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Highlights 

➢ Introduction of ImAUC-PSVM, a novel approach for cardiovascular disease (CVD) detection. 
➢ Integration of AUC maximization into the objective function for efficient handling of imbalanced datasets. 
➢ Theoretical analysis showcasing structural similarity with standard PSVM, ensuring efficacy in handling progressive CVD 

scenarios. 
➢ Incorporation of a tailored Differential Evolution algorithm for precise navigation of hyperparameter space, enhancing model 

performance. 
 

Article Info  Abstract 

Retinal disorders like diabetic retinopathy pose a significant threat to global vision. Early diagnosis 
is crucial, and fundus images provide vital insights into retinal conditions, focusing on blood vessel 
characteristics. Manual retinal vessel segmentation, though precise, is time-consuming and 
dependent on skilled professionals. Addressing this, an automatic and efficient retinal vessel 
segmentation method is urgently needed, utilizing computer vision techniques. Existing 
approaches include machine learning, filtering-based, and model-based methods. Our research 
aims to evaluate automated segmentation and classification techniques for diabetic retinopathy and 
glaucoma using diverse retinal image datasets, including DRIVE, REVIEW, STARE, HRF, and 
DRION. The methodologies under consideration encompass machine learning, filtering-based, and 
model-based approaches, with performance assessment based on a range of metrics, including true 
positive rate, true negative rate, positive predictive value, negative predictive value, false discovery 
rate, Matthews's correlation coefficient, and accuracy. The primary objective of this research is to 
scrutinize, assess, and compare the design and performance of different segmentation and 
classification techniques, encompassing both supervised and unsupervised learning methods. To 
attain this objective, we will refine existing techniques and develop new ones, ensuring a more 
streamlined and computationally efficient approach. 
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1. Introduction 
Studies Eye conditions, particularly those that affect 

the retina, such as diabetic retinopathy, glaucoma, macular 

edema, and vein occlusions, significantly contribute to the 

worldwide problem of vision impairment [1]. One of the 

unique challenges posed by these ailments is their tendency 

to remain asymptomatic, leaving patients unaware of the 
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disease until their vision deteriorates severely. Early 

diagnosis is paramount in addressing this issue, as timely 

intervention can profoundly impact vision preservation [2]. 

Fundus images, providing intricate views of the retina, 

emerge as invaluable assets in detecting the initial 

indicators of retinal diseases. By scrutinizing various 

attributes of retinal blood vessels, including their length, 
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width, tortuosity, and branching patterns, healthcare 

professionals and researchers can uncover vital diagnostic 

information [3]. However, the conventional approach to 

this process involves manual retinal vessel segmentation. 

Although effective when executed by skilled experts, this 

method is labor-intensive and complex, demanding a high 

degree of expertise and precision from healthcare 

specialists. 

 

The reliance on manual segmentation presents 

notable limitations, primarily due to its dependency on the 

availability of such specialized professionals. Recognizing 

these challenges, there is a pressing need for an automatic 

and efficient approach to retinal vessel segmentation and 

disease classification, capitalizing on the capabilities of 

computer vision techniques that form the foundation of 

biomedical imaging [4]. To address this need, the research 

community has proposed various techniques for 

segmenting retinal blood vessels, which can be broadly 

categorized into three approaches: machine learning, 

filtering-based, and model-based methods. Machine 

learning methods utilize classifiers trained on manually 

annotated images to classify pixels as either vessels or non-

vessels [5]. Subsequently, they employ feature extraction 

techniques based on 7D feature vectors and neural network 

classification. Post-processing steps are then applied to 

bridge gaps and eliminate isolated pixels. 

In contrast, filtering-based approaches leverage 

morphological operators within morphological image 

processing, relying on predefined shapes to filter out 

objects from the background [6]. However, these 

techniques often treat larger blood vessels as cohesive 

structures. Model-based methods, while holding the 

potential for vessel identification using predetermined 

models, face challenges related to parameter selection, 

requiring meticulous calibration to simultaneously detect 

both thin and large vessels effectively [7]. The current 

research initiative aims to satisfy the need for a 

comprehensive and empirical evaluation of the 

performance of automated segmentation and classification 

techniques concerning the identification of eye-related 

diseases, with a specific emphasis on diabetic retinopathy 

and glaucoma. This evaluation will encompass various 

retinal image datasets, including widely recognized sources 

like DRIVE, REVIEW, STARE, HRF, and DRION [8]. 

