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Abstract: Brain cancers can be detected using the Automatic Support Intelligent System, which utilises both a neural network
and a fuzzy logic system. Both the diagnosis and treatment of brain cancers are made easier because to this technology. Finding
a tumour in the brain is difficult due to the elusive nature of brain tumour cells. There remains a considerable challenge in
automated medical image segmentation, which has attracted attention from researchers in recent years. Research in this area will
centre around segmentation of MRI brain images (MRI). A classification problem is what we're approaching here, and we're
looking for ways to distinguish between regular pixels and those that aren't. Support Vector Machine (SVM) classification is
one of the most often used methods for this purpose. In the experiment, a dataset of gliomas of varied forms, sizes, and intensities
will be employed. The brain serves as the central processing unit for the body. It is possible for a tumour to cause mortality if it
is not discovered early enough. Magnetic Resonance Imaging (MRI) is superior to other imaging modalities when it comes to
determining the tumor's size and determining its grade. MRI does not produce any harmful radiation. For the time being, there
is no automated method for determining the grade of the tumour. This study demonstrates how MRI data can be used to segment
and classify brain tumours. It's a helpful tool for clinicians to use when putting together therapy or surgery plans. Classifying
tumours as benign or malignant requires the use of a support vector machine (SVM).

1. INTRODUCTION

An accumulation of aberrant brain cells is the source of brain tumours. Normal tissues typically grow, develop,
and perish without any difficulties. Figure 1.1 illustrates how these aberrant tissues alter this cycle and grow
erratically. Primary tumours and secondary tumours are the two types of brain tumours. The first kind can
originate in the brain, whereas the second kind is brought on by a tumour that travels from another part of the
body to the brain.

Figure 1.1: Brain Tumor Image Representation
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A high tumour grade corresponds to a higher proportion of malignant tumours. The grade demonstrates that
everyone involved—the patient, the physicians, and the patient's family or caregivers—can comprehend the
patient's condition [8]. It also assists the physician in determining the best course of action and expected result.

Grade I: Under a microscope, a benign grade | tumour seems to be normal brain tissue, grows slowly, and has
normal appearance. The best course of action in this situation will be surgery [9]. This grade includes, among
other neural tumours, pilocytic astrocytoma, craniopharyngioma, gangliocytoma, and ganglioglioma.

Grade Il: The tumour may become harmful or benign, and it appears less like normal tissue. Certain tissues remain
as higher grade tumours after spreading to neighbouring tissues.

Grade I1I: Because the tissue differs from normal brain tissue in appearance and grows more quickly, it is believed
to be malignant. Rapid proliferation of aberrant cells by Grade I11 cells results in the local growth of normal brain
tissue. These tumours typically remain at grade IV.

Grade 1V: Due to its rapid growth and highest concentration of aberrant cells, this tissue is deemed cancerous.
Additionally, it spreads to many brain and central nervous system regions. As a result, new blood vessels are
created to maintain their rapid growth. Additionally, there are areas in the middle where cells have perished. The
most prevalent grade 1V tumour is multiform glioblastoma.

The two categories of normal brain tissues are called Grey Matter (GM) and White Matter (WM). The first (GM)
is composed of nonmyelinated neurones and includes the areas of the brain responsible for motor function and
sensory functions including vision.

Perception, recall, emotion, speech, decision-making, and self-control. Myelinated neurones, which link the GM
regions to the rest of the body and to each other, create the later one (WM). WM is a crucial component of the
brain as it facilitates rapid connections between various brain and body regions.

Since brain tumour segmentation typically requires large amounts of data, it is one of the most significant and
time-consuming processes in many medical picture applications. factors such as the patient's motion, the quick
time spent obtaining the image, and the ill-defined soft tissue borders. Tumours can be of many distinct types and
vary widely in size and shape. Tumours can generally be seen in a variety of sizes and shapes depending on the
image intensity. Certain tumours alter the surrounding structures, changing the surrounding image brightness.

Furthermore, according to the World Health Organisation (WHO), 120,000 people have died from brain tumours
in the last year and 400,000 people worldwide are estimated to be affected by them [10-13]. Doctors must
determine the precise location and size of the brain tumour as well as the affected brain region before administering
chemotherapy, radiation therapy, or brain operations. Brain tumour segmentation is a necessary step for surgeons
to identify the tumour before surgery, and the instrument for this purpose can be automatic or semi-automated.

