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ABSTRACT

The field of medical imaging is gaining importance with an increase in the demand for
automated, reliable, fast and efficient diagnosis which can provide insight to the image better
than human eyes. Brain tumor is the second leading cause for cancer-related deaths in men in age
20 to 39 and fifth leading cause cancer among women in same age group. Diagnosis of brain
tumor is a very important part in its treatment. A prime reason behind an increase in the number
of cancer patients worldwide is the ignorance towards treatment of a tumor in its early stages.
The manual detection and classification of the tumor becomes a rigorous and hectic task for the
radiologists. The segmentation, detection, and extraction of infected tumor area from magnetic
resonance (MR) images are a primary concern, but a tedious and time taking task performed by

radiologists or clinical experts, and their accuracy depends on their experience only.

The FCM (Fuzzy C Means) based segmentation techniques such as spatial
information(FCM_S), FCM_S1 and FCM_S2, enhanced FCM algorithm (EnFCM), FGFCM
(Fast generalized FCM algorithm), fuzzy local information c-means clustering algorithm
(FLICM) has ability to obtain texture and background information but failed to remove in the
case of complex rician noisy images. FLICM, improves the segmentation process, but fails to
remove Gaussian noise beyond 30%. To improve the performance and reduce the complexity
involved in the medical image segmentation process, a novel fast and robost FCM (FRFCM)
image segmentation has been investigated in this research work. Furthermore, to improve the
accuracy and quality rate of the neural network-based classifier, relevant features are extracted
from each segmented tissue and aligned as input to the classifiers for automatic detection and
classification of brain tumors. The simulation results of proposed technique have been evaluated
and validated for performance and quality analysis on magnetic resonance brain images, based
on feature coefficient.

The novel Fast and robust Fuzzy C Means (FRFCM) segmentation technique has been proposed
for detection of brain tumor from MR (Magnetic Resonance) images that can inform the
radiologist and doctor about the details of brain tumor. This segmentation technique include
noise removal and sharpening of the MR image along with basic morphological functions,

erosion and dilation, to obtain the background. The MR (Magnetic Resonance) Images features



have been extracted through a popular Gray Level Co-occurrence Matrix (GLCM) feature
extraction technique. The extracted features are applied to the, proposed PSO+ELM (Particle
Swarm Optimization-Extreme Learning Machine) for classification of the type of malignant
(cancerous) and benign (non-cancerous) brain tumors for visual localization. The weights of the
proposed novel multi class extreme learning machine classifier model has been updated by the
PSO (Particle Swarm Optimization) algorithm to increase the performance of the classifiers.
Further the classification results have been compared with the existing support vector machine
and relevance vector machine model sparse Bayesian extreme learning machine. The proposed
PSO+ELM model obtained an accuracy of 99.41% which is higher than the other said models.
To validate the robust ness and rician noise removal capability of the proposed FRFCM
segmentation two quality indexes are considered as Structural Similarity (SSIM) index and the
Quality Index based on Local Variance (QILV). However, SSIM is more sensitive to the noise
level in the image and the QILV to blurring of the edges. In addition to the both, the PSNR (Peak
signal to noise ratio) is also calculated. It is also observed that the quality measure PSNR value is
37.32 dB and SSIM as 0.9219 dB. The higher value of PSNR indicate better signal-to noise ratio
in the extracted image. Also, the larger value of SSIM indicates the noise reduction in the

extracted image.

The automatic segmentation, feature extraction and classification has also been presented
through GUI (Graphical User Interface) using MATLAB2018b software. Further, the detection
and classification has been implemented through the embedded system platform by employing
Raspberry PI3B+ along with python which may be the prototype product outcome of the
research work. It will help the medical staff, particularly for the radiologist and doctor to

understand the seriousness of the tumor.
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CHAPTER ONE

1. INTRODUCTION
1.1 Background

In recent years, the death rate grows unanimously due the brain tumors at every age groups.
According to the report published by the American Brain Tumor Association (ABTA) Feb 24,
2016[1], that the children and young adults between 15-39 age group are affected due to
malignant brain tumors. Between the age group 15-19 year olds, the cancer related deaths are
growing rapidly as per the report. When the data is analyzed in 5-year age increments, the
researchers found that the mentioned age groups are affected by different types of tumor which is
not known at its early stage. According to the reports of World Health Organization (WHO), it is
estimated that 9.6 million people worldwide died of cancer in 2018
(https://www.who.int/cancer/en/). 30- 50% of these were preventable with early diagnosis.
Between types of cancer, brain tumor is one of the deadliest ones. According to statistics, it is
estimated that 17,760 adults will die from brain tumors in 2019 [2]. Basically, brain tumors are
categorized as malignant and benign tumors, which grows abnormally in the brain. Malignant
tumors contain cancerous cells which grows to all the parts of the brain due to non-uniform
structure. Benign tumors are of uniform structure and contains non-cancerous cells. When the
brain tumor tissues grow slowly, it causes vision problem, vomiting tendency etc. to the patients.
The complex structure of tumor diagnosis becomes a challenging task for the clinical doctors. In
the study of biomedical imaging, magnetic resonance image plays a vital role of acquisition of
brain tumors. Magnetic resonance imaging (MRI) with high resolution becomes most popular
imaging techniques in the hospitals. The manual diagnosis of the tumors by visualizing the
magnetic resonance images in the clinic becomes a tedious and time-consuming task for doctors
due to complex structure of the tumor and noise involvement in magnetic resonance (MR)
imaging data. It is impossible to transform the image to a desired simpler condition by manual
detection, which motivates us to propose a platform for automatic detection and classification of
brain tumor from magnetic resonance image. So, detection of tumor location and identification at
earlier stage is essential to reduce the tumor related deaths. At the same time the classification of
brain tumor is also essential to know the types of tumor present in the brain. By utilizing the



segmentation and classification techniques, doctors can track and predict the uncontrollable
growth of cancer affected areas at different levels to provide suitable diagnosis at early stage.

Segmentation of image from the magnetic resonance images is a consequential and arduous task
for detection of brain tumor tissues. It becomes a challenging task due to the involute structure
and variations in images. The different segmentation techniques such as FCM based genetic
algorithm [3,4], semi supervised learning with graph cuts [5], Berkele Wavelet transform [6,7],
Graphcut algorithm with co-segmentation for identification of exact cut point between edema
and tumor[8], region growth segmentation[9], K-means clustering[10], spectral
clustering[11,12], wavelet transform image segmentation[13,14], hidden markov random field

models [15] etc has been proposed for brain tumor segmentation.

1.2 Statement of the Problem

Detection of solid tumors, whether it is benign or malignant, is often difficult in brain MR
images. ldentifying the exact size and coverage of tumors is also challenging in brain MRI
because the original medical image has the problem like noise, low contrast, and bad resolution
and so on. So, it takes minutes to get MR images of a subject and more time to view the images
generated on a screen and carry out visual assessment.

Visual assessment of the MR images is subjective, often time consuming and hardly repetitive
which might give rise to inaccurate diagnosis. Once MRI shows that there is a tumor in the brain
the most common way to determine the type of brain tumor is to look at the result from a sample
of tissue after biopsy or surgery. There is no mechanism that detects tumors and classifies the
tumors as malignant or benign in MR. This could be avoided if there exist a tool that could be
used for accurate detection of abnormalities in the brain automatically by clever analysis of the
MR images non-invasively. This calls for the development of methodology which could be used

for effective analysis of the MR images that could robustly detect and classify brain tumors.

1.3 Objectives
1.3.1 General Objective

The objective of the research work is to detect brain tumor tissues from MR (Magnetic
Resonance) images using proposed FRFCM (Fast and Robust Fuzzy C Means algorithm)

segmentation technique and classification through novel extreme learning machine model.



1.3.2 Specific Objectives

e Developing a novel FRFCM (Fast and Robust Fuzzy C Means algorithm) segmentation
technique to remove noise and detect tumor from MR Images.
e Classification of the normal and abnormal brain tumor tissues using proposed PSO based
Extreme learning machine model.
e GUI for automatic visualization of detection and classification through Using Raspberry
Pi3.
1.4 Significance of the study
The growing incidence of brain tumors increases the number of images that need to be reviewed
by oncologists/radiologists. In addition, particularly in a low resource setting, the high cost of
examinations and lack of trained experts hinder patients from receiving the service. In this
regard, automating brain tumor detection could deliver many potential benefits. In a screening
setting, it allows the examination of a large number of images objectively in less time than
current observer driven techniques which are subjective. It can also be an important diagnostic
aid and can reduce the workload of trained graders, thereby reducing costs inside clinics.so that
this study provides help to radiologist, doctors and surgeons in diagnoses of disease in very short

time and with the high accuracy.

1.5 Project Report Organization

Chapter 1 presents a brief background of brain tumor research statistical report and contribution,
critical literature review on research work reported on different segmentation and classification
techniques of brain tumor form magnetic resonance images, objective and significance of the

study followed by statement of the problem.
Chapter 2 presents details of brain tumor and case studies of different patients.

Chapter-3 presents details of conventional Image Segmentation techniques and classification
models

Chapter 4 presents the process of segmentation for reduction of noise and smoothening of brain
tumor magnetic resonance image an improved fast and robust fuzzy ¢ means algorithm
(FRFCM) segmentation algorithm has been presented. Further, an automatic classification of

tumor tissues by the proposed hybrid PSO-ELM (Particle swarm optimization based Extreme



learning machine) model. The weights of the ELM (Extreme learning machine) model has been
optimized by PSO algorithm. Also, the position equation of the PSO algorithm has been
improved to get the faster weight optimization of the ELM model which leads to unique
classification of brain tumor tissues.

Chapter 5 presents data collection, results and discussion on classification and segmentation
techniques. Further the comparison results with different segmentation technique, and

classification models are presented.

Chapter 6 presents the conclusion for the research work followed by reference. It also focuses

on contributions of the project and future scope.



CHAPTER TWO
2. LITERATURE REVIEW

2.1 Review on segmentation and Classification

In recent days researchers proposed image segmentation techniques based on FCM algorithms.
Segmentation method is predicated on a rudimental region growing method and uses
membership grades of pixels to relegate pixels into felicitous segments. From the literature
survey, it is found that, FCM algorithm has ability to obtain texture and background information
from the simple images but failed in the case of complex noisy images where spatial
information’s are not considered. To overcome this problem, Ahmed et al. [18] proposed with
spatial information (FCM_S) by considering intensity inhomogeneity, but the disadvantages is
that during computation the term spatial neighbour is considered in each epoch which takes more
computational time. Further to reduce the computational burden, the spatial neighbourhood
information has been proposed by Chen and Zhang [19] with spatial term. There are two variants
FCM_S1 and FCM_S2 and both are not able to reduce Gaussian noise. Szilagyi et al. [20]
proposed enhanced FCM algorithm (EnFCM) by using gray levels lesser value than the size of
the image to reduce the time complexity burdens due to the spatial term. In EnFCM the
parameter o (adjustable) plays a vital role for the improvement of segmentation results. To
reduce noise and guarantee the detail-preservation of segmentation, the FGFCM (Fast
generalized FCM algorithm) has been proposed by Cai and Chen [21] with a similarity measure
factor which improves the robustness of FCM, but FGFCM requires more parameters than the
EnFCM. The fuzzy local information c-means clustering algorithm (FLICM), replaces the
parameter o by a fuzzy factor in the objective function to delineate the noise and detail image
preservation which is proposed by Krinidis and Chatzis [22]. For the development of a novel
FCM algorithm, the algorithm should be free from selection of parameter. In this contrast
FLICM, improves the segmentation process, but not free from parameter selection and also not
perfect for local information of images and fails to remove Gaussian noise beyond 30%. To
enhance the performance of FLICM Gong et al. [23] proposed kernel metric with local
information for noise reduction which is free from selection of parameter. FCM with local
information and kernel metric (KWFLICM) proposed by Gong et al. [24] to reduce noise and
improve the robustness of FLICM. Guo et al. [25] proposed adaptive FCM algorithm based on



noise detection (NDFCM), which is faster since the image filtering is done before starting of
iterations. In this, the trade-off parameter has been tuned automatically by considering the local
variance of image grey levels. The FLICM technique employs more parameter, and fails to
reduce Gaussian noise, salt & pepper noise and uniform noise from the synthetic image beyond
30%.

To ameliorate the robustness to noise and avoid parameter, a fast and robust FCM (FRFCM),
which is based on membership filtering and morphological reconstruction has been proposed.
FRFCM uses weiner filtering to the membership partition matrix for noise reduction and
improvement of segmentation accuracy. The local spatial information of images has been added
into FRFCM by employing morphological reconstruction operation to guarantee noise level
reduction and image detail-preservation. To improve the rician noise removal and detection
capability of FLICM based algorithm, an improved fast and robust FCM algorithm has been
proposed by improving the membership partition matrix and employing a wiener filter to the
membership partition matrix of the fast and robust FCM algorithm. The fuzzy membership value
of the pixel has been updated to maintain image precision and smoothening of image. The
proposed segmentation algorithm can provide good segmentation results for magnetic resonance
images with high segmentation precision. We have taken eight previously proposed FCM based
algorithms for the comparison with our proposed FRFCM segmentation technique.

