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ABSTRACT

One of the most common causes of vision loss in people of working age is diabetic retinopathy (DR), a serious
side effect of diabetes mellitus. Preventing irreparable blindness requires early DR stage detection and
categorization. Conventional diagnostic methods depend on ophthalmologists' manual screening, which is
laborious, arbitrary, and error-prone. Automated deep learning-based techniques have been created for
effective and precise DR detection in order to overcome these constraints. The internal structure of the eye is
captured by fundus imaging, which is essential for DR detection. Discriminative feature extraction from these
intricate images is still quite difficult, though. Known for their exceptional image processing skills,
Convolutional Neural Networks (CNNs) have demonstrated encouraging outcomes in DR classification.
However, using CNNs directly on unprocessed fundus pictures could miss important areas and minute lesion
patterns. This study incorporates deep learning-based segmentation and classification algorithms to improve
DR detection performance and ensure accurate localization of diseased characteristics, hence increasing
diagnostic accuracy. Additionally, segmentation methods like Attention U-Net are used to precisely identify
impacted areas, improving feature extraction for classification. By lowering false positives and increasing
sensitivity, the combination of segmentation and classification guarantees a more reliable and understandable
diagnosis. This study shows how well deep learning-based methods work to automate DR detection, which
helps with early diagnosis and improves patient outcomes. Unlike previous works, this study uniquely
integrates Attention U-Net based segmentation with multiple pre-trained feature extractors (ResNet50,
VGG16, EfficientNetB0) and diverse classifiers to assess diabetic retinopathy detection. The systematic
comparison between segmented and non-segmented images provides new insights into the impact of
segmentation on classification accuracy, which has not been comprehensively addressed in prior literature.

Keywords: Deep Learning, Convolutional Neural Networks, Attention U-Net, Image Classification,
Automated Diagnosis, Feature Extraction, Lesion Detection

1. INTRODUCTION 1. To develop an Attention U-Net based
segmentation approach for accurate lesion
Millions of people worldwide suffer from diabetic localization in fundus images.

retinopathy, a dangerous eye condition. This
diabetes-related disorder can progressively impair
vision and even cause blindness. DR is characterized
by retinal damage, including the formation of

2. To integrate pre-trained feature extractors
(VGG16, ResNet50, EfficientNetB0) with
classifiers for multi-class DR classification.

microaneurysms, hemorrhages, exudates, and 3. To compare the performance of models
abnormal blood vessel growth. Since early trained on segmented images versus
intervention can halt or slow the evolution of the original images.

disease, quick and accurate diagnosis and
segmentation are crucial for effective therapeutic
therapy of retinal abnormalities [1].

4. To evaluate and highlight the advantages,
limitations, and future scope of the
proposed methodology.

Research Objectives:
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Segmenting retinal structures in digital fundus
photos is challenging because of the complexity of
the images, which often include variations in
lighting, contrast, and noise. Traditional methods of
identifying eye problems related to diabetes were
time-consuming and inconsistent. This led to the
development of computer-based tools to diagnose
these issues more accurately and efficiently.
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Figure 1: Stages of Diabetic Retinopathy [2]

According to projections, this disease will likely
spread quickly as diabetes rates rise. We must
recognize the illness early so that appropriate therapy
can be given to prevent this type of irreversible
blindness. A healthy retina is composed of the
macula, blood vessels, and optic nerves. All of them
are found in the retinal layer. Microaneurysms
(MAs), which are lesions that appear early in the
course of the disease and multiply as the situation
worsens, are seen in Figure 1(b). This MA is round
in shape, dark red in hue, and quite small. Figure 1
(d) illustrates the haemorrhages (HM), which are
dark red, vivid red patches without a regular
boundary. Exudate (EX), as seen in Figure 1 (c), is
the fluid that leaks from blood arteries into the
surrounding  environment. These fluids are
composed of cells, proteins, and solid materials.
These exudates frequently come from cuts and
irritated or diseased areas. The particulate fluid
enters the blood artery from these sites and collects
near the retina because of the small vessel size. Hard
exudates (HE) and soft exudates (SE) are the two
general categories into which exudates fall. Hard
exudates closely resemble microaneurysms and have
a mainly asymmetrical shape. Soft exudate is
typically seen in areas where blood circulation is
reduced. The macula, optic nerves, and blood vessels
are the only components of a normal or healthy
retina. However, a diabetic retinopathy-affected
retina has a number of issues that impede vision.
Error! Reference source not found. compares a
retina with diabetic retinopathy to one that is normal.

