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Abstract: Eye illness detection is important, yet it can be difficult and error-prone. In
order to effectively and promptly diagnose eye problems, doctors must use cutting-edge
technologies. The goal of this research paper is to develop a sophisticated model that
will help physicians detect different eye conditions early on. These conditions include
age-related macular degeneration (AMD), diabetic retinopathy, cataracts, myopia, and
glaucoma. Common eye conditions include cataracts, which cloud the lens and cause
blurred vision, and glaucoma, which can cause vision loss due to damage to the optic nerve.
The two conditions that could cause blindness if treatment is not received are age-related
macular degeneration (AMD) and diabetic retinopathy, a side effect of diabetes that destroys
the blood vessels in the retina. Problems include myopic macular degeneration, glaucoma,
and retinal detachment—severe types of nearsightedness that are typically defined as
having a refractive error of –5 diopters or higher—are also more likely to occur in people
with high myopia. We intend to apply a user-friendly approach that will allow for faster
and more efficient examinations. Our research attempts to streamline the eye examination
procedure, making it simpler and more accessible than traditional hospital approaches.
Our goal is to use deep learning and machine learning to develop an extremely accurate
model that can assess medical images, such as eye retinal scans. This was accomplished
by using a huge dataset to train the machine learning and deep learning model, as well as
sophisticated image processing techniques to assist the algorithm in identifying patterns of
various eye illnesses. Following training, we discovered that the CNN, VggNet, MobileNet,
and hybrid Deep Learning models outperformed the SVM and Random Forest machine
learning models in terms of accuracy, achieving above 98%. Therefore, our model could
assist physicians in enhancing patient outcomes, raising survival rates, and creating more
effective treatment plans for patients with these illnesses.

Keywords: eye disease prediction; disease prediction; deep learning; machine learning

1. Introduction
As a critical sense organ, sight enables people to experience the world. Because it

allows us to perceive and comprehend color, navigate our environment, and process
visual information, it is vital to our daily lives. It should be mentioned that a number of
illnesses can impact the eye as a whole or certain regions, leading to issues with vision and
possible complications.

The most frequent potentially blinding condition that eye surgeons deal with is called
a cataract, which is an opacity of the lens that clouds the lens and produces blurred vision.
The word “cataract” is only used when the opaque lens fibers start to obstruct vision [1].
Glaucoma is a group of eye disorders; their shared characteristic is progressive optic nerve
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degeneration, which includes gradual excavation of the optic disc, thinning of the retinal
nerve fiber layer, and loss of retinal ganglion cells. Glaucoma can result in vision loss
because of the damage of the optic nerve [2].

Age-related macular degeneration (AMD) and diabetic retinopathy, a consequence of
diabetes that damages the blood vessels in the retina, are the two diseases that might result
in blindness if treatment is not received. Age-related macular degeneration (AMD) [3,4] is a
complex condition influenced by hereditary variations and environmental factors. It is the
most common cause of severe sight loss in Americans over 50. AMD causes hard drusen,
a nonexudative stage, and soft drusen, widespread RPE dysfunction, and geographic atro-
phy, making the eye more susceptible. Diabetes significantly impacts various body organs,
including the eyes, with diabetic retinopathy (DR) being the most common manifestation.
One of the most common causes of blindness in diabetics is diabetic retinopathy [5]. DR
primarily affects the retina, which absorbs light and transmits information to the brain.
High blood glucose levels can damage retinal blood vessels [6], leading to fluid leakage
and potentially causing blindness or irreversible blindness [7]. DR is a significant and
dangerous illness due to its significant ramifications.

Uncorrected myopia is the primary cause of distance vision impairment worldwide,
and it is a prevalent cause of vision loss [8]. High myopia is defined as myopia that advances
to the point where a person requires –5 dioptres (D) or more of spherical correction. Myopia
is defined as the spherical equivalent of –0.50 diopter (D) or less. High myopia also increases
the risk of problems such myopic macular degeneration, glaucoma, and retinal detachment,
which are severe forms of nearsightedness that are usually characterized as having a
refractive error of –5 diopters or more. Visual impairment from this illness can be severe.
The significance of regular eye checkups is shown by these different eye conditions. Leading
a healthy lifestyle and controlling other medical disorders like diabetes and hypertension
are also essential for maintaining excellent eye health and protecting vision.

Effective treatment of eye diseases depends on early detection because symptoms
may appear later. The progressive nature of eye illnesses emphasizes how crucial prompt
diagnosis and treatment are to preventing irreversible vision loss. Retinal image grading
by hand takes a lot of effort and is error-prone. Hospital eye exams usually involve a
complex procedure that combines a number of diagnostic instruments with the knowledge
of medical specialists to precisely identify and diagnose eye disorders. These diagnostic
instruments are frequently pricey, however. A digital image of the back of the eye, including
the retina, is captured using a retinal camera. It is costly and necessitates a skilled physician
to conduct the examination, which is used to record eye conditions. Numerous conventional
methods, including fluorescein angiography, dilated fundus examinations, tonometry, slit
lamp examinations, and visual acuity testing, have long been used in hospitals.

Recent developments in artificial intelligence (AI)-based computer-aided diagnostics
(CAD) have created automated techniques for recognizing and categorizing eye disorders
from fundus photos [9–12]. It takes a lot of effort and complexity to generalize both the
feature extraction and selection process. Deep learning, or DL, is an effective technique for
automatically identifying features in photos. DL models has demonstrated remarkable pre-
cision in classifying medical photos [13,14]. New research looks into a number of machine
learning and deep learning methods that have become effective tools for analyzing medical
images, particularly retinal scans, and forecasting eye conditions in order to provide prompt
and accurate diagnosis. These methods include Explainable Deep Learning, Generative
Adversarial Networks (GANs), Recurrent Neural Networks (RNNs), Convolutional Neural
Networks (CNNs), Attention Mechanisms, and Transfer Learning. Healthcare providers
can more efficiently identify and treat eye conditions thanks to these methods’ ability to
process vast volumes of data fast and precisely.
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This research paper supports a game-changing approach that uses cutting-edge algo-
rithms and deep learning techniques to evaluate retinal pictures with previously-unheard-of
accuracy. Convolutional neural networks (CNNs), which include advanced architectures
like MobileNetV1 and VGGNet, are one of these methods. These algorithms may be trained
to recognize fine details and complex patterns in retinal pictures. These models learn to
differentiate between various eye disorders and recognize markers of ocular health by
analyzing datasets that include a range of ocular pathologies and healthy retinas. As a
result, this technological development gives medical professionals better diagnostic tools,
enabling more precise evaluations and well-informed treatment choices for their patients.
With the help of our model, which can categorize conditions like glaucoma and cataracts,
this approach is especially useful for medical professionals who are not actively involved
in treating eye diseases to identify early indicators of eye problems.

Despite the fact that most studies employ the CNN deep learning model, we will use
a variety of models in our investigation, including CNN, VGGNet, MobileNet, and RNN.
Although the majority of the research only use one dataset, we will use six sets. Our
study will examine multiple eye diseases, such as cataracts, myopia, glaucoma, diabetic
retinopathy, and age-related macular degeneration (AMD), whereas most studies only
examine one.

