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Abstract

Diabetic Retinopathy (DR) is a major cause of vision loss in the world hence the relevance of
automated and precise detection systems. This paper introduces a superior method of automated
detection of DR on the basis of transfer learning (TL) and ensemble models (ET). The technique
uses the APTOS-2019 dataset, which uses five categories of DR severity, namely: No DR, Mild,
Moderate, Severe, and Proliferative DR. The research employs two trained deep learning networks,
Inception V3 and Xception, that are fine-tuned in order to obtain discriminative features of retinal
images. In order to enhance the overall performance of classification, an ensemble approach, with
the average and weighted voting is used, to utilize the outputs provided by both models. The
performance measures applied to assess the proposed framework include standard performance
measures, including accuracy, Fl-score, scalability, and patient outcomes. The improvements are
significant and the accuracy, F1-score and patient outcomes ratio are 97.94%, 98.41 % and 97.52 %
respectively. Also, the scalability ratio is 97.63% and the rate of early diagnosis is 96.84 %, which
indicate that the model can be considered robust and efficient and can be used to work with larger
data volumes and provide the possibility of timely DR identification. The approach provides a valid,
accurate, and generalizable solution to the early diagnosis and treatment planning of DR. High
transfer learning methods and ensemble models also guarantee the high level of classification, which
is why this approach can be effectively deployed to clinical practice in practice. In addition, the
suggested system increases the level of healthcare accessibility as it offers automated solutions to
resource-limited settings.
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1 Introduction

One of the major microvascular complications of diabetes and the cause of blindness, which is ranked
as the top cause of blindness globally, one of them is diabetic retinopathy (Li et al., 2022;
Mansouri et al., 2024). The world-wide, alarming increase in the population of diabetics has brought
about the requirement of effective screening and immediate diagnosis of DR to the forefront
(Albahli & Ahmad Hassan Yar, 2022; Nithyalakshmi et al., 2021). The DR detection methods which are
currently used involve screening of retinal images by eye specialists (Ohri & Kumar, 2024). Manual,
prone to error, and limited by the knowledge base of the medical personnel in underdeveloped regions
(Lakshminarayanan et al., 2021). As a result, there is an increasing need for automated systems that help
in better prevention management by providing timely alerts (Deshpande & Pardhi, 2021). There has
been unprecedented development in Al in the past few years, especially in deep learning and computer
vision which has made it possible to design automated systems for image -classification
(Shankar et al., 2020).

Two benefits of transfer learning that showed great potentials in the application of medical imaging
include the ability tore-use learned features and decreasing the reliance on large domain specific datasets
(Zhang et al., 2022). Another method to improve models is ensemble learning where multiple predictions
are combined with the notion that several minds are better than one (Alabdulwahhab et al., 2021). This
paper presents a novel approach to automatic DR detection for which the authors employed enhanced
transfer learning and ensemble modeling (Rahman et al., 2020). For both training and testing the method
proposed in this paper, the APTOS-2019 benchmark dataset for retinal images classification used was
employed (Harikrishnan et al., 2020). In this paper, we propose a new way of conducting a
pre-processing of the retinal images that enhances the feature extraction process by reducing noise and
increasing the contrast (Hossen et al., 2020). Modification of two state-of-the-art pretrained models,
Xception and Inception V 3 network, was done to correspond with the task of DR classification and this
was leveraged and modified during transfer learning (Silva et al., 2024). Further details including
ensemble techniques resembling average voting and weighted voting that would aid in improving the
accuracy and reliability predictions made by the system were also employed to combine the two model
predictions (Bibi et al., 2020).

As an illustration, various measures of success including accuracy, and F1 score are applied in
relation to the performance of the ensemble over those of single models' predictions
(Selvachandran et al., 2023). Early diagnosis with the proposed automated DR detection system is broad,
accurate and efficient, thus enhancing the decision making and the care patients receive
(Khan et al., 2023). Furthermore, the employment of certain pre-processing techniques allows the system
to be adapted to various imaging conditions, hence making it suitable for any clinical settings
(Nazir et al., 2021). Health authorities targeting to alleviate visual impairments due to the complications
of diabetes should find this framework useful in solving issues regarding scaling as well as limiting
resources. The pathogenesis of the disease is a result of the long-term effect of hyperglycemia resulting
in the gradual breakdown of structural integrity of the vascular unit of the retina (Sarki et al., 2020).
Educating communities on the other hand: Diabetic retinopathy is a worldwide health problem because
it is the leading preventable cause of blindness. The most important thing for this project was to build
an automatic detection system that is precise and that can be enlarged. Its aim is to facilitate early
diagnosis and assist in treatment schedule formulation. This approach employs an advanced transfer
learning and ensemble methods to mitigate the dangers diabetes retinopathy poses on health systems,
improve the level of accuracy when making diagnosis as well as treatment given to patients.
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Motivation: Diabetic retinopathy is a global problem that has been reported as the major cause of
preventable blindness. This project is therefore motivated by a reliable, quick and low-cost automated
detection system which is capable of diagnosing and proposing a treatment strategy in good time. The
method is intended to alleviate the adverse healthcare cost of DR, improve the accuracy of the diagnosis
and the health outcome of the patients by employing advanced transfer learning and ensemble methods.

Problem Statement: Successfully combatting diabetic retinopathy DR or avoiding blindness caused
by DR should begin by ensuring that diagnosis occurs as early as possible. The problem here is, the
human eye and for that matter, a DR diagnosis can be somewhat complex and biased. Since DR needs
the appropriate attention, the given document suggests a model that makes use of transfer learning and
the latest preprocessing techniques. This hybrid methodology ought to give more efficiency and speed
in the diagnosis of an automatic detection system.

