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Abstract— Glaucoma is among the leading causes of 

irreversible blindness worldwide and early and accurate 

diagnosis is essential to avoid irreversible loss of sight. Retinal 

fundus imaging is a non-invasive method of screening for 

glaucoma. Manual evaluation is time consuming, needs 

particular clinical skill and is subjected to inter-observer 

variability. We aim to develop a single web-based unified 

computer-aided diagnosis system for glaucoma categorisation, 

retinal structure segmentation, glaucoma localisation, glaucoma 

severity evaluation and XAI through the binary glaucoma 

classification on a publically available retinal fundus image 

dataset after image pre-processing (resizing, normalisation, 

contrast enhancement and data augmentation). Multiple 

classification models such as ResNet50, DenseNet201, ViT, ViT-

CapsNet, Xception and ConvNeXtTiny have been compared. 

For the segmentation of optic disc, optic cup and CDR 

estimation, EfficientUNet was used and for glaucoma 

localization, different YOLO based models were used. However, 

visual explanations were added with the help of Grad-CAM and 

Grad-CAM++ so as to get a better understanding of the model 

and improve the clinical clarity. The experimental evaluation 

was done using Accuracy, Precision, Recall, F1-score, AUC, 

Dice Score, IoU, Pixel Accuracy and mean Average Precision 

(mAP). DenseNet201 obtained the highest glaucoma 

classification accuracy of 89.60%, while YOLOv5s6 obtained 

the highest localisation accuracy with mAP of 97.50% and 

EfficientUNet obtained the highest Dice scores of 95.00% for 

optic disc segmentation and 82.40% for optic cup segmentation. 

The integrated framework therefore provides an effective and 

interpretable computer-aided solution to ocular screening 

which can be employed to make accurate glaucoma diagnosis, 

structural analysis in retina, localisation of the disease, severity 

evaluation, explainable prediction and automatic report 

generation. 

Keywords— Glaucoma Detection, Retinal Fundus Images, 

Deep Learning, DenseNet201, EfficientUNet, YOLOv5s6, 

Explainable Artificial Intelligence, Cup-to-Disc Ratio. 

I. INTRODUCTION  

Glaucoma, a progressive disease that can lead to 
permanent vision loss if not treated, is the leading cause of 
blindness in the world. Diagnosis is important at an early stage 
to save the visual function and improve the prognosis as the 
disease may be asymptomatic in the early phase. Because it 
provides a way to observe structural changes in the optic nerve 
and surrounding retinal tissue, non-invasive retinal fundus 
imaging is a regularly used method for glaucoma screening 
[1]. Recent advances in DL technology has further enhanced 

the automated analysis of retinal images, enabling computer-
aided diagnostic tools to aid the ophthalmologists in quicker 
and more uniform glaucoma diagnostics as well as minimizing 
diagnostic variability [2]. 

Despite the recent advances in automated glaucoma 
detection, most techniques are focused on disease 
classification, and provide little support for comprehensive 
clinical assessment. Some studies have demonstrated 
satisfactory accuracy in the classification of some retinal 
diseases using CNN and Transformer based architecture [3] 
while some studies have investigated optic disc and optic cup 
segmentation in order to perform structural analysis [4]. The 
challenge, however, is on how to integrate all these: illness 
classification, retinal structure analysis, glaucoma localisation 
and severity estimation, and XAI in a single diagnosis. 
Furthermore, in some cases, the lack of visual evidence to be 
interpreted would limit the trust towards the DL based 
prediction by clinicians [5]. 

In order to solve such problems, an integrated DL system 
for automated glaucoma detection from retinal fundus images 
is proposed. The framework incorporates glaucoma 
categorisation, retinal structures segmentation, glaucoma 
localisation, severity estimation based on CDR and XAI, to 
offer a comprehensive clinical evaluation of a single retinal 
image. To improve the reliability of diagnosis and to help in 
clinical interpretation, and also to minimize the manual effort 
involved in routine glaucoma screening, complementary 
diagnostic components are proposed to be provided in a single 
process [6]. 

The suggested framework adds to the intelligent ocular 
diagnosis by integrating numerous diagnostic capabilities in a 
single computer-aided system with an emphasis on prediction 
transparency and clinical usability. By integrating anatomical 
analysis, illness localisation and severity evaluation, 
explainable visualisations, the method provides valuable 
diagnostic evidence to the clinicians beyond the conventional 
classification results. This strategy can increase the efficiency 
of screening, help in clinical decision making, and promote 
the wider use of AI in the diagnosis of glaucoma [7][8]. 

