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ABSTRACT

As early detection of eye cancer can considerably improve patient outcomes, automated eye cancer
detection is a crucial task in ophthalmology. Deep CNN has become a potent tool for the analysis
of medical pictures, including retinal scans, in recent years. This study uses deep CNN and retinal
characteristics to provide a unique method for automated eye cancer detection. Retinal defects
which affect millions of people globally. Complex tasks such as disease diagnosis or semantic
segmentation are now becoming easier to tackle in part due to increasing advances in computing
and storage. This study provides an exploratory approach utilizing convolutional neural networks
(CNNs) to detect ocular abnormalities with an illustrative case of uveal melanoma (UM), a type
of ocular cancer. In previous studies UM has been researched employing different computational
techniques focusing on discriminative features using fuzzy systems, neural networks, and adaptive

neuro-fuzzy systems.



CHAPTER #01

INTRODUCTION

1.1 Introduction to classification model

Numerous cancer patients are diagnosed symptomatically or during routine medical appointments.
For instance, breast cancer, one of the most common types in women, and uveal melanoma (UM)
intraocular cancer arising in the melanocytes of the iris, ciliary body or choroid which is a common
malignant tumor in adults Evidence suggests that smaller tumors are associated with longer
survival than larger tumors therefore early diagnosis and local treatment are crucial as tumors grow
as the cancer progresses. For UM it is estimated that approximately 50% of patients will develop
metastases with a survival of 6-12 months The performance of binary classification model was
evaluated on an independent external test set [1]. The t-SNE technique was applied to visualize
the embedding features of each category learned by the system in a two dimensional space. Object
Detection using Hare Cascade Classifier widely applied in several devices and applications as a
medium of interaction between human and computer such as a tool control that utilizes the
detection of eye movements. Obviously speed and precision in the detection process such as eyes,
has an effect if implemented on a device [2]. Hare cascade is an algorithm that can detect objects
in images, irrespective of their scale in image and location. This algorithm is not so complex and
can run in real-time. A convolutional neural network consists of an input layer, hidden layers and
an output layer. In a convolutional neural network, the hidden layers include one or more layers
that perform convolutions. Convolutional networks may include local and/or global pooling layers
along with traditional convolutional layers. Pooling layers reduce the dimensions of data by

combining the outputs of neuron clusters at one layer into a single neuron in the next layer [3].

1.2 Problem Statement

Many medical tests are required to detect and conclude that eye is having a cancer or not. Secondly,
eye cancer identification currently relies on expert analysis of retinal images, which is time-

consuming, subjective, and prone to errors. The current methods for eye cancer
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Detection rely heavily on manual processes and are often time-consuming and prone to human error.
Additionally, the lack of accessibility to advanced medical facilities in certain areas further hinders timely
diagnosis and treatment. This highlights the need for an automated system that utilizes binary digits to
efficiently and accurately detect the presence of eye cancer. The problem at hand involves developing a robust
algorithm that can analyze digital images of the eye and detect potential cancerous growths using binary
representation. This system should be capable of surpassing the limitations of manual diagnosis, enabling
early detection of eye cancer, promoting accessibility to healthcare even in remote regions, and ultimately

increasing the chances of successful treatment outcomes.

1.3 Project Overview/Goal

The goal of this project is to develop an automated system that can accurately detect eye cancer
by utilizing binary digits. This system will utilize advanced image processing algorithms to
analyze high-resolution images of the eye, extract relevant features, and apply binary digit analysis
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techniques to detect the presence of cancerous cells or anomalies in the eye. The primary objective
is to create a reliable and efficient solution that can assist ophthalmologists in early detection of
eye cancer, ultimately leading to better patient outcomes and potentially saving lives. The primary
goal of this project is to improve the prognosis and treatment outcomes for individuals at risk of
eye cancer by providing a reliable and efficient tool for early detection. By harnessing the power
of artificial intelligence, the project aims to augment the capabilities of healthcare practitioners,

enabling them to identify subtle signs of eye cancer in medical images with high precision.

Data Collection and Annotation:

Assemble a diverse and comprehensive dataset of eye images, including both normal and
cancerous cases. Annotate the dataset with accurate labels to facilitate supervised learning.

Image Processing and Feature Extraction:

Develop advanced image processing technigues to enhance the quality and clarity of eye images.
Extract relevant features that can serve as indicators for the presence of eye cancer.

Machine Learning Model Development:

Implement state-of-the-art machine learning algorithms, potentially utilizing deep learning
architectures, for the classification of eye images. Train the model on the annotated dataset to learn
patterns associated with eye cancer.

1.3.1 Data Acquisition and Preprocessing

Gather and preprocess a comprehensive dataset of retinal images for analysis.

1.3.2 Feature Extraction
Develop algorithms to extract relevant features from retinal images that are indicative of cancerous growth.
1.3.3 Machine Learning Model Development

12



Create and fine-tune machine learning or deep learning models for cancer identification using the

extracted retinal features.

1.4 Proposed Methodology

The proposed methodology aims to develop an automated system for eye cancer detection by utilizing binary
digits. Binary digits, also known as bits, form the foundation of digital systems and can be used to represent
various data types. By leveraging the power of binary digits and applying image processing techniques, it is
possible to extract meaningful information from medical images to identify potential signs of eye cancer. Data
augmentation techniques are selected to generate input data, thus reducing the reliance on training data and
reducing the generalized error (operating as a regularization method). For example, applying noise as data
augmentation technique involves altering some pixels of the image, while keeping the actual meaning as a
whole. Works have proposed different methods to augment the data, for example, in authors training a U-net
with different training set size and employing different artificial data augmentation strategies such as
horizontal flip, affine transform, Gaussian random field, Gaussian white noise, rotation and dilation in which
the accuracy improved significantly when performing horizontal flips. Meanwhile, in for an application in
voice command recognition, the error rate reduced when the original dataset was combined with
augmentation methods involving speed perturbation and room impulse response reverberation, improving the
generalization capability of convolutional neural network when used for voice command recognition. Room
impulse response reverberation produces voice command variations caused by reflected sound paths while

speed perturbation generates voice command variations caused by shorter or longer time duration.

1.4.1 Data Collection
e Gather a diverse dataset of eye images, including both healthy and cancerous cases, obtained from
reputable medical databases and institutions.
e Ensure the images are of high quality, standardized, and labeled with accurate diagnosis information.
1.4.2 Preprocessing
e Convert the acquired eye images into a digital format suitable for analysis.
¢ Enhance the images using techniques like demising, contrast adjustment, and normalization.

e Segment the regions of interest (ROI) within the images, such as the iris, retina, and optic nerve.

13
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1.4.3 Feature Extraction

Extract relevant features from the ROI, such as shape characteristics, texture, color, and pixel intensity

.
variation.
e Ultilize binarization techniques, such as thresholding, to convert the extracted features into binary
digits.
e Develop a robust feature extraction algorithm that captures important information specific to eye
cancer detection.
1.4.4 Classification
e Employ advanced machine learning techniques to train a model for eye cancer classification using
the extracted binary digit features.
o Split the dataset into training and testing subsets to evaluate the model's performance.
e Experiment with various classification algorithms, such as support vector machines (SVM), artificial

neural networks (ANN), decision trees, or deep learning-based models.
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1.5 United Nations Sustainable Development
This project aligns with the following United Nations Sustainable Development Goals (UNDGS):

1.5.1Good health and well- being (SDG 3)
The project main goal is to support SDG 3 by focusing on eyes health, which is an essential
component of general well-being. The creation of a eye cancer detection system can help those

who are at risk of eye cancer problems be identified and given early care.
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GOOD HEALTH
AND WELL BEING

4

1.5.2 Industry, Innovation, and Infrastructure
The use of Python coding for automated eye cancer detection reflects innovation and technological
advancements in healthcare. This aligns with the goal of building resilient infrastructure and

promoting inclusive and sustainable industrialization.

INDUSTRY, INNOVATION
AND INFRASTRUCTURE

1.5.3 Partnerships for the Goals

Collaboration is crucial for addressing global challenges. This project, with its potential impact on
health, can encourage partnerships between the healthcare sector, technology developers, and

communities to work towards achieving common goals.

'l PARTNERSHIPS
FOR THE GOALS
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1.6 Work Division

Hardware part will be developed by all the members. M.Awais will complete the algorithm
implementation task. Aliyan and Yawar will debug the things and all members prepare the

documentation.

Table 1.1: Work Division between Group Members

Sr. No Name Allocated Task
1 Hafiz M Awais Algorithm

2 Aliyan Amir Programming
3 Yawar Hussain Coding

1.7 Thesis Outline

In this thesis, Chapter 1 serves as the foundation, providing a comprehensive introduction to our
proposed project, the "An automated eye cancer detection by using the binary digits." The chapter
presents the methodology employed in developing our system and defines clear goals and
objectives. Additionally, it emphasizes the alignment of our project with the United Nations
Sustainable Development Goals (UNSDGs). Moving on to Chapter 2, a comprehensive study of
the literature review follows, focusing on key aspects of our proposed system. eye cancer focuses
on the development of an innovative system for early detection of eye cancer. Leveraging
advanced digital image processing and machine learning techniques, the project employs binary
digit analysis to enhance the precision and efficiency of cancer identification within the eye. The
system interprets intricate eye images through binary representation, facilitating swift and accurate

diagnostics.
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CHAPTER # 02

LITERATURE REVIEW

2.1 Introduction

Eye cancer, also known as ocular cancer, is a rare but potentially life-threatening disease that affects various
parts of the eye, including the iris, retina, and surrounding tissues. Early detection and diagnosis of eye cancer
is critical for effective treatment and improved patient outcomes. In recent years, advancements in technology
and computational techniques have paved the way for development of automated systems for eye cancer
detection, which can greatly enhance the speed and accuracy of diagnosis. The aim of this research project is
to develop an automated eye cancer detection system using binary digits. Binary digits, commonly known as
bits, are the fundamental building blocks of digital information handling and processing. Incorporating these
binary digits into an automated eye cancer detection system holds the potential to improve the efficiency and
reliability of the diagnostic process.

By utilizing the binary digit representation, the proposed system will employ image processing algorithms to
analyze digital images of the eye and identify potential cancerous abnormalities. This will involve converting
the input images into their binary equivalents, where the presence of cancerous cells or tumors will be
represented by specific patterns or combinations of bits. Machine learning techniques will be utilized to train
the system to recognize and classify these patterns, allowing for automated detection of eye cancer. The
benefits of an automated eye cancer detection system are numerous. Firstly, it can significantly reduce the
reliance on traditional manual methods of diagnosis, which are prone to human error and subjectivity.
Automated systems can provide consistent and objective results, leading to more accurate detection and
diagnosis. Moreover, the use of binary digits can allow for faster processing times, making the system efficient
and time-saving for both patients and medical professionals. In addition to improving detection accuracy and
efficiency, an automated eye cancer detection system can also aid in early-stage diagnosis.

Early detection is crucial for successful treatment outcomes, as it allows for timely intervention and prevention
of further progression. By identifying potential cancerous cells or tumors at an early stage, interventions such
as surgery, radiation therapy, or chemotherapy can be initiated promptly, increasing the chances of a positive
prognosis. In addition, this project aims to develop an automated eye cancer detection system using binary
digits. By leveraging the power of image processing algorithms and machine learning techniques, the system

aims to improve the speed, accuracy, and early detection of eye cancer. This research has the potential to
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contribute significantly to the field of ocular oncology, benefitting both patients and healthcare professionals

in the fight against this rare yet potentially devastating disease.

2.2 Related Work

Convolutional Neural Networks (CNNSs) have revolutionized pattern recognition across various domains,
such as image processing and voice recognition, during the past decade. Their most significant advantage lies
in reducing the parameters within Artificial Neural Networks (ANNSs). This breakthrough has allowed
researchers and developers to tackle complex tasks that were previously unattainable using traditional ANNS.
Crucially, CNNs are best suited for problems without spatially dependent features. For instance, in face
detection, the specific location of faces within images becomes irrelevant; the primary objective is to detect
faces irrespective of their positions.

Additionally, CNNs excel at extracting abstract features as input data progresses through deeper layers. This
article explores the literature surrounding the remarkable advancements and applications of CNNSs in various
fields of pattern recognition[1]. CNNs consist of multiple layers, including the convolutional layer, non-
linearity layer, pooling layer, and fully connected layer. The core operation in CNNs is the convolution, which
is a mathematical linear operation between matrices. This operation is responsible for extracting features from
the input data. The convolutional layer and fully-connected layer in CNNs have parameters that are adjusted
through training to optimize the network's performance. These parameters allow the network to learn and
extract meaningful features from the input data. Deep learning, specifically deep neural networks, is an
influential and widely acknowledged tool in the literature for handling large volumes of data. Its ability to
incorporate multiple layers has propelled it to surpass classical methods in various fields, particularly pattern
recognition. Among the many deep neural networks, the Convolutional Neural Network (CNN) stands out.

The name "convolutional” refers to the mathematical operation of convolution performed between matrices.
CNNs consist of several layers, including convolutional, non-linearity, pooling, and fully-connected layers.
While the convolutional and fully-connected layers possess parameters, the pooling and non-linearity layers
do not. This unique architecture enables CNNs to achieve remarkable performance in the realm of machine
learning[2]. This allows the network to learn and recognize higher-level features by combining these local
patterns in various ways. By reducing the number of weights, the network becomes more efficient and
compact while still being able to capture important abstract features image. By adding more layers, the neural
network becomes deeper and is able to learn more complex and abstract features. Furthermore, different filters
in each layer can specialize in capturing specific patterns or information from the input image. The use of
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deep learning and image processing models has become increasingly common in the diagnosis of eye cancer
diseases in the last few years.

These models are able to detect diseases by analyzing image datasets and extracting specific features using
pre-trained models. In our research article, we leverage a neural network architecture that takes input in the
form of images or videos. For instance, we consider an image resembling the CIFAR-10 dataset, with
dimensions of 32x32 pixels and a depth of 3 representing the RGB channels. Alternatively, we account for
grayscale videos with varying resolutions and frames, or even experimental videos with sensor values at a
resolution of LxL and depths representing different time frames. To enhance computational efficiency, we
connect the input image to the subsequent layer's neurons using identical height and width values. This
configuration proves useful for specific processing tasks like edge detection in images. However, it should be
noted that the aforementioned network requires an extensive number of weight connections, amounting to
3,145,728 connections for the given input dimensions[3]. CNNs have higher sensitivity and specificity,
require less training and parameter tuning, and can automatically learn and extract relevant features from
images.

