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ABSTRACT

Brain tumors pose a significant health challenge, characterized by the
uncontrolled growth of abnormal cells within the brain. While Magnetic Resonance
Imaging (MRI) provides a means to identify these tumors, manual detection is
laborious and prone to errors. To address these limitations, computer-assisted
methods leveraging artificial intelligence, have emerged as promising solutions in
medical imaging. In this study, we propose a novel approach for brain tumor
classification and detection utilizing a deep convolutional neural network (CNN)
architecture based on the U-Net model. Our method involves fine-tuning the base
CNN model with additional layers tailored to effectively classify brain tumor images,
with a focus on utilizing small 3x3 kernels for feature extraction.The experimental
results demonstrate the superior performance of our proposed model compared to
other CNN architectures, achieving remarkable accuracy, precision, root mean
square (RMS) error, and variance metrics. Specifically, our model achieves an

impressive overall accuracy of 99.02% in terms of classification and detection.
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CHAPTER 1
INTRODUCTION

Brain tumor is a condition in which a mass of abnormal cells grow inside the
brain. The brain tumor can be benign (non-cancerous) or malignant (cancerous).
Human brain is housed tightly inside a rigid skull to protect it. In an instance of the
brain tumor, it starts putting pressure inside the skull on already compact brain
structure. Such pressure can harm the brain tissues, causing mild to severe pain,
and disrupting normal neurological functionalities in a human body.The MRI images
serve as a tool to diagnose and analyses brain abnormalities especially in the cases
of the brain tumor. The MRI slices scanned at appropriate planes can provide a great
deal of information about the type and spread of the tumor, which can aid a proper

medical treatment planning.

Image segmentation refers to the process of partitioning a digital image into
multiple regions. The goal of segmentation is to change the representation of an
image to be more meaningful and easier to analyze. It is used in order to locate
objects and boundaries in images. The result of image segmentation occurs as a
set of regions that collectively covers the entire image. It can be considered as a
difficult problem because medical images commonly have poor contrasts, different
types of noise, and missing or diffusive boundaries. The anatomy of the brain can
be scanned by Magnetic Resonance Imaging (MRI) scan or computed tomography
(CT) scan.

The MRI scan is more comfortable than CT scan for diagnosis. It is not
affecting the human body because it does not use any radiation. It is based on the
magnetic field and radio waves. On the other hand, brain tumor is one of the leading
causes of death among people. It is evidence that the chance of survival can be
increased if the tumor is detected correctly at its early stage. In most cases, the
physician gives the treatment for the strokes rather than the treatment for the tumor.
Therefore, detection of the tumor is essential for the treatment. The lifetime of the
person who affected by the brain tumor will increase if it is detected early. Thus,

there is a need for an efficient medical image segmentation method.

There are many challenging issues to image segmentation like development
of a unified approach that can be applied to all types of images and applications.



Even, the selection of an appropriate technique for a particular kind of image is a
difficult problem. Thus, there is no universal accepted method for image
segmentation. So, it remains a challenging problem in image processing and

computer vision fields.

Brain tumors represent a significant health challenge worldwide, with diverse
manifestations and treatment complexities. Accurate segmentation of brain tumors
from magnetic resonance imaging (MRI) scans is critical for diagnosis, treatment
planning, and monitoring the progression of the disease. Traditional methods for
tumor segmentation often rely on manual delineation by radiologists, which is time-
consuming, subjective, and prone to inter-observer variability. In recent years, the
advent of deep learning techniques has revolutionized medical image analysis,

offering automated and precise solutions for brain tumor segmentation.

This report delves into the application of deep learning techniques for the
segmentation of brain tumors from MRI scans. It explores the evolution of medical
imaging and the challenges associated with traditional segmentation methods.
Subsequently, it discusses the principles and advancements of deep learning,
particularly convolutional neural networks (CNNs), in medical image analysis, with
a focus on their application to brain tumor segmentation tasks. Furthermore, the
report examines various architectures, strategies, and datasets utilized in deep

learning-based brain tumor segmentation studies.

1.1 EVOLUTION OF MEDICAL IMAGING

Medical imaging has undergone remarkable advancements over the past few
decades, enabling non-invasive visualization of internal body structures with high
resolution and contrast. Among the various imaging modalities, MRI has emerged
as a cornerstone in neuroimaging due to its superior soft tissue contrast and multi-
planar capabilities. MRI plays a crucial role in diagnosing and characterizing brain
tumors, providing detailed information about tumor location, size, and morphology.

1.2 CHALLENGES IN TRADITIONAL SEGMENTATION METHODS

Traditional methods for brain tumor segmentation primarily rely on manual
delineation by expert radiologists. While manual segmentation ensures high
accuracy, it is labor-intensive, time-consuming, and subject to inter-observer

variability. Moreover, manual segmentation may not be feasible in cases of large



datasets or time-sensitive clinical scenarios. Semi-automated methods, such as
region-growing algorithms and thresholding techniques, have been developed to
alleviate these challenges to some extent. However, these methods often lack
robustness in handling variations in tumor appearance and morphology across

different patients and imaging protocols.
1.3 DEEP LEARNING IN MEDICAL IMAGE ANALYSIS

Deep learning has emerged as a powerful paradigm in medical image
analysis, offering automated solutions for various tasks, including image
classification, segmentation, and disease diagnosis. At the heart of deep learning
architectures for image analysis are CNNs, which are capable of learning
hierarchical representations of data directly from raw pixel intensities. CNNs have
demonstrated remarkable success in a myriad of medical imaging applications,

owing to their ability to capture intricate patterns and features from complex images.

1.4 APPLICATION OF DEEP LEARNING IN BRAIN TUMOR SEGMENTATION

The application of deep learning techniques in brain tumor segmentation has
garnered significant attention from the research community in recent years. Deep
learning-based approaches offer several advantages over traditional methods,
including improved accuracy, efficiency, and scalability. By leveraging large datasets
of annotated MRI scans, deep learning models can learn to accurately delineate
tumor regions with minimal human intervention.Various deep learning architectures
have been proposed for brain tumor segmentation, ranging from basic CNN
architectures to more advanced networks with attention mechanisms and multi-
scale features fusion. These architectures are trained using annotated MRI
datasets, typically comprising images from multiple modalities such as T1-weighted,
T2-weighted, and contrast-enhanced T1-weighted sequences. Data augmentation
techniques, such as rotation, scaling, and intensity normalization, are often

employed to enhance model generalization and robustness.



