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ABSTRACT 

Eye disorders have become one of the leading causes of vision loss around the globe. This highlights the importance of early 

accurate diagnosis of these disorders. Most of the current methods for diagnosing eye diseases use manual examination of 

retinal images and depend primarily on experienced ophthalmologists. These manual methods can take a lot of time to 

examine each eye(s) and can also be highly subjective in their determination of a diagnosis. In this project, we will develop an 

automated framework that uses machine-learning techniques to automatically detect and classify multiple eye disorders from 

retinal images. We only used traditional machine-learning methods in this work and did not consider using deep-learning 

models. The proposed framework includes systematic image preprocessing for standardising input images, automated feature 

extraction using feature extraction methods, and dataset balancing using the synthetic minority oversampling technique 

(SMOTE) to adjust for class imbalance in each of the datasets used for training and testing our classification system. The 

proposed framework includes the use of supervised machine-learning algorithms for the classification of all images in each 

class. The performance of the proposed machine-learning framework was evaluated thoroughly using various performance 

metrics including confusion matrices, ROC curves, precision–recall analysis, learning curve graphs, PCA visualisation, and 

cross-validation stability analysis. The results from the experimental evaluations indicated that the proposed machine-learning 

framework can generate very high classification accuracy and good generalisability for the various types of diseases evaluated 

using the proposed machine-learning classification system. Overall, the experimental results show that the proposed machine-

learning framework can provide good quality decision support tools to use for early eye disorder diagnosis in clinical settings. 
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1. INTRODUCTION 

A major global health challenge is the visual impairment due to eye diseases, including diabetic retinopathy, glaucoma, 

hypertensive retinopathy and age-related macular degeneration, which can result in irreversible loss of vision if not detected 

early.[2] The traditional diagnostic techniques used by trained ophthalmologists are costly due to the manual assessment of retinal 

images and challenging to scale to larger populations.[1] The recent developments in ML have produced automated diagnostic 

(AD) systems that are capable of learning from medical images in this area and can learn to recognize meaningful patterns that 

exist within those types of medical images. The use of ML techniques is suited for medical applications due to their ability to 

exhibit high interpretability, reduced computational resource requirements, and high effectiveness on structured features.[3] 

Additionally, traditionally applied ML algorithms can provide high accuracy levels when using only a small volume of data with 

limited computational resources when compared with deep learning models.[4] Disorders of the eye continue to be a major global 

health challenge affecting millions of people every year around the world and that, if untreated, can lead to permanent vision loss 

if they are not detected early. Eye diseases requiring prompt and proper diagnosis for the best chance of successful treatment 

include diabetic retinopathy, glaucoma, age-related macular degeneration (AMD), and hypertensive retinopathy [12]. The volume 

of medical imaging data is growing quickly and machine learning (ML) methods have emerged as useful tools for automating the 

detection of eye diseases and supporting healthcare providers in their decision-making.[13] Traditional ML methods typically 

require smaller datasets and are less computationally intensive than deep learning-based methods while having greater reliability; 
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this is very important to consider in any application to medicine.[14] This study, therefore, will focus solely on traditional ML 

techniques for building a reliable, efficient, and interpretable system for classifying eye diseases for real-world clinical use. 

This project attempts to design and evaluate a pure ML-based system for automated eye disease detection in retinal fundus images 

using ML methods. The essential areas of focus for the proposed design include robust preprocessing, balance learning using 

Synthetic Minority OverSampling Technique (SMOTE), and performance evaluation. By focusing solely on ML approaches in 

this study, the results will demonstrate that reliable diagnostic performance can be achieved without using complex deep learning 

models and/or architectures. 

2. LITERATURE REVIEW 

Researchers have completed extensive research using computer vision image analysis technology for the automation of eye 

disease detection. Prior to recent innovations, traditional machine learning classifiers (e.g., Support Vector Machines (SVMs), 

Random Forests (RFs) and K-Nearest Neighbors (KNNs)) were used to classify retinal fundus images based on manually 

extracted features. Manually extracted features in retinal fundus images often include textural descriptors, colour histograms, 

vessel morphology and statistical metrics to classify retinal images according to their specific pathology [5][6]. 

