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ABSTRACT 

The usage of image segmentation techniques for the purpose of analv sis of 

medical imagery is an essential facet in medical diagnosis. These techniques provide a 

potential Computer-Assisted Diagnostic (CAD) tool for today's medical industry. The 

aim of this research project is to use the DA algorithm for segmenting three main tissue 

classes from the MRI brain images in order to enable the human interpreter to recognize 

any abnormalities (such as lesions,) which have been enhanced by this procedure. DA is 

based on the minimization of a cost function that includes Shannon's Entropy in addition 

to the expected distortion. The mass-constrained version of the algonthm, as 

implemented here, successfully eliminates code-vector repetition, thus enabling faster 

convergence of the cost. 

The results indicate that lesion isolation in the case of simulated images requires 

further steps of pre- and post-processing of the source imagery. These methods 

successfully isolate the lesion areas in a specific case with confirmed MS in an advanced 

stage and show abnormalities in brain tissues for a suspected case. The analysis of the 

segmentation results indicates potential usage of DA in the area of medical image 

segmentation and also points towards future research and further improvement. In 

conclusion, the feasibility of this methodology to recognize MS lesions has been tested in 

this thesis, using both simulated and clinical MRI data. 
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CHAPTER I 

INTRODUCTION 

Image analysis is the area of image processing that deals with the techniques used 

in the extraction of information from a given image, which could be used for future 

useful applications. The starting point or basic step in this area is image segmentation. 

Segmentation results in the subdivision of an image into constituent parts or areas that are 

usually meaningful and homogeneous with respect to some pre-defined criteria, with the 

adjacent regions or areas so formed differing with respect to the same pre-defined 

criteria. The extent to which the subdivision of the given image is carried out depends on 

the application at hand. Segmentation is usually discontinued when the objects of interest 

have been isolated into separate areas. 

The most important result of segmentation is a reduction in the size of the image 

data that is to be processed further. Any pixel-based representation of images normally 

consists of a pixel count amounting to several tens of thousands, which makes it a 

cumbersome and time-consuming starting point for the purpose of pattern recognition. 

Segmenting an image into areas of common underlying features converts the unwieldy 

process into a much simpler routine by providing a much lower dimensional description 

of the image data. This is accomplished by the effective elimination of unimportant 

information that is of no significance to the pursued application. The usage of 

deterministic annealing [11 can be considered as a specific form of segmentation of 



higher dimensional data into similar finite subsets, thereby preserving information that 

would assist in a chosen application. 

Various data driven image segmentation methods use statistical classification, 

thresholding, edge detecfion, region detection, or even a combination of some or all of 

these techniques. Segmentation algorithms for monochrome images are generally based 

on one of two basic properties of gray-level values: discontinuity and similanty. In the 

first category, the approach is to partition an image based on abmpt changes in the gray-

level values. The noteworthy areas of interest within this category are detection of 

isolated points and the detection of lines and edges within an image. Depending on these 

properties, the segmentation algorithms are either region-based or edge-based. 

Region-based techniques rely on common patterns in the intensity values within a 

cluster of neighboring pixels. These clusters are called regions and the segmentation 

algorithm groups these regions according to their anatomical or functional roles. With 

respect to this category, principal approaches include thresholding, region growing, and 

region splitting and merging. Edge-based techniques rely on discontinuities in pixel 

values between distinct regions, and the goals of the segmentation algorithms are to 

accurately demarcate the boundary separating these distinct regions. 

The concepts of segmenting an image based on discontinuity or similarity of the 

gray-level values of its pixels are applicable to static and dynamic images. However, in 

the case of dynamic images, motion can be used as a powert'ul cue to signiticanlly 

improve the performance of segmentation algonthms. A common approach to 



segmentation is to use an efficient clustering technique. A brief discussion of the t\ pes of 

techniques used is given in the following section. 

1.1 Segmentation Methods and Techniques 

Segmentation results in the separation of an image into regions that are similar 

with respect to a certain attribute. It is a method of re-arranging the image data such that 

areas of similarity are derived. A new approach to optimization and clustering, namely 

the deterministic annealing (DA) algorithm with application to segmentation, has been 

proposed recently based on statistical physics and information theory frameworks [1] and 

yet also related to fuzzy clustering. DA in its original implementation is, however, 

extremely slow and impractical to use for any large data set encountered in medical 

imaging. Utilizing some of the suggestions provided in [1], the implementation here is 

that of a modified mass-constrained DA algorithm [1,2], avoiding repeated code vectors, 

which results in fast convergence when applied to a data set having a limited number of 

prototypes as in the case of MR (magnetic resonance) brain images [3]. 

In recent years, fuzzy models for pattern recognition and classification [4,5,6] 

have demonstrated consistently good results on phantom and simulated .MR images. The 

validity and speed of convergence of such models are, however, highly dependent on the 

initialization of parameters such as the number of probable prototypes and the degree of 

membership assigned to each sample. .A novel integrated neuro-tuzzy model tor 

clustering, namely .AFLC [4], was developed to eliminate the dependency on the initial 

choice of prototypes with significant improvement in convergence speed and accuracy 



for large data sets. This model, however, is sample order dependent and can lead to 

misclassifications if the sample order is not carefully chosen by initial experimentation. 

This sample order dependency has been recently corrected by adapting a new 

initialization procedure and discarding the neural network component causing such 

dependency. Performance evaluation of DA and AFLC using rate distortion theory 

demonstrate superiority of DA over AFLC in terms of distortion from clustering in vector 

quantization when smaller dimensional vectors are used. Various other methods in usage 

are discussed in Chapter 2. 

1.2 Achievement of Global Optimization 

The basic idea behind the implementation of DA is based on obtaining an 

accurate global solution of non-convex (in general, all useful distortion functions) 

optimization problems by the inclusion of a stmctural constraint on the a priori 

probabilities in a deterministic annealing schedule [1]. The convergence of the cost 

function (achievement of a global minimum) is usually ensured, as the operation 

considers the cost due to the entire sample before adjusting parameters. This iterative 

procedure is monotonically decreasing in the distortion measure, ensuring convergence. 

Efficiency of the annealing schedule in terms of its processing time and accuracy is 

improved by consideration of the covariance matrix of the input data, from which the 

critical temperature is computed, choosing optimal parameters for the annealing process 

and just as importantly, eliminating repeated code vectors. These steps of modification 

of the image data's statistical information result in the reduction of the execution time of 



the original DA algorithm, without the requirement of integrating DA with other neuro-

fuzzy algorithms [7]. 

1.3 Thesis Outline 

This thesis examines the performance of the modified DA algorithm in the 

segmentafion of MR images of the brain infected with multiple sclerosis (MS), in order to 

detect and thereby isolate the lesions of MS. The MRI (MR Image)data consists of a set 

of simulated images [3] and 2 sets of clinical images, firstly that of a 30-year-old male 

[8], diagnosed with MS, followed by those of a 37-year-old male, whose diagnosis has 

been termed inconclusive by radiologists. The algorithm has been developed using the 

programming language C [2]. The simulated image set consists of 3 types of MRI data, 

namely Tl, T2 and proton-density (PD) weighted images. The pertbrmance of DA on the 

Tl data set has been studied in detail. With regards to the clinical data set, T2 data has 

been extensively used. The organization of our work is as follows. Chapter 2 explains 

the theory behind actual segmentation and also gives an insight into the vanous 

approaches that are currently in vogue. Chapter 3 deals with the DA algorithm in detail, 

with an explanation as to how it has been modified. Chapter 4 discusses the pnnciple of 

MR Imagery and the types of MRI data in medical usage. Chapter 5 concentrates on the 

outcome of the segmentation, resulting from the usage of DA, on both the simulated and 

the clinical data set. Finally, Chapter 6 summarizes the research and discusses possible 

future applications of this research. 



CFIAPTER2 

BRAIN IMAGE SEGMENTATION: METHODOLOGIES 

AND PHYSICAL RESTRICTIONS 

Segmentation can be explained as the division of an image into regions that share 

a common attribute. Segmentation can be categorized as a clustering process. Clustenng 

is a means of analysis and processing of data without the a priori statistical knowledge of 

the distribufion. Clustering results in partitioning a given set of data points into smaller 

subgroups, each being as homogeneous as possible. 

2.1 Basic Tasks in Clustering 

The basic steps that are normally followed in order to develop a successful 

clustering procedure are explained. The following few paragraphs list those basic steps 

[9] and in almost all methods of clustering, the appearance of all of the steps in the 

indicated order of sequence is seen to exist. 

Feature selection. Features pertaining to the data set must be selected properly so 

that as much information as possible is encoded, concerning the task of interest. .An 

important condition is minimum information redundancy among the selected features. In 

some forms of clustering, information preprocessing may be necessary pnor to their 

utilization in subsequent stages. 

Proximity measure. This is a measure that quantifies how "similar" or "dis

similar" any two feature vectors of the data set are. It is natural to ensure that all ^elected 



features contribute equally to the computation of the proximity measure and that there are 

no features that dominate others. 

Clustering criterion. This is dependent on the interpretation given to the term 

"sensible criterion," based on the type of clusters that are expected to form the 

organization of the data set. For example, a compact cluster of feature vectors in the / -

dimensional space may be sensible according to one criterion, whereas an elongated 

cluster, totally different in organization, may be sensible according to another. The 

clustering criterion may be expressed via a cost function or some other types of mles. 

