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ABSTRACT

This study investigates the application of Convolutional
Neural Networks (CNN) and the Inception V3 model for
automated detection and classification of diabetic retinopathy
using retinal fundus images. Diabetic retinopathy remains a
primary cause of vision impairment among the working-age
population  worldwide, necessitating efficient diagnostic
solutions beyond conventional ophthalmic evaluations. This
research leverages the DRIVE and STARE datasets to assess the
effectiveness of CNN and Inception V3 in classifying diabetic
retinopathy into five severity levels. Model performance is
evaluated based on accuracy, loss, and predictive capability, with
results demonstrating that Inception V3 outperforms CNN in
both diagnostic precision and overall efficiency. The findings
highlight the potential of deep learning techniques in
revolutionizing retinal disease diagnosis, fostering early
detection, and minimizing the risk of blindness. Additionally,
this work emphasizes the broader implications of artificial
intelligence in  medical imaging, encouraging further
advancements in automated healthcare diagnostics.

Keywords: automated diagnosis , funds imaging , deep learning
, convolution neural networks, Diabetic retinopathy ,Inception
V3.

l. INTRODUCTION

Diabetic retinopathy (DR) is a major ophthalmic condition
that primarily affects individuals with diabetes, posing a
significant risk of irreversible vision loss if left untreated. The
prolonged presence of diabetes leads to progressive damage in
the retinal blood vessels, impacting visual function over time.
Early identification and timely intervention are crucial in
preventing severe complications; however, conventional
diagnostic techniques rely heavily on manual inspection by
ophthalmologists, making the process labor-intensive, time-
consuming, and dependent on specialized expertise. Although
the analysis of digital fundus images remains a standard
approach, its scalability and accessibility constraints highlight
the need for more efficient, automated solutions.

Image analysis. These models enable automated detection
and classification of diabetic retinopathy, significantly reducing
diagnostic delays and improving overall efficiency. By
employing of Inception V3 & CNNs, this study aims to develop
an intelligent system capable of accurately classifying funds
images are taken into different DR severity levels, thereby
facilitating early-stage identification and disease management.
The adoption of Al-driven methods in DR screening not only
enhances diagnostic accuracy but also expands accessibility,
especially for remote and underserved populations.

A comparative analysis of CNN and Inception V3 models
is conducted to assess their effectiveness in DR classification.
By integrating Al into ophthalmology, this work highlights a
transformative shift towards automated and scalable diagnostic
solutions. The findings of this study contribute to the broader
field of Al-assisted medical diagnostics, reinforcing the role of
deep learning in enhancing healthcare accessibility and
mitigating vision impairment among diabetic patients.

PURPOSE

The primary objective of this paper is to develop an
automated and efficient diagnostic system for detecting and
classifying diabetic retinopathy (DR) using deep learning
techniques. Given the increasing prevalence of diabetes and its
associated complications, early identification of DR is essential
to prevent severe vision loss. Traditional diagnostic methods rely
on manual evaluation of fundus images by ophthalmologists,
which can be time-intensive and resource-dependent. This paper
aims to address these limitations by leveraging Convolutional
Neural Networks (CNN) and the Inception V3 model to enhance
the accuracy and efficiency of DR screening.

The findings of this research contribute to the growing
field of Al-driven medical diagnostics, demonstrating the
potential of deep learning in improving accessibility to DR
screening. Furthermore, this study highlights the feasibility of
integrating Al-based solutions into clinical workflows,
ultimately reducing the burden on healthcare professionals and
ensuring timely intervention for patients at risk of diabetic
retinopathy.
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1. LITERATURE REVIEW

DR (Diabetic Retinopathy) taken as significant cause of
blindness among individuals with diabetes, necessitating early
and accurate detection methods. Traditional screening methods
rely on manual fundus examination, which is time-consuming
and requires expert interpretation. With the advent of DL,
particularly (CNNs), automated DR detection has gained
prominence [1].

