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Abstract: Diabetic Retinopathy is a severe eye condition originating as a result of long term diabetes mellitus. Timely
detection is essential to prevent it from progressing to more advanced stages. Manual detection of DR is labor-intensive
and time-consuming, requiring expertise and extensive image analysis. Our research aims to develop a robust and
automated deep learning model to assist healthcare professionals by streamlining the detection process and improving
diagnostic accuracy. This research proposes a multi-classification framework using Transfer Learning for diabetic
retinopathy grading among diabetic patients. An image based dataset, APTOS 2019 Blindness Detection, is utilized for
our model training and testing. Our methodology involves three key preprocessing steps: 1) Cropping to remove
extraneous background regions, 2) Contrast enhancement using CLAHE (Contrast Limited Adaptive Histogram
Equalization) and 3) Resizing to a consistent dimension of 224x224x3. To address class imbalance, we applied SMOTE
(Synthetic Minority Over-sampling Technique) for balancing the dataset. Data augmentation techniques such as rotation,
zooming, shifting, and brightness adjustment are used to further enhance the model's generalization. The dataset is split
to a 70:10:20 ratios for training, validation and testing. For classification, EfficientNetB3 and Xception, two transfer
learning models, are used after fine-tuning which includes addition of dense, dropout and fully connected layers. Hyper
parameters such as batch size, no. of epochs, optimizer etc were adjusted prioir model training. The performance of our
model is evaluated using various performance metrics including accuracy, specificity, sensitivity and others. Results
reveal the highest test accuracy of 95.16% on the APTOS dataset for grading diabetic retinopathy into five classes using
the EfficientNetB3 model followed by a test accuracy of 92.66% using Xception model. Our top-performing model,
EfficientNetB3, was compared against various state-of-the-art approaches, including DenseNet-169, hybrid models, and
ResNet-50, where our model outperformed all these methodologies.

Index Terms: Diabetic Retinopathy, Transfer Learning, Artificial Intelligence, Deep Learning, Diabetes.
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Diabetic Retinopathy Severity Grading Using Transfer Learning Techniques

1. Introduction

Diabetic retinopathy (DR) is a prevalent disease that affects millions of people worldwide [1]. It arises as a
consequence of diabetes mellitus and can cause vision problems [2]. DR originates when long-term exposure to high
blood sugar levels harms the tiny blood vessels in the retina (light-sensitive tissue at the back of the eye), resulting in
inadequate oxygen delivery, fluid leakage, total blockage or swelling of the blood vessels [3,4]. Vision gets impaired as
a result of these blood vessels getting weakened and leaking blood or fluid into the retina. Individuals who have poorly
managed blood sugar levels and have had diabetes for a long time are at a higher risk of developing diabetic retinopathy.

Early detection and treatment of this disease is crucial in order to assist patients restore normal function to their
retinas and prevent DR from progressing to more severe stages [5,6]. Regular eye examinations are necessary for
monitoring the progression of diabetic retinopathy and prevention of vision loss. Diabetic Retinopathy can be detected
in the retinal examination through abnormalities like exudates (EX), micro-aneurysms (MA) and hemorrhages (HM) [7,
8]. Micro aneurysms are an early indication of diabetic retinopathy and appear as tiny bulges within the retinal blood
vessel [9]. Exudates are yellow-colored deposits that build up in the retina, usually due to damaged and leaking blood
vessels [10]. Hemorrhages appear as dot-like areas ranging from small to large based on the extent of the bleeding from
damaged blood vessels into the retinal tissue [11]. These lesions help in detecting the presence of DR in diabetic
patients. During the initial stages of diabetic retinopathy, individuals might not notice any symptoms. These can be mild
and may include slight blurriness or fluctuation in vision [12].

