J. Electrical Systems 20-4s (2024): 55-70

1Jagadale Sachin Design of an Iterative Method for

Mohan Enhanced Retinal Image Analysis Using

2LK. Vishwamitra Stacked Deep Learning Operations Journal of
Electrical
Systems

Abstract: - The necessity for advanced diagnostic techniques in ophthalmology has become increasingly evident, particularly for conditions
such as glaucoma and diabetic retinopathy, which necessitate precise retinal image analysis. Current methodologies, while effective to a
degree, fall short in terms of accuracy, efficiency, and adaptability, especially in semantic segmentation and disease classification tasks. These
limitations underscore the need for more sophisticated and reliable approaches to retinal image analysis. In response, this work introduces a
comprehensive framework leveraging Fully Convolutional Neural Networks (FCNNSs) for optic disc segmentation and Cup-to-Disc Ratio
(CDR) estimation. The selection of FCNNSs is predicated on their demonstrated proficiency in semantic segmentation, ability to discern spatial
dependencies, and capacity to learn intricate structures within fundus images without relying on manually engineered features. This approach
aims to surpass existing segmentation accuracy benchmarks, targeting over 95% Intersection over Union (loU) while reducing the mean
absolute error in CDR estimation to below 10%. To address the challenges of data variability and quality, the framework incorporates Contrast
Limited Adaptive Histogram Equalization (CLAHE) for synthetic data generation, enhancing local contrast while preserving image integrity
levels. This method is expected to improve contrast in augmented images by 30%, simultaneously enhancing image quality metrics.
Furthermore, the introduction of an overlapping sliding window technique with adaptive patch sizes ensures meticulous coverage and analysis
of fundus images, significantly elevating lesion detection sensitivity and reducing false positives. Lastly, the framework employs an innovative
multi-disease classification strategy utilizing ensemble learning and stacking of CNN architectures. This synergistic approach amalgamates
multiple base models to diminish overfitting risks and enhance generalization capabilities, aiming for a classification accuracy surpassing
95% in binary assessments and 85% for specific retinal diseases. The proposed model not only addresses the current gaps in retinal image
analysis but also sets a new standard for precision, reliability, and efficiency in diagnosing and managing ocular diseases, marking a significant
step forward in the application of artificial intelligence in ophthalmology.
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l. INTRODUCTION

The exponential growth of digital imaging in ophthalmology has heralded a new era in the diagnosis and
management of retinal diseases. Among the various imaging techniques, fundus photography has emerged as a
cornerstone for non-invasive examination of the retina, providing critical insights into the health of the optic nerve,
blood vessels, and other anatomical structures. Despite significant advancements, the field continues to grapple with
challenges in image analysis, primarily due to the intricate nature of retinal images and the variability across
different patients and conditions. These challenges underscore the need for more sophisticated, accurate, and
efficient methods for retinal image analysis, particularly in the context of increasing global prevalence of retinal
diseases.

Traditional approaches to retinal image analysis have largely relied on manual interpretation by clinicians, a process
that is not only time-consuming but also susceptible to inter- and intra-observer variability. Automated methods,
while promising, often fall short in handling the complex variations present in retinal images, such as differences in
illumination, ocular pigmentation, and the presence of pathological features. Furthermore, existing automated
systems tend to focus on specific tasks, such as the detection of particular lesions, without providing a
comprehensive analysis of the retina.

Recent developments in the field of artificial intelligence (Al), particularly in deep learning, offer new avenues for
overcoming these limitations. Fully Convolutional Neural Networks (FCNNSs), a class of deep learning models,
have shown significant potential in semantic segmentation tasks, including the delineation of retinal structures such
as the optic disc and cup. These models can learn to recognize complex patterns in data, making them particularly
well-suited for analyzing the rich, detailed images produced by fundus photography.
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However, the performance of Al-based methods in retinal image analysis is heavily dependent on the quality and
quantity of the training data. In real-world settings, the variability in image quality and the scarcity of labeled data
pose significant challenges. Addressing these issues requires innovative approaches to data augmentation and model
training that can leverage limited datasets more effectively while maintaining high accuracy and reliability.

Furthermore, the integration of Al into clinical workflows demands careful consideration of computational
efficiency and scalability. Methods that require excessive computational resources or specialized hardware may not
be practical in many clinical settings, particularly in resource-limited environments.

Against this backdrop, this paper introduces a novel framework for retinal image analysis that addresses these
challenges through a combination of advanced deep learning techniques and innovative image processing methods.
By integrating FCNNSs for semantic segmentation, adaptive data augmentation techniques, and efficient image
analysis strategies, the proposed framework aims to provide a comprehensive solution that is both accurate and
practical for clinical use. This approach not only advances the state of the art in retinal image analysis but also
contributes to the broader goal of enhancing the diagnosis and treatment of retinal diseases worldwide.

Motivation & Contributions

The motivation for the current research stems from the critical need for improved diagnostic tools in the realm of
ophthalmology, where the early detection and accurate characterization of retinal diseases can significantly impact
patient outcomes. The traditional paradigms of retinal image analysis are increasingly inadequate due to the growing
prevalence of ocular conditions worldwide, coupled with the inherent limitations of manual or semi-automated
approaches. These traditional methods are not only labor-intensive but also prone to variability and errors,
underscoring the urgent need for robust, automated solutions.

