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Abstract: Diabetic retinopathy stands as a significant concern for individuals managing diabetes. It is a severe eye
condition that targets the delicate blood vessels within the retina. As it advances, it can inflict severe vision impairment
or complete blindness in extreme cases. Regular eye examinations are vital for individuals with diabetes to detect
abnormalities early. Detection of diabetic retinopathy is challenging and a time-consuming process, but deep learning
and transfer learning techniques offer vital support by automating the process, providing accurate predictions, and
simplifying diagnostic procedures for healthcare professionals. This study introduces a multi-classification framework
for grading diabetic retinopathy into five classes using Transfer Learning and data fusion. The objective is to develop a
robust, automated model for diabetic retinopathy detection to enhance the diagnostic process for healthcare
professionals. We fused two distinct datasets, APTOS and IDRiD, which resulted in a total of 4178 fundus images. The
merged dataset underwent preprocessing to enhance image quality and to remove unwanted regions, noise and artifacts
from the fundus images. The pre-processed dataset is then resized and a balancing technique called SMOTE is applied
to it due to uneven class distribution present among classes. To increase diversity and size of the dataset, data
augmentation techniques including flipping, brightness adjustment and contrast adjustment are applied. The dataset is
split into 80:10:10 ratios for training, validation, and testing. Two pre-trained models, EfficientNetB5 and DenseNet121,
are fine-tuned and training parameters like batch size, number of epochs, learning rate etc. are adjusted. The results
demonstrate the highest test accuracy of 96.06% is achieved by using EfficientNetB5 model followed by 91.40% test
accuracy using DenseNet121 model. The performance of our best model i.e. EfficientNetB5, is compared with several
state-of-the-art approaches, including DenseNet-169, Hybrid models and ResNet-50 where our model outperformed
these methodologies in terms of test accuracy.

Index Terms: Diabetic Retinopathy, Data Fusion, Transfer Learning, Deep Learning, Augmentation.

1. Introduction

Diabetic retinopathy (DR) is a major health concern that affects millions of people worldwide [1]. It is one of the
leading causes of blindness among adults of working age in many countries [2]. DR is a condition caused by long term
diabetes mellitus. It occurs as a result of damage to the blood vessels in the retina which is the tissue responsible for
vision, present at the back of the eye. This damage can lead to various complications like fluid or blood leakage from
the blood vessels into the retina, abnormal growth of new blood vessels or even scarring of the retinal tissue. If not
treated on time, these complications might worsen eyesight and result in complete blindness [3]. In order to help
patients regain normal function in their retinas, early detection and treatment of this condition is essential [4].

Regular eye examinations are necessary for monitoring the progression of diabetic retinopathy and prevention of
vision loss [5]. Diabetic retinopathy can be categorized into two primary stages: proliferative diabetic retinopathy (PDR)
and non-proliferative diabetic retinopathy (NPDR) [6, 7]. Non-proliferative Diabetic Retinopathy is the early stage
characterized by the presence of micro aneurysms (small bulges in blood vessels), hemorrhages (leakage of blood into
the retina), and lipid exudates (yellowish deposits) [8]. Proliferative Diabetic Retinopathy is the advanced stage where
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abnormal blood vessels grow on the surface of the retina, leading to severe vision impairment. This is known as
Neovascularization. Early treatment assists in preventing the advancement of DR and protecting the vision. This
intervention may take the form of medication, having surgery, lifestyle modifications, or laser treatment [9].

Artificial intelligence (Al), especially deep learning (DL) and transfer Learning (TL), has revolutionized the
detection and classification of diabetic retinopathy (DR) [10]. Deep learning algorithms can identify intricate patterns
and features straight from unprocessed data, including retinal scans, without the requirement for custom features. TL
involves pre-training a DL model on a large dataset and then fine-tuning the model on a smaller dataset for
classification [11]. The manual image processing approaches used in traditional DR detection methods frequently
consisted of time-consuming processes including feature extraction and selection by individuals with expertise [12].
These techniques were challenging, prone to mistakes, and constrained by the experience level of the experts [13]. In
comparison, DL and TL algorithms automate the feature extraction process and can learn numerous distinctive features
directly from raw image data providing a superior performance. It also makes it possible to create DR detection systems
that are more accurate and adaptable, which minimizes the need for human participation [14].

