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Abstract - Diabetic retinopathy (DR) is an illness that has the potential to cause vision impairment in people
who are diabetic by affecting the retina’s blood vessels. The identification of DR using color fundus images
typically relies on the expertise of trained medical professionals to manually detect lesions is labor-intensive
and costly. This paper proposed a model based on InceptionV3, ResNet50, and VGG16 to detect and classify
DR based on its severity level. The model incorporates the synthetic minority oversampling technique to
address class imbalance issues commonly encountered in medical image analysis. Training and testing are
conducted using the APTOS2019 and Messidor datasets, resulting in a validation accuracy of 73%, 60% and
52% for InceptionVV3 and ResNet50 while VGG16 obtained a validation accuracy of 52%. Despite these
promising results, the study identifies areas for improvement, such as mitigating underfitting for the VGG16
model. Strategies to enhance model generalization, optimize hyperparameters and diversify datasets should be
prioritized to facilitate broader applicability across diverse clinical settings.
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1. INTRODUCTION

As per the International Diabetes Federation (IDF), diabetes mellitus poses a major global health concern with
projections indicating that by 2030, approximately six hundred and forty-three million people worldwide will
be affected by the condition [1]. Around a third of individuals with diabetes experience an eye-related ailment
associated with the condition, with DR being the most common among them [2]. It occurs when fractured
blood vessels within the retina cause fluid to leak out. The presence of glucose and sugar in the bloodstream
contributes to blood vessel blockage in the retina. The retina attempts to form new blood vessels in response
as an effort to protect itself but they are fragile, resulting in fluid accumulation within the retina [3]. Examining
the retina image for different types of lesions can be used to identify DR [4]. The lesions are composed of
microaneurysms, hemorrhages, soft exudates, and hard exudates, and serve as disease indicators. Each of these
lesions has its own distinct features which are elaborated upon in the following points:
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e Microaneurysms are the initial indication of diabetic retinopathy, manifesting as small red spots with
a size of less than 125 microns and well-defined edges. They result from the protrusion of weakened
spots in the capillary walls, appearing as dots to the observer [5].

e Hemorrhages have a size exceeding 125 pm and display irregular borders [6].

e Hard exudates are characterized by their appearance as vivid-yellow dot caused by the leakage of
plasma. These dots exhibit well-defined boundaries and are commonly observed in the outer retinal
layers [7] .

e Soft exudates are white lesions on the retina caused by swelling of nerve fibers. They exhibit an oval
or round shape [7].

1.1.1 Categorization of DR

The categorization of diabetic retinopathy into five stages is determined by the presence or absence of
specific lesions. These stages are shown in Figure 1.

A A

Stage 2 - Early stage DR Stage 3- Intermediate stage DR Stage 4: Advance stage DR Stage 5- Proliferative DR

Stage I-No DR

Figurel. The different stages of diabetic retinopathy.

Stage 1 is no DR which indicates that the retina is normal and that there are no lesions present and stage 2 is
early-stage DR with minimal progression which contains solely microaneurysm. These microaneurysms may
leak fluid into the surrounding retinal tissue, causing moderate retinal edema, as well as tiny dot and blot
hemorrhages indicating localized bleeding caused by weakened blood arteries [8]. Stage 3 is intermediate stage
DR with moderate severity, it has more lesions than microaneurysms but severity is less than stage 4.

Stage 4 represents an advanced stage DR with high severity indicating a critical stage where some signs point
out severe retinal damage and higher potential for vision loss. These include more than 20 hemorrhages in each
of the four guadrants, visible venous beading observed in 2 quadrants, and noticeable abnormalities in the
microvasculature of the retina in 1 quadrant [9]. The final stage is proliferative DR, the retina starts secreting
vaso-proliferative factors, which initiate the formation of new blood vessels. These newly produced vessels are
in abnormal nature and highly fragile information [10].