In more severe stages, there may be blotches in the vision, an abrupt loss of vision, and perhaps partial or complete
blindness [13]. The advancement of artificial intelligence (Al), especially in the fields of machine learning (ML) and
deep learning (DL), has drastically changed how diabetic retinopathy is identified and treated [14]. The
traditional process of detecting DR by manual methods requires a lot of time and effort which frequently results in
incorrect classifications as the data involved is pretty large [15]. On the other hand, Computer-assisted tools provide
accurate detection of diabetic retinopathy. These advanced methods provide quick and accurate evaluation of retinal
photographs, supporting early detection and recognition of DR [16, 17]. Transfer learning (TL) and DL algorithms are
gaining a lot of popularity for their remarkable execution in image recognition and classification [18]. Transfer learning
as a deep learning technique involves taking a pre-trained model that is trained on a large dataset then fine-tuning it on a
smaller dataset specific to the target task [19, 20].

The primary goal of our research is to develop a more accurate and automated deep learning model for the
detection and classification of diabetic retinopathy which will ultimately enhance the diagnostic capabilities available to
healthcare professionals. The motivation behind our approach arises from the shortcomings of existing models that
often overlook the importance of robust preprocessing and struggle with class imbalance which leads to reduced
accuracy and generalization. By integrating advanced preprocessing techniques, sophisticated model architecture, and
robust data augmentation strategies, we aim to create a system that not only identifies various stages of diabetic
retinopathy with a high accuracy but also minimizes the manual effort required for image analysis. Our approach seeks
to streamline the diagnostic process allowing for timely intervention and improved patient outcomes.

This research introduces a classification framework for grading diabetic retinopathy into 5 classes by using transfer
learning models. Two transfer learning models have been used on a DR Dataset to achieve high test accuracy and a
comparison of the results has been made with the previous studies. The dataset used in this research consists of fundus
images collected from different clinics. The remaining paper is discussed as: literature review is presented in Section 2;
proposed methodology is described in Section 3, results are discussed in detail in Section 4 and Section 5 concludes
with insights into future work.

2. Related Work

Many researchers have experimented and made meaningful contributions using numerous techniques, algorithms
and methods to detect and classify diabetic retinopathy. Their dedication and efforts have helped improve the detection
and classification of DR ultimately leading to better diagnosis of this disease.

The researchers of [21] have proposed a deep learning hybrid methodology for detection and multi-classification of
diabetic retinopathy. They have used convolutional neural network (CNN) and 2 VGG models: VGG19 and VGG16.
Afterwards they combined their used models to create a hybrid model. They included Image enhancement procedures in
pre-processing using OpenCV functions. Datasets used in their research are APTOS 2019, Messidor-2 and a public DR
Dataset. Their hybrid approach achieved an accuracy of 90.60%. Authors of [22] have proposed a framework for
grading DR into 5 classes by introducing the concepts of automated diagnosis systems in their research. Two
convolutional neural network models, CNN512 and YOLOv3 based CNN were fused together for the classification of
DR stages and lesion localization. The authors worked with APTOS 2019 and DDR datasets. Techniques like CLAHE,
noise removal, cropping, augmentation etc. were applied prior model training. CNN512 was trained for classification
purpose whereas YOLOvV3 model was used for lesion detection. The fusion of these models improved the accuracy on
the datasets to 89% with a sensitivity of 89% and 97.3% specificity.
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In [23] a deep learning based methodology is adopted by the researchers for grading diabetic retinopathy. They
have used widely known datasets EyePACS and Messidor for evaluation. Researchers have contributed a lot in image
pre-processing by presenting an algorithm for enhancing the image quality, contrast improvement and noise reduction
by using cropping technique and Gaussian blur. A DL model, ResNet50 architecture is used for extracting features and
classification. Their proposed methodology achieved an accuracy of 92% on EyePACS dataset and a highest accuracy
of 93.6% on Messidor dataset. Authors in [24] presented a Deep Learning based approach for detection and multi-
classification of DR into 5 categories. They proposed a Convolutional Neural Network (CNN) model with 18
convolutional layers along with 3 fully connected layers. The dataset they used for their research is APTOS 2019 from
Kaggle. Pre-processing techniques such as image resizing and class specific data augmentation of fundus images was
done prior classification. Their CNN approach performed well in grading diabetic retinopathy yielding an accuracy of
88-89%. Sensitivity and specificity were 87-89% and 94-95% respectively.