Objectives

Presented a novel preprocessing procedure to achieve a better result of feature extraction on the retina
images and markedly better model accuracy and diagnostic error Diabetic Retinopathy (DR).

Created a developed ensemble strategy that combined the predictions of highly optimized Inception
V3 and Xception models based on average and weighted voting, which guarantees effective and reliable
DR classification at a variety of severity levels.

Showed the efficacy of the described framework with clear assessment based on such measurements
as accuracy, and Fl-score that illustrates a better performance than single models of scalable and
automated DR detection.

The remaining of this paper is structured as follows: In section 2, the related work of Automated
Detection of Diabetic Retinopathy is studied. In section 3, the proposed method of ADDR-TL-ET is
explained. In section 4, the efficiency of ADDR-TL-ET is discussed and analysed. Finally, in section 5
the paper is concluded with the future work.

2 Related Works

Current studies on automated Diabetic Retinopathy (DR) diagnosis include deep learning models for
picture categorization, such as convolutional neural networks and transfer learning. Researchers have
looked at certain pretrained models, including Reset and VGG, and their results have been all over the
map. The need for more sophisticated ensemble approaches and better feature extraction methods is
brought to light by the shortcomings, which include inadequate robustness, lack of generalizability, and
dependence on human preprocessing.

A. Automated Detection of Diabetic Retinopathy by CNN (AD-DR-CNN)

Ghosh et al.,, (2017) suggested using Convolutional neural networks (CNNs) to identify
micro-aneurysms and retinal hemorrhage in color fundus retinal images to detect diabetic retinopathy
(DR). Frameworks such as Theano, which are based on Python, have state-of-the-art denoising,
normalization, and feature extractions. There was a training done on APTOS-2019 and MESSIDOR and
E-Ophtha public datasets to maximize generalizability. Architecture combinations, particularly models
based on transfer learning and ensemble methods, enhance accuracy and AUC, and the best models have
over 95. Heterogeneous quality in images, imbalance in classes and interpretability are overcome
through preprocessing and algorithmic manipulation.
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Diabetic retinopathy may lead to glaucoma, vitro hemorrhage, and retinal tear and therefore it is
important to identify it at an early age. Samanta et al., (2020) in turn designed a transfer learning-based
convolutional neural network (CNN), a color fundus picture processing model that is effective in limited
datasets (Samanta et al., 2020). Their method identifies microaneurysms and retinal hemorrhages.
Things are not better with the increase in accuracy and efficiency and the challenges of data diversity,
small sample sizes, and clinical interpretability of deep models.

B. Automated Detection of Diabetic Retinopathy Using Fuzzy Logic (AD-DR-FL)

Diabetes globally and lifestyle changes since the epidemic have increased diabetic retinopathy (DR).
This illness might cause irreparable blindness if not diagnosed early, making it alarming. According to
studies, 22-25% of diabetics worldwide have DR, with certain locations having rates above 30%. Fast
and accurate DR detection is crucial in situations when standard diagnostic methods are difficult or
expensive. To enhance outcomes and access to care for at-risk populations, Ahmed et al., (2021)
recommend automated screening tools (Ahmed, 2023).

An innovative usage of Extended Fuzzy Logic for early-stage diabetic retinopathy (DR) detection
uses fuzzy logic to manage medical data ambiguity. It is a method that detects retinal anomalies of
diabetics and non-diabetics alike modestly rather than symptoms only. In this approach, the DR risk
variables and symptoms are transformed into membership function values in order to measure
similarities to create a f-validity value. Ordered Weighted Averaging (OWA) operator is a fusion of
these data to provide trusted early faults. The accuracy, where the experiment is compared to the results
of experts (90%), precision (92.2%), and sensitivity (75%), are equal. The early DR detecting system by
Basha et al., (2008) looks prospective, particularly in the resource scarce regions, where conventional
tests cannot be undertaken or are not available (Basha & Prasad, 2008).

C. Data Mining in Automated Detection of Diabetic Retinopathy (DM-AD-DR)

The authors state that patients with diabetes are vulnerable to diabetic retinopathy, necessitating
automated detection strategies. In 2.3 Data Mining in Automated Detection of Diabetic Retinopathy
(DM-AD-DR): The authors mention that diabetic patients are susceptible to diabetic retinopathy that
requires automated detection methods.

Diabetic retinopathy destroys the retina and may result in blindness by swelling and rupturing blood
vessels in the retina. Routine screening is the best method of medical intervention prior to the irreversible
deterioration of vision. The effectiveness of screening images by machine is greater, which allows
providing patients with adequate care in a timely manner. This paper can determine retinal images
through data mining and image processing to identify small abnormalities to assist in clinical decisions.
The methodology of Argade et al., (2015) is based on sophisticated calculation methods and is aimed at
raising the reliability and efficiency of DR diagnosis in situations where it is not possible or is costly to
make a diagnosis with the help of manual screening (Argade et al., 2015).

Automated methods of sickness identification are useful in diagnosing at an early stage. This paper
proposes a computational approach that effectively identifies normally, diabetic retinopathy or glaucoma
retinal images with the help of the data mining technique and retinal image analysis. The technology
developed by Ramani et al., (2012) is an improved diagnostic method that enhances the accuracy and
efficiency of the diagnostic technique through the integration of modern image processing and machine
learning (Krishnan & Dandekar, 2022; Ramani et al., 2012). Automation enables screening quickly and
at scale to enable timely intervention and free up the workload of healthcare providers. The approach
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assists in the resource-constrained settings where the manual diagnosis is either infeasible or unavailable,
and demonstrates how the computational technologies can enhance the ophthalmic patient outcomes.