While considering for classification of brain tumors from magnetic resonance images, the
classifiers such as SVM (Support vector machine) with weighted kernel width achieves an
accuracy of 89.92% for cancerous tumors proposed by Rezaei and Agahi [26]. Torheim et.al
[27], uses texture features, SVM and achieved a classification accuracy of 87% for 3DMR
images. Ruixuan Lang et al. [28] uses convolutional neural networks (CNNs) for 3D MR images
and achieves the dice accuracy of 80% , Deepa et al. [29] proposed Extreme learning machine
and genetic algorithm for classification of tumors and achieves 97.55% accuracy etc. The hybrid
model PSO (Particle swarm optimization) based LLRBFNN Algorithm for automatic brain
tumor detection proposed by Krishna [30] . There are different hybrid models such as
LLRBFNN model with teaching learning-based optimization (TLBO) weight optimization [31,
32] has been used for power signal classification, financial forecasting etc. Also, the particle
swarm optimization [33,34,35,36] technique which is based on bird flocking used in controller

design, computational intelligence etc. Further the hybrid optimization algorithm PSO-



GA(PSO-Genetic Algorithm) proposed by Garg[37] and de Fatima Aradjoa and Uturbey [38]
uses PSO-DE(PSO-Differential Evolution) for performance assessment to the dispatch of
generation and demand , Dipankar Santra et al. [39] uses PSO-ACO(PSO-Ant colony
optimization) to solve economic load dispatch problem. It is observed from the literature survey
that, there is not enough research work on automatic detection and classification of brain tumor
utilizing hybrid biologically inspired hybrid optimized models. In this research work, we are
proposing a modified PSO algorithm to optimize the weights of multiclass ELM model. With the
modification in PSO algorithm, the performance of the classifier also increases. In PSO hybrid
algorithm, it is observed that still the parameters of the PSO algorithm needs proper tuning for
maximizing the performance of optimization. In this research work, the learning parameter of
PSO algorithm has been modified by a inverse exponential factor which leads to new position
and velocity equations which are utilized for optimization of weights of ELM classifier model.
All mentioned segmentation algorithms aim to partitioning of data into clusters by minimizing
the objective function and fails drastically remove noise from the magnetic resonance images. To
improve the noise reduction capability and smoothening of magnetic resonance images, a novel
improved FRFCM segmentation algorithm is proposed. The improved FRFCM technique is
utilized to remove rician noise from the magnetic resonance image in this research work.

Further, the classifiers such as support vector machine (SVM), probabilistic neural network
(PNN), are some of the popular classifiers has already been used for classification of brain
tumors. Due to the complex mathematical calculations and higher computational time
requirements in the mentioned classifiers, we are motivated to propose a hybrid modified PSO
based multiclass ELM classification model for classification of brain tumors from magnetic
resonance images. The proposed research work presents a novel image segmentation and
classification technique for automatic detection and classification of brain tumor from magnetic

resonance images.

The research work focuses on two contributions based on segmentation and classification. The

contributions are summarized as follows:
¢ In first aspect, an improvement to fast and robust FCM based segmentation algorithm has
been proposed. The improvement has been made to the membership partition matrix of

the FCM [16] algorithm and a wiener filter is employed to improve the rician noise



reduction capability. Further, the fuzzy membership value of the pixel has been updated
to maintain image precision and smoothening of the magnetic resonance brain tumor
images. The complete mathematical derivation has been developed for the new IFRFCM

segmentation algorithm to maximize the segmentation accuracy.

¢ In the second aspect, the modifications to the parameters of particle swarm optimization
(PSO) [17] algorithm has been proposed to maximize the optimization performance of
the hybrid algorithm. The convergence parameter, position and velocity equations in the
algorithm has been modified and the mathematical calculations with modification has
been developed. With the modified convergence parameter, new velocity and position
equations, the proposed PSO algorithm has been employed to optimize the weights of the

ELM model for classification of brain tumor.
2.2 Brain tumor Magnetic resonance image Overview

The complex structure of the human brain complicates the diagnosis of the tumor in the brain region.
MRI, a useful method for obtaining high quality brain images, is widely utilized for tumor diagnosis.
Especially in brain imaging, the MRI method provides a unique appearance in visualization of soft tissues
with spatial resolution and contrast resolution. Magnetic resonance imaging (MRI) is a useful method for
diagnosis of tumors in human brain. In this work, MRI images have been analysed to detect the regions
containing tumor and classify these regions into three different tumor categories: meningioma, glioma,

and pituitary.

As per the Myoclonic Gliomas [40] is a type of tumors begin in the brain or spinal cord and
include astrocytomas, ependymomas, glioblastomas, oligoastrocytomas and oligodendrogliomas.
Meningiomas is a type of tumor that arises from the membranes that surrounds brain and spinal
cord (meninges). Most meningiomas are noncancerous. Acoustic neuromas (schwannomas) are
benign tumors that develop on the nerves that control balance and hearing leading from your
inner ear to your brain. Pituitary adenomas are mostly benign tumors that develop in the pituitary
gland at the base of the brain. These tumors can affect the pituitary hormones with effects
throughout the body. Medulloblastomas are the most common cancerous brain tumors in
children. A medulloblastoma starts in the lower back part of the brain and tends to spread
through the spinal fluid. These tumors are less common in adults, but they do occur. Also the
Craniopharyngiomas are the rare, noncancerous tumors start near the brain's pituitary gland,

which secretes hormones that control many body functions. As the craniopharyngioma slowly



grows, it can affect the pituitary gland and other structures near the brain. Secondary (metastatic)
brain tumors are tumors that result from cancer that starts elsewhere in the body and then spreads
(metastasizes) to the brain. According to the medical practitioner, if it is not operated in advance,
the chances of survival becomes difficult for a tumor affected patient.

Brain tumor is incited because of an ordinary boom of cells [41]. It comes under two categories that are
malignant or benign. The benign tumors do not contain cancerous cells while the malignant tumors are
comprised of cancerous cells [42, 43, 44]. Brain tumors associations [45] classify the brain tumor in four
grades where grade | and Il are referred to as benign and the remaining Il and IV are labeled as
malignant. The development rate of benign is relatively low when contrasted with malignant. When the
benign isn't dealt with opportune then it is changed into malignant tumor. Along these lines, early
discovery of tumor is desirable [46]. Grade Il patients require ordinary treatment and checking through
magnetic resonance imaging (MRI) [47, 48]. MRI depicts one of radio imaging types. Some more types
include computed tomography (CT) and positron emission tomography (PET) [49] with the help of which
brain tumor can be diagnosed in medical imaging [50]. MRI is mostly useful to analyze tumors in general
clinical routines. It provides minute information about human cerebrum. One advantage of MRI is its

non-intrusive nature and no ionization radiation.

GLIOMAS are the brain tumors with the highest mortality rate and prevalence [51]. These neoplasms can
be graded into Low Grade Gliomas (LGG) and High Grade Gliomas (HGG), with the former being less
aggressive and infiltrative than the latter [52], [53]. Even under treatment, patients do not survive on
average more than 14 months after diagnosis [54]. Current treatments include surgery, chemotherapy,
radiotherapy, or a combination of them [55]. MRI is especially useful to assess gliomas in clinical
practice, since it is possible to acquire MRI sequences providing complementary information [56]. The
accurate segmentation of gliomas and its intra-tumoral structures is important not only for treatment
planning, but also for follow-up evaluations. However, manual segmentation is time-consuming and
subjected to inter- and intra-rater errors difficult to characterize. Thus, physicians usually use rough
measures for evaluation [57]. For these reasons, accurate semi-automatic or automatic methods are
required. However, it is a challenging task, since the shape, structure, and location of these abnormalities
are highly variable. Additionally, the tumor mass effect changes the arrangement of the surrounding
normal tissues [58]. Also, MRI images may present some problems, such as intensity inhomogeneity [59],

or different intensity ranges among the same sequences and acquisition scanners [60].

An important role is played by Medical imaging in current medical research and clinical practice. Tumor

detection mainly involves MRI, Computed tomography (CT) and ultrasound images. Precise extraction of



tumor is necessary and advantageous. When we have huge number of sequence of images, the manual
observation of tumors is time-consuming, and frequently, the depiction quality depends on the operators.
So, for clinical analysis, medical image segmentation has gained much attention and different
segmentation methods have been proposed. Imaging techniques allow medical practitioners and
researchers, even before performing invasive surgery, to assess activities and disorders in the human
brain. The technique magnetic resonance imaging (MRI) is of good quality among other techniques as it
gives better contrast details about the brain tissues from a variety of image sequences. The neurosurgeons
and medical scientists have great opportunity with the increase in brain MR image data. The diagnosis
using computer aids and treatment can be administered through the analysis and processing of image data.
Neurosurgeons normally require accurate depiction of the tumor before diagnosing the tumor and
performing the surgery. Doctors/ specialists perform manual brain tumor segmentation, but its time-
consuming. Hence, to design and develop automated brain tumor segmentation methods, various
researchers have been working continually. Gliomas are the most usual and vigorous brain tumors, which
in their highest grade can lead to a short life expectancy. Thus, the key stage to boost the life quality of
patients is planning the treatment. The automatic segmentation of Magnetic Resonance brain images can
be enacted through a extreme learning machine (ELM). The medical image analysis field has made ELMs
very popular. On comparison to old machine learning methods, there is no requirement of hand-crafted
features in ELMs which are a requisite for classification. Instead, the kernel sets are learned that are
specially trained for the problem of classification. The old machine learning methods have been using
kernels like Gaussian or Haar-like for getting the occurrence detail, but ELM pick up the kernel set based

on the training data as provided.

2.3 Case studies of the brain tumor
The case studies of the brain tumor has been taken from the different agencies such as

e American brain tumor association
e http://www.med.harvard.edu/aanlib/cases/case33/case.html
e St. Louis University

Q) Case study-1
A 73 year old right-handed man sought medical attention because of a grand mal seizure and

progressive difficulty with speech. Brain biopsy in 3/95 revealed grade Il astrocytoma; however,
because of his age and speed of progression, the pathological result was thought to be
artifactually benign and due to sampling error. He underwent conventional whole brain radiation
consisting of 6440 cGys given in 35 treatments. He tolerated his radiation therapy well but

attempts to wean his steroids resulted in prompt seizure recurrence. Concern of tumor recurrence
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vs. radiation necrosis prompted evaluation with PET. Case contributed by Drs. C. D. Sturm and

R. Bucholz, St. Louis University.

Fig. 2.1 Astrocytoma Tumor

(i) Case study-2

This 35 year old man began having headaches eight months previously. A CT scan was
unremarkable. Two months prior to the current studies, he underwent brain biopsy, after
progressive symptoms led to MR imaging. A low grade glioma was found, and he was treated
with radiation. The MR demonstrates an area of mixed signal intensity on proton density (PD)
and T2-weighted (T2) images in a left occipital region. Contrast enhancement shows the lesion
to contain cystic elements. Thallium images show an anterior border of high uptake, consistent

with a small region of tumor recurrence.

Fig. 2.2 T2 Astrocytoma
(iii)  Case study-3
This 62 year old man came to the emergency room after suffering a first seizure, a tonic-clonic
convulsion with focal onset, witnessed by his wife. He suddenly became quiet, had eye deviation
to the left, and began to twitch in the left face. He became unresponsive to verbal commands, and
had generalized jerking movements of arms and legs, lasting for a few minutes. There was a

history of carcinoma of the colon, with recent metastasis to the liver and lung. MR images show
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a lesion involving the right second frontal convolution and another in the cerebellum, near the

fourth ventricle, also visible on the sagittal image map.

Fig. 2.3 Metastatic Carcinoma of the colonatic

(iv)  Case study-4
A 51 year old woman sought medical attention because of gradually increasing right hemiparesis

(weakness) and hemianopia (visual loss). At craniotomy (8/90), left parietal anaplastic
astrocytoma was found. A right frontal lesion was biopsied in 8/94. Recurrent tumor was

suspected on the basis of the imaging and was confirmed pathologically.

Fig. 2.4 Anaplastic Astrocytoma

(V) Case study-5
The patient was a 22 year old man who was admitted for resection of Ewing's sarcoma

(peripheral/primitive neuroepithelialtumor- PNET). Vaguely described visual difficulty was
noted retrospectively to have begun approximately one month prior to admission. He underwent
thoracotomy for pulmonary metastasis, and was noted after recovery to have trouble with
concentration and increasing visual difficulty. On exam, he was inattentive, confused and had a
right homonomous hemianopia, a left inferior quadrantanopia, right lower extremity

hyperreflexia, and right extensor plantar response.
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Fig. 2.5 Sarcoma

(vi)  Case study-6
The patient was a 75 year old man who had an 8 - 10 month history of progressive difficulty

walking. He had noted some left lower extremity weakness and some difficulty with memory
and concentration. He was alert and oriented, but had slow and hesitating speech. He could recall
only 1 of 3 objects at five minutes. Cranial nerves were normal. Muscle stretch reflexes were
active and equal. Babinski signs were negative. Gait was slow, broad based, and tandem walking

was ataxic. He underwent craniotomy and tumor resection.

Fig. 2.6 Meningioma

(vii)  Case study-7

This 42 year old woman with a long history of tobacco use began having headaches one month
before these images were obtained. The headaches intensified during the previous week, and she
noted trouble finding her words.

Brain images show a large mass with surrounding edema, and compression of adjacent midbrain
structures. The MR demonstrates the tumor as an area of high signal intensity on proton density
(PD) and T2-weighted (T2) images in a large left temporal region. Contrast enhancement shows

the lesion to contain a cystic component here.
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Fig. 2.7 Metastatic bronchogenic carcinoma

Some brain tumor data MR Images are collected from ADNI data set are Benign type as follows.

