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Abstract. This project addresses the global health challenge posed by glaucoma
through the development of an innovative Python-based application. Utilizing
advanced machine learning techniques, specifically the VGG16 model with trans-
fer learning, the application aims to enhance glaucoma diagnosis and management.
By automating glaucoma severity classification into distinct categories, including
No_DR, Proliferate_ DR, Mild, Moderate, and Severe, the application provides
personalized medical advice tailored to the predicted severity. The user-friendly
interface, powered by the Tkinter library, enables individuals to upload eye images
for real-time analysis, empowering them to actively monitor their eye health.
Through early detection and informed decision-making, the application strives
to slow down the progression of glaucoma and enhance overall quality of life.
This project exemplifies the intersection of technology and healthcare, promising
to positively impact lives by promoting early awareness and proactive glaucoma
management.
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1 Introduction

Glaucoma, a progressive and irreversible eye disease, poses a significant global health
challenge, affecting millions worldwide [1, 2]. Timely detection and intervention are cru-
cial for managing the condition and preventing irreversible vision loss [3]. To address this
pressing issue, our project focuses on developing an innovative Python-based applica-
tion harnessing advanced machine learning, specifically CNNs with transfer learning. In
our pursuit to enhance glaucoma diagnosis and management, we implement the VGG16
model with transfer learning. This pre-trained model, initially designed for image clas-
sification tasks [4], enables automated classification of glaucoma severity into distinct
categories: No_DR, Proliferate_ DR, Mild, Moderate, and Severe [5]. Leveraging trans-
fer learning allows us to optimize VGG16’s performance for our specific application by
leveraging the knowledge acquired from extensive image datasets [6].
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The core of our work lies in creating a user-friendly interface using the Python’s Tkin-
ter library, facilitating seamless interaction for individuals assessing their eye health [7].
Users can easily upload their eye images through the application, initiating real-time
analysis. Beyond classification, our application provides personalized medical advice
based on predicted severity, including tailored recommendations for treatment options,
lifestyle adjustments, and the significance of regular eye check-ups. Drawing inspiration
from various research works in glaucoma detection using advanced machine learning
techniques, our proposed system leverages the power of the VGG 16 model with transfer
learning to automate glaucoma severity classification [8]. The user-friendly interface,
based on Tkinter [9], facilitates seamless interaction for individuals seeking to assess
their eye health. The real-time analysis process aligns with the goals of personalized med-
ical advice and tailored recommendations for treatment options, lifestyle adjustments,
and regular eye check-ups.

Classification on these kinds of images was done using k-Nearest Neighbor (k-NN),
Support Vector Machine and Naive Bayes classifiers [10, 11]. Most of the classifica-
tion algorithms used CDR and ISNT values of fundus images [12]. Recurrent Neural
Networks (RNN) were also used for classification [13]. Shinde explored convnets viz.,
AlexNet, VGG-16, VGG-19, GoogleNet, RestNet18, ResNet50 and U-net architectures
for detecting Glaucoma, and in his work a combination of AlexNet and SVM classi-
fiers yielded best results [14]. By integrating advanced machine learning technology
with intuitive design, our tool aims to empower individuals to actively manage their eye
health. This approach not only aims to detect glaucoma at its early stages but also guides
users towards proactive measures, significantly enhancing their overall quality of life.

The remaining sections of this paper are structured as follows: Sect. 2 discusses the
dataset used in this study. Section 3 outlines the methodology employed, from train-
ing to application development. Section 4 presents the specific details of the resultant
application, and Sect. 5 offers concluding remarks for the paper.

2 Dataset

The dataset used in this project is organized into five distinct folders, each representing
specific severity levels of glaucoma. These folders, namely “No_DR,” “Mild,” “Moder-
ate,” “Proliferate_DR,” and “Severe,” correspond to different stages of glaucoma severity.
This organization facilitates the categorization of images for training and validation of
the Convolutional Neural Network (CNN) with transfer learning. A sample set of images
belonging to all the categories is shown in Fig. 1.

Drawing inspiration from established methodologies in the field, this organizational
strategy ensures that the model learns and distinguishes features specific to each severity
category during the training process. By categorizing images into these distinct folders,
the dataset provides a structured framework for training the CNN, ultimately enhancing
its ability to accurately classify glaucoma severity levels.
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Fig. 1. Sample images from the dataset of all the five categories

3 Methodology

This section outlines the methodology employed to perform the task. The entire archi-
tecture is illustrated in the Fig. 2. The CNN architecture utilized for glaucoma severity
classification is based on the VGG 16 model with transfer learning and the training pro-
cedure is illustrated in Fig. 3. The VGG16 architecture comprises 16 layers, including 13
convolutional layers and three fully connected layers. The training procedure is depicted
in the Fig. 3.