D. Automated Detection of Diabetic Retinopathy Using Deep Learning (AD-DR-DL)

Diabetes retinopathy (DR) is the leading cause of preventable blindness in the world that must be
completely screened among all diabetics. In the year 2020 only, DR affected 103 million adults around
the world, and it is estimated that there will be a significant number of people affected by the year 2045.
There are possibilities of glaucoma and retinal detachment in case of undiagnosed and untreated cases.
Gargeya et al., (2017) also stress that it is significant to screen DR with credible diagnostic procedures
to ensure that patients receive treatment in time (Gargeya & Leng, 2017). Large population-wide
screening programs that can significantly decrease the risk of blindness can be facilitated by automated
procedures, and hence improved population health.

Retinal professionals constructed the ground truth of the dataset before investigation in order to
establish a way of identifying healthy fundi and diabetic ones. Only automated system data was easy to
comprehend with a self-generated abnormality heatmap indicating subregions in each input fundus
image. The method developed by Mateen et al., (2020) is useful in clinical assessment as it allows
detecting problems, improving the accuracy of diagnosis, and providing the opportunity to intervene in
time (Mateen et al., 2020). Expert annotations and automated heatmap generation are useful in

large-scale DR screening and clinical decision support to achieve reliable and decipherable results.

Table 1: The summary of related works

S. NN . .
No Methods Advantages Limitations Comparative Insights
¢ High accuracy in o
. . . . . Outperforms traditional methods
detecting features like | e Requires high-quality | . .
. . . in accuracy but is less robust to
microaneurysms and images for  optimal | . . -
AD-DR- image quality variation compared
1 hemorrhages. performance.
CNN ) ) to ensemble or fuzzy approaches.
e Transfer learning ensures | ® Computationally . .
. . o Best for high-quality, well-curated
good performance on intensive training
datasets.
small datasets.
e Effectively handles | e Limited generalizability | Excels in early detection and
uncertainty using fuzzy due to dependency on | uncertainty management but may
) AD-DR- logic. predefined membership | require more manual tuning than
FL ¢ Quantifies risk using 'f- functions. deep learning models. Suitable for
validity' values for early- | « Complex cases where uncertainty
stage detection. implementation. quantification is critical.
e Combines data mining . . Versatile for multi-disease
. . e Labor-intensive  feature .
and image processing for . detection but less scalable and
. . extraction. ;
3 DM-AD- automated diagnosis. M ) s onificant automated than deep learning-
[ ] . .
DR e Can detect DR and other ay require SIgnIlicant 14,6 solutions. Ideal for settings
. . domain expertise for ol .
eye diseases like . . where multi-disease screening is
tuning algorithms.
glaucoma. needed.
o Self-generated .
gene . . | ® Performance depends on | Most robust and interpretable for
abnormality heatmaps aid . . . .. . .
o . the quality and diversity | clinical use, But resource intensive
AD-DR- in clinical evaluation. . o
4 . ) of training datasets. and less accessible in low-resource
DL e External validation with . . .
. e High computational | settings. Best for large-scale,
multiple datasets ensures . . Sy
requirements. multi-center validation.
robustness.
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Several approaches, such as convolutional neural networks (CNNs), fuzzy logic, data mining, and
deep learning, can diagnose diabetic retinopathy automatically are shown in table 1. Enhanced accuracy,
early detection, and clinical integration are just a few of the benefits that each strategy may provide.
However, there are also some drawbacks, such as computational complexity and dataset reliance.

Research Gaps

Despite the fact that the deep learning and data mining methodologies proved to be useful in the problem
of diabetic retinopathy identification, the majority of the existing systems are restricted in their
application to good quality images, the possibility of dealing with the issue of class imbalances, and the
ability to generalize to real-world applications. Besides, the single- architecture based models are likely
to experience the problem of generalization with the variation of image qualities and image sizes.

The proposed paper will fill these gaps by relying on improved transfer learning and ensemble
models. Transfer learning can enable using the already trained features of such pretrained models as
Inception V3 and Xception and, therefore, does not require large domain-specific datasets. Ensemble
approach, which is the integration of forecasts of both models that uses weighted and average voting, is
a significant achievement towards the strength and occurrence of DR classification. Also, new image
preprocessing methods to enhance image qualities, denoise, and extract features are suggested to
enhance image feature visibility and accuracy of the model under various clinical settings.

3 Proposed Method

Since Diabetic Retinopathy is a leading cause of blindness, there is a need for accurate and automated
detection systems. This paper presents the state-of-the-art ensemble architecture using transfer learning
on retinal images to classify DR into five severity categories.

A. End-to-End Workflow

Preprocessing the retinal images from publicly available datasets, such as APTOS-2019, MESSIDOR,
E-Ophtha, and the Diabetic Retinopathy Detection dataset from Kaggle, initiates the workflow. This
preprocessing involves image augmentation, denoising, normalization and feature extraction of the
retinal images to improve the quality of the images to be further processed. This guarantees the ability
of the model to generalize to different clinical settings since it will be able to deal with differences in
image quality, camera type, and patient demographics.

After preprocessing, the transfer learning is conducted with two states of the art pretrained models,
Inception V3 and Xception. These models are optimised in order to capture discriminative features of
the retina images. They use the already trained models to exploit their already acquired features, thereby
minimizing the large, domain specific datasets, but achieve good classification accuracy. The added
advantage of transfer learning is that it helps to improve performance on smaller datasets, a common
drawback of medical imaging applications.