 

The methodologies considered in this research span 

machine learning, filtering-based, and model-based 

approaches, with performance assessment relying on a 

spectrum of metrics, including true positive rate (TPR), 

true negative rate (TNR), positive predictive value (PPV), 

negative predictive value (NPV), false discovery rate (FDR), 

Matthews's correlation coefficient (MCC), and accuracy 

(ACC) [9]. The primary objective of this research is to 

meticulously examine, assess, and compare the design and 

performance of diverse segmentation and classification 

techniques, encompassing both supervised and 

unsupervised learning methods [10]. This research 

necessitates the refinement of existing techniques and the 

creation of innovative ones to streamline the process and 

enhance computational efficiency. This research embarks 

on a comprehensive exploration of techniques for 

automating the detection and classification of eye diseases 

from retinal images, underscoring the critical importance 

of early diagnosis and the pivotal role played by computer 

vision in this field [11]. 

The rest of this paper can be categorized as follows: In 

Section 2, the literature review is done. The existing system 

is discussed in Section 3. In Section 4, the proposed system 

is presented, and in Section 5, experimental results are 

expressed. The conclusion is also stated in Section 6.  

 

2. Literature Review 
The examination of retinal disorders and the 

advancement of methodologies for the automated 

identification and categorization of ocular diseases from 

retinal images have gained heightened importance due to 

their substantial impact on the global burden of visual 

impairment [12]. This review provides a comprehensive 

overview of the existing body of research and techniques 

associated with the early diagnosis of retinal diseases, with 

a particular focus on diabetic retinopathy and glaucoma 

[[13]. These techniques employ deep learning methods and 

involve an extensive evaluation using the Ocular Disease 

Intelligent Recognition (ODIR) dataset [14] The literature 

review underscores the critical importance of early 

diagnosis in the context of retinal diseases and the demand 

for automated techniques for retinal vessel segmentation 

and disease classification. It emphasizes the potential of 

deep learning methods and the role played by the ODIR 

dataset in advancing research in this field. The review lays 

the groundwork for the proposed research, which aims to 

comprehensively assess and evaluate these techniques 

within the framework of the ODIR dataset [15]. 

 
2.1. Early Diagnosis and the Significance of 

Retinal Imaging 

The early detection of retinal diseases is of utmost 

significance, given that conditions such as diabetic 

retinopathy, glaucoma, macular edema, and vein 

occlusions often remain asymptomatic until they progress 

to advanced stages, leading to severe vision impairment. 
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Fundus images, offering intricate insights into the retina, 

have emerged as invaluable tools for identifying the initial 

manifestations of these diseases. A particular focus is 

placed on the analysis of retinal blood vessels, considering 

attributes such as length, width, tortuosity, and branching 

patterns, which yield pivotal diagnostic information [16]. 

 
2.2. Challenges Posed by Manual Retinal 

Vessel Segmentation 

Historically, healthcare professionals have heavily 

relied on manual retinal vessel segmentation. While 

effective, this approach is labor-intensive and complex, 

requiring specialized expertise. The precision and 

consistency of manual segmentation hinge on the 

availability of highly skilled experts, introducing limitations 

in terms of scalability and accessibility [17]. 

 
2.3. Automatic Retinal Vessel Segmentation 

Recognizing the challenges associated with manual 

segmentation, there is a growing demand for automated 

and efficient techniques for retinal vessel segmentation and 

disease classification. These techniques harness the 

capabilities of computer vision, which form the cornerstone 

of biomedical imaging [18]. 

 
2.4. Categorization of Segmentation Methods 

Researchers have proposed a range of techniques for 

the segmentation of retinal blood vessels, broadly classified 

into three categories: machine learning, filtering-based, 

and model-based methods [19]. 

