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Abstract: Glaucoma, a series of progressive eye illnesses, is a primary worldwide health concern. Glaucoma, 

sometimes known as the "silent thief of sight," progressively affects the optic nerve, resulting in permanent vision loss 

and, in extreme instances, blindness. It is essential to recognize glaucoma in its earlier stages so that patients can receive 

treatment sooner and prevent further vision loss. An effective method for detecting glaucoma by analyzing retinal 

images with the assistance of a deep learning strategy is presented as a potential solution in this article. The framework 

presented for detecting glaucoma comprises two modules that rely on one another: the Retinal Image Classification 

Module (RICM) and the Retinal Image Diagnosis Module (RIDM). The retinal image is classified as either a normal or 

a glaucoma retinal image by the RICM module, which uses the CNN classifier. The RIDM detects the neuro rim region 

from the glaucoma retinal image by segmenting OD and OC, and the Dual Functional CNN (DFCNN) classifier is 

proposed to diagnose the severity stages of the glaucoma image based on the feature patterns that are extracted from the 

neuroretinal rim in the glaucoma image. Both low- and high-resolution retinal image datasets, known as HRF and 

PAPILA, are utilized in this study to investigate the proposed approaches for glaucoma identification and severity 

estimate. Compared to other methods considered to be state-of-the-art, the simulation's findings show that it is 

successful. Ophthalmologists benefit from the suggested model since it assists them in effectively recognizing glaucoma 

in patients, which in turn allows for improved diagnosis and the prevention of premature vision loss. 

 

Index Terms: Glaucoma, Optic disk, Optic cup, retinal rim, YOLO. 

 

 

1.  Introduction 

Glaucoma is a potentially blinding disease but fortunately preventable and preventing from progression if detected 

early. It is multifactorial. Intraocular pressure (IOP) is the only controllable factor at present. Measuring and detecting 

neuroretinal rim and retinal nerve fiber layer changes are the key factors in detecting and diagnosing glaucoma. The 

incidence of Primary Open Angle Glaucoma (POAG) in our country is 0.6%, meaning 6.48 million persons are affected 

by it. It is more common than Angle Closure Glaucoma. POAG being asymptomatic, gets delayed till irreversible 

damage has occurred. Hence the use of Artificial Intelligence in detecting early changes in fundus can help the burden 

of blindness due to glaucoma in our country. The human eye is a symbol of the signs and symptoms of a variety of 

diseases that can affect the human body. Therefore, research on the human eye should be conducted appropriately to 

provide solutions for the numerous eye-related ailments that affect the human body.  As shown in Figure 1, the retina of 

the human eye is made up of three major components: the macula, the optic disc (OD), and the optic cup (OC). 

Additionally, the retina contains blood vessels. The blood arteries of the retina are said to have begun from the center of 

the OC and expanded out to all areas of the retina. The portion of the retina with the strongest intensity is called the OD, 

and the brightest region inside the OD is called the OC. In contrast to the OD and OC areas, the macula is characterized 
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by a relatively low level of light intensity in the retina. The fovea, located at the center of the macula, has no retinal 

blood vessels running through it. Diseases affecting the eye can be identified and diagnosed through observation of the 

anatomical components contained within a picture of the retina. Analyzing the pictures of the retinal fundus can serve as 

a screening method for several eye illnesses, including the well-known diabetic retinopathy (DR) and glaucoma. 

Damage to the retinal blood vessels is the root cause of diabetic retinopathy, whereas damage to the OD and OC areas 

of the retinal images is the root cause of glaucoma [1,2]. 

 

 

Fig. 1. Internal structure of the retinal image-HRF Dataset 

One of the most widely used screening tests for glaucoma is the Cup-to-Disc ratio (CDR) of the optic nerve head, 

which compares the vertical diameter of the optic cup to that of the disc [3]. If the CDR value is less than 0.5, the eye is 

considered healthy; if it is more than or equal to 0.5, the eye is considered glaucoma-infected [4]. Based on the 

Ensemble, a Spatially Based Ellipse Fitting Curve Model (SBEFCM) classification [5] is proposed for an accurate 

diagnosis of Glaucoma in the Optic Cup (OC) and Optic Disc (OD) border. LAG and RIM-ONE databases were utilized 

in this suggested investigation to identify glaucoma. The LAG database has higher accuracy than the RIM-ONE dataset. 

The practical application of this paper is to bring a fully automated computer-aided process for Glaucoma retinal 

image detection and classifications which helps ophthalmologists to screen Glaucoma in large population countries such 

as India. 

The fundamental purpose of this study is to create a computer-assisted glaucoma detection system making use of 

deep learning techniques. Using the suggested YOLO architecture, this technique identifies and classifies the retinal 

images as either Glaucoma or non-glaucoma. After that, the categorized Glaucoma retina image is diagnosed as either 

"Early" or "Advanced" utilizing Dual Convolutional Neural Networks (CNN) deep learning methods. The performance 

of the established Glaucoma detection framework model was assessed by applying the proposed methodologies to both 

low-intensity and high-intensity retinal image datasets. 

The outline of the work that has been proposed is as follows: 

 

 Image augmentation is applied to the fundus image to generate additional images for use in training the model. 

 Following the augmentation of the image, the YOLO-V5 CNN architecture was trained using the image data 

set. 

 During the third step, the YOLO-V5 CNN architecture was used to extract the deep learning matrix. 