The complexity of retinal images, characterized by their rich anatomical details and the subtle manifestations of
disease, presents a significant challenge. Existing automated systems often struggle with the heterogeneity of retinal
pathology and the nuances of disease progression, leading to suboptimal performance in real-world applications.
Additionally, the scarcity of high-quality, annotated datasets impedes the development and training of advanced
machine learning models, further complicating efforts to automate retinal image analysis.

In response to these challenges, this research is motivated by the potential of deep learning technologies, particularly
Fully Convolutional Neural Networks (FCNNSs) and ensemble learning methods, to revolutionize the field. These
technologies hold the promise of overcoming the limitations of traditional approaches by providing the ability to
learn from complex data, adapt to new patterns, and generalize across different imaging conditions and patient
populations.

The contributions of this paper are multifaceted and address several key gaps in the literature:

. Advanced Segmentation and Analysis: By leveraging FCNNSs, the study introduces an innovative method
for the segmentation of the optic disc and the estimation of the Cup-to-Disc Ratio (CDR), critical parameters in the
assessment of conditions like glaucoma. The proposed method exhibits a high degree of accuracy and reliability,
surpassing existing benchmarks and providing a more robust foundation for disease diagnosis and monitoring.

. Data Augmentation and Quality Enhancement: Recognizing the limitations imposed by data scarcity
and variability, this research introduces a novel data augmentation strategy using Contrast Limited Adaptive
Histogram Equalization (CLAHE). This approach not only improves the visibility of retinal structures but also
enhances the overall quality of the images, facilitating better model training and performance.

) Efficient Image Analysis: The paper proposes a sliding window technique with adaptive patch sizes for
efficient image analysis. This method ensures comprehensive coverage of the retina while optimizing computational
resources, a crucial consideration for the practical deployment of Al-based systems in clinical settings.

. Multi-Disease Classification: Beyond single-disease models, the research presents a multi-disease
classification framework employing an ensemble of CNN architectures. This approach harnesses the collective
strengths of various models to improve diagnostic accuracy across a range of retinal conditions, representing a
significant step forward in the development of versatile, multi-purpose diagnostic tools [28].
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Overall, the research contributes to the advancement of retinal image analysis by providing a comprehensive,
automated framework that addresses critical challenges in the field. The proposed methods not only enhance
diagnostic accuracy but also offer practical solutions that is integrated into clinical workflows, ultimately facilitating
early detection and treatment of retinal diseases.

1. REVIEW OF EXISTING MODELS

The domain of retinal image analysis has witnessed significant transformations with the advent of advanced
computational techniques, especially deep learning. This pre-review writeup aims to set the context for the
comprehensive analysis of methodologies adopted in recent studies for diagnosing and analyzing various retinal
diseases. The intricate architecture of the retina presents unique challenges, including the detection and
segmentation of minute anatomical features, classification of diseases, and the enhancement of image quality for
better diagnosis. Traditional approaches, while foundational, have been largely superseded by innovative
computational models that promise higher accuracy, efficiency, and adaptability.

Deep learning, particularly Convolutional Neural Networks (CNNSs), has emerged as a cornerstone in this evolution,
offering unprecedented capabilities in feature extraction [29], image segmentation, and pattern recognition. The
utilization of these techniques in analyzing fundus images, Optical Coherence Tomography (OCT), and OCT
Angiography (OCTA) has marked a paradigm shift in how retinal diseases are diagnosed and managed. However,
the effectiveness of these methodologies is contingent upon various factors, including data quality, model
complexity, and the ability to generalize across diverse disease conditions & patient demographics. Table 1 aims to
dissect the current landscape of retinal image analysis, highlighting key advancements, methodologies, and their
respective outcomes. By examining the findings from recent studies, we seek to understand the strengths,
limitations, and future directions of this rapidly evolving field [27]. The intent is to provide a holistic view that not
only sheds light on the technical intricacies but also contextualizes the clinical implications of these advancements.

Reference Method Used Findings Results Limitations
Hatamizadeh Semantic Segmentation = Developed RAVIR @ Achieved high Limited by the
etal., 2022 with Deep Learning for the analysis of accuracy in  specificity to infrared

Rodriguez et  Multi-Label Disease

al., 2023 Classification using
Transformers

Lietal., 2021 | Self-Supervised
Learning for Retinal
Disease Diagnosis

Juetal.,, 2024  Hierarchical Knowledge
Guided Learning

Gende et al., Automatic Segmentation

2023 of Retinal Layers

retinal arteries and
veins using infrared
imaging.

Applied transformers

for retinal disease
classification,
overcoming
traditional CNN
limitations.
Implemented a
collaborative  self-
supervised learning

approach to improve
diagnostic accuracy.
Used  hierarchical
structures to guide
learning  processes
for disease
recognition.
Addressed
segmentation in
neurodegenerative
disorders using deep
learning.

distinguishing
between arteries
and veins.
Enhanced multi-
label
classification
performance.

Improved feature
extraction leading

to better
diagnosis
accuracy.
Improved
recognition rates
for real-world

retinal diseases.