In [25], the researchers have introduced two techniques for classification of DR. First one is SOP (standard
operation procedure) which is used in pre-processing and second one is a revised ResNet-50 architecture. They altered
the ResNet-50 model by adding regularization and adjusting the weight of the layers. They used Kaggle dataset for
evaluation which first underwent image pre-processing techniques. Their results concluded that revised structure of
ResNet-50 performed better than the original one yielding an accuracy of 74.32% and also showed better results as
compared to other common CNN models. Researchers in [26] contributed in proposing a deep learning model for early
detection of DR. They trained a DenseNet-169 CNN model to classify DR as No DR, Mild, Moderate, Severe and
Proliferative DR. They used two Kaggle datasets and pre-processed by using cropping, resizing and Gaussian blur
techniques. Augmentation techniques were used to balance the number of images in each class. Researchers also
proposed a Regression model along with their main DenseNet-169. Regression model was only able to achieve an
accuracy of 78% where as DenseNet169 gave an accuracy of 90%.

In [27], the authors proposed a multi-classification framework for detection and classification of diabetic
retinopathy. Dataset taken from Kaggle was resized and cropped to get rid of unwanted regions in the images. Data
augmentation techniques like scaling, rotation, translation, flipping etc. were considered to increase the size of dataset.
Authors proposed a CNN model using MATLAB for classification purpose. Their proposed model achieved an
accuracy of 94.44% with 93.96% sensitivity and 98.54% specificity. Authors of [28] have employed 3 different hybrid
models for classification of DR into 5 classes. The three hybrid models are Hybrid-a, Hybrid-f, and Hybrid-c. To form
these hybrid models, five (5) base CNN models were used: NASNetLarge, EfficientNetB5, EfficientNetB4,
InceptionReNetV2 and Xception. Two loss functions were used to train the base models. The output of these base
models was then used to train the hybrid models. Researchers experimented with three different datasets, APTOS,
EyePACS and DeepDR. Pre-processing was done before model training and also during the training process which
mostly involved image enhancement process. Out of all the hybrid models, Hybrid-c model gave the highest accuracy
of 86.34%.

All of the discussed studies have explored deep learning techniques for the detection and classification of diabetic
retinopathy. These studies used various pre-processing strategies and classification methodologies using distinct DR
Datasets. These approaches incorporated convolutional neural networks (CNNs), hybrid models, and even transfer
learning but still faced challenges in terms of accuracy, generalization, and handling class imbalance. Additionally, the
complexity of some hybrid and fusion models resulted in higher computational costs, making real-world clinical
application less feasible. In contrast, our work addresses these limitations by introducing a more robust and efficient
solution. Our approach not only outperforms these state-of-the-art methods in terms of accuracy but also implements
advanced preprocessing steps, including CLAHE, to enhance image quality and improve generalization. By applying
the SMOTE technique for oversampling minority classes our model effectively handles class imbalance reducing bias in
classification results. Furthermore, our framework leverages transfer learning with well-established architectures. This
enabled rapid convergence and improved feature extraction which are crucial for accurately distinguishing between
various stages of diabetic retinopathy with less computational complexity.

3. Materials and Methods

In this study, a multi-classification framework is proposed to grade diabetic retinopathy. The concepts of Transfer
Learning are utilized as two transfer learning models are used for classifying this disease into 5 classes. TL models are
well known in image processing and disease detection [29]. Figure 1 shows the proposed framework of this research.
All the steps followed by the proposed methodology are presented in order. The detailed explanation of Dataset used in
this study and steps adopted is given as follows.

