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ABSTRACT

Diabetic retinopathy (DR) is a common and severe effect of diabetes that contributes significantly to vision
impairment worldwide. Retinal fundus imaging is widely used for the detection and monitoring of this
condition; however, accurate interpretation of these images requires substantial clinical expertise. Hence,
achieving consistent and reliable assessment is challenging, particularly given the limited availability of
trained specialists. To address this issue, this work presents a revised VGG16 model for automatically
classifying DR types. The proposed approach was assessed using standard evaluation metrics and achieved
95.43% accuracy on the preprocessed APTOS2019 fundus image dataset. The results suggest that the
proposed method is well-suited for early screening and severity grading of diabetic retinopathy, enabling the

timely diagnosis and lowering the risk of vision loss.
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1. INTRODUCTION

Over the past few years, there have been many
advancements in medical care; however, Diabetic
Retinopathy (DR) is one of the primary contributors
to impaired vision and blindness, which can create a
severe burden on global healthcare systems. Based
on data from the International Diabetes Federation
(IDF), diabetes affects millions of people, and nearly
one in three people with diabetes develops some
retinopathy. Recent statistics estimate that there are
589 million people presently living with diabetes.
More than one in ten people has some form of
Diabetic Retinopathy, and this figure is expected to
rise with the rising incidence of diabetes, particularly
in developing nations [1]. Early identification of
diabetic retinopathy is vital for effective disease
management, thereby preventing severe vision loss
and blindness. Standard diagnostic methods,
including comprehensive eye examinations, Optical
Coherence Tomography (OCT), and fundus
imaging, are the most widely used and cost-effective
for identifying structural abnormalities in the retina
[2]. Analyzing retinal images to classify DR was
time-consuming and required substantial medical
image interpretation. To overcome these challenges,
automated diagnostic tools are essential for enabling
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healthcare professionals to obtain rapid, accurate
evaluations. These diagnostic approaches are
fundamental in detecting and classifying diabetic
retinopathy [3]. As a result, growing attention is
being given to advanced technologies, such as deep
learning, to support automatic analysis of fundus
images for diabetic retinopathy detection [4]. Deep
learning represents an essential subdomain of
artificial intelligence (AI). It can learn patterns from
images and make decisions with minimal human
involvement. Convolutional Neural Networks
(CNNs) are the most commonly applied deep
learning models and achieve strong performance in
classification tasks by automatically learning
discriminative features from raw images [5]. A
widely recognized CNN architecture has achieved
significant performance across diverse medical
image recognition and classification tasks [6].

Diabetic Retinopathy (DR) was categorized
into two broad categories: NPDR and PDR. In
NPDR, it is further divided into mild, moderate, and
severe stages of DR. These categories were selected
based on distinct retinal imaging characteristics. The
results of the method demonstrate that the proposed
deep architecture framework can accurately classify
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the different phases of DR from retinal fundus
images. The high classification accuracy achieved
highlights the model's ability to improve diagnostic
reliability in DR detection. Model performance has
been comprehensively evaluated using a confusion
matrix and a classification report. The findings of
this work highlight the usefulness of a deep neural
network for effectively categorizing multiple stages
of diabetic retinopathy from fundus images while
maintaining efficiency and clinical applicability.

The main contribution of this article:

e To propose a revised VGG16 model for
Diabetic Retinopathy classification.

e To address the class imbalance through
systematic preprocessing and augmentation of
the APTOS2019 dataset.

e To compare the proposed model with VGG16
and EfficientNetB3 using key evaluation
metrics.

This paper is organized as follows: Section 2
summarizes the relevant literature on diabetic
retinopathy classification; Section 3 details the
proposed modified VGG16 model; Section 4
describes the experimental configuration and
presents the results; Section 5 discusses the
outcomes of the proposed approach; and Section 6
concludes the study.