The last ingredient of the working process is the ensemble strategy whereby the results of the
Inception V3 and Xception models are combined. This group method uses the average and the weighted
method of voting to come up with the final classification. The combination of the two models provides
the ensemble method with better overall classification performance, which leads to more reliable and
accurate DR severity classification. Such an approach will reduce the drawbacks of single models and
increase the predictability and stability.
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B. Pre-Processing for Enhanced Feature Extraction

The study uses high-resolution retinal images of APTOS-2019, MESSIDOR, E-Ophtha, and Diabetic
Retinopathy Detection dataset on Kaggle. These data sets comprise color fundus images of the retinal
center and the optic disc with diabetic retinopathy severity and pathological characteristics. The
pre-processing is augmentation, denoising, normalization, and feature extraction to assist in the
diagnosis. The main characteristics such as exudate area, blood vessel area, and optic disc distance are
repeatable and inter-study comparative features, which make the model robust and generalizable to a
wide range of imaging and camera types, as well as patient groups. The pre-processing approach has a
significant impact on the clarity of the features, which helps deep learning models to identify DR at
different levels of severity.

Model Evaluations (Scalability,
Accuracy, Patient Outcomes, F1 Score)

Dataset [ 1 Imfige T
Resizing .
A,
A._l =
g Nﬁ\x\r} Prediction
\ 4 1

Splitting Dataset

| Ensemble of
A A 4 4 DenseNet169 and
DenseNet201

Training Dataset Dataset Validation Testing Dataset

a

\ 4

v
Transfer Learning . ; Selecting Models for
e » T Model
Models Fitting rained Models Ensemble
1 T
Data
Augmentation
. Models
Evaluation
Prediction

Figure 1: Automated diabetic retinopathy detection process

Figure 1 shows the automated diabetic retinopathy (DR) detection model. It starts with the division
of the dataset into training, validation and test samples. A new pre-processing task improves feature
extraction and then does transfer learning using DenseNet169 and DenseNet201 to get the information
needed in the retinal images. Model performance is assessed after training and the most effective models
are chosen in the ensemble method, which incorporates weighted and average voting to be reliable in
the classification of DR. The essential indicators are the accuracy, F1 score, scalability, and patient
outcomes that should be assessed to provide an early and precise interpretation of DR, which allows to
plan the treatment.

Hierarchical Feature Selection and Ensemble Calibration
Feature selection is modeled by the following equation 1:

Gr = hs[w' —sj] + yT[V' — ajk] — Va[lo — dn"] (1)
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In this model, hs[w' — sj]represents the feature activation score, obtained by transferring learned
weights w'and sample features sj. The term yT[V' — ajk]applies an aggregate function to model
outputs, with calibration parameters ajk. Va[lo —dn'|captures the variance correction during
ensemble voting, improving classification stability across DR severity levels.

Fine-Tuning for Enhanced Prediction Reliability

The feature embedding and gradient adjustments during fine-tuning are described by:
Esq[E[X;T"]] = Ju[dp — S]" ]+ [vg — ap”] + uy" (2)

The equation 2 models feature embeddings obtained through transfer learning, where E[X;T"]
represents gradient changes during fine-tuning. The term Ju[dp — S/'']adjusts for ensemble calibration,
while o [vg — ap’'|measures feature quality, and uy'’accounts for residual errors. This ensures
effective classification and ensemble performance.

Image
Acquisition

Sent to Doctor for Further Diagnosis and
Prescriptions

a

Report Generation

a a a a

Normal | Mild | Moderate | Severe] Prolife

Blood Vessels

Microaneurysms :
Exudates o Transfer Learning and Ensemble | Inception V3 and
Hemorrhage - Technique - Xception

o}

Figure 2: Diabetic retinopathy detection and diagnosis

Figure 2 presents the automated diagnosis and classification structure for DR. It starts with the
acquisition of images and in this case retinal images are captured to be examined. The pictures are
thereafter subjected to a feature extraction technique to point out important details. Transfer learning is
done with pre-trained models such as Inception V3 and Xception and the results are then merged using
an ensemble method to enhance reliability of classification. The system categorizes the DR into five
levels which include no DR, mild non-proliferative DR, moderate non-proliferative DR, severe
non-proliferative DR, and proliferative DR. The classification is done to produce a standardized report
which is sent to the medical professionals to do further investigation. This strategy guarantees
overlooking of DR in time and assists in improved patient outcomes by way of precise, scalable, and
mechanized diagnosis.

The mathematical models and the corresponding ensemble model contribute a great deal to the
detection and diagnosing of diabetic retinopathy (DR). The proposed method enhances the accuracy,

456



Automated Detection of Diabetic Retinopathy Using Enhanced Jayaprakash Venugopal et al.
Transfer Learning and Ensemble Models

stability, and the generalization of models through the methods of transfer learning, gradient-based
optimization, and robust ensemble voting, imparting confidence in reliable DR classification at different
levels of severity. The feature refinement, error reduction, and calibration are used to increase the DR
detection at early stages promoting better patient care and timely treatment.

C. Advanced Model Architecture and Fine-Tuning

Inception V3 and Xception models are used in this research with tailors made modifications on network
layers to enhance the diabetic retinopathy (DR) detection. It is a combination of the advantages of both
models, based on which it is possible to overcome the difficulties with identifying subtle DR
characteristics.

Retinal Fundus
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g Camera Setup

in Primary Unit

4 r A Image input

\ 4
riv L

I T Image Classification Application @, e

v

(Transfer Learning, Ensemble Techniques) —

A

' LA .