3.1 Dataset

The dataset used in this study is APTOS (Asia Pacific Tele-Ophthalmology Society) 2019 Blindness Detection. It
is a widely used dataset available at Kaggle [30]. It contains a total of 3662 retinal images captured through fundus
photography under various imaging conditions. Each image is rated on a scale of 0 to 4 by the Clinicians and these
ratings represent the severity levels of diabetic retinopathy: 0 for "No DR", 1 for "Mild", 2 for "Moderate", 3 for
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"Severe" and 4 for "Proliferative DR". The images were gathered from multiple clinics using a variety of cameras over
an extended period of time. Out of all these 5 levels, a sample from each level of this dataset is represented in Figure 2.
There is an uneven distribution of images among each level. The number of images per level is given in Table 1.

Table 1. Image distribution per level/class in APTOS dataset

Level No. of Images
(g'l‘;;%) 1805
(cllvlalsléj 1) 370
hoeras
(gle;s?sres) 193

"

Total 3662

Mild

PRE_PROCESSING

DATASET \ CLASSIFICATION -
SMOTE
: ¥
TRAINED MODEL
v
AUGMENTATION

A,

—>»| DATASET SPLIT J
Ine >

Moderate

Severe

EVALUATION

Proliferative DR

NO DR

Fig. 1. Proposed Framework for the classification of Diabetic Retinopathy.

a) NoDR b) Mild c) Moderate

d) Severe

e) Proliferative DR

Fig. 2. A sample from each class in APTOS fundus image dataset.

44 Volume 14 (2024), Issue 6



Diabetic Retinopathy Severity Grading Using Transfer Learning Techniques

3.2. Pre-Processing

Pre-processing steps are essential before model training to enhance the quality of images and prepare them for
accurate classification. There are many techniques that can be adopted for this purpose [31, 32, 33, 34]. In this research,
pre-processing is done in three (3) steps: 1) Cropping, 2) CLAHE, and 3) Resizing. The images in dataset were
analyzed first. As they have been collected from different clinics and taken from variety of cameras, some images have
more noise and extra black back ground than the others. Some of them are way bright with faded details of the features
present in the image while others have low contrast.

First step of pre-processing is to crop the images. Some images in the dataset contain unwanted backgrounds, and
providing a model with such a dataset that has varying backgrounds can result in performance and generalization
problems which reduces the model's accuracy. To address this issue, we cropped the images to the necessary size
starting from the where the eye's starts to eliminate the extraneous black background.

Then these cropped images were enhanced using CLAHE (Contrast Limited Adaptive Histogram Equalization)
[35]. Our dataset contains images having inconsistencies in brightness and contrast. This step was crucial for revealing
finer details and improving the overall contrast and quality while suppressing the noise from the images. We measured
its effectiveness by comparing the contrast of images before and after CLAHE application ensuring that improvements
were visually and statistically significant.

In last step, we resized these enhanced images. Resizing images to a consistent size ensured uniformity across the
dataset which was necessary for efficient model training and to prevent distortions during feature extraction. Images
were resized to 224 x 224 x 3 dimension, where first 2 numbers represent pixels in height and width and 3 represents
number of color channels in the image i.e. red, green, and blue (RGB).Cropping and Enhancing is shown in Figure 3.

Original Cropped CLAHE

Fig. 3. Original vs. Pre-processed Image

3.3. Balancing Using SMOTE

After the images are pre-processed, they are balanced using an over-sampling technique known as SMOTE
(Synthetic Minority Over-sampling Technique). Images in APTOS dataset are unevenly present among each class that
can be seen in Table 1. It’s an important step to balance the number of images per class so that our TL models won’t be
biased towards the class with majority samples [36]. The goal here is to increase the number of samples in minority
classes only and keep the majority class as it is. In our dataset, Class 0 “NO DR” has the most images. We will increase
the samples in rest of the classes to a random number that is close to the number of images in class 0. The new number
of images per class after applying SMOTE is given in Table 2.