2. REVIEW OF RELATED WORK

Earlier approaches to diabetic retinopathy
analysis relied on manually designed features, such
as texture measures, blood vessel extraction, and
lesion identification, which were subsequently
classified using algorithms like random forests and
support vector machines. Although these techniques
performed well under controlled conditions, their
reliability decreased when applied to large clinical
datasets with diverse image quality. Recent advances
in convolution-based learning frameworks have
transformed DR analysis by enabling the automatic
extraction of discriminative patterns directly from
retinal images. Clinically relevant factors, including
age, diabetes duration, blood glucose levels, and
hypertension, were identified as significant
predictors. The effectiveness of the proposed
approach in improving risk stratification among
individuals with diabetes, supporting earlier
detection and timely intervention to reduce the risk
of severe retinal complications [7].

A study on the APTOS 2019 dataset evaluated
VGG16, ResNet50, DenseNetl121 and DenseNet169
using a novel loss function and results show that

DenseNet169 achieved the best performance
(96.68%), demonstrating the strength of deeper
CNN models for DR classification [8]. Another
method used an original VGG16 configuration and
achieved 75.48% accuracy, and by introducing
Dropout, and the accuracy increased to 76.57%
when regularization was applied only to the
classification layers and to 77.11% when
regularization was applied to all layers. In contrast,
a denser feature extraction in the early stages,
followed by a gradual reduction in convolutional
layers, achieved a superior accuracy of 81.74%,
demonstrating clear performance gains over
VGG16-based models [9].

A related investigation used a DenseNet-based
approach to extract meaningful features from retinal
fundus images. The method reported 96.11%
accuracy and a quadratic weighted kappa value of
0.89 for the identification of diabetic retinopathy.
When evaluated alongside a VGG16 model,
DenseNet121 demonstrated better performance on
this classification task [10]. Q. H. Nguyen et al.
proposed an automated framework for diabetic
retinopathy classification based on VGGI16 and
VGG19 architectures, which evaluated retinal
images acquired under different illumination
conditions and viewing angles. This approach
achieved an accuracy of 82%, with sensitivity and
specificity values of 80% and 82%, respectively, and
reported an area under the ROC curve of 0.904 for
grading diabetic retinopathy into five severity
categories [11].

D. Singh and D. C. Dobhal, using Indian
diabetic retinopathy datasets, to categorize retinal
fundus images into four major lesion types:
microaneurysms, soft exudates, hard exudates, and
haemorrhages. In this approach, VGG16 was
employed to extract features from fundus images,
and logistic regression was used for final
classification, yielding an overall accuracy of 90.4%
[12]. B. Menaouer et al. introduced a hybrid
framework combining VGG16 and VGGI9
architectures for severity-based diabetic retinopathy
classification. Its performance was evaluated on
5,584 fundus images collected from multiple online
sources and reported an accuracy of 90.6%, recall of
95%, and F1-score of 94% [13].

C. Mohanty et al. used the APTOS 2019 dataset
and analyzed it under class-imbalanced conditions,
with appropriate balancing techniques applied
during training. Two learning frameworks were
assessed, with the hybrid configuration achieving
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79.5% accuracy, while the DenseNetl121 model
recorded a substantially higher 97.3% accuracy. A
comparison with previously reported methods on the
corresponding dataset further demonstrated the
improved performance of DenseNetl121 [14]. In Z.
Khan et al.'s study, a VGG-NiN architecture was
introduced by integrating a VGG16 backbone with
Spatial Pyramid Pooling (SPP) and Network-in-
Network (NiN) modules. The SPP component
enabled multi-scale analysis of retinal images, while
the NiN structure increased model expressiveness
through enhanced non-linearity. This approach
achieved 85% accuracy in diabetic retinopathy
classification [15].

These studies underscore the growing
importance of advanced computational approaches
in retinal image analysis and lesion segmentation,
where automated methods have demonstrated clear
improvements in both processing speed and
diagnostic accuracy when compared with manual
assessment. The incorporation of such frameworks
into clinical workflows has the potential to
streamline diabetic retinopathy screening by
reducing clinician workload and enhancing
diagnostic consistency. The reviewed literature
indicates that modern convolutional architectures are
advancing retinal imaging by enabling efficient and
reliable diagnostic solutions for diabetic retinopathy.
However, challenges associated with data quality,
interpretability of results, and robustness across
diverse populations must be addressed before these
systems can be broadly implemented in routine
clinical practice or large-scale screening programs.
Overall, existing evidence suggests that continued
methodological refinement will support earlier
identification of diabetic retinopathy and improve
patient outcomes.