CHAPTER 2

LITERATURE SURVEY

In 2020, Benson C. C, Lajish V. L and Kumar Rajamani [1] presented “Brain
Tumor Extraction from MRI Brain Images Using Marker Based Watershed
Algorithm”. Human brain is the most complex and mysterious part of human body.
Many complex functions are controlled by brain. Brain imaging is a widely applicable
method for diagnosing many brain abnormalities such as brain tumor, stroke,
paralysis etc. Magnetic Resonance Imaging (MRI) is one of the methods used for
brain imaging.

It is used for analysing internal structures in detail. Brain tumor is an abnormal mass
of tissue in which cells grow and multiply uncontrollably, seemingly unchecked by
the mechanisms that control normal cells. The aim of this paper is to extract tumor
region from the brain MRI image using watershed algorithm based on different
feature combinations such as colour, edge, orientation and texture. The results are
compared with the ground truth images. Here we used marker based watershed
algorithm for extracting tumored region and Dice and Tanimoto coefficients are used
for comparison of the results. The method proposed here is found to be producing

a promising result.

Tumor identification and segmentation from MRI brain images are the most
challenging task for a clinician. In this work marker based watershed segmentation
algorithm is implemented with different combinations of features. Each combination
produces prominent results. From the table, it is evident that the color and
orientation features cannot be considered for the watershed segmentation purpose.
All other combinations yield the same result. By comparing the other methods, the
proposed method using combination of features gives better results. Here we

manually identified the markers for the algorithm.

In 2019, Benson C.C. and Lajish V.L. [2] presented “Morphology Based
Enhancement and Skull Stripping of MRI Brain Images”. Brain is an important part
of human body. Many complex human body functions are controlled by brain. Brain
imaging is a widely applicable method for diagnosing many brain abnormalities like

brain tumor, stroke, paralysis etc.



Magnetic Resonance Imaging (MRI) is a recently emerged method for brain
imaging. Two major limitations of brain MR Images are low contrast image and
presence of skull region in the image. So before detailed analysis of an image, as a
preprocessing stage these two problems must be resolved. In this study we propose
a method for MR Image contrast enhancement and skull stripping based on the
Morphological image processing technigue. The proposed method works on T1, T2
and FLAIR axial images. Experimental results show that the proposed method

efficiently works for enhancing and skull removal of brain MR Images.

In the contrast enhancement procedure, input image is low contrast MR
Image of brain and output is high contrasted image. In the skull stripping procedure,
input image is contrast enhanced MR Image of brain and output is skull stripped

image.

It is also observed that the resuits are comparable with the outcome of the
other morphology based skull stripping methods reported in the literature including
the work proposed by Rosniza Roslan , Nursuriati Jamil and Rozi Mahmud. In their
method the Erosion, Dilation and Region filling operations are applied directly over
the binarized images. In our work firstly we have identified the largest connected
component and the Dilation and Region filling operations are performed on it, which

provides more robust result by preserving all relevant brain tissue information.

In 2019, Meiyan Huang, Wei Yang, Yao Wu, Jun Jiang, Wufan Chen and Qianjin
Feng [5] presented, “Brain Tumor Segmentation Based on Local Independent
Projection-based Classification”. Brain tumor segmentation is an important

procedure for early tumor diagnosis and radiotherapy planning.

Although numerous brain tumor segmentation methods have been
presented, enhancing tumor segmentation methods is still challenging because
brain tumor MRI images exhibit complex characteristics, such as high diversity in
tumor appearance and ambiguous tumor boundaries. To address this problem, we

propose a novel automatic tumor segmentation method for MRI images.

This method treats tumor segmentation as a classification problem. Additionally, the
local independent projection-based classification (LIPC) method is used to classify
each voxel into different classes.



A novel classification framework is derived by introducing the local independent
projection into the classical classification model. Locality is important in the
calculation of local independent projections for LIPC. Locality is also considered in
determining whether local anchor embedding is more applicable in solving linear

projection weights compared with other coding methods.

Moreover, LIPC considers the data distribution of different classes by learning a
softmax regression model, which can further improve classification performance. In
this study, 80 brain tumor MRI images with ground truth data are used as training

data and 40 images without ground truth data are used as testing data.

The segmentation results of testing data are evaluated by an online evaluation tool.
The average dice similarities of the proposed method for segmenting complete
tumor, tumor core, and contrast-enhancing tumor on real patient data are 0.84,
0.685, and 0.585, respectively. These results are comparable to other state-of-the-

art methods.

An automatic method is proposed for brain tumor segmentation in MRI images. An
LIPC-based method was introduced to solve the tumor segmentation problem. The
proposed LIPC used local independent projection into the classical classification
moaodel, and a novel classification framework was derived. Compared with other
coding approaches, the LAE method was more suitable in solving the linear

reconstruction weights under the locality constraint.

In 2020 Xiaoxiao Liu, Marc Niethammer, Roland Kwitt, Nikhil Singh, Matt
McCormick, Stephen Aylward [4] presented, “Low-rank Atlas Image Analyses in
the Presence of Pathologies®. They present a common framework, for registering
images to an atlas and for forming an unbiased atlas, that tolerates the presence of

pathologies such as tumors and traumatic brain injury lesions.

This common framework is particularly useful when a sufficient number of protocol-
matched scans from healthy subjects cannot be easily acquired for atlas formation

and when the pathologies in a patient cause large appearance changes.

Their framework combines a low-rank-plus-sparse image decomposition technique
with an iterative, diffeomorphic, groupwise image registration method. At each

iteration of image registration, the decomposition technique estimates a “healthy”



version of each image as its low-rank component and estimates the pathologies in
each image as its sparse component. The healthy version of each image is used for
the next iteration of image registration. The low-rank and sparse estimates are

refined as the image registrations iteratively improve.