1.1.2 DR screening

Patients with diabetes will need regular checks to detect DR in its early stages. Traditionally DR diagnosis is
confirmed through the observation and examination of retina images by the doctor regarding the shape and
appearance of lesions of different types. The amount of retina photographs that the screening program will
produce will be proportional to the number of diabetic patients. It imposes huge labor-intensive costs on the
medical professionals and escalates the prices of medical services; these are some of the issues and the
increasing waiting list of ophthalmology consultations are the main issues facing the public health systems
[11]. Such problems can be solved through an automated system for use either as an auxiliary tool for medical
experts or as a full diagnostic device. Many studies have reported the adaptation of CNN. They are applied to
process fundus images with the aim of real-time detection and classification of DR with a sensitivity of over
98% [12]. CNN is a type of multi-layer perceptron that takes inspiration from biological systems and can
directly perceive visual patterns from raw image pixels. It utilizes an architecture comprising convolutional
layers, which serve to identify specific local features present throughout the input images. The convolutional
(CONV) layers in a neural network are designed to look for specific patterns or features in the input images.
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Instead of looking at the whole image at once, these layers focus on small, neighboring regions and analyze
them.

This helps the network to identify and understand local structures or details in the image. The significance of
CNNs is their ability to share features among different parts of the image that have been analyzed. It is like
having a team of detectives who learn to recognize specific things, such as shapes or patterns, and can apply
that knowledge throughout the whole picture. This sharing of knowledge helps the CNNs to quickly find
important features in the image and understand its different parts better [13].

Furthermore, CNN architectures often incorporate additional layers such as pooling layers and fully connected
(FC) layers to enhance their capabilities. The most important information is captured by pooling layers, which
help to diminish the spatial dimension of the discovered features. FC layers leverage the extracted features to
make high-level predictions or classifications. The biologically inspired design of CNNs, combined with their
shared weight approach, enables them to efficiently analyze large-scale image data and extract meaningful
information contributing to advancements in artificial intelligence and pattern recognition. Therefore, it can
help identify at-risk individuals earlier and provide timely interventions due to its effective extraction
capabilities [7].

The main contributions of this study are:

e Employing pre-processing techniques to standardize and enhance image quality for improved feature
extraction.

e Mitigating class imbalance by the use of synthetic minority over-sampling technique.

e Ultilizing the architecture of InceptionV3 [14], ResNet50 [15], and VGG16 [16] models, incorporating
diverse layers such as CONV and pooling layers, is essential for effectively processing image data.
Through a fine-tuning strategy, the model balances leveraging prior knowledge from ImageNet and
adapting to new data by selectively freezing and unfreezing layers to preserve learned representations.

The paper is organized as follows: Section 2 is a literature review of previous work conducted on the detection
and classification of DR. Section 3 further describes the different steps involved in the proposed method. The
results of the proposed models are provided in Section 4. After this, Section 5 is a discussion while Section 6
is the conclusion.

2. LITERATURE REVIEW

Due to the increasing prevalence of diabetes, there’s a growing demand for reliable diagnostic methods. This
has led numerous researchers to explore various algorithms and methodologies, particularly focusing on
automated systems incorporating approaches like deep learning. Integration of CNNs with machine learning
classifiers in the deep learning approach has enabled innovative approaches in image analysis. Gayathri et al.
[17] study serves as a notable example of this collaboration. They introduced a CNN-based feature extractor
combined with machine learning classifiers. Their CNN architecture comprised six CONV layers and two FC
layers. Training of the network parameters involved backpropagation, and techniques such as batch
normalization, dropout, and regularization were employed to address overfitting. Among the classifiers tested,
the J48 decision tree-based classifier demonstrated superior performance by reducing misclassifications across
datasets.

The authors attributed this success to the decision tree approach of the J48 classifier. By incorporating a CNN-
based feature extractor, the study reduced computational demands and complexity, eliminating the necessity
for labor-intensive handcrafted feature extraction and segmentation procedures. The CNN-based feature
extractor directly captured pertinent features from retinal fundus images, consequently streamlining the
computational workload and system complexity. Similarly, Das et al. [18] pioneered a genetic algorithm (GA)
and support vector machine with CNN. To manually define the hyper-parameters in the CNN model can
consume a significant amount of time and can cause errors. To tackle the issue, GA can be used to automatically
identify the parameters. GA is inspired by natural selection that functions as a search-based optimization
strategy to discover optimal solutions for problems. Therefore, it will explore an extensive range of potential
parameter configurations to discover the most effective one that maximizes the CNN performance.
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Developing and training CNN from scratch is a time-consuming endeavor that demands significant resources.
Hence, some researchers opt for pre-trained models that employ transfer learning. Transfer learning is the
process of reusing or adapting a model that has been taught to perform one task to another that is similar. Wan
et al. [19], Shanthi et al. [20], Kassani et al. [21], Kajan et al. [22] and Samanta et al.[23] fine-tune the pre-
trained models by making modifications to existing architectures to optimize them for specific tasks. Typically,
this entails adjusting the network’s hyperparameters and reinforcing the learned knowledge from the pre-trained
model while training the model on task-specific data. By matching the model to the precise specifications of
the intended activity, it enables the adaptation of complicated structures to new tasks.