3. PROPOSED MODEL

A convolutional network processes a fixed-size
image input. It employs a set of filters to capture
spatial patterns within the image, enabling the
identification of characteristics such as colour
variations, textures, and edge information [16]. By
sharing weights and carefully distributing
parameters across layers, this structure reduces
computational complexity. Feature extraction is
performed using kernels of predefined sizes at
successive layers. To further refine the extracted
information, pooling operations are applied to
reduce the dimensionality of feature maps while
retaining critical structural details. Among the
available pooling techniques, max pooling is most
commonly used, in which the input is divided into

small regions, and the maximum value from each
region is retained. Alternatively, average pooling
computes the mean of each area, reducing data size
and computational load. When trained with
sufficient caution and large-scale datasets, CNN-
based models achieve more reliable outcomes in DR
disease detection than those trained on limited data
[17]. A deep convolutional neural network manages
224 x 224 colour images across multiple convolution
operations in the proposed framework. Starting with
64 filters, the network progressively increases filters
to 128, 256, and 512, each using 3 x 3 kernels with
ReLU activation to capture complex features. Max
Pooling layers (2 x 2) follow each block to reduce
dimensions and highlight key patterns, while a
Global Max Pooling layer gathers the strongest
activation into a compact vector. The extracted
features are then fed into a stack of dense layers with
integrated Dropout for regularisation, and finally, a
Softmax output layer provides probabilistic
classification predictions.

3.1 Input Layer

Before the extraction of features, retinal fundus
images undergo several preprocessing steps to
enhance image quality and maintain uniformity
across the entire dataset. During this stage, images
are resized to the required input resolution, and noise
is reduced using filtering techniques such as
Gaussian or median filtering. The proposed model is
designed to process retinal fundus images of size 224
x 224 pixels with three input channels (RGB).
Structural details are enhanced via green-channel
extraction, while  contrast-limited  adaptive
histogram equalization improves the visibility of
lesions and blood vessels. Pixel intensities are
normalized to support stable model training, and
data augmentation strategies, including rotation and
scaling, are employed to increase sample diversity
and limit overfitting. After preprocessing, the
refined images are used for feature extraction, which
subsequently supports accurate classification of
diabetic retinopathy.

3.2 Convolution Layer

Convolutional layers form the fundamental
building blocks of the network, where spatial
features are progressively learned from input
images. The architecture consists of two
convolutional blocks with 64 filters, two with 128
filters, three with 256 filters, and two with 512
filters. The Rectified Linear Unit (ReLU) activation
is applied after each convolutional block to improve
the model's ability to capture complex visual features
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Figure 1. Modified VGG16 Architecture

in fundus images.

0(i,)) =S Zal(i +m,j+n)- Frnn) +b (1)
Where I(i,j) is the input image.

F(m,n) is the filter, and b is the bias.

O(i, j) represents the feature value produced at the
spatial location (i, j)

3.3 Max Pooling Layer

A max pooling operation with a 2 x 2 filter size
was applied after two convolutional blocks. This
step down-samples the feature maps, removes
redundant details, reduces overfitting, and highlights
the most significant patterns in the data.

0(i,j) = max I(i+m,j+n) )
(mn)e R

1(i,j) is the input feature
R is the pooling region
O(i,)) is the output after applying the max polling

3.4 Global Max Polling Layer

After the convolutional layers, a global
maximum pooling operation is applied to each
feature map, reducing it to a single value and
producing a one-dimensional representation. This
operation aggregates the most significant activations
across all channels and passes them to fully
connected layers for classification.

G = r?ai( 1(6,)) 3)
LJj
I¢ is the input feature map for channel c at location

@, ])

G, is the single output value of channel C,
computed by taking the maximum across the entire
feature map.

3.5 Dense Layer

e
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After the convolutional and pooling stages, a
dense layer with 256 neurons and ReLU activation
is added. To limit the model overfitting, L1 (0.006)
and L2 (0.016) regularisation are included. L1
regularisation can push unnecessary weights to zero,
while L2 regularisation reduces overfitting by
keeping weights smooth and distributed. The final
fully connected layer maps these features into class-
specific output probabilities for classification.
Rectified linear unit activation function is in Eq.(4)

(i, ifi>0
R(l):{o, ifi<0 )

L1 Regularisation: It can add absolute values of the
weights to the loss function.