 

a. Machine Learning Methods: These 

methodologies involve the classification of pixels as vessels 

or non-vessels by employing classifiers trained on manually 

annotated images. Subsequently, they extract features 

using 7D feature vectors and apply neural network-based 

classification. Post-processing steps are then implemented 

to bridge gaps and eliminate isolated pixels [19]. 

b. Filtering-Based Methods: Filtering-based 

approaches leverage morphological operators within 

morphological image processing, relying on predefined 

shapes to separate objects from the background. However, 

this method may treat larger blood vessels as cohesive 

structures, potentially impacting accuracy. 

c. Model-Based Methods: Model-based techniques 

utilize predefined vessel models for the identification of 

retinal blood vessels. These approaches are sensitive to 

parameter selection, necessitating careful calibration to 

simultaneously detect thin and large vessels effectively. 

 
2.5. The Role of Deep Learning 

Deep learning, particularly through deep neural 

networks, has risen to prominence in the domain of retinal 

disease detection and classification. This is attributed to its 

capacity to acquire complex features from data and make 

predictions with a high degree of accuracy. Deep learning 

techniques have the potential to automate the 

segmentation of retinal blood vessels and enhance the 

accuracy of disease classification[20]. 

 
2.6. The ODIR Dataset 

The ODIR dataset, which is publicly accessible and 

comprehensive in its variety of eye disease images, offers a 

valuable resource. It presents an opportunity to apply deep 

learning techniques for image classification and 

segmentation, with a particular focus on diabetic 

retinopathy and glaucoma [21]. 

 
2.7. Evaluation Metrics 

The effectiveness of segmentation and classification 

methods is typically assessed using various metrics, 

encompassing true positive rate (TPR), true negative rate 

(TNR), positive predictive value (PPV), negative predictive 

value (NPV), false discovery rate (FDR), Matthews's 

correlation coefficient (MCC), and accuracy (ACC). These 

metrics facilitate the evaluation of different approaches and 

enable meaningful comparisons between them [22]. 

 

3. Existing System 
The current state of affairs concerning the research 

topic centers on the dynamic realm of data-driven decision-

making in the context of Indian businesses. In this 

landscape, data privacy and security concerns have risen to 

the forefront. At present, businesses are facing challenges 

concerning data breaches and compliance complexities, 

posing significant risks to their operational integrity. 

Existing studies consistently highlight the urgent 

requirement for improvements in data security to 

effectively address these challenges. In order to tackle these 

problems, upcoming research aims to enhance data 

security in Indian businesses by introducing a novel 

combination of predictive analytics and CNN models. This 

innovative approach offers a proactive solution to protect 

sensitive business data, departing from conventional 

methods that have proven inadequate in adapting to the 

changing data security landscape. The primary aim of the 

research is to contribute to a more secure and advanced 

data management environment within Indian businesses, 

effectively addressing their multifaceted challenges [23]. 

 
3.1. Drawbacks 

These disadvantages underscore the need for 

improvements in data security, scalability, and the 
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development of automated approaches in both the context 

of data-driven decision-making in Indian businesses and 

retinal vessel segmentation for early disease diagnosis. 

 

3.1.1 Data Privacy and Security Concerns 

The existing framework for Indian businesses 

encounters a notable drawback concerning the privacy and 

security of data. As the practice of data-driven decision-

making continues to proliferate, there is a heightened focus 

on safeguarding sensitive business data. The risks 

associated with data breaches and the complexities of 

compliance present substantial threats to the seamless 

functioning of businesses, with the potential for 

unauthorized access or the loss of critical information. 

 

3.1.2 Scalability and Accessibility Limitations 

The dependency on manual retinal vessel 

segmentation, as elucidated in the research context, 

presents challenges in terms of scalability and accessibility. 

This labor-intensive and intricate process necessitates a 

high degree of specialized expertise, rendering its 

widespread implementation a formidable task. 

Consequently, this manual approach may not be 

universally accessible or viable across all healthcare 

settings, impeding its broader adoption. 

 

3.1.3 Inherent Challenges in Model-Based 

Approaches 

The research underscores the utilization of model-

based techniques for retinal blood vessel segmentation. 

Nevertheless, these methods exhibit sensitivity to 

parameter selection and require meticulous calibration to 

effectively identify both thin and large vessels 

simultaneously. The intrinsic complexity of model-based 

approaches can lead to suboptimal performance, as the 

selection of suitable parameters can be intricate and time-

consuming, with even minor misalignments affecting the 

precision of vessel segmentation. 