Fig. 2.8. Brain tumor MR images Benign type

The brain tumor dataset belongs to Malignant type and are collected from ADNI data base.

Fig. 2.9 Brain tumor MR images Malignant type
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2.4 Segmentation Techniques
There are several FCM based segmentation techniques proposed by the researchers. The details
of the segmentation techniques are mentioned in the following section.
2.4.1 Fuzzy C Means Algorithm
In FCM, it is possible for a data sample to belong to multiple clusters at the same time. The
similarity is indicated by the membership value. In FCM a data sample is assigned with a
membership value based on its similarity with the cluster center. The membership values are
between 0 to 1 and more the similarity, higher the membership value.
Defuzzification is applied at the end of the clustering process to decide the clustering. FCM is a
repetitive algorithm and the solution is achieved by repetitively updating the cluster center and
membership value. These updating equations are obtained by solving the cost function. Let
X ={x,X;,X3......X5 } denotes the data with N data samples. It has to be partitioned into c-clusters
by minimizing the subsequent cost function.

In Fuzzy C means clustering we determine the cluster center viand the membership
matrix U and we thus determine distinct clusters. Fuzzy C Means [62]-[66] method is based on

minimization of the following objective function:

S 2
3wl v (1)

1 0=l

N
In =
k=

Where m=2, fuzziness coefficient, u, is the degree of membership of x, in clusteri, x, is the
iy, of n -dimensional measured data, v; is the n-dimensional center of the cluster.|. | is a norm

metric and ‘m’ is a constant. The parameter ‘m’ decides the fuzziness of the consequential
partition. By taking the derivative of the equation and make it equal to zero by using Lagrange

method, the following equations are achieved

N

.m -
2N
Vi="x Uik :Z
ZU-T e
1
k=1

Many variations to the FCM have been proposed because conventional FCM couldn’t perform

)

:l%’}l
well in the presence of noise and intensity inhomogeneity.
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2.4.2 Fast Fuzzy C Means Algorithm
According to Fast fuzzy ¢ means algorithm[67], Let X =[x,,x,......x,] be a N sample data set and

assume that each sample x, is represented by a set of p features and U is the hard partition
matrices whose general term is given by u, =1if X, € X;, and 0 otherwise. To get partition

matrix, the HCM (Hard ¢ Means) algorithm is chosen which minimizes the objective function

N L

i ZZZUHQ"Xk _Ci"2 (3)

k=1 i=1
Where “L” is the number of clusters and C;is the cluster center and “m” is the Fuzzifier
exponent andu;, €[03].
In many real situations, overlapping clusters reduce the effectiveness of crisp clustering methods.
Ruspini first proposed the notion of fuzzy partition [68], where samples may partially belong to
several clusters through the idea of partial membership degrees.
Minimization of equation (3) is obtained by an optimization technique that successively updates

the cluster centers C; and partition matrix U by using the formula

N
o kz—’l}‘u”( Xk (4)
ZUiT
k=1
1
Andu, = i b Gl (5)
= Q|Xk J")2/ m-1)

The choice to first initialize a random partition matrix or the cluster centers is let to the user,
both being used in the literature. The algorithm stops when the centroids stabilize, i.e. the matrix
norm between two successive V is below a given threshold. Equivalently, the entire procedure
can be shifted one half cycle, so that initialization and termination is done on U. Naturally, in
terms of speed and storage, there are some advantages to initialize and terminating with V.
Application to image segmentation consists in taking X as the entire set of pixels Xk of an image

I, each of them being described by P features.
2.4.2.1 Centroids initialization:

As defined, iterative fuzzy clustering methods do not guarantee a unique final partition because

different results are obtained with different initializations of V (or U). In particular, it has been
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shown that these algorithms give better results when the initials (U/V) are sufficiently close to
the final partition/centers [69]. However, most of the practitioners initialize in a random manner,
which heavily affects the results. Another reason to correctly initialize the cluster centers is that
it allows to speed up the convergence, resulting in a more usable algorithm for large scale
practical problems. Several methods have been proposed for the initialization of V. However,
most of the methods that allow to initialize cluster centers are computationally expensive. For
instance, in [70], the method requires to run the HCM algorithm p times on n 1-dimensional
samples, and then p times the same algorithm on n p-dimensional samples, which is intractable

for large scale data sets.

In this research work we propose a new, efficient, yet simple, manner of initializing the ‘c’
cluster centers that we call Ordering-split. For each p-dimensional sample xk, we define its

relative mean by
1 p

My :_Zxkj (6)
P

so that we obtain the n-dimensional vector m=(m;,m,,..m,). Note that we are working on

features coming from each channel of an image so that the scale of individual features does not
differ. If the features do not hold this property, a normalization is required. Let ¢ be the

permutation function ¢ such that m_(k) is an ordered and increasing sequence. We propose to

split the n relative means as follows.

Assuming that the clusters are equally distributed, we uniformly split the n-dimensional vector

m into ¢ groups. In other terms, we set c+1lindices, say I,,l..l., such that the c differences

(1, —1,_,)are roughly equal. More formally, each index is given by

I =ix[n/c] (7)

Where|. |is the floor function. We iteratively build ¢ subsets S; of n as follows

We obtain the subset of indices in each cluster by applying the inverse function:

Ci=c%s;) )

17



Finally, each cluster center is computed using:

Zx )

JeC
Where|C;| is the cardinality of C; .
2.4.3 Fuzzy clustering with spatial constraints (FCM_S) and its variants

Ahmed et al. [18] proposed a modification to the standard FCM, in that the neighbourhood effect

acts as a regularizer and the modified objective function of FCM_S is defined as follows:

ZZu,k"xk v|| +—ZZu,k Z”x (10)

i=1 k=1 i=l k=1 reN,

where x, is the gray value of the k™ pixel, v; represents the prototype value of the i"" cluster,
u, represents the fuzzy membership of the kth pixel with respect to cluster i, NR is its
cardinality, x, represents the neighbour of x, and N, stands for the set of neighbours falling into
a window around x, . The parameter ‘m’ is a weighting exponent on each fuzzy membership that

determines the amount of fuzziness of the resulting classification. The parameter o is used to
control the effect of the neighbours term. By definition, each
C
sample point x, satisfies the constraint that Z“ik =1. Two necessary but not sufficient
i=1l

conditions for J,, to be at its local extreme will be obtained as follows:

reNk

1
m-1
[ka w2l VIIJ

Uik = T (11)
c m-1
Z{lek wl lexk VIIJ
i=1 R reN,
N
ZU{L‘ X + Zx
v = k=1 Ng reN (12)

@+ a)ZuiT
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The second term Zxr/NR in the numerator of (12) is in fact a neighbour average grey value

reN,
around x, , the image composed of all the neighbour average values around all the image pixels
forms a so-called local neighbour average image or equivalently mean-filtered image. A
shortcoming of (11) and (12) is that computing the neighbour term will take much time in each
iteration step.
In order to reduce the computation, Chen and Zhang [19,20] proposed a variant of FCM_S,
FCM_S1, which simplified the neighbourhood term of FCM_S. And the low-complexity
objective function can be written as follows:
3= 3 Sl +a> 38 T )
i=1 keN, i=1 k=1 keN,
Where x, is a means of neighbouring pixels lying within a window aroundx, . An iterative
algorithm for minimizing (18) with respect to u,, and v, can similarly in FCM_S be derived, as:
ot

(”xk —V; ||2 +a”§—vi ”2) m

Uy = - (14)

c 2 — 2\ m1
Z["Xk =vi +0{“Xk —vi” j

i=1

Z (v, + k)

= R (15)

(1+a' Zu'k

When a is set to zero, the algorithm is equivalent to the original FCM, while when it approaches
infinite, the algorithm acquires the same effect as the original FCM on the mean- or median-
filtered image, respectively.

2.4.4 Enhanced Fuzzy C Means algorithm

L.Szilagyi et al. [21] proposed the EnFCM algorithm to speed up the segmentation process for
gray level image. In order to accelerate FCM_S, a linearly weighted sum image & is in advance
formed from the original image and its local neighbor average image in terms of:

{ 23y ] (16)

R jeNy

19



Where ¢, denote the gray value of the k™ pixel of the image &, x ; represents the neighbors of

%, N, stands for the set of neighbors falling into a window around x, . Concretely, the objective

function used for fast segmenting the newly-generated image & is defined as:
c 9
Js :ZZV|UiT(§| -v; 17)
i=1 1=l
where v, represents the prototype of the it cluster, u; represents the fuzzy membership of gray
value | with respect to cluster i. g denote the number of the gray levels of the given image which

is generally much smaller than N. 4, is the number of the pixels having the gray value equal to I,

where |1=1,.., . Naturally, we have

Sh=N (18)

C
And under the constraint that Zui, =1 for any I, minimizeJ,, specifically, taking the first
i=1

derivatives of J, with respect to u, and v,, and zeroing them, respectively, two necessary but

not sufficient conditions for J,to be at its local extrema will be obtained as follows

2

(& -vi) m1 (19)

C

D E-v )_ﬁ

i1

q
27’|Uir|n§|
_ i

v =
q
m
ZMUH
=

EnFCM provides comparable segmenting quality in considerably fast manner for the brain image

Uy =

(20)

used there to FCM_S, but the segmenting quality depends on the chosen window size, the
parameter o and the filtering method. The value of a has to be chosen large enough so that it can
eliminate noise, on the other hand, it also has to be chosen small enough so that the after-

segmented image does not lose much of its sharpness and details.
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2.5 K- Means Algorithm and process of implementation

Currently the clustering method often used for segmenting large-scale images. Clustering is one
of the unsupervised learning method in which a set of essentials is separated into uniform groups.
There are different types of clustering: hierarchical clustering, Fuzzy C-means clustering, K-
Means clustering. The K-Means method is one of the most generally used clustering techniques
for various applications [72,73,74]. K-Means clustering is a partition-based cluster analysis
method. The K-means clustering technique is a widely used approach that has been applied to
solve low-level image segmentation tasks. The choosing of initial cluster centers is very
important since this prevents the clustering algorithm to producing incorrect decisions.The k-
means clustering algorithm is one of the widely used data clustering methods where the datasets
having “n” data points are partitioned into “k” groups or clusters. The k-means grouping
algorithm was initially proposed by Mac Queen in 1967 [75] and later enhanced by Hartigan and
Wong [76]. Bottou and Bengio [77] demonstrated the merging lands of the K-Means calculations
methods and algorithms methodologies. It has been indicated to be exceptionally handy for a
corpus of commonsense provisions and widely used applications. The definitive k-means
algorithm works with in-memory information, yet it could be effectively stretched out for out-of-

memory occupant datasets.

K-Means is one of the relaxed unsupervised erudition algorithms that illuminate the well-known
clustering issue [75]. The methodology trails after a straightforward and simple approach to
group a given information set through a certain number of groups (expect k groups) that have
been established beforehand. The principle idea is to characterize k centroids, one for each
group. These centroids have to be set in a guile manner resulting in a distinctive area of diverse
effects. The subsequent step is to take each point within a given information set and copartner it
with the closest centroid until reaching a state where all the points have been associated with a
group. Once the first stage is done and an unanticipated aggregating is carried out automatically,
we need to reconfigure k new centroids as barycenter of each group due to the last step. After
producing these k new centroids, another binding must be established between the same
centroids set and the closest new centroid. A cycle will be produced. As an after effect of this

cycle, we may recognize that the k centroids will change their regulated areas and at the end of
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the day centroids will not change their positions anymore [77]. The objective function is shown

below; and thus, the algorithm aims to reduce the squared error in this function:

K
03 3 oo e

ieS,
The distance indicator of the n data set points is x; and their represented centroids c; are

[ —cj||2. Methodically speaking, the k-means algorithm is composed of four steps and they are

in the following order.
1) Randomly place k elements in a space representing the items coordinates that are being
clustered.
2) Allocate each item in the space to a group that is the most similar to it.
3) After the assignment of all the items in the space, recompute the k centroid elements and
change their positions, respectively.
4) Repeat steps (2) and (3) until the centroids reach a position where they no longer change

with respect to the distances between all the elements of their group.

Ultimately, the technique will dependably end; however, the k-means calculation does not
usually find the most optimal design, or at least comparing it to the minimum global objective
function that has been stated. The algorithm is delicate and fundamentally dependent on the
beginning arbitrarily elected group centers. The algorithm should run at different times to
decrease this impact though it will choose a different set of centroid search time, making it very

hard to compare its initial indications [76].
The K-Means [77] Clustering Algorithm starts by picking the number K of centres and randomly
assigning the data points Xjto Sjsubsets containing N;data points that minimizes the cost

function. It then uses a simple re-estimation procedure to end up with a partition of the data
points into clusters containing N data points that minimizes the sum squared clustering function.
The clustering process terminates when no more data points switch from one cluster to another

based on minimization of the following objective function:

K
= Y - (22)

=1 ies,
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1
Where Cj =N—in

J ies;
Algorithm:

k-means. The k- means algorithm for partitioning, where each cluster’s center is represented by

the mean value of the objects in the cluster.

Input: k: the number of clusters, D: a dataset containing n objects.

Output: A set of k clusters.