L totar = Loriginal + A Z?:llwil )

L2 Regularisation: It can add the square of the
weights to the loss function.

Ly totar = Loriginal + A Z?:l wzi (6)

L denotes the initial loss value.
A is the regularisation strength, W; is the weight
value.

3.6 Dropout Layer

A Dropout layer with a dropout of 40% is
applied after the dense layer to mitigate overfitting.
A proportion of neurons is randomly deactivated
during training via Dropout to force the network to
learn redundant representations, making it more
robust and generalizable. The final stage is a Dense
layer with neurons equal to the number of classes,
followed by a SoftMax activation, which produces a
normalized probability distribution across classes,
enabling effective multi-class classification. The
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architecture sequentially applies convolution and
pooling to extract features, then condenses them into
a compact representation, which is classified using
dense layers with a SoftMax output.

4. RESULTS

The APTOS 2019 Blindness Detection dataset
from the Asia Pacific Tele-Ophthalmology Society
was used in this method. The dataset includes 3,662
retinal fundus images, annotated across five diabetic
retinopathy severity levels ranging from No DR (0)
to Proliferative DR (4). The distribution of images
across these categories is summarized in Table 1.
Representative samples from each class were also
examined to provide a visual understanding of the
dataset [18]. To ensure reliable model development
and evaluation, the dataset is split into training,
validation, and test subsets with proportions of 70%,
15%, and 15%, respectively. Stratified sampling was
applied to maintain the original class distribution in
each subgroup. Before model training, a series of

preprocessing steps was carried out to improve
image quality and ensure consistency. These include
cropping to eliminate dark borders, resizing to a
fixed input resolution, normalizing pixel intensities,
and contrast enhancement using contrast-limited
adaptive histogram equalization to improve the
visibility of retinal lesions. Due to the inherent class
imbalance, particularly in the Mild, Severe, and
Proliferative DR categories, data augmentation was
applied to increase their  representation.
Augmentation techniques included image flipping,
small-angle rotations, contrast variation, and
localized histogram equalization. An augmentation
factor of two was applied to these minority classes,
while the No DR and Moderate classes remained
unchanged. This approach enhanced data diversity
and reduced bias toward dominant classes. All
experiments were performed using Python on a
system equipped with an NVIDIA RTX 4030 GPU.
The network was trained for 100 epochs, with GPU
acceleration enabling faster convergence and
improved computational efficiency.

Table 1. Distribution of images across each class before and after augmentation

DRswge | ol | e | Valdsion | et G
augmentation

No DR 1805 1265 270 270 1265
Mild DR 370 258 56 56 516
Moderate DR 999 699 150 150 699
Severe DR 193 133 30 30 266
PDR 295 205 45 45 410
Total 3662 2560 551 551 3156

SNST
No DR Mild DR Moderate DR Severe DR PDR
Figure 2. Sample images from the database.
Figure 2 illustrates the sequential retinopathy is marked by more prominent

progression of diabetic retinopathy as observed in
retinal fundus images. In the absence of retinopathy
(No DR), the retinal vasculature appears normal,
with intact and healthy blood vessels. During the
Mild stage, small microaneurysms become visible as
early signs of vascular alteration. Moderate diabetic

haemorrhages and the presence of lipid exudates,
reflecting increased vascular damage. In the Severe
stage, extensive vessel blockage occurs,
accompanied by widespread retinal lesions.
Proliferative diabetic retinopathy (PDR) is the most
advanced stage of the disease, characterized by
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abnormal neovascularization in which fragile new
blood vessels form and are prone to rupture, posing
a high risk of vision loss. This stepwise progression
underscores the importance of early detection and
timely clinical intervention.