2. LITERATURE REVIEW

The invention of quantitative picture analysis, which has been used to forecast clinical outcomes, gave rise to a
new field known as radiomics. Research on the brain cancer type glioblastoma multiforme is becoming more and
more focused (GBM). The first step in studying this pathology is to section the tumours. Due to varying
interpretations among observers, manual segmentation frequently results in inconsistencies. The concept of
automatic segmentation has been proposed as a solution to this issue. In this study, clinical outcomes, such as
survival and responsiveness to therapy, are predicted by analysing the form, texture, and signal intensity of brain
tumors[1].

For the past few decades, regularised iterative algorithms have dominated the field of inverse problem solving.
Even though these methods produce outstanding results, they are difficult to apply due to the high computing
costs of the forward and adjoint operations and the complexity of choosing hyperparameters. For a given forward
model, we can state (filtering followed by pointwise nonlinearity) when the normal operator (H*H, where H* is
the adjoint of forward imaging operator (H) takes the form of a CNN initially. Direct inversion with a CNN is our
preferred approach to addressing normal-convolutional inverse problems[2].
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This workdiscusses the difficulties and potential applications of CNN in radiology, along with an outline of CNN
concepts and how they are applied to different radiological tasks. This work also discusses small datasets,
overfitting, and strategies to reduce them while employing CNN for radiological tasks. Understanding CNN's
guiding principles, benefits, and limitations is essential if you want to fully use its potential in diagnostic radiology
and support radiologists in improving patient care and performance[3].

Multimodal imaging approaches, such as PET/CT and PET/MRI, can provide more accurate brain tumour
segmentation by combining data from multiple imaging modalities. This article provides a detailed discussion of
automatic brain tumour segmentation techniques for MRI, PET, CT, and other imaging modalities. In this article,
several methods and techniques are covered. They cover their operating principles, benefits, drawbacks, and
potential challenges in the future.[4].

Regarding age, ethnicity, marital status, frontal/brain stem/ventricle tumour locations, and radiation use, there was
a significant difference between the two groups. Significant independent predictors for age >60, male gender,
race, single status, tumour location, and lack of treatment were reported for Group B. Heart disease, influenza,
pneumonia, cerebrovascular disease, accidents, and unpleasant side effects are among group B's co-morbidities
[5].

The suggested method, which uses image classification to make a diagnosis, is evaluated on three medical case
studies: the diagnosis of skin melanomas, histology images, and breast MRI scans. One of the main problems in
these kinds of scenarios is the lack of data. Lastly, we discuss the advantages and disadvantages of the approaches
that are being examined in-depth (PDF) Using more data to enhance the level of learning in image classification
[6].

\This work created a deep learning technique for the automated segmentation of aberrant FLAIR hyperintensity
and contrast-enhancing tumours. Using the Response Assessment in Neuro-Oncology (RANO) criteria
(AutoRANO), this method measures the volumes of tumours. Two distinct groups of patients participated in this
study. Preoperative MRIs were performed on 843 patients with low-grade or high-grade gliomas at four different
institutions. [7].

3. OBJECTIVE OF RESEARCH

The goal of this endeavour is to develop novel machine learning systems and MRI techniques to effectively
segment and categorise brain tumours. This enables tumour patients to be promptly diagnosed and assigned to the
appropriate category.

« Segmentation and Classification of Brain Tumour MR Images Using PCA and RBF Kernel Based
Support Vector Machine

e A Successful Method for Brain Tumour MRI Segmentation and Classification Using Feed-Forward
Neural Networks and GLCM Texture Features

»  Brain tumour MRI segmentation and classification using an efficient classifier

» Reducing the dimensions of brain tumours and classifying them using a hybrid classification method.

4. PROPOSED METHODOLOGY

Support vector machines (SVMs) are a form of supervised learning models together with related learning
algorithms that analyse data and detect distinct patterns, used for classification analysis. The basic SVM takes a
set of input data and predicts, for each given input, which of two potential classes, malignant and benign forms
the output, making it a non-probabilistic binary linear classifier. Now that you have a collection of training
examples, each of which has been labeled as belonging to one of two categories, an SVM training algorithm
develops a model that assigns new instances to one of the two categories. An SVM model is a representation of
the instances as points in space, mapped such that the examples of the different categories are separated by a
considerable distance. Newer instances are then dropped into it, and based on which side of the gap they fall on,
they are assessed to belong to a category.
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Figure 4.1 Overview of proposed methodology
Given a training dataset of p-dimensional N-size training dataset of the kind
{(tn,v) | X, ERP,y, €{—1,4+1}}, n=1,..,N (4.1)