These advancements in Al technology have the potential to greatly improve the accuracy and efficiency of
diagnosing uveal melanoma, leading to better outcomes for patients that are suitable for training. The deep
learning framework used in this study is a Convolutional Neural Network (CNN), which is specifically
designed to process and analyze images. The training process involves feeding the pre-processed images into
the CNN, which consists of multiple layers. Each layer has its own functions for supervised training, which
means that it learns from labeled data to make predictions or classifications. The main advantage of deep
learning, compared to other machine learning tools such as Artificial Neural Networks (ANN), is its ability to
learn and extract new features from the training data set. This is particularly useful for image analysis tasks,
as deep learning models can automatically learn and recognize patterns and features in images. In this study,
the images of eye melanoma are obtained from the New York Eye Cancer Center database. Each image is
carefully assessed and verified by medical experts to determine whether it portrays eye melanoma or not.
These labeled images form the input dataset for the deep learning model. Before feeding the images into the
CNN, they undergo pre-processing steps. For example, one layer may focus on detecting edges, while another
layer may focus on recognizing textures or shapes [4].As the input image propagates through the network,
each layer extracts increasingly high-level features. These features are representations of different aspects of
the image, which can ultimately contribute to higher accuracy and better performance in various tasks such

as classification or object detection. Additionally, adding more layers allows for more parameters to be trained,
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which can enhance the model's ability to learn and adapt to different input variations. However, it's important
to strike a balance between adding complexities and avoiding overfitting. This makes CNN more efficient
and capable of handling larger datasets. Additionally, CNNs have the ability to automatically learn and extract
hierarchical features from images, which is crucial for accurately diagnosing uveal melanoma. traininga CNN
on a large dataset of labeled images of uveal melanoma, the network can learn to recognize patterns and
features associated with the disease. This typically involves stacking multiple convolutional, activation,
pooling, and fully connected layers. Consider using popular CNN architectures such as VGG16, Res-Net, or
Inception for better performance.
Train the CNN: Initialize the CNN model and train it on the training dataset.

REPRESENTATION
SFC labels

Q M
Calisto Flockhart 0002 /pg Frontalization 21113 I 16699132 166716 16xSu5u16
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Figure 2.1: (Visualizing Convolutional deep neural network layers)

In this article, we explore the effectiveness of using VGG net, a convolutional neural network
developed by the Visual Geometry Group and DeepMind of Oxford University, in various
applications. Previous studies have successfully applied VGG net for places image recognition,
fruit detection, thyroid nodules identification, and objects tracking. The structure of VGG-16, a
specific configuration of VGG net. The input to the first layer, called "Conv 1," is a fixed-size
RGB image of dimensions 224x224 pixels. This image undergoes multiple convolutional layers

with small 3x3 receptive fields.

Additionally, 1x1 convolution filters are used as linear transformations of the input channels. The
convolution stride is set to 1 pixel, and spatial padding is employed to preserve the spatial
resolution after convolution. Our research aims to further investigate the performance and

applications of VGG net in diverse domains. Train the CNN: Initialize the CNN model and train
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it on the training dataset. During training, the model learns to extract relevant features from the
eye images to distinguish between healthy and cancerous cases. Use an appropriate loss function
(e.g., binary cross-entropy) and an optimizer (e.g., Adam) to minimize the loss between predicted
and actual labels. In the event that the testing dataset performance is not up to standard, fine-tune
the model as needed by introducing regularization strategies, modifying, or making the model
more complex. Regularization techniques such as dropout or batch normalization can be employed
to address overfitting issues that might arise when making the model deeper. Overall, by adding
more layers and associated filters, we can extract a richer set of features from the input image,
enabling the model to capture more intricate details and improve its performance in various
applications.

Gabor filter is also a process that we used in eye cancer detection. This a filter that is used to image
processing in large amounts. We discusses the remarkable Res-Net architecture, a well-known
convolutional neural network (CNN) that has revolutionized deep network training. Prior to Res-Net, training
deep networks was challenging due to the vanishing gradient problem, where gradients became extremely
small while propagating backwards through numerous layers. In response, Res-Net introduced a
groundbreaking solution: the bypass pathway concept. By creating identity shortcuts in the gradients' path and
allowing them to skip backward connections between layers, Res--Net enables faster and more efficient
gradient flow to the initial layer. Res-Net's success has extended beyond computer vision, finding applications
in medical image classification and diagnosis[5].
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Figure 2.2: (Visual Geometry Group)

The Gabor filter, a Gaussian function modulated by a complex sinusoidal, is a versatile tool used
in various image processing tasks. It can operate in both spatial and frequency domains and is
applicable in any number of dimensions. Particularly, Gabor filters are commonly employed in
extracting texture information from images. However, in this study, a different application is
explored. The Gabor filter is utilized as the basis for a data augmentation method, specifically in
generating tumor-like textures. By incorporating a Gabor generator kernel, this approach aims to
enhance the diversity and realism of synthetic data used in tumor detection and classification

algorithms|6].

The Gabor filter allowing the function for Image processing and analysis the magnitude and phase
frequency in temporal domains. There are two types of filters 1d and 2d. to obtain the 2d Gabor
filter we use the Gaussian Gabor filter. The Gabor filter the impulse response of the filter work in
sinusoidal wave. Gabor filter is a widely used image processing technique that can be used for
various tasks, including feature extraction and texture analysis. One application of Gabor filter is
in the detection of eye cancer. Eye cancer, also known as ocular melanoma, is a rare form of cancer
that affects the cells in the eye. It can be difficult to detect in its early stages, but early detection is
crucial for successful treatment and prevention of metastasis. Gabor filter operates by convolving
an image with a series of Gabor functions, which are sinusoidal waveforms modulated by a
Gaussian envelope. This process helps capture the texture and structure of the image at different
scales and orientations. Reprocess the images: Start by preprocessing the eye images to enhance
the quality and remove any noise or artifacts that may interfere with the detection. Create a bank
of Gabor filters: Generate a series of Gabor filters at different frequencies and orientations. These
filters can be created by varying the parameters of the sinusoidal frequency and orientation.
Convolve the filters with the preprocessed image: Apply each Gabor filter to the preprocessed
image through convolution. This will result in a set of filtered images, each capturing specific
texture or structure information from different spatial scales and orientations. Extract features:
From the filtered images, extract relevant features that can discriminate between healthy and

cancerous eyes.

These features can include texture statistics, such as mean, variance, or texture energy, as well as

other visual descriptors. In this article, a procedure is described to generate an augmented image,
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denoted as Ax; eye, from a given image, AX; eye, using a Gabor filter, namely, Kef; h; art. Gabor
filters are commonly used for features extraction and involve a series of filters with differing
frequencies (f) and orientations. The Gabor filter's B and C are normalization factors, while the
frequency (f) determines the desired texture to be extracted from the image. By adjusting the
parameter h, the texture can be oriented in a specific direction, and varying r allows for changing
the size of the analyzed region. The study illustrates an example of a Gabor filter contour in a 2D
setting[7].

Train a classifier: Use a machine learning algorithm, such as support vector machines, random
forests, or neural networks, to learn a model that can classify between healthy and cancerous eyes
based on the extracted features. The most common type of eye cancer is uveal melanoma. This
melanoma is the most common tumor in adults with an overall molarity rate of 50%.ferroptosis is
also a type of cancer and this type of cancer is usually found due to the large amount of iron
accumulation and lipid peroxidation. This Ferro ptosis dyes faction the lipid peroxidation cells and
plays an important role in inhibiting the growth and development of cancer cells. The Ferro ptosis
cancer cell is also a tumor and suppress mitosis in blood. The analysis conducted on the association
between host susceptibility factors and uveal melanoma revealed several statistically significant
factors. Firstly, individuals with light eye color were found to have an increased risk of uveal
melanoma, with a relative risk (RR) of 1.75. This suggests that individuals with blue or grey eyes
may have less protection from ultraviolet (UV) light, which increases their vulnerability to
developing uveal melanoma. Similarly, fair skin color was found to be statistically significant with
a RR of 1.80.

People with fair skin generally have less melanin in their skin, which makes them more susceptible
to UV radiation and subsequently increases their risk of uveal melanoma. Additionally, the
inability to tan was identified as a significant factor, with a RR of 1.63. It can also assist in
improving the detection of early-stage diseases, which can significantly impact patient outcomes.
Pathology is another field where Machine Learning and Image Analysis can have a profound
impact (eye cancer in the health care). Automated eye cancer detection through machine learning
and image analysis in healthcare has revolutionized the way eye cancer is detected and diagnosed.
By analyzing medical images of the eye, such as those obtained through imaging techniques like
retinal photography or optical coherence tomography, sophisticated algorithms can be employed
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to identify patterns that indicate the presence of eye cancer. The collected data can be interpreted
using these algorithms to diagnose the cancer. Image analysis greatly enhances the accuracy and
speed of eye cancer disease as it enables the automatic identification of key features in the eye that
may indicate the presence of cancer. Early detection of eye cancer is crucial as it allows for prompt
treatment before the cancer has a chance to spread or become more serious. Automated detection
systems can provide healthcare professionals with detailed and valuable data, helping them
identify and treat the illness as soon as possible. By combining machine learning and image
analysis, automated eye cancer detection can achieve high levels of accuracy and reliability. This
technology has the potential to improve diagnostic accuracy, leading to better outcomes for

patients

The symptoms of eye melanoma may vary depending on the location and size of the tumor. Common
symptoms include a change in the size or shape of the pupil, blurry vision, a dark spot on the iris, or a lump
on the eyelid. However, in many cases, eye melanoma may not cause any noticeable symptoms until it has
reached an advanced stage. Diagnosis of eye melanoma typically involves a comprehensive eye examination,
including a visual acuity test, a dilated eye exam, and imaging tests such as ultrasound or optical coherence
tomography (OCT). If the doctor suspects melanoma, a biopsy may be performed to confirm the diagnosis.
Treatment options for eye melanoma depend on the size and location of the tumor, as well as the individual's
overall health. Options may include radiation therapy, laser treatment, surgery to remove the tumor, or in
some cases, enucleation (removal of the eye).

In cases where the cancer has spread to other parts of the body, systemic treatments such as chemotherapy or
immunotherapy may be recommended. Overall, the prognosis for eye melanoma varies depending on the
stage at diagnosis and the individual's response to treatment. Early detection and treatment greatly increase
the chances of survival. Melanoma of the eye is the most common type of cancer affecting the eye, although
it is still quite rare. It occurs mainly as a secondary tumor from lung and breast cancers, which are considered
the most common cancers in the world. Even though early detection increases the chances of survival,
problems occur because of difficulty in diagnosis. Artificial neural network (ANN) is a software program that
mimics a biological neural network. It can be programmed to help in classifying and diagnosing the type of

cancer.
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The objective of this research was to program ANN to classify and diagnose the type of eye melanoma. Forty
pre-diagnosed samples (20 malignant and 20 benign) were used for this research. The images obtained were
processed and enhanced using median filter and histogram techniques, and the region of interest that was
determined by a physician was cropped, and texture features were extracted from it using MATLAB. Finally,
using ANN, the cancer was classified as either benign or malignant. Artificial neural network achieved an
accuracy of 85%, a sensitivity of 80%, and a specificity of 90%. The susceptibility factors for uveal
melanoma, a type of eye cancer, were investigated by Weis et al in their meta-analysis. They found that certain
characteristics such as fair skin color, light eye color, and the inability to tan were statistically significant in
increasing the risk of uveal melanoma. Light eye color was associated with a 1.75 times higher risk, fair skin
color with a 1.80 times higher risk, and inability to tan with a 1.64 times higher risk. However, blond hair was
not found to be a significant independent risk factor.

These findings suggest that individuals with lighter skin and light-colored eyes may have a higher likelihood
of developing uveal melanoma due to lower levels of melanin, resulting in reduced protection against harmful
ultraviolet light. This information sheds light on the association between certain physical characteristics and
the risk of developing this particular type of eye cancer [8]. The melanoma provides insights into the
classification and diagnosis of ciliochoroidal melanoma, a type of eye cancer. The AJCC categorizes this
melanoma based on parameters such as tumor size, thickness, ciliary body involvement, and extension
beyond the eye. Detecting small ciliary body melanomas poses difficulties due to their location, making direct
visualization challenging. Typically, these melanomas are detected when they have already grown large and
invaded the iris or choroid. However, gonioscopy, a technique that examines the anterior chamber angle of
the eye, can assist in identifying ciliary body involvement. These findings highlight the importance of accurate

classification and diagnostic techniques in identifying and managing ciliochoroidal melanoma.[9]

Preprocessing Techniques: Addressing issues like redundancy, noise, and unreliable data often involves
preprocessing techniques. Data cleaning, feature engineering, and normalization are crucial to enhancing the
quality of the dataset. Deep Learning: Advances in deep learning, a subset of machine learning, have led to
breakthroughs in computer vision, natural language processing, and other complex tasks Preprocessing
Techniques Addressing issues like redundancy, noise, and unreliable data often involves preprocessing
techniques. Data cleaning, feature engineering, and normalization are crucial to enhancing the quality of the
dataset. Deep Learning: Advances in deep learning, a subset of machine learning, have led to breakthroughs

in computer vision, natural language processing, and other complex tasks. Deep neural networks can
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automatically learn hierarchical features from data, enabling more sophisticated problem-solving. Transfer
Learning: This technique allows models trained on one task to be adapted for use on a different, but related,
task. This is particularly valuable when labeled data for a specific task is limited. Object Recognition and
Image Classification Machine learning models excel in tasks like image classification and object
recognition. This is used in various applications, including facial recognition, autonomous vehicles, and
medical imaging. Image Generation Generative models, like GANs Generative Adversarial Networks can
create realistic images. This has applications in art, design, and even content creation.

Object recognition entails recognizing a specific object in image data. Item detection entails undertaking
semantic analysis and classifying the object, and object recognition entails identifying a particular thing in
image data. In the realm of computer vision, convolutional neural networks (CNN) have accomplished a lot.
Deep neural networks can automatically learn hierarchical features from data, enabling more sophisticated
problem-solving.