II. RELATED WORK  

DL is now a powerful technique for automated glaucoma 
diagnosis to achieve accurate interpretation of retinal fundus 
pictures. The first computer-aided methods were based on 
classifying glaucoma using convolutional neural networks  
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trained to differentiate normal and glaucomatous eyes 
based on fundus pictures. With the growing availability of 
large retinal imaging datasets and transfer learning algorithms, 
there has been significant improvement in the diagnosis 
performance of these methods, which depend less on 
handcrafted picture characteristics. Many, however, only take 
the glaucoma diagnosis as a single-label prediction problem 
and don't give any clues about the underlying structural 
abnormalities that led to the prediction and so do not help for 
clinical decision-making [9]. In addition, in some cases the 
output of the technologies is not interpretable, limiting the 
comfort level of clinical use during routine ophthalmic care 
[10]. 

Anatomical examination of structures of the retina have 
been added to the diagnosis of glaucoma recently and it has 
more relevance in the clinical practice. High accuracy in 
segmentation of the optic disc and optic cup allows 
quantitative assessment of structural changes associated with 
glaucoma, including the computation of the CDR, an 
important clinical parameter used for glaucoma screening and 
follow-up. DL based segmentation methods have shown 
promising performance by learning complicated retinal 
structures directly from fundus pictures, minimising 
variability related to manual measurements [11]. Although 
these techniques are useful in providing anatomical 
information, they typically deal with segmentation as a stand-
alone activity and fail to provide a single diagnostic 
framework for structural analysis in the classification of 
illnesses, localisation and severity assessment [12]. 

Another important research direction is the interpretability 
of DL predictions and localisation of the areas of the retina 
associated with the disease. YOLO family of models have 
been proved to be very accurate and retain the real-time nature 
of detection which makes them interesting for medical image 
localisation applications [13]. More recently, solutions have 
been developed to improve the usability, to allow for more 
efficient computing and to be deployed flexibly, making 
computer vision applications in healthcare more practical 
[14]. At the same time, the XAI methods, including the Grad-
CAM and the Grad-CAM++ have been extensively used to 
obtain a visual explanation of the regions of the image that 
contributed to the CNN prediction, thereby enhancing the 
transparency of CNN and giving visual evidence to support 
the clinician in diagnosis [15] [16]. But, localisation and 
explainability are usually given separately, rather than a part 
of a whole glaucoma diagnosis system. 

Research in automated glaucoma screening has made 
tremendous progress with the availability of publicly available 
retinal imaging datasets, which help standardise training and 
evaluation of DL algorithms for glaucoma diagnosis. The 
availability of extensive fundus image databases with 
annotations has led to objective benchmarking and has 
facilitated the development of more comprehensive diagnostic 
algorithms that encompass a range of retinal features [17]. 
Moreover, a number of survey studies have examined how 
glaucoma detection has progressed from handcrafted feature 
engineering to DL-based detection methods and that the 
methods need to be robust, interpretable and clinically 
validated for real-world deployment [18]. These reviews 
generally reveal that although significant progress has been 
made in the diagnosis of certain diagnostic tasks, very little 
research has addressed an overall solution to aid the whole 
glaucoma screening process [19]. 

The available literature has shown great development in 
glaucoma classification, retinal structural segmentation, 
object localisation and XAI. However, much of the current 
research only focuses on a single or two diagnostic tasks in  

 

isolation, resulting in incomplete solutions with limited 
clinical input. Despite this, a need still exists for a single 
workflow of CAD frameworks that encompass the correct 
categorisation of glaucoma, the analysis of retinal structure, 
the location of the disease, the severity of the disease, and the 
visual explanation. The filling of this gap can improve the 
transparency of diagnosis, clinical usability and everyday use 
of intelligent glaucoma screening technologies [20]. 

