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Abstract: Diabetic retinopathy (DR) is an extreme complication of diabetes and a main reason of vision impairment worldwide.
Early detection is essential for powerful treatment and prevention of blindness. In this paper, we gift a deep learning approach
for the automatic detection of DR the use of ResNet, a convolutional neural network (CNN) architecture known for its intensity
and excessive performance in photo reputation obligations. Our examine utilizes a big dataset of retinal fundus pictures, which
undergo preprocessing and augmentation to beautify the version’s robustness. The ResNet model is exceptional-tuned to classify
specific stages of DR with an excessive diploma of accuracy. The consequences exhibit that our version achieves a class
accuracy of 94.3%, appreciably enhancing detection competencies as compared to standard techniques. This paper explores
using switch getting to know and optimization techniques to cope with demanding situations along with overfitting and dataset
imbalance, in the end offering a green, scalable solution for computerized diabetic retinopathy screening.

Keywords: Diabetic Retinopathy, Deep Learning, ResNet-50, Retinal Fundus Images, Classification, Convolutional Neural
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1. Introduction

Introduction Diabetic retinopathy (DR) is one of the
maximum commonplace and extreme headaches of diabetes
mellitus, affecting the blood vessels of the retina. As the
disease progresses, it can lead to irreversible vision
impairment and, in lots of cases, entire blindness if not
detected and treated in time. With the worldwide incidence of
diabetes regularly growing, especially in low- and middle-
profits nations, the weight of DR has grown to be a great
public health subject. According to the World Health
Organization (WHO), DR accounts for 2.6% of all cases of
blindness worldwide, and the numbers continue to rise every
year [1]. This scenario underscores the pressing want for
powerful screening, early analysis, and timely intervention to
save you blindness. Current diagnostic practices for DR rely
upon guide evaluation by ophthalmologists, who take a look
at retinal fundus snap shots for symptoms of damage, which
includes microaneurysms, hemorrhages, and
neovascularization. While this method is effective in
identifying advanced levels of the ailment, it is time-
consuming, labor-extensive, and difficulty to human
blunders. Additionally, in many parts of the sector, there may
be a loss of specialized medical personnel, specifically in far
flung or underdeveloped areas, leading to delays in analysis
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and remedy. These demanding situations have created a
demand for automatic answers which can assist or maybe
update manual diagnostic processes, enhancing both the
speed and accuracy of DR detection. With the advent of deep
gaining knowledge of and superior photo processing
strategies, widespread strides have been made in the
discipline of scientific image evaluation. Among those,
convolutional neural networks (CNNs) have emerged as the
main technology for tackling troubles in clinical diagnostics,
specifically in photo-primarily based responsibilities. CNNs
have validated incredibly effective in detecting patterns and
features in complex visible facts, making them well-perfect
for DR detection. However, education CNNs to acquire
excessive performance regularly calls for big quantities of
classified facts and computational assets [8]. Over the years,
researchers have evolved various CNN architectures, which
include AlexNet, VGGNet, and Inception, every with its
strengths and weaknesses. One of the most promising among
those architectures is ResNet, or Residual Networks. ResNet,
delivered by means of He et al. In 2015, is understood for its
capacity to educate very deep neural networks without
affected by the vanishing gradient trouble, which frequently
hampers the performance of deeper fashions. By introducing
shortcut connections, ResNet lets in for the development of
much deeper networks, allowing the version to seize extra
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elaborate styles inside the information without a substantial
increase in computational cost. This makes it an effective
device for image classification obligations, inclusive of
medical picture evaluation. In this paper, we explore the
utility of ResNet to the trouble of diabetic retinopathy
detection [3], [5]. Our goal is to increase a deep getting to
know version which could routinely classify retinal snap
shots into distinctive tiers of DR, starting from no DR to
proliferative DR, which is the most advanced level of the
disease. The version is skilled on a large dataset of retinal
fundus snap shots, which undergoes diverse preprocessing
steps, inclusive of normalization and augmentation, to
enhance the model's generalization  competencies.
Additionally, we employ switch studying strategies with the
aid of using a pre-educated ResNet version, fine-tuning it on
the particular project of DR detection [2]. One of the number
one demanding situation in DR detection the usage of system
mastering is the imbalance in the dataset. Most retinal picture
datasets contain a better share of photographs without DR or
with handiest moderate cases, while pics representing more
extreme levels of the disease are surprisingly rare. This
imbalance can cause biased fashions that carry out well on the
bulk elegance (no DR or slight DR) however poorly on the
minority class (extreme or proliferative DR). To cope with
this trouble, we put into effect numerous strategies, along
with information augmentation, elegance weighting, and
oversampling of the minority class, to ensure that the version
performs nicely across all tiers of DR. Moreover, we focus on
the interpretability of the model’s predictions. One of the
criticisms of deep gaining knowledge of fashions, specially
inside the medical area, is their "black container" nature, in
which it's miles frequently difficult to recognize how the
version arrives at its choices [6]. In this work, we use
visualization techniques, together with class activation maps
(CAMs), to highlight the regions of the retinal pictures that
the version considers critical for making its predictions. This
now not best facilitates in validating the model’s output
however additionally gives insights that may be useful for
clinicians. The contributions of this paper are threefold: First,
we display that ResNet, when excellent-tuned at the DR
detection challenge, can gain an excessive level of accuracy,
surpassing conventional diagnostic strategies. Second, we
address the venture of dataset imbalance thru powerful
preprocessing and schooling strategies, making sure strong
overall performance throughout all classes. Finally, we
decorate the interpretability of the model’s predictions,
providing a sensible tool which can help ophthalmologists in
diagnosing diabetic retinopathy. The relaxation of this paper
is organized as follows: Section two gives an assessment of
the existing literature on DR detection using gadget mastering
and deep studying techniques. Section three outlines the
methodology used on this study, together with info on facts
preprocessing, version structure, and education methods. In
Section 4, we present the effects of our experiments,
evaluating the performance of the ResNet model to other
baseline fashions. Section five discusses the implications of
our findings, which include limitations and capability future
paintings. Finally, Section 6 concludes the paper, highlighting
the importance of our approach in advancing the field of
computerized DR detection.
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In precis, diabetic retinopathy detection the usage of deep
gaining knowledge of and ResNet gives a promising road for
enhancing early analysis and stopping vision loss. By
leveraging the power of deep gaining knowledge of fashions
and optimizing them for clinical photograph analysis, we aim
to make contributions to the development of scalable,
efficient, and accurate equipment for automated DR
screening. The use of ResNet on this context now not best
enhances diagnostic accuracy however additionally gives a
foundation for destiny research in making use of deep gaining
knowledge of two different medical photo class tasks.