 During the testing phase, the features that were learned by deep learning were utilized to classify the images 

as either healthy or glaucoma. 

 Using the anisotropic diffusion method, the neuroretinal rim was segmented from the glaucoma images. 

 Finally, glaucoma fundus pictures were categorized using Dual Functional CNN (DFCNN) to determine 

whether they belonged to the early or advanced phases of the disease. 

 

This article is broken up into a few different sections. Module 2 of the proposal presents a complete evaluation of 

important literature related to Glaucoma detection. Module 3 describes the Glaucoma detection methods used in this 

study. In Module 4, the experimental findings of the proposed model are compared to those of conventional approaches. 

Finally, Module 5 summarises the study's conclusions and findings. 

2.  Related Works on Glaucoma Detection 

The development of advanced glaucoma detection systems has been driven by significant developments in medical 

imaging, computer vision, and machine learning approaches throughout time. This review will also concentrate on the 

use of machine learning and artificial intelligence in glaucoma diagnosis. Researchers have made significant progress in 

creating automatic and accurate glaucoma diagnosis systems by using massive datasets and deep learning approaches. 

Our goal is to get significant insights into the present state-of-the-art glaucoma diagnosis by thoroughly reviewing 

numerous research papers, articles, and studies. This comprehensive analysis aims to identify possible areas for further 

growth and advancement in the field of glaucoma detection. 
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Shubham Joshi et al. [6] utilized a supervised learning framework model to differentiate glaucoma retinal images 

from non-glaucoma retinal images. The Computer-Aided Design (CAD) method was used to compute the structural 

characteristics of the OD and OC regions of the retinal pictures. After that, an ensemble-based learning model was 

suggested in this study to classify the computed structural features from both the OD and the OC. Finally, the authors 

classified the glaucomatous retinal pictures using the calculated structural features by employing three distinct deep-

learning models previously trained on the data. The identification of glaucoma illnesses through optical tomography 

retinal images was carried out by Singh et al. [7]. To identify the glaucomatous changes in the retinal pictures, the 

authors utilized enhanced fine-tuning in conjunction with pre-trained classification framework models. The authors 

evaluated how well their model performed compared to other pre-trained models. 

Glaucoma disease identification and evaluation framework models were presented by Rutuja Shinde et al. [8] to 

identify glaucoma-impacted retinal pictures. The authors utilized a lightweight LeNET CNN model to classify the 

glaucoma retinal images and the non-glaucoma retinal images. Additionally, a U-Net model was developed to segment 

the affected Region of Interest (RoI) from the retinal images to evaluate further the severity levels of the Glaucoma case 

retinal images. Deep learning technology was used by Ajitha et al. [9] to differentiate glaucomatous retinal images from 

healthy retinal images. The CNN-SVM and CNN-SoftMax methodologies were used by the authors in the construction 

of the Glaucoma detection model. Compared with the SVM-SoftMax model suggested in this work, the CNN-Support 

Vector Machine (SVM) classification strategy showed better performance.  

The computation of the Glaucoma retinal images from the non-Glaucoma retinal images was done using a feature 

extraction framework model employed by Guo et al [10]. This work's suggested linear binary classification approach 

computed the non-linear systematic features from the Glaucoma case retinal images. The proposed model then utilized 

these characteristics to identify the Glaucoma retinal images. To assess the usefulness of these methods for future 

severity level estimate processes, the authors conducted tests using a large-scale retinal image dataset to evaluate the 

proposed methodology. Deep learning was used in the research conducted by Muthamainah et al. [11] to develop a 

computational model for the diagnosis of glaucoma pathology in retinal pictures. From glaucomatous and non-

glaucomatous retinal pictures, the authors extracted and computed texture pattern characteristics as well as 

morphological structure information. The authors then categorized these computed features using the deep learning 

model presented in this study. An auto-encoder architectural model was built by Raghavendra et al [12] to identify the 

glaucomatous retinal pictures. During the course of this research, a new auto-encoder model was developed employing 

two-layer pre-trained models. 

Parashar et al [13] used FAWT to classify glaucoma. FAWT decomposes pre-processed images into sub-band 

images, and Relief and SBC extract entropies and fractal dimension-based features, respectively. Fisher's LDA ranks 

feature values. LS-SVM classifies glaucoma stages using higher-rank information. The proposed technique achieved 

93.4% classification accuracy on a public glaucoma database. Jiang et al. [14] presented Joint RCNN for optic disc and 

optic cup segmentation. Attention processes boost glaucoma detection performance. Two subsystems are trained and 

tested to diagnose glaucoma using fundus images [15]. The first subsystem recognizes the optic disc and cup, mixes 

them, and extracts physical and positional properties. The second uses transfer learning to analyze glaucoma eye fundus 

images. Both methods are used to detect glaucoma. Self-ONNs are proposed [16] for early glaucoma detection in 

fundus pictures and compared to conventional (deep) CNNs (CNNs). The Bit-plane slicing and local binary patterns [17] 

were used for glaucoma diagnosis using three SVMs for categorization. SVM decisions are fused to classify the input 

fundus image as normal or glaucoma. Glaucoma detection using a deep convolution neural network [18] uses CLAHE 

for preprocessing and two segmentation models (EffcientNet+U-Net) were used to segment the optic cup and disc mask. 