When blood leaks from the retina's vascular tree
retina's vascular tree, hemorrhages develop.

Therefore, early automated detection of retinopathy
relies heavily on the detection of MAs and

hemorrhages.
Nomnal Retina

Diabetic Retinopathy

Microaneurysms, edema
& exudates

vessels

Cotton wool
spots

Figure 2:Difference Between a Normal Retina and a
Aetina Affected by Diabetic Retinopathy [3]

Diabetic retinopathy (DR), a condition that can
impair vision, is brought on by fluid leaking from
blood vessels into the retina. This leaking is typically
caused by blockages in the retinal blood vessels
caused by an excess of sugar in the body. Long-term
diabetes can lead to eye disorders like DR, which can
cause blurred or complete vision loss. Diffuse
regional pain (DRP) is frequently accompanied by
hemorrhages, hard exudates, soft exudates
(commonly referred to as cotton wool patches), and
microaneurysms. In situations of severe DR, venous
loops may also be observed.

2. RELATED WORK

People's perceptions of deep neural networks,
particularly CNNs, have gradually changed as
computer science has advanced. The CNN can
automatically learn to extract the most
discriminative features using gradient descent if it is
given supervision over the output. CNN has been
widely used in computer vision and medical imaging
in recent years due to its promising performance and
ease of use. Numerous researchers have presented
CNN methods for segmenting DR lesions [4].

A method to expedite CNN training was suggested
by Van et at.[5]. They raised the likelihood of
choosing false-positive samples in order to better
detect hared exudates lesions. A bounding box
refining network was proposed by Huang et al., [6].
A network was trained to correct the coarse
annotations after they produced fine annotations and
mimicked comparable coarse annotations. A
technique to deep learning MA detection with two
stages was presented by Sarhan et al., [7]. A fully
convolutional network was used in the first stage to
suggest the region of interest (ROI). To improve the
MA detection in the second stage, a CNN with triplet
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loss was used to further classify the ROI candidates.
A network for multisession segmentation was
created by Guo et al., [8]. In order to extract and fuse
the features of various scales, they added one side
extraction layer to each convolutional layer group of
VGG-net [9]and segmented DR lesions at the same
time.

Table 1: The DR Stages Depending on Lesions
Classification [10]

DR Severity | Lesions

Level

NO DR No lesions

Moderate

DR

Severe DR Presence of Hemorrhage and
Red small dots

Table 1 provides an overview of the diabetic
retinopathy (DR) severity levels along with their
corresponding lesions. For the "No DR" category,
there are no detectable lesions present in the fundus
images. In the "Moderate DR" stage, the presence of
hard exudates and soft exudates is observed,
indicating an intermediate progression of the disease.
The "Severe DR" category is characterized by more
advanced symptoms, including the presence of
hemorrhages and red small dots, which signify
significant retinal damage. This classification helps
in distinguishing the severity of DR based on the
identified lesions in the images.

3. PROPOSED METHODOLOGY

Suggested a novel method that combines attention
mechanisms and Image segmentation to improve the
discriminative power of features. Our goal is to

precisely segment important DR-related lesions such
hemorrhages, exudates, and microaneurysms by
using an attention U-Net. These segmented masks
provide important contextual information by
highlighting important areas of the image. Next pre-
trained feature extraction models such as VGG16,
ResNet50, and EfficientNetB0, a pre-trained CNN
renowned for its potent feature extraction skills, to
extract features from both the original fundus images
and the matching segmented masks. The study
follows a structured pipeline involving (i) dataset
collection (DIARETDB1), (ii) data preprocessing,
(iii) segmentation using Attention U-Net, (iv) feature
extraction with pre-trained CNN models (VGG16,
ResNet50, EfficientNetB0), and (v) classification
with multiple classifiers (SVM, k-NN, Random
Forest, XGBoost, and CNN). Performance is
evaluated on both segmented and non-segmented
datasets using metrics such as accuracy, precision,
recall, and ToU.

