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Abstract

Ocular diseases such as cataracts, glaucoma, age-related macular degeneration, and di-
abetic retinopathy remain major contributors to global visual impairment and blindness,
where early detection is critical for effective intervention. While color fundus photogra-
phy is widely used for retinal screening, manual interpretation is time-consuming and
prone to error, highlighting the need for automated, accurate, and interpretable diag-
nostic solutions. In this study, we propose a deep learning based framework for the
automated classification of ocular diseases and normal cases using medical images. The
framework incorporates a comprehensive preprocessing pipeline and leverages a scal-
able Apache-powered big data environment for efficient feature extraction and model
training on large-scale datasets. A Convolutional Neural Network (CNN) was proposed
and benchmarked against state-of-the-art architectures including VGG19, ResNet50, and
GoogleNet, achieving superior performance with an accuracy of 97%, precision of 93%,
recall of 97%, and F1-score of 93%. To enhance interpretability and clinical trust, Gradient-
weighted Class Activation Mapping (Grad-CAM) was integrated, generating heatmaps
that highlight the most discriminative retinal regions influencing predictions. The pro-
posed approach not only achieves high diagnostic accuracy but also ensures trans-
parency, scalability, and clinical relevance, making it a promising step toward real-world
deployment of explainable Al systems in ophthalmology and broader healthcare appli-
cations.
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1 Introduction
Ocular diseases represent a broad spectrum of condi-
tions that adversely impact vision and, if left untreated,
may progress to irreversible blindness. Common ocu-
lar disorders include cataracts, glaucoma, age-related
macular degeneration, and diabetic retinopathy, all
of which are major contributors to global visual im-
pairment [1]. Early detection and timely intervention
are critical in preventing vision loss, as these diseases
can cause permanent and often irreversible damage
to the retina and other ocular structures. Effective
treatments exist; however, their success depends
on the disease being diagnosed in its early stages.
Color Fundus Photography (CFP) has emerged as a
primary diagnostic modality, capturing detailed retinal
images that allow for the detection of a wide range
of ocular abnormalities [2]. Despite its utility, the
accurate detection of certain diseases via CFP remains
challenging, as early manifestations of conditions such
as cataracts, myopia, and diabetic retinopathy are
often subtle and asymptomatic. Moreover, manual
interpretation of fundus images is labor-intensive
and prone to human error, highlighting the need for
automated and precise diagnostic solutions [3].

Healthcare systems globally face increasing pres-
sure to optimize resources, improve patient outcomes,
and enhance organizational efficiency [4-8]. These
systems can broadly be conceptualized as comprising
three key components: (a) primary service providers
such as physicians, nurses, technicians, and adminis-
trators [9, 10]; (b) ancillary services, including health
insurance and medical research [11]; and (c) benefi-
ciaries, namely patients and the general public [12].
Modern healthcare encompasses both traditional
in-person care and technology-driven remote moni-
toring, with both modes seeking to promote, maintain,
and restore health outcomes [13, 14]. Within this
landscape, Big Data Analytics (BDA) has transformed
healthcare delivery by enabling advanced clinical
decision support, disease surveillance, and large-scale
health management [15-17].

Improving healthcare performance requires sus-
tained, collaborative efforts from all stakeholders,
including professionals, patients, and policymakers.

Performance is typically evaluated in terms of safety,
efficiency, accessibility, timeliness, effectiveness, and
equity, reflecting both patient and societal priorities
[18-20]. However, challenges such as emergency
department overcrowding underscore the need for
innovative strategies to improve care delivery. In
this context, BDA plays a central role by enhancing
triage accuracy, enabling predictive analytics, and
integrating comprehensive patient histories into care
processes, thereby driving more efficient, data-driven
healthcare systems [21].

Beyond healthcare, BDA has also gained atten-
tion for its role in advancing the principles of the
Circular Economy (CE), which emphasizes regen-
erative and restorative business practices [23, 24].
By maximizing resource utilization and closing
production-consumption loops, CE frameworks align
well with the analytical capabilities of BDA. Although
emerging research has begun to examine the role of
BDA in improving decision-making and organizational
performance in emerging markets [25, 26], empirical
studies remain limited, particularly in understanding
how data-driven insights contribute to CE adoption
and performance outcomes [23].

Decision-making in complex domains such as
healthcare has increasingly relied on decision support
systems (DSS), which assist professionals throughout
the decision-making process. The integration of
artificial intelligence (Al) into DSS during the 1980s
marked the emergence of intelligent decision sup-
port systems (IDSS), capable of acquiring knowledge,
adapting to dynamic environments, and providing
expert-level recommendations [27]. These systems
not only support clinicians but can also autonomously
execute predefined actions when authorized, thereby
streamlining clinical workflows and improving patient
care [28].

The current era of big data has introduced unprece-
dented challenges in data analysis and interpretation
across scientific and industrial domains. Machine
learning (ML) and artificial intelligence (Al) have be-
come essential tools for harnessing these large-scale
data resources. Among these, deep learning (DL) has
emerged as a transformative approach, leveraging
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multi-layer neural networks to capture complex, non-
linear relationships [29, 30]. DL has demonstrated
state-of-the-art performance across multiple appli-
cations, including handwritten digit recognition with
record-breaking accuracy, image classification, speech
recognition, natural language processing, acoustic
modeling, and computational biology [31].