III. MATERIALS AND METHODS 

A. Overview 

We provide a method that offers an integrated DL pipeline 

for automated glaucoma detection using retinal fundus 

pictures. The methodology involves preparing the dataset, 

preprocessing the images, glaucoma classification, optic disc 

and optic cup segmentation, glaucoma region localisation and 

severity assessment using CDR, and XAI for interpreting the 

forecast. We perform a comparative analysis of multiple DL 

models for every diagnostic task to find the best suited 

architecture for good performance in classification, 

segmentation and localisation. The segmented retinal 

structures are used to estimate CDR which helps in automated 

glaucoma severity evaluation. To increase the transparency of 

prediction, explanatory approaches are used to give visual 

evidence. Finally, the developed framework is implemented 

as a web-based clinical decision support system, which 

enables the automated analysis of retinal images, the 

visualisation of the results, the management of predictions and 

the generation of reports, providing an accurate, interpretable 

and practical solution for glaucoma screening. 

 

Fig. 1.  System Architecture 

The whole process of the proposed glaucoma diagnosis 
system is shown in Fig. 1. The method starts with acquisition 
and preprocessing of retinal fundus image, followed by 
glaucoma classification, optic disc and optic cup 
segmentation, glaucoma region localisation and severity 
assessment based on CDR. The resulting diagnostic results 
are then further processed by XAI methods and visualized 
and output via a web-based application to be used for 
automated analysis, visualization, prediction management 
and clinical report generation. 

B. Dataset 

The proposed system is based on a public benchmark 
dataset called the SMDG-19, which is created by combining 
and standardising the retinal fundus images from 19 datasets 
of glaucoma patients. The dataset comprises colour fundus 
images with clinically relevant metadata such as glaucoma 
labels, optic disc segmentation masks, optic cup 
segmentation masks, blood vessel segmentation masks and 
patient attributes (where available) including age and sex. 
SMDG-19 is a comprehensive and structured dataset, which 
can be used as a benchmark for building and testing glaucoma 
diagnosis algorithms using AI. 
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The training set for the glaucoma 
classification contains 3,920 glaucoma and 6,039 normal 
photos, and the testing set has 980 glaucoma and 1,510 
normal images . There are also several types of annotations, 
allowing for retinal structure segmentation and glaucoma 
localisation, thus providing a complete assessment of various 
diagnostic tasks in a single framework. The dataset provides 
a diversity of retinal pictures and their annotations which 
makes it suitable for robust glaucoma diagnosis and 
comparison of performance. 

C. Data Preprocessing 

To have a consistent input format for all the diagnostic 
tasks and to have improved data quality, the retinal fundus 
images are preprocessed in a series of steps before model 
training. First, the photos are downsized to a fixed resolution, 
so that there is uniformity during model training and 
inference. The intensities of the images obtained by different 
imaging devices and at different settings are different, and the 
pixel values of these images are normalised to facilitate the 
learning of robust features throughout the image set. These 
pre-processing procedures improve the performance of the 
computation processes and make sure the input into the DL 
models are standardised. 

In order to enhance the diversity of training data, and thus 
to improve the model's generalisation, a few data 
augmentation techniques are used, including random 
horizontal flipping, rotation, brightness manipulation and 
scaling. The changes simulate fluctuations commonly 
encountered in real retinal imaging, and greatly reduce the 
danger of overfitting. These are organised into annotation 
resources for each diagnostic task like binary labels for 
glaucoma classification, segmentation masks for optic disc 
and OC extraction, and bounding box annotations for 
glaucoma region localisation. Finally, the created data set is 
divided into training, validation, and testing data sets to build 
a reliable model, to tune the parameters, and to evaluate the 
model in an unbiased manner in an unexpected clinical 
scenario. 

D. Classification Models 

This paper proposes to comparatively analyze six state-

of-the-art image classification models of retinal fundus 

images to select the most effective DL model for glaucoma 

diagnosis. The models are chosen based on their reported 

performance in medical imaging analysis, and their capacity 

to learn the discriminative properties of retina. All the models 

are trained and tested in the same experimental environment, 

so as to have a fair comparison. The accuracy, precision, 

recall, F1-score and AUC are used to measure the 

performance. The comparison analysis helps to choose the 

best appropriate classification model which can be 

incorporated in the proposed framework for glaucoma 

diagnosis. 

ResNet50: ResNet50 implements residual learning with 

skip connections which helps to train deep neural networks 

better by relieving the vanishing gradient problem. It has an 

architecture that allows the extraction of much of the 

characteristics in retina and will be used as a good baseline in 

categorising glaucoma. 

DenseNet201: DenseNet201 is based on Dense 

Connectivity between the successive layers, thus enabling 

efficient reusing of features and enhancing gradient flow. 

