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ABSTRACT
Background: A leading cause of vision loss and common complication in patients with diabetes is Diabetic retinopathy. The
detection of these complications can be done in the early stages of the disease and can be managed through non-invasive retinal
image analysis. However, traditional manual detection methods have low accuracy and high error rates, making it difficult to reliably
identify key indicators like microaneurysms, hemorrhages, and exudates. This underscores the need for improved diagnostic
methods.
Objectives: The objective of this research study is to propose a diagnostic system using deep learning models to improve the
accuracy and reliability of diabetic retinopathy detection.
Materials and Methods: This study proposes an automated system for diabetic retinopathy detection using deep learning
techniques. Two deep learning techniques, EfficientNet-B3 and ResNet18 CNN, were trained on retinal and non-retinal image
datasets to identify indicators like microaneurysms, hemorrhages, and exudates.
Results: Our experiments demonstrated high accuracy in detecting and classifying diabetic retinopathy. The deep learning model
achieved an accuracy of 98.18%, while the verification model reached 99%. These results highlight the system's ability to reliably
identify critical features such as microaneurysms, hemorrhages, and exudates.
Conclusion: The automated system developed for diabetic retinopathy detection, powered by deep learnng models, significantly
enhances diagnostic accuracy and efficiency. Its high performance in identifying key retinal indicators offers a practical solution for
early detection and monitoring, especially in resource-limited areas. This approach shows potential for enhancing patient
outcomes and alleviating the global impact of diabetic retinopathy by providing accessible and dependable diagnostic support.
Keywords: Diabetic retinopathy (DR), Deep learning models, EfficientNet-B, ResNet18, Medical image classification.
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INTRODUCTION

Diabetic Retinopathy (DR) is a severe diabetes-related
complication that can cause substantial vision
impairment and potentially lead to blindness. This
disease damages the blood vessels of the retina, the
light-sensitive layer at the back of the eye, leading to
vision loss if left untreated. About 80% of patients with
diabetes for over 10 years are affected by DR and
causes blindness in these patients.’ Two stages of DR
in which the disease progresses are Non-Proliferative
Diabetic Retinopathy (NPDR) and Proliferative
Diabetic Retinopathy (PDR). In the NPDR, blood
vessels of the retina weaken and the starts leaking fluid
and swelling appears in it."* In contrast, PDR is a more
advanced stage of the disease in which the blood
vessels become fragile leading to retinal detachment
and vision loss." It is essential to detect and monitor
these retinal abnormalities as it may result in vision loss
if untreated.

The timely diagnosis of Diabetic retinopathy (DR) is
critical for the effective management of the disease.
However, manual detection is prone to errors due to
subtle retinal abnormalities and is resource-intensive,
particularly in regions with limited access to skilled
ophthalmologists. Existing automated methods have
shown promise but often lack the accuracy or
scalability required for clinical adoption. This study
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aims to address these gaps by investigating whether an
integrated Al system combining advanced deep
learning models can provide a more reliable and
efficient solution for DR severity detection.

Various advanced machine learning and artificial
intelligence models can be used for the detection of DR
in early stages. It requires high resolution images
captured with specialized cameras called the Fundus
images. These images help medical practitioners to
see the internal structures of the eye, including the
retina, optic disc, and macula. Common retinal
diseases require the detection of various features in the
context of DR. These includes microaneurysms,
hemorrhages, and exudates.” Microaneurysms, the
earliest sign of DR, are small swellings on blood
vessels that may leak blood. Retinal hemorrhages
involve bleeding into the retina and can impair vision if
undetected. Exudates, fluid leaks from blood vessels,
appear as yellowish patches and are a major cause of
visual loss in non-proliferative DR."**

In recent years, deep learning-based methods have
gained substantial momentum in DR diagnosis, aiming
to improve both accuracy and automation. One notable
study focuses on Deep Transfer Learning-based
Computerized Diagnostic Systems (DTL-CDS) to
classify the severity of DR into multiple stages using the
IDRID dataset.’” Several deep inductive transfer
learning models, such as Inception V3, ResNet34,
EfficientNet BO, VGG16, and Xception, were evaluated
in this study. The goal was to optimize feature
extraction techniques and classification layers, leading
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to better performance. To further improve the model, a
global average pooling layer was integrated to reduce
overfitting while capturing essential features. The final
classification was achieved using a softmax layer, and
the model reached an impressive accuracy of 99.36%,
with excellent metrics in precision, recall, F1-score, and
AUC, setting a new benchmark in DR diagnosis.’

