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The incorporation of artificial intelligence (Al) into the field of medicine has
created new strategies in enhancing the detection of disease, with a focus on
the identification of eye diseases such as glaucoma, diabetic retinopathy, and
macular degeneration associated with age, which can lead to blindness if not
detected and treated early enough. Driven by the need to combat blindness,
which affects approximately 39 million people globally, according to the
World Health Organization (WHO). This research offers a web-based, real-
time approach to classifying eye diseases from fundus images due to user-
friendliness. Three pre-trained convolutional neural network (CNN) models
are adopted, namely ResNet-50, Inception-v3, and MobileNetV3. The
models were trained on a dataset of 8000 fundus images subdivided into four
classes: cataract, glaucoma, diabetic retinopathy, and normal eyes. The
performance of the models was evaluated in 3-way (hormal eye and two
diseases) and 4-way (normal eye and three diseases). ResNet-50 had higher
performances, with 98% and 97% accuracy in the respective classifications,
compared to InceptionVV3 and MobileNetV3. Consequently, ResNet-50 was
used in an online application that made real-time diagnoses. This research
findings reveal the potential of CNNs in the healthcare industry, particularly
in reducing over-reliance on specialists and increasing access to quality
diagnostic technologies. Especially in critical areas such as this with limited
healthcare resources, where the technology can create significant gaps in
disease detection and control.
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1. INTRODUCTION

The rapid development of artificial intelligence (Al) in medicine has opened up new avenues to
improve the accuracy and pace of disease diagnosis. Diabetic retinopathy, glaucoma, and age-related macular
degeneration (AMD) are a few of the many such examples of eye disease diagnosis and have been one of the
largest interests of many researchers. The diseases may result in severe visual impairment or blindness when
diagnosed late, yet the diagnosis of eye diseases is usually dependent on expert opinion, utilization of
expensive equipment, and longer diagnosis [1]. This is a great detriment to individuals residing in remote or
poor regions with less accessibility to quality health facilities and experts. Hence, there is a growing need for
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low-cost, portable, and scalable diagnostic technology that will be capable of identifying eye disease in real-
time and allowing early intervention to prevent permanent loss of vision.

Eye disease is one of the prime reasons for blindness in the world, affecting millions of individuals,
especially in third-world countries where health infrastructure is not available. A report from the World
Health Organization (WHO) says that altogether, there are 39 million individuals throughout the world who
are blind, and at least 2.2 billion individuals have near or distance vision deficiency. In at least 1 billion of
them, vision loss can be prevented, so early and proper diagnosis is necessary to prevent vision loss [2].

Current methods for the detection of eye disease, especially in ophthalmology, rely on fundus
imagery and optical coherence tomography (OCT) scanning. These imaging technologies present
high-resolution images of the retina and optic nerve, which are crucial in diagnosing eye disease [3], [4].
Diagnosis of the images is usually left to the experts of ophthalmologists or imaging technicians. Manual
inspection, however, is tedious, subjective, and error-prone. Moreover, it becomes infeasible in large-scale
screening. Hence, an instant, automated, and scalable solution for eye disease detection from medical images
is a pressing requirement.

Recent studies have shown that convolutional neural network (CNN)-based models, especially when
trained from large annotated databases, can verify similar or even superior degrees of accuracy than human
experts for the detection of diseases like diabetic retinopathy, glaucoma, macular degeneration, and retinal
disease [5], [6]. High-profile systems such as DeepMind's Al diagnosis of eye disease have shown the
capabilities of deep learning models to detect those diseases accurately from eye scans, usually detecting
early signs that may go undetected by human physicians.

Three eye conditions, namely diabetic retinopathy, cataract and glaucoma, were selected for the
study because of their prevalence in eye health all over the world. Cataracts can be seen as a medical
condition where the eye lenses become hazy, and eyesight compromised. It is mostly caused by factors such
as advancement in age, radiation, certain medications or even at-birth (congenital cataract) triggers.
Symptoms and signs most typically reported with cataracts are night blindness, photophobia and glare,
changing glasses or contact lens prescription, colour loss, and blurred vision [7]-[9]. Daily activities such as
driving, reading, and recognizing people are negatively affected by cataracts, which decreases their quality of
life. This accounts for blindness among elderly people worldwide. Cataracts are commonly treated by
substitution with an artificial clear lens implant and surgical excision of the pacified lens. The procedure is
indeed extremely safe and effective in most patients regaining good vision [10].

Glaucoma refers to a collection of eye problems that lead to optic nerve loss required for a clear
sight. The condition is normally brought about by the excessively high pressure in the eye. It is the leading
cause of blindness among persons older than sixty years. Glaucoma can be brought about by genetic
problems, serious infections in the eyes, blocked eye blood vessels, or inflammatory diseases [11], [12].
Signs of developing glaucoma can be rather delicate at the onset but would usually include gradually
progressive peripheral field loss, causing tunnel vision finally, then sudden pain in the eye, sometimes
accompanied by nausea and vomiting, reddening of the eyes, sudden breaks into vision and halos
encompassing light. Its impact on human life is quite large, and permanent vision loss occurs if treatment is
not given adequately. Glaucoma can be treated using prescription eyedrops, oral medications, laser surgery,
and other surgical means designed to lower intraocular pressure and prevent continuing optic nerve
damage [13], [14].

