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ABSTRACT
Accurate segmentation of the magnetic resonance (MR) kidney images is very helpful for
physiological study of kidney and the study of various kidney diseases. Segmentation of kidney
images, especially into three primary tissue types- medulla, cortex, and pelvis is useful in computeraided kidney surgery and disease diagnosis.
Similarly, the study of disorders in brain is aided by accurate segmentation of the tissues
in magnetic resonance (MR) brain images. The three main tissues in the brain- cerebrospinal fluid
(CSF), gray matter (GM), and white matter (WM) must be segmented as accurately as possible in
order to assist in neuroscience and neuro-medicine studies.
However, due to unknown noise, intensity inhomogeneity, heterogeneity among the tissues
(prevalent in kidney MR images), and weak boundaries, segmentation of kidney and brain MR
images is quite a challenge. Therefore, this thesis presents segmentation algorithms that use image
processing, pattern recognition, and soft computing techniques for identifying different tissues in
kidney and brain MR images.
This thesis integrates intuitionistic fuzzy sets, rough sets, and the concept of histon for the
segmentation of kidney MR images. To reduce the uncertainty and vagueness in the kidney data, a
novel membership function is proposed. This membership function is used to construct
intuitionistic fuzzy representation for kidney MR images, which is in turn used to compute
intuitionistic fuzzy roughness index. The intuitionistic fuzzy roughness index determines the
significant peak and valley points, which provide accurate thresholds to segment the kidney MR
image into medulla, cortex, and pelvis.
The membership function proposed in this thesis is also used to construct an intuitionistic
fuzzy representation for the brain images. For the brain images too, intuitionistic fuzzy roughness
index determines the significant peak and valley points. Using these valley points, brain MR images
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are segmented into three classes- cerebrospinal fluid (CSF), grey matter (GM), and white matter
(WM). But prior to segmentation, extra-cranial tissues such as skull, meninges, and blood vessels
are discarded using a skull-stripping algorithm.
The algorithms proposed for the segmentation of kidney and brain MR images are
compared with the existing algorithms in their respective areas on the basis of quantitative indices
such as under segmentation (UnS), over segmentation (OvS), incorrect segmentation (InS), Jaccard
Similarity (JS), and Dice Coefficient (DC), which indicates better performance of the proposed
algorithms for kidney and brain image segmentation.
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Chapter 1
Introduction

1.1 Motivation and Problem Formulation
Magnetic resonance imaging (MRI) is a well-established modality for the visualization of
different tissues in both the kidney and brain. It gives information regarding a healthy tissue
(normal) and a pathological process (abnormality). MRI captured in a clinical facility relies on the
hydrogen nucleus which is found in abundance inside the human body. MRI produces kidney
images with excellent soft tissue contrast which allows the nephrologists to discern between
medulla and cortex. The kidney MR images aid in the study renal functions and various renal
disorders such as renal artery stenosis, renal parenchymal disease, polycystic kidney disease,
kidney graft rejection, and lesions in the renal tissues.
Similarly, MRI of brain assists the neurologists to discern gray matter from white matter,
examine brain functions and several other brain disorders like necrosis, tumors, edema, conditions
of stroke, Alzheimer’s disease, and others. Due to no involvement of ionizing radiation in MRI, the
subjects are at minimized risks. Thus, MRI can be used as a research tool to explore and develop
novel image segmentation algorithms.
MRI uses radio waves, and therefore can produce pictures in any plane by placing a patient
inside a powerful magnetic medium and passing the radio waves through the body as short pulses.
Each of these pulses cause the tissues under test to emit radio waves in the form of pulses. A
computer then determines the origin of these emitted radio waves, thus generating a twodimensional picture of that section of the patient’s body. Figure 1-1 shows a state-of-the-art MRI
scanner which embeds the static magnet and the RF coils.
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Figure 1-1. A modern 3T MRI scanner.

(a)

(b)

Figure 1-2. An example showing the influence of large static magnetic field on the protons. (a)
Orientation of the protons without the magnetic field. (b) Orientation of protons under the effect of
a large static magnetic field H0.

The physics behind MRI is described as follows. A large static magnet is used to generate
a magnetic field which can perturb the protons of hydrogen nuclei from their state of equilibrium.
These protons are oriented randomly which happens to be their initial state. But under the influence
of this strong static magnetic field, these protons align themselves with the direction of the field.
Figure 1-2 shows how the static magnetic field H0 influences the protons inside the body being
scanned.
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The relaxation process comprises of recording the induced electronic signal such that its
strength depends on three quantities- proton density (  ), spin-lattice relaxation time, and spin-spin
relaxation time. The time in which the net magnetization returns to its equilibrium state is the spinlattice relaxation time (T1), whereas the spin-spin relaxation time (T2) is the time required by the
magnetization components to vanish (i.e. reduce to zero). The different modalities of MRI: T1weighted, T2-weighted, and  weighted images of the same body can be obtained by varying the
parameters T1, T2, and  respectively.
Magnetic resonance images frequently comprise of low-contrast objects degraded by
random noise arising during image acquisition. The other main concern with MR images is the
intensity inhomogeneity, also known as intensity non-uniformity (INU), which appears as shading
in the images, and is caused by the radio frequency (RF) coil. The noise in MR images is mainly
caused by Brownian motion of the electrons within the body being scanned and the receiving
magnetic coil itself. The removal of noise from MR images is complicated and the state-of-the-art
methods are often insufficient to eliminate this noise. Hence, removing this noise is one of the prerequisites for further analysis.
The segmentation of medical images is a difficult job mainly due to the two features of
medical imaging- the imaging process itself, and the anatomy that is to be imaged. The choice of
the imaging process, e.g. magnetic resonance (MR), computed tomography (CT), nuclear medicine
imaging, or ultrasound, is made with an objective to obtain top-echelon interaction with the tissues
of interest which yields clinically relevant information of the tissue in the output image. But this
does not guarantee desirable representation of the anatomical feature of interest, i.e. it might not be
easily separable from its surroundings due to absence of a constant grayscale or visible strong
edges.
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Ironically, the interaction of the imaging process with tissues will yield a rough region that
is more discernible to the human eye. This is primarily due to the noise in the imaging process and
inhomogeneity of the tissue itself. Hence, elementary image processing such as thresholding or
edge detection is not successful to segment medical images.
The second feature, i.e. the anatomy of the tissue also complicates the task of segmentation
due to its variability and complexity, thus precluding the delineation or location of certain structures
without prior anatomical knowledge. Therefore, without this anatomical knowledge which has to
be either built-in to the system or supplied by a human operator, the process of automatic
segmentation is a challenge. Supplying anatomical knowledge through a human operator can
induce errors in the automated segmentation. Hence, an automated segmentation algorithm should
involve minimal input from the user or any prior knowledge.
The dynamic physiology associated with the kidney complicates its automatic
segmentation. Hence, only a handful of methods, mostly based on k-means clustering exist for
human kidney image segmentation. Some of these methods employ principal component analysis
(PCA) or wavelet decomposition prior to k-means clustering to reduce the temporal redundancy
and noise in the kidney images. But these methods do not cause significant improvement in the
segmentation as PCA models the noise to be Gaussian, which is unlikely for noisy medical images.
In addition to this, the performance of the k-means clustering algorithm is highly sensitive, noise,
initialization of cluster centroids, and distribution of the data. Since the kidney images are noisy,
the use of k-means clustering based methods for segmentation diminishes the segmentation quality.
On the contrary, brain image segmentation has drawn relatively more attention and hence
many methods have been proposed in this area. Some of these methods include k-means clustering,
expectation minimization (EM), fuzzy c-means clustering (FCM) based methods, model-based
approaches, and others. The EM based algorithms model the intensity distribution in the image as
a normal distribution, which is highly unlikely for noisy images. FCM based methods do not
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consider the local spatial properties of the images which results in high sensitivity to noise. Since
the brain images suffer from significant uncertainty and unknown noise, FCM clustering based
methods degrade the quality of image segmentation.
This thesis is aimed at addressing the issues mentioned above with kidney and brain image
segmentation. This thesis is also aimed to develop novel algorithms for segmentation of kidney and
brain images using rough sets and intuitionistic fuzzy sets. These algorithms facilitate quantitative
analysis and assessment of kidney and brain images by extracting useful information from them.

1.2 Thesis Organization
In this thesis, emphasis has been laid upon presenting new algorithms for kidney and brain
MR image segmentation for quantitative analysis and assessment. Intuitionistic fuzzy sets and
rough sets are employed to develop thresholding schemes for segmentation of brain and kidney
MR images. The performances of these algorithms are evaluated against some of the existing
techniques in the respective areas on the basis quantitative indices. This thesis is organized as
follows.
A comprehensive assessment of the existing kidney and brain image segmentation
techniques is presented in Chapter 2 so as to provide a background against which the contributions
of the current research can be evaluated.
Chapter 3 contains an exhaustive review of k-means clustering based methods for the
segmentation of kidney MR images corrupted with noise, partial volume effect, intensity
inhomogeneity, and inter-region heterogeneity. These k-means clustering based techniques are
critiqued according to the modification in the standard membership function, inclusion of a fuzzy
membership, inclusion of a fitness concept to correct for erroneous displacement of the cluster
centroids, and other parameters which influence the results of segmentation.
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In chapter 3, an extensive review of the FCM clustering-based algorithms for brain MR
image segmentation with respect to intensity inhomogeneity (intensity non-uniformity) corrections
and noise robustness is presented. These FCM clustering based segmentation technique are
analyzed according to the modification in their standard fuzzy objective function, an update in the
fuzzy membership function, and an update in the position of cluster centroid.
A number of important issues such as algorithmic parameter selection, computational
complexity, and noise robustness have been magnified in chapter 3. The findings from chapter 3
imply that intensity inhomogeneity correction and elimination of noise is still a challenging task.
Due to intensity non-uniformity (INU) and noise in the kidney and brain MR images, automatic
segmentation of these images is a complicated process, thus stimulating opportunities for research
to improve the accuracy, precision, and speed of the segmentation methods.
In chapter 4, an innovative approach, based on intuitionistic fuzzy rough sets is introduced
for kidney MR image segmentation. A novel membership function, based on restricted equivalence
function is introduced to counter noise and uncertainty in the kidney images. This algorithm uses
histogram as the lower approximation and intuitionistic fuzzy histon as the upper approximation of
the rough set to compute intuitionistic fuzzy roughness measure. The intuitionistic fuzzy roughness
index is used to locate significant peaks and valleys for image segmentation. Finally, multilevel
thresholding is applied to identify medulla, cortex, and pelvis in the kidney MR images. Of these
three segments, only medulla and cortex yield clinically useful information. Qualitative as well as
quantitative evaluation of the proposed method is performed on the basis of a number of evaluation
parameters.
The membership function proposed in chapter 4 is also used to construct intuitionistic fuzzy
image representation for brain MR images. In chapter 5, two distinct algorithms for brain MR image
segmentation are proposed. In addition to the intuitionistic fuzzy image representation used to
segment kidney MR images, Sugeno’s fuzzy complement function is used to create another
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intuitionistic fuzzy image. Significant peak and valley points are determined from the intuitionistic
fuzzy roughness index. Multilevel thresholding is then applied by selecting these valley points as
thresholds to segment the brain MR images into three constituent tissue classes- grey matter (GM),
white matter (WM), and cerebrospinal fluid (CSF). A comprehensive quantitative assessment of
the segmentation results obtained using the proposed methods is performed on the basis of a number
of indices.
Chapter 6 concludes with the summary of main contributions and addresses the directions
for future research.

1.3 Contributions
The main contributions of this thesis include formulation of a new membership function to
alleviate the effects of uncertainty and noise present in the kidney and brain MR images; use of
Hamming distance to compute intuitionistic fuzzy histon; employing intuitionistic fuzzy sets to
deal with uncertainty in kidney images, using a multilevel thresholding scheme to segment the
kidney MR images; and, developing a novel intuitionistic fuzzy image representation to segment
brain MR images.
The next chapter presents a brief overview of several existing methods that are related to
the segmentation of kidney and brain MR images.
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Chapter 2
Literature Review
This chapter presents an overview of the current kidney and brain image segmentation
techniques, so as to set a benchmark against which the contributions of this research can be
evaluated.