This study’s objective is to create a model that uses retinal eye images to identify
the presence of eye diseases. To find patterns and anomalies that might point to eye
conditions, the model will employ image processing and feature extraction techniques.
A variety of tagged retinal eye images will be used to train them. To achieve high accuracy
and dependability, the model will be tuned to reduce false positives and false negatives.
The quality of the dataset will be improved by the application of data collection, pre-
processing, and augmentation techniques. The following image processing techniques
will be applied: segmentation, normalization, and augmentation. The model will then
be trained using the dataset, and its performance will be enhanced through the use of
optimization techniques. This technology seeks to improve patient outcomes and survival
rates by helping medical professionals detect, diagnose, and treat eye problems more
quickly, enabling professionals in this area to assess patients’ eyes right away in order to
stop the problem from getting worse. By identifying these illnesses early, people can take
preventative measures.

This paper is organized as follows. The related work is discussed in Section 2. Section 3
explains the details of the suggested research methodology and experimental setup, includ-
ing the datasets used, the techniques employed for data preparation and preprocessing,
and finally the model development. Section 4 reports the outcomes of the experiments and
evaluations. The paper is concluded in Section 5.

2. Related Work
Predicting eye diseases through the use of artificial intelligence to automate diagnostic

procedures has been the subject of extensive research. Research in the reviewed literature
either relied on deep learning models to predict eye diseases or compared DL learning
models with ML models, with some utilizing hybrid models.

• Deep Learning Models:
Certain studies only use deep learning models for eye illness prediction [10,11,15–18].
According to Jung et al. [15], age-related macular degeneration (AMD) can lead to
blindness if left untreated. Anti-vascular endothelial growth factor injections are often
necessary for patients with neovascular AMD (nAMD). The treat-and-extend approach
may increase the risk of overtreatment, but it is effective in minimizing visual loss
caused by recurrence. A study using 1076 spectral domain optical coherence tomogra-



Computation 2025, 13, 91 4 of 22

phy (OCT) pictures from 269 patients with nAMD found that a DenseNet201-based
model could predict nAMD recurrence with an accuracy of 53.0%. After examining
all images after the first, second, and third injections, the accuracy increased to 60.2%.
The model performed better than skilled ophthalmologists with an average accuracy
of 52.17% using a single preinjection image and 53.3% after analyzing four images
before and after three loading injections. The study primarily focused on neovascular
age-related macular eye conditions, but we aim to expand our scope and enhance
accuracy rate.
The study by Weni et al. [16] achieved a 95% accuracy rate using an epoch value of
50, effectively classifying photos into the designated class. The average accuracy of
ten photos was 88%. This aligns with our deep learning concepts and strategies, as it
predicts one eye condition. Traditional feature-representation-based algorithms for
cataract diagnosis rely on eye specialist classification, increasing the risk of incorrect
detection or misclassification. However, image categorization can be automated using
a convolutional neural network (CNN) for pattern identification. The study aimed
to increase the accuracy of cataract recognition and reduce data loss by adjusting the
number of epochs. The results showed that the number of epochs used significantly
impacts CNN data loss and accuracy, with the model’s accuracy increasing with the
epoch values used. Our study utilizes deep learning concepts and methods, focusing
on multiple eye disorders, resulting in higher accuracy compared to this study on
single eye disorders with lower accuracy.
Pathological myopia (PM) is a major cause of visual impairment worldwide, linked
to retinal degeneration. Early and precise diagnosis is crucial for effective treatment.
Computer-aided diagnostic techniques can increase screening effectiveness and afford-
ability. The study by Devda et al. [10] uses 400 image samples from the International
Symposium on Biomedical Imaging (ISBI) to categorize PM and non-PM images, to
detect, locate, and segment optical disc, fovea, and lesions like atrophy and detachment.
The authors utilized Convolutional Neural Networks (CNNs) for image classification and
the U-net model for image segmentation, achieving competitive results. They primarily
focused on detecting pathological myopia (PM), but a more expansive approach is aimed
at identifying multiple eye diseases. The study used one dataset, but we use multiple.
Junayed et al. [11] have developed a new method for detecting cataracts using artificial
intelligence, known as CataractNet. This technique uses a neural network to iden-
tify cataracts with 99.13% accuracy using eye pictures. Unlike previous algorithms,
CataractNet uses a small amount of data to train, making it faster and more effective.
The new technique has the potential to improve doctors’ detection and treatment
of cataracts. Our research aims to identify multiple eye illnesses, rather than just
cataracts, and will use six datasets.
Pathologic myopia, a condition that can lead to blindness and visual issues, is often
difficult to diagnose due to its lack of a common definition and the knowledge required
to analyze 3D images. Park et al. [17] developed an algorithm to automatically
diagnose this condition using 3D pictures. They used 367 patients who underwent
scans at two hospitals to create a deep learning model using four pretrained networks.
The model was found to be most accurate with a 95% success rate. Grad-CAM was
used to visualize the model’s elements.
Acar et al. [18] introduce an automated cataract disease diagnostic system using color
fundus pictures and deep learning models. The system detects anomalies in retinal
structures early, surpassing modern and conventional categorization techniques with a
diagnostic rate of 97.94%. This tool is crucial for early cataract identification and treat-
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ment, as computer-aided diagnostic systems are increasingly used in ophthalmology
due to the prevalence of vision impairments like cataracts.

• Deep Learning VS. Machine Learning Models:
Certain researchers frequently contrast deep learning models with machine learning
models for prediction accuracy [19–22]. Abbas [19] introduces Glaucoma-Deep, a new
method that uses multilayer processing and an unsupervised convolutional neural
network to extract characteristics from raw pixel intensities. The system uses an
annotated training dataset to determine the best discriminative deep features, and a
SoftMax linear classifier to distinguish glaucoma and nonglaucoma retinal fundus
images. The system’s performance was tested using 1200 retinal pictures from both
public and private datasets. The average performance was 84.50% SE, 98.01% SP, 99%
ACC, and 84% PRC, making it a promising tool for glaucoma eye disease identification
in large-scale settings. The research focuses on detecting glaucoma in the eye, a disease
we are investigating. However, we aim to predict multiple eye diseases using multiple
datasets, a step we plan to take in our comprehensive research.
Retinopathy, a condition affecting blood vessels in the eye, can cause bleeding, fluid
leakage, and vision impairment. It can cause red spots, altered color perception, impaired
vision, and eye pain. Thomas et al. [20] approach using Convolutional Neural Networks
(CNN) has been developed to automatically screen for diabetic retinopathy. The model
uses photographs of eyes with and without retinopathy, with fully connected layers
identifying the dataset and pooling layers reducing coherence. The feature loss factor
increases label value and kernel-based matching finds patterns.
Diabetes can cause diabetic retinopathy, which can cause intermittent vision issues or
blindness. This disorder is more common in individuals with diabetes due to inade-
quate blood sugar control. Early detection is crucial to prevent irreversible blindness.
Mushtaq et al. [22] developed a deep learning technique called the densely connected
convolutional network DenseNet-169 to detect diabetic retinopathy. This method
accurately determines the stages of the disease, from no retinopathy to severe and pro-
liferative retinopathy. The datasets used in this method include Diabetic Retinopathy
Detection 2015 and Aptos 2019 Blindness Detection from Kaggle. The approach has a
90% accuracy rate and a 78% accuracy rate in a regression model.