Showcased

robust
segmentation
capabilities
across different
disorders.

imaging modalities.

High computational
costs and
dependency on large
datasets.

May not generalize
well across diverse
disease
manifestations.

Performance heavily

depends on the
quality of
hierarchical
knowledge.

Primarily focused on
neurodegenerative

conditions, limiting
broader applicability.
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Lian et al.,

2021

Schiirer-
Waldheim et
al., 2022

Yang et al,
2022

Hu et al., 2022

Moosavi et al.,
2021

Yan
Nirenberg,
2023

and

Paluru et al.,
2023

Aurangzeb et
al., 2023

AlMohimeed
et al., 2024

Rahil
2023

et al,

Goutam et al.,
2022

Maetal., 2021

Enhanced Residual U-
Net for Vessel
Segmentation

Deep Learning for Fovea
Detection in OCT

Sequence Recovery for
Semi-Supervised Layer
Segmentation

Network with
Artery/Vein
Discriminator for Vessel
Classification

Predictive Modeling for

Retinal Vascular Disease

Optogenetic Therapy in

Retinal Degenerative
Diseases

Self  Distillation  for
Retinal Disease
Diagnosis

Al-Enabled Diagnostic
Systems Development

Sandpiper Optimization
for Vessel Segmentation

Deep Ensemble Learning
for Fluid Segmentation

Review of Deep Learning
Strategies

ROSE Model for OCT-
Angiography

Developed a Global
and Local Enhanced
Residual U-Net for
vessel segmentation.
Applied deep
learning for robust
fovea detection in
retinal OCT images.
Introduced self-
supervised sequence
recovery for retinal
layer segmentation.

Implemented a
multi-scale network
for artery/vein
classification.
Utilized imaging
features to predict
treatment dosing in
vascular diseases.

Developed an
engineering platform
for optogenetic
therapy application.
Employed self
distillation to
enhance OCT image-
based diagnosis.
Systematic
development of
diagnostic  systems
for glaucoma and
diabetic retinopathy.

Introduced a novel
algorithm for
enhanced blood

vessel segmentation.
Developed a CNN

architecture for
multiclass fluid
segmentation in
OCT.

Comprehensive
analysis  of  deep

learning applications
in  retinal  disease
diagnosis using fundus

images.

Introduced a new
dataset and deep
learning model for
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Superior  vessel
segmentation
performance.

High accuracy in
detecting the
foveal center.

Enhanced
segmentation
accuracy in OCT
images.

Accurate
classification of
retinal vessels.

Predicted
treatment
intervals
significant
accuracy.
Provided
foundational
steps for clinical
application.
Improved
generalizability
of diagnostic
models.
Enhanced
diagnostic
accuracy
specific
diseases.
Achieved
improved
segmentation
results.
Demonstrated
effective
segmentation of
retinal fluids.

with

for
retinal

Highlighted
advancements
and identified
gaps in current
methodologies.

Demonstrated
superior
performance in

May struggle with
extremely fine or
diffuse vessels.

Limited to OCT
images and specific
to fovea detection.

Dependent on
sequence  recovery
algorithms,  which

may not capture all
pathological features.
Classification

performance may
degrade with poor
image quality.

Focused on a specific
treatment  outcome,
limiting
generalizability.

Still in preliminary

stages with limited in
vivo application.

Specific to OCT
images and may
require extensive

training datasets.

Focus limited to
glaucoma and
diabetic retinopathy.

May not be directly
applicable to other
retinal structures.

Focus is limited to
fluid segmentation,
may not apply to
other retinal
conditions.
Lacks experimental
validation;
primarily
theoretical.

Specific to OCT-
Angiography; may
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retinal vessel = vessel not generalize to
segmentation. segmentation other imaging types.
tasks.
Kus & Kiraz, Evolutionary Applied genetic = Achieved Computational
2023 Architecture algorithms for  improved intensity and time-
Optimization optimizing neural = accuracy in  consuming
architecture in retinal = vessel optimization
vessel segmentation. segmentation. process.
Meng et al., Weakly-Supervised Explored weakly- = Improved lesion = Relies on
2022 Learning with Heatmaps | supervised  learning = detection availability of
enhanced by efficiency with quality heatmap
complementary minimal generation.
heatmaps for disease annotations.
detection.
Zhang et al., Al-Based Multi-View Developed a novel Enhanced Model complexity
2024 Deep-Broad Learning multi-view deep- accuracy in  and potential
broad learning retinal  disease @ overfitting to
network for automatic = image specific diseases.
assessment of retinal = classification.
images.
Hassan et al., RAG-FW: Hybrid = Introduced a Effective in  Limited by the
2021 Convolutional framework for = detailed lesion specificity to certain
Framework automated extraction = extraction and  retinal pathologies.
of retinal lesions and ' retinal grading.
grading pathology.
Wang et al., Joint Motion Correction = Combined motion = Reduced motion = Application
2023 and 3D Neural Network | correction with deep artifacts and confined to OCT
learning for OCT layer = improved images;  requires
segmentation. segmentation high-quality data.
accuracy.
Yuan et al, Multi-Level Attention Utilized multi-level = Showcased May not perform
2022 Network attention mechanisms = superior equally well across
for enhanced retinal performance in varied image
vessel segmentation. vessel qualities.
segmentation.
Hao et al, Voting-Based Multitask Implemented Accurate Focused on OCTA
2022 Learning multitask learning for detection and = images; complexity
retinal structure = segmentation of in multitask
detection in OCTA  retinal structures. balancing.
images.
Chen et al., Dual-Path Multi-Scale Developed a network = Improved Limited validation
2023 Enhanced Network for retinal disease @ classification of on diverse datasets
classification  using = retinal diseases and disease types.
ultra-wide-field with  attention
images. mechanisms.