In another study, a hybrid diagnostic method combines
multi-headed Convolutional Neural Networks (CNNs)
with vision transformers to enhance DR diagnosis. 8
They used CNN and vision transformers in their
research study where the CNN mines the local spatial
features of the retinal images. However, the vision
transformer is implemented for the extraction of
contextual features. This combination of the CNN and
vision transformers allows the hybrid model to detect
and classify the stages of DR accurately.*®

On the other hand, random forest algorithms focuses
on using segmentation and feature extraction for
classification in the non-invasive retinal imaging.’ This
classification model achieved up to 90% accuracy in
distinguishing non-proliferative DR (NPDR) against the
proliferative DR (PDR). Results of the study presented
enhancement in the early detection of DR and
providing a novel technique for effective diagnosis of
retinal diseases.’

Fundus Image

In recent years, deep learning has seen significant
advancements in the domain of diabetic retinopathy
detection."*” Transfer learning has been widely
adopted, allowing pre-trained models to excel in
specialized tasks with limited datasets. Ensemble
methods have also emerged, combining the strengths
of multiple architectures to achieve higher robustness
and accuracy.””" Furthermore, interpretability
techniques have gained traction, enabling clinicians to
understand the reasoning behind Al decisions. By
leveraging these advancements, the aim of this study is
to improve the accuracy, reduce errors and design a
tool for automatically detecting DR at its earliest stages
forimproving patient quality of life.

MATERIALS AND METHODS

This section explains the dataset used for the research
study, various preprocessing techniques used and the
techniques for the training of our mode. To enhance the
clarity and understanding of the research process, a
methodology diagram has been included (see Figure
01). This visual representation provides a structured
overview of the research framework, illustrating the key
phases, techniques, and tools employed throughout
the study. Ethical approval was not required for this
study as it did not involve human or animal subjects.
The section ends with the evaluation of the proposed
model for the early detection and classification of
diabetic retinopathy (DR).

Preprocessing

Aptos 2010
Dataset

1. Resizing
2. RGB to Green Channel
Conversion
3. Median Filtering
Input Image | 4- CLAHE (Contrast Limited
‘ Adaptive Histogram
Equalization)

Preprocessing Image

DI Based Dr Detection

Deep Learning 1. Normal
2. Moderate
3. Mild
4. Severe
5. Proliferate

Normal

Moderate Mild Severe Proliferate

Figure 01. Research Methodology Framework illustrating the key phases, techniques, and tools employed
in the study.

Datasets

The dataset used for the training and testing is
available on Kaggle” namely APTOS 2019 Blindness
Detection, that contains 35,108 retinal images. All the
images in the dataset are labeled based on their
severity. The DR severity scale is supplemented with
each image and the scale is defined as: 0 for Normal, 1
for Mild, 2 for Moderate, 3 for Severe, and 4 for

Proliferative Diabetic Retinopathy (PDR). However, to
distinguish between retinal and non-retinal images a
second dataset is downloaded from Kaggle open-
source images” that consist images of cars, flowers,
pets etc. The dataset was divided into training,
validation, and test sets using an 80:10:10 split,
ensuring class balance across all subsets to maintain
consistency and fairness in model evaluation.
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Training Models

The choice of EfficientNet-B3 and ResNet18 for this
study was driven by their proven effectiveness in
medical imaging tasks. EfficientNet-B3 offers a
superior trade-off between computational efficiency
and classification accuracy, while ResNet18 was
selected for its simplicity and robustness in handling
high-resolution images. Compared to other
architectures, such as DenseNet and Inception, these
models demonstrated better adaptability to the dataset
while maintaining computational feasibility for large-
scale analysis."”