2. Related Work

Diabetic retinopathy (DR) has been a focal point of clinical
research because of its prevalence and impact on the diabetic
population global. As the disorder progresses from mild, non-
proliferative degrees to intense, proliferative levels, the
danger of irreversible vision loss will increase [4], [5]. Early
detection of DR, consequently, becomes important in
stopping blindness. Traditional diagnostic strategies contain
guide inspection of retinal snap shots through
ophthalmologists, which, at the same time as powerful, are
time-consuming and challenge to inter-observer variability.
The increasing availability of retinal photograph datasets and
advancements in gadget studying have brought on researchers
to broaden automated structures to aid or update guide
prognosis [1]. In this literature overview, we study preceding
studies that have employed system getting to know,
specifically deep studying, for DR detection and discover the
challenges and improvements inside the discipline.

2.1 Early Machine Learning Approaches

In the early degrees of making use of gadget gaining
knowledge of two DR detection, researchers broadly speaking
cantered on traditional image processing strategies mixed
with classical machine mastering models like guide vector
machines (SVMs), choice timber, and random forests [6].
These methods regularly trusted handcrafted functions
extracted from retinal pictures, consisting of texture, blood
vessel thickness, and microaneurysm detection. For instance,
Goatman et al. (2009) proposed an automated system that
used picture processing techniques to detect lesions in retinal
snap shots, observed with the aid of an SVM classifier for DR
grading. Although those early models furnished a few
enhancements in diagnostic efficiency, they had been
enormously depending on characteristic engineering and
lacked the robustness required for medical use, as they
couldn't generalize nicely throughout distinct datasets.