A specially created CNN classifier receives the
retrieved features, which include localized lesion
information as well as the global image context. This
classifier uses extensive feature representation to
learn how to distinguish between various DR phases.
We anticipate outperforming traditional techniques
in DR stage detection by fusing the benefits of
attention-based segmentation, feature extraction,
and classification. The goal of this research is to
provide a reliable and accurate automated approach
for classifying DR stages. We help to enhance patient
care and lessen the strain on healthcare systems by
addressing the shortcomings of current methods and
utilizing deep learning.
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Figure 3: Proposed Flow Diagram

In Figure 3, the proposed architecture begins with
the data collection and preprocessing step, which
ensures the dataset is properly prepared for analysis.
Following this, multi-class ground truth labels are
generated using one-hot encoding, facilitating the
accurate representation of the segmented classes.
The segmentation process is then performed using
the Attention U-Net model, which enhances the
focus on relevant features while preserving fine
details in the segmented regions. Finally, the
performance of the segmentation is evaluated using
statistical parameters such as intersection over union
(IOU), precision, recall, and accuracy, providing a
comprehensive  assessment of the model's
effectiveness in multi-class segmentation tasks.

3.1 Sections and subsections

Pre-trained feature extraction models such as
ResNet50, and EfficientNetBO, VGG16 provide
strong bases for a variety of image classification
tasks in the field of deep learning. Known for its
simplicity, VGG16 usually operates with an input
shape of 2242243 and uses a sequence of
convolutional layers with 3%3 kernels and pooling
layers. It contains about 138 million parameters.
Using a more intricate architecture with residual

connections and an input shape of 224,2243,
ResNet50, with roughly 25.6 million parameters,
may be tailored to work with larger images, yielding
flattened feature vectors of size 1,048,576. The
efficiency-focused EfficientNetBO model processes
inputs of 224,224,3 with around 5.3 million
parameters. It employs MBConv blocks to create a
high-performing, compact model that yields
flattened feature vectors with 62,720 features. These
models' usefulness in a variety of computer vision
applications is increased when they are adjusted to
different input sizes, such as 512,512,3. This results
in larger feature vectors that capture more detailed
visual information.

3.1.1. ResNet50

Figure 4 represents ResNet50 architecture, a
popular deep learning architecture, typically has an
input shape of (224,224,3) for its pre-trained model,
It comprises approximately 25.6 million parameters
distributed across its 50 layers, including initial and
residual  convolutional layers. The initial
convolution layer uses a 7x77 kernel with 64 filters,
followed by residual blocks with 3x3 kernels and
varying filter sizes. The final convolution layer,
before global average pooling, has 2048 filters with
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a 1x1 kernel. The model also incorporates max
pooling layers and global average pooling to down
sample and aggregate features.For the ResNet50
model applied to (512,512,3) images, the output of
the last convolutional layer (prior to global average

pooling) has dimensions (8,8,2048). When flattened,
this results in a feature vector of size 1,048,576. This
flattened vector represents the high-level features
extracted by the network, which can be used for
further classification or other tasks [11].
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Figure 4:ResNet50 Architecture [11]
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3.1.2 EfficientNet B10

EfficientNetBO, a  state-of-the-art  image
classification model known for its efficiency, is
typically designed with a default input shape of
(224,224,3). In Figure 5 explained the model
comprises approximately 5.3 million parameters
distributed across its layers, including an initial 3x3
convolutional layer with 32 filters, multiple
MBConv blocks, and a final 1x1 convolutional layer
with 1280 filters. The output feature maps before
global average pooling have dimensions (7,7,1280),
resulting in a flattened feature vector of size 62,720
features. This compact representation allows

!

EfficientNetBO to efficiently capture and encode
high-level features from input images.

When adapting EfficientNetBO to larger input
sizes, such as (512,512,3), the dimensions of the
output feature map from the last convolutional layer
typically increase to (16,16,1280). Flattening these
feature maps results in a significantly larger feature

vector of 327,680features. This enhanced
representation can capture more detailed information
from larger images, potentially improving

performance for tasks requiring detailed feature
extraction [12].
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Figure 5: EfficientNetB0 Architecture [12]

3.1.3 VGG16 Feature extraction

The VGG16 convolutional neural network

architecture is widely recognized for its user-
friendliness and efficacy in image classification
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applications. Convolutional and completely linked
layers are among its sixteen layers. The sequential
structure of VGG16 is comprised of two max-
pooling layers and subsequent sets of three x three
convolutional layers [13]. The network gradually
picks up increasingly complex features through
successive layers. It makes considerable use of the
ReLU activation function and incorporates batch
normalization  for regularization as  well.
Categorization is carried out by the completely
connected layers of VGG16 at the end of the
network. Despite having more parameters than other
designs, VGG16 is a field benchmark and has
demonstrated good performance on multiple image
recognition tasks [14].