Optimized redundant learning and features representation can 

be obtained by the architecture to get better classification 

performance for retinal fundus image analysis. 

Vision Transformer (ViT-Base): The Vision Transformer 

(ViT-Base) is a picture classification model that partitions 

retina photographs into patches of a hardcoded dimension and 

teaches the worldwide contextual connections between these 

patches by way of self-attention. This enables modelling of 

long range dependency efficiently and also rich feature 

representation. 

Vision Transformer–Capsule Network (ViT-CapsNet): 

ViT-CapsNet is a fusion of Vision Transformers' global 

feature learning capability and Capsule Networks' ability to 

model spatial relationships. This hybrid architecture is trying 

to preserve the anatomical information and improve the 

discrimination of features of the retina related to glaucoma. 

Xception: The depthwise separable convolutions are the 

backbone of Xception, enabling features to be efficiently 

extracted with lower computing footprint. It manages to learn 

fine-grained retinal features without sacrificing good 

classification accuracy over a vast range of medical imaging 

applications. 

ConvNeXtTiny: The context of retinal fundus analysis is 

ConvNeXtTiny, an architectural variant of vanilla 

convolutional neural networks with the latest architectural 

design concepts that facilitate feature learning, speed up the 

computation, and achieve competitive picture classification 

performance. 

E. Optic Disc and Cup Segmentation 

It is essential to segment the optic disc and optic cup 

accurately to make quantitative assessments of glaucoma, 

where they are used to estimate the CDR, a key clinical 

indicator of glaucomatous damage. In the proposed structure, 

three DL-based segmentation models, UNet++, ResUNet and 

EfficientUNet are comparatively evaluated to determine the 

best performing DL model for the retinal structure 

segmentation. The annotated optic disc and optic cup masks 

are used to train the models and the performance of the 

models in the segmentation task is tested using DSC, IoU and 

Pixel Accuracy. 

UNet++: To reduce the semantic gap between encoder 

feature maps and decoder feature maps, UNet++ employs a 

layered skip connection, which enables more features of 

retinal anatomy to be extracted. The architecture is able to 

extract fine boundary information effectively, and serves as a 

good baseline system for optic disc and optic cup 

segmentation. 

ResUNet: ResUNet is a U-Net based network with a 

residual learning approach which improves the propagation 

and optimisation of the deep network. The residual 

connections enable the stable learning of the model and retain 

the structural information, and thus result in better 

segmentation accuracy. 

EfficientUNet: The segmentation is produced in an 

efficient manner by taking advantage of EfficientNet's 

lightweight feature extraction and U-Net's encoder-decoder 

structure, thanks to its EfficientUNet. It has the capability of 

learning local and global properties of the retina and thus it is 

the best performing segmentation model in the proposed 

framework. 

F. Glaucoma Localization 

The process of identifying and marking the glaucoma 

associated regions in the retina is termed as glaucoma 

localisation, and it gives the spatial information to the 

glaucoma classification. The proposed framework is based on 
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four models of object detection using the 

YOLO concept: YOLOv5s6, YOLOv8, YOLOv11, and 

YOLO26 for the localization of glaucoma-related regions in 

retinal fundus pictures. The models are trained using 

annotated bounding box labels and evaluated by the metrics 

of Precision, Recall and mAP. A comparative evaluation 

helps to choose the best detector for accurate and reliable 

localisation of the glaucoma. 

YOLOv5s6: YOLOv5s6 is a compact, one-stage object 

detection model with a moderate level of accuracy and 

performance. Thanks to its optimised architecture, it is able 

to localise precisely the retinal regions relevant to glaucoma, 

while providing a quick inference. It is the optimum 

localization model of the proposed framework. 

YOLOv8: YOLOv8 offers architectural changes to boost 

feature extraction and object localisation capabilities. It has 

an efficient detection pipeline, which results in high 

localization accuracy and real-time inference for retinal 

image processing. 

YOLOv11: YOLOv11 takes advantage of advanced 

feature representation and optimisation methods to improve 

object detection performance in challenging imaging 

scenarios. The model can also localise the retinopathy areas 

of interest to glaucoma in various anatomical and image 

conditions. 

YOLO26: YOLO26 is suggested to enhance the resilience 

of multi-scale feature learning and localisation by logging the 

ocular features at a number of spatial resolutions. The 

proposed architecture is used as an additional baseline for 

comparative evaluation within the proposed framework and 

is also able to provide competitive detection performance. 