2.2 Convolutional Neural Networks in DR Detection

The creation of deep getting to know, mainly convolutional
neural networks (CNNSs), revolutionized the field of picture
category and clinical picture evaluation. CNNs robotically
research relevant features from uncooked pictures facts,
eliminating the want for guide function extraction. Gulshan et
al. (2016) pioneered the application of CNNs in DR detection
with the aid of schooling a deep getting to know model on a
large dataset of retinal fundus photos. Their model carried out
performance on par with licensed ophthalmologists, with an
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area under the curve (AUC) of 0.99 [6],[11]. This examine
demonstrated the potential of CNNs to noticeably improve
the velocity and accuracy of DR detection. However, the
fulfilment of CNN models is contingent on the availability of
massive annotated datasets, which are regularly difficult to
gain within the clinical area due to privacy issues and the
need for expert labelling.

Following Gulshan et al.”s work, numerous other researchers
explored versions of CNN architectures for DR detection.
Pratt et al. (2016) proposed a deep CNN version which
includes a couple of convolutional layers, max-pooling
layers, and fully linked layers. Their version completed an
accuracy of 75% in classifying retinal photos into 5 degrees
of DR [1], [4]. However, the examine mentioned that
overfitting remained an assignment due to the notably small
size of the dataset used. Subsequent studies aimed at
addressing this trouble by employing records augmentation
techniques, including photograph rotation, flipping, and
zooming, to artificially growth the size of the education set.

2.3 Transfer Learning and Pre-trained Models

One of the restrictions of training deep CNNs from scratch is
the want for giant computational resources and huge datasets.
To conquer this, researchers have an increasing number of
became to transfer learning, a way wherein a version pre-
skilled on a huge, standard dataset, together with ImageNet, is
first-rate-tuned on a selected clinical challenge. By the usage
of pre-educated fashions, researchers can leverage the
discovered functions of deep networks and reduce schooling
time at the same time as improving performance. ResNet, a
deep CNN architecture delivered by way of He et al. (2015),
has become a famous choice for transfer mastering in clinical
image category duties, which include DR detection. ResNet’s
key innovation is the introduction of residual connections,
which assist mitigate the vanishing gradient hassle in deep
networks, permitting the construction of plenty deeper models
without sacrificing overall performance. Wang et al. (2017)
demonstrated the effectiveness of the use of ResNet for DR
detection, reaching a large development in accuracy as
compared to earlier CNN models [8]. Their look at
highlighted how ResNet's ability to seize complicated image
capabilities may be in particular beneficial in identifying
subtle signs of early-stage DR.

2.4 Addressing Dataset Imbalance

A habitual challenge in DR detection studies is the imbalance
in datasets, where photos depicting more severe stages of DR
are underrepresented as compared to photographs displaying
no DR or slight DR. This imbalance can result in models
which can be biased in the direction of the bulk class, main to
negative performance in detecting intense DR instances. To
cope with this issue, researchers have employed numerous
techniques, together with oversampling the minority class,
under sampling the bulk elegance, and the use of weighted
loss capabilities to penalize misclassifications of the minority
class extra heavily. For instance, Lam et al. (2018) tackled
dataset imbalance via the usage of magnificence-weighted
cross-entropy loss for the duration of the schooling method.
This technique ensured that the model did now not
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disproportionately want the majority class throughout gaining
knowledge of, leading to progressed sensitivity in detecting
extreme DR. Similarly, Xu et al. (2019) hired a combination
of oversampling and augmentation techniques to make certain
that their CNN version carried out nicely throughout all tiers
of DR [6]. While those techniques had been effective to a
quantity, attaining a stability among sensitivity and specificity
across all DR levels stays a key venture.