• Hybrid Models:
Some studies use hybrid or ensemble models to predict eye diseases [23–26]. Grass-
mann et al. [23] create an automated computer-based method for classifying age-
related macular degeneration (AMD) using color fundus images. The algorithm uses
a large dataset of 120,656 photos from the Age-Related Eye Disease Study (AREDS)
and 5555 photos from the Kooperative Gesundheitsforschung in der Region Augs-
burg (KORA) study. The goal is to provide a quick and accurate AMD classification
technique, reducing the need for manual fundus image inspection.
Diabetes retinopathy (DR) is a common side effect of long-term diabetes, causing eye
damage and potentially permanent blindness. Early detection is crucial for success-
ful treatment, but manual retinal image grading is time-consuming and error-prone.
The study by Mohanty et al. [24] presents two deep learning (DL) architectures for DR
detection and classification: the DenseNet 121 network and a hybrid network combining
VGG16 and XGBoost Classifier. The DenseNet 121 model achieved an accuracy of 97.30%,
while the hybrid network achieved 79.50%. Comparing the DenseNet 121 network with
other approaches, the DenseNet 121 model demonstrated higher performance. The study
concludes that DL architectures can be used to identify and categorize DR early on,
with the DenseNet 121 model showing exceptional performance.
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E-DenseNet is a hybrid model that the researches in [25]suggested be used for DR
early diagnosis. This model was created in response to research issues about the use of
a CNN for DR detection from retinal pictures. Traditional CNNs might not be able to
reliably differentiate between several lesion types with unique characteristics. In order
to create a bespoke hybrid architecture, the Eyenet and DenseNet models were stacked
on top of one other to create the E-DenseNet model. They find that the model’s ability
to identify and categorize various DR grades a quadratic kappa score of 0.883, dice
similarity coefficient of 92.45%, sensitivity of 96%, specificity of 69%, and average
accuracy of 91.2%, the E-DenseNet model demonstrated remarkable performance.
An ensemble learning-based method for cataract diagnosis and grading was presented
by Yang et al. [26]. Two learning models were created for each group after three
independent feature sets were retrieved. Two foundation learning models—the Sup-
port Vector Machine and the Back Propagation Neural Network—are constructed
for every feature collection. In order to merge the several base learning models for
the final fundus picture classification, the ensemble techniques of majority voting
and stacking are then examined. When it comes to the proper classification rates for
cataract detection and grading tasks, the ensemble classifier performs best at 93.2%
and 84.5%, respectively.

Table 1 shows a comparison between this research study and the relevant literature.
Although the CNN model is used in most studies, we will use multiple models in our
study, such as CNN, VGGNet, MobileNet, and RNN. In order to analyze medical images,
especially retinal scans, and anticipate different eye illnesses, deep learning techniques have
become extremely effective. Bali and Mansotra [14] analysis of Deep Learning Techniques
for Prediction of Eye Diseases demonstrates how promising deep learning is for developing
the area of eye disease prediction and for potentially improving patient outcomes. Further-
more, deep learning models were the most frequently utilized and reliable in predicting eye
diseases from retinal pictures among the examined literature in this study. As a result, we
employ DL models (VGGNet, MobileNet, and Hybrid (CNN) and (RNN)) in our analysis
and compare them to standard ML models (SVM and Random Forest), which were also
used in the reviewed literature. Although most studies only look at one eye illness as
shown by Table 1, ours will look at several, including cataracts, myopia, glaucoma, diabetic
retinopathy, and age-related macular degeneration (AMD). We will employ six sets of data,
although most of the studies use just one dataset.

Table 1. A comparison between this research study and the relevant literature.

Paper Predicted Eye Disease Used Algorithms Best Performance
Model Accuracy

Abbas [19] Glaucoma CNN, FFN, SVM and
Glaucoma-Deep

Glaucoma-Deep (CNN,
DBN, SoftMax) 99.0%

Jung et al. [15] neovascular agerelated
macular

VGG16, Xception, ResNet50,
DenseNet121, DenseNet169,

DenseNet201
DenseNet201 60.20%

Weni et al. [16] Cataract CNN CNN 95%

Devda et al. [10] Pathological Myopia CNN CNN 97.8%

Junayed et al. [11] Cataract MobileNet, VGG-16, VGG-19,
CataractNet CataractNet 99.13%

Park et al. [17] Pathologic myopia ResNext50, EfficientNetB0,
ResNext18, EfficientNetB4 EfficientNetB4 95%

Thomas et al. [20] Diabetic Retinopathy DREAM, KNN, GDCNN,
and SVM, CNN CNN 97%
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Table 1. Cont.

Paper Predicted Eye Disease Used Algorithms Best Performance
Model Accuracy

Acar et al. [18] cataract VGGNet, DenseNet VGGNet 97.94%

Mushtaq et al. [22] Diabetic retinopathy KNN, DenseNet-169 DenseNet-169 90%

Grassmann et al. [23] age-related macular
degeneration

AlexNet, GoogLeNet, VGG,
Inception-v3, ResNet,

InceptionResNet-v2, Ensemble:
random forest

Ensemble:
randomforest 63.3%

This research paper

Diabetic Retinopathy,
Glaucoma, High Myopia, Age

Degeneration, Cataract,
Normal

SVM, Random Forest, VGG16,
MobileNetV1, Hybrid Model MobileNetV1 98%

3. Research Methodology
3.1. Dataset

The disorders of the eyes Of the approximately six retinal image datasets available on
Kaggle, one comes from the figshare source. The chosen datasets were publically accessible
and utilized in related research [11,19,20]. These datasets are compiled from a number of
publically accessible sources: IDRiD, HRF, SMDG-19, aria, RFiMD, ORID19, and 1kim It
should be mentioned that research that concentrated on eye diseases applied its models to
a limited number of diseases, whereas our goal is to develop a model that can predict four
different diseases and expand the classification of the severity and types of some diseases.
This is why we chose multiple datasets, as each dataset has a limited number of samples.
To get more precise and superior results, we so gathered many datasets. Specialized eye
and retinal imaging equipment is used to capture every image.

Ocular Disease Intelligent Recognition (ODIR) [27]: This dataset includes 5000 patient
records, comprising age, color fundus images of the left and right eyes, and doctor diag-
nostic keywords, are arranged in an ophthalmic database. This dataset’s objective is to
present a “real-life” collection of patient data that Shanggong Medical Technology Co., Ltd.
collected from a number of hospitals and healthcare facilities in China. These organiza-
tions capture fundus shots using a range of cameras available on the market, including as
Canon, Zeiss, and Kowa, which provide images with varying resolutions. Annotations
were labeled by trained human readers under quality control management: pathological
myopia (M), hypertension (H), diabetes (D), glaucoma (G), cataract (C), age-related macular
degeneration (A), normal (N), and other diseases/abnormalities (O).

Dataset [28]: This dataset contains approximately 1000 retinal images per class, includ-
ing those for normal, diabetic retinopathy, cataracts, and glaucoma, which are included
in the dataset. These photos come from a variety of sources, including as HRF, ocular
recognition, and IDRiD.