Our research proposes a multi-classification framework to detect and grade DR into five classes using Transfer
Learning. The main contribution of this study is the use of data fusion, where we fused together 2 distinct DR Datasets
and fine-tuned pre-trained models, which are used to grade DR into 5 classes. All DR Datasets have different image
sizes, resolution and quality making it a challenge to attain a highest accuracy when datasets are merged. Training the
models become more difficult by the noise and artifacts present in these images. Various pre-processing methods are
employed in our study to address these problems in order to attain a higher of accuracy. APTOS and IDRID are the two
datasets that are combined together in this study to form a new dataset. Both of these datasets have DR graded into 5
classes: No DR, Mild, Moderate, Severe, and Proliferative DR. Pre-trained models used here are EfficientNetB5 and
DenseNet121. We made use of techniques like CLAHE to improve the quality of images and SMOTE to tackle the
class imbalance issues.

The goal of this research is to propose an automated and efficient system to grade diabetic retinopathy with a
higher accuracy. Our methodology can help physicians and healthcare professionals by reducing the manual workload
with less errors thus helping with the early detection and treatment of DR. Our aim is to reduce model over-fitting and
model complexity by introducing various techniques such as fine-tuning, data augmentation and early stopping. The
details of each technique used in our methodology is provided in Section 3. This research also aims to provide an
efficient system by training models using fused dataset. By merging these datasets, we benefit from a broader and more
diverse collection of fundus images, which improves the model's generalization capabilities. The increased data volume
and diversity reduce the risk of over fitting which leads to a more robust and adaptable model. Furthermore, the fusion
of datasets helps address limitations inherent in individual datasets, such as class imbalance and insufficient variation.

This research is organized into following sections: An over view of previous literature on DR detection is provided
in Section 2 along with the methodologies and different classifiers used. Section 3 describes the proposed classification
framework of this study in detail. Section 4 discusses the results of the proposed models using numerous performance
evaluation metrics and also provides a comparison of these models with previous studies. Section 5 concludes the study
with insights into future work.

2. Literature Review

Numerous researchers have devoted their efforts in experimenting with various techniques, algorithms, and
methods to achieve the objectives of detecting and classifying diabetic retinopathy. Through their dedication, these
researchers have made significant contributions in enhancing the detection of this disease.

In [15], researchers have proposed a multi-classification framework to detect and grade diabetic retinopathy into 5
classes using Transfer Learning. They used Inception-V3 model which is pre-trained using ImageNet. The dataset they
used in their study is EyePACS from Kaggle. Fundus images were pre-processed using down sampling, local average
color subtraction and cropping of the image border. Inception-V3 was used to for classification after pre-processing.
Their proposed model showed a validation accuracy of 50% and the final test accuracy of 48.2%. Researchers of [16]
have proposed a binary classification system to detect No-DR and Mild-DR using the concepts of transfer learning.
They have used a pre-trained VGG19 model that is fine-tuned first before classification. Fundus image dataset from
Kaggle and Messidor are the two datasets that were used in the research. These images were resized, cleaned by
removing the dark images and CLAHE technique was applied on them to improve the contrast. Afterwards images were
augmented using Augmentation techniques. VGG19 was fine-tuned using fully connected and dropout layers. This
model achieved an accuracy of 93.89% and an F1 score of 90% in 20 epochs.

Authors in [17] have introduced a deep transfer learning framework to classify and detect the stages of DR
automatically. A DR dataset named APTOS 2019 Blindness Detection is used by the researchers. They split their
dataset to train and test where augmentation techniques were applied on the training set. Pre-processing steps were
applied on both training and testing sets which was done in 5 steps. Authors used Gaussian Filtering, cropping,
rescaling and application of CLAHE (Contrast Limited Adaptive Histogram Equalization) method. Then these pre-
processed images were fed to three models: ResNet152, DenseNet201 and VGGNet19. Out of these proposed models,
DenseNet201 achieved the highest test accuracy of 82.7% while the highest AUC value of 94.1% was achieved by
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ResNet152. In [18], a binary classification system is proposed by the authors to classify diabetic retinopathy as DR/No
DR. They have used Convolutional Neural Network (CNN) based transfer learning concepts for classification purpose.
Two datasets are used, one is DR1 containing 1014 DR images and other one is Messidor with 1200 fundus images. For