G. CDR-Based Severity Assessment 

The CDR is a therapeutically useful measure to quantify 

glaucomatous damage by evaluating its relative size of the 

optic cup to the optic disc. The proposed framework 

automatically calculates the vertical CDR based on the 

segmented retinal structures after segmenting the optic disc 

and optic cup. The computed CDR is an objective indicator 

of optic nerve head changes and allows automated assessment 

of the severity of glaucoma, helping to assess the 

development of the disease. 

The CDR is calculated as:  

𝐶𝐷𝑅 =  
𝑉𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝐶𝑢𝑝 𝐷𝑖𝑎𝑚𝑒𝑡𝑒𝑟

𝑉𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝐷𝑖𝑠𝑐 𝐷𝑖𝑎𝑚𝑒𝑡𝑒𝑟
                     (1) 

The classification of the retinal pictures to the different 

degrees of glaucoma severity is done by this system and relies 

on the CDR value calculated and clinical thresholds 

determined. A CDR value is generally a reflection of the 

normal retinal structure and a more progressive optic nerve 

damage, indicative of glaucoma, is reflected by larger values. 

The proposed system provides a more reliable automated 

diagnosis and provides a comprehensive and clinically-

relevant evaluation of glaucoma severity by combining 

quantitative CDR analysis with classification, segmentation 

and localisation results. 

H. Explainable Artificial Intelligence 

To enhance the transparency and interpretability of 

glaucoma diagnosis, the suggested system combines the XAI 

methods, namely, Grad-CAM and Grad-CAM++. These 

methods present maps of class activation that highlight 

regions of the retina that most influenced the class decision 

and thus allow a visual interpretation of the model's 

predictions. The generated heatmaps enable doctors to 

determine if the model focuses on clinically significant 

anatomical structures, enhancing the trust in the automated 

diagnostic process. 

Grad-CAM: Grad-CAM uses the gradient details of the 

final convolutional layers to produce coarse localization 

maps indicating the discriminative areas that are pivotal for 

the categorisation of glaucoma. The visualisation offers an 

intuitive evidence to support the model’s prediction and helps 

in the clinical interpretation. 

Grad-CAM++: In addition to the 1st order gradient 

information, they use higher order gradient information, 

which yields more accurate and detailed localisation maps 

than Grad-CAM. This improvement results in better quality 

visualisation particularly for images with many 

discriminative retinal regions, and consequently better 

diagnostic explanations that are reliable and interpretative. 

I. Web-Based Deployment 

The proposed glaucoma diagnosis system is realized as a 

web platform on the Flask framework, for easy and user-

friendly access to automated retinal image processing. The 

application includes a safe user registration, upload of the 

retinal fundus image, automatic prediction and visualisation 

of the diagnostic results with an interactive user interface. 

Effective data storage and retrieval is achieved with a light-

weight SQLite database, which is used for storing user 

information, prediction record and analysis history. 

After uploading a retinal fundus image, the application 

processes the whole diagnostics pipeline, including glaucoma 

categorisation, optic disc and optic cup segmentation, 

glaucoma localisation, severity assessment from the CDR 

and explainable visualisation using Grad-CAM and Grad-

CAM++. Results are presented in a structured format and can 

be printed out in a clinical report. The web-based version 

offers efficient clinical decision support by incorporating 

many of the diagnostic tools into one convenient platform for 

standard glaucoma screening. 

IV. EXPERIMENTAL RESULTS 

A. Performance Metrics 

To evaluate the performance of the proposed glaucoma 

diagnosis framework, commonly recognised classification 

criteria are used to completely analyse the prediction 

capabilities and the model dependability. The accuracy is the 

proportion of all correctly classified samples, Precision is the 

proportion of positive samples correctly classified, Recall is 

the proportion of positive samples correctly classified, F1-

Score is the harmonic mean of Precision and Recall and Area 

Under the ROC-AUC is a measurement of the model's ability 

to differentiate between the classes of glaucoma and normal 

at varying decision thresholds. These measures provide a 

complete assessment of categorisation performance all in all. 