2.1 Introduction
Image segmentation is usually a process performed in the preliminary stages of an image
processing system, therefore it can be stated that it is one of the most important processes. Hence,
an accurate, robust and efficient image segmentation algorithm is pivotal in determining the
performance of the image processing system under consideration.
Image segmentation alludes to the task of partitioning the image into meaningful distinct
homogeneous regions, where the homogeneity of a region is decided by one or more criteria such
as gray level, shape, color, or texture. Segmentation of medical images is a very important
assignment in a plethora of medical applications like abnormality detection in tissues, planning for
surgeries, post-surgical assessment, and more importantly for the study of diseases. Due to the
presence of unknown and stochastic noise, intensity inhomogeneity, inter-region heterogeneity,
blunt boundaries and complex structures in medical images, their precise and meaningful
segmentation is a challenging task.
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2.2 Kidney MR Image Segmentation
The existing work on kidney MR image segmentation can be classified into two main
categories; first, where techniques have been developed to isolate the whole kidney tissue from the
lower abdominal MR images; second, where techniques have been developed to identify the
different renal compartments- medulla, cortex, and the pelvis. In this research, the focus has been
laid on developing a novel algorithm to identify the renal components in the kidney.
A variety of algorithms to segment the kidney tissue into its renal components exist. For
instance, an adaptive region growing algorithm [1] is proposed which identifies the distinct renal
components. A global threshold is chosen which forms regions with similar connecting properties,
thus segmenting the kidney tissue into medulla, cortex, and pelvis. However, determining a global
threshold overlooks the local intensity variations in a particular region which can lead to merging
of two distinct regions. In addition to this, it also ignores the effect of the inherent intensity
inhomogeneity (bias field effect) and the heterogeneity present at the medulla-cortex boundary.
Several other kidney image segmentation algorithms also exist. For example, in [2], a
combination of two different procedures is used to segment the kidney MR tissues to facilitate
automated volumetry. The first procedure uses thresholding to segment the whole kidney from the
background tissues, and then uses prior knowledge guided shape detection techniques to refine the
segmentation. The second procedure uses an adaptive threshold to segment the kidney tissues into
medulla, cortex and pelvis. In addition to this, several other methods related to the study of kidney
disorders such as polycystic kidney disease also exist [3], [4].
However, the clustering-based segmentation schemes such as those based on k-means
clustering and fuzzy c-means (FCM) clustering have dominated the emerging techniques for kidney
image segmentation, and hence are discussed briefly in this section.
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2.2.1 Principal Component Analysis (PCA) based k-means Clustering Algorithm
Yang et.al [5] introduced a segmentation algorithm for dynamic contrast enhanced (DCE)
- MR kidney images, in which principal component analysis (PCA) is performed prior to k-means
clustering. PCA removes temporal redundancy and noise present in the images. The kidney images
are then segmented by applying k-means clustering over the principal components. The k-means
clustering is an unsupervised, numerical, non-deterministic and iterative algorithm which groups
given data into distinct clusters based on their closeness (Euclidean distance) to the cluster centers.
However, the k-means clustering algorithm suffers from some serious limitations. For
instance, the number of clusters k, must be specified before implementing the algorithm, thus
making it time consuming and subjective to users. The performance of the k-means clustering
algorithm is sensitive to initial conditions, i.e. the results might be different for a different set of
initial conditions. Moreover, the k-means clustering technique has a tendency to get trapped in the
local optimum resulting in the false grouping of the data. Lastly, data points at a large distance from
the cluster centers tend to drag these cluster centers away from their optimum location, thus leading
to incorrect data representation.

2.2.2 Wavelet-based k-means Clustering Technique
Li [9] proposed a wavelet-transform based k-means clustering technique. The wavelet
transform is computed primarily to eliminate noise by choosing significant wavelet coefficients,
which is done using Stein’s unbiased risk estimator. The k-means clustering algorithm groups these
significant wavelet coefficients into different classes, resulting in the segmentation of kidney
images into medulla, cortex, and pelvic regions.
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The results of the algorithm are very promising, but this algorithm is highly sensitive to the
threshold value used to select significant wavelet coefficients, i.e. an inappropriate threshold value
will distort the segmentation results. Secondly, the k-means clustering step comes with the
limitations discussed previously. Moreover, before computing the wavelet coefficients, these 3D
time courses must be co-registered, which can be very difficult under certain image acquisition
paradigms. In addition to this, the co-registration itself can be computationally as well as time-wise
expensive, thus limiting the use of this algorithm.

2.2.3 Neural Network-based k-means Clustering Algorithm
Neural network based segmentation techniques are available in literature for segmentation
of kidney MR images. The neural networks are used primarily to improve the existing segmentation
over several iterations. For instance, multi-layer perceptron is used to refine the segmentation
performed using k-means clustering algorithm [10]. In this algorithm, an initial slice is segmented
manually with help of an expert radiologist. Then, all the slices are segmented using k-means
clustering and then the perceptron network refines the segmentation with the initial manual
segmentation as a reference. This algorithm has a few limitations other than those of the k-means
clustering. Firstly, the convergence of the perceptron network is hugely dependent on setting of
initial weights and the learning rate which are not addressed in [10]. Secondly, the manual
segmentation of initial slice can lead to imprecise segmentation results as the accurate segmentation
of the subsequent slices is influenced by the accuracy of manually segmented first slice. The
drawbacks of this method limit its usage to accomplish segmentation of the kidney images.
The segmentation algorithms presented in sections 2.2.1, 2.2.2, and 2.2.3 are useful mainly
for DCE-MR images, therefore reliance on them for segmentation when the imaging modality is
not DCE might yield inaccurate segmentation results.

12
To improve upon the drawbacks of k-means clustering; fuzzy c-means (FCM) clustering,
its variants, and their combinations were introduced. Some of these methods are discussed below.

2.2.4 Other Clustering Algorithms
The fuzzy c-means (FCM) clustering [6] is an improvement over the existing k-means
clustering algorithm. Unlike the k-means clustering, which allows the data to be a member of one
particular class, the FCM algorithm permits a specific entry in the data set to belong simultaneously
to one or more classes. However, the FCM clustering algorithm has a high time complexity, and is
sensitive to noise and is sensitive to initial setting of the cluster centers.
The moving k-means (MKM) clustering algorithm [7] addresses all the shortcomings of kmeans clustering as well as FCM, but itself suffers from several limitations [8]. For instance, MKM
is highly sensitive to noise, so much so that one or more clusters could represent centroid of a group
of noise data. In addition to this, some of the assigned centers might be away from the centroid of
a group data which can generate inaccurate results. Finally, the fitness concept in the MKM
algorithm, i.e. the center with smallest fitness can sometimes represent a group of unwanted data,
thus making an erroneous classification.
Based on the available literature, it can be concluded that a majority of the existing
techniques on segmentation of renal components of kidney rely upon clustering techniques, mostly
k-means clustering. However, as discussed above, the k-means clustering technique is rife with
shortcomings and hence cannot be relied upon to produce accurate results. Hence, in this thesis, the
potential of thresholding-based segmentation methods is explored.
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2.2.5 Thresholding-based Segmentation Schemes
The idea to use a thresholding-based segmentation framework is motivated by the presence
of intensity variations among the various renal components. The thresholding-based segmentation
methods have been used to segment color images [12], [13], [14], [15], and more recently, such
methods are also finding their applications in medical image segmentation [16], [17], [18].
Histogram-based thresholding techniques were the very first, and by far the most popular
image segmentation techniques [19], [20]. Despite their success in image segmentation, the
histogram-based thresholding schemes prove ineffective when blurring is prominent at the object
boundaries within the image. The other alternative thresholding schemes use the concept of entropy
to determine the thresholds [21], [22], [23]. The fundamental problem with the thresholding
techniques is that selecting optimum thresholds is challenging. Also, there is a high level of
ambiguity involved in deciding the intensities of the pixels near the object boundaries which
complicates the procedure of determining the thresholds.
To overcome these shortcomings of the histogram-based segmentation techniques in
determining optimum thresholds, Mohabey and Ray [24] introduced histon. Unlike histogram
which is a description of the number of pixels at an intensity level; histon represents the pixels with
similar intensity values around a particular intensity level, thus histon, if plotted will appear as a
curve over the histogram. However, histon fails to exploit the information hidden in the boundary
between the two objects. Therefore, the concepts of the rough set theory and histon were integrated
to produce a better technique to segment color images [15].
However, the fundamental issue of ambiguity in deciding the pixel intensities is not
resolved completely by histon, and hence optimum thresholds are not obtained. The intuitionistic
fuzzy sets (IFS) present an effective method to deal with inherent vagueness and uncertainty
associated in deciding the pixel intensities by representing a pixel in an image by non-membership
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and hesitancy values in addition to the membership value. The IFS representation of the image
quantifies the uncertainty associated with the pixel intensities near the object boundaries.
Therefore, the IFS based methods are finding their applications in medical image segmentation
[25], [26].

2.3 Brain MR image segmentation
Brain MR image segmentation has been studied extensively. Several fuzzy and non-fuzzy
techniques are present to identify cerebrospinal fluid (CSF), grey matter (GM) and white matter
(WM) in the brain MR images. The quality of brain MR images is severely diminished due to RF
coil shading, or more commonly known as the bias field. Hence, to eliminate or abate the effect of
the bias field, several methods have been proposed to account for bias field correction, and a few
are described below.

2.3.1 Bias Field Correction Techniques
Ahmed et.al [27] proposed a bias field corrected FCM (BCFCM) algorithm to compensate
the effect of RF coil shading by encapsulating the neighborhood effect in the objective function of
FCM. The neighborhood effect introduces a new regularizer term in which a pixel (voxel) labeling
is dependent on the labels of the pixels (voxels) in its immediate neighborhood. Although
successful, BCFCM possesses a very serious shortcoming. BCFCM computes its regularizer term
in each iteration, thus making this algorithm timewise and computationally inefficient. Hence,
several variants of FCM were introduced to address these deficiencies of the BCFCM approach.
Some of its variants are discussed below.
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For instance, a fast generalized FCM (FGFCM) was introduced in which clustering was
performed by combining the local spatial and intensity information [28]. In addition to this, Chen
and Zhang introduced a different version of FCM which used mean (FCM_S1) and median
(FCM_S2) filters and named it spatially constrained kernelized FCM (SKFCM) [29]. In SKFCM,
the similarity criterion used in FCM was replaced by a Gaussian kernel-based distance. In [30], a
fuzzy segmentation algorithm building on the conventional FCM clustering was proposed, which
also defined a neighborhood-based parameter to correct the bias field effect.
One other variant of the BCFCM used spatial bias field correction along with a Gaussian
kernel-based FCM clustering [31]. Wang and Fei proposed an FCM clustering framework which
used a multiscale diffusion filtering scheme [32].
All the variants of FCM discussed above have a common limitation- they are highly
sensitive to parameter selection, and more importantly they fail when the noise levels in the images
are high.

2.3.2 Model-based Approaches
Other than the clustering-based schemes to segment brain MR images, several other
competing approaches exist. For example, to segment brain MR images, Corso et.al [33] introduced
a multilevel approach which uses a Bayesian formulation to compute affinities for soft model
assignments in multi-channel MR volumes. The model based approaches were also proposed for
3D segmentation of brain MR images [34]. However, these model-based approaches are sensitive
to the modality of brain MR images, i.e. these methods are data-specific and cannot guarantee
similar results on an entirely different data set.
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2.3.3 Intensity-based Thresholding Methods
Recently, thresholding-based segmentation schemes are being used to segment brain MR
images. By far, the histogram-based thresholding techniques were widely used to segment various
type of images. However, these techniques suffer at the object boundaries by giving incorrect
segmentation results. As discussed in section 2.2.5, histon-based thresholding schemes were
introduced to overcome this shortcoming of the histogram-based segmentation schemes. However,
histon-based segmentation framework is not sufficient to suppress the effect of uncertainty,
therefore as described in section 2.1, IFS are used to represent brain MR images.
The brain MR images show excellent intensity contrast between the CSF, GM, and WM
tissues, thus facilitating the use of histogram-thresholding techniques. However, the histogrambased thresholding techniques can fail at the object boundaries, thus producing inaccurate
segmentation results. To mitigate the adverse effects of inherent vagueness in deciding the pixel
intensities in the boundary region, a few techniques that combine the IFS and the rough set theory
were introduced. For instance, in [35], a new non-membership function, based on a Gaussian
function is proposed to create an IFS representation of the image. Then intuitionistic fuzzy
roughness index is used to obtain optimum thresholds to segment the brain MR images. Although
this method is successful in segmenting the brain MR images, it has a limitation. It uses normalized
intensity values as membership for each pixel which fails to diminish the effect of noise and
intensity inhomogeneity. This incorrect formulation of membership function leads to inaccurate
segmentation.
The scale-space theory and intuitionistic fuzzy roughness measure can also be combined.
This technique generates a multi-scale roughness index by merging together scale-space theory and
intuitionistic fuzzy representation of images [36].
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2.3.4 Other Segmentation Techniques
Brain MR image segmentation in Statistical Parametric Mapping (SPM) [37] software
package known as unified segmentation, relies on a modified Gaussian mixture model where the
probability of each voxel belonging to each tissue class is computed using Bayesian rule by
combining the likelihood for association with that particular tissue class and the prior probability
obtained from the prior probability maps. In neuroimaging and brain function studies, SPM is used
widely to segment the brain MR images into CSF, GM, and WM. However, unified segmentation
relies on the priori information on the tissue classes which increases the computation time, thus
reducing its efficiency.
FMRIB Software Library (FSL) also provides a segmentation routine- FMRIB’s
Automated Segmentation Tool (FAST) to segment the brain MR images into CSF, GM, and WM.
FSL’s FAST segmentation procedure optimizes a Hidden Markov Random Field (HMRF) model
with expectation-minimization (EM) algorithm [38]. This method models the histogram from the
brain MR image as a mixture of mean and variance for each homogeneous region. The effect of
intensity inhomogeneity is incorporated by subtracting the reconstructed image from the real image,
which gives an estimate for intensity inhomogeneity in the image. This process of segmentation
and intensity inhomogeneity correction is repeated until convergence, resulting in an intensity
inhomogeneity corrected image and the segmented tissue classes- CSF, GM, and WM.
The next chapter presents a detailed mathematical analysis of a few segmentation
techniques for kidney and brain MR images with compensation for intensity inhomogeneity and
noise robustness.
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Chapter 3