where class 1 or class 2 is indicated by y_n, which might be either -1 or 1. A vector in p dimensions is each x_n.
Class 1 and Class 2's maximum-margin hyperplane is the support vector machine we want. Considering that any
hyperplane can be described with

w-x—b=0 (4.2)
where the normal vector to the hyperplane and the dot product are shown. As much as possible, we wish to choose

and optimise the margin between the two parallel hyperplanes while maintaining the data's separation.
Consequently, the following equations define the two parallel hyperplanes:

w-x—b==%1 (4.3)
Consequently, the issue may be simplified to one of optimisation, where our goal is to minimise the gap between

two parallel hyperplanes and prevent data from falling outside of the boundary. With a simple understanding of
mathematics, the problem may be phrased as follows:

min || w |
w,b (44)
st.y,w-x,—b)=1,n=1,..,N
In practical situations the || w || is usually be replace by
.1 2
min > IIhw i (4.5)

st.y,w-x,—b)=1,n=1,..,N

An SVM selects, scales, chooses, and validates a training model from a set of feature vectors before producing
the training model.

5. RESULT ANALYSIS

The collection of 66 authentic magnetic resonance imaging (MRI) scans of the human brain was gathered from
the Harvard Medical School website (http://med.harvard.edu/AANLIB/) [8]. There are three different types of
malignant tumours on brain MRI images: glioblastoma, sarcoma, and metastatic bronchogenic carcinoma
tumours. There are 22 normal brain images and 44 abnormal brain images. Every brain MRI was T2-weighted,
256 x 256 pixel, and performed in the axial plane. Because it offers more contrast than T1 and PD, we went with
the T2 type.

The results demonstrate how a graphical user interface was developed using the suggested approach and how the
outcomes were compared to those reported in the literature review.
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The methodical procedure for visualising the outcome has been elucidated in the following manner:
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Figure 5.2 Analysis of Accuracy of the Processed Image

Figures 5.1 to 5.2 display the step-by-step segmentation output for a sample of tumour class. The suggested
methodology had an accuracy of over 86%, according to analyses of simulations performed with a range of
algorithms; in comparison, the accuracy of the polynomial kernel and RBF kernel was 56.43% and 58%,

respectively.
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Table 5.1
Comparative Analysis of Accuracy
Parameters Linear SVM RBF Polynomial Proposed
Kernel Method
Execution Time 4.1 Seconds 4.5Seconds 3.8 Seconds 3.3 Seconds
Accuracy 65 % 68 % 74 % 86%

The average time spent on each step was reflected by the average number. Each 256256 image takes an average
of 0.023 seconds, 0.0187 seconds, and 0.0031 seconds to do the feature extraction, feature reduction, and SVM
classification calculations. To extract features, the process takes 0.023 seconds, which is the longest stage.
Reducing a feature takes 0.0187 seconds. In terms of processing time, only 0.0031 seconds are required for the
SVM classification. In the table 5.1, we've shown the results of our comparison.

6. CONCLUSION

A brain tumour is an abnormal growth of tissue in the brain that interferes with the brain's regular functioning.
The basic purpose of medical image processing is to uncover correct and relevant information with the least
amount of mistake achievable employing algorithms. Pre-processing, image segmentation, feature extraction, and
image classification are the four phases involved in detecting and categorising brain tumours using MRI data. In
this paper, numerous segmentation techniques are studied. It may be extrapolated that the suggested system's
algorithms and settings are all geared to increase the system's efficiency by producing better outcomes. For
segmentation, the border technigue and the edge-based approach are both common, although the region-growing
approach yields superior results. The particle swarm optimization approach produces the most properly segmented
tumours, according to the findings. The features retrieved using the GLCM approach help to boost efficiency since
minute details of the tumour can be extracted utilising multiple features. Convolution neural networks were shown
to have the best classification accuracy among the numerous classification methods evaluated. Accuracy and
dependability are critical in tumour diagnosis because a patient's survival is dependent on the system's predictions.
As a consequence, the proposed technique assists in enhancing accuracy and accomplishing the anticipated goals.
In this work, we created a strategy for discriminating between normal and abnormal brain MRI. Finally, unique
kernels will be evaluated to determine whether they can aid with classification accuracy. The DWT recovers data
from original MR images rapidly and effectively with minimum loss.
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