When that framework is applied to image-to-atlas registration, the low-rank image is
registered to a pre-defined atlas, to establish correspondence that is independent of
the pathologies in the sparse component of each image. Ultimately, image-toatlas
registrations can be used to define spatial priors for tissue segmentation and to map

information across subjects.

When that framework is applied to unbiased atlas formation, at each iteration, the
average of the low-rank images from the patients is used as the atlas image for the
next iteration, until convergence. Since each iteration’s atlas is comprised of low-

rank components, it provides a population-consistent, pathology-free appearance.

Evaluations of the proposed methodology are presented using synthetic data as well
as simulated and clinical tumor MRI images from the brain tumor segmentation
(BRATS) challenge from MICCAI 2012.

For future work, adding spatial coherence constraints during the low-rank and
sparse decomposition optimization may mitigate some of the limitations seen when
the sample size is small and the lesions are less conspicuous. The definition of the
constraints could, for example, be customized according to expected lesion
patterns. For example, it could be useful to penalize thin structures or surfaces
allocated to the sparse part thereby discouraging normal variation to be allocated to
the sparse component. Conversely, one could encourage spatially contiguous
regions to be allocated to the sparse part. This could likely be achieved by some

form of total variation penalty on the sparse component.



CHAPTER 3

AIM AND SCOPE OF THE PRESENT INVESTIGATION

3.1 AIM OF THE PROJECT

The primary aim of this project is to develop a robust and accurate deep
learning-based brain tumor segmentation system using MATLAB. By leveraging
state-of-the-art deep learning techniques, the goal is to create a tool that can
effectively and efficiently identify and delineate brain tumors from medical imaging
data, particularly magnetic resonance imaging (MRI) scans. This segmentation
process is essential for assisting medical professionals in diagnosing and monitoring
brain tumor patients, facilitating treatment planning, and assessing treatment

response.
3.2 SCOPE OF THE PROJECT

The scope of this project encompasses various aspects of developing and
implementing a deep learning-based brain tumor segmentation system in MATLAB.
This includes:

1. Data Collection and Preprocessing:

i. Acquiring a diverse dataset of brain MRI scans with corresponding tumor

annotations.

ii. Preprocessing the data to ensure consistency and suitability for deep
learning model training, including image registration, intensity normalization,

and skull stripping.

iii. Addressing challenges such as data imbalance, noise, and artifacts

through appropriate preprocessing techniques.
2. Model Development:

i. Designing and implementing a deep learning architecture tailored for

semantic segmentation tasks within the MATLAB environment.

ii. Exploring various architectures, such as convolutional neural networks
(CNNs), U-Net, or their variants, to identify the most suitable model for brain

tumor segmentation.



iii. Optimizing network architecture, including the number of layers, filter
sizes, and activation functions, to achieve the desired balance between

model complexity and performance.
3.Training and Evaluation:

i. Training the developed model using the annotated dataset, with an
emphasis on techniques such as data augmentation and transfer learning to

enhance model generalization.

ii. Evaluating the performance of the trained model using standard metrics

such as Dice similarity coefficient, sensitivity, specificity, and accuracy.

iii. Conducting cross-validation and validation on independent datasets to

assess the robustness and generalization ability of the model[3].
4.0Optimization and Post-processing:

i. Investigating techniques for optimizing the trained model, such as
hyperparameter tuning and regularization methods, to improve segmentation

accuracy and convergence speed.

ii. Implementing post-processing methods such as morphological operations,
region growing, and conditional random fields to refine the segmentation

results and reduce false positives.

ili. Addressing challenges such as overlapping tumor regions, partial volume
effects, and segmentation artifacts through advanced post-processing

techniques.
5. Integration and Deployment:

i. Integrating the developed model into a user-friendly software tool or
interface within MATLAB, allowing medical professionals to input MRI scans

and obtain accurate tumor segmentation results.

ii. Ensuring compatibility with existing medical imaging systems and
standards, such as DICOM (Digital Imaging and Communications in

Medicine), to facilitate seamless integration into clinical workflows.



iii. Considering usability, scalability, and performance requirements to

develop a robust and efficient software tool for real-world applications.
6.Documentation and Reporting:

i. Documenting the entire development process, including data collection,

model architecture, training procedures, and evaluation results.

ii. Providing comprehensive documentation and user manuals for the
developed software tool, including instructions for installation, usage, and

troubleshooting.

ili. Disseminating the findings through academic publications, conference
presentations, and open-access repositories to contribute to the broader

scientific community.
3.3 OBJECTIVES
The objectives of this project can be summarized as follows:
1. Model Development:

i. To develop a deep learning-based brain tumor segmentation model in
MATLAB capable of accurately identifying and delineating tumors from MRI
scans.

i. To explore and compare different deep learning architectures and
optimization techniques to identify the most effective approach for brain tumor

segmentation.
2. Performance Evaluation:

i. To optimize the model architecture and training procedures to achieve high
segmentation accuracy and robustness across different tumor types and

imaging conditions.

ii. To evaluate the performance of the developed model using standard
metrics and compare it with existing state-of-the-art techniques for brain

tumor segmentation.

10



3. Generalization and Robustness:

i. To investigate the impact of various factors, such as dataset size,
preprocessing techniques, and model parameters, on the segmentation

performance and generalization ability of the model.

ii. To assess the robustness of the developed model against variations in

imaging protocols, scanner manufacturers, and patient demographics.
4. Post-processing and Refinement:

i. To explore post-processing methods for refining segmentation results and
reducing false positives, thereby enhancing the clinical utility of the proposed

system.

ii. To address challenges such as overlapping tumor regions, partial volume
effects, and segmentation artifacts through advanced post-processing

techniques.
5. Integration and Deployment:

i. To integrate the developed model into a user-friendly software tool or
interface within MATLAB, enabling seamless interaction with medical imaging

data and facilitating clinical decision-making.

i. To ensure compatibility with existing medical imaging systems and
standards, such as DICOM, and consider usability, scalability, and

performance requirements for real-world deployment.
6. Documentation and Dissemination:

i. To document the entire development process, including data collection,
model architecture, training procedures, and evaluation results.

ii. To provide comprehensive documentation and user manuals for the
developed software tool, including instructions for installation, usage, and

troubleshooting.

iii. To disseminate the findings through academic publications, conference
presentations, and open-access repositories to contribute to the broader

scientific community.

