3 — Comparison of architecture components: EfficientNetB0O vs Inception-

ResNetV2

4.2.2 OLIVES Dataset :

EfficientNetB2:
Component EfficientNetB2
Base Model Pretrained on ImageNet (include_ top=False)
Input Size 224x224 RGB
Convolutional Blocks Handled internally by the base model
Pooling Global AveragePooling2D

Dense Layers

e 128 units + ReLU
e 064 units + ReLU

Dropout

Dropout(0.2) after first Dense layer
Dropout(0.3) after second Dense layer

Output Layer

Dense(2) + softmax

Training Strategy

Train custom layers first (5 epochs)
Then fine-tune last 100 layers (20 epochs)

Table 3.4 — Model architecture and training strategy for EfficientNetB2
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InceptionResNetV2:
Component InceptionResNetV2
Base Model Pretrained on ImageNet (include_top=False)
Input Size 224 %224 RGB
Convolutional Blocks | Handled internally by the base model
Pooling GlobalAveragePooling2D
Dense Layers Dense(256) + ReLU
Dropout Dropout(0.3) after the dense layer
Output Layer Dense(2) + softmax

Trainine Strate e Train custom head for 5 epochs
& &Y e Fine-tune the last 100 layers for 10 epochs

Table 3.5 — Model architecture and training strategy for InceptionResNetV2

5 Training Strategy

5.1 Data Splitting

For both datasets, the data was devided into 90% for training and 10% for valida-
tion/test. Splitting was done in a stratified manner to maintain class distribution

over subsets .

5.2 Hyperparameters

5.2.1 Loss Function

For the APTOS dataset, we used a proprietary categorical focal loss with gamma =
1.5 for EfficientNetB0O and gamma = 2.0 for InceptionResNetV2 with alpha = 0.25,
emphasizing more challenging to classify instances.

On the OLIVES dataset, we used a regular categorical cross-entropy loss .
5.2.2 Optimizer
The two models were optimized using the Adam optimizer due to its adaptive learn-
ing rate and quick convergence. It was used in initial training and fine tuning.

5.2.3 Training Configuration

In the APTOS dataset, initial training involved learning rate le-4 with batch size

of 32 for 5 epochs and subsequent fine tuning through learning rate le-5 for the
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remaining 30 epochs for EfficientNetB0 ,20 epochs for InceptionResNetV2, and 25
epochs for CNN. In OLIVES dataset, the initial training also began with learning
rate of le-4, but batch size of 16 in EfficientNetB2, and batch size of 32 in Incep-
tionResNetV2 for 5 epochs in the first training phase. The fine tuning was with

learning rate of 5e-5 for 20 epochs.

5.3 Training Techniques

To aid generalization and stabilize the learning, both data sets used the identical

training procedures.

¢ ReduceLROnPlateau decreased the learning rate when performance plateaued

by a factor of 0.5 for APTOS and 0.2 for OLIVES.

e ModelCheckpoint was also applied on both environments to save best per-

forming model weights during training .

These methods combined to provide enhanced convergence, less overfitting, and

improved performance on the validation sets.

5.4 Evaluation Metrics

For measuring the model’s performance, we used various evaluation metrics. At
both training and validation, we monitored accuracy and loss to evaluate global
learning behavior and detect signs of overfitting.

In order to have a more precise performance per class, especially with class im-
balance, we also computed the precision, recall, and F1-score on the validation set.
These metrics inform us about how good the model is at discriminating between in-
dividual class, especially the minority class. The results were then reported through

a confusion matrix to further analyze prediction errors .

6 Implementation Environment

6.1 Hardware used

The development and training of the model were carried out using two different
environments:
— Local machine:
— Processor: AMD Ryzen 7 5800X3D
— Graphics Card: AMD Radeon RX 6800 XT
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— Memory: 32 GB RAM
— Cloud environment:
Platform: Kaggle Notebooks, which provides free access to GPU resources ,

we used GPU T4 x 2 for EfficientNet and GPU P100 for InceptionResNetV2.

6.2 Software Stack

— Python distribution: Anaconda
— Python version: Python 3.11.4

6.3 Deep learning libraries

TensorFlow / Keras: Keras is high-level API in the TensorFlow platform. It offers
a simple and effective interface for solving machine learning tasks, particularly deep
learning. This API supports the entire ML, workflow from data preprocessing to

model training, tuning, and deployment [93].