4.1. Vggl6

The baseline VGG16 architecture [ 19] was first
evaluated, achieving an accuracy of 92.05%,
indicating that the pre-trained network performs well
even  without  architectural = modifications.
Subsequent experiments explored the impact of
incorporating additional layers and regularisation
strategies, yielding varying levels of performance
enhancement. Model behaviour during training was
examined by plotting training and validation
accuracy over successive epochs, as shown in figure
3.

T raining Accuracy

Accuracy

= Validation Accuracy

60
0 20 40 60 80 100
Epochs

Figure 3. VGG16 Model: Training and Validation

Accuracy

o

2 25 25 26 25

& - 1000

-

2- 10 475 10 8 13 -
5= 15 10 15 15 - 600
g8

v - 400

P 5 4 4 245 8

&

- 200

-4

8 ] 6 6 12 378

No DR Mild Moderate Severe PDR

Predicted Label

Figure 4. Confusion Matrix of VGG16 Model
on APTOS 2019 Dataset

These curves offer insight into the model's
learning progression and generalization capability.
Furthermore, the confusion matrix shown in Fig. 4

was constructed using the validation dataset to
examine class-wise prediction outcomes, thereby
allowing identification of categories with firm
performance and those requiring further refinement.

4.2. Efficientnetb3

In the second experiment, the EfficientNetB3
architecture [20] was selected for its compact design
and favourable Dbalance of accuracy and
computational efficiency. The model was initialized
with ImageNet-pretrained weights and tested under
its original configuration. Under this setting, an
accuracy of 93.4% was achieved, exceeding the
92.05% obtained with the VGGI16 baseline. As
shown in figure 5, the EfficientNetB3 model
demonstrates improved learning behaviour and
generalization compared with earlier architectures.

100

20
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70

T raining Accuracy

Accuracy

60
——Validation Accuracy
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0 20 40 60 80 100

Epochs

Figure 5. Training and Validation Accuracy
of the EfficientNetB3 Model
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Figure 6. EfficientNetB3 Confusion Matrix on APTOS
2019 Dataset

The corresponding confusion matrix presented
in figure 6 summarizes the model's classification
performance on the validation set by detailing the
distribution of predictions across all diabetic
retinopathy classes. This analysis highlights
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categories with strong classification performance
and those that may benefit from further refinement.

4.3. Proposed Modified Vgg16 Method

The third experiment corresponds to the
proposed approach, which incorporates batch
normalization, additional dense layers, and a dropout
rate of 0.4. The momentum parameter was set to 0.99
to stabilize training further. Under this
configuration, the model achieved an accuracy of
95.43%, outperforming the baseline methods. The
results indicate that careful adjustment of training
parameters can lead to notable performance gains.
Consistent with the earlier experiments, the training
and validation accuracy trends were examined
across epochs in Figure 7, and confusion matrices
were constructed using the validation dataset to
assess class-wise prediction behaviour.

100

92

80

| raining Accuracy

2 60

w—Validation Accuracy

50
40
30

0 20 40 60 80 100

Epochs

Figure 7. Proposed Model: Training and
Validation Accuracy Curve

1200

No DR

15 14 14 14

1000

Mild
o
L
o
o
o

- 800

- 600

True Label
Moderate
@
@
@
@

- 400
254 3

Severe
w
w
w

- 200

' ' '
Moderate Severe PDR
Predicted Label

' '
No DR Mild

Figure 8. Proposed Model Confusion Matrix
on APTOS 2019 Dataset

The confusion matrices provided a detailed
view of correct and incorrect predictions, enabling
identification of specific categories where

e
401

classification performance was limited and
indicating areas that require further refinement. The
observed improvements also demonstrate that slight
adjustments to training parameters can lead to
meaningful gains in overall accuracy. Consistent
with the earlier experiments, the training and
validation accuracy trends were plotted across
epochs to illustrate performance stability and
convergence. As medical image analysis is often
time-consuming and depends heavily on expert
knowledge, automated tools can help make clinical
decision-making quicker and more dependable.
Confusion matrix—based evaluation provides a clear
summary of class-wise prediction outcomes,
highlighting performance gaps and guiding future
improvements, as illustrated in Figure 8.