EfficientNet-B3 is a state-of-the-art architecture of
convolutional neural network, and it achieves improved
performance while maintaining computational
efficiency. The model is designed with a few
convolutional layers including depth wise separable
convolutions, squeeze-and-excitation blocks, and
feature fusion layers. This enables the model to
effectively detect features both local and global.

In the initialization phase of the model, pre-trained
weights were used. These pre-trained weights were
achieved on training the model on ImageNet dataset.
The last layer of the EfficeintNet-B3 model is tailored for
the prediction of the severity level of DR. Atotal of 1536
input features and 5 output units (severity scale from
Normal to Proliferative) were connected. The model
was trained using a batch size of 32, an initial learning
rate of 0.001 with a step decay schedule, a dropout rate
of 0.5, and a total of 50 epochs, selected based on
preliminary experimentation for optimal performance.
The initial learning rate was set to 0.001 and adjusted
using a step decay schedule to optimize convergence
during training.

System Architecture

The architecture of the proposed model integrates the
frontend (web-based interface) with the backend (deep
learning pipeline). ResNet18 model is included in the
study that performs a preliminary check. This check
ensures that the images selected are suitable for
analysis. The input of the model is the high-resolution
retinal images which are then preprocessed for
improving the image quality for the extraction of various
features.

The architecture of EfficientNet-B3 is extended with a
global average pooling layer, dense layers with 512 and
128 neurons and a dropout layer. Additional layers for
the ResNet18 include the global average pooling layer,
a dense layer with 512 neurons followed by a dropout
layer. These architectures leverage the pre-trained
feature extraction capabilities of ResNet50 and
EfficientNetB4, making them well-suited for diabetic
retinopathy severity detection due to their robust
performance and efficiency.

Our system is integrated with advanced segmentation
techniques, including the detection of both

microaneurysms and hemorrhages, to capture a
broader range of DR-related anomalies. The
segmented regions undergo an expanded feature
extraction process, analyzing edges, textures, shapes,
and higher-level structures. These features are the
inputs to the EfficientNet-B3 model, that categorizes
the disease into stages (Normal, Mild, Moderate,
Severe, and Proliferative DR). Cross-validation and
ensemble learning techniques will be employed to fine-
tune classification thresholds.

Data Flow Model

The data flow model for the retinal image analysis
process begins with the collection of high-resolution
retinal images. These factors often result in
approximately 10% of the images containing artifacts
that hinder human grading. To address these
challenges, preprocessing becomes essential to
ensure successful automated abnormality detection.
Variations in camera settings, illumination, and
pigmentation require normalization against a reference
image. For images exhibiting low contrast, local
contrast enhancement is applied as a second
preprocessing step.

The first preprocessing operation is the conversion of
the color image to a grayscale representation, followed
by the isolation of the green channel as shown in Figure
01. The green channel of the images is selected
because it offers better visibility by offering optimal
contrast for diagnosing retinal irregularities in
comparison to the other two channels. Next, the
selected channelis resized to a 1024x1024 aspectratio
to ensure consistency.

Original RGB Image Red Channel

Green Channel Blue Channel

Figure 02. Three channel image

Resizing and normalization are essential
preprocessing steps as resizing ensures consistent
input dimensions for the model, while normalization
scales pixel values to a standard range, enhancing the
model's convergence and performance during training.
Median filtering is used for removing the noise from the
image. The process passes through the image pixel by
pixel and changes the value of each pixel by the median
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value of its neighboring pixel. This addresses the 'salt
and pepper' noise from the image. Contrast Limited
Adaptive Histogram Equalization (CLAHE) is applied in
the next step for enhancing the contrast and dynamic
range of the image.

Segmentation and Classification

The output of the previous step is an image, and
segmentation is applied for detection of vessels and
later removing them. The blood vessels in the images
are then separated from other structures using a top-
hat filter. Thresholding applied on the resultant images
for isolating bloods vessels, hemorrhages, and
microaneurysms. The thresholding removes all the
features that are below a defined threshold, leaving
only the blood vessels.