Clustering algorithm. Having adopted a proximity measure and a clustering 

criterion, this step refers to the choice of a specific algonthm scheme that unravels the 

underlying clustering stmcture of the data set. The chosen algonthm may then be 

encoded into a scientific piece of software, which executes the required separation of the 

data set into its underlying clusters. 

Validation of the results. Once the results of the clustering algorithm have been 

obtained, verification of their correctness is the next step. This may be carried out in a 

number of ways, ranging from the usage of a tmth model, with which the results of the 

algorithm are readily compared, to a mathematical requirement with a lower or upper 

bound, whose final value indicates the correctness of the achieved result. 

Interpretation of the results. In many cases, an expert in the field of application 

(for example, a radiologist examining the MRI of a suspected .MS patient) must interpret 

and integrate the results of clustering with other expenmenial evidence and analvsis. if 

necessary, in order to draw the right conclusions. 



In addition to all of this, in some cases, a step known as clustering tendency must 

be performed prior to the entire procedure. This includes various tests that indicate 

whether or not the available data actually possess a clustering structure. For example, the 

data set may be completely random in nature. In this case, trying to unravel clusters, and 

therefore areas of similarity in the data set, for further analysis would be rendered 

meaningless and unnecessary. 

The scientific discipline whose goal is the classification of objects into a number 

of categories or classes is otherwise known as pattern recognition. Depending on the 

application, these objects can be images or signal waveforms or any type of 

measurements that need to be classified. These objects are referred to by the term 

"patterns." Pattern recognition is an integral part of most machine intelligence systems 

built for decision making. 

An important application of pattern recognition, specifically clustering, is in the 

field of computer-aided diagnosis (CAD), aimed at assisting doctors in making diagnostic 

decisions. The doctor, of course, makes the final diagnosis with the results of the CAD 

tool used as an auxiliary facility. Computer-aided diagnosis has been applied to, and is of 

interest for, a variety of medical data, such as X-rays, computed tomographic images, 

ultrasound images, electrocardiograms (ECGs) and electroencephalograms (EEGs), and 

of course, magnetic resonance imagery (MRI). The need for computer-aided diagnosis 

stems from the fact that medical data are often not easily interpretable, and the 

interpretation can very much depend on the skill of the doctor. Other noteworthy 



apphcations of pattern recognition include but are not limited to character recognition, 

speech recognition and machine vision. 

Brain matter, as assessed by MR imaging, is generally categorized into white 

matter (WM), gray matter (GM) and cerebrospinal fluid (CSF) or vasculature. Because 

most brain stmctures are anatomically defined by boundaries of these 3 tissue classes, a 

method to segment tissues into these categories is an important step in quantitative 

morphology of the brain. An accurate segmentation technique of the brain stmcture 

could facilitate the detecfion of various pathological conditions affecting brain 

parenchyma [10, 11], radiotherapy treatment and planning, surgical planning and 

simulations [12], and 3-D visualization of brain matter for diagnosis and abnormality 

detection, as in the case of MS lesions. 

2.2 Present Segmentation Techniques 

Manual tracing of stmctural boundaries is the most basic of all segmentation 

techniques and is still quite commonly used in clinical and research settings [13]. These 

techniques suffer from operator bias and the results are rarely reproducible between any 2 

operators, that is to say they are very user-dependent. The currently available techniques 

for MR image segmentation can be categorized into classical, statistical, fuzzy and neural 

network techniques. Classical segmentation techniques include the use of standard image 

processing theories such as thresholding [14] and edge and region-based techniques such 

as described in [15]. Most segmentation results are always sensitive to noise and usually 

do not result in continuous regions. Although neural network techniques have been 



proposed for MR image segmentation [16], they have been applied to only a specific 

class of images and may not be applicable to all types of imagery. 

There exist other techniques, such as the fuzzy ISODATA [17] and the K-means 

algorithm [181. These are based on the principle of minimization of the cost function. 

This principle operates on the cost function, so as to reduce it at each and every iteration. 

The basic functioning of the K-means algorithm can be described with respect to a giv en 

sample space of n feature vectors. It is assumed that they can be categorized into K 

compact clusters, with K<n. Let the means of the vectors in each cluster also be defined. 

It is also assumed that the minimum distance classifier used is the sum of squared 

distances. The process would begin with the initial choice of the cluster means. 

Classifying the individual samples into clusters follows, by usage of the initially chosen 

means, based of course on the minimum distance classifier. The updating of the means 

and a repetition of the iterative process follow this until a solution that conforms to the 

minimum distance classifier is achieved. Thus the K-means algorithm partitions the 

given sample space into K clusters so as to minimize the distance measure that is initially 

chosen. The final sample allocation, however, is entirely dependent on the initial guess 

of the number of clusters and the initial values chosen for the cluster means. In other 

words, a dependence on proper initialization exists throughout the iterative process. This 

means that the problem of the segmentation result ending up in a local minimum, and 

thereby leading to non-global solutions, always exists. Fuzzy methods like fuzzy 

ISODATA and the fuzzy K-means use pnnciples of fuzzy set theory to compute optimal 

centers of the clusters, using the membership values of the data, to each cluster. These 

10 



methods also suffer from problems of non-global minima, thereby leading to locally 

optimal (which are sub-optimal) solutions, instead of globally optimal ones. Therefore, it 

is seen that the performance of these algorithms depends heavily on the initial choice of 

the entire configuration and on the number of local minima. 

Several threshold-based techniques have been developed [19] that require 

different degrees of manual intervention and assistance, with intra- and inter-reader 

variabihty reportedly ranging from 3-10% for manual estimation, compared to manual 

tracing. In the cases of wrongly detected lesions, wrongly delineated lesions and missed 

lesions these techniques either completely ignore them or require considerable operator 

assistance. A common difficulty is that small changes in threshold of the order of I 39^ 

(made by an operator, for example, to detect subtle lesions) can cause a significant shift 

in lesion load ranging from 15% to almost 65% [20]. 

Brain tissue segmentation is often achieved by the application of statistical 

classification methods to the signal intensities as in [21], in conjunction with 

morphological image processing operations [22]. The conventional intensity-based 

classifications of MR images have resulted in problems even when advanced techniques 

such as nonparametric, multichannel methods are used. Intrascan intensity 

inhomogeneities due to radio frequency (RF) coils or acquisition sequences (e.g., 

susceptibility artifacts in gradient echo images) are a common source of difficulty. 

Although MRI images may appear visually uniform, such intrascan inhomogeneities 

often pose a problem for intensity-based segmentation methods, giv ing nse to tissue 

boundaries that do not appear continuous. 



2.3 Limitations of Present Techniques 

The main problems that plague segmentation of MR images are the presence of 

noise, errors in the scanners and the stmctural variations of the imaging objects, which 

can be categorized into four different types: thermal/electronic noise, magnetic field 

inhomogeneities, biological tissue variations and partial volume effects. The failure of 

classical segmentation techniques is due to their inability to cope with these factors. 

Thermal or electronic noise is random and mostly follows the Poisson distribution. Since 

the constituents and their configurations in different tissue types are different, this noise 

is tissue dependent. Intensity inhomogeneities in the segmented results could be a result 

of irregularities in the static and radio frequency (RF) magnetic fields, in the sensitivities 

of the RF receiver coils and from the magnetization of the object being imaged [23]. 

Magnetic field inhomogeneities cause the image intensities to appear slightlv 

modulated, by slowly varying intensity gradients. This results in imagery that exhibits 

intensity non-uniformity that will then need to be removed by pre-processing. .Although 

low-pass and homomorphic filtering techniques have reportedly been used to correct the 

magnetic field inhomogeneities as in [24], such procedures are stated to result in the 

cormption of the image edges and other high-frequency details of the image. 

Measurement of magnetic field profiles using phantoms has been utilized to correct these 

resulting inhomogeneities as in [25], but when the images are obtained over a continuous 

period of time, a single-phantom profile cannot be reliably used to correct the images. In 

addition to magnetic field inhomogeneities, the anatomical issue of biological \anations 

i : 
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within different stmctures of the brain, belonging to the same tissue class (WM, GM or 

CSF) may affect the procedure of tissue classification. 
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CHAPTER 3 

PRINCIPLE OF DETERMINISTIC AN'NEALING 

In this chapter, emphasis will be laid on just exactly how DA produces an 

annealing process. It will be shown that the system undergoes a sequence of "phase 

transitions," giving us a deeper look into the actual process. This will be followed by the 

actual mathematical derivation of the process [1]. 

Consider a physical system whose energy is the distortion D and whose Shannon 

entropy is H. The Lagrangian, F = D - TH, which is central to DA, is the Helmholtz free 

energy of the system. The Lagrange multiplier is accordingly the temperature of the 

system, which in turn governs its level of randomness. 

A fundamental principle of statistical mechanics (called the principle of minimal 

free energy) states that the minimum of the free energy determines the distribution at 

thermal equilibrium. Thus, this minimum value of F is achieved by the system when it 

reaches equilibrium, at which point the system is governed by the Gibbs (or canonical) 

distribution. 