Transfer Learning: This technique allows models trained on one task to be adapted for use on a different,
but related, task. This is particularly valuable when labeled data for a specific task is limited. Object
Recognition and Image Classification: Machine learning models excel in tasks like image classification
and object recognition. This is used in various applications, including facial recognition, autonomous vehicles,
and medical imaging. Image generation: Generative models, like GANs (Generative Adversarial
Networks), can create realistic images. This has applications in art, design, and even content creation. Object
recognition entails recognizing a specific object in image data. ltem detection entails undertaking semantic
analysis and classifying the object, and object recognition entails identifying a particular thing in image
data. In the realm of computer vision, convolutional neural networks (CNN) have accomplished a lot. Uveal
melanoma (UM) is a rare and aggressive form of cancer originating from melanocytes in the uveal tract of
the eye. While early diagnosis is common, the current local treatment options often result in significant visual
complications, and the disease frequently progresses to metastatic stages with a dismal prognosis. Despite
advancements in understanding the pathophysiology of UM, overall survival rates have not improved
significantly. However, recent developments in targeted therapeutics that specifically address the underlying
mechanisms of this disease have provided new hope. Several ongoing clinical trials are now focused on
altering the disease trajectory and improving patient outcomes. These advancements in novel treatments have
the potential to revolutionize the management of UM and bring about much-needed progress in increasing

overall survival rates[10].
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Figure 2.4: Melanoma

Iris melanoma is a type of eye cancer that affects the iris, which is the colored part of the eye.
Melanoma is a malignant tumor that arises from melanocytes, which are the cells that produce
melanin, the pigment responsible for eye color. Iris melanoma is relatively rare and accounts for
about 3-5% of all melanomas. It typically affects individuals in their 40s and 50s and is more
common in people with fair skin and light-colored eyes. However, it can occur in people of any
age. the exact cause of iris melanoma is unknown, but it is believed to be a combination of genetic

and environmental factors.

Exposure to ultraviolet (UV) radiation, either from sunlight or tanning beds, may increase the risk
of developing iris melanoma. In the context of uveal melanoma, an iris nevus has been identified
as a risk factor, particularly for the development of iris melanoma. However, the exact rate at
which these nevi transform into melanoma is still not clearly understood. A study conducted by
Territory et al. observed 175 patients with suspicious iris nevi, of which 5% demonstrated clinical
evidence of growth into iris melanoma during a 5-year follow-up period. More recently, a study
involving 1611 patients with iris nevi found that only 2% of patients showed transformation of the
nevus into melanoma. These findings suggest the need for further investigation and understanding
of the factors that contribute to this transformation process[11]. Data pre-processing is the most
important and influential for generalization performance of a Supervised Machine Learning
Algorithm. The quantity of training data grows exponentially concerning the input space

dimension. It may also be associated with iris or ciliary body melanoma. The prognosis for ring
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melanoma of the anterior chamber is generally more favorable compared to diffuse iris melanoma,

with a lower risk of metastasis.

Early diagnosis and treatment are crucial for preserving visual function and preventing metastasis
in both types of melanoma. CNNs are a type of neural network that uses when complex images
are considered, CNN preserves the properties of the image data by keeping their spatial and
temporal connections. Data pre-processing is the most important and influential for generalization
performance of a Supervised Machine Learning Algorithm. The quantity of training data grows
exponentially concerning the input space dimension. According to an estimate, time spent on pre-
processing can take up to 50% to 80% of the entire classification process, proving the importance
of pre-processing in building a model. It is also essential to improve the data quality for better
performance. The diagnosis of iris melanoma is carried out by clinical examination with slit-lamp
bio-microscopy. Gonio copy is a useful adjunct to assess the involvement of the anterior chamber
angle. For small tumors, anterior segment optical coherence tomography (AS-OCT) is useful with
high-resolution imaging of anterior and lateral surfaces. Uveal melanoma (UM) is a rare
malignancy that arises from melanocytes within the uveal tract of the eye. Although UM is often
diagnosed at an early stage, local treatment modalities come with significant visual morbidity and
metastatic progression is not uncommon, portending an extremely poor prognosis. Much has been
learned about the pathophysiology of UM, but despite these advances improvements in overall
survival have not been achieved. Only recently have novel therapeutics emerged that rationally
target the known mechanisms of this disease, and a number of trials are under way attempting to

alter the disease course.

In this review, we focus on the diagnosis of UM, therapeutic options for local control, and the
pursuit of effective adjuvant therapy. Other symptoms of iris tumors may include blurred vision,
difficulty seeing at night, and increased sensitivity to light. According to an estimate, time spent
on pre-processing can take up to 50% to 80% of the entire classification process, proving the
importance of pre-processing in building a model. It is also essential to improve the data quality
for better performance. The diagnosis of iris melanoma is carried out by clinical examination with
slit-lamp bio microscopy. Gonioscopy is a useful adjunct to assess the involvement of the anterior
chamber angle. For small tumors, anterior segment optical coherence tomography (AS-OCT) is
useful with high-resolution imaging of anterior and lateral surfaces. Uveal melanoma (UM) is a
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rare malignancy that arises from melanocytes within the uveal tract of the eye. Although UM is
often diagnosed at an early stage, local treatment modalities come with significant visual morbidity
and metastatic progression is not uncommon, portending an extremely poor prognosis. Much has
been learned about the pathophysiology of UM, but despite these advances improvements in

overall survival have not been achieved.

This paragraph highlights the characteristics and clinical presentation of iris melanoma, an
infrequent type of eye cancer. It is often well-defined in shape (90% of cases) or diffuse (10%).
Iris melanoma tends to be diagnosed earlier than melanomas affecting the ciliary body or choroid,
typically presenting 10-20 years in advance. Generally, it is incidentally discovered due to changes
in iris color (heterochromia) and pupil distortion (corectopia). The tumor is most commonly found
in the inferior quadrant of the iris, leading to corectopia, secondary glaucoma, angle seeding,
ectropion uveal, hyphemia, and rare extraocular extension. Secondary glaucoma arises from
various mechanisms obstructing the normal outflow of fluids through the anterior chamber angle.
Understanding these characteristics is crucial for accurate diagnosis and management of iris
melanoma[12]. Larger or more aggressive tumors may require surgical intervention, such as partial
or complete removal of the iris or even enucleation (removal of the entire eye).It is important for
individuals experiencing any changes in their vision or any of the aforementioned symptoms to

seek medical attention promptly.

Early intervention can increase the chances of successful treatment and preservation of vision.in
oncology.. This not only reduces the work load of ophthalmologists but also saves time and
resources for healthcare institutions. Additionally, the software's ability to detect various eye
diseases is crucial for early intervention and treatment. By identifying these abnormalities at an
early stage, patients can receive timely medical attention, potentially preventing further
deterioration of their vision and reducing the risk of blindness. Overall, Sharp's software provides
a cost-effective solution for the screening and diagnosis of eye diseases. It streamlines the process
of examining retinal images, ensuring that ophthalmologists can focus their expertise on cases that

require their attention the most.

This not only improves the efficiency of healthcare services but also enhances the chances of
preserving patients' vision. In the diagnosis of iris melanoma, clinical examination with slit-lamp

bio-microscopy is the primary method utilized. Gonio copy is also employed as a useful
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supplementary technique to assess the involvement of the anterior chamber angle. Additionally,
for small tumors, anterior segment optical coherence tomography (AS-OCT) provides valuable
high-resolution imaging of the anterior and lateral surfaces. When dealing with large iris
melanomas, ultrasound bio-microscopy becomes essential to assess tumor seeding, especially in
non-resect-able cases. This technique has shown a remarkable melanoma control rate of 92%,
albeit with the potential risk of vision loss as a side effect. In circumstances where the tumor is
large, diffuse, or recurrent, or when the initial visual acuity is poor, enucleation is recommended.
Automated Eye Cancer Detection through machine learning and image analysis in healthcare is an
emerging field with potential benefits, but it cannot completely replace the expertise and non-

invasive diagnostics provided by doctors.

The complexity and variability of eye diseases make it challenging for a machine learning
algorithm to achieve high accuracy. Building effective algorithms requires large datasets that can
only be obtained and correctly labeled by professional eye experts. Moreover, individuals with the
same eye conditions may exhibit different symptoms, further complicating accurate detection.
Additionally, advancements in imaging and other diagnostic techniques contribute to inconsistent
data, reducing the reliability of machine learning systems. Lastly, the high costs associated with
implementing such automated diagnosis systems hinder their widespread adoption. Despite its
potential, Automated Eye Cancer Detection through Machine Learning and Image Analysis is still
in its early stage in healthcare[13].

Figure 2.5:( Iris melanoma. (a) Iris melanoma in the mid-zone of iris (b) treated

by iridectomy. (c) Iris melanoma at the root of iris)
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Binary digits, or bits, are the basic units of information in computing and digital systems. They can represent
two states, typically denoted as 0 and 1. These states can be used to represent different pieces of information,
such as numbers, characters, or images. When we attach a device with binary digit specifications for eye
cancer detection, it would most likely use these binary digits to process and analyze data related to eye cancer
and scans the images of eye. The device first capture the images of the eye, convert them into binary data 0,1
form, and then use the algorithms or machine learning technigues to detect patterns that indicate the presence
of eye cancer and give the output in the form of Os and 1s if the cancer is healthy or not healthy.

The binary digit device's specifications might include factors like the resolution of the captured images, color,
depth, compression techniques and image size capabilities. These specifications would determine the quality
and accuracy of the eye cancer detection performed by the device. Digital image processing can be used in
the detection of eye cancer through various techniques. Some of these techniques include image detection.
Machine learning algorithms such as Support VVector Machines (SVM), Avrtificial Neural Networks (ANN),
and Random Forests can be trained on a dataset to automatically classify the regions. Eye cancer, also known
as ocular cancer, is a rare condition that occurs when abnormal cells grow uncontrollably within the structures
of the eye. Early detection is nowadays is crucial for successful treatment and outcomes. Visual Inspection
with VGG (Visual Geometry Group) are the approaches that can be utilized for eye cancer detection. VGG
is a deep learning algorithm method. It is designed to recognize patterns and structures within visual data, such
as images.

This algorithm can be trained to detect specific characteristics or features associated with eye cancer,
providing a computer-aided diagnosis. To use VGG for eye cancer detection, a database of affected images
of healthy and cancerous eyes would be required. The algorithm would be trained to identify specific attributes
or patterns that distinguish cancerous cells from the healthy eye tissue. Once trained, the algorithm can be
applied to new images, where it can analyze the visual data and identify the eye cancer easily. Detecting eye
cancer using deep Convolutional Neural Networks (CNNs) in Python involves training a CNN model on a
dataset of eye images, and then using this trained model to predict whether a given eye image contains signs
of cancer or not. The predicted output would be a binary digit: 0 for no cancer and 1 for cancer. Detecting eye
cancer using deep Convolutional Neural Networks (CNNs) in Python involves training a CNN model on a
dataset of eye images, and then using this trained model to predict whether a given eye image contains signs
of cancer or not. The predicted output would be a binary digit: 0 for no cancer and 1 for cancer. Obtain a
dataset consisting of eye images, including both healthy and cancerous ones. Preprocess the images by

resizing their quality to improve detection accuracy.
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Collect a dataset of eye images that includes samples with and without cancer. Send the dataset into training
and testing the images after that resize the images to a uniform size and apply any necessary preprocessing
steps such as normalization or augmentation. Design a deep CNN architecture that detects your problem.
Common architectures for image classification tasks include VGG-Net, Res-set Some common features used
for eye cancer detection include color texture features and shape features (e.g., contour-based features) trained
the model properly and ensure that the input features are converted to binary format, suitable for the binary
digits device output. Connect the binary digits device to the Python program.

Based on the classification predictions made by the model, convert the respective predictions into binary digits
(0 or 1) and send them to the device for output. Once you have obtained the model's predictions for the eye
cancer test you can convert them to binary digits (0, 1) accordingly based on your trained model. if the
predicted probability of eye cancer is above a certain threshold (e.g., 0.5), you can assign it a value of 1;
otherwise, assign it 0.For effective eye cancer detection, consider implementing real-time monitoring using a
camera or video, Continuously feed the captured images or video frames into the trained model to detect eye
cancer promptly, converting the output into binary format for the device, as we needed. As for attaching a
binary digits device to a laptop, you may consider connecting an external binary display device to your laptop
using compatible hardware interfaces (e.g., USB, HDMI) and design a separate program to convert the Python

output to binary digit representation and send it to the connected device for display.
2.3 TECHNIQUES USED BY PREVIOUS RESEARCH

2.3.1 CNN

CNN, also known as Convolutional Neural Network, is a sophisticated and highly popular deep
learning algorithm used in the field of computer vision and image recognition. It is specifically
designed to process and analyze visual data, such as images or videos, by mimicking the way a
human brain works. The primary function of a CNN is to extract meaningful features and patterns
from the input data through a process called convolution, which involves using small filters or
kernels to perform element-wise multiplication and summation across the input. This allows the
network to detect various shapes, edges, textures, and other significant visual attributes. Moreover,
Convolutional Neural Networks (CNNs) have emerged as a groundbreaking technology in the field

of pattern recognition over the past decade.

They have revolutionized various domains such as image processing, voice recognition, and

natural language processing tasks. CNNs offer a significant advantage by reducing the number of
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parameters in Artificial Neural Networks (ANNS), enabling researchers and developers to tackle
more complex tasks that were previously not feasible with traditional ANNs. The key strength of
CNN:s lies in their ability to effectively extract and learn complex hierarchical representations from
input data. By employing additional layers such as pooling layers, activation functions, and fully
connected layers, CNNs improve their performance and make predictions based on extracted
features. These layers play crucial roles in reducing spatial dimensions, introducing non-linearity

and enhancing the network's ability to accurately classify images.

The spatial independence assumption is another fundamental aspect of CNNs. This means that
CNNs excel in tasks where spatial dependencies among features are not important. For instance,
in face detection, the location of faces in an image is irrelevant; the priority is to detect the presence
of faces regardless of their position. CNNs allow for the abstraction of features as the input
propagates through deeper layers, enabling the network to capture more sophisticated and abstract
representations. The significance of CNNs extends to various applications such as image
classification, object detection, facial recognition, medical imaging, and more. Their remarkable
accuracy and efficiency in interpreting visual information have propelled advancements in
computer vision. As CNNs continue to demonstrate their potential, researchers and developers are
increasingly exploring larger models to solve even more complex tasks, leveraging the power of

CNNs to unlock new capabilities in pattern recognition[1].

2.3.2 VGG

VGG (Visual Geometry Group) is a convolutional neural network architecture that was developed by
researchers at the University of Oxford. It was proposed by Karen Simony and Andrew Zisserman in
2014.VGG is known for its simplicity and effectiveness. It gained popularity due to its impressive
performance on the Image Net Large Scale Visual Recognition Challenge (ILSVRC) 2014 competition,
where it achieved the second-best performance. The VGG architecture has played crucial role in advancing
deep learning in computer vision tasks, particularly in the field of image classification.