Mathematical Analysis of Segmentation Techniques

3.1 Introduction
In this chapter, a review of the k-means clustering (KMC) and the fuzzy c-means (FCM)
clustering algorithms for the segmentation of magnetic resonance (MR) kidney and brain images
that are corrupted with intensity inhomogeneity, partial volume effect, heterogeneity among tissue
classes, thermal noise in the body, etc. is presented. These algorithms are analyzed for their various
features such as the objective function, modifications in the standard fuzzy objective function,
updates in the membership function, and updates in the positions of the cluster centers.
This chapter also emphasizes upon some quintessential features like algorithmic parameter
selection, time complexity, and robustness to noise. The image artifacts such as intensity
inhomogeneity, partial volume effect, weak boundaries within the image, and inter-region
heterogeneity make segmentation of kidney and brain MR images a complicated and therefore a
challenging task, demanding extensive research so as to develop accurate, fast, and coherent
segmentation methods.
A mathematical analysis of these algorithms is performed to determine their robustness to
noise and intensity inhomogeneity. Lastly, a few quantitative measures employed to validate the
segmentation results are also discussed.
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3.2 k-means Clustering (KMC) Algorithm
The k-means clustering (KMC) is the simplest unsupervised learning algorithm that can be
used to classify any given data. This algorithm has proven to be effective in segmentation of images,
and hence can segment kidney MR images. The central idea of this clustering scheme is to define
k centers, one for each class. The location of these cluster centers or centroids influences the result

of classification, therefore these centroids must be placed as far away as possible from each other.
Then in the next step, each entry in the data is classified into one of the classes according to its
nearest Euclidean distance from the centroid. When all the points in the data set have been
classified, the locations of these centroids are updated. This iterative procedure is repeated until no
significant changes in the location of the centroids in two consecutive iterations is recorded.
Let X  {x1 , x2 ,..., xn } be the set of data points and V  {v1 , v2 ,..., vk } be the set of centroids.
The KMC algorithm minimizes the cost function J (V ) which is the minimum squared error
function, which is given as [52]:
k

ki

J (V )   ( xi  v j ) 2

(3-1)

i 1 j 1

where x i  k j denotes the Euclidean distance between xi and v j ; k denotes the total number of
cluster centers or centroids, and ki denotes the number of points classified in the i th cluster. After all
the points in the data set have been classified into their respective initial classes in the first iteration,
the centroids are updated to the new location using the following update rule [52]:

vj 

1 ki
xj
ki j 1

(3-2)

The distances between the data points and the updated centroids are calculated. If there are no
changes in assignments of the data points, this process is stopped and the algorithm is said to have
converged.
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The pixels in the kidney MR images are classified into different regions or segments
according to their distances from the centroids. Lesser the distance between the pixel intensity and
the centroid, the more likely it is that this pixel will get classified into the class represented by this
centroid. However, KMC has many drawbacks when used for image segmentation. KMC is highly
sensitive to outliers and skewed distribution of the data, which results in misclassification of the
data.
In MR images with noise, intensity inhomogeneity, and inter-region heterogeneity, KMC
fails to produce correct segmentation results. The results of KMC on kidney MR images from the
real kidney data set are shown in Figure 3-1. The first row shows the original image and the
segmented using KMC (from left to right). The second row shows the region of medulla and the
region of cortex (from left to right).
In case of noisy images, the tissue class may differ and might appear as salt and pepper
noise, which results in incorrect segmentation. For example, in Figure 3-1, a few medulla pixels
are seen in the homogeneous region of cortex in the segmented kidney image.
With a motive to resolve these issues with image segmentation accomplished using KMC,
many variants have been proposed. These algorithms monitor the location of the cluster center after
it is updated, and if this center is not fit for a certain class, then this center is moved to a class to
which it closely fits. Hence, the next section deals with KMC based methods for segmentation of
kidney MR images that are corrupted with noise, inter-region heterogeneity, and intensity
inhomogeneity.
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Figure 3-1: Result of KMC on kidney MR images corrupted by noise, partial volume effects, and
intensity variation. Row 1: Original image and the segmented image. Row 2: Region of medulla
and cortex respectively.

3.3 Moving k-means (MKM) Algorithm
KMC is highly sensitive to initial conditions and is vulnerable to get trapped in the local
optimum. To overcome this drawback, Mashor [7] introduced an algorithm in which the fitness of
every center is monitored constantly during the clustering process, i.e. if the cluster center fails the
fitness criteria, the center is moved to the class of data with the most active center. The MKM
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algorithm improves the segmentation performance by minimizing the weaknesses of the KMC
algorithm.
Consider X  {x1 , x2 ,..., xn } as the set of data points and V  {v1 , v2 ,..., vk } as the set of
centroids with k being the total number of clusters. The MKM algorithm assigns the data to the
nearest centroid based on the Euclidean distance in eqn. (3-1), and updates the location of each
centroid according to eqn. (3-2). The fitness for each class is computed as:
f (k j ) 

 v

i k j

i

 kj



2

(3-3)

The MKM algorithm relies on the existence of significant number of members or final
fitness values and a minimum within-cluster distance for a successful clustering operation.
Therefore, the relationship between the centroids should satisfy the condition given below:

f (Cs )   a f (Cl )

(3-4)

where Cs is the cluster having the least fitness value, Cl is the cluster with the largest fitness value,
and  a is a small constant such its initial value lies between 0 and 1/ 3 .
If the condition in eqn. (3-4) is not satisfied, all the members of Cl with fitness value less
than Cl are assigned to Cs , while the remaining centers remain in Cl . Then, the new positions of the
centers of Cs and Cl , denoted by vs and vl respectively are calculated as [7]:

vs 

1
vi
ks ivs

(3-5)

vl 

1
vi
kl ivl

(3-6)

The value of  a is then updated as:

a  a  a / k

(3-7)
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To further improve the clustering process, Mashor [7] introduced a stopping condition for
the MKM algorithm, which is given as:

f (Cs )   b f (Cl )

(3-8)

where b is a small constant with initial value same as  a (say 0 ). In each iteration,  a is reset to
its initial value  0 , and b is updated as:

b  b  b / k

(3-9)

The inclusion of a check of fitness condition through (3-4) causes a noticeable
improvement in the performance of the KMC algorithm by providing each centroid with a nontrivial number of members.

3.4 Fuzzy Moving K-means (FMKM) Algorithm
The fuzzy moving k-means (FMKM) algorithm [8] uses the concepts of fuzzy logic to let
each member belong simultaneously to one or more class with varying degree of membership. This
is accomplished by the membership function mic , and is given as [8]:

mic 

1
 d ic


j 1  d jc
k

2

(3-10)

 q 1



where dic is the distance from point c to the current cluster i , d jc is the distance from point c to the
other cluster centers j , and q is the coefficient of fuzziness which is set typically to 2 .
After defining the membership function for each pixel in the image and performing fitness
calculations according to eqn. (3-3). In addition to the relationship between the centers defined in
eqn. (3-4) and eqn. (3-8), the FMKM algorithm proposes a new relationship between the centers:

m(Csc )  m(Clc )

(3-11)
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where m(Csc ) denotes the membership of point c with respect to the smallest center, while m(Clc ) is
the membership of c with respect to the largest center.
The FMKM algorithm is an efficient clustering algorithm that uses the concepts of fuzzy
logic to ensure correct segmentation of the images. The FMKM algorithm improves upon
shortcomings of the KMC algorithm by minimizing the chance the pixels being grouped into wrong
classes.

3.5 Fuzzy c-means (FCM) Clustering
Fuzzy c-means (FCM) clustering, introduced by Dunn [53], is a highly efficient clustering
N

algorithm. The standard objective fucntion of FCM for the partitioning of data {xk }k 1 into c clusters
is given as:
c

N

J FCM (U, V)     ikp xk  vi

2

(3-12)

i 1 k 1

where V  {vi }ic1 are the prototype of cluster, U  {ik } represents the partition matrix, and N
denotes
x k  vi

the
2

number

of

pixels. vi denotes

the

cluster

center

of

the

i th cluster.

 d ik  d ( x k , vi ) is the distance between centroid vi and the pixel xk , and ik is the fuzzy

membership of k th pixel and i th cluster such that ik  [0,1] . In addition to this, the sum of all
memberships assigned to the pixels is 1, i.e.

c


i 1

ik

 1.

The FCM clustering requires a weighting exponent for each membership which is defined
by p such that p  (1, ) . For hard clustering p  1 , and the value of p increases for fuzzy
clustering. The value of p is generally set to 2 which determines the amount of fuzziness the
classification achieved by the clustering process. High membership values are assigned to the pixels
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that lie near the centroid of a particular class, and conversely, smaller membership values are
assigned to the pixels that are away from the centroid, thus minimizing the FCM objective function
in (3-12) [53]. The partition matrix and the position of the cluster centroid are updated as
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 dik2
 2

j 1  d jk
c
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k 1
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(3-13)
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The FCM clustering technique has drawbacks when used for image segmentation. The
primary concern with the FCM clustering algorithm is that its objective function does not consider
the spatial interdependencies among the neighboring pixels, instead it treats the pixels as separate
independent points. Secondly, the similarity measure d ( xk , vi ) between the pixel and the cluster
centroid is the only deciding factor for the membership function.
The closer the pixel intensity to the cluster centroid, the higher is the membership of that
pixel to the class represented by the cluster centroid. This very characteristic of the FCM clustering
makes it vulnerable to noise. In presence of noise, the pixels might get classified into classes they
do not belong to, thus making an incorrect classification.
Figure 3-2 depicts the results of FCM clustering on brain MR images from the McGill
database [55], corrupted with noise and intensity inhomogeneity. The FCM algorithm, however,
is not robust to the noise present in the brain MR images. The segmentation might be incorrect as
similar tissues may get classfied into wrong cluster and appear as salt and pepper noise. For
instance, in the top row of Figure 3-2, it can be seen that some pixels that belong to the GM tissue
classes can be spotted within the homogeneous region of WM. In brain MR images with a higher
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Figure 3-2. Segmentation results of FCM clustering algorithm on brain MR images [55]. Row 1:
Original brain MR image with 3% noise and 0% intensity inhomogeneity,segmented regions of
CSF, GM, and WM respectively. Row 2: Original brain MR image with 0% noise and 40% intensity
inhomogeneity, segmented regions of CSF, GM, and WM respectively.

degree of intensity inhomogeneity, a significant number of pixels in GM and WM are misclassified
as another tissue class as shown in the second row of Figure 3-2.
In order to rectify these shortcomings, many variants of the FCM clustering algorithm are
proposed. These variants include local spatial information in their objective functions to improve
the segmentation results. In subsequent sections, a brief review of these FCM based methods for
brain MR image segmentation in presence of noise and intensity inhomogeneity is presented.

3.6 Bias Corrected FCM (BCFCM) Clustering
The objective function of FCM in eqn. (3-12) ignores the spatial information in the image
and is found to be sensitive to noise. Therefore, Ahmed et.al [27] introduced a modification in the
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standard FCM objective function to eliminate the intensity inhomogeneity or intensity
nonuniformity (INU) in the brian MR images. The BCFCM clustering algorithm introduces a
regularization term that permits the influence of neighboring pixels in deciding the label for a
particular pixel.
The inclusion of the pixels in the immediate neighborhood creates a regularization effect
which biases the solution in the direction of piecewise homogeneous labelling which is useful to
segment brain MR images corrupted with impulse noise. The modified function is given as:
c

N

J BCFCM (U ,V )   ikp yk   k  vi
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such that yk is the observed intensities that are log-transformed at the k th pixel, N k denotes the set
of neighbours in a window around the pixel xk , and is also the cardinality of N R .  controls the
influence of the neighborhood. The importance of the regularizing term is governed by the signal
to noise ratio (SNR) of the MRI signal. An MRI signal with lower SNR would require a higher
magnitude of  , i.e. the relative importance of the regularizing term relates inversely to the SNR
present in MR signal.
The membership function, cluster centroid, and the bias field term are updated as follows
[27].
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Figure 3-3. Brain MR images segmented by BCFCM [27]. Row 1 shows the original image with
0% INU and 3% noise, segmented CSF, GM, and WM respectively. Row 2 has original image with
no noise and 40% INU, segmented CSF, GM, and WM respectively.
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y  k  vi . The BCFCM outperforms state-of-the art

FCM algorithm when applied to synthetic brain images [55] as shown in Figure 3-3.
The BCFCM technique proves to be effective for noisy images by correctly classifying the
tissue classes. However, in presence of intensity inhomogeneity, a significant number of pixels of
GM and WM get misclassified as shown in the second row of Figure 3-3. Therefore, BCFCM
proves ineffective to alleviate the effects of strong intensity inhomogeneity.
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3.7 Modified Fast FCM (MFCM) Clustering
The modified fast FCM (MFCM), proposed by Ji et.al [54] determines the initial values
of the centroids automatically and adaptively includes local spatial continuity to segment brain MR
images. The objective function for the MFCM algorithm is given as [54]:
c

N

N
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k 1

i 1

J MFCM   [(1   ) ikp ( yk  bk  vi ) 2    ikpkr ( yr  br  vi ) 2 ]    k  ik (1 ik p 1 ) (3-19)
i 1 k 1
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such that kr is the weight of the pixels in the neighborhood of the k th pixel, which controls the
crispness of the membership degrees. Instead of randomly initializing the cluster centroids, the
MFCM algorithm initializes the cluster centroid values using histon [15]. To overcome the adverse
effect of noise on the segmentation and to prevent blurring of the edges, an adaptive method is
included in the MFCM algorithm.
A linear combination of the set of basis functions estimate the intensity inhomogeneity and
a correction term is included in the cost function in order to reduce the number of iterations. The
partition matrix, cluster centroid, and the bias field are updated in each iteration as [54]
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where dki  ( yk  bk  vi ) ,   (1 , 2 ,......, M )T and G ( k )  ( g1 ( k ), g 2 ( k ),........., g M ( k ))T . It is to

be noted that k   , k  1, 2,..., M are the combination coefficients.
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The basis functions are constructed using the orthogonal polynomials such that [54]
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and B   G ( k )  ikp ( y k  vi ) . A is M  M matrix and B is a row vector of length M , with
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i 1

M denoting the number of basis functions.

The MFCM algorithm effectively copes with intensity inhomogeneity, noise, and partial
volume effect simultaneously. In addition to this, the MFCM algorithm allows automatic
determination of the weights of the regularizer term so as to eliminate the ambiguity and
subjectivity associated with manual tuning of the weights.