We conducted experiments with various values for the sampling_strategy and k_neighbors and ended up selecting
parameters that yielded optimal performance. We set the sampling_strategy to ensure that the number of images in the
minority classes approached somewhere near the number of images of the majority class while k_neighbors was chosen
based on the data distribution to enhance the quality of synthetic samples. The impact of SMOTE on model
performance was evaluated by analyzing the model's accuracy, sensitivity, specificity etc. This assessment confirmed
that this data balancing technique improved classification performance for the minority classes. While SMOTE
effectively addresses class imbalance, it is essential to acknowledge its potential downsides. Oversampling can lead to
overfitting, as the model may learn from redundant synthetic samples rather than genuine variations in the data.
Additionally, there is a risk of reduced data variability, which could negatively affect the model's generalization
capabilities. To mitigate these risks, we carefully monitored model performance and applied regularization techniques
during training to avoid overfitting in our models.

Table 2. New number of images after SMOTE

No DR Mild Moderate Severe Proliferative DR Total
(Class 0) (Class 1) (Class 2) (Class 3) (Class 4)
No. of Original 1805 370 999 103 295 3662
Images
No. of Images after
SMOTE 1805 1500 1600 1400 1400 7705

Volume 14 (2024), Issue 6 45




Diabetic Retinopathy Severity Grading Using Transfer Learning Techniques

3.4 Data Augmentation

The next step is to augment the images in the dataset. The process of data augmentation is widely used in Deep
Learning to increase the size of a dataset by applying numerous augmentation techniques [37]. It introduces variation
and diversity in data which can prevent over-fitting and help the model generalize the images accurately [38].

For the proposed framework, augmentation techniques used are rotation, zooming, shifting, and brightness and
contrast enhancement. These operations are applied randomly to the dataset. After SMOTE the number of images
became 7705. Augmentation is applied in such a way that it increases this number twice. Thus after augmentation, the
total number of images is 15, 410.

3.5 Dataset Split

Before images are fed to the models for training, they are often split to training and testing sets [39, 40]. After
augmentation, dataset was split to a 70:10:20 ratio meaning 70% for training set that will be used to train the models, 10%
allocated for validation set and 20% for testing set on which the trained model will be evaluated.

3.6 Transfer Learning Models

Compared to training a model from scratch, Transfer Learning accelerates convergence and improves performance,
especially when working with limited data. It also reduces the computational cost and training time. The transfer
learning models used for this research are EfficientNetB3 and Xception. These models are pre-trained on ImageNet
which is a large-scale dataset, containing millions of labeled images across thousand categories [41]. Models trained on
this dataset showcase a great performance on tasks related to computer vision [42]. We chose EfficientNetB3 and
Xception as the transfer learning models for our study because they offer specific advantages over other well-known
architectures like ResNet, AlexNet, and Inception. EfficientNetB3 is particularly notable for its top-notch accuracy
which has been proven in various imaging challenges. This makes it a great fit for medical applications that need
precise diagnoses. Xception model also helps achieve faster training and better feature extraction which is crucial for
accurately identifying the different stages of diabetic retinopathy. Although ResNet and Inception have shown their
effectiveness in many tasks, our initial experiments showed that EfficientNetB3 and Xception consistently perform
better in medical imaging tasks, including detecting diabetic retinopathy.

Input Layer

l

Base Layer

l

Global Average
Pooling (GAP)

l

Fully Connected
(FC-1)

h 4

Dropout

Flatten

l

Fully Connected
(FC-2)

h 4

Dropout

|

Fully Connected
(FC-3)

Output Layer

Fig. 4. Fine-tuned Layers of TL Models
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Before training, the used models are fine-tuned. The first and last layers are modified for both models with a few
additional layers. The input layer is modified and the dimensions were set to 224 x 224. After the base layer, a Global
Average Pooling (GAP) layer was added. Rest of the added layers include flatten layer, fully connected layers, dropout
layers and output Layer. Activation function used was ReLU. As the proposed framework is for multi-classification,
softmax activation function was used in the output layer. Figure 4 represents the fine-tuned architecture used for these
models. The details of each layer are shown in Table 3.