The Retina Dataset [29]: This dataset is divided into four classes—300 photos are
categorized as normal retina, 100 images are labeled as retina disease, 100 images are
labeled as cataract, and 100 images are labeled as glaucoma.

ARMD Curated Dataset [30]: This dataset consists of 511 fundus photos that show
indications of age-related macular degeneration (ARMD). It only includes one class for
age-related macular diseases. It was assembled from four publicly available datasets:
the “Ocular Disease Intelligent Recognition” Dataset, the “Retinal Fundus Multi Disease
Image Dataset (RFMiD)”, the “Automated Retinal Image Analysis (ARIA) Dataset”, and
the “1000 Fundus Images with 39 Categories” on Kaggle. This dataset’s 300 by 300 pixel
photos have all been hand-picked to ensure superior quality and consistency.
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The Glaucoma SMDG-19 dataset [31]: This dataset is a compilation of 19 publicly
available datasets that have been standardized. The train, validation, and test sets of fundus
images for glaucoma detection are included in the PyTorch (https://pytorch.org/) format
glaucoma dataset. Additionally, it comprises two primary classes: Glaucoma Present
(designated by 1) and Glaucoma Not Present (designated by 0). There are twelve thousand
photos in all.

HPMI Dataset [32]: This dataset has several ocular tests (such as axial length and
visual acuity) confirming that the 4011 fundus photos in this dataset have the necessary
comments for HM and PM (high and pathological myopia, respectively). This is the biggest
fundus image dataset for HM and PM classification that we are aware of.

The data collection we will be using is the result of the combination of the previously
described datasets. The dataset includes retinal scans of the eyes, which are used to diag-
nose eye disorders. The distribution of the eye illness category among the eye retina images
in the used dataset is shown in Figure 1, which is the result of integrating many datasets.

Figure 1. Number of eye retina images for each category of eye disease.

3.2. Data Preparation and Preprocessing

The used data collection incorporates multiple sources from multiple datasets. More-
over, there are often several issues with real-world datasets that need to be resolved before
building a model. This proactive strategy is essential to maximize efficiency, guarantee
precision, and reduce possible mistakes. The following is a list of all the data prepro-
cessing techniques we used to address and resolve the issues in our dataset across all
disease classes.

• Resizing the images: Because our collection combines several sources from several
datasets, image sizes vary greatly. The datasets display a range of sizes; the common
range is between 512 × 500 pixels, and most often 255 × 255 pixels. Further data
analysis is difficult because varied sizes require different processing methods. Resiz-
ing can be used to get around this problem, standardizing the image’s dimensions
and guaranteeing consistent processing. The image resizing step ensured consistent
analysis by cropping images to their region of interest, reducing noise and enhancing
image quality and accuracy. The consistency and accuracy of analysis can be signifi-
cantly enhanced by resizing images with varying sizes [33,34]. It involves adjusting
dimensions to a uniform size for better comparison and analysis. To improve accuracy,
eye retina images were eliminated to remove background information and focus on
key characteristics. Resizing is often required for image processing tasks like deep
learning model training.

https://pytorch.org/
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The code uses the os.walk() function to recursively iterate over files in the origi-
nal_dataset_dir, including its subfolders. It constructs input and output image paths
for each file, creates the output directory if not present, resolves absolute paths using
os.path.abspath(), and calls the resize_image() function to resize and save the image
to the corresponding location in the resized_dataset_dir.

• Data augmentation: It is important to note that the dataset we are using seems to
exhibit class imbalance, which indicates that some classes have a disproportionately
low number of occurrences. In order to solve this problem, we will employ an
oversampling strategy that seeks to raise the frequency of the underrepresented
classes, guaranteeing that our model has enough data on every class. The graph below,
Figure 1, shows that there are significantly varying numbers of photos in each group.
Research on eye diseases often involves unbalanced datasets, which can be addressed
through methods like oversampling and data augmentation. These strategies aim
to ensure fair representation of different classes in the dataset, improving analysis
efficacy and reducing biases. However, class imbalance in collected datasets due to
different sources can be addressed using augmentation techniques. These techniques
can address limited samples in minority groups without additional data collection.
In eye retinal image datasets, significant imbalance between classes is a common
challenge in deep learning tasks. Data augmentation techniques, such as adjusting
color brightness and contrast, can be used to address this issue. By counting the
number of images in each subclass and applying random enhancements, multiple
augmented versions of each image are generated, thereby balancing the dataset and
mitigating class imbalance,
Augmentation is the technique of altering an image so that, although the computer
will recognize that it is a new image, people will still be able to recognize that it is the
same image. Because the augmentation model receives extra data that can be helpful
in creating models that can generalize more effectively, it can improve the accuracy of
the trained ML and DL models [16]. Figure 2 visualize the Eye Retina dataset before
and after data augmentation.

(a) (b)

Figure 2. Eye Retina dataset before and after data augmentation. (a) Class distribution of original
dataset. (b) Class distribution of processed dataset.

• Data Normalization and Rescaling: Pixel values typically fall between 0 and 255 when
working with image data. However, in deep learning models, large integer inputs may
impede the learning process. Normalizing the pixel values is advised to reduce this.
Normalization is a technique that scales an image’s pixel values to a predetermined
range, typically between 0 and 1 or −1 and 1, to ensure uniformity in pixel values [35].
This helps in efficient processing and learning of data by machine learning models.
Normalization is crucial for maintaining consistency among photos, as image data
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often have different intensity ranges. It also enhances model performance by affecting
the input scale, allowing for improved results and faster convergence [11]. Addi-
tionally, normalization reduces bias by preventing wider pixel intensity ranges from
controlling the learning process. In this study, all pixel values are scaled to a range
between 0 and 1 during the normalization process. This can be performed by dividing
each pixel value by 255, which is the maximum pixel value in the range. For efficient
training, this procedure makes that the input data are within a tolerable range.
The code uses the PIL library for image manipulation and the sklearn.preprocessing.
MinMaxScaler class for scaling. The code iterates through the dataset, importing each
image and converting it into a numpy array. For single-pixel images, pixel values
are set to [0, 0, 0] to avoid division by zero. For nonsingle-pixel images, they are
normalized by dividing them by 255.0 to scale them between 0 (very dark) and 1
(brightness). The normalized pixel values are then scaled using MinMaxScaler to fit
within the range [0, 1]. Figure 3 visualize the Eye Retina dataset before and after data
normalization and rescaling.

(a) (b)

Figure 3. Eye Retina images before and after normalization and rescaling (a) Eye retina images before
normalization and rescaling. (b) Eye retina images after normalization and rescaling.

