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ABSTRACT 

The purpose of image segmentation is to extract different objects embedded in an 

image. Clustering algorithms have been used for image segmentation for many years 

now. In recent years, many sophisticated image segmentation techniques have been 

developed; some of them being those employing fuzzy self- supervised neural networks 

based clustering algorithms. 

This work reviews neuro- fuzzy clustering techniques, basic image segmentation 

techniques and demonstrates the application of the adaptive clustering technique in 

segmentation. The Integrated Adaptive Fuzzy Clustering (lAFC) algorithm, which 

combines neural networks with fuzzy optimization constraints, is discussed in detail. The 

application of lAFC in image segmentation is explored. 
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CHAPTER I 

INTRODUCTION 

Cluster analysis has been used for pattern recognition for a number of years. The 

classical clustering algorithms are crisp clustering models, which do not consider the 

vagueness that we encounter in human thought process. To incorporate the ambiguity 

involved in human decision processes, fuzzy clustering algorithms were developed. 

Dunn and Bezdek initiated the fuzzy clustering algorithms by incorporating fuzzy set 

theory into crisp clustering models [1,2]. 

Zadeh introduced fuzzy set theory in 1965 [3]. A fuzzy set assigns a membership 

value between 0 and 1 to the elements of the set, while a crisp sets assigns either a 0 or 1. 

Dunn fuzzified ISODATA by generalizing the objective function, the classical within a 

group sum of squared error [1]. Bezdek generalized further the fuzzified objective 

function in the fuzzy ISODATA algorithm to an infinite family of objective functions in 

the fuzzy c-means model (FCM) [2]. The FCM model, which is based on minimizing the 

objective function over fuzzy partitions of the input data and the cluster centroids, 

updates all cluster centroids regardless of winning or losing the competition. It also 

assumes the number of clusters apriori. However, it is often difficult to assume the 

number of clusters present in real data sets. Gustafson and Kessel modified the FCM 

model to include fuzzy covariance for detecting hyper-ellipsoidal cluster shapes [4]. 

Bezdek also modified the FCM model to detect various different cluster shapes [2]. 



Neural networks are powerful in processing numerical data because of their 

simpler computational capability. Fuzzy logic represents uncertainty, which cannot be 

explained by probability theory, and incorporates intelligent decision. We can 

incorporate fuzzy learning rules into neural network architectures or use neural networks 

in fuzzy models to achieve some advantages. The inclusion of a fuzzy membership 

function that gives the belonginess of the patterns to the clusters, in the arbitrary learning 

rate of the neural network can produce better clustering results, which can give efficient 

segmentation of images. 

As clustering techniques are applied to the unsupervised classification of pattern 

features, a neural network of the Adaptive Resonance Theory (ART) type appears to be 

an appropriate candidate for implementation of clustering algorithms [5]. Clustering 

algorithms generally operate by optimizing some measures of similarity. The application 

of fuzzy set theory to classical clustering algorithms has resulted in a number of 

algorithms with improved performance since unequivocal membership assignment is 

avoided. However, estimating the optimum number of clusters in any real data set 

remains a difficult problem. A valid fuzzy cluster measure implemented in unsupervised 

neural network architecture could provide solutions to various real data clustering 

problems. The crisp clusters in unlabeled data sets can be discovered using self-

organizing neural networks such as ART [5] and Kohonen [6]. Huntsberger and 

Ajjimarangsee achieved fuzzification of Kohonen network [7]. Problems inherent in 

Kohonen clustering networks (KCN) such as forced termination, dependence of data 

sequence and fuzzy Kohonen clustering networks (FKCN) were addressed by Bezdek et 



al. [8]. The adaptive fuzzy leader clustering was developed by Newton et al. [9]. It 

differs from fuzzy min-max clustering algorithms in the representation of clusters, fuzzy 

membership function and updating rule of cluster centroids. 

Many neuro-fuzzy clustering algorithms have an inherent restriction in identifying 

the actual decision boundaries among clusters with overlapping regions, which are caused 

due to the choice of similarity measure and representation of the clusters. The integrated 

adaptive fuzzy clustering (lAFC) developed by Kim et al. generates improved decision 

boundaries [10]. This is achieved by introducing a new similarity measure and by 

integrating the advantages of the fuzzy optimization constraint of fuzzy c-means (FCM), 

the control structure of adaptive resonance theory (ART-1), and a fuzzified Kohonen-type 

learning rule. 

