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Abstract 
The current challenge is early and automated diagnosis and prognosis of glaucoma using 
information technology based on machine and deep learning methods. The conducted analysis of 
the methods and tools for diagnosing and predicting the glaucoma has shown that now there are 
many such methods and tools, including those based on machine learning and deep learning, but 
all of them have certain drawbacks, such as their "niche" (lack of mass use, development of tools 
exclusively for proving and testing the theoretical positions developed by the authors), 
complexity of development, complexity of use, high cost, the need for an ophthalmologist to 
decipher the data obtained, etc. Therefore, the aim of this study is to develop the information 
technology for diagnosis and prognosis of glaucoma based on machine learning methods, which 
will have minimal requirements and resource needs, be characterized by low cost and mass use, 
and will not require an ophthalmologist to decipher the data generated by the neural network. 
The proposed information technology for diagnosis and prognosis of glaucoma based on machine 
learning methods automates the processing of fundus retinal images and optical coherence 
tomography images based on machine learning in order to automatically diagnose glaucoma at 
early stages by classifying the eye as normal or glaucomatous.   
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Globally, glaucoma is the second most common cause of blindness and subsequent disability 
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• cataracts (47.9 %) 

• glaucoma (12.3 %) 

• vision loss associated with aging (8.7 %) 

• corneal opacity (5.1 %) 

• diabetic retinopathy (4.8 %) 

• blindness in children caused, in particular, by vitamin A deficiency, cataracts and 

retinopathy of prematurity children (3.9 %) 

• trachoma (3.6%) 

• onchocerciasis (0.8%) 

Glaucoma is a neuropathy of the optic nerve accompanied by characteristic structural 

and functional changes [1]. Glaucoma is a retinal disease that damages the optic nerve due 

to the accumulation of excess fluid in the front of the eye. Excess fluid produced in the eye 

leads to an increase in intraocular pressure, thereby causing irreversible blindness. 

Glaucoma affects more than 90 million people worldwide [2]. The number of people aged 

40-80 years with glaucoma worldwide was estimated at 64.3 million in 2013, about 76.0 

million in 2020, and is projected to reach 111.8 million in 2040 [3].  

The main problem in detecting glaucoma is that signs and symptoms may appear only 

when vision is already significantly lost. Due to the asymptomatic and slowly progressive 

nature of glaucoma, many people are unaware of their disease for a long time, and clinical 

practice continues to face difficulties in detecting and predicting glaucoma, especially in the 

early stages. However, early detection of glaucoma can slow down the progression of the 

disease and prevent future vision loss.  

Since glaucoma damages the retina due to damage to the optic nerve head with increased 

intraocular pressure, it is necessary to segment the optic disc when detecting glaucoma, 

which is a challenge due to its extremely small size and blockage of blood vessels. 

For the diagnosis and monitoring of glaucoma, specialists use such imaging methods as 

fundus retinal imaging and optical coherence tomography. Fig. 1 shows the optical 

coherence tomography images of healthy (normal) eye and glaucomatous (abnormal) eye. 

Diagnosis of glaucoma usually involves assessing the condition of the optic nerve head 

by examining the retina, measuring intraocular pressure, evaluating visual fields, and 

examining other related factors [4]. Consequently, glaucoma is extremely difficult to detect 

in the early stages using conventional methods that rely on the experience of 

ophthalmologists, take a long time and are prone to human error.  

An expert ophthalmologist examines the retina to see how glaucoma is progressing. This 

method is quite labor-intensive and takes a long time to perform manually. Optical 

coherence tomography provides many parameters to obtain comprehensive information, 

and ophthalmologists can be confused when the results contradict each other. Diagnosing 

eye diseases using manual diagnostics by a doctor can be very expensive and time-

consuming [5]. In addition, the manual procedure for diagnosing glaucoma is associated 

with frequent human errors, which is why alternative technological diagnostic methods are 

preferred. 



 

Figure 1: Optical coherence tomography image of healthy (normal) eye and glaucomatous 

(abnormal) eye. 

A promising area for supporting healthcare professionals in improving their decision-

making processes, which ultimately improves the quality of treatment of patients with 

retinal abnormalities, is modern information consultative and diagnostic technologies, 

which are currently represented by numerous systems for diagnosing pathological 

conditions in diseases of various profiles and for different categories of patients [6-8]. The 

main field of application of information consultative and diagnostic technologies is urgent 

and life-threatening conditions characterized by a lack of time, limited opportunities for 

examination and consultation, as well as low clinical symptoms with a high level of threat 

to the patient's life and health and at a rapid pace of development of the process [9, 10]. 