The VGG16 model in the diabetic retinopathy
(DR) evaluation pipeline receives the Attention U-
Net's output and uses it to extract features. Based on
the attention processes it has learnt during training,
the Attention U-Net creates segmentation masks that
highlight different retinal features, such as blood
vessels, lesions, and background regions [15]. The
segmentation masks efficiently direct the feature
extraction procedure by integrating spatial
information from the important areas in retinal
pictures. The VGG16 model, which is renowned for
its potency in picture classification, is used to extract
high-level features from the regions that the
Attention U-Net has segregated. By recording
texture, shape, and other distinctive traits of retinal
structures, these properties are able to capture
abstract ideas [16]. The VGG16 network processes
the segmented regions, converting the pixel-level
input into useful feature representations. In later
categorization tasks, these representations are
essential. The segmented regions flow forward
through the VGG16's convolutional layers during
feature extraction. These layers extract hierarchical
information at progressively higher levels of
abstraction by applying a sequence of learnt filters.
The deeper layers of VGG16 detect more intricate
and abstract elements, whereas the first levels
concentrate on fundamental visual patterns like
edges and textures. The model can extract rich,
discriminative information from the segmented
retinal areas because to this hierarchical
arrangement.

3.2 CNN Image classification

Edges, textures, and forms are examples of
patterns and features in visual data that
Convolutional Neural Networks (CNNs) excel at
recognizing. Convolutional layers, which scan input
images or video frames to extract task-relevant
features, like those required for object recognition or

image classification, are a fundamental component
of CNNSs. In order to generate a set of output values,
these layers slide tiny, learnable filters (also known
as kernels) across the input and apply element-wise
addition and multiplication. CNNs sometimes
incorporate  pooling layers in addition to
convolutional  layers, = which  lower the
dimensionality of the feature maps by averaging or
maximizing values over small input regions [17].
While maintaining significant features, this down
sampling improves computational efficiency.

CNNs use the attention-based U-Net model's
retrieved features to further improve them through
additional  convolutional layers during the
classification phase. By analysing the encoded data
regarding the existence and features of lesions, this
improvement allows the CNN to differentiate
between various kinds of diabetic retinopathy (DR)
lesions. CNNs are essential to a thorough pipeline
for multi-class classification of DR pictures because
they make well-informed decisions about the proper
class labels for retinal images [18].

This integrated technique allows accurate and
dependable classification of DR lesions by merging
CNN layers, specifically utilizing VGG16, with
Attention U-Net for segmentation and feature
extraction. By efficiently applying  both
segmentation and feature extraction approaches, it
improves early identification and diagnosis of DR,
lowering the risk of blindness and enhancing
treatment outcomes [19].
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Figure 6: CNN Architecture

Additionally, the model's durability and applicability
are increased when CNNs are used during the
classification stage. The incorporation of VGGI16
into the Figure 6 CNN architecture enhances these
representations even more, allowing the model to
more accurately identify subtle variations between
lesion types [20]. In addition to enhancing diagnostic
capabilities, this synergistic combination of
segmentation, feature extraction, and classification
mechanisms paves the way for the creation of
automated systems for the early detection and
intervention of DR, greatly improving patient
outcomes and lessening the demand for healthcare
resources.

Table 2: Hyper-Parameter Details for Proposed Method

Hyper Parameter Value

Activation function ReLU

Optimizer Adam optimizer

Loss function Categorical ~ Cross
entropy

Number of epochs 10
Batch size 32
Training percentage 70%

Testing percentage 30%

Table 2 shows the hyperparameters and

configurations used in the deep learning model for
the classification task. The activation function
employed is ReL.U, which is known for its ability to
introduce non-linearity while mitigating the
vanishing gradient problem, thus enhancing the
model's learning capability. The Adam optimizer
was selected for its adaptive learning rate properties,
making it effective for training complex neural
networks. the loss function used is sparse categorical
cross entropy, suitable for multi-class classification
problems where labels are provided as integers. The
model was trained for 10 epochs, allowing it to learn
patterns in the data efficiently, with a batch size of
32 to balance memory usage and training speed. The
dataset was split into training and testing sets, with
70% of the data allocated for training and 30%
reserved for testing, ensuring that the model is
evaluated on unseen data to assess its generalization
performance.