The size of the blood vessels is then used to
differentiate between the microaneurysms and
hemorrhages. Structures below a defined area
threshold are considered microaneurysms, while larger
structures are identified as hemorrhages.
Morphological opening is applied to remove thin blood
vessel fragments and refine the segmentation of red
lesions.

In the classification phase, distinct numerical features
from the segmented image are used to categorize the
data into different classes. The data augmentation
pipeline includes random transformations such as
rotation, horizontal flipping, zoom, and brightness
adjustment to artificially increase the diversity of the
training set and improve the model's generalization
capabilities. For example, for brightness adjustment:

Loy (,y) = al(x,y) + Bl (X.3)

where [ (x,y) is the pixel value at position (x,y), and a and
B control the intensity and brightness adjustment. For a
classification task, the categorical cross-entropy loss
canbe expressed as:”

N
L= vilog(p)
=1

where y, is the true label and p, is the predicted
probability for each class.

The process involves two main phases: training and
testing. During training, the system identifies the key
properties of image features and formulates a
description for each classification category. In the
testing phase, these defined features are used to
classify new images based on the learned feature
space. The implementation was carried out using
Python, leveraging TensorFlow and Keras libraries,
with training performed on a CPU for computational
efficiency.

Statistical Analysis
Accuracy represents the ratio of correct predictions to
the total cases analyzed. It serves as a simple measure

of the model's overall predictive performance but
doesn't account for the balance between classes,
which is crucial for medical diagnosis systems where
the cost of false negatives might be significantly higher
than false positives."" For this study the accuracy was
calculated as:

Number of correct predications

Accuracy =
4 Total number of predication

In addition, quadratic weighted kappa (QWK) is used to
evaluate the degree of agreement between two raters
or classifications16. QWK is an extension of Cohen's
kappa statistic, which measures inter-rater agreement
for categorical items, but QWK is specifically designed
to handle ordered categories and give more weight to
larger disagreements. Diabetic retinopathy severity is
typically categorized into ordinal levels, such as no
retinopathy, mild, moderate, severe, and proliferative
diabetic retinopathy. These levels have a natural order,
making QWK an appropriate measure because it
accounts for the ordered nature of these categories.™"

Moreover, QWK's quadratic weighting means that
misclassifying a case by a large margin (e.g., predicting
“no retinopathy” when it is actually “severe
retinopathy”) is penalized more heavily than a smaller
error (e.g., predicting “mild” when it is “moderate”). This
aligns well with clinical significance, where larger
diagnostic errors have more serious implications.

To further evaluate the performance of the proposed
model, additional metrics such as sensitivity, specificity,
and F1-score were computed to complement the
accuracy and QWK analysis. Sensitivity, also known as
recall, highlights the model's ability to correctly identify
samples for each class, while specificity measures the
proportion of correctly identified negatives. F1-score,
provides a balance between precision and recall.
These metrics collectively offer a more comprehensive
understanding of the model's predictive capabilities,
particularly in handling imbalances in the dataset and
ensuring robust classification across all diabetic
retinopathy severity levels.

To evaluate the performance of the proposed models,
we utilized a 10-fold cross-validation approach. This
method involves splitting the dataset into k subsets,
where the model is trained on 10-1 subsets and tested
on the remaining one. This process is repeated 10
times, each time using a different subset for testing,
ensuring that all data points are used for both training
and validation. Cross-validation was chosen to
minimize overfitting and provide a more reliable
estimate of model performance across diverse data
splits. This approach allows for a robust evaluation of
the model's ability to generalize unseen data.

RESULTS

In evaluating the performance of machine learning
models for Diabetic Retinopathy (DR) detection,
accuracy and the confusion matrix are two pivotal
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metrics that provide comprehensive insights into a
model's efficiency in classifying DR stages and
minimizing misclassifications.