Other libraries:

— NumPy: NumPy is a fundamental Python library for scientific computing. It
provides tools for arrays with dimensions and has a variety of functions that
are able to perform math, statistics, data sorting, etc., quickly and effectively
[94].

— Pandas: Pandas is a free Python library that offers fast, robust, and flexible
tools for data analysis and manipulation [95].

— Matplotlib: Matplotlib is a Python library that creates various types of
plots, from simple charts to more complex, animated, or interactive plots
[96].

— scikit-learn: Scikit-learn is an open source library providing simple and
high performance predictive data analysis tools, built on NumPy, SciPy, and
Matplotlib, designed to be convenient to use ,reusable, and commercially

usable under the BSD license [97].


https://www.anaconda.com/
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7 Results and Discussion

7.1 Aptos 2019 Blindness detection datase

7.1.1 Results without Data Augmentation and Oversampling

To establish the baseline performance of our models and estimate the difficulty of
training, we initially trained our three architectures(CNN from scratch, Efficient-
NetB0, and InceptionResNetV2) without the use of any data augmentation or over-
sampling methods. This provides the first step to see how each model performs on
the original imbalanced dataset . The following plots are the training and validation

accuracy and loss curves of each model:

e CNN
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Figure 3.6 — Training and validation accuracy/loss curves before data augmentation
for CNN

e EfficientNetBO
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Figure 3.7 — Training and validation accuracy/loss curves before data augmentation
for EfficientNetBO
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e InceptionResNetV2

0.14 - -
—— Train Loss —— Train Accuracy
Val Loss Val Accuracy
0.12 4 0.95 4

0.10 1 0.90

0.08 4 0.85 4

g
&

Précision

0.06

0.04 0.75

0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
Epoques Epoques

Figure 3.8 — Training and validation accuracy/loss curves before data augmentation
for InceptionResNetV2

In all three models, we saw indications of overfitting. Training accuracy kept going
up steadily, whereas validation accuracy plateaued , and validation loss started to
rise after several epochs. This indicated that the models weren’t generalizing too
well to new data .

The following are the confusion matrices for the three models:

o CNN
o 174 3 4 0 0 160
140
- - 5 16 15 1 0 190
100
Sn- 7 6 1 0
= - 80
- 60
m - 0 0 12 7 0
- 40
o+ - 0 3 26 1 0 -20
l l | | | -0
0 1 2 3 4
Predicted

Figure 3.9 — Confusion matrix before oversampling for CNN
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o EfficientNetBO
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Figure 3.10 — Confusion matrix before oversampling for EfficientNetB0

e InceptionResNetV2
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Figure 3.11 — Confusion matrix before oversampling for InceptionResNetV2

These confusion matrices also reveal the class imbalance problem. The models
were doing well for the most common class (class 0 and class 2) and consistently
misclassifying minority classes like class 1, 3, and 4 or failing to predict them , as
observed with classes 3 and 4 in EfficientNetB0 and class 4 in CNN. This is a clear
indication that the learning process was trying to learn majority class patterns and

was ignoring underrepresented classes.
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The fl-score values before using oversampling, for each class of our three models

are in the following table:

CNN | EfficientNetBO | InceptionResNetV2
Class
fl-score f1-score fl-score
0 95% 92% 96%
1 49% 25% 46%
2 1% 68% 75%
3 48% 00% 42%
4 00% 00% 57%

Table 3.6 — Fl-scores per class for each model before oversampling

As it can be observed from this comparison, bot CNN and EfficientNetB0 strug-
gled the most with correctly identifying classes 1, 3, and 4. Fl-score for them is
significantly worse or doesn’t exist than for the majority class (class 0 and class
2), which corroborates the fact that class imbalance significantly impacts model

performance.

