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ABSTRACT

One of the most crucial tasks in any brain tumor detection system is the isolation

of abnormal tissues from normal brain tissues. Interestingly, domain of brain tumor

analysis has effectively utilized the concepts of medical image processing, partic-

ularly on MR images, to automate the core steps, i.e. extraction, segmentation,

classification for proximate detection of tumor. Research is more inclined towards

MR for its non-invasive imaging properties. Human brain tumor detection and clas-

sification are time-consuming however vital tasks for any medical expert. Assistance

via computer aided diagnosis or detection systems is commonly used to enhance di-

agnosis capabilities attaining maximum detection accuracy. But such systems are

becoming challenging and are still an open problem due to variability in shapes,

areas, and sizes of tumor. The past works of many researchers under medical image

processing and soft computing have made noteworthy review analysis on automatic

brain tumor detection techniques focusing segmentation as well as classification and

their combinations. Despite significant research, brain tumor segmentation is still an

open challenge due to variability in image modality, contrast, tumor type, and other

factors. Many great works ranging from manual, semiautomatic, or fully automatic

tumor segmentation with MR brain images are available, however, still creating a

space for developing efficient and accurate approaches in this domain.

In this research work, various brain tumor detection techniques for MR images

are reviewed along with the strengths and difficulties encountered in each to detect

various brain tumor types. The current segmentation, classification, and detection

techniques are also conferred emphasizing on the pros and cons of the medical imag-

ing approaches in each modality. The survey presented aims to help researchers to
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derive essential characteristics of brain tumor types and identifies various segmenta-

tion/classification techniques which are successful for detection of a range of brain

diseases. An attempt to summarize the current state-of-art with respect to different

tumor types would help researchers in exploring future directions.

The research proposes a hybrid weighted fuzzy k-means (WFKM) brain tumor

segmentation approach using MR images to retrieve more meaningful clusters. It is

based on fuzzification of weights which works on spatial context with illumination

penalize membership approach which helps in settling issues with pixel’s multiple

memberships as well as exponential increase in number of iterations. The segmented

image is further utilized for successful tumor type identification as benign or ma-

lignant by means of SVM. Experimentation performed on MR images using Digital

Imaging and Communications in Medicine (DICOM) dataset shows that fusion of

proposed WFKM and SVM outperforms many existing approaches. Further, per-

formance evaluation parameters show that the proposal produces better overall ac-

curacy. Results on variety of images further prove applicability of the proposal in

detecting ranges and shapes of brain tumor. The proposed approach excels quali-

tatively as well as quantitatively reporting an average accuracy of 97% on DICOM

dataset with total number of images varying from 100 to 1000.

Furthermore, the proposed WFKM in integrated with Hadoop-MapReduce and

MDCS platforms to introduce scalability as well as parallelism. The generation of

voluminous MR data, however has raised the need to handle massive MR data in

significant time. The work thus focuses on analyzing the performance of WFKM

in a scalable, distributed, and parallel processing environment. The performance

of the collaboration is explored on variable sized datasets i.e. 215MB, 1.2GB and

7.3GB using single node (standalone), 2-node and 3-node configurations. With an

increase in the size of MR image data, the processing-time decreases as the number

of nodes gets increased, however, authenticate the objective of proposed work. On

the other hand, the read and write operation times elevate as the data size increases

irrespective to multiple nodes in the configuration. The respective classification
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accuracy for 215MB, 1.2GB and 7.3GB are reported as 97.07%, 97.01%, and 96.30%.

However, reduction in 90% processing-time is observed for 3-node configuration as

compared to standalone on a dataset of 215MB. Similarly, 89% and 88.7% decrease

in the processing time is noted with 1.2GB and 7.3GB of data, respectively.
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Chapter 1

Introduction

Brain tumor and its analysis is of great interest due to growing technology in medi-

cal image processing. According to the survey conducted by National Brain Tumor

Foundation (NBTF), the development of brain tumor amongst masses and the death

rate due to brain tumor is increasing comparatively across the globe. Every five year

brain tumor patient’s survival statistics is conducted (recently conducted in January

2020) [6]. Also in past few decades several works have proposed frameworks or ap-

proaches to highlight brain tumor area which may or may not be followed by phases

like classification, treatment planning, and outcome predictions. Segmentation in

medical images is generally governed by factors like poor contrast, noise, and missing

boundaries [7] [8] [9]. For effective control of these factors, diagnosing imaging pro-

cesses like Magnetic Resonance Imaging (MRI) and Computed Tomography (CT)

scan, are employed. These imaging processes are helpful in detecting different types

of diseases [10]. Usage of harmless magnetic fields and radio waves makes MR images

very popular in successfully diagnosing and treating brain tumors [1].

1.1 Brain Tumor - Characteristics

Life threatening brain tumor compresses/displaces brain tissues to make room for

the growing mass. Tumor can occur in any body part hampering the normal working

1



CHAPTER 1. INTRODUCTION 2

of the system but is fatal when arise in brain. Different types of brain tumors exist

varying in shapes, sizes, and/or positions which have to be dealt accordingly [11].

The abnormal tissues can be labeled as primary and secondary brain tumors that,

based on their characteristics even get streamlined further. Primary tumors are

formed when cancer tissues initiates and stays at the same place as well as position.

The secondary (or metastatic) tumors are those which spread to other body parts

from where they are emerged. As per the terminology of radiologists, primary tu-

mor is either benign (slow growing, less aggressive, and noncancerous) or malignant

(rapid growing, life threatening, and cancerous). In addition to these primary infor-

mation, the treatment planning depends on grade and tissue cell information which

is usually collected during a process called biopsy. Tissue cell type identifies those

cells that had given rise to the tumor and tumor grade estimates its aggressiveness.

Tumors often have different grades at various stages of their growth [12] [13] [14].

1.2 Brain Tumor - Techniques

Based on human interactivity, MR images can be processed using manual [3] [15] [2],

semi-automatic [16] [17] [18], and fully automatic techniques [19] [20] [21] [22] [23]. In

medical image processing, segmentation should be accurate which is thus commonly

performed by experts manually and hence time consuming. On the same hand, de-

signing a fully automatic and efficient segmentation approach is yet far from reality.

Moreover, such systems always demand for a second opinion as the main object here

is human life [24]. Also in the absence of experts, performance of automatic tech-

niques depends solely on the knowledge bases. Researchers have proposed several

methods to improve such knowledge bases and thus the capability of tumor detec-

tion systems. The clinical and pathological acceptance of segmentation techniques

solely rely on the computation ease and the degree of user supervision [25]. Man-

ual methods require complete user supervision so an urge for better solutions rises.

The existing semi-automatic or interactive methods definitely dominate in practice



CHAPTER 1. INTRODUCTION 3

currently as well as in coming time. Semi-automatic segmentation methods are

popularly adapted in clinical applications by radiologist to replace time consuming

and challenging tasks of manual segmentation process [26] [27]. User initialization

is required in almost all semi-automatic methods and to assure accuracy repeated

user interaction is mandatory. Under such circumstances, the work presented in this

thesis also attempts to visualize the acceptance and growth of such automatic/semi-

automatic systems in medical as well as research domain for various tumor types.

This chapter initiates with aim to introduce the background related to brain tu-

mor and its characteristics in Section 1.1. Section 1.2 discusses current trends in the

brain tumor detection techniques especially for MR images. Section 1.3 highlights

the motivation of proposed research work. Section 1.4 describes commonly used

MR image modalities and the popular contrast parameters. Section 1.5 briefs the

grading and classification of brain tumor types/diseases based on WHO guidelines

followed by a generic architecture of MR image based brain tumor detection system,

covering all the basic modules in Section 1.6. It also describes the integration of

Hadoop and MDCS for brain tumor detection using MR images. Objectives and

scope of the work are given in Section 1.7. Lastly, Sections 1.8 briefs organization

of rest of the thesis chapters.

1.3 Motivation

One of the preliminary phases in most of the medical image analysis tools is seg-

mentation which has also become a challenging and dynamic research field in the

domain of image processing. A variety of state-of-the-art methodologies with good

prior knowledge for brain MR image segmentation prevails. However, segmentation

using MR brain images has to be as efficient as possible and hence there still exists

scope for improved accuracy and/or computation speed of existing systems. Fur-

thermore, brain tumor segmentation is challenging due to variations in tumor shape,

appearance, size, and position. An expanding tumor often deforms normal tissue
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thereby giving an abnormal geometry. In addition, intensity values of tumor overlap

with those of normal tissues. Researchers have extensively explored segmentation

in brain MR images to properly deal with the said issues and the work presented in

this research is in-lined with the same.

Segmentation is followed by the tasks of extraction and then detection of tumor

type. These are important for proper clinical examination as well as treatment. For

the brain tumor detection, various traditional and emerging techniques have been

proposed [28] [29] [27] [30] [31] [32] [33]. This research targets few popular types

of brain tumors and the methodologies applied for their detection. The correla-

tion between tumor data source, tumor type, and detection technique is proximate

to control the efficiency. This further leads to increase in knowledge about the

relationship between various tumor disorders with anatomical deviation. Overall

segmentation is a prior phase in tumor detection as well as analysis tools and thus

needs the highest precision. An attempt to develop a hybrid approach combining the

concepts of clustering with fuzzification is made to automate the delicate process of

segmentation aiming to achieve better efficiency. The proposed algorithm is also uti-

lized in designing frameworks incorporating innovative detection and classification

techniques for brain tumor MR images.

1.4 Imaging Modalities and Contrast Parameters

Segmentation of MR images needs to be very efficient for proper analysis of tumor.

A range of works have utilized the capabilities of image segmentation techniques to

extract the meaningful content from medical images (i.e., tumor) which thus helps

in proper analysis of brain tumor. But, the variability of tumor shapes and the

presence of cerebrospinal fluid (CSF) particularly make a difficult brain tumor de-

tection task more complex. No matter which segmentation technique is employed,

quality of segmentation depends greatly on contrast of medical images, amount of

noise, and lastly incomplete boundaries. Particularly, in medical images good con-
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Table 1.1: Intrinsic Parameters

Proton density (PD) measures relative concentration of protons in the concerned
tissue to that in water at same temperature and volume.

Longitudinal relaxation time constant (T1) is defined as the time when 63% of
the longitudinal magnetization has recovered. It measures the re-growth of longitudinal
magnetization and is also known as spin− lattice relaxation.

Transverse relaxation time constant (T2) is defined as the time when 63% of the
transverse magnetization has decayed. It measures the decay of transverse magnetiza-
tion and is also known as spin− spin relaxation.

Chemical shift arises due to the differences in resonance frequencies of fat and water.
This MR image artifact happens because the water and the fat structure shift with
different frequencies in the organ.

Susceptibility indicates whether a tissue attracts or repels out in the magnetic field.
It may also be defined as the extent to which a tissue gets magnetized when placed in
an external magnetic field.

trast supersedes all other basic requirements, as an abnormal structure is identified

completely on the basis of certain contrast characteristics. Contrast is defined as

a function of tissue density in MR images [20] [34]. In other words, good image

contrast is a native property of brain MR images and thus their generation do not

need any kind of contrast enhancing agents. This fact is also responsible for the

popular usage of these images in brain tumor detection. However, image contrast is

influenced by intrinsic (Table 1.1) and extrinsic (Table 1.2) parameters.

Proper tuning of these parameters helps to change the contrast behavior and

Figure 1.1: Normal brain tissues after segmentation a. White matter (WM), b.
Grey matter (GM), and c. Cerebrospinal fluid (CSF).
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Table 1.2: Extrinsic Parameters

Magnetic field strength (MFS) should be both strong and uniform MFS to draw
proper conclusions. Its measuring unit is Tesla (T) and most of the systems work at
1.5T.

Radio frequency (RAF) is an electromagnetic wave with frequency range similar to
that of radio and television transmissions. The prone tissue gets heated and highlighted
by absorbing the pulses of the applied radio-frequency energy. The preferred range for
RF pulses is 1 MHz -100 MHz.

Repetition time (TR)is the time that exists between succeeding pulse sequences
of the same carve. It determines the longitudinal magnetization between each pulse.
Image contrast properties are controlled by TR variations.

Echo time (TE) refers to the time between the radio-frequency excitation pulse and
the signal peak induced in the coil.

Inversion time (TI) is the time period between the initial 180◦ RAF pulse (to invert
the magnetization) and the 90◦ RF pulse (to get the residual longitudinal magnetization
into the transverse plane). This pulse sequence is the core component of an inversion
recovery pulse sequence.

RF pulse amplitude (flip angle is the angle that rotates the net magnetization
relative to the main magnetic field direction by 120◦, applying the RF excitation pulse.

b-value measures the strength and timing of the gradients applied to generate the
diffusion-weighting images. It is used to control the effect of diffusion, for example,
higher b-value is needed for stronger diffusion effects to sense the slow moving water
molecules.

highlight the regions of interest, i.e. differentiate tumor tissues from the normal

(inner) brain tissues (fat, gray matter - GM, white matter - WM, and cerebrospinal

fluid - CSF) [12]. The visual representation of normal brain tissues is depicted in

Fig. 1.1. Anatomy of MR image modalities can be visualized in three different

planes namely, axial, sagittal, and coronal as depicted in Fig. 1.3.

Imaging modalities used for the diagnosis of brain tumor can be categorized

broadly as structural and functional magnetic resonance imaging as shown in Fig.1.2.

In structural, a non-invasive process is applied to examine anatomical structure of

brain. The brain image modalities, viz. T1-weighted (T1-W), T2-weighted (T2-W),

fluid attenuated inversion recovery (FLAIR), proton density (PD) and magnetic res-

onance angiography (MRA) cover the structural technique. MRA is based on the
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Figure 1.2: Different categories of imaging modalities used for the diagnosis of brain
tumor.

Figure 1.3: Brain anatomy visualized in three planes using T2-W MR image (a)
axial, (b) sagittal, and (c) coronal [1].

vascular anatomy imaging examination and shown in categorization only, however,

its extended description is not considered in this research work. The second cate-

gory i.e. functional MR imaging (fMRI) on the other hand measures human brain

function or metabolic activity associated with blood flow change in the brain. Diffu-

sion MRI and contrast enhanced MRI (CE-MRI) are the two sub-categories that lies

under functional. Further, diffusion MRI is categorized as diffusion weighted image

(DWI), apparent diffusion coefficient (ADC), and diffusion tensor image (DTI).

Differences in the compositions of tissue types result in varying MR image signals.

Accordingly, different types of pulse sequences are used to emphasize various aspects

of normal and tumor tissues. Variable sequences have different completion time and

also they provide diverse valuable information. For the purpose of clarity, a few
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Figure 1.4: The MR image types (a) T1-W, (b) T2-W, (c) CE-T1W (d) FLAIR, (e)
PD-W, (f) ADC, and (g) DWI [1].

images from each of the MR image types considered in this research are shown in

Fig. 1.4. Depending upon the pulse sequence used an MR image can be T1-W

or T2-W. Sometimes to get better results a special pulse sequence is employed to

obtain FLAIR) or PD-W. Apart from these some diffusion based MR images like

DWI and ADC are also popularly used. DWI and ADC are particularly useful in

early diagnosis and longitudinal evaluations. During the study, it is observed that a

variation of T1-W obtained using a contrast agent Gadolinium is also popular in the

community. It is known as CE-T1W and is similar to T1-W with enhanced clarity

as is shown in Fig 1.4.

Proper tuning of MR imaging parameters helps in differentiating normal and

abnormal brain tissues based on color. Table 1.3 summarizes values of a few contrast

parameters (echo time - TE and repetition time - TR) for all the seven MR image

modalities and colors of normal (fat, GM, WM, and CSF) along with abnormal

brain tissues. Specific values of these parameters are available for all MR image

types, except DWI and ADC. Instead of using single TE and TR values, most of

the existing works vary these parameters within certain limits based on the protocol

being followed while working with DWI and ADC MR images. The focus of any

system is to effectively detect the tumor tissue by separating it from other brain

tissues and which are commonly differentiated based on colors. A color palette is

thus included for better visualization of colors associated with normal and tumor

tissues in each MR image type.
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Table 1.3: Echo and Repetition times along with color palette of normal and abnor-
mal brain tissues for each MR image type.

MR
Image

T1-W T2-W FLAIR PD-W DWI ADC

TE <30mm >80mm >80mm <30mm User Dependent

TR <80mm >2000mm >3000mm >1000mm User Dependent

FAT White Medium
Black

Grey Light
Grey

Medium
Black

Medium
Black

White
matter

Medium
Grey

Grey Medium
Grey

Medium
Grey

Grey Light

Grey

Grey
matter

Grey Medium
Grey

Light
Grey

Light
Grey

Medium
Grey

Medium
Grey

CSF Black White Black Grey Black White

Tumor
tissue

Medium
Black

Medium
Grey

White White White Black

1.5 Tumor Types and their Grades

A comprehensive study of multi-grade brain tumor detection approaches specifi-

cally for MR images is undertaken in this research. It has been observed that the

performance of segmentation or classification approach follows a particular trend

depending on tumor category contained in the collected dataset or acquired brain

images. The World Health Organization (WHO) guidelines for brain tumor grad-

ing categorization are totally histopathological, which however hinders the medical

imaging diagnosis and detection approaches [35]. In addition to these tumor types,

Alzeheimer’s disease [36] [37] [38], and Lesions [39] [4] [40] are also considered based

on their data sources and detection techniques. The categorization of brain tumor

types is shown in Fig. 1.5

Keeping this constrict in mind an attempt to develop computer aided detection

(CAD) is gaining insight by many researchers. The effectiveness of detection system
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Figure 1.5: Grading classification of brain tumor types.

rely on background knowledge related to MR imaging contrast and its modality,

tumor type/disease and data source used in developing a system. Therefore, all the

studies covering said aspects have been taken into considerations. The performance

evaluation of existing approaches corresponding to various tumor types highlighting

the effectiveness of overall framework is summarized. This research work focuses

on popularly existing tumor categories, namely Meningioma (MEN) [41] [42] [43],

Astrocytoma (AS) [44] [45] [46], Anaplastic Astrocytoma (AAS) [47] [21] [48] [49],

and Glioblastoma multiforme (GBM) [50] [51] [52] [53] with prospective to each of

the four grades. The study targets towards providing wider options to the experts,

radiologists, surgeons, and researchers for the analysis of detection techniques best

suited for multi-grade tumor types classes.

1.6 Generic Brain Tumor Detection System

The starting module is collection and acquisition of images which are to be ana-

lyzed in later phases. Standard brain tumor databases, namely BRATS, Harvard

medical school, BrainWeb, and Internet Brain Segmentation Repository (IBSR),
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are commonly used by the researchers. Moreover, studies have validated their ap-

proaches on data repositories collected from various clinical and pathology labs.

The pre-processing module is meant to improve image visual quality by filtering all

the high noise levels. Presence of such disturbances makes abnormal/normal tissue

discrimination relatively difficult and thus the precise interpretations. Next is the

segmentation module that highlights region of interest and guides all the proceeding

modules, especially analysis. Although segmentation is important but it may not be

present sometimes when direct classification supersedes other objectives. The fea-

ture extraction module follows segmentation. A variety of standard texture features

along with other information like intensity and edge, are commonly used. Robust

learning models are built by picking a sub-class of relevant features and exempt-

ing the irrelevant ones. This is successfully achieved by utilizing standard dimen-

sion reduction techniques such as principle component analysis (PCA), independent

component analysis (ICA), canonical correlation analysis (CCA), etc. Finally, the

resultant features with reduced dimension are used for classifier training to differen-

tiate normal brain tissues from abnormal ones. After training, performance of the

system is evaluated on several parameters (such as accuracy, similarity, sensitivity,

dice coefficient, visual comparison, etc.). Once output is retrieved, the system is set

to formulate and interpret the desired diagnosis result. To recapitulate, an expert

advice is always preferred to have a second opinion for prefect diagnosis. Systems

reporting improved performances, i.e. refined results assist medical specialists in

making better interpretations (Fig. 1.6).

1.6.1 Integration of Hadoop with MDCS for MR images

In addition to higher accuracy rates, another important aspect in CAD systems is

lower processing time. Several studies have brought together different traditional as

well as emerging approaches to achieve an optimum output with respect to both, i.e.

precision and time. Availability of numerous diagnostic centers, laboratories, hos-
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Figure 1.6: Generic process flow of brain tumor detection system.

pitals, or online data repositories for storage, testing, experimentation, and scalable

analysis, makes the rate of growth of MR brain image data exponential. Swift han-

dling of this massive data in an organised and parallel way is realized via multiple

cloud and network based platforms [54]. The era of cloud is characterized as exces-

sive computational speed along with efficient data storage [55] [56]. Popular in the

category is Hadoop, a multi-node, parallel, and distributed framework that increases

scalability by managing data in portions and distributing it among the DataNode

systems. Hadoop distributed file system (HDFS) exhibits worthwhile features for

scalable storage and aids all the data files intact. The programming paradigm,

MapReduce manages similar behavioral jobs based applications using parallel and

distributed mechanisms [57]. The MapReduce first forms numerous chunks of data,

and then processes them through concurrent map function, further the retrieved

output is sorted and forwarded to the next function, that is, the reducer. The

resultant is always preserved in the file storage named HDFS.