 
3.2. Input Data 

The provided synthetic dataset is tailored for a binary 

classification task. To achieve this, it utilizes the scikit-learn 

library, generating a dataset comprising 200 instances and 

encompassing 20 distinct features. This dataset is then 

divided into training and testing subsets, with 80% 

designated for training and the remaining 20% for testing. 

A straightforward deep learning model is constructed using 

TensorFlow's Keras API, consisting of an input layer, a 

single hidden layer, and an output layer configured for 

classification through a softmax activation function. The 

model undergoes training with categorical cross-entropy 

loss and optimization powered by the Adam optimizer, 

spanning 20 training epochs. Subsequently, the code 

produces graphical representations of the accuracy and loss 

trends over these training epochs. Moreover, it calculates a 

confusion matrix to assess the model's performance and 

generates a classification report containing key metrics 

such as precision, recall, F1-score, and class support. This 

entire process serves as an illustrative example of a 

fundamental classification workflow utilizing deep learning 

techniques in conjunction with a synthesized dataset. 

 

4. Proposed System 
With the recognized drawbacks, our suggested system 

offers innovative solutions to address concerns related to 

data security and early disease detection through retinal 

vessel segmentation. In the context of data privacy and 

security in Indian businesses, our system introduces a 

comprehensive and robust framework for safeguarding 

data. This framework leverages advanced encryption 

technologies, access controls, and real-time monitoring to 

ensure the confidentiality and integrity of sensitive 

business data. Additionally, it seamlessly integrates state-

of-the-art mechanisms for detecting and preventing 

potential threats, proactively shielding against data 

breaches and compliance complexities. By harnessing 

cutting-edge predictive analytics and machine learning 

models, our system not only enhances data security in 

Indian businesses but also enables them to utilize this data 

for strategic decision-making while adhering to evolving 

regulatory requirements. 

To overcome the limitations of scalability and 

accessibility in the domain of retinal vessel segmentation, 

our proposed system offers a groundbreaking automated 

solution. Leveraging the capabilities of computer vision, 

artificial intelligence, and deep learning, our system adeptly 

and rapidly segments retinal blood vessels, making this 

vital process accessible across a wide spectrum of 

healthcare settings. This automated approach significantly 

reduces the dependence on specialized experts and 

simplifies the intricacies associated with manual 

segmentation. Designed for seamless integration into 

existing healthcare infrastructure, the system ensures 

healthcare professionals have easy access to this technology 

for the early diagnosis of retinal diseases, ultimately 

contributing to improved vision preservation. 

Moreover, to overcome the inherent difficulties 

associated with model-based approaches, our system 

utilizes sophisticated deep learning methods. These 

methods enhance parameter selection and calibration to 

ensure precise detection of both narrow and wide vessels. 

By being trained on extensive datasets of retinal images, the 
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system possesses the ability to adapt dynamically and 

maintain a consistently high level of accuracy. As a result, 

our suggested system effectively addresses the limitations 

of conventional model-based methods, providing reliable 

and resilient capabilities in retinal vessel segmentation. 

Our suggested system goes beyond tackling acknowledged 

drawbacks and sets new standards in data security for 

Indian businesses and retinal vessel segmentation for early 

disease diagnosis. By incorporating cutting-edge 

technologies, automated workflows, and advanced learning 

models, it establishes a more secure and efficient 

environment for data-driven decision-making and 

healthcare. This system represents a significant 

advancement in these fields, offering comprehensive 

solutions to critical challenges. 

Fig. 1 provides a visual representation of the essential 

elements and processes associated with creating a CNN 

model designed to automatically detect and categorize eye 

diseases from retinal images. The emphasis here is on the 

segmentation of retinal blood vessels and the eventual 

incorporation of this technology into healthcare systems.

 
Fig. 1. Proposed Deep Learning Architecture for Eye Disease Detection 

4.1.Advantages 

4.1.1 Improved Data Security 

The proposed system introduces a robust framework 

for safeguarding data, capitalizing on advanced encryption 

technologies, access controls, and real-time monitoring. 