Our model, which combines EfficientNet-B3 for
classifying DR severity and ResNet18 for verifying
retinal images, achieved an impressive accuracy of
98.18%. For comparison (see Table 01), other popular
deep learning models also demonstrate strong
performance, such as ResNet50 with an accuracy of
97.03%, Inception V3 at 87.88%, and DenseNet121 at
90.10%.*" Notably, models like ResNet18 and VGG
have been observed to perform similarly, reaching
accuracies as high as 99%, underscoring their strong
capabilities inimage detection, particularly for tasks that
involve complex medical images.”*"

Table 01. Comparison with other models using
the same preprocessing techniques

Models Accuracy
Efficentnet-B3 98.18%
ResNet50 97.03%
Inception V3 87.88%
DenseNet121 90.10%

The performance of various models in classifying
Diabetic Retinopathy stages is summarized in the table
below. Among the models evaluated, ResNet18
achieved the highest accuracy of 99%, demonstrating
its superior ability to correctly classify retinal images into
the appropriate severity stages (Table 02). In
comparison, MobileNet achieved an accuracy of
98.31%, while VGG also performed well with an
accuracy of 99%. ResNet7, on the other hand, showed
a slightly lower accuracy of 97.06%."*"** These results
highlight the effectiveness of ResNet18 in this task,
surpassing the other models in terms of classification
accuracy, and reinforcing its suitability for DR detection
applications.

Table 02. Comparison accuracy for retinal and
non-retinal images

Models Accuracy
Resnet18 99.00%
Mobilenet 98.31%

VGG 99.00%

Resnet7 97.06%

Additionally, the use of a confusion matrix allows for a
detailed analysis of model performance. The
experiments showed that the model performed
particularly well in classifying "No DR" and "Moderate"
stages, evidenced by the higher numbers along the
diagonal of the matrix as shown in Figure 02. However,
there were some challenges in differentiating between
the "Mild" and "PDR" (Proliferative Diabetic
Retinopathy) stages, which were indicated by lighter
matrix squares and fewer accurate predictions in those
categories.

No DR 447 0 1 0 2 400
350
Midq 12 50 2 0 0 300
]
< 250
= Moderate {1 17 3 413 1 2
S 200
=
150
Severe{ 2 0 1 171 2
100
PDR{ 4 0 3 4 263 50
T T T T 0
14 ke Qo o x
o s © [} o
o @ S o
z 3 %)

s
Predicated Label

Figure 03. Results of the confusion matrix using
the proposed model

The performance metrics, summarized in Table 03,
demonstrate the robustness of the model in accurately
classifying all classes. Notably, the model achieved the
highest sensitivity of 99.33% for the No DR class,
indicating its ability to effectively identify samples
without diabetic retinopathy. The specificity was
consistently high across all classes, with values
exceeding 96%, reflecting the model's precision in
distinguishing negative cases. Additionally, the F1-
scores, which balance precision and recall, highlight the
model's reliable performance, with values ranging from
85.47% (Mild) to 97.16% (Severe). These results
underline the efficacy of the proposed model in handling
imbalanced datasets and achieving robust
classification for all severity levels.

Table 03. Performance Metrics for Diabetic Retinopathy Severity Levels

Class Sensitivity Specificity Precision F1-Score
No DR 99.33% 96.32% 92.74% 95.92%
Mild 78.13% 99.78% 94.34% 85.47%
Moderate 94.72% 99.27% 98.33% 96.50%
Severe 97.16% 99.59% 97.16% 97.16%
PDR 95.99% 99.47% 96.87% 96.87%
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Throughout the training phase, the model showed a
steady decline in loss and a consistent improvement in
accuracy during the initial 20 epochs. However, after
the 30th epoch, there was a slight plateau in both
metrics, suggesting that the model was approaching its
optimal performance. Despite this, the validation
accuracy continued to fluctuate, indicating that the
model was struggling with generalization at certain
stages. This pattern of improvement followed by
stabilization is typical in deep learning models as they
converge to their best solution. No significant signs of
overfitting were observed, but further tuning of
hyperparameters could enhance performance in future
iterations.