Popularity of real-time applications augmented such environments which in turn

increased storage capabilities to process big data on large scale [58] [59]. The envi-

ronment such as Cloud, Matlab distributed computing server (MDCS), and Hadoop

enhances computation of brain tumor MR image data [60] [61]. The distributed

data on HDFS is processed via configuring MDCS containing NameNodes and slave

nodes is shown in Fig. 1.7.
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Figure 1.7: The general segregation of Hadoop-MDCS architecture for brain tumor
detection.

1.7 Objectives and Scope of the Work

The research work aims to design and implement a semi-automated framework for

the detection and classification of brain tumor using MR images. Performance

improvements, as underlined in the existing literature Chapter 2, via introducing

fuzziness is the main motivation behind the work presented in this thesis. The ob-

jectives of this work to strive the effectiveness of the proposals have been illustrated

as below.

To study and analyze various existing techniques to detect brain tu-

mor. One of the most crucial tasks in any brain tumor detection system is the

isolation of abnormal tissues from normal brain tissues. Therefore, a comprehensive

review of traditional as well as emerging machine learning and soft computing ap-

proaches in the field of medical image processing, especially brain tumors, studying

their pros and cons is essential. Also, studying the related existing works helps in

understanding the current research scenario, specifically techniques utilized so far in

brain tumor detection and thus to improvise the methods that would assist in the
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design and development of efficient frameworks.

To propose an efficient framework for the detection of brain tumor.

Existing systems for tumor detection lack in aspects of spatial context and illumina-

tion due to multiple memberships, that degrade segmentation and hence the whole

performance. Objective is thus to automate the delicate process of segmentation

in MR images aiming to achieve a framework having better efficiency in terms of

accuracy as well as computation time. It is to be noted that irrespective of the per-

formances reported for either of the two parameters by any tumor detection system,

a second opinion is still required for better diagnosis in any of the cases.

To validate the proposed framework. The proposals are tested on freely

available brain tumor image dataset namely, The Cancer Imaging Archive (TCIA)

obtained in the format of Digital Imaging and Communications in Medicine (DI-

COM). Along with this the proposals, particularly for glioma tumor type (HGG

and LGG), are also validated and tested on different datasets collected from Google

image search engine.

1.8 Organization of the Thesis

The research work presented in the thesis is organized in 6 chapters. A brief narra-

tion of all the chapters is as follows:

Chapter 1 introduces life threatening brain tumor and absolute need for its

early detection. Predominance of MR imaging contrast, modalities, and its vari-

ability is also defined together with the tuning tissue parameters influencing the

type of MR image. Further, this chapter highlights brain tumor types, grading, and

classification as well for proper tumor detection. It presents a generic architecture

of an image based brain tumor detection system and its incorporation with Hadoop-

MDCS framework. Specifying objectives and extent of the work, the chapter ends

describing the thesis organization. The work accomplished in Chapter 1 covers the

Objective 1 partially.
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Chapter 2 presents a discussion on various segmentation/classification tech-

niques explored by the researchers for an accurate identification of brain tumor.

Complete coverage of all categories of tumor detection techniques has been done

to understand the performance differences. Based on the observations made, an

attempt to identify the most popular MR image modality and commonly used brain

image dataset is done. Performance of state-of-the-art techniques are analyzed to

identity those that work well across various brain tumor categories. Chapter 2 has

been published as a research article titled ‘A survey on brain tumor detection tech-

niques for MR images’ in Multimedia Tools and Applications, Springer. The work

done in this chapter covers Objective 1 of the thesis work.

Chapter 3 proposes a novel hybrid segmentation algorithm based on the con-

cept of weights, termed as weighted fuzzy k-means for the efficient detection of brain

tumor and covers partially Objective 2 and Objective 3 of the research. The pre-

sented approach excels standard approaches in the process of segmentation as well as

classification of brain tumor MR images. This is however achieved by improving the

clustering method of segmentation via assigning quantization weights to the pixel

values. This chapter (Chapter 3) has been published as a research article titled ‘A

Hybrid Weighted Fuzzy Approach for Brain Tumor Segmentation using MR Image’

in Neural Computing and Applications, Springer.

Chapter 4 focuses on efficient handling of massive MR image data, i.e. high

accuracy and low execution time, which is one of the significant concerns in any

framework. It analyzes the performance of varying sized datasets by executing the

proposed WFKM on a combination of Hadoop-MDCS architecture that effectively

deals with huge MR brain image data by utilizing clusters of commodity computers.

To recapitulate, the traditional segmentation approaches cover either of the perfor-

mance parameters and this collaboration heads to target both of them (accuracy

and execution time). This chapter (Chapter 4) has been published as a research

article titled ‘An efficient Hadoop-based brain tumor detection framework using big

data analytics’ in Software: Practice and Experience, Wiley. The work done in this
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chapter covers Objective 2 and Objective 3 partially of the research work.

Chapter 5 discusses the experimental results to further validate the frameworks

proposed in Chapter 3 and Chapter 4. A comparative performance analysis in terms

of accuracy as well as computation time with the traditional existing techniques is

provided. This chapter (Chapter 5) in collectively covered in both the technical

papers.

Chapter 6 concludes purpose of the research work summarizing the highlights

and main contributions of the thesis. A deliberation with prospective to future

research directions is also drawn along with the summarization of objectives accom-

plished.



Chapter 2

Literature Review

The existing benefits of MR imaging over other diagnostic imaging techniques, as

stated in Chapter 1 drives the basis of this research on MR image based brain tu-

mor detection techniques. This chapter thus aims in reviewing brain tumor detection

trends applied after data collection and image acquisition. A comprehensive review

of traditional as well as current approaches in the field of medical image processing,

especially brain tumors, highlighting their pros, cons, and future challenges/trends

is presented [21, 44]. Emerging machine learning and soft computing approaches

have created a remarkable impact in medical imaging too [72, 79]. As highlighted

in one of the recent reviews, deep learning based brain tumor segmentation is in

trend [7]. Thus, summarization together with a discussion of recent studies that

have explored deep learning architecture, its mechanism, performance and quick-

ness from the perspective of their quantitative utility in MR image based tumor

identification systems is also included. Along with a detailed assessment of current

scenario, highlights to future directions are also provided. Classification is driven

by segmentation and there are many works that target on efficient segmentation

which may or may not be followed by classification. Thus, the chapter discusses

approaches individually from both the phases and their combinations too, i.e. hy-

brid systems. Section 2.1 of the chapter attempt of this study is to highlight MR

image modalities that are frequently used in the research domain of brain tumor

17
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detection. Segmentation is a significant step in automating the process of brain

tumor detection. Researchers have extensively explored various existing techniques

and tried to introduce fuzziness at several levels for better accuracy and is covered

in Section 2.2. The subsection of techniques discuss the performance of different

deep learning classifiers as well with respect to various tumors. Section 2.3 briefs

about the architecture of Hadoop-MapReduce incorporated with medical imaging

segmentation approaches. Observations extracted after survey of various systems

based on human intervention has been covered in Section 2.4. Further, Section 2.5

summarizes the chapter based on the traditional and emerging techniques applied

to detect brain tumor using different MR modalities and data sources.

2.1 A Few Statistics - MR Image Modalities and

Data Sources

Before looking at the existing literature, let’s first have a look on the information

related to MR image modalities and data sources utilized in various studies within

the domain of brain tumor detection. The different MR modalities vary from each

other on the basis of various parameters, i.e. intrinsic and extrinsic (discussed in

Chapter 1, Table 1.2 and 1.2. The easily available and commonly worked MR image

sequences are T1-W and T2-W. The researchers working on traditional techniques

retrieve high accuracy rates with T2-W MR sequences even more than 90% but

steadily this trend has changed and the demand of systems handling all types emerge.

The same can be observed in Table 2.3 and Table 2.4 where T1-W, T2-W, CE-T1W,

and FLAIR are mostly utilized. Fig. 2.1 depicts the usage trend (in percentage) of

various MR images and is prepared based on the papers reviewed in this research.

No doubt the proportion of DWI is very small, however based on the observations

made it can be said that in coming scenario the diffusion based will be preferred

due to its sensitivity in detecting even minute infarcts as compared to T1-W and
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Figure 2.1: Usage (in percentage) of different MR image modalities in brain tumor
research domain based on studies considered in this research work.

T2-W, which are the current winners.

Though the research is focused on tumor detection, but the scarcity of freely

available medical data due to security reasons sometimes limit the important task

of experimentation. Thus, based on the papers reviewed, a list of data sources

having various MR images with modalities is presented in Table (2.1). In addition,

the popularity of these data sources are also identified and the same is shown in

Fig. 2.2. Another popular category is ‘private datasets’ which represents real data

collected from clinical laboratories or pathology or hospitals. Clearly, the mostly

used one is the real/private datasets followed by BRATS. The reason behind is an

urge to prove the acceptability of the proposed approach in real-time scenario.
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Figure 2.2: Popularity (in percentage) of various data sources in brain tumor re-
search domain based on studies considered in this research work.

2.2 Traditional and Emerging Techniques

Among all the modules in a brain tumor detection system, the work presented in

this research focuses in reviewing trends applied after data collection and image

acquisition. The existing benefits of MR imaging over other diagnostic imaging

techniques, as stated in Chapter 1, constrain the focus on MR image based brain

tumor detection techniques. Based on the range of studies included for review, the

six categories as shown in Fig.2.3 are observed. Each paper can be considered under

one of these categories. The five standard categories identified are thresholding,

region-, contour- (or shape-), statistical-, and machine-learning based. In addition

to these traditional ones, the emerging categories, viz. deep learning and hybrid are

also included. The following subsections discusses some of the prominent studies

in each of these categories. Section 2.2.1 to Section 2.2.3 focus on segmentation

approaches, Section 2.2.4 to Section 2.2.6 target the classification methods and lastly

Section 2.2.6 covers the hybrid techniques.
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Figure 2.3: Classification of brain tumor segmentation techniques used in MR im-
ages.

2.2.1 Thresholding Based Techniques

Thresholding is a simple and aged procedure for image segmentation [19] [62], based

on the images with different intensities. In this method image is partitioned into

different regions by comparing their intensities with one or more predefined intensity

value(s). These intensity values are known as threshold, which actually separates

the image into different classes. Threshold values are generally estimated by prior

knowledge related to local statistical properties like mean intensities. For example,

studies efficiently computed local threshold values for T1-W images [25] [63]. There

are several thresholding techniques established such as: global, local, histogram,

and Otsu’s. Global, the simplest one, computes single threshold for entire image.

It works well for images with bimodal histogram, otherwise local thresholding or

histogram thresholding is preferred. Local thresholding divides image into sub-

images and generates threshold of each region. It is thus computationally slower

than global. On the other hand, histogram thresholding is based on the number of

peaks (representing different modes or regions) in a histogram [19] [62].

A novel framework utilizing global thresholding to enhance binary image followed

by morphological operations for tumor segmentation is presented [64]. Similarly,

another work considered partial volumes of every region in PD-W and T2-W MR
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images to compute thresholds for segmentation. The segmented volumes of brain

tissues (GM, WM, and CSF) are measured with an aim to determine the existence

of neurodenerative diseases (Alzheimer’s and cerebral palsy) [65]. Furthermore,

thresholding based segmentation in either case, local or global, is commonly observed

as an initial phase in segmentation process because it minimally deteriorates the

information provided by MR images. Working on same line, a semi-automatic fast

approach calculates tumorous area from post CE-T1WMR tumorous image volumes

by combining the concept of intensity threshold with morphological segmentation

[66]. Thresholding is applied to selected region of interest manually. Visual results

comparing set of patient data suffering from intracerebral glioma with traditional

data thresholding method are presented and found to be similar. The technique

is also popular in current scenario and sometimes used in combinations with other

techniques to uplift the accuracy rate.

An automatic pathological area extraction approach using multi-resolution sym-

metry analysis and Otsu’s threshold technique is also designed [67]. The approach

is evaluated on T2-W and FLAIR images from BRATS dataset with 357 axial and

443 coronal images. The approach is evaluated in two phases based on accuracy

values, detection (91.15%) and extraction (95%). Although the system is proposed

for 2D MR, it is suitable for tumor detection in 3D as well. In recent works an

effective combination of rough entropy based threshold and random forest (RF) to

identify, extract, and classify four different tumor types (Glioblastoma multiforme -

GBM, metastasis - MET, meningioma - MG, and granuloma - GN) is developed [68].

The study adopted thresholding to appropriately delineate tumor area in CE-T1W

images, followed by morphological post processing, and lastly the RF classification.

Experimental results prove that the proposed approach effectively improves diag-

nostic power of computer assisstive system.

An efficient threshold based segmentation approach which is easier to implement

than existing threshold methods is designed [69]. The study computes threshold

considering summation of unique pixel values, omitting black pixels, and then di-
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viding by the count of unique pixels. Using the obtained threshold, grayscale image

gets converted to a binary image. Experimental results are obtained on 100 MR im-

ages from TCIA. Overall efficiency in terms of accuracy, sensitivity, and specificity

is reported as 96%, 94.28%, and 100%, respectively. In comparison Otsu’s method

results in 84.72% accuracy [70].

2.2.2 Region and Contour Based Techniques

Region based methods search for group of pixels having similar features to get con-

nected regions [71]. These methods are simple and also resistant to noise. An effec-

tive seed pixel based region-growing segmentation uses similarity criteria to verify

and add neighboring pixels to a region [72] [73] [74] [75]. The process iterates till

no further pixel satisfies the criteria. On the other hand, seed-based segmentation

considers a set of seeds denoting the objects to be segmented. A pixel is assigned

to a region whose mean is the closest to the pixel’s intensity. Systematic watershed

segmentation is eminent in identifying background and foreground of an image.

The seed point selection is really difficult in such methods but several iterations

lead to the attainment of minimum values for foreground and background locations.

Edge based segmentation (EBS) methods observe hasty intensity changes near

edges and thus are suitable for simple noise free images. EBS work in two-folds

to balance between accuracy and noise immunity. If accuracy is higher, then noise

can make image irrational; similarly higher degree of noise results in undetected

image portions and incorrect object positions. Gradient based methods take dif-

ference of neighboring pixel intensities and works well for little noisy images with

rapidly changing near edge intensity. Canny edge detection (CED) first filters noise,

separates edge pixels, and then calculates image threshold. Sobel edge detection

aids image smoothening and emphasizes high spatial frequency regions using a two

dimensional spatial gradient measurements. Contour based segmentation uses a

collection of control points and traces object’s boundaries by evolving curves. The
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linear interpolation gives a piecewise linear curve. The active contour model is

an effective way of segmentation, in which the object’s boundaries are noticed by

evolving curves. This method is capable of detecting sharp image edges.

Watershed approaches have also been extensively used in brain tumor segmen-

tation. One study proposes a watershed based segmentation algorithm for tumor

detection both in 2D and 3D brain modalities [76]. Highlight is the block method

employed to divide image into regions, which is then analyzed on multiple paramet-

ric values namely, edges, gray values, and local contrast of pixels. Focusing on the

fact that proper parameter tuning is the key to success for watershed segmentation

methods, a study explores several versions of watershed [77]. Working on the same

lines, another work uses markers and floods to design marker-controlled watershed

segmentation (MCWS) [78]. In place of regional minima, markers are adpoted at

the start of image gradient. Experiments show better accuracy values for MCWS

than other segmentation methods. Moving ahead the over segmentation problem in

an efficient watershed algorithm is resolved by developing a marker based watershed

algorithm [79]. Internal and external markers are detected by applying atlas based

approach utilizing prior image information. The algorithm uses different feature

combinations such as color, edge, orientation, and texture to extract tumor region

from MR images. Experiments are performed on 45 brain tumor axial orientation

diffusion weighted images (DWI) provided by Medical College hospital. It is evident

from results that color and orientation features cannot be considered for watershed

segmentation. The concept of traditional watershed segmentation is effectively com-

bined with Scale-Invariant Feature Transform (SIFT) to design a novel watershed

matching approach [80]. Images are preprocessed with median and trilateral filters

for artifacts removal and hence an improved segmentation quality. Watershed fol-

lowed by SIFT matching between segmented and original image is done to compute

tumor region. Experimental results report an accuracy of 98.5% operating on 100

T1-W images from Montreal neurological institute. In addition, other studies have

worked on issues of over segmentation by means of pre- and post- processing to elim-
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inate noise or by merging watershed with other concepts to report better results.

Researchers used region and Fuzzy c-means clustering to eradicate this above stated

disadvantage [81] [82] [83]. The study of existing literature clearly states that the

popularity of watershed is still prevalent due its advantages over other conventional

methods.

Sobel, Prewitt and Roberts are commonly covered under edge detection to en-

hance image areas containing edges or significant transitions. Performance compar-

ison of three edge-based detection techniques based on these operators is presented

using a dataset of 13 patients among which 8 having tumor [84]. The aim is to

retrieve tumor as well as brain structure edge pattern. Sobel is observed to report

the smallest standard deviation and thus the most suitable operator in detecting

brain tumor for the considered dataset. Limitations like discontinuity in detected

edges, improper edge detection, false or thick edges, no edge detection in noisy im-

ages etc. usually occur with traditional edge based methods. Thus, combination of

such approaches with other well known approaches is explored by many researches

to effectively deal with these drawbacks. Like a combination with cellular automata

(CA) is proposed [85]. Similarly, an improved Sobel edge detection algorithm utiliz-

ing the concept of image dependent thresholding is designed [86]. It first identifies

closed contours with lesser false edges and then uses their intensity information

for tumor extraction. Experiments are conducted on seven case studies, each with

20 – 30 images and are compared with conventional algorithms based on gray level

uniformity measure, relative ultimate measurement accuracy, and Q-parameter. Im-

proved Sobel algorithm effectively extracts tumor in all the cases. The algorithm

can further be improved by decreasing boundary lines thickness and thus increasing

region area. Edge detection sometimes fails to achieve the desired results, a study

is introduced which combines Fuzzy inference system with edge detection to design

an improved segmentation approach [87]. Initially k-means approach is applied to

form the clustering groups which act as an input to Mamdani fuzzy inference sys-

tem to generate various threshold parameters. The classical sobel edge detector
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is used to fed these parameters to exactly locate the tumor position. A modified

version of contour based method termed as content-based active contour (CBAC) is

presented [88]. The study combines intensity and texture information within active

contour to overcome issues that prevail due to the presence of diffused and false edges

in input images. Efficacy of CBAC is tested on two real datasets containing more

than 600 images of pre- and post-contrast T1-W and T2-W MR image modalities.

Experimental results show remarkable peformance in segmenting different types of

homogeneous, heterogeneous, and diffused tumors as well as synthetic images.

Unlike the discussed segmentation techniques, deformable model based segmen-

tation builds a connected model using object’s prior knowledge and information

like shape, texture, orientation, location etc. [89]. A few incorporates statistical

information drawn from the group of training datasets too [25]. The internal and

external influence weighted forces parametrically defines curves/surfaces that makes

deformable models smooth. Existing deformable models are categorized as geo-

metric and parametric model [90]. Parametric deformable models can significantly

match and track anatomic structures of images over time [91]. Out of all the region

based segmentation methods, deformable model based ones are the most extensively

explored in addition to level set segmentation methods. Level-set segmentation seg-

ments curves or surfaces while dealing properly with issues of corner and breaking

curve.

Such models are extensively incorporated in brain tumor detection system. Like

a modified deformable region model is presented using 2D MR image modalities to

extract and retrieve boundary of the brain tumor [92]. It effectively utilizes point

sampling to lower the count of boundary points to be processed. The corresponding

effect in the form of reduced extraction time of tumor boundary is observed when

compared with traditional active contour models. However, the model is not a gen-

eral one and performes poorly in some applications. It requires manual input to

set the ideal boundary limits for acceptable results in those applications. A frame-

work to segment internal brain structures is proposed by integrating spatial relations
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into deformable model based on initial tumor segmentation [93]. Segmentation and

recognition of surrounding brain structures are based on prior knowledge of their

spatial arrangement. The approach is validated on 20 cases of CE-T1W MR image.