Several researchers have pointed out that class imbalance in medical imaging datasets is a significant factor and is due to the fact 

that some diagnoses for eye disease pathology do not have enough examples (or positive instances) to quantify the pathological 

process compared to either the normal classes (diagnoses that do not indicate present eye disease) or more common eye disease 

pathology. Due to the challenges associated with class imbalance, traditionally trained classifiers demonstrate a bias toward the 

majority class, which reduces the sensitivity of classifiers for the minority class, thereby impacting the overall diagnostic accuracy 

of the classifier and potentially the quality of the clinical decision making using the identified pathologic state. In an attempt to 

overcome this major obstacle to accurately measuring eye disease diagnostic pathology, researchers have begun applying data 

balancing techniques (e.g., oversampling, undersampling and Synthetic Minority Oversampling Technique (SMOTE)) to address 

this imbalance in the clinical dataset. A review of the literature has indicated that applying data balancing techniques can improve 

the ability of a classifier to classify an underrepresented disease class, due to improvements in recall and sensitivity [7][8]. 

Over the recent years, there has been tremendous progress in the application of deep learning techniques for automated detection 

of eye diseases. Because of their capability to learn a hierarchy of features directly from images, deep learning techniques, 

particularly convolutional neural networks, are becoming the dominant techniques to automatically detect eye diseases without 

requiring the traditional manual process of creating features for machine learning. Many studies have demonstrated high 

performance of various deep learning models when applied to eye diseases like diabetic retinopathy, age-related macular 

degeneration and glaucoma [9][10]. Nevertheless, deep learning models typically require significant size of labeled datasets and 

much higher amounts of computing resources than are required by traditional methods. 

While traditional machine learning models continue to demonstrate competitive results with the appropriate application of pre-

processing, feature extraction and data balancing methods; traditional machine learning models provide increased interpretability 

and transparency—important components to provide clinicians with necessary information to understand the results of a model 

when making clinical decisions. Additionally, providing clinicians with models that have been derived from interpretable methods 

lends more credibility and support for medical professionals utilizing the results of any developed model when making clinical 

decisions in practice [11]. 

Many studies have been conducted in this area; however, most studies evaluate an instance of machine learning on some 

classification or model architecture. There is no full end-to-end machine learning environment that incorporates methods to 

address dataset imbalance, application of robust evaluation metrics, and visualisation methods. This research seeks to fill this gap 

by providing a complete machine learning pipeline for automated eye disease detection, together with a significant amount of 

experimental validation for each component of the overall system. 

3. DATASET DESCRIPTION 

This research utilizes a dataset created from retinal fundus images that were obtained for the purpose of creating machine learning 

systems to automatically detect certain types of eye diseases. Fundus imaging is a technique that allows a non-invasive way to 

capture images of the back (known as the fundus) of the human eye and provide detailed information about the retina, optic disc, 

macula, and the blood vessels inside the eye. This information is very important to the diagnosis of many retinal diseases, so 

fundus imaging is well established as a tool for use in clinical screening and research. 

Every image in this dataset is labelled according to its disease category, allowing for supervised machine learning. The images 

have been captured under many different imaging conditions including: varying levels of light, difference in contrast, difference in 

levels of focus, and difference in the size of the field of view when being taken. These differences replicate the real-world 

conditions found in a clinical setting and increase the difficulty of classifying the images, therefore providing a legitimate view of 

how well the machine learning framework proposed herein will perform. 

3.1 Categories of Diseases 

The data set has six separate classes, representing pathological and non-pathological conditions of the eyes. 

[1] Hypertensive Retinopathy: This disease includes vascular changes in the retina (e.g., narrowed arteries) often due to high 

blood pressure (i.e., prolonged elevated systemic blood pressure). 

[2] Diabetic Retinopathy: Diabetic Retinopathy consists of microaneurysms, retinal haemorrhages, and new blood vessel 

formation, all caused by diabetes. 
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[3] Glaucoma: Glaucoma is defined by structural abnormalities of the optic nerve head, usually with elevated intraocular 

pressures. 

[4] Age-related Macular Degeneration (AMD): Age-related Macular Degeneration is a degenerative disease of the macula, 

resulting in loss of central vision. 

[5] Normal Fundus: Normal Fundus images are retinal photographs of healthy anatomical structures in the fundus of the eye 

(i.e., no visible disease). 