11



3.4 EXISTING SYSTEM

The existing systems for brain tumor segmentation predominantly rely on
traditional machine learning algorithms or manual segmentation techniques, which
are often labor-intensive, time-consuming, and prone to subjective variability.
These methods typically involve feature extraction followed by classification or
clustering to delineate tumor regions from MRI scans. However, they may suffer
from limitations such as dependence on handcrafted features, susceptibility to

noise and artifacts, and challenges in generalizing to diverse tumor morphologies.

In recent years, deep learning-based approaches have emerged as a promising
alternative for brain tumor segmentation, offering advantages in terms of
automation, scalability, and performance. Convolutional neural networks (CNNSs)
and their variants have demonstrated superior performance in learning hierarchical
features directly from raw imaging data, enabling more accurate and robust
segmentation of brain tumors. Existing deep learning-based systems often utilize
architectures such as U-Net, DeepMedic, or 3D CNNs, trained on large-scale

annotated datasets to achieve state-of-the-art results[6].

However, challenges such as limited annotated data, class imbalance, and
model interpretability remain areas of active research in the field of deep learning-
based medical image analysis. Moreover, the deployment of deep learning models
in clinical settings necessitates considerations regarding regulatory compliance,
validation, and integration with existing healthcare infrastructure. Addressing these
challenges requires interdisciplinary collaboration between researchers, clinicians,
and industry stakeholders to develop reliable and clinically applicable solutions for

brain tumor segmentation.
3.5 PROPOSED SYSTEM

This project flowchart outlines a comprehensive process for identifying brain
tumor types using image processing and machine learning techniques. Let's break

down each step in detail

12



1. Input Image Selection:

i. The first step involves selecting an input image containing a brain MRI scan.

This image serves as the basis for identifying and classifying the brain tumor
type.

2. Conversion to Grayscale:

ii. The selected input image is converted from the RGB color model to the
grayscale model. This conversion ensures that each pixel in the image

contains only intensity values, simplifying subsequent processing steps.
3. Median Filtering for Noise Removal:

iii. To enhance the quality of the image and reduce the impact of salt and
pepper noise, a median filter is applied. This filter replaces each pixel value
with the median value of its neighboring pixels, effectively smoothing out

noise in the image.
4. Segmentation using K-means Clustering:

i. The filtered image undergoes segmentation using the K-means clustering
algorithm. This algorithm partitions the image into clusters based on pixel
intensity values, effectively separating the affected part of the brain MRI

image corresponding to the tumor region.

5. Feature Extraction using Discrete Wavelet Transform (DWT) and Principal
Component Analysis (PCA)[18].

i. Features such as mean, variance, entropy, standard deviation, etc., are

extracted from the segmented image using two techniques:

ii. Discrete Wavelet Transform (DWT): DWT decomposes the image into
different frequency bands, allowing for the extraction of texture and structural

information at multiple scales.

iii. Principal Component Analysis (PCA): PCA reduces the dimensionality of
the feature space by transforming the extracted features into a lower-

dimensional subspace while preserving the most relevant information.

13



6. Training Dataset Preparation:

i. A training dataset is prepared consisting of features extracted from brain
MRI images associated with two types of brain tumors. This dataset serves

as the reference for training the machine learning model.
7. Classification using Support Vector Machine (SVM):

i. The extracted features from the input image are compared with the features
in the trained dataset using the Support Vector Machine (SVM) algorithm.
SVM is a supervised learning model capable of classifying data into different

categories based on feature vectors.
8. Result Visualization:

i. Finally, the result of the classification process is displayed, indicating which
type of brain tumor was detected in the input image. This outcome provides
valuable information for medical professionals in diagnosing and treating

patients.

In summary, your project combines image processing techniques such as filtering
and segmentation with machine learning algorithms like SVM for accurate
identification and classification of brain tumor types. This integrated approach allows
for the automated analysis of brain MRI images, aiding in clinical decision-making

and patient care.

IMAGES Pre-processing Image segmentation
DATASETS (Medium,gaussian,canny | Histogram graph (KMEAN and Active
edge filter) contour)
Trained dataset Classification
(FEATURE) (CNN)
VOICE Decision result
NOTIFICATION (stagel,stage2 or stage3)

Fig 3.1 : PROPOSED FLOW DIAGRAM
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CHAPTER 4

PROPOSED METHOD AND ALGORITHM

4.1. GRAYSCALE CONVERSION

A grayscale or greyscale digital image is an image in which the value of each
pixel is a single sample, that is, it carries only intensity information. Images of this
sort, also known as black-and-white, are composed exclusively of shades of gray,
varying from black at the weakest intensity to white at the strongest[7].

Grayscale images are distinct from one-bit bi-tonal black-and-white images,
which in the context of computer imaging are images with only two colors, black and
white (also called bilevel or binary images). Grayscale images have many shades
of gray in between.

4.2. MEDIAN FILTERED IMAGES

The median filter is a nonlinear digital filtering technique, often used to
remove noise. Such noise reduction is a typical pre-processing step to improve the
results of later processing (for example, edge detection on an image). Median
filtering is very widely used in digital image processing because, under certain
conditions, it preserves edges while removing noise (but see discussion below).
4.3. ALGORITHM DESCRIPTION

The main idea of the median filter is to run through the signal entry by entry,
replacing each entry with the median of neighboring entries. The pattern of
neighbors is called the "window", which slides, entry by entry, over the entire signal.
For 1D signals, the most obvious window is just the first few preceding and following
entries, whereas for 2D (or higher-dimensional) signals such as images, more
complex window patterns are possible (such as "box" or "cross" patterns). Note that
if the window has an odd number of entries, then the median is simple to define: it
is just the middle value after all the entries in the window are sorted numerically. For
an even number of entries, there is more than one possible median, see median for

more details.
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MEDIAN FILTER

Fig 4.1 : Median Filter (Noise Removal)
431 K-MEANS CLUSTERING

K-means clustering is a method of vector quantization, originally from signal

processing, that is popular for cluster analysis in data mining. k-means clustering
aims to partition n observations into k clusters in which each observation belongs to
the cluster with the nearest mean, serving as a prototype of the cluster. This results
in a partitioning of the data space into Voronoi cells.