With its series of convolutional layers, max pooling layers, and fully connected layers, VGG has
proven to be effective in capturing intricate details of images. By utilizing small 3x3 convolutional
filters throughout the network, VGG enhances the representation of complex patterns and
hierarchical structures in input data. This architecture, available in both VGG16 and VGG19
configurations, has become a widely adopted choice for feature extraction or as a backbone in
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various applications such as object detection, image segmentation, and image generation. The
significance of VGG lies in its simplicity and effectiveness, providing a strong baseline for more
complex convolutional neural networks. It has contributed significantly to the field of deep
learning, serving as a foundation for advancements in computer vision. The input to the initial
convolutional layer, 'Conv 1', is a fixed-size 224x224 RGB image. Employing small receptive
fields and 1x1 convolutional filters as linear transformations for input channels, VGG ensures
spatial resolution is preserved after convolution. Max-pooling layers, performed over a 2x2 pixel
window with a step of 2, enable spatial pooling.

The stack of convolutional layers is followed by three fully-connected layers and a final soft-max
layer, all utilizing rectification (ReL-U) non-linearity activation function. In the realm of
convolutional neural network architectures, Res-Net stands out as a well-known approach that
addresses the challenge of training deep networks. It tackles the vanishing gradient problem, which
hindered the training of deep networks prior to Res-Net. This problem arose due to the need for
gradients to propagate through a vast number of layers, resulting in infinitesimally small gradients.
However, Res-Net overcomes this obstacle and achieves outstanding performance by allowing
gradient flows to bypass some layers through the introduction of skip connections. By enabling
the successful training of hundreds or even thousands of layers, Res-Net has significantly

contributed to the advancement of deep learning in various domains[2].

2.3.3 Gabor Filter

Gabor filters are mathematical functions used in image processing and computer vision for tasks
such as edge detection, texture analysis, and feature extraction. They are named after Dennis
Gabor, a Hungarian-British physicist and Nobel laureate. A Gabor filter consists of a Gaussian
envelope multiplied by a complex sinusoidal wave. The Gaussian envelope determines the spatial
frequency bandwidth of the filter, while the sinusoidal wave captures the orientation selectivity.
We examine the use of Gabor filters in image analysis applications in this search article. By
convolving images via the filter to reveal edges and textures with certain orientations and
frequencies, Gabor filters offer a potent analytical tool. Because they can record both frequency
and orientation data, Gabor filters are very useful in computer vision, biometrics, pattern
identification, and medical imaging. The effective use of Gabor filters in a variety of applications,
such as texture classification, facial identification, and fingerprint recognition, demonstrates their

adaptability.
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They have shown to be an intricate mathematical function that can identify spatial frequency and
orientation properties in images and use those characteristics to extract significant elements. Gabor
filters can function in both the spatial and frequency domains, hence they can be used in a multitude
of dimensions. Gabor filters have been used extensively in image processing tasks across the
literature, especially in the extraction of texture information. Because texture information is so
important, researchers have used Gabor filters to provide precise and trustworthy texture analysis.
Actually, data augmentation techniques like the one presented here, which uses a Gabor generator
kernel to produce textures resembling tumors, are based on Gabor filters. Features extraction is
made possible by employing Gabor filters, a collection of filters with varying frequencies and

orientations, which allows for thorough image analysis.

The research highlights how useful Gabor filters are for improving computer vision and image
processing tasks, making it easier to extract crucial information from images that might otherwise
stay undiscovered. In conclusion, Gabor filters are an essential tool for image analysis because
they make it possible to extract textures, edges, and other significant aspects from pictures. Gabor
filters continue to make a substantial contribution to a number of domains, including biometrics,
computer vision, pattern recognition, and medical imaging. The literature demonstrates their
efficacy and adaptability, emphasizing both their potential for additional advances in image

processing research and their critical significance in texture analysis[3].

Ge = (x,y) = Be™cos(p) 1)
Ge = (x,¥) = Be™sin(p) (2)
p = 21f(xcos(0) + ysin(8) (3)
0=212 (4)

In Egs. (1), (2) B and C are the normalization factors, f determines the frequency to be pursued in
the texture. Changing h defines the texture oriented in a particular direction; and varying r results
in changing the size of the region of the image being analyzed. In 2 it is shown an example of a
Gabor filter counter given by eq (5).

G = (x,y) = e®**VNO0co5(2x)  (5)
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2.3.4 Melanoma

Melanoma is a type of cancer that originates in the cells that produce melanin, the pigment responsible for
giving color to the skin, hair, and eyes. Although melanoma most commonly develops in the skin, it can also
occur in the eyes. Eye melanoma, also known as ocular melanoma, arises from the melanocytes located in
the uvea, which is the middle layer of the eye. The uvea consists of three main parts: the choroid, the ciliary
body, and the iris. Melanoma can develop in any of these structures, but it most commonly occurs in the
choroid. Eye melanoma is a rare form of cancer, accounting for about 5% of all melanoma cases. The literature
review explores the various aspects of eye melanoma, a rare yet potentially serious form of cancer that
primarily affects adults aged 50 to 70.

The condition does not exhibit any specific gender or ethnic predisposition. While the exact causes of eye
melanoma are not fully understood, certain risk factors have been identified, including fair skin, light eye
color, exposure to ultraviolet (UV) radiation, and the presence of atypical moles or skin lesions. Detecting eye
melanoma in its early stages is crucial for successful treatment. Regular eye exams, especially for individuals
at higher risk, play a vital role in the early identification of any suspicious changes. Symptoms of eye
melanoma can vary depending on the tumor's location and size. Blurred vision, floaters, flashes of light, a
dark spot on the iris, changes in pupil shape or size, and pressure or pain in the eye are common signs.
However, in some cases, eye melanoma may not cause noticeable symptoms until it has reached an advanced
stage.

Once diagnosed, treatment options for eye melanoma include surgery, radiation therapy, laser treatment, or
targeted therapy. Surgical intervention, radiation therapy, and enucleation (removal of the eye) are the primary
treatments offered. Radiation therapy utilizes either plague brachytherapy or tele therapy, employing various
radioactive materials or technologies to target and destroy the tumor. Despite being a relatively rare disease
primarily found in the Caucasian population, uveal melanoma is the most common primary intraocular tumor
in adults. It predominantly occurs in the iris, ciliary body, or choroid, with a mean age-adjusted incidence rate
of 5.1 cases per million per year. The host susceptibility factors for uveal melanoma encompass fair skin, light
eye color, inability to tan, ocular or oculodermal melanocytosis, cutaneous or iris or choroidal nevus, and
BRCAU1-associated protein 1 mutation. In conclusion, eye melanoma is a complex and potentially devastating
condition. Timely diagnosis and appropriate treatment are essential for achieving the best possible outcomes.
Understanding the risk factors, symptoms, and available treatment modalities will aid in the advancement of

research and effective management strategies for eye melanoma patients[4].
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2.3.5 Iris

Iris in eye cancer, also known as iris melanoma, is a rare form of cancer that affects the iris the colored part of
the eye. The iris plays a vital role in controlling the amount of light entering the eye and is responsible for
determining eye color. Iris melanoma, a rare form of cancer affecting the iris, requires early detection and
treatment to preserve vision and prevent potential complications. This article aims to explore the causes,
symptoms, diagnosis, and treatment options for iris melanoma, shedding light on this understudied ocular
malignancy. The exact cause of iris melanoma remains elusive; however, a combination of genetic and
environmental factors is believed to contribute to its development. Genetic predisposition may determine an
individual's susceptibility to iris melanoma, while exposure to ultraviolet radiation and certain ocular
conditions could further increase the risk. Understanding these causal factors is crucial in developing effective
prevention strategies.

Symptoms of iris melanoma can vary, but they often manifest as changes in the appearance of the colored
part of the eye. These changes include the emergence of dark spots, bulges, or growths on the iris. Other
possible symptoms include blurred vision, persistent redness or inflammation, and discomfort or pain in the
affected eye. Early diagnosis is vital and can be achieved through thorough eye examinations, including
imaging tests like ultrasound and optical coherence tomography. Additionally, biopsies may be performed to
confirm the presence of cancer cells. Treatment for iris melanoma depends on several factors, including the
size and location of the tumor, as well as the overall health of the patient. Surgical removal of the tumor,
radiation therapy, laser therapy, or a combination of treatments may be considered. Each treatment option
carries its own benefits and risks, highlighting the importance of individualized patient care. Regular follow-
up Visits are crucial to monitor disease progression and detect any potential recurrence, ensuring appropriate
interventions are implemented promptly. Early detection of iris melanoma remains challenging due to its often
non-symptomatic nature, which necessitates specialist examination.

The use of large biomedical machines aids in the diagnosis of this ocular cancer, further emphasizing the need
for advanced medical technologies. Additionally, the dangerous characteristics of iris tumors, such as potential
pupil deformation, cataract development beneath the tumor, and the presence of blood vessels within the
tumor, underscore the importance of early detection and intervention. Iris melanoma, though rare, poses a
significant risk to visual health. This article highlights the importance of understanding the causes, symptoms,
and diagnosis of this ocular malignancy. Improved knowledge in these areas will aid in the development of
targeted prevention strategies, efficient diagnostic protocols, and effective treatment options for iris

melanoma. It is imperative that individuals remain proactive in seeking medical attention for any changes in
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vision or abnormalities in the iris to ensure early detection and improved patient outcomes. Further research
and advancements in medical technology will undoubtedly contribute to better management and outcomes

for patients with iris melanoma[5].

2.4 Eye Cancer Detection with CNN in Image Processing

2.4.1 Eye Cancer

Deep learning can be used to detect eye cancer by analyzing images taken from medical scans and
devices, such as OCT scans, ultrasound pictures, and mammograms. By extracting features from
the images, the model’s accuracy in diagnosing and estimating severity can be enhanced. Deep
learning models allow for feature extraction, data cleaning, and pattern recognition that could
significantly improve the accuracy of diagnosis and grading of eye cancer. Additionally, deep
learning models are faster and more accurately trained than traditional methods like manual
grading and other machine vision techniques. As the model is trained, it will recognize different
features found within the eye and begin to accurately recognize if a tumor is benign or malignant.
This accuracy allows for the medical professional to implement an ideal treatment and care plan
for the patient.

The severity measurement of a deep learning model for eye cancer detection is an invaluable
medical tool for accurately detecting and treating eye cancer. This technology provides a more
efficient and accurate way to identify tumors and provides a better chance of early detection so
that a patient may receive proper treatment The CNN model is trained on a large dataset of labeled
photos of the retina, categorizing different Eye Cancer severities. During its training, it analyses
different patterns in the photos and creates a set of weights that it uses to map the data to its output.
The algorithm is further enhanced with the addition of a neural ensemble system. This is to further

increase the accuracy of the model as well as make it more robust.

The ensemble system combines multiple CNN models to create a better single model that is more
accurate and reliable. Using this algorithm, it is possible to measure the severity of Eye Cancer
with greater accuracy and precision than manual methods. This has saved a lot of time in the
diagnosis process and improved the quality of diagnosis with accuracy. The deep learning model
has allowed for better treatment options to be offered to Eye Cancer patients [1]. Eye cancer can

refer to any cancer that starts in the eye. Cancer starts when cells begin to grow out of control. The
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most common type of eye cancer is melanoma. But there are other types of cancer that affect

different kinds of cells in the eye.

2.4.2 Types of Eye Cancer
e Eye melanoma
e Retinoblastoma

Melanoma is an aggressive type of cancer that most often grows in the skin. Melanoma develops
in melanocytes, which are cells that make melanin (pigment that produces color in the eyes, hair
and skin). Ocular melanoma, the most common type of eye cancer, begins in melanocytes in the
eyes. Although it is a relatively rare disease, primarily found in the Caucasian population, uveal
melanoma is the most common primary intraocular tumor in adults with a mean age-adjusted
incidence of 5.1 cases per million per year. Tumors are located either in iris (4%), ciliary body
(6%), or choroid (90%). The host susceptibility factors for uveal melanoma include fair skin, light
eye color, inability to tan, ocular or oculodermal melanocytosis, cutaneous or iris or choroidal
nevus, and BRCALl-associated protein 1 mutation. Currently, the most widely used first line
treatment options for this malignancy are resection, radiation therapy, and enucleation. There are
two main types of radiation therapy: plaque brachytherapy (iodine-125, ruthenium106, or
palladium-103, or cobalt-60) and tele therapy (proton beam, helium ion, or stereotactic
radiosurgery using cyber knife, gamma knife, or linear accelerator)[2]. Melanoma is a type of
cancer that develops in the cells that produce melanin the pigment that gives your skin its color.
Your eyes also have melanin-producing cells and can develop melanoma. Eye melanoma is also
called ocular melanoma. Most eye melanomas form in the part of the eye you can't see when
looking in a mirror. This makes eye melanoma difficult to detect. In addition, eye melanoma

typically doesn't cause early signs or symptoms.

Rretinoblastoma is the most common intraocular cancer of childhood. It is initiated by mutation
of the RB1 gene, which was the first described tumor-suppressor gene.1, 2, 3 Constitutional loss
of one RBL1 allele predisposes an individual to cancer; loss of the other allele from a developing
retinal cell initiates development of retinoblastoma tumors. This prototypic malignancy has
transformed the thinking about cancer. The deadly effect of delay is obvious in Africa and Asia,
where proptosis (protrusion of the eye from the socket due to advanced spreading of tumor into

the orbit) seems to be a common presentation.8—12 In these regions, socioeconomic factors and
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poor recognition of the seriousness of the disease impede access to care.24 Sadly, severe disease,
the large numbers of infants, and overstressed health-care systems mean that children suffer when
early detection and straightforward surgical treatment could have cured the disorder[4].
Retinoblastoma is a cancer that starts in the retina, the very back part of the eye.

It is the most common type of eye cancer in children. Rarely, children can have other kinds of eye
cancer, such as medulloepithelioma, which is described briefly below, or ocular (eye) melanoma.
Retinoblastoma is an eye cancer that begins in the retina the sensitive lining on the inside of your
eye. Retinoblastoma most commonly affects young children, but can rarely occur in adults. Your
retina is made up of nerve tissue that senses light as it comes through the front of your eye. The
retina sends signals through your optic nerve to your brain, where these signals are interpreted as
images. A rare form of eye cancer, retinoblastoma is the most common form of cancer affecting

the eye in children. Retinoblastoma may occur in one or both eyes.

2.4.3 Causes and risk factor

Melanoma of the Eye

The possible risk factors for eye melanoma include:

Age

This type is more common in older people. The average age of diagnosis is around 60 years.
Race

Melanoma of the eye is more common in white than black people.

Eye Color and Skin Tone

People with blue, grey or green eyes are more likely to develop eye melanoma than people with
brown eyes. The risk is also higher in people with fair skin, or with freckles. People who have
abnormal brown spots (pigmentation) on their uvea (called oculodermal melanocytosis)

or iris (called iris nevus) are at an increased risk of developing eye melanoma.
Moles

Some families tend to have large numbers of moles on their skin or moles that are unusual (doctors

call them atypical). The atypical moles tend to be an irregular shape or color. They also have a
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tendency to become cancerous. People with moles like this have a higher than average risk of skin
melanoma and eye melanoma.