In the medical domain, DL has demonstrated signif-
icant potential, particularly in medical image analysis
tasks such as classification, segmentation, and disease
detection [33, 34, 37]. Despite these advancements, DL
algorithms are often criticized for their “black-box" na-
ture, wherein the internal decision-making process re-
mains opaque and difficult to interpret [35, 36]. This
lack of transparency poses a substantial challenge for
clinical adoption, as it limits trust and hinders the ex-
plainability of diagnostic outcomes. Consequently, the
black-box nature of DL models remains a major obsta-
cle, particularly when dealing with large-scale medical
data, thereby restricting their widespread implementa-
tion in real-world healthcare settings.

To address the challenges mentioned above, this
study proposes a deep learning-based framework for
the automated detection and classification of ocular
diseases, pneumonia cases, and normal conditions
using medical images. The proposed methodology
integrates Convolutional Neural Networks (CNNs) with
Gradient-weighted Class Activation Mapping (Grad-
CAM) [41], a widely adopted technique in explainable
artificial intelligence (XAl). Grad-CAM generates class-
discriminative heatmaps that highlight the most
salient image regions contributing to the model's
predictions, thereby enhancing interpretability and
transparency [43]. By combining accurate classifi-
cation with interpretable visual explanations, the
framework improves model trustworthiness and sup-
ports its potential for real-world clinical deployment
[44].

Our proposed approach for detecting ocular
diseases is structured into several stages to ensure
robust performance and interpretability. First, we
selected an openly available image-based data set for
the detection of ocular disease from Kaggle. To im-
prove data quality and mitigate common issues such

as noise and imbalance, we designed a comprehensive
preprocessing pipeline involving normalization and
cleaning techniques. This step ensures the dataset is
both consistent and sufficiently diverse for training
deep learning models. In the second stage, we employ
ascalable big data environment powered by Apache to
facilitate efficient feature extraction and management
of large-scale image data. Leveraging distributed
computing capabilities enables faster processing
and ensures that the framework can be extended to
even larger datasets in real-world applications. Next,
proposed CNN model and compared the results with
multiple state-of-the-art deep learning architectures,
including VGG19, ResNet50, and GoogleNet. These
models were systematically compared to identify the
most effective approach for ocular disease classifica-
tion. Finally, to enhance interpretability and build trust
in the system’s predictions, Grad-CAM was applied.
Grad-CAM generates class-discriminative heatmaps,
visually highlighting the regions of input images that
most strongly influence the model's decisions. This
not only facilitates model debugging but also provides
transparent and clinically meaningful insights for
ophthalmologists.

1. A novel automated diagnostic framework is
proposed for the detection and classification
of ocular diseases and normal conditions using
medical images, addressing the limitation of
prior works that primarily focused on single-
disease detection.

2. A scalable feature extraction and image-
processing pipeline is implemented within
an Apache-powered big data environment, en-
abling efficient management and analysis of
large-scale medical image datasets.

3. The interpretability and transparency of CNN
predictions are enhanced through the integra-
tion of XAl techniques, thereby fostering clinical
trust and facilitating real-world adoption.

4. The Grad-CAM technique is employed to gen-
erate class-discriminative visual explanations,
highlighting critical image regions that influence
model decisions and improving the transparency
of the decision-making process.
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5. The framework facilitates systematic model
debugging and provides ophthalmologists
with interpretable and clinically meaningful
insights, supporting both diagnostic accuracy
and decision-making.

The remainder of this paper is organized as follows:
Section Il provides the background, Section Ill reviews
the relevant literature, Section IV describes the mate-
rials and methods, and Section V presents the conclu-
sion.

2 Background

2.1 OCULAR DISEASE DETECTION

Ocular disease detection refers to the identification
and diagnosis of disorders or abnormalities affecting
the eyes, including glaucoma, diabetic retinopathy,
age-related macular degeneration, and cataracts .
These conditions are among the leading causes of
visual impairment worldwide, affecting millions of
individuals across diverse age groups [52]. If left
undetected and untreated, many ocular diseases
can progress to permanent vision loss or blindness.
Early detection is therefore critical, as it allows timely
intervention and significantly reduces the risk of
irreversible damage [48, 49].

Traditional diagnostic approaches for ocular
diseases rely on clinical evaluations and imaging tech-
niques, particularly fundus photography and optical
coherence tomography. However, the advent of Al
and ML has transformed the field, enabling automated
detection systems capable of analyzing ocular data
with greater speed, scalability, and accuracy. Such
systems are especially valuable in resource-limited
settings, where access to specialized ophthalmologists
may be restricted [45-47].

Among ocular diseases, diabetic retinopathy and
glaucoma remain leading causes of global vision
impairment and blindness [50, 51]. A major challenge
is that these conditions often present few or no symp-
toms in their early stages, making timely diagnosis
difficult yet essential for effective treatment. Con-
sequently, Al-driven solutions that leverage medical
imaging have been increasingly explored to enable
early-stage detection and intervention [49].

While ocular diseases are often associated with
aging, younger populations are not immune. Genetic
predispositions, systemic health conditions (e.g., dia-
betes), and environmental factors can contribute to
early-onset ocular complications [52]. With the global
population both growing and aging, there is an urgent
need for advanced ocular disease recognition systems
that can deliver precise, scalable, and accessible diag-
nostic support. By integrating medical imaging with
Al-based models, these systems hold the potential to
mitigate the global burden of vision loss and blindness
[51].