F )

A 4 A 4
Patient -‘. Normal Abnormal Upsamphng /
Downsampling
Optic Disc Grading of DR

Segmentation Images

Send to expert/
consultant

a

—— o - —
| Canny Edge Detection, | l Classification
I Resizing, Interpolation, |<_ ey} Using InceptllonV3
Normalization I and Xception
e —

Pre-processing

Figure 3: Approach to diabetic retinopathy detection

The procedure starts with enrollment of the patients in primary healthcare services, and then
acquisition of images by retinal fundus cameras. The images are subsequently analyzed by using the
modern image processing relying on the transfer learning and ensemble algorithms to determine normal
and abnormal conditions. This system guarantees successful DR classification by separating crucial
characteristics, e.g. optic disc segregation and the extent of DR. Much-trained models such as Xception
and Inception V3 are utilized to obtain reliable results. The system serves to measure the course of DR
and prescribe the necessary treatment, minimize the chance of vision loss and enhance the management
of patients.

Figure 3 shows the process of the proposed diabetic retinopathy (DR) detection and staging system.
It involves the patient registration in a healthcare unit of primary care and the subsequent retinal fundus
camera set up to get a high-resoluted retinal image. These images are then taken through an image
classification application whereby transfer learning and ensemble methods are used to classify the
images as normal or abnormal.
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In the case of abnormal cases, the system will upsample or downsample to balance the data. The
optic disc segmentation is then carried out which isolates significant features of the optic disc. The
images are then scored depending on the severity of DR and the scale is no DR, proliferative DR. The
last process is the classification of DR images with pre-trained models, including Inception V3 and
Xception, which will ensure proper detection and classification of the DR severity. The process will
allow trustworthy diagnosis of DR and the ability to manage patients.

Feature Preprocessing and Ensemble Calibration
This equation 3 models the feature quality enhancement, fine-tuning of layers, and ensemble reliability
optimization:
< R[t —va"] - kui"”[V' —an”] * Rv[f —am"] (3)
o: Feature scaling factor.
f

e kui": Kernel utility index for enhancing local feature importance.

e va'': Variance adjustment for stabilization.

e Rv: Ensemble weight calibration.

e V': Feature embeddings from transfer learning.

e an'": Adjustment noise for fine-tuning.

Feature Refinement and Ensemble Weight Adjustment

This equation 4 focuses on feature refinement and ensemble weight adjustment for improved prediction
accuracy:

o GT[l —vf"] = tY[v—am" ]|+ V'[0 — cx"] (4)
e o, Refinement scaling factor.
e  (T: Ground-truth transformation.
e vf'"": Combination of variance and fine-tuning parameters.
e tY: Transformed output.
e 0: Partial derivative in optimization.
e cx": Combined corrective adjustment.

The procedure of diabetic retinopathy (DR) detection with a transfer learning model and ensemble
models is shown in figure 4. Image preprocessing is the first step and it involves rescaling, train test split
as well as data augmentation to improve the dataset. The pictures are then inputted into the classification
phase where trained models such as Inception V3 and Xception are applied to identify effective DR
detection. Performance evaluation is the last stage that will be done to determine whether the model is
accurate. The retinal images depicted at the bottom of the figure are the images that are being used to
classify images and the model is used to determine the important features in grading a DR.

Detection of diabetic retinopathy is greatly improved with the incorporation of transfer learning,
fine-tuning and ensemble. The methods are precise, strong and scalable classifications of all severity
levels of DR, enhancing early diagnosis and management of the patient. The fact that the system is
refined with the possibility to optimize ensemble weights and adapt to new data makes it a very potent
automated DR detector.
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Figure 4: DR detection using transfer learning and ensemble models

D. Comprehensive Evaluation and Robust Ensemble Strategy

This paper proposes an ensemble-based diabetic retinopathy (DR) classification system, which employs
two strong pretrained deep learning models, namely, Xception and Inception V3. These are the models
that are characterized by their experience in processing medical images and modeling of the complex
features of the retina. These models generate the outputs independently and an ensemble process
(weighted voting or averaging) is used to integrate the outputs to improve the accuracy, stability and
reliability of prediction to overcome the drawbacks of individual models.

The classification framework has been developed on the basis of multi-stage preprocessing pipeline,
which consists of image normalization and feature extraction. This is done to guarantee that high quality
features are obtained which can form a good basis on predictions by the models. The suggested ensemble
approach has demonstrated greater performance than the models in isolation as the strengths of the
models are used to their advantage. The system offers multi-classification of DR where it is categorized
into five stages i.e. no DR, mild, moderate, severe as well as proliferative DR. This granular
classification provides more accurate clinical judgments over the conventional binary classification
systems thus can be used in screening eye and risk assessment.

The classification pipeline illustrated in figure 5 starts with the input of the retinal images into the
trained models, which are the Xception and Inception V3 models. The two models are transferred
fine-tuned and undergo a number of custom manipulations to boost feature extraction. The independent
predictions of each model are then joined together through an ensemble approach after which a stronger
and more reliable classification is achieved.

459



Automated Detection of Diabetic Retinopathy Using Enhanced Jayaprakash Venugopal et al.
Transfer Learning and Ensemble Models

Image Processing

Retinal Image Pretrained Model:
Input InceptionV3
Pretrained |
Model:
Xception
v v
Predictions Predictions
from from
InceptionV3 Xception
No DR
o
i Mild -~ ﬁ
- \ . Moderate v/ Performance
@7 Flngl DR p— Evaluation
Classification | Severe o
>
Ensemble
Methodology \

Proliferative

Figure 5: Ensemble-based diabetic retinopathy classification pipeline

This method reduces the limitations of the single-model predictions and increases the predictability
of predictions that are critical in medical diagnoses. This is because the ensemble method allows
integrating model strengths that are complementary, which guarantees high sensitivity and specificity,
which are critical elements of proper clinical diagnosis. Besides, the system is practical and economical
and hence can be used in the real world.