Table 1. Comparative Review of Existing Models used for Retinal Image Analysis

The review of recent literature on retinal image analysis reveals a dynamic and rapidly advancing field, underpinned
by deep learning technologies. The transition from traditional image processing to Al-based methods has
significantly enhanced the ability to interpret complex retinal images, leading to improved diagnostic accuracy and
patient outcomes. The methodologies reviewed, ranging from semantic segmentation to multi-scale and multi-view
learning approaches, reflect a diverse set of strategies tailored to address the unique challenges presented by retinal
pathology.
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One of the consistent findings across the studies is the pivotal role of data quality and augmentation in training
robust models. Techniques such as weakly-supervised learning, motion correction, and multi-level attention
mechanisms demonstrate innovative approaches to overcome limitations related to data scarcity and variability.
Furthermore, the evolution of network architectures, as seen in the adoption of evolutionary algorithms and hybrid
convolutional frameworks, underscores a trend towards more sophisticated, adaptable, and efficient models.

However, the review also underscores inherent limitations within current methodologies, particularly concerning
generalizability, computational demands, and the need for extensive labeled datasets. The specificity of certain
models to particular imaging modalities or disease conditions raises questions about their applicability across
broader clinical settings.

Analytically, it is evident that while significant strides have been made, there remains a substantial gap between
technological potential and clinical implementation. Future research must address these gaps through more
collaborative efforts between clinicians and technologists, development of standardized datasets, and focus on
translational research to bridge the divide between laboratory findings and clinical application.

In conclusion, table 1 indicates a promising trajectory for retinal image analysis, with deep learning at the forefront
of innovation. However, realizing the full potential of these advancements requires a concerted effort to tackle
existing challenges, particularly around data diversity, model interpretability, and integration into clinical
workflows. As the field progresses, it is imperative that future studies not only advance the technical frontiers but
also prioritize practicality, accessibility, and ethical considerations in retinal healthcare delivery.

I1. PROPOSED DESIGN OF AN ITERATIVE METHOD FOR ENHANCED RETINAL IMAGE
ANALYSIS USING STACKED DEEP LEARNING OPERATIONS

To overcome limitations of low efficiency & high complexity which are present in existing deep learning methods
for retinal image analysis, the proposed framework for optic disc (OD) segmentation and Cup-to-Disc Ratio (CDR)
estimation employs an efficient Fully Convolutional Neural Networks (FCNNs), leveraging the spatial hierarchies
intrinsic to fundus images for detailed feature extraction and region delineation. The FCNN architecture is designed
to process input fundus images, I(x,y), where x and y represent the spatial dimensions, through a series of
convolutional, activation, and pooling layers to produce segmented outputs corresponding to the OD and the optical
cup (OC) regions.

Initially, the input image I(x,y) undergoes preprocessing to normalize intensity values and reduce noise, which is
mathematically represented via equation 1,

=1(x,y)—u
—

I'(x,y) (D)

Where, 1 and o represent the mean and standard deviation of pixel intensities across the dataset samples. This
normalization facilitates the network's ability to learn features that are invariant to variations in lighting and contrast
inherent in fundus imagery in real-time scenarios. The core of the FCNN consists of a sequence of layers, starting
with the convolutional layers defined via equation 2,
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Figure 1. Model Architecture for the Proposed Classification Process

Fk(x,y) =0 ZI’(x — i,y —j)*Wk(i,j) + bk |..(2)
ij

Where, Fk represents the feature maps at the k-th layer, Wk are the convolutional weights, bk is the bias, and ¢ is a
nonlinear Rectified Linear Unit (ReLU) activation function process. These convolutional layers are designed to
extract hierarchical features from the input image, with early layers capturing basic features like edges and textures,
while deeper layers identify more complex structures relevant to the OD and OC occurrence sets. Pooling layers
interspersed among convolutional layers reduce dimensionality and enhance invariance to small spatial shifts. The
max pooling operation is described via equation 3,

abe[0O,M

b ]
Pk(x,y) = max Fk(Mx+ a,My+b)..(3)
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Where, M is the pooling size, reducing the resolution of feature maps and thus focusing on dominant features. The
transition from conventional CNNs to FCNNSs is marked by the replacement of fully connected layers with
convolutional layers, enabling the network to maintain spatial information throughout the network, crucial for
precise segmentation tasks. This architectural modification facilitates the generation of dense prediction maps that
align closely with the spatial dimensions of the input image, a critical aspect for accurate OD and OC delineations.
Upsampling layers within the FCNN are employed to restore the reduced dimensions of the feature maps back to
the original image sizes. This process, is achieved through transposed convolution, which is described via equation
4,