2.2 OCULARDISEASE DETECTION AND

BIG DATA

Dry eye disease is a chronic ocular disorder that is
expected to increase in prevalence due to global
population aging and the widespread use of digital
devices. Current management strategies primarily
focus on symptomatic relief, with no established
preventative therapies. One of the major challenges
in advancing treatment is the lack of reliable biomark-
ers for early diagnosis and monitoring [54]. The
integration of big data from multiomics studies and
mobile health applications offers a promising path
toward improving DED management. By enabling
personalized treatment approaches, these technolo-
gies have the potential to identify high-risk individuals,
provide more accurate diagnoses, and customize
therapeutic strategies based on individual physiology
and symptom profiles. Such innovations align with
the broader vision of precision medicine, aiming to
improve patient outcomes in DED and related ocular
conditions. Within this paradigm, big data plays a
central role by facilitating the analysis and integration
of diverse data sources, ultimately supporting more
personalized and effective care [54, 59].

The rise of information technologies has enabled
the generation and collection of large-scale datasets,
collectively referred to as big data, which hold signifi-
cant potential for transforming ophthalmic research,
clinical practice, and healthcare delivery. Key sources
of big data in ophthalmology include electronic health
records (EHRs), patient registries, and biobanks. These
resources can be leveraged for disease surveillance,

261



VFAST Transactions on Software Engineering Volume 13, Issue 3, 2025

early detection, patient management, and prognosti-
cation [55]. However, challenges remain in ensuring
data quality, safeguarding patient privacy, and devel-
oping robust analytical methodologies to maximize
the clinical utility of these datasets [56].

The integration of big data with Al has revolution-
ized biomedical research by accelerating the iden-
tification of patterns in complex, high-dimensional
datasets. While the concepts of big data and Al are not
new, their impact in healthcare has grown substan-
tially with the routine collection of diverse clinical and
imaging datasets, alongside advances in multiomics
technologies [57]. The availability of such multidi-
mensional patient data has significantly enhanced
Al's ability to derive actionable insights, facilitating
breakthroughs in disease prediction, diagnosis, and
therapeutic innovation [58, 59].

Ophthalmology has emerged as a leading field
for Al and big data applications, largely due to the
widespread availability of noninvasive, cost-effective
imaging modalities such as fundus photography and
optical coherence tomography (OCT) [60, 61]. These
modalities have generated vast image repositories
that are well-suited for computer vision applications in
disease detection and progression monitoring [62, 63].
A notable example is the Intelligent Research in Sight
(IRIS) Registry, the world's largest clinical ophthalmic
database, which provides an unparalleled resource
for population-level big data research [64]. Unlike
traditional hypothesis-driven research, Al- and big
data-driven approaches are inherently data-centric,
enabling the discovery of novel biomarkers, subtle dis-
ease associations, and imaging features undetectable
by human observers. For instance, recent studies have
demonstrated the ability of Al to uncover early mark-
ers of age-related macular degeneration and detect
associations between ocular features and systemic
health conditions such as smoking and refractive
errors [65-67]. These advances not only generate
new hypotheses but also deepen our understanding
of ocular disease mechanisms, thereby shaping the
future of predictive and precision ophthalmology.

2.3 APACHE SPARK

Apache Spark is an open-source, distributed com-
puting framework widely employed for big data
processing and analytics. Initially developed by the
AMPLab at UC Berkeley in 2009 and later becoming an
Apache project in 2013, Spark has gained prominence
due to its speed, scalability, and flexibility across
diverse workloads, including batch processing, inter-
active queries, stream processing, machine learning,
and graph computation. Unlike the earlier Hadoop
MapReduce paradigm, Spark was specifically designed
to overcome inefficiencies in iterative algorithms and
complex multi-stage applications by introducing
in-memory computation and an optimized Directed
Acyclic Graph (DAG) execution engine. These innova-
tions enable Spark to perform significantly faster than
Hadoop, in some cases achieving performance gains
of more than 100 times in memory-intensive tasks
[68, 69].

A key strength of Spark lies in its ability to unify
the processing of heterogeneous datasets, ranging
from structured text to unstructured multimedia
(images, video, graphs), while supporting both batch
and real-time streaming workflows. This versatility
has established Spark as a cornerstone technology
for big data analytics in healthcare and biomedical
domains, where large, multimodal datasets must be
processed efficiently for meaningful insights [70].

In biomedical image processing, particularly for
diagnostic applications, feature extraction is a critical
step in transforming visual data into structured fea-
ture vectors that can be mathematically analyzed and
classified. The challenge lies in identifying features
that are both relevant and discriminative, as medical
images often contain high variability and noise. More-
over, the number of features can vary significantly
across images, necessitating strategies to ensure
consistent feature vector dimensions for downstream
analysis.  Effective feature selection methods are
therefore essential to reduce redundancy, retain
clinically meaningful information, and enhance the
accuracy and efficiency of classifiers in biomedical
imaging tasks [71].
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2.4 Grad-CAM

The origins of XAl can be traced back to the develop-
ment of expert systems in the 1980s, where efforts
were made to provide human-understandable justi-
fications for system recommendations. However, in
recent years, the rapid increase in the complexity of
DL models has renewed interest in XAl, as these mod-
els often function as opaque “black boxes", limiting
user trust and adoption in critical domains such as
healthcare. Despite ongoing debates regarding the
precise definitions of explainability and interpretability
[72, 73], the overarching objective of XAl is to enhance
the transparency and comprehensibility of Al-driven
decisions for human users [76? ].