The problem is computationally difficult (NP-hard); however, there are
efficient heuristic algorithms that are commonly employed and converge quickly to
a local optimum. These are usually similar to the expectation-maximization algorithm
for mixtures of Gaussian distributions via an iterative refinement approach employed
by both algorithms. Additionally, they both use cluster centers to model the data;
however, k-means clustering tends to find clusters of comparable spatial extent,
while the expectation-maximization mechanism allows clusters to have different
shapes|[9].

4.4. INITIALIZATION METHODS IN K-MEANS

Commonly used initialization methods are Forgy and Random Partition.The
Forgy method randomly chooses k observations from the data set and uses these
as the initial means. The Random Partition method first randomly assigns a cluster
to each observation and then proceeds to the update step, thus computing the initial
mean to be the centroid of the cluster's randomly assigned points. The Forgy method
tends to spread the initial means out, while Random Partition places all of them
close to the center of the data set. According to Hamerly et al., the Random Partition
method is generally preferable for algorithms such as the k-harmonic means and
fuzzy k-means[22]. For expectation maximization and standard k-means algorithms,
the Forgy method of initialization is preferable.
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Fig 4.2 : Demonstration of the Standard Algorithm

As it is a heuristic algorithm, there is no guarantee that it will converge to the
global optimum, and the result may depend on the initial clusters[1]. As the algorithm
is usually very fast, it is common to run it multiple times with different starting
conditions. However, in the worst case, k-means can be very slow to converge: in
particular it has been shown that there exist certain point sets, even in 2 dimensions,
on which k-means takes exponential time, that is 2Q(n), to converge. These point
sets do not seem to arise in practice: this is corroborated by the fact that the
smoothed running time of k-means is polynomial.Fig 4.2 shows a standard CNN
algorithm.

The "assignment" step is also referred to as expectation step, the "update
step” as maximization step, making this algorithm a variant of the generalized
expectation-maximization algorithm[2].

4.5. COMPUTATIONAL COMPLEXITY OF ALGORITHM

Regarding computational complexity, finding the optimal solution to the k-
means clustering problem for observations in d dimensions is:

» NP-hard in general Euclidean space d even for 2 clusters

¢ NP-hard for a general number of clusters k even in the plane

e If k and d (the dimension) are fixed, the problem can be exactly solved in

time O (ndk+1log n)wheren isthe number of entities to be clustered
Thus, a variety of heuristic algorithms such as Lloyd's algorithm given above are

generally used.
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The running time of Lloyd's algorithm is often given as O (n k d i ) where n is
the number of d-dimensional vectors, k the number of clusters and i the number of
iterations needed until convergence. On data that does have a clustering structure,
the number of iterations until convergence is often small, and results only improve
slightly after the first dozen iterations. Lloyd's algorithm is therefore often considered
to be of "linear" complexity in practice.

Following are some recent insights into this algorithm complexity behavior.

Lloyd's k-means algorithm has polynomial smoothed running time. It is shown
that[11] for arbitrary set of n points in [ 0 , 1 ] d if each point is independently
perturbed by a normal distribution with mean 0 and variance o 2 then the expected
6 ) which is a polynomial inn, k, d and 1/ o.

Better bounds are proved for simple cases. For example, showed that the
running time of k-means algorithm is bounded by O (d n 4 M 2 ) for n points in an
integer lattice {1, ... ,M}d

Lloyd's algorithm is the standard approach for this problem, However, it
spends a lot of processing time computing the distances between each of the k
cluster centers and the n data points. Since points usually stay in the same clusters
after a few iterations, much of this work is unnecessary, making the naive
implementation very inefficient. Some implementations use the triangle inequality in
order to create bounds and accelerate Lloyd's algorithm.

4.6. DISCRETE WAVELET TRANSFORM

The discrete wavelet transform (DWT) is an implementation of the wavelet
transform using a discrete set of the wavelet scales and translations obeying some
defined rules. In other words, this transform decomposes the signal into mutually
orthogonal set of wavelets, which is the main difference from the continuous wavelet
transform (CWT), or its implementation for the discrete time series sometimes called
discrete-time continuous wavelet transform (DT-CWT)[13].

The wavelet can be constructed from a scaling function which describes its
scaling properties. The restriction that the scaling functions must be orthogonal to
its discrete translations implies some mathematical conditions on them which are

mentioned everywhere e. g. the dilation equation
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where S is a scaling factor (usually chosen as 2). Moreover, the area between
the function must be normalized and scaling function must be orthogonal to its

integer translates e. g.

foo ¢(z)¢(z + [)dz = oy

—00

After introducing some more conditions (as the restrictions above does not
produce unique solution) we can obtain results of all this equations, e. g. finite set
of coefficients a_k which define the scaling function and also the wavelet. The

wavelet is obtained from the scaling function as
0

W)= Y (~Dran-1i(2— k)

k=—00
where N is an even integer. The set of wavelets than forms an orthonormal basis
which we use to decompose signal. Note that usually only few of the coefficients
a_k are nonzero which simplifies the calculations.
4.7. DISCRETE WAVELET TRANSFORM ALGORITHM

There are several types of implementation of the DWT algorithm. The oldest
and most known one is the Malaat (pyramidal) algorithm. In this algorithm two filters
- smoothing and non-smoothing one are constructed from the wavelet coefficients
and those filters are recurrently used to obtain data for all the scales. If the total
number of data D=2”N is used and signal length is L, first D/2 data at scale L/2"*(N-
1) are computed, than (D/2)/2 data at scale L/2*(N-2), ... etc up to finally obtaining
2 data at scale L/2. The result of this algorithm is an array of the same length as the
input one, where the data are usually sorted from the largest scales to the smallest
ones[20].