Inherited Cancer Syndromes

Doctors have identified a rare inherited condition called BAP1 cancer syndrome. Families with
this have a change (mutation) in the BAP1 gene. People with this gene change have an increased
risk of uveal melanoma, skin melanoma and some other cancers. The uvea is the middle layer of
the eye. Most adult eye cancers are a type called uveal melanoma.

Exposure to Ultraviolet (UV) Radiation for Some Workers

Some studies have reported a slightly increased risk of melanoma of the eye in people working as

welders. This risk is may be due to exposure to ultraviolet radiation.

Use of Sunbeds

Exposure to artificial UV radiation, for example sunbeds, increases the risk of eye melanoma.

In general, eye disorders are thought to have a low frequency of occurrence relative to adverse
events such as bone marrow suppression, nausea, and vomiting. It is therefore probably that eye
disorders are missed in daily practice; indeed, they are often discovered following the investigation
of a patient’s self-reported complaint. Since July 2009 at Kyoto Okamoto Memorial Hospital,
pharmacists have been monitoring adverse events for all patients who underwent chemotherapy in
the outpatient chemotherapy room3) and we have previously reported that eye disorders were
associated with use of paclitaxel (PTX), 4) capecitabine,5) oxaliplatin,6) docetaxel,7) and
cabazitaxel.8 Definition of Eye Disorders Pharmacists questioned all patients about adverse events
for 10-15 min on the day of administration of PTX or nab-PTX. For typical adverse events, such
as nausea and peripheral neuropathy, the presence or absence of the symptoms and the severity of
the symptoms were confirmed by closed questions [5].

2.4.5 Binary digits in Image Processing

Deep learning can be used to detect eye cancer by analyzing images taken from medical scans and
devices, such as OCT scans, ultrasound pictures, and mammograms. By extracting features from
the images, the model’s accuracy in diagnosing and estimating severity can be enhanced. Deep
learning models allow for feature extraction, data cleaning, and pattern recognition that could
significantly improve the accuracy of diagnosis and grading of eye cancer. Additionally, deep
learning models are faster and more accurately trained than traditional methods like manual
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grading and other machine vision techniques. The application of deep learning models in medical
imaging is becoming increasingly important for the diagnosis and treatment of diseases, including
eye cancer. Deep learning models are used to automatically detect and measure severity of diseases
such as diabetic retinopathy, one of the most common causes of visual impairment in the world.
However, there are a number of challenges associated with the use of deep learning for eye cancer
detection and severity measurement. First, deep learning models require sizable datasets which
can include large amounts of annotated data and images. Collecting enough labeled data can be a
challenge as it requires access to large patient populations and sophisticated annotation pipelines.
The technology should be able to accurately differentiate between benign and malignant tumors,

so that professionals can make appropriate decisions in patient care.

Additionally, the accuracy should be able to distinguish between different types of tumors, in order
to accurately categorize them in treatment plans. In conclusion, the implementation of severity
measurements of eye cancer detection using medical deep learning models is an important
advancement in eye care technology[6].Researcher have developed a new automated non-invasive
technique for diagnosing eye surface cancer (ocular surface squamous neoplasia or OSSN). The
technique has the potential to reduce the need for biopsies, prevent therapy delays and make
treatment far more effective for patients. The result is an automated system that is able to
successfully identify between diseased and non-diseased eye tissue, in real-time, through a simple
scanning process. Machine learning is a new technology that heavily relies on image processing
and computer vision. It has evolved into a distinctive and creative way for image processing to
combine elements of machine learning with picture feature extraction. In computer vision and
image processing, well-defined patterns are found through the use of object detection and image
segmentation. Image segmentation is made easier by the Support Vector Machine (SVM) method,
which also eliminates noise from the image and creates the best hyperplane for dividing the various
classes that the multi-dimensional phase processes. Because handwriting is unique and varies in
style, pattern identification of handwritten digits and alphabets is a challenging undertaking. As
we go through the document image and scan the handwritten letters and numbers, a complicated
and a great deal of noise is produced, making it more difficult to recognized the patterns in the
handwritten alphabets and numerals. For the past few decades, pattern recognition has been at the

forefront of human-machine interaction research. Nowadays, there is a continuous effort to imbue
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computers with intelligence in order to enable them to perform nearly all tasks with the same ease

as humans.

The sensitivity of the chosen characteristics and the classifiers determine how accurately the digits
and alphabets are recognized. Thus, the literature has a variety of feature extraction and
categorization techniques. The sensitivity of the characteristics that are extracted using the SVM
classifier determines the recognition accuracy. Numerous feature selection and classification
techniques have already been applied to alphabet and numeric analysis. and pattern recognition.
Digitization, pre-processing, segmentation, attribute selection and tracing, training datasets,
validation of datasets, testing datasets, and attribute validation stages are all included in the
handwritten digits and alphabets recognition systems for pattern recognition [7].

2.4.6 Appliactions in Image Processing

Dilation

Let p represent a region in binary image x. The formula for the dilation of an element € using a
structuring element is the reflection about origin. One can perform the dilation operation from
RBIR,

z+s={p|(S),nz+0} (6)

Erosion

Erosion is defined as follows, using the same assumptions for the dilation of operator one can
determine a binary image's erosion by using the RBIR. This technique accelerates the erosion
process by ignoring the inside regions of the rectangles. Pseudo code for the suggested erosion
procedure from RBIR is shown in Figure 4. They employ overlapping techniques, non-overlapping
techniques, or a mix of the two. Applications, speedups, and other hypotheses arising from this
kind of representation have not yet been investigated, though. As an illustration, researchers
presented a few apps that were created using the RLE binary image encoding. Additionally, their

efforts do not take into account the usefulness of an integral image for template matching purposes
[8l.
1. Image Correction

We frequently wish we could enhance outdated photos with sharpening, resolution correction, and

image correction. And these days, that is feasible. This includes sharpening, editing with a high
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dynamic range, zooming, and edge recognition. These actions all contribute to improving the

image. Most image repair codes and editing programmed can accomplish these tasks with ease.

2. Filters on Social Networking and Editing Apps

These days, the majority of social networking and editing apps come with filters. An illustration
of the original and filtered images may be seen above. The use of filters enhances the image's

visual attractiveness. Typically, filters are a group of operations.
3. Medical Technology

Image processing is utilized for many different purposes in the medical profession, including
cancer cell image processing, PET scans, X-ray imaging, medical CT scans, UV imaging, and
much more. The diagnostic procedure has significantly improved since image processing was
introduced to the world of medical technology. The original image is the one on the left. The
processed image is the one on the right. It is evident that the enhanced image can be utilized for
more effective diagnosis.

4. Machine/Computer Vision

One of the most intriguing and helpful applications of Image Processing is in Computer Vision.
Computer vision is the process of making a computer able to perceive, recognized objects, and
process the world as a whole. A significant application of computer vision is drones, self-driving
automobiles, etc. Path recognition, obstacle detection, and environmental awareness are all aided
by CV. This is how car autopilots using computer vision typically operate. The computer takes in

live footage and assesses other cars, the road, and other impediments.

5. Pattern Recognition

Al and machine learning are used in pattern recognition, an aspect of image
processing. To extract different characteristics and patterns from photos, image
processing is utilized. Computer-aided medical diagnosis, image identification,

handwriting analysis, and many other applications use pattern recognition.
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2.5 Challenges in Eye Cancer

Detecting eye cancer, also known as ocular cancer or intraocular tumors, poses several challenges

due to the complexity of the eye structure and the rarity of these types of cancers.

2.5.1. Late Detection
Eye cancers are often asymptomatic in the early stages, and symptoms may not manifest until the

disease has progressed. This makes early detection challenging, reducing the chances of successful

treatment.

2.5.2 Variability in Symptoms
Symptoms of eye cancer can vary widely and may be mistaken for other less severe eye conditions.
For example, blurred vision, floaters, and changes in the appearance of the eye can be indicative

of various eye disorders, making it challenging to specifically identify cancer.

2.5.3 Rare Incidence
Eye cancers are relatively rare compared to other types of cancers. The low prevalence of these
tumors makes it difficult for healthcare professionals to gain sufficient experience in recognizing

and diagnosing them.

2.5.4 Complex Anatomy
The eye is a complex organ with intricate anatomy, including various structures like the retina,
choroid, and sclera. ldentifying abnormalities within these structures requires specialized imaging

techniques and expertise.

2.5.5 Limited Screening Methods
Unlike some other cancers that can be screened through routine tests (such as mammography for
breast cancer or colonoscopy for colorectal cancer), there are limited screening methods for eye

cancer. Routine eye exams may not always detect intraocular tumors.

2.5.6 Diagnostic Imaging Challenges
Imaging techniques like ultrasound, magnetic resonance imaging (MRI), and computed
tomography (CT) can be used to detect and characterize eye tumors. However, interpreting these

images accurately requires specialized training and expertise.
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2.5.7 Patient Compliance
Patients may not always seek medical attention promptly, and compliance with regular eye check-
ups can be an issue. This delay in seeking medical help can contribute to the late diagnosis of eye

cancer.

2.5.8Histological Variability
Intraocular tumors can have diverse histological characteristics. Pathologists face challenges in
accurately classifying and characterizing these tumors, which is crucial for determining the

appropriate treatment approach.

2.5.9 Multidisciplinary Collaboration
Effective management of eye cancer often requires collaboration between ophthalmologists,
oncologists, radiologists, and pathologists. Coordinating care and ensuring timely communication

can be challenging, especially when dealing with rare conditions.

2.6 Summary

Automated Eye Cancer Detection Using Binary Digits," focuses on the development of an
innovative system for early detection of eye cancer. The literature surrounding the automated eye
cancer detection utilizing binary digits reflects a burgeoning field at the intersection of medical
diagnostics and digital technology. Leveraging the power of binary code, researchers have
explored innovative approaches to enhance the precision and efficiency of early eye cancer
detection. Studies have delved into image processing algorithms, leveraging binary representations
to analyze intricate patterns within ocular scans, enabling swift identification of potential
malignancies. Furthermore, advancements in machine learning and artificial intelligence have
played a pivotal role in developing robust models that can navigate vast datasets, aiding in the
accurate classification of abnormal ocular conditions. The integration of binary digits in this
context not only showcases the interdisciplinary nature of the research but also signifies a

promising avenue for future developments in automated eye cancer detection methodologies.
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CHAPTER # 03
SIMULATION & RESULTS

3.1 Introduction

Sequential models can be used for eye cancer detection tasks through the use of Convolutional
Neural Networks (CNNs). CNNs are a type of neural network that are designed to process eyes
images and other multidimensional data. They consist of several layers of filters that perform
convolution operations on the input data, followed by pooling layers that reduce the size of the
output and improve computational efficiency. In a sequential model for finding eye cancer
detection, the CNN layers are usually followed by a set of fully connected layers that classify the
eyes cancer based on its features. The model is taught on a set of labeled images, where each eyes
has a label that describes what is shown in the picture. During training, the model changes the
weights of the filters and fully connected layers to get the gap between the labels it predicts and
the real labels in the training data to be as small as possible. Once trained, the model can be used
to predict the labels of new images. The input image is passed through the CNN layers, and the
output of the final pooling layer is flattened and fed into the fully connected layers. The output of
the final fully connected layer is a probability distribution over the possible labels, and the label

with the highest probability is selected as the predicted label.

3.2 Proposed Framework

This section is based on the proposed LF techniques and framework such as:

3.2.1 Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) is a type of deep learning neural network that is designed
to process insulator data and other multidimensional data like audio, video, and time-series data.
CNNs are widely used in computer vision applications like image and video recognition, object
detection, segmentation, and classification. The key feature of a CNN is its ability to learn spatial
hierarchies of features from the input data. It achieves this by applying a series of convolutional
and pooling layers to the input insulator image. In the convolutional layer, a set of learnable filters
is applied to the input image, producing a set of feature maps. These feature maps represent
different aspects of the input image, such as edges, corners, and blobs. The pooling layer is used

to down sample the feature maps, reducing their spatial dimensions while retaining the important
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features. This reduces the computational complexity of the network and prevents overfitting. After
several convolutional and pooling layers, the output of the CNN is fed into a fully connected layer,
which performs the classification task. The fully connected layer is typically followed by a Soft
ax activation function, which converts the output of the layer into a probability distribution over
the different classes. In addition to the convolutional and pooling layers, CNNs may also include
other types of layers, such as normalization layers, dropout layers, and activation layers, to
improve the performance of the network and prevent overfitting. Overall, CNNs have been highly
successful in computer vision tasks and have achieved state-of-the-art performance on many

benchmarks.

3.3 Gates of CNN

3.3.1 Convolutional Gate

This is the main gate used in a CNN. It performs convolution operation between the input image
and a set of filters, each of which is small in size and designed to capture specific patterns in the
input image. Convolutional gates are used to extract relevant features from the input image. The
convolutional gate applies a set of filters to the input image, producing a set of feature maps. Each
filter is a small matrix of weights that is slid over the input image, computing the dot product
between the filter and the corresponding region of the input image. Zac The output of the

convolutional gate can be computed as:
First, we can apply a convolutional layer to X with filters F, kernel size k, and stride s:
Y =ConvlD (X, F, k, s)

Convolution is a process of sliding a small kernel or filter over the input image and performing a

dot product between the kernel and the corresponding pixels of the input image.

3.3.2 Pooling Gate

The result of the convolutional gate is sent through this gate to make it smaller. It makes the feature
maps smaller while keeping the important elements. The max pooling gate is the most common
type of pooling gate. It takes the highest value in a small area of the feature map. The pooling gate
is used to reduce the size of the feature maps while keeping the important features. It does this by

taking a smaller sample of the output of the convolutional gate. The max pooling gate is the most
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common type of pooling gate. It takes the highest value in a small area of the feature map. Next,

we can apply a pooling layer to Y with pool size p:
Z = MaxPooling1D (Y, p)

3.3.3 Activation Gate

This gate applies a non-linear function to the output of the convolutional and pooling gates. The
most commonly used activation gate is the Rectified Linear Unit (RLU) gate, which sets all
negative values to zero and leaves positive values unchanged. Activation gates are used to
introduce non-linearity into the network, which allows the network to learn complex
representations of the input data. The activation gate applies a non-linear function to the output of
the convolutional and pooling gates. The most commonly used activation gate is the Rectified
Linear Unit (RLU) gate, which sets all negative values to zero and leaves positive values

unchanged. The output of the RLU activation gate can be computed as

3.4 Layers of CNN
A CNN consists of multiple layers, each of which performs a specific type of operation on the

input data. The three main types of layers in a CNN are

3.4.1 Convolutional Layer
This layer performs a convolution operation on the input data using a set of filters (also called
kernels or weights). The output of this layer is a feature map that represents the presence of certain

features in the input image.