The experimental results report sensitivity of 84%. Further, a novel, accurate, and

robust pipeline of region-based fuzzy clustering method called Enhanced Possibilistic

Fuzzy C-Means (EPFCM), which is used for the initial segmentation of the tumor,

is combined with one of the contour-based methods called parametric deformable

model with gradient vector field (GVF) is introduced [94]. EPFCM output provides

initial contour for deformable models to deal with the issues of initialization and

poor boundary capturing. Tumor segmentation results are presented on a dataset

having 10 CE-T1W and 5 FLAIR MR images. The reported average similarity and

Jaccard index are 95.3% and 82.1%, respectively.

Geometric deformable model, also known as level set method helps to overcome

problems like corner fabrication and curve breaking. Segmentation of 3D volumetric

images are commonly done using this model as it automatically handles topological

changes during splitting and merging of contours. A variational level set approach

based on existing well-known method [95] is introduced for automatic bias correc-

tion and segmentation of images altered by intensity variations [96]. The presented

region-based active contour model is flexible in initialization and ensures smoothness

of the computed bias field by the data term while variational formulation. It uses

a local intensity fitting term that attracts contour towards object boundaries and

preserves regularization term to ensure accuracy. Results are compared based on co-

efficient of variance for two simulated images (one corrupted with bias field without

noise and another with both bias and noise) from BrainWeb. The obtained lower

variance values indicate that images bias corrected with the presented approach are

more homogeneous. Similar form of variational methods are presented by other

researchers where knowledge is preserved in the form of template guide outlines

and atlases of normal brain structures [97] [98]. For accurate tumor matching, an

improved semi-automatic version of level-set segmentation employing a constraint
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termed as PICE (prior information constrained evolution) is presented [18]. It com-

bines image gradient and intensity information in level-set formulation. PICE is

evaluated and compared with traditional level set segmentation using dataset of

T1-W MR images and has reported an outstanding accuracy (nearly 98%) which is

10% more than the other existing approaches. Level-set segmentation is explored

in combination with region and boundary driven methods known as hybrid level

set (HLS) to achieve an accurate performance [99]. The idea is to employ region

method for propagation and boundary as a stopping function so as to assist user

in better region of interest (ROI) seletion. Experiments are performed on 246 axial

tumor slices of 10 different patients. So far, semi-automatic detection methods are

considered the best as human interactivity is required to initialize the segmentation

process [100]. A semi-automatic level set method is used to initialize the tumor

region for segmentation. A repeated segmentation process occurs by tuning the pa-

rameters of level-set. Moreover, to handle the issue of slow computing of 3D medical

images, a tool that depends on level-set models is proposed.

Segmentation of images with unclear pixels – region’s intensities relationship

is commonly done using atlas based segmentation which allows transfer of labels

as well as segmentation. It is prominently employed to detect object’s shape and

patient’s group morphologically in computer aided design. It’s generic aspects are

detailed beautifully that helps to set the forum for brain tumor segmentation [101].

An expectation-maximization based automated system is introduced aiming to seg-

ment brain tumor as accurately as manually [102]. In addition, it segments normal

brain tissue classes, namely WM, GM, and CSF along with edema. Spatial prob-

abilistic atlas containing expert prior knowledge of the brain structures guides the

whole process. Contrast enhancement based atlas is computed for each subject

under consideration for better results. Experimental results obtained for T1-W,

T2-W, and CE-T1W MR images proof applicability of the system. Similarly, a

tool based on mesh-free method is designed to segment brain tissues (WM, GM,

CSF, fats, edema, and tumor) [81]. Study aims on improvement in the registra-
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tion accuracy by manually seeding atlas with the prior knowledge of tumor position

and mass effect. The initial source of work is presented in [82] and is further vali-

dated on synthetic cases using a finite element method (FEM) based deformation.

The experimentation results show good segmentation performance. Another mesh

free based, non-parametric, automatic system is introduced to fragment brain tis-

sues from volumetric tumor images. The tumor development model contrive as a

mesh-free Markov Random Field energy minimization issue that guarantees corre-

spondence among atlas and patient’s image, preceding to registration phase.

2.2.3 Statistical Based Method

Statistical based segmentation is simpler to implement and further, the associated

statistical probabilities make acceptance of such methods in medical image pro-

cessing quite natural [19]. These methods work with parameters like mean, me-

dian, standard deviation, probability distribution, and amplitudes to statistically

describe an image. They are maily classified into three, namely Markov random

field (MRF), Gaussian mixture model (GMM) and expectation maximization (EM).

MRF is non-deterministic and considers spatial information via dependency con-

cepts of neighbors and cliques. One can embed prior knowledge into MRF through

clique possibilities. GMM in comparison has effortless implementation and requires

few parameters. Lastly, EM uses other methods, like k-means for initialization of

matrices such as mean and covariance. Each iteration recomputes these matrices

based on changing membership of training information till the convergence criteria

is reached. In general, an effective statistical simple segmentation model is designed

and progressively extended for the multi-scale environment.

A novel 3D segmentation algorithm combining concept of simulated annealing

(SA) with an iterated conditional version of Markov random field (MRF) is de-

signed [83]. The algorithm segments entire 3D MR volume and all MR images

acquired with MR sequence automatically, just after the training of typical echo
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intensities and MRF parameter setting as per the expected irregularity. It unites

nonparametric intensity distributions, neighborhood correlations, and irregularities

effectively. As a result, the algorithm is accurate as well as robust against noise,

irregularities, and structure thickness. Also, SA improves the performance as com-

pared to iterated conditional modes (ICM) but reports longer execution times. A

novel two stage fully automated approach is proposed to separate tumorous and

non-tumorous region (inclusive of edema) from multi spectral MR images [103].

The integration of Bayesian classification of Gabor decomposition with MRF clas-

sification is performed. Bayesian extracts texture features of tumor/edema which

are further refined by MRF. The performance evaluation depicts DSC of 0.668 and

0.56 for tumor and edema, respectively. The work is further extended to propose an

iterative MRF framework based on pixel- as well as region-information to classify a

brain tumor image [104]. The main objective of applying iterative model is to over-

come the issue of over-segmentation and mis-characterization of the tissue types.

Previously the aim is to compute the tumor area with high probability, neglecting

the sub classification of different tissue types. An automatic, non-parametric, sim-

ple, fast, and mesh free method to segment brain tissues from volumetric MR image

brain tumor images is presented [105]. It combines non-rigid registration of an aver-

age atlas with biomechanically justified tumor growth model to simulate soft-tissue

deformations caused by tumor mass-effect. The tumor growth model is formulated

as a mesh-free MRF energy minimization problem that ensures correspondence be-

tween atlas and patient image, prior to registration step. MRF efficiently computes

finite differences in the neighborhood of each voxel. In addition to tumor induced

deformation, it can model soft-tissue deformations and is thus clinically-oriented.

Experiments are conducted on T1-W MR images of four patients database from

ContraCancrum project and results are compared using DSC. For real patient cases

DSC values of WM, GM, and CSF ranges from 70% – 82%. The segmentation

results maintain similar accuracy as that of the existing methods.

Combining the concept of GMM and fuzzy clustering, a segmentation model
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termed as AS-FLGMM (adaptive scale fuzzy local GMM) is designed for accurate

and robust tumor detection [106]. A novel way to adaptively determine variance

in every distribution is employed based on local scale assessment technique assum-

ing that local information within image area pursue GMM. It completely overlooks

distinction of variance among Gaussian segments. Working on the same assump-

tions, another work proposes FLGMM (fuzzy local GMM) to automate brain tu-

mor MR image segmentation approach [107]. Summation of weighted GMM en-

ergy function is defined as the objective function covering the whole image. The

computational evaluation is performed using 40 T1-W images taken from Brain-

Web and IBSR datasets which proves efficacy of the combination. Similarly, a

framework based on the fusion of multiple number of Gaussians is used to ap-

prehend the spatial features of complex tissues [108]. The proposed constrained

GMM (CGMM) is composed of four-dimensional Gaussians, where three represent

spatial features and one is the intensity attribute per region. Satisfactory exper-

imental results are conducted using 36 T1W real MR images derived from IBSR

dataset. A study introduces a generative asymmetric Gaussian mixture model with

spatial constraint (SCGAGMM) to overcome drawbacks, such as robustness and

over-smoothness, of existing EM based segmentation models [109]. SCGAGMM suc-

cessfully reduces the drawbacks and has flexibility to cover different tumor shapes.

Segmentation performance of SCGAGMM is compared with four state-of-the-art al-

gorithms namely, spatially constrained generative model and EM (SCGM-EM), fast

and robust spatially constrained GMM (FRSCGMM), Bayesian bounded asymmet-

ric mixture model (BAMM), and bounded generalized GMM (BGGMM). Experi-

mental datasets consists of T1W, T2W, and PDMR images collected from BrainWeb

and IBSR. In addition, results are obtained with synthetic as well as natural color

images. In all the cases, SCGAGMM reports the best DSC values. DSC of 86.91%,

86.78%, and 67.84% is respectively attained for GM, WM and CSF tissue classes.

However, presented algorithm lacks in automatically determining the number of

classes/components for different applications.
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Aiming to segment brain tumor very close to manual procedure, an expectation-

maximization (EM) scheme based automated system is introduced [102]. In ad-

dition to tumor, tissue classes namely WM, GM, and CSF are segmented along

with edema. Segmentation is guided by spatial probabilistic atlas containing expert

prior knowledge of brain structures. To achieve better results contrast enhance-

ment based atlas is computed for each subject under consideration. Experimental

results are generated for T1-W, T2-W, and CE-T1W MR images using Jaccard

similarity measure. Five cases each with different tumor types are considered to

compare results with manual and semi-automated methods. Compared to manual

results, this system yields surface distances of approximately 1 – 4 mm. However,

semi-automated method supersedes in all the considered cases evaluating Jaccard

similarity between 49% - 71%. Segmentation algorithm, termed as SHE, is devel-

oped by effectively combining EM with the concept of spatial accuracy weighted

hidden Markov random field [110]. SHE focuses on improved segmentation quality

in clinical applications where low-resolution sequences (T2-W, FLAIR) are used to-

gether with high resolution T1-W images. Experiments are performed on a dataset

of 15 patients and are compared with original hidden MRF (HMRF) with EM us-

ing sensitivity and specificity parameters. Improved tissue segmentation is reported

by SHE, especially for all the normal tissues (WM, GM, and CSF). Comparison is

done on multiple channels of MR images as well. For axial and coronal channels, the

respective sensitivity and specificity values are 76.4% and 87.5%. SHE reports the

corresponding improvements of 5.3% and 1.9% when all the three channels are uti-

lized. Another work explores spatial relationships between pixels to estimate finite

mixture model parameters with Gaussian distribution assumption and introduced a

simple modified EM algorithm, termed as ETM [111]. The acceptance is proved by

conducting experiments on a real dataset of 32 malignant T1-W MR images (with

contrast agent gadolinium). Comparison with baseline approaches is performed us-

ing Gold Standard (GS) of the image dataset, a parameter provided by Carlos Van

Buren Hospital of Valparaiso-Chile. Baseline approaches compared are EM, Neigh-



CHAPTER 2. LITERATURE REVIEW 34

borhood EM (NEM), Hybrid EM (HEM), Fuzzy C-Means (FCM), Modified Fuzzy

C-Means (FCMM), region growing (RG), and Genetic Algorithms (GA) with 4 re-

gions or classes defined a priori (tissues types in the image) [112], [113], [114]. ETM

reports the best segmentation results obtaining 95.13% accuracy on 32 T1-W MR

images. Another combination utilized Hidden MRF (HMRF) with EM to efficiently

segment tumor from other brain tissues [115]. It minimizes energy function during

each iteration. Experiments are presented on 30 images of high grade glioma T1-W,

T2-W, CE-T1W and FLAIR modalities from BRATS 2012 dataset. A comparative

analysis with existing FCM algorithm proves applicability of the integration.

2.2.4 Machine Learning Techniques

Applicability of machine learning techniques in the domain of automatic brain tumor

segmentation is extensively explored to efficiently proceed with analysis and diag-

nosis phases. It is observed that the introduction of such learning techniques eases

work at the end of radiologists as well as experts in medical practice [116], [117].

These techniques understand relationship depth of patterns and complex data more

accurately. They are broadly categorized as supervised (classification) and unsuper-

vised (clustering) [118]. A few studies that have utilized learning for brain tumor

segmentation are FCM [119], [120], [51], self-organized maps (SOM) [62], [121], [122],

k-means [123], [124], support vector machine (SVM) [125], [126], [127], learning vec-

tor quantization (LVQ) [128], [129], artificial neural networks (ANN) [130], [131] etc.

Subsequent sections detail utilization of such approaches.

Supervised techniques derive functional relationship between features and labels

during training by utilizing the labeled information. Then in testing, labels are

generated for unlabeled information based on the estimated feature [132]. A range

of well-known classifiers is used in several studies for the identification of brain

tumor. A distance and voting function based k-nearest neighbor (KNN) is the

simplest of all the classification techniques. It is known to achieve higher accuracy
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and stability for MR image data but is observed to take large running time. Artificial

neural network (ANN) maps an image to network of neurons which are considered

as pixels. ANN considers detection as an energy minimization problem and tries

to establish not only the connection but weights between nodes too while training.

Weights are modified by means of an error factor computed by comparing observed

and desired output for the given input. One can extract features as well using ANN.

Next is SVM which uses the concept of hyper planes to train itself in appropriately

selecting margins and thus distinguishing between or among classes. SVM helps

in overcoming issues related to local minima and neurons overhead as compared to

ANN [133], [134].

Clarke is one of the first researchers who introduces an automatic segmentation

system for MR images using ANN [130]. The presented classification approach

segments and labels glioblastoma-multiforme (GBM) tumors using T1-W, T2-W,

and PD-W MR images. Later several studies exploring various classifiers come

into existence. A user friendly SVM based novel segmentation approach embedded

with region analysis is presented to optimally extract flexible decision boundary

across tumor [135]. The approach automatically learns parameters from non-linear

distribution of image data without any additional prior knowledge. Final results are

obtained after region analysis. Comparative results with fuzzy clustering on a five

patient dataset having 24 pairs of T1-W and CE-T1-W images prove efficiency of the

approach. A novel version of probabilistic neural network (PNN) integrating least

squares features transformation (LSFT) of non-linear type is designed to differentiate

metastatic and primary tumors [20]. The system is trained with 66 texture features

of 67 T1-W post-contrast MR images. The system achieves a classification accuracy

of 95.24% to distinguish metastatic and primary tumors whereas 93.48% accuracy

to classify between gliomas and meningiomas. An automated diagnosis method

combining an improved version of orthogonal DWT, i.e. Slantlet transform with

intensity histograms is presented [136]. The main focus is to classify two-dimensional

MR image as either a normal brain or one suffering from Alzheimer’s disease. Feature
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vector is created using a two step process: intensity histogram computation followed

by Slantlet transform (magnitudes of outputs corresponding to six spatial positions

are used). Experiments are performed on a dataset consisting of 75 T2-W images

(normal brain – 39 and Alzheimer’s disease – 36) collected from Harvard Medical

School. Results report excellent classification accuracy of 100% and an improvement

in time localization too.

An automatic seed point selection based system termed as adaptive neuro fuzzy

interface system (ANFIS) is presented for detection and diagnosis of brain tu-

mor [137]. The system effectively combines the concepts of neural networks and

anisotropic diffused filtering with fuzzy logic. ANFIS classifier is trained using three

different texture features, viz. gray level co-occurrence features (contrast and en-

ergy), Haar wavelet transform, and law’s energy features. Experimental results are

generated using dataset consisting of 120 (80 abnormal + 40 normal) training and 80

(30 normal + 50 abnormal) testing images. Comparison with several conventional

processes using parameters like accuracy, sensitivity, similarity index, extra fraction,

overlap fraction, and positive prediction value proves applicability of the presented

system. The respective reported values are 87%, 81%, 81.7%, 18.2%, 81.7%, and

81.7%. A study analyzing the affect of three dimension reduction techniques on

the classification accuracy of SVM for glioma grade is presented [138]. It suggests

that careful selection of features reduces number of features by up to 98% while

maintaining desired classification accuracies comparable to those reported in litera-

ture. Also feature compactness helps in more streamlined work-flow with minimal

computational needs. Predictive power of feature reduction techniques is valuated

on a dataset of 101 untreated glioma patients using T2-W and CE-T1W MR im-

ages. Experimental results report PCA as the best candidate that uses the smallest

feature set in achieving equal classification accuracy. Specifically, PCA reports 85%

classification accuracy with 89% sensitivity and 84% specificity for three principal

components. In comparison, the respective values for Pearson’s correlation coef-

ficients (PCC) are 82%, 89%, and 77% with two principal components; similarly
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for independent component analysis (ICA) they are 79%, 87%, and 75% with nine

principal components.

Detection of brain tissues in the presence of unlabeled image information is

commonly done via clustering. These techniques submit complete arrangement of

pixel vectors to cluster examination plot then find relevant groups algorithmically.

Similar objects share same cluster and dissimilar ones are placed among different

clusters. Clustering identifies brain tissues as regions sharing same label [132]. A

few of the popular clustering approaches in tumor detection through MR images are

k-means, self-organized map (SOM), fuzzy c-means, pulse-coupled neural network

(PCNN), and feedback pulse-coupled neural network (FPCNN).

A segmentation approach to automatically track non-enhancing growth or shrink-

age of brain tumor size over time in MR images is designed [47]. Segmentation is

done effectively in two phases. Starting with unsupervised fuzzy clustering, domain

knowledge is subsequently integrated then the final segmentation output is gener-

ated. Experimental results generated on weighted modalities of MR images, i.e.

T1-W, T2-W, and PD, are found as satisfactory. A modified PNN combined with

LVQ to classify specified ROI of tumor area is proposed [139]. Each ROI is weighted

based on LVQ and then extracted ROI features are utilized to evaluate brain tu-

mor from MRI. For experimentation 64 MR images are collected and comparison

is done with conventional PNN. The results prove a classification accuracy of 100%

along with that a reduction in the processing time by 79% approximately. The

classification technique consisting of three stages, feature extraction, dimensionality

reduction, and classification [140]. In classification stage, two classifiers have been

developed, the first one is based on feed forward back propagation artificial neural

network (FP-ANN) and the other on k-nearest neighbor (k-NN). These two classifier

are used to identify the abnormal tissues and resulted with a success of 97% and

98% respectively. The method can be deployed for all type of MR images T1-W,

T2-W and PD-W.

A fully automatic and unsupervised brain tumor segmentation method along
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with a method to retrieve membership functions perfect MR image is designed [51].

The objective function is defined based on intensity values. Experimental results are

obtained on CE-T1WMR images taken from three datasets: normal dataset (NON),

glioblastoma multiforme (GBM), and meningioma (MEN). Results are better than

the existing approaches. Specifically Jaccard similarity coefficient on NON is 97%

whereas on GBM and MEN it is observed to be 83.61% and 76.71% respectively. A

hybrid segmentation algorithm based on soft sets namely soft fuzzy rough c-means

(SFRCM) is proposed to extract the white matter (WM), gray matter (GM) and the

cerebrospinal (CSF) fluid from MR brain image with bias field correction [5]. The

soft fuzzy rough sets are obtained by embedding the concept of soft sets, rough sets,

and fuzzy set. The soft rough set defines the lower and upper approximations of

cluster using the soft fuzzy set indicating the degree of belongingness. The approxi-

mations are defined for each pixel with fuzzified values rather than crisp values. The

efficacy of the proposed algorithm SFRCM is evaluated on three brain databases:

(i) simulated Brain Web database with 20 images (ii) IBSR database with 20 images

and (iii) BRATS database with 10 images. T1-W, T2-W, and FLAIR MR images

are used to detect high grade glioma. The visual results clearly differentiate between

brain tissues and tumor. The accuracy of the tumor detection with Gaussian noise

at 3% and salt and pepper at 5% turns to be 94.04% and 87.94% respectively.

Combining several computational methods at each intermediate stage, an effi-

cient as well as automatic CAD system for brain tumor diagnosis using MR images

is designed [141]. The system employs FPCNN for segmentation, DWT for fea-

ture extraction followed by dimension reduction using PCA, and lastly feed forward

back propagation neural network (BPNN) classifies between normal and abnormal

tissues. Experimental results are obtained on 101 MR images (14 normal and 87

tumorous) taken from the Harvard Medical School website. The classification ac-

curacy on testing images is 99%, sensitivity is 100%, and specificity turns to be

92.8%. Neural network based approaches have complex architecture and demands

enough training, an attempt to resolve these limitations is made by integrating SOM
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with unsupervised LVQ [142]. The proposed SOM based clustering module does not

utilized any additional network. The generated output is further processed using

concepts of thresholding and skull stripping to obtain effective segmentation.