XAl methodologies can generally be divided into
two broad categories. The first focuses on inherently
interpretable models, which are designed to be trans-
parent by construction (e.g., linear regression, decision
trees). While interpretable, these models are often
limited in predictive performance when compared to
more sophisticated methods. The second category
encompasses post-hoc explanation techniques, which
aim to provide human-understandable insights into
the behavior of complex, high-performing black-box
models [77, 78]. Recent surveys provide comprehen-
sive overviews of these approaches, highlighting their
respective strengths and limitations [72, 75, 79].

More recently, research has focused on develop-
ing “clear-box” models that balance interpretability
and performance by offering internal transparency
while maintaining predictive accuracy [80-82]. These
advances represent an important step toward bridg-
ing the gap between human trust and machine
intelligence in real-world applications.

Within the context of computer vision, Grad-CAM
has emerged as one of the most influential post-hoc
explanation techniques. Proposed by Selvaraju et
al. [41], Grad-CAM enhances the interpretability of
CNNs by producing class-discriminative heatmaps
that visualize the image regions most responsible
for a model's prediction. By highlighting these key
areas, Grad-CAM addresses the black-box challenge
of deep learning models in image classification and
recognition tasks, thereby improving transparency,

interpretability, and user confidence in model outputs
[42].

3 Related Work

Recent advances in artificial intelligence, particu-
larly DL and ML, have significantly transformed the
landscape of medical image analysis, offering new
opportunities for early diagnosis and improved clinical
decision-making. A major area of focus has been ocu-
lar disease detection using retinal imaging modalities
such as fundus photography and optical coherence
tomography.

Li et al. [95] proposed a deep learning-based
system for detecting Glaucomatous Optic Neuropathy
using 8,000 color fundus photographs, achieving
impressive performance with a sensitivity of 95.6%,
specificity of 92.0%, and an AUC of 0.986. Similarly,
Prajna et al. [101] introduced a CNN-based architec-
ture trained on multiple datasets, reporting accuracies
of 86.62% (DRISHTI-GS1), 85.97% (RIM-ONE2), 78.32%
(ORIGA), 94.43% (LAG), and 96.64% (ACRIMA). Elango-
van et al. [102] employed DenseNet201 for feature
extraction in glaucoma classification and compared its
performance across several classifiers, while Juneja et
al. [106] developed an Al-based expert system using a
modified U-Net for optic disc and cup segmentation,
achieving 95.8% and 93% accuracy, respectively.

Beyond glaucoma, several studies have investi-
gated DL for multi-disease detection. Dipu et al. [2]
evaluated models including VGG-16, MobileNetV2,
EfficientNet, and ResNet-34 on the ODIR dataset,
with VGG-16 achieving the highest accuracy at
97.23%. Patil et al. [97] introduced novel ensemble
approaches—*“faster ensembles” and “ensembles
of ensembles"—leveraging transfer learning with
Xception, DenseNet201, and InceptionV3, reporting
accuracies of 87% and 88%, respectively. Wang et al.
[91] and Nair et al. [105] further explored ensemble
and multi-label CNN-based approaches for fundus
image classification on ODIR-5K, underscoring the
potential and challenges of DL in handling heteroge-
neous disease categories. Likewise, Islam et al. [104]
applied CNNs with image enhancement techniques
(e.g., CLAHE), achieving an F1 score of 85% and an AUC
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Table 1. Comparison of ocular disease detection studies.

Study Year Data Source Methods Accuracy Limitation
[51] 2024 Images of eye fundus CNN 96% Limited to small dataset, lacking di-
versity in disease types.
[971 2024 Ocular Disease Intelligent Recogni- Xception, DenseNet, Incep- 88%, 87%, 88%, High computational cost due to en-
tion tionV3 87% semble methods
[85] 2023 Ocular Disease Intelligent Recogni- ResNet50 95% Generalizes poorly on unseen clinical
tion dataset datasets.
[21 2021 Ocular Disease Intelligent Recogni- ResNet-34, EfficientNet, Mo-  94%, 92%, 95%, Dataset imbalance affects rare dis-
tion bileNetV2, VGG-16 98% ease classification.
[111] 2021 43,156 images, 70% for training, 10%  ResNet-50 89% Focused only on high-resolution im-
for tuning, 20% for validation ages, not suitable for mobile devices.
[90] 2021 52 patients (101 eyes) DE-SVM 95% Small sample size limits model ro-
bustness.
[112] 2021 Retinal image for cataract detection  Kernel based CNN 97% Overfitting observed on small-scale
dataset datasets.
[89] 2020 EyePACS dataset ANN 92% Lacks explainability in model predic-
tions.
[113] 2020 46 patients and 96 controls, 80% for  VGG-16 89% Performance drops in real-time appli-
training, 20% for validation cations.
[114] 2020 5,296 images for training; 647 for tun- ~ Xception 73% Limited model scalability to larger
ing; 654 for testing datasets.
[115] 2020 15,911 images for training; 2,536 for  EfficientNet 74% Dataset diversity is insufficient for ro-
testing bust classification.
[116] 2020 20,130 images for training and 5-fold  Inception-3 75% Requires extensive hyperparameter
validation tuning.
[117] 2020 1,419 images, 75% for training, 25%  U-net & CNN 65% Very small dataset, prone to overfit-
for testing ting.
[118] 2020 625 images, 80% for training, 10% for Inception-3 76% Limited to binary classification tasks.
validation, 10% for testing
This Study 2025 Ocular Disease Recognition CNN, Grad-CAM 97% Performance may be dataset-
dependent; external validation on
diverse real-world clinical datasets is
required.
of 80.5%. can provide predictive insights into cardiovascular,
Several review studies consolidate these ad-  cerebrovascular, and neurological disorders, though
vancements. Muchuchuti et al. [96] provided a real-world validation remains necessary. Abdelmotaal