3.8 Evaluation Methods
The evaluation of segmentation results is done mainly to experimentally demonstrate that
a novel method is feasible for certain applications and is favorable over other methods under
various conditions. It is to be noted that the qualitative evaluation of the experimental results is
highly subjective which necessitates an objective comparison between the segmentation results of
different methods. Hence, some parameters that are used pervasively to perform a quantitative
evaluation of the different segmentation methods are discussed briefly in this section.
Jaccard similarity and the Dice Coefficient are used to quantify the segmentation of
voxels belonging to a particular tissue class. The Jaccard similarity (JS) [54] is the ratio of the
intersection and the union between two sets, where one set (S1) represents the segmented voxels
and the other set denotes the ground-truth (S2) or gold standard segmentation, respectively. The
Jaccard similarity is defined as
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JS ( S1 , S 2 ) 

S1  S 2
S1  S 2

(3-24)

The Dice Coefficient is also used to validate the segmentation results, and is defined as

DC ( S1 , S2 ) 

2 S1  S 2
S1  S 2

(3-25)

Three performance parameters [35], [54] are also defined to provide a better validation
of the segmentation results:
1. Under segmentation UnS  FP / TN . .
2. Over segmentation OvS  FN / TP .
3. Incorrect segmentation InS  ( FP  FN ) / N .
Under segmentation (UnS) denotes the percentage of negative false segmentation, over
segmentation (OvS) represents the percentage of positive false segmentation, and incorrect
segmentation (InS) denotes the total false segmentation.
Here FP denotes false positive, and is the number of pixels that do not belong to the cluster
but are classified as members of that cluster. FN is the false negative, i.e. the number of pixels that
belong to a cluster but are not classified as members of that cluster; TP denotes the number of pixels
that belong to a particular cluster, TN denotes the total number of pixels that do not belong to a
particular cluster, and N denotes the total number of pixels in a particular cluster, i.e. N=TP+TN.
A Confusion Table [35], [54] reports these quantities as percentages, with respect to the
ground-truth or the gold standard segmentations.

3.9 Experimental Datasets
To evaluate the segmentation results objectively, it is necessary to have a ground-truth,
based on strong knowledge of the anatomical structure of the tissues of interest. However, when
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the datasets are acquired in a clinical scenario, the ground truth is not available easily, which forces
a subjective assessment of the quality of segmentation. Therefore, in order to facilitate objective
evaluation of the segmentation results, ground-truth for kidney images is obtained with the help of
a radiologist and a simulated database for brain images is used.

3.9.1 Kidney Dataset
The kidney MR images are acquired at the Center of NMR Research, Pennsylvania State
University College of Medicine, Hershey, PA. A breadth-held multi-echo gradient scan records T 2
weighted data. 6 echo times were acquired (4.95, 8.61, 12, 16.7, 21, 26.5 ms) with a repetition time
(TR) of 30ms, of which only the first echo time is used as the images corresponding to the echo
time of 4.95ms provide the best SNR. The image volume is a coronal 3D slab of size
224  182  16  4 . The ground-truth or the gold standard for these images were obtained by

recruiting help from a radiologist.

3.9.2 Brain Dataset
The synthetic datasets are insignificant anatomically as well as physiologically, as they do
not carry any information regarding these two aspects. Nevertheless, usually, any new image
processing algorithm is first tested for superior objective evaluation over these synthetic datasets
as their characterisitics are available apriori. Due to the lack of realistic behavior and an increase
in computational power, synthetic datasets can be simulated.
The brain MR images used for experiments pertaining to this thesis are obtained from a
synthetic database generated using an MRI simulator. These simulated brain datasets are available
from the McGill Brain Imaging Center at the Montreal Neurological Institute [55].
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3.10 Summary
This chapter presents a comprehensive review of clustering-based techniques to
accomplish segmentation of magnetic resonance kidney and brain images corrupted with artifacts
like noise, partial volume effect, intensity inhomogeneity, and inter-region heterogeneity. The
KMC based techniques are analyzed for segmentation of kidney MR images, and the FCM based
techniques are analyzed for segmentation of brain MR images.
The KMC based methods have been analyzed according to the modification in the standard
objective function by including a fuzzy membership function, a fitness concept to evaluate the
positions of centroids, and parameters that ensure correct segmentation of the kidney images.
The FCM based methods have been analyzed according to various features like
modification in their standard objective functions, update in the partition matrix and cluster
centroids. In both, the KMC based methods and the FCM based methods, emphasis has been put
on a number of important issues like algorithmic parameter selection, robustness to noise, the
challenge that intensity inhomogeneity poses.
By virtue of intensity inhomogeneity correction, inter-region heterogeneity, noise and
weak boundaries, segmentation of the kidney and brain MR images is a challenging and equally
complicated task, demanding future research so as to enhance the accuracy and speed of the
segmentation techniques.
The next chapter describes the intuitionistic fuzzy sets based algorithm for the
segmentation of kidney MR images. The next chapter also presents the quantitative evaluation of
the results of segmentation by employing validation tools described in section 3.8.
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Chapter 4
Kidney Image Segmentation using Intuitionistic Fuzzy Roughness Measure

4.1 Introduction
The defects in illumination and discrepancies in the imaging mechanisms induce
variations in the pixel intensities in the images, which complicates many tasks in image processing
and computer vision, especially image segmentation. The quality of kidney MR images is also
diminished by the noise and inter-region heterogeneity, which generates weak boundaries between
two distinct homogeneous regions, making automatic segmentation a difficult task. The removal
of spatial intensity variation from MR images is tedious as it is dependent on image acquisition
parameters and may vary from subject to subject. Hence, correction of intensity variations is
mandatory to achieve accurate segmentation.
Histon, is one such concept which accounts for the intensity variations and noise in the
real-world images. Histon , first introduced by Mohabey and Ray [24], and then modified by
Mushrif and Ray [15], is a curve plotted over the existing histogram of the image where the
collection of all pixel intensities under the similar intensity sphere of a predefined radius belong to
a unique value. This similar intensity sphere with a predefined radius is known as the expanse. But
these methods consider only the upper approximation, thus failing to exploit the properties of the
boundary region by not considering a lower approximation for the associated vagueness.
In this chapter, an intuitionistic fuzzy rough set based approach is introduced to segment
kidney MR images. A novel membership function, based on restricted equivalence functions is also
proposed. This algorithm makes use of the intuitionistic fuzzy roughness measure to determine the
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significant peaks for image segmentation. A multilevel thresholding scheme then segments the
kidney MR images into medulla, cortex, and pelvis. It is to be noted that only medulla and cortex
are analyzed qualitatively and quantitatively due to the dynamic physiology of the pelvis tissues in
the kidney.

4.2 Rough Set Theory
Pawlak [48] introduced the concept of rough sets to provide a better representation of an
information system. The preliminary concepts of rough set theory that are coherent with this
research are presented here.
Pawlak [48] proposed that an information system S is a quadruplet S  U , A,V , f  , or a
function f : U  A  V , such that U is a non-empty finite set of N objects, also known as the
universe, given by {x1 , x2 ,..., xN } . While A denotes the set of non-empty finite set of attributes, V
denotes a value set such that a : U  Va for every a  A . This set Va represents the set of values of
attribute a , and is also known as the domain of a . An equivalence relation IND( B) on U is defined
by a subset of attributes B  A as:
IND ( B)  {( x, y ) U  U : a  B, a( x)  a( y )}

(4-1)

The elements in U are said to be indistinguishable with respect to B if they satisfy the
relation IND( B) given in eqn. (4-1), whereas the concepts of the knowledge B are represented by
the set of equivalence classes U / IND ( B ) .
Any vague or imprecise concept X  U , given on any subset B of attributes, can be
defined by formulating a pair of crisp sets- lower and upper approximations. The lower and upper
approximations, denoted respectively by BX and BX , are defined as:
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BX  {Y U IND( B) : Y  X }
BX  {Y  U IND ( B ) : Y  X   }

(4-2)
(4-3)

B -lower approximation of X , denoted by the set BX is a collection of all such elements in U that

certainly belong to X , in the knowledge B . On the other hand, the B -upper approximation of X ,
denoted by the set BX contains the elements of U which can possibly belong to X , in the
knowledge B . It is but obvious that the difference of these two sets will result in a set of elements
that belong to a region near the boundary as depicted in Figure 4-1.
The elements contained in the boundary region between the lower and upper
approximations is denoted by the set BN R ( X )  BX  BX . This set BN R ( X ) is the B -boundary of
X such that its elements cannot be classified neither to BX nor BX with available knowledge B .

Pawlak [48] suggested that this borderline region is a representation of the inexactness or vagueness
of the set X , given the knowledge B . Consequently, a larger borderline region of a set X
corresponds to a higher degree of inexactness. The accuracy measure  B ( X ) , given in eq. (4-4)
formulates the above idea in a better manner and is given as [48]:

B ( X ) 

BX
BX

(4-4)

The accuracy measure defined by eqn. (4-4) measures the degree of completeness of the knowledge
contained in the set X . In addition to this, the roughness index or roughness measure rB ( X ) of X
quantifies the degree of inexactness or vagueness present in the set X , which is given as:

rB ( X )  1   B ( X )

(4-5)
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Figure 4-1. A diagrammatical representation of a rough set showing the universe U , the set X , the
lower approximation, and the upper approximation [15]. The region between the lower and upper
approximations is the boundary region.

The measure of roughness rB ( X ) should satisfy the constraint 0  rB ( X )  1 , for every B
and X  U . Based on this constraint, following two conditions arise. First, if rB ( X )  0 , then the
boundary region of X is a null set, and hence the set X is crisp or precise. Secondly, if rB ( X )  0 ,
then the boundary region of X is not a null set, thus leading to a conclusion that the set X is B undefinable, which implies that X is rough, imprecise, or vague with respect to knowledge in B .

4.3 Concept of Histon
The concept of histon was formulated by Mohabey and Ray [24] which provided an
alternate way to visualize the intensity information contained in an image. Additonally, histon
presents a method for the isolation of the elements in the boundary region, which can be exploited
during image segmentation.
Histon is a collection of all points that fall under the same expanse, all belonging to a
unique value. The number of pixels contained in the similar intensity sphere of every intensity value
in the histogram is computed, and then this count is accumulated to the frequency of ocuurence at
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the intensity value under consideration. This process is repeated for all the intensity values which
results in the formation of histon.
Histon enhances the representation of the spatial properties of the image. The primary role
of histon for image segmentation is to show gradual variations in the intensity values in a given
space. Thus, histon enhances the representation of the spatial properties of the image. A
mathematical framework for the construction of histon was proposed by Mushrif and Ray [15].
This chapter presents a technique which uses intuitionistic fuzzy sets, histon, and the rough
set theory for kidney image segmentation. Histon, computed from the intuitionistic fuzzy image is
considered as the upper approximation and histogram is considered as the lower approximation.
Intuitionistic fuzzy roughness measure is computed using these upper and lower approximations,
yielding peak and valley points which are then used as thresholds to segment the kidney MR
images.

4.4 Restricted Equivalence Functions
The restricted equivalence functions have been derived from the equivalence operator,
which was first introduced by Fodor and Roubens [51]. They defined equivalence as a binary
operator on the unit interval as follows:
Definition 4.1: For a function EF :[0,1]2  [0,1] to be an equivalence, it must adhere to the
following conditions:
1) EF ( x, y )  EF ( y, x) for all x, y  [0,1] .
2) EF ( x, y )  EF ( x ', y ')
3) EF ( x, x)  1 for all x  [0,1] .
'
'
4) If x  x  y  y , then EF ( x, y )  EF ( x ', y ') .

39

The equivalence operator, however is not sufficient enough to define a restricted equivalence
function. The restricted equivalence function, in addition to an equivalence operator requires a
similarity measure and a proximity measure, which are defined below.
Let SM : F ( X )  F ( X )    be a real function defined on fuzzy sets A, B  F ( X ) . For it
to be a similarity measure on F ( X ) , it should satisfy the following properties [51]:
(SM1) SM ( A, B)  SM ( B, A) , for A, B  F ( X ) .
c
(SM2) SM ( A, A )  0 , for all non-fuzzy set A .

(SM3) SM (C , C )  Max A, BF ( X ) SM ( A, B ) , for all C  F ( X ) .
(SM4) For A, B , C , D  F ( X ) , if A  B  C  D , then SM ( A, D)  SM ( B, C ) .
It is to be noted that A c denotes the complement of fuzzy set A .
The proximity measure is a special case of similarity measure, and is defined as follows
[50]. A similarity measure can be classified as a proximity measure if and only if

SM ( A, B)  SM ( Ac , Bc ) , where A c , B c denote the complements of the fuzzy sets A and B
respectively.
Using the four properties that define an equivalence operator, and the definitions of
similarity and proximity measures, definition of restricted equivalence operator can be defined as
[50]:
2
Definition 4.2: Let REF :[0,1]  [0,1] be a function defined on a unit interval. For REF to be a

restricted equivalence function, it should satisfy the following properties [50]:
1) REF ( x, y )  REF ( y, x) for x, y  [0,1] .
2) REF ( x, y )  1 , if and only if x  y .
3) REF ( x, y )  0 , if and only if x  1 and y  0 , or x  0 and y 1.
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4) REF ( x, y )  REF (c( x), c ( y )) , for all x, y  [0,1] , where c is a strong negation as defined
previously.
5) For all x, y, z  [0,1] , if x  y  z , then REF ( x, y )  REF ( x, z ) and REF ( y , z )  REF ( x, z ) .
The restricted equivalence functions can be used to construct membership functions for
constructing intuitionistic fuzzy images. Such membership functions can be useful in determining
appropriate representation of pixel intensities of the images which would then account for the
inherent hesitancy in deciding the belongingness of pixels near the boundary region; and
compensate for noise.

4.5 Intuitionistic Fuzzy Representation of Image
This section describes a method to construct an intuitionistic fuzzy set (IFS) representation
of the images.