Table 3. Detailed structure of the Layers included in TL Models

Layers Detailed Structure
Input 224 X 224 X 3
Base TL model

Global Average Pooling -
Number of units= 128,
Fully Connected (FC-1) activation = ReLu
Dropout 0.1
Flatten -
Number of units= 64
Fully Connected (FC-2) activation = ReLu
Dropout 0.1
Number of units= 32
Fully Connected (FC-3) activation = ReLu
No. of Classes = 5
activation = Softmax

Output

4. Results and Discussion

After preparing the dataset with pre-processing and other techniques, it was used to train the TL models. The data
was split in a ratio of 70:10:20. As the total number of images after augmentation were 15, 410, there were a total of
9862 images in training set (70%), 2466 images in validation set (10%) and 3082 images in testing set (20%) after the
dataset split. To ensure the reliability of our reported results and mitigate potential biases in data splitting, we employed
a robust dataset shuffling technique prior to splitting into training, validation, and test sets. This ensured that each subset
was representative of the overall dataset thereby reducing the risk of biased splits or data leakage. The consistent
performance metrics achieved across these splits along with the high accuracies demonstrated by our models indicated
reliable generalization capabilities. The entire model training and testing process was done using Python programming
language and Kaggle Notebooks as a platform to execute the code which provides storage up to 73GB, a RAM of 29GB,
and a GPU of 15GB.

In our study, accuracy is our primary performance metric as it provides a straightforward measure of the model's
overall correctness in classifying diabetic retinopathy across multiple stages. However, relying solely on accuracy may
not provide a complete picture particularly in medical classification tasks where both false positives and false negatives
have significant consequences. To ensure a comprehensive evaluation, we have also calculated additional metrics
including F1-score, specificity and sensitivity, which are critical for assessing the model's performance. Sensitivity (also
known as recall) measures the ability of the model to correctly identify true positive cases. On the other hand,
specificity assesses the model’s ability to correctly identify true negatives, or healthy patients. To evaluate the
performance of the models on both training and testing sets, following measures have been used:

Misclassification Rate(MCR) = FP+FN 1)
TP+TN + FP + FN
Accuracy (ACC) = TP+TN )
TP+TN + FP+FN
e . TN
Specificity(SPC)= ———— (3)
P y( ) TN + FP
Sensitivity (SEN ) = TP 4)
TP+FN
F1_ Score( Fl) _ 2 x Precision x Recall )

Precision x Recall
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Positive PredictionValue( PPV ) = _TP (6)
TP+FP
. .. TN
Negative PredictionValue(NPV ) = ———— )
TN +FN
False Positive Ratio( FPR ) =1 Specificity (8)
False Negative Ratio( FNR) =1— Sensitivity 9)
Likelihood Ratio Positive(LR +) = —oioltVity (10)
(1 Specificity)
Likelihood Ratio Negative(LR —) = (1 Sensitivity) (11)

Specificity

The transfer learning models used for classification purpose are EfficientNetB3 and Xception. For training the
models, different training parameters were experimented with such as batch size, number of epochs, optimizers etc. to
improve the training process and analyze which parameters best suit the process. We tested learning rates of 0.0001,
0.001,and 0.01, and found that a learning rate of 0.001 provided the best balance between rapid convergence and
training stability. Higher learning rates led to instability, while lower ones significantly slowed down the learning
process of our model. For batch size, we explored values of 16, 32, and 64. A batch size of 32 was selected as it offered
the best compromise between memory efficiency and model generalization, whereas smaller sizes increased training
time, and larger sizes risked overfitting. Initially, we trained the model for up to 100 epochs but settled on 40 epochs
after observing that the model converged well by this point. For optimization, we tested different optimizers, including
Stochastic Gradient Descent (SGD) and RMSProp, but selected the Adam optimizer due to its adaptive learning rate,
which allowed for faster convergence and improved training. Finally, we used the categorical cross-entropy loss
function, which is appropriate for multi-class classification tasks and worked effectively in optimizing our model. These
hyper-parameters used in the process of training are mentioned in Table 4.