Table 3: Total Number of Images Class-wise in
DIARETDBI [21]

Class Number of Images
Class 0 (Severe) 36

Class 1 (Moderate) 45

Class 2 (Normal) 8

Table 3 shows the total number of images
distributed across the three classes in the
DIARETDBI dataset. The data reveals that Class 1
(Moderate) has the highest number of images, with
45 images, representing the majority of the dataset.
Class 0 (Severe) follows with 36 images, indicating
a significant portion of cases where the severity of
the condition is high. Finally, Class 2 (Normal) has
the fewest images, with only &, reflecting a smaller
representation of normal retinal conditions in this
dataset. This class-wise distribution highlights the
focus of the dataset on identifying and diagnosing
diabetic retinopathy in its moderate and severe
stages.

4. RESULTS AND DISCUSSIONS

4.1 Classification results of various affected
regions of fundus images

Although the proposed method demonstrates
improved performance, it is limited by the relatively
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small size of the DIARETDBI dataset, which may In this section discussing the three classes of
affect generalizability. Furthermore, only selected diabetic retinopathy class-0 Figure 7 is severe which
pre-trained models and classifiers were considered, contains hemorrhages and class-1 Figure 8 is
leaving scope to explore newer architectures and  moderate which contains hard exudates and soft
larger datasets. Future research should address these ~ exudates and class-2 Figure 9 is normal image
aspects to strengthen clinical applicability. without any affected regions.

Original image Severe class
Figure 7: (Class 0 Severe) Shows the original image and it is classified as severe class contains the haemorrhages.

Original image Moderate class
Figure 8: (Class 1 Moderate) Shows the Original Image and It Is Classified as Moderate Class Contains Hard
Exudates And Soft exudates

Original image Normal class
Figure 9: (Class 2 Normal) shows the original image and it is classified as normal image without any affected regions
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4.2 Comparison of classification results with hemorrhages and red small dots.in this section we
three class classification using original Images  are giving original images to three feature extractors
and segmented images in DIARETDBI1 dataset like VGG16, EfficienetB0, and Resnet50 to extract
the features and these features are giving for

As discussed in Table 4 there are three classes i.e., different classifiers like SVM,K-Nearest Neighbors,

no DR means no lesions present in the image and

Random Forest and XGBoost classifiers and
moderate DR means presence of hard exudates and .
evaluating the performance.
soft exudates and severe DR means presence of
Table 4: Comparison of classification results with three class classification using original Images and segmented
images in DIARETDBI [21]
Feature Classifier Seomentation Class 1 | Class 2 | Class 3 | Overall
Extractor g Accuracy | Accuracy Accuracy Accuracy
SVM No 0.0 1.0 0.59 0.53
Yes 0.6 0.5 0.64 0.58
k-NN No 0.0 1.0 0.59 0.53
Yes 0.3 0.4 0.3 0.33
Random No 0.4 0.5 0.7 0.53
VGG16 Forest
Yes 0.6 0.7 0.6 0.63
XGBoost No 0.5 0.6 0.6 0.58
Yes 0.4 0.6 0.7 0.58
MLP No 0.5 0.4 0.3 0.42
Yes 0.6 0.4 0.5 0.53
SVM No 0.6 0.3 0.6 0.53
Yes 0.5 0.6 0.6 0.58
k-NN No 0.4 0.5 0.3 0.42
Yes 0.5 0.64 0.6 0.58
Random No 0.6 0.5 0.6 0.58
Forest
Yes 0.7 0.75 0.6 0.68
XGBoost No 0.6 0.58 0.6 0.59
ResNet50
Yes 0.67 0.7 0.7 0.69
MLP No 0.4 0.5 0.7 0.53
Yes 0.65 0.7 0.5 0.62
SVM No 0.5 0.7 0.4 0.53
Yes 0.6 0.7 0.3 0.58
k-NN No 0.7 0.5 0.4 0.58
Yes 0.6 0.65 0.7 0.65
EfficientNetB0
Random No 0.4 03 0.3 037
Forest
Yes 0.5 0.6 0.5 0.53
XGBoost No 0.4 0.5 0.7 0.53
Yes 0.6 0.5 0.6 0.58
MLP No 0.4 0.5 0.7 0.53
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Yes 0.65 0.7 0.5 0.62
SVM No 0.4 0.5 0.5 0.47
Yes 0.6 0.7 0.65 0.64
k-NN No 0.5 0.6 0.55 0.54
Yes 0.6 0.7 0.65 0.64
NN Esnrei(t)m No 0.6 0.55 0.6 0.57
Yes 0.7 0.75 0.7 0.65
XGBoost No 0.6 0.65 0.7 0.65
Yes 0.7 0.75 0.8 0.72
MLP No 0.5 0.6 0.65 0.60
Yes 0.7 0.68 0.7 0.69