Summarization of some good works under each of the discussed traditional ap-

proaches are presented in a Table 2.2. Basis used to choose any study are the values

of performance parameters with respect to the size of experimental dataset.

2.2.5 Deep Learning Techniques

Another emerging domain of machine learning is ‘deep learning’. It’s multiple layer

architecture represents data with manifold layers of abstraction which helps to over-

come several challenges that occur in traditional machine learning approaches. Ad-

ditionally, it’s generalization and self-learning characteristics enable better quantita-

tive analysis of imaging features and thus better detection of neurological disorders.

Thus, deep learning based detection techniques are gaining acceptance in the field

of medical imaging process [146] [147]. CAD systems designed with deep learning

techniques are frequently observed in medical image analysis ranging from breast

lesions and pulmonary nodules [148] [149] [150], chest and pulmonary tuberculo-

sis [151] [152] to brain tumors [153].

Several deep learning techniques, namely deep neural networks (DNN) [163]

[153], convolutional neural networks (CNNs) [164] [48] [165], deep convolutional

neural networks (DCNNs) [166] [167], auto-encoders [168], stacked auto-encoders

[22] [15], are developed for efficient brain tumor detection, segmentation, and classi-

fication using MR images. Researches in great pace continues to dig more and more

deep learning approaches to achieve the best performance. Deep learning combined

with other techniques is observed to enhance the classification accuracy. Working

differently, one study focuses on proper treatment planning and presented a hybrid

system that predicts 1p/19q status of low grade gliomas (LGG) [154]. ANTs open

source software library for image registration is utilized to register multi-modal CE-
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T1W and T2-W images (in total 159 MR images of LGG with status non-deleted

for 57 images and co-deleted for 102 images) [169], followed by tumor segmentation

using semi-automatic software [170], and finally CNN classification is performed.

Cross domain results reported 87.7% accuracy, 93.3% sensitivity, and 97.7% speci-

ficity.

A three-stage automatic segmentation approach, termed as WMMFCM is pro-

posed aiming to overcome the limitations of FCM [155]. Techniques employed

in respective three stages are multi-resolution wavelet (WM), morphological pyra-

mid (M), and Fuzzy C-means (FCM) clustering. Performance is verified using two

datasets: BrainWeb (152 MR images with T1-W, T2-W, and PD modalities) and

BRATS (81 images from multimodal brain tumor segmentation having glioma with

T1-W, T2-W, FLAIR, CE-T1W modalities). An accuracy of 97.05% is reported

for BrainWeb and with BRATS 95.853% accuracy is achieved. In the consecutive

year, another work utilized the concept of small kernels based CNN [48]. A novel

way to deal with over fitting, provided fewer number of weights in the network is

presented. Starting with uncommon intensity and patch normalization, the study

proved effectiveness of combination together with data augmentation. Next train-

ing with patches is done by rotating them artificially. Lastly, defined threshold is

placed to impose volumetric constraints, i.e. elimination of small clusters, which are

basically the erroneous ones and may be classified as small tumors. In the brain

tumor experimentation phase, the accuracy rate for a baseline network turned to be

84% whereas for U-net 88% accuracy is achieved.

Focusing on the same issue of over-fitting with sparse data, an automated system

based on deep convolutional neural networks (DCNN) is designed [159]. It blends

DCNN with an introduction of max-out and drop-out layers. Acceptability of the

approach is evaluated on BRATS 2013 dataset having T1-W, T2-W, CE-T1W, and

FLAIR MR image modality. Experiments are conducted on a system using training

is to testing ratio of 80:20 based on three parameters namely, dice similarity coef-

ficient (whole tumor - 80%, core - 67%, and enhancing - 85%), sensitivity (whole



CHAPTER 2. LITERATURE REVIEW 43

tumor - 82%, core - 63%, and enhancing - 83%), and specificity (whole tumor - 85%,

core - 82%, and enhancing - 88%). Several approaches are designed to improve and

outdo CNN performance in terms of hardware specifications, accuracy, and process-

ing time especially while handling large size images [156]. The approach uses Fuzzy

c-means for the MR image segmentation which is followed by discrete wavelet trans-

form (DWT) integrated with the Deep Neural Network (DNN) to classify 66 T2-W

MR images into four classes: normal, glioblastoma, sarcoma and metastatic bron-

chogenic carcinoma tumor. The performance of the algorithm resulted in 96.97%

classification rate.

In the same year extended version of the DCNN is presented to resolve the seg-

mentation issues [171] [165] [172]. Another popular issue studied by a large group

of researchers is the occurrence of multiple tumors [156] [48]. Tumor multiplicity

demands more precision and thus increases complexity; in such a scenario MR im-

age input type and its features matter a lot. A novel multimodal supervoxel based

segmentation approach integrated with random forest (RF) is introduced to work

with MR as well as with diffusion tensor imaging (DTI) [157]. For each supervoxel,

a variety of Gabor features are extracted to train RF classifier. It classifies each

supervoxel as healthy and tumorous (core or edema) using multimodal images from

BRATS and clinical dataset (30 images). Performance is reported in terms of sensi-

tivity and dice score. The respective values for clinical dataset are 86% and 0.84. In

comparison better values are reported for BRATS, 96% and 0.89 respectively. One

work has proposed three different network models, namely, Interpolated Network

(IntNet), Skip-Net, and SE-Net for brain tumor segmentation [160]. Experiments

on BRATS 2015 MR images with four modalities (T1-W, T2-W, CE-T1W and

FLAIR) proved superiority of IntNet over SE-Net and Skip-Net. IntNet achieves

highest values for all the three considered parameters dice coefficient (90%), sensi-

tivity (88%), and specificity (73%) on a complete dataset. In the current scenario,

enhancement of CNN is applied to resolve the extensive manual diagnosing process.

An optimal automatic segmentation approach combining enhanced CNN (ECNN)
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with BAT algorithm is developed [161]. BAT works on the function loss whereas

small kernels characteristics of ECNN allow network with less weight assignment

that controls over-fitting. The performance of ECNN is found to 3% more accurate

in comparison to traditional CNN. For the segmentation of Glioblastomas (high as

well as low), an end-to-end incremental DNN based model known as “EnsembleNet”

is proposed [158]. It aggregates on parallel instances with incremental XCNet that

generates CNNs model (2CNet and 3CNet) by using non-parametric fusion tech-

nique. The dice score turns out to be 0.88 on BRATS 2017 dataset.

2.2.6 Auto-encoder Techniques

Auto-encoders, a fully associated neural networks able to learn effectively in an un-

supervised manner, are studied extensively in the past few years so as to lessen data

dimensions (encoding). The reduced representation is then processed (decoding) to

reconstruct the associated input. Several works in the field of medical imaging have

proved better performance of auto-encoders in comparison to PCA.

Stacking denoising auto-encoders (SDAE) scheme for brainstem segmenting is

found to perform well over traditional SVM [15]. Experimental results are obtained

on T1-W modality using manual as well as automatic process. Shape similarity

accessed via DSC ranges from 0.84 to 0.90 for four manual and three automatic

annotations methods. DSC with SVM is observed as 0.88 whereas it has shown an

improvement of 0.03 when SVM is embedded with the proposed scheme. Overall the

proposed scheme is observed to perform better, reporting mean DSC of 0.92. An-

other study also utilized SDAE technique for accurate segmentation of gliomas [22].

Among several layers in the architecture three are meant for SDAE having 3000,

1000, and 500 neurons respectively. System is trained with fixed sized 3D patches

11x11x3 of T1-W, T2-W, CE-T1W, and FLAIR MR image modalities from BRATS

having 220 HGG and 54 LGG patients. Experimentation results outperform for

high grade glioma as compared to low grade with DSC of 0.81 for whole tumor,
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0.68 for core tumor, and 0.64 for active tumor. Another reason for the popularity of

SDAE is its ability to represent complex functions finitely [153]. In comparision, ex-

isting approaches require manual interference with prior knowledge whereas in case

of automatic shallow learning is involved. Utilizing this fact a novel deep learning

system is proposed. The pre-processing phase extract image patches which are pro-

cessed by SDAE based classification network to retrieve high level features. Finally,

morphological filters are applied to fetch the segmentation results. The approach

has reported satisfactory performance on real patient’s data collected from West

China Hospital. Furthermore, other versions of denoising auto-encoders (DAEs)

are also introduced for effective lesion detection and segmentation from multi se-

quence MR images [173]. The focus is to minimize false-positive (FP) for gliomas

using a single layer DAE, which is referred as novelty detector (ND). Further the

work modifies ND via cascading, i.e. cascaded ND (CND) to generate exclusive

error distributions for different gliomas components. The study also demonstrates

semi supervised learning by pretrained SDAEs using patches drawn from 20 patient

volumes. Experiments are tested on BRATS-2013 and BRATS-2015 using T1-W,

T2-W, CE-T1W, and FLAIR MR modalities. The performance is compared with

previous submission [22] to BRATS 2015 challenge and resulted in an improvement

of 8% in DSC considering tumor core for LGG volumes. Visual results are presented

using ISLES 2015 challenge dataset for lesion detection of 28 patient volumes using

ND and CND.

Auto-encoders are combined with other concepts too. One such study attempts

to overcome several issues related to generative adversarial net (GAN) by integrat-

ing it with deep convolutional auto-encoders [174]. The system is termed as vari-

ational auto-encoder GAN (VAE-GAN) and is designed to encode complete brain

MR slice context. Focus is to determine the benefits of mapping healthy anatomy

to a well-structured, latent manifold with GAN. Experimental results are generated

by training the system using 83 healthy cases and testing it on 49 multiple sclero-

sis (MS) lesions with FLAIR modality. Comparison done with deep auto-encoding
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models proves that the performance of spatial VAE-GAN is the best with DSC of

0.6050 ± 0.1927. Similarly, a conditional generative network based on VAE is de-

signed that learns the input distribution by embedding label independence in latent

space [175]. Another work proposes an adaptive augmentation algorithm to train

discriminative model utilizing generative models [178]. The approach helps in con-

trolling image characteristics by tuning the latent variables properly. Results also

report performance improvement over other baseline and U-net architectures. For

FLAIR MR images of BRATS dataset, respective accuracies of 84% and 88% are

achieved for baseline and U-net network.

Convolutional autoencoder-based inter-slice interpolation (CARISI) framework

is designed for brain tumor inter-slice interpolation using convolutional auto-encoders

(CAEs) [179]. The main focus is to effectively deal with the gap that occurs due

to rapid changes between two consecutive image slices. Experiments performed on

dataset proves the ability of CARISI in slice generation that are more accurate,

refined, and helps in exhaustive 3D shape reconstruction of the brain tumor by

assisting medical domain at its best. In some interpolations, it is assumed that

pixels change gradually and thus experimentation satisfies with the best possible

results [180]. However, the said assumption gets violated in some cases [181]. A

discussion on several other common issues faced in latent consistency while investi-

gating VAE and adversarial auto-encoders (AAE) is presented deeply in one of the

reasearch studies [176]. In addition, lesion detection in an unsupervised learning-

manner with improved accuracy and latent constraint is proposed. Experiments are

executed by training the model with 35 T2-W MR images extracted from Human

Connectome Project (HCP) data source. Though detection performance is evaluated

on T2-W images of 42 subjects taken from BRATS 2015. The accuracy is depicted

through area under the curve (AUC) which turns to be 0.923 for AAE considering

λ=1. A thought to replace conditional random fields (CRF) with an automatic

GAN is also explored with an aim to achieve better results compared to traditional

state-of-art brain tumor segmentation methods [177]. The main reason behind is the
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high-order smoothing which in turn affects the performance. Experimental results

generated on BRATS 2015 database outperforms CNN based approaches reporting

dice coefficient of 82% and segmentation time of 10.8 seconds.

2.2.7 Hybrid Techniques

Hybrid technique means integrating two or more techniques so as to attain better

results compared to those reported by individual techniques. The objective of such

integrations is to conquer loopholes of one technique by another technique. Based

on the observations made during the literature survey the term ‘hybrid’ in respect to

brain tumor detection systems has three variations, viz. segmentation-segmentation,

segmentation-classification, and classification-classification. Some of the works from

each of the three variations has been discussed so as to perceive their advantages as

well as uses.

Integration is not new in the field of medical image processing, hybrid techniques

were popular even in back years to fulfill the increasing demands of perfection. SVM

is very popular in such scenarios and is aggregated not only with traditional but with

emerging approaches too. A novel approach combining wavelets individually with

self-organizing maps (SOM) and SVM is presented to classify brain MR images [182].

Dataset consisting of 52 axial, T2-W MR brain images (normal and abnormal, i.e.

affected by Alzheimer’s disease) is utilized for performance evaluation. Effective

classification results of more than 94% and 98%, reported respectively for SOM

and SVM demonstrate utility of the proposed method. Another work integrates

SVM with genetic algorithms (GA) and implements spatial gray level dependence

method (SGLDM) to optimally extract texture features from normal and tumor

regions [183]. Experiments are done on real brain dataset from Harvard Medical

School website consisting of 83 images (29 - normal, 22 - malignant; suffereing from

low grade glioma and meningioma, and 32 - benign; suffereing from bronchogenic

carcinoma, glioblastoma multiform, sarcoma, and grade IV tumors). The approach
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reports accuracy varying from 94.44% to 98.14% and sensitivity ranging from 91.9%

to 97.3%. SVM classifier is even integrated with fuzzy c-means (FCM) clustering

for tumor detection and classification [184]. Results are concluded using 120 pa-

tients bases and the performance is compared on four different datasets with ANN.

Larger datasets report better performance with ANN but for smaller ones SVM is

found more suitable. Overall it can be said that hybrid SVM produces satisfactory

accuracy rate and lesser errors.

FCM is another popular candidate in the hybrid category. A novel region-based

fuzzy clustering method namely, enhanced possibilistic fuzzy c-means (EPFCM) is

designed to overcome initialization and weak boundaries constraints in region based

approaches [94]. The combination is utilized to segment tumor in 10 CE-T1W and

5 FLAIR MR images and is observed to achieve an average similarity and Jac-

card indices as 95.3% and 82.1%, respectively. An effective segmentation approach,

KIFCM integrates k-means clustering with FCM [185]. k-means reduces execu-

tion time whereas FCM excels accuracy of brain detection. The study used three

datasets, namely digital imaging and communications in medicine (DICOM) - 22

images, Brain Web dataset - 152 images, and BRATS - 81 images. Both KIFCM and

FCM report similar accuracy for these datasets but KIFCM takes lesser processing

time by reducing the number of iterations. Precisely, for the three datasets KIFCM

respectively reports 90.5%, 100%, and 100% accuracy. Another work explores a novel

combination of SOM with learning vector quantization (LVQ) to develop effective

segmentation approach [142]. The study also proposes skull stripping algorithm.

T1-W, T2-W, and FLAIR MR images of twenty patient’s suffering from glial tumor

is utilized to perform experiments. The skull stripping algorithm outperms other

well-known algorithms on IBSR dataset. However, performance on BRATS 2012

dataset reports an average dice similarity indices of 91% (WM), 87% (GM), 96%

(CSF), 61% (tumor), and 77% (edema) which are better than other state-of-the-art

techniques.

The concept of hybrid is extended further with the idea of blending more than
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two approaches. FKM poorly handles issues related to large range of data. In an at-

tempt to improve data handling capacities, FKM is integrated with SOM to design

a tumor detection approach [21]. SOM assists in initial clustering and dimensional-

ity reduction too. This combination obtains an accuracy of 96.18% and sensitivity

of 87.18% for T1-W, T2-W and FLAIR MR images collected from Harvard Brain

Repository. It is found to perform superior in comparison to existing segmentation

techniques. A hybrid, efficient, fully-automatic brain tissue segmentation framework

based on clustering techniques is presented [186]. The system starts by fixing pixel

intensity values in order to enhance image contrast, then super-pixel algorithm is

employed to join pixels with similar intensity into objects. The objects are fur-

ther processed independently using three clustering techniques (k-means, FCM, and

SOM) to produce the labels corresponding to each object. Lastly, neural network

(NN) is trained with extracted object features and their labels generated by cluster-

ing techniques. Results obtained on T1-W MR images collected from internet brain

segmentation repository (IBSR) are reported in terms of accuracy (98.10%), speci-

ficity (98.97%), and sensitivity (79.66%). These values are observed to outperform

those achieved for other clustering approaches.

A novel segmentation algorithm, termed as SFRCM, i.e. soft fuzzy rough c-

means is designed to precisely extract brain soft tissues, namely WM, GM, and

CSF, with bias field correction [5]. Initially soft fuzzy rough sets are obtained by

embedding the concepts of soft sets, rough sets, and fuzzy sets. They define lower

and upper cluster approximations for each pixel using soft fuzzy sets indicating

degree of belongingness. The efficacy of SFRCM is evaluated on simulated BrainWeb

database (20 images), IBSR (20 images), BRATS (10 images) having T1-W, T2-W

and FLAIR MR images to detect high grade glioma. Visual results clearly show

differences between brain tissues and tumor. Quantitatively, SFRCM achieves tumor

detection accuracy of 94.04% with Gaussian noise (3%) and 87.94% with salt and

pepper (5%) noise. A novel integration of an optimization technique with FKM

is introduced to process to MR images [191]. The bacteria foraging optimization
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(BFO) based modified fuzzy k-means algorithm (MFKM) is designed and is proved

to take minimum computational time in handling MR image sequences. MFKM

initializes the segmentation process then BFO algorithm works to derive optimal

threshold values. Experiments performed produce appreciable results in terms of

sensitivity and specificity, which turns to be 97.14% and 93.94%, respectively.

The complete summarization of deep learning, auto-encoders, and hybrid tech-

niques highlighting their relationship with MR image modalities, tumor disease, and

data set affecting the performance evaluation is respectively given in Table 2.3, 2.4,

and 2.5. However, based on this summarization it can be said that automatic method

of segmentation is mostly used with all MR image modalities whereas traditional

techniques mostly focus single modality.

2.3 Medical Imaging Systems for Efficient Han-

dling of Big Data

The emerging trends have drifted the research from accuracy toward processing

time so as to perform tumor segmentation in minimal time. In addition, another

prospective is a shift from small MR tumor data to larger volume. Tremendous

amount of MRmedical data storage, processing, and distribution needs much beyond

the traditional algorithms or hybrid frameworks. The need is to parallelly handle

MR brain image data through multi-nodes thus increasing speed and efficiency of the

system [192] [193]. In 2016, MR brain tumor segmentation is evaluated using parallel

genetic approach (PGA) in Hadoop and Spark tools for varying data sizes [54]. The

novel approach is in cloud environment, therefore, an effective lossless compression

methodology for transferring of brain data is used to have communication with

the cloud. For experimentation Connectome project dataset is taken in range of

2GB to 10GB which are processed through 1 to 5 cluster nodes. The execution

time of Hadoop ranges from 12sec to 24sec whereas in case of Spark it reduces and

ranges from 4sec to 7sec. However, in this work the network based platform (Spark)
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for brain image processing supersedes the cloud based (Hadoop) platform. In the

same year, 2D brain MR image analysis system has been proposed integrated with

Hadoop MapReduce framework [194]. The objective is to reduce the retrieval time

of the brain MR images. The support of core image processing approaches makes

MapReduce capable of handling large image data than traditional content based

medical image retrieval system (CBMRS). However, such image retrieval studies are

related to evidence-based practices (EBP), which act as a guide to experts, doctors,

and radiologists to undertake patients with similar cases. The two stage approach

leads to a decision of surgery, if more number of retrieved images is tumor affected.

Performance of the system is validated on 10 images with execution times of 29msec

and 27msec for replication factors of 2 and 3, respectively.

In 2017, framework for automatic diagnosis of 3D brain MR images is pro-

posed, which utilizes scale invariant feature transform (SIFT) to extract image fea-

tures [195]. Further, SIFT feature vectors are mapped with each input image using

MapReduce and are stored using Hadoop distributed file system (HDFS) within the

system. MapReduce divides massive images across different clusters which in return

reduces time. Evaluation is presented on different MR image datasets by running

Hadoop in chunks of 20, 60, and 100 image classes; however the whole system accu-

racy turns to be 80%. Multimodal brain tumor MR image segmentation using one of

the statistical segmentation techniques, known as Hidden Markov Models (HMMs)

is presented employing MapReduce for training to increase system throughput [196].

The proposal is evaluated and validated on BRATS-2013 dataset, consisting of sim-

ulated and real patients details suffering from high grade glioma (HGG), in terms of

dice similarity coefficient (DSC) and processing time. Average DSC of 89.2% (sim-

ulated) and 65.6% (real) is reported for tumorous cases. Further, MapReduce with

8 multi-node platform results in better processing time (approximately less than a

minute) for a single patient. It is evident that messing with performance and time

simultaneously with any external platform is impractical. However, incorporation

of multiple cloud and network based platforms ensure organized as well as parallel
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handling of massive MR image data.