pre-processing, images are cropped first, and then resized. Four (4) pre-trained models have been fine-tuned:
VggNet-vd-16, Vgg-s, AlexNet, and VVggNet-vd-19. Three different experiments were carried out by fine-tuning all
layers, fine-tuning in a layer wise manner, and extracting features using CNNS then classifying using SVM. Their
proposed framework achieved a highest accuracy of 94.52% on DR1 dataset and 92.01% on Messidor.

Authors of [19] 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%. In [20] a multi-classification methodology is proposed using transfer
learning models to grade diabetic retinopathy. The pre- trained transfer learning models used are EfficientNet, ResNet
and VGG. Researchers used Kaggle competition dataset consisting of 35, 126 fundus images. This dataset is resized and
split to training, validation and testing set prior classification. Different training parameters are experimented with along
with different types of TL models and various performance metrics. Among all the models used, the
Efficient_Net_b3_60 achieved the highest accuracy of 87 % followed by 0.85 quadratic weighted kappa (QWK), 84%
F1-score, 85% Precision and 87% Recall.

A Binary classification framework is proposed in [21] using Inception-V3 transfer learning model to detect and
classify DR into 2 classes. Authors chose a smaller version of EyePACS dataset available at Kaggle containing 2500
retinal images and divided them in healthy and unhealthy class. Images were pre-processed by getting cropped first and
then resized to 300x300 dimensions. Afterwards Inception-V3 was trained using these pre-processed images for feature
extraction and classification using SGD optimizer (Stochastic Gradient Descent) and softmax function. On testing the
model, it gave a test accuracy of 90.9% and a test loss of 3.94%. Authors of [22] proposed deep learning algorithm for
automatic detection of diabetic retinopathy. They used Inception-V3 model for classification purpose. They have
worked on privately collected dataset from different clinics along with Messidor-2 dataset as the test set for
performance evaluation of the trained model. Numerous pre-processing techniques were applied to the fundus images
including, cropping, rescaling, CLAHE to improve contrast etc. The proposed method achieved a classification
accuracy of 93.49% along with 96.93% sensitivity and 93.45% specificity. AUC achieved was 0.9905.

In contrast to these previous studies that relied on single datasets or limited image sources, the use of data fusion in
our study aims to mitigate dataset-specific biases and improve robustness. We fused two benchmark datasets, APTOS
and IDRID, both containing 5 grades of DR. Moreover, this study enhances data quality through advanced
preprocessing techniques, including CLAHE, and applies SMOTE to address class imbalance. The use of extensive data
augmentation further diversifies the training set, contributing to improved model performance. In comparison to
existing models, such as those using DenseNet-169 and various hybrid approaches, our framework demonstrates
superior accuracy, achieving a test accuracy of 96.06% with EfficientNetB5. This surpasses the performance of many
state-of-the-art methods, highlighting the effectiveness of data fusion and refined model tuning in our work.

3. Methodology

This research introduces a multi-classification framework using concepts of transfer learning to grade diabetic
retinopathy into 5 classes. TL models are well known in image processing and disease detection [23]. Figure 1 presents
the proposed classification framework outlining all steps involved in the methodology. A comprehensive explanation of
the dataset utilized in this study and the corresponding steps implemented is provided below.

3.1. Used Datasets

There are two benchmark datasets used in this research: 1) APTOS (Asia Pacific Tele-Ophthalmology Society)
2019 Blindness Detection and 2) IDRID (Indian Diabetic Retinopathy Image Dataset). The APTOS and IDRID datasets
were chosen for their comprehensive coverage of DR stages, diversity in imaging conditions and ability to provide a
balanced and enriched training set. The description of each dataset is as under:

APTOS 2019 Blindness Detection is a widely utilized dataset available at Kaggle [24]. This collection comprises
3662 retinal images obtained from the Aravind Eye Hospital in India, captured through fundus photography under
various image settings. This eye hospital played a role to identify and treat this illness in those individuals who reside in
rural places where it is challenging to perform medical examinations The severity levels/grades of diabetic retinopathy
have been assigned to each image by the clinicians using a scale of 0 to 4, where 0 means No DR, 1 means Mild, 2
shows Moderate, 3 means Severe, and 4 represents Proliferative DR. A sample from each grade is shown in figure 2.