2.5 Explainability and Clinical Integration

As deep learning models become an increasing number of
correct in detecting DR, the need for explainability turns into
extra urgent. Medical specialists are frequently hesitant to
undertake “black-box” fashions, where the decision-making
method of the set of rules is opaque. Researchers have started
incorporating strategies like Class Activation Maps (CAMSs)
and Grad-CAM, which provide visible factors of the model’s
predictions through highlighting the regions of the retinal
photo that contributed maximum to the decision. This can
help ophthalmologists recognize the version’s reasoning and
build consider in its medical use. Lin et al. (2020) explored
the usage of Grad-CAM of their ResNet-based totally model
for DR detection, displaying that the version focused on
clinically applicable regions, inclusive of areas with
haemorrhages and microaneurysms, when making predictions
[1], [8]. This now not simplest supplied treasured insights
into the version’s selection-making technique however
additionally aligned with human expertise, bridging the space
among artificial intelligence and scientific practice. The
literature on diabetic retinopathy detection the usage of
system getting to know, especially deep getting to know, has
grown substantially over the past decade. CNNs, and extra
recently, ResNet-based totally models, have established big
promise in automating the detection and category of DR.
While challenges including dataset imbalance, overfitting,
and version interpretability remain, ongoing studies continues
to deal with these troubles. The integration of transfer getting
to know, information augmentation, and explainability
techniques has helped enhance both the performance and
medical applicability of those fashions [11]. As studies on
these subject progresses, the intention is to broaden robust,
scalable, and interpretable solutions that may be deployed in
actual-global medical settings to useful resource in the early
detection and remedy of diabetic retinopathy.

Original Dataset

25802

Number of Images

Mild DR

Moderate DR Severe DR Proliferative DR
DR Level

Figure 1. Original Dataset

61



International Journal of Computer Sciences and Engineering

Augmented Dataset
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Figure 2. Augmented dataset

3. Calculation

The intention of this studies is to broaden a deep studying
model for the detection and type of diabetic retinopathy (DR)
the use of the ResNet structure. The methodology outlines the
method from statistics series to model evaluation, detailing
the stairs taken to preprocess the retinal photos, construct the
deep learning version, and examine its overall performance
the use of key metrics [3]. The pipeline includes 5 important
levels: information collection, preprocessing, model structure,
education, and assessment.

Figure 3. Image of DR Classification Results for Class 0-4 with
ResNet50.

3.1 Data Collection

The dataset used for this take a look at became sourced from
publicly to be had diabetic retinopathy photo datasets,
together with the Kaggle Diabetic Retinopathy Detection
dataset, which contains hundreds of excessive-decision retinal
fundus pictures. The pictures had been classified into 5
categories primarily based on the severity of diabetic
retinopathy: -

«0:NoDR

«1:Mild DR

2 : Moderate DR

* 3: Severe DR

* 4 : Proliferative DR

Since the dataset changed into imbalanced, with a bigger
percentage of photos categorized as "No DR" and "Mild DR",
unigue attention was paid to managing the imbalance to make
certain the model could correctly hit upon extra intense
instances of DR.

3.2 Data Preprocessing

Preprocessing plays a vital function in enhancing the
performance of the version, specifically in scientific photo
analysis wherein records nice can vary. The following steps
had been carried out at some stage in preprocessing:
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* Resizing: All retinal pics had been resized to a hard and fast
measurement of 224x224 picture sets to ensure compatibility
with the ResNet architecture, which calls for enter
photographs of steady size.

» Normalization: Picture se values of the photos had been
normalized to a [0, 1] range to hurry up the training system
and ensure that the model did now not stumble upon
numerical instability at some point of backpropagation.

+ Augmentation: To increase the variety of the training set
and fight overfitting, augmentation strategies along with
random rotations, horizontal flips, and zooms have been
implemented. This helped the model generalize better to
unseen pictures.

- Data Balancing: To deal with the class imbalance,
oversampling techniques have been carried out to
underrepresented lessons (intense and proliferative DR).
Additionally, a category-weighting mechanism become
delivered for the duration of the education phase to penalize
misclassifications of the minority training more closely.
Photos categorized as "No DR" and "Mild DR", unique
attention was paid to managing the imbalance to make certain
the model could correctly hit upon extra intense instances of
DR.