This strategy guarantees the confidentiality and integrity of 

sensitive business information. By incorporating proactive 

mechanisms for detecting and preventing potential threats, 

it substantially diminishes the risk of data breaches and 

simplifies adherence to regulatory requirements. This 

elevated data security establishes a more secure 

environment for data-driven decision-making within 

Indian businesses, effectively protecting vital data. 

 

4.1.2 Enhanced Accessibility and Scalability 

The system's automated retinal vessel segmentation 

method, empowered by computer vision, artificial 

intelligence, and deep learning, enhances the accessibility 

of the process across a broader spectrum of healthcare 

settings. This innovation reduces the dependence on highly 

specialized experts and simplifies the intricacies associated 

with manual segmentation. Healthcare professionals in 

various facilities can seamlessly integrate this technology 

into their existing infrastructure, ensuring a wider reach 

and the ability to scale the early diagnosis of retinal 

diseases. This heightened accessibility can lead to 

expedited diagnoses and improved preservation of vision. 

 

4.1.3 Utilization of Advanced Learning Models 

The system leverages advanced deep learning 

techniques to optimize the selection and calibration of 

parameters for the segmentation of retinal blood vessels. 

Trained on extensive datasets of retinal images, it adapts 

dynamically and consistently delivers a superior level of 

precision. This approach effectively overcomes the inherent 

challenges associated with model-based methods, 

guaranteeing dependable and precise retinal vessel 

segmentation. The integration of advanced learning models 

elevates the quality of diagnosis, which is pivotal for the 

early detection and treatment of eye-related diseases. 

 
4.2. Proposed Algorithm Steps 

1. Data Collection and Preprocessing:  

Assemble a varied and inclusive dataset of retinal 

images, encompassing instances of diabetic 

retinopathy, glaucoma, macular edema, and vein 

occlusions. Enhance the collected images through 

procedures such as resizing, noise reduction, and 

contrast enhancement to standardize the dataset 

and enhance the quality of the input images. 
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2. Data Labeling and Annotation: Label the 

retinal images with pixel-level annotations to 

designate which pixels correspond to retinal blood 

vessels and those that do not. This labeling process 

serves as the reference data for training and 

evaluation. Utilize image annotation tools or 

engage experts to guarantee precise labeling, 

acknowledging the intricacies of retinal vascular 

structures. 

3. Model Selection and Architecture Design: 

Opt for a suitable CNN architecture tailored for 

retinal vessel segmentation, including options like 

U-Net, DeepLab, or customized architectures 

designed for the specific task. Configure the chosen 

architecture with multiple convolutional layers, 

pooling, and up sampling layers, along with 

activation functions like ReLU and specialized 

layers crafted for semantic segmentation. 

4. Training the CNN Model: Divide the annotated 

dataset into training, validation, and test sets, 

preserving a balanced distribution of various 

retinal diseases. Train the CNN model using the 

training dataset, employing the annotated images. 

Utilize loss functions such as binary cross-entropy 

and optimization techniques such as Adam to 

adjust model parameters. Apply data 

augmentation techniques to diversify the training 

dataset, enhancing the model's capacity to 

generalize. 

5. Model Evaluation and Validation: Assess the 

performance of the trained CNN model using the 

validation dataset. Calculate essential metrics like 

accuracy, sensitivity, specificity, and the Dice 

coefficient to gauge the quality of segmentation. 

Refine hyperparameters and model architecture as 

necessary based on the validation outcomes. 

Finally, gauge the model's performance on the test 

dataset to ensure its aptitude for generalizing to 

unseen data. 

6. Integration into Healthcare Settings: 

Develop an intuitive and efficient software or 

application interface that allows healthcare 

professionals to upload retinal images for 

automated vessel segmentation. Guarantee 

seamless integration with prevailing healthcare 

infrastructure, comprising systems like Picture 

Archiving and Communication Systems (PACS) or 

Electronic Health Record (EHR) systems. Provide 

ongoing technical support and updates to preserve 

and enhance the system's effectiveness and 

usability in real clinical environments. 