Diabetic retinopathy is a diabetes-related eye disease. Data shows that eye disease causes damage to
the blood vessels at the back part of the eye in a light-sensitive tissue known as the retina. Diabetic
retinopathy can occur in any person who has diabetes—whether it’s type 1 or 2—and the risk of developing it
is greater the longer a person has diabetes and the less well it is controlled blood glucose levels. Diabetic
retinopathy-floaters, blurry vision, fluctuating vision, dark or blank spots- which can feel like areas of
blindness. The disease would lead to blindness if not managed. The existence of diabetic retinopathy in life is
seen when one is hindered from reading, driving, or doing nearly everything else that requires good vision.
Management and treatment focus on controlling blood sugar and blood pressure levels with laser surgery,
vitrectomy, or drug injections into the eye to prevent further blood leakage from the vessels or any kind of
inflammation. In addition, regular eye examinations are crucial for the early diagnosis and treatment of
impending serious vision loss [15]-[17]. Recent research based on different deep-learning techniques for
detecting eye diseases is discussed.

Siddique et al. [18] proposed an eye disease recognition model using CNNs. The research focused
mainly on three eye diseases in Bangladesh, namely cataract, chalazion, and squint. Six CNN models, namely
Xception, InceptionV3, DenseNet121, VGG16, VGG19, and MobileNet, were configured. After training, the
MobileNet performed the other models with an accuracy of 97.49%. The model was not able to discern
between a normal case and an eye disease.

Helen and Gokila [19] proposed an EYENET system for the detection of eye disease using CNNs.
The EYENET model predicted five different eye disorders with strong prediction rates: glaucoma, cataracts,
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uveitis, bulging eyes, and crossed eyes using a CNN, a self-diagnosis technique. The CNN architecture was
efficient and improved disease prediction. The Adam optimizer was employed to optimize the proposed
model. The evaluation metrics of precision, recall, accuracy, and Fl-score are utilized to support the
EYENET model. The maximum accuracy, 92.3%, was achieved by the EYENET model. However, the
model was not deployed in real time to evaluate its performance in real-life scenarios.

Siiyun et al. [20] worked on the classification of hypertensive retinopathy based on the fundus
images of patients of wide age using a deep learning approach. In order to train the deep learning model,
additional data sets were produced based on Turkey and blended them with local data sets. The classified
images were taken from only one imaging device. The data is to be integrated internationally, which can help
standardize the results and increase accuracy. The method is used to identify retinal vascular degeneration,
including macular edema and fundus vascular disease. The system achieved an area under curve (AUC) of
0.9622. All images used for the study were taken on a single device; the model may perform well on the
images from that specific device but poorly on images taken from different devices or in different real-world
conditions.

Glaret and Muthukannan [21] presented the use of an optimized CNN for the detection of multiple
eye diseases. This paper proposed a method for the early detection of age-related eye diseases using retinal
fundus images from the ocular disease intelligent recognition (ODIR) dataset. The images were
pre-processed with maximum entropy transformation and then fed into a CNN for feature extraction. The
CNN was optimized using a flower pollination optimization algorithm (FPOA) to enhance both accuracy and
speed. Hyperparameters were also tuned through FPOA during training. The output from the CNN was
subsequently classified using a multiclass support vector machine (MSVM). The proposed CNN-based
multiple disease detection (CNN-MDD) model achieved outstanding performance, with precision, accuracy,
specificity, recall, and Fl-scores of 98.30%, 95.27%, 95.21%, and 93.3%, respectively, surpassing other
optimized models. The developed model was not deployed.

Arif et al. [22] employed a CNN technique with EfficientNet architecture for the classification of
fundus eye images. This study used EfficientNet-BO for classification on a Kaggle dataset of 300 images.
Data augmentation increased the dataset to 3,600 images, with 1,200 each for "normal," "cataract,”" and
"glaucoma.” Four datasets were generated: original, augmented, augmented grayscale, and augmented
threshold images. With the Adam optimizer learning rate of 0.00001, batch size of 32, and 20 epochs, the
augmented grayscale dataset showed accuracy, precision, recall, and F1-score of 79.22%, 80.3%, 79.22%,
and 78.87%. However, the data augmentation process used can make data have unrealistic or deceptive
variations, thereby reducing the ability of the model to generalize.

Du et al. [23] proposed an eye disease recognition system using a deep neural network for transfer
learning with improved Dempster-Shafer (D-S) evidence theory. In the research, transfer learning was
introduced to improve the deep learning-based eye recognition system and the efficiency of the model; the
network was trained and fine-tuned. In order to eliminate the decision bias of the models and improve the
credibility of the decisions, we propose a model decision fusion method based on the D-S theory. However,
D-S theory is known to be incomplete and can lead to conflicting results, which may introduce decision
paradoxes. To eliminate such limitations, we proposed a modified version of the D-S theory called the
improved D-S evidence theory (ID-SET). The amendment was carried out to eliminate existing paradoxes
and inconsistencies in the theory and hence enhance the reliability and accuracy of the decision fusion
process. We applied ID-SET to the decision fusion of eye disease recognition models, demonstrating its
effectiveness in improving the model's performance in terms of both decision consistency and
trustworthiness. The developed model showed a significant reduction in inherent bias and improved
robustness. The fused network achieved an accuracy of 0.9237, a Kappa of 0.878, an F1-score of 0.914 (95%
Cl [0.875-0.954]), a precision of 0.945 (95% CI [0.928-0.963]), a recall of 0.89 (95% CI [0.821-0.958]),
and an AUC value of 0.987 for the ROC curve. The developed model was not deployed to see how the
performance would be in a real-life setting.