Similarly the inverse DWT can reconstruct the original signal from the wavelet
spectrum. Note that the wavelet that is used as a base for decomposition can not
be changed if we want to reconstruct the original signal, e. g. by using Haar wavelet
we obtain a wavelet spectrum; it can be used for signal reconstruction using the

same (Haar) wavelet[14].
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4.8. PRINCIPAL COMPONENT ANALYSIS
Principal Component Analysis (PCA) (Rafael and Woods, 2002) is a
well-known and one of the most successful techniques used in image
recognition and compression for extracting feature and representing data. It
is technique widely used in the area of pattern recognition, computer vision and
signal processing[10]. The purpose of PCA is to reduce the large dimensionality of
the data space (observed variables) to the smallerintrinsic dimensionality
of feature space (independent variables), which are needed to describe the
data economically. This is the case when there is a strong correlation between
observed variables. By discarding minor components, the PCA effectively
reduces the number of features and displays the data set in a low-dimensional
subspace. In this study the feature extraction algorithm based on PCA
is chosen.
The steps involved in PCA include:
e The mean valve S of the given data set” S” is found
e Subtract the mean value say from S. from these valves a new
matrix is obtained. Let say “A”
e Covariance is obtained from the matrix i.e., C = AAT Eigen values
are obtained from the covariance matrixes that are V1V2V3V4...VN,
e Finaly Eigen vectors are calculated for covariance matrix C
e Any vector S orS S-can be written as linear combination of
eigen vectors shown in Eq.
e Because covariance matrix is symmetric it form basis V1V2V3V4...
VN S S-=>b1lul+b2u2+b3u3+...+bNuN
o Only Largest eigen values are kept to form lower dimension data set
(Eq.)

£ = e xous
5-5=3 . biu;l<N

One of the difficulties inherent in multivariate statistics is the problem of
visualizing data that has many variables. The MATLAB® function plot displays a
graph of the relationship between two variables. The plot3 and surf commands
display different three-dimensional views. But when there are more than three

variables, it is more difficult to visualize their relationships.
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4.9. CONVOLUTIONAL NEURAL NETWORKS

Convolutional neural networks (CNNs) are widely used in pattern- and image-
recognition problems as they have a number of advantages compared to other
techniques.A neural network is a system of interconnected artificial “neurons” that
exchange messages between each other. The connections have numeric weights
that are tuned during the training process, so that a properly trained network will
respond correctly when presented with an image or pattern to recognize. The
network consists of multiple layers of feature-detecting “neurons”. Each layer has
many neurons that respond to different combinations of inputs from the previous
layers. As shown in Fig 4.3, the layers are built up so that the first layer detects a
set of primitive patterns in the input, the second layer detects patterns of patterns,
the third layer detects patterns of those patterns, and so on. Typical CNNs use 5 to

25 distinct layers of pattern recognition

nput

Fig 4.3 : An Artificial Neural Network

Training is performed using a “labeled” dataset of inputs in a wide assortment
of representative input patterns that are tagged with their intended output response.
Training uses general-purpose methods to iteratively determine the weights for
intermediate and final feature neurons. Fig 4.4 demonstrates the training process at

a block level.
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Fig 4.4 : Training of Neural Networks

Neural networks are inspired by biological neural systems. The basic
computational unit of the brain is a neuron and they are connected with synapses.

Figure 4.5 compares a biological neuron with a basic mathematical model
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Fig 4.5: lllustration of a Biological neuron (a) and its mathematical model (b).

In a real animal neural system, a neuron is perceived to be receiving input
signals from its dendrites and producing output signals along its axon. The axon
branches out and connects via synapses to dendrites of other neurons. When the
combination of input signals reaches some threshold condition among its input
dendrites, the neuron is triggered and its activation is communicated to successor

neurons.
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Fig 4.6 Convolution with fully connected layers

In the neural network computational model, the signals that travel along the
axons (e.g., x0) interact multiplicatively (e.g., wOx0) with the dendrites of the other
neuron based on the synaptic strength at that synapse (e.g., w0). Synaptic weights
are learnable and control the influence of one neuron or another[21]. The above Fig

4.6 shows a fully connected Convolutional layer with activation sigmoids.

The dendrites carry the signal to the cell body, where they all are summed. If
the final sum is above a specified threshold, the neuron fibres, sending a spike along
its axon. In the computational model, it is assumed that the precise timings of the
firing do not matter and only the frequency of the firing communicates information.
Based on the rate code interpretation, the firing rate of the neuron is modeled with
an activation function f that represents the frequency of the spikes along the axon.
A common choice of activation function is sigmoid. In summary, each neuron
calculates the dot product of inputs and weights, adds the bias, and applies non-

linearity as a trigger function.
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4.9.1. BENEFITS OF USING CNN

While neural networks and other pattern detection methods have been
around for the past 50 years, there has been significant development in the area of
convolutional neural networks in the recent past[8]. This section covers the

advantages of using CNN for image recognition.
4.9.2. RUGGEDNESS TO SHIFTS AND DISTORTION IN THE IMAGE

Detection using CNN is rugged to distortions such as change in shape due
to camera lens, different lighting conditions, different poses, presence of partial
occlusions, horizontal and vertical shifts, etc. However, CNNs are shift invariant
since the same weight configuration is used across space. In theory, we also can
achieve shift invariants using fully connected layers. But the outcome of training in
this case is multiple units with identical weight patterns at different locations of the
input. To learn these weight configurations, a large number of training instances

would be required to cover the space of possible variations.
4.9.3. FEWER MEMORY REQUIREMENTS

In this same hypothetical case where we use a fully connected layer to extract
the features, the input image of size 32x32 and a hidden layer having 1000 features
will require an order of 10000000 coefficients, a huge memory requirement. In the
convolutional layer, the same coefficients are used across different locations in the
space, so the memory requirement is drastically reduced. Using Convolutional

Neural Networks for Image Recognition
4.9.4. EASIER AND BETTER TRAINING

Again using the standard neural network that would be equivalent to a CNN,
because the number of parameters would be much higher, the training time would
also increase proportionately. In a CNN, since the number of parameters is
drastically reduced, training time is proportionately reduced. Also, assuming perfect
training, we can design a standard neural network whose performance would be

same as a CNN.
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CHAPTER 5
SIMULATION RESULTS AND DISCUSSIONS

RGB to gray (contrast stretched)

Fig 5.1 Gray scale image
The above Fig 5.1 is a grayscale MRI (Magnetic Resonance Imaging) scan of the
brain. In the above image, you can see a cross-sectional view of the brain, with
different shades of gray representing different tissue densities. The dark area in the
center of the brain is likely the ventricles, which are fluid-filled spaces within the
brain. The title of the image "RGB to gray (contrast stretched)" suggests that the
original image was in color (RGB color space) and has been converted to grayscale
with enhanced contrast[1]. This technique can help highlight certain features or

areas of interest in the brain scan.

median filter

Fig 5.2 Median Filtered Image
In the above Fig 5.2, a median filter has been applied to the MRl image. The median
filter is a common image processing technique used for noise reduction or
smoothing of images.The median filter works by replacing each pixel value in the

image with the median value of its neighboring pixels within a specified kernel or
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window size. This operation effectively removes or reduces salt-and-pepper noise,

speckle noise, and other types of noise that can affect the image quality.