• Greyscale conversion:
Grayscale is a widely used technique in image processing, particularly for ocular
retina images due to the retina’s structure and properties. The retina, composed
of photoreceptors sensitive to light colors, converts full-color images into shades of
gray to focus on overall intensity variations, allowing for easier extraction of relevant
information. Color-to-grayscale conversion is the process of converting color images
into their grayscale counterparts [36]. In the world of image processing, grayscale
conversion is a commonly used technique for data augmentation. During this process,
color information is removed, leaving only the intensity data. Because grayscale
photos are simpler than color images, processing them is easier. Additionally, they
produce less noise, which is useful for tasks that require processing images of eye
conditions where precision and clarity are essential. The primary reason grayscale
representations are frequently utilized for descriptor extraction rather than directly
working on color photos is that grayscale makes the process simpler and requires
less computing power and to decrease the classification errors in image classification
problem. In fact, color may not be very helpful in many applications, and with
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added extraneous information, more training data might be needed to get effective
results [37].
An analysis of the used datasets of images of various eye diseases revealed that many
of them were colored. Because of the previously mentioned advantages of employing
grayscale and since we believed that these colorful photos might not significantly
advance our overall analytical objectives and might even create errors, we decided to
convert them to grayscale. To convert an image to grayscale, use the cv2.cvtColor()
function, which requires the image and the color space conversion code. In this case,
the cv2.COLOR_RGB2GRAY code is used to convert the RGB image to grayscale.

• Image Segmentation: Image vessel segmentation is crucial in ocular retina analysis
for detecting and diagnosing retinal diseases. It provides valuable information about
the vascular system, potentially indicating multiple retinal pathologies. Our code
employs techniques like grayscale, filtering, and threshold for vessel segmentation.
Figure 4 illustrates the different steps of image vessel segmentation.

Figure 4. Steps of image segmentation.

3.3. Model Development

The deep learning process for identifying and categorizing eye disease involves upload-
ing and preprocessing eye images, dividing the data into test and training sets, normalizing
the data to ensure values fall within a specific range, and then performing feature extraction.
This algorithm identifies important characteristics in the images that differentiate a diseased
eye from a healthy one, enhancing the model’s performance.

3.3.1. Deep Learning Models

• VGGNet:
The VGGNet model is a simple convolutional neural network (CNN) that uses 3× 3 × 3
convolutional filters for improved feature extraction. VGG16 is the preferred model
in this paper compared to VGG19; the choice of model depends on the number of
layers. The model used VGG16, a pretrained network, to extract features from images,
producing a 1D vector an output of size (1, 7, 7, 512) with 14.7 million parameters.
The features are flattened into a 1D vector, then reduced to six classes using two
dense layers. Batch normalization and dropout layers improve training and prevent
overfitting. Out of 27.7 million parameters, 20 million can be updated during training,
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while the rest are frozen from VGG16. This setup combines pretrained features with
custom classification layers.
The model’s initial parameters, including architecture (VGG16), epoch number, batch
size, and input picture size, are conventional for image classification applications.
However, the dataset and issue may require adjustments. The 32-batch size balances
training stability and computing efficiency. The model is initially configured for
10 epochs, but can be adjusted based on performance. CNN architectures like VGG16
use 224 × 224 input images to maintain visual information while keeping computa-
tional demands reasonable. The training dataset is used to train the model, and its
performance is tracked using validation data. Callbacks are used to maximize learning
and improve convergence during the training process, which lasts for up to ten epochs.
An overview of the model training and validation steps:

1. Dataset loading and preprocessing: Using folder names as a guide, image paths
are linked with labels after the dataset has been loaded from the designated
location. Images are adjusted to a range of [0, 1] and scaled to 224 × 224 pixels.
To ensure class balance, the data are divided into training (70%), validation (20%),
and testing (10%) sets using stratified sampling.

2. VGG-16 Model Definition: The top layers of the VGG16 model, which was
pretrained on ImageNet, are eliminated and used as a feature extractor. Flattening,
dense layers (512 and 256 units), batch normalization, dropout, and a final dense
layer with softmax activation for multi-class classification are additional custom
layers that are introduced. With the exception of the final four, the majority of
VGG16 layers are frozen to allow for fine-tuning.

3. Model Compilation: With a starting learning rate of 0.001, the Adam optimizer
is used to assemble the model. Accuracy serves as the performance parameter,
and the loss function is sparse categorical cross-entropy, which is appropriate for
multi-class classification.

4. Establish Callbacks: EarlyStopping restores the optimal weights by stopping
training after five epochs if the validation loss does not improve. If validation loss
is constant for three epochs, LROnPlateau cuts the learning rate in half. These
callbacks guard against overfitting and guarantee effective training.

5. Model Training: The training dataset is used to train the model, and its perfor-
mance is tracked using validation data. Callbacks are used to maximize learning
and improve convergence during the training process, which lasts for up to
ten epochs.

• MobileNet: MobileNetV1 is a versatile image classification model designed for em-
bedded devices with limited resources, offering a balance between performance and
efficiency, allowing for fine-tuning to accommodate various datasets with minimal
computing cost. The MobileNet is a lightweight, pretrained CNN used for feature ex-
traction in eye disease classification tasks. It uses depthwise separable convolutions to
reduce computational complexity while maintaining high accuracy. Additional layers
like Global Average Pooling, dense layers, batch normalization, and dropout enhance
generalization and prevent overfitting. Transfer learning from ImageNet pretrain-
ing enables faster convergence and better performance on limited data. The model
is trained on the training dataset for up to 20 epochs, with validation data used to
monitor performance. The batch size is 32, and the model is optimized for general-
ization through techniques like dropout, batch normalization, and fine-tuning the
MobileNet layers.
An overview of the model training and validation steps:
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1. Preprocessing and Dataset Loading: The dataset is loaded from a designated
directory, and picture paths are labeled according to the folder names. In order
to comply with MobileNet’s required input size of 224 × 224 pixels, images are
downsized. For better model performance, the pixel values are adjusted to fall
between [0, 1]. To ensure class balance, the dataset is divided into three sections
using stratified sampling: 70% of the data are used for training, 20% for validation,
and 10% for testing.

2. Definition of the MobileNet Model: The foundational model for feature extrac-
tion is the MobileNet architecture, which has already been trained on ImageNet.
To modify MobileNet for the particular purpose of retinal image classification,
its top layers are eliminated. The MobileNet base is topped with custom layers.
Spatial dimensions are decreased by the use of global average pooling. ReLU
activation and 512 units make up a dense layer that can learn complex repre-
sentations. To improve stability and avoid overfitting, batch normalization and
dropout are used. To further hone the characteristics, add another dense layer
with 256 units. The last dense layer generates class probabilities for multi-class
classification using a SoftMax activation. The final few layers of MobileNet are
adjusted to fit the particular dataset, while the majority of the layers are frozen to
preserve the previously learned characteristics.

3. Model Compilation: The Adam optimizer, whose adaptive learning rate makes
it popular for training deep learning models, is used to compile the model. The
starting learning rate is 0.001. Since the task entails multi-class classification
and accuracy is monitored as the performance parameter, the sparse categorical
cross-entropy loss function is employed.

4. Create Callbacks: Two crucial callbacks are utilized to guarantee effective training
and prevent overfitting—EarlyStopping restores the optimal model weights by
stopping training after five epochs if the validation loss does not improve; if the
validation loss is constant for three epochs, ReduceLROnPlateau lowers the
learning rate by a factor of 0.5. During training, these callbacks aid in accelerating
the model’s convergence and avoiding overfitting.

5. Model Training: Up to 20 epochs are spent training the model on the training
dataset. Following each training period, the model’s performance is tracked using
the validation data. If required, the callbacks are utilized to modify the learning
rate and end training early. A batch size of 32 is used for training, and methods
including dropout, batch normalization, and fine-tuning the MobileNet layers
are used to optimize the model for generalization.