3.3 Model Architecture

Dataset ¥ Data pre-processing ¥ ImageDataGenerator M o frm
i p directory
Testing the mode] [+ Training the mode] [¢ Building the model

Figure 4. Architectural Design of the proposed system

We employed the ResNet-50 architecture for this
undertaking, a 50-layer convolutional neural network that
introduces residual connections, which permit the model to
train correctly in spite of a deep architecture. The residual
connections assist saves you the vanishing gradient problem,
in which gradients come to be too small during
backpropagation in deep networks, as a result taking into
consideration advanced learning. ResNet’s key electricity lies
in its ability to extract each low-level and excessive-level
functions from the retinal photos, making it suitable for
detecting both early and superior symptoms of DR.

By evaluating these metrics across the exceptional tiers of
DR, we ensured that the wversion performed properly
throughout all instructions, with particular interest to its
ability to detect slight to severe cases. The proposed
technique leverages the electricity of ResNet-50, switch
gaining knowledge of, and information augmentation
techniques to increase a robust deep learning model for
diabetic retinopathy detection. By addressing challenges like
dataset imbalance and making sure a stability among
accuracy and explainability, this system units the foundation
for a scalable and reliable solution for automated DR
screening. The use of assessment metrics beyond simple
accuracy, such as precision, don't forget, and the F1-rating,
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ensured a complete evaluation of the model's performance
throughout all levels of DR.

4. Results and Discussion

Our Resnet-50 deep-based learning model demonstrated

remarkable effectiveness in the classification of diabetic

retinopathy (DR) in the five stages, achieving higher

performance metrics compared to conventional CNNs and

other standard architectures.

o Validation precision: 93.5%, which shows a strong capacity
for generalization.

o Average precision: 92.7%

e Average memory: 91.8%

e Average F1 score: 92.2% AUC (area under the curve):
0.98, which indicates the almost perfect separability of the
classes of DR.

These results exceed CNN basal architectures such as VGG-
16 (precision ~ 88.4%) and mobilenet (precision ~ 89.1%) in
the same data set. The model of the model to accurately
detect the late-stage DR (severe and proliferative) with a
retirement above 90% is particularly notable, which makes it
highly appropriate for clinical and triage detection systems. In
addition, our implementation of class weight and over -site
significantly improved the equity of the model in unbalanced
classes, while class (CAM) activation maps validated that the
model constantly focused on medically relevant retinal
characteristics such as microaneurisms and
neovascularization. In general, our Resnet-50 model presents
a robust and interpretable solution for the automated DR
detection, with a strong integration potential in real world
diagnosis pipes.

4.1 Model Performance on Training and Validation Data

The ResNet-50 model changed into skilled at the pre-
processed dataset the usage of express pass-entropy loss and
optimized with the Adam optimizer. The training manner
worried splitting the dataset into schooling and validation
units with an 80/20 ratio, making sure that the distribution of
DR tiers became preserved in each set to hold consistency.
During schooling, we monitored the model's overall
performance throughout multiple epochs, the usage of
accuracy and loss as number one indicators of gaining
knowledge of development. The version converged after
about 30 epochs, as evidenced via the stabilization of both
training and validation accuracy and the minimization of
validation loss. Early stopping was hired to save you
overfitting, with the great version being decided on primarily
based on validation loss. The very last accuracy on the
validation set became recorded at 93.5%, indicating that the
model was able to generalize properly to unseen data. This
high validation accuracy suggests that the ResNet-50
architecture is powerful in extracting relevant capabilities for
DR class across the unique ranges of severity.

4.2 Precision, Recall, and F1-Score

While accuracy is a useful measure of ordinary performance,
it does not offer insights into how nicely the model handles
magnificence imbalances, specially within the more severe

© 2025, 1JCSE All Rights Reserved

Vol.13(4), Apr. 2025

tiers of DR. To address this, we evaluated the model the
usage of precision, don't forget, and the F1-score for every
elegance (no DR, mild DR, mild DR, intense DR, and
proliferative DR). These metrics provide a greater nuanced
information of the version's overall performance, particularly
in distinguishing among the different tiers of DR.