[6] Normal: Normal images refer to retinal photographs with no clinically detectable abnormalities. 

Each retinal image will belong to one class only, therefore, making class categories mutually exclusive. Thus, the multiclass 

classification problem is simplified. 

3.2 Visual Characteristics of Retinal Images 

Distinct visual features can be observed in the various types of retinal fundus images seen in the dataset based upon the type of 

retinal disease present. Examples of the distinguishing features of diseased retinal images include an irregularity in the pattern of 

the blood vessels, lesions on the retina, cupping of the optic nerve head, the presence of exudates, or a colour abnormality in the 

retinal tissue. By contrast, a normal retinal image will typically show distinct vascular structures, a uniform appearance in terms of 

their colour, and a healthy appearance of the optic disc. 

 

Fig-1: Sample Retinal Fundus Images from Each Disease Class 

Figure 1 demonstrates the difference visually between each of many different categories of eye disease. The small variation in 

some of the structures located in the retina can also indicate a different pathological condition, which presents a difficulty to 

achieve an accurate automated classification of eye pathology. 

3.3 Class Distribution Analysis 

In a recent study, we have noticed that within our data there is a very large difference in the number of examples of different 

disease classes. For example, we have many more Diabetic Retinopathy images than with any other disease class, with only 

Hypertensive Retinopathy and AMD being represented. 

This is an issue for machine learning algorithms because a model trained on an imbalanced dataset will likely be biased toward 

majority classes, which will lead to poor detection of minor diseases. 
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Fig-2: Class Distribution Before SMOTE 

Figure 2 shows the number of examples for each disease class prior to any data-balancing methods implemented. The amount of 

dominance for each specific class further increases the chance of misclassification for minority diseases, ultimately decreasing the 

clinical usefulness of the model. 

3.4 Dataset Balancing by SMOTE 

Using the Synthetic Minority Oversampling Technique (SMOTE) was initiated in the training dataset to counteract class 

imbalances. SMOTE produces synthetic data from minority classes by generating new synthetic data through interpolation of 

existing feature vector class instances. As a result, there is now an increase in the representation of underrepresented categories 

within the data, without having duplicated any of their data entries. 

 

Fig-3: Class Representation After Application of SMOTE 

Figure 3 illustrates the new, balanced, evenly distributed data set after employing the SMOTE method, which has ensured that 

every disease class has a fixed and equal amount of sample data points available to it throughout the training process. With the 
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current data population being uniform in distribution through balanced training, all machine-learning algorithms will be provided 

equitable training opportunities, thus giving better sensitivity and effectiveness towards all of the disease classes. 

3.5 Dataset Preparation for Model Training 

The data set was separated into training and testing subsets after being preprocessed and balanced using an 80:20 ratio for train - 

test split. Train set trains the models to learn specific patterns of the type of disease while testing is a separate entity in which we 

evaluate our performance. In addition cross-validation methods were utilized to guarantee that our trained models are stable and 

will generalize well to new instances of the data on which they were built. 

By properly preparing the data set and by providing a balanced class representation, we guarantee that the proposed machine 

learning framework be trained with good quality data and tested under real-world scenarios. 

4. DATA PREPROCESSING 

Data preprocessing is a very important part of any machine learning (ML) process involving medical imaging data. The quality 

and consistency of the input data you use for training and validation directly impacts how accurate and reliable your ML model is 

going to be when it makes predictions on unseen data. Taking one example, if you have a single retinal fundus image from two 

different sources (e.g., one with a different camera or settings), then your two images will have different size, brightness, contrast, 

and noise levels based on the camera type used and the clinical settings under which they were taken. Therefore, systematic data 

preprocessing is necessary to ensure a consistent data set and to improve the quality of features before building the model. 

The preprocessing pipeline of this study is made up of a series of sequential steps, which are described below. 

•  Image Dimension: When resizing retina images, they will all have a single dimension (thereby gaining a single size). This will 

ensure that all data going into the machine learning model will be the same size (i.e. input will be of uniform dimension), as 

well as maintain the correct spatial relationships among the images for classification, even though the computer will produce 

an intricate computation. 

•  Pixel Normalization: All pixel intensity values from various images (i.e. input images) are normalised in order to achieve  an 

even and consistent range across all images to accommodate for the variance between images due to difference in light levels. 