4.5.1 Intuitionistic Fuzzy Set (IFS)
The fuzzy set theory, introduced by Zadeh [39], allows an element to belong or not belong
to a set simultaneously. A fuzzy set A  {x1 , x2 ,..., xn } can be represented mathematically as

A  {( x,  A ( x)) | x  X } , where  A ( x) is the membership function of an element x  A , belonging
to the interval [0,1] . Obviously, the degree of non-membership will be 1   A ( x) . Intuitively, the
complement of the fuzzy set A is given as Ac  {x,1   A ( x) x  A,  A ( x)  [0,1]} [40]. However,
such a simplistic representation of the information might be insufficient to represent the given
information, thus making a case for intuitionistic fuzzy sets (IFS).
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The intuitionistic fuzzy sets (IFS) [41] are a generalization of the fuzzy sets, where its
elements are characterized not only by a membership degree, but also by a non-membership degree,
thus providing an additional parameter to represent inexact or vague information. An intuitionistic
fuzzy set A in the universe of discourse X is defined as:

A  {( x,  A ( x), A ( x)) : x  X }

(4-6)

where  A ( x), A ( x) : X  [0,1] represent the functions corresponding to the degree of membership
and the degree of non-membership respectively of each and every x  X , with a mandatory
condition 0   A ( x), A ( x)  1 .
A new parameter, the degree of hesitancy or degree of vagueness is defined, which
represents the degree of uncertainty or imperfectness of the knowledge belonging to the
intuitionistic fuzzy set A [41]. It represents the degree of indeterminacy of x  X to the set A such
that  A ( x)  [0,1] . Intuitively, a higher degree of hesitancy implies more uncertainty in the
information represented by the set A.
The degree of hesitancy is also known as the intuitionistic fuzzy index, and is given as [41]:

 A ( x)  1   A ( x )   A ( x)

(4-7)

The intuitionistic fuzzy sets contribute towards eliminating the vagueness and uncertainty in images
by providing an additional degree of freedom. Therefore, the intuitionistic fuzzy sets have
applications in several areas such as image segmentation [35], decision making [40] and pattern
recognition [43].

4.5.2 Proposed Membership Function
In this thesis, restricted equivalence function, which is one of the types of membership
functions, is used to formulate a membership function for kidney image segmentation.
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Let 1 and  2 be

two

automorphisms

in

an

unit

interval,

then

REF ( x, y )  11 (1  2 ( x)   2 ( y ) ) , with c ( x )   21 (1   2 ( x )) is a restricted equivalence function

[45]. c :[0,1]  [0,1] is a strong negation if it follows the conditions given below [50]
1) c(0)  1, c(1)  0
2) c( x )  c( y ) , if and only if x  y .
An automorphism in the interval [ a, b] is a continuously increasing function  :[a, b]  [a, b] where

 (a)  a and  (b)  b .
Let 2 ( x)  x , then from the restricted equivalence function defined in section 4.4, the
function REF becomes
REF ( x, y )  11 (1  2 ( x )   2 ( y ) )  11 (1  x  y )

(4-8)

Now let 1 ( x)  ln[ x(e  1)  1] , then using the inverse function, the inverse of automorphism 1 ( x)
1
x
is 1 ( x)  (e  1) / (e  1) . Hence REF can be written as:
1 x  y

REF ( x, y) 

(e

 1)
(e  1)

(4-9)

Let the membership function  :[0,1] be given as  ( x, y )  REF ( x, y ) , then from equation
(4-9), the membership function modifies to [25]:

 ( x, y )  0.582(e1 x  y  1)

(4-10)

where 0.582  1 / (e  1) . x and y respectively denote the pixel intensity and the mean intensity of
the region for a certain threshold “ t ”[25].
However, since kidney image segmentation is a multilevel thresholding problem, equation
(4-10) will produce a unique membership function for each homogeneous region in the image,
which is not desired. In addition to this, subtracting the mean of local intensities from a pixel
intensity performs a homogenization operation which hinders the segmentation. Therefore, the
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mean intensity of the region is discarded from equation (4-10), i.e. y  0 , and equation (4-10) is
modified as:

 ( x)  0.582(e1 x  1)

(4-11)

It is to be noted that since y  0 , the function  in eqn. (4-10) is reduced to a one-variable function
as given in eqn. (4-11). The membership function in equation (4-11) satisfies all the necessary
conditions for restricted equivalence functions [50]:
1)  ( x,0)   (0, x) .
2) For x  y ,  ( x,0)  (e 1) / (e 1)  1 .
0
3) For x  1, y  0 :  ( x,0)  (e  1) / (e  1)  0 .

However, it can be observed from eqn. (4-11) and Figure 4-2(a) that  ( x)  [0,1] , which is
not possible. Moreover,  ( x ) takes negative values and  (0)  1 , i.e. it contradicts with definition
of membership function given by Zadeh [39].
The false memberships in eqn. (4-11) can be amended by normalizing the intensity values
of the pixels and subtracting 1 from  ( x ) . Both these operations ensure   [0,1] ,  (0)  0 , and

 (1)  1 which concurs with the definition of a membership function. Therefore, eqn. (4-11) is
modified as:

 ( x)  1  0.582(e1 x  1)

(4-12)

It is to be noted that the membership function in eqn. (4-12) is not a restricted equivalence function
anymore due to the modifications made as described above. This novel membership function in
eqn. (4-12) is used to construct an intuitionistic fuzzy image as illustrated below.
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(a)

(b)

Figure 4-2: (a) Behavior of membership function in eqn. (4-11). (b) Behavior of the modified
membership function in eqn. (4-12).

4.5.3 Intuitionistic Fuzzy Representation of Image
An intutionistic fuzzy generator is used to create intuitionistic fuzzy image representation
for image segmentation [57], [58]. Let image I be of size M  N pixels, such that there are L
intensity levels from 0 to L  1 . The IFS representation of the image is given as:
I  {( xij ,  I ( xij ), I ( xij ),  I ( xij )} i  1, 2,3,..., M , j  1,2,3,..., N

(4-13)

where  I ( xij ), I ( xij ) and  I ( xij ) represent the degree of membership, non-membership and
hesitancy respectively of each pixel xij .
The degree of membership for each pixel xij is calculated using equation (4-12), i.e.
 I ( xij )  1  0.582( e

1 xij

 1)

(4-14)

where xij is the normalized intensity value of the pixel x , i.e. xij  x / 255 .
To complete the IFS representation of the image, either degree of non-membership or the
degree of hesitancy must be determined. The degree of hesitancy can be related to uncertainty in
the boundary region between two homogeneous regions.
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In an image composed of several distinct homogeneous regions, the variations in the
intensities of pixels near the boundary between two objects are more, while these variations are
more or less constant inside the object region. This implies that the hesitancy in deciding the pixel
intensities will be more at the object boundaries and less inside the object region. Therefore, the
degree of hesitancy  I ( xij ) at each location will be proportional to the absolute difference of the
membership degree and the mean of the membership degree at that location [58]. It is
mathematically given as:

 I ( xij )  (1   I ( xij ))



 I ( xij )   I a ( xij )



max max  I ( xij )   I a ( xij )

The average intensity  Ia ( xij ) can be calculated as  I a ( xij ) 

1

(4-15)



1

   I ( g (i  k )( j l ) ) h(i  k , j  l ) ,
k 1 l   1

where h is a 3  3 filter mask, where i  1, 2, 3,...., M and j  1, 2,3,......., N . g(i k )( j l ) denotes the
intensity of the pixel I (i  k , j  l ) . The inclusion of the term 1   I ( xij ) in equation (4-15) ensures
that  I ( xij ) : X  [0,1] .

The

degree

of

non-membership

can

be

determined

using

 I ( xij )  1   I ( xij )   I ( xij ) , i.e.


 I ( xij )  (1   I ( xij )) 1 





 I ( xij )   I a ( xij )



max max  I ( xij )   I a ( xij )








(4-16)

This intuitionistic fuzzy generator (IFG) is used to generate an intuitionistic fuzzy image which is
the focal point of intuitionistic fuzzy set based thresholding scheme.

4.6 Intuitionistic Fuzzy Roughness Measure Based Segmentation of Kidney MR Images
This section illustrates an intuitionistic fuzzy roughness index based multilevel
thresholding based segmentation algorithm.
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4.6.1 Construction of Histogram
Let I denote a kidney MR image having size M  N pixels. The histogram of the image I
can be computed as
M

N

h( g )     ( I (m, n)  g ) , 0  g  L  1

(4-17)

i 1 j 1

where  (.) is the impulse function, and L represents the maximum intensity value (255) in the
image. The value of each element in the vector denoting the histogram is the number of pixels in
the image having intensity g .

4.6.2 Construction of Histon
The mathematical framework for histon was formulated by Mushrif and Ray [15], which
was later modified by the same authors in [58]. Consider a P  Q in the neighborhood of the pixel,
such that the sum of distances of all the pixels in the neighborhood is:

dT (m, n)  d ( I (m, n), I ( p, q))

(4-18)

where d ( I ( m, n), I ( p, q )) is the Euclidean distance between the two pixels I (m, n) and I ( p, q) , and
is given as
d ( I ( m, n), I ( p, q)) 

 ( I (m, n)  I ( p, q))
p

2

(4-19)

q

It is to be noted that a 3  3 neighborhood is chosen for all experiments. If the distance

dT ( m, n) is less than the expanse, then the pixels in the neighborhood are categorized into the
similar intensity sphere. An element X (m, n) is given such that it is 1 if the above condition is
satisfied and 0 otherwise, which generates a matrix X of size M  N . Therefore, The expanse
can be calculated as
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expanse 

1
M N

M

N

 d
m 1 n 1

T

( m, n ) , 0  g  L  1

(4-20)

Hence, the histon is given as:
M

N

H ( g )    (1  X ( m , n )) ( I ( m , n )  g ) , 0  g  L  1

(4-21)

m 1 n 1

The similarity of a pixel to a region is indicated by X (m, n)  1 . The number of similar pixels at a
particular intenisty is accumulated, thus producing a contour over the existing histogram. In this
definition of histon, the belongingness of a pixel to a similar segment is hard, i.e. the pixel either
belongs to the similar segment or does not as depicted by the relationship in Figure 4-2.
In this thesis, a fuzzy membership function decides the degree of belongingness of a pixel
to a similar segment [58], [35], and Hamming distance similarity measure is used to calculate the

dT matrix given in eqn. (4-18).

Figure 4-3: Histon
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Figure 4-4: Intuitionistic fuzzy histon.

The pixel is a member of similar segment if and only if all the pixels in its neighborhood
have the same intensity value as that of I (m, n) . However, in real-world images, the membership
value diminishes as the value of dT ( m, n) increases as shown in Figure 4-3. Thus, the intuitionistic
fuzzy histon is defined as [58]:
M

N

F ( g )    (1   ( m, n )) ( I ( m , n )  g ) ,

0  g  L 1

(4-22)

m 1 n 1

such that  (m, n) is the Gaussian membership function given by [58]:
 1  dT (m, n) 2 
 
 
  

 (m, n)  exp   
 2

(4-23)

where  denotes the standard deviation of the distance matrix dT which is computed using equation
(4-24) and exp(.) is the exponential function. However, instead of computing Euclidean distance
of the pixel I (m, n) from its neighbours, Hamming distance [46] is computed. Therefore, equation
(4-19) is modified to

dT (m, n)  d H ( I (m, n), I ( p, q))
where d H is the Hamming distance [46], and is defined as:

(4-24)
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d H ( I (m, n ), I ( p, q ))   I (m, n)   I ( p, q )   I (m, n)  I ( p, q )   I (m, n)   I ( p, q) (4-25)

The intuitionisitc fuzzy histon and histogram are used to formulate intuitionistic fuzzy
roughness measure as described below.

4.6.3 Intuitionistic Fuzzy Roughness Measure
The rough set theory defines a pair of exact concepts to approximate any imprecise or
vague concept, i.e. the lower approximation and the upper approximation. In case of images, the
th

number of pixels at the g intensity is the number of pixels that certainly lie in the class of
membership and hence histogram is the lower approximation. Since the intuitionistic fuzzy histon
at a particular intensity has uncertainty associated with it, it is regarded as the upper approximation.
Therefore, the intuitionistic fuzzy roughness measure (IFRM) at an intensity value g is given by
[35], [58]:

 (g)  1 

h( g )
F(g)

,

0  g  L 1

(4-26)

such that h( g ) is the histogram, and F ( g ) is the intuitionistic fuzzy histon given by eqn. (4-22).
The intuitionistic fuzzy roughness measure (IFRM) is always confined within [0,1] . In the
object region, the variations in the pixel intensity are minimal, i.e. the object region is
homogeneous. It implies that there are a large number of pixels with a similar intensity, and
consequently roughness is more in the homogeneous object region. On the contrary, in the vicinity
of object boundaries, homogeneity diminishes and the variation in the pixel intensities increases
leading to less number of pixels having similar intensity, which in turn leads to a smaller value of
the roughness measure as in Figure 4-5(b).
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(a)

(b)

Figure 4-5: (a) Histon and histogram, and (b) Intuitionistic fuzzy roughness index plot with peak
points for a kidney MR image.

The values of roughness measure, when computed for each intensity level in the image
yields a plot which resembles histogram, containing peaks and valleys. These peaks and valleys in
the IFRM plot are used to determine thresholds for segmentation of kidney MR images.
Nevertheless, choosing significant and accurate peak and valley points is essential to achieve
reliable segmentation results. Therefore, in order to select significant peaks, the distance between
two significant peaks is predefined. The peaks that satisfy the above condition are chosen as
significant peaks. The value for the minimum distance between two significant peaks is chosen
experimentally, and for segmentation of kidney MR images, it is set at 35.
The valley points are then obtained by finding the minimum values between two
consecutive significant peaks. Figure 4-5 shows the plots of histogram and histon, and intuitionistic
fuzzy roughness measure for kidney image. The peaks and valley points obtained for the same
kidney image are depicted in Figure 4-5(b). Finding optimum thresholds for image segmentation
is complicated through histogram and histon as shown in Figure 4-5(a), whereas the roughness
measure shown in Figure 4-5(b) yields precisely assigned valley points which can then be used to
achieve accurate segmentation.
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Figure 4-6: Ground-truth or the gold standard for the kidney MR image.