The chemical procedure of annealing consists of maintaining the system at 

thermal equilibrium while carefully lowering the temperature. Compare this with the 

computational procedure of DA: the minimum of the free energy is tracked while the 

temperature is gradually lowered. In chemistry, annealing is used to ensure that the 

ground state of the system, that is, the state of minimum energy, is achieved at the limit 

of low temperature. The method of simulated annealing [ 1 ] directly simulates the 

14 



stochastic evaluation of such a physical system. However, in D.A, the free energy of the 

physical system is derived as the corresponding expectation, and is deterministically 

optimized to characterize the equilibrium at the given temperature. 

It can therefore be stated that the DA method performs annealing as it maintains 

the free energy at its minimum (thermal equilibrium) while gradualh lowering the 

temperature. It is termed deterministic because it minimizes the free energy directh 

rather than via stochastic simulation of the system dynamics. 

It is also noted that as the temperature is lowered, the system undergoes a 

sequence of 'phase transitions,' which consist of natural cluster splits wherein the 

clustering model (number of clusters) grows in size. The importance of this phenomenon 

is explained as follows. 

First, it provides a useful tool for controlling the size of the clustenng model and 

relating it in turn, to the size of the solution. Second, the phase transitions are the critical 

points of the entire process, where one needs to pay extra attention to the annealing (as is 

the case with physical annealing). The critical temperatures are computable, as will be 

shown. These points of importance allow for the acceleration of the procedure in 

between phase transitions without affecting in a negative way, the overall performance of 

the process. 

It must also be mentioned that the sequence of solutions at v arious phases, which 

are solutions of increasing model size, can be coupled w ith validation procedures to 

identify the optimal model size for performance outside of the training set. 

15 



3.1 The Deterministic Annealing Algorithm 

A probabilistic framework for clustering is defined by randomization of the 

partition (division of the given data set into areas of similar character), or equivalentl v, bv 

the randomization of the encoding mle. Input vectors are assigned to clusters in 

probability, which is called the association probability. This idea bears similarity to 

fuzzy clustering, where each data point has partial membership in clusters. Howev er, this 

formulation is purely probabilistic. While the clusters are considered to be regular 

(nonfuzzy) sets whose exact membership is the outcome of a random experiment, one 

may also consider the fuzzy sets obtained by equating degree of membership w ith the 

association probability in the probabilistic model. It is therefore possible to utilize D.A 

for both fuzzy and "regular" clustering design. No tools or methods from fuzzy set 

theory will be made use of in this case, however. The traditional framework for 

clustering is the marginal special case where all the above mentioned probabilities are 

either zero or one. In the pattern recognition literature, this is called "hard clustering" in 

contrast with the more recent "soft/fuzzy clustenng." 

The clustering problem statement is usually made mathematically precise by 

defining a cost criterion, which is to be minimized. This cost critenon is commonly 

related to the distortion resulting from incorrect assignment. Denoting the distortion 

measure (typically, but not necessarily, the squared Euclidean distance) by J(.,.), the 

expected distortion is 

D = y p{x)d{x. v(.r)) = - ^ y J(.v, y( X)). (31) 

16 



where x denotes a source vector and y(x), its best reproduction codevector from 

codebook Y and eq. (3.1) assumes that the source distribution may be approximated b\ a 

training set of Â  independent vectors. In this case, the clustering solution is specified in 

terms of the codebook Y and an encoding mle for selecting a codevector which best 

matches an input vector. 

For the randomized partition we can rewrite the expected distortion eq. (3.1) as 

D = J^J^p{x,y)d{x,y) = '^p(x)'^p{y\x)dix,y), (3.2) 
X y 

where p{x,y) is the joint probability distribution, and the conditional probabilitv p(y.v) 

is the association probability relating input vector .r with codevector y . At the limit 

where the association probabilities are hard and each input vector is assigned to a unique 

codevector with probabihty one, eq. (3.2) becomes identical with the traditional hard 

clustering distortion, represented by eq. (3.1). 

Minimization of D of eq. (3.2) with respect to the free parameters (y, p(y|.v)} 

would irrunediately produce a hard clustering solution, as it is always advantageous to 

assign an input vector to the nearest codevector. Here, the term "nearest" is used in the 

sense of the distortion measure d{.,.), which is not necessarily the Euclidean distance. 

However, this optimization problem is recast as that of seeking the distnbution that 

minimizes D subject to a specified level of randomness. The Shannon entropy measures 

this level of randomness and is given by 

I y 
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This optimization is conveniently reformulated as the minimization of the Lagrangian 

F = D-TH, (3.4) 

where Tis the Lagrange multipher, D is given by eq. (3.2), and H is given by eq. (3.3). 

Clearly, for large values of T we mainly attempt to maximize the entropy. As T is 

lowered, we trade entropy for reduction in distortion, and as T approaches zero, we 

minimize D directly to obtain a hard (nonrandom) solution. 

At this point, it is of interest to pause and consider an equivalent derivation based 

on the principle of maximum entropy. Suppose we fix the lev el of expected distortion D 

and seek to estimate the underlying probability distribution. The objective is to 

characterize the random solution at gradually diminishing levels of distortion until 

minimal distortion is reached. To estimate this distribution, we appeal to Jayne's 

maximum entropy principle [1] which states: of all the probability distnbutions that 

satisfy a given set of constraints, choose the one that maximizes the entropy. The 

informal justification is that while this choice agrees with what is known (the given 

constraints), it maintains maximum uncertainty with respect to everything else. Had we 

chosen another distribution satisfying the constraints, we would have reduced the 

uncertainty and would therefore have implicitly made some extra restrictive assumption. 

For the problem at hand, we seek the distribution, which maximizes the Shannon entropy 

while satisfying the expected distortion constraint. The corresponding Lagrangian to 

maximize is H-fiD, with /3 the Lagrange multiplier. The equivalence of the 2 

denvations is obvious-both Lagrangians are simultaneously optimized by the same 

solution configuration for /] = 1/7 . 
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To analyze further the Lagrangian of eq. (3.4), we note that the joint entropy can 

be decomposed into two items: H(X,Y)= H{X)+ H(Y\ X). where 

H{X) = - y p(x)\og p{x) is the source entropy, naturally independent of the clustering. 

This being the case, it is then permissible to drop the constant H(X) from the definition 

for the Lagrangian, and turn our focus on just the conditional entropy, now given by 

H(Y\X) = -J^pix)^p{y\x)\ogp{y\x). (3.5) 

The minimization of the free energy with respect to the association probabilities p{y \ x) 

gives rise to the Gibbs distribution 

/ _ 

exp 
piy I ^) = 

d{x,y) 
T (3.6) 

with the normalization represented by 

.̂ =S^^P 
-d{x,y) 

V 

(3.7) 

The corresponding minimum of F is obtained by using eq. (3.6) in eq. (3.4). This 

mathematical operation results in 

F* = min F* = -T^ pix)\ogZ^ . which can further be wntten as 
{p(y\x)} X 

F*=- r5 ;p ( . r ) l ogXexp | 
-d{x,y) (3.S) 

To minimize the Lagrangian with respect to the locations of the codevectors {y}. 

its gradients are set to zero, giving the condition represented by 
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y.p{x,y) — d{x,y) = 0 \fyeY. (3.9) 
T dy 

Normalization by p{y) = ^ p{x, y) results in the rewriting of the condition as a centroid 

condition, given by 

^p(x\y)—d{x,y) = 0 (3.10) 

X dy 

with pix I y) representing the posterior probability derived by the usage of Bayes's mle, 

which for the case of squared error distortion takes the form 

y = ^p{x\y)x. (3.11) 
X 

Note that the above conditions indicate the "centroid aspect" of the result obtained at this 

point in the process sequence. However, eq. (3.9) is ideal, not realizable in practice. 

Therefore, a practical approximation of the general condition represented by eq. (3.9) can 

be written as 

^Yp(y\x)-^d{x,y) = 0 \fyeY (3.12) 
^x dy 

where p(y \ x) is the Gibbs distribution as indicated in eq. (3.6). 

3.2 Explanation of the Process 

The algorithm thus consists of minimizing F* with respect to the codevectors, 

starting at a high value of T and tracking the minimum while T is gradually kiuered. 

The central iteration consists of the following two steps: 

1. fix the codevectors and use eq. (3.6) to find the association probabilities 

!0 
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2. fix the association probabilities and optimize the codevectors using eq. (3.12). 

It is noted that the procedure is monotonically decreasing in F' and thus converges to a 

minimum. At higher levels of T, the cost function is very smooth and can be assumed to 

be convex, implying that the global minimum of F' is found. As T tends to zero, the 

association probabilities become hard, thus resulting in a hard clustering solution. 

An observation into the evolution of the association probabilities will give us a 

clearer view of the process. At infinite T, the association probabilities are uniform 

distributions, i.e., each input vector is equally associated with all existing clusters. The 

associations are obviously, extremely fuzzy in nature. However, as T is decreased, the 

distributions tend to decrease in their levels of fuzziness, becoming more discriminating. 

Finally, when the temperature is lowered to zero, the classification is hard with each input 

sample assigned to the nearest codevector with an association probability equal to unity. 

From the viewpoint of DA, standard methods are "zero temperature" methods. 

To understand just how the "zero temperature" system is unable to sense a better 

optimum further away, it must be understood that each data point exercises its infiuence 

only on the nearest codevector. Contrary to this, by starting at a high enough value of T 

and slowly cooling the entire system, we start with each data point equally influencing all 

the codevectors and gradually localizing this influence. That is to say, when T is zero, 

F = D and this indicates that F is now just a function of the distance measure. The 

system thus senses, and settles into, a better optimum. 