7.1.2 Final Results with Data Augmentation and Oversampling

After data augmentation and oversampling, the performance of ous models was

significantly enhanced to mitigate overfitting and class imbalance.

e CNN
Figure 3.12 represents the CNN model’s training and validation accuracy and
loss curves. The accuracy value on the training set was 76% while on the
validation set was 77%. Loss dropped to 0.1029 for training and 0.1210 for

validation.
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Figure 3.12 — Training and validation accuracy/loss curves for CNN

Figure 3.13 displays the confusion matrix of the CNN model, showing its
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predictions across the five diabetic retinopathy classes.and the classification

report provides the detailed performance metrics for each class.

160

) 171 8 0 1 1
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Figure 3.13 — Confusion matrix for CNN

Class | Precision | Recall | Fl-score
0 96% 94% 95%
1 50% 65% 56%
2 76% 62% 68%
3 37% 53% 43%
4 48% 50% 49%

Table 3.7 — Classification report for CNN

e EfficientNetBO
Figure 3.14 shows the training and validation loss and accuracy curves over
30 epochs. As can be seen, accuracy kept going up, reaching 82% for the
training set and 81% for the validation set. The loss also kept dropping
consistently, reaching 0.0824 for training and 0.0911 for the validation set.
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Figure 3.14 — Training and validation accuracy /loss curves for EfficientNetB0
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Figure 3.15 also illustrates the confusion matrix, which reveals a relatively
well balanced classification for the five classes. The classification report also

bears witness to that improvement.
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Figure 3.15 — Confusion matrix for EfficientNetB0

Class | Precision | Recall | Fl-score
0 95% 98% 97%
1 64% 49% 55%
2 76% 74% 5%
3 42% 53% 47%
4 55% 57% 56%

Table 3.8 — Classification report for EfficientNetB0
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e InceptionResNetV2

Figure 3.16 shows the training and validation loss and accuracy curves over
15 epochs for the InceptionResNetV2 model. As shown, the training accu-
racy steadily increased to reach approximately 94%, while the validation
accuracy improved and stabilized around 81%. The training loss continu-
ously decreased to below 0.02, and the validation loss reached a value close

to 0.08, indicating good convergence.
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Figure 3.16 — Training and validation accuracy /loss curves for InceptionResNetV2

The confusion matrix illustrated in Figure 3.17 and classification report below
also confirm that after oversampling, the model showed a slight increase in F'1-
scores, especially for the minority classes, confirming the benefit of balancing

the dataset.

Matrice de confusion
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Figure 3.17 — Confusion matrix for InceptionResNetV2
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Class | Precision | Recall | Fl-score
0 0.95 0.98 0.96
1 0.61 0.51 0.56
2 0.74 0.76 0.75
3 0.50 0.42 0.46
4 0.61 0.63 0.62

Table 3.9 — Classification report for InceptionResNetV2

7.2 OLIVES dataset

7.2.1 Results without Data Augmentation and classweight

o EfficientNetB2

Figure 3.18 presents the training and validation accuracy and loss of the

EfficientNetB2 model before applying data augmentation and class weight-

ing. The training accuracy increased steadily, reaching over 97%, while the

validation accuracy fluctuated throughout the 20 epochs. The training loss

decreased continuously, but the validation loss showed instability and peaked

at several points, indicating poor generalization and overfitting.
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Figure 3.18 — Training and validation accuracy/loss curves for EfficientNetB2
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True label

Figure 3.19 — Confusion matrix for EfficientNetB2

Confusion Matrix
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Class | Precision | Recall | Fl-score
DR 0.93 0.80 0.86
DME 0.87 0.96 0.91

e InceptionResNetV2

Table 3.10 — Classification report for EfficientNetB2

Figure 3.20 presents the training and validation accuracy and loss of the

InceptionResNetV2 model.

The training accuracy rises sharply, reaching

99% by the fifth epoch, while the validation accuracy stagnates around 84—

88%, indicating a significant generalization gap. The loss curves further

confirm this issue: while the training loss decreases steadily (approaching 0),

the validation loss increases. This rise in validation loss is a classic sign of

overfitting.
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Figure 3.20 — Training and validation accuracy/loss curves for InceptionResNetV2
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Confusion Matrix
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Figure 3.21 — Confusion matrix for InceptionResNetV2