3.4.2 Pooling Layer

This is for feature map and its detail is given below. This layer down samples the output of the
convolutional layer by taking the maximum or average value in a small window of the feature
map. This reduces the spatial size of the feature map and helps in reducing overfitting.

3.4.3 Fully Connected Layer

This layer takes the output of the previous layer and maps it to a set of output classes using a set
of weights and biases. The output of this layer represents the probability of the input belonging to

each of the output classes.
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3.5 Proposed Integration Strategy

Data Preparation: The first step in simulating a CNN is to prepare the data. This involves loading
the image dataset and preprocessing it by resizing, normalizing, and splitting it into training and
testing sets. Model Creation: The next step is to create the CNN model. This involves defining the
architecture of the CNN by specifying the number and types of layers, their hyper parameters such

as the number of filters, kernel size, activation functions, and optimizer.

3.5.1 Model Training

Once the model is created, it needs to be trained on the training set. This involves feeding the
training data into the model, computing the loss, and updating the model weights using
backpropagation. The training process is repeated for a fixed number of epochs or until the model
converges. Model Evaluation: After the model is trained, it is evaluated on the testing set to
measure its accuracy, precision, recall, and F1-score. This helps in determining if the model is
overfitting or under fitting and if the hyper parameters need to be adjusted.

3.5.2 Model Prediction

Finally, the trained model can be used to make predictions on new unseen images. This involves
feeding the new image into the model, computing the output probability vector, and predicting the
class with the highest probability. These steps can be repeated iteratively to improve the
performance of the CNN by adjusting the hyper parameters, increasing the number of layers, or

using a different optimizer or regularization technique.
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3.6 Algorithm Flow Chart
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Fig 3.4: Algorithm Flow Chart
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3.7 Model evaluation

Model
Training

Healthy Unhealthy
Fig 3. 5: Model Evaluation
3.8 Data Collection and Analysis

Data provided for the testing and training of CNN model to improve the accuracy of results. There
are two cases for healthy and unhealthy insulator testing through binary classification.
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3.8.1 Healthy Eyes Cancer

HEALTHY

EYE CANCER
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Fig 3. 6: healthy or unhealthy eye cancer

3.9 Tensor Flow

Tensor Flow is a free and open-source software library for machine learning and artificial intelligence. It can
be used across a range of tasks but has a particular focus on training and inference of deep neural networks
Tensor Flow is an open-source library for machine learning, primarily used for building and training deep
learning models. It was developed by the Google Brain team and offers a flexible and comprehensive
ecosystem of tools, libraries, and resources for various machine learning tasks. Tensor Flow provides a way
to represent computations as graphs, where nodes represent mathematical operations and edges represent the
data flow between operations. This graph-based approach allows for efficient distributed computing and
automatic differentiation, making it suitable for a wide range of applications, including image and speech
recognition, natural language processing, and reinforcement learning. The library offers high-level
abstractions through its Keras API, enabling developers to quickly and easily build neural networks using pre-
built layers and models. Tensor Flow also provides a wide range of pre-trained models and tools for model
optimization and deployment on various platforms, such as mobile devices and the cloud.

The Tensor Flow ecosystem includes Tensor Flow Lite for mobile and embedded devices, TensorFlow.js for
running models in the browser or Node.js, and Tensor Flow Extended (TFX) for end-to-end ML pipeline
orchestration. Additionally, Tensor Flow has extensive documentation, a strong community support, and is

compatible with multiple programming languages, including Python, C++, and Java Overall, Tensor Flow is
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a powerful and popular framework for deep learning and has become a standard tool for many researchers

and practitioners in the field of machine learning.

3.10 Pil

PIL (Python Imaging Library) is a free and open-source library for manipulating and editing
images in Python. It provides various functions and methods to perform operations such as
opening, saving, resizing, rotating, and filtering images. PIL supports a wide range of image
formats including JPEG, PNG, BMP, GIF, and TIFF. It is widely used in fields such as web

development, computer vision, and scientific research.

3.11 Batch Normalization

Batch Normalization is a technique used in deep learning models to normalize the input data of each layer. It
is applied to mini-batches during training, and helps address issues of internal covariate shift. Internal covariate
shift refers to the change in the distribution of each layer's input during training, as the parameters of the
previous layers change. This shift makes it difficult for each layer to learn efficiently, as it must continuously
readjust to new input distributions. Batch Normalization helps combat internal covariate shift by normalizing
the input of each layer to have zero mean and unit variance. This is done by calculating the mean and standard
deviation of each feature within a mini-batch, and then applying a linear transformation to normalize the data
More specifically, Batch Normalization can be described by the following steps:
e Calculate the mean and variance of each feature within a mini-batch.
e Normalize the features by subtracting the mean and dividing by the standard deviation.
e Apply a scaling and shifting operation (learnable parameters) to the normalized features to restore
representational power.
e Optionally, apply additional parameters (gamma and beta) to control the scale and shift of the
normalized features.
Batch Normalization has several benefits, including improved network convergence, faster training, reduced
sensitivity to weight initialization, and regularization effects. It also acts as a form of noise injection during
training, which can help prevent overfitting. Overall, Batch Normalization is an effective technique for
improving the training and performance of deep learning models. It has become a standard component in

many modern architectures and is widely used in practice.
3.12 Code
The code is mentioned in the appendix A
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3.13 Result

Healthy (image 005)

1/1 [==============================] - @s 151m5/5tep
The image does not have Melanoma.

Healthy (image 184)

1/1 [========::::::::::::::::::::::] - PBs ngs/s‘tep
The image does not have Melanoma.
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Healthy (img 001)

1/1 [==============================] - es 199m5/5tep
The image does not have Melanoma.

Healthy (image 012)

1/1 [==============================] - Bs 94m5fstep
The image does not have Melanoma.

Unhealthy (image 266)

1/1 [::::::::::::::::::::::::::::::] - @s 1@5m5/step
The image has Melanoma.
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Unhealthy (image 263)

1/1 [::::::::::::::::::::::::::::::] - @s 169m5/5tep
The image has Melanoma.

Unhealthy (image 260)

1/1 [:=====================:=:=====] - Bs 198m5/5tep
The image has Melanoma.

Unhealthy(image 267)

1/1 [:=:===========================] - Ps 198ms/st2p
The image has Melanoma.

3.14 Conclusion

In conclusion, the use of Convolutional Neural Networks (CNNs) for object detection has
revolutionized the field of computer vision. CNNs are a type of deep learning algorithm that can
extract features from images and use them to identify and locate objects within an image. The
simulation chapter on object detection using CNNs has demonstrated the effectiveness of these

algorithms in detecting objects in complex and varied environments. One of the advantages of
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using CNNs for object detect on is their ability to learn and adapt to new data. Through the process
of training, the network is able to extract relevant features from images and use them to identify
objects, even in images it has never seen before. This makes CNNs particularly useful for
applications such as surveillance, autonomous driving, and robotics. The simulation chapter also
highlighted some of the challenges associated with object detection using CNNs. One of the main
challenges is the need for large amounts of annotated data for training the network. Annotated data
refers to images that have been labeled with the location of objects within the image. This data is

essential for the network to learn how to identify and locate objects accurately.
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CHAPTER #4
HARDWARE DESIGN

Introduction

In recent years, the rapid advancement of technology has revolutionized the way we approach
various sectors, and the eye cancer hospitals is no exception. Traditional manual inspection
methods for eye cancer, such as manually inspecting eye cancer, can be time-consuming, costly,
and potentially dangerous for doctors and also for engineers. However, with the advent of eye
cancer equipped with high-resolution fundus cameras and advanced image processing techniques,
the inspection process has been significantly streamlined and enhanced. This article explores the
use of eye cancer to collect images of eye cancer and transmit them through a Wi-Fi module for
subsequent analysis using laptop software. In particular, we delve into the utilization of
Convolutional Neural Networks (CNNs) for detecting healthy or unhealthy eye cancer, ushering

in a new era of efficient and accurate eye cancer.
Step 1: Image Analysis via Wi-Fi Module

After capturing images of the eye cancer, the next step is to transmit this data to a central processing
system for further analysis.

The use of Wi-Fi for image transmission offers numerous advantages. It allows doctors and
analysists to remotely monitor the inspection process. Additionally, the real-time transmission of
images enables quick decision-making and immediate action if any critical issues are detected.
This connectivity of the laptop software forms a crucial link in the inspection workflow, facilitating

efficient analysis and processing of the collected images.
Step 2: Utilizing Convolutional Neural Networks (CNNs) for Cancer Detection

Once the images of the eye cancer are transmitted to the laptop software, advanced computer vision
techniques, specifically Convolutional Neural Networks (CNNs), can be employed for automated
analysis. CNNs are a type of deep learning algorithm widely used for image classification and
object detection tasks. They excel in identifying patterns and features within images, making them

highly suitable for identifying the health status of eye cancer.

Step 3: Simulation and Analysis of Laptop Software
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The laptop software acts as a central hub for processing and analyzing the collected images using
the trained CNN. Once the images are received via the Wi-Fi module, the software initiates the
CNN-based analysis the cancer detection. This involves feeding the images through the pre-trained
CNN model, which then predicts the health status of each eye cancer.

The software presents the results in a comprehensive and user-friendly interface, allowing doctors
and analysists to review the findings efficiently. The system can provide detailed by running

software.
4.1 Raspberry Pi

Raspberry Pi is an open-source electronics platform that consists of both hardware and software
components. The main function of Raspberry Pi is to provide a versatile and user-friendly platform
for creating interactive electronic projects. The Raspberry Pi typically runs on a Linux-based
operating system, with Raspberry Pi OS (formerly Raspbian) being the official and most
commonly used distribution. The vibrant community surrounding Raspberry Pi contributes to a
vast ecosystem of software, tutorials, and forums, making it easy for beginners to get started and

for experienced users to find support and share their projects.

When Raspberry Pi is connected to an eye cancer for image inspection, its functions, and role can
vary depending on the specific setup and requirements. Here, Raspberry Pi is be used to collect
data from sensors and devices attached to the eye cancer device. For eye cancer image inspection,
it can receive inputs from cameras, thermal sensors, or other imaging devices mounted on the eye
cancer. Raspberry Pi can read the sensor data and transmit it to the ground station or store it for

further analysis.
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Fig: 4.1 Raspberry pi

4.2 Camera

When a camera is connected to Raspberry Pi for eye cancer image inspection, it serves several
functions to capture and analyze images of the eye cancer. The camera captures high-resolution
images of the eye cancer. It records visual information of the eye cancer and surrounding areas,
providing a detailed representation for analysis. The captured images are used for visual inspection
of the eye cancer. The camera captures the surface conditions, such as signs of healthy, unhealthy.
The camera's images can be processed and analyzed using image processing techniques. Raspberry
Pi can handle image processing tasks such as, image enhancement, edge detection, or segmentation

to improve the visibility of relevant features or anomalies in the images.

By analyzing the captured images, the camera, and Raspberry Pi can extract relevant features of
the eye cancer, such as their shape, size, and orientation. These features can be used to compare
against known standards or reference images, enabling the identification of anomalies or
deviations from the expected state. The camera images can be analyzed to detect the signs of eye
cancer such as healthy or unhealthy. Raspberry Pi can use algorithms to compare the captured
images with predefined patterns or thresholds, triggering alerts or notifications when deviations
are detected. In the project, the camera, connected to Raspberry Pi, can transmit the captured

images to the ground station or external devices for further analysis or storage.
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Fig: 4.2 Camera

4.3 Jumper Wires

Jumper wires are crucial components in hardware projects involving machine learning for eye
cancer detection. They are used to establish connections between different electronic components
on a breadboard or printed circuit board (PCB), facilitating the flow of data and power throughout
the system. Jumper wires are used to connect imaging sensors or cameras to a microcontroller or
processing unit. These sensors capture high-resolution images of the eye, which are then processed
for cancer detection. Data captured by the sensor needs to be transmitted to a machine learning
model for analysis. Jumper wires facilitate the connection between the microcontroller and
additional hardware, such as a Wi-Fi module or Bluetooth transmitter, for wireless data
transmission. Jumper wires also connect the power supply to various components, ensuring that

sensors, microcontrollers, and other modules receive the necessary voltage and current.
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Fig: 4.3 Jumper Wires

4.4Lcd

Liquid Crystal Displays (LCDs) are essential components in hardware projects involving machine
learning for eye cancer detection. They provide a user interface for real-time interaction, displaying
critical information, and results. The LCD can display real-time images captured by the imaging
sensor or camera. This allows healthcare professionals to view the eye's condition instantly,
facilitating immediate assessment and adjustments if needed. The LCD can provide a graphical
user interface (GUI) for navigating through various functions of the hardware system. Users can
select options such as starting a new scan, reviewing previous results, or adjusting system settings.
After the machine learning model processes the images and makes a diagnosis, the results are
displayed on the LCD. This can include a graphical representation of the detected abnormalities,
risk levels, and recommendations for further action. The LCD provides real-time updates on the
status of the system, including whether it is actively capturing images, processing data.
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Fig: 4.4 Lcd

4 5Breadboard

A breadboard is a vital tool in the development and prototyping phase of hardware projects,
including those involving machine learning for eye cancer detection. It allows for easy and flexible
assembly of electronic circuits without the need for soldering. The breadboard provides a platform
for quickly assembling and modifying circuits. Components such as raspberry pi, sensors, and
LCDs can be easily connected and reconfigured, facilitating rapid prototyping. Imaging sensors or
cameras that capture eye images are connected to the breadboard. These connections ensure that
the sensor data is accurately transmitted to the microcontroller for processing. The breadboard
helps distribute power from a single source to multiple components. Power rails on the breadboard

provide a convenient way to manage power supply lines for the entire circuit.

Fig: 4.5 Bread-board

4.6 Hardware
66



This is the picture of our hardware of eye cancer detection by using machine learning. A eye cancer
of healthy and unhealthy cancer images shown in pictures and also it detects healthy eye cancer
and unhealthy eye cancer. To overcome these challenges, this project proposes the use of cameras
and machine learning algorithms to automatically detect and classify eye cancer defects.
Automating the eye cancer inspection process using machine learning algorithms can improve the

efficiency, accuracy, and safety of the inspection process.