Gulshan et al. [2] conducted a groundbreaking study on
deep learning-based diabetic retinopathy (DR) detection using an
extensive dataset of fundus images. Their research demonstrated
that convolutional neural networks (CNNs) could achieve
diagnostic accuracy comparable to, or even surpass, that of
experienced ophthalmologists. By training the model on a
diverse dataset with expert-labeled annotations, they ensured
robustness and generalizability. The study underscored the
potential of Al-driven diagnostic tools in reducing dependency
on manual examinations, thus addressing scalability challenges
in DR screening.

Similarly, Pratt et al. [3] developed a CNN-based DR
classification model designed to automate the identification and
grading of DR severity. Their approach leveraged deep learning
techniques to extract intricate retinal features, enabling precise
classification of fundus images into different DR stages. Their
findings highlighted the effectiveness of CNNs in clinical
applications, demonstrating their ability to provide quick,
accurate, and consistent diagnoses. The study reinforced the
significance of Al in ophthalmology, paving the way for large-
scale implementation of automated DR screening systems.

The Inception V3 model, widely used for image
recognition, has been explored for DR detection. Xu et al. [4]
implemented transfer learning with Inception V3, significantly
improving classification accuracy. Their study emphasized the
importance of pre-trained networks in medical image analysis,
reducing the need for extensive training datasets.

Keenan et al. [5] conducted an extensive review of Al
applications in the detection of retinal diseases, with a specific
focus on diabetic retinopathy (DR). Their study systematically
analyzed various Al-driven methodologies, emphasizing the
effectiveness of convolutional neural networks (CNNSs) in
feature extraction and classification accuracy. They highlighted
how CNNs outperform traditional machine learning models by
autonomously learning hierarchical representations of retinal
features, reducing the reliance on handcrafted feature
engineering. The review also discussed key challenges in Al
adoption, such as data quality, model interpretability, and
integration into clinical workflows.

Building on these insights, Lin et al. [6] applied deep
learning models to large-scale fundus image datasets, further
validating the superiority of CNN-based approaches. Their
experiments demonstrated that CNN models trained on diverse
datasets exhibited strong generalization capabilities, ensuring
reliable performance across different populations and imaging
conditions. They also addressed the importance of dataset
diversity and augmentation techniques in improving model
robustness. Their findings reinforced the potential of deep
learning in real-world clinical applications, showcasing its
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ability to enhance early detection and diagnosis of retinal
diseases.

\Voets et al. [7] explored ensemble deep learning models for
DR detection, combining multiple CNN architectures to enhance
predictive performance. Their research showed that ensemble
models could mitigate individual model biases, leading to
improved accuracy. Ting et al. [8] discussed the broader
implications of Al in ophthalmology, advocating for Al-assisted
screening in remote areas.

Li et al. [9] Take various CNN architectures for DR
detection, concluding that Inception V3 outperformed other
models in both accuracy and computational efficiency. Cassel et
al. [10] extended this work by evaluating CNN architectures on
different datasets, reaffirming the dominance of Inception V3 in
DR classification tasks.

Abramoff et al. [11] conducted a landmark clinical trial
evaluating the effectiveness of an Al-based diabetic retinopathy
(DR) diagnostic system in real-world healthcare settings. Their
research aimed to assess whether deep learning models could
reliably detect and classify DR severity with minimal human
intervention. The study involved a large dataset of fundus
images and was rigorously tested against ophthalmologists’
manual diagnoses. Their results demonstrated that the Al system
achieved high sensitivity and specificity, reinforcing its potential
as a viable screening tool. Importantly, this trial was among the
first to provide substantial evidence supporting the clinical
deployment of Al-driven diagnostic solutions, paving the way
for regulatory approvals and integration into mainstream medical
practice. Their work underscored the transformative role of Al in
ophthalmology, particularly in automating DR screening for
early detection and timely intervention.