The framework diagnoses glaucoma using the CDR ratio. GANs are used for OD segmentation [19] and taxonomic 

diversity indices for feature extraction and texture pattern differentiation.   

2.1  Overview of the proposed method 

The primary goal of this study is to develop and test a CNN-based model capable of diagnosing glaucoma with 

high accuracy limitations of present detection approaches. Many present approaches may lack the needed accuracy and 

sensitivity to identify early-stage glaucoma or subtle changes, resulting in missed diagnosis or delayed therapies. The 

specific techniques may perform well on select datasets, but their ability to produce consistent and reliable findings 

degrades when applied to various datasets. To detect and diagnose glaucoma, two distinct CNNs are employed. The 

first CNN is used to categorize glaucoma images from retinal images, while the second CNN is utilized to identify 

glaucoma stages. Our model is specifically designed to accurately and sensitively detect Glaucoma in retinal images of 

various resolutions, ensuring robust performance across different image qualities and achieving high accuracy in the 

diagnosis. 

3.  Methodology for Glaucoma Detection 

This study presents a potential approach for identifying glaucoma by analyzing retinal pictures with the use of a 

deep learning algorithm. The framework presented for detecting glaucoma comprises two modules that rely on one 

another: the Retinal Image Classification Module (RICM) and the Retinal Image Diagnosis Module (RIDM). As shown 

in Figure 2, the CNN module utilizes the RICM classifier to classify the retinal picture as either a normal or a glaucoma 
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retinal image. The RIDM detects the neuro rim region from the glaucoma retinal image by segmenting OD and OC. The 

Dual Functional CNN (DFCNN) classifier is proposed to diagnose the severity stages of the glaucoma image based on 

the feature patterns that are extracted from the neuroretinal rim in the glaucoma image, as illustrated in Figure 2. 

 

 

Fig. 2. Flow of the proposed Glaucoma detection and classification method 

3.1  Data Augmentation 

During the phase of learning where the classification system is being developed, the performance evaluation of the 

model used for classification mostly depends on the number and quality of the input images. During the learning phase 

of the classification system, insufficient input photos have the most significant impact on the performance of the 

suggested system. When it comes to providing excellent performance on the input photos, this is the primary obstacle 

that the classifier faces. In this article, Data Augmentation, often known as DA, is utilized so that the number and 

quality of the input images can be improved. The DA is the collection of procedures or functions that, when applied to 

retinal images, can produce a new set of retinal images by subtly altering the point patterns present in the retinal images 

used as input. In this article, the DA method is utilized, which can be individually applied to the input retinal images 

(both normal and Glaucoma retinal images) to increase the quantitative of the input images. These methods include the 

vertical flip, the horizontal flip, the left scale, and the right scale, as well as contrasting and grey scaling. When you use 

the vertical and horizontal flip functions, the image that is produced has a point shift of one pixel. The image produced 

by the left and right scale functions has scales of 0.5. The DA approach, on the other hand, improves contrast by 10% 

on each pixel. Through the use of the grey scale DA approach, the color retinal image can be transformed into a 

greyscale image. The data augmented output is shown in figure 3. Table 1 illustrates the outcomes obtained from 

implementing the DA into practice. 

Table 1. Outcomes of DA Implementation 

Dataset Glaucoma images  Glaucoma images after DA Normal retinal images Normal retinal images after DA 

     

HRF 15 90 15 90 

PAPILA 155 930 333 1998 

KAGGLE 1000 6000 1040 6240 
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Fig. 3. Output Images after Data Augmentation 

3.2  Retinal Image Classification Module (RICM) 

The operations of this RICM segment can be broken down into two phases that follow one another: learning and 

categorization. During the learning phase of RICM, the normal and glaucoma retinal pictures from the database are 

learned with the help of a data augmentation function, which produces a deep learning matrix (DLM). The CNN 

classifier with data-augmented retinal images and the DLM pattern, produced by the classifier's learning phase, is 

utilized in the phase of RICM known as classification. During this phase, the test retinal image that was obtained from 

the database is classified as either normal or glaucomatous by the CNN classifier. Figure 4 provides a comprehensive 

explanation of the RICM proposal as a whole. 

This article distinguishes glaucomatous retinal images from healthy retinal images by employing a classification 

framework that is based on deep learning. The retinal images each have unique object patterns, which a machine 

learning system cannot differentiate straightforwardly. A large number of features are required by the classification 

algorithm to get a greater glaucoma detection rate. These characteristics are used to differentiate the various object 

patterns that can be found in retinal images. Based on this, the YOLO architecture, which is an expansion of the CNN 

architecture, has been employed in this article. Several CNN layers make up the YOLO, and these layers generate a 

significant number of internal features that are used by the retinal image categorization system. 

 

 

Fig. 4. Retinal Image Classification Module flow diagram 

3.2.1  YOLO V5: Glaucoma Detection 

The retinal image categorization procedure described in this work makes use of the YOLO-v5 architecture, which 

is seen in Figure 5. To create this YOLO architecture, five modules of Convolutional Layers (CL) and two modules of 

Fully Connected Neural Network (FCNN) layers were utilized as building blocks.  

Layer 1: The initial Layer 1 module is constructed with 192 CL, and each CL is given a configuration that consists 

of a 3*3 kernel function.  
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Layer 2: The second Layer 2 module is built using 128 CL layers that are configured with a 1*1 kernel, 256 CL 

layers that are set up with a 3*3 kernel, 256 CL layers that are configured with a 1*1 kernel, and 512 CL layers that are 

configured with a 3*3 kernel, together with two Pooling Layers (PL).  