The combination of two different deep learning models enhances the generalization and robustness
of the DR detection system. The ensemble has a greater scope of retinal transformations, which
single-model systems are limited to. The effect of this is improved feature extraction and improved
classification at various stages of DR.

Feature Enhancement and Ensemble Weighting

This equation 5 optimizes feature extraction and ensemble weighting for improved DR detection:
Yvg - Kui[sq * 05F] + 9U[x —ytq"'] — Na[w — sl"'] (5)
e Kui: Kernel utility index adjusting feature weighting.
e 03F: High-level feature extraction for textures or lesions.
e U: Uncertainty quantification to assess feature stability.

e Na: Normalization of residuals in ensemble predictions.

Fine-Tuning Features and Ensemble Calibration
This equation 6 fine-tunes features and ensemble weights to enhance prediction accuracy:
VgK[U —6fs"] - Lk[x =7bf"'] + Cale —wxz""] (6)
e Lk: Layer-specific kernel scaling for fine-tuning.

e (a: Class activation for improving classification.

e wxz'": Cross-feature interaction for ensemble optimization.
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The ensemble-based framework suggested based on Xception and Inception V3 is a significant
improvement in the detection of diabetic retinopathy. The result of using transfer learning with the
ensemble methods is high performance of the system in terms of accuracy, sensitivity and specificity.
The multi-class classification provides an ability to focus on the DR, and the system is best suited in a
clinical environment. The scalable early diagnosis and treatment planning solution is provided by the
strong pipeline that comprises preprocessing, fine-tuning, and ensemble optimization. This model is
better than single-model methods, which provide more consistent and accurate predictions, which are
important in the real-world medical imaging processes.

Algorithm 1: Automated Diabetic Retinopathy Detection using Transfer Learning and Ensemble
Models

Input: Retinal image dataset 7 = {I;,I,, ..., I,,}, where each I;represents a retinal image.
Output: Classification of DR severity:
DRyeverity € {No DR,Mild,Moderate,Severe,Proliferative DR}

1. Pre-processing of Retinal Images

Let the pre-processed retinal image be represented as Ifre.
e Image resizing and normalization:
If " = resize(l; target size)andlf = normalize(lfre)
e Data augmentation:
"¢ = {rotate(17"),flip(1I’"), ... }
e Denoising and contrast enhancement:

jenhanced — denoise(I] “$)andI[" = enhance_contrast(I$hanced)

2. Transfer Learning

For each image [;, apply the transfer learning technique using pre-trained models Inception V3 and
Xception:

e Inception V3 model prediction:
15 Inception (I i) = InceptionV3 (I lﬁ nal)
e Xception model prediction:
P Xception (I i) = Xception(l lﬁ nal)

3. Ensemble Model (Voting)
The predictions Pryception (I;)and Pxception (1;)are combined using a weighted voting method.

e Weighted voting:

Let w;and w,be the weights for Inception V3 and Xception predictions, respectively. Then, the final
prediction for image /;is:
Wlplnception (Ii) + WZPXception (Ii)
wy + wy

Pensemble(li) =
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4. Classification

The output classification DRgeyeriry (I;)1s determined by applying a threshold on Pepsempie (1;)-

( No DR, if P ensemble (1 i) =t
Mlld; if ) < Pensemble(li) < ty
DRgeyerity (1) = Moderate, if t3 < Pensemble (I1) < t3
Severe, if t3 < Pepgemble (I;) < ta

Proliferative DR, if Popeemple (Ii) > ty

The algorithm 1 builds on the principle of transfer learning whereby the Inception V3 and the
Xception models are pre-trained to identify features in retinal images. The two models are integrated in
terms of a weighted ensemble voting method. The last output has a five-severity diabetic retinopathy
scale, such as No DR, Mild, Moderate, Severe, and Proliferative DR, to achieve an automated diagnosis
of diabetic retinopathy that is accurate and reliable enough to be used to intervene and treat cases of
early diabetic retinopathy.

4 Results and Discussion

Automated detection of Diabetic Retinopathy (DR) must exist as it is the most significant cause of
blindness across the globe. This study provides a scalable and precise DR detection state of the art system
that utilizes ensemble methodologies and transfer learning.

Dataset Description: World Health Organization estimates the number of individuals with diabetes
to be 347 million in the world and 29.1 million in the United States alone, according to the CDC. A
condition affecting the eyes caused by diabetes known as DR may develop over time. Between
forty-five and forty-five percent of Americans who have diabetes are at some stage of the condition.
Unfortunately, DR typically has no symptoms until it's too late to treat it effectively, making early
detection all the more challenging (www.kaggle.com).

During the model training, the benchmark dataset is the APTOS-2019 dataset. As a result of having
a good representation of retinal pictures, which are annotated by multiple classes, this dataset is often
used in the training of studies on diabetic retinopathy.