DISCUSSION

The proposed model using the EfficientNet-B3 in
combination with ResNet18 achieved a remarkable
accuracy of 98.18% on the detection of Diabetic
Retinopathy (DR). This shows that the model
developed is a reliable tool for classification of retinal
images and accurate diagnosis of DR.

Our model outperformed most of the advanced models
developed in literature review where they also have
observed better performance. For example, an
accuracy of 97.03% is achieved by the ResNet50
model that falls short of model's performance. The
classification accuracy of 87.88% and 90.10% is
achieved by the Inception V3 and DenseNet121,
respectively.”"*" This comparison of various deep
learning models suggests that the proposed model
using the EfficientNet-B3 architecture is a better
solution for the classification of DR severity as it can
capture complex patterns inimages.

Overall, the better performance achieved by our hybrid
model shows effectiveness in the diagnosis of DR and it
stands out because both the image verification and DR
severity classification is considered. In comparison, the
ResNet50, Inception V3, and DenseNet121 also show
strong results, however, our model ensures precision
and reliability in image analysis due to its
comprehensive.?**

In addition, the high sensitivity values across most
classes, particularly 99.33% for the No DR class,
indicate the model's ability to correctly identify true
positives, which is critical for early detection and timely
intervention. Similarly, the consistently high specificity,
exceeding 96% for all classes, demonstrates the
model's reliability in minimizing false positives,
ensuring accurate identification of non-affected cases.
The strong F1-scores, such as 97.16% for the Severe
class, reflect the balance between precision and recall,
emphasizing the model's robustness in handling
imbalanced datasets. These results, when considered
alongside accuracy and QWHK, confirm that the
proposed model is well-suited for detecting varying
levels of diabetic retinopathy severity. Moreover, the
model's performance metrics align closely with or

surpass those of state-of-the-art methods,
underscoring its reliability and potential utility in real-
world settings.

The model's lower performance in certain classes,
such as Mild and PDR (Proliferative Diabetic
Retinopathy), could be attributed to several factors.
One of the primary reasons is class imbalance, where
images from less frequent stages, particularly the
Proliferative Diabetic Retinopathy class, are
underrepresented in the dataset, making it challenging
for the model to accurately predict these stages.
Additionally, the subtle visual differences between
stages like Mild and Moderate DR may lead to
misclassifications, as these stages often exhibit
overlapping characteristics in terms of lesion
appearance. The model may also struggle with limited
data for certain classes, which hinders its ability to
generalize and capture the fine details necessary for
accurate classification. These challenges could be
addressed by utilizing data augmentation techniques
or applying advanced transfer learning strategies to
improve model robustness and performance on these
specific stages.

While Al models like ResNet18 and EfficientNet-B3
offer transformative potential in DR detection, their
adoption must be accompanied by careful
consideration of ethical concerns. To address the
model's generalizability, it is important to note that the
results are based on a specific dataset, and while the
high accuracy suggests the model performs well within
this context, further validation on diverse, unseen
datasets is necessary to assess its real-world
applicability. Cross-validation and testing on external
datasets can provide a clearer understanding of its
performance in varied scenarios.

CONCLUSION

The proposed hybrid model in this study combines two
efficient models, ResNet18 and EfficientNet-B3, and
shows remarkable achievement in the diagnosis of
Diabetic Retinopathy (DR). The results demonstrate
improvements in both accuracy and efficiency in
detecting DR. The ResNet18 model performs the initial
verification and screening of relevant images, while
EfficientNet-B3 effectively classifies DR severity. This
integration of Al streamlines the diagnostic process by
reducing manual effort and mitigating risks, addressing
time constraints, and enhancing overall efficiency.
However, the model's performance is still limited by
factors such as variations in image quality, and the
inability to generalize perfectly to all real-world
scenarios, such as diverse patient demographics and
varying imaging conditions. Future studies
incorporating larger and more diverse datasets, along
with advancements in Al technologies like augmented
reality (AR) and telemedicine, may further enhance DR
care by offering personalized treatments, risk
assessment, and ongoing monitoring, while
addressing these current limitations.
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