• Hybrid (CNN) and (RNN) model: The Hybrid CNN-RNN model is a combination
of Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs)
to extract spatial features from images. CNNs are adept at extracting edges, textures,
and patterns, while RNNs process sequential or temporal information, capturing
relationships in the extracted features. This synergy is beneficial in applications where
spatial and contextual data interplay is critical, like medical images. The architec-
ture combines convolutional layers for spatial feature extraction and RNN layers for
modeling sequential dependencies in the extracted features. CNN layers capture
patterns like edges and textures, while RNN layers interpret contextual relationships,
enhancing classification accuracy. Fully connected dense layers refine these features,
with dropout added to prevent overfitting. This architecture improves feature represen-
tation and generalization, making it highly effective for complex datasets. The model
is trained for 30 epochs using the training generator, with validation data evaluated
after each epoch to monitor performance and adjust weights for improved accuracy.
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An overview of the model training and validation steps:

1. Dataset loading and preprocessing: ImageDataGenerator is used to rescale images
to [0, 1]. A test generator manages assessment images without shuffling, whereas
training and validation generators divide data (70% of the data are used for
training, 20% for validation, and 10% for testing.).

2. Hybrid Model Definition: A CNN-RNN model is constructed using convolutional
layers for classification, reshaped outputs fed into RNN layers for sequence
processing, and convolutional layers for the extraction of spatial features. Sparse
categorical cross-entropy loss is used to assemble the model.

3. Model Training: Using the training generator, the model is trained for 30 epochs.
Validation data are assessed at the end of each epoch to track performance and
modify weights for increased accuracy.

3.3.2. Machine Learning Models

• Random Forest: Random forest is a machine learning technique used for classifying
eye diseases based on retinal images. It uses HOG feature extraction to convert
images into numerical representations, which are then reduced in dimensionality
using Principal Component Analysis (PCA). The model predicts eye disease categories
based on these features, with a training period of 50 dimensionality reduction, 50 trees,
and a max depth of 10 for each tree.
An overview of the model training and validation steps:

1. Constant Definition: Constants define the RF’s parameters. The image size
(IMG_SIZE) is 224 × 224 pixels, the number of tree n_estimators is 50, the maxi-
mum depth of each tree max_depth is 10, and the PCA components
(N_COMPONENTS_PCA) are 50.

2. Splitting and Loading Data: load_and_split_data loads labels and images from
the dataset, each of which is associated with a disease class that is kept in a
different directory. Using train_test_split from sklearn.model_selection, it divides
the data into 70% training, 20% validation, and 10% test sets, making sure that
stratified splits preserve the class distribution in each subset. Class labels, such
as disease names, are mapped to numerical indices for the classifier using the
label_to_index function.

3. HOG-Based Feature Extraction: Each image is read by the extract_features func-
tion, which then resizes it to a standard size (IMG_SIZE) and turns it into
grayscale. The Histogram of Oriented Gradients (HOG) features, which capture
the image’s structure and shape, are then extracted using the hog function from
skimage.feature. To fine-tune the feature extraction process, HOG parameters
such as orientations, pixels per cell, and cells per block are selected.

4. Data Loading and Feature Extraction: The load_and_split_data function is used to
load and split data. The extract_features function is used to extract HOG features
for the training, validation, and test sets; the results are stored in train_features,
val_features, and test_features.

5. PCA-Based Dimensionality Reduction: By reducing the dimensionality of the
feature vectors, Principal Component Analysis (PCA) enhances computational
efficiency and may improve classification accuracy. The PCA transformation for
the training data is calculated using fit_transform, and the validation and test
data are subjected to the same transformation using transform.

6. Testing, Validation, and Training RF model: the number of tree n_estimators is 50
and the given maximum depth of each tree parameter max_depth is 10; these are
used to generate an RF classifier. The PCA-reduced features (train_features_pca)
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and the associated training labels are used to train the classifier. Predictions are
made using the trained RF model on the validation set (val_features_pca), and ac-
curacy_score is used to determine the accuracy. To evaluate the model’s capacity
for generalization, accuracy is calculated using the test dataset (test_features_pca).

• Support Vector Machine (SVM): Support Vector Machines (SVMs) are supervised
learning models used for classification, maximizing the margin between data classes
and selecting the best hyperplane to divide them. They use kernels like RBF or
polynomial for nonlinearity and are suitable for high-dimensional data and image
classification. SVMs use the HOG (Histogram of Oriented Gradients) characteristics
to determine the best hyperplane for eye disease classification, with a linear kernel
assuming a straight line in the feature space.
An overview of the model training and validation steps: 1.Definition of Con-
stants: Constants specify the parameters for the SVM regularization parameter
(C_SVM) 1.0, the kind of SVM kernel (KERNEL_SVM) linear, the PCA compo-
nents (N_COMPONENTS_PCA) 50, and the image size (IMG_SIZE) 224 × 224 pixels.
The path to the directory containing your processed photos is stored in DATA_DIR.
These steps are similar to those used in the random forest model: 2. Data splitting and
loading; 3. HOG-Based Feature Extraction; 4. Data loading and feature extraction; and
5. PCA-Based Dimensionality Reduction.
6. Testing, Validation, and Training SVM model: The linear kernel KERNEL_SVM
and the given regularization parameter C_SVM are used to generate an SVM classifier
(SVC). The PCA-reduced features (train_features_pca) and the associated training la-
bels are used to train the classifier. Predictions are made using the trained SVM model
on the validation set (val_features_pca), and accuracy_score is used to determine the
accuracy. To evaluate the model’s capacity for generalization, accuracy is calculated
using the test dataset (test_features_pca).

4. Results and Discussion
The study evaluated the performance of our models using a test dataset, analyzing

key metrics like confusion matrices and classification reports. Cross-validation [38] and
unseen test data were also used to assess their generalization capabilities. Classification
reports were generated for the test data and compared with cross-validation results. This
comprehensive evaluation provided insights into the strengths and limitations of each
model, identifying areas for improvement.

A comparison of the classification reports for machine learning and deep learning
models in terms of classfiction’s precision, recall, and F1-scores is shown in Tables 2–4.

Tables 2–4 present the results of comparing the classification reports for machine learn-
ing and deep learning models in terms of the classification’s precision, recall, and F1-scores.
The results show that the SVM model performs best on the categories of glaucoma and
diabetic retinopathy eye diseases, with F1-scores of 0.97 and 0.92, respectively, indicating
high precision and recall in identifying these conditions. With an F1-score of 0.61, the model
performs poorly on normal cases, indicating that healthy cases are often misclassified as
diseases. The results show that the model is quite good at differentiating between most of
the eye disease classes, while there is need for improvement in identifying normal cases.
Similar to the SVM model, the classification performance of the random forest model
shows that the two best-performing categories are diabetic retinopathy and glaucoma,
with F1-scores of 0.90 and 0.93, respectively, showing good recall and precision in detecting
these conditions. With an F1-score of just 0.62 for normal cases, the model performs poorly,
suggesting that healthy cases are frequently mistakenly labeled as illnesses. Nevertheless,
the classification performance for the VGG16 model demonstrates that it performs excep-
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tionally well in every class, earning almost flawless ratings. It consistently and accurately
detects both normal cases and true positives for illnesses. The VGG16 model performs the
worst in classifying the normal cases in terms of precision and F1-score, much as the SVM
and random forest models. The “normal” class performs the worst, with a precision of 0.91
and an F1-score of 0.93.