The initial layers of the VGG16 model capture low-level features such as edges and
textures, while the subsequent layers focus on more abstract and complex representa-
tions. Transfer learning involves leveraging the pre-trained weights of VGG16, initially
trained on a large-scale image dataset like ImageNet. For glaucoma severity classifi-
cation, the last few layers of VGG16 are fine-tuned to adapt the model to the specific
characteristics of the eye images dataset. A custom output layer is added to the model
to accommodate the five severity categories: No_DR, Mild, Moderate, Proliferate_DR,
and Severe. This modified VGG16 architecture enables accurate feature extraction and
classification, rendering it suitable for discerning different levels of glaucoma severity
in the input eye images.

The performance of the model is evaluated using metrics including accuracy, preci-
sion, recall, and F1-Score. Accuracy measures the overall correctness of the classification
model, while precision quantifies the accuracy of positive predictions made by the model.
Recall assesses the model’s ability to identify all relevant instances of the positive class,
and the F1 score provides a balanced measure of the model’s performance by consider-
ing both false positives and false negatives. These metrics are particularly useful when
dealing with imbalanced datasets, where accuracy alone may be misleading.



Al-Driven Glaucoma Susceptibility Assessment and Lifestyle Guidance 237

Upload Dataset

Extract Dimensions CNN Algorithm

Comparison
Graph

Disease Detection

-

Fig. 2. Framework for training and inferencing for Glaucoma detection
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4 Application Development and Result

After fine-tuning the VGG16 with the data, we have attained an accuracy of 96% which
is extremely good for multi-class classification as shown in Fig. 4. The successfully
trained model is then utilized in building the application.

The User Interface (UI) design in the integration of the Tkinter web framework
within the project has been meticulously crafted to offer a seamless and user-friendly
experience. Leveraging Tkinter’s capabilities, the Ul ensures intuitive navigation and
ease of interaction for individuals engaging with the glaucoma severity classification
application. Clear prompts and controls are featured in the interface, enabling users to
effortlessly upload their eye images for real-time analysis. Tkinter’s design flexibility
enables the creation of a visually appealing and responsive interface that aligns with the
project’s objective of empowering users to actively manage their eye health. The model
inferences are shown in Fig. 5.
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Fig. 4. Evaluation Metrics

The integration of the Tkinter web framework ensures cross-platform compatibility
and accessibility, allowing users to engage with the application through a web-based
interface. This amalgamation of a user-centric design and Tkinter’s versatility results in
an effective and engaging UI, facilitating the seamless integration of advanced technol-
ogy for glaucoma severity assessment into a web-based platform. Result presentation
is a critical aspect designed to convey the outcomes of glaucoma severity classification
and personalized medical advice to the user in a clear and user-friendly manner. Once
the backend processing, which involves the Convolutional Neural Network (CNN) with
the VGG16 model, completes the analysis of the uploaded eye image, the results are
communicated to the Tkinter frontend for presentation. The user interface is designed to
display the predicted glaucoma severity level, such as “No_DR,” “Mild,” “Moderate,”
“Proliferate_DR,” or “Severe,” providing users with immediate insight into their eye
health. Figure 5 presents the snapshot of the designed application.

Upload Kaggle Dataset Extract Texture & GLCM Features Run Propose CNN-TL Algorithm
Comparison Graph Disease Detection from Test Image

Fig. 5. Model inference

Additionally, the personalized medical advice generated by the backend is pre-
sented, offering tailored recommendations for treatment options, lifestyle adjustments,
and the importance of regular eye check-ups. This holistic approach ensures that users
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are equipped with comprehensive information and guidance to effectively manage their
eye health.

5 Conclusion

This paper presents a user-friendly application for early glaucoma detection and man-
agement. Utilizing CNNss, specifically the VGG16 model within the Tkinter web frame-
work, the tool automates glaucoma severity classification and offers personalized medi-
cal advice. The Tkinter-based interface ensures accessibility, fostering user engagement
in monitoring eye health. The model’s precision in classifying severity levels establishes
it as a reliable diagnostic tool. While significant, there is scope for improvement in
model architectures, dataset diversity, and interpretability. Real-time deployment and
refinement based on user feedback underscore the project’s adaptability. In essence, this
work demonstrates technology’s impactful role in healthcare, promising to positively
influence lives by promoting early awareness and proactive glaucoma management. The
commitment to technological advancements reflects a dedication to enhancing patient
outcomes and quality of life.
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