Therefore, it is obvious that the diagnosis of glaucoma is precisely the area where it is 

worthwhile and appropriate to use information counseling and diagnostic technologies. 

For automatically diagnose and predict glaucoma, an information-based diagnostic 

technology must process a large number of fundus retinal and optical coherence 

tomography images and a large amount of data from these images. Data analysis and 

processing are critical as the amount of ophthalmic image data generated continues to grow 

at a frantic pace. Therefore, AI models that can outperform humans in tasks such as image 

recognition should be used to solve this problem [11]. Artificial intelligence is the best 

solution for rapid glaucoma detection with high accuracy.  

Over the past decade, machine learning and deep learning methods have evolved to not 

only improve detection, speed up the processing of large amounts of images and data, but 

also make it easier for a doctor to diagnose the disease. It has been proven that, using deep 

and machine learning methods, it is possible to automatically diagnose glaucoma in the 

early stages by processing fundus retinal and optical coherence tomography images to 

classify the eye as normal or glaucomatous [12].  

Therefore, the current challenge is early and automated diagnosis and prognosis of 

glaucoma using information technology based on machine and deep learning methods. 



 

Let's consider the known methods and tools for diagnosing and predicting the glaucoma. 

Authors of [4] investigated the applying machine learning and deep learning techniques 

to multiple modalities of retinal data (visual fields for glaucoma detection, fundus retinal 

images, etc.). They discuss advantages and disadvantages of machine learning and deep 

learning techniques application in glaucoma diagnosis and propose requirements for the 

development of AI methods in glaucoma diagnoses. Various types of machine learning 

models applied to glaucoma is represented on Fig. 2, various types of deep learning models 

applied to glaucoma is represented on Fig. 3 [4]. 

Paper [5] proposed method "EyeCNN" for identifying eye diseases (diabetic retinopathy, 

glaucoma, and cataract) early through retinal images using the selected EfficientNet B3 

form the 12 investigated convolutional networks. The use of EyeCNN for early identifying 

and classifying eye diseases helps to aid ophthalmologists in accurately and efficiently 

diagnosing, and in choice of treatment methods. 

 

Figure 2: Various types of machine learning models applied to glaucoma [4]. 

 

Figure 3: Various types of deep learning models applied to glaucoma [4]. 



Paper [13] developed the deep learning model for diagnosing the early glaucoma from 

spectral-domain optical coherence tomography images, which provides the substantive 

increase in diagnostic performance. 

Proposed in [14] deep learning models use derived parameters of optical coherence 

tomography including retinal nerve fiber layer scans, optic nerve head scans, macular scan, 

and combination of these parameters, for achieving the high diagnostic accuracy in 

detecting the glaucomatous optic neuropathy. The developed models are objective, time-

efficient, and have a potential in the glaucoma prognosis and treatment. 

Authors of [15] developed the efficient computer-aided detection system for diagnosing 

the glaucoma based on fuzzy aggregation operators and deep transfer learning for fundus 

images processing. Proposed system provides detecting the region of interest of the optic 

disc with the efficient deep learning network, classification of images based on different 

pre-trained deep convolutional neural networks and support vector machines, and use of 

fuzzy aggregation operators (ordered weighted averaging operator, weighted power mean, 

and exponential mean) for combining the predictions of glaucoma classifiers. 

The research [16] applies the Restricted Boltzmann Machines to the glaucoma detection. 

This model accurately categorizes the anomalies and automates the diagnostic process by 

extracting and analyzing multiple features from retinal images. The model's robustness, 

performance and accuracy provides the support for healthcare professionals in enhancing 

the quality of care for patients with retinal anomalies. 

Paper [17] proposed the automated system for segmentation of optic disc along with 

classification of healthy images from glaucomatous ones. Authors achieved efficient results 

via deploying super pixel based red channel and via selection of Hough peak value for 

segmenting optic disc while early diagnosing glaucoma. Moreover, authors found that 

support vector classifier is best suited for classification while focusing on removal of blood 

vessels. 

Paper [18] constructed a Hybrid Deep Learning Algorithm CAPSGAN for effective 

glaucoma detection and creation of a toolkit for diagnosing the disease. The proposed 

CAPSGAN creates the synthetic images using the Generative Adversarial Network, where 

Caps-Net was the best option for effective picture categorization. 