Table 2: The simulation environment

Metrics Description
Dataset Retinal images from publicly available datasets
Preprocessing Techniques Image enhancement, denoising, normalization, and feature extraction.
Model Used Convolutional Neural Netw'orks (CNN), Transfer Learning (Inception V3,
Xception), Ensemble Methods.
Evaluation Metrics Accuracy, Fl-score
Software Tools Python, TensorFlow, Keras, Theano for model training and evaluation.
Hardware GPU-enabled systems (e.g., NVI]?IA GPUs) for faster processing and
training.
Validation Datasets APTOS-2019, MESSIDOR, E_:}?Elrl:l};iieﬁor testing the generalizability of

The hyperparameters of the proposed model have been selected with care to ensure the smooth
training and stability of the model as indicated in table 2. The learning rate of 10 -4 to 10 -2 was selected
to provide a balance between transfer learning convergence rate and stability. The batch size was set at
8 to 64 based on the size of the dataset and the memory of the graphic card. The bigger batches are
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trained at a pace and the smaller batches trained enhanced generalization. The Adam optimizer was used
using standard momentum and weight decay parameters. To regularize the model and avoid overfitting,
the dropout rate was 0.20.5. A grid, or randomized search, cross-validation and learning curve analysis
showed that values lower or higher than these values cause slow convergence or instability, though the
chosen values were the best and the most consistent. Literature-based dropout balances between
overfitting and underfitting medical imaging data with limited diversity.

Table 3: Analysis of scalability

Number of Samples | AD-DR-CNN | AD-DR-FL | DM-AD-DR | AD-DR-DL | TL-ET
10 42 34 62 81 79
20 38 36 56 78 80
30 37 38 52 74 80
40 44 39 50 72 81
50 46 41 46 70 83
60 48 47 54 84 89
70 53 53 66 91 93
80 56 55 69 93 94
90 61 62 72 95 96
100 65 64 76 98 99

The scalability of the proposed Automated Detection framework for DR can be evidenced by the
capability to perform effectively when data volumes escalate. With a scalability ratio of 97.63%, the
model can very efficiently process large datasets. It ensures consistent performance, as the size of the
retinal image datasets is growing, as shown in table 3. This scalability is very high and marks the
potential of the framework for deployment in real-world scenarios where datasets may expand over time
with increasing patient populations.

Table 4: Analysis of accuracy

Number of Samples | AD-DR-CNN | AD-DR-FL | DM-AD-DR | AD-DR-DL | TL-ET
10 48 54 41 33 75
20 45 58 44 34 77
30 44 60 45 36 80
40 40 57 43 39 82
50 41 60 48 42 85
60 39 65 52 45 87
70 35 68 54 47 90
80 22 69 57 51 93
90 37 71 59 60 95
100 42 73 62 65 98

Table 4 illustrates that the proposed framework's outstanding reliability in determining Diabetic
Retinopathy severity levels is obtained as 97.94% accuracy. From the results obtained, it is seen that the
ensemble method that incorporates enhanced preprocessing with Inception V3 and Xception models
effectively extracts important features that ensure accurate predictions for early diagnosis and treatment
planning.
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Table 5: Analysis of early diagnosis

Number of Samples | AD-DR-CNN | AD-DR-FL | DM-AD-DR | AD-DR-DL | TL-ET
10 32 45 28 48 70
20 30 39 31 47 73
30 29 38 32 47 76
40 36 40 31 57 84
50 41 48 30 54 87
60 42 52 29 53 89
70 45 55 29 41 91
80 47 59 26 42 92
90 50 62 29 39 94
100 53 63 30 31 97

The framework's utility in the early diagnosis of Diabetic Retinopathy (DR) is demonstrated by the
96.84% early detection rate, which is critical in averting visual loss. The model is able to identify slight
changes in retinal pictures through powerful image preprocessing and ensemble approaches, hence
timely intervention is enabled. Patients benefit a lot due to better results and few problems as a result of
early diagnosis as shown in table 5.

Table 6: Analysis of patient outcomes

Number of Samples | AD-DR-CNN | AD-DR-FL | DM-AD-DR | AD-DR-DL | TL-ET
10 45 53 68 70 71
20 50 55 72 74 75
30 55 57 76 78 79
40 58 59 58 83 85
50 57 54 51 85 86
60 53 52 47 86 89
70 50 49 44 90 93
80 44 43 42 91 92
90 42 41 40 94 96
100 42 41 41 95 97

In table 6, with a patient outcomes ratio of 97.52%, the system is able to identify diabetic retinopathy
and provides for early treatment leading to better health outcomes. Health care professionals are in a
better position to make informed decisions with the accurate early diagnosis provided by the system,
which further reduces the chances of such outcomes as blindness. Improved patient care and long-term
well-being are the end results of this increased accuracy.

Table 7: Analysis of F1-score

Number of Samples | AD-DR-CNN | AD-DR-FL | DM-AD-DR | AD-DR-DL | TL-ET
10 30 42 48 85 86
20 33 37 39 88 89
30 38 40 47 91 92
40 41 41 43 92 93
50 46 44 52 94 95
60 53 51 58 95 96
70 55 52 62 92 92
80 58 65 66 96 97
90 60 69 71 97 98
100 62 72 75 98 99
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To get accurate and reliable DR classification, an F1-score of 98.41% demonstrates an excellent
trade-off. To achieve the correct classification of DR, the false positives and negatives must be
minimized, which the proposed model has done. Strong performance is assured by the enhanced
ensemble method as specificity and sensitivity are captured appropriately depicted in table 7.

Table 8: Performance comparison of proposed TL-ET model employing sensitivity, specificity,
F1-score, and AUC metrics

Samples Model Sensitivity (%) | Specificity (%) | F1 Score (%) | AUC (%)
AD-DR-CNN 61 54 30 66
AD-DR-FL 69 56 42 72
10 DM-AD-DR 67 65 48 75
AD-DR-DL 86 72 85 85
TL-ET 87 77 86 90
AD-DR-CNN 73 62 46 77
AD-DR-FL 81 59 44 80
50 DM-AD-DR 58 79 52 77
AD-DR-DL 91 83 94 92
TL-ET 93 80 95 93
AD-DR-CNN 85 67 62 83
AD-DR-FL 90 75 72 89
100 DM-AD-DR 82 81 75 87
AD-DR-DL 98 94 98 99
TL-ET 99 96 99 99

Table 8 shows that the TL-ET model outperforms all other techniques across all sample sizes and
evaluation variables. For both small and big datasets, TL-ET has superior sensitivity, specificity,
F1-score, and AUC as sample size grows, showing substantial generalization and dependability. TL-ET
is superior for real-world diabetic retinopathy screening than other models due to its ensemble
methodology and transfer learning upgrades, which improve detection accuracy and early diagnosis.