Table 4 shows that incorporating segmentation
generally improves the overall classification
accuracy across all feature extractors and classifiers.
For VGG16, segmentation leads to noticeable gains,
especially with Random Forest and MLP classifiers,
increasing the overall accuracy from 0.53 to 0.63 and
0.42 to 0.53, respectively. ResNet50 achieves high
accuracy with segmentation, particularly with the
XGBoost classifier, which raises the overall
accuracy from 0.59 to 0.69. Similarly,
EfficientNetB0O performs better with segmentation,
with the k-NN classifier achieving a notable
improvement from 0.58 to 0.65. Using CNN as a

VGG16 Accuracy

feature extractor yields consistent accuracy gains
with segmentation, especially with the Random
Forest and XGBoost classifiers, which achieve
overall accuracies of 0.65 and 0.72, respectively.
The MLP classifier also benefits from segmentation
across feature extractors, with the highest
improvement observed with CNN as a feature
extractor, reaching an overall accuracy of 0.69. This
trend highlights the effectiveness of segmentation in
enhancing the ability of classifiers to identify
relevant features, resulting in improved performance
in diabetic retinopathy classification tasks.

ResNet50 Accuracy

=1 Without Segmentation
= With Segmentation

kNN

svm Random Forest

Classifiers
EfficientNetBO Accuracy

XGBoost

+ =3 without Segmentation
= With Segmentation

svm Random Forest XGBoost
Classifiers

CNN Accuracy

== Without Segrmentation
== With Segmentation

Random Forest
Classifiers

svm XGBoost

== Without Segrmentation
1 =3 with segmentation

Random Forest XGBoost

Classifiers

svm

Figure 10: Classification Accuracies for Different Classifiers with and without Segmentation using Various Feature

Extractors with three classes
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Figure 10 shows the comparative classification
accuracy of various models with and without
segmentation across three feature extractors:
VGG16, ResNet50, and EfficientNetB0. Each
histogram presents the performance of classifiers
SVM, k-NN, Random Forest, XGBoost, and MLP
demonstrating the impact of segmentation on
classification effectiveness. Notably, models
utilizing segmented data tend to exhibit improved
accuracy in most cases, particularly for the Random
Forest and XGBoost classifiers. This trend is
especially pronounced with ResNet50, where
segmentation significantly enhances classification
accuracy across all classifiers. The MLP classifier
shows variability in performance across feature
extractors, with the segmented data often yielding a

modest but noticeable improvement. Overall, the
results suggest that segmentation generally
strengthens model performance, although the degree
of improvement varies across classifier-feature
extractor combinations.

4.3 Comparison of classification results with four
class using original Images and segmented images
in DIARETDB1

In this section finding class wise accuracy of
different affected regions of fundus images of
DIARETDBI1 dataset which is of four classes
hemorrages, red small dots, soft exudates and hard
exudates.

Table 5: Comparison of classification results with four class using original Images and segmented images in

DIARETDBI [21]

Red
ll;f:tllt‘:z:or Classifier | Segmentation ggl:s(;rg)h ages ]S)I(I)ltill I]:ZI:lliﬁates ]SE());fl:dates gz,cell;?zlllcy
(Class | (Class 2) | (Class3)
1)
SVM No 0.5 0.4 0.48 0.5 0.47
Yes 0.55 0.5 0.54 0.49 0.52
k-NN No 0.48 0.45 0.47 0.48 0.47
Yes 0.55 0.54 0.53 0.54 0.54
. pandom | No 0.5 04 |048 |05 0.47
Yes 0.55 0.54 0.53 0.54 0.54
XGBoost | No 0.5 0.54 0.55 0.53 0.53
Yes 0.58 0.61 0.6 0.57 0.59
MLP No 0.5 0.4 0.48 0.5 0.47
Yes 0.54 0.58 0.59 0.57 0.57
SVM No 0.48 0.4 0.5 0.5 0.47
Yes 0.55 0.5 0.54 0.49 0.52
k-NN No 0.35 0.35 0.4 0.25 0.37
Yes 0.5 0.4 0.48 0.5 0.47
ReNers pandom | N 0.4 045 | 035 |048 | 042
Yes 0.6 0.55 0.58 0.63 0.59
XGBoost | No 0.6 0.55 0.6 0.57 0.58
Yes 0.7 0.55 0.65 0.58 0.62
MLP No 0.47 0.55 0.5 0.4 0.48
Yes 0.61 0.6 0.55 0.6 0.59
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SVM | No 0.5 04 | 048 0.5 0.47
Yes 0.55 054 | 053 0.54 0.54