Layer 3: The Third Layer 3 module is created with 4*256 CL layers configured with 1*1 kernel, 4*512 CL layers 

configured with 3*3 kernel, 512 CL layers configured with 1*1 kernel, 1024 CL layers configured with 3*3 kernel, and 

two PL. In addition, the module includes two PLs.  

Layer 4: The Layer 4 module is constructed with two PL, two 2*1024 CL layers configured with three 3*3 kernels 

each, two 1024 CL layers configured with three 3*3 kernels each, two 2*1024 CL layers configured with three 3*3 

kernels each, and two 2*512 CL layers configured with one 1*1 kernel each. All of these layers are configured with one 

512 CL layer each.  

Layer 5: The design of the Layer 5 module includes 1024 CL layers configured with a 3*3 kernel and 1024 CL 

layers configured with a 3*3 kernel and two PLs.  

FCNN layer 1 has 4096 neurons, whereas FCNN layer 2 contains just two neurons that correlate to normal or 

glaucoma classification results. 

 

 

Fig. 5. YOLO architecture for RICM  

3.3  Retinal Image Diagnosis Module (RIDM) 

Figure 6 provides a visual representation of the RIDM framework for glaucoma severity categorization. Regarding 

the Training RIDM and Testing RIDM stages, the operation of this suggested framework is described. The suggested 

Alex Net CNN architecture is used to train the neuro rim region of both the "Early case" and the "Advance case" 

glaucoma retinal images during the Training RIDM framework. The feature values of Early or Advance case Glaucoma 

retinal pictures can be computed with the help of this Alex Net CNN architecture. These values come from the Neuro 

rime region of the images. Estimating the severity levels during Testing RIDM is accomplished by the utilization of a 

dual CNN architecture. The first CNN architecture is used in the Testing RIDM framework to extract the feature values 

from the Neuro rim region of the test Glaucoma retinal image. The second CNN architecture is used to classify the 

computed CNN features into either the "Early" or "Advanced" case Glaucoma retinal images concerning the trained 

CNN features that are obtained in the Training RIDM framework. 

 

 

Fig. 6. Retinal Image Diagnosis Module for Glaucoma Severity Classifications 
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3.3.1  Neurorim Segmentation 

The retina is the neural layer/light-sensitive layer of the eye. OD/ONH is the area from which the retinal nerve 

fibers carrying visual stimulus exist the globe to continue as optic nerve (the 2nd cranial nerve) sending impulses to the 

visual cortex for processing the image we see. The OD measures about 1.7-1.8mm on average and has a cup in the 

center that is more pallor than the neuroretinal rim around the cup. The cup is the area through which nerve fibre leaves 

the globe, and retinal blood vessels enter the eye. The fibers then penetrate the sclera at its lamina cribrosa area which 

can dip/curve under pressure leading to an increase in the cupping of the disc. Hence measuring the cup disc ratio helps 

us to detect glaucomatous changes. When the cup size increases there is thinning of the neuro retinal rim. This can 

further cause retinal nerve fiber layer loss and thinning. The region that lies between the OD and OC is known as the 

neuro-rim region. This structure of the neuro-rim region is subject to change depending on the ocular pressure. A 

method known as anisotropic diffusion filtering is utilized to identify the neural rim region that is present in 

glaucomatous retinal images [20]. An anisotropic diffusion filter is used to segment the neuroretinal margin from the 

retinal images. This anisotropic filter segmented the neuroretinal rim using four nearby pixels. This work uses 

anisotropic non-linear diffusion to compute the retinal image's Laplacian and Gradient. The anisotropic diffusion filter 

has three components: the conductance function, the gradient threshold parameter, and the stopping value. In this study, 

the non-linear factor is employed as the conductance function, the gradient threshold is set to 0.5 after multiple trials, 

and the stopping value is set to 100. 

Eight retinal images are created by convolving the retinal image with the anisotropic diffusion filter's gradients. 

The diffused image's maximum pixel is chosen from eight filtered images. The Laplacian index is then utilized to 

segment the neuroretinal rim. Rim pixels in a diluted image have a higher intensity than other pixels. Figure 7(a) 

displays the retinal picture, 7(b) shows the diffused image and 7(c) shows the segmented Neuro rim region. The 

discovered neural rim region is then used in the RIDM step of the diagnostic process to determine the severity levels of 

the Glaucoma condition. 

 

 
     (a)                                                  (b)                                                   (c) 

Fig. 7. Neurorim segmentation: (a) Retinal image (b) Diffused image (c) Neuro rim region segmented by the proposed method 

3.3.2  Alexnet: Glaucoma Severity Diagnosis 

The traditional Alex Net CNN architecture consisted of eight internal layers, each of which had learnable 

parameter configurations. There were five CL layers and three FCNN levels. The configuration of all eight of these 

internal layers is in the form of a series, with the final FCNN layer being the one that generates the severity levels. The 

CNN-1 architecture is comprised of five CL modules, the first of which is configured with 96 filters, the second of 

which is configured with 256 filters, the third and fourth of which are configured with 384 filters each, and the fifth of 

which is configured with 256 filters. These configurations are depicted in figure 8, which can be found here (a). To 

generate the feature maps, the CNN-1 architecture is provided with input from the Neuro rim region of both the Early 

and advanced examples. The CNN-1 architecture is responsible for generating these feature maps, which are then 

classified using the CNN-2 architecture. The CNN-2 architecture, which is shown in figure 8b, is an expansion of the 

CNN-1 architecture that includes three FCNN layers. Fig. 8b depicts this extension. The 'Early' and 'Advanced' stages 

are shown by the fact that the third FCNN layer only contains two neurons, while the first two FCNN layers have a total 

of 4096 neurons. 