Method: (1) randomly choose k objects from D as the initial cluster centers;
(2) Repeat

(3) (Re) assign each object to the cluster to which the object is the most similar, based on the
mean value of the objects in the cluster. (Re)assign each object to the cluster to which the object
is the most similar, based on the mean value of the objects in the cluster;(Re)assign each object
to the cluster to which the object is the most similar, based on the mean value of the objects in

the cluster;

(4) Update the cluster means, i.e., calculate the mean value of the objects for each clusters; until
no change;

2.6 Fuzzy Local Information C-Means

More recently, Cai et al. [20] proposed the fast generalized FCM algorithm (FGFCM) which
incorporates the spatial information, the intensity of the local pixel neighborhood and the number
of gray levels in an image. This algorithm forms a nonlinearly-weighted sum image from both
original image and its local spatial and gray level neighborhood. The computational time of
FGFCM is very small, since clustering is performed on the basis of the gray level histogram.

However, EnFCM as well as FGFCM, share a common crucial parameter « . This parameter is
used to control the tradeoff between the original image and its corresponding ean- or median-
filtered image. It has a crucial impact on the performance of those methods, but its selection
generally difficult because it should keep a balance between robustness to noise and effectiveness

of preserving the details.
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In other words, the value of « has to be chosen large enough to tolerate the noise, and, on the
other hand, it has to be chosen small enough to preserve the image sharpness and details.
Moreover, the value of « is fixed for all pixel neighborhoods over the image. The Fuzzy Local
Information C-Means clustering algorithm (FLICM) which supersedes the parameter a by a fuzzy
factor in the objective function to delineate the noise and detail image preservation proposed by
Krinidis and Chatzis [21].FLICM (Fuzzy Local Information C-Means), is a robust fuzzy local
information cmeans clustering algorithm, which can handle the defect of the selection of
parameter « as well as promoting the image segmentation performance. In FLICM, a novel fuzzy
factor is defined to replace the parameter « used in EnFCM and FCM S and its variants, and the

parameter « used in FGFCM and its variants.

The new fuzzy local neighborhood factor can automatically determine the spatial and gray level
relationship and is fully free of any parameter selection. Thus, FLICM has the following attractive

characteristics:

1) It is relatively independent of the types of noise, and as a consequence, it is a better choice for

clustering in the absence of prior knowledge of the noise;

2) The fuzzy local constraints incorporate simultaneously both the local spatial and the local gray

level relationship in a fuzzy way;

3) The fuzzy local constraints can automatically be determined, so there is no need of any

parameter determination;

4) The balance among image details and noise is automatically achieved by the fuzzy local
constraints, enhancing concurrently the clustering performance. All these characteristics make

FLICM a more general and suitable for image clustering algorithm.

According to the FLICM [21], the fuzzy factor is given by

By using the definition of G,,, the Fuzzy Local Information C-Means (FLICM) clustering

algorithm incorporates local spatial and gray level information into its objective function, defined

in terms of;
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The objective function of the fuzzy ¢ means algorithm with local information is given by

N ¢ N ¢
3 =23 unlx v+ D> 6y (23)
v=l k=1 v=1l k=1

1 m 2
G = Zde +1(l_ukv) %y =vie] (24)

Where the spatial Euclidean distance between pixels x, and x, is denoted byd,,, n,is the set of
neighbours within a window around x, and x, represents the neighbours ofx, and u,, is the
neighbours ofu,, . With respect to clusterk ,x, is the gray value of the k™ pixel, u,, represents

the fuzzy membership value of the v"pixel and N is the total number of pixels in the gray scale
image f =[x, x,....xy1, X, is the gray value of v" pixel, c denotes the cluster centre and m

determines the fuzziness of the consequential partition.

With the fuzzy factor G,,, the capability of noise reduction improves. The fuzzy partition matrix

is given by
1
Uy = 1 (25)
< —vi” + G | ™
D
j=1 ||xv—vj|| +ij
N
D uix,
And v, = "2; (26)

Further the methods described in the algorithms have yielded effective clustering results for

images, but still have some disadvantages:

1. Although the introduction of local spatial information enhances their insensitiveness to
noise to some extent, they still lack enough robustness to noise and outliers, especially in

absence of prior knowledge of the noise;
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2. There is a crucial parameter « in their objective functions, used to balance between
robustness to noise and effectiveness of preserving the details of the image. Generally its

selection has to be made by experience or trial and error experiments;

3. They are all applied on a static image, which has to be computed in advance. Details of the
original image could be lost depending on the method used to generate the new image.

2.7 Modified Fuzzy Local Information C Means (MFLICM) Algorithm

In order to overcome the above mentioned disadvantages, the fuzzy factor in objective function is

modified to have some special characteristics:

1. Toincorporate local spatial and local gray level information in a fuzzy way in order to

preserve robustness and noise insensitiveness.

2. To control the influence of the neighborhood pixels depending on their distance from the

central pixel.
3. To use the original image avoiding preprocessing steps that could cause detail missing.
4. To be free of any parameter selection.

Let the N sample data given by X ={x,x,,x3.....xy }. Fuzzy C Means [14] algorithm the cost
function minimized as :

N [
=Y el -vif’ (27)

k=1 i<l

Where v, is the cluster center, mis fuzziness coefficient, u, IS membership matrix, x, is the

gray value of the k™ pixel. Ahmed et al. [18] introduced a parameter « as a neighbor and the

modified objective function is given by

c N c N
T =2 it vl =23k D e -l @5

i=1 k=1 i=1 k=1 reN,

Where x, represents the neighbor of x, and o controls the neighbors term. Chen and Zhang [6]
proposed a variant by taking mean to reduce the complexity, and the objective function is given
by
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c c N
3= Sl —ulf XD um S v (29)

i=1 keN, i=1 k=1 keN

Where x, is a mean of neighboring pixels lying within a window aroundx,. For faster

segmentation, L.Szilagyi et al. [19] proposed enhanced fuzzy ¢ means EnFCM algorithm where

image & is considered from the original image and is given by
1 a
Sk :_{Xk +N_ Xj] (30)

Where q represents the number of gray level and less than N, the gray value of k™ pixel of image

Eis given by &, x; is neighbors of x,, N, is set of neighbors around x, . Now the new objective

function is given by

C

N
Js :Z;%Uk@"é _Vk||2 (31)

1=1 K=

Where u;, represents the fuzzy membership of gray value I. », is the number of the pixels

having the gray value equal tol, and 1=12,...N

According to the FLICM [21], the fuzzy factor is given by

1 m 2

- z 1— — 32

Gy kENVde +1( ukv) "Xv Vk" (32)
vzk

To improve the noise reduction capability the fuzzy factor is modified, and the new cost function

is given by
N ¢ N ¢
Js =Zz7lukn\1/"§| _Vk||2 +ZZEXP(G|<V) (33)
=1 k=1 v=l k=1

With the new objective function, the segmentation accuracy has been improved and presented

in the result section.
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2.8 Machine Learning Classification Method
2.8.1 Radial Basis Function Neural Network

A RBFNN is an artificial neural network that uses radial basis functions as activation functions.
Figure shows the structure of the RBFNN [79,80]. The RBFNN is three layered feed-forward
neural network. The first layer is linear and only distributes the input signal, while the next layer
is nonlinear and uses Gaussian functions. The third layer linearly combines the Gaussian outputs.
Only the tap weights between the hidden layer and the output layer are modified during
training. This algorithm overcomes many issues in traditional gradient algorithms such as
stopping criterion, learning rate, number of epochs and local minima.

Due to its shorter training time and generalization ability, it is suitable for real-time applications.
The radial basis function selected is usually a Gaussian kernel for pattern recognition application.

LMS Based Learning

Input layer Hidden layer Output layer

Fig:2.10 LMS Based Radial Basis Function Neural Network

In this model, it is noticed that in RBFNN [80] model the input and number of hidden nodes are
equal. In the RBFNN model, a random weight is trained iteratively and weights has been
assigned to the computational hidden node. This reduces the overall nodes requirement and
provides better approximation to the pattern classification task.
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The activation function of the N hidden neuron is defined by a Gaussian Kernel as
[—IIXa G J
20‘5
Zy(x)=e (34)

Where o is the parameter for controlling the smoothness of the activation function and Cjis the
center of the hidden node and |x; —c;| indicates the Euclidean distance between the inputs and the

function center.

The output at the output layer is given by

. Ao )2]
y = Z(Vllxl TVXp == === VinXn)-€ o

n- (35)
The error is calculated by subtracting the actual output from the desired output vector:
e =d,—vy, (36)
for n=1,2,3,................. M

The network weight is now updated by using Widrow Hoff’s Least Mean Square algorithm:

Wmn(p +1) = Wmn(p)+ 77( p)x-krn ekm (37)
fork=1,2,3,...,K,n=1,2,3,... m=1,2,3,...M

Here ‘p’ is the number of learning cycle and the learning rate parameter ‘n’ is a function of p’.
The weights are updated during training phase. The number of weight column thus needed
completely depends on the number of classes present in the data set.

The objective function is to minimize the error and the mean square error is given by

N

MSE(®) =D (d - ya (38)

n=1

Where “d” is the desired vector.
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2.9 Support Vector Machine

The development of ANN followed a heuristic path, with the applications and extensive
experimentation preceding theory and suffers from multiple local minima while the solution to
an SVM [81-83] is global and unique. Consider a soft margin SVM for linearly non separable
classes. For binary classification in SVM the input vector x. for linearly separated data defines a

space of labeled data point called input space and the target vector is given by vy, =+1 , where

=1,2,......... m is the input pairs or number of samples.

(=) /\ Optimal hyper
SVs plane

Fig .2.11. Two class problem with hyperplane analysis

The hyper planes HO, H1 and H2 achieve zero empirical risk, we have to maximize the margin
which is same as minimizing the distance between the hyperplane and HO generalizes optimally.

In an arbitrary dimensional space a decision function separating hyperplane can be written
asW.x +w,, where w,=bias, which translates the hyperplane away from the origin and w is the
weight. Thus, we considered a decision function of the form

f(x)=sgn(w.x+w,) (39)

If wx+w, —>-+ve f(x)=+1
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And wx+w, > -ve f(x)=-1 (40)
Considering two points (x,, x,) on the decision boundary B1 and B2, we can write w(x, — X, )= 2.

So, the margin will be given by the projection of the vector (x1 —xz) onto the normal vector to

the hyperplane.
Under the circumstance that two supporting planes perfectly separates the two classes of
patterns, the margin, measured by the perpendicular distance between the two support planes, is

given by,
=

41
Tl Tl " e 41

where |w| denotes the Euclidean norm of the weighting vector w

Besides the aim to find a plane separating the patterns, SVMs also try to find the one inducing

the largest margin. Without changing the objective, it is possible to minimize the |w| instead of
maximizing (4.24). Furthermore, the objective to minimize the |w is adapted into the following

form:

Margin = (42)

The margin of a classifier is defined as the shortest distance between the separating boundary
and an input training vector that can be correctly classified. Optimal solution to an SVM

classifier is associated with finding the maximum margin.

Maximizing is same as m|n|m|zmg||w|| so Maximizing the margin is thus equivalent to

|| ||
minimizing the function CD(W)=%(W .W), subject to constraint y, [w.x, +w, |>1.

. 1, 2> 1

min {2 = Swn )
Wty (wx; +wg)-10

By introducing Lagrangian multipliers (o, e, - ay )0, the equation (1.36) can be converted to

the Lagrangian primal objective function

31



L(W,Wo,a):%(WT .w)—iai [yi (W.Xi +W0)—1] (44)

Where L(w, wo,a)is the Lagrangian function.
The Lagrangian has to be minimized with respect tow, w, and maximized with respect toa >0.

The minimum with respect tow and w, of the Lagrangian, L(W, Wo,a) , IS given by,

i—0:>iocy—0 (45)
6\N0 = iJi
oL N

and —=0 w= VX 46
8W :> ;alyl 1 ( )

The data points X, for which ¢, > 0 are those points that are lie on the margins as well as

inside the margin is called support vectors. From the solution given in equation (46), most of

the ¢, are zero.

Support vectors are the patterns which is most informative for the classification task. At the end
of the training period, such a pattern will be one of the support vectors.
Solution for w can be written in a quadratic equation

W(a)z{iZN_l:ai —%ii aiajyiyj<xi,xj>} (47)

i=1 j=1
N
Subject to Zai y, =0 where ¢, is the hyper parameter or Lagrangian multiplier.
i=1
In the context of classification, SVM classifier first maps the input data vector X into a higher

dimensional space through an underlying nonlinear mapping CD(X), and then applies linear

classification in this mapped space.

For non separable data, we will have alternative of mapping of data into higher dimensional
space, as

X, *X; = O(x, )o(x;) (48)
This higher dimensional space is called a feature space and then the kernel function is given by
@(x )D(x; ) > K(x,x;) (49)
So, the kernel is therefore the inner product between mapped pairs in the feature space.

Therefore, the RBF kernel is given by
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K(x.x; )= e,:HXiiXj %fz (50)

1? ]

The point of estimates of the weights W ={wj }?‘ZO needed by SVM, such that the linear

combination of the base functions ® = {K(xi X )}iNj:lfits the training targets closely. At the same

time, it reduces the complexity of computation by forcing the majority of the weights to zero.

The SVM predictions is given by
N
yi (X, w) = f,p, (X, W) :ZWiK(XIXi)+WO (51)
i=1

y(X, W) = d(x)w (52)
And W= [W,, W, W, ,.... W, "
Where K(X,X;) is a RBF kernel function and it is the key factor in SVM to satisfy the “Mercer

Condition”. And @ is an augmented kernel matrix and is given by

K(nyl) K(Xl!xz) K(Xl'XN)

©o K(x:z,xl) K:(Xlez?."' K(x:l,xl)

K(XN’X1) K(XN’Xl) K(XN’XN)
This matrix is formed by all the basis functions evaluated at all the training points that is with the

RBF kernel functions.