Figure 4-7: Results of segmentation using the proposed method for slice no.5 of the first time point.
Top row: Original kidney MR image and segmented image (column-wise). Bottom row: Segmented
medulla and cortex (left to right).
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Table 4-1: Confusion table with true positives, false positives, and false negatives reported as
percentages for medulla and cortex tissue classes using the proposed algorithm.
Time
Point
1
2
3
4

Classified
Pixels
Medulla
Cortex
FN
Medulla
Cortex
FN
Medulla
Cortex
FN
Medulla
Cortex
FN

Medulla
97.13
1.69
1.69
95.37
1.98
1.98
91.56
1.76
2.89
92.45
4.01
4.01

Ground Truth
Cortex
1.67
94.32
1.67
3.17
92.54
3.17
2.14
92.39
2.18
4.68
95.21
4.68

FP
1.67
1.69
3.17
1.98
4.14
1.76
4.68
4.01

4.7 Experimental Results
The segmentation algorithm presented in this chapter is applied on real kidney MR images.
These images are acquired at the Center of NMR Research, Pennsylvania State University College
of Medicine, Hershey PA. A breath-held, multi-echo gradient echo scan was utilized to collect T2weighted data on a single volunteer. The repetition time (TR) was 30 ms and 6 echo times were
acquired (4.95, 8.61,12, 16.7, 21, 26.5 ms), of which only the first echo time was used. The image
volume was a coronal 3D slab of size 224  182  16  4 . The manual segmentation (ground truth)
for these images were obtained with the help of a radiologist and is shown in Figure 4-6. For
quantitative analysis, a 2D coronal slice (slice no. 5) at each time point is chosen.
The results of segmentation using the proposed method for real kidney MR images are
shown in Figure 4-7. It is seen in Figure 4-7 that some of the cortex pixels at the boundary of the
kidney are being classified into the class of medulla. This misclassification can be attributed to the
presence of severe partial volume effect and susceptibility artifact in the kidney MR images. Apart
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from this, the segmentation result of the proposed method is coherent with the ground truth in
Figure 4-6.

4.8 Quantitative Results
The accuracy of the segmentation results can be evaluated with the help of a confusion
table [54]. The confusion table for kidney MR images segmented using REMIFS is given in Table
4-1. The row-wise entry indicates the ground truth, while the column-wise entry shows the
classified results. The value in each cell is the percentage of pixels computed against the ground
truth.
For instance, in the first row and third column, 97.13 % of true medulla are correctly
classified as medulla. This entry is known as the true positive (TP), Jaccard Similarity (JS), or
Segmentation Accuracy (SA). From the fourth column, 1.67 % cortex pixels have been incorrectly
classified as medulla pixels. A false positive (FP) of 1.67 % implies that this percentage of pixels
have incorrectly classified as medulla; and a false negative (FN) of 1.69 % means that this
percentage of pixels are not segmented as medulla, but are of medulla in the ground-truth.
Similarly, for the second time point, the TP value is 95.37 %, FP value is 3.17 %, and FN
value of 1.98 %. It can be observed from Table 4-1 that the segmentation accuracy for each class
at all the time points is significantly over 90 %, which indicates the accuracy of the proposed
algorithm.
Based on the false positives, false negatives, true positives, and true negatives under
segmentation (UnS), over segmentation (OvS), and incorrect segmentation (InS) are computed.
Table 4-2 reports these three performance parameters as percentages. The average values for all the
three performance parameters are minimal (in Table 4-2), especially the incorrect segmentation
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(InS) values, highlighting the accuracy of the proposed segmentation method. These average values
for medulla and cortex are shown in Figure 4-8.

Table 4-2: Under Segmentation (UnS), over segmentation (OvS), and incorrect segmentation (InS)
for kidney MR images at four different time points, reported as percentages.
Time
Point
1
2
3
4

Tissue
Class
Medulla
Cortex
Medulla
Cortex
Medulla
Cortex
Medulla
Cortex

UnS
1.71
1.73
3.34
2.09
2.17
4.91
3.03
2.45

Performance Parameter in %
OvS
1.73
1.71
2.07
3.45
1.78
4.24
2.45
3.03

InS
0.53
0.32
0.80
0.49
0.61
1.36
0.82
0.50

Figure 4-8: Average UnS, OvS, and InS obtained for medulla and cortex over all the four time
points.
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Table 4-3: Comparison of JS and DC values for kidney MR images segmented using KMC [52]
and the proposed REMIFS framework. The JS and DC values are reported as percentages.
Time Point
1
2
3
4

Tissue
Class
Medulla
Cortex
Medulla
Cortex
Medulla
Cortex
Medulla
Cortex

Jaccard Similarity
KMC
89.45
88.90
92.35
91.59
92.08
89.72
89.25
92.34

REMIFS
97.13
94.32
95.37
92.54
91.56
87.39
92.45
95.21

Dice Coefficient
KMC
94.73
92.35
91.48
93.67
90.50
92.21
93.57
92.75

REMIFS
95.61
95.84
92.01
94.13
90.83
89.52
95.32
94.81

The proposed segmentation method (REMIFS) is also evaluated against the k-means
clustering (KMC) method by comparing the JS and DC values. The KMC method is chosen for
comparison as it is the only method that has been used previously to segment kidney MR images.
Table 4-3 shows the JS and DC values as percentages for the segmented regions of medulla and
cortex obtained for T2-weighted kidney MR images. Table 4-3 shows that the JS and DC values
for medulla and cortex using REMIFS are greater than the KMC method, except for the kidney MR
image in the third time point, thus implying the better performance of REMIFS over KMC.

4.9 Summary and Conclusions
This chapter presents an intuitionistic fuzzy roughness measure based multilevel
thresholding scheme for segmentation of kidney MR images. This algorithm uses a novel
membership function to generate an intuitionistic fuzzy image, which helps to eliminate noise,
intensity inhomogeneity, and inter-region heterogeneity present in the kidney MR images.
Significant thresholds are obtained from the intuitionistic fuzzy roughness index, which are then
used to segment the kidney MR images into medulla, cortex, and pelvis. But, only medulla and
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cortex tissue classes host the majority of metabolic activity and carry physiological significance.
Hence, quantitative analysis is performed only for medulla and cortex tissue classes.
The results of the proposed algorithm are compared with KMC method on the basis of
Jaccard Similarity and Dice Coefficient. These comparisons demonstrate a better performance of
the proposed method over KMC algorithm.
The next chapter extends the algorithm presented here for the segmentation of brain MR
images. A new variant of the REMIFS algorithm is also presented in the next chapter along with
an exhaustive quantitative evaluation of the performance of the proposed algorithms when used to
segment brain MR images.
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Chapter 5
Brain Image Segmentation using Restricted Equivalence Membership
Function

5.1 Introduction
MRI expedites brain diagnosis as the brain MR images are piecewise constant with a
smaller number of classes, promoting the reliability of automatic segmentation procedures.
However, in reality MR images are corrupted by noise and intensity inhomogeneity. Among these
two artifacts, intensity inhomogeneity or bias-field which is observed as a shading effect in MR
images, is more detrimental as it results in reduction of mean and an increment in the overall
variability in each tissue class, thus diminishing the piecewise constant property of MR images.
Therefore, a novel framework which reduces the effect of noise and intensity inhomogeneity in
automatic segmentation is proposed.
Intuitionistic fuzzy set (IFS) based algorithms are useful for image segmentation, as along
with a membership value, IFS also consider non-membership as well as hesitancy values which
makes them an efficient tool to reduce the adverse effects of uncertainty in the pixel intensities on
automatic segmentation. Intuitionistic fuzzy roughness index based segmentation method was first
introduced by Mushrif and Ray [58] for segmentation of color images, which was modified and
then used for segmentation of brain MR images [35]. But this method uses normalized intensity
value as the degree of membership to obtain an intuitionistic fuzzy image. This representation of
membership fails to reduce the effect of uncertainty and noise, thus leading to an incorrect
representation of intutitionistic fuzzy image.
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FCM based segmentation methods have dominated the area of brain MR image
segmentation [27-32]. Although popular, FCM based clustering methods rely heavily on parameter
selection, are sensitive to noise, and their convergence is sensitive to the initial values of the cluster
centroids. These limitations may reduce the segmentation accuracy.
This chapter presents a restricted equivalence membership function based framework to
segment brain MR images. This algorithm improves upon the existing intuitionistic fuzzy set based
methods by presenting a better approach to deal with the vagueness associated with the pixel
intensities. This algorithm also produces better results than some of the FCM based segmentation
methods.

5.2 Skull Stripping
The brain images also consist of extra-cranial tissues such as skull, meninges, and blood
vessels. Therefore, prior to segmentation, removal of these non-cerebral tissues is necessary, and
hence is one of the most important pre-processing phase in brain MR image segmentation. After
these extra-cranial tissues have been removed, MR images comprise only of three tissuescerebrospinal fluid (CSF), white matter (WM), and grey matter (GM). The removal of these noncerebral tissues, known as skull-stripping is achieved by performing thresholding and
morphological operations on the brain MR images [60].
Several methods to remove extra-cranial tissues from the brain MR images exist. Park and
Lee [64] proposed a region growing algorithm to perform skull-stripping, Cardoso et.al [65]
employed a multi-atlas based scheme to segment extra-cranial tissues from neonatal brain MR
images, and Galdames et.al [66] used simplex meshes and histograms to facilitate skull-stripping
for brain MR images. In SPM, skull-stripping is achieved under its unified segmentation algorithm
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Table 5-1: Normalized Average Intensities of Cerebral and Non-cerebral Brain Tissues [60].
Brain Tissue

Average Intensities

Non-Cerebral Tissue
Skull
CSF
Meninges
Cerebral Tissue

0.7-1
0-0.2
0.15-0.5
0.2-1

[37], and FSL uses brain extraction tool (BET) for the skull-stripping operation.

5.2.1 Thresholding
The thresholding process generates binary images from gray-scale images by turning all
the pixels below the set threshold value to zero and those above the threshold value to one. In order
to determine optimum threshold values to remove non-cerebral tissues from the brain MR images,
double thresholding and Otsu’s method are used.
Double Threshold: To separate the skull, CSF, and meninges two threshold values must
be chosen. These threshold values are chosen on the basis of average intensities on non-cerebral
and cerebral tissues in the brain MR images given in Table 5-1[60].
A binary image g ( x, y ) corresponding to the original image f ( x, y ) using these dual
threshold values is

1;0.1  f ( x, y )  0.7 
g ( x, y )  

0, otherwise


(5-1)

where the values 0.1 and 0.7 are used as threshold levels to generate the binary image.
Otsu Threshold: Otsu introduced a single-level thresholding scheme based upon the
zeroth and first order cumulative moments of the gray-level histogram [56]. This algorithm utilizes
a discriminant criterion to select an optimal threshold by maximizing the separability of the
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resultant classes in gray levels. Otsu’s method chooses the lowest point between the two classes as
the threshold. Therefore, the objective function to determine optimal threshold k * is

 B2 (k * )  max1 k  L  B2 (k )

(5-2)

A binary image g ( x, y ) corresponding to the original image f ( x, y ) using dual threshold values is
given as
1; f ( x, y )  k * 
g ( x, y )  

0; otherwise 

(5-3)

5.2.2 Mathematical Morphology Segmentation
Mathematical morphology operations play an important role in the skull-stripping
operation. The non-cerebral tissues are removed by subjecting the binary images to the
morphological operations such as erosion, dilation, and region filling. The main idea is to convolve
the binary image with a prototype or a structural element to produce the skull-stripped image.
A structural element is a prototype or a shape used to fit the shapes and structures present
in the image. Because of the oval shape of the brain, a disk shaped structural element is chosen in
the convolution process. Morphological segmentation includes the following procedures:
Erosion: Erosion is similar to thinning or shrinking operation, i.e. erosion of a binary
image A using a structural element B is denoted mathematically as

AB  {z | ( B) z  A}

(5-4)

The erosion of A by B is the set of all points z such that B, translated by z, is contained in A. Erosion
is useful to eliminate the pixels on the MR brain image boundaries, thus removing non-cerebral
tissues. This erosion operator also acts as a filter.
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Figure 5-1: Results of skull-stripping algorithm. Original brain MR image with 3% noise and
20% intensity inhomogeneity and skull-stripped image respectively (column-wise).

Dilation: Dilation is the dual operator for erosion with a growing or thickening operation.
Dilation of a binary image A by a structural element B , can be denoted as:
)  A  }
A  B  {z | ( B
z

(5-5)

where  is the empty set. The main idea of dilation is to obtain the reflection of B about its origin,
and then shifting this reflection by z . Therefore, the dilation of A by B is a set of all such

 and A . The dilation
displacements such that there is at least one element overlap between B
operation enhances and connects all the intra-cranial tissues within the images.
Region Filling: The erosion and dilation operators introduce some deformities in the
appearance of the image, usually in the form of holes. A hole is a background region surrounded
by a connected border of foreground pixels. To enhance, i.e. to fill these holes, region filling
operation is done.
The results of skull-stripping on brain MR images from McGill database [55] using the
above method are displayed in Figure 5-1. In the original image, the skull and other non-cerebral
tissues can be located on the boundary of the image. It can be noticed in the skull-stripped image
that these non-cerebral tissues have been removed by the skull-stripping operation.

62
5.3 Intuitionistic Fuzzy Roughness Index for Brain MR Image Segmentation
This section describes in detail the framework used for brain MR image segmentation.