Another study attempts mapping and prediction of healthy/effected MR brain

images based on analysis of visual parameters, i.e. content based image retrieval

(CBIR) approach, utilizing Hadoop platform for large scale image data [197]. The

proposal further employed Lucene indexing technique for reduced search time thus

faster performance and classifies tissue abnormality via support vector machine

(SVM) for efficient predictions. Research on medical image retrieval is growing

at fast pace to extract texture features with the assistance of Hadoop, HDFS and

MapReduce paradigm. Working on similar lines, researchers designed an efficient

medical image retrieval system using CBIR approach incorporated with Hadoop

(Hadoop-CBIR) [198]. Experimental evaluations showing considerable accuracy at

minimum retrieval time are presented with high number of input images. In partic-

ular, examination of 80 images (5GB) with replication factor (RF) as 5 measures a

response time of 72msec.

2.4 Discussions

Studies covered in this research clearly presents the depth as well as the width of

research in the field of brain tumor detection. One can thus easily observe that the

employed techniques, MR image modalities, brain disease, data source, and number

of cases definitely affect performance of the developed system. Lot many systems

are handled solely as manual, semi-automatic, or fully automatic, but in some cases

combination is also applied. To recapitulate automatic (without user interference)

is considered the best from the researcher point of view. However, the same cannot

be true when applied practically on any affected patient. A second opinion is always

required to assure the system’s decision. References in support of these observations

are included in Fig. 2.4. Difference in observations made by four different practi-

tioners while manually segmenting MR image to detect tumor (glioma) is clearly

visible in Fig. 2.4(i). Similarly, Fig. 2.4(ii) shows automatic segmentation results

generated using original as well as modified gradient vector flow snake (GVF).
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Figure 2.4: (i) Manual segmentation by four different experts to detect glioma in
MR image. (ii) Automatic Segmentation of glioma using improved GVF snake [2].

Again differences in locating glioma via both versions of GVF is observed, however

tumor extraction is still near to accurate. From this deliberation can be concluded

that automatic is not always effective. Similarly, for [3] semi-automatic systems, Fig-

ure 2.5 is included that displays results generated using a system assisted follow-up

in neuroimaging of therapeutic intervention (AFINITI) as well as manual annota-

tion. It is visible that the calculated tumor sizes in terms of volume are generally

smaller than those marked during manual segmentation.

Figure 2.5: Difference between manual and semi-automatic segmentations. Images
in sequence are original image, manual segmentation, semi-automatic segmentation,
and difference between manual segmentation [3].
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Though drift from traditional to emerging techniques will happen to keep various

parameters (MRI sequence, tumor type, dataset etc.) synchronized. Most of studies

signify need of semi-automatic as well as fully automatic detection, also proved the

same with the best visual results. However, there are cases where even the latest

deep learning approaches fail to segment the brain MR image effectively. In figure

2.6, colors differentiate different brain tumor areas. Here manual performs better

and due to over segmentation automatic segmentation lacks behind.

Figure 2.6: Satisfying segmentation of the tumour, regardless motion artefacts (top
and middle), One of the worst cases of over-segmentation observed (bottom) [4].

Lastly, an attempt to compare all the segmentation approaches is made based on

certain parameters which are figured while surveying the existing literature in the

domain. Parameters identified are Computation Time (time required to generate

the result after an input image is provided), Computational Simplicity (ease with

which algorithm can be implemented), Dataset Size (ability to handle big data),
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Table 2.6: Segmentation approaches and their values for various parameters identi-
fied during the survey.

Segmentation
technique

Computation
time

Computation
simplicity

Dataset
size

Noise
invari-
ance

Support
to real
dataset

Spatial in-

formation

Thresholding Slow Low Small Yes No No

Edge Based Fast Low Small Yes No No
Contour Based Slow Moderate Small Yes No Yes
Region Based Slow Low Small Yes No Yes
Atlas based Slow Moderate Small Yes No No
Level set Slow Moderate Small No No No
Deformable
Model

Fast Low Large Yes No No

EM Fast Low Large Yes No No
MRF Fast Moderate Small No No No
GMM Fast Low Small No No No
K-NN Fast Low Large Yes Yes Yes
SVM Slow Moderate Large Yes No Yes
NN Fast Moderate Small Yes No Yes
LVQ Slow Low Small Yes No Yes
K-means Fast Low Large Yes No Yes
FCM Slow Low Large Yes No Yes
SOM Fast Low Large Yes No Yes
CNN Slow High Small Yes Yes Yes
DCNN Slow High Small Yes Yes Yes
Auto-encoders Slow High Small Yes Yes Yes

Noise Invariance (capability to resist presence of noise in input image), Support to

Real Dataset (cross-domain performance), and Spatial Information (is the algorithm

utilizing spatial image data effectively). The range of allowed values for each iden-

tified parameters is as follows: Computation time (Slow or Fast), Computational

simplicity (Low, Moderate, or High), Dataset size (Small or Large), noise invariance

(Yes or No), Support to real dataset (Yes or No), Spatial information (Yes or No).

Using the above information, segmentation approaches along with their values are

presented in Table 2.6. Clearly, the traditional ones are better computational but

provide no support to real datasets, are not invariant to noise, and does not even

utilize spatial information at the desired extent. In comparison, new participants in

the domain especially the CNN, DPNN, and auto-encoders supersedes in all aspects.
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2.5 Summary

Statistical analysis of MR image modalities, data sources, as well as current scenario

in each of the considered detection technique is presented. Utilization of the best

modality based on the ease of availability is summarized considering the articles

covered in this research. Based on the existing literature of brain tumor segmenta-

tion techniques several deliberations concerning performance improvements of the

developed system can also be concluded. The most prominent is the automatic

CAD system for detection. Firstly, the execution speed of segmentation approach

can be improved by consolidating automation within it [79] [95] [138] [191]. Sec-

ondly, system efficiency/adaptability can be improved by refreshing prior knowledge

bases having parameters ranging from intensity to tissues, like shape, location, area,

symmetry, and normal anatomic variability. Studies have worked on filtering as

well as better utilization of dataset for precise results [159] [171] [172]. Another

possible improvement can be done by taking care of over-segmentation and noise

filtering [22] [79] [80] [81] [82] [83] [154] [4]. Furthermore, CAD systems developed

using fully or semi automatic unsupervised segmentation approach are preferred

over patient-specific trained ones. Varying benefits of existing systems as well as

details of the employed technique(s) - either traditional or emerging is presented in

depth. Detection method produces open contour sometimes, and is relatively more

delicate to threshold. One can think to resolve such intensity changes and threshold

related issues.

The neural networks (NN) implementation and it’s modified versions helped

researchers with great deal. The self-learning capacity of emerging deep learning

techniques completely changes the scene of brain tumor detection systems. Thus,

looking at the literature of past few years, usage of such techniques can be high-

lighted as a current trend in this domain too. Now-a-days multi-modal images

are gaining interest in brain tumor segmentation as reviewed from the articles of

deep learning, auto-encoders and hybrid approaches. Similarly, concepts like GA
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and optimization are strongly making their room. Undoubtedly, present era in the

focused domain, i.e. brain tumor segmentation, can be characterized with huge

data and high research, thus it demands for features like quickness along with ac-

curacy. As this is somehow impossible for a single technique to fulfill, the idea

of integrating two or more techniques is blindly employed. Combination may ei-

ther be inter- or intra-phase. Based on the observations made, the study identifies

following possibilities with respect to brain tumor systems. They are segmentation-

segmentation, segmentation-classification, and classification-classification. It can

also be segmentation-clustering and clustering-clustering. The said observation is

supported by summarizing combinational techniques in Table 2.5. An attempt to

present another perspective of the current research with respect to each tumor type

is also made. Table 2.7 shows the best results, as far as the knowledge of authors

are concerned, from each of the considered segmentation category grouped on tumor

type. Clearly, there are still few combinations, i.e. tumor type and approach ap-

plied which can be worked on as they are either unexplored or has not yet reported

acceptable accuracy. Several attempts to automate the segmentation process have

already been made and are still being made, but the analysis of existing approaches

clearly proves that the level of human interference can significantly improves sys-

tem’s performance and thus matters a lot. Therefore, instead of having a system

either completely automatic or time consuming solely manual research will slowly

reach a middle way by identifying a semi-automatic more efficient systems.

Furthermore, continuously increasing MR image data needs much beyond the

traditional algorithms. Distributed and parallel processing of data from native stor-

age requires a well-defined platform and thus several open source platform comes into

picture, like Hadoop, MDCS, etc. The output is expected to be prioritized based

on speed and accuracy of the system. The traditional segmentation approaches

cover either of the performance parameters, accuracy or processing time. There-

fore, research is getting accelerated incorporating Hadoop and Matlab distributed

computing server (MDCS) with detection approaches to ease the processing time.
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Table 2.7: Summary of performances reported by approaches under each of the
considered segmentation category grouped on tumor type.

Tumor type Technique Reference
Performance Parameter

ACC SEN SPEC JSC DSC

GBM Thresholding [143] 98 100

Region/Contour [18] 98
Statistical [49] 72.3-82.5
Classifiers [119] 98
Clustering [141] 99 100 92.8 83.61
Hybrid [34] 99 100 92 93
Deep learning [48] 96.97 77-88

Low grade Thresholding [67] 82.18-
85.11

Region/Contour [72] 99
Statistical [110] 91.7 89.4 75
Classifiers [138] 85 89 84
Clustering [62] 86 93
Hybrid [185] 100
Deep learning [155] 97.05

High grade Thresholding [199] 99.89
Region/Contour [93] 84
Statistical [110] 91.7 89.4 75
Classifiers [138] 85 89 84
Clustering [62] 86 93
Hybrid [5] 94.04
Deep learning [155] 97.05

Astrocytoma Thresholding [200] 98 100
Region/Contour -
Statistical [49] 76.9
Classifiers [201] 85
Clustering [143] 93
Hybrid [21] 97.14 93.94
Deep learning [48] 83

Meningioma Thresholding [68] 92.2
Region/Contour [72] 99
Statistical [102] 49-71
Classifiers -
Clustering [141] 99 100 92.8
Hybrid [21] 97.14 93.94
Deep learning [202] 81

Alzheimer’s Thresholding [203] 80
Region/Contour [204] 98 96.45 99.09
Statistical [205] 91
Classifiers [144] 100
Clustering [141] 99 100 92.8
Hybrid [34] 99 100 92
Deep learning [206] 100 100 100
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Study of the existing literature has been carried out systematically and thus the

brain tumor detection systems are analyzed from different prospectives like modali-

ties, datasets, categorization of performance parameter, tumor types, etc. Intensity

and illumination losses are commonly observed in almost all MR image modalities

while undergoing segmentation, which there after effects the performance of sys-

tems. Fuzziness may enhance overall efficacy of any medical image analyses system

if fuzzy values are appositely incorporated within each of its module, particularly

segmentation. However, a colossal growth in this research domain has generated

the possibilities of improved membership functions for better segmentation, i.e. il-

luminated clusters highlighting the tumorous area(s). In turn the research headway

towards designing and implementing a fuzzified segmentation approach based on

penalizing membership function along with the development of a framework for

identifying brain tumor efficiently. Hence an attempt has been made to cover all

the observations made during the literature survey.
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Chapter 3

The Proposed Segmentation

Approach

Segmentation is a significant step in automating the process of brain tumor de-

tection. Researchers have extensively explored clustering methods, like k-means,

fuzzy c-means (FCM), etc., along with SVM and have introduced fuzziness at sev-

eral levels for better accuracy. In other words, introduction of fuzziness shows an

improvement in the performance of a brain tumor detection system. In addition,

a prolific modification in the existing techniques sometimes proves fruitful. These

observations are inspirations for the work carried out in this chapter. An automated

algorithm to segment abnormal tissues in MR brain images is designed and imple-

mented. The proposed algorithm is termed as weighted fuzzy k-means (WFKM).

It uniquely introduces the notion of weights in fuzzy c-means (FCM) to overcome a

few of the inadequacies in the existing algorithms. WFKM incorporates the notion

of k-means as well to effectively detect tumor infiltration levels. Essentially WFKM

works on spatial context with illumination penalize membership approach, thus it

is found helpful in settling issues related to pixel’s multiple memberships as well as

exponential increase in number of iterations. It is also observed to report better

classification accuracy.

In this chapter the detailed overview of system framework is done. Initiating

63
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and setting the background related to the k-means and fuzzy c-means segmentation

approaches for brain tumor is done in Section 3.1. Followed by Section 3.2, where

the overall detailed architecture of the proposed brain tumor detection system and

gives an insight of all the basic modules involved. Section 3.3 discusses all the ex-

perimental setup and data acquisition required for the implementation of proposed

approach. Section 3.4 summarizes as well as highlights the experimental observa-

tions from the prospective of segmentation effectiveness quantitatively (accuracy

measures) and qualitatively (visually). Finally, a summarized deliberation of the

chapter is presented in Section 3.5.

3.1 Background

3.1.1 k-means

k-means clustering aims to partition n data-points into c clusters. The objective is

to minimize the total intra-cluster variance as defined in Eq. 3.1. Each cluster is

identified via its centre and is computed using Eq. 3.2. During initialization some

cluster centres are chosen and data-points are distributed among clusters. Each data-

point belongs to only one cluster whose centre is nearest to it (Eq. 3.3). An iterative

process of attributing the closest cluster to each data point and recalculating new

cluster prototypes is then followed till the termination criteria is met. In the research

work presented here data-points are pixels of an input MR image. According to the

terminology mentioned in Nomenclature, standard k-means equations are defined

here.

J(C) =
c

∑

k=1

∑

∀i,Ii∈Ck

‖ Ii − Ck ‖
2
, 1 ≤ i ≤ n (3.1)

Ck =
1

|Ck|

∑

∀i,Ii∈Ck

Ii, 1 ≤ i ≤ nand 1 ≤ k ≤ c (3.2)
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Ii ∈ Ck ⇐⇒ ‖ Ii − Ck ‖ < ‖ Ii − Cj ‖, 1 ≤ i ≤ n 1 ≤ k, j ≤ c and k 6= j (3.3)

where ‖ Ii −Ck ‖ is any distance measure used to compute similarity between a

data-point and a cluster center.

3.1.2 Fuzzy c-means

Fuzzy c-means (FCM) introduced by Professor Jim Bezdek in 1981, is the basis of

the proposed methodology [207]. FCM is similar to k-means but partitions n data-

points into c fuzzy clusters, i.e. a data-point belongs to more than one cluster with

some probability which is defined by a membership function. uik is the degree of

membership of pixel Ii in kth cluster and is based on the distance between Ii and Ck.

Each cluster is identified by its centre. It works with a fuzziness exponent, m, to

control the number of iterations. An objective function that FCM aims to minimize

is given in Eq. 3.4. Similar to k-means, it’s an iterative optimization algorithm that

updates uik and Ck using Eq. 3.5 and Eq. 3.6, respectively, till the termination

criteria (Eq. 3.7) is met. Considering image pixels as data-points and following

the terminology mentioned in Nomenclature, standard fuzzy c-means equations are

defined here.

J(C,U) =
n

∑

i=1

c
∑

k=1

um
ik ‖ Ii − Ck ‖

2, 1 ≤ m ≤ ∞ (3.4)

Uik =
1

∑c

j=1

(

‖Ii−Ck‖
‖Ii−Cj‖

)
2

m−1

, 1 ≤ i ≤ n and 1 ≤ k ≤ c (3.5)

Ck =

∑n

i=1 u
m
ik Ii

∑n

i=1 u
m
ik

, 1 ≤ k ≤ c (3.6)

‖ U (z+1) − U (z) ‖ ǫ, 0 ≤ ǫ 1, and z is an iteration step (3.7)
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3.2 The Proposed Approach

Traditional and swift k-means can handle large datasets so is popularly utilized in

computer aided detection systems to segment tumorous region from brain [208],

however it lacks ROI completeness in case of malignant tumor [209]. In contrast,

FCM retains more information and operates accurately on any tumor type but at the

cost of execution time due to noise and outliers sensitivity. A few recent researches

integrated these approaches to attain better results [185] [210]. Working on the same

lines, the proposed hybrid approach named as weighted fuzzy k-means (WFKM) is

designed to bring benefits of the specified algorithms together. The main aim is

to achieve best possible clusters in lesser number of iterations and hence better

execution time. The experimental results clarify that WFKM is efficient enough to

detect tumor that cannot be detected by k-means, FCM, and their combination.

The process flow of the proposed approach is depicted in Fig. 3.1, it starts by

taking original MR image as an input which undergoes pre-processing mainly for

noise removal. In the current proposal Gaussian mask filter is applied. Next skull

scripting is performed which however, is an important phase of brain segmentation

process to separate out normal tissues like WM, GM, and CSF from tumor tissues.

Thus, for improved and effective detection Otsu’s thresholding is utilized in this

work followed by segmentation using proposed hybrid WFKM approach. To accen-

tuate tumor shape morphological filtering using two basic operations (dilation, i.e.,

shrinking the foreground and erosion, i.e., expanding the foreground) is done. After

this phase features are achieved which in turn helps to retrieve the minimum maxi-

mum range of the values, however, affecting the performance of system. Lastly, the

Figure 3.1: The proposed system model for brain tumor detection using MR image.



CHAPTER 3. THE PROPOSED SEGMENTATION APPROACH 67

highlighted white region in the obtained image signifies tumor and the system finally

classifies the image as tumorous accordingly along with the class (benign or malig-

nant). All the main phases of the proposed system are detailed in the subsequent

sections.

3.2.1 Preprocessing

MR brain images are prone to sensitivity but achieving maximum quality with mini-

mum redundancy is at the priority. Thus several measures to enhance quality of raw

input image are applied in pre-processing phase before proceeding further. Basically,

signal-to-noise ratio gets improved by tasks like unwanted noise removal, background

smoothing, inner regions refinement, edges and region preservation. In the devel-

oped brain tumor detection system, Gaussian filtering is employed by convoking an

input image with Gaussian mask represented as a linear low-pass filter to eradi-

cate noise. It brings each pixel value in closer concordance with neighboring pixel

values which reduces edge blurring and helps in smoothing. Next pre-processing

step is skull stripping to confiscate irregularities like skull, eyes, irrelevant anatomy

structures, and scalp [211]. Lastly intensity-based Otsu’s thresholding is utilized to

extract salient features of brain tumor MR images. The original algorithm is meant

for binarization by calculating an optimal threshold that minimizes the summation

of spread of foreground and background pixels. The outcome thus highlights the

tumorous region and improves processing speed due to less storage. A modified

Otsu’s thresholding is employed to obtain a gray image as an output, i.e. if an

image is to be segmented into K clusters, then algorithm computes K − 1 optimal

thresholds values. Mathematically, the between class variance (σ2
B) as given in Eq.

3.8 is maximized over K − 1 possible thresholds.

σ2
B =

K−1
∑

k=0

sk · (µk − µT )
2 (3.8)
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where,

µT =
K−1
∑

k=0

µk · sk (3.9)

µk =
∑

i

Iki ·
pki
sk

k ∈ {0, 1, ..., K − 1} (3.10)

sk =
∑

i

pki k ∈ {0, 1, ..., K − 1} (3.11)

If G be the number of gray levels in an input MR image and gj is the number

of pixels at jth gray level, then pki , the probability associated with ith image pixel

lying in kth cluster is defined as in Eq. 3.12.

pki = pj















if intensity of Iki falls in jthgray level

pj =
gj∑
l gl

(3.12)

3.2.2 The Proposed Weighted Fuzzy k-means Approach

The proposed weighted fuzzy k-means (WFKM) approach aims to fuzzify pixel val-

ues along with weights assignment to accurately identify tumorous region in the

pre-processed brain MR image. WFKM blends fuzzy c-means with k-means utiliz-

ing the spatial context information for clustering. A penalized membership approach

is designed to control variations on illumination and grey values of a pixel while clus-

tering. In addition, noise proneness due to multiple pixel membership generations

is also assisted. The approach basically supervises scattered clusters and unclear

segments due to FCM during each of the iterations. WFKM works towards min-

imization of the objective function J(C,U) as defined in Eq. 3.13. Here lk is the

luminosity (Eq.3.14) and wk is the weight (Eq. 3.15) computed for cluster k. The

membership of pixel Ii in kth cluster is updated as in Eq. 3.16. The constant, α,
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controls the impact of illumination.