Mangla et al. [24] proposed the use of a CNN for detecting ocular disease. The proposed system
offered an economical and reliable approach for assisting in the early diagnosis of various diseases, including
diabetes, glaucoma, cataracts, AMD, myopia, hypertension, and other related conditions. The model utilized
the ODIR-2019 dataset, a structured ophthalmic database containing eye images along with demographic
information, such as the ages of 5,000 patients. The annotations were performed by trained human readers to
minimize errors caused by mislabeled data. Computer vision and deep learning techniques were leveraged to
detect abnormalities in high-resolution fundus images. The proposed model was tested with various disease
combinations, achieving a peak accuracy of 93% when applied to a single disease and an accuracy of 83%
when used for diagnosing multiple diseases simultaneously. The dataset used only contained different eye
disease cases without a normal case; hence, the model won’t be able to discern between a normal case and an
eye with the disease.
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In general, the current techniques have performed greatly in the classification of eye diseases, but
there have been a few limitations. One major gap (issue) is their inability to distinguish between normal and
diseased eyes, often due to the absence of normal cases in the datasets used to train the models. In addition,
such models are limited in practical deployment, and their performance would be impacted in real-world
conditions. Finally, the majority of the models exhibited reduced accuracy in diagnosing multiple diseases
simultaneously, suggesting that models would not perform optimally under complex, multi-class scenarios.
This research comes with considerable advances towards overcoming such limitations.

— Deep CNN models such as ResNet-50, InceptionV3, and MobileNetV3 should be adopted to improve
performance in complex, multi-class scenarios.

— Training of models with datasets which contain normal cases to be able to discern between a normal and a
disease case.

— Incorporating web-based applications for real-time deployment.

The research structure is arranged as follows: section 2 explains in detail the suggested
methodological arrangement. Section 3 gives a detailed explanation of the results and a detailed examination.
Finally, section 4 concludes the research, synthesising the key findings and their significance.

2. RESEARCH METHOD

The full approach used in the development of a scalable web-based application for real-time eye
disease classification using CNNs is discussed in this section. The developed model is summarized in the
conceptual framework in Figure 1, from the data acquisition, image preprocessing, dataset split, loading
pre-trained CNN models, model training and validation, model evaluation, and finally, model deployment.

80%

—

Load pre-

trained CNN
10%
De'lt'a' Image . Dat.a'set > Validation Set MECEEE
Acquisition Preprocessing Spliting ResNet50
InceptionV3

MobileNetV3

10%
mmmmn e Testing Test
Performance
Evaluation of
Models

Model
Deployment

Figure 1. Conceptual framework

2.1. Dataset acquisition

The dataset used for this study was made of 8,000 images across four classes, namely, normal,
cataract, glaucoma, and diabetic retinopathy. This dataset was formed from the combination of two distinct
datasets. The first was the Chaksu fundus image database, which consists of 1,345 retinal fundus images
categorized into two classes, namely, normal eye images and glaucoma, retrieved from Figshare [25]. The
second dataset was privately sourced, which included about 6,655 images divided into four classes, namely,
normal eye images, cataract, glaucoma, and diabetic retinopathy. The two datasets were combined to create
an improved dataset and a robust dataset size for better training of models to prevent the problem of
generalization to unseen examples. Sample images from each class of image are depicted in Figure 2; also,
various sizes of classes of the dataset are depicted in Table 1. The combined dataset averages 2000 images in
each of the classes to handle the problem of unbalanced classes that could lead to biased training and poor
generalization. Figure 2(a) shows an eye disease condition called glaucoma, while Figures 2(b) and (c) show
that of cataracts and diabetic retinopathy, respectively, finally, Figure 2(d) shows the normal eye. Glaucoma
is an eye ailment that damages the optic nerve [11], [12]. This impairment can lead to blindness. Cataracts
are cloudy lenses that distress vision and can be instigated by ageing, injury, or other factors [7]-[9]. Diabetic
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retinopathy is a diabetes complication that affects the eyes and is caused by a hurt to the blood vessels of the
light-sensitive tissue at the retina (the back of the eye) [15]-[17].

Table 1. Groups of fundus images for the diseases
Disease (classes) type  No of images

Cataract 2000
Glaucoma 2000
Diabetic retinopathy 2000
Normal eye image 2000

(b) (©) (d)

Figure 2. Sample of fundus images from the dataset with various eye conditions (a) glaucoma, (b) cataract,
(c) diabetic retinopathy, and (d) normal eye

2.2. Image pre-processing

The image preprocessing phase consists of a series of key steps: cleaning of images, resizing, and
normalisation. At the image cleaning stage, all the faulty, blurred, or incomplete images are removed from
the dataset so that the model trains on high-quality data. It involves identifying and removing images with
possible noise or irrelevant information, which might negatively impact model performance. Following this,
the images are resized to the same dimensions in a way that they are consistent across the dataset. The
transformation of pixel coordinates from the original image to the resized image is mathematically
represented as (1) and (2):