In the work presented in this thesis, a C code was developed for integrated 

adaptive fuzzy clustering algorithm based image segmentation and was used for 

segmentation of various simulated test images. 

Chapter II discusses the concepts of neuro-fuzzy clustering, and image 

segmentation. Chapter HI describes Integrated Adaptive Fuzzy clustering algorithm in 

detail. Chapter IV and Chapter V present the lAFC based segmentation results on 

simulated test and some medical images, respectively. Chapter VI presents the 

discussion of results. 



CHAPTER n 

BACKGROUND 

This chapter gives an overview of the concepts of neuro-fuzzy clustering and 

image segmentation. 

2.1 Neuro-Fuzzy clustering 

Neural networks can be considered as implementation devices for statistical 

classifiers [11, 12]. They are powerful in processing numerical data because of their 

computational capability. Intelligent decision making can be incorporated into neural 

networks by integrating them with fuzzy methods. The integration can be done either by 

incorporating fuzzy learning rules into neural network architecture or by using neural 

networks in fuzzy models. The learning rate in the neural networks does not consider 

the degree to which an input pattern belongs to a cluster. So, the inclusion of a fuzzy 

membership function in the learning rate can produce better results in clustering. 

A self-supervised multi-layered neural network was proposed by Ghosh et al.[13]. 

In this network architecture each neuron in layer i (i >1) is connected to the 

conesponding neuron in layer (i-1) and some of the neighboring neurons (in layer i-1). 

The output statuses of the output layer neurons are viewed as a fuzzy set. Weight 

updating rules are derived to minimize the fuzziness in the system. This architecture 

takes care of the contextual information. 



A schematic of the multi-layer perceptron is shown in Figure 2.1. Such a net is 

made up of sets of nodes ananged in layers. Weights or links connect nodes between 

two consecutive layers, but there is no connection among elements of the same layer. 

The layer where the inputs are fed and the layer where the output is produced are called 

input layer and output layer, respectively. The layers between the input and output 

layers are called hidden layers. The outputs of nodes of one layer are transmitted to 

nodes in another layer through links that amplify, attenuate or inhibit such outputs 

through the weighting factors. The total input to each node is the sum of weighted 

outputs of the nodes in the previous layer. Each node is activated in accordance to the 

activation function of the node and the input to the node. 

Ontpnt Pattern 

OUPUT LAYER 

HIDDEN LAYER 

INPUT 
LAYER 

Input Pattern 

Figure 2.1 Schematic representation of multilayer perceptron 

The total input (7.) to the ith unit of any layer is given by 

h=Yj^ijOr (2.1) 



with Oj being the output of the jth neuron in the previous layer and w.j the connection 

weight between the ith node of one layer and the jth node of the previous layer. The 

output of the node i is obtained as 

o,=f{l^), (2.2) 

where f is the activation function. Usually the activation function is sigmoid and is 

expressed as 

1 

l + e 
/ ( ^ ) - . -u-.)/.. • (2.3) 

The steepness of the function is controlled by 9^ and the function is symmetrical around 

G, which is known as the threshold or bias value. 

The neighborhood system used by Ghosh et al. for an M x N lattice (L), dth 

order neighbor, N^'ij, of any element (i, j) is defined as 

N',j={{i,j)eL} (2.4) 

such that (/,;) 6 Nfj 

and {kJ)E Nfj, then {i,j)e Nf^. 

Different ordered neighborhood systems can be defined by considering different sets of 

_ . th 

neighboring pixels of (i, j). The neighborhood system of 6 order is shown in Figure 

2.2. 
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Figure 2.2 Neighborhood system N^ 

In each layer, there are M x N neurons for an M x N lattice. Each neuron 

corresponds to a single data. Neurons in the same layer do not have any connections 

among themselves. Each neuron is connected to the corresponding neuron in the 

previous layer and to its neighbors over N''. The input to a neuron in the input layer is 

the normalized data value. No external bias is imposed on the weights. Initial weights 

are set to a value of 1. Therefore, the total input initially lies in [0,nj j , where n, is the 

number of links for a neuron. The value of 6 is set to n^l2, the middle-most value of 

the total input range. 