5. DISCUSSION ON RESULTS

The effectiveness of the model was assessed
using accuracy, precision, recall, and Fl-score, as
described in Equations (7)—(10). Precision indicates
the proportion of correctly classified positive
samples among all predicted positives, highlighting
the dependability of diabetic retinopathy detection
from fundus images. Recall measures how well the
model identifies true positive cases. The Fl-score,
computed as the harmonic mean of precision and
recall, provides a balanced evaluation that considers
both detection accuracy and completeness.

.. TP
Precision = N
TP+
P TP
Recall or Sensitivity = (8)
TP+FN
Precisionx Recall
F; —Score =2 X ———— ©)
Precision+Recall
TP+TN
Accuracy = —— (10)
TP+TN+FP+FN

In this study, classification outcomes were
interpreted using standard definitions: a true positive
(TP) corresponds to a retinal fundus image correctly
identified as having diabetic retinopathy. In contrast,
a true negative (TN) refers to a normal fundus image
correctly classified as No DR. A false positive (FP)
occurs when a normal image is incorrectly labeled as
diabetic retinopathy. In contrast, a false negative
(FN) is a case of diabetic retinopathy that is
incorrectly classified as non-diabetic. Model
performance was further enhanced by carefully
selecting  training parameters to  improve
classification reliability. Table 2 presents the
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hyperparameters; a dropout rate of 0.4 was used to
reduce overfitting by randomly deactivating neurons
during training.

Table 2. Hyperparameters and Optimizer

settings

S.No Parameter Value
1 Dropout rate 0.4
2 Momentum 0.99
3 Optimizer SDG
4 Learning rate 0.001
5 Batch size 32
6 Number of epochs 100

To promote stable convergence and smoother
parameter updates, a momentum value of 0.99 was
incorporated. Optimization was performed using
stochastic gradient descent with a learning rate of
0.001, resulting in consistent loss minimization. The
model was trained for 100 epochs, with a batch size
of 32, allowing sufficient iterations for effective
learning of complex retinal features and improved
classification accuracy. VGG16, EfficientNetB3,
and the proposed modified VGG16 were
comparatively evaluated for diabetic retinopathy
from retinal fundus images. Their performance

across the five severity stages is summarized in
Table 3. The comparison was based on commonly
used evaluation measures, including precision,
recall, and Fl-score, which collectively provide a
comprehensive  assessment of  classification
performance.

5.1 Vggl6

The VGG16 model generally produced
satisfactory results; however, performance varied
across disease categories. For the No DR class, a
high F1-score of 94.37% was achieved, although the
recall value of 92.02% suggests that some typical
cases were not fully captured. Classification
performance for Mild and Moderate DR remained
relatively balanced, with F1-scores of 91.70% and
92.79%, respectively.

In contrast, the Severe DR category showed
reduced precision (80.07%) despite a high recall
(92.11%), indicating an increased number of false-
positive predictions. For the Proliferative DR class,
the F1-score reached 89.05%, though precision was
comparatively lower. Overall, while VGGI16
demonstrated reasonable classification capability, its
performance was less consistent for the more
advanced stages of diabetic retinopathy.

Table 3. Comparison of VGG16, EfficientNet, and the Proposed Model on the APTOS 2019

Model Disease TP
No DR 1164
Mild DR 475
Vggl6
Moderate 643
Model
Severe 245
PDR 378
No DR 1182
Mild DR 482
EfficientNetB3
Moderate 653
Model
Severe 248
PDR 383
No DR 1208
Mild DR 492
Proposed Modified
Moderate 667
VGG16 Model
Severe 254
PDR 391

402

33

FP FN TN Precision Recall F1-Score
38 101 2210 96.84 92.02 94.37
45 41 2952 91.35 92.05 91.7
45 55 2770 93.46 92.12 92.79
21 3186 80.07 92.11 85.66
32 3042 86.15 92.2 89.05
83 2215 97.28 93.44 95.32
45 34 2952 91.46 93.41 92.43
46 | 2773 94.1 93.23 93.75
46 18 3201 84.35 93.41 88.57
43 27 3060 89.91 93.4 91.62
22 57 2226 98.2 95.5 96.83
24 2966 94.07 95.35 94.7
28 32 2786 95.97 95.42 95.7
32 12 3215 88.8 95.49 92.03
19 3072 92.65 95.37 94
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5.2 Efficientnetb3model