X

X=WXW (1)

y' =% H @

where (x,y) are the original pixel coordinates and (x',y’) are the coordinates after resizing, thereby making all
images of the same size, which is a prerequisite for efficient batch processing and reduces computational
burden during training. Normalization is the final step, where normalization is performed on the pixel values,
bringing them into a common range, ranging from in between 0 and 1, so that the model is given inputs of the
same intensity levels. It is done using min-max scaling, in which every original image pixel value p (between
0 and 255) is scaled as provided in (3):

f P

2.3. Dataset splitting

This research's dataset comprises a total of 8,000 images, equally divided into four classes with
2,000 images per class (cataract, glaucoma, diabetic retinopathy, and normal). To improve and generalize the
model performance, the dataset was divided into a strategic split, that is, 80% for training for the model to
learn from large data and understand all possible patterns for its categories. Furthermore, 10% was allotted
for validation, which is used to monitor the model training performance. The validation set allows
generalization and adjustment of hyperparameters during training. The last 10% was held out for the test set.
It helps in giving an unbiased estimate of how well the model will perform after training and validation.
Testing on unseen data will determine how the model carries out its performance and accuracy in annotating
images for every category. The proportions of the data split are recorded in Table 2.
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Table 2. Dataset split ratio

Classes Training set (80%)  Validation set (10%)  Testing set (10%)
Cataract 1600 200 200
Glaucoma 1600 200 200
Diabetic retinopathy 1600 200 200
Normal eye image 1600 200 200
Total 6400 800 800

2.4. Model selection

Based on appropriate data preprocessing and subsequent division into training and validation/test
datasets, three different CNN models were chosen and experimented with to gauge which model acted most
favourably for eye disease classification within its own category. The three choices for our study were
ResNet-50, InceptionV3, and MobileNetV3, which are all now considered state-of-the-art architectures in
deep learning. ResNet-50, InceptionV3, and MobileNetV3 were selected for eye disease classification as they
have been widely shown to efficiently extract subtle patterns in medical imaging. Training speed remains a
strong point for ResNet-50; as a consequence of forming deeper networks and implementing residual
connections, it now renders much faster training on large datasets. InceptionV3 excels in multi-scale feature
extraction, which is of utmost importance in recognising subtle features in eye diseases. On the other hand,
MobileNetV3, as a lightweight real-time on-device classifier, is extremely efficient and, therefore,
well-suited for a web-based health application.

2.5. Model configuration

The inceptionV3 on the input resolution was 299x299, the ResNet-50 and MobileNetV3 were
224%224 pixels, which is a standard size for the majority of image classification issues, including medical image
issues. The input resolution has a balance in that it collects enough image information without making
computational demands too heavy. It allows the model to extract key features from eye fundus images, e.g.,
those that are suggestive of eye diseases like diabetic retinopathy or glaucoma, and maintain processing times
within realistic bounds for actual applications in clinical scenarios. Pre-trained weights of ImageNet were
utilized with all three models, which provided a substantial gain via transfer learning. ImageNet, a large dataset
of over a million images distributed across a thousand categories, gives a consistent feature representation that
can be quickly fine-tuned for other applications. By starting the models from these pre-trained weights, the
network benefits from a strong foundation of learned features and can hence converge more quickly and attain
better accuracy with fewer labelled images specialized for eye disease. This approach is particularly beneficial
in medical imaging, where labelled retinal images are usually sparse and costly to obtain.

The layer count added at the end of the three architectures—ResNet-50, InceptionV3, and
MobileNetVV3—has been specially tuned for the specific task of eye disease classification, as shown in the
pipeline Figure 3.

a. Flatten layer: the Flatten() layer converts the multi-dimensional output from the convolutional base into a
one-dimensional vector. This transition from convolutional layers to fully connected layers is essential for
preparing the features extracted from retinal images for classification by the subsequent dense layers.

b. dense layer (256 units, swish activation): the first dense (256, activation=swish) layer introduces 256 fully
connected neurons with the swish activation function. Swish is a smooth, non-monotonic function defined

by (4).
Swish (x) = x - sigmoid(x) 4)

The swish activation function makes the model more able to learn non-linear, subtle representations. This
allows the model to capture subtle retinal image features, such as faint diabetic retinopathy, glaucoma, or
cataract expressions.

c. Dropout layer (50%): a dropout (0.5) layer is added as a regularization and overfitting prevention
mechanism. This layer causes the model to perform well on new data by randomly zeroing 50% of the
neurons during every training iteration, which is particularly crucial in medical imaging, where training
sets are small.

d. Dense layer (128 units, swish activation): the dense (128, activation=swish) layer is again utilized here to
increase the ability of the model to learn from retinal images and detect more accurate eye disease complex
patterns. Again, swish is used here because it can speed up learning in deep networks.

e. Dropout layer (50%): another dropout (0.5) layer is included to maintain the regularization effect and avoid
overfitting again as the model becomes deeper and learns increasingly abstract representations of eye
disease features.

Development of a web-based application for real-time eye disease classification ... (Kennedy Okokpujie)



564 a ISSN: 2089-4864

f. Output layer: the output dense (K, activation="softmax", kernel_regularizer=12(0.001)) layer generates
probability distributions over the K classes of the dataset (normal, diabetic retinopathy, glaucoma,
cataract). Softmax activation ensures the output probabilities sum to one, making the model's class
predictions interpretable. L2 regularization prevents overfitting by penalizing large weights, keeping the
model robust and generalizable.

Input Image
Base Models
InceptionV3
ResNet-50 Flatten Dense 256 + Swish
299x299 .
oax22a MobileNetv3
Dropout (0.5)
Cataract
Glaucoma
Dense K + Softmax Dropout (0.5) Dense 128 + Swish
Diabetic retinopath
Normat Output

Figure 3. Transfer learning pipeline

This combination of layers has facilitated the model to extract key features from retinal images with
speed and then accurately classify them. The swish activation function, dropout regularization, and L2
regularization on output layers improved the performance of models for the eye disease classification task in
that regard.