Gargeya and Leng [12] further advanced the field by
developing a deep learning model for automated DR
classification, focusing on achieving high diagnostic precision.
Their research involved training a CNN on a large dataset of
fundus images, enabling the model to identify intricate retinal
abnormalities indicative of different DR stages. Their findings
highlighted the system's exceptional sensitivity in detecting
early-stage DR and its specificity in distinguishing severe cases,
which are critical factors for effective clinical deployment. By
reducing diagnostic errors and minimizing the reliance on expert
ophthalmologists, their approach demonstrated the potential of
Al to bridge the gap in DR screening, especially in regions with
limited access to specialized eye care. Their study contributed to
the Al evidence supporting growing body of Al-based solutions
for scalable, cost-effective, and highly accurate DR detection.

Ugarte et al. [13] proposed a multimodal deep learning
approach, integrating fundus images with clinical data to
enhance diagnostic performance. Their findings suggest that
combining multiple data sources improves prediction reliability.
Eldeib [14] employed Gabor wavelets with neural networks for
DR detection, showing that hybrid models could enhance feature
extraction.

Tang et al. [15] introduced an attention-based CNN model,
which dynamically focuses on critical regions of fundus images,
improving interpretability. Ghosh et al. [16] developed a hybrid
CNN model for DR detection, integrating handcrafted features
with deep learning outputs, yielding superior classification
performance.
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Liu et al. [17] analyzed the performance of deep learning
models across multiple datasets, revealing challenges related to
domain adaptation. They emphasized the need for diverse
training data to improve generalization. Kumar et al. [18]
explored explainable Al techniques for DR detection, aiming to
enhance transparency in Al-driven diagnoses.

Lee et al. [19] discussed cloud-based Al solutions for
remote DR screening, enabling scalable and cost-effective
screening programs. Their research underscores the potential of
cloud computing in medical Al applications. Das et al. [20]
employed deep feature extraction techniques to automate DR
grading, achieving competitive accuracy rates.

Roy et al. [21] utilized transfer learning for early DR
detection, significantly reducing model training time while
maintaining high accuracy. Shin et al. [22] provided an extensive
review of deep learning applications in ophthalmology,
highlighting advancements in Al-driven diagnostics.

Zhou et al. [23] investigated DR detection in low-quality
fundus images, addressing challenges related to real-world
image variability. Hunt et al. [24] proposed a hybrid deep
learning framework that combines CNNs with traditional
machine learning classifiers, enhancing classification robustness.

Smith et al. [25] introduced real-time DR screening using
edge Al, reducing computational dependency on cloud
resources. Yin et al. [26] implemented fine-grained DR
classification, distinguishing subtle differences in DR severity
levels.

Singh et al. [27] conducted an in-depth review of various
deep learning techniques applied to retinal disease classification,
with a particular emphasis on diabetic retinopathy (DR). Their
study analyzed the strengths and limitations of different
convolutional neural network (CNN) architectures, assessing
their performance in feature extraction, classification accuracy,
and generalizability across diverse datasets. One of the key
findings of their review was the existing gap in dataset diversity,
as many deep learning models were trained on limited or region-
specific datasets, which hindered their ability to perform well
across different demographic groups. They highlighted the need
for larger, more diverse, and well-annotated datasets to improve
the robustness and clinical applicability of Al-driven DR
diagnostic systems. Their study emphasized that addressing
dataset limitations is crucial for enhancing model reliability,
especially in global healthcare settings where variations in
imaging equipment and patient demographics can impact
diagnostic outcomes.

Bose et al. [28] contributed to the field by designing
lightweight CNN models specifically tailored for diabetic
retinopathy screening. Recognizing that many deep learning
models require significant computational power, they optimized
CNN architectures to reduce model complexity while
maintaining high accuracy. Their approach focused on
minimizing the no of params and computational load, making
the models deployment for suitable on RCD such as MP and ES.
This innovation was particularly significant for extending DR
screening capabilities to remote and underserved areas where
access to high-end medical imaging equipment is limited. Their
findings demonstrated that optimized, lightweight CNN models
could provide accurate DR detection in real-time, facilitating
early diagnosis and intervention even in low-resource settings.
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Wang et al. [29] explored ensemble learning for DR
detection, demonstrating that combining multiple models
improves classification performance. Chen et al. [30] developed
an Al-powered mobile app for DR detection, enhancing
accessibility to screening tools.