IDRID (Indian Diabetic Retinopathy Image Dataset) is the first Indian population-representative database [25].
Furthermore, it is the unique dataset that includes both normal retinal features that have been labeled and diabetic
retinopathy lesions. For every image, this dataset offers details on the severity of diabetic macular edema and diabetic
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retinopathy. Since it can detect diabetic retinopathy early, this makes it ideal for developing and testing image
processing techniques. This dataset was a part of the "Diabetic Retinopathy: Segmentation and Grading Challenge". The
dataset is divided into three sections: 1) Disease Grading, 2) Localization, and 3) Segmentation. As the focus of this
research is on grading of diabetic retinopathy, we only worked with Disease Grading using this dataset. For disease
grading the dataset is divided into 413 images for training set and 103 images for testing set along with their labels
giving a total of 516 fundus images. This dataset is also graded into 5 classes of No DR, Mild, Moderate, Severe and
Proliferative DR. A sample from each grade of this dataset is shown in figure 2.

DATASETS

--------------------------------------------------------------------------------

PRE-PROCESSING DATA AUGMENTATION

: Geometric
- f=Cropping 1. Horizontal Flipping
\ e PTRecing > 2. Vertical Flipping

: — !

- / — | 3. CLAHE i Photometric

: Fused Dataset ! ' 1. Brightness Adjustment
! SIS HOIE > 2. Contrast Adjustment

s —
| - E
EfficientNetB5 : '
| | I | e | | & — (o)
" b Testing Set | :
;[No DR ] [ Mild ] [Modeme] [ Severe ] [Proliferative DenseNetizi | .
Fig.1. Proposed multi-classification framework
Datasets No DR Mild Moderate Severe Prolifertaive

APTOS

IDRID

Fig.2. A sample of fundus image from each grade of APTOS and IDRID dataset

Both APTOS and IDRID datasets have unbalanced distribution of images per grade/label. For this research the
images from these datasets are fused together to increase the size of dataset. Both datasets have 5 grades/classes. The
images of grade 0 in APTOS dataset are combined with the images of grade 0 in IDRID and all the images of grades 1,
2, 3 and 4 are merged the same way. This way we combined all the images from individual datasets and formed a new
one containing all the fundus images from both APTOS and IDRID dataset. After fusion, the new number of fundus
images becomes 4178. The image distribution per grade and the total number of images for APTOS, IDRID and fused
dataset is given in Table 1. The reason for fusing these two datasets in our study is that fusion mitigates the risk of over
fitting to the specifics of a single dataset. It provides a more comprehensive training set, which improves the model’s
performance and its ability to generalize across different scenarios. The IDRID dataset complements the APTOS dataset
by providing additional examples of DR stages and features not covered extensively in APTOS. This diversity helps in
improving the model's ability to detect and classify DR more accurately.
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Grade Number of Images
APTOS IDRID Fused Dataset

No DR (Grade 0) 1805 168 1973
Mild (Grade 1) 370 25 395
Moderate (Grade 2) 999 168 1167
Severe (Grade 3) 193 93 286
Proliferative DR (Grade 4) 295 62 357
Total 3662 516 4178

3.2. Data Pre-processing

Data preprocessing involves various techniques to prepare raw image data for model training. These techniques
enhance the quality of the data, eliminate the noise, standardize the format, and help in achieving optimal accuracy for
classification. Fundus image datasets available to the public vary in resolutions and compression formats. The transfer
learning models require clean, enhanced and quality data for successful grading of DR which makes pre-processing an
essential step to be carried out before classification [26].

In this research, pre-processing is done in four (4) steps: 1) Cropping, 2) Resizing, 3) CLAHE and 4) SMOTE.
Dataset analysis was done first. As we have merged two different datasets, the combined images are from different
clinics and hospitals, photographed from different cameras and angles. Some images have noise and unwanted, extra
black region as compared to the others. Similarly, some images are too dull with faded details of retinal features while
others have a low contrast to see blood vessels and other abnormalities clearly.