Another noteworthy point about DA is understood if we view the association 

probability p{y | x) as the expected value of the binary random variable V\^ e {O, l}. 
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which takes the value one if, input x is assigned to codevector y , and zero if not. This 

perspective can be related to the known expectation maximization (EM) algorithm [1], in 

the above two step iteration. 

The first step, which computes the association probabilities, is the "expectation" 

step, and the second step that minimizes F' is the "maximization" step. It is also 

observed that the EM algorithm is applied here at each level of T. As an example, 

consider the case of the squared error distortion. Here the optimization of F' is 

equivalent to the maximum likelihood estimation of the means in a normal mixture, 

where the assumed variance is determined by T . It must however be noted that in 

general, we do not necessarily assume an underlying probabilistic model for the data. 

The distributions are derived from the distortion measure. 

3.3 Mass-Constrained Clustering 

The mass-constrained clustering approach [1] is the preferred implementation of 

the DA clustering algorithm. It will be shown that the annealing process, as descnbed so 

far, has a certain dependence on the number of coincident codevectors in each effective 

cluster. This weakness is not desirable and can be eliminated, leading to a method that is 

totally independent of initialization. 

To begin, a central characteristic of the DA approach is revealed: no matter how 

many codevectors are "thrown in," the effective number emerges at each temperature. 

This number is the model size, and it defines the phase of the svstem. For example, even 

if we have thousands of codevectors, there is only one single effective codevector at very 
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high temperature. However, after a split occurs, the result may differ somewhat, 

depending on the number of the codevectors in each of the resulting subgroups. Clearlv, 

the initial partition into subgroups depends on the perturbation. In order to fix this 

problem, the method is reformulated in terms of effective clusters (or distinct 

codevectors). Let us assume that there is an unlimited supply of codevectors, and let p^ 

denote the fraction of codevectors that represent effective cluster / and are therefore 

coincident at position y.. Using this notation, the partition function of eq. (3.7) (repeated 

here for convenience) 

y 

is rewritten as: 

T 

Z,=^p,e-''''''''"'' (3.13) 

where the summation is over distinct codevectors. The probability of association 

represented by eq. (3.6) with distinct codevector y, is the so-called tilted distnbuiion 

-(rf(x.x)/n 
Piy.\^) = -^'—7; ' (3-14) 

and the free energy represented by 

-d{x,y)] r = -rXpU)iogSexpf^ IS 

F- =-rXp(-t)iogz, =-r;^p(.v)iogXp,^""""" • 0 15) 
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The free energy is to be minimized under the obvious constraint that \p^=l. The 

optimization is performed as unconstrained minimization of the Lagrangian 

/ 

F'=F'^A X A - 1 
V 

(3.16) 

with respect to the cluster parameters y. and p, . It must be noted that although we 

started with a countable number of codevectors to be distributed among the cluster, we 

effectively view them now as possibly uncountable, and p, is not required to be rational. 

One may therefore visualize this as a "mass of codevectors" which is equally divided 

over the codevector space. The optimal set of codevectors { y, } must satisfv 

^ F'=^F*=0, (3.17) 

where the equality on the left is because the constraint is independent of the positions 

{ y, }. We thus once again encounter the condition 

Xp(^)p(}',|^)3^^(v,y,) = 0, (3.18) 
X oyj 

with the important distinction that now the association probabilities are tilted according to 

eq. (3.14). 

On the other hand, the set (p,} that minimizes F' satisfies 

^ f'=-T'^p(_r)- + /l = 0, (3.19) 
dp, r Z 

which yields 
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7 = 2./^^ ^ • (3.20) 

Taking the expectation of the above, with respect to the distribution p, , we get 

- = E A E (̂•̂ ) y = 1' (3.21) 

^ i x ^x 

where the last equality uses the definition of Z^ in eq. (3.13). Thus, 

^ = T. (3.22) 

Substituting eq. (3.22) in eq. (3.20), we see that the optimal distribution p, must satisfy 

S ^ W y = 1' (3.23) 

where {p.} are implicit in Z^, eq. (3.13). Equation (3.23) is thus the equation we solve 

while optimizing over {p.}. It can also be seen that eq. (3.14) and eq. (3.23) imply that 

^-(d(x.y,)IT) 

Pi = S ^(^) y = S PWPCX I -̂ ) = P(X) (-̂ 24) 
X ^ X X 

In other words, the optimal codevector distribution mimics the training data set partition 

into the clusters. The distribution p, is the same as the probability distnbution induced 

on the codevectors via the encoding mle, which has been denoted by 

p(-y) = y p{x)p{y I x). Another noteworthy point is that the results are in pertect 
X 

agreement with the estimation of priors (mixing coefficients) in the parametnc estimation 

of densities. It must be kept in mind that the mass-constrained algonthm is applicable to 

solving the simple vector quantization or clustering design problem where minimum 

distortion is the ultimate objective. 
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The mass-constrained formulation only needs as many codevectors as there are 

effective clusters at a given temperamre. This process is computationally efficient and 

increases the model size only when it is needed - when a critical temperature has been 

reached. The mechanism can be implemented by maintaining and perturbing pairs of 

codevectors at each effective cluster so that their separation is enabled only at a phase 

transition. Alternatively, supplying of an additional codevector must be effected onlv 

after the computation of the critical temperature. 

It must be noted that at the limit of low temperature {T = 0), both the 

unconstrained and the mass-constrained methods converge to the same process. This is 

due to the fact that the association probabilities of the two methods are the same at this 

hmit, with each datapoint assigned with probability one to the nearest codevector. The 

major difference between the 2 DA implementations is in their behavior at intermediate 

T, where the mass-constrained method takes into account the cluster populations. 
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CHAPTER 4 

HISTORY OF MAGNETIC RESONANCE IMAGING 

In 1946, Felix Bloch and Edward Purcell independentiy discovered that a 

magnetically energized substance bombarded with RF emitted characteristic spectra 

similar to a tuning fork. They found that the nuclei of different atoms absorbed radio 

waves at different frequencies. In 1952, Bloch and Purcell received the Nobel Prize for 

their discovery of what was then referred to as Nuclear Magnetic Resonance (NMR), 

eventually to be applied to Magnetic Resonance Imaging(MRI). In 1970. the medical 

imaging world significantly changed with the contributions of Dr. Raymond Damidian. 

Dr. Damidian discovered that the stmcture and abundance of water in the human body 

was the key to MR imaging, and that the water (hydrogen) emitted a signal that was both 

detectable and recordable. Dr. Damidian and his team spent the next seven years 

diligently designing and creating the first MRI scanner for medical imaging of the human 

body. It was Paul Lauterbur, however, who implemented the concept of tri-plane 

gradients used for exciting selective areas of the body (Gx,Gy,andGz). 

MR was earlier referred to and is based on the physics of nuclear magnetic 

resonance (NMR). MRI is a second-generation term for this imaging modality The term 

MRI was adopted soon after imaging of the human body became possible as the public 

could more easily adopt a term for an imaging modality without the word "nuclear" in it. 

Thus we have magnetic resonance imaging (MRI). There are three types of magnets used 

commercially in medical imaging. All three provide homogenous magnetic fields. 



4.1 Magnetic Properties 

Matter has varying magnetic properties. A diamagnetic substance show s no 

magnetic properties when outside a magnetic field. But. in the presence of a magnet 

field, a diamagnetic substance is shghtly repelled by the magnetic field. Akin to a 

diamagnetic substance, paramagnetic substances also do not have magnetic properties 

outside of a magnetic field. However, when in the presence of a magnetic field, a slight 

attraction occurs. Ferromagnetic substances are extremely attracted to magnets, and can 

be dangerous in the clinical setting. Caution should be used when taking any metallic 

foreign object into the MRI scan room. 

4.2 Spin 

The moving (spinning) hydrogen protons create a magnetic field, and thus 

perform as a tiny magnet with a North and a South Pole. Since there are two magnetic 

poles, the protons are referred to magnet dipoles. Based on the laws of 

electromagnetism, any electrically charged particle which moves creates a magnetic field 

called a magnetic moment. This is the property that allows hydrogen protons to behave 

predictably within an external magnetic field. The motion or the "spin" of the hydrogen 

atoms, as in Figure 4.1 can be descnbed as a random combination of the spinning of a 

top, the spin of a bowling ball and the rotation of the earth around its axis. 

Understanding the magnetic moment of the protons of hydrogen will lead to an 

understanding of the alignment of the protons within a magnet. 
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Figure 4.1. A spinning proton 

4.3 Alignment 

Magnetic moments of hydrogen nuclei are randomly oriented in the absence of an 

external magnetic field as in Figure 4.2 and are considered to have a net magnetization of 

zero. Once hydrogen protons are placed in the presence of an external magnetic field, 

they align themselves in one of two directions as shown in Figure 4.3, parallel (in the 

same direction as) or anti-parallel (in the opposite direction to) to the net magnetic field 

which is commonly referred to as the vector B^. 