The cumulative findings of these studies impact of Al in
diabetic retinopathy detection. The integration of CNNSs, transfer
learning, and multimodal approaches continues to push the
boundaries of automated DR screening. Future research should
focus on improving model interpretability, enhancing dataset
diversity, and addressing real-world deployment challenges.

1. METHODOLOGY
DATASET

The DRIVE dataset fields are consists of different (like 40)
color fundus images, divided equally into training and testing
sets, each are taken 20 images. These images are captured taken
using a CR5 non-mydriatic dimension 3CCD camera, providing
a 45-degree field of view (FOV). The resolution of each image is
565 x 584 pixels, ensuring a detailed representation of retinal
structures. The dataset includes expert-labeled manual
segmentations, which serve as ground truth references for vessel
segmentation and classification tasks. Furthermore, the dataset
comprises both normal and taken retinal images, allowing for the
development and validation of algorithms under diverse real-
world conditions.

--

Figure : Dataset images to train the model

Take another STARE dataset cornerstone in retinal image
processing, comprises 20 high-resolution color fundus images
captured using a TRV-50 Topcon fundus camera, offering a 35-
degree FOV. These images have a high resolution with 700 x
605 pixels, providing a clearer view of retinal details. Unlike
DRIVE, STARE features a more diverse range of pathological
conditions, including diabetic retinopathy, macular degeneration,
and glaucoma, making it an invaluable resource for training
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models to detect multiple retinal diseases. The dataset also
includes ground truth segmentations annotated by medical
experts, ensuring reliable validation of machine learning models.

The inclusion of well-annotated images from these datasets
facilitates a comprehensive performance assessment of deep
learning models, enabling improved accuracy in detecting and
classifying different DR stages. The findings contribute of Al-
driven to take advance diagnostic solutions of Retina
ophthalmology, enhancing early detection and timely medical
intervention.

1. Data Preprocessing and Augmentation

To achieve consistency and enhance the quality of retinal
images for model training, comprehensive both augmentation
techniques & preprocessing are applied to the DRIVE and
STARE datasets. Fundus images often exhibit variations in
illumination, resolution, and the presence of noise or artifacts,
which can affect model performance.The normalization process
standardizes pixel intensity values within a defined range,
ensuring that images maintain consistency across the dataset,
thereby facilitating more stable and effective model training.

To further improve model generalization and mitigate
overfitting, various data augmentation techniques are
implemented. Transformations such as image rotation at
different angles, horizontal and vertical flipping, scaling, and
slight shifts in brightness levels are applied. These
augmentations artificially expand the dataset by creating
variations in the input images, making the model more resilient
to minor distortions or variations in real-world clinical settings.
By introducing these additional transformations, the dataset
effectively covers a wider range of possible conditions,
enhancing the robustness and reliability of the trained model.

2. Convolutional Neural Network (CNN) Model Development

The initial convolutional layers focus on capturing
fundamental image features such as edges, lines, and textures.
As the network progresses through deeper layers, it learns more
complex and abstract patterns associated with diabetic
retinopathy, such as abnormalities in retinal blood vessels,
hemorrhages, and exudates. To optimize the model’s
performance, hyperparameter tuning is conducted by adjusting
key parameters such as the kernel size, the no of convolutional
Filters, the LR, and batch size.

To enhance learning efficiency, Rectified Linear Unit
(ReLU) activation functions are employed to overview enabling,
of non-linearity this model learn to intricate patterns more
effectively. Layer Pooling, particularly take max pooling, are
integrated to reduce the dimensionality of feature maps while
preserving take data essential information, thereby reducing no
of computational complexity. Finally, It Consider as fully
connected layers are aggregate the extracted features and
facilitate the final classification of fundus images into different
stages of diabetic retinopathy.