Table 2. A comparison of deep learning and machine learning models’ classification precision.

Predicted Eye Disease SVM Random Forest VGG16 MobileNetV1 Hybrid Model

Diabetic Retinopathy 0.90 0.85 1.00 1.00 1.00
Glaucoma 0.98 0.96 1.00 1.00 1.00

High myopia 0.86 0.84 1.00 0.99 0.99
AgeDegeneration 0.78 0.90 0.97 0.98 0.81

Cataract 0.84 0.86 0.98 0.97 0.83
Normal 0.57 0.58 0.91 1.00 0.73

Weighted Average 0.82 0.83 0.98 0.99 0.89

Table 3. A comparison of deep learning and machine learning models’ classification recall.

Predicted Eye Disease SVM Random Forest VGG16 MobileNetV1 Hybrid Model

Diabetic Retinopathy 0.94 0.97 1.00 1.00 1.00
Glaucoma 0.97 0.91 1.00 1.00 1.00

High myopia 0.90 0.86 0.99 1.00 0.98
AgeDegeneration 0.62 0.64 0.98 1.00 0.81

Cataract 0.84 0.89 0.92 1.00 0.83
Normal 0.65 0.67 0.96 0.93 0.73

Weighted Average 0.81 0.82 0.97 0.99 0.89

Table 4. A comparison of the deep learning and machine learning models’ F1-scores for classification.

Predicted Eye Disease SVM Random Forest VGG16 MobileNetV1 Hybrid Model

Diabetic Retinopathy 0.92 0.90 1.00 1.00 1.00
Glaucoma 0.97 0.93 1.00 1.00 1.00

High myopia 0.88 0.85 0.99 0.99 0.98
AgeDegeneration 0.69 0.75 0.98 0.99 0.81

Cataract 0.84 0.87 0.95 0.98 0.83
Normal 0.61 0.62 0.93 0.96 0.73

Weighted Average 0.81 0.82 0.97 0.99 0.89

The MobileNetV1 model’s classification performance demonstrates remarkable pre-
cision and recall (1.00) for diseases including diabetic retinopathy, glaucoma, and high
myopia, minimizing false positives and precisely detecting real positives. The classification
measures of precision, recall, and F1-measure have a weighted average of 99%. However,
diabetic retinopathy and glaucoma are perfectly classified by the hybrid CNN + RNN
model, with F1-scores of 1.00. Additionally, it performed well on high myopia, with an
F1-score of 0.98, recall of 0.98, and precision of 0.99. However, it has trouble with cataracts
and age-related macular degeneration, which cause its F1-scores to be lower, at 0.81 and
0.83, respectively. With the lowest performance (F1-score of 0.73), the normal class shows
that many healthy cases are misclassified as diseases.

To summarize the comparison of the classification precision of machine learning and
deep learning models in predicting eye diseases, as shown in Table 2, deep learning models
consistently achieve near-perfect scores for diseases like diabetic retinopathy, glaucoma,
and high myopia. MobileNetV1 and VGG16 achieve the highest weighted average accuracy
(0.99), followed by VGG16 (0.98). When it comes to conditions like high myopia, glaucoma,
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and diabetic retinopathy, deep learning models often obtain assessments that are almost
excellent. SVM and Random Forest have lower accuracy, particularly in the “normal”
category, SVM and Random Forest show lesser precision (0.57 and 0.58, respectively). With a
weighted average accuracy of 0.89, the hybrid model is not more effective than deep learning
models. In conclusion, the hybrid model does not significantly improve the performance of
the deep learning models MobileNetV1 and VGG16 for predicting eye diseases.

The summarized findings of a comparison of the recall of various models for identify-
ing various eye illnesses are shown in Table 3. In terms of eye illness classification, the main
conclusions are that deep learning models (MobileNetV1 and VGG16) had the highest
recall values, with MobileNetV1 having the highest weighted average recall (0.99). In four
illness categories—diabetic retinopathy, glaucoma, high myopia, and age degeneration—it
performs flawlessly (1.00), and VGG16 likewise receives a perfect score of 1.00 for both
conditions. SVM and Random Forest, two traditional machine learning models, perform
worse, especially when it comes to identifying age degeneration and normal situations.
The hybrid model does not significantly outperform deep learning models, with a weighted
average recall of 0.89. MobileNetV1 demonstrates the best overall recall, suggesting it is
the most effective model for minimizing false negatives in eye disease classification.

According to the results presented in Table 4, which compares the F1-score of several
models in the classification of eye illnesses, MobileNetV1 performs best overall with a
weighted average F1-score of 0.99, followed by VGG16 (0.97). Across all illness categories,
deep learning models (VGG16 and MobileNetV1) have consistently demonstrated superior
performance to traditional models (SVM and Random Forest). Perfect scores (1.00) for glau-
coma and diabetic retinopathy are obtained by VGG16 and MobileNetV1, demonstrating
exceptional precision–recall balance for these conditions. SVM and Random Forest have
far lower F1-scores and have trouble identifying age degeneration and normal instances.
The hybrid model’s weighted average F1-score of 0.89 indicates that it is not superior to
deep learning models. In every category, MobileNetV1 continuously produces excellent
F1-scores, making it the best model for striking a balance between recall and precision.

The learning curve and ROC curves for machine learning and deep learning models
are shown in Figure 5. According to the Area Under the Curve (AUC) values of SVM
(Figure 5a), the model which classifies glaucoma has the highest AUC (1.00), while normal
has the lowest (0.84), suggesting high performance.

Random forest model’s performance is assessed using ROC curves by (Figure 5b),
and we find that the model with all classes has high AUC values, indicating remarkable
prediction accuracy. The macro-average AUC score illustrates the model’s overall efficacy
in class distinguishing. This approach illustrates how the model might assist in the identi-
fication of certain eye conditions. The test accuracy of 81.86% and validation accuracy of
80.93% are marginally higher for the RF model. This proves that the Random Forest model
performs consistently when applied to unknown data. Moreover, The VGG-16 model’s
learning curve (Figure 5c) shows that the training accuracy is steadily increasing and is get-
ting close to 100%, indicating that the model is successfully picking up the patterns present
in the training dataset. Although validation accuracy fluctuates at first, near the end of the
training process, it stabilizes and approaches training accuracy. This finding implies that
the model has a high degree of generalization power across unknown data. Nonetheless,
according to the MobileNetV1 model’s learning curve (Figure 5d) , the validation accuracy
plateaus and eventually approaches the training accuracy after a few epochs, indicating
that the model performs well when applied to new data.
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(a) (b)

(c) (d)

(e)
Figure 5. ROC curves and learning curve for machine learning models and deep learning models
(a) Support Vector Machine. (b) Random Forest. (c) VGG16. (d) MobileNetV1. (e) Hybrid model:
CNN + RNN.