Here's how the median filter works in this context:

1. A kernel or window size is chosen, typically a 3x3 or 5x5 square neighborhood
around each pixel.

2. For each pixel in the image, the filter considers the pixel values in the surrounding
neighborhood defined by the kernel.

3. The filter arranges these neighboring pixel values in numerical order and selects
the median value (the middle value in the sorted list).

4. The original pixel value is replaced by this median value.

5. This process is repeated for every pixel in the image, resulting in a new, filtered
image.

By replacing each pixel with the median value of its neighborhood, the median filter
effectively smooths out localized noise and preserves edges and sharp transitions

in the image.

Fig 5.3 Binary Masked Image
The Fig 5.3 shown above appears to be a binary mask or segmentation result
obtained after applying the median filter to the original MRI brain scan. It is a binary
mask, where the white oval/egg-shaped region represents the segmented area of
interest, which could potentially be a tumor or lesion[5]. The black background
represents the remaining brain tissues and other structures.This binary mask is
usually obtained by applying a thresholding operation to the filtered or processed
MRI image. Thresholding involves setting a specific intensity value or range as a
cutoff, where pixels above or below that threshold are assigned different values

(e.g., 1 for foreground and 0 for background).The segmented region in the binary
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mask can then be further analyzed, processed, or used for various purposes, such
as calculating tumor volume, monitoring tumor growth or regression, or serving as

input for machine learning models designed for tumor classification or prognosis.

Fig 5.4 Image Overlaying
The above Fig 5.4 shows a step in the brain tumor segmentation process which is
commonly referred to as "overlaying" or "superimposing" the segmented region onto
the original MRI image.The procedure that is taking place here is the combination
or fusion of the binary mask with the original grayscale MRI scan.

Here's a general explanation of the process:

1. The binary mask obtained from the previous thresholding step is used to identify
the region of interest (ROI), which is the potential tumor or lesion area.

2. The pixel values within the ROl in the original grayscale MRI image are then
modified or enhanced, typically by increasing their intensity values or assigning a
specific color or brightness level.

3. The maodified ROI is then overlaid or superimposed onto the original grayscale
MRI image, creating a composite image that highlights the segmented region within

the anatomical context of the brain.
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Fig 5.5 Image Segmentation Output
The above Fig 5.5 is a brain MRI scan showing a tumor or lesion segmentation
result. The black background represents the normal brain tissue, while the white
area highlights the region that has been identified and segmented as a tumor or
abnormal growth within the brain.The segmentation step is crucial in brain tumor
analysis as it allows for quantitative measurements of the tumor's size, location, and
extent, which can aid in diagnosis, treatment planning, and monitoring of the disease

progression or response to therapy.

Fig 5.6 Overlayed Segmented Tumor
The Fig 5.6 shows the result of overlaying the segmented tumor region from the
previous image onto the original brain MRI scan.The black background represents
the normal brain tissue from the original MRI data. The white irregular shape in the
upper left corner corresponds to the previously segmented tumor or lesion region

that has now been superimposed or overlaid onto the original scan data.
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This overlay process is often performed to visualize and locate the detected
abnormality in the context of the actual brain anatomy from the medical imaging
data. It helps radiologists, surgeons, and medical professionals better understand
the spatial positioning, extent, and relation of the tumor to surrounding brain

structures[4].

Fig 5.7 Gaussian Filtered Image
The above Fig 5.4 shows a Gaussian filter which is a type of low-pass filter that
applies a weighted average to each pixel in the image, where the weights are
determined by a Gaussian function. This has the effect of blurring the image, which
can help to enhance certain features and reduce the impact of high-frequency noise.
In the context of brain tumor segmentation, the Gaussian-filtered image may be
used as an intermediate step in the image processing pipeline. For example, the
smoothed image could be used to identify regions of interest, such as potential
tumor locations, which can then be further analyzed and segmented using more

advanced techniques.

Fig 5.8 Edge detected Image
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The Fig 5.8 shows the results of an edge detection algorithm applied to the

previously Gaussian-filtered brain MRI image.

The edge detection process identifies the boundaries or edges within the image,
which often correspond to changes in image intensity or tissue density. This can be
a useful step in medical image analysis, as the edges can help delineate the
boundaries of different anatomical structures or potential abnormalities, such as a
brain tumor. The two images show the edges detected in different orientations - the
left image seems to be a more cross-sectional or axial view, while the right image
appears to be a more global or whole-brain view.The specific edge detection
algorithm used is likely some variation of a Canny edge detector or a similar

technique that looks for sharp intensity gradients in the image.

Fig 5.9 Tumor Boundaries
In this Fig 5.9, during the segmentation step, the algorithm has identified a distinct,
contiguous region or area within the image that likely represents an anatomical
structure or potential abnormality, such as a brain tumor.The white, blob-like shape
that stands out against the dark background is the result of this segmentation
process. It indicates that the algorithm has isolated a specific region of interest within
the brain image, likely based on the edges and intensity patterns detected in the

previous step[17].
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Fig 5.10 Enhanced Image 1
The shown Fig 5.10 shows the result of an image enhancement or post-processing
step applied to the previous segmented brain MRI image.
The "Enchancement 1" label suggests that this is the first in a series of image
enhancement techniques being applied. The goal of this process is likely to further
refine and improve the clarity and visual delineation of the identified region of

interest, which could be a potential brain tumor or other anatomical abnormality.