J(C,U) =
n

∑

i=1

c
∑

k=1

um
ik ‖ Ii − Ck ‖

2 −
1

2
α|lk − wk|,

1 ≤ m ≤ ∞

(3.13)

where,

lk =

∑

i=1 nI
k
i

∑n

i=1 uik

(3.14)

wk =

∑n

i=1

∑n

j=1 |I
k
i − Ikj |

∑n

i=1 uik × (
∑n

i=1 uik − 1)
, 1 ≤ k ≤ c (3.15)

uik =
1

∑c

j=1(|Ii − Ck| − |Ii − Cj|)
2

m−1

,

1 ≤ i ≤ n and 1 ≤ k ≤ c

(3.16)

The steps constituting WFKM, a hybrid segmentation approach for brain tumor

detection, are given in Algorithm 1. The process starts by partitioning an input

image into four clusters based on the intensity values defined for LL (Low-Low), LH

(Low-High), HL (High-Low), and HH (High-High). After that the membership of

each pixel is recomputed to define the fuzzy cluster centres. Then the processing

of cluster weight values, pixel illuminations, and dividing different intensity clusters

starts to achieve improved segmentation of pixels. The loop control in the algorithm

goes back after weighted FKM to fuzzification due to the minimal error as controlling

factor. However, the cluster non-uniformity has a proportional relationship to MSE

(mean square error), though a small MSE declination directly reflects the cluster

differences. When the MSE threshold (defined as 10−7) is achieved in the proposed

algorithm the loop gets stopped, satisfying the criteria. Another stoping condition is

based on the number of iteration, i.e. once 50k iterations are achieved the algorithm

halts.

Inclusion of cluster weights. The pixel membership notion in FCM results

in better clustering, specifically with overlapping large datasets. At the same time,

FCM has some issues which demand refinements. WFKM attempts to establish the
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Algorithm 1 WFKM

INPUT: A pre-processed input MR image I.
OUTPUT: A segmented image.

1: Divide image into four clusters based on the intensity values defined for LL, LH,
HL, and HH.

2: Compute U

uik =

{

1, If Ii is in Ck

0, otherwise

}

, ∀i and 1≤ i ≤ n; ∀k and 1≤ k ≤ c

3: Calculate cluster centers using Eq. 3.6.
4: Update U using Eq. 3.16.
5: Compute W .

W [k] =
∑n

i=1

∑n
j=1 |I

k
i −Ikj |∑n

i=1 uik(
∑n

i=1 uik−1)
, ∀k and 1≤ k ≤ c.

6: while threshold not achieved do
7: Calculate illumination variation factor for each pixel.

Ii =
∑n

j=1 |I
k
i −Ikj |∑n

j=1 ujk
,1≤ k ≤ c; ∀i and 1≤ i ≤ n.

8: Compute fitness of each cluster.

F [k] =
∑n

i=1 |meank−Iki |

meank
, meank =

∑n
j=1 I

k
i∑n

j=1 ujk
, ∀k and 1≤ k ≤ c.

9: for k
′

← 1 to c do
10: while (F [k

′

] < th) do
11: Divide cluster k

′

into two clusters based on its intensity range
12: Update cluster centers using Eq. 3.2
13: Execute k-means using the updated cluster centers.
14: Update U using Eq. 3.16.
15: Update cluster centers using Eq. 3.6.
16: Update W .

W [k] =
∑n

i=1

∑n
j=1 |I

k
i −Ikj |∑n

i=1 uik(
∑n

i=1 uik−1)
, ∀k and 1≤ k ≤ c.

17: Compute penalizing factor.

0.5× α×

∣

∣

∣

∣

∣

∑n
i=1 i

k
i∑n

i=1 uik
−W [k]

∣

∣

∣

∣

∣

, ∀k and 1≤ k ≤ c.

18: end while
19: end for
20: end while
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same by incorporating the concept of weights. Literature highlights an exponen-

tial increase in number of iterations with a reduction in FCM termination criteria.

Multiple pixel memberships, particularly with those which are either outliers or at

boundary, tend towards noisy patterns. The proposal of weight facilitates effec-

tive handling of such concerns by removing outliers as well as by considering other

imaging artifacts such as spatial information in context. The proposed penalize

membership approach in combination with cluster weights throughout the clustering

process updates illumination as well as gray value variations of a pixel. Penalizing

distance based on illumination also helps in handling multiple pixel memberships

and outliers.

3.2.3 Feature Extraction and Reduction

Features of WFKM segmented image is extracted by making use of a well-known

mathematical tool, i.e. Discrete wavelet transform (DWT), in the domain of medi-

cal images. WFKM initiates more clarity in an MR image with respect to intensity,

texture, size, and edges of tumor, which helps in better computation of wavelet coef-

ficients. DWT through one to three levels of decomposition with Daubechies-4 filter

banks is implemented in the developed brain tumor detection system. 113 ROI fea-

tures namely, contrast, correlation, energy, homogeneity, mean, standard deviation,

variance, entropy, root mean square, smoothness, kurtosis, skewness, and inverse

difference moment (IDM), are calculated to form an MR image feature vector. The

obtained features are reduced using principal component analysis (PCA). It’s effec-

tive, well-structured, and transfigure input feature sets having several interlinked

variables into a lower-dimensional space while variations intact. Reduced features

are less complex and improve memory requirement as well as computation time.

It further helps in an efficient and accurate classification of a tumor as benign or

malignant.

1Refer Appendix A for details of the feature vectors.
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3.2.4 Classification

Classification of extracted tumor is done using a supervised support vector machine

(SVM). Among several existing classifiers, literature observes SVM as the most

suitable for brain tumor detection due to its computational efficiency and good gen-

eralization performance [46] [184] [212] [213]. Moreover, it is independent of any

dimension and feature set. For tumor classification as malignant or benign, the

proposed system undergoes training using features extracted after the WFKM seg-

mentation followed by the testing. Initially, the collected dataset has been processed

for proper analysis of the defined parameters. In training phase, the sensitive pa-

rameters have been selected for effective results. The epoch values are iterated till

the required accuracy not achieved.

3.3 Experimental Setup and Data Acquisition

The proposed approach is implemented and executed successfully in MATLAB

R2018b running under Windows-10 operating system with CPU 2.6 GHz, i7 pro-

cessor and 8GB of memory (RAM). Experimental results are generated on images

obtained from digital imaging and communications in medicine (DICOM) dataset

considering all scan parameters, namely relaxation time (TR), spin echo (TE), and

inversion time (T1) [214]. Images acquired through MRI scanner under the magnetic

field strength of 1.5 Tesla have 2D structure on which the segmentation steps are

executed. Images with 256 x 256 pixel resolution consisting of T1W, T2W, FLAIR,

and CE-T1W modalities have been used to analyze performance of the proposed

WFKM algorithm. Brain images from three different planes, namely axial, coro-

nal, and sagittal are referred as their symmetry signifies normality of human brain

whereas asymmetry strongly supports the abnormality. 5 mm thick slices with 7.50

mm spacing in between are utilized during experimentation. A total 300 MR im-

ages are taken from DICOM dataset, out of which 70% is used for training, 15% for

result validation, and the rest for testing. Cross-validation is a technique applied
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to evaluate expected performance by partitioning the dataset into splits of train,

validation, and test. Training set to train the system, and a test set to evaluate it

on all these splits. Training and validation done at using 10 fold cross validation

for improving the accuracy. Experiments are also performed using more DICOM

images ranging from 20 to 1000 images.

3.4 Results and Discussions

Performance of proposed WFKM approach is evaluated on brain MR images with

and without tumors. WFKM has reported comparable segmentation results to the

existing research works. Hybrid approach (WFKM) is mainly meant to improve

segmentation, thus results are presented visually. Furthermore, for classification,

tumor features are extracted and optimized to better train the SVM classifier.

Segmentation results: Fig. 3.2 illustrate phase by phase visual interpretation

to detect tumor using the proposed WFKM segmentation approach. Fig. 3.2(a)

presents the examination of MR image belonging to benign tumor class, whereas

Fig. 3.2(b) verifies the same for malignant tumor class. The cluster formation in

each phase is clearly evident due to intensity variation generated by inculcating the

concept of weights and thus better convergence towards the tumor region.

Figure 3.2: Visual segmentation results on T1W MR image using Proposed hybrid
WFKM for a. benign tumor and b. malignant tumor.
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The performance evaluation: The two tumor classes, benign and malignant

are contained in the dataset. Classification accuracy shows how effectively an ap-

proach identifies the type of tumor from MR image scans. Evaluation parameter

used to assess efficacy of the classification approach in this research work is accu-

racy Eq. 3.21. In addition, performance is evaluated in terms of sensitivity Eq.

3.22, specificity Eq. 3.23, and dice coefficient index Eq. 3.24. Confusion matrix

parameters namely, true positive rate (TP), true negative rate (TN), false positive

rate (FP), and false negative rate (FN) are also computed. These are respectively

defined as in Eq. 3.17, Eq. 3.18, Eq. 3.19, and Eq. 3.20.

TP =
Number of tumorous MR brain images

Total number of images in dataset
(3.17)

TN =
Number of non-tumorous MR brain images

Total number of images in dataset
(3.18)

FP =
No. of non-tumorous MR images detected as tumorous

Total number of images in dataset
(3.19)

FN =
No. of tumorous MR images detected as non-tumorous

Total number of images in dataset
(3.20)

Therefore,

Accuracy =
TP + TN

TP + FP + TN + FN
∗ 100 (3.21)

Sensitivity =
TP

TP + FN
∗ 100 (3.22)

Specificity =
TN

TN + FP
∗ 100 (3.23)

Average dice coefficient index =
2TP

2TP + FP + FN
∗ 100 (3.24)

SVM classifiers with four different kernels, namely linear, polynomial, Gaussian

(RBF), and quadratic are used to compare classification performance after segmen-

tation using the proposed WFKM . Accuracy graphs plotted with respect to each of

the four kernels are shown in Fig. 3.3. Higher the classification accuracy better is
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the approach. Transition is specified in the graph to get a clear picture of accuracy

values correspond to each image. With linear kernel, the classification accuracy lies

between 97% and 98%.

Figure 3.3: Performance evaluation of proposed WFKM using four different SVM
classifier kernels.

However, in case of quadratic, poly, and RBF the average accuracy is reported

as 95.5%, 96%, and 92.5%, respectively. The overall accuracy of the system is

reported as 97.7% on 300 MR images from DICOM dataset. However, the change

in the number of images do not affect the overall accuracy of the proposed system,

the minute changes can be due to the feature spaces of the dataset or may be the

smaller dataset is more linear to the system. The same can be depicted in the graph

shown in Fig. 3.4 where the achieved average accuracy of the proposed system varies

from 97.12% to 96.63% with the number of images starting from 25 till 1000.

Other than accuracy parameter, the proposed work has been evaluated and
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Figure 3.4: Performance evaluation of WFKM in terms of accuracy with varying
number of images.

compared on the basis of sensitivity, specificity, and dice similarity index. These

parameters demonstrate effectiveness of the proposed approach in spotting abnor-

mal and normal brain tissues within MR brain images, except the dice similarity

index which statistically validates the spatial overlap effectiveness of the proposal.

WFKM has reported specificity, sensitivity, and average dice similarity coefficient as

94.2%, 94.6%, and 95.7%, respectively. Higher values of these specified parameters

further supports better overall performance of the proposed detection system.

3.5 Summary

In this chapter, a novel hybrid weighted fuzzy based algorithm, termed as WFKM,

has been proposed using MR images to retrieve more meaningful clusters. It is based

on fuzzification of weights which works on spatial context with illumination penalize

membership approach which helps in settling issues with pixel’s multiple member-
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ships as well as exponential increase in number of iterations. The segmented image

is further utilized for successful tumor type identification as benign or malignant by

means of SVM. Performance is validated both quantitatively (in terms of classifi-

cation accuracy) as well as qualitatively (i.e., visual examination of segmentation

outputs).

Experimentation performed on MR images using Digital Imaging and Commu-

nications in Medicine (DICOM) dataset shows that fusion of proposed WFKM and

SVM outperforms both ways, i.e. qualitatively and quantitatively. Further, per-

formance evaluation parameters show that the proposal produces better overall ac-

curacy. Results on variety of images further prove applicability of the proposal in

detecting ranges and shapes of brain tumor. Experiments showcased that WFKM

is accurately detecting tumor along with its precise location in brain MR images.

For completeness the presented system includes a classifcation module after WFKM

segmentation. Features extracted after effective WFKM segmentation helps in bet-

ter training and so is the reported accuracy in classifying brain tumor MR images.

Overall accuracy of nearly 97.7% is achieved in linearly classifying brain MR images

from DICOM dataset as normal and abnormal tumor classes with total number of

images varying from 100 to 1000. Classification accuracy reported after WFKM

segmentation clearly concludes that the proposed algorithm identifies the tumor re-

gion efficiently. This observation is further supported by values obtained using other

considered performance parameters.
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Chapter 4

Detection Framework using Big

Data

The exponential increase of brain MR image data in the medical imaging field de-

mands not only accurate but faster tumor segmentation as well. The computer

aided detection (CAD) systems acting as a second option to experts, radiologists

and surgeons needs to be swift enough to handle parallelism. However, handling

of massive MR data for segmentation with high accuracy and low execution time

is one of the significant concerns in any framework. The traditional segmentation

approaches cover either of the performance parameters, accuracy or execution time.

The proposed hybrid approach (WFKM) outperforms all traditional approaches in

terms of accuracy. 2The next focus is to process WFKM on Hadoop platform and

observe the execution time. Mainly performance of the proposed algorithm is an-

alyzed on varying sized datasets using MapReduce on Hadoop. Observations are

made to judge WFKM in dealing huge MR brain data across clusters of commodity

computers. Results obtained clearly concludes that the said collaboration helps in

achieving both the performance parameters, i.e. accuracy as well as execution time.

2The initial research work tested applicability of Hadoop-MapReduce by performing experi-
ments using a combination termed as FKM here. FKM is a hybrid segmentation approach based
on the concepts of fuzzy c-means and k-means algorithms. The background details and FKM algo-
rithm is included as Appendix B of the thesis. Observation made further motivated the integration
of proposed hybrid WFKM approach with Hadoop-MapReduce platform with an improvisation
namely, MDCS.

79



CHAPTER 4. DETECTION FRAMEWORK USING BIG DATA 80

The chapter is organized firstly to briefly explain the Hadoop-MapReduce system

model and its implication on medical imaging in Section 4.1. Section 4.2 highlights

the assimilation of proposed WFKM on Hadoop-MDCS architecture using MR im-

ages to improve the scalability. Section 4.3 summarizes as well as focuses on the

experimental setups and results It evaluates the results from the prospective of seg-

mentation effectiveness along with processing-time. Finally, Section 4.4 winds up

with a summary of the chapter.

4.1 Hadoop-MapReduce System Model

Hadoop is an open source well-defined platform that ensures efficient and swift

processing of massive traffic in distributed environment. In today’s world, data (so

is the MR image data) is growing continuously thus its processing from the native

storage becomes essential. The idea is thus to manage the processing of MR images

via a legible platform, i.e. Hadoop for effectual data communication. The objectives

ascertained by means of this integration are (i) proper storage platform maintaining

consistency and scalability of bulky image data; (ii) platform reliability through

distributed and parallel infrastructure; (iii) lastly, an efficient hybrid approach to

extract the required output that further eases response time of the system.

Two main components of Hadoop are MapReduce (for data processing) and

Hadoop Distributed File System – HDFS (for storing huge data) [215]. The sequen-

tial working of a generic Hadoop system model for MR brain images starts through

inputting the links /URLs of the datasets or downloaded paths of image data. HDFS

stores the gathered data in the form of contiguous blocks of 64 MB (default) size.

These splitted image data chunks are stacked in each replicated racks with Na-

meNode and DataNode. Daemons associated with NameNode and DataNode are

JobTracker and TaskTracker respectively. JobTracker assigns jobs for further pro-

cessing to the TaskTracker in Mapper phase. The Map function processes input and

generates an intermediate output, both in the form of < key, value > pair. Further,
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the Reducer phase agglomerates intermediate outcomes to generate the final output.

4.2 The Hadoop and MDCS Based Architecture

for MR images

Hadoop is a platform designed to run applications in distributed environment. On

the other hand, Matlab is a user-friendly and easily accessible tool meant for process-

ing of enormous image datasets. MATLAB Distributed Computing Server (MDCS)

framework eases immense image processing in clusters. Additionally, big data stor-

age HDFS layer in Hadoop permits data storage and its access in multiple formats.

Therefore, integration of MDCS with add-on libraries of Hadoop enhances perfor-

mance of the developed platform for specific application which in this work is MR

brain tumor image processing. The general integration model is shown in Fig. 4.1

and following is the layer-wise description of its four layers, namely Input, HDFS,

MDCS, and Output layer.

Figure 4.1: Medical Image processing system architecture using Hadoop and MDCS
platform.
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• Input Layer provides input to Hadoop configured platform in the form a text

file containing image links/URLs or the downloaded dataset path. Hadoop’s

ripper module extracts images from the Google defined URLs or from the

dataset path as contained in the text file. In case data is to be downloaded

through URLs then for smooth processing NameNode distribute load among

the DataNodes. Shuffled downloaded images are sorted by DataNodes and are

stored in blocks of size 128 MB. If any file overflows from the selected block

then a new block is created accordingly to store the files.

• HDFS Layer is responsible to store the data effectively for further process-

ing. HDFS works with Google File System (GFS) to make use of distributed

environment for processing on various distributed nodes [216] [217]. Block

approach is utilized for data storage on distributed drives with block sizes of

64MB, 128MB, and 256MB. The incoming images get divided into number

of blocks to manage the workload among cluster nodes. For well-organized

execution of the task various daemons are processing in the background of

HDFS [218]. NameNode is the root node of the system that handles the in-

coming data. DataNode handles application data (in the form of blocks) on

different servers. HDFS layer forwards data in the same form to Mapper-

Reducer Layer for processing.

• MDCS Layer is a configurable layer in the MATLAB environment that pro-

vides scalability, recoverability, and speed. MDCS platform helps in faster

data processing by dividing load among available slaves in the cluster. One

has to configure MATLAB Job Scheduler (MJS) to provide a communication

link between different nodes as well as to divide the incoming load among

available slave nodes in the cluster.

• Output Layer is the last layer. It stores the obtained output in the form of

blocks on HDFS platform. The extracted output can now be moved to the

local drive.
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4.2.1 WFKM on Hadoop with MDCS Platform

For correct diagnosis, a huge number of MR images are commonly produced by smart

machines in the medical domain. The proposed segmentation algorithm, WFKM

has shown to effectively detect brain tumor in MR images and Hadoop with MDCS

is known to handle huge data in all intents and purposes. Thus the framework

discussed in Chapter 3 consisting of proposed WFKM, DWT, PCA, and SVM is as-

similated on Hadoop with MDCS platform to store MR image dataset in distributed

manner as well as to process it using the clustering mechanism. Fig. 4.2 elaborates

the proposed integration.

MDCS permits the proposed WFKM segmentation approach to execute non-

interactively on clusters containing nodes. MATLAB client node with parallel com-

puting toolbox (PCT) in MDCS composes and forwards task to cluster nodes using

parallel scheduling system for processing [219]. Further, MATLAB job scheduler

configured on MATLAB client machine distributes jobs, i.e. incoming tasks, on the

Figure 4.2: Proposed framework of brain tumor detection using WFKM integrating
Hadoop and MDCS platform.
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worker nodes (personal computer accessible to perform computation) that are live

in the cluster for parallel execution.

HDFS first divides large datasets into number of blocks and stores them on the

distributed machines. These blocks are then forwarded to MDCS that distributes the

workload among DataNodes for smooth processing. The same sequence of steps is

now executed. MR Images, in blocks, are pre-processed for smoothness and removal

of unwanted noise. Segmentation using proposed WFKM approach is completed.

Based on the extracted features of the segmented region, the process of classifier

training and testing is carried out using the selected set of dataset images. For

classification purpose, test images are also forwarded to the MDCS framework which

maps them with the trained model and store them into the relevant class. After

classification, the retrieved result is stored on the HDFS in the form of blocks, the

left over tasks are considered as Straggler task and are re-processed for classification

of the image.