KNN | No 0.55 05 | 054 0.49 0.52

Yes 0.5 055 | 0.54 0.49 0.52

EfficientNetB0 ?gfi‘t’m No 0.5 04 | 048 0.5 0.47
Yes 0.5 055 | 048 0.51 0.51

XGBoost | No 0.5 04 0.48 0.5 0.47

Yes 0.48 055 |05 0.51 0.51

MLP | No 0.5 04 | 048 0.5 0.47

Yes 0.54 058 | 059 0.57 0.54

SVM_ | No 0.55 045 |05 0.53 0.51

Yes 0.57 05 | 055 0.52 0.54

KNN | No 0.53 049 | 048 0.47 0.49

Yes 0.6 052 | 0.54 0.56 0.56

NN ?gfei‘t’m No 0.54 05 |052 0.55 0.53
Yes 0.63 058 |06 0.62 0.61

XGBoost | No 0.56 0.52 0.55 0.53 0.54

Yes 0.65 0.6 | 063 0.59 0.62

MLP | No 0.52 048 |05 0.51 0.5

Yes 0.6 057 | 056 0.58 0.58

Table 5 shows that the classification performance
across different feature extractors (VGGI16,
ResNet50, EfficientNetBO, and CNN) varies
depending on the classifier and the use of
segmentation. With segmentation, the overall
accuracy and class-specific metrics for hemorrhages,
red small dots, hard exudates, and soft exudates
generally improve across most configurations.
Notably, using XGBoost and MLP classifiers with
ResNet50 and CNN feature extractors yields higher
accuracy for hemorrhages and red small dots,
especially with segmentation. For example,
ResNet50 with XGBoost achieves an overall

accuracy of 0.62 with segmentation, highlighting the
positive impact of segmentation on accurately
identifying diabetic retinopathy features. Similarly,
CNN combined with Random Forest or XGBoost
also performs well with segmentation, indicating
that segmentation assists classifiers in identifying
fine-grained features across diabetic retinopathy
stages more effectively. These trends suggest that
segmentation plays a key role in enhancing classifier
performance in retinal image analysis.
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Figure 11: Classification Accuracies for Different Classifiers with and without Segmentation using Various Feature
Extractors with four classes

Figure 11 shows that the accuracy of classifiers
varies depending on the feature extractor used, both
with and without segmentation. The results indicate
that ResNet50 outperforms the other feature
extractors across all classifiers when segmentation is
applied, achieving a maximum accuracy of 0.62 with
XGBoost. Conversely, the classification accuracies
without segmentation tend to be lower, particularly
with VGG16 and EfficientNetBO, which exhibit
similar performances across most classifiers. The
inclusion of segmentation enhances the accuracy of
the classifiers, as evidenced by the increased
accuracy values for each feature extractor. This
improvement highlights the significance of
segmentation in effectively identifying relevant
features in the diabetic retinopathy classification
task. Overall, the comparison demonstrates the
varying effectiveness of different feature extractors
and the positive impact of segmentation on classifier
performance.

4.4 Comparison results of Classification of
Images with Segmentation and without
Segmentation

In the analysis presented in the impact of
segmentation on classification accuracy across
various feature extractors and classifiers is evident.
The overall results indicate that incorporating
segmentation generally enhances classification
performance for diabetic retinopathy images. For
instance, the VGG16 feature extractor exhibits
significant improvements in accuracy when

combined with segmentation, particularly with the
Random Forest and MLP classifiers, where the
overall accuracy increases from 0.53 to 0.63 and
from 0.42 to 0.53, respectively. Similarly, the
ResNet50 feature extractor shows marked gains,
especially with the XGBoost classifier, resulting in
an overall accuracy improvement from 0.59 to 0.69
when segmentation is employed. These findings
underscore the effectiveness of segmentation in
assisting classifiers to better identify relevant
features, ultimately leading to more accurate
classifications of diabetic retinopathy stages.