Using normalised pixel values will help improve the stability of the network and increase rate of convergence in training as 

well as facilitating a quicker and more accurate training process. 

•  Image Enhancement: Many techniques will be implemented for image enhancement, by removing unnecessary 'background 

noise,' while retaining necessary diagnostic features in the image. In addition, the added contrast level enhancement will 

increase the ability to differentiate various structures in the retina by providing a more complete set of numeric enquiry. 

•  Label Encoding: The categorical disease IDs will be converted to numeric value so that the machine learning algorithms can 

more readily work with them; nevertheless, the conversion will preserve the long-term identity of the original classification, 

as well as its original numeric form. 

•  Train-Test Split: The dataset will be divided into two subsets: the training set and the testing set. This enables us to test and 

evaluate the performance of machine learning models without committing bias at the time of model evaluation.. The training 

set will include all the relevant characteristics and patterns to train the model on how to predict a future target value for each 

eye disease, while the testing set will evaluate the model(s) ability to generalise for new applied data. 

•  Handling Class Imbalance With SMOTE: The use of SMOTE will be implemented as a means to address the issue of class 

imbalance present in the dataset. As SMOTE creates synthetic samples from existing samples, the effect of class imbalance 

will be reduced and will allow for more fair and sensitive classification across all the eye disease categories. 

•  Importance of Pre-processing in Machine Learning: The data pre-processing steps that will be included significantly increase 

the quality of the eye disease dataset by creating uniformity of the data, decreasing noise, and correcting for class imbalance. 

The improvements made to the dataset will result in better feature representation and, therefore, a higher accuracy of 

classification of the eye diseases. 

The success of the proposed machine learning framework is heavily dependant on the quality of the eye disease dataset and the 

importance of the steps to pre-process the data in order to achieve accurate classification of eye diseases. 

5. METHODOLOGY 

The proposed method is a structured, systematic approach using machine learning techniques to automate the detection and 

classification of eye disease through the use of retinal fundus images (RFI). The proposed methodology will consist of multiple 

steps, including the following: image preprocessing, feature extraction, dataset balancing, supervised machine learning model 

training, and performance evaluation of the developed models. An overall methodology workflow for the proposed methodology 

can be found in 
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Fig-4: Overall Methodology Workflow for Eye Disease Detection 

Fig-4 depicts a visual representation of the entire development process from start to finish of the proposed methodology with raw 

RFI input images and result output is a multi-class prediction of the presence of various eye disease(s) in the given image. 

5.1 Data Acquisition 

The retinal fundus images used in this study were collected from a validated ophthalmic image dataset and are each associated 

with a corresponding diagnostic label. These diagnostic labels will be necessary for the implementation of supervised learning 

techniques in the development phase. In addition, the group of images includes both pathological and non-pathological images 

and represents actual clinical conditions. Thus, the overall method will have increased reliability when applied to retinal images 

collected in a clinical setting. 

5.2 Image Preprocessing 

Before the image features are extracted from the images, all of the images will go through an image preprocessing pipeline. The 

purpose of the preprocessing phase is to standardize (normalize it using the same image size) and normalize (to use the same pixel 

intensity range) the images before feature extraction and model development. These standardization normals will enhance any 

features that may be image-specific for the particular disease and, therefore, will improve the ability of the features to be used to 

differentiate between classes of the images (RFI). 

5.3 Feature Extraction 

Feature extraction refers to converting data from an image (or some other) into numerical form that can then be used in a machine-

learning model to classify a retina. This paper describes feature extraction from retinal images by defining features from different 

spectra as well as some statistics so that we can evaluate the texture, intensity and structure of the retinal images. 

By extracting the features mentioned above, classifiers can be built using the machine-learning techniques mentioned earlier so 

that the classifier can recognise different types of ocular disease. The machine-learning classifier will use the extracted features to 

classify the type of ocular disease by using the numerical features generated from the extraction of the ocular images instead of 

just relying on pixel density to identify different types of ocular disease. 