Accuracy:  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP + TN

TP + FP + TN + FN
                           (2) 

Precision:  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP + FP
                                                  (3) 

Recall: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP +  FN
                                                      (4) 
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F1-Score: 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2 × (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                    (5) 

AUC-ROC Curve: 

𝐴𝑈𝐶 = ∑(𝐹𝑃𝑅𝑖+1 − 𝐹𝑃𝑅𝑖) ×
𝑇𝑃𝑅𝑖+1 + 𝑇𝑃𝑅𝑖

2

𝑛−1

𝑖=1

     (6) 

The performance of the various DL models is analyzed using 

these assessment metrics to determine the best suited model 

for automated glaucoma diagnosis. 

B. Classification Results 

Six DL models were trained and tested under the same 

experimental conditions to evaluate the performance of the 

proposed glaucoma classification framework. The models are 

evaluated with Accuracy, Precision, Recall, F1-Score and 

ROC-AUC to find the most appropriate architecture for 

automated glaucoma diagnosis. 

Table 1. Classification Performance Comparison 

Model Accura

cy (%) 

Precisi

on (%) 

Reca

ll 

(%) 

F1-

Scor

e 

(%) 

RO

C-

AU

C 

(%) 

ResNet50 89.20 89.20 89.2

0 

89.1

0 

95.2

0 

DenseNet20

1 

89.60 89.80 89.6

0 

89.5

0 

96.1

0 

ViT-Base 87.60 87.70 87.6

0 

87.5

0 

94.1

0 

ViT-

CapsNet 

60.80 58.70 60.8

0 

47.7

0 

57.9

0 

Xception 88.80 88.80 88.8

0 

88.8

0 

95.8

0 

ConvNeXtTi

ny 

88.40 88.40 88.4

0 

88.2

0 

94.8

0 

 

Fig. 2. Comparison of Classification Performance 

TABLE 1 AND FIGURE. This figure shows the 

comparative study conducted using six DL models for 

glaucoma classification. Overall, the DenseNet201 model 

achieved the highest scores, demonstrating strong 

classification performance with an Accuracy of 89.60%, 

Precision of 89.80%, Recall of 89.60%, F1-Score of 89.50%, 

and the highest ROC-AUC score of 96.10%, indicating its 

superior discriminative ability. Other models like ResNet50, 

Xception and ConvNeXtTiny were able to obtain somewhat 

competitive results with a score of greater than 88%, while 

ViT-Base was able to get a slightly lower score. In 

comparison, ViT-CapsNet showed much lower performance 

on all metrics, which means it is not very useful for this 

dataset. The experiment results reveal that DenseNet201 

provides the most powerful and reliable representation of 

features and is, therefore, the most suitable classification 

model for the proposed automated glaucoma diagnosis 

system. 

C. Segmentation Results 

We tested the segmentation ability of the proposed 

framework for the optic cup and optic disc, utilising three DL 

architectures: UNet++, ResUNet and EfficientUNet. The 

models were evaluated using Dice Score, IoU and Pixel 

Accuracy which are used to measure the degree of 

segmentation overlap, region similarity and pixelwise 

prediction accuracy, respectively. 

Table 2. Segmentation Performance Comparison 

Structure Model Dice 

Score 

IoU Pixel 

Accuracy 

Optic 

Cup 

UNet++ 0.786 0.674 0.998 

 ResUNet 0.793 0.685 0.998 

 EfficientUNet 0.824 0.723 0.999 

Optic 

Disc 

UNet++ 0.936 0.890 0.998 

 ResUNet 0.932 0.882 0.998 

 EfficientUNet 0.950 0.908 0.998 

 

Fig. 3. Comparison of Segmentation Performance 

Table 2 and Fig. . 3 compare the performance of the tested 

models for optic disc/optic cup extraction . Constant best 

segmentation accuracy for both anatomical structures was 

achieved by EfficientUNet. For optic cup segmentation, it 

achieved Dice Score 0.824, IoU 0.723 and Pixel Accuracy 

0.999 surpassing UNet++ and ResUNet by generating more 

accurate cup borders. Likewise, in the optic disc 

segmentation, EfficientUNet demonstrated the highest results 

with Dice Score of 0.950 and IoU of 0.908, indicating better 

ability to delineate the optic disc area while retaining high 

pixel accuracy of 0.998. The results indicated that 

EfficientUNet can effectively learn fine-grained boundary 

details and global retinal context, and thus is best suited to 

compute the CDR in the proposed framework and to provide 

accurate glaucoma severity grading. 
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D. Localization Results 

The proposed glaucoma detection system's localisation 

performance was compared against four state-of-the-art 

object detection models namely YOLOv8, YOLOv5s6, 

YOLOv11 and YOLO26. Precision, Recall, and mean 

Average Precision (mAP) were used to assess the localisation 

accuracy, the detection completeness and the overall 

performance of the object detection for glaucoma-related 

retinal structures. 