critical overview of DL techniques for retinal disease
detection, highlighting the limitations of manual
approaches and the potential of CNNs to improve
diagnostic reliability. Susrutha et al. [98] similarly
emphasized early diagnosis of glaucoma, age-related
macular degeneration (AMD), and diabetic retinopa-
thy, noting the promise of CNNs and hybrid models.
Paul et al. [103] compared classical ML algorithms
such as SVM, Decision Trees, Random Forests, and
Extra Trees, concluding that Extra Trees achieved the
best performance (97% accuracy), further validating
the role of ML beyond DL architectures.

Beyond ophthalmology, researchers have also
leveraged ocular imaging for systemic disease de-
tection. Peng et al. [99], in a review of 33 studies,
demonstrated that fundus photography and OCT

et al. [100] applied CNNs to ocular surface videos for
automated dry eye diagnosis, achieving an AUC of 0.98
and highlighting clinically relevant activation regions,
thereby illustrating the potential of Al in non-invasive,
high-throughput screening.

Parallel to these ocular studies, big data analytics
in healthcare has also gained attention. Awrahman
et al. [107] discussed the role of predictive modeling
and ML in integrating electronic health records to im-
prove patient outcomes, while addressing challenges
of data heterogeneity, privacy, and infrastructure.
Batko et al. [108], focusing on the Polish healthcare
system, demonstrated that integrating structured and
unstructured data from over 200 facilities enhances
decision-making and patient management. These
findings reinforce the role of big data in enabling
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scalable and personalized healthcare solutions.

In addition, DL methods have advanced other
areas of medical imaging. Kannan et al. [109] applied
Google's Inception v3 to classify trichrome-stained kid-
ney biopsy images, achieving 92.67% accuracy in dis-
tinguishing healthy and globally sclerosed glomeruli.
Ginley et al. [110] combined CNNs with recurrent
architectures for glomerular boundary detection
and unsupervised feature extraction, demonstrating
improvements in segmentation accuracy and automa-
tion. These studies collectively highlight the versatility
of DL and ML in various diagnostic domains.

Taken together, this body of literature under-
scores the transformative potential of DL, ML, and
big data analytics in medical diagnostics. While ocular
imaging remains a leading application area due to
its non-invasive and information-rich nature, these
approaches are increasingly being extended to sys-
temic disease detection and broader medical imaging
tasks. Challenges such as dataset diversity, model
interpretability, and clinical validation remain, but the
trajectory of research suggests that Al-driven diagnos-
tic systems are poised to become indispensable tools
in modern healthcare.

4 Materials and Methods
The proposed approach, shown in Figure 1, introduces
a systematic methodology for processing and ana-
lyzing ocular image data sets to support automated
disease detection. The pipeline is organized into four
key phases: data collection, preprocessing, feature ex-
traction and model training, and interpretability. The
process begins with the collection of ocular images
representing diverse disease conditions. To ensure
consistency and improve data quality, the images
undergo essential pre-processing steps, including
cleaning and normalization. Given the large-scale na-
ture of the dataset, the framework leverages Apache
Spark in conjunction with the Hadoop Distributed File
System (HDFS) to provide a scalable and efficient big
data environment.

Following pre-processing, the prepared images are
processed through a machine learning pipeline. In this
phase, advanced feature extraction techniques are

employed to identify discriminative visual patterns as-
sociated with ocular diseases, which are then used to
train deep learning models. To address the “black-box”
nature of these models, XAl techniques—specifically
Grad-CAM are incorporated. Grad-CAM generates
heatmaps that highlight image regions most influ-
ential to the model's predictions, thereby enhancing
interpretability and facilitating greater clinical trust in
the system. Finally, model performance is rigorously
evaluated to identify the most accurate and effective
architecture for ocular disease detection. By inte-
grating big data management, preprocessing, model
training, and explainability, the proposed approach
delivers a comprehensive and scalable solution for
medical image-based ocular disease diagnosis.

4.1 Dataset Acquisition
The reliability and accuracy of any diagnostic system
are closely tied to the quality and relevance of the
data employed. Data acquisition thus forms the cor-
nerstone of system performance, as the effectiveness
of model training and evaluation depends on both
the representativeness and integrity of the dataset.
In this study, experiments were conducted using the
Ocular Disease Recognition (ODIR-5K) dataset Kaggle',
which contains retinal fundus images labeled for
multiple ocular conditions and normal cases; all exper-
iments reported in this manuscript are restricted to
ocular imaging.” . This dataset comprises thousands
of high-resolution ocular images annotated with
disease labels, covering a wide spectrum of ocular
conditions. Its substantial size and diversity make it
particularly well-suited for deep learning, where large
and heterogeneous

The dataset is structured into three main com-
ponents. First, the Ocular Disease folder provides
training and testing images that serve as the foun-
dation for model development. Second, a set of
preprocessed images—subjected to normalization
and cleaning—ensures consistency and readiness
for input into deep learning models. Finally, a CSV
file containing metadata and corresponding labels
facilitates efficient data management and supports

Thttps://www.kaggle.com/datasets/andrewmvd/
ocular-disease-recognition-odirbk/data
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Figure 2. Sample images from the ocular disease dataset.

supervised training. A representative sample of the
dataset is shown in Figure 2, illustrating ocular disease
cases alongside normal (healthy) eye images.