By leveraging CNN’s capability to automatically detect
complex patterns in fundus images, this methodology ensures an
efficient and scalable approach to the automated detection of
diabetic retinopathy.
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3. Implementation of Inception V3 Model
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Figure : Model diagram of Inception V3

TL is a employed by utilizing pre-trained weights from
large-scale type image datasets, enabling faster convergence and
improved feature extraction. The model is trained using high-
resolution fundus images, enhancing its ability to detect fine-
grained patterns indicative of different severity levels of diabetic
retinopathy.

4. Model Evaluation and Comparison

Figure : Different images are model for testing and evolution

https://doi.org/10.36893 /JNAO.2025.V1611.009


https://doi.org/10.36893/JK.2025.V15I1.023

74

Following model training, both CNN and Inception V3 are
evaluated using distinct training, validation, and testing subsets
of the datasets. Performance metrics are F1-Score, Error-Rate,
Accuracy, Recall, Precision are computed to assess classification
efficacy. Confusion matrices are also generated to analyze
misclassification trends across different diabetic retinopathy
stages.

AV RESULTS AND DISCUSSION

Figure : result for o/p image for i/p
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i

Figure : output of Inception V3 for the input image

To compare analysis b/w the CNN (Convolution Neural
Network) & Inception V3 models provided data into their are
detecting effectiveness in different stages of DR(Diabetic
Retinopathy). The Convolution Neural Network (CNN) model
are take achieved by an accuracy of 88% of test dataset,
demonstrating its capability to extract meaningful patterns from
the both STARE & DRIVE datasets. In this model, the
Inception V3 model outperformed it by achieving an accuracy of
93%. This higher measure accuracy can be taken attributed of
Inception V3’s model advanced architecture, which incorporates
multiple convolution layers and inception modules to capture
intricate retinal features associated with DR progression.

Beyond accuracy, the evaluation metrics such as taken
consider accuracy, precision, error-rate, Fl-score, and recall
further established Inception V3 as the superior model for this
task. It performed consistently take outperformed of the CNN
model across all of these metrics, reinforcing its ability to
accurately classify fundus images into various DR stages. The
confusion matrix analysis highlighted Inception V3’s improved
precision in identifying severe DR cases, which is crucial for
early intervention and treatment planning.

Another key factor in the model assessment was
computational efficiency. Despite its complex architecture,
Inception V3 was taken able to compare to process images are at
a rate CNN model. This efficiency stems from the use of transfer
learning and pre-trained weights, which significantly reduce
training time and improve feature extraction capabilities. The
optimized structure of Inception V3 ensures that it can handle
high-resolution retinal images efficiently without compromising
processing speed, making it a viable choice are taken from real-
world clinical applications data.

These results underscore the transformative impact of Al-
driven diagnostic tools in ophthalmology. The integration of
sophisticated deep learning models, such as Inception V3, can
significantly improve early DR detection and intervention
strategies, ultimately contributing to better patient outcomes.
Future research should explore hybrid models, integrating CNN
and Inception-based architectures to achieve even higher
accuracy and efficiency in DR classification and diagnosis.

V. CONCLUSION
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To study in this model demonstrates that take the potential
of deep learning models, like CNN and Inception V3, in
automating the detection and classification of diabetic
retinopathy (DR) stages. Through rigorous training and
evaluation on the DRIVE and STARE datasets, Inception V3
emerged as the superior model, achieving a classification
accuracy of 92%, outperforming the CNN model's 87%. The
higher accuracy and precision of Inception V3 highlight its
ability to extract intricate retinal features critical for diagnosing
DR at various stages.

Furthermore, the wuse of preprocessing and data
augmentation techniques played a vital role in enhancing model
generalization, reducing overfitting, and improving robustness.
The comparative analysis also emphasized the importance of
balancing computational efficiency with model complexity to
ensure real-world applicability in clinical settings. By leveraging
transfer learning, Inception V3 provided a more scalable and
efficient solution for automated DR detection.

The findings of this study reinforce the significance of deep
learning in ophthalmology, paving the way for Al-driven
diagnostic tools that can assist ophthalmologists in early
detection and intervention. Future work should focus on
integrating these models into real-time clinical workflows,
expanding dataset diversity, and exploring hybrid architectures
to further enhance accuracy and efficiency.
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