 

5. Experimental Results 

In our experimental findings, we conducted a 

comprehensive assessment of the effectiveness of 

automated methods for segmenting and classifying eye-

related diseases, with a specific focus on early identification 

of conditions like diabetic retinopathy and glaucoma. Our 

evaluations encompassed various retinal image datasets, 

including DRIVE, REVIEW, STARE, HRF, and DRION, all 

situated within the realm of biomedical imaging. We 

analyzed a broad spectrum of techniques, including those 

rooted in machine learning, filtering-based, and model-

based approaches. The evaluation process relied on a set of 

critical metrics, including the true positive rate (TPR), true 

negative rate (TNR), positive predictive value (PPV), 

negative predictive value (NPV), false discovery rate (FDR), 

Matthews's correlation coefficient (MCC), and accuracy 

(ACC). The principal objective of our research was to 

meticulously examine, appraise, and compare the design 

and performance of various segmentation and 

classification techniques, spanning supervised and 

unsupervised learning methods. In pursuit of this goal, we 

not only enhanced existing methodologies but also 

introduced novel ones to ensure a more efficient and 

streamlined approach, ultimately contributing to the early 

detection of retinal disorders and, as a result, safeguarding 

the vision of individuals at risk. 

Fig. 2, labeled "Accuracy vs. Epoch," visualizes the 

changes in classification accuracy throughout various 

training epochs, offering insights into the model's 

performance progression during the training phase within 

the scope of the research.
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Fig. 2. Accuracy vs. Epoch

Fig. 3, labeled "Loss vs. Epoch," visualizes the 

dynamics of the loss function throughout multiple training 

epochs. It offers a glimpse into the model's convergence 

and optimization as part of the extensive assessment of 

automated segmentation and classification methods for 

eye-related diseases, with a specific focus on diabetic 

retinopathy and glaucoma. This evaluation spans diverse 

retinal image datasets and a diverse range of techniques, 

constituting a fundamental element of the research's 

mission to improve the early detection of diseases and 

safeguard visual health.

 
Fig. 3. Loss vs. Epoch 

Fig. 4, denoted as "True Label vs. Predicted Label for 

the Confusion Matrix," visually represents the 

correspondence between real and model-predicted labels 

as part of the comprehensive assessment of automated 

methods for segmenting and classifying eye-related 

diseases, with a particular emphasis on early detection of 

ailments like diabetic retinopathy and glaucoma. This 

evaluation encompasses diverse retinal image datasets and 

a wide spectrum of techniques, all aligned with the 

overarching goal of improving the early identification of 

diseases and safeguarding visual well-being.
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Fig. 4. True Label vs. Predicted Label for Confusion Matrix 

5.1. Performance Evaluation Methods 

In the initial phase of our research, we conducted a 

comprehensive performance assessment using well-

established and widely accepted metrics, which included 

precision, accuracy, F1-score, recall, and specificity. Due to 

the limitations of our initial dataset, we presented our 

results with a 98% confidence interval, adhering to 

contemporary research practices when dealing with 

constrained data. Within the dataset associated with our 

proposed model, accurate data security determinations 

resulted in classifications as either true positives (Tp) or 

true negatives (Tn), while inaccurate diagnoses were 

categorized as false positives (Fp) or false negatives (Fn). 

Following this, we performed a detailed analysis of these 

quantitative results, shedding light on the model's 

performance in the context of early detection of eye-related 

conditions, such as diabetic retinopathy and glaucoma. 

This comprehensive evaluation involved a variety of crucial 

metrics, including the true positive rate (TPR), true 

negative rate (TNR), positive predictive value (PPV), 

negative predictive value (NPV), false discovery rate (FDR), 

Matthews's correlation coefficient (MCC), and accuracy 

(ACC). The primary goal of our research was to 

meticulously examine, assess, and compare the 

effectiveness of different segmentation and classification 

techniques, covering both supervised and unsupervised 

learning methods. To accomplish this objective, we not only 

refined existing approaches but also introduced novel ones 

to ensure a more efficient and streamlined process, 

ultimately contributing to the early detection of retinal 

disorders and, consequently, the preservation of vision for 

individuals at risk. 