Martinez-Murcia et al. [24] reuse the top layers of a pre-trained model while customizing the bottom layers for
certain tasks. To prevent updates during the first step of this two-part training procedure, the upper layers’
chosen weights are frozen. The lower layers are then fine-tuned using an optimization algorithm like Adadelta,
with early stopping techniques used to establish the ideal weights based on the least loss iterations. Lu et al.
[25] employed transfer learning by utilizing the ShuffleNetV2 model. They modified the ShuffleNetV2 model’s
last layer to provide outputs that correlate to various disease categories in order to match the requirements of
the classification problem. They made an exception for the last linked layer, fine-tuning it to coincide with the
intended classification objectives while utilizing pre-trained weights for the majority of layers to benefit from
prior experience.

Multiple models can be combined using ensemble learning to achieve better results compared to those of single
models. It enables researchers to enhance the functional capabilities of their system by making use of the
diverse perspectives provided by the individual models. An ensemble learning framework employs the models
on either the entire dataset or a subset of the provided data. The goal is to derive individual predictions from
various models which will be combined to form the final prediction [26]. An example of ensemble learning is
shown in the study proposed by Sandhya et al. [27] where multiple models are combined through the use of
weighted averaging. In weighted averaging, different weights are assigned to each model based on their
performance. Models with higher accuracy are given more weight and have a greater influence on the final
prediction outcome whereas models with lower weights have less influence. The predictions of each model are
combined by taking a weighted average.

3. METHODOLOGY
The method proposed to detect DR is illustrated in Figure 2. Initially, two datasets are gathered and merged
together which undergoes preprocessing and synthetic minority oversampling technique (SMOTE) prior to

training and testing. During preprocessing, the data undergoes various transformations to prepare it for analysis.
SMOTE is used to address dataset imbalance by generating synthetic samples of the minority class.

Data pre-processing SMOTE CNN models

Datasets

Messidor + APTOS2019

No DR detected+—— Training Untrained
Early stage detecteds—— g models
Intermediate stage detected~—— ,odels
Advance stage detected
Proliferative DR detected +——
Classification

Figure 2. A workflow diagram of the proposed method.
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Following SMOTE, separate pre-trained CNN models were utilized in the training phase to learn from the data
and classify images into different stages of DR. Finally, the performance of each trained model is assessed on
unseen data during the testing phase to determine its accuracy and reliability. Further details regarding each
phase are elaborated in this section.

3.1 Datasets

The datasets used are the Kaggle APTOS2019 and Messidor datasets in which they are merged together into a
total of 5, 406 images. In the APTOS2019 dataset [28], there are 3,662 images categorized from 0 to 4, aimed
at assessing the severity of DR using the ICDRDSS scale [9]. Meanwhile, the Messidor-2 dataset [29]
comprises 1744 images, also categorized from O to 4. Additionally, the Messidor-2 dataset labels stages of
maculopathy or diabetic macular edema (DEM) as ‘Referable DEM’ (labeled 1) and ‘No Referable DEM’
(labeled 0). The class distribution of both datasets is shown in Table I.

TABLE I: APTOS2019 AND MESSIDOR CLASS DISTRIBUTION.

Class | Severity level APTOS 2019 dataset | Messidor dataset
#images | Percentage | #images | Percentage
0 No DR 1,805 49.29% 1,017 58.31%
1 Early stage with 370 10.10% 270 15.48%
minimal Progression.
2 Intermediate Stage DR | 999 27.28% 347 18.89%
with moderate
severity.
3 Advanced stage DR 193 5.27% 75 4.3%
with significant
severity.
4 Proliferative DR 295 8.05% 35 2.06%

Both datasets inherently carry variations induced by distinct camera settings across centers, resulting in
disparities in image quality, presence of artifacts, focus problems, and exposure discrepancies.