Table 9: The comparison of exiting methods and proposed method

AD-DR- AD- DM- AD- TL-ET
Aspects Key Features CNN DR-FL | AD-DR | DR-DL (Proposed)
(%) (%) (%) (%) (%)
Scalability | Handleincreasing data | o, 88.7 90.1 91.3 97.63
volumes efficiently
E liable DR
Accuracy nsure reliable 87.5 89.2 90.8 92.1 97.94
classification
Earl Enable timely
. Y . intervention to prevent 82.3 84.6 86.4 88.9 96.84
Diagnosis ..
vision loss
Patient Improve health
outcomes through timely 81.7 83.9 85.6 87.8 97.52
Outcomes
treatment
F1-Score Balance between 84.1 86.3 87.9 89.5 98.41
precision and recall

In summary, exhibiting strong performance via scalability, Fl-score, and effective use of
cutting-edge models, the suggested framework accomplishes high accuracy, early diagnosis, and
enhanced patient outcomes. The results of table 9 indicate that TL-ET and AD-DR-DL models
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consistently achieve superior performance across all evaluation metrics, particularly with larger datasets,
making them highly suitable for large-scale diabetic retinopathy screening and diagnosis. Their high
accuracy, F1-score, AUC, sensitivity, and specificity confirm strong robustness and reliability for early
disease detection. Furthermore, the use of publicly available datasets and widely adopted deep learning
frameworks such as Python, TensorFlow, Keras, and Theano ensures methodological transparency,
accessibility, and reproducibility, enabling researchers and clinicians to effectively validate, extend, and
integrate the proposed models into real-world diagnostic applications and healthcare workflows.

Table 10: Ablation study: Impact of preprocessing and ensemble method on model performance

Component Accuracy F1-Score | Early Diagnosis Rate
Without Preprocessing 90.5% 85.3% -
With Preprocessing 97.94% 98.41% 96.84%
Individual Models (Inception V3 & Xception) 95.3% - - -
96.5%
Ensemble Method (Average & Weighted Voting) 97.94% - -
Combined (Preprocessing + Ensemble) 97.94% 98.41% 96.84%

Table 10 is the performance of the ablation study where there is model performance with and without
preprocessing and ensemble methods. It represents the impact of preprocessing (augmentation,
denoising, and normalization) on accuracy, F1-score, and early diagnosis rate. Further, it contrasts the
performance of single models (Inception V3 and Xception) with the ensemble approach, which is a
combination of the predictions of the two models through average and weighted voting. The last row
shows the synthesis impact of preprocessing and ensemble technique, which produces the best
performance in all metrics.

TL-ET quick retinal image analysis and DR severity predictions reduce manual grading delays,
providing clinical benefits in real time. Its ensemble-based technique reduces clinician diagnostic
variability by improving accuracy and consistency. Early detection of mild and severe DR speeds
referrals and treatment. The approach scales to high screening volumes in outpatient or low-resource
settings while minimizing specialist workload. Objective risk stratification can also be included into
EHRs or telemedicine platforms to improve clinical decision support and long-term patient management.

Limitations

The results of the model depend on the quality and diversity of the datasets. Although the APTOS-2019
dataset is exhaustive, it might not encompass the real-life differences in the image quality and the camera
types, which restricts the generalizability. Also, the computationally expensive properties of the
Inception V3 and Xception models need a lot of computing power that is not always possible to
implement in a low-resource or real-time clinical environment. Transfer learning can be used to
minimize the size of datasets, but it should be noted that fine-tuning the models is also time-consuming
and resource-intensive. These constraints highlight the necessity of increased dataset diversity and
optimization of the model to be more widespread.

5 Conclusion

Automatic DR diagnosis with the proposed framework is very viable because of the utilization of
state-of-the-art transfer learning and ensemble modeling in efficient and accurate categorization of DR
severity levels. All of the above, including accuracy, F1-score, were best achieved by the system that
combined state-of-the-art models: Inception V3 and Xception, with sophisticated picture preprocessing
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methods. The predictions were already pretty reliable and robust before applying ensemble techniques
such as weighted voting and average to handle unpredictability. This scalable system reduces avoidable
blindness across the globe by providing early diagnosis and efficient treatment planning. A step toward
accessible and automated DR screening in clinical settings, the performance of the framework shows
that it is suitable for real-world applications. The proposed method was scalable at a ratio of 97.63%,
accuracy ratio as well as 97.94% with early diagnosis on reaching 96.84%. Patients' outcomes ratio was
97.52% and there is an F1 score of 98.41%.

Future Work

To test reliability and generalizability, the model will be validated on large, multi-center clinical
datasets. Explainable Al solutions like Grad-CAM and SHAP improve clinician trust and
interpretability. Domain adaptation and transfer learning will handle imaging device and demographic
differences. Active learning and synthetic augmentation boost minority class representation.
Low-resource deployment is possible with real-time edge device optimization. Multi-modal integration
with patient history or OCT scans improves diagnosis. Model optimization will be simplified by
automated hyperparameter tuning, and longitudinal studies can assess the system's long-term clinical
effects on patient outcomes.
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