5.3.1 Intuitionistic Fuzzy Image Representation
The IFS representation of a brain MR image I is given as:
I  { xij ,  I ( xij ), I ( xij ),  I ( xij )}

i  1, 2,......., M , j  1, 2,......, N

(5-6)

where  I ( xij ) ,  I ( xij ) ,  I ( xij ) denote the membership, non-membership, and hesitancy values
respectively for the pixel xij in the image I with size M  N pixels. Two intuitionistic fuzzy image
representations have been used in this chapter to segment brain MR images.
The first IFS representation (REMIFS) is obtained using equations (4-14), (4-15), and (416). Hence, the IFS representation of brain MR image for REMIFS is:
I IFS  { xij ,  I ( xij ), I ( xij ),  I ( xij )}

(5-7)

where  I ( xij ) ,  I ( xij ) and  I ( xij ) are the membership, non-membership and hesitancy values
respectively, given by equations (4-14), (4-15), and (4-16) respectively.
The second IFS representation (REMIFS_S) uses Sugeno’s fuzzy generator to construct
intuitionistic fuzzy image. The fuzzy generator proposed by Sugeno [59] is used to create an
intuitionistic fuzzy image. Sugeno’s fuzzy complement is given as:

 I ( xij ) 

(1  I ( xij ))
(1  I ( xij ))

,   0, (1)  0, (0)  1

(5-8)

where  is the fuzzy parameter, typically   2 . The non-membership values for each pixel are
computed using Sugeno’s intuitionistic fuzzy complement in equation (5-8). Therefore, the degree
of hesitancy is
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 I ( xij )  1  I ( xij ) 

(1  I ( xij ))
(1  I ( xij ))

(5-9)

where the membership value is calculated by using equation (4-14). Hence the IFS image using the
Sugeno fuzzy generator and the hesitancy value in equation (5-9) is

IIFS  {xij , I ( xij ),

(1  I ( xij ))
(1  I ( xij ))

,  I ( xij )}

(5-10)

An intuitionistic fuzzy image is created using this Sugeno intuitionistic fuzzy generator (IFG).

5.3.2 Brain Image Segmentation Using Intuitionistic Fuzzy Roughness Index
The brain MR images are affected by intensity inhomogeneity, which severely diminishes
the piecewise constant property of the brain MR images. Histon, given in eqn. (4-22) contributes
significantly in reducing the adverse effect of intensity inhomogeneity on automatic segmentation
by assigning a unique intensity level to all the pixels with similar intensity values, where similarity
is governed by Hamming distance in eqn. (4-25). By taking into account the intuitionistic fuzzy
representation of neighborhood pixels, the piecewise constant property of brain MR images is
restored to some degree.
However, histon does not provide accurate representation of homogeneous regions
constituted in the brain MR image. Therefore, roughness index as given in eqn. (4-26) is computed
to determine optimal thresholds for segmenting the brain MR images. However, not all peaks
denote significant homogeneous regions of the brain MR image. Therefore, significant peaks are
chosen by setting a minimum peak height of 0.1 and a minimum distance between two peaks of 30.
These values for minimum peak height and minimum peak distance are chosen experimentally.
The valley points corresponding to these significant peaks are used as thresholds to segment the
brain MR images.
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The histon and histogram, and the corresponding intuitionistic fuzzy roughness measure
(IFRM) plots for brain MR image from McGill database [55], corrupted with 5% noise and 20%
intensity inhomogeneity obtained using REMIFS and REMIFS_S are shown in Figure 5-2 and
Figure 5-3 respectively. Histon in Figure 5-2(a) and Figure 5-3(a) seem identical, but the difference
between these two plots is reflected in the intuitionistic fuzzy roughness index plots in Figure 52(b) and Figure 5-3(b).
The IFRM in Figure 5-2(b) and Figure 5-3(b) provides a more accurate representation of
distinct homogeneous regions in the brain images as compared to histon in Figure 5-2(a) and Figure
5-2(b). These homogeneous regions are depicted by the peaks in IFRM plot, and the corresponding
valley points are then used as thresholds to segment the brain MR images.

(a)

(b)

Figure 5-2: (a) Histon and histogram, and (b) corresponding intuitionistic fuzzy roughness index
denoting distinct homogeneous regions represented by its peaks, obtained using REMIFS for a
brain MR image with 5% noise and 20% INU.

65

(a)

(b)

Figure 5-3: (a) Histon and histogram, and (b) corresponding intuitionistic fuzzy roughness index
denoting distinct homogeneous regions represented by its peaks, obtained using REMIFS_S for a
brain MR image with 5% noise and 20% INU.

Figure 5-4: Segmentation of a brain MR image with 3% noise and 20% INU using REMIFS. Row1:
original image, ground-truth [55], and segmented image (from left to right). Row 2: regions of CSF,
GM, and WM (from left to right).
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Figure 5-5: Segmentation of a brain MR image with 3% noise and 20% INU using REMIFS_S.
Row 1 depicts original image, ground-truth [55], and segmented image (from left to right). Row 2
illustrates the regions of CSF, GM, and WM (from left to right).

5.4 Experimental Results
The proposed framework is used to segment some benchmark simulated MR images
obtained from “BrainWeb: Simulated Brain Database” [55]. The dataset is a 3D volume of T1weighted images of size 217  181  181 at different intensity inhomogeneity (0%, 20%, and 40%),
and varying noise levels (1%, 3%, 5%, 7%, and 9%). 2D transverse slice no. 91 is selected for
experimental and quantitative analysis. Each brain MR image in this dataset is available with a
ground truth, which is used for qualitative as well as quantitative assessment.
Figure 5-4 shows the segmentation results on brain MR image corrupted with 3% noise
and 20% intensity inhomogeneity, obtained using REMIFS. Figure 5-5 shows the segmentation
results on the same brain MR image obtained using REMIFS_S. Figure 5-4 and Figure 5-5 suggest
that the segmentation results concur with the respective ground-truth images.
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Figure 5-6 illustrates the results of REMIFS (row 1) and REMIFS_S (row 2) on brain MR
images with 40% and different noise levels. It can be seen that in spite of increasing noise levels,
the proposed methods (REMIFS and REMIFS_S) facilitate the identification of CSF, GM, and
WM.
However, such qualitative analysis does not truly validate the performance of the proposed
framework, thus calling for quantitative evaluation which can be achieved through a set of
validation methods described in section 3.8.

Figure 5-6: Segmented brain MR images with 40% INU and different noise levels. First row:
original brain MR images at 1%, 5%, and 9% noise respectively (left to right). Second row:
corresponding segmented images using REMIFS. Third row: corresponding segmented images
using REMIFS_S.
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Table 5-2: Confusion table (in %) for segmentation using REMIFS on brain MR images with 20%
INU and distinct noise levels.
Noise
Level
1%

3%

5%

7%

9%

Tissue
Class
CSF
GM
WM
FN
CSF
GM
WM
FN
CSF
GM
WM
FN
CSF
GM
WM
FN
CSF
GM
WM
FN

CSF
100
0
0
0
96.60
3.39
0
3.39
95.37
4.62
0
4.62
94.92
5.07
0
5.07
94.89
5.10
0
5.10

Ground Truth
GM
WM
5.95
0
92.55
2.48
1.49
97.51
7.44
2.48
4.61
0
92.54
3.92
2.84
96.07
7.45
3.92
3.86
0
90.92
3.39
5.20
96.60
9.07
3.39
4.62
0
90.02
4.77
5.34
95.22
9.97
4.77
5.21
0
84.44
3.22
10.34
96.77
15.55
3.22

FP
14.49
0
1.11
11.23
1.39
2.13
9.42
1.89
3.90
11.27
2.08
4.00
12.70
2.70
7.75

5.5 Quantitative Analysis
The segmentation results of REMIFS on brain MR images with 20% intensity nonuniformity and varying noise levels are given in Table 5-2. The value in each cell is the percentage
of pixels with respect to the number of pixels in the ground truth. This table shows the TP, FP, and
FN values of each tissue class, thus implying the degree of accuracy of segmentation. For
segmentation of brain MR image with 1% noise using REMIFS, all the pixels i.e. 100% pixels of
true CSF are classified into CSF. 5.95% pixels are incorrectly classified into class CSF. FP of
14.49% for CSF indicates that these pixels are misclassified as CSF. Similarly, for brain MR image
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Table 5-3: Confusion table (in %) for segmentation using REMIFS_S on brain MR images with
20% INU and different noise levels.
Noise
Level
1%

3%

5%

7%

9%

Tissue
Class
CSF
GM
WM
FN
CSF
GM
WM
FN
CSF
GM
WM
FN
CSF
GM
WM
FN
CSF
GM
WM
FN

CSF
95.71
4.28
0
4.28
96.60
3.39
0
3.39
95.37
4.62
0
4.62
92.42
7.57
0
7.57
94.92
5.07
0
5.07

Ground Truth
GM
WM
4.34
0
89.33
2.86
6.31
97.13
10.66
2.86
4.61
0
91.08
2.86
4.30
97.13
8.91
2.86
3.86
0
89.81
2.86
6.31
97.13
10.18
2.86
4.53
0
89.82
5.41
5.64
94.58
10.17
5.41
6.93
0
87.42
6.47
5.64
93.52
12.57
6.47

FP
9.58
1.75
4.73
11.23
1.39
3.22
9.42
1.89
4.73
11.03
3.10
4.23
16.88
2.68
4.23

with 3% noise segmented using REMIFS_S (see Table 5-3), 96.60% pixels of true CSF are
classified into CSF. 4.61% pixels are incorrectly classified into class CSF. FP of 11.23% for CSF
indicates that these pixels are misclassified as CSF.
UnS, InS, and OvS are calculated from the TP, FP, FN, and TN values of CSF, GM, and
WM for REMIFS and REMIFS_S from Table 5-2 and Table 5-3 respectively, and their average
values for CSF, GM, and WM are shown in Figure 5-7.
At 20% intensity inhomogeneity in Figure 5-7(a), for brain MR images segmented using
REMIFS, the values of UnS and InS are less than 3% for all the tissue classes, but the value of OvS
is slightly higher at 8.90% for GM. On the other hand, for REMIFS_S, OvS for GM is even higher
at 9.55% as indicated in Figure 5-7(b). Similarly, for brain MR images corrupted with 40% intensity
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inhomogeneity, segmented using REMIFS, the UnS and InS for all the tissue classes are below 3%
with OvS for GM being 9.12%. For segmentation using REMIFS_S, OvS for GM is 9.04%.
The JS and DC values for brain MR images corrupted with 1% noise and 0%, 20%, and
40% INU are shown in Table 5-4. The JS and DC values are well above 90% for all the three tissue
classes for the brain MR images segmented using REMIFS and REMIFS_S, thus indicating its high
accuracy. The JS and DC values among REMIFS and REMIFS_S are in close proximity with each
other and maintain higher values even with varying intensity inhomogeneity.

(a)

(b)
Figure 5-7: Average UnS, OvS, and InS for brain MR images segmented using REMIFS (left) and
REMIFS_S (right) with noise levels varying from 1% to 9% at (a) 20% INU, and (b) 40% INU.
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Table 5-4: JS and DC (in %) for brain MR image with 1% noise and varying intensity
inhomogeneity segmented using the proposed framework- REMIFS and REMIFS_S.
Intensity
Tissue
Jacaard Similarity
Dice Coefficient
Inhomogeneity Class REMIFS REMIFS_S REMIFS REMIFS_S
CSF
100
100
100
100
0%
GM
91.34
95.47
92.14
95.91
WM
99.59
99.59
99.79
99.79
CSF
95.71
100
100
100
20%
GM
89.33
92.55
92.55
96.13
WM
97.51
97.13
98.51
98.73
CSF
89.92
94.69
99.96
99.98
40%
GM
90.63
95.08
91.93
95.80
WM
93.74
96.77
97.43
98.70
Table 5-5: Comparison of JS and DC values for brain MR images at 1%, 5%, and 9% noise and
0% intensity inhomogeneity, segmented using RIFCM, MFCM, REMIFS, and REMIFS_S.
Nois
e
Leve
l
1%
5%
9%

Tissu
e
Class
CSF
GM
WM
CSF
GM
WM
CSF
GM
WM

RIFC
M

Jacaard Similarity
MFC REMIF REMIFS
M
S
_S

RIFC
M

Dice Coefficient
MFC REMIF REMIFS
M
S
_S

89.92
97.03
95.64
91.16
95.65
94.56
90.16
92.57
92.19

88.53
92.18
96.76
85.83
88.85
94.67
71.18
70.02
83.26

94.69
98.49
97.77
95.37
97.77
97.20
94.82
96.14
95.93

93.91
95.93
98.35
92.36
94.10
97.26
89.64
91.68
96.48

100
91.34
99.59
95.92
86.77
98.37
92.05
85.26
98.54

100
92.14
99.59
96.72
95.21
98.37
92.27
93.32
98.98

100
95.47
99.79
93.95
92.91
99.18
95.86
92.05
99.26

100
95.91
99.79
97.61
97.84
99.18
96.58
96.85
99.26

The performance of the proposed framework is examined and compared with that of
IFRM [35], BCFCM [27], RIFCM [62], MFCM [56], and GRFCM [63] by comparing their JS and
DC values.
Table 5-5 compares the performance of the proposed methods, RIFCM, and MFCM by
comparing their JS and DC values. The JS values for CSF using REMIFS_S for all the noise levels
are 100%, 96.72%, and 92.27% which are higher than RIFCM, MFCM, and REMIFS (for 5% and
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Figure 5-8: Comparison of DC values for brain MR images with 3% noise and varying INU at 20%
(left) and 40% (right), segmented using IFRM, GRFCM, REMIFS, and REMIFS_S.