Class | Precision | Recall | Fl-score
DR 0.96 0.67 0.79
DME 0.81 0.98 0.89

Table 3.11 — Classification report for EfficientNetB2

7.2.2 Final Results with Data Augmentation and classweight

o EfficientNetB2

Figure 3.22 presents the training and validation accuracy and loss of the Ef-

ficientNetB2 model. The accuracy improved consistently for the 20 epochs

to 93% training and 92% validation. Training loss fell to 0.1624, and vali-
dation loss reached 0.2046.
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Figure 3.22 — Training and validation accuracy/loss curves for EfficientNetB2
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Figure 3.23 presents the corresponding confusion matrix, indicating the good

predictions of the model between DR class and DME class.
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Figure 3.23 — Confusion matrix for EfficientNetB2

Class | Precision | Recall | Fl-score
DR 0.92% 0.90% 0.91%
DME 0.93% 0.94% 0.94%

Table 3.12 — Classification report for EfficientNetB2

e InceptionResNetV2

Figure 3.24 displays the training and validation curves of the InceptionRes-

NetV2 model after applying data augmentation and class weighting. While

the training accuracy continues to improve and reaches nearly 100%, the val-

idation accuracy remains low and fluctuates slightly between 84% and 87%.

Moreover, the validation loss increases significantly across epochs, while the

training loss converges close to zero.
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Figure 3.24 — Training and validation accuracy/loss curves for InceptionResNetV2
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Figure 3.25 — Confusion matrix for InceptionResNetV2

Class | Precision | Recall | Fl-score

DR 0.98% 0.84% 0.90%
DME 0.90% 0.99% 0.94%

Table 3.13 — Classification report for InceptionResNetV2

7.3 Discussion

7.3.1 Aptos 2019 Blindness detection database

-Initially, training without any augmentation or rebalancing techniques revealed a
clear tendency toward overfitting, particularly for the CNN developed from scratch.
The learning curves show a continuous increase in training accuracy, while the vali-
dation accuracy quickly plateaued at 77%, accompanied by a rise in validation loss.

-In addition, the confusion matrices showed a clear bias of the models toward
the majority classes (notably classes 0 and 2), while minority classes (1, 3, and 4)
were frequently misclassified, or even completely ignored. This issue was reflected
in the Fl-scores, which were very low or even zero for these classes in the case of
CNN and EfficientNetBO.

-A notable exception was observed with InceptionResNetV2, which, even without
oversampling, was able to detect some of the minority classes, in particular class 4
with a score of 57%, something that none of the other two models was able to
achieve. This reflects a higher inherent robustness of InceptionResNetV2 in dealing

with unbalanced data, likely due to its depth and its ability to learn multi-scale
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features.

-Following this observation, data augmentation was effective in generalizing as
can be seen from the stabilization of the validation curves and the gap closure
between the training and validation performance. However, the class imbalance
problem persisted, which justified the application of oversampling — a strategy that
allowed better representation of the under-represented classes. This improvement is
visible not only in the confusion matrices, but also in the more balanced distribution
of Fl-scores across the different classes

-Although the InceptionResNetV2 model had a strong ability to identify some
minority classes before rebalancing, its performance in the final stage exhibited a
significant overfitting behavior, as seen from the learning curves. It became less
effective in generalizing well on new data, despite achieving a good end accuracy of
81.47%, which was only a slight improvement from its initial performance (79.84%).
On the other hand, EfficientNetB0 showed greater enhancement, from 73% to 81%
accuracy, by having more stable and robust training and validation learning curves,
signifying better ability for generalization. Such results show that EfficientNetB0
has the best performance-stability-robustness trade-off and is therefore more suitable
for automated clinical use in real-world practice — especially when there is an

imbalanced data scenario.

7.3.2 OLIVES database

In the initial training on the OLIVES dataset, regularization techniques were not
applied ;no class weighting and no data augmentation. Under these conditions, we
observed a severe case of overfitting, reflected in the divergence of training and val-
idation loss and accuracy curves .The EfficientNetB2 model achieved high accuracy
on the training set but performed poorly on the validation data . This is a sign of
biased learning with the model memorizing training examples rather than learning
to generalize. The same pattern was observed for the InceptionResNetV2 model .

The imbalance had a direct impact on the performance metrics. For every Ef-
ficientNetB2, Fl-scores were 81% for DR and 91% for DME, indicating the model
bias toward the majority class . InceptionResNetV2 was similar, Fl-scores being
79% for DR and 89% for DME. These imbalances indicate that the models will
underrepresent the minority class, which in medical applications can be particularly
problematic given the relevance of identifying rare cases .