Paper [19] studied the various machine learning and deep learning techniques with the 

various datasets for glaucoma detecting on the basis of the analysis of Optic Nerve Head, 

Optic cup and Optic Disc in the retina. 

Authors of [20] used concept Fastai for the choice of the convolution neural network and 

by reducing the parameters to a large extent for the dataset consisting of retinal images 

consisting of those infected with glaucoma and non-glaucoma images (named as healthy). 

They used ResNet34 model via Fastai and achieved Accuracy metric equal 90.54%. 

Authors of [21] developed the AI- and IoT-based predictive model for classification and 

prediction of glaucoma disease through continuous monitoring of optical coherence 

tomography images. The proposed model facilitates the collection of health data from 

patients through IoT devices. Authors also developed the unique automated AI-based 

(machine learning and bio-inspired computing approaches) IoT embedded system for 

glaucoma screening. This system proposed the remotely access to aid ophthalmologists in 

glaucoma diagnosing and treating. 



Paper [22] proposed the combined framework, which involves combination of predicted 

classes from machine learning and deep learning techniques using Major Voting and 

Weighted Decision Fusion. Such framework could be beneficial for examining glaucomatous 

patients using optical coherence tomography images. 

Authors of [23] used convolutional neural network with CNN architecture and human-

in-the-loop data annotation from TrueColor confocal fundus images for diagnosing the 

glaucomatous damage. This neural network helps not only in diagnosing glaucoma but also 

in predicting and locating detailed signs in the glaucomatous fundus (glaucomatous optic 

atrophy, splinter hemorrhages, parapapillary atrophy, vertical glaucomatous cupping, and 

retinal nerve fiber layer defect). 

Paper [24] proposed the automatic or self-diagnosing deep learning-based method for 

detecting Diabetic Retinopathy, Glaucoma and Cataract within a minute with high 

prediction rate. Authors of [24] also developed the online DCNN-based expert system with 

user-friendly, interpretable, online graphical user Interface for diagnosing three above 

diseases. 

Paper [25] investigated the machine learning classifiers as the tools for considering 

numerous parameters and generating reliable diagnoses of glaucoma on the basis of optical 

coherence tomography images, during random forest was shown to be the best model. 

Paper [26] analyzed and evaluated the different techniques of glaucoma's and diabetic 

retinopathy 's diagnosis and categorization using retinal images. 

Study [27] developed the automatic deep learning- and deep-belief network-based 

computer-aided diagnostics framework for diagnosing the glaucoma eye disease by 

handcrafted feature-based segmentation in retinal images. Study [27] also developed the 

contextualizing deep learning structure for obtaining various levels of portraying fundus 

images for classification of glaucoma and non-glaucoma. 

Paper [28] proposed using the machine learning models to elaborate the cost-effective 

and portable decision support system for comprehensive glaucoma screening. The 

proposed system considers eye gaze features for understanding cognitive processing, 

direction and restriction of visual field. 

Paper [29] developed the cost-effective algorithmic method with graphical user interface 

by Matlab for identifying the primary open-angle glaucoma. The proposed method is a 

multivariate approach based on the K-means clustering concept in segregating the optic 

disc and cup from retina, measures the cup-to-disc ratio vertically and horizontally, and 

estimate neuro retinal rim area. 

Paper [30] considered the machine learning approaches, which are used for retinal 

vessels segmentation, and methods of retinal layers and fluid segmentation (color fundus 

imaging, and optical coherence tomography). 

The conducted analysis of the methods and tools for diagnosing and predicting the 

glaucoma has shown that now there are many such methods and tools, including those 

based on machine learning and deep learning, but all of them have certain drawbacks, such 

as their "niche" (lack of mass use, development of tools exclusively for proving and testing 

the theoretical positions developed by the authors), complexity of development, complexity 

of use, high cost, the need for an ophthalmologist to decipher the data obtained, etc. 

Therefore, the aim of this study is to develop an information technology for diagnosis and 



prognosis of glaucoma based on machine learning methods, which will have minimal 

requirements and resource needs, be characterized by low cost and mass use, and will not 

require an ophthalmologist to decipher the data generated by the neural network. 

 

Let's develop the concept of information technology for diagnosis and prognosis of 

glaucoma based on machine learning methods (set of processes for accumulating, 

processing and transmitting initial information to information product). Structure of this 

information technology is represented on Fig. 4. 

 

Figure 4: Structure of information technology for diagnosis and prognosis of glaucoma 

based on machine learning methods. 