Fig 4.6: Hardware Image of Project
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CHAPTER #5

BUSINESS DESCRIPTION

5.1Form of Business
The form of our business will be Sole Ownership

5.1.1 Team/Organizational Structure

All business starts from a low scale and after some time starts growing. Similarly, we will start our
business on a small scale by making a unique device for eye cancer detection and trying to sell
them all over the world. After some time, our business will start to grow and will surely make a
reasonable profit. The following are the positions that will be assigned to the members of the
company.

Hafiz Muhammad Awais will be the owner and Director of the company.

Aliyan Amir will manage the company and marketing.

5.1.2 Vision

The vision of eye cancer detection is to revolutionize early diagnosis and treatment of ocular
malignancies through cutting-edge technologies and innovative methodologies. By leveraging
advancements in imaging, artificial intelligence, and molecular diagnostics, the goal is to achieve
swift and accurate detection of various forms of eye cancer at its earliest stages.

5.1.3 Mission

The mission of eye cancer detection is to provide accessible, accurate, and timely screening and
diagnostic tools to identify ocular malignancies at their earliest stages. This mission involves
leveraging advanced technologies, including imaging modalities, genetic testing, and machine

learning algorithms, to improve the detection sensitivity and specificity of eye cancer.

. Improve Inspection Accuracy

. Enhance Efficiency and Cost-effectiveness:
. Enhance Safety

. Foster Data-driven Decision Making

5.1.4 Goal and Objective
The primary goal of this project is to improve the prognosis and treatment outcomes for individuals
at risk of eye cancer by providing a reliable and efficient tool for early detection. By harnessing

the power of artificial intelligence, the project aims to augment the capabilities of healthcare
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practitioners, enabling them to identify subtle signs of eye cancer in medical images with high
precision.
. Enhance Inspection Accuracy: Develop machine learning algorithms to analyze
visual and thermal data captured by fundus camera and collecting the data set of eye images
for accurately detect eye cancer.
. Enable Proactive Maintenance: Detect eye cancer issues at early stages to enable
timely detections actions, prevent failures, and optimize the performance of the cancer
detection system.
. Ensure Safety: Reduce risks by minimizing the need for human personnel to
access difficulties and challenging locations for inspections.
. Optimize Resource Allocation: Provide data-driven insights to prioritize
maintenance activities, allocate resources efficiently, and optimize the overall performance
of the distribution system.
Contribute to a Reliable and Sustainable Infrastructure: Improve the reliability, safety, and
sustainability of electrical networks through early detection, proactive maintenance, and optimize
decision-making processes.
» After this we can discuss industry and marketing analysis.
» Then discuss competitive analysis.

» Then about its accuracy
5.2 Industry and Marketing Analysis
5.2.1 Industry Analysis

An industry analysis of eye cancer detection using binary digits would involve examining the
market size. There is a growing demand for efficient and accurate inspections, driven by the need
for reliable electrical networks. Technological advancements in machine learning such as early
detection, accuracy and precision than manual methods, and enable high-resolution data capture.
Machine learning algorithms analyze this data to detect eye cancer accurately. The industry
benefits from cost reductions, time savings, enhanced safety, and data-driven decision-making.

Market competition is increasing, with collaborations among, technology providers, and utilities.
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e Market Size and Growth: Assessing the current market size of eye cancer detection

technologies and forecasting growth trends based on factors such as increasing prevalence

of eye cancer, aging populations, and advancements in diagnostic techniques.

e Competitive Landscape: Analyzing competitors offering similar or alternative detection

methods, including traditional imaging diagnostics, molecular testing, and emerging

technologies like artificial intelligence-based algorithms.

Selection of software: The system is totally based on the software so selection of software is very

critical.

Others: There are other issues like security, monitoring handling, and dealing with the software

error, etc. These are the critical flaws that we have to work hard to achieve our goals.

5.2.2 Competitive Analysis

Eye cancer detection using binary digits" introduces a unique concept in leveraging binary

representation for diagnosis. Competitively, it offers potential advantages in simplicity and

computational efficiency compared to conventional methods. However, it faces significant

challenges in accuracy and reliability, particularly in detecting subtle abnormalities or

distinguishing between different types of eye cancer. Established techniques such as imaging

diagnostics and machine learning algorithms boast higher accuracy rates and clinical validation.

5.2.3 Purpose

Our purpose is to develop a system that addresses the following problems:
» Enhance accuracy
* Increase efficiency

» Optimize resource utilization

5.3 SWOT Analysis
5.3.1 Strengths

 Itis very beneficial for the medical development of a country.

* |t takes less time for giving accurate output.

* More efficient than any other manual detection.

5.3.2 Weaknesses

» The communication errors can occur with the passage of time.

» Constantly required the Wi-Fi Connection.
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5.3.3 Opportunities
* Introduction of new technology will attract people.
» The primary concern is to introduce modern ways in the field of the eye cancer.
5.3.4 Threats
» People will have accuracy concerns.
« Itis difficult to influence the conventional mindset.
5.3.5 Marketing Objectives Follow
» Social media is a very much effective, powerful and economical source of
advertisement nowadays.
» Electronic media (News Channel) is also a very much attractive and convincing
source to advertise our product.

* We will target hospitals for our project promotion.

» Letting the government know about its need and how it can fulfill their power sector

requirements.

5.4 Marketing Communication
In the next aspects of the public communications spectrum, the inherent strengths and

shortcomings are taken into consideration and what they are incorporated, and how they are
applied in this situation. By using social and electronic media which are nowadays considered as
the most powerful and effective source of promotion and advertisement.

5.4.1 Advertising

It is an informal and sponsored means of educating consumers through, digital media, news media,
online portals, etc. about their goods and services. Advertising is one of the most commonly used
marketing tactics in which the information about the goods and services of the business can be
effectively conveyed to the vast target audience.

5.4.2 Personal Selling

Marketing involves selling of our project through videos and portals. Telling our customers how
our system can fulfill their needs and how this device can help them in making their work more

easy, convenient, and less economical.
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5.4.3 Direct Marketing
The efficacy of direct marketing can be directly calculated. Through inventing the technology,
businesses use emails, faxes, and cell phones to connect with potential clients directly without

including someone.
5.5 Financial Plan

5.5.1 Resources Required
The resources are required:
» All the basic resources are required to start a business (i.e. Machinery, electronic
equipment, a proper place etc.)
» Accessories.
* Human resources.
 Electricity (etc.)
Table 5.1: Initial Budget Expenses

Sr. No Capital Nature Expenses Amount(PKR)
1 Laptop (70000 x 1) 70000/-
2 Equipment (40000 x 1) 40000/-
Revenue Nature Expenses
3 Internet (4000 x 12) 48000/-
4 Misc. Expenses (1,500 x 12) 18,000/-
5 Electricity (10,000 x 12) 100,000/-
6 Purchase of Raw Material (10,000 x 10) 100,000/-
Total: Initial Expenses (Budgeted) 328,000/-
Table 5.2: Statement of Comprehensive Income (Budged)
Sr. No 1% Year 2" Year 3 Year 4 Year 5th Year
328,000/- 360,000/- | 410,000/- | 430,000/- 470,000/-
1 Revenue
(w-1) (w-2) (w-1) (w-1) (w-1)
Cost of (80,000) (100,000) | (130,000) | (170,000) | (200,000)
i Production (w-2) (w-1) (w-2) (w-2) (w-2)
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Other (100,000)
3 Operating (100,000) (105,000) (111,000) | (135,000)
(w-3)
Expenses
(5,000)
4 Depreciation (5,000) (5,000) (5,000) (5,000)
(w-4)
5 Misc. (4000) 4000 4000 4000 4000
Marketing
6 (8000) (16000) (16000) (20000) (20000)
Expenses
Profit before
7 30,000/- 40,000/- 60,200/- 89,800/- 110,400/-
Commission
(13,000) (18,000) (25,000) (35,000) (46000)(W-
8 Commission
(W-5) (w-2) (w-3) (w-3) 3)
Profit After
9 40,000/- 50,000/- 60,000/- 70,000/- 80,000/-
Commission

5.6 Conclusion
In this chapter, the total business strategy is portrayed exhaustively alongside the five-year

monetary arrangement. The undertaking's qualities and different highlights are additionally
portrayed exhaustively. The design is to make it simple to peruse and comprehend the financial

worth and social remaining of this venture.
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CHAPTER 6
CONCLUSION AND FUTURE WORK

6.1 Conclusion
The project on eye cancer detection using machine learning has demonstrated promising results in

enhancing the accuracy and efficiency of diagnosing eye cancer through advanced image analysis
techniques. By utilizing machine learning models, particularly convolutional neural networks

(CNNs), the project achieved significant improvements over traditional diagnostic methods.

In conclusion, the machine learning algorithms for eye cancer inspection presents a transformative
solution. Equipped with high-resolution cameras, Machine learning algorithms play a vital role in
automating the analysis of the collected data. Through training and continuous learning, these
algorithms can accurately detect and classify various eye cancer defects, such as cracks, corrosion,
contamination, or physical damage. This automated process saves time and enhances the accuracy
of inspections, allowing for timely detection.

The combination of machine learning provides several significant benefits. It enhances inspection
efficiency by covering large areas quickly and accessing difficult-to-reach locations. The
automation of the analysis process optimizes resource allocation and this leads to more targeted

and cost-effective maintenance actions, reducing unnecessary expenses and downtime.

The proposed work eliminates separate feature extraction as well as classification for the detection
of eye melanoma. The importance of using CNN is that its training is quite simpler and possesses

less parameter compared with ANN

6.2 Future Work
While this study presents a eye cancer inspection by machine learning, there are several avenues

for future research and development

6.2.1Integration with Clinical Practice

Integrating machine learning models for eye cancer detection into clinical practice involves several
critical steps to ensure seamless adoption and maximum benefit. First, user-friendly interfaces that
are intuitive and compatible with existing electronic health record (EHR) systems are essential for

minimizing the learning curve for medical professionals. Comprehensive training programs and
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ongoing education are necessary to equip healthcare practitioners with the skills needed to use

these tools effectively.

6.2.2Continuous Model Improvement

Continuous model improvement is essential for maintaining and enhancing the performance of
machine learning models in eye cancer detection. This process begins with the implementation of
a feedback loop where the model is regularly updated with new data, allowing it to learn from
recent cases and adapt to evolving patterns in medical imaging. Advanced techniques such as
transfer learning and federated learning can be employed to refine the model, leveraging
knowledge from related tasks and ensuring privacy-preserving collaboration across institutions.
Regular performance monitoring is crucial, using metrics and real-world outcomes to assess the

model's accuracy, sensitivity, and specificity.

6.2.3Expanding Dataset and Diversity

Expanding the dataset and ensuring its diversity are critical steps for enhancing the robustness and
generalizability of machine learning models in eye cancer detection. A larger and more diverse
dataset helps the model learn a wide range of variations in medical images, including different
stages of eye cancer, various demographic groups, and a multitude of imaging conditions. This
diversity is crucial for the model to perform well across different patient populations and clinical
settings. Collaborating with international medical institutions can facilitate the collection of
diverse datasets, encompassing different geographical regions and ethnicities, which help the

model, become more adaptable and reduce biases.

6.2.4Ethical and Regulatory Compliance

Expanding the dataset and ensuring its diversity are critical steps for enhancing the hale and
generalizability of machine learning models in eye cancer detection. A larger and more diverse
dataset helps the model learn a wide range of variations in medical images, including different
stages of eye cancer, various demographic groups, and a multitude of imaging conditions. This
diversity is crucial for the model to perform well across different patient populations and clinical

settings.
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Appendix A
The code of the project is given in the Appendix A
{

"nbformat™: 4,
"nbformat_minor": 0,
"metadata": {
"colab": {
"provenance™: []
h
"kernelspec": {
"name": "python3",
"display_name": "Python 3"
}

anguage_info™: {
"name": "python”
}
h
"cells™: [
{
"cell_type": "code",
"execution_count™: 1,
"metadata": {
"colab": {
"base_uri": "https://localhost:8080/"
}
"id": "DOEZuG7uzPWc",
"outputld™: "26a268fe-dbd1-4202-a749-60cc0e15958e"
3
"outputs™: [
{
"output_type": "stream”,
"name": "stdout",
"text": [
"Requirement already satisfied: tensorflow in /usr/local/lib/python3.10/dist-packages
(2.15.0)\n",

"Requirement already satisfied: opencv-python in /usr/local/lib/python3.10/dist-packages
(4.8.0.76)\n",

"Requirement already satisfied: absl-py>=1.0.0 in /usr/local/lib/python3.10/dist-packages
(from tensorflow) (1.4.0)\n",

"Requirement already satisfied: astunparse>=1.6.0 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (1.6.3)\n",

"Requirement already satisfied: flatbuffers>=23.5.26 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (23.5.26)\n",

"Requirement already satisfied: gast!'=0.5.0,!'=0.5.1,!=0.5.2,>=0.2.1 in
{usr/local/lib/python3.10/dist-packages (from tensorflow) (0.5.4)\n",
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"Requirement already satisfied: google-pasta>=0.1.1 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (0.2.0)\n",

"Requirement already satisfied: h5py>=2.9.0 in /usr/local/lib/python3.10/dist-packages
(from tensorflow) (3.9.0)\n",

"Requirement already satisfied: libclang>=13.0.0 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (16.0.6)\n",

"Requirement already satisfied: ml-dtypes~=0.2.0 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (0.2.0)\n",

"Requirement already satisfied: numpy<2.0.0,>=1.23.5 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (1.23.5)\n",

"Requirement already satisfied: opt-einsum>=2.3.2 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (3.3.0)\n",

"Requirement already satisfied: packaging in /usr/local/lib/python3.10/dist-packages
(from tensorflow) (23.2)\n",

"Requirement already satisfied:
protobufl=4.21.0,'=4.21.1,'=4.21.2,1=4.21.3,1=4.21.4,1=4.21.5,<5.0.0dev,>=3.20.3 in
{usr/local/lib/python3.10/dist-packages (from tensorflow) (3.20.3)\n",

"Requirement already satisfied: setuptools in /usr/local/lib/python3.10/dist-packages
(from tensorflow) (67.7.2)\n",

"Requirement already satisfied: six>=1.12.0 in /usr/local/lib/python3.10/dist-packages
(from tensorflow) (1.16.0)\n",

"Requirement already satisfied: termcolor>=1.1.0 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (2.4.0)\n",

"Requirement already satisfied: typing-extensions>=3.6.6 in
{usr/local/lib/python3.10/dist-packages (from tensorflow) (4.5.0)\n",

"Requirement already satisfied: wrapt<1.15,>=1.11.0 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (1.14.1)\n",

"Requirement already satisfied: tensorflow-io-gcs-filesystem>=0.23.1 in
{usr/local/lib/python3.10/dist-packages (from tensorflow) (0.35.0)\n",