5.4 Dataset Balancing with SMOTE 

When using medical datasets we frequently come across a class imbalance meaning that one or more classes have significantly 

more instances than other classes. In order to address this issue, SMOTE (synthetic minority over-sampling technique) was used 

to generate more examples for training the model from the training dataset. SMOTE generates new synthetic instances of a class 

that has too few instances by creating new examples of the class as a combination of two or more existing instances of the same 

class by doing a linear interpolation of the two or more instances (using summary statistics). As a result of the addition of the 

synthetic samples for each class generated by SMOTE, the total number of samples in the dataset is increased significantly and 

thereby improves the likelihood of successful model development and testing outcome using the original dataset without class 

imbalance. 
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5.5 Partitioning Datasets 

Subsequent to pre-processing and balancing the data set, the data set was divided into two data sets (training set and test set) with 

an 80/20 split. The training set is used to develop a new machine learning model, while the test dataset will serve as the 

benchmark by which the machine learning model’s performance will be evaluated based on “unseen” cases. By separating the 

training and test datasets from each other, we can reduce the likelihood of data leakage and ensure that the results generated by 

each classifier will be based on "unknown" records. 

5.6 Performance Assessment of Supervised Models 

Four supervised classification algorithms were constructed to evaluate the effectiveness of conventional machine learning 

techniques. 

5.6.1 Support Vector Machines 

Support vector machines are techniques that classify the data by partitioning the data into separate classes by “maximizing” the 

distance(distance) from each class to the overshould(line). The use of SVMs provides a high likelihood of correct classification, 

especially when there are large numbers of feature measurements (Vega & McCluskey, 2010). 

5.6.2 Random Forest Classifiers 

Random forests generate multiple decision tree classifiers and use the majority of votes from decision trees to provide a more 

reliable and stable estimate than that provided by a single decision tree classifier. Random forest models can also characterize 

non-linear relationships between features and are not susceptible to overfitting compared to a single decision tree classifier. 

5.6.3 K-Nearest Neighbors Algorithm 

The K-nearest neighbors algorithm (KNN) determines which disease class an image belongs to by examining its similarities to the 

K-nearest neighbors (KNNs) of that image in the feature space of its characteristics. KNN is a simple classification approach but 

will perform well on datasets with many disease classes that do not cluster closely together in the feature space of the data. 

5.6.4 Logistic Regression 

Logistic regression is a statistical classifier that provides probabilistic prediction of how an object should be classified into a 

specific disease class. Logistic regression is also an interpreted method, making it a good choice for use as a reference classifier in 

this evaluation process. 

All four classifiers provided the same training data to allow for objective comparisons between them. 

5.7 Model Creation and Hyperparameter Tuning 

Experiments using different hyperparameter settings of classification algorithms were conducted to determine what type of 

settings would work best on a training dataset that was balanced to individual classes based on their size. The primary goal was to 

improve the classification performance. 

Cross-validation was used to create multiple training and validation datasets of classification algorithm models using CV, which 

were then tested to determine the robustness of AI models and reduce overfitting. 

5.8 Evaluation of Model Results 

The outcome of training classification algorithm models was examined through a variety of methods. Classification performance 

was measured using various metrics such as accuracy, precision, recall, classification F1 score, and ROC/AUC score and through 

use of various visual assessment techniques such as confusion matrix, ROC curve, precision-recall curve, learning curve, PCA, 

and graphs to demonstrate model stability using cross validation. 

5.9 Performance Evaluation Metrics 

Established classification metrics such as Accuracy, Precision, Recall or F1 Score, and Receiver Operating Characteristic Areas 

Under Curve (ROC-AUC) were employed to assess the proposed eye disease classification system performance. All these 

classification metrics provide an overall outcome on how effective, robust and clinically relevant the performance of the machine 

learning models are from an assessment perspective. 

The proposed eye disease classification will be evaluated using the following well-established measures: 

•  Accuracy: In order to gauge how accurate a classification system was in predicting the correct outcome for a set of sample 

images, accuracy was calculated as the proportion of correctly classified images for each of the various types of retinal 

diseases. The overall accuracy is used primarily as a high-level overview of how well the model performed however, it does 

not adequately describe how effective the model was at classifying samples when class imbalance was present. As such, there 

are many other metrics that need to be evaluated to provide a reliable assessment of medical diagnostic tools. 

•  Precision: Precision is used to measure the number of positive classifications made by the model that corresponded to true 

positives out of all classifications made by the model as positive. This metric can be particularly useful when evaluating how 

well the model performed in avoiding false positives when diagnosing patients as having an eye disease and ensuring patients 

aren’t diagnosed with a disease they don’t actually have, which prevent true positives from being diagnosed. 