For pattern classification problem, SVM we have to maximize

N 1 N N
W(a)zzai_EZZ aiyiajyjK(Xi’Xj) (53)
i=1 i=1 j=1
N
Subject to Zai y; =0 where o;,«; are the hyper parametersand i=1,2,.......... N

i=1

The decision function is given by
N
f(x):sgn(Zai YK (x,x, )+ Woj (54)
i=1

Some advantages of SVM are (i) it smoothly handles the non linear problems (ii) good prediction

accuracy and involved simple mathematical calculations.
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CHAPTER THREE
3. METHODOLOGY

3.1 Overview

Basically, brain tumors are categorized as malignant and benign tumors, which grows
abnormally in the brain. Malignant tumors contain cancerous cells which grows to all the parts of
the brain due to non-uniform structure. Benign tumors are of uniform structure and contains non-
cancerous cells. By utilizing the segmentation and classification techniques, doctors can track
and predict the uncontrollable growth of cancer affected areas at different levels to provide
suitable diagnosis at early stage. Segmentation of image from the magnetic resonance images is a
consequential and arduous task for detection of brain tumor tissues. It becomes a challenging
task due to the involute structure and variations in images. Further, the classifiers such as support
vector machine (SVM), probabilistic neural network (PNN), are some of the popular classifiers
has already been used for classification of brain tumors. Due to the complex mathematical
calculations and higher computational time requirements in the mentioned classifiers, we are
motivated to propose a hybrid modified PSO based ELM classification model for classification
of brain tumors from magnetic resonance images. This chapter presents a novel optimization
algorithm based on Particle Swarm Optimization (PSO) hybridized with ELM (Extreme
Learning Machine) model for automatic brain tumor detection and classification. The image
segmentation techniques based on FCM algorithms are predicated on a rudimental region growing
method and uses membership grades of pixels to relegate pixels into felicitous segments and it is found
that, FCM algorithm has ability to obtain texture and background information from the simple images, but
failed in the case of complex noisy images where spatial information’s are not considered. So, for
reduction of noise and smoothening of brain tumor magnetic resonance image an improved fast
and robust fuzzy ¢ means algorithm (FRFCM) segmentation algorithm has been proposed in this
research work. The gray level co-occurrence matrix (GLCM) technique has been employed to
extract features from brain tumor magnetic resonance images and the extracted features are fed
as input to the proposed modified PSO based ELM model for classification of benign and
malignant tumors. In this research work the ELM model’s weights are optimized by using PSO

algorithm which provides a unique solution to get rid of the hectic task of radiologist from
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manual detection. The classification accuracy results from different conventional models are

compared with the proposed PSO based ELM model and presented.
3.2 Contribution of the Research Work

Due to the complex mathematical calculations and higher computational time requirements in the

mentioned classifiers, motivates to propose a hybrid PSO based ELM classification model for

classification of brain tumors from magnetic resonance images. The proposed research work

presents a novel image segmentation and classification technique for automatic detection and

classification of brain tumor from magnetic resonance images.

The research work focuses on three contributions based on segmentation and classification. The

contributions are summarized as follows:

In first aspect, an improvement to fast and robust FCM based segmentation algorithm has
been proposed. The improvement has been made to the membership partition matrix of
the FCM algorithm and a wiener filter is employed to improve the rician noise reduction
capability and purpose of segmentation. Further, the fuzzy membership value of the pixel
has been updated to maintain image precision and smoothening of the magnetic
resonance brain tumor images. The complete mathematical derivation has been
developed for the new FRFCM segmentation algorithm to maximize the segmentation

accuracy.

In the second aspect, modifications to the parameters of particle swarm optimization
(PSO) algorithm has been proposed to maximize the optimization performance of the
hybrid algorithm. The convergence parameter, position and velocity equations in the
algorithm has been modified and the mathematical calculations with modification has
been developed. With the modified convergence parameter, new velocity and position
equations the proposed PSO algorithm has been employed to optimize the weights of the

ELM model for classification of brain tumor.

In the third aspect the results of automatic segmentation and classification using GUI and
implementation through Raspberry P13 for visual detection and classification has been

presented.
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3.3 Research workflow diagram

The research work follows the steps such as (i) The magnetic resonance images has been first
collected and segmented by the novel FRFCM algorithm and the features has been extracted from
the images utilizing GLCM (Gray Level Co-occurrence Matrix) technique. Further (ii) the
extracted features has been given as input to the proposed Extreme Learning Model (ELM) for the
classification of encephalon tumors. In the third stage (iii) the weights are updated utilizing
PSO(Particle Swarm Optimization) algorithm to update the weights of the extreme learning
machine model. In the 4" stage (iv) The classification comparison results from the proposed

extreme learning model, support vector machine and relevance vector machine model will be

presented.
MR Brain Tumor

Image (Data)

!

Proposed FRFCM
algorithm for Image
Segmentation

l

GLCM feature Extraction

— | T,

SVM RVM

Extreme Learning Machine, PSO-ELM

l

Classification comparison of alaorithms

Benign Tumor Malignant Tumor

Fig.3.1 Research workflow diagram
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3.4 Implementation
The research flow diagram indicates the step by step accomplishment of the research work.
Further the block diagram shows the flow of algorithm application for detection and

classification of brain tumor.

Pete(_:hor_l, F . Exh’acteded Extreme Learning
;C“*’-‘hzat‘M OERY | ractionby | FE:l‘;tmt‘eSﬂl 8, Machine Model
mnput to the
Segmentation) GLCM Feature model]
Malignant/Beionin

Testing through - :
Embedded Platform |C°mpﬁﬂs°ﬂ ‘

Feature Extracted SVMRVM  model
extraction by Features fed as |, Weight Optimization
GLCM Feature mput to the By LMS

model

Fig.3.2 Block Diagram Representation of Implementation

3.4.1 Data Collection

According to the World Health Organization (WHO) classification system to identify brain
tumors, there are more than 120 types of brain tumors which differ in origin, location, size,
characteristics of the tumor tissues [84,85]. In this research work, there are three types of
malignant tumors considered which are: Glioblastoma: primary malignant brain tumors that are
classified as Grade 1V and developed from star-shaped cells, called astrocytes that support nerve
cells. It usually starts in the cerebrum. Sarcoma: has different grades that vary from grade | to
grade IV and it arises in the connective tissues like blood vessels. Metastatic bronchogenic
carcinoma: secondary malignant brain tumors that was spread to the brain from bronchogenic

carcinoma brain tumor.

The dataset consists of glioblastoma, sarcoma and metastatic bronchogenic carcinoma tumors
collected from Harvard Medical School website (http://med. harvard.edu/AANLIB/) [84]. All the
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brain MRIs was in axial plane, T2-weighted and 256 x 256 pixel. A sample of the dataset is
illustrated in Fig. 3.3

(a) Normal (b) Metastatic Bronchogenic  (c) Sarcoma (d) Glioblastoma
Carcinoma

Fig.3.3 Diseased tumor in comparison to Normal

The real time data has been collected from the various renowned hospitals of Ethiopia such as
Q) Tikur Anbessa (Black Lion) Hospital, Addis Ababa
(i)  Armed Forces General Hospital, Addis Ababa
(iii)  St.Paulo Hospital, Addis Ababa, American medical center, Addis Ababa
(iv)  Adama general hospital and medical college, Adama
The data has been collected from the above hospitals to analyze real time tumor tissue
occurrence from the magnetic resonance image. The above hospitals have provided 5000
different types of magnetic resonance scan images for patients. The type of data to be collected
involves
(i) The magnetic resonance image of the patients.
(ii) The detailed information of the patients during the growth of tumor.
(iii) The stages of tumor related to dimension.
(iv) The patient’s body part condition such as eye vision, headache etc. During the
starting and slow growing of tumor tissues.
The method of data collection involves as
(i) We have consulted two doctors and one radiologist from each hospital as a group
and take information about the patients.
(ii) Doctors provided information about the quality of image and type of diagnosis
they are considered for patients.
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(iii) Doctors discussed method of their treatment of the tumor tissues and
identification of tumor tissues from images.

To test the model with the real data collected, we have collected nearly 5000 images from the

web www.diacom.com /Harvard medical school architecture and Alzheimer’s disease

Neuroimaging Initiative (ADNI) public database (http://adni.loni.usc.edu/), and BRAT data set.

3.4.2 Feature extraction using GLCM (Gray Level Co-occurrence Matrix)
technique

The statistical textural features such as correlation, DM (Directional Moment), entropy,
coarseness, kurtosis, homogeneity and energy were extracted using gray-level co-occurrence
matrix (GLCM) [86,87] technique for classification. These extracted features were used as input
vectors for training and testing the performance of PSO based ELM classifier. The statistics
feature formula for some of the useful features is listed below.

(1) Mean (M): The mean of an image is calculated by adding all the pixel values of an image
divided by the total number of pixels in an image.

1 m-1 n-1
M :(mxnjxo 2. f(xy) (55)
(2) Standard Deviation (SD): The standard deviation is the second central moment describing
probability distribution of an observed population and can serve as a measure of inhomogeneity.
A higher value indicates better intensity level and high contrast of edges of an image.

~ 1 m-1 n-1 ,
sofe)- [ 2358 160w 59
(3) Entropy (E): Entropy is calculated to characterize the randomness of the textural image and
is defined as
m-1 n-1
E=->"> f(xy)log, f(xy) (57)
x=0 y=0

(4) Skewness (Sk): Skewness is a measure of symmetry or the lack of symmetry. The skewness

of a random variableXis denoted as (X) and it is defined as

sk(x)=[ 1 ]Z(f(x,y)—M)s’ (58)

sp?®

39


http://www.diacom.com/
http://adni.loni.usc.edu/

(5) Kurtosis (Skx): The shape of a random variable’s probability distribution is described by the
parameter called Kurtosis. For the random variable X, the Kurtosis is denoted asKut(X)and it is
defined as

[ 1 jZ(f(x, y)-M)* (59)

mxn spD*

Kurt(x):

(6) Energy (En): Energy can be defined as the quantifiable amount of the extent of pixel pair
repetitions. Energy is a parameter to measure the similarity of an image. If energy is defined by

Haralicks GLCM feature, then it is also referred to as angular second moment, and it is defined

m-1n-1
as Energy=_[> > f2(xy) (60)
x=0 y=0

(7) Contrast (Con): Contrast is a measure of intensity of a pixel and its neighbour over the

image, and it is defined as

m-1n-1

Con = Z (X - y)2 f (X, y) (61)
x=0 y=0

(8) Inverse Difference Moment (IDM) or Homogeneity: Inverse Difference Moment is a

measure of the local homogeneity of an image. IDM may have a single or arrange of values so as

to determine whether the image is textured or non -textured.

m-1n-1 1
IDM = ——f(x,y) (62)
X_OyZ_;‘H(x—y)z

(9) Directional Moment (DM): Directional moment is a textural property of the image

calculated by considering the alignment of the image as a measure in terms of the angle and it is

defined as
m-1 n-1

DM :ZZf(x,y)x—y| (63)
x=0 y=0

(10) Correlation (Corr). Correlation feature describes the spatial dependencies between the
pixels and it is defined as

S )T y)- MMy

0,0y

Corr = (64)

whereMx andox are the mean and standard deviation in the horizontal spatial domain andMy

andoy are the mean and standard deviation in the vertical spatial domain.
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(11) Coarseness (Cness). Coarseness is a measure of roughness in the textural analysis of an
image. For a fixed window size a texture with a smaller number of texture elements is said to be
coarser than the one with a larger number. The rougher texture means higher coarseness value.

Fine textures have smaller values of coarseness. It is defined as

m-1 n-1

Chess = 2"‘%22 f (Xv y) (65)

x=0 y=0

The normalized features are presented in Table 3.1.

Table 3.1 Normalized feature extraction

Images Correlation DM  Coarseness Skewness Kurtosis Energy

Img-1(Healthy) 0.1233 0.1593 0.1322 0.3448 0.9614 0.2677
Img-2 (Benign) 0.1211 0.1416 0.3418 0.4282 0.4641 0.1454
Img-3(Benign) 0.1084 0.0701 0.2503 0.2826 02704 0.1611
Img-4 (Malignant) 0.1061 0.0552 0.2602 0.3703 0.2117 0.1458
Img-5(Malignant)  0.1309 0.0106 0.1928 0.3882 0.3304 0.1066

3.5 RVM (Relevance Vector Machines)

RVM model adopt a Bayesian approach to learning and also use a prior over the model weights
governed by a set of hyper parameters. For SVM the support vectors are typically formed by
“borderline”, difficult to classify samples in the training set, which are located near the decision
boundary of the classifier; in contrast, for RVM the relevance vectors are formed by samples
appearing to be more representative of two classes. In RVM the kernel function need not satisfy
‘Mercer Condition’ for arithmetic’s validity and does not depend on Structural Risk
Minimization Principle and VVC dimension. RVM attains good accuracy comparing to the SVM.