 

 
(a) CNN-1 architecture for feature computations
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(b) CNN-2 architecture for feature classifications 

Fig. 8. Dual Functional CNN architectures 

4.  Result and Discussion 

Dataset Healthy Images Glaucoma Images 

 

 

 

 

 

 

 

PAPILA 

 

 

 

  
 

  

  
 

  

 

 

 

 

 

 

 

 

HRF 

  

  

  
 

  

 

 

 

 

 

 

 

KAGGLE     
 

      

  
 

   
 

Fig. 9. Sample images from the datasets 
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To evaluate the performance of the proposed method, two datasets are used. HRF dataset (High-Resolution Images) 

was developed and kept up to date by the Department of Ophthalmology at Friedrich-Alexander University in Germany. 

The retinal images are collected in the age group between 25 and 70 from Germany. A total of 15 healthy images and 

15 glaucoma images are included in the HRF collection. Each of these images has a high resolution of 3504 × 2336. In 

this collection, experienced ophthalmologists have provided masks and their respective fields of view (FoV) for every 

retinal image. The CR-1 fundus camera, which has a field of view of 45 degrees, was used to acquire the retinal pictures 

that are included in this collection [21]. Ophthalmologists reviewed every one of the retinal images to ensure their 

accuracy. The Department of Ophthalmology at General University Hospital in Spain collected the retinal pictures 

included in the PAPILA dataset (Low-Resolution Images). The patients' retinas are imaged sometime between the years 

2018 and 2020 throughout the data collection process. The retinal pictures included in this dataset were divided into two 

groups, which were then given the designations Group 1 and Group 2. Glaucoma is represented by the retinal pictures in 

Group 1, while normal vision is represented by the retinal images in Group 2. The patient's age from 14 to 90 and 

gender information are included in each record. A Topcon TRC-NW400 non-mydriatic retinal camera, which has a 

resolution of 2576×1934 pixels, was utilized by an ophthalmologist to capture these images. This dataset consists of 333 

normal retinal images and 155 glaucoma retinal images; both sets of photos have been checked for accuracy by 

ophthalmologists with advanced training [22,23]. The sample images from both resolution datasets are shown in Figure 

9. 

Moreover, the Kaggle dataset [30] has been used in this paper to show the performance efficiency of the proposed 

methodology on a large number of retinal images. This dataset contains 2040 retinal images in the category of 

Glaucoma images (1000) and Healthy case retinal images (1040). In addition, this dataset also contains the gold 

standard images to compare the proposed method's performance efficiency. The retinal images in this dataset are 

collected through the CCD camera equipment from the age group between 30 and 70 and the acquisition of the retinal 

images was carried out in the UK demographic area. Among the 1000 numbers of Glaucoma retinal images, 450 images 

are in the category of Early case and the remaining 650 retinal images are in the category of Advance. 

The following metric indexes are used in this article to validate the performance efficiency of the proposed 

Glaucoma detection system. 
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where N1 and N2 are the total Glaucoma and healthy retinal images in the dataset. 

The GDM and HRDM are both calculated as a percentage, and their values can range anywhere from 0 to 100. If 

the GDM and HRDM values are low, this indicates that the proposed glaucoma detection system achieves a lower level 

of efficiency, whereas if the GDM and HRDM values are high, this indicates that the proposed glaucoma detection 

system achieves a higher level of efficiency. 

The glaucoma detection system that has been proposed finds 14 glaucoma images out of a total of 15 glaucoma 

images, and it also finds 15 healthy retinal images out of a total of 15 healthy retinal images from the HRF dataset, as 

shown in Figure 10(a). Because of this, the suggested technique achieves a GDM of 93.3% and an HRDM of 100%, 

resulting in an average Glaucoma detection index of around 96.6%. In the PAPILA dataset, the proposed Glaucoma 

detection system can recognize healthy retinal images, which is an improvement over 333 healthy retinal photos (as 

shown in Figure 10(b)). Additionally, it can detect 153 Glaucoma images, which is an improvement over 155 Glaucoma 

images. As a result, the suggested approach achieves a GDM of 98.7% and an HRDM of 97.2%, with an overall 

Glaucoma detection index of around 97.9%. 

In the case of the Kaggle dataset [30], the glaucoma detection system that has been proposed finds 987 glaucoma 

images out of a total of 1000 glaucoma images, and it also finds 1040 healthy retinal images out of a total of 1040 

healthy retinal images from the Kaggle dataset. Because of this, the suggested technique achieves a GDM of 98.7% and 

an HRDM of 100%, resulting in an average Glaucoma detection index of around 99.35%. 

Table 2 shows the impact of data augmentation on the Glaucoma retinal image detection process for the 

performance evaluation parameters GDM and HRDM on different retinal imaging datasets. 