First step of pre-processing adopted in our proposed methodology is cropping. Unwanted background can be seen
in some of the images of the dataset. If such dataset with variation of backgrounds is given to a model for classification,
it may lead to performance and generalization issues. That will lower the accuracy of the model. Thus, the images were
cropped to the required size from where the eye starts in order to remove the unwanted black background. We used the
cv2.boundingRect function from the OpenCV library to calculate the bounding box of the largest contour, which was
then used to crop the image.

Then for second step, these cropped images were resized to bring all the images to a same dimension of 180 x 180
x 3. Here, first 2 numbers represent pixels in height and width whereas 3 represents number of color channels in the
image i.e. red, green, and blue (RGB). We standardized the image dimensions to ensure uniform input size for the
model. For this purpose, cv2.resize function was used.

In third step, Contrast Limited Adaptive Histogram Equalization (CLAHE) is applied to the resized images. This
technique improved the contrast and quality of the images by adding more color to the faded dull regions, showing finer
details and improving the overall visibility of features in both bright and dark regions of the images. We used python’s
cv2.createCLAHE function with a clip limit of 4 and tileGridSize of (8, 8). Figure 3 shows the first three steps of pre-
processing

Original l | Cropped | | Resized |

Fig.3. A sample of resultant image after first three steps of pre-processing

After all these steps, the final step is to balance the dataset using an over-sampling technique known as SMOTE
(Synthetic Minority Over-sampling Technique). The distribution of images across classes in the merged dataset is
uneven, as shown in Table 1. It's a crucial step to address this class imbalance to prevent biasness in the transfer
learning models, particularly towards the class with the majority number of samples and to improve the overall
performance. The objective is to augment the number of samples only in the minority classes while maintaining the
majority class unchanged. Among our dataset, Grade 0 "NO DR" contains the highest number of images. Our approach
involves increasing the sample count in the remaining classes to a randomized figure close to the number of images in
class 0. Table 2 provides the new number of images after applying SMOTE. As this technique generates synthetic
samples by interpolating between existing samples, it can lead to the creation of samples that may not fully capture the
variability present in real-world data, potentially introducing artifacts or unrealistic features that could affect model
performance. Thus, careful inspection is required for model training.
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Table 2. Number of image distribution per class after SMOTE

No DR Mild Moderate Severe Proliferative DR Total
(Grade 0) (Grade 1) (Grade 2) (Grade 3) (Grade 4)
Original 1973 395 1167 286 357 4178
Images
Balanced 1973 1880 1650 1750 1650 8903
Images

3.3. Data Augmentation

After Pre-processing, the images are augmented using data augmentation techniques. The aim is to increase the
size of dataset as a larger dataset allows the model to capture a broader range of patterns and variations in the data,
which can lead to better generalization. Data augmentation is the process of expanding the size of the dataset by
applying a variety of transformations to the existing data samples [27]. These transformations mainly include
techniques like rotation, translation, scaling, flipping, cropping and more.

Data augmentation techniques enhance model performance by introducing variability and diversity into the
training dataset, which helps the model generalize better to unseen data. The objective of data augmentation is to
increase the diversity of the dataset and bring variation. There are many forms of augmentation but we used a mix of
geometric and photometric techniques. Geometric augmentation involves applying transformations that alter the spatial
properties of the image, such as its size, orientation, and position. Photometric augmentation involves altering the pixel
values or color properties of the image.

The geometric augmentation techniques used in this research are horizontal and vertical flipping while photometric
ones are brightness adjustment and contrast adjustment. These techniques are randomly applied on the dataset.
Augmentation is done in such a way that it increases the total number of images twice. The total number of images after
balancing using SMOTE was 8903. Thus, after augmentation it became 17,806 images. Data augmentation was applied
using the ImageDataGenerator class from Keras. Table 3 reflects the used techniques in this research. Figure 4 shows
the applied augmentation techniques.