Michel E. Tipping [88] proposed RVM to recast the main ideas behind SVM in a Bayesian
context. The RVM decision function can be much sparser than SVM classifier. RVMS are based
on a Bayesian formulation of linear model with an appropriate prior that results in a sparse
representation. From the training set we wish to learn model of the dependency of the targets on
the inputs with the objective of making accurate predictions. To overcome the disadvantages, we
illustrate our approach with a particular algorithm the ‘Relevance Vector Machine’ (RVM)[89],
a model which is identical to the “support vector machine’ (SVM). The RVM produces a much

sparser approximation than the SVM.
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corresponding class labels or target t=(t1,t2,————tN) with te(-11) .In this case it is
desired to predict the posterior probability of the membership of one of the classes for given the

input x, the RVM model follow the sigmoid function o(y)= }(1+e_y)

A RVM classifier model applying the logistic sigmoid function is given by
p(ti =1 W) = [G(y(xi ;W))] = %+ o Y0iw) (66)
The RVM classifier function is given by

YOW) = Frams () = S WK (5, ) + Wy = DW (67)

i=1
Where N is the length of the data and the weight vector w =[w,, W,, W,,......W ]

And @ isa N x (N +1)design matrix with & =[g(X, )........... #(x,, )]" where

Bx )= [ K (X, X, oo K(x,,xy)]" and K(x,,x, )is a kernel function. The kernel function is
used to form expansion basis functions for f,, , and in theory, is not limited by the Mercer’s

Condition.

Those training vectors associated with the non-zero weights are called Relevance Vectors and
predictions are made based on the posterior distribution over the weights. The next section
provides the method of constructing a decision tree based on the extracted features of the power

signal disturbance waveforms.

3.6 Proposed fast and robust FCM (FRFCM) segmentation technique:

After data collection the segmentation of the images will be done by proposed FRFCM (Fast and
Robust Fuzzy C Means algorithm to detect the brain tumor tissues and removal of the ricin noise.
From literature survey, some preliminary segmentation technique has been applied with brain
tumor web data, but all the algorithm fails to provide required noise removal from the image and
detection of tumor. To improve the drawback that of the FCM related algorithms presented
above such as FLICM, FGFCM, NDFCM, etc which is sensitive to noise, we are proposing a
Fast and Robust FCM (FRFCM) algorithm by incorporating local spatial information_to FCM

algorithm to get better precision result.
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The proposed improved fast and robust FCM segmentation improves noise reduction capability
by employing a Weiner filter to the modified membership partition matrix of the objective
function of FCM algorithm with local information. The objective function of the fuzzy ¢ means
algorithm with local information [22] is given by

I 3 ST ML o ol (68)

1 v=l k=1

1 m
Gy = Zdw +1(1_ukr) ||Xr _Vk”2 (69)

Where the spatial Euclidean distance between pixels x, and x, is denoted byd,,, n,is the set of
neighbours within a window around x, and x, represents the neighbours ofx, and u, is the
neighbours ofu,, . With respect to clusterk ,x, is the gray value of the k™ pixel, u,, represents
the fuzzy membership value of the v"pixel and N is the total number of pixels in the gray scale
image f =[x, %,....xy], x, is the gray value of v pixel, c¢ denotes the cluster centre and m

determines the fuzziness of the consequential partition.

With the fuzzy factor G,, , the capability of noise reduction improves. The fuzzy partition matrix

IS given by

U = L (70)

And v, = (72)

2. U

v=1
From equation (3), it is found that the factor G,, is completely free of using any parameter that
controls the balance between the image noise and the image details, but computational
complexity increases. Clearly, there is a contradiction between improving the robustness and
reducing the computational complexity simultaneously for FCM.

To reduce the computational complexity, the membership partition matrix is modified as
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- Z ( ) | _ 72
Gkv & exp(dvr)+l kr”xr Vk" ( )

V#r

Where u,, is the neighbours ofu,,, &is gray value of image and 7 is the smoothness parameter

between 0 and 1. Further, considering the morphological reconstruction operations such as

dialation and erosion, the reconstruction of the image is considered as &, , which is given by
&p =R (f) (73)
Where RS represents the morphological closing reconstruction which is efficient for noise

removal and f denotes an original image and reconstruction operators considering

morphological closing reconstruction is given by
Rec(f): Rgfﬂ(l(f))(ﬂ(R'fB(Z(f))» (74)
Where yis the erosion operation, gis the dilation operation, cis the closing operation and f

represents original image. With image reconstruction operation, the filtering capability

increases. Now, with morphological closing reconstruction the objective function is modified as

=3 3wl ]33 c 79

k=1 p=1 k=1 p=1

From equation (80), it is evident that u,, represents the degree of membership of gray value p in
clusterk,&, is a gray level, 1<p<q, qrepresents the gray levels contained in ¢&. Then the

modified fuzzy factor is given by

G, = ZMQL;;"% v | (76)

or exp(d,, ) +1
Where u,, = ! : (77)
i 6o v +6 | ™
= "§p _Vi|| +Gjp
zulg‘fp
And v, =L (78)
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Now, we can write the membership partition matrix in the form as U=[ukp]°*q. Further,

considering convergence speed of the algorithms and the performance of the partition matrix U
we employ a wiener filter [82]. The new membership partition matrix is given by

U' =wiener[U] (79)
The steps of implementation of the algorithm is as follows:

Step 1: Choose the cluster valuec, filtering window sizew, and fuzzification coefficientm,
maximum number of iteration at the beginning.

Step 2: Set loop counterl =0 and update the cluster centre.

Step 3: Initialize the membership partition matrix randomly

Step 4: By using the equation &, =R¢ (f ), compute the new image.

Step 5: Update U' according to equation (84) until convergence of objective function, else go to

step 2.

3.7 Proposed PSO based ELM model
3.7.1 Motivation

The motivations of introducing local liner model as follows
1. ELM provide a frugal interpolation in high dimension spaces when modeling
samples are sparse.
2. ELM replaces the connection of weights between the hidden layer and output
layer of conventional RBFNN to have faster convergence speed.
3. ELM requires less number of neurons to approximate the nonlinear system and it
is more efficient because the ability of approximation in the hidden layer units.
4. The input and number of hidden layer nodes are equal which reduces overall node
requirement.
3.7.2 ELM Model
Recently, Bayesian methods are exploited [90, 91] to learn the output weights of ELM to gain
higher generalization. Bayesian methods have advantages for machine learning problems that
they try to estimate the probability distribution of output values instead of fitting to data, and
hence avoiding data over fitting. A non-sparse Bayesian approach for ELM (BELM) for

regression was proposed recently, where the output weights are with Gaussian priori distribution
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conditioned on a shared hyper prior parameter. Meanwhile, the classification task has not been
solved in due to a more complicated Bayesian learning process.

In this research work, we propose a sparse Bayesian learning (SBL) approach [92], [93] for ELM
(called SBELM) that learns the output weights of ELM classifier, where the parameters of
hidden layer are randomly generated as in the conventional ELM. SBELM finds sparse
representatives for the output weights assumed with priori distribution instead of adding/deleting
hidden neurons. The SBL is a family of Bayes methodology that aims to find a sparse estimate of

output weights to w,,k=0to L (L is the number of hidden neurons), by imposing a

hierarchical-independent hyperprior @, on each w, in which somew, s are automatically tuned
to zeros during learning phase. Derivatives of SBL mainly vary in the distribution of the
hyperprior p(e«,)among which the automatic relevance determination (ARD) prior [94], which
commonly assumes Gamma distribution as the learning strategy. A classic of such algorithm is
relevance vector machine (RVM) [95], which is the Bayesian approach for support vector
machine (SVM) [96]. The proposed SBELM assumes the output weights w, are conditioned on
ARD prior to gain sparsity by tuning somew, to zeros, leading to pruning the corresponding

hidden neurons. Hence, SBELM has the advantages of both SBL (high generalization and

sparsity) and ELM (universal approximation and efficient learning speed).

Given a set of N training dataset D=(x;,d;)i=1 to N with each x, is a vector andd;is the

expectation output. The output function of ELM with L hidden neurons is represented by

y= ZL::Bkhk (Wi; x) (80)

Py
where h(w; x)=[L hy(w;; x),.......h, (w; x)]is the hidden feature mapping with respect to input
x =[x,....xy ]are randomly generated parameters of hidden layer and g is the weight vector of all
hidden neurons to an output neuron to be analytically analyzed. h, (-) which is the activation
function of hidden layer. Equation (80) can be written as

Hp=y (81)

Where H is the N x (L +1)hidden layer feature-mapping matrix, whose elements are as follows:

46



1 hl(Wl;Xl) hL(WN;Xl)
H=|: : : : (82)

1 hl(Wl?XN) hL(WN;XN)

(x v; )2]
20n2

ANd hy (W5 Xy ) = [WyXg Wy Xgoonn Wy Xy ]e[
Where ¢’ is the parameter for controlling the smoothness of the activation function and v is the

center of the hidden node and |x; —c;| indicates the Euclidean distance between the inputs and the

function center.
The i th row of H is the hidden layer’s output vector for an instance x . Equation (81) is a linear

system, which is solved by
p-u'd,  H' =(HH)'H (83)

Where H' is the Moore—Penrose generalized inverse of matrix H

PSO Based Learning

Input layer Hidden layer Output layer

Fig. 3.4 PSO Based ELM Model

dy b1
Anddz:OI2 , B= :ﬂl
d, B
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3.7.3 Proposed learning algorithm steps:

Thus, a simple learning method called extreme learning machine (ELM) can be summarized as
follows:

Algorithm ELM: Given a training set x:{(xi,di)(xi eR"t; € R i=L..... N}activation
functionh(x), and hidden node number,

Step 1: Randomly assign input weight w. ,i=1...,N.

Step 2: Calculate the hidden layer output matrix H .

Step 3: Calculate the output weight 3.
B=H"d
Where d =[d,,.....dy ]

3.7.4 Choosing center of the ELM model using Enhanced Fuzzy C Means algorithm
This process of choosing center is as follows

Stepl: Let X=|xy,x;...xp)l i=12..N is the data set. The centers ‘C’ have been randomly
initialized from the data set.

Step2: Initially take random centers and the data points as the input features.

Step 3: For each data point the center having the maximum probability of finding the nearest
mean to each data point, and reassigning the data points to the associated centers, and then re-

computing the cluster means is chosen as the corresponding center by using the formula

_é%ui.mf.

v q
WAH

The center of the ELM model is updated by the formula
v, (n+1)=v, (n)+n(x -v,(n))
Step 4: Repeat step-2 to step-3 for each data point and the optimized center was obtained at the

end of iteration.
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3.7.5 Sparse Bayesian Approach to ELM

We begin with binary classification, in which every training sample can be treated as an

independent Bernoulli event, whose probability p(t|x) is Bernoulli distribution. We write the

likelihood as
plt].h)= ﬁa{v (h :ﬂ)}ti L ofy (h; )T (84)

i=1
Where G(-)is sigmoid function

1
U{Y(h;ﬂ)}zm (85)

and y(h; 5)=hps
Where t=(t,...ty)" t, € {0,1} and S =(f,...8.)" . A zero-mean Gaussian prior distribution over

each parameter wk conditions on an ARD(automatic relevance determination) hyper parameter

o, 1s given by

(Bler )= N(B 0.t (86)
/)= Nors exr{— “kf ‘ J (87)

Where o = [aoalaz ...aL]T. Importantly, there always exists an independent «, associated with
eachw, . The ARD prior selects the significant hidden neurons by controlling some values
of W, ’s to zero. Next step is to marginalize the likelihood over t conditioned on & and H .The

values of « are determined by maximizing the marginal likelihood by integrating the weight

parameters w
pltleeH)= [ plt}s, H)p(Bier)dw (88)
The core learning procedure involves establishing the distribution of p(t/ a,H) to determine @ by

maximizing the marginal likelihood. The integral of (93) is, however, intractable; ARD
approximates a Gauss for it with Laplace approximation approach, which is achieved by
evaluating a quadratic Taylor expansion of log-posterior function. The mean and covariance of
the approximated Gauss are the Laplace’s mode and negated inversed second derivative (Hessian

matrix), respectively. Thus
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=3 Iny, +(@-t)inL-, )2 " A+ cons (89)

N

L
where y, =oly(h;B)land A= diag (a).Here, we letconst= > (Ine, ~1/2In27), which is not

k=0

associated with w. Generally, it is efficient to find the Laplace’s mode Wusing Newton—
Raphson method iterative reweighted least squares (IRLS). Given (94), its gradient VE and

Hessian matrix ® need to be figured out

N

VE=V, |n{p(t|,B, H)p(ﬁ|a,) }: Z(ti =i )hi —ApB

i=1

=H"(t-y)-AB (90)
®=v,v,.nlplt)s,H)p(Ale,) } =—(H"BH+A) 1)
where y = [y1 Yoreeo Yn ]T , B is an N x N diagonal matrix with element

7, =y;(0—y;)anddo/dy=c(l- ). Therefore, by using IRLS, W is obtained by
Brow = Bog — P VE = (HTBH - A)_lHTBf (92)

Where f = Hw+ B_l(t - y). The center W and covariance matrix Yof Gauss distribution over w by

Laplace approximation are

W=> H"Bf (93)
S =(H'BH+A) (94)
Therefore, we obtain p(t| B, H)p( a)oc N(W,Y). After gaining Gaussian approximation forw, the

integral in (10) becomes tractable. The log marginal likelihood is as follows:
Her)=1n p(t|a,H)
_ —%[Nln(Zn)+ InB+ HAH | +(f)T(B+HAHT)_lf}
- _% [N In(277)+ In|C|+ (f)TC_lf] ®3)
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Where C = B+HAH ". Set the differential of #(cr)with respect to « to zero

o) 1 1 1 x,
= —_—— :0
oo, 2a4 ZZkk Z'Bk
g = 1T % (96)

i

By setting g, and ¢, with initial values, Wand > are updated from (95) and (97). Using these
two values, « 1is updated through (18) again, the operation continues to maximize the marginal
likelihood function until reaching the convergence criteria (e.g., when the difference between the

maximum o,
(empirically, log , is preferred) in two successive iterations is lower than a predefined accuracy,

or the maximum number of iterations). AfterWw converges, the probability distribution

Pt/ Xy W) is predicted.