Class weights were introduced to balance the learning process. a weight of 1.22

on the minority class (DR) and a weight of 0.85 on the majority class (DME) were
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assigned according to class frequency.

The effect of these remedial actions was clearly reflected in the results obtained
after fine-tuning. EfficientNetB2 achieved 93% validation accuracy and 94% in
train, with 91% and 94% F1-scores for DR and DME, respectively. Validation loss
was significantly better at 0.2046 from 0.693 , indicating better model convergence
and excellent reduction of overfitting . Moreover, loss and accuracy curves were
better aligned between the training and validation datasets, indicating better gener-
alization capability. The model was better balanced in prediction and more stable
in classifying both classes .

InceptionResNetV2 also finished training with an accuracy of 99% and 90%
in validation, and validation loss of 0.3478 and train loss of 0.0253. The F1-scores
showed a more balanced classification in both classes with 90% in DR and 94% in
DME . A slight instability in the validation curves was observed from the epoch 3,
however, which is a sign of risk of overfitting in the later training epochs.

Comparing both architectures, EfficientNetB2 was the more stable and balanced

model on all the metrics considered in the evaluation.

8 Conclusion

This chapter described training process, evaluation, and performance comparison of
various deep learning models for diabetic retinopathy classification. It highlighted
challenges such as overfitting and class imbalance, which were addressed using data
augmentation, oversampling, and class weighting. FEfficientNetB0 and Efficient-
NetB2 were the most stable and robust models for the multiclass and binary tasks,
respectively. InceptionResNetV2 showed potential but was limited by overfitting
thereafter. These results highlight the value of adapting training strategies and
carefully choosing models to develop reliable and clinically relevant diagnostic sys-

tems.



General Conclusion

This thesis explored the application of deep learning techniques for automatic diag-
nosis of diabetic retinopathy (DR) from both color fundus photographs and multi-
modal ophthalmic data. The study was conducted in two stages: stage one on the
APTOS 2019 dataset, which was a multiclass classification task (five levels of sever-
ity of DR), and stage two on the OLIVES dataset, which was a binary classification
task between DR and Diabetic Macular Edema (DME).

For APTOS, three convolutional neural networks were compared: a CNN built
from scratch, EfficientNetB0O model, and InceptionResNetV2 model. Initially, all
models suffered from overfitting and poor generalization, especially in classifying
minority classes such as Severe and Proliferative DR. In response to these limita-
tions, data augmentation and oversampling were used. These interventions achieved
significant improvements, particularly for EfficientNetB0, where it achieved the best
trade-off between performance and generalization with the final accuracy of 81% .
Although InceptionResNetV2 did have some capacity to identify minority classes
before rebalancing, it displayed signs of overfitting in later stages.

In the second part of the study, using the OLIVES dataset, two transfer learning
models were tested: EfficientNetB2 and InceptionResNetV2. The new challenge of
multimodal images (fundus + OCT) and class imbalance between DR and DME was
encountered in this dataset. EfficientNetB2 was the most stable and generalizable
model, achieving validation accuracy of 92%. Although InceptionResNetV2 had
slightly higher raw accuracy, it was less stable and overfitted. EfficientNetB2 was
thus the optimal model for binary classification under clinical conditions.

Overall, this work confirms the value of deep learning as a tool for DR diagnosis.
It validates the significance of selecting appropriate models and training approches
based on the type of dataset—particularly in handling class imbalance and pre-
venting overfitting. The results demonstrate that EfficientNet-based architectures,
combined with tailored data preparation strategies, offer robust, accurate, and clin-

ically viable solutions for both multiclass and binary DR classification tasks.
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To further improve results, it would be interesting to explore other techniques as
ensemble models, adding clinical metadata, and expanding the datasets to include a
broader and more diverse population. These enhancements would further improve
diagnostic consistency and support real-world deployment in teleophthalmology and
clinical screening programs.

In conclusion, this research provides a promising step toward intelligent and
accessible DR diagnosis systems, with the potential to contribute significantly to

early detection and treatment in real-world medical settings.
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