Pre-processed | | Horizontal Flip | | Vertical Flip | Brightness Contrast
Adjustment Adjustment

Fig.4. A sample of each technique applied for augmentation

Table 3. Augmentation techniques used and their corresponding values

Technique Value
Flip Vertical
Flip Horizontal
Brightness Adjustment 10
Contrast Adjustment 10

3.4. Dataset Split

Images are split to training and testing sets before model training. After augmentation, we split the dataset to an
80:10:10 as in 80% for training set, 10% allocated for validation set and 10% for testing set. Training set will be used to
train the transfer learning models and then these models will be used to evaluate the test set. Validation set is used to
evaluate the performance of the TL models during training process.

3.5. Classification using Transfer Learning

Transfer Learning models are pre-trained on ImageNet which is a large-scale dataset, containing millions of
labeled images across thousand categories [28]. Numerous deep learning architectures have undergone training using
the ImageNet dataset. Among the most popular ones are models such as AlexNet, VGG, GooglLeNet, ResNet, and more.
These models have excelled in the ImageNet challenge, showcasing their capability to accurately identify objects within
images with remarkable precision. 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 two transfer learning models for this study are EfficientNetB5 and DenseNet121. These
models are fine-tuned before training. The first and last layers are modified for both models with a few additional layers.
The input layer was altered and the input shape was set to 180 x 180 x 3. The additional layers added after the base TL
layer include a Global Average Pooling (GAP) layer, dropout layers, flatten layer, fully connected (FC) layers and an

66 Volume 16 (2024), Issue 6



A Framework for Diabetic Retinopathy Detection using Transfer Learning and Data Fusion

output layer. Activation function used in hidden layers is ReLU (Rectified Linear Unit). Softmax activation function is
used in the output layer as the proposed framework is for multi-classification. Figure 5 provides the detailed fine-tuned

architecture used for these models.

Fig.5. Layer wise architecture of fine-tuned models

3.6. Performance Evaluation Metrics

Input Layer > 180 x 180 x3
Base Layer > TLModels

L)

|

Global Average

v
'

Pooling (GAP)
Dropout > 0.1
A4
Flatten > o

|

Fully Connected

units = 1024,

(FC-1) RelLU
Dropout > 0.1

A 4

Fully Connected @ units = 256,
(FC-2) i ReLU
il units =5,
Output Layer > B ettnas

Evaluation metrics are used to assess the performance of transfer learning models. These metrics provide insights
into how well a model is performing and help in comparing different models or tuning their parameters. Each data
instance can be categorized into one of four potential outcomes, True Positive (TP), True Negative (TN), False Positive
(FP) and False Negative (FN) [29]. A true positive occurs when the model correctly predicts a positive instance whereas
true negative occurs when the model correctly predicts a negative instance. False positive implies that the model has
incorrectly predicted a positive instance. False negative means the opposite of false positive i.e. when a model
incorrectly predicts a negative instance. The metrics used to evaluate the training and testing set for this research are as

follow
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Negative PredictionValue(NPV ) = % (6)
False Positive Ratio( FPR) = 1 Specificity (7
False Negative Ratio( FNR ) = 1— Sensitivity 8)
Sensitivity 9)

Likelihood Ratio Positive(LR +) = m
— Specificity
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Likelihood Ratio Negative (LR —) = w (10)
ificity

4. Results and Discussion

When the dataset is prepared and pre-processed, it is split to a ratio of 80:10:10 and training set is used to train the
TL models. The total number of images after augmentation was 17,806. After the split, the training set has a total of
12,820 images (80%), validation set has 3205 images (10%) and testing set has 1781 images (10%).

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.
EfficientNetB5 and DenseNet121 are the models employed in this research. Batch size for training was set to 32 and
total number of epochs was 40. The Adam algorithm was used as an optimizer along with a learning rate of 0.001.

Initially we experimented with various learning rates (0.001, 0.0001, 0.01) and optimizers such as RMSProp, SGD
(Stochastic Gradient Descent) and Adam, then we picked the one which gave the best performance i.e. Adam Optimizer
with a learning rate of 0.001. Similarly, we carried out our experimentations with and without the regularization
techniques and further experimented with other hyper-parameters like batch size (64, 32) and No. of epochs (40, 60, 80).
Without the regularization techniques, the model would perform exceptionally well only on the training set but would
not give much accurate results on validation or test set because it would essentially memorize the training data rather
than generalizing from it. So, to address the issue of over fitting, this study employs regularization techniques such as
EarlyStopping and ReduceLROnNPlateau methods.