The working of the proposed integration, i.e. WFKM on Hadoop with MDCS

platform, is discussed in Algo. 2. As identified earlier, Hadoop using HDFS stores

clusters of MR Images in defined sized blocks for distributed storage as well as ef-

ficient processing of allocated tasks. The execution starts with a call to an input

function, (WFKM INPUT(key, value)) where key is the directory path storing

image files and value is the image number. The image, as given in the value parame-

ter, is forwarded to the proposed WFKM segmentation algorithm (Algo. 1) and the

extracted feature of the segmented region is stored in the file using file.write(key,

S) function for further processing. Later, features are mapped via call to an output

function (WKFM OUTPUT(key, value)). The process starts by loading all im-

ages from blocks and matching image name with the segmented image, if matched

then the corresponding matching image is processed using WFKM OUTPUT()

function. A block is generated on HDFS containing image file name and pixels in-

formation. The width and height of the indexed image is extracted and updated. If

the image is active, then information is stored in the generated block on HDFS and
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Algorithm 2 Hadoop implementation and MDCS configuration for WFKM seg-
mentation algorithm

INPUT:- Block of I images from HDFS
OUTPUT:- Report file of selected I images from workers

1: Start
2: FUNCTION WFKM INPUT(key, value) ⊲ key: Directory index, value:

Image index
3: Segmented Image S ← Algo. I
4: if S 6= null then
5: file.Write(key,S)
6: end if
7: END FUNCTION
8: FUNCTION WFKM OUTPUT(key, value) ⊲ key: HDFS path, value:

Image index
9: for (Rimg ∈ S) do
10: Pfile=HDFS.generateNewFile(Rimg.pullName()+.”pixels”)
11: for (m=0 to m <= Rimg.pullWidth()) do
12: for (n=0 to n <= Rimg.pullHeight()) do
13: Pval ← S.pullPixel(m.n)
14: if Pval is active then
15: Pfile.Write(m,n)
16: end if
17: end for
18: end for
19: end for
20: END FUNCTION

the extracted values are used for processing the MR Images.

4.3 Experimental setup and results

This section starts with a discussion on the dataset utilized and the initial config-

uration of the developed platform. Afterwards, obtained results are evaluated to

authenticate the proposed integration of WFKM on Hadoop with MDCS.

4.3.1 Initial configuration and Dataset

Experiments are performed on a digital imaging and communications in medicine

(DICOM) dataset collected from TCIA. The dataset is of ≈8GB in size and has
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Table 4.1: Initial configuration table

Parameter Value
Hadoop installation type Fully distributed (3.1)
Matlab installation type Matlab distributed computing server

2014a
Number of nodes 3
Configuration of slave nodes 4GB, 8GB RAM
Configuration of master node 8GB RAM

images with dimensions 256×256, i.e. a total of 65,536 pixels in a image.

An instance of ripper interface named as FlickrRipper is available in Hadoop

that can extract the dataset by working on the URLs of searched MR Images.

These URLs are provided in the form of a file. FlickrRipper can be used for all sets

of results in any of the formats. Here as well images are pre-processed using the

Gaussian filter to enhance the smoothness by removing unwanted noise. To train

the SVM classifier the complete dataset is divided into three portions, 70% images

are used for training, 15% for result validation, and the remaining for testing. Fig.

4.3 shows training and validation done at different epochs, clearly the maximum

accuracy is achieved at 30th epoch.

Figure 4.3: Plot of system accuracy on train and validation datasets
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For optimal results, a compatible number of nodes/machines are elemental and

for better performance it’s essential that these machines are properly tuned. For

experimental purpose, 3-nodes are configured to surge the processing speed of the

proposed integration. Table 4.1 presents the node configuration details utilized to

perform experimentation for the evaluation of the proposal. In this research, the

proposed framework is developed on physical machines instead of virtual environ-

ment to attain the desired results. The initial configuration of MATLAB for parallel

processing of MR Images dataset is shown in Fig. 4.4. It’s a master-slave model.

Figure 4.4: Initial configuration of distributed parallel processing framework

In all three nodes are configured, one acts as a master and others as slave nodes.

Two or more cores are available with each node and as per the workload on a machine

workers can be initialized to process the incoming data.

4.3.2 Results and Discussions

The aim of integrating the proposed WFKM approach with Hadoop and MDCS

platforms is to handle bulkier datasets quickly via parallel processing of the stored

images. To validate the integrated framework, processing-time, read-time and write-

time, calculated on different sizes of datasets namely, 125MB, 1.2GB, and 7.3GB
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are shown in Fig. 4.5.

HDFS architecture works on master-slave model. The master node manages file

access and slave nodes are responsible for storing (or extracting) the data on (or

from) various DataNodes. Master node actually forwards index of the destination

node to slaves for storing or extracting the required data. Involvement of master

and slave nodes to write or read the data at various connected nodes increases the

write-time as well as the read-time of the configured topology. The same can be

observed in Fig. 4.5, i.e. write-time and read-time for 7.3GB is the highest and they

are the lowest for 125MB. The extracted images are forwarded to Jobtracker which

parallelly processes them and results in faster execution. Therefore, the processing-

time reported in each of the three cases is better then either read- or write-time for

the 3-node configuration. Also, classification accuracy of the proposed framework is

reported as 97.07%, 97.01%, and 96.30% respectively for 215MB, 1.2GB and 7.3GB

datasets.

Figure 4.5: Performance evaluation of processing time on different nodes
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4.4 Summary

In the era of industrialization, a hinge is required to process brain tumor MR Im-

ages at big data health-care system. In the proposed framework, parallel processing

support to the WFKM segmented output is incorporated to ease overall time of

the system. During experimentations variable sized datasets (215MB, 1.2GB, and

7.3GB) are considered. Timings for three different phases, namely read, process-

ing, and write are observed for 3-node configuration. The more bulky the dataset

more are the read and write timings for the system due to the additional manager

operating on the tasks. However, the main computation part falls in the process-

ing time category and the 3-node configuration has reported desired results in each

of the three cases. Additionally, all the reported classification accuracy excel the

traditional frameworks.
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Chapter 5

Results and Discussions

This chapter compares the proposals discussed in the last two chapters with the

existing works in literature. The novel weighted fuzzy k-means (WFKM) approach

is first combined with a simple classifier and is then integrated with Hadoop-MDCS.

The analysis is thus presented qualitatively for segmentation to showcase the im-

proved segmentation reported using WFKM. Furthermore, classification accuracy

based comparison with traditional systems is followed. It was observed that the ex-

tracted tumor features after WFKM processing are optimized and better train the

classifier. Lastly, the processing time variations are compared using variable sized

datasets.

Section 5.1 discusses the comparative results of segmentation and classification of

the proposed hybrid WFKM with the existing approaches. The comparative results

of WFKM integrated with Hadoop-MDCS are highlighted in Section 5.2.

5.1 Comparative Results for WFKM

The foremost objective of the research is to propose an efficient framework to seg-

ment the tumorous part of the MR brain image. For experimentation and valida-

tion of the proposed approach, the MR images are taken from online available data

sources. Apart from DICOM dataset, MR brain tumor images are retrieved from
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NITRC [209], kaggle, and Google search engine. The comparative results of the

proposed WFKM for segmentation and classification are included in the following

subsections.

5.1.1 Segmentation Results

The proposed WFKM segmentation approach is compared with existing approaches

based upon visual examination and the same is discussed in this section. The phase

by phase visual interpretation is shown so as to compare the performance of five

segmentation approaches (k-means, FCM, canny edge detection, FKM, and WFKM)

to detect tumor. The input medium is similar in all the cases i.e T1-W MR brain

image taken from DICOM. Therefore, in every visual comparison the first column of

all the rows is same followed by pre-processing and Otsu‘s thresholding. Performance

is evaluated and compared not only using brain MR images with and without tumors,

but with respect to a broader tumor category termed as glioma (tumor initiated in

the glial cells) as well. Almost 30% of all the brain tumors are comprised of glioma,

moreover 80% of them are malignant in nature based on the survey conducted by

National Brain Tumor Society. Glioma is further subdivided into two types namely,

high grade glioma (HGG) and low grade glioma (LGG). The results are included for

both the glioma types. In addition, WFKM has reported comparable segmentation

results to the existing research works termed as SFRCM. Lastly, fine segmentation

results on different tumor types are included to further validate the proposal.

Segmentation results in Fig. 5.1 presents the examination of MR image belonging

to benign tumor class whereas Fig. 5.2 verifies the same for malignant tumor class.

The end result of k-means depicted in Fig. 5.1(a) and Fig. 5.2(a) are far from the

tumorous region; they are the worst performer. The clusters formed are far away

from the actual tumor which lead to an inaccurate identification. Furthermore, Fig.

5.1(b) and Fig. 5.2(b) depicting the segmentation of FCM is though better than the

k-means. Also somehow the result is able to separate the tumorous intensity values
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k-means. Also somehow the result is able to separate the tumorous intensity values

as shown in the intermediate section of Fig. 5.1(b) and Fig. 5.2(b) but final output

highlights all high intensity brain regions rather than the crucial tumor region.

Clearly, in Fig. 5.1(a)(b) and Fig. 5.2(a)(b) the intensity ranges to extreme level

that the tumor area is not visible at all. The next approach canny edge detection

is able to detect the outlier boundaries of the tumor very effectively as seen in Fig.

5.1(c) and Fig. 5.2(c), however, still lack in accurate tumor identification. Contrary

to previous results, FKM is able to retrieve the tumorous area quite significantly

shown in Fig. 5.1(d) and Fig. 5.2(d). The output of hybrid approach WFKM

in both the tumor classes as is shown in Fig. 5.1(e) and Fig. 5.2(e) gives better

convergence towards the tumor region. The cluster formation in each phase is clearly

evident due to intensity variation generated by inculcating the concept of weights.

Figure 5.1: Visual segmentation results of benign tumor on T1W MR image using
a. k-means, b. FCM, c. Canny edge detection, d. FKM and e. Proposed hybrid
WFKM.
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Figure 5.2: Visual segmentation results of malignant tumor on T1W MR image
using a. k-means, b. FCM, c. Canny edge detection, d. FKM and e. Proposed
hybrid WFKM.

The segmentation accuracy of the proposed hybrid WFKM is also compared

with results given in the research article [5] visually for the two cases. In Fig. 5.3,

the same input MR image is taken for the comparison of the existing soft fuzzy

rough c-means (SFRCM) with the proposed hybrid WFKM. However, the visual

representation of the segmentation results depicts that the proposed hybrid WFKM

segments the tumor region almost the same as done by SFRCM. This also concludes
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that the developed segmentation approach excels to efficiently identify the tumor

region in MR images.

Figure 5.3: Visual segmentation results of soft fuzzy rough c-means (SFRCM) [5]
and proposed hybrid WFKM.

The visual results attained using the proposed WFKM segmentation approach

on both glioma types, i.e. HGG and LGG, are compared with those obtained by

traditional approaches. Respective visual comparison results for HGG and LGG

are shown in Fig. 5.4 and Fig. 5.5. Observations made for all the traditional

approaches, i.e. k-means (Fig. 5.4(a) and Fig. 5.5(a)), FCM (Fig. 5.4(b) and Fig.

5.5(b)), canny edge detection (Fig. 5.4(c) and Fig. 5.5(c)), and FKM (Fig. 5.4(d)

and Fig. 5.5(d)), for malignant and benign cases also exist while experimenting with

HGG and LGG categories. k-means leads to inaccurate identification of tumorous

area and FCM, though bit better than k-means but illuminates irrelevant pixels in

addition to tumor tissues. Similarly, canny edge detection and FKM separate the

tumorous intensity values effectively but lack in accurate tumor identification. The

output of hybrid novel WFKM in both the glioma categories gives better convergence

with improved illumination factor as shown in Fig. 5.4(e) and Fig. 5.5(e). The area

with intense intensity pixels in case of WFKM is crisp and less prone to multiple
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memberships, however, the cluster formation in each phase is clearly evident due to

intensity variation generated by inculcating the concept of weights.

Figure 5.4: Visual Segmentation results of High grade gliomas (HGG) using MR
Images. a. k-means b. FCM, c. Canny edge detection d. FKM, and e. Proposed
hybrid WFKM

In addition, WFKM segmentation results on four different tumor types namely

Meningioma, Astrocytoma, Glioblastoma Multiforme, and Pilocytic Astrocytoma

are compared with the classical approaches. The visual representation of obtained
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Figure 5.5: Visual Segmentation results of Low grade gliomas (LGG) using MR
Images. a. k-means b. FCM, c. Canny edge detection d. FKM, and e. Proposed
hybrid WFKM

results is depicted in Fig 5.6 and examination of these results clearly states that the

proposed WFKM based on clustering and fuzzification process excels the existing

approaches.
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Figure 5.6: The segmentation of MR brain tumors using WFKM a) Meningioma,
b) Astrocytoma, c) Glioblastoma Multiforme and d) Pilocytic Astrocytoma

5.1.2 Classification Results

Classification accuracy shows how effectively an approach identifies the type of tu-

mor from MR image scans. Evaluation parameter used to assess efficacy of the

classification approach in this research is accuracy. In addition, performance is eval-

uated in terms of sensitivity, specificity, and dice coefficient index. Confusion matrix

parameters, namely true positive rate (TP), true negative rate (TN), false positive

rate (FP), and false negative rate (FN) are also computed. All these parameters are

defined in Chapter 3 from Eq. 3.17 to Eq. 3.24 respectively. SVM classifiers with

four different kernels, namely linear, polynomial, Gaussian (RBF), and quadratic are

used to compare the proposed system with the existing systems. Accuracy graphs

plotted in Fig. 5.7, Fig. 5.8, Fig 5.10, and Fig. 5.9, compare the performances of

all the approaches with respect to each of the four kernels. Higher the classification

accuracy better is the approach. Transition is specified in the graph to get a clear

picture of accuracy values corresponding to each image. The linear classification

accuracy shown in Fig. 5.7, the percentage value of the proposed hybrid WFKM

lies between 97% to 98%. However, in case of quadratic, poly, and RBF the average

accuracy is reported as 95.5%, 96%, and 92.5%, respectively. The graphs in Fig. 5.8,

Fig. 5.10, and Fig. 5.9 show all the percentage accuracies of existing and proposed

hybrid WFKM.
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Figure 5.7: Linear classification accuracy of proposed hybrid WFKM compared with
existing approaches

Figure 5.8: Quadratic classification accuracy of proposed hybrid WFKM compared
with existing approaches
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Figure 5.9: RBF classification accuracy of proposed hybrid WFKM compared with
existing approaches

Figure 5.10: Poly classification accuracy of proposed hybrid WFKM compared with
existing approaches
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Along with this, exact accuracy values are presented in Table 5.1 for better

comparison with the existing systems. The reported performance accuracies also

prove efficiency of WFKM approach. Comparison results are prepared using the

same dataset and then average accuracy is retrieved with the specific number of

images which is used in the existing research. Based on the results obtained, it’s clear

that no matter what the data size is, the proposed WFKM system is always able to

accurately detect the tumor in comparison to the existing works. The performance

of the proposed scheme is evaluated on different number of images to check the

authenticity of the scheme.

Other than accuracy parameter, the proposed work has been evaluated and

compared on the basis of sensitivity, specificity and dice similarity index. These

parameters demonstrate effectiveness of the proposed approach in spotting abnor-

mal and normal brain tissues within MR brain images, except the dice similarity

index which statistically validates the spatial overlap effectiveness of the proposal.

The expected outcome and ground truth results for the calculation with reference to

these parameters, i.e. sensitivity, specificity, and average dice similarity coefficient

are summarized in Table 5.2. Results on 67 normal and 134 abnormal MR images

are retrieved and compared with existing approaches, namely adaptive neuro fuzzy

inference system (ANFIS) and genetic algorithm (GA) [224]. WFKM has reported

specificity, sensitivity, and average dice similarity coefficient as 94.2%, 94.6%, and

95.7%, respectively. Higher values of these specified parameters further supports

better overall performance of the proposed detection system.
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Table 5.2: Comparison of specificity, sensitivity, and dice coefficient index of the
proposed scheme

Normal images=67, Abnormal images=134

Parameter ANFIS [224] GA [224] WFKM

True Negative 60 64 66

False Positive 9 6 4

True Positive 118 121 124

False Negative 14 10 7

Specificity (%) 86.95 91.42 94.2

Sensitivity (%) 89.39 92.36 94.6

Accuracy (%) 88.55 92.03 94.5

Average dice
coefficient index (%)

91.11 93.79 95.7

5.2 Comparative Results of WFKM Integrated

with Hadoop-MDCS

The performance and throughput of integrating the proposed WFKM segmentation

approach on Hadoop with MDCS is examined on variable sized datasets i.e. 215MB,

1.2GB and 7.3GB using single node (standalone) as well as 3-node configurations.

With the increase of MR Image data size, the processing time also decreases as the

number of nodes gets increased, however, authenticate the objective of proposed

scheme. It has been already discussed that MDCS supports parallel processing

and hence the proposed scheme, developed using it, also follows the same. The

behavioral compatibility of WFKM integrated with Hadoop’s HDFS environment

and MDCS enhances the performance in terms of computation time. The initial step

is to upload the dataset in the distributed environment on Hadoop’s HDFS. The

read time of the uploaded images considering single node and 3-node for each of the

three dataset sizes is shown in Fig. 5.11(a). Clearly, read operation is faster on single
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node configuration in comparison to 3-node. In case of standalone, i.e. single node

configuration, there is no participation of the master node, which results in swift

read time. However, master node gets involved and takes more time to distribute

data in 3-node configuration, thus reports an increased read time. A single node

takes 5.2 seconds, 25.6 seconds, and 133.5 seconds to read 215MB, 1.2GB, and 7.3GB

data respectively. Similarly, the 3-node cluster takes 27.5 secs, 127.2 secs, and 652.3

secs to read 215MB, 1.2GB, and 7.3GB data from HDFS platform respectively.

Read operation is followed by the processing of MR Images and the correspond-

ing timings for different sizes of datasets are shown inFig. 5.11(b) for single node

and 3-node configurations. For quick processing on HDFS, MJS allocates task to

the connected workers which are created as per the generated workload. A huge

margin can be noticed in both the configurations, i.e. the single node and 3-node.

A single node configuration consumes 35 minutes, 440.2 minutes, and 2085.2 min-

utes to process 215MB, 1.2GB, and 7.3GB dataset respectively. On the other hand

3-node configuration takes 3.4 minutes, 48.4 minutes, and 235.4 minutes to process

215MB, 1.2GB, and 7.3GB dataset respectively. 90% reduction in processing-time is

observed for 3-node configuration as compared to standalone on a dataset of 215MB.

Similarly, 89% and 88.7% decrease in the processing time is noted with 1.2GB and

7.3GB of data, respectively. Last one is the write operation and the write-time for

both the configurations is shown in Fig. 5.11(c). Observations similar to read op-

eration are noticed for the write operation. A single node configuration takes lesser

time, specifically 6.5 seconds, 28.3 seconds, and 146.6 seconds for 215MB, 1.2GB,

and 7.3GB dataset respectively. On contrary, 3-node configuration reported 31.2

seconds, 138.2 seconds, and 672.8 seconds for 215MB, 1.2GB, and 7.3GB dataset

respectively.

The performance comparison of the processing time is also compared using vari-

able data size in terms of images as well ranging from 100 to 1000 images. The same

dataset and range has been used in Chapter 3 for comparing the performance in

terms of classification (accuracy). Fig. 5.12 shows the graphically representation of
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Figure 5.11: Performance Evaluation of standalone and multi-node system with
respect to (a) Read time (b) Processing time and (c) Write time

the number of image versus processing time. Processing time of node 1, 2, and 3 is

nearly same initially for 100 images. The variation slowly seems to be more viable

with an increase in the number of images and nodes.

Figure 5.12: Performance comparison of processing time on different nodes
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Chapter 6

Conclusions and Future Scope

Development of automatic or semi-automatic brain tumor detection system provid-

ing precise results is one of the significant research areas in the domain of medical

imaging. Among all modules, the critical as well as the most explored one is MR

image segmentation. However, the growing size of medical datasets along with tech-

nological developments demand for systems with improved efficiency, accuracy, and

computation speed. The work presented in this thesis is an attempt in the same

direction and this chapter concludes the same. In addition, a few of the possible fu-

ture research directions are listed. Section 6.1 presents the main conclusions drawn

from the thesis followed by upcoming scope in Section 6.2.

6.1 Conclusions

The existing benefits of MR imaging over other diagnostic imaging techniques drive

the focus of this research work on MR image based brain tumor detection techniques.

Based on the study and analysis of existing brain tumor detection techniques it is

clear that efficient tumor identification, extraction, segmentation, and classifica-

tion are some of the challenging tasks for physicians and radiologists. Automation

of these modules thus occupies a major proportion of research in the domain of

medical imaging. Several existing detection techniques are shown to achieve good
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performance on different tumor datasets. Irrespective of the accuracy percentages

reported by any automatic tumor detection system using the best performing seg-

mentation approach, a second opinion is still required for better diagnosis in any of

the cases. The motive of medical image processing handling tumor research is to

precisely find and concentrate the tumor region to ease the operation medically.