The proposed information technology for diagnosis and prognosis of glaucoma based on 

machine learning methods automates the processing of fundus retinal images and optical 

coherence tomography images based on machine learning in order to automatically 

diagnose glaucoma at early stages by classifying the eye as normal or glaucomatous. 

The initial information in the information technology for diagnosis and prognosis of 

glaucoma based on machine learning methods is the fundus retinal image and optical 

coherence tomography images. 



The obtained fundus retinal images and optical coherence tomography images are stored 

in the database and processed, including image preprocessing (grayscale adjustment, 

resizing, power transformation, etc.), image segmentation, removal of blood vessels from 

the images, classification of images into healthy and glaucomatous ones (performed by the 

binary trained and tested classifier ac, which works on the basis of machine learning 

methods). The classification task is as follows: for a dataset Xc = {x1,…,xa} (fundus retinal 

images and optical coherence tomography images) and known binary responses Yc = y(Xc) 

 {0;1} (conclusion about a glaucomatous (0) or healthy (1) eye) there is a method ac 

(solution function, strategy, etc.), that approximates Yc on the entire set of objects Xc, i.e. ac: 

Xc → Yc. Based on the conducted automatic classification, a prognostic diagnosis is generated 

and provided to the user in a form accessible to the user. The results of the classification 

and the generated prognostic diagnoses (information technology products) are also 

accumulated in the database. 

In addition, if there is a set of made decisions, the decisions are evaluated. For evaluation 

of the made decisions, the quality metrics of the binary classifier Accuracy, Precision, Recall, 

F1, Specificity and the AP metric based on the built Precision-Recall curve and AUC metric 

based on the built ROC curve are calculated, and their values are analyzed (for example, a 

high value of the F1 metric indicates the stability of the approach to the uneven number of 

normal and abnormal samples in the dataset, etc.).  

 

Let's consider the work of the proposed information technology for diagnosis and 

prognosis of glaucoma based on machine learning methods. For the first experiment, we 

used a dataset of 6 fundus retinal images labeled by ophthalmologists. Currently, the dataset 

used has not been analyzed for the quality of its labeling, data balance, and data 

representativeness - this will be the focus of further research by the authors.  

All images were reduced to the same size of 640 (64 * 10) pixels with bicubic smoothing, 

converted to black and white (to save training time and to increase contrast) - Fig. 5, then a 

mask representing the vessels was manually created for each image. Then, before training, 

the images and masks were segmented into 72*72 pixel tiles with a step of 32 vertically and 

horizontally, and the segmentation tiles also received random transformations (rotation by 

a multiple of 90°, reflection) to narrow the field of attention. In addition, it was empirically 

found that it is easier to select and remove blood vessels in small areas. Fig. 6 shows an 

image of the retina with blood vessels, Fig. 7 shows the image with blood vessels removed, 

because, as discussed above, glaucomatous changes in the retina do not affect blood vessels, 

so blood vessels can be removed from the image to remove an extra class of pixels that the 

neural network will pay attention.  

The neural network (a binary classifier based on machine learning) consists of 16 layers 

- the first 12 layers are 16 neurons thick, the next 8 neurons thick to concentrate processing, 

the activation function between the layers is leakyrelu to prevent deadlocks and provide 

feedback between the layers, and the last layer is processed with a sigmoid function to 

obtain the final result. It will be quite easy to retrain such a network on larger and better 

data sets. 



The task of the authors' future research will be to form and study a larger and better 

dataset, improve the quality and accuracy of image preprocessing and classification. 

 
Figure 5: Black and white 

image of the retina. 

 
Figure 6: Image of the retina 

with blood vessels. 

 
Figure 7: Image of the retina 

with removed blood vessels. 

 

The current challenge is early and automated diagnosis and prognosis of glaucoma using 

information technology based on machine and deep learning methods.  

The aim of this study is to develop the information technology for diagnosis and 

prognosis of glaucoma based on machine learning methods, which will have minimal 

requirements and resource needs, be characterized by low cost and mass use, and will not 

require an ophthalmologist to decipher the data generated by the neural network. 

The proposed information technology for diagnosis and prognosis of glaucoma based on 

machine learning methods automates the processing of fundus retinal images and optical 

coherence tomography images based on machine learning in order to automatically 

diagnose glaucoma at early stages by classifying the eye as normal or glaucomatous.  

 The task of the authors' future research will be to form and study a larger and better 

dataset, improve the quality and accuracy of image preprocessing and classification. 
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