A. Property of Sparsity

The mechanism of ARD prior tunes a part of output weights to zeros resulting in pruning
their associated hidden neurons. Decompose C based on the term ¢, , ¢ (a) is rewritten as
T~-1¢
(nicif)

1 2\~ 1o _
E(a)z —E|:N|n(2H)+ In|C_k|+(| k_it —In ay + In(O{k +hEC_&hk)—m

1 2
E(a—k)+§{ln o, —In(e +5, )+ akqisj (98)

where s, =#[C7'h,,q, =h[CH, and %, is the kth column of H. /(a—k) is the marginal
likelihood with &, omitted and C_, represents the matrix C with term £ and «, removed, thus
é(a—k)is irrelevant to ¢, but other components. By resetting the derivative of E(a) with

respect to &, to zero, the stationary point is obtained

2

S 0
A 2 ! If qk > Sk
o =99 =S

o0 Jif g2 <s,
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In the process of carrying out the iteration of & to maximize the marginal likelihood, some ¢,

’s tend to grow to infinity, which influences the mean W and covariance Y. as

-1
lim X = lim b B v =0 (99)
oy, —> 0 oy, —> 0
k k
lim W, = lim {gkhkTﬁifi}zo (100)
Oy —>0 ak _)w

where ¢, is the kth row of matrix > . (103) and (104) indicates the W~N(0,0) equivalent to zero.
Therefore, the corresponding h, (Hk;x) is pruned, with some that can best contribute to the

maximization of likelihood p(t/a,H) are left, which results in sparsity.

B. Multiclassification
For multiclass classification selecting the state-of-the-art approach pairwise coupling in, which
combines all the outputs of every pair of classes to the overall reestimate probabilistic densities

of all classes for a new instance.

Let r,,be the predicted probability of a binary classifier for a new instance denoted
asfl, = P{t =m/t=morn, X}, which is the sigmoid output of SBELM and p,,, m=1. . . K

be the final probability to be estimated by the pairwise coupling strategy, where K is the label of

class. Therefore, the problem of estimation of p,, is equivalent to solve an optimization problem

K
mmz Z(rmn Pn — o pm)

m=1 n:n=m

2

K
Subjectto > p, =1 (101)

m=1

Where I, ~ P,/ ( P, + pn). Rewrite the objective function of (101) as

min, 2P"QP = min, PQP (102)
with
r2 jf m=n
an :{Zs:s¢m sm - (103)
— 0l JAf - m=n

Therefore, (106) is a linear equality—constrained convex quadratic programming problem, which

can be solved by Lagrange multiplier method. The unique p is a global minimum if it satisfies
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the optimal condition. By importing the Lagrange multiplier £ for the condition of (103), the

optimization of (106) is changed to the following form:

e 0
% Pl (104)
e 0f¢ 1
Where Q are a derivative of the right-hand side of (23), e and 0 are the Kx1 vector of all ones

and zeros, respectively. The linear system (101) provides the solution for (103).

3.7.6 Particle Swarm Optimization (PSO):
PSO is a population based stochastic optimization technique inspired by social behavior of bird
flocking. PSO uses a population of individuals, to search feasible region of the function space. In
this context,
Q) Each candidate solution is called particle and represents one individual of a
population (features).
(i) The population is set of vectors and is called SWARM (set of feature data points).
(iii)  The particles change their components and move (fly) in a search space.
(iv)  They can evaluate their actual position using the function to be optimized. The
function is called FITNESS FUNCTION.

(V) Particles also compare themselves to their neighbors and imitate the best of that
neighbors.

Particle Swarm Optimization ‘

Component in the
direction of previous motion

New Motion

Component in the

direction of global beﬁ

Component in the <
direction of personal best

\ Global best

‘ Personal
‘—1 S SES s 3
Fig. 3.5 PSO details

Current
motion
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3.7.7 Weight optimization by PSO

Particle swarm optimization (PSO) [97] has been applied to virtually every area in optimization,
computational perspicacity, and design/scheduling applications.

Let x, and v; be the position vector and velocity for particle i, respectively. The new velocity
vector is determined by the following formula

v = g lg* — xi”J+y €, lxi* - xi”J (105)
Wheree, and <, are two random vectors, between 0 and 1. The parameters o and f are the
learning parameters or acceleration constants, which can typically be taken as, say, a =~ = 2.

In standard PSO algorithm, and the most noticeable improvement is probably to use an inertia
function 6(n)so that v'is replaced by o(n) v/

vt = +a e [g* —XinJ+762 [xi* —xi”J (106)
Where 6 € (0,1) .

In the expedited particle swarm optimization (PSO) [98], the velocity vector is engendered by a
simpler formula

V= ra e, +lg" x| (107)

Where e, is drawn from N (0, 1) to replace the second term. The update of the position is simply

XM= x4yt (108)
In order to increase the convergence even further, we can also write the update of the location in
a single step

XM=y +9" +a e, (109)

Typically, o = 0.1~ 0.5 while = 0.1 ~ 0.7 is taken for most of the research work. To reduce the
randomness, a further improvement to the accelerated PSO is is done by using a monotonically
decreasing function such as

a=age ™" (110)
Or a=ayy", (0<y<1) (111)
Where «, = 0.5 ~ 1 is the initial value of the randomness parameter. Here t is the number of
iterations or time steps. 0 < y < 1 is a control parameter [98].

Where ne [0, Nmax] and Nmax is the maximum of iterations.
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Further the weights are mentioned as W =[wi +wi X, +.......... w,, X Jand the weigthts are mapped
and updated using

WM =(1-y W +9" +a e, (112)

Traditionally, in order to train ELM, to minimizing the cost function, the minimum square error
IS given by

MSE:Z

N
j=1

N 2
[Zdj - Bih(w; 'Xj)] (113)
i=1

When H s unknown gradient-based learning algorithms are generally used to search the
minimum of [Hg-d]|.

3.7.8 Pseudo code of the proposed algorithm

Pseudo code: PSO Algorithm implementation for weight optimization of ELM Model.

1. Initializing particles (weights of the model) with random position and velocity vectors.
2. Evaluating fitness function for each particle’s position using equation

3.The Population size =50

4.The control parameter o = 0.85n, y =0.75

5. Initialize the position velocity equation and map with the weights

6.Initialize the weights as w;"
7.%starting of loop

If fitness is better than fitness (ghest) then gbest=g*
update (w;,") as

Win+1 :(1_7)/Vln +7'g* +a en

End

update w,"**to obtain minimum weight values

end of for loop
8.Stopping criteria: Continue till optimization gets minimum error values
9. If not converges, repeat until nearly zero error satisfied.

3.8 Set up for visualization of detection and classification of brain tumor using
Raspberry Pi 3 B+

» As per the Myoclonic Gliomas is a type of tumors begin in the brain or spinal cord and
include astrocytomas, ependymomas, glioblastomas, oligoastrocytomas and
oligodendrogliomas.

» Meningioma is a type of tumor that arises from the membranes that surrounds brain and

spinal cord (meninges). Most meningiomas are noncancerous.
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» Medulloblastomas are the most common cancerous brain tumors. A medulloblastoma

starts in the lower back part of the brain and tends to spread through the spinal fluid.

Convert to
rgh2gray

’

FRFCM
segmentation

|

Features
Automatic f ;
Classified __» Meningioma || 1
output (Malianant)

Medulloblastoma

(Benign)

Fig.3.6 GUI for visualization of segmentation, Feature and classification results

Type-1: Meningioma
Type-2: Medulloblastoma

56



Fig.3.7 GUI for visualization results on system

3.8.1 Raspberry pi and its Components

The Raspberry Pi is a wonderful microcomputer that brims with potential. With a Raspberry Pi
you can build robots, learn to code, and create all kinds of weird and wonderful projects. It is a
cheap, credit card sized computer running a Linux operating system (Raspbian/Ubuntu) designed
for the researchers to learn programming. The Raspberry Pi 3 Model B+ is the latest product in
the Raspberry Pi 3 range, boasting an updated 64-bit quad core processor running at 1.4GHz
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with built-in metal heatsink, dual-band 2.4 GHz and 5 GHz wireless LAN, faster (300 mbps)
Ethernet, and PoE capability via a separate POE HAT.

2.4GHz and 5GHz 40pin GPIO
Wireless LAN BCM2837B0

Bluetooth4.2/BLE  64bit Soc@1.4GHz

with 1GB LPDDR2 SDRAM

MIPIDSI

display port 4x USB 2.0 ports

g2  and Faster Ethernet
==!over USB2.0 (300Mbps)

56mm

MIPI CSI camera port

— 1
5V/2.5A DC via 85mm \
micro USB connector
k 4-pole stereo output
Full-size HDMI and composite video port

Fig. 3.8 Raspberry Pi peripherals module
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CHAPTER FOUR
4. RESULTS AND DISCUSSION

4.1 Pre-processing

The primary task of pre-processing is to improve the quality of the MR images and make it in a
form suited for further processing by human or machine vision system. In addition, pre-
processing helps to improve certain parameters of MR images such as improving the signal-to
noise ratio, enhancing the visual appearance of MR image, removing the irrelevant noise and
undesired parts in the background, smoothing the inner part of the region, and preserving its
edges. To improve the signal-to-noise ratio, and thus the clarity of the raw MR images, we
applied adaptive contrast enhancement based on modified sigmoid function [99].

4.2 Segmentation and Morphological Operation

The segmentation of the infected brain MR regions is achieved through the following steps: In
the first step, the pre-processed brain MR image is converted into a binary image. With a
threshold value being selected. The pixel values greater than the selected threshold are mapped
to white, while others are marked as black; due to this two, different regions are formed around
the infected tumor tissues, which is cropped out. In the second step, in order to eliminate white
pixel, an erosion operation of morphology is employed. Finally, the eroded region and the
original image are both divided into two equal regions and the black pixel region extracted from
the erode operation is counted as a brain MR image mask. In this study, FRFCM segmentation is
employed for effective segmentation of brain MR image. The proposed segmentation is
employed to develop functions, operators, data, or information into components of different
frequency, which enables studying each component separately.

4.3 FCM algorithm-based Image segmentation results

In this research work, Fuzzy C Means, Fuzzy C Means Algorithm with Spatial Constraint,
Enhanced Fuzzy C Means algorithm has been employed for effective segmentation of brain MR

image and comparison segmentation results are presented which are shown from Fig.4.1 to
Fig.4.8.
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segmented brain segmented tumor segmented bone Background of image

Fig.4.1 Image Segmentation Using Fuzzy C Means Algorithm.

segmented brain segmented tumor segmented bone Background of image

Fig. 4.2 Image Segmentation Using FCM Algorithm with Spatial Constraint (FCM_S1).

segmented brain segmented tumor segmented bone Background of image

Fig. 4.3 Image Segmentation Using FCM Algorithm with Spatial Constraint (FCM_S2).

segmented brain segmented tumor segmented bone Background of image

Fig. 4.4 Segmentation Using Enhanced Fuzzy C Means Algorithm.
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MR image Image with speckel noise Segmented Image

Fig. 4.5 Segmentation Using NDFCM Algorithm.

Original Image Noisy Image FLICM Result

Fig.4.6 Segmentation Using FLICM Algorithm

Original Image Noisy Image KWFLICM Result

Fig. 4.7 Segmentation Using KWFLICM Algorithm.

Original Image Noisy Image Detected tumor

Fig4.8 Segmentation Using FRFCM Algorithm.
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The experiments are carried out with the software MATLAB2018a. These results of
segmentation using FRFCM is displayed in the Figure 4.8. with rician noise. It is depicted that the
FRFCM gives better segmentation results than the other segmentation which is clearly visualized

from the figure.

4.4 Segmentation performance evaluation
The performance result of segmentation is evaluated by segmentation accuracy (SA), and a

quantitative index score(S) [102]. The Segment accuracy is given by

SA:iw (114)
k=1 ch
=1
C ﬂC
And s =S A1Cc 115
kzzll A UC, (115)

Where ¢ represents number of the cluster and A, represents the set of pixels which belongs to

the k™ class while ¢, is the set of pixels in the Ground Truth.

Table 4.1 Segmentation Accuracy

Noise level

) Rician Noise  Rician Noise

Algorithm (o, =10) (o, =20)
FCM 91.28 88.12
FCM S1 96.85 90.34
FCM S2 98.81 95.62
En FCM 98.72 96.84
FLIFCM 98.65 96.27
KWFLICM 98.82 97.01
NDFCM 99.92 98.61
FRFCM 99.96 99.36

4.4.1 Quality Measures

Apart from the above textural feature extraction, the following quality assessment parameters are
also needed to ensure better result analysis on brain MR images.

(1) Structured Similarity Index (SSIM). The Structural Similarity Index (SSIM) is a
perceptual metric that signifies that the degradation in image quality may be caused by data
compression or losses in data transmission or by any other means of the image processing. It is

defined as
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A Higher value of SSIM indicates better preservation of luminance, contrast, and structural
content.
(2) Peak Signal-to-Noise Ratio (PSNR) in dB: Peak signal to-noise ratio is a measure used to

assess the quality of reconstruction of processed image and it is defined as

PSBRin dB = 20IoglO£2—_1) (117)

MSE

Lower value of MSE and higher value of PSNR indicate better signal-to-noise ratio.