MR image contrast is a significant factor as it highly influences the process of

brain tumor detection. Segmentation approaches have been applied according to the

behavior of MR image modality and tumor type which helps to separate abnormal

tissue (edema, tumors etc.) from normal tissues (WM, GM and CSF). However,

segmentation using MR brain images has to be as efficient as possible and hence

there still exists scope for improved accuracy and/or computation speed of existing

systems.

The development of a framework for brain tumor segmentation using MR image is

achieved by proposing a novel hybrid weighted fuzzy based segmentation algorithm

termed WFKM. The algorithm focuses on improved pixel clustering by assigning

quantization weights to pixel values and is found to segment well in comparison to

standard approaches. It was observed that the concept of fuzzified weights with

illumination penalizing factors eases the performance in spatial context. The pe-

nalization assists in effectively dealing the issues with pixel’s multiple memberships

as well as exponential increase in number of iterations to attain more meaningful

clusters. WFKM is found to acceptably segment MR image sequences based on

anatomical planes (coronal and axial) and is capable in analyzing the tumor type

clearly.

Features extracted after effective WFKM segmentation also helps in better train-

ing and thus quantitatively, i.e. in terms of classification accuracy WFKM is ob-

served to perform better as compared to the existing works. The proposed approach

WFKM with SVM reports an average accuracy of 97% on DICOM dataset with total

number of images varying from 100 to 1000. WFKM supersedes the existing ap-

proaches, namely k-means, FCM, Canny edge detection, and FKM. Values obtained
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using other considered performance parameters (Sensitivity, Specificity, Dice Coef-

ficient Index and several rates computed from Confusion Matrix) further validate

the proposal. Experiments on online datasets too reported improved segmentation

results with visually enhanced intensity levels.

The approach, WFKM with SVM, is also scaled to handle segmentation and

classification of massive MR brain image data aiming high accuracy but with low

execution time. A scalable, distributed, and parallel processing environment is in-

corporated utilizing Hadoop-MapReduce and MDCS platforms. The combination

is evaluated on varying sized datasets (215MB, 1.2GB, and 7.3GB) for 1-, 2-, and

3-node configurations. A decrease in the processing-time of the system is observed

with configurations having more nodes. The collaboration is found to achieve both

the performance parameters, i.e. accuracy as well as execution time. Overall the im-

proved system can easily be used in medical diagnosis as a Decision Support System

that will help the practitioners in reducing the turnaround time.

6.2 Future Scope

The real-world problems require proper addressing in the domain of medical im-

age analysis that have been external to the domain of computer vision. Despite

various remarkable achievements done in imaging modalities and approaches, still

many challenges underline the detection techniques. The computational complexity

in handling multi-modal MR image modalities at a single instance is the major chal-

lenge in imaging techniques. During MR image scan for diagnosis, correct tuning

of parameters and motion applied to images, are the areas that can be explored

in future. Exclusive difficulties emerge particularly in each imaging modality, data

source, environment, pathological settings, and searching experts (for second opin-

ion) needs to be focused in the coming future to make them more cost effective.

Here are some points from research prospective which may be explored to enhance

the current state-of-the-art in near future.
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Tumor classification is important and critical too. In this research SVM classifier

has been explored for classification. The proposal may also be combined with other

classification approaches to verify its applicability on a wider range of tumor types

or other domains as well. Therefore, one can think of developing a system that can

correctly categorize tumor grades along with brain diseases.

In the era of industrialization, a hinge is required to process MR brain tumor

images in big data health-care systems. A huge range of machines as well as deep

learning techniques are well-accepted in this domain. Integration of such techniques

with parallel and distributed platforms can be focused to develop a fast as well as

accurate brain tumor detection framework. The same is explored in the research

work presented in this thesis but efficiency in terms of read- and write-time is lacking

which needs further analysis. Parallelism is achieved via a cloud based environment

here. In the future network based environments can also be explored and compared

to get a clearer view of these environments in the domain of brain tumor detection

using MR images.



Appendix A

A Feature vectors

The 13 features namely, contrast, correlation, energy, homogeneity, mean, standard

deviation, variance, entropy, root mean square, smoothness, kurtosis, skewness, and

inverse difference moment (IDM) are utilized in this work. Table presents summa-

rizes all the features.3

3where n and m are rows and columns in an image, and f(n,m) and fR(n,m) are original and
reconstructed images
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Table A.1: Summarization of feature vectors

Metrics Formulae

Mean (M) M=
(

1
n×m

)

∑n−1
0

∑m−1
0 f(n.m)

Measures the average value of intensities at pixel.

Standard deviation (SD) SD=

√

(

1
n×m

∑m−1
0 (f(n,m)−M)2

)

Measures the gray level spread in the region of the mean.

Mean square error (MSE) MSE= 1
m×n

∑∑

(f(n,m)− fR(n,m))

Measures the square of differences in the pixel values
between the corresponding pixels of the two images.

Entropy (E) E=−
∑m−1

m=0

∑n−1
n=0 f(n,m)log2f(n,m)

Measures the uncertainty/randomness contained in the
image

Skewness (Sk) Sk =
(

1
m×n

∑
|(f(n,m)−M)3|

SD3

)

Measures symmetry and non-symmetry of an image.

Kurtosis (Kurt) Kurt =
(

1
m×n

∑
(f(n,m)−M)4

SD4

)

Verifies the shape of a random variable’s probability dis-
tribution.

Energy (En) En=
√

∑m−1
x=0

∑n−1
y=0 f

2(x, y)

Measures similarity of an image.

Contrast (Con) Con =
∑m−1

x=0

∑n−1
y=0(x− y)2f(x, y)

Measures intensity of a pixel and its neighbor over the
image.

Homogeneity (H) H=
∑m−1

x=0

∑n−1
y=0

1
1+(x−y)2

f(x, y)

Measures single or a range of values to identify whether
the image is textured or non-textured.

Coarseness (Cness) Cness =
1

2m+n

∑m−1
x=0

∑n−1
y=0 f(x, y)

Measures roughness for textural analysis of an image.

112



Appendix B

The clustering approaches applied to process MR images lacks scalable solution in

case of massive data. However, FCM always excels any clustering approach based on

accuracy parameter whereas effecting the computation time. This time parameter is

managed and controlled by the iterative k-means approach. Practically, individual

approaches fails to fulfill the desired outcomes of the system. Moreover, even the

integration of FCM and k-means (FKM) limits the meaningful cluster formation due

to increased number of iterations, in return hampering the execution time. Though,

as the size of data accelerates the difficulty to manage the main memory persists.

Nevertheless, to withstand such problem a platform to store, process, and distribute

bulk data becomes mandatory. The proposed model of hybrid approach integrated

with Hadoop-MapReduce Platform is depicted in Fig.B.1.

Figure B.1: Proposed fusion based approach for brain tumor detection using
Hadoop-MapReduce mechanism

In the first phase, MR brain tumor dataset is collected and preprocessed for
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further processing. The prepossessing module executes all the noise removal and

filtering mechanism for improved image quality. These preprocessed images are

stored in HDFS, which spilt the image data into chunks of 128MB for next level

processing. The task is divided here and forwarded to various mapper function.

The proposed segmentation approach, FKM is implemented in MapReduce phase

to segment tumor from MR brain images parallelly. At the same time through

multiple nodes this process of segmentation is carried to save the processing time of

the system.

A Segmentation using FKM

The Fuzzy K-mean (FKM) scheme works by fuzzifying all the extracted pixel values

of the image based on the membership function. The spatial context of FCM utilizes

the information such as illumination and intensity to formulate the clusters. The

membership function of the proposed approach is the modification of the standard

FCM method and is defined in Eq. B.1. FKM resolves issues occurring due to FCM

in handling scattered or multiple membership clusters leading to unclear segments.

J(U, V ) =
n

∑

i=1

k
∑

j=1

(uij)
m ‖ xi − νj ‖

2 (B.1)

The membership function is denoted by U = ui,j ∈ [0, 1], i = 1, 2, . . . , n, j =

1, . . . .c. The value associated with each pixel ui,j tells the degree to which pixel xi

belongs to cluster j. Membership function (ui,j) is calculated using Eq. B.2.

ui,j =
1

∑c

k=1(dij − dik)
2

m−1

(B.2)

c
∑

j=1

uj(xi) = 1 (B.3)
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vj =

∑n

i=1(uij)
mxi

∑n

i=1(uij)m
(B.4)

According to Eq. B.3 the summation of each membership for each data point should

be equal to 1. The Euclidean distance between the ithdata and jthcluster centre is

defined in Eq. B.4. The proposed fuzzy c-means algorithm works towards mini-

mization of the objective function J(U, V ) defined in Eq. B.1.

B FKM with Hadoop-MapReduce

The FKM approach for MR Image segmentation is discussed in Alg. 3. Experiments

on variable sized DICOM dataset, namely 2GB, 6GB, 8GB, reported an overall

accuracy of 96% with processing time of ..... In addition, FKM is integrated with on

Hadoop-MapReduce and MDCS architecture presented in Chapter 4. Execution on

datasets with sizes 215MB, 1.2GB, 7.3GB reported an overall accuracy of 97% and

90% reduction in processing-time is observed for 3-node configuration as compared

to standalone on a dataset of 215MB. Similarly, 89% and 88.7% decrease in the

processing time is noted with 1.2GB and 7.3GB of data, respectively.

Algorithm 3 Standalone FKM based algorithm
Input: MR Images I

Output: Segmented image I ‘

1: for i 6= null do
2: for j ≤ n do
3: Randomly select the cluster centers
4: Calculate fuzzy membership

uij =
1

∑c
k=1

(dij−dik)
2

m−1

5: Calculate fuzzy center

vj =
∑n

i=1
(uij)

mxi∑n
i=1

(uij)m

6: Update the clusters using Euclidean distance
(dij − dik)

7: Update the centers and repeat the steps 3 to 6 till uij is achieved.
8: Image gradient → I

‘

9: end for
10: end for
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[82] C. Seiler, P. Büchler, L.-P. Nolte, M. Reyes, and R. Paulsen, “Hierarchical

markov random fields applied to model soft tissue deformations on graphics

hardware,” in Recent Advances in the 3D Physiological Human. Springer,

2009, pp. 133–148.

[83] K. Held, E. R. Kops, B. J. Krause, W. M. Wells, R. Kikinis, and H.-W.

Muller-Gartner, “Markov random field segmentation of brain mr images,”

IEEE transactions on medical imaging, vol. 16, no. 6, pp. 878–886, 1997.

[84] R. Rulaningtyas and K. Ain, “Edge detection for brain tumor pattern recog-

nition,” in International Conference on Instrumentation, Communication, In-

formation Technology, and Biomedical Engineering. IEEE, 2009, pp. 1–3.

[85] M. Diwakar, P. K. Patel, and K. Gupta, “Cellular automata based edge-

detection for brain tumor,” in International Conference on Advances in Com-

puting, Communications and Informatics (ICACCI). IEEE, 2013, pp. 53–59.

[86] A. Aslam, E. Khan, and M. S. Beg, “Improved edge detection algorithm for

brain tumor segmentation,” Procedia Computer Science, vol. 58, pp. 430–437,

2015.

[87] N. Mathur, S. Mathur, and D. Mathur, “A novel approach to improve sobel

edge detector,” Procedia Computer Science, vol. 93, pp. 431–438, 2016.

127



[88] J. Sachdeva, V. Kumar, I. Gupta, N. Khandelwal, and C. K. Ahuja, “A novel

content-based active contour model for brain tumor segmentation,” Magnetic

resonance imaging, vol. 30, no. 5, pp. 694–715, 2012.

[89] T. McInerney and D. Terzopoulos, “Deformable models in medical image anal-

ysis: a survey,” Medical image analysis, vol. 1, no. 2, pp. 91–108, 1996.

[90] J. Liu, M. Li, J. Wang, F. Wu, T. Liu, and Y. Pan, “A survey of mri-

based brain tumor segmentation methods,” Tsinghua Science and Technology,

vol. 19, no. 6, pp. 578–595, 2014.

[91] T. McInerney and D. Terzopoulos, “Deformable models. handbook of medical

imaging processing and analysis,” Bankman, Ed. New York: Academic, 2000.

[92] A. K. Law, F. Lam, and F. H. Chan, “A fast deformable region model for

brain tumor boundary extraction,” in Proceedings of the Second Joint 24th

Annual Conference and the Annual Fall Meeting of the Biomedical Engineering

Society][Engineering in Medicine and Biology, vol. 2. IEEE, 2002, pp. 1055–

1056.

[93] H. Khotanlou, O. Colliot, J. Atif, and I. Bloch, “3d brain tumor segmentation

in mri using fuzzy classification, symmetry analysis and spatially constrained

deformable models,” Fuzzy sets and systems, vol. 160, no. 10, pp. 1457–1473,

2009.

[94] A. Rajendran and R. Dhanasekaran, “Fuzzy clustering and deformable model

for tumor segmentation on mri brain image: a combined approach,” Procedia

Engineering, vol. 30, pp. 327–333, 2012.

[95] C. Li, C. Xu, C. Gui, and M. D. Fox, “Level set evolution without re-

initialization: a new variational formulation,” in IEEE computer society con-

ference on computer vision and pattern recognition (CVPR’05), vol. 1. IEEE,

2005, pp. 430–436.

128



[96] Y. Chen, J. Zhang, and J. Macione, “An improved level set method for brain

mr images segmentation and bias correction,” Computerized Medical Imaging

and Graphics, vol. 33, no. 7, pp. 510–519, 2009.

[97] K. Popuri, D. Cobzas, M. Jagersand, S. L. Shah, and A. Murtha, “3d varia-

tional brain tumor segmentation on a clustered feature set,” in Medical Imag-

ing 2009: Image Processing, vol. 7259. International Society for Optics and

Photonics, 2009, p. 72591N.

[98] D. Cobzas, N. Birkbeck, M. Schmidt, M. Jagersand, and A. Murtha, “3d

variational brain tumor segmentation using a high dimensional feature set,”

2007.

[99] K. Xie, J. Yang, Z. Zhang, and Y. Zhu, “Semi-automated brain tumor and

edema segmentation using mri,” European journal of radiology, vol. 56, no. 1,

pp. 12–19, 2005.

[100] A. E. Lefohn, J. E. Cates, and R. T. Whitaker, “Interactive, gpu-based level

sets for 3d segmentation,” in International Conference on Medical Image Com-

puting and Computer-Assisted Intervention. Springer, 2003, pp. 564–572.

[101] T. Rohlfing, R. Brandt, R. Menzel, D. B. Russakoff, and C. R. Maurer, “Quo

vadis, atlas-based segmentation,” in Handbook of biomedical image analysis.

Springer, 2005, pp. 435–486.

[102] M. Prastawa, E. Bullitt, N. Moon, K. Van Leemput, and G. Gerig, “Automatic

brain tumor segmentation by subject specific modification of atlas priors1,”

Academic radiology, vol. 10, no. 12, pp. 1341–1348, 2003.

[103] N. Subbanna and T. Arbel, “Probabilistic gabor and markov random fields

segmentation of brain tumours in mri volumes,” Proc MICCAI Brain Tumor

Segmentation Challenge (BRATS), pp. 28–31, 2012.

129



[104] N. Subbanna, D. Precup, and T. Arbel, “Iterative multilevel mrf leveraging

context and voxel information for brain tumour segmentation in mri,” in Pro-

ceedings of the IEEE Conference on Computer Vision and Pattern Recognition,

2014, pp. 400–405.

[105] S. Bauer, L.-P. Nolte, and M. Reyes, “Segmentation of brain tumor im-

ages based on atlas-registration combined with a markov-random-field lesion

growth model,” in IEEE International Symposium on Biomedical Imaging:

From Nano to Macro. IEEE, 2011, pp. 2018–2021.

[106] Z. Ji, Y. Xia, Q. Sun, Q. Chen, and D. Feng, “Adaptive scale fuzzy local

gaussian mixture model for brain mr image segmentation,” Neurocomputing,

vol. 134, pp. 60–69, 2014.

[107] Z. Ji, Y. Xia, Q. Sun, Q. Chen, D. Xia, and D. D. Feng, “Fuzzy local gaus-

sian mixture model for brain mr image segmentation,” IEEE Transactions on

Information Technology in Biomedicine, vol. 16, no. 3, pp. 339–347, May 2012.

[108] H. Greenspan, A. Ruf, and J. Goldberger, “Constrained gaussian mixture

model framework for automatic segmentation of mr brain images,” IEEE

transactions on medical imaging, vol. 25, no. 9, pp. 1233–1245, 2006.

[109] Z. Ji, Y. Huang, Q. Sun, and G. Cao, “A spatially constrained generative

asymmetric gaussian mixture model for image segmentation,” Journal of Vi-

sual Communication and Image Representation, vol. 40, pp. 611–626, 2016.

[110] J. Nie, Z. Xue, T. Liu, G. S. Young, K. Setayesh, L. Guo, and S. T. Wong,

“Automated brain tumor segmentation using spatial accuracy-weighted hidden

markov random field,” Computerized Medical Imaging and Graphics, vol. 33,

no. 6, pp. 431–441, 2009.

130



[111] R. Donoso, A. Veloz, and H. Allende, “Modified expectation maximization al-

gorithm for mri segmentation,” in Iberoamerican Congress on Pattern Recog-

nition. Springer, 2010, pp. 63–70.

[112] C. Ambroise and G. Govaert, “Spatial clustering and the em algorithm,” 1995.

[113] T. Hu and S. Y. Sung, “Clustering spatial data with a hybrid em approach,”

Pattern analysis and applications, vol. 8, no. 1-2, pp. 139–148, 2005.

[114] Z. Yang, F.-L. Chung, and W. Shitong, “Robust fuzzy clustering-based image

segmentation,” Applied soft computing, vol. 9, no. 1, pp. 80–84, 2009.

[115] S. A. Shah and N. C. Chauhan, “An automated approach for segmentation of

brain mr images using gaussian mixture model based hidden markov random

field with expectation maximization,” Journal of Biomedical Engineering and

Medical Imaging, vol. 2, no. 4, p. 57, 2015.

[116] R. O. Duda, P. E. Hart, and D. G. Stork, Pattern classification. John Wiley

& Sons, 2012.

[117] C. M. Bishop, Pattern recognition and machine learning. springer, 2006.

[118] T. M. Mitchell, The discipline of machine learning. Carnegie Mellon Univer-

sity, School of Computer Science, Machine Learning, 2006, vol. 9.

[119] W. Cai, S. Chen, and D. Zhang, “Fast and robust fuzzy c-means clustering

algorithms incorporating local information for image segmentation,” Pattern

recognition, vol. 40, no. 3, pp. 825–838, 2007.

[120] L. Szilagyi, S. M. Szilagyi, and Z. Benyo, “A modified fuzzy c-means algorithm

for mr brain image segmentation,” in International Conference Image Analysis

and Recognition. Springer, 2007, pp. 866–877.

131



[121] P. A. Mei, C. de Carvalho Carneiro, S. J. Fraser, L. L. Min, and F. Reis, “Anal-

ysis of neoplastic lesions in magnetic resonance imaging using self-organizing

maps,” Journal of the neurological sciences, vol. 359, no. 1-2, pp. 78–83, 2015.

[122] A. De and C. Guo, “An adaptive vector quantization approach for image

segmentation based on som network,” Neurocomputing, vol. 149, pp. 48–58,

2015.

[123] K. Nimeesha and R. M. Gowda, “Brain tumour segmentation using k-means

and fuzzy c-means clustering algorithm,” Int J Comput Sci Inf Technol Res

Excell, vol. 3, pp. 60–65, 2013.

[124] L.-H. Juang and M.-N. Wu, “Mri brain lesion image detection based on color-

converted k-means clustering segmentation,” Measurement, vol. 43, no. 7, pp.

941–949, 2010.

[125] S. Ruan, S. Lebonvallet, A. Merabet, and J.-M. Constans, “Tumor segmenta-

tion from a multispectral mri images by using support vector machine classifi-

cation,” in 4th IEEE International Symposium on Biomedical Imaging: From

Nano to Macro. IEEE, 2007, pp. 1236–1239.

[126] B. Tanoori, Z. Azimifar, A. Shakibafar, and S. Katebi, “Brain volumetry:

an active contour model-based segmentation followed by svm-based classifica-

tion,” Computers in biology and medicine, vol. 41, no. 8, pp. 619–632, 2011.

[127] S. Ruan, N. Zhang, Q. Liao, and Y. Zhu, “Image fusion for following-up brain

tumor evolution,” in IEEE International Symposium on Biomedical Imaging:

From Nano to Macro. IEEE, 2011, pp. 281–284.
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