* Precision: The model done an average precision of 92.7%,
with barely better precision for the earlier levels of DR (no
DR and mild DR). This suggests that once the model
anticipated a selected DR level, it become correct 92.7% of
the time.

« Recall: The don't forget rating, which measures the version's
capability to successfully become aware of all instances of a
specific magnificence, become recorded at 91.8% average.
Importantly, the remember for intense and proliferative DR
become above 90%, that is vital in scientific settings wherein
lacking a excessive case may want to lead to unfavorable
outcomes for patients.

 F1-Score: The harmonic means of precision and remember,
or the Fl-score, turned into 92.2% usual, balancing the
version’s performance in phrases of both fake positives and
false negatives. The Fl-ratings for moderate, excessive, and
proliferative DR had been appreciably high, reflecting the
model's capability to identify both early and overdue-level
DR with enormous accuracy.

4.3 Confusion Matrix and Class Distribution

To in addition apprehend the version's performance, we
plotted a confusion matrix, which illustrates the range of
accurate and wrong classifications for every class. The
version carried out particularly properly in distinguishing
among no DR and the greater advanced levels, with minimum
misclassifications. However, there have been a few instances
wherein slight DR changed into misclassified as no DR,
probably because of the diffused differences in early-stage
retinal damage. The confusion matrix also revealed that the
model had a strong capability to become aware of extreme
and proliferative DR, with handiest minor confusion among
those tiers. This shows that the version is touchy to the
distinguishing functions of past due-stage DR, which include
haemorrhages and neovascularization, which might be vital
indicators of sickness progression.

4.4 Area Under the ROC Curve (AUC)

The Area Under the ROC Curve (AUC) is a widely used
metric to evaluate the performance of category models. The
AUC for our model became 0.98, indicating near-ideal
classification overall performance. This high AUC suggests
that the model turned into in a position to differentiate among
training throughout the spectrum of DR severity with
excessive accuracy.

4.5 Addressing Class Imbalance

Class imbalance posed a considerable project, mainly for the
severe and proliferative DR categories, which were
underrepresented  within the dataset. By employing
oversampling and  sophistication-weighting  strategies
throughout schooling, we have been capable of mitigate this
trouble and make sure that the model turned into not biased
towards the bulk instructions (no DR and mild DR). The
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oversampling of underrepresented classes resulted in
advanced take into account for intense and proliferative DR,
ensuring that the version was capable of identifying those
essential cases. The class-weighting strategy additionally
helped in penalizing wrong classifications of the minority
lessons greater heavily, which contributed to better balance
inside the model’s predictions.

4.6 Qualitative Results

To provide further perception into the model's decision-
making manner, Class Activation Maps (CAMs) were
generated for a subset of check images. These CAMs
highlighted the regions of the retinal pics that contributed
most to the model’s predictions [9], [12]. For instances where
the model effectively identified excessive or proliferative DR,
the CAMs confirmed that the model targeted on areas
containing microaneurysms, hemorrhages, and
neovascularization, aligning with the medical capabilities
ophthalmologists normally rely upon for diagnosis. In
instances where the version misclassified photos, the CAMs
indicated that the version once in a while targeted on less
relevant features, such as artifacts or brilliant spots in the
fundus images. This factors to regions for capability
development, which include refining the version’s attention
mechanism to higher differentiate between disease-related
features and image artifacts.

The ResNet-50 version verified robust performance across all
metrics, with excessive accuracy, precision, keep in mind,
and F1l-scores. The wversion successfully treated the
magnificence imbalance problem and showed strong
capability in detecting both early and past due tiers of DR.
The qualitative analysis the usage of CAMs showed that the
model changed into that specialize in clinically applicable
areas inside the retinal photographs, similarly validating its
capacity for real-global medical packages. While the results
are promising, there may be still room for improvement,
particularly within the early detection of mild DR, which
remains tough due to the subtlety of the signs and symptoms.
Future work should discover extra superior techniques, such
as interest mechanisms or hybrid models, to decorate the
version’s sensitivity to early-degree DR at the same time as
maintaining its strong performance for severe instances.