The results of the models’ accuracy evaluation are displayed in Table 5. The SVM
model achieved 81% accuracy on the test dataset, showing balanced precision, recall, and F1-
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scores across all eye illnesses categories. However, it struggles to differentiate between
closely similar diseases. The results suggest that feature engineering or hyperparameter
adjustment could improve SVM’s performance for specific classification issues.

Table 5. Accuracy of machine learning and deep learning models.

Model Accuracy

Machine Learning Models SVM 81.07%
Random Forest 81.86%

Deep Learning Models
VGG16 97%

MobileNetV1 98%
Hybrid Model 89%

The Random Forest model achieved an accuracy of 81.86% on the test dataset, ex-
celling in distinguishing between glaucoma and diabetic retinopathy. However, minor
discrepancies in normal class prediction were noted, suggesting the need for a deeper tree
or a more evenly distributed feature set. Despite these, the model is a strong contender for
diagnostic applications due to its interpretability and resilience.

The VGG16 model demonstrated remarkable performance with an overall accuracy
of 97% on the test dataset, demonstrating high precision, recall, and F1-scores in all six
categories of eye diseases, particularly in diabetic retinopathy, glaucoma, and high myopia.
Despite slightly lower recall rates for normal and cataract classes, the model demonstrated
high generalization and stability. Validation accuracy reached 97%, and training accu-
racy grew steadily. Minor overfitting was resolved by implementing EarlyStopping and
lowering the learning rate.

The MobileNetV1 model showed impressive performance with 98% accuracy on
the test dataset, with all six eye diseases having high precision, recall, and F1-scores.
The cataract and normal classes performed marginally worse in recall. Validation loss stabi-
lized after initial fluctuations, and training and validation accuracy increased consistently
to 99% by the end epochs. Dropout regularization, fine-tuning, and transfer learning were
used to reduce overfitting and increase model resilience.

The Hybrid CNN+RNN model achieved an 89% accuracy in a test dataset with
25,356 samples. It achieved perfect or almost perfect precision, recall, and F1-scores for
diabetic retinopathy, glaucoma, and high myopia. However, age-related degeneration,
cataracts, and the normal class presented challenges, with the normal class producing the
lowest metrics. The model’s precision, recall, and F1-score macro and weighted averages
indicate room for improvement in specific categories. While the hybrid strategy, which
uses CNN for feature extraction and RNN for sequence processing, has shown promise,
further research or investigation into different architectures may be necessary to reduce
class imbalances and improve performance in underperforming categories.

In this study, we used the Adam optimizer, or “Adaptive Moment Estimation”, to
improve the accuracy of neural network models (MobileNetV1 and VGG16). This itera-
tive optimization technique minimizes loss function during training and testing phases.
According to the study by [39], optimizers like Adam optimizer increased accuracy dur-
ing the training, testing, and validation stages. They reported that Adam optimizer had
accuracy values of 99.07%. However, we use a different strategy in the hybrid model,
which combines recurrent neural networks (RNNs) and convolutional neural networks
(CNNs). RNNs process sequential or temporal information, while CNNs extract features.
The primary strategy for high accuracy in the hybrid model is feature extraction and
relationship-building, which improves classification accuracy. The study does not use
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the Adam optimizer in the hybrid model, as it may increase model accuracy. However,
the study aims to assess the accuracy of the hybrid model without an optimizer.

As a result, the MobileNetV1 model showed remarkable efficacy, achieving an overall
accuracy of 98% on the test dataset. It consistently provided high scores in key performance
metrics, including precision, recall, and F1 scores, across most disease categories. The model
achieved perfect precision and recall scores (1.00) for four critical conditions: diabetic
retinopathy, glaucoma, high myopia, and age-related macular degeneration. However,
slight deviations were observed for cataract and normal categories. Cataract cases had a
high recall score of 1.00, but the precision exhibited minor fluctuations due to occasional
misclassification of images as normal. Moreover, Flask, a framework that ideally adapts
the model for operating on mobile devices, made it easy to integrate the MobileNetV1
model into our diagnostic application. We verified through extensive user testing that the
model maintained its remarkable accuracy in real-time situations, processing images on
contemporary smartphones in an astoundingly short average time of only 150 milliseconds.
Particularly in home e-based diagnostic applications where prompt findings are essential,
this quick processing speed is essential for guaranteeing a flawless user experience.

MobileNetV1 performed admirably; however, it had certain issues, especially in edge
instances where misclassifications were observed: overlapping features make it difficult to
differentiate between images with moderate cataracts and normal ones, which may result
in inaccurate diagnoses, and sensitivity to low-resolution or highly noisy images, which
marginally reduced the model’s accuracy for the normal class. These drawbacks highlight
regions that could use improvement, indicating chances for more fine-tuning or the use
of sophisticated preprocessing methods like picture augmentation and noise reduction to
support the model’s overall accuracy and dependability.

The findings of our study are compared to earlier research in the area of imaging-based
eye disease prediction in Table 1. Our obtained result shows competitive performance
and unique contributions that set it apart from previous studies. With a 98% accuracy
rate, our work not only outperforms or matches the best models found in other studies,
but it also presents a scalable diagnostic system that can handle a variety of illnesses. This
development makes our research a more viable and efficient way to predict eye conditions.

5. Conclusions
Both vision and general quality of life are greatly impacted by eye illnesses. Effec-

tive therapy and the prevention of vision loss depend on an early and precise diagnosis.
The goal of this research is to predict and categorize six common eye disorders using deep
learning and machine learning techniques. Common eye conditions include cataracts,
which cloud the lens and cause blurred vision, and glaucoma, which can cause vision
loss due to damage to the optic nerve. The two conditions that could cause blindness
if treatment is not received are age-related macular degeneration (AMD) and diabetic
retinopathy, a side effect of diabetes that destroys the blood vessels in the retina. Problems
include myopic macular degeneration, glaucoma, and retinal detachment—severe types of
nearsightedness that are typically defined as having a refractive error of −6.00 diopters
or higher—are also more likely to occur in people with high myopia. The objective is to
create a reliable model that can analyze medical images, including fundus and optical
coherence tomography (OCT) images, in order to determine the type and presence of eye
illnesses. In order to detect and classify eye problems with the maximum possible accuracy,
this study investigates a variety of machine and deep learning algorithms. We hope to
improve early diagnosis and management of eye illnesses by utilizing these cutting-edge
approaches, which will ultimately improve patient outcomes and preserve vision.



Computation 2025, 13, 91 21 of 22

This study concluded by assessing how well machine learning and deep learning
algorithms predict and categorize eye conditions. We looked at the performance of a num-
ber of models, including a hybrid model, Random Forest, VGG16, MobileNetV1, Support
Vector Machines (SVMs), and others. With an astounding 98% accuracy, MobileNetV1
outperformed VGG16, which came in second with 97% accuracy, according to our data.
The Hybrid Model likewise did quite well, achieving an accuracy of 89%, compared to
81.86% and 81.07% for Random Forest and SVM, respectively. These results indicate how
well MobileNetV1 performs in diagnosing eye conditions and demonstrate its potential
for precise and effective classification. In addition to advancing the use of cutting-edge
machine learning and deep learning methods in the medical field, this research offers a
useful tool for the early diagnosis and treatment of eye conditions, which will ultimately
improve patient outcomes and care.
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