EfficientNetB3  demonstrated superior
performance compared with VGG16 across most
disease categories. For the No DR class, an F1-score
0f 95.32% was achieved, with a precision of 97.28%,
indicating a lower false-positive rate. In the Mild and
Moderate DR categories, both precision and recall
exceeded 91%, resulting in well-balanced
classification performance with F1-Scores of
92.43% and 93.75%, respectively. Performance in
the Severe DR category showed noticeable
improvement over VGG16, achieving an F1-score of
88.57%, although precision remained relatively
lower at 84.35%. For Proliferative DR, the model
achieved an Fl-score of 91.62%, with an overall
accuracy of 89.91% and a recall of 93.40%. These
findings suggest that EfficientNetB3 provides more
reliable classification than VGG16, particularly for
early and intermediate stages of diabetic retinopathy.

5.3 Proposed Modified VGG16 Model

The proposed approach  demonstrated
consistently superior performance compared with
both baseline models across all diabetic retinopathy
categories. For the No DR class, the method
achieved the best overall results, with a precision of
98.20%, a recall of 95.50%, and an Fl-score of
96.83%, indicating effective separation between
normal and affected retinal images. In the Mild DR
category, an Fl-score of 94.70% was achieved,

97

m Accuracy mF1-score

95

93 92.05
90.71

Vgg16

91

89

87

85

92.34

EfficientNetB3

primarily driven by a high recall of 95.35%.
Performance further improved for Moderate DR,
with precision and recall reaching 95.97%
and95.42%, respectively, resulting in an F1-score of
95.70%, reflecting the most balanced performance
across all classes.

Notably, even in the Severe DR category,
classification is typically more challenging, and the
proposed method achieved an F1-score of 92.03%,
with a strong recall of 95.49%, thereby reducing the
likelihood of missed cases. In the Proliferative DR
dataset, the model achieved an F1-score of 94.00%,
with precision and recall of 92.65% and 95.37%,
respectively. These results demonstrate the
robustness and clinical relevance of the proposed
framework, particularly for detecting advanced
stages of diabetic retinopathy. As illustrated in
Figure 9, a comparative bar chart summarizes the
performance of VGGI16, EfficientNetB3, and the
proposed method on the test dataset using two
evaluation measures. VGG16 recorded the lowest
performance levels, with scores of 90.71% and
92.05%, while EfficientNetB3 showed moderate
improvement, achieving 92.34% and 93.40%. In
contrast, the proposed method outperformed both
baselines, gaining 94.65% and 95.43%, indicating
greater stability and reliability. Overall, the visual
comparison confirms that the proposed framework
consistently delivers greater accuracy and robustness
than existing architectures.

95.43
94.65

93.4

Proposed method

Figure 9. Comparative Performance Analysis Proposed Approach on Test Set
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6. CONCLUSIONS

This paper presents a modified VGG-16-
based framework for classifying diabetic
retinopathy using retinal fundus images. Initial
experiments with the baseline VGG16 model
yielded an accuracy of 92.18%, demonstrating its
suitability for stage-wise analysis of diabetic
retinopathy. Subsequent experiments involving the
addition of dense layers and regularization showed
a temporary decline in performance, highlighting
the architecture's sensitivity to hyperparameter
selection. By systematically tuning the network,
particularly with a dropout rate of 0.4 and a
momentum value of 0.99, the proposed revised
VGG16 model achieved a test accuracy of 95.43%,
outperforming both the original VGG16 and
EfficientNetB3 models. These results indicate that
appropriate regularization and parameter tuning
are crucial for improving generalization and
mitigating the overfitting problem. While the
proposed  approach  demonstrates  strong
performance, certain limitations remain. The
evaluation was conducted on a single dataset with
inherent class imbalance, and only a limited range
of architectural variations was examined.

Future research may address these constraints
by exploring alternative network designs,
incorporating multi-source retinal datasets, and
adopting more systematic optimization strategies
to enhance robustness and generalizability. It
would also be valuable to validate the system with
doctors and real patient data to ensure reliability
and practical usefulness in diabetic retinopathy
screening.
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