The hyperparameters of Table 3 were the various configurations used to train the three variants of
CNN adopted for this study. All three models made use of a categorical cross-entropy loss function, suitable
for the multi-class classification. The models are trained by 32 batch sizes, which is the standard in memory
efficiency and model convergence. All the models were trained at a fixed epoch of 20, allowing each model
enough time to learn from the inputted data. Early stopping, with a patience of 3, avoids overfitting by
shutting down training if validation loss does not drop for the subsequent three iterations. For the sake of a
web application that scales to do real-time classification of eye disease, image size and model complexity are
both important considerations to achieving optimal accuracy and processing speed. The InceptionV3
performs on comparatively larger images (299x299). While this may increase accuracy, it would become
more computationally expensive, impacting the model's suitability for real-time applications on
resource-constrained devices. In contrast, the 224x224 image resolution of MobileNetV3 and ResNet-50 is a
compromise of model performance versus computational cost, hence their applicability to web applications
where low latency is a key component for real-time predictions. All the models are ensured to be efficiently
trained and converged owing to the Adam optimizer with a 0.001 learning rate, while training, validation, and
test splits of 80:10:10 make sure proper training, validation, and testing have been done. All the above
configurations allow for the performance optimization and accuracy of the models.

Table 3. Hyper parameters in the Rexnet-50, MobilenetV3, and Inceptionv3 models

Parameters InceptionV3 MobileNetV3 ResNet-50
Image size 299x299 224%224 224%224
Batch size 32 32 32
Epochs 20 20 20
Patience 3 3 3
Learning rate 0.001 0.001 0.001
Optimizer Adam Adam Adam
Loss function Categorical cross-entropy  Categorical cross-entropy ~ Categorical cross-entropy
Training split 80% 80% 80%
Validation split  10% 10% 10%
Test split 10% 10% 10%
Callbacks Early stopping Early stopping Early stopping
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2.6. Model evaluation parametric

The confusion matrix was utilized to quantify the performance of the deep CNN model developed to
predict eye diseases from fundus images. The performance of the model was quantified in terms of accuracy,
precision, recall, and the F1-score for 4-way and 3-way eye disease classifications. Accuracy estimated the
overall ratio of correct classifications, but this metric would be misleading if the dataset was unbalanced since
some eye diseases could be more prevalent than others. Precision estimated the ratio of true positive
predictions—i.e., identifying instances of a specific eye disease out of all positive predictions by the algorithm.
Thus, this metric was pretty essential for reducing false positives, such as in the case of putting a healthy eye in
the diseased category. Recall measured the model's ability to detect all true positive cases, which was
extraordinarily important when the situation was such that missing a diagnosis of a disease (for example,
glaucoma or diabetic retinopathy) had serious clinical ramifications. Finally, the F1-score attained an equal
balance between precision and recall and was extremely useful in instances of skewed prevalence of diseases by
category, which is typical in healthcare datasets. Such a measure guaranteed the web-based system for eye
disease classification was accurate and trustworthy in real-time application in clinical environments.
Mathematical expressions used for precision, accuracy, recall, and F1-score are given by (5)-(8) [26], [27]:

TP+TN

Accuracy = TP+TN+FP+FN X
PPV = 2 i
TP+FP
TP TP
Recall (TPR) = P TP+FN !
Fl = 2 x PPVXTPR ©®
PPV+TPR

where: positive predictive value (PPV), true positive rate (TPR), false negative (FN), false positive (FP), and
true positive (TP).

2.7. Development of web-based application
Adopting a user-friendly approach, this research developed a web-oriented application intending the
real-time classification of eye diseases based on deep CNN models. The web interface developed on the

Flask framework at the back end and HTML/CSS/JavaScript at the front end was meant for researchers

uploading and classifying eye images into categories of different eye diseases such as cataracts, glaucoma,

diabetic retinopathy, and normal status. The application provided a dynamic and responsive front end for the
presentation of the classification outcomes in real-time. The phases were outlined as follows:

a. Configuring the web interface: the web application began with Flask being used as the back-end
framework to handle user requests and manage interactions with deep learning models. The front-end was
created with HTML and CSS to create a responsive and clean layout. The layout included a middle file
upload button to allow users to upload their eye images and a space to show the classification output.

b. Uploading and displaying eye images: the upload image button gives the user access to upload an eye
image from the personal workstation. A file dialogue will appear for the user to search and select the
image he/she wants to classify. After choosing an image, resizing and pre-processing were done within
the Pillow library. The image was shown on the web interface so the user could get a good look at it
before classification.

c. Displaying results of classification: the model output showed the predicted class of eye disease and was
presented on the web interface, allowing users to easily identify what disease the model predicted.