9% noise). In consonance with these higher JS values, REMIFS_S produces the highest DC values
for class CSF at 100%, 97.61%, and 96.58% at varying noise levels. For tissue class GM, for brain
MR images with 9% noise, REMIFS_S has the highest segmentation accuracy (JS) at 93.52%,
which emphasizes the robustness of REMIFS_S in the presence of severe noise. However, for tissue
class GM, at 1% and 5% noise, RIFCM has the highest JS values at 97.03% and 95.65%
respectively. The DC values for GM also exhibit the same trend where DC values of RIFCM are
the highest for 1% and 5% noise at 98.49% and 97.77% respectively, whereas for 9% noise
REMIFS_S produces the greatest DC value of 96.85%. For tissue class WM, REMIFS_S produces
the highest JS values at 99.59%, 98.37%, and 98.98% at varying noise levels respectively. Similar
performance is echoed from the higher DC values at 100%, 97.61%, and 96.58% respectively for
varying noise levels. It is to be noted that, with a rise in the noise level, the performance of the
MFCM algorithm reduces noticeably indicated by substantially lower JS and DC values. Overall,
REMIFS_S outperforms REMIFS, RIFCM, and MFCM at varying noise levels and 0% intensity
inhomogeneity.

73
The DC values of the proposed methods (REMIFS and REMIFS_S) are compared with
IFRM and GRFCM in Figure 5-8. For 20% intensity inhomogeneity, IFRM produces the highest
DC value for GM at 97.35%, as opposed to 96.33% for GM using REMIFS_S. However, an over
segmentation of 30% in GM for IFRM undermines its high 97.35% DC value, whereas OvS for
GM using REMIFS_S is at 8.52% (see Figure 5-7(a)). On the other hand, at 40% intensity
inhomogeneity, DC value for GM is 95.75% using REMIFS_S, which is higher than all the other
methods. REMIFS_S produces the highest DC value for WM. This demonstrates better
performance of REMIFS_S than all IFRM, GRFCM, and REMIFS.
The effect of increasing intensity inhomogeneity at various noise levels is also investigated,
and its results and the comparisons with IFRM and BCFCM are presented in Figure 5-9.
At 0% intensity inhomogeneity (see Figure 5-9(a)), for class GM, BCFCM gives the
highest DC value, but it also produces a high percentage (greater than 30%) over segmentation
(OvS) at all the noise levels as compared to OvS of 8.75% with REMIFS_S. The effect of this
aberration is reflected in the low DC values of 84.71%, 77.17%, and 26.67% respectively, at 5%,
7%, and 9% noise in WM. For tissue class GM, IFRM outperforms both REMIFS and REMIFS_S,
except at 5% and 7% noise where REMIFS_S has a better performance than REMIFS and IFRM,
indicated by 97.73% and 96.44% DC value for REMIFS_S at 5% and 7% noise respectively.
REMIFS and REMIFS_S give a better segmentation of WM than both IFRM and BCFCM.
A similar trend of high DC values coupled with greater than 30% OvS for GM is observed
in Figure 5-9(b). Although IFRM gives a better segmentation performance for GM at 3%, 5%, and
7% noise, it also gives a high % OvS (greater than 20%) all the noise levels which undermines its
performance. On the other hand, REMIFS_S gives DC values of 96.13%, 96.12%, 94.63%,
97.64%, and 95.28% with OvS less than 10% for GM, thus emphasizing its effectiveness and
accuracy over BCFCM and IFRM. For WM, the proposed framework gives a better performance
over IFRM and BCFCM.
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(a)

(b)

(c)
Figure 5-9: Comparison of Dice coefficient (DC) values for segmented tissues GM and WM for
brain MR images at 1%, 3%, 5%, 7%, and 9% noise at (a) 0% intensity inhomogeneity, (b) 20%
intensity inhomogeneity, and (c) 40% intensity inhomogeneity, obtained using REMIFS,
REMIFS_S, IFRM, and BCFCM.
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At 40% intensity inhomogeneity (Figure 5-9(c)), DC values for GM follow the same trend
except for a sharp decline the DC values for WM, indicative of a diminished performance in the
presence of a high degree of intensity inhomogeneity. However, an increase in intensity
inhomogeneity and varying noise levels does not diminish the performance of REMIFS_S as it
produces DC values of 95.80%, 95.75%, 97.20%, 95.18%, and 96.79% respectively, for 1% to 9%
noise. Thus, for GM, REMIFS_S outperforms IFRM and REMIFS. For WM, REMIFS_S
outperforms IFRM, BCFCM, and REMIFS.
Quantitative analysis provides an objective evaluation of the performance of the proposed
algorithms by determining the accuracy of the proposed algorithms using validation parameters
such as confusion table, Jaccard Similarity, and Dice Coefficient. The performance of the proposed
algorithms is compared with IFRM, BCFCM, GRFCM, MFCM, and RIFCM on the basis of JS,
DC, and performance parameters (OvS, UnS, and InS).
It is to be noted that, this thesis also focuses on validation of the results of segmentation by
taking into account both, the DC values and over segmentation in the tissue class under
consideration. These comparisons demonstrate better performance of the proposed methods over
the existing methods.

5.6 Summary and Conclusions
This chapter presents a novel thresholding scheme, based on intuitionistic fuzzy roughness
index to segment brain MR images. Two different intuitionistic fuzzy representations for the brain
MR images are developed to mitigate the effects of noise, intensity inhomogeneity, and uncertainty
in the brain MR images. These two different intuitionistic fuzzy representations yield two distinct
intuitionistic fuzzy roughness indices that give optimum valley points, which are then used as
thresholds to segment brain images into CSF, GM, and WM.
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Jaccard Similarity, Dice Coefficient, UnS, OvS, and InS are used to measure the
performance of the proposed methods against the existing FCM based and thresholding-based
segmentation methods. The quantitative assessment demonstrates an exceeding performance of the
proposed methods.
The next chapter concludes this thesis and contemplates on the future directions of
research.
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Chapter 6

Conclusions and Future Scope
This chapter presents conclusions derived from the research carried out in this thesis. These
conclusions open up the future research prospects in this area, and hence are discussed briefly in
this chapter.

6.1 Conclusions
This thesis presents algorithms for segmentation of kidney and brain MR images. A novel
membership function, based upon the restricted equivalence functions is proposed to construct
intuitionistic fuzzy images for kidney and brain MR images.
The problem of human kidney image segmentation is relatively unexplored, therefore, the
segmentation method proposed in this thesis is probably among the first of its kind. The newly
formulated membership function generates an intuitionistic fuzzy image so as to deal with the
inherent intensity inhomogeneity, inter-region heterogeneity, and thermal noise present in the
kidney MR images. A novel approach, based on intuitionistic fuzzy rough sets is introduced for the
segmentation of kidney MR images. Instead of using histogram to determine thresholds for
segmentation, this algorithm uses intuitionistic fuzzy roughness index to determine optimum
thresholds for segmentation of kidney MR images. Lower approximation and an upper
approximations, histogram and histon respectively are used to compute intuitionistic fuzzy
roughness index. The intuitionistic fuzzy roughness index determines significant peak and valley
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points that represent homogeneous regions in the image. Using these significant valley points,
multilevel thresholding is applied to segment the kidney MR images into three segments- medulla,
cortex, and pelvic regions. However, of these three segments, only medulla and cortex hold clinical
significance. Therefore, quantitative analysis is performed only on these two renal tissue classes.
This restricted equivalence based IFS framework is extended to segment brain MR images.
However, prior to segmentation, the non-cerebral brain tissues are removed by conducting a skullstripping operation which involves thresholding and morphology procedures. In addition to the IFS
representation used to segment kidney MR images, Sugeno’s intuitionistic fuzzy generator is also
used to construct IFS representation of the brain MR images. Optimal peak and valley points are
determined from the intuitionistic fuzzy roughness index, which are then used as thresholds to
segment the brain MR images into three distinct segments- cerebrospinal fluid (CSF), grey matter
(GM), and white matter (WM).
In most of the situations, the qualitative analysis can prove to be insufficient in determining
the quality and the accuracy of segmentation as such analysis methods are highly subjective. In
order to eliminate the equivocation associated with subjectivity, quantitative analysis is done so as
to objectively compare the performance of different segmentation methods. A variety of validation
methods such as Jaccard similarity (JS), Dice coefficient (DC), and confusion table are used to
evaluate the results of segmentation of the methods proposed to segment kidney and brain MR
images. A confusion table is a table with two rows and two columns by reporting the true positives
(TP), false positives (FP), and false negatives (FN) for the segmented tissue classes. Based on these
parameters derived from the confusion table; under segmentation, over segmentation, and incorrect
segmentation are also computed in order to assess the performance of the proposed methods.
The quantitative analysis of the results of segmentation on kidney MR images using the
proposed method (REMIFS) reveals its better performance over the existing technique. Similarly,
the quantitative evaluation of the segmented brain MR images reveals the accuracy and better
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overall performance of the proposed methods (REMIFS and REMIFS_S) over some of the fuzzy
and thresholding-based segmentation methods.

6.2 Future Directions
The segmentation algorithms proposed in this thesis promise extension and application of
these concepts in the field of digital image processing, especially for applications in medical
imaging.
This work can be extended to evaluate the contributions of conventional MRI, dynamic
contrast enhanced (DCE) MRI, and diffusion tensor imaging (DTI) metrics for determination and
diagnosis of diseases such as renal artery stenosis, renal parenchymal disease, polycystic kidney
disease, and kidney graft rejection. The algorithm presented in this thesis for segmentation of
kidney MR images can be used to identify lesions in the renal tissues.
The segmentation methods proposed in this thesis can be used for the study of intra-cranial
tumors (low-and-high grade gliomas, meningiomas and metastases) by integrating this algorithm
with the concepts in deep learning. This work can also be extended for segmentation of microscopic
or histopathology kidney and brain images using multiscale intuitionistic fuzzy roughness measure.
Multiscale representation can endure the disturbance caused by trivial regions, and intuitionistic
fuzzy representation reduces the hesitancy in image boundary, thus producing more precise and
accurate segmentation results.
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Appendix A
Results of k-means Clustering Segmentation Method on Kidney Images
Table A-1: Confusion table with true positives, false positives, and false negatives reported as
percentages for medulla and cortex tissue classes using KMC [52] algorithm. The values in each
cell are expressed as percentages.
Time
Point
1
2
3
4

Classified
Pixels
Medulla
Cortex
FN
Medulla
Cortex
FN
Medulla
Cortex
FN
Medulla
Cortex
FN

Medulla
89.45
8.36
8.36
92.35
6.91
6.91
92.08
9.36
9.36
89.25
10.00
10.00

Ground Truth
Cortex
8.79
88.90
8.79
7.04
88.24
7.04
6.08
89.72
6.08
9.92
92.34
9.92

FP
8.79
8.36
7.04
6.83
6.08
9.36
8.84
9.63

Table A-1 reports the confusion table for the results of segmentation obtained using kmeans clustering method. The confusion table [35] reports true positives (TP), false positives (FP),
and false negatives (FN). For instance, medulla row of the first time point, third column, 89.25 %
of true medulla are correctly classified as medulla. This entry is known as the true positive (TP),
Jaccard Similarity (JS), or Segmentation Accuracy (SA). From the fourth column, 8.79 % cortex
pixels have been incorrectly classified as medulla pixels. A false positive (FP) of 8.79 % implies
that this percentage of pixels have incorrectly classified as medulla; and a false negative (FN) of
8.36 % means that this percentage of pixels are in the ground truth, but are not classified as medulla.
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Similarly, for the second time point, for medulla tissue class, the TP value is 92.35 %, FP
value is 7.04 %, and FN value of 6.91 %.
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Appendix B
Results of Brain MR image Segmentation

Figure B-1: 7% noise and 40% INU brain MR image segmented by REMIFS_S. Row1: original
brain image, ground truth, and segmented brain image (left to right). Row2: Region of CSF, region
of GM, and region of WM (left to right).

Table B-1: Confusion table for brain MR images with 7% noise and 0% INU and 40% INU
segmented using REMIFS_S. All values are in percentages.
Intensity
Inhomogeneity
0%

40%

Tissue
Class
CSF
GM
WM
FN
CSF
GM
WM
FN

CSF
93.86
6.13
0
6.13
93.01
6.98
0
6.98

Ground Truth
GM
WM
3.78
0
87.68
2.29
8.52
97.70
12.31
2.29
5.69
0
82.89
4.49
11.40
95.50
17.10
4.49

FP
9.21
2.81
6.39
13.87
2.94
8.55

83
Figure B-1 portrays the results of segmentation using REMIFS_S on brain MR images. By
visually comparing the segmented image and the ground truth, it can be concluded that this method
yields fairly accurate segmentation.
Confusion table with TP, FP, and FN is shown in Table B-1 for brain MR images
segmented using REMIFS_S. With increasing intensity inhomogeneity, the performance of
REMIFS_S remains consistent with TP for each class above 80%, which indicates accuracy of
REMIFS_S.
The results of segmentation of brain MR image in Figure B-2 using BCFCM [27] are
represented Table B-2. It can be noted from Figure B-2 that a significant number of pixels in CSF
and WM are classified as GM, which reflected in comparatively low TP for CSF and WM at
75.23% and 76.25% respectively, whereas TP for GM is 99.57%.

Figure B-2: Results of segmentation using BCFCM [27] on a brain MR image with 3% noise and
20% intensity inhomogeneity. Row1: original image, ground-truth, and segmented image (from left
to right). Row2: region of CSF, region of GM, and region of WM (left to right).
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Table B-2: Confusion table for brain MR image with 3% noise and 20% INU, segmented by
BCFCM [27]. All values are expressed as percentages.
Noise
Level
3%

Tissue
Class
CSF
GM
WM
FN

CSF
75.23
24.76
0
24.76

Ground Truth
GM
WM
0.42
0
99.57
23.74
0
76.25
0.42
23.74

FP
1.02
10.17
0
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