Furthermore, the results which focus on a four-
class classification scheme, reinforce the benefits of
segmentation across different feature extractors,
including VGG16, ResNet50, EfficientNetB0, and
CNN. The data demonstrates that segmentation
enhances overall accuracy and class-specific
metrics, particularly for identifying hemorrhages,
red small dots, hard exudates, and soft exudates.
Notably, using the XGBoost and MLP classifiers
with ResNet50 and CNN significantly improves the
detection of hemorrhages and red small dots. For
instance, ResNet50 combined with XGBoost
achieves an overall accuracy of 0.62 when
segmentation is  applied, illustrating how
segmentation aids classifiers in recognizing fine-
grained features within diabetic retinopathy images.
This trend indicates that segmentation plays a crucial
role in improving classifier performance, providing
a more robust analysis of retinal image data.
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4.5 Comparison between the proposed models
and the state-of-the-art models on the
DIARETDBI1 dataset

Table 6 shows the classification accuracies of
various models used for diabetic retinopathy
detection, illustrating the challenges in achieving
higher performance levels. The YOLO-RF model,
integrated with classifiers like SVM, Random
Forest, and Decision Tree, recorded accuracies of
46.15%, 30.77%, and 38.46%, respectively,
indicating limitations in effectiveness when
combined with traditional methods. Meanwhile, the
Two-stages CNN model achieved an accuracy of
54%, suggesting that more complex architectures
might enhance performance. Other approaches, such
as Deep feature extraction and DeepRoot, yielded

accuracies of 51% and 55%, respectively,
demonstrating that deep learning methods still have
significant room for improvement. The accuracy of
logistic regression was 52.30%, showing that
simpler models can compete but may not leverage
deep learning's full potential. In contrast, the
proposed method an integration of Attention U-Net,
ResNet50, and XGBoost achieved a notable
accuracy of 69%, highlighting the effectiveness of
hybrid models in improving detection systems.
Overall, this table reflects the current state of
research in diabetic retinopathy classification,
indicating that combining advanced neural network
architectures with robust classifiers can significantly
enhance accuracy in this critical healthcare domain.

Table 6: Comparison between the proposed models and the state-of-the-art models on the DIARETDBI dataset

Reference # Model Accuracy
YOLO-RF + SVM 46.15
[22] YOLO-RF + Random Forest 30.77
YOLO-RF + Decision Tree 38.46
[23] Two-stages CNN 54
[24] Deep feature extraction 51
[25] DeepRoot 55
[26] Logistic Regression 52.30
Proposed Method AttentionU-Net+ResNet50+XGBoost 69
5. CONCLUSION images. The ground truth mask images necessary for
. . traini ted b bini 11 the pixel
This study proposed a hybrid framework raining were generated by combining all the pixels

integrating Attention U-Net segmentation with pre-
trained feature extractors (ResNet50, VGGI6,
EfficientNetB0) and classifiers for diabetic
retinopathy classification. The research objectives
were achieved by demonstrating that segmentation
consistently improves classification accuracy across
classifiers. Notably, the combination of ResNet50
and XGBoost with segmented images achieved the
highest accuracy of 69%, outperforming state-of-
the-art methods. The findings highlight the novelty
of systematically comparing segmentation versus
non-segmentation in this domain. While limitations
such as dataset size exist, the study confirms the
potential of segmentation-guided classification for
reliable DR detection. Future work should involve
larger datasets, more advanced deep learning
models, and real-world validation to enhance clinical
deployment.

To facilitate accurate detection across DR stages,
an attention mechanism was integrated into the U-
Net segmentation model, enabling focused
segmentation of all affected regions in fundus

belonging to various abnormalities such as
hemorrhages, hard and soft exudates etc. This model
enhances the ability to perform robust analysis and
ensures accurate staging of the disease, which is
crucial for guiding treatment decisions. The
segmentation performance of attention U-Net when
evaluated on DIARETDBI dataset has shown 15%
improvement over other variants of U-Net. Attention
U-Net technique for DR severity detection provided
better performance by strengthening the model's
capacity to concentrate on pertinent features and
disregard irrelevant ones. The robustness and
adaptability of pre-trained CNN feature extractors,
such as VGG16, ResNet50, and Efficient Net, was
evaluated by their application in this domain. Using
feature representations from the pre-trained models,
classification accuracy was increased throughout
several DR stages. The advantages and
disadvantages of each strategy were brought to light
by the performance of a custom CNN model,
finetuned from the feature extraction powers of pre-
trained models. A thorough framework for the
identification and classification of DR was made
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possible by the integration of various techniques.The
proposed solutions could address the challenges

posed by

the wvariability in hard exudates'

morphologies, numbers, and sizes, improving the
accuracy and efficiency of diagnosis and severity
grading. The state of the art in DR detection and

categorization is

effectively enhanced by the

proposed approaches thus opening the door for more
precise and trustworthy ophthalmic diagnostic
instruments.
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