4.2 Pre-Processing

In the pre-processing stage of the proposed method-
ology, a structured pipeline was implemented to
prepare the ocular image dataset for machine learn-
ing tasks. Several pre-processing steps were applied
to ensure data quality, consistency, and suitability for
deep learning models, as illustrated in Figure 3. The
process began with image resizing, where all images
were standardized to a uniform dimension, ensuring
compatibility with the input layer requirements of
CNNs. Next, normalization was performed by scaling
pixel values to the range [0, 1], which improves train-
ing stability and accelerates model convergence by

Grad-Cam visualization

Figure 3. Data Preprocessing.

providing standardized input data. These transfor-
mations enhance model generalization by simulating
natural variability in ocular images. Furthermore,
data cleaning was carried out to remove irrelevant,
duplicate, or corrupted images, thereby maintaining
dataset integrity. This pre-processing pipeline was
essential in enhancing the dataset's overall quality
and ensuring that the deep learning models receive
structured, balanced, and reliable input for effective
training and robust prediction performance.

4.3 Big Data Environment

In the proposed approach for ocular disease detection,
the big data environment plays a pivotal role in man-
aging and processing the extensive volume of image
data efficiently. This environment is constructed using
two core components: the HDFS and Apache Spark.
HDFS provides scalable, fault-tolerant distributed
storage, ensuring reliable data availability across
nodes. Apache Spark, on the other hand, facilitates
high-performance parallel and in-memory processing,
enabling rapid execution of computationally intensive
tasks such as image preprocessing, feature extraction,
and model training. By integrating these technologies,
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the framework establishes a robust and scalable
infrastructure capable of handling large-scale medical
imaging data. This integration not only accelerates
the entire pipeline—from data acquisition and prepro-
cessing to classification and interpretation—but also
enhances reliability, making the system well-suited for
real-world medical applications where efficiency and
scalability are critical.

4.3.1 HDEFS

The HDFS is a scalable and fault-tolerant file system
specifically designed for the distributed storage and
management of large datasets across multiple ma-
chines. As a fundamental component of the Apache
Hadoop ecosystem, HDFS divides massive datasets
into smaller blocks and distributes them across a clus-
ter, thereby enabling the handling of data volumes
that exceed the capacity of individual machines. To
ensure robustness, each block is replicated across
multiple nodes within the cluster, providing fault
tolerance, high availability, and resilience against
hardware failures without compromising data in-
tegrity. Moreover, its architecture offers seamless
scalability, as additional nodes can be incorporated
into the cluster to accommodate growing dataset
sizes without requiring substantial infrastructure
modifications. In the context of the proposed ocular
disease detection framework, HDFS serves as the
backbone for storing image data, ensuring efficient
distributed management and reliable access, thereby
supporting the large-scale preprocessing, training,
and analysis tasks required for deep learning-based
medical diagnostics.

4.3.2 Apache Spark

Apache Spark is a powerful, open-source big data
processing engine that complements the Hadoop
ecosystem by providing high-performance, in-memory
computation and advanced data processing capabil-
ities. Unlike traditional Hadoop MapReduce, which
stores intermediate results on disk, Spark performs
most computations directly in memory, thereby
reducing input/output overhead and significantly
accelerating processing speed, particularly for iter-
ative algorithms commonly employed in machine

Figure 4. CNN Architecture

learning. Its distributed architecture enables parallel
processing by allocating both data and computational
tasks across multiple nodes within a cluster, making
it highly efficient for large-scale workloads such as
image pre-processing, feature extraction, and model
training.

Additionally, Spark’s flexibility and ease of integra-
tion with the HDFS and other ecosystem components
streamline its deployment in existing big data environ-
ments, while its support for multiple programming
languages, including Python, widely used in machine
learning, enhances accessibility and usability. Within
the proposed ocular disease detection framework,
Apache Spark is leveraged to preprocess image data,
execute feature extraction, and manage model train-
ing, ensuring efficient handling of computationally
intensive tasks. By combining Spark’s in-memory and
parallel processing capabilities with HDFS's distributed
storage, the proposed system achieves both scala-
bility and performance, enabling robust end-to-end
management of the pipeline from data preparation to
model evaluation.

Table 2. CNN Model Summary with Parameters

Layer Type Output Shape Param #
Conv2D (None, 126, 126, 32) 896
MaxPooling2D (None, 63, 63, 32) 0
Conv2D (None, 61, 61, 64) 18,496
MaxPooling2D (None, 30, 30, 64) 0
Flatten (None, 57600) 0
Dense (None, 128) 7,372,928
Dropout (None, 128) 0
Dense (None, 2) 258

4.4 Feature Extraction

Feature extraction represents a critical stage in the
machine learning pipeline, as it transforms raw im-
age data into a structured representation suitable
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for downstream classification tasks. In this study,
pre-trained CNNs were employed to extract high-level
feature representations from ocular images. CNN ar-
chitectures were selected due to their demonstrated
effectiveness in image recognition and classification,
particularly in capturing complex spatial hierarchies
and intricate visual patterns. The extracted features
serve as input to machine learning models, enabling
efficient training and reliable classification.  The
adoption of pre-trained models provides a significant
advantage by transferring knowledge learned from
large-scale benchmark datasets, thereby improving
feature quality and enhancing generalization even in
domain-specific applications such as ocular disease
detection. Through this approach, the system is able
to exploit the representational power of deep archi-
tectures, ultimately leading to improved predictive
accuracy and robust performance in detecting ocular
abnormalities.