•  Recall: The measure of recall (also referred to as sensitivity) is the ratio of true positive results to the actual number  of true 

positive results that were detected as true positives. Recall is very important when evaluating a diagnostic system since it 

represents how well the system is at catching true disease cases and how effective the system is at reducing the number of 

false negative diagnoses. If many false negatives are present in the population of diseased patients who have been sub 
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diagnosed as having eye diseases, then many patients may not get treated for diseases that have the potential to threaten their 

vision. 

•  F1-score: The F-score is a way to measure both the accuracy of a model (precision) and its completeness (recall). The F-score 

combines precision and recall into an overall score by calculating their harmonic mean. The F-score is very helpful in medical 

classification problems when there is a trade-off between precision and recall, especially for classifications involving many 

different diseases because of the potential clinical implications of false positive or false negative results. 

•  ROC–AUC: The receiver operating characteristic-area under the curve (ROC-AUC) is used to measure how well a 

Classification Model distinguishes between two different disease categories. The ROC-AUC measures the trade-off between 

the probabilities of true positive results (TPR) and false positive results (FPR) as the Classification Model's confidence 

thresholds are adjusted. The ROC-AUC develops a score based on the TPR and FPR over all of the different thresholds used 

by the Classification Model. Thus, the greater the AUC score, the greater the ability of the Classification Model to 

differentiate diseases, and therefore, the greater the overall classification power of the Classification Model. Therefore, the 

ROC-AUC is a critical metric to determine whether or not diagnostic systems provide accurate results. 

Thus, these metrics provide a comprehensive and clinically relevant evaluation of the proposed machine learning framework for 

the automated diagnosis of eye diseases. 

6. RESULTS AND DISCUSSION 

6.1 Confusion Matrix Analysis 

 
Fig-5: Confusion Matrix 

Correct and incorrect eye disease classification results are shown by confusion matrices. When indicators are high for any given 

diagonal cell in the confusion matrix this indicates that the model is accurately classifying number of false classifications will be 

provided by looking at all of the off-diagonal cells within the confusion matrix. 

6.2 Normalized Confusion Matrix 
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Fig-6: Normalized Confusion Matrix 

The confusion matrix is useful for determining the percentage of the predictor's ability to classify each individual class of eye 

disease. This allows for better knowledge of how the classification will be by showing that the various disease classes have very 

different levels of misclassification. 

6.3 ROC Curve Analysis 

 

Fig-7: ROC Curve 

The ROC curve indicates how well a model is able to separate each of the eye disease classes (i.e., the ability of the model to 

classify correctly). The greater the mean of the area under the curve (AUC), the better classification it has. 

6.4 Precision–Recall Curve 
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Fig-8: Precision–Recall Curve 

[EDITORIAL NOTE – TEXT MISSING: the source manuscript contains no interpretation of the precision–recall curve. The 

paragraph that followed this figure described the learning curve and has been moved to Section 6.5. Please supply the precision–

recall discussion here.] 

6.5 Learning Curve Analysis 

 

Fig-9: Learning Curve 

The learning curve indicates how the model performs based on the additional training samples received. This provides insight into 

the degree to which the learning algorithm is over- or under-fitting the training data. 

6.6 PCA Visualization 
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Fig-10: PCA Visualization (Disease-wise) 

PCA reduces (simplifies) the total number of features (variables) used to describe some objects to only two dimensions, allowing 

you to better visualize how objects of different types of eye diseases are separated. 

6.7 Cross-Validation Stability 

 

Fig-11: Cross-Validation Accuracy Stability 

The Confidence levels shown in the above images indicate the degree of consistency within the training of the model during the 

repeated processes (throughout multiple folds of the data used for training) have been consistent and produced reliable results 

6.8 Algorithm-wise Results 

This research project assessed how accurate and reliable several types of classifiers were for determining the types of diseases that 

showed up in different types of images of retinas (through ocular images created by a retinal camera). The study used several 

different kinds of classifiers so that a determination could be made as to which classifier would be the best for classifying the 

diseases found in different types of images and to gain insight into how well each class of machine learning classifier was able to 

classify each class of disease as seen in the given images of retina. 
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1) Support Vector Machine (SVM): The classification method that was studied the most was the Support Vector Machine 

(SVM) since it produced good results based on its ability to generalize well both in performing well on high-dimensional 

data arrays and clinical (or non-clinical) image data samples. Therefore, when looking at the SVM as a component of this 

experiment, it can be said that the SVM provided the greatest accuracy and the most consistent classification of each 

disease class when used in all the data arrays and came as the best performing classifier for the experiment to date. 