Table 4. Training parameters for both TL models

Input Shape Optimizer Learning Rate Batch Size Number of Epoch Loss Function
224 x 224 x 3 Adam 0.001 32 40 Categorical cross-entropy
Confusion Matrix - Training Set Confusion Matrix - Testing Set

0 1E) 0 0 9 0

True Label
2

True Label
2

Predicted Label Predicted Label
Confusion Matrix of Training Set for Confusion Matrix of Test Set for
EfficientNetB3 Model EfficientNetB3 Model

Fig. 5. Confusion matrix for EfficientNetB3 Model
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The confusion matrix for both training and testing for EfficientNetB3 model is given in Figure 5. This model
achieved a training accuracy of 98.77%, sensitivity of 98.71%, and a specificity of 99.69% on training set. Our model
correctly predicted 2292 out of 2305 images of grade 0, 1751 images out of 1792 images of grade 1, 2036 out of 2044
images of grade 2, 1880 out of 1903 images of grade 3 and 1782 images out of 1818 images of grade 4. On the other
hand, it achieved a test accuracy of 95.16%, sensitivity of 94.92%, and a specificity of 98.79% on test set where it
correctly predicted 708 out of 717 images of grade 0, 517 images out of 574 images of grade 1, 621 out of 640 images
of grade 2, 579 out of 607 images of grade 3 and 508 images out of 544 images of grade 4.

When Xception model was trained on the training set, it achieved a training accuracy of 97.09%, sensitivity of
96.98%, and a specificity of 99.27% and a test accuracy of 92.66%, sensitivity of 92.39%, and a specificity of 98.16%
on test set. During training model correctly predicted 2300 out of 2305 images of grade 0, 1786 images out of 1792
images of grade 1, 2037 out of 2044 images of grade 2, 1687 out of 1903 images of grade 3 and 1766 images out of
1818 images of grade 4. During Testing Xception model was able to correctly predict 714 out of 717 images of grade 0,
547 images out of 574 images of grade 1, 608 out of 640 images of grade 2, 490 out of 607 images of grade 3 and 497
images out of 544 images of grade 4. Train and Test confusion matrix for this model are shown in Figure 6. It can be
clearly seen that EfficientNetB3 outperformed Xception model in classifying the images into 5 classes.

Confusion Matrix - Training Set Confusion Matrix - Testing Set

] 5 0 0

True Label
2
True Label

Predicted Label Predicted Label
Confusion Matrix of Training Set for Xception Confusion Matrix of Training Set for Xception
Model Model

Fig. 6. Confusion matrix for Xception Model

Notably, the EfficientNetB3 model misclassified several images in grade 3 as grade 2, indicating a need for
improved feature differentiation between these grades. Similarly, the Xception model demonstrated a higher false
negative rate in grade 3 predictions. These misclassifications may be attributed to class imbalance within the dataset,
which can lead the model to perform poorly on underrepresented classes. Nevertheless, both models exhibited superior
performance overall, achieving high accuracy rates of 95.16% for EfficientNetB3 and 92.66% for Xception. Addressing
these issues by incorporating additional data augmentation techniques or balancing the dataset could enhance the
models' ability to accurately classify images across all grades, thereby improving overall performance in diabetic
retinopathy grading. Table 5 presents the performance evaluation of the two TL models on training and testing set using
performance measures.