3.2 Pre-processing

Due to the variation exhibited by the datasets, pre-processing techniques play a key role in standardizing and
enhancing the quality of the images in order for the CNN to extract meaningful features. Each of the images
features a black backdrop and some images display additional dark pixels along their borders that do not contain
relevant information about the retinal structures. Thus, the initial step entails cropping out the black border.
Since the images vary in both width and height, the next step is to resize them to 224 x 224 pixels for
uniformity.

After resizing, Gaussian blur was applied for removing the noise in the images. Gaussian blur creates smoother
images by blending the intensity of neighboring pixels. It operates by using a Gaussian distribution to determine
the significance of nearby pixels, assigning greater importance to those closest to the focal point. This
prioritization ensures that distant pixels have less influence on the blurring process, resulting in a visually softer
appearance.

A ratio of 40:40:20 is adopted for training, testing, and validation sets. Splitting the data, led to distribution
whereby 2,162 images were allocated both to training and validation sets while 1,082 images comprised the
testing set.

324


http://www.healthinformaticsjournal.com/

Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

2024; Vol 13: Issue 4 Open Access

3.3 Synthetic Minority Over-sampling Technique

Table 11 showcases an evident class imbalance due to the unequal distribution of images across different DR
severity levels. To mitigate this issue, SMOTE was used. SMOTE generates artificial images of the minority
class to balance the class distribution. It accomplishes this by oversampling the minority class through synthetic
cases rather than just copying existing examples.

In SMOTE, every instance belonging to the minority class identifies its k-nearest neighbors within the feature
space (f1 and f2) based on the Euclidean distance metric as shown in Figure 3. By randomly choosing one
neighbor, x;, from the set of k nearest neighbors of x;, a new sample Xnew is generated [30]. This is done by
created by combining x; and x;, with a random parameter, J, determining its position between the two samples
[31], based on the formula: Xnew = Xi+ | Xi — Xj | X6.

A ¥ .

f1 a

A

> f2
Figure 3. SMOTE schematic illustration.

In Figure 3, the stars and triangles represent the majority and minority class samples. The synthesized sample
is depicted as a square shape, xnew emerges as the new sample situated between the existing samples x; and x;.
After the application of SMOTE on the training dataset, it was observed that class 2 is considered to be the
majority class which remained unchanged post-SMOTE. The remaining classes were balanced with each
having exactly 1,127 images (Figure 4).
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Figure 4. Number of images before and after SMOTE-ENN by class.
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3.4 Pre-trained CNN models

A pre-trained CNN model is the CNN architecture that has been trained on big datasets mainly for image
classification. In this study, three pre-trained CNN models are used: InceptionV3, ResNet50 and VGG16.

3.4.1 InceptionV3

The architecture of InceptionV3 consists of a deep stack of CONV layers, pooling layers, and FC layers with
a total of 48 layers. One of the key features of InceptionV3 is its use of inception modules which are
fundamental building blocks of the network as illustrated in Figure 5. These modules work by simultaneously
processing picture data using a variety of CONV filter sizes.

Owtput

Repeet 3 times Repeat 4 tinws Repcat 2 timmes
Input data

F e
Convalutional bayer |

Pooling laycr

¢ Inception module

Coecal
Folly«connected layer
Soft-max i

BEDmED

Figure 5. InceptionV3 architecture.

Parallel pathways within the network facilitate the capture of diverse spatial hierarchies and intricate patterns
within images, thereby enhancing the model’s capability to extract features across various scales [30]. In the
training process of InceptionV3, additional supervision signals and gradients are introduced through auxiliary
classifiers in intermediate layers, aiding the training of deeper networks, and classification is executed through
the Softmax activation function (AF).

3.4.2 ResNet50

ResNet was introduced by Kaiming et al. [15], their approach allows layers to learn residual functions
concerning the input data, which is particularly advantageous for training deeper networks. The residual block
is the fundamental building block of ResNet. There are two CONV layers, followed by batch normalization
and ReLU AF illustrated in Figure 6. Thereby, several layers of residual blocks are combined to produce a deep
CNN.

3 ~—+ Qutput

ID Block
ID Biock
ID Block

ID Block

Conv:BIock
Conv Block
Conv Block
Conv :BIock

Avg Pool
Flattening

[ Zero Paddlng
ONV

Input data
Figure 6. ResNet50 architecture.