Table 2. Impact of data augmentation on Glaucoma retinal images detection process 

Dataset Without data augmentation With data augmentation 

GDM (%) HRDM (%) GDM (%) HRDM (%) 

HRF 90.7 96.3 93.3 100 

PAPILA 92.9 93.9 98.7 97.2 

Kaggle  95.3 96.5 98.7 100 
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Fig. 10. Performance Metric Output Comparison 

The following metrics are utilized in addition to the ones already mentioned for analyzing performance in this 

article. 
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                                                                       (4) 

 

         (   )  
     

           
                                                                (5) 

 

Pixels in retinal pictures that are correctly identified as being either OD or non-OD are denoted by TP and TN, 

respectively, whereas those that are incorrectly identified are denoted by FP and FN.  

The stagewise segmentation output starting from the fundus images to the Optic Disc and Optic Cup segmented 

output is shown in figure 11. Figure 12a depicts the segmented optic band, and Figure 12b demonstrates the segmented 

optic band's four distinct quadrants. 

 

 
                                    (a)                                                      (b)                                                     (c)                                                   (d) 

Fig. 11. Stagewise Segmentation output: (a) Input Fundus Image (b) Optic Disc Image (c) Segmented OD (d) Segmented OC 

 
(a)                                                 (b) 

Fig. 12. (a) Segmented Optic Band (b) Four different quadrants of segmented Optic Band 

Table 3 shows that for the Glaucoma retinal pictures in the PAPILA dataset, the proposed Glaucoma detection 

method in this study obtains 98.77% Se, 98.74% Sp, and 98.62% Acc, for the HRF dataset 98.58% Se, 98.62% Sp, and 

98.83% Acc, and for the KAGGLE dataset 99.16%Se, 99.27% Sp and 98.96% Acc. 
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Table 3. Analysis of the dataset for Optical Disc segmentation 

Glaucoma 

retinal 

images 

PAPILA HRF KAGGLE 

Se (%) Sp (%) Acc (%) Se (%) Sp (%) Acc (%) Se (%) Sp (%) Acc (%) 

1 98.3 99.3 98.3 98.3 98.4 98.3 99.3 99.1 98.7 

2 98.2 98.8 98.2 98.8 98.2 98.8 99.5 99.4 99.3 

3 98.4 98.4 99.4 99.1 98.6 99.2 98.9 99.5 98.7 

4 99.2 98.2 99.1 99.3 98.2 99.7 99.3 99.3 98.7 

5 99.3 99.4 98.3 98.2 99.3 98.4 98.5 99.4 99.2 

6 98.8 98.8 98.9 98.7 99.2 98.9 99.3 99.3 99.5 

7 99.4 98.3 97.9 98.3 98.8 98.4 98.7 98.9 98.7 

8 98.7 98.2 99.2 98.2 98.3 98.7 99.3 99.5 99.4 

9 98.3 99.1 98.6 98.6 98.4 98.8 99.3 99.2 98.7 

10 99.1 98.9 98.3 98.3 98.8 99.1 99.5 99.1 98.7 

Average 

values 98.77 98.74 98.62 98.58 98.62 98.83 

 

99.16 

 

99.27 

 

98.96 

 

Tables 4,5 and 6 show the performance analysis of Neuro rim segmentation on the PAPILA, HRF, and KAGGLE 

datasets concerning Neuro rim top, Neuro rim bottom, Neuro rim left, and Neuro rim right, respectively.  