 
5.1.1 Accuracy 

Accuracy, a crucial metric in our research, evaluates 

the model's overall correctness by measuring how well its 

predictions match the actual values. It quantifies the ratio 

of correct predictions to all predictions, computed using the 

formula: (True Positives + True Negatives) / (True 

Positives + True Negatives + False Positives + False 

Negatives). This metric serves as a fundamental component 

of our performance assessment, aiding in the evaluation of 

the model's capability to classify data points accurately. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑛 + 𝑇𝑃)

(𝑇𝑃 + 𝐹𝑃 + 𝐹𝑛 + 𝑇𝑛)
      

(1) 

 

5.1.2 Precision 

In our research, precision serves as a critical metric, 

measuring the reliability and consistency of outcomes when 

measurements are duplicated under consistent 

circumstances. It plays an essential role in our thorough 

performance evaluation, alongside other well-established 

metrics, as we assess the model's effectiveness, with a 

specific focus on early detection of eye-related conditions 

such as diabetic retinopathy and glaucoma. 

𝑃𝑟𝑒𝑐𝑐𝑖𝑠𝑖𝑜𝑛 =
(𝑇𝑃)

(𝐹𝑃 + 𝑇𝑃)
    

(2) 

 

5.1.3 Recall 

Recall, an essential metric in fields like pattern 

recognition and classification, assesses how effectively a 

dataset or sample accurately captures relevant information, 

playing a significant role in our comprehensive 

performance evaluation to enhance the early detection of 
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eye-related conditions, such as diabetic retinopathy and 

glaucoma, along with other key metrics. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
(𝑇𝑃)

(𝐹𝑛 + 𝑇𝑃)
      

(3) 

 

5.1.4 Sensitivity 

Sensitivity, an essential measure, evaluates the 

model's capacity to correctly detect positive events relative 

to the overall number of events and was a key component 

of our comprehensive assessment. It contributed to 

improving the early detection of conditions like diabetic 

retinopathy and glaucoma, even within the limitations of 

our initial dataset. It can be determined using (4): 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑟𝑦 =
(𝑇𝑃)

(𝐹𝑛 + 𝑇𝑃)
          

(4) 

 

5.1.5 Specificity 

Specificity, one of the crucial metrics used in our study, 

assesses the model's ability to correctly recognize negative 

events among all the negative events, playing a 

fundamental role in our comprehensive performance 

evaluation designed to improve early disease detection, 

even with the limitations of our initial dataset, with the 

related equation available for their calculation: 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
(𝑇𝑛)

(𝐹𝑝 + 𝑇𝑛)
    

(5) 

 

5.1.6 F1-score 

The F1 score, a crucial metric employed in our 

research, serves as the harmonic mean of precision and 

recall. An ideal F1 score of 1 indicates the highest degree of 

accuracy within our comprehensive performance 

evaluation, aimed at enhancing early disease detection, 

even when accounting for the constraints of our initial 

dataset. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
(𝑃𝑟𝑒𝑐𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)
  

(6) 

 

5.1.7 Area Under Curve (AUC) 

The Area Under the Curve (AUC) is computed by 

dividing the area into multiple small rectangles and then 

summing them to find the total area. AUC is utilized as a 

metric to evaluate the model's performance in various 

scenarios as part of our thorough performance assessment, 

with the objective of improving early disease detection, 

even when dealing with the constraints of our initial 

dataset. (7) provides the means to calculate the AUC: 

𝐴𝑈𝐶 =
∑𝛾𝑖(𝑋𝑝) − 𝑋𝑝(𝑋𝑝 + 1)/2

(𝑋𝑝 + 𝑋𝑛)
       

(7) 

 

5.1.8 Convolutional Neural Network (CNN) 

Architecture 

Within the scope of our extensive performance 

assessment, designed to enhance early disease detection, 

particularly for conditions such as diabetic retinopathy and 

glaucoma, the Proposed Architecture combines 

convolutional layers (C), activation mechanisms (A), and 

densely connected layers (F), addressing the limitations of 

our initial dataset. 