4.5 CNN

In the proposed approach, the CNN architecture is de-
signed to strike a balance between accuracy and com-
putational efficiency, tailored specifically to the char-
acteristics of the ocular dataset. Each model is trained
on the pre-processed dataset, and their performances
are evaluated using standard metrics such as accuracy,
precision, recall, and F1-score. The architecture of the
CNN model is illustrated in Figure 4. To enable the
CNN model to classify eight distinct ocular disease cat-
egories, this work enhanced the original CNN architec-
ture by incorporating two additional fully connected
(Dense) layers. The complete architecture of the mod-
ified CNN model is detailed in Table 2.

4.6 GRAD-CAM Visulizations

In this research, we employed Grad-CAM as part
of our XAl approach to visualize and interpret the
decision-making process of our convolutional neural
network (CNN) models. Grad-CAM is a widely used
technique that generates heatmaps to highlight the
regions in the input image that significantly contribute
to the model's prediction. By leveraging Grad-CAM,
we are able to provide visual explanations of how the
model identifies features associated with the eight

distinct ocular disease categories. This not only en-
hances the transparency of the deep learning model
but also enables the validation of the model's focus
areas, ensuring that the model is correctly attending
to clinically relevant regions in the images. The gener-
ated heatmaps allow us to assess whether the model's
decisions are driven by the pathological features of
interest or by irrelevant background artifacts, thus
improving model interpretability and trustworthiness
in real-world applications.

4.7 Performance Evaluations
The final step in the proposed approach involves evalu-
ating the performance of the trained models on a sepa-
rate test set. Performance metrics are computed to as-
sess the accuracy and reliability of each model in clas-
sifying the ocular diseases. The results of these evalu-
ations are used to compare the models and select the
most suitable one for deployment in a clinical setting.
In order to analyze the results provided by the clas-
sification models in a comprehensible way, we have
used evaluation metrics such as accuracy, precision, re-
call, F1 score, etc. The formulas of these evaluation
metrics are shown below:

Accuracy = TP+ TN (M
Y= TP+ TN+ FP+FN
TP
Precision = TP P 2)
Recall = B EN (3)

_ 2 x Precision x Recall
L Precision + Recall

Here,

* TP = True Positive (The total number of images
that are correctly detected to be positive)

* FP = False Positive (The total number of images
that are predicted to be positive but actually are
negative)

* TN = True Negative (The number of images that
are accurately predicted to be negative)

* FN = False Negative (The number of images that
are incorrectly predicted to be negative)
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Table 3. Performance Metrics of Various Models

Model Accuracy Precision Recall F1Score
VGG19 96% 97% 97% 97%
ResNet50 92% 92% 91% 91%
GoogleNet 94% 94% 94% 94%
Proposed Model CNN 97% 93% 97% 93%
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Figure 6. Visualization of explainable Al (Grad-CAM) applied
on ocular disease retinal fundus images.

4.8 Results

This study presents a comprehensive methodology for
developing a robust prediction model for image-based
classification, integrating big data preprocessing, ad-
vanced deep learning architectures, and rigorous
evaluation. The dataset, composed of diverse ocular
images, was subjected to multiple preprocessing
steps, including cleaning and normalization, to en-
hance data quality and variability. These tasks were
executed efficiently using Apache Spark, ensuring
scalability and optimized performance when handling
large-scale datasets. The resulting preprocessing
pipeline was fundamental in preparing consistent

Image 1: Healthy Tmsage 2= Healthy Image 3: Healthy Image 4: Healthy

Grad CAM Visu

Figure 7. Visualization of explainable Al (Grad-CAM) applied
on healthy retinal fundus images.

and high-quality input for model training. To eval-
uate predictive performance, four deep learning
models—VGG19, ResNet, GooglLeNet, and a custom
CNN—were trained and tested on the processed
dataset. Their performance was assessed using
multiple metrics, including accuracy, precision, re-
call, and F1 score, as summarized in Table ??. The
comparative analysis highlights the strengths and
limitations of each architecture in capturing complex
image patterns and achieving reliable classification.
Beyond model selection, the findings underscore the
broader applicability of these approaches for medical
image analysis, providing valuable insights into the
potential use of deep learning models for diverse
image classification tasks in clinical and non-clinical
domains.

4.8.1 Proposed Model CNN

The proposed CNN model demonstrates outstand-
ing performance, achieving an accuracy of 97%, a
precision of 93%, a recall of 97%, and an F1 score
of 93%. The high accuracy underscores the model's
ability to correctly classify the majority of instances,
while the strong recall highlights its effectiveness in
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capturing true positive cases, thereby minimizing the
risk of overlooking relevant instances. Although the
precision is marginally lower at 93%, it still indicates
a reliable classification capability with a relatively low
proportion of false positives. Collectively, these re-
sults reflect a well-balanced performance, where the
model achieves high sensitivity without compromising
overall reliability. The training and validation accu-
racy and loss curves, illustrated in Figure 5, further
demonstrate the model's stable convergence and
generalization capacity, reinforcing its suitability for
image-based classification tasks.