2.8. System specfication

The research was carried out on an HP Pavilion 15 laptop with an Intel Core™ i5-7200U processor
(2.50 GHz, up to 2.71 GHz), 16 GB memory, and 256 GB SSD storage using the operating system Windows
10 Professional. The backend was done using Flask, and the frontend of a web-based application for
real-time eye disease classification using CNN was done using HTML, CSS, and JavaScript. And Keras was
used for building the models, Pillow and OpenCV for image processing. NumPy, Pandas, and Matplotlib
took care of data manipulation and visualization, and SQL.ite was used to store metadata. Despite using these
libraries, the lack of a GPU made it challenging to train the complex InceptionVV3, MobileNetV3, and
ResNet-50 models. More prolonged training hours resulted from the high image resolutions and high
computational costs (299 times 299 pixels and 224 times 224 pixels) that the system with 16 GB RAM was
working at full throttle during backpropagation and data splitting. This meant longer epochs; ultimately, the
web application that could classify in real time was developed.
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3. RESULTS AND DISCUSSION

All the chosen CNN models were well-trained, and their output was then visualized to check each
one of them separately. Six models were derived from the chosen CNN architecture on the basis of training
three-class and four-class datasets. Table 4 illustrates various CNN architectures and corresponding models
for two classification problems: 3-class and 4-class. The table states three CNN architectures—ResNet-50,
InceptionV3, and MobileNetVV3—and their respective models for both classification tasks.

Table 4. CNN architectures with models
CNN models 3-class 4-class
Resnet-50 Model-1 Model-2
InceptionV3 Model-3 Model-4
MobilenetV3 ~ Model-5 Model-6

For the 3-class classification task, ResNet-50 is referred to by Model-1, Model-3 refers to
InceptionV3, and Model-5 refers to MobileNetV3. Also, for the 4-class classification task, ResNet-50 is
referred to by Model-2, Model-4 refers to InceptionV3, and Model-6 refers to MobileNetV3.

3.1. Resnet-50 (Model-1)

Figure 4 illustrates the training accuracy, validation accuracy, training loss, and validation of the
ResNet 50 model-1 over 20 epochs in the training process. The training accuracy increases gradually and
stabilizes, indicating that the model better fits the training data with the passage of time. The validation
accuracy first increases peaks at epoch 10 and remains slightly fluctuating thereafter. This shows that the
model does the best generalization to new data at epoch 10 but subsequently might overfit since training
accuracy will continue to increase while validation accuracy will not. The training loss, which continuously
decreases, shows that the model is learning and optimizing its fit to the training set. Also, the validation loss
initially decreases and reaches its minimum at epoch 10. Subsequent to epoch 10, the validation loss starts to
fluctuate and increase somewhat, showing that the model begins to overfit, capturing noise in the training set
rather than patterns that are generalizable. This pattern is in agreement with the observation that epoch 10
offers the best trade-off between training and validation performance. All in all, model-1 (ResNet-50) was
able to reach a training accuracy of 97% and a validation accuracy of 93%. Also, 0.2 training loss and 0.35
validation loss were achieved.
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Figure 4. Training and validation loss and accuracy for Resnet-50 Model-1

3.2. Resnet-50 (Model-2)

The graph in Figure 5 depicts training accuracy, validation accuracy, training loss, and validation
loss for ResNet-50 (Model-2) after 20 epochs during training. The training accuracy continually increases
and plateaus, i.e., the model improves at fitting the training data over time. The validation accuracy initially
increases peaks at epoch 13 and fluctuates slightly afterwards. This pattern shows that the model is best on
unseen data at epoch 13. Subsequently, while the training accuracy continues to improve, the validation
accuracy does not, which is an indication of overfitting. The training loss continues to decrease steadily,
indicating that the model is learning and improving at fitting the training data. The validation loss decreases
initially and is lowest at epoch 12. Beyond epoch 12, the validation loss starts to fluctuate slightly but does
not increase much, meaning mild overfitting, whereby the model starts to learn a bit of noise in the training
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data instead of generalizable trends. This follows the fact that epoch 12 provides the best trade-off between
training and validation performance. ResNet-50 (Model-2) achieved training accuracy, validation accuracy,
training loss, and validation loss of 98%, 94%, 0.1, and 0.2, respectively.
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Figure 5. Training and validation loss and accuracy for Resnet-50 Model-2

3.3. InceptionV3 (Model-3)

Figure 6 illustrates the training accuracy, validation accuracy, training loss, and validation loss of
InceptionV3 (Model-3). The training accuracy steadily increases, showing that the model improves its fit to
the training data more and more as time passes. The validation accuracy initially rises and reaches a
maximum around epoch 10, and this shows that this is the best-seen performance on unseen data. Following
this, although training accuracy continues to improve, validation accuracy changes very slightly and no
longer increase linearly, indicating an opportunity for overfitting. This type of pattern recognizes that epoch
10 provides the best trade-off between training and validation performance for the model in question so that
generalization is very good with no indication of an overfitting tendency. Training loss, moreover, decreases
monotonically, indicating the model learns well and improves too. Its suitability to the training data.

At the beginning, there is a decrease, and it continues to be the lowest point at epoch 10. Starting
from then, the validation loss starts becoming highly spasmodic but never reaches the initial value, showing
slight overfitting where the model tends to fill some information of the noise in the training data instead of
generalizable patterns.
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Figure 6. Training and validation loss and accuracy for Inception\V3 Model-3

3.4. InceptionVV3 (Model-4)

InceptionV3 (Model-4) training accuracy, validation accuracy, training loss, and validation after
20 epochs during the process of training are shown in Figure 7. The training accuracy is growing slowly over
time, showing that the model is adapting increasingly well to the training data. The training accuracy kept on
increasing past epoch 12, but with regard to validation accuracy, there was no consistent improvement. This
indicated some level of overfitting, where the model is learning patterns relying on only training data that
falls short on new data. The validation loss was initiated high and soon dipped down to as low as possible at
epoch 12—the pinnacle of model performance on unseen data. After more than epoch 12, validation loss
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started to vary a little, showing some early signs of overfitting since the model now concentrates only on
training data patterns instead of generalized characteristics. This is in comparison to the steadily decreasing
training loss across all epochs, reflecting a better fit of the model to training data. This move confirms that
epoch 12 gives the best balance between training and validation loss to allow for correct generalization
without much overfitting. Overall, the InceptionV3 (Model-4) achieved training and validation accuracy of
93% and 86%, respectively, as well as training and validation loss of 0.2 and 0.5.
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Figure 7. Training and validation loss and accuracy for Model-4