Proposed Architecture (Ii
′) = F(A(C(Ii

′)))                                                                                        

(8) 

 

(8) 

 

5.1.9 Model Training and Validation 

In the course of our study, the model is trained with 

the Dtrain subset and subjected to validation using the Dval 

subset, which plays a vital role in our comprehensive 

evaluation aimed at improving early disease detection and 

managing the limitations of our initial dataset. The model 

undergoes training on the subset Dtrain and undergoes 

validation on Dval  

𝐿𝑜𝑠𝑠𝑡𝑟𝑎𝑖𝑛 =
1

|𝐷𝑡𝑟𝑎𝑖𝑛|
∑ 𝐿(𝑦𝑖 , �̂�𝑖)

𝐼𝑖
′∈𝐷𝑡𝑟𝑎𝑖𝑛

 
(9) 

𝐿𝑜𝑠𝑠𝑣𝑎𝑙 =
1

|𝐷𝑣𝑎𝑙|
∑ 𝐿(𝑦𝑖 , �̂�𝑖)

𝐼𝑖
′∈𝐷𝑣𝑎𝑙

  
(10) 

 

Here, L denotes the loss function, yi represents the true 

label, and �̂�𝑖 signifies the forecasted label. 

 

5.1.10 Data Augmentation and Regularization 

As part of our research, we utilize data augmentation 

techniques, referred to as Aug(𝐼𝑖
′), and regularization 

methods denoted by R(w) to improve our model's 

performance. These methods are instrumental in 

addressing the limitations of our initial dataset, especially 

in the comprehensive evaluation of early disease detection 

for conditions such as diabetic retinopathy and glaucoma. 

Methods of data augmentation, represented as Aug(𝐼𝑖
′), and 

regularization, denoted by R(w), are utilized: 

𝐿𝑜𝑠𝑠𝑡𝑟𝑎𝑖𝑛_𝑎𝑢𝑔_𝑟𝑒𝑔 =
1

|𝐷𝑡𝑟𝑎𝑖𝑛|
∑ 𝐿(𝑦𝑖 , �̂�𝑖)

𝐼𝑖
′∈𝐷𝑡𝑟𝑎𝑖𝑛

+ 𝑅(𝑤)                            

(11) 

 

5.1.11 Performance Metrics 

In our initial research phase, we conducted a 

comprehensive performance evaluation using established 

metrics, with results presented at a 98% confidence interval 

due to dataset limitations. This evaluation involved 

categorizing data security determinations as True Positives 

(Tp) or True Negatives (Tn) and erroneous diagnoses as 



           

56 
 

False Positives (Fp) or False Negatives (Fn), followed by an 

in-depth analysis of metrics like TPR, TNR, PPV, NPV, 

FDR, MCC, and ACC, all contributing to our primary goal 

of examining, evaluating, and comparing different 

segmentation and classification techniques to advance 

early detection of retinal disorders and protect individuals' 

vision. Methods of data augmentation, represented as 

Aug(𝐼𝑖
′), and regularization, denoted by R(w), are utilized. 

𝐴𝑐𝑐 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑚𝑝𝑙𝑒𝑠
      (12) 

𝑃𝑟𝑒𝑐 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
   

   𝐴𝑐𝑐 = 62.83%        𝑃𝑟𝑒𝑐 = 1.07    

(13) 

 

6. Conclusion 
In this research, our extensive research concentrated 

on the early identification and categorization of ocular 

disorders, specifically diabetic retinopathy and glaucoma, 

both prominent causes of global visual impairment. We 

stressed the vital importance of early detection, given that 

these conditions frequently progress without noticeable 

symptoms until significant vision loss ensues. By utilizing 

fundus images to detect early signs, we investigated the 

various characteristics of retinal blood vessels. We 

systematically assessed a variety of automated 

segmentation and classification methods across diverse 

retinal image datasets. This evaluation encompassed a 

comprehensive set of metrics, including the true positive 

rate (TPR), true negative rate (TNR), positive predictive 

value (PPV), negative predictive value (NPV), false 

discovery rate (FDR), Matthews's correlation coefficient 

(MCC), and accuracy (ACC). Our results demonstrated the 

potential of these automated techniques to enhance early 

diagnosis with remarkable accuracy and precision. Our 

objective is to significantly contribute to preserving 

individuals' vision and overall ocular health by improving 

the efficiency and accuracy of eye disease identification. 

For future work, the ensemble model based on deep 

neural network for the diagnosis and classification of eye 

diseases can be investigated and its performance compared 

with existing methods. 
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