Downsampling is used regularly within the network to lower the spatial dimensions of feature maps, which is
commonly accomplished via stride CONV or pooling layers. At the network’s end, global average pooling is
frequently used to reduce the spatial dimensions of the feature maps to a single vector, followed by one or more
FC layers for classification.

326


http://www.healthinformaticsjournal.com/

Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

3.4.3 VGG16

VGG16 has 16 layers comprising 13 are CONV layers and 3 FC layers. The CONV layers are characterized
by 3x3 filter sizes which are followed by ReLU AF [16]. As illustrated in Figure 7, the input layer accepts RGB
images with dimensions of 224 x 224 pixels and following every pair of CONV layers, VGG16 includes max
pooling layers that have layers have a 2 x 2 window size and a stride of 2, effectively reducing the spatial
dimensions of the feature maps by half. Towards the end of the network, VGG16 features three FC layers
labeled FC6, FC7, and FC8. Each fully connected layer, except the last one, is followed by a ReLU AF. The
final FC layer, FC8, is followed by a softmax AF, transforming the network’s output into class probabilities.
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Figure 7. VGG16 architecture.
3.5 Fine-Tuning the pre-trained CNN Models

All of the model takes an input image of shape (224, 224, 3) and use the weights from ImageNet. To balance
the use of pre-trained knowledge with the adaptation to new data, a fine-tuning strategy is employed. This
strategy entails selectively freezing and unfreezing layers within the model architecture. All of the layers were
frozen except for the last layer thereby maintaining their current weights and preventing updates during
training. Freezing layers in a neural network maintain the learned representations from pre-trained weights,
capturing valuable high-level features applicable across different domains. By retaining these representations,
models benefit from previously acquired knowledge, enabling quicker training without demanding high-end
hardware. However, frozen layers yield lower accuracy compared to unfrozen ones since they extract fewer
features from the dataset. Unfreezing layers, on the other hand, extract richer hidden features but require more
time and robust system hardware for training [32]

Subsequently, a sequential model serves as the overarching structure for organizing the architecture’s
components. Upon integrating the model into the sequential structure, the feature extraction process continues
with the inclusion of a flatten layer. This layer reshapes the multidimensional output of the CONV layers into
a flattened one-dimensional array. Furthermore, two dense layers with 128 units were integrated with a ReLU
activation function to learn complex patterns from the flattened output. L2 regularization is applied to the kernel
weights of these dense layers to mitigate overfitting and dropout layers with a dropout rate of 0.35 are
introduced after each dense layer for additional regularization. The final layer is an output layer comprising 5
units and utilizes softmax activation that outputs the probabilities of the input image severity level.

3.6 Training of pretrained models

The training process involved utilizing the Stochastic Gradient Descent (SGD) optimizer. SDG is an iterative
optimization algorithm that adjusts the model parameters using a gradient obtained from a single training
example or a small subset. This adds randomness to the parameter updates, allowing SGD to efficiently
navigate the datasets and avoid local minima [33]. The learning rate was set as 0.0001 and the loss function
was categorical cross-entropy. This configuration was trained on the model for 10 epochs. In each epoch, the
early stopping callback from Keras was called to track the validation loss during the time of training. You set
patience 5, and the training stops when the validation loss does not improve for 5 consecutive epochs. In this
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model, you are trying to minimize the difference between predicted and actual values by adjusting the weights
based on gradients calculated from the loss function.

3.7 Testing of pretrained models

In the testing phase, the model’s learned parameters are employed to make predictions on unseen data. These
predictions are compared against the ground truth labels to assess the model’s performance across various
metrics such as accuracy, precision, recall, and specificity.

3.8 Performance measure

A confusion matrix is one of the commonly used evaluation techniques for a categorization model. It provides
information about four possible scenarios that may arise from the output made by the model. True Positive, TP
is when a model identifies a positive instance. A False Positive, FP is where a negative instance is presented as
a positive one. It means True Negative (TN) when the model correctly identifies a negative occurrence. Finally,
False Negative (FN) is when the model incorrectly predicts that a given instance is negative while there exists
a positive class in reality. The following are metrics derived from the confusion matrix:

e Accuracy: Itis the ratio of accurate predictions to the total predictions [34].

e Precision: It concentrates on accurately classifying negative instances and calculates the proportion of
correctly classified negative classes [35].

e Sensitivity/recall: It measures how well the model identifies positive labels by focusing on reducing
false negatives. It reflects the model’s effectiveness in accurately recognizing and classifying positive
instances [36].

e Specificity: It complements sensitivity by representing the percentage of normal images correctly
identified as normal [37].