Table 5. Performance Evaluation of EfficientNetB3 and Xception using various measures

Positive | \edativ Likelin | Likelin
TL Accura M!SCI&}S Specifi F1- Sensitiv | Predict e Fa_ls_e Falsq ood ooq
sificatio - - . Predict | Positive | Negativ - Ratio
Models cy city score ity ion . . - Ratio .
n Rate ion Ratio e Ratio L Negativ
Value Value Positive e

Efficie | Trainin 0.9877 0.0123 0.9969 0.9879 0.9871 0.9882 0.9969 0.0031 0.0129 2389.6 0.0129

ntNetB g
3 Testing | 0.9516 | 0.0483 | 09879 | 09524 | 09492 | 09554 | 09881 | 00121 | 00508 | 18502 | 0.0513
Xceptio T“E”'” 09709 | 00290 | 09927 | 09876 | 0.9698 | 0.9737 | 09929 | 0.0073 | 00302 | 1823.8 | 0.0303

n

Testing | 0.9266 0.0733 0.9816 0.9256 0.9239 0.9345 0.9821 0.0184 0.0761 151.22 0.0772
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The results of this research are compared with the existing methodologies. Table 6 provides a comparison between
the best results of this research and previous studies. The comparison is made in terms of Accuracy and on multi-
classification. The proposed methodology performed better than the previous studies. Some researchers used fused
models for classification of fundus images in their studies. Others worked with machine learning classifiers and deep
learning feature extraction through CNN creating hybrid models for better performance. Some proposed their own
convolutional neural network CNN architectures for grading DR. Transfer learning models were also used in studies of
a few researchers and they worked with pre- trained models like ResNet, EfficientNet, and GoogleNet. The accuracies
these studies achieved are discussed in Table 6. Accuracy achieved by this study using EfficientNetB3 is greater than
the previous studies.

Table 6. Comparison of proposed technique with previous studies in terms of Accuracy and multi-classification.

Reference Methodology Accuracy
Ebrahimi et al [43] CNN (intermediate fusion) Architecture 92.65%
Shakibania et al [44] Deep dual-branch model (transfer learning) 89.60%
Jabbar et al [45] GoogleNet + ResNet 94%
Singh et al [46] VGG16 + Logistic Regression 90.4%
Romero et al [47] FCN + Attention mechanism 83.70%
Mutawa et al [48] CNN Model 72%
Chilukoti et al [49] EffNet_b3_60 87%
Boruah et al [50] ResNet2.0 91%
Current Study EfficientNetB3 95.16%

5. Conclusions and Future Work

This research presents a multi-classification framework for grading diabetic retinopathy into 5 classes using
Transfer Learning. DR is a severe eye condition which causes vision impairment if not treated on time that’s why early
detection of this disease and regular eye-screening can save diabetic patients from severe vision conditions. For this
study, APTOS 2019 dataset is used for DR detection and classification. Fundus images from the dataset were pre-
processed, balanced and augmented. Cropping was done to remove extra background and CLAHE was used to enhance
the fundus images. Original dataset was unbalanced which was handled using SMOTE. Two TL models were trained on
the dataset. These models used after fine-tuning are EfficientNetB3 and Xception. EfficientNetB3 model achieved a
training accuracy of 98.77% and scored the highest test accuracy of 95.16% whereas Xception model achieved 97.09%
accuracy on training set and 92.66% on test set. EfficientNetB3 model outperformed Xception model with its superior
performance. Many other researchers have contributed their results and findings in detecting and classifying diabetic
retinopathy. On comparison of this research with the recent existing studies, the methodology of this research
performed well. A potential limitation of our research is the class imbalance observed in the dataset, which affected
model performance and led to misclassification. To enhance accuracy, future studies would focus incorporating
additional data augmentation techniques. Additionally, since this study relied solely on the APTOS 2019 dataset
exploring a broader range of distinct diabetic retinopathy datasets, especially those with larger numbers of fundus
images, would help improve training robustness. Integrating various deep learning architectures such as convolutional
neural networks (CNNSs) and pre-trained models along with tailoring pre-processing techniques to specific retinal image
requirements will also be essential for achieving higher accuracy in future studies.
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