Table 4. Performance analysis of Neuro rim segmentation on the PAPILA dataset 

Retinal 

Image 

Experimental results in % 

Neuro rim Top Neuro rim bottom Neuro rim Left Neuro rim right 

Se  Sp  Acc  Se  Sp  Acc  Se  Sp  Acc  Se  Sp  Acc  

1 98.3 98.4 98.5 98.4 98.8 98.4 98.6 98.4 99.3 98.4 98.7 98.7 

2 98.2 98.2 98.2 98.2 98.7 98.2 98.4 98.3 98.7 99.8 99.3 98.3 

3 98.5 98.5 99.1 98.6 98.5 98.8 99.2 99.2 98.6 98.7 98.7 98.8 

4 99.2 98.3 98.9 98.7 99.3 99.3 99.1 98.9 98.4 98.7 98.5 98.2 

5 98.3 98.1 98.3 99.3 99.7 98.9 98.9 98.4 99.1 99.3 99.3 98.9 

6 98.4 98.9 99.2 99.1 99.0 98.2 98.4 98.5 99.4 99.2 98.7 98.4 

7 98.1 99.2 98.7 98.7 98.6 99.4 98.2 98.9 98.8 99.7 99.5 98.3 

8 99.5 99.1 98.6 98.9 98.9 99.2 98.7 99.2 98.7 98.7 99.3 98.9 

9 99.2 98.4 98.4 99.3 98.7 98.7 99.3 98.6 98.9 98.6 98.7 99.3 

10 99.1 98.2 98.1 98.2 99.1 98.6 98.7 98.7 98.4 98.5 98.7 99.1 

Average 98.6 98.5 98.6 98.7 98.9 98.7 98.7 98.7 98.8 98.9 98.9 98.6 

Table 5. Performance analysis of Neuro rim segmentation on the HRF dataset 

Retinal 

Image 

Experimental results in % 

Neuro rim Top Neuro rim bottom Neuro rim Left Neuro rim right 

Se  Sp  Acc  Se  Sp  Acc  Se  Sp  Acc  Se  Sp  Acc  

1 98.8 98.6 99.3 99.3 98.5 99.3 98.8 98.2 99.4 98.7 99.3 98.4 

2 99.2 98.3 99.1 99.1 99.3 98.6 98.6 98.7 98.8 99.3 99.1 98.9 

3 99.1 98.2 98.9 98.8 99.6 98.6 99.3 98.4 99.1 99.1 98.8 98.3 

4 98.7 99.7 98.3 98.6 98.7 98.9 98.7 99.3 98.7 98.7 98.3 98.7 

5 98.7 98.6 99.2 98.4 98.6 98.6 98.9 99.1 98.3 98.4 98.7 98.2 

6 98.5 98.5 98.6 98.7 98.9 98.4 99.5 98.9 98.7 98.8 98.4 99.1 

7 99.3 99.3 98.7 98.3 98.5 98.2 99.1 98.7 98.4 98.9 98.2 99.3 

8 98.7 99.1 98.4 98.7 98.7 99.1 98.9 99.3 99.2 98.4 98.6 98.8 

9 98.2 98.5 98.3 98.4 98.9 98.8 98.3 99.1 99.5 98.3 98.4 98.6 

10 99.7 98.7 98.9 98.1 99.4 98.7 98.7 99.6 98.6 98.7 98.2 98.8 

Average 98.8 98.7 98.7 98.6 98.9 98.7 98.8 98.9 98.8 98.7 98.6 98.7 

Table 6. Performance analysis of Neuro rim segmentation on the Kaggle dataset 

Retinal 

Image 
Experimental results in % 

Neuro rim Top Neuro rim bottom Neuro rim Left Neuro rim right 

Se  Sp  Acc  Se  Sp  Acc  Se  Sp  Acc  Se  Sp  Acc  

1 98.8 99.3 98.4 98.9 98.4 99.3 98.4 98.5 98.7 98.3 98.7 98.6 

2 99.3 99.2 98.7 98.3 98.9 99.1 99.3 98.3 98.4 98.2 98.4 98.4 

3 99.2 98.5 98.9 99.2 99.3 98.9 99.9 98.2 99.3 98.7 98.6 99.2 

4 98.9 98.3 99.3 99.9 99.2 98.3 98.7 98.9 99.3 99.1 98.9 98.5 

5 98.6 98.7 99.2 98.5 99.6 98.6 98.5 98.5 98.8 99.3 99.3 98.7 

6 99.2 98.4 99.7 98.3 98.9 98.4 98.7 99.3 98.4 98.2 99.2 98.4 

7 99.4 99.3 99.2 98.2 99.3 99.3 98.5 99.2 99.4 98.7 99.5 98.3 

8 98.7 99.2 99.3 98.9 98.5 99.2 98.3 99.9 99.2 98.6 98.5 98.7 

9 98.9 98.5 98.9 98.4 98.0 98.8 98.9 98.5 99.8 98.5 98.3 99.3 

10 99.3 98.2 98.5 98.3 99.3 98.7 98.4 98.3 99.3 98.3 98.6 99.7 

Average 99.03 98.76 99.01 98.69 98.94 98.86 98.76 98.76 99.06 98.59 98.8 98.78 
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Table 7 shows the comparative analysis of OD segmentation on the PAPILA dataset with other state-of-the-art 

methods. The proposed method obtained higher results from these evaluation and comparison results concerning other 

methods on PAPILA dataset retinal images. 

Table 7. Analysis of state-of-the-art algorithms for OD segmentation on the PAPILA dataset 

Authors Deep learning Methods Se (%) Sp (%) Acc (%) 

The proposed approach DFCNN classifier 98.77 98.74 98.62 

Morales et al [24] Assembling Deep Networks  78% 81% 74% 

Hemelings et al [25] Generalizable deep learning regression 
model 

81.3% 78% 70% 

 

Table 8 displays the results of a comparison of state-of-the-art OD segmentation techniques on the HRF dataset. 

The results produced using the proposed method on the HRF dataset retinal pictures were found to be superior to those 

acquired using the other methods evaluated and compared. 

Table 8. Analysis of state-of-the-art algorithms for OD segmentation on the HRF dataset 

 

Authors Deep learning Methods Se (%) Sp (%) Acc (%) 

The proposed approach DFCNN classifier 98.58 98.62 98.83 

Akbar et al [26] Deep transfer learning approach 93.3% 88.46% 89.3% 

Hamid et al [27] AlexNet- deep learning algorithm 93.3% 90.9% 96.7% 

Nazir et al [28] Improved mask-RCNN 96.5% 96.3% 96.5% 

Latif et al [29] ODGNet 91.7% 91.3% 92.2% 

 

Table 9 displays the results of a comparison of state-of-the-art OD segmentation techniques on the Kaggle dataset. 

The results produced using the proposed method on the Kaggle dataset retinal pictures were found to be superior to 

those acquired using the other methods evaluated and compared. 

Table 9. Analysis of state-of-the-art algorithms for OD segmentation on the Kaggle dataset 

Authors Deep learning Methods Se (%) Sp (%) Acc (%) 

The proposed approach DFCNN classifier 99.2 99.3 98.96 

Akbar et al [26] Deep transfer learning approach 93.3% 88.46% 89.3% 

Hamid et al [27] AlexNet-deep learning algorithm 93.3% 90.9% 96.7% 

Nazir et al [28] Improved mask-RCNN 96.5% 96.3% 96.5% 

Latif et al [29] ODGNet 91.7% 91.3% 92.2% 

 

For analyzing the error of the neurorim segmentation, the experimental results of the segmented neurorim region (x) 

by the proposed method have been compared with the gold standard neuro rim region (y) which are available in the 

dataset. To find the error analysis, Root Mean Square (RMS) has been computed between ‘x’ and ‘y’ and they are given 

in the following Table 10 and Table 11 shows the comparisons of RMS analysis with other state of art methods. 