Table 3. Localization Performance Comparison 

Model Precision Recall mAP 

YOLOv8 0.877 0.910 0.966 

YOLOv5s6 0.943 0.927 0.975 

YOLOv11 0.915 0.866 0.920 

YOLO26 0.845 0.908 0.974 

 

Fig. 4. Comparison of Localization Performance 

The localisation performance of the object detection 

models studied is depicted in Table 3 and Fig. 4. YOLOv5s6 

showed the best holistic performance with the highest 

Precision (0.943), Recall (0.927), and mAP (0.975), showing 

higher accuracy in identifying glaucoma-related retinal areas 

while keeping a good detection ability. YOLO26 obtained a 

competitive mAP of 0.974, though the precision was slightly 

lower but the localisation was good. YOLOv8 had good 

results, achieving mAP=0.966. YOLOv11 had the lowest 

recall and mAP. Experimental results show that the 

YOLOv5s6 model achieves the best localization accuracy 

and reliability, and thus is selected as the object detection 

model for integration into the proposed automated glaucoma 

diagnosis framework. 

E. Qualitative Analysis 

For visually evaluating the performance of the proposed 

glaucoma diagnosis paradigm, representative cases were 

selected. Figure 5 shows a mild glaucoma case while Figure 

6 shows a moderate glaucoma case. We display the original 

retinal fundus image, the illness category (and the associated 

confidence score) predicted by the model, and the model's 

Grad-CAM visualisation for each case. The reliable and 

interpretable classification results are complemented by the 

Grad-CAM heatmaps that visually demonstrate the model's 

attention to clinically significant areas of the ONH. The 

qualitative results confirm the quantitative results presented 

in the preceding sections which shows the effectiveness of the 

proposed framework for automated glaucoma diagnosis. 

 

Fig. 5. Mild Glaucoma Case 

 

Fig. 6. Moderate Glaucoma Case 

F. Discussion 

The experimental findings indicate that the proposed 

framework has the potential to deliver competitive 

performance when compared to the existing glaucoma 

diagnosis approaches which were integrated with 

classification, localisation, segmentation, severity evaluation 

and XAI in a single pipeline. DenseNet201, EfficientUNet 

and YOLOv5s6 showed superior performance to other 

models studied and provided accurate diagnosis and reliable 

analysis of the anatomy of the retina. The regions highlighted 

by using the Grad-CAM aid in transparency of the model, 

which is useful for interpretability to healthcare experts. 

Nevertheless, the system was tested with only one benchmark 

data set, which would not be generalizable to other clinical 

situations. Future study will include multi-center validation, 

more heterogeneous datasets and real-time deployment to 

further increase the resilience and clinical usefulness. 

V. CONCLUSION 

An integrated DL architecture of automated glaucoma 

detection using retinal fundus pictures was proposed in this 

paper. The proposed method is a hybrid technique of 

glaucoma classification, localisation of retinal structure, 

segmentation of optic disc and cup, severity evaluation based 

on CDR, and XAI, as it provides a complete CAD solution. 

As per the experimental results, DenseNet201 has been 

observed to have the best classification results with an 

accuracy of 89.60% and a ROC-AUC of 96.10%. 

EfficientUNet produces the most accurate optic disc and cup 

segmentation, and YOLOv5s6 has the best localisation 

performance with a mAP of 97.50%. Grad-CAM 

visualisations to identify clinically significant retinal areas 

improved model interpretability. To summarise, the 

presented approach offers an accurate, interpretable and 

practical alternative to support ophthalmologists in glaucoma 

screening and facilitate quick clinical decision making. 

For future study, this system will be tested on larger multi-

center datasets of retinal images to further improve the 

generalisability of the system to other clinical situations. The 

system can be generalized to multi-stage glaucoma 

classification, multi-modal imaging of the eye (such as 

OCT)), and be deployed on the cloud or mobile devices for 
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real-time glaucoma screening applications. In 

addition, the combination of advanced XAI approaches with 

continuous model adaption using newly acquired clinical data 

can significantly boost the diagnostic reliability and enable 

greater deployment in teleophthalmology and ordinary 

clinical practice. 
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