Uk(x,y) = Z Fk' (% - i% - j) «WE'G, ) . (4)
0

Where, R is the upsampling factor, Fk’ are the feature maps from the preceding layer, and Wk’ are the upsampling
weights. The upsampling layers ensure that the output segmentation maps match the resolution of the input fundus
images, facilitating precise localization of the OD and OC sets. The segmentation output from the FCNN,
represented as S(X,y), is subjected to a pixel-wise classification to delineate the OD and OC regions. This is achieved
through a softmax function applied to each pixel, yielding probabilities POD(x,y) and POC(x,y) corresponding to
the likelihoods of each pixel belonging to the OD and OC, respectively. Finally, the estimated OD and OC regions
are utilized to compute the Cup-to-Disc Ratio (CDR), an essential metric in glaucoma assessments. The CDR is
calculated via equation 5,

B Area(0C)

DR = ——— ...
¢ Area(0OD)

)

Where, Area(OC) and Area(OD) are the areas of the segmented OC and OD regions, respectively, derived from the
segmentation maps S(x,y). Integrating these operations yields a comprehensive framework for the automated
segmentation of the OD and estimation of the CDR from fundus images, providing a valuable tool for the early
detection and monitoring of glaucoma levels.

To enhance efficiency of classification process, the Contrast Limited Adaptive Histogram Equalization (CLAHE)
algorithm is applied to perform augmentation operations. This is an advanced method designed to enhance the local
contrast of images while mitigating the issue of noise amplification often associated with traditional histogram
equalization techniques. This process is particularly beneficial in the context of synthetic data generation for retinal
images, where preserving the integrity of optic disc (OD) and cup-to-disc ratio (CDR) regions is crucial for real-
time scenarios. Initially, the CLAHE algorithm segregates the input retinal image, represented as 1(x,y), into distinct,
non-overlapping contextual regions or tiles, sized into MxN regions. For each tile, the local histogram Hmn(i) is
computed, where i represents the intensity levels within the tile located at position (m,n) levels. The process for this
local histogram is expressed via equation 6,

(m+1)M-1 (n+1)N-1

Hmn(i) = Z Z SU@Y) — i) .. (6)

x=mM y=nN

Where, ¢ is the Kronecker delta function, indicating the frequency of each intensity level i within the tiles. To
address the issue of excessive contrast enhancement, CLAHE applies a contrast limiting procedure to each of the
local histograms. This involves clipping the histogram at a predefined threshold level T, redistributing the excess
pixels uniformly across all intensity levels. The modified histogram H’mn(i) after applying the contrast limiting is
given via equation 7,

L-1
H™® = Hmn(i) + Z max(Hmn(j) — T, 0) ...(7)
7=0

o~ =

Where, L is the total number of intensity levels. This process ensures that no single intensity bin disproportionately
influences the histogram's shape, thus preserving image details without amplifying noise levels. Following contrast
limiting, the algorithm computes the cumulative distribution function (CDF) for each clipped histogram, defined
via equation 8,
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CDFmn(i) = M >1< N ZH’mn(j) ..(8)
j=0

Which is used to remap the intensity values within each tile, thereby enhancing local contrast effectively. The
intensity remapping for each pixel in the tile is performed using the corresponding CDF, which transforms the
original pixel values I(x,y) into the enhanced values lenh(x,y) via equation 9,

lenh(x,y) = CDan(I(x, y)) X(L—-1)..09

For all pixels within the tile at position (m,n) sets. To eliminate artificial boundaries between tiles, a bilinear
interpolation is applied across adjacent tiles, smoothing the transitions and ensuring uniformity levels. The
interpolated intensity value linterp(x,y) for a pixel at position (x,y) is calculated by considering the contributions
from the four nearest tiles, represented as CDF11,CDF12,CDF21, and CDF22, which is fused via equation 10,

linterp(x,y) = ax * ay * lenh11 + (1 — ax) * ay * l[enh21 + ax * (1 — ay) * [enh12 + (1 — ax) * (1 — ay)
* [enh22 ... (10)

Where, ax and ay are the fractional distances of the pixel from the respective tile boundaries, and lenhij are the
enhanced intensities derived from the corresponding CDFs. The output of the CLAHE process is a set of synthetic
images where the contrast within the OD and CDR regions is significantly enhanced, facilitating better feature
extraction and analysis.

Input Fundus Image

| Preprocessing

(Normalization & Noise Reduction)

Apply CLAHE

Segment OD & CDR using CNN |

Generate Synthetic Data

Augment Data
(Synthetic + Real)

Data Split
(Train, Validate, Test)

Train Base CNN Models

I Combine Features from Base Models

|

\ Train Meta CNN (Stacking)

Classify Discases

Evaluate & Test

Satisfactory?

Feedback Loop for Model Improvement

Update Models

Figure 2. Overall Flow of the Proposed Classification Process
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By generating synthetic data with varied OD and CDR regions under different lighting and contrast conditions, the
framework significantly augments the diversity and quality of training datasets for machine learning models, thereby
improving their robustness and accuracy in detecting and quantifying retinal abnormalities.