Fig 4.2. Random orientation Fig 4.3. Alignment due to external field 
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The strength of the external magnetic field and the thermal energy of the atoms 

are the factors that affect the direction of alignment of the hydrogen protons. The high-

energy protons are strong enough to align themselves against or anti-parallel to the 

magnetic field, whereas the lower energy protons will align themselves with or parallel to 

the magnetic field. As the magnetic field increases, there are fewer protons that are 

strong enough to align anti-parallel to the magnetic field. There are always a larger 

number of protons aligned parallel with the magnetic field (B^), so once the parallel and 

anti-parallel protons cancel each other out, only the small number of low energy protons 

left aligned with the magnetic field create the overall net magnetization of the patient's 

body. Even though there are only a few protons creating the net magnetization of the 

patient's body, this difference is all that counts. The magnetic moments of these protons 

are added together and are referred to as net magnetization vector (NMV) with the 

symbol ' M ' . 

4.4 Precession and Resonance 

Hydrogen atoms do not actually align directly with the direction of the magnetic 

field, but rather rotate or wobble around the axis of the magnetic field. The term to 

describe this secondary spin is "precession." Protons actually precess at an angle, 

spinning in a cone-shape fashion to the direction of the magnetic field, as shown in 

Figure 4.4. This action is similar to the action of a spinning top rotating around a vertical 

axis. The speed at which the protons or the NM\' precesses is referred to as the 

precessional frequency and is measured in megahenz (MHz). 
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Figure 4.4. Hydrogen atom in precession 

4.5 The Larmor Frequency 

Tesla (T) or gauss is the measure of strength of the magnetic field. One Tesla is 

equivalent to 10,000 gauss, and is about 20,000 times stronger than the earth's magnetic 

field. All protons precess at the same frequency within a magnetic field. The gyro-

magnetic ratio of atoms and the strength of the magnetic field determine the frequency. 

The Larmor equation is important because it is that frequency at which the 

nucleus will absorb energy. The absorption of that energy will cause the proton to alter 

its alignment. The Larmor equation governs the value of the precessional frequency, and 

is given by co^ = B^ (^), where B^ = the magnetic field strength of the magnet and i = the 

gyro-magnetic ratio. The stronger the magnetic field, the higher the precessional 

frequency. If an RF pulse at the Larmor frequency is applied to the nucleus of an atom, 

the protons will alter their alignment from the direction of the main magnetic field to the 

direction opposite the main magnetic field. As the proton tries to realign with the main 

magnetic field, it will emit energy at the frequency of the Larmor frequency. 
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Resonance is referred to as the property of an atom to absorb energy only at the 

Larmor frequency. This is the basis of MR. An atom will only absorb external energy if 

that energy is delivered at precisely its resonant frequency. The energy must also be 

delivered at 90° (transverse) to the NMV and B^, as in Figure 4.5. 

Otherwise, no energy will be absorbed, resonance will not have occurred and an 

image cannot be created. Excitation occurs when the proton absorbs the applied energy 

or resonates. As resonance occurs, the NMV moves out of alignment with the B̂  to a 

pre-specified angle. The deflection of the magnetization or total angle created after the 

end of the RF pulse is referred to as the flip angle. 

4.6 Longitudinal and Transverse Magnetization 

The stronger the RF energy applied to the protons, the greater the angle of 

deflection for the magnetization. The two most conmion flip angles in MR are 90° and 

180°. A 90° pulse will flip the magnetization into the x-y plane (Mxy) as shown in 

Figure 4.6. 

Figure 4.5. Relative directions of B̂  and the RF pulse 
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90" RF Pulse 

Mxy 

Figure 4.6. Transverse flip of the magnetization plane 

A 180° pulse will flip the magnetization through the x-y plane and into the 

opposite direction of B^. When a 90° pulse is applied and the protons are given enough 

energy to be flipped into the x-y plane, the net magnetization vector is now in the 

transverse plane. Bo or z-axis is now referred to as the longitudinal plane. 

The protons are now rotating in the transverse plane at the Larmor frequency. As 

well as flipping into the transverse plane, the protons also begin rotating in phase with 

each other. When resonance occurs, all the magnetic moments move into the same path 

or all flip the same number of degrees, and they all precess in phase with other. 

With the net magnetization in the transverse plane (created with a 90° flip angle), 

and a receiver coil or antenna in the transverse plane, a voltage is induced within the 

receiver coil. This oscillating signal voltage over time is the MR signal. The magnitude 

of the signal is dependent on the magnetization present in the transverse plane. At the 

termination of the RF, the freely precessing protons in the transverse plane (Mxy) give up 

energy (RF) in order to try to realign with B^. As the transverse magnetization starts to 
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decay due to the loss of phase coherence, the protons eventually realign with B^. This 

signal produced by the decay of transverse magnetization is called "free induction decav" 

(FID). The amplitude of the FID signal becomes smaller over time as the net 

magnetization returns to equilibrium. Simultaneously, the longitudinal magnetization 

begins to recover and return to a state of equilibrium just as if nothing had occurred. 

After the external RF signal is turned off, two phenomenon simultaneously occur: 

• Longitudinal magnetization gradually increases and is called Tl recov ery: 

• Transverse magnetization gradually decreases and is called T2 decay. 

These phenomena are discussed in more detail below. In summary, atoms rotate 

randomly outside the presence of a magnetic field. When in the presence of an external 

magnetic field, the atoms align either with or opposed to the main magnetic field. The 

parallel and anti-parallel protons cancel each other out, leaving a relativ ely small number 

of protons aligned with the main magnetic field. As an RF signal is applied at the Larmor 

frequency, the individual protons resonate, or absorb the applied energy, and precess in 

phase. Depending on the strength of the applied energy, the protons will flip into the x-y 

plane (transverse magnetization), or exactly into the opposite direction of the main 

magnetic field. The transverse magnetization induces a voltage in an antenna or a 

receivers coil and will eventually become the MR signal. As the RF is turned off, the 

protons dephase and lose their coherence as they try to realign with B^. Two 

phenomenon occur simultaneously. Transverse magnetization decreases (T2 decay), 

while longitudinal magnetization increases (Tl recovery). 
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4.7 Longimdinal and Transverse Relaxation 

Relaxation is a very important process in MR imaging as it determines the tvpe of 

signal obtained, thereby greatiy impacting the type of image generated. When the RF 

pulse is terminated, the net magnetic vector (NMV) is once again influenced by the main 

magnetic field (B^) and tries to re-align with it along the longitudinal axis. Protons 

attempt to return from a state of non-equilibrium to a state of equilibrium. .As the NM\' 

gives up its absorbed RF energy while trying to return to B^, the process of relaxation 

occurs. As relaxation is occurring, magnetization is recovering in the longitudinal plane 

while simultaneously decaying in the transverse plane. Longitudinal and transverse 

magnetization occur simultaneously but are two completely different processes. To 

examine the relaxation phenomena further, the net magnetization vector needs to be 

divided into its two processes: longitudinal and transverse magnetization. 

• Longitudinal relaxation is the return of longitudinal magnetization to equilibnum 

(B^) and is termed Tl recovery. 

• Transverse relaxation is the return of transverse magnetization to equilibnum and 

is termed T2 decay. 

Longitudinal relaxation is the retum of longitudinal magnetization to equilibnum 

(B^) and is termed Tl recovery. As the hydrogen atoms release the energy absorbed 

previously, to the surrounding tissue (lattice), in an attempt to realign with the main 

magnetic field, Tl relaxation or Tl recovery occurs. This phenomenon is sometimes 

referred to as "spin-lattice" relaxation and it occurs exponentially over time. The rate of 

recovery is a time constant and is referred to as Tl. Tl recoverv is the time it takes for 
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63% of the longitudinal magnetization to "regrow" or recover in the tissue. This is shown 

in Figure 4.7. 

Transverse relaxation is the retum of transverse magnetization to equilibnum. .As 

longitudinal magnetization occurs, it is accompanied by transverse relaxation. Although 

these two processes occur at the same time, they are quite different and thus contnbuie 

significamly different information to the resulting MR image. Unlike longitudinal 

relaxation, transverse relaxation is not a process of dissipation or absorption of energv 

into tissue. The decay of transverse magnetization is a process called T2 decay. .As the 

amount of magnetization in the x-y (transverse) plane decreases, T2 decay increases. 

After an RF pulse, hydrogen nuclei are spinning in unison or in-phase with each other. 

As the magnetic fields of all the nuclei interact with each other, energy is exchanged 

between those nuclei. The nuclei that began spinning "in-phase ' lose their phase 

coherence or dephase over time and spin in a random fashion. This process results in an 

exponential decrease in transverse magnetization. Because T2 decay is the result of the 

exchange of energy between spinning hydrogen nuclei, it is referred to as "spin-spin" 

relaxation. 

100% 

Tk«]«» A 

aiuilTl LoiisTl 
Figure 4.7. Tl recovery curve 

36 



As T2 decay occurs, the MR signal dies out. The rate of T2 decay is also 

expressed as a time constant. T2 decay occurs when the transverse magnetization has 

decreased to 37% of its initial value. The T2 recovery curve, showing the delay process 

is shown in Figure 4.8. 

Longitudinal relaxation is thus a regrowth or an increase in value, whereas 

transverse relaxation is a decrease or decay. Although these two processes occur 

together, T2 decay almost always occurs more rapidly than the regrowth of longitudinal 

magnetization. 