3.5. MobileNetV3 (Model-5)

From Figure 8, training accuracy consistently increases with epochs, demonstrating improvement in
the model fitting the training data consistently. Validation accuracy rises and peaks at epoch 16, which is the
best performance on new data at this point. With epoch 16 and beyond, although training accuracy continues to
improve, validation accuracy begins to fluctuate, indicating potential overfitting where the model now learns
noise rather than patterns that would generalize. This trend identifies epoch 16 as an epoch that provides an
optimum trade-off between training and validation performance in generalization with no overfitting.

08 Training and Validation Loss Training and Validation Accuracy
=== Training loss
== \/alidation loss
0.6 @® best epoch= 20
>
(e}
o
=}
o]
<
0.80 === Training Accuracy
= \/alidation Accuracy
0.75 @ bestepoch= 16
5 10 15 20 5 10 15 20
Epochs Epochs

Figure 8. Training and validation loss and accuracy for MobiNetV3 (Model-5)

The training loss is still decreasing across epochs, meaning that the model continues to learn to fit
the training data more effectively. The validation loss initially decreases but, after a few epochs, starts
oscillating without a clear downward tendency, indicating the model's variable generalization performance on
unseen data. It is found at epoch 20, the optimum epoch, and it reflects that this epoch offers the best relation
between training performance and generalization ability before potential overfitting starts. The MobileNetV3
(Model-5) had a training accuracy and training loss of 98% and 0.8 and a validation accuracy and validation
loss of 95% and 0.2, respectively.

3.6. MobileNetV3 (Model-6)

In Figure 9, it is observed that training accuracy increases consistently by epochs as a result of the
persistent progress of the model in fitting the training data. Validation accuracy also increases and is at its
peak at epoch 20, showing the best performance on unseen data here. While the training accuracy continues
to rise, the validation accuracy is constant, which means that the model is generalizing well with no strong
sign of overfitting. This performance suggests that epoch 20 provides the best compromise between training

Int J Reconfigurable & Embedded Syst, Vol. 14, No. 2, July 2025: 558-574



Int J Reconfigurable & Embedded Syst ISSN: 2089-4864 a 569

and validation performance for good generalization. Besides, the training loss continues to decrease
throughout the epochs, which means that the model is learning successfully and is improving its fit to the
training data. Validation loss also decreases at first and is lowest at epoch 20, suggesting the best
performance on unseen data at this epoch. Contrary to the overfitting trends seen before, validation loss does
not vary or increase significantly after its minimum, suggesting good generalization. This trend aligns with
the observation that epoch 20 gives the best balance between training and validation performance.
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Figure 9. Training and validation loss and accuracy for MobiNetV3 (Model-6)

3.7. Models performance in terms of confusion matrices

A confusion matrix was used in terms of evaluating the performance of the classification models and
obtaining better insight into their behaviour. It consists of two types of elements: diagonal and off-diagonal.
Diagonal elements are those where the labels predicted were the same as the actual labels, i.e., accurate
classification. A denser population diagonal suggests reduced misclassifications, while less populated
off-diagonal values suggest fewer misclassifications.

On the other hand, the off-diagonal entries highlight where the classifier mislabelled or misclassified
the data. A denser population diagonal suggests reduced misclassifications, while less populated off-diagonal
values suggest fewer misclassifications. This makes the confusion matrix a rich source for making a complete
report of the overall classification performance of the model for all classes. Figures 10-15 illustrate the
ResNet-50 (Model-1 and Model-2), InceptionVV3 (Model-3 and Model-4), and MobileNetV3 (Model-5 and
Model-6) confusion matrices, offering an inclusive analysis of their performance.
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Figure 10. Confusion matrix for Model-1 Figure 11. Confusion matrix for Model-2

The confusion matrix was central to evaluating the real-time eye disease classification model. It
confirmed the capability of the model to identify specific eye diseases correctly and disclosed
misclassification patterns among visually pertinent diseases, which offered useful insight into improving the
CNN to perform more effectively.
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3.8. Discussion

The performance is measured as classification accuracy, precision, F1-score, and recall of the three
models (MobileNetV3, ResNet-50, and InceptionV3) for 3-class and 4-class eye disease classification is
represented in Table 5. The findings highlight the performance of the models in relation to developing a
scalable web-based application for real-time eye disease classification. MobileNetV3 does exhibit steady
high performance, particularly being very effective in recall (99% for 3-class and 100% for 4-class),
demonstrating its capability in precise identification of eye diseases. ResNet-50 and InceptionV3 are also
good, with ResNet-50 exhibiting balanced values for the 4-class task (97% accuracy and 98% precision,
F1-score, and recall) and InceptionVV3 with slightly lower but comparable performance. All models were
evaluated on 3-way and 4-way classification to see how performance varied as the size and class of the
dataset increased.