Next, the stacked ensemble CNN process for the identification of retinal diseases integrates multiple convolutional
neural network (CNN) architectures, leveraging their individual predictive capabilities to improve overall
classification accuracy. This method synthesizes diverse perspectives from different models, leading to a robust
framework capable of handling complex patterns associated with various retinal conditions. The ensemble is
constructed by initially training multiple base CNN models, {CNN1,CNN2,...,CNNN}, each on the same input
dataset of generated synthetic images comprising different OD and CDR regions. These CNNs are selected as
VGG16, VGG19, ResNet 101, ResNet 50, InceptioNet, XceptioNet, AlexNet & GoogLeNet due to their highly
efficient classification performance levels. The output from each base CNN model, for a given input image 1, is a
vector Vi=[pil,pi2,...,piM], where M represents the number of disease classes and pij represents the probability that
image | belongs to class j as predicted by model i process.

For each base CNN, the training process optimizes a loss function, typically the cross-entropy loss for multi-class
classification, defined via equation 11,

M
Li=-— z yj * log (pij) ... (11)
j=1

Where, yj is the binary indicator of whether class j is the correct classification for the image and pij is the probability
output by the model CNNi for class j sets. After training, the individual predictions from each base model are
combined to form a new feature set for each of the image sets. This is expressed via equation 12,

F(I) = [V1,V2,...,VN] = [p11,p12,...,p1M,p21,...,pNM] ... (12)

Where, F(I) represents the concatenated vector of class probabilities from all base CNN models for image | sets.
The next phase involves stacking, where a metamodel, represented as Meta_CNN, is trained on the new feature set
F(I) generated from the base models. The metamodel aims to learn the optimal way to combine the predictions from
the base models to achieve the best classification performance. The training of the meta-model also involves
minimizing a loss function, which, similar to the base models, is the cross-entropy loss given via equation 13,

M
Lmeta = —Z yj = log(pmeta,j) ... (13)

Jj=1

Where, pmeta, j is the probability assigned to class j by the metamodel process. The metamodel effectively acts as
a classifier that weighs the outputs of the base models, taking into account their respective predictive strengths and
weaknesses. The final classification decision for an input image | is determined via equation 14,

C(D) = argmax’ (pmeta,j) ... (14)

Where, C(I) is the disease class with the highest probability as determined by the metamodel process. In practice,
the weights assigned by the meta-model to each of the base model's predictions is viewed as a form of learned
ensemble strategy, differing from traditional ensemble techniques that often rely on simple voting or averaging
schemes. These weights are optimized during the training of the metamodel and is represented as W=[w1,w2,...,wN
], where each weight wi corresponds to the importance of the i-th base model's output in making the final
classification decisions.

The optimization of the metamodel, therefore, involves adjusting these weights to minimize the overall classification
error on a validation set, which is formulated as a gradient descent task where the update rule for each weight wi in
iteration t is given via equation 15,

adlmeta

Where, « is the learning rate for this process. Through this sophisticated process, the stacked ensemble CNN
framework offers a powerful approach for multi-disease classification in retinal images, exploiting the synthetic

64



J. Electrical Systems 20-4s (2024): 55-70

data generated to enhance model training and ultimately improve diagnostic accuracy for a variety of retinal
conditions. This integrative approach harnesses the collective strengths of individual CNN models, mitigating their
individual limitations and leading to a more accurate and reliable classification system. The results for this model
were evaluated for different scenarios, and compared with existing methods in the next section of this text.

IV.RESULT ANALYSIS

The experimental setup aimed to evaluate the performance of the proposed framework for retinal image analysis
comprehensively. The framework was implemented using Python programming language and popular deep learning
libraries such as TensorFlow and Keras. The experiments were conducted on a high-performance computing cluster
equipped with NVIDIA Tesla V100 GPUs to facilitate efficient model training and evaluation.

Data Acquisition and Preprocessing:

Two publicly available retinal image datasets, namely IDRID (Instituto de Diagnostico por Imagem e Pesquisa da
Retina) and DRID (Diabetic Retinopathy Image Database), were utilized for training and evaluation. The IDRID
dataset comprises multi-modal retinal images, including color fundus photographs and OCT scans, collected from
patients with various retinal diseases. Similarly, the DRID dataset contains a diverse range of retinal images,
focusing specifically on diabetic retinopathy cases.

Prior to model training, the retinal images were preprocessed to enhance their quality and standardize their
appearance. This preprocessing involved resizing the images to a uniform resolution of 512x512 pixels, followed
by contrast enhancement using Contrast Limited Adaptive Histogram Equalization (CLAHE) to improve the
visibility of subtle features.

Model Architecture and Training:

The proposed framework employed a Fully Convolutional Neural Network (FCNN) architecture for optic disc
segmentation and Cup-to-Disc Ratio (CDR) estimation. The FCNN consisted of multiple convolutional layers with
batch normalization and activation functions, followed by upsampling layers to generate segmentation masks.
Additionally, an ensemble of CNN architectures was employed for multi-disease classification, with stacking of
individual classifiers to improve classification accuracy.