Table 10. Error analysis on different retinal imaging datasets 

Datasets RMS 

HRF 0.061 

PAPILA 0.025 

Kaggle 0.032 

Table 11. Comparisons of RMS analysis on other state of art methods 

 

Datasets 

RMS 

Proposed work 

(in this paper) 

Akbar et al [26] Hamid et al [27] 

HRF 0.061 0.287 0.378 

PAPILA 0.025 0.165 0.652 

Kaggle 0.032 0.743 0.676 

 

Glaucoma Diagnosis Rate (GDR) is a parameter that is defined as the ratio between the correctly diagnosed 

Glaucoma images and the total Glaucoma images considered in each case. It is measured in percentage and the system 

performance is high if GDR is having high value. The GDR is depicted in the following equation. 

 

    ( )  
                                    

                                             
                                                         (6) 
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Along with the GDR, morphological parameters Area, width, height, Perimeter, and eccentricity, are computed 

from the segmented neurorim region in the classified Glaucoma retinal image. These morphological parameters along 

with the GDR from the Early case and Advance case, are fed into the Dual CNN classifier for producing the trained 

patterns. During testing of the proposed diagnosis method, the morphological parameters along with GDR from the test 

Glaucoma retinal image are fed along with the trained patterns to the proposed Dual CNN classifier to produce the 

diagnosis results.  

The HRF dataset has 15 Glaucoma retinal images, and these images are further categorized into 10 ‘Early’ cases 

and 5 ‘Advanced’ cases images. The proposed system stated in this paper correctly diagnosed 9 ‘Early’ case images 

over 10 ‘Early’ case images; hence, the GDR for Early cases is about 90%. The proposed system stated in this paper 

correctly diagnosed 5 ‘Advance’ case images over 5 ‘Advance’ case images; hence, the GDR for Advanced case is 

about 100%. Hence, the average GDR for the retinal images in the HRF dataset is about 95%. 

The PAPILA dataset has 155 Glaucoma retinal images, and these images are further categorized into 140 ‘Early’ 

cases and 15 ‘Advanced’ case images. The proposed system stated in this paper correctly diagnosed 138 ‘Early’ case 

images over 140 ‘Early’ case images; hence, the GDR for Early cases is about 98.5% as shown in figure 13. The 

proposed system stated in this paper correctly diagnosed 14 ‘Advance’ case images over 15 ‘Advance’ case images; 

hence, the GDR for the Advance case is about 93.3%.   Hence, the average GDR for the retinal images in the PAPILA 

dataset is about 95.9%.  

The Kaggle dataset has 1000 Glaucoma retinal images, and these images are further categorized into 450 ‘Early’ 

cases and 550 ‘Advanced’ case images. The proposed system stated in this paper correctly diagnosed 443 ‘Early’ case 

images over 450 ‘Early’ case images; hence, the GDR for Early cases is about 98.4%. The proposed system stated in 

this paper correctly diagnosed 547 ‘Advance’ case images over 550 ‘Advance’ case images; hence, the GDR for the 

Advance case is about 99.5%. Hence, the average GDR for the retinal images in the Kaggle dataset is about 98.9%.  
 

 

Fig. 13. Glaucoma Diagnosis Rate Output Performance  

5.  Conclusion 

Early identification of glaucoma is critical since it can assist in early diagnosis, preventing the illness from 

spreading further. We developed a simple yet successful technique for detecting glaucoma from fundus images in this 

paper. The YOLO deep learning approach is employed in this proposed method for the detection of glaucoma retinal 

images, and the proposed CNN method is used to evaluate the severity levels of the glaucoma retinal images that have 

been detected. On the PAPILA dataset's retinal pictures, the proposed method achieves a GDM detection rate of 98.7%, 

an HRDM detection rate of 97.2%, and an average Glaucoma detection index of about 97.9%. On HRF dataset retinal 

pictures, the proposed method achieves a GDM detection rate of 93.3% and an HRDM detection rate of 100%, with an 

average glaucoma detection index of approximately 96.6% and for the KAGGLE dataset retinal pictures, the proposed 

method achieves a GDM detection rate of 98.7% and an HRDM detection rate of 100%, with an average glaucoma 

detection index of approximately 99.35%. The proposed Glaucoma detection method described in this article achieves a 

sensitivity of 98.77%, a specificity of 98.74%, and an accuracy of 98.62% for the retinal images in the PAPILA dataset. 

Additionally, the proposed Glaucoma detection method achieves a sensitivity of 98.58%, a specificity of 98.62%, and 

an accuracy of 98.83% for the HRF dataset and a sensitivity of 99.2%, a specificity of 99.3%, and an accuracy of 98.96% 

for KAGGLE dataset. Therefore, the model that was proposed will be of great help in patients unable to undergo 

automated perimetry due to any issues so we can detect glaucoma early. This method will also help the ophthalmologist 

to speed up the process of identifying the stages of glaucoma. 
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