To compare the performance of the different algorithms, two quality indexes are considered as Structural
Similarity (SSIM) index and the Quality Index based on Local Variance (QILV). Both quality indexes
provide structural similarity between the ground truth and the estimated images. However, SSIM is more
sensitive to the noise level in the image and the QILV to blurring of the edges. In addition to the both, the
PSNR (Peak signal to noise ratio) is also calculated. Table 4.2 shows the experimental results for two

different values of o, =10 ando, =20. It is also observed that wheno,, =10, the quality measure

PSNR value is 37.32 dB in case of proposed FRFCM segmentation technique. The higher value of PSNR
in case of IFRFCM indicate better signal-to noise ratio in the extracted image. Also, the larger value of

SSIM indicates the noise reduction in the extracted image which is presented in Table 4.2.

Table: 4.2 Quality measures for the MR image with rician noise

Rician Noise
o, =10 o,=20
Algorithm SSIM QILV PSNR(dB) SSIM QILV PSNR(dB)
FCM 0.7632 0.6756 18.14 0.6912 0.6329 16.54
FCM S1 0.7859 0.7358 18.57 0.7146 0.6478 17.31
FCM S2 0.7893 0.7321 19.32 0.7722 0.7154 17.64
En FCM 0.7927 0.8148 20.54 0.7813 0.8023 19.11
FLIFCM 0.8449 0.9125 25.98 0.8182 0.8512 23.27
KWFLICM  0.8562 0.9234 27.32 0.8287 0.8624 24.72
NDFCM 0.8739 0.9482 29.89 0.8542 0.8178 26.83
FRFCM 0.9219 0.9781 37.32 0.9027 0.9127 35.18
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4.4.2 Dataset Details
The dataset details are presented in Table 4.3. Out of the 5000 images dataset, 75% of the data

has been utilized for training, 20 % of data for testing and rest of the images are used for
validation.
Table 4.3 Brain Tumor MRI dataset Details

Type of MRI Training Validation Testing
Images

Benign and 3796 255 949
Malignant

Total Images: 5000

4.5 Performance Measure of classifiers

Sensitivity, specificity, accuracy are the measure of system performance in classification of
normal and abnormal brain tumor MR images [58]. Sensitivity shows the true positive rate in
identifying the brain tumor, which calculates correctly classified number of abnormal images out
of total number of abnormal brain MR images. Specificity shows the true negative rate in
identifying the condition of normal brain, which calculates the number of normal brain MR
images correctly classified out of the total number of normal MR images. The accuracy is the
measurement of system effectiveness in conducting the whole classification, which calculates the
total number of brain MR images that are correctly classified itself. The terms [105] utilized for
performance measure evaluations are as follows:

TP= Number of Abnormal images correctly classified

TN= Number of Normal images correctly classified

FP= Number of Normal images classified as Abnormal

FN= Number of Abnormal images classified as Normal

TN TP+TN
———, Accuracy =
TN + FP TP+TN+FP+FN

. TP
Sensitivity = ————, Specificity =
t TP+ FN P y

Table 4.4 Performance measure of different classifiers - 1

Classifier Sensitivity | Specificity | Accuracy in (%)
RVM 0.96 0.87 94.60
SB-RVM 0.98 0.92 96.86
ELM 0.99 0.94 98.82
SB-ELM 0.98 1.0 96.85
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Table 4.5 Performance measure of different classifiers 2

Classifier Sensitivity | Specificity | Accuracy in (%)

SVM 0.98 0.94 96.26

RVM 0.96 0.87 94.60

ELM 0.99 0.94 98.82

ELM+PSO 0.99 1.0 99.41

Table 4.6 5x5-fold cross validation procedure for each run
Run Fold-1 | Fold-2 Fold-3 Fold-4 [ Fold-5 | Total | Accuracy (%)
Run-1 51 51 50 51 50 253 99.2591
Run-2 51 51 51 51 51 255 100
Run-3 51 51 50 51 50 253 99.2591
Run-4 51 51 50 51 50 253 99.2591
Run-5 51 51 50 51 50 253 99.2591
Final result 99.4078
Table 4.7 5x5-fold cross validation procedure of Run-1
Fold Test instances TP FN TN FP Accuracy (%)

Fold -1 51 44 0 7 0 100
Fold -2 51 44 0 7 0 100
Fold -3 51 43 1 7 0 98.229
Fold -4 51 44 0 7 0 100
Fold -5 51 43 1 7 0 98.229
Final result 99.2591

RVM
SBRVM
— — —ELM
SB-ELM

0.4

0.3

0.2

01F~ ~ ~ T T

300 400 500 600 700 800 900
NO.OF ITERATION

Fig .4.9 Mean Squared Error Convergence -1

1000
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Fig .4.10 Mean Squared Error Convergence -2
Computation time play an important role for evaluation of a classifier. The computation time of

the proposed ELM+PSO method is calculated as 8.4127 sec. Further the computation time for
SVM, RVM, ELM has been calculated as 16.2564 sec, 12.4125 sec, and 10.3234 sec.

4.6 GUI (Graphical User Interface) for automatic visualization of detection
and classification through Using Raspberry Pi3.

o S
I L% & Help Disiog - =
] Features
Load MAI ke . A Segmerted Ima
Y o . £ Mean Q003117
Braim MR Image E Segmented Image
Standard Devialion | earoe-g
Ertropy ERFETL]
RS 05am0ET
Variance 0 D0a4TEY
Smoothness 0R2MST
Furtesis 20
Skewness 0859022
10K LT
Type of Tumor BENIGN Conirast 0203643
. Comelation 0935025
ELM Agcuracy in % PSOMELM Accuracy in % R Acceracy in % SVM Accuracy in %
Energy 07
B Ed £ W

Homogenedy 085158

Fig. 4.11 Segmentation and classification result using GUI (Benign-1)
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Fig. 4.13 Segmentation and classification result using GUI (Benign-2)
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Fig. 4.14 Segmentation and classification result using GUI(Benign-3)

4.7 Set up for classification using raspberry pi3 B+ (Hardware

Implementation Step)

| |Image Type-1: Astrocytomas
acquisition Type-2: Gangliocytoma
1 ] Type-3: Medulloblastoma | __,| Tumor
Brain | ' | Convert to Type-4: Oligodendrogliomas Type-1
Sensor
rgb2gray
l . Automatic ___| Tumor
FRECM e [ Classified — | Type-2
segmentation 2 output -
and classifier
Raspberry Pi 3 B+ — Tumo:
Type-3
Parallel to Tumor
el | Type-4

converter

Fig.4.15 Hardware implementation step procedure
Astrocytoma is a type of cancer that can occur in the brain or spinal cord. Medulloblastomas

starts in the lower back part of the brain and tends to spread through the spinal fluid.
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Gangliocytoma is a rare type of central nervous system (CNS) tumor and may occur in all age
groups. Oligodendrogliomas are a type of glioma that are believed to originate from the glial

precursor cell.

Monitor

Keyboard

vvvvvvvv

Mouse

Raspberry Pi

Fig.4.16 Hardware implementation with Raspberry P13 B+
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tumor_prediction.py !q

import os
import numpy as np

import matplotlib.pyplot as plt
import tensorflow as tf

from keras.models import load_model
from keras.preprocessing import image
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class_map = ['Astrocytoma’, ‘Gangliocytoma', 'Medulloblastoma’, ‘Oligodendroglioma’]
path = ' /home/pi/Documents/Braintumor/testimages/tumorm3.jpg"

img = image.load_img(path, target size=(500,500))

plt.imshow(img)

img = image.img_to_array(img)
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1
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SRS

x = np.expand dims(img, ©)

loaded model = tf.keras.models.load_model('Pso Elm.h5"')
y = loaded_model.predict(x)

print(y)

idx = np.argmax(y)

print('predicted: class: {}', class_map[idx])
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from keras.models import loa
from keras.preprocessing impor

class map = [

path = ome/pi/l iment

img = image.load img(path, tar:
plt.imshow(img)

img = image.img_to_array(img

x = np.expand dims(img, )
loaded model = tf.keras.models
y = loaded model .predict(x)
print(y)

idx = np.argmax(y)
print(’'predictead

Fig.4.18 Medulloblastomas classification with Raspberry P13 B+
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4.7 Discussion

The proposed improved FRFCM segmentation technique provides noise free magnetic resonance
images for tumor detection. The segmentation accuracy by the proposed FRFCM is better than
the other FCM based algorithm is shown in Table 4.1. In some cases both the segmentation
processes NDFCM and FRFCM shown the nearly similar results, still the proposed FRFCM
segmentation is preferred due to robust capability of reduction of rician noise. Table 4.2 shows
the quality measures containing SSIM and PSNR values. The higher value of PSNR shows the
noise reduction from the images. Table 4.3 shows the dataset details of the brain tumor images.
In case of classification, it is found that the proposed modified ELM is better than other
classifiers in terms of sensitivity, specificity and accuracy. Table 4.4 and Table 4.5 shows the
performance measure of all classifiers. The accuracy obtained by utilizing RVM, SB-RVM,ELM
and SB-ELM are 94.60%, 96.86%, 98.82%, 96.85% respectively. The SVM, RVM, ELM,
ELM+PSO accuracies are 96.26%, 94.60%, 98.82%, 99.41% respectively. The ELM-PSO
model is simple in construction and free from complex mathematical calculations in comparison
to other methods. Table 4.6 and Table 4.7 shows the 5x5 validation accuracy for all runs and a

single run.

Computation time play an important role for evaluation of a classifier. At first, the computation
time of each stage of the proposed ELM+PSO method is recorded, and finally the average value
is calculated as 8.4127 sec. Further the computation time for SVM, RVM, ELM for each stage
has been calculated and the average value is obtained as 16.2564 sec, 12.4125 sec, and 10.3234
sec. It is observed that the proposed ELM+PSO method shows faster convergence than the other
mentioned algorithms. Further, the errors of the classifiers are expressed in terms of mean
squared error (MSE) value shown in Fig.4.9 and Fig.4.10. The performance rate of proposed
ELM+PSO classifier depends on the convergence parameters setting. It is observed from the
Fig.4.9 that the proposed SB-ELM model takes near about 340 iterations to converge. Fig.4.10
shows that the SVM model takes near about 790 iterations, whereas the RVM and ELM model
takes 430 and 400 iterations to converge. It is found from the mean squared error results that, the
accuracy in ELM and ELM+PSO are nearly similar, but the convergence is faster in the case of
ELM+PSO classifier.Fig.4.11 to Fig.4.14 shows the GUI model outputs of segmentation along

with feature values and classification accuracy for different test brain tumor images. The set up
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for hardware implementation has been shown in Fig.4.15. Further, the Raspberry Pl B+ along
with the screen has been shown in Fig.4.16. Fig.4.17 shows the python program for PSO+ELM
algorithm for classification. Fig.4.18 to Fig. 4.20 shows the classification of four types of tumor

for visual localization.

From these results and discussions, it is evident that the proposed PSO algorithm provides
superior optimized results with respect to accuracy and computational time. With the help of
proposed segmentation technique, hybrid PSO algorithm and statistical textural features the brain
tumor images were classified into cancerous and non-cancerous tumors. The performance of
proposed technique of segmentation and textural features were found to be very useful to justify

the performance of the modified PSO based ELM classifier during training and testing.
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CHAPTER FIVE
5. CONCLUSION AND RECOMMENDATION

5.1 Conclusion

In this research work, the brain magnetic resonance images are used for the purpose of
segmentation and classification. To remove rician noise and smoothen the image, an improved
fast and robust FCM based segmentation technique has been employed. After segmentation, the
texture features are extracted from magnetic resonance images using GLCM feature extraction
technique. We have considered seven distinguished features for the analysis purpose. The PSO
algorithm has been proposed for updating of weights of ELM model. The extracted features are
given as input to the PSO based ELM classifier for classification of benign and malignant brain
tumors from magnetic resonance images and compared with SVM, RVM, ELM classifiers. The
accuracy of the classifiers SVM, RVM, ELM and PSO+ELM has been shown in Table 4.5. The
proposed classifier model has shown good potentiality in classifying the tumor into cancerous
and non-cancerous brain tumors. By employing feature reduction method with our proposed
technique may provide better performance accuracy. The results presented in this research work
shows uniqueness of the model and comparison results also depict clear classification accuracies.
Dataset has been collected from hospitals of Ethiopia, Harvard medical school of architecture for
the purpose of segmentation and classification. The results presented by utilizing the proposed
PSO based ELM model is suitable automatic classification of cancerous and non-cancerous brain
tumors and may help clinical diagnosis process by the radiologists or clinical experts. Further the
GUI model and hardware setup simplify the classification, segmentation and feature extraction in
platform which is easier for the radiologist to analyze the type of tumor.

5.2 Recommendation

In the future research work, different hybrid algorithm such as BAT optimization algorithm with
PSO and the harmony search for weight optimization of classifier, deep learning method, and
feature reduction method with PSO-ELM for classification will be used to increase the
performance accuracy. Also, the advanced textures features can be considered except the
mentioned texture features for the classification. Further, more efficient segmentation techniques
with morphological reconstruction and membership filtering can be used for large dataset of
magnetic resonance images.
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