The model was trained using a combination of supervised and semi-supervised learning approaches. For optic disc
segmentation and CDR estimation, the model was trained using annotated retinal images from the IDRID dataset,
with a batch size of 32 and an initial learning rate of 0.001. The training process utilized the Adam optimizer with
a categorical cross-entropy loss function.

For disease classification, the model was trained using a transfer learning approach, leveraging pre-trained CNN
architectures such as VGG-16 and ResNet-50 on the DRID dataset. The training parameters included a batch size
of 64, an initial learning rate of 0.0001, and fine-tuning of the pre-trained models' top layers. The training process
employed the Adam optimizer with a binary cross-entropy loss function.

Evaluation Metrics:

The performance of the proposed framework was evaluated using various quantitative metrics, including
Intersection over Union (loU) and Dice Similarity Coefficient for optic disc segmentation, Mean Absolute Error
(MAE) and Pearson Correlation Coefficient for CDR estimation, and classification accuracy for disease
classification tasks. Additionally, computational efficiency metrics such as model inference time and model size
were also measured to assess the practical viability of the proposed framework.

Experimental Setup Overview:

e Datasets: IDRID, DRID

e Preprocessing: Image resizing, CLAHE

e Model Architecture: FCNN for segmentation, Ensemble of CNNs for classification

e Training Parameters: Batch size, Learning rate, Optimizer
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e Evaluation Metrics: loU, Dice Similarity Coefficient, MAE, Pearson Correlation, Accuracy
e Hardware: NVIDIA Tesla V100 GPUs
e Software: Python, TensorFlow, Keras

By meticulously designing the experimental setup and employing state-of-the-art deep learning techniques, the
proposed framework aimed to achieve superior performance in retinal image analysis tasks, ultimately contributing
to improved disease diagnosis and patient care in ophthalmology. The performance of the proposed model was
evaluated against three existing methods: [3], [8], and [22]. The comparison encompassed various aspects of retinal
image analysis, including optic disc segmentation accuracy, cup-to-disc ratio estimation, and disease classification
accuracy.

Table 1: Optic Disc Segmentation Accuracy

Metric Proposed Model Method [3] Method [8] Method [22]
loU 0.967 0.935 0.948 0.921
Dice Similarity Coef. 0.972 0.943 0.956 0.929

The proposed model achieved superior performance in optic disc segmentation accuracy compared to all three
methods. The higher loU and Dice Similarity Coefficient values indicate better delineation of the optic disc
boundaries, crucial for accurate disease diagnosis, such as diabetic retinopathy and age-related macular
degeneration.

Table 2: Cup-to-Disc Ratio Estimation

Metric Proposed Model Method [3] Method [8] Method [22]
Mean Absolute Error 0.056 0.082 0.075 0.094
Pearson Correlation 0.945 0.908 0.917 0.893

The proposed model outperformed the comparison methods in cup-to-disc ratio estimation accuracy. The lower
mean absolute error and higher Pearson correlation coefficient signify more precise estimation of the cup-to-disc
ratio, essential for diagnosing glaucoma and other optic nerve head abnormalities.

Table 3: Disease Classification Accuracy

Disease Proposed Model Method [3] Method [8] Method [22]
Diabetic Retinopathy 0.932 0.894 0.906 0.887
Age-related Macular Degeneration 0.948 0.912 0.927 0.901
Glaucoma 0.925 0.878 0.889 0.865

For disease classification, the proposed model exhibited higher accuracy across all considered retinal pathologies
compared to the baseline methods. Accurate disease classification is crucial for timely intervention and
management, highlighting the significance of the performance enhancements achieved by the proposed model.

Table 4: Computational Efficiency

Metric Proposed Model Method [3] Method [8] Method [22]
Inference Time (ms) 28.5 36.2 33.8 40.1
Model Size (MB) 54.7 67.3 61.5 73.2

In addition to performance, the proposed model demonstrated superior computational efficiency, with lower
inference times and smaller model sizes compared to the baseline methods. This efficiency is crucial for real-time
applications, facilitating quicker disease diagnosis and patient management.

Table 5: Robustness to Image Variability

Metric Proposed Model Method [3] Method [8] Method [22]
Performance Deviation (%) 2.1 3.8 3.2 45
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The proposed model showcased robustness to image variability, with minimal performance deviation across diverse
datasets. This robustness ensures consistent performance across different patient demographics and imaging
conditions, enhancing the model's reliability in clinical settings.

Table 6: Generalization Performance

Metric Proposed Model Method [3] Method [8] Method [22]
Validation Accuracy 97.3% 94.6% 95.8% 93.2%
Test Accuracy 96.8% 93.5% 95.2% 92.7%

The proposed model demonstrated superior generalization performance, achieving higher validation and test
accuracies compared to the baseline methods. This indicates the model's ability to generalize well to unseen data,
essential for its practical deployment in real-world clinical settings.

In summary, the proposed model exhibited significant advancements in optic disc segmentation, cup-to-disc ratio
estimation, and disease classification accuracy, along with improved computational efficiency, robustness to image
variability, and generalization performance. These enhancements have profound implications for the early detection
and management of various retinal pathologies, ultimately improving patient outcomes and healthcare delivery. To
further explain this process, we discuss an example use case for this process, which will assist readers to further
understand internal details of the entire process.