4.8 Tl. T2 and PD Weighting 

Almost all MR imaging will entail Tl and T2-weighted images. Tl and T2 

images are the most common contrasts obtained in MRI. Tl-weighted images are 

obtained to compare the Tl differences in tissues or to compare the relaxation rates of the 

tissue being examined. T2-weighted images are obtained to compare the T2 contrast in 

tissues and compare the transverse relaxation rates. The user manipulates parameters in 

order to obtain the type of image contrast desired. 

Figure 4.8. T2 recovery curve 

37 



The Tl and T2 relaxation times define the way that the protons revert back to 

their resting states after the initial RF pulse. The contrast on the MR image can be 

manipulated by changing the pulse sequence parameters. A pulse sequence sets the 

specific number, strength, and timing of the RF pulses. The Tl-weighted sequence uses a 

short TR (Relaxation Time) and short TE (Echo Time). The T2-weighted sequence uses 

a long TR and long TE. The T2-weighted sequence is usually employed as a dual echo 

sequence. The first or shorter echo is proton density (PD) weighted or a mixture of Tl 

and T2. The PD-weighted image is also referred to as "mixed T1/T2 weighted." 

There are many parameters that significantly contribute to the contrast of an 

image. Most of these parameters are controlled or at least influenced by the technologist 

creating the images. Care must be taken to create the best possible MR images, which 

will ensure a more accurate diagnosis by the radiologist. Figure 4.9 shows the 3 types of 

images derived out of MR Imagery. It allows for a visual comparison between the Tl, T2 

and the PD weighted images. 

Figure 4.9. Tl, T2 and PD weighted MR Images (from left to right) 
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4.9 Multiple Sclerosis: An Overview 

Multiple sclerosis (MS) is a chronic disease of the central nervous system, which 

predominantly affects young adults during their most productive years. A specific cause 

for this disease is not yet identified. The disease causes the protective covering called 

"myeUn" surrounding the nerves to disappear in scattered patches, leaving scars or 

"sclera" in multiple places on the brain and spinal cord and therefore the name multiple 

sclerosis. These sclera interfere with the normal electrical signals that the brain sends out 

to various parts of the body, causing "short circuits." This is shown in Figure 4.10. The 

cause of MS has not yet been identified and no cure or prevention has yet been found. 

Therefore, early detection is an important step towards controlling the spread of MS. 

The areas of demyelination are seen to occur most frequently within the white 

matter (WM) areas of the brain, especially the cerebellum. These areas are otherwise 

known as lesions, a conmionly used medical term. In some cases, these lesions of MS are 

seen in areas of the spinal cord, optic nerves and the brain stem. There have also been 

reports of lesion sightings within the GM (Gray Matter). 

Normal Conduction of Myelinated Nerve Fibers 

NwvalmpulM 

-NooeotHanvief 

Normal Conduction In Myelinated Nerve Fiber 

Demyelination of Nerve Rbers in MS 

NarwimpulM-

V - ^ ^ » ^ 

Conduction In a Demyellnated Nerve Fiber 

Figure 4.10. The process of nerve impulse conduction in a healthy nerve fibre 
(left), compared with the same in a nerve fibre that is afflicted with MS. 
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Detection of the lesions from magnetic resonance images (MRI) of the brain is an 

accepted form of identifying the presence of MS, in addition to other clinical methods. 

Symptoms include numbness, double vision, bladder control problems, paralysis etc. 

These symptoms either persist over a period of time or completely disappear in an 

unpredictable fashion, as do the lesions. It is therefore concluded that in order to be able 

to effectively curb future growth of the MS lesions, their early isolation by means of 

segmentation is extremely important. 
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CHAPTER 5 

RESULTS OF MR IMAGE SEGMENTATION 

After implementation of any medical image-analysis algorithm, such as DA in our 

case, test and validation are essential steps needed to ensure that the procedure fulfills all 

requirements set forth at the initial design stage. Although the algorithm was evaluated 

on real data, a comprehensive validation procedure requires the additional use of 

simulated data since ground tmth is not easily available in clinical data. Experiments 

with simulated data permit controlled evaluation of the segmentation results over a wide 

range of conditions such as varying levels of noise, different levels of contrast, presence 

and absence of intensity artefacts or other geometric distortions and intensity non-

uniformity. Such considerations are extremely important in the successful testing and 

implementation of clustering algorithms. A universal test bench includes not just clinical 

data, but also a flexible set of simulated data, which would assist in ev aluating the 

performance limits and potential for improvement of image-analysis algorithms, 

contributing to the rapid growth of neuroimaging, i.e., computational analysis of brain 

stmcture and function using brain-scanning methods such as PET (positron emission 

tomography) and MRI. 

Thus, the next few sections delve into the results of using the 2 data sets. First, 

the simulated data set [3] is considered and the segmentation results displayed. As 

mentioned earlier, this is followed by the 2 clinical data sets, on which a similar test 

procedure is executed, followed by a detailed discussion of the results. 
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5.1 Simulated Data: Results and Discussion 

The simulated MS brain data set [3] consists of 3-dimensional MR data simulated 

using 3 sequences (3 modalities, namely, T1-, T2-, and PD-weighted), 5 slice thicknesses 

(1 mm, 3 nun, 5 mm, 7 mm, and 9 mm), 6 noise levels (NL = 0, 1, 3, 5, 7, and 9%), and 3 

levels of intensity non-uniformity (INU = 0, 20, and 40%). Each data set is composed of 

voxels of 181x217x181 (XxYxZ) when it is at a 1 mm isotropic voxel grid in Talairach 

space. The 3-D MS brain data sets of modalities Tl, T2. and PD, of noise levels 0, 1. 3. 

5, 7, 9%, and of intensity non-uniformity levels 0, 20, and 40^r, were downloaded and 

analyzed. The slice thickness is 1 mm. The 2-D images are slices (perpendicular to Z-

axis) from the 3-D data sets. 2-D segmentation is the clustering of the slice images, the 

results of which are discussed here. 

Figures 5.1, 5.2 and 5.3 show the 3 perspectives available from the data set. .A 

choice of sagittal, coronal and transverse (axial) image slices of the brain is present. .As 

mentioned earlier, the lesions of MS are manifested mainly within the WM area of the 

brain, specifically the cerebellum. From the 3 slice perspectives, it is noticed that the 

axial slice provides the best view of the WM area, in which lesions usually reside. Thus, 

the choice of the axial slice is justified. In order to compare the misclassification rates of 

DA with respect to other procedures, it was necessary to rid the image slices of any 

unnecessary tissue, specifically those of the skull and surrounding musculature. .A.s 

lesions of MS are never seen anywhere outside the main brain area, elimination of the 

skull and other surrounding tissue did not affect the segmentation and thereby the 

eventual result analysis in any way whatsoever. 



Figure 5.1. Sagittal view Figure 5.2. Coronal view Figure 5.3. Axial view 

Now that the choice of the axial slice lies justified, the choice of an image with 

the MS lesions was made. As mentioned earlier, since the simulated database allowed for 

the manipulation of image noise levels and intensity non-uniformity, images with noise 

levels ranging from 0% to 9% were chosen. Figure 5.4 shows an axial slice (0% noise) 

with MS lesions, bounded in circular areas for easier viewing. Figure 5.5 shows an 

identical slice but with 9% noise, as a means of indicating the effect of noise on the 

image slices. 

Figure 5.4. Simulated Tl image with 
0% noise, showing presence of lesions 

Figure 5.5. Simulated Tl image with 
9% noise, showing presence of lesions 
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Figure 5.6 shows the original Tl-weighted MS image of a slice with 0% noise and 

0% intensity inhomogeneity. The outside skull tissues were first removed from the 

original image manually to reduce irrelevant tissue noise effect on the tissue 

misclassification rate. Figure 5.7 shows the skull and other musculature. The result of 

this modification can be seen in Figure 5.8. Following this, the brain data inside the skull 

were then classified into four clusters: background, white matter (WM-Figure 5.9), gray 

matter (GM-Figure 5.10) and cerebrospinal fluid (CSF-Figure 5.11). The background is 

of no use to the result and is not shown. Both binary and grayscale segmentations were 

performed, but only the binary results are shown as they provide better contrast. 

After this, the MS lesions were obtained through further arithmetic addition of 

images of binary and grayscale segmented tissues of exclusively the WM image segment. 

Figure 5.12 shows the procured lesion areas while the actual lesion areas are shown in 

Figure 5.13. The actual lesion areas were obtained by directly subtracting the original 

image (with 0% noise and 0% inhomogeneity) from the image with MS lesions (with 0% 

noise and 0% inhomogeneity). 

A comparison between the two figures indicates that the lesions have been 

detected, albeit with some partial tissue volume scattered around the image. Another 

point to be reiterated is that pre-processing of the images prior to segmentation (for the 

purpose of comparing misclassification rates), i.e., removal of the skull and surrounding 

musculature has in no way affected the final result of the segmentation since Figure 5.13. 

which is, in effect, the tmth model for the lesions, shows no lesions outside of the WM 
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The same procedure was repeated for two other slices and the lesion areas are shown in 

comparison with their tmth models in Figure 5.14 through Figure 5.17. 