2) Random Forest (RF): Random Forest (RF) was used as an ensemble classifier to examine the overall robustness and 

stability of performing multiclass classification based on its ability to effectively capture the variance within each feature 

space and to mitigate the overfitting of any one feature space through the combination of the results from multiple 

decision trees within the random forest architecture. 

3) K-Nearest Neighbors (KNN): The K-Nearest Neighbors (KNN) was an additional algorithm used as a distance-based 

method to classify an evaluation of similarity classification. Although the KNN produced good results for visually 

distinct diseases, it produced poor results on visually overlapping diseases within the images of retina. 

4) Logistic regression (LR): The Logistic regression (LR) algorithm has been chosen as a baseline classifier for the purpose 

of providing a benchmark against which to compare the performance of other classifiers. Though LR produced worse 

results than the SVM and Random Forest models, it produced consistent results and allowed for easy interpretation; thus 

providing a valid baseline for assessing the performance of each classifier. 

The results of the study indicate that the SVM and Random Forest classifiers outperformed the LR classifier and demonstrated 

that traditional methods of machine learning are effective in detecting eye disease and producing automated classifications of eye 

disease. 

7. CONCLUSION 

This paper describes a complete and effective framework for automatically detecting ophthalmological disorders using digital 

colour fundus images of the retina. This novel approach combines all aspects of image processing (e.g., image pre-processing, 

feature extraction, and the use of synthetic minority over-sampling technique (SMOTE) for class balancing) along with standard 

supervised machine learning classification algorithms based on the analysis of medical images. Our results indicate that using 

traditional machine learning techniques allows for obtaining high levels of discrimination without having to use complex deep 

learning architectures. 

Based on experimental results, the proposed framework has shown an ability to manage class imbalances, create a discriminative 

feature representation, and produce high levels of classification accuracy over a variety of different types of ophthalmological 

disorders as measured by performance evaluation metrics including confusion matrices, receiver operating characteristic (ROC) 

curves, precision-recall analyses (PRAs), learning curves, principal component analysis (PCA) visualisations, and cross-validation 

techniques. 

The results obtained from this study support the notion that machine learning is a possible decision-support tool for 

ophthalmologists by providing the means to detect ophthalmological disorders early and accurately. The framework developed in 

this study offers an interpretable, scalable, and low-cost automated screening method for detecting ophthalmological disorders 

with great utility in the clinical setting. 

8. FUTURE SCOPE 

While the proposed ML framework has achieved good results, many opportunities exist for both improvements and extensions of 

the work in future efforts. 

1) Comparison between multiple ML classifiers - Future research can also do comparative analysis among various 

classifiers such as CNN; Logistic Regression, RF, etc., to determine which one works best for eye disease classification 

purposes. In addition to accurate classification results, this comparison would also provide support in developing better 

classifiers with more robust and computationally efficient characteristics. 

2) Real-time integration into clinical systems - The proposed machine learning framework can be deployed in real-time with 

clinical environments providing additional support to assist the clinical care providers (Ophthalmologist) in performing 

routine eye examinations. By implementing the proposed system into the workflow of a hospital or diagnostic centre will 

provide the ability for quicker screening and early detection of disease. 

3) Feature optimization methodologies - Applications employing advanced feature selection/optimisation methods will be 

able to reduce the dimensionality of the features while still maintaining high discriminative ability. Additional benefits of 

implementing optimised features include improved classification rates as well as decreased computation times. 

4) Explainability of ML models through use of appropriate visualisation tools - Various explainable machine learning 

techniques can be applied to help visually identify which attributes positively and/or negatively contribute to each 

prediction. Such techniques can increase transparency within the system; build clinician confidence in the diagnoses 

made within the system and aid clinicians in providing evidence-based solutions to patients through informed decisions 

when treating patients. 
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