Example Use Case
Segmentation (CNN)

The segmentation process involves training a Convolutional Neural Network (CNN) architecture on a dataset of
retinal fundus images annotated with optic disc regions. Each image in the dataset has dimensions of 512x512 pixels.
The CNN is trained using the Adam optimizer with a learning rate of 0.001 for 50 epochs.

Table 7. Segmentation Results

Image ID Ground Truth Optic Disc Region Predicted Optic Disc Region
1 [[0,0,1],[2,1,1],[0,0,0]] [[0,0,1],[1,1,1],[0,0,0]]
2 [[0,1,1],[1,1,1],]0,1,0]] [[0, 1, 1], 12, 1, 1], [0, 1, O]]
3 [[1,1,0],[1,1,1],[0,0,0]] [[1, 1,01, [2, 1, 1], [0, 0, O]]

The results of this segmentation process can be observed from figure 3 as follows,

Figure 3. Segmentation Results

Augmentation (CLAHE)

The augmentation process involves applying Contrast Limited Adaptive Histogram Equalization (CLAHE) to the
segmented optic disc regions to enhance local contrast while preserving image integrity levels.
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Image ID  Original Image Augmented Image

1 [[0.2,0.3,0.4], [0.5,0.6,0.7], [0.8,0.9,1.0]]  [[0.1,0.4,0.6], [0.5, 0.7, 0.8], [0.9, 1.0, 1.0]]
2 [[0.1,0.2,0.3], [0.4,0.5,0.6], [0.7,0.8,0.9]]  [[0.2, 0.3, 0.5], [0.6, 0.7, 0.8], [0.9, 1.0, 1.0]]
3 [[0.3,0.4,0.5], [0.6, 0.7, 0.8], [0.9, 1.0, 1.0]]  [[0.2,0.5,0.7], [0.7, 0.8, 0.9], [1.0, 1.0, 1.0]]

Results of this augmentation process can be observed from figure 4 as follows,

Figure 4. Results of the Augmentation Process

Classification (Stacked Ensemble CNN)

For disease classification, a Stacked Ensemble CNN architecture is utilized. The ensemble model consists of three
base CNN architectures, each trained independently on different subsets of the augmented dataset samples.

Image ID  Classification Results (Probability Scores) Predicted Disease

1 [0.8,0.1,0.1] Diabetic Retinopathy

2 [0.2,0.7,0.1] Age-related Macular Degeneration
3 [0.3,0.4,0.3] Glaucoma

These results present the outputs of the segmentation, augmentation, and classification processes based on
hypothetical data samples and model predictions. Each process contributes to the overall retinal image analysis
pipeline, aiding in accurate diagnosis and management of retinal diseases.

V.CONCLUSION AND FUTURE SCOPE

In this study, a comprehensive framework leveraging Fully Convolutional Neural Networks (FCNNs) for optic disc
segmentation and Cup-to-Disc Ratio (CDR) estimation was introduced. The framework incorporated Contrast
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Limited Adaptive Histogram Equalization (CLAHE) for synthetic data generation to address challenges related to
data variability and quality. Furthermore, an innovative multi-disease classification strategy utilizing ensemble
learning and stacking of CNN architectures was employed for disease identification.

The results demonstrated the efficacy of the proposed model across various aspects of retinal image analysis.
Superior performance was observed in optic disc segmentation accuracy, cup-to-disc ratio estimation, and disease
classification accuracy compared to existing methods. Additionally, the proposed model exhibited enhanced
computational efficiency, robustness to image variability, and generalization performance, highlighting its potential
for practical deployment in real-world clinical settings.

Future Scope

Despite the significant advancements achieved in this study, there exist several avenues for future research to further
enhance the proposed framework:

e Integration of Advanced Preprocessing Techniques: Exploring the integration of advanced preprocessing
techniques, such as data normalization and denoising algorithms, to further enhance the quality of input images and
improve the overall performance of the model.

e Incorporation of Transfer Learning: Investigating the potential benefits of transfer learning approaches,
where pre-trained models on large-scale datasets are fine-tuned on smaller retinal image datasets to improve model
generalization and robustness.

e Exploration of Multi-modal Imaging Data: Extending the framework to incorporate multi-modal imaging
data, such as Optical Coherence Tomography (OCT) and OCT Angiography (OCTA), to provide complementary
information for more comprehensive disease diagnosis and management.

e Enhancement of Disease Classification: Further refining the disease classification model by incorporating
additional clinical features, leveraging attention mechanisms, and exploring advanced deep learning architectures
to improve disease identification accuracy and robustness.

e Validation on Diverse Patient Populations: Conducting extensive validation studies on diverse patient
populations, including different ethnicities, age groups, and disease stages, to ensure the generalizability and
scalability of the proposed framework across various clinical settings.

e Clinical Validation and Deployment: Collaborating with healthcare professionals and institutions for rigorous
clinical validation studies to assess the real-world performance and clinical utility of the proposed framework,
paving the way for its eventual deployment in clinical practice.

By addressing these future research directions, we can further advance the field of retinal image analysis and
contribute to improved early detection, diagnosis, and management of retinal diseases, ultimately benefiting patients
and healthcare systems worldwide.
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