4.8.2 Grad-CAM Interpretations

Figure 6 displays the Grad-CAM outputs for retinal im-
ages affected by various ocular pathologies. The first
row shows the original diseased fundus photographs,
while the second row presents the corresponding
Grad-CAM heatmaps. In these cases, the activations
are more widespread and concentrated on clinically
relevant abnormal regions. For instance, in cataract-
affected images, the highlighted areas correspond to
blurred zones where retinal vessels appear obscured,
consistent with lens opacity. In diabetic retinopathy
cases, activations cluster around microaneurysms,
exudates, and hemorrhages, reflecting hallmark clin-
ical features of the disease. Similarly, in age-related
macular degeneration, the model predominantly
highlights the macular region, where drusen deposits
are typically observed.

In contrast, Figure 7 presents the Grad-CAM vi-
sualization results for healthy retinal fundus images.
The first row depicts the original images of normal
eyes without any pathological abnormalities, while the
second row illustrates the corresponding Grad-CAM
heatmaps. As expected, the highlighted activation
regions, shown in green, are minimal and primarily
localized around anatomical landmarks such as the
optic disc, macula, and vascular arcades. This pattern
indicates that the model does not falsely identify
pathological features in healthy cases and instead
focuses on general retinal structures. The absence of
widespread or intense activations reinforces the sys-
tem'’s ability to correctly differentiate normal fundus

images, providing evidence of its reliability in ruling
out disease.

The comparative analysis of Figure 6 and Figure 7
underscores the interpretability strength of Grad-CAM
in distinguishing healthy from diseased eyes. While
activations in healthy cases are confined to normal
anatomical landmarks, diseased cases exhibit tar-
geted activations on pathological regions, confirming
the system’s ability to identify clinically meaningful
features. This not only validates the diagnostic pre-
dictions of the model but also enhances transparency
and interpretability, making the approach more trust-
worthy for ophthalmic applications within the broader
framework of explainable Al (XAl).

4.9 Discussion

The comparative evaluation of VGG19, ResNet50,
GoogleNet, and the proposed CNN highlights distinct
performance characteristics relevant to ocular dis-
ease classification. Among the benchmark models,
VGG19 achieved strong results with 96% accuracy and
precision, recall, and F1 scores of 97%, demonstrat-
ing its reliability in minimizing false positives while
effectively identifying true cases. GoogleNet followed
closely, with balanced metrics of 94% across accuracy,
precision, recall, and F1, indicating robustness and
consistency. ResNet50, while solid, performed lower
with 92% accuracy, 92% precision, and 91% recall,
suggesting limitations in capturing positive instances.
In contrast, the proposed CNN model achieved the
highest accuracy of 97%, coupled with a recall of 97%,
precision of 93%, and F1 score of 93%. These results
indicate that the CNN is highly effective in identifying
relevant cases, though with a slightly higher false
positive rate compared to VGG19.

When compared with prior studies, the proposed
CNN demonstrates competitive or superior perfor-
mance. For instance, [51] reported a CNN-based
ocular disease recognition system with slightly higher
precision (96.7%) and F1 score (97.5%) but comparable
accuracy (97.5%) and recall (98.3%). This suggests that
while our model produces marginally more false pos-
itives, it achieves a comparable balance of accuracy
and recall. Similarly, [85] attained lower validation
accuracies of 91.28% (SGD) and 94.71% (Adam) for
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cataract classification, and [97] reported even lower
accuracies for Xception (88%), DenseNet (87%), In-
ceptionV3 (88%), and their ensemble model (87%).
These findings confirm that our model consistently
outperforms several state-of-the-art CNN variants.

Further, in comparison to [2], where ResNet-34,
EfficientNet, MobileNetV2, and VGG-16 achieved 94%,
92%, 95%, and 98% accuracy, respectively, our CNN
surpasses ResNet-34 and EfficientNet but falls slightly
below the top-performing VGG-16 by 1%. Likewise,
against the ResNet-50 model in [111], which achieved
only 89% accuracy on a large dataset of 43,156 images,
our CNN shows a substantial improvement with 97%
accuracy, demonstrating the effectiveness of our
design in handling large-scale data while ensuring
higher classification performance.

Overall, these results establish the proposed CNN
as a robust and competitive model for ocular disease
classification, consistently outperforming several deep
learning architectures across key metrics while remain-
ing comparable to the strongest models reported in
the literature.

5 Conclusion

This research presents a comprehensive and scalable
deep learning framework for ocular disease detection,
integrating advanced CNN architectures with big data
technologies. The proposed CNN model achieved
97% accuracy, 97% recall, 93% precision, and a 93%
F1 score, outperforming established models such
as VGG-19 (96%), GoogleNet (94%), and ResNet-50
(92%), and demonstrating strong competitiveness
with other state-of-the-art approaches reported in
the literature. A key contribution of this work is the
application of Grad-CAM for model interpretability,
enabling the visualization of discriminative image
regions that drive predictions an essential feature for
enhancing clinical trust and decision support. Fur-
thermore, the integration of Apache Spark facilitates
efficient large-scale data processing, underscoring the
feasibility of combining deep learning with big data
platforms for robust, scalable, and real-world health-
care applications. In general, the proposed framework
not only advances the performance of ocular disease

classification but also emphasizes transparency and
scalability, paving the way for reliable Al-assisted diag-
nostic systems. Future research may further improve
precision and generalizability by leveraging larger and
more diverse datasets, optimizing architectures, and
exploring ensemble or hybrid learning strategies.
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