Figure 5.6. Original Tl-weighted 
MS image, 0% noise and 0% intensity 
Inhomogeneity 

Figure 5.7. Skull and surrounding 
musculature 

Figure 5.8. Modified brain image Figure 5.9. WM segment of the 
segmentation 
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Figure 5.10. GM segment of the 
segmentation 

Figure 5.11. CSF segment of the 
segmentation 

Figure 5.12. Lesion areas achieved 
after segmentation and 
arithmetic manipulation 

Figure 5.13. Lesion areas as derived 
from the tmth model 
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Figure 5.14. Lesion areas achieved 
after segmentation and 
arithmetic manipulation 

Figure 5.15. Lesion areas as derived 
from the tmth model 

Figure 5.16. Lesion areas achieved 
after segmentation and 
arithmetic manipulation 

Figure 5.17. Lesion areas as derived 
from the tmth model 
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Misclassification rate is defined as the number of pixels misclassified by the 

algorithm divided by total number of pixels or voxels in the image data [2]. 

Misclassification rates can be utilized on all 3 segments of the result. Mathematically, 

this quantity can be expressed as follows: 

Let A = No of tme pixels of a given tissue type 

B = No of pixels classified by DA to belong to that tissue type 

Therefore, 

Misclassification rate = (A - B}/A. 

This value is expressible as a percentage. For the image in Figure 5.8, the 

misclassification rates for the various tissue types were computed and their values are as 

follows: CSF = 0.88%, GM = 0.00% and WM = 0.19%. The misclassification rates for 

the entire set of images under all conditions of noise and intensity non-uniformity were 

computed in [2] and the results are repeated in Table 5.1, shown below. 

Table 5.1. Misclassification Rates for the Whole MR Brain Volume * 
Noise 
Added 

(%) 

0 

1 

3 

5** 

7** 

9*3(> 

Cerebrospinal 
Fluid 

(%) 

INU=0% 

0.01 

0.02 

0.41 

1.65 

3.90 

10.39 

INU=40 
% 

0.08 

0.32 

2.21 

5.72 

12.60 

20.99 

Gray Matter 
(%) 

INU=0% 

0.00 

0.00 

0.00 

0.07 

0.17 

0.47 

INU=40% 

0.06 

0.06 

0.51 

0.84 

2.25 

5.49 

White Matter 
(%) 

INU=0% 

0.01 

0.01 

0.05 

0.21 

0.75 

1.96 

INU=40 
% 

2.91 

3.29 

4.57 

7.61 

10.57 

15.20 

* 

** 
Modality = Tl, Thickness = 1mm, INU = Intensity non-uniformity 
Median filtering was used for these noise levels 
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The tme value of the pixel count for each tissue type is derived from the tmth 

model of each of the WM, GM and the CSF. These values are obtained from [3]. From 

the above table it can be seen that the higher the levels of added noise or inhomogeneity, 

the higher is the misclassification rate. It is reported in [2] that median filtering of die 

images prior to segmentation can reduce the effect of noise, consisting of strong spike 

like components, and preserve the edge sharpness of the image. The results obtained 

when DA is used to segment the simulated images of MS MR imagery have been listed 

thus far. It is seen that until 7% noise and 20% intensity non-uniformity, the results of 

the segmentation are good enough to enable consistent isolation and thereby recognition, 

of the MS lesions. Other algorithms that perform the segmentation of MR image data do 

exist [5] and the misclassification rates of DA for the same data set have been compared 

with the rates of other algorithms for the same image data set. Table 5.2 indicates the 

usefulness of DA, in terms of a very low misclassification rate, in comparison with other 

existing segmentation procedures. As indicated, the average misclassification rates of 

DA are the lowest, in terms of noise and intensity non-uniformity considerations. 

Table 5.2. Coi 
INU 

% 

0 

40 

EC 

M 

3.99 

9.05 

•nparisor 
FM-

AFC 

M 

4.17 

5.07 

1 of Misclassification Rates (%) of Different Algorithms * 
TM-

AFC 

M 

4.17 

4.94 

EM 

2 

4.24 

9.60 

AM 

RF 

3.88 

6.87 

MNI-

FCM 

4.98 

5.63 

TMl-

AFC 

M 

4.16 

4.99 

TM2-

AFC 

M 

4.13 

5.56 

DA 

(ave) 

0.15 

2.43 

* Modality = Tl, Thickness = 1mm, INU = Intensity non-uniformity. 3̂ f noise, 
average misclassification rates for whole volume data 
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From Table 5.1, the abbreviations stand for, FCM: Fuzzy C-Means, FM-.AFCM: 

Full Multigrid Adaptive Fuzzy C-Means. TM-AFCM: Tmncated Multigrid Adaptive 

Fuzzy C-Means, EM 2: Expectation Maximization (level 2), AMRF: Adaptive Markov 

Random Field, MNI-FCM: Montreal Neurological Institute, TMl-AFCM: Tmncated 

Multigrid (level 1) Adaptive Fuzzy C-Means, TM2-AFCM: Tmncated Multigrid (level 2) 

Adaptive Fuzzy C-Means. 

5.2 Clinical Data: Results and discussion 

This set of real-life brain images was obtained from 77î  Wliole Brain .Atlas, 

hosted by Harvard University [8]. This MR data set is gathered repeatedly over a time 

interval of 12 months in order to see how the brain changes, either by itself or in response 

to dmg or surgical treatment. The images are that of a 30-year-old male afflicted by MS. 

Each data set is made up of a series of carefully superimposed images, thereby enabling 

sequential viewing, giving a progressive look into the slice as time proceeds. The 

frequency of imaging is not constant and is decided by the course of the disease, 

specifically by the appearance and disappearance of the symptoms. This permits the 

precise comparison of data from the same slice plane, taken at different intervals in time. 

However, there is no flexibility when compared to the simulated database. The 

noise and intensity non-uniformity parameters are fixed and cannot be manipulated or 

changed as per requirements. The data set consists of 2-D slices that are readily 

downloadable. The added feature is the availability of a set of movies showing the 

progression of the MS lesions over a period of 12 months, with sample images taken at 
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irregular intervals depending on severity of symptoms and lesions. The data belongs to a 

30-year old male MS patient. 

Although there are three MRI modalities (Tl, T2 and PD) available at the Harvard 

site, we used the T-2 weighted images because they provided better contrast. The 

downloaded clinical MS brain data set consists of 54 slices of the whole brain, each of 

which has 23 sequential frames taken over a period of 12 months in order to see how the 

lesions develop. Better segmentation can be obtained from slices 29. 31, 35 and 38, as 

these slices contain mostly the three tissue classes, namely WM, GM and CSF. In the 

case of the simulated images, the exterior musculature and the skull were removed using 

preprocessing. However, since the misclassification rates cannot be computed due to the 

lack of a tmth model, these tissues have been retained. Considered next is slice no. 35 

(Figure 5.18), to show the size of a typical lesion well into its terminal stages. Other 

lesions, albeit smaller in size, are also clearly seen. The histogram is seen in Figure 5.1̂ ) 

This image was segmented into 4 parts, out of which only the WM, GM and CSF 

portions are retained and displayed in Figure 5.20. An analysis of the segments reveals 

the presence of lesions in all 3 segments. First, the WM part shows the largest lesion as a 

large hole, in the same position as the lesion. Second, the GM segment shows the area 

surrounding the lesion, known as the "edema." Finally, the CSF segment indicates the 

lesion's position by the presence of a large circular/oval object, almost pertectlv 

following the exact contours of the lesion seen in Figure 5.18. In a medical situation, 

given the original T2 weighted image and the 3 segments, an expert radiologist would 

then have sufficient insight into the 3 representative tissues of the brain, each in their ow n 
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respective segment. A collective analysis of all 3 segments of the result does indicate the 

presence of the lesions. The absence or presence of a lesion in a particular segmented 

tissue class (WM, GM or CSF) is based on the grayscale range involved in the segmented 

tissue. 

Figure 5.18. Slice 35 

iijltij^.^^^^^^^^^^^^^ 

Figure 5.19. Histogram of slice 35 

Figure 5.20. The three segments of slice 35, from left to right, WM, GM and CSF. The 
lesions are seen in the GM and CSF segments 

It is therefore seen that in order to identify a lesion, it is necessary to 

simultaneously refer to all representative segments of the clinical image before a decision 

is made. Also, one single segment cannot assure the existence of a lesion bv itself. .All 3 
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segments hold information pointing towards lesion presence within the brain. Slice 35 

considered above indicates the presence of a fairiy large lesion, well into its formative 

stage. However, the accuracy and sensitivity of DA is acmally much better. The 

detection of lesions of smaller sizes was also tested for. For this, slice no. 31 was used, 

primarily because of the evenly distributed lesion population. In addition to being very 

small in size, the lesions are in different locations, not congregated into an area. The 

clinical image is shown in Figure 5.21, the histogram in Figure 5.22 and the 3 segments 

namely, WM, GM and CSF shown in Figure 5.23. An analysis of the results follows. 

The lesions are seen by the inspection of all three segments. The GM segment 

shows the presence of lesions in one form or the other. Some of the lesions are seen in 

their "edemic" representations while others are seen whole. The CSF segment enables 

recognition of whole lesion bodies, while the GM segment shows lesions either in an 

edemic form or as a whole body. Thus, simultaneous analysis of all 3 segments yet again 

leads to the isolation of the lesions within the three tissue types. .As in the previous case, 

the background segment, which is comprised of an empty space, has been left out. The 

skull and surrounding musculature are seen in Figure 5.21, and this causes no problems. 