These methods are configured to halt training when the model achieves its best performance before overfitting
occurs. EarlyStopping is utilized to monitor the validation accuracy. It halts training if the validation accuracy remains
stable or increases for five (5) consecutive epochs. The ReduceLROnNPIlateau method is employed to adjust the learning
rate. If the loss value does not change for 3 successive epochs, it decreases the learning rate by a factor of 0.2. .. In
conclusions we chose all those parameters which boosted the performance of our models and helped with achieving
higher accuracy in correctly detecting the DR stages. The training parameters used for this study are given in Table 4.

Table 4. Hyper-parameters for training the TL models

Training Parameters
Input Shape 180x 180x 3
Optimizer Adam
Learning Rate 0.001
No. of Epochs 40
Batch Size 32
Loss Function Categorical cross entropy

On training EfficientNetB5, it gave an accuracy of 99.08% followed by 99.18% precision, 98.96% recall and 99.07%
F1-score. On evaluating this model on the test set, it achieved the best accuracy of 96.06% followed by 96.22%
precision, 95.84% recall and 96.05% F1-score. Confusion matrix of both training and testing set for EfficientNetB5 is
given in figure 6.

Training DenseNet121 gave an accuracy of 96.42%, a precision, recall and F1-score of 96.58%, 96.16% and 96.37%
respectively. When it was evaluated using test set, it achieved an accuracy of 91.40% followed by 91.85% precision,
91.24% recall and 91.56% F1-score. Confusion matrix of both training and testing set for this model is given in figure 7.
The accuracy achieved by this model is a little less than EfficientNetB5.

The evaluation metrics for both of the TL models are given in Table 5. Training and testing, both metrics are
evaluated for each model. It can be seen from the results given in the table that EfficientNetB5 performed well as
compared to DenseNet121. It gave a higher training and testing accuracy along with other metrics. DenseNet121 model
also performed well in classifying the DR into 5 classes.

68 Volume 16 (2024), Issue 6



A Framework for Diabetic Retinopathy Detection using Transfer Learning and Data Fusion
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Fig.6. Confusion matrix for EfficientNetB5 model

Confusion Matrix - Training Set Confusion Matrix - Testing Set

True Label
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Predicted Label Predicted Label

Confusion Matrix of Training Set for Confusion Matrix of Testing Set for
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Table 5. Performance Evaluation of EfficientNetB5 and DenseNet121 using various measures

Misclassification Positive Negative False False Likelihood | Likelihood
TL Models Accuracy Rat Specificity | Sensitivity | Prediction | Prediction Pasitive Negative Ratio Ratio
ate Value Value Ratio Ratio Paositive Negative
Training 0.9508 0.0091 0.9977 0.9903 0.9907 09977 0.0022 0.0094 450.60 0.0094
EfficientNetB5
Testing 0.9606 0.0393 0.9902 0.9596 0.9597 0.9902 0.0097 0.0403 118.83 0.0408
Training 0.9642 0.0337 09911 0.9628 0.9644 09912 0.0088 0.0371 37423 0.0373
DenseNetl21 — —
Testing 0.9140 0.0839 0.9787 09126 09179 09789 0.0212 0.0873 79.770 0.0887

Accuracy and Loss of training and validation for these models is presented in figure 8 in the form of a graph. It
shows both of these models were trained well with minimum validation loss. EfficientNetB5 achieved the validation
accuracy of 96.41% with 0.1454 validation loss. Validation accuracy for DenseNet121 is 89.67% with 0.4238
validation loss. This can be visualized from the graphs.