"Requirement already satisfied: grpcio<2.0,>=1.24.3 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (1.60.0)\n",

"Requirement already satisfied: tensorboard<2.16,>=2.15 in
{usr/local/lib/python3.10/dist-packages (from tensorflow) (2.15.1)\n",

"Requirement already satisfied: tensorflow-estimator<2.16,>=2.15.0 in
{usr/local/lib/python3.10/dist-packages (from tensorflow) (2.15.0)\n",

"Requirement already satisfied: keras<2.16,>=2.15.0 in /usr/local/lib/python3.10/dist-
packages (from tensorflow) (2.15.0)\n",

"Requirement already satisfied: wheel<1.0,>=0.23.0 in /usr/local/lib/python3.10/dist-
packages (from astunparse>=1.6.0->tensorflow) (0.42.0)\n",

"Requirement already satisfied: google-auth<3,>=1.6.3 in /usr/local/lib/python3.10/dist-
packages (from tensorboard<2.16,>=2.15->tensorflow) (2.17.3)\n",

"Requirement already satisfied: google-auth-oauthlib<2,>=0.5 in
{usr/local/lib/python3.10/dist-packages (from tensorboard<2.16,>=2.15->tensorflow) (1.2.0)\n",

"Requirement already satisfied: markdown>=2.6.8 in /usr/local/lib/python3.10/dist-
packages (from tensorboard<2.16,>=2.15->tensorflow) (3.5.2)\n",
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"Requirement already satisfied: requests<3,>=2.21.0 in /usr/local/lib/python3.10/dist-
packages (from tensorboard<2.16,>=2.15->tensorflow) (2.31.0)\n",
"Requirement already satisfied: tensorboard-data-server<0.8.0,>=0.7.0 in

{usr/local/lib/python3.10/dist-packages (from tensorboard<2.16,>=2.15->tensorflow) (0.7.2)\n",

"Requirement already satisfied: werkzeug>=1.0.1 in /usr/local/lib/python3.10/dist-
packages (from tensorboard<2.16,>=2.15->tensorflow) (3.0.1)\n",

"Requirement already satisfied: cachetools<6.0,>=2.0.0 in /usr/local/lib/python3.10/dist-

packages (from google-auth<3,>=1.6.3->tensorboard<2.16,>=2.15->tensorflow) (5.3.2)\n",

"Requirement already satisfied: pyasnl-modules>=0.2.1 in /usr/local/lib/python3.10/dist-

packages (from google-auth<3,>=1.6.3->tensorboard<2.16,>=2.15->tensorflow) (0.3.0)\n",

"Requirement already satisfied: rsa<5,>=3.1.4 in /usr/local/lib/python3.10/dist-packages

(from google-auth<3,>=1.6.3->tensorboard<2.16,>=2.15->tensorflow) (4.9)\n",

"Requirement already satisfied: requests-oauthlib>=0.7.0 in
{usr/local/lib/python3.10/dist-packages (from google-auth-oauthlib<2,>=0.5-
>tensorboard<2.16,>=2.15->tensorflow) (1.3.1)\n",

"Requirement already satisfied: charset-normalizer<4,>=2 in
{usr/local/lib/python3.10/dist-packages (from requests<3,>=2.21.0->tensorboard<2.16,>=2.15-
>tensorflow) (3.3.2)\n",

"Requirement already satisfied: idna<4,>=2.5 in /usr/local/lib/python3.10/dist-packages

(from requests<3,>=2.21.0->tensorboard<2.16,>=2.15->tensorflow) (3.6)\n",

"Requirement already satisfied: urllib3<3,>=1.21.1 in /usr/local/lib/python3.10/dist-
packages (from requests<3,>=2.21.0->tensorboard<2.16,>=2.15->tensorflow) (2.0.7)\n",

"Requirement already satisfied: certifi>=2017.4.17 in /usr/local/lib/python3.10/dist-
packages (from requests<3,>=2.21.0->tensorboard<2.16,>=2.15->tensorflow) (2023.11.17)\n",

"Requirement already satisfied: MarkupSafe>=2.1.1 in /usr/local/lib/python3.10/dist-
packages (from werkzeug>=1.0.1->tensorboard<2.16,>=2.15->tensorflow) (2.1.3)\n",

"Requirement already satisfied: pyasn1<0.6.0,>=0.4.6 in /usr/local/lib/python3.10/dist-
packages (from pyasnl-modules>=0.2.1->google-auth<3,>=1.6.3->tensorboard<2.16,>=2.15-
>tensorflow) (0.5.1)\n",

"Requirement already satisfied: oauthlib>=3.0.0 in /usr/local/lib/python3.10/dist-
packages (from requests-oauthlib>=0.7.0->google-auth-oauthlib<2,>=0.5-
>tensorboard<2.16,>=2.15->tensorflow) (3.2.2)\n"

]
k
1,

"source™: [
"pip install tensorflow opencv-python™

]
b
{
"cell_type": "code",
"source™: [

"import os\n",

"import cv2\n",

"Import numpy as np\n",

"from tensorflow.keras.models import Sequential\n”,
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"from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense\n",
"from tensorflow.keras.preprocessing.image import ImageDataGenerator"

]

"metadata": {

"id": "390zMfX4zcA0"
2
"execution_count™: 2,
"outputs™: []

2
{

"cell_type": "code",
"source™: [
"from google.colab import drive\n",
"drive.mount(‘/content/drive")"
],
"metadata": {
"colab": {
"base_uri": "https://localhost:8080/"
}
"id": "OIs20WhZzm2S",
"outputld™: "b04c9935-d5c2-4d0a-ace4-65e21cd56fh6™
h
"execution_count™: 3,
"outputs™: [
{
"output_type": "stream”,
"name": "stdout",
"text": [
"Mounted at /content/drive\n”
]
}
|

2
{

"cell_type": "code",
"source™: [
"# Set your Google Drive path where the dataset is stored\n",
"google_drive_path = \"/content/drive/MyDrive/dataset\"\n",
"\n",
"# Define paths for training and testing datasets\n",
"train_path = os.path.join(google_drive_path, \"/content/drive/MyDrive/dataset/train\")\n",

"test_path = os.path.join(google_drive_path, \"/content/drive/MyDrive/dataset/test\")"
]

’metadata": {
"id": "g42UU4Dqzul YY"
2
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"execution_count™: 4,
"outputs™: []

2
{

"cell_type": "code",
"source™: [
"\n",
"# Image dimensions\n",
"img_width, img_height = 150, 150\n",
"\n",
"# Initialize the CNN model\n",
"model = Sequential()\n",
"\n",
"# Convolutional layer with 32 filters, 3x3 kernel size, and input shape\n™,
"model.add(Conv2D(32, (3, 3), input_shape=(img_width, img_height, 3),
activation="relu))\n",
"model.add(MaxPooling2D(pool_size=(2, 2)))\n",
"\n",
"model.add(Conv2D(64, (3, 3), activation="relu’))\n",
"model.add(MaxPooling2D(pool_size=(2, 2)))\n",
"\n",
"model.add(Conv2D(128, (3, 3), activation="relu’))\n",
"model.add(MaxPooling2D(pool_size=(2, 2)))\n",
"\n",
"model.add(Flatten())\n",
"model.add(Dense(128, activation="relu’))\n",
"model.add(Dense(1, activation="sigmoid))\n",
"\n",
"# Compile the model\n",
"model.compile(optimizer="adam’, loss="binary_crossentropy’, metrics=["accuracy'])\n",
"\n",
"# Data augmentation for training dataset\n™,
"train_datagen = ImageDataGenerator(rescale=1./255,\n",
" shear_range=0.2,\n",
zoom_range=0.2,\n",
" horizontal_flip=True)\n",
"\n",
"# Data augmentation for testing dataset\n”,
"test_datagen = ImageDataGenerator(rescale=1./255)\n",
"\n",
"# Load training dataset\n",
"training_set = train_datagen.flow_from_directory(train_path,\n",
target_size=(img_width, img_height),\n",
" batch_size=32,\n",
class_mode="binary")\n",
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"# Load testing dataset\n",
"test_set = test_datagen.flow_from_directory(test_path,\n",

" batch_size=32,\n",
class_mode="binary)\n",

"\n",

"# Train the model\n",

"model.fit(training_set,\n",

" steps_per_epoch=len(training_set),\n",

" epochs=10,\n",

" validation_data=test_set,\n",

" validation_steps=len(test_set))\n",

"\n",

"# Save the model\n",
"model.save('glaucoma_detection_model.h5")\n",

"\n",

"# Evaluate the model on the testing dataset\n",

"loss, accuracy = model.evaluate(test_set, steps=len(test_set))\n",
"print(f\"Test Loss: {loss}, Test Accuracy: {accuracy}\")\n"

]

1metadata": {
"colab": {
"base_uri": "https://localhost:8080/"
+
"id": "FgBHBwevzVEQ",
"outputld": "66b9614c-f5bf-4f1d-8e32-794d08edcd9b"

}

xecution_count™: 5,
"outputs™: [
{
"output_type": "stream"”,
"name": "stdout",
"text": [
"Found 455 images belonging to 2 classes.\n",
"Found 64 images belonging to 2 classes.\n",
"Epoch 1/10\n",

target_size=(img_width, img_height),\n",

"15/15 [::::::::::::::::::::::::::::::] - 69s 45/Step - loss: 0.7243 -
accuracy: 0.4923 - val_loss: 0.6919 - val_accuracy: 0.5000\n",

"Epoch 2/10\n",

"15/15 [::::::::::::::::::::::::::::::] -32s 25/5tep - loss: 0.6572 -
accuracy: 0.5824 - val_loss: 0.7452 - val_accuracy: 0.5312\n",

"Epoch 3/10\n",

"15/15 [m=============================| - 34s 2s/step - loss: 0.5573 -

accuracy: 0.7275 - val_loss: 0.5592 - val_accuracy: 0.6562\n",
"Epoch 4/10\n",
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"15/15 [:::::::::
accuracy: 0.7692 - val_loss:

:::::::::::::::::::::] -31s 23/5tep - loss

0.5258 - val_accuracy: 0.6875\n",

:0.5101 -

"Epoch 5/10\n",

"15/15 [::::::::::::::::::::::::::::::] -30s 25/Step -loss: 0.4790 -
accuracy: 0.7626 - val_loss: 0.5624 - val_accuracy: 0.6562\n",

"Epoch 6/10\n",

"15/15 [::::::::::::::::::::::::::::::] - 31s 23/5tep -loss: 0.4610 -
accuracy: 0.7758 - val_loss: 0.5658 - val_accuracy: 0.6719\n",

"Epoch 7/10\n",

"15/15 [::::::::::::::::::::::::::::::] -37s 25/Step - loss: 0.4324 -
accuracy: 0.7978 - val_loss: 0.4446 - val_accuracy: 0.7656\n",

"Epoch 8/10\n",

"15/15 [::::::::::::::::::::::::::::::] -30s 25/step - loss: 0.4402 -
accuracy: 0.7956 - val_loss: 0.4704 - val_accuracy: 0.7500\n",

"Epoch 9/10\n",

"15/15 [::::::::::::::::::::::::::::::] -30s ZS/Step -loss: 0.4301 -

accuracy: 0.7956 - val_loss:

"Epoch 10/10\n",

0.4408 - val_accuracy: 0.7188\n",

"15/15 [::::::::::::::::::::::::::::::] -29s 25/step - loss: 0.4074 -
accuracy: 0.8220 - val_loss: 0.3904 - val_accuracy: 0.8438\n"
]
+
{

"output_type": "stream"”,
"name": "stderr",
"text": [
"fusr/local/lib/python3.10/dist-packages/keras/src/engine/training.py:3103: UserWarning:
You are saving your model as an HDF5 file via ‘model.save()". This file format is considered
legacy. We recommend using instead the native Keras format, e.g.
‘model.save('my_model.keras") .\n",
" saving_api.save_model(\n"

]
2
{

"output_type": "stream"”,
"name": "stdout",
"text": [

accuracy: 0.8438\n",
"Test Loss: 0.39040493965148926, Test Accuracy: 0.84375\n"

]
k
]

}
{
"cell_type": "code",
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"source™: [
"Import cv2\n",
"import numpy as np\n“,
"from tensorflow.keras.models import load_model\n",
"\n",
"# Load the trained model\n",
"model = load_model('glaucoma_detection_model.h5")\n",
"\n",
"# Function to preprocess the input image\n”,
"def preprocess_image(image_path):\n",
img = cv2.imread(image_path)\n",
" img = cv2.resize(img, (150, 150))\n",
img =img/ 255.0 # Normalize pixel values\n™,
" img = np.expand_dims(img, axis=0) # Add batch dimension\n",
return img\n",
"\n",
"# Path to the image you want to make predictions on\n",
"image_path = ‘/content/drive/MyDrive/dataset/test/classO/Im010.jpg"\n",
"\n",
"# Preprocess the image\n™,
"processed_image = preprocess_image(image_path)\n",
"\n",
"# Make predictions\n”,
"predictions = model.predict(processed_image)\n",
"\n",
"# Class 0: No Glaucoma, Class 1: Glaucoma\n”,
"if predictions[0][0] > 0.5:\n",
" print(\"The image has Glaucoma.\")\n",
"else:\n",
" print(\"The image does not have Glaucoma.\")\n"
],
"metadata": {
"colab": {
"base_uri": "https://localhost:8080/"
}
"id": "2IHNn-cdOOH1P",
"outputld™: "84e3797c-9598-4a04-d84b-68bae4fe5788"
}
"execution_count": 10,
"outputs™: [
{
"output_type": "stream"”,
"name": "'stderr",
"text": [
"WARNING:tensorflow:5 out of the last 5 calls to <function

Model.make_predict_function.<locals>.predict_function at 0x7892a1fcf130> triggered
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tf.function retracing. Tracing is expensive and the excessive number of tracings could be due to
(1) creating @tf.function repeatedly in a loop, (2) passing tensors with different shapes, (3)
passing Python objects instead of tensors. For (1), please define your @tf.function outside of the
loop. For (2), @tf.function has reduce_retracing=True option that can avoid unnecessary
retracing. For (3), please refer to
https://www.tensorflow.org/guide/function#controlling_retracing and
https://www.tensorflow.org/api_docs/python/tf/function for more details.\n"
]
b
{
"output_type": "stream"”,
"name": "stdout",
"text": [

"The image does not have Glaucoma.\n"
]
}
]
2
{

"cell_type": "code",
"source™: [],
"metadata": {
"id": "PMkKRLITv100M"
3
"execution_count™: null,
"outputs™: []
}
]
}
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