TABLE Il: CONFUSION MATRIX FORMULA.

Accuracy Precision | Sensitivity | Specificity

TP+ TN TP TP TN
TN+ TP +FN + FP| TP+ FP TP + FN TN + FP

Formula| Metrix

4. RESULTS

The model training and testing process takes place in Kaggle’s notebook environment, taking advantage of the
platform’s extensive datasets and well-known Python libraries such as TensorFlow and Keras. Kaggle’s
notebook execution takes place on cloud-based servers, with a Graphics Processing Unit (GPU) called GPU
P100. The GPU P100 is known for its parallel processing capabilities and accelerates computational workloads,
allowing algorithms to run quickly.

4.1 Train and validation results

For the InceptionVV3 model, it obtains a training accuracy of 88% and a validation accuracy of 73%. Regarding
the loss metrics, it reflects how much the model’s predictions deviate from the actual target values. The training
loss consistently decreases throughout the epochs which is the number of times the dataset is transmitted
forward and backward through the model during training, converging to levels below 0.8 as shown Figure 8.
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Figure 8. Inception model accuracy and loss curve.

It suggests that the model effectively learns from the training data. Conversely, the validation loss displays
fluctuations within the range of 1.4 to 1.0, indicating instances of overfitting. The ResNet50 model obtained a
training accuracy of 30% and a validation of 60%. The training and validation loss shown in Figure 9
consistently decreases throughout the epochs which is the number of times the dataset is transmitted forward
and backward through the model during training, converging to levels below 1.4.

Model Accuracy Model Loss
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“ A TN
e \alidation |
054
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T T . T T
B 6 B o 2 - 6 8
Epoch Epach

Figure 9. ResNet50 model accuracy and loss curve.

The training accuracy was 19%, and the validation accuracy was 60%. For the loss vs. epochs of training and
validation, as shown in Figure 10, the loss values increase as the epochs get higher, which indicates that the
model is underfitted.

— I e L

[‘Tu",
Figure 10. VGG16 loss curve.
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4.2 Test results

The inceptionVV3 model obtained a test accuracy of 72% and the confusion matrix in Figure 11 reveals notable
diagonal values such as 350, 36, 107, 6, and 17. These values indicate precise predictions within each respective
class, suggesting the model’s capability to accurately classify instances. The existence of off-diagonal elements
in the matrix signifies misclassifications, pointing out regions where the model may encounter difficulties or
inconsistencies.

o 10 - 0 0

— 11 36 20 1 G
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=

L v 3 31 107 15 29
@
=
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Predicted Label

Figure 11. InceptionV3 confusion matrix.

The ResNet50 obtained a test accuracy of 57%.and the confusion matrix in Figure 12 shows high accuracy in
correctly classifying instances from class 0 with 277 and 88 accurate predictions. However, it encounters
challenges when classifying instances from the other classes. For example, it accurately identifies only 36
instances of class 1, while misclassifying a considerable number of class 1 instances as class 0 or class 4.
Similarly, although correctly predicting 107 instances of class 2, the model misclassifies a significant portion
as belonging to classes 0, 1,3, or 4. Moreover, class 4 presents difficulties for the model as none of the instances
were able to be correctly classified.
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Figure 12. ResNet50 confusion matrix.

The confusion matrix for the VGG16 model in Figure 13 shows that the model consistently predicts only one
class for all instances, resulting in all instances being classified into a single category. It predicts all instances
to belong to a single class (Class 2 with 1122 instances) while making no predictions for the other classes.
Therefore, it fails to differentiate between different classes and makes no correct predictions for any class other
than the one it consistently predicts.

o - 0o 0 1122 0 0
- 0 0 239 0 0
w
o
o mm—
8B~ 0 0 : 0 0
.
m - 0 0 106 0 0
- - 0 0 128 0 0
' ' L ' '
0 1 2 3 4

Predicted labels

Figure 13. VGG16 confusion matrix.