The best results of this research are compared with the previous studies in terms of test accuracy, best performance
and multi-classification. Many researchers have worked on grading DR. Table 6 provides a comparison of the previous
methodologies and our framework. Table shows that the researchers, Liu et al and Menaouer et al, have used hybrid
models after combining deep learning models to grade diabetic retinopathy and a model fusion is done by Alyoubi et al
after combining two deep learning architectures. Shaban et al and Raja Kumar et al have proposed their own deep
learning convolutional neural network architectures in their research. Remaining authors have worked with pre-trained
models (transfer learning) to achieve a better accuracy. All these researchers have worked with different datasets such
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as APTOS, EyePACS, Messidor, DeepDR etc. for training and testing their models along with distinct pre-processing
techniques. Our proposed model EfficientNetB5 showed the best accuracy as compared to these studies with the
proposed pre-processing techniques and data fusion. Although these previous studies worked with more than one
dataset, but they used individual datasets for training/testing and evaluated results for these datasets individual rather
than using the concept of data fusion. Some of these techniques lack the use of regularization techniques or proper pre-

processing techniques due to which their models were unable to achieve higher accuracy. The details of the comparison
are provided in Table 6.
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Table 6. Comparison of best proposed technique with previous studies in terms of accuracy and multi-classification

Reference Year Datasets Used Methodology Accuracy
Mushtaq et al [30] 2021 DR detection 2015 and APTOS2019 DenseNet-169 90%
Shaban et al [31] 2020 APTOS2019 CNN Model 88-89%

Menaouer et al [32] 2022 APT0S2019 Hybrid mOde%%Tg')' VGG16 and 90.60%.
Lin et al [33] 2023 EyePACS Revised ResNet-50 74.32%
Alyoubi et al [34] 2021 DDR and APTOS2019 Model Fusion (CNN512 + YOLOv3) 89%
Raja Kumar et al [35] 2021 Kaggle Dataset CNN Model 94.44%
Abbood et al [36] 2022 Messidor ResNet-50 93.6%
Current Study 2024 (APTOS2019 + IDRID) fused EfficientNetB5 96.06%

The analysis of our results highlights the superior performance of the EfficientNetB5 model compared to previous
studies, with a notable test accuracy of 96.06%. This superior performance can be attributed to several key factors.
Unlike earlier studies that relied on single datasets or limited model combinations, our approach utilized a fusion of two
distinct datasets (APTOS2019 and IDRiD), which enhanced the diversity and comprehensiveness of the training data.
This data fusion approach allowed our model to learn from a broader range of variations in diabetic retinopathy, thus
improving its generalization capabilities. The EfficientNetB5 model's architecture, with its efficient use of depthwise
separable convolutions, further enabled it to capture intricate features of the retinal images more effectively. In contrast,
methods like hybrid models or individual deep learning architectures faced limitations due to their reliance on specific
datasets or less robust preprocessing. Our framework addressed these issues through rigorous data fusion and advanced
preprocessing techniques.

5. Conclusions and Future Works

This research introduced a robust multi-classification framework for detecting and grading diabetic retinopathy
into 5 classes using data fusion and transfer learning. Diabetic Retinopathy is a complication of diabetes that affects the
blood vessels in the retina of the eye. This damage can lead to vision problems or even blindness if left untreated. For
this study, two datasets, APTOS 2019 and IDRID, are fused together for detection and classification of diabetic
retinopathy. By merging the datasets, we addressed the challenge of dataset variability and class imbalance,
significantly enhancing model performance.

Our approach utilized advanced techniques, including CLAHE for contrast enhancement, SMOTE for balancing
class distribution, and extensive data augmentation to increase dataset diversity. Images were cropped to remove
unwanted regions and CLAHE was utilized to enhance the contrast. Dataset was originally unbalanced which was
balanced using SMOTE method. Augmentation techniques including photometric and geometric techniques were
applied to increase diversity. EfficeintNetB5 and DenseNet121 were used for classification after fine-tuning.
EfficientNetB5 model achieved a training accuracy of 99.08% and scored the highest test accuracy of 96.06% whereas
DenseNet121 model achieved 96.42% accuracy on training set and 91.40% on test set. Many researchers have worked
to detect and grade DR using numerous methodologies and algorithms. The best methodology of this research i.e.
EfficientNetB5 model was compared with the previous studies and it performed well in comparison. This framework
not only improves diagnostic accuracy but also reduces manual workload, supporting early detection and treatment of
diabetic retinopathy.

Future work could focus on integrating more advanced deep learning architectures, such as more sophisticated
convolutional neural networks, and exploring the benefits of fusing other publically available distinct DR Datasets.
Additionally, experimenting with ensemble techniques could further refine and enhance the system's accuracy
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