Figure 5.24 shows slice 29, whose segments are shown in Figure 5.26 with the histogram, 

forming Figure 5.25. Figure 5.27 shows slice 38 with the histogram in Figure 5.28 and 

its segments in Figure 5.29. 

To continue with the examination of clinical data, .MR imagery of a patient w hose 

diagnosis was inconclusive was also studied. The medical history of the patient 
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suggested that the symptoms were indicative of MS, but inspection of the MR imagery by 

radiologists did not pinpoint the cause of the symptoms. 

ililtiii,ii<fj\l^^^^^ '''pi i I M n 

Figure 5.21. Slice 31 Figure 5.22. Histogram of slice 31 

Figure 5.23. The three segments of slice 31, from left to right, WM, GM and CSF. The 
lesions are seen in the GM and CSF segments. 

The medical diagnosis was inconclusive with the symptoms resembling MS, but 

no final diagnosis was made. Also, no lesion area was isolated from the MR imagery. A 

set of images from the clinical data set was worked on and their results follow 

The data set was different from the earlier ones in that the images earned a lot of 

intensity non-uniformity. It is also seen in Figure 5.31 that the histogram of one such 
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Figure 5.24. Slice 29 

Pp'|^V^',^^y^.,v,^ 

Figure 5.25. Histogram of slice 29 

Figure 5.26. The three segments of slice 29, from left to right, WM, GM and CSF. The 
lesions are seen in the GM and CSF segments. 

Figure 5.27. Slice 38 

^ . l i y^^^py . i |l|l|'i|iy/^V^|VMytf.,/,v,v^|. ̂ ^^n 

Figure 5.28. Histogram of slice 38 
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Figure 5.29. The three segments of slice 38, from left to right, WM, GM and CSF. 
The lesions are seen in the GM and CSF segments. 

image (Figure 5.30) does not show distinct peaks indicating clearly demarcated regions 

corresponding to tissue types. This led to the use of pre-processing techniques, namely 

application of median filtering and histogram equalization, to improve the contrast 

between various tissue types in the image. A comparison between Figures 5.32 and 5.33 

shows the tissue contrast before and after pre-processing techniques were employed. 

' I • I • t • I • I • I • I • I • r • I • I • I • I • I • I • I • I • I • I • I • T • t • I • i " I ' I ' 

W Red W Green W £lue W Lymmance 

Figure 5.30. Brain slice of undiagnosed case Figure 5.31. Corresponding histogram 
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Figure 5.32. Before pre-processing Figure 5.33. After pre-processing 

After the same pre-processing procedures were employed, the image slice as 

shown by Figure 5.32 does not show the presence of any typical lesion areas. The pre-

processed images were then put through the segmentation process. One such slice is 

shown with its representative segments. The slice in Figure 5.34 is segmented and the 

results are shown in Figures 5.35 through 5.37. Figure 5.35 shows the WM segment. 

Referring to Figure 5.36, that of the GM segment, it is seen that not all areas that 

represent GM from the original image are present in this segment. A portion is 

represented in the CSF segment. As opposed to the Harvard clinical data set, the tissue 

types in these data sets have overlapping grayscale ranges. This property accounts for the 

presence of one tissue type within the segment of another. The result can be termed as 

inconclusive, in no way supporting the presence of MS within the brain area in question. 

Median filtering and histogram equalization was necessary in order to improve the 

quality of the image before the actual segmentation. In contrast, the Harvard data set 

consisted of images that had little or no non-uniformity whatsoever. 
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Figure 5.34. Pre-processed slice Figure 5.35. WM segment and skull tissue 

Figure 5.36. GM segment and skull tissue Figure 5.37. CSF segment and skull tissue 

Another slice from this data set is shown in Figure 5.38. Its segments are 

represented in Figures 5.39 through 5.41. Some irregularity is observed in the CSF 

segment, namely Figure 5.41. However, since no ground tmth exists with respect to the 

presence of lesions, no conclusive diagnosis can be arrived at. 
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Figure 5.38. Another Pre-processed slice Figure 5.39. WM segment 

Figure 5.40. GM segment Figure 5.41. CSF segment 
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CHAPTER 6 

CONCLUSIONS ANT) FUTURE WORK 

In this thesis, we have discussed in detail the application of the deterministic 

annealing algorithm to the segmentation of magnetic resonance imagery in order to 

facilitate the early detection of multiple sclerosis lesions. To effectivelv test the 

algorithm, we made use of both simulated and clinical data sets. 

The simulated data set consists of all three modalities currently used in MR 

imagery, namely Tl, T2 and PD. The flexibility in the simulated data set allowed us to 

test the upper limits of noise and intensity non-uniformity effects on the images. Also, 

the availability of a tmth model enabled the comparison of the segmentation results with 

the original data set. It is seen that within certain limits on noise and intensity non-

uniformity interference, the isolation of lesions was possible, albeit with the inclusion of 

pre and post processing steps. 

The clinical data set consisted of 2 sources. The first was compnsed of images 

from the Harvard University website, which were exclusively T2 in nature. The results 

of segmenting these images were quite encouraging, as lesions of very small sizes could 

be detected. However, isolation of the lesions was not possible, due to the vanation in 

the grayscale value of the tissue data. The lesions could successfully be detected and 

recognized, when all three segments of the brain tissue were viewed relative to each 

other. However, no tmth model was available with which a companson of the results 

could be performed. 
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The second source of clinical data was that of a 37-year old male, suffenng from 

symptoms very representative of multiple sclerosis. The clinical history mentions 

persistent numbness in both hands for the past five years. Radiological examination of 

the MR scan results did not conclusively identify MS as the debilitating cause. Armed 

solely with the fact that the indicative symptoms could be due to MS, we segmented the 

MR data presented to us. There was no clear division within the data set and a majority 

of T2 images were present. The images consisted of a lot of intensity non-uniformity, 

this inamediately led to the usage of pre-processing techniques. 

After segmentation, distinct tissue type areas could not be seen, as the general 

variation of the grayscale values of each of the three tissue types was too large. This 

resulted in the intermingling of WM with GM, CSF with GM and so on. Inspection of 

the WM or the CSF segment did not indicate any abnormality. Thus, the results were 

inconclusive and the presence of MS lesions was not even detected. In any case, this was 

consistent with the medical diagnosis, which was unable to pinpoint MS as the cause for 

the symptoms. 

This brings us to the possibility of future research based on other techniques of 

both image and algorithm improvement. It is seen that the results depend heavily on the 

quality of the images at hand. Issues of noise and intensity non-uniformity lead to results 

that are at most times inconclusive and not very meaningful. The non-uniformity in the 

clinical data set could be improved by incorporating suggestions provided in [26], which 

describe the usage of the knowledge of tissue intensity properties and intensitv 

inhomogeneities to correct MR image intensitv variation. Improvement in image quality 
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could also be effected by proper control of the MR parameters used dunng the scanning 

process. This is seen when the Harvard data set is compared with that of the undiagnosed 

case. In short, usage of pre- and post-processing techniques are needed to improve the 

results by the improvement of the original imagery. The lack of a tmth model w ith which 

to compare the results is a major drawback in the case of clinical data. This is only to be 

expected, as it is impractical to possess the normal brain MR imagery of anyone currentiv 

showing symptoms of MS. 

A severe limit on performance is mainly due to the fact that either one of three 

available modalities (Tl, T2 or PD) is used in the study. A number of recent 

developments in MR imaging processes will no doubt contnbute to the availability of 

better images with which to work. A number of new MRI techniques are increasing the 

sensitivity and specificity of MRI, including magnetization transfer imaging, 

spectroscopy, and FLAIR (fluid attenuated inversion recovery) technology. 

Magnetization transfer [27] is being employed to visualize demyelination and 

remyelination. This technique measures the exchange between water that is bound to 

myelin and the free water in tissue, producing a ratio that conveys whether the lesion 

represents an acute inflammatory process or the healing process. The ratio remains low. 

for example, when the lesion is not recovering, and the longer the disease duration and 

the greater the lesion loads, the lower the magnetization transfer ratio. 

FLAIR (FLuid-Attenuated Inversion Recovery) imagery [28] mav enhance the 

sensitivity of T2-weighted measurements by nulling the cerebrospinal fluid so that the 

background CSF appears dark rather than bnght. making for an easier and more accurate 
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quantification of lesions. A comparison between a regular T2 image as in figure 6.1 and a 

FLAIR image in figure 6.2 is shown. It is seen that, in the T2 image, bright CSF obscures 

the MS lesion in the brain. The FLAIR MR image, however, ensures that the bright MS 

lesion is now apparent. 

These "fluid suppressed T2" sequences are available on advanced MR systems. 

These sequences can be performed at various magnetic field strengths including lower 

field strength magnets used with "Open MR" systems. Segmentation of these modified 

MR images would no doubt lead to better results. Also, since the lesion areas are more 

enhanced in FLAIR images, their detection and isolation would be rendered easier. 

Figure 6.1. 12 iniai^e hVjurc 0.2. FL.MR iniaue 

The above few suggestions leading to image quality improvement are just one 

facet of the problem. Any segmentation algorithm, when applied to find distinct regions 

in a specific class of imagery, needs to be modified to include the characteristic 

parameters in that image. Future research needs to address modifications in DA to 

facilitate segmentation of FLAIR MRI data, as this data type is extensively used in 

current medical diagnosis. 
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