The input value (7.) to any neuron in the ith layer except the input layer is 

calculated using inner product induced norm metric. The transfer function f given in 

equation 2.3 is then applied to get the next output status of the neuron in the next layer. 

These outputs are then fed as input to the next layer. Starting form the input layer, the 

input pattern is passed on to the output layer and conesponding output states are 

calculated. The output value of each neuron lies in [0,1]. The output status in the 



output layer may be viewed to represent a fuzzy set. The measure of fuzziness of this 

set, on the global level, may be considered the error or instability of the whole system, as 

this will reflect the deviation from the desired state of the network. When there is no 

prior target output value, the fuzziness value can be used as a measure of system enor 

and back propagated to adjust the weights so that the system error reduces with the 

passage of time and in the limiting case becomes zero. The error measure, E, can also be 

taken as a suitable function of a fuzziness measure, i.e., 

E=g( I) , (2.5) 

Where I is the measure of fuzziness. 

The measures of fuzziness used with the membership function p^ are the linear 

index of fuzziness given by 

V, (A) = -X[min{/i^{X, ),{l-fi,{X,))}]. (2.6) 
n ,=1 

The quadratic index of fuzziness given by 

yjn \ ,=1 

and the entropy of the fuzzy set given by 

f^(^)=^^t{^n(l^A(^,))} (2.8) 

n l n ( 2 ) ^ 

with 

Sn (i^A (^,)) = -I^A (^,) ln(MA (^ , ) ) -{ ! - MA ( ,̂ )}ln{l - l^A (^i )}• (2.9) 

The output of the neurons in the output layer is fed back to the corresponding 

neurons in the input layer after weights have been properly adjusted. The second pass is 



then continued with this input. The updating of the weights is continued until the 

network stabilizes. 

The main disadvantages of the above system are that it is very slow (although it is 

noise insensitive) and that the desired number of clusters should be input to the network. 

Two other algorithms which integrate neural networks and fuzzy sets and 

overcome these problems are Adaptive Fuzzy Leader Clustering (AFLC) proposed by 

Newton, Pemmaraju and Mitra [9] and Integrated Adaptive Fuzzy Clustering (lAFC) 

proposed by Kim and Mitra [10]. lAFC, which is an improved version of AFLC, is 

discussed in detail in the next chapter. 

2.2 Image Segmentation 

One of the very important tasks of image processing is the segmentation of 

images to derive meaningful information out of them. Machine vision systems are 

considered to have two subsystems: Low level vision and high-level vision [14]. Low 

level vision consists primarily of image processing operations performed on the input 

image to produce an output image with much more favorable characteristics. Many of 

these operations cause certain features of the image to be emphasized. High-level vision 

includes object recognition and scene interpretation at a higher level. Segmentation 

bridges both the subsystems. Through segmentation, the enhanced input image is 

mapped into a description involving regions with common features, which can be used by 

the high-level vision tasks. 



Segmentation can be defined as follows: if F is the set of all pixels and P( ) is a 

uniformity predicate defined on groups of connected pixels, then segmentation is a 

partitioning of the set F into a set of connected subsets or regions (5 , , 5^,..., 5„) such that 

\JS,=F with S^f]Sj=(l> i^j. (2.10) 
/=i 

The uniformity predicate P(5.)is true for all the regions (5,) and P{S. u ^ ^ i s false, 

when 5, is adjacent to S j [15]. 

Autonomous segmentation is one of the most challenging tasks in image 

processing. When a human observer views a scene, it is automatically segmented for 

him or her by the visual system. It is done so effectively that it makes a person view a 

complex scene as a collection of objects. However, with image processing we must 

laboriously isolate the objects in an image by breaking up the image into set of pixels, 

which represents different objects. The usual approach is to focus on selecting the types 

of sensors most likely to enhance the objects of interest while diminishing the 

contribution of irrelevant image components. 