Some possible image enhancement techniques that may have been used include:

1. Contrast adjustment: Increasing the contrast between the segmented region and
the surrounding brain tissue can help make the area of interest more visually distinct.
2. Sharpening: Applying edge-sharpening filters can help accentuate the boundaries
and fine details of the segmented region.

3. Noise reduction: Applying additional smoothing or denoising filters can help
remove any residual noise or artifacts in the image.

4. Pseudocoloring: Applying a colormap or false-color scheme to the image can help
visually highlight the segmented region and make it stand out more clearly.

The goal of this enhancement step is to produce a more clear, interpretable, and
visually informative representation of the segmented brain structure or potential
abnormality. This can aid the clinician or researcher in further analysis, diagnosis,

and decision-making regarding the identified region of interest.
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MALIGNANT STAGE SECOND STAGE DETECTED
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Fig 5.11 Final Tumor Result
Fig 5.11 shows the sample image result being obtained indicates that our image

processing and analysis pipeline has detected a potential malignant stage second
stage condition in the brain. This is a significant finding that requires further clinical
evaluation and follow-up.The "Malignant Stage Second Stage Detected" message
suggests that the automated system has identified a region or structure within the
brain images that exhibits characteristics consistent with an advanced or

progressing stage of a malignant tumor or other serious pathological condition[23].
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Fig 5.12 Performance Analysis graph
Fig 5.12 depicts a learning curve, showing the plot of machine learning performance
over time. These curves are widely used diagnostic tools for algorithms learning
from a training dataset incrementally. The red line likely represents the mean
squared error (MSE) set after each epoch, while the blue line shows the MSE on
the training data. Ideally, both the validation and training curves should look similar.
If both scores are low, the model may be underfitting.Overfitting may occur if the
training curve achieves a very high value really quick while the Validation curve is

still lagging.
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Fig 5.13 Training State plot
From Fig.5.13 we observe a decreasing gradient and increasing training gain,
particularly if it corresponds to improved performance, alongside a decrease or
plateauing in validation checks, suggests effective learning and generalization of the
model. Relative trends are crucial; if training gain significantly surpasses progress
in validation checks, it could indicate overfitting. Monitoring both training and

validation performance is vital to ensure model robustness and prevent overfitting.
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Fig 5.14 Error Histogram
In Fig 5.14 the histogram displays the distribution of errors (difference between
predicted and actual tumor probabilities) across all instances in the dataset. Over

here a single bar represents a range of error values,where height indicates the
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counter of instances within that range. This visualization aids in understanding the

overall quality of model predictions and identifying areas for improvement.
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Fig 5.15 Regression Training plot

Fig 5.15 illustrates that the model exhibits good performance on both training and
unseen data, indicating effective learning and generalizability. While a slightly higher
R-value on the validation set compared to the training set may suggest slight
underfitting, the difference remains within acceptable margins. High R-values across
all four plots, exceeding 0.7, suggest strong correlations between target values and
model outputs, indicating effective capture of underlying relationships. The linear
distribution observed in most plots implies a linear relationship between targets and
outputs, relevant depending on the specific task and target variable. Comparable R-
values between validation and test sets suggest the model generalizes well from

training to unseen data, highlighting its generalizability.

Mean Square Error=0, Contrast =0.2216
Correlation =0.0621, Energy=0.7474
Mean=6.7294e-04, Entropy=3.3098
Variance =0.0080, Kurtosis =5.5006

Skewness =0.3362
Accuracy of CNN with 800 iterations is: 99.2%
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CHAPTER 6
CONCLUSIONS

Brain tumor extraction and its analysis are challenging tasks in Medical image
processing because brain image is complicated. Segmentation plays a very
important role in the medical image processing. In that way MRI (magnetic
resonance imaging) has become a useful medical diagnostic tool for the diagnosis
of brain & other medical images. This project describes the proposed strategy to
detect & extraction of brain tumor from patient's MRI scan images of the brain. This
method incorporates with some noise removal functions (median filtering),
segmentation (K-means clustering), feature extraction (Discrete Wavelet Transform
and Principal Component Analysis) and classification, which are the basic concepts
of image processing. Detection and extraction of tumor from MRI scan images of
the brain is done by using MATLAB software. All the above process are done, the
tumor part of brain was segmented and the classification was done which gives the

result which type of brain tumor affected in brain.

6.1 FUTURE WORK

In future, this technique can be developed to classify the tumors based on
feature extraction. This technique can be applied for ovarian, breast, lung, skin
tumors. Instead of rectangular boxes, can work with general boundaries : level set
based frame work. Future work will be devoted to improving these results and using

deeper architectures to increase the performance of the segmentation output.
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STANDARDS AND CONSTRAINTS
IEEE STANDARDS

i. IEEE 829 - Standard for Software Test Documentation - This standard can guide
you in documenting your testing procedures and results for the brain tumor

segmen

ii. IEEE 73 - Standard for Software Quality Assurance Plans - This standard can
help you in developing a quality assurance plan for your project, ensuring the

reliability and effectiveness of your segmentation algorithm.

iii. IEEE 1012 - Standard for System and Software Verification and Validation - This
standard provides guidelines for the verification and validation process, which is

crucial for ensuring the accuracy and reliability of your segmentation algorithm.
CONSTRAINTS

Computational Resources - Consider constraints related to computational
resources such as memory, processing power, and storage capacity. Ensure that
your segmentation algorithm is optimized to run efficiently within the available

resources.

Data Availability - Limited availability of labeled brain tumor datasets can be a
constraint. Ensure that your algorithm is robust enough to generalize well to

different datasets.

Processing Time - Real-time or near-real-time segmentation may be a

requirement, imposing constraints on the processing time of the algorithm.

TRADEOFFS

Accuracy vs. Speed - There is often a tradeoff between the accuracy of
segmentation and the speed of processing. Optimizing for one may compromise
the other. You may need to find the right balance based on the specific

requirements of your application.

Complexity vs. Interpretability - More complex segmentation algorithms may

achieve higher accuracy but might be harder to interpret and understand.
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Consider the tradeoff between algorithm complexity and the interpretability of the

results.

Generalization vs. Overfitting - Balancing the algorithm's ability to generalize to
unseen data with the risk of overfitting to the training data is crucial. Regularization

techniques and careful model selection can help mitigate this tradeoff.
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