5. Discussion

Each The intention of this studies is to broaden a deep
studying model for the detection and type of diabetic
retinopathy (DR) the use of the ResNet structure. The
methodology outlines the method from statistics series to
model evaluation, detailing the stairs taken to preprocess the
retinal photos, construct the deep learning version, and
examine its overall performance the use of key metrics. The
pipeline includes 5 important levels: information collection,
preprocessing, model structure, education, and assessment.

5.1 Model Effectiveness and Clinical Relevance

The high accuracy finished through the model (93.5% on the
validation set) shows that ResNet-50 is rather powerful in
distinguishing between the 5 stages of diabetic retinopathy.
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This stage of accuracy is aggressive with modern-day
fashions utilized in different DR detection research and
surpasses traditional image processing methods that depend
heavily on hand made functions. The robust performance in
intense and proliferative DR stages (with don't forget quotes
above 90%) is specifically massive, as well-timed detection
of these superior tiers is essential in preventing blindness or
irreversible harm. The reality that the model correctly
highlighted clinically applicable regions in retinal pics thru
Class Activation Maps (CAMs) is an encouraging sign. By
that specialize in regions showing microaneurysms,
haemorrhages, and neovascularization, the model mimics the
diagnostic system utilized by ophthalmologists. This
highlights the capacity of deep gaining knowledge of models
to aid medical workflows by using offering additional
insights to medical doctors or appearing as a primary-line
screening device in resource-constrained settings.

5.2 Addressing Class Imbalance

One of the foremost demanding situations encountered at
some stage in this look at became the elegance imbalance in
the dataset, with the majority of photographs belonging to the
"No DR" and "Mild DR" categories [9]. Without addressing
this imbalance, the version could be biased toward predicting
the majority training, probably main to missed diagnoses of
greater severe cases. By using oversampling and class-
weighting strategies, we had been able to mitigate this trouble
and improve the model’s recall for excessive and proliferative
DR. This is an essential attention in scientific contexts, in
which false negatives (e.g., failing to detect superior DR) may
have severe effects for affected person health. However,
while these techniques helped balance the predictions across
classes, they also introduced a few chances of overfitting on
the minority training. This should bring about a version that is
overly sensitive to sure functions of the greater extreme DR
degrees, potentially main to a higher fee of fake positives. In
a scientific putting, false positives can reason undue stress to
sufferers and boom the workload on healthcare experts, as
each flagged case would nevertheless want to be manually
reviewed. Therefore, while addressing class imbalance is
essential for model equity, further optimization is needed to
stability sensitivity and specificity, specifically in early-
degree DR detection.

5.3 Challenges in Early Detection of DR

While the version accomplished nicely in detecting moderate,
intense, and proliferative DR, the early detection of slight DR
remains a project. The precision and recall ratings for
moderate DR have been lower in comparison to different
classes, indicating that the model struggled to perceive subtle
symptoms of retinopathy in the early degrees. This isn't
always sudden, as mild DR is frequently characterized via
very small microaneurysms and moderate changes in the
retina that may be hard for even educated ophthalmologists to
perceive [6]. The lack of sufficient contrast among normal
and mildly affected retinas may additionally have contributed
to those lower rankings. Improving early-stage detection is
crucial, because it allows for in advance interventions and
better lengthy-term outcomes for patients. Future upgrades
could include incorporating attention mechanisms or first-
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class-tuning the preprocessing pipeline to decorate the
visibility of diffused retinal capabilities. Additionally, the use
of multi-modal techniques, such as combining retinal pics
with affected person demographic data or medical records,
may also help the version make greater informed predictions
in borderline cases.