Table 5. Average of performance results for the classes

Dataset type Metrics MobileNetV3 (%) ResNet-50 (%)  InceptionV3 (%)
3-class Accuracy 97 98 98
Precision 97 95 95
Fl-score 98 95 95
Recall 99 94 94
4-class Accuracy 96 97 95
Precision 97 98 93
F1-score 98 98 94
Recall 100 98 96
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3.9. Model deployment

Here in this research, after the models were trained and tested, the ResNet-50 (Model-2) with four
classes was used in the web-based application due to its performance as well as the number of classes in the
dataset. Figure 16 illustrates an important aspect of the user interface and application workflow. This
highlights the process from picture selection to their scan and ultimate prediction by the model, which is
trained. Image selection, being the initial step, allows for the upload of eye images, typically captured through
retinal scanning or similar technology, onto the web program. Once a picture is selected, the system is
automatically switched to scan mode. At this point, the application pre-processes the picture, such as resizing
and normalizing, so that it is in its right format. The real-time functionality of the application facilitates giving
the results very fast so that healthcare professionals or patients can make sound decisions in time.
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Figure 16. Images from web deployment

3.10. Comparative analysis

This section provides the comparative analysis of the deployed model with the closest related work in
precision, recall, accuracy, F1-score, and deployment mode. Different classifiers' performance, such as the
deployed model based on ResNet-50, is compared in Table 6. Among the provided models, the deployed
model performs better in precision, recall, and F1-score, all of which are 98%, and accuracy is very high at
97%. In contrast to the previous high-performing model, MobileNet [18], with an accuracy of 97.49%, the
presented model exhibits significantly improved precision (+2.79%), recall (+3.17%), and F1-score (+3.17%)
and hence better control of both false positives and false negatives. Further, it outperforms ResNet [23] and
VGG16 [28] in recall and F1-score, which are of most importance in sensitivity and specificity-demanding
applications. EfficientBO [22] falls significantly behind in all the metrics, so the developed model is an
improvement. Besides performance, the deployment aspect also points to the practicality and usability of the
developed model. In contrast to the other models, which have not been deployed, the developed ResNet-50
model is incorporated into a web application, making it more accessible and applicable in real-world scenarios.
This deployment demonstrates the model's readiness for end-user adoption, a step ahead of theoretical
improvements. In addition, with a dataset of size 8000, the proposed model enjoys an ideal trade-off between
performance and computation and performs competitively compared to models trained from extremely large
datasets like ResNet ([23]), which used 31,548 samples. Overall, the proposed model not only gains better
evaluation metrics but is also useful in practice, hence an overall improvement over previous work.
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Table 6. Comparative analysis of developed model with most recent related research
Dataset Evaluation metrics

Author Classifier size Accuracy (%)  Precision (%) Recall (%) Fl-score (%) Deployment
Siddique et al. [18]  MobileNet 2201 97.49 95.21 94.83 94.83 No
Arif et al. [22] EfficientBO 3600 79.22 80.30 79.22 78.87 No
Du et al. [23] ResNet 31548 92.37 94.50 89 91.40 No
Dipu et al. [28] VGG16 5000 97.23 96.73 93.76 95.22 No
Developed model ResNet-50 8000 97 98 98 98 Web application

4. CONCLUSION

Deep learning has quickly become a strong solution for detection and classification issues, with
precise accuracy that has made it mainstream in the medical field. Despite this, investigating how to improve
existing mechanisms for optimal detection and classification is a behemoth task for researchers. This paper
presents a web-based real-time approach to the classification of eye disease from eye images, spurred by the
need to minimise the impact of eye-related conditions that lead to the blindness of 39 million humans around
the world. The research began with collecting eye image datasets of cataracts, glaucoma, diabetic
retinopathy, and normal eyes. Then, the collected eye images were preprocessed by cleaning them and
resizing them so that they were as needed for input sizes by the selected models. The three CNN pre-trained
models, ResNet-50, Inception V3, and MobileNetV3, were exhaustively trained on the eye images in an
attempt to determine the most effective model and a suitable model for eye disease classification. The
performance evaluation findings revealed that ResNet-50 was the highest performing in both the 4-way and
3-way classifications with accuracies of 97% and 98%, respectively. In addition, after evaluation and
training, the ResNet-50 4-way classification model was implemented in a web-based application because of
its performance and the number of eye diseases that it could classify.

The findings of this research highlight the potential of CNNs for application in medicine,
particularly in reducing reliance on experts and enabling increased access to high-quality diagnostic tools,
particularly in resource-constrained environments. The method has the potential to dramatically enhance eye
disease diagnosis using real-time facilities, providing invaluable assistance in scenarios where specialist
ophthalmologists can be in short supply. Nevertheless, one main drawback of the present study is that it
examined only a couple of eye diseases with a restricted dataset and that it was tested only on a web-based
system. Follow-up studies need to focus on expanding the dataset with a broader cross-section of ethnic
groups and demographic variables to enhance the generalizability and robustness of the model, and a rollout
to a mobile app should be contemplated for offline accessibility and higher security reasons.

For future research, the authors suggest that the dataset be hybridised across all races and that data
collection be increased for more specific improvements. Furthermore, increasing the number of eye diseases
classified, exploring other deep learning architectures, and integrating mobile-based deployment could greatly
advance the research in this area. Incorporating Al into the field of medicine, such as this developed model,
would create new strategies for enhancing disease detection. These findings could enhance the detection and
help in the early treatment of eye diseases such as glaucoma, diabetic retinopathy, and macular degeneration.
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