The code uses values of the TP, TN, FP, and FN brought out by the confusion matrix for calculations
of the performance measure as stated in section 3.8. Table I11 shows the overall performance result of
each model.
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TABLE I1l: PERFORMANCE EVALUATION.

Model Accuracy | Precision | Sensitivity | Specificity
Training set

InceptionV3 | 88% 88% 88% 97%

ResNet50 30% 32% 25% 89%

VGG16 19% 40% 20% 80%

Validation set

InceptionV3 | 73% 51% 51% 93%

ResNet50 60% 36% 39% 94%

VGG16 52% 52% 20% 80%
Testing set

InceptionV3 | 51% 34% 35% 87%

ResNet50 58% 37% 38% 88%

VGG16 23% 48% 20% 80%

5. DISCUSSION

This study delves into DR detection, using a merged dataset from APT0OS2019 and Messidor, comprising 5,406
images. For example, SMOTE comes to address the problem of class imbalance, usually found in medical
imaging applications, by the synthesis of samples from the minority class. Transfer learning lets the researchers
take the knowledge learned from highly trained models such as ImageNet and be able to use it for other tasks.
By transferring this learned knowledge, the learning process for a specific task can be enhanced, allowing for
more efficient and effective model training [38]. By incorporating pre-trained models, researchers can
capitalize on existing feature extraction capabilities and adapt them to specific diagnostic contexts.

In InceptionV3, the model suffered from overfitting which occurs when the model becomes too skilled at
learning from the training data, leading to a decline in performance when faced with unfamiliar data. The
occurrence of overfitting might be attributed to the generation of synthetic samples by SMOTE which may not
accurately represent the underlying data distribution [39]. When SMOTE generates synthetic samples without
considering the characteristics or distribution of the minority class, it can lead to unrealistic or irrelevant data
points. Therefore, it can contribute to the formation of an overly complex decision boundary [40], increasing
the likelihood of class overlap. It also plays a role in the underfitting observed in VGG16, which is attributed
to its simpler architecture compared to ResNet50 and InceptionVV3. VGG16 has only 16 layers, whereas
InceptionV3 and ResNet50 boast 48 and 50 layers respectively. These deeper architectures leverage advanced
features such as skip connections and inception modules, enhancing gradient flow and feature extraction to
capture more intricate patterns Hence, it might pose a challenge for VGG16 to effectively manage such data
distributions.

Although the ResNet50 model demonstrated a good fit, the disparity between the validation accuracy and
training accuracy suggests a bias within the datasets. To address this, acquiring more data and extend the
training duration can be used. The study has two drawbacks. Firstly, its reliance on existing datasets may limit
its applicability to diverse clinical settings, highlighting the need for more varied datasets. Secondly, the lower
validation and testing accuracies in VGG16 suggest the necessity for further refinement. To enhance the
model’s robustness, future research should prioritize acquiring diverse datasets that encompass a broad
spectrum of imaging conditions encountered in clinical practice. Additionally, exploring alternative data
resampling techniques and detection models to compare and evaluate their respective strengths and
weaknesses, ultimately leading to informed decision-making in selecting the most suitable approach for a given
task.
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6. CONCLUSION

Diabetic retinopathy caused by diabetes mellitus can slowly damage the retina or even lead to loss of vision.
Identifying the condition in the early stages can forestall the progression of DR and prevent permanent damage
to the retina. The development of an automated DR detection system will minimize the time taken for DR
screening. Leveraging techniques such as SMOTE for class balance and transfer learning. Legering pre-trained
models like InceptionV3 and ResNet50, which makes it pretty easy to leverage the valuable insights from
extensive datasets like ImageNet to detect and classify DR based on its severity level. However, challenges
emerged during model implementation. Overfitting was observed in InceptionV3, possibly stemming from
SMOTE-generated synthetic samples that may not accurately represent the true data distribution. Conversely,
VGG16 exhibited underfitting due to its simpler architecture compared to InceptionVV3 and ResNet50. The
latter models, with their deeper architectures and advanced features, better manage complex data distributions.
While ResNet50 demonstrated a good fit, the discrepancy between validation and training accuracies suggests
dataset bias, highlighting the need for more extensive data acquisition and prolonged training durations. Future
research directions can focus on diversifying the datasets, exploring alternative data resampling methods, and
optimizing model architectures in order to further improve its generalization capabilities.
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