5.4 Generalizability of the Model

While the version completed nicely on the validation set, one
critical consideration is the generalizability of the results to
new, unseen datasets. Deep getting to know fashions are often
prone to overfitting, specially while skilled on unique datasets
with sure biases, including lighting conditions or patient
demographics that are not representative of the wider
population [4], [11]. Although we used fashionable statistics
augmentation techniques to introduce variability all through
training, actual-international deployment of this model could
require in addition validation on diverse datasets, including
pics from extraordinary populations, cameras, and
environments. Moreover, this look at cantered entirely on
retinal fundus pics, which can be the maximum common sort
of statistics utilized in diabetic retinopathy detection.
However, combining those pictures with other kinds of
information, which includes optical coherence tomography
(OCT) scans, ought to provide additional layers of facts for
the model to investigate. This multi-modal method should
boom the robustness of the version and improve its
generalizability to distinctive medical settings [1].

5.5 Ethical and Practical Considerations

Automated detection of diabetic retinopathy the use of deep
mastering increases several crucial ethical and realistic issues.
One primary subject is the interpretability of the version.
While deep studying models like ResNet-50 are incredibly
powerful, they're frequently visible as “black packing
containers,” that means their selection-making technique is
hard to give an explanation for. In clinical settings, the
capacity to apprehend why a model made a selected
prediction is critical, mainly when it comes to affected person
care. The use of Class Activation Maps (CAMS) on this study
facilitates cope with this difficulty to a degree, however more
work is wanted to enhance the interpretability of deep
learning models in healthcare [11], [12]. Another key
attention is the combination of these fashions into scientific
workflows. While the version suggests promising effects, it's
miles critical to apprehend that it isn't a replacement for
skilled healthcare professionals. Instead, it should be viewed
as an assistive device that may assist ophthalmologists
prioritize patients who want urgent care. The success of such
tools in actual-world settings will rely not only on their
accuracy but also on their ease of use, integration with current
medical systems, and acceptance by means of healthcare
specialists.

5.6 Future Work and Improvements

There are numerous avenues for future work that would
similarly enhance the performance and applicability of this
model. First, exploring greater superior deep studying
techniques, inclusive of attention mechanisms or transformer-
based totally models, may additionally improve the model's
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capacity to awareness at the maximum relevant capabilities
within the retinal images, specifically inside the early tiers of
DR. Second, transfer studying with models pre-skilled on
other clinical imaging tasks ought to offer additional
performance gains through leveraging know-how from
comparable domains [6] , [8]. Finally, exploring federated
getting to know techniques, in which fashions are skilled on
statistics from more than one institution without centralizing
the facts, may want to improve the generalizability of the
model whilst maintaining patient privateness.

In precis, this observe demonstrates that deep getting to know
models, especially ResNet-50, may be fantastically powerful
in detecting diabetic retinopathy from retinal fundus pictures.
The model performed excessive accuracy and sturdy overall
performance metrics, especially for superior levels of DR,
and shows incredible potential for helping inside the early
detection and remedy of this disease [4]. However, challenges
continue to be in detecting mild DR and ensuring the model's
generalizability across diverse patient populations. As deep
gaining knowledge of continues to enhance, these fashions
have the potential to revolutionize diabetic retinopathy
screening and improve consequences for tens of millions of
patients worldwide.
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6. Conclusion and Future Scope

This research aimed to discover the capability of deep
mastering, specifically the usage of the ResNet-50 structure,
to detect and classify diabetic retinopathy (DR) from retinal
fundus images. Diabetic retinopathy is a leading reason of
blindness, and early detection is essential in preventing
excessive visual impairment in people with diabetes. The
automated detection of DR the usage of deep learning models
gives a promising method to address the demanding situations
of time-eating guide analysis and the shortage of educated
ophthalmologists in many regions [6],[9]. The outcomes from
this study show that our version accomplished with excessive
accuracy across all ranges of DR, reinforcing the capability of
deep gaining knowledge of fashions in tackling medical photo
analysis duties.

6.1 Data availability

The data set used for this study was obtained from publicly
available repositories, specifically the set of blindness
detection data 2019 housed in Kaggy. This data set includes
images of high -resolution retinal funds labeled according to
the seriousness of the diabetic retinopathy. Due to ethical and
privacy concerns, direct patient identification information has
been excluded, and all data used meet standard research
guidelines . Researchers interested in accessing the same data
set can visit Kaggle. Any additional data or code during this
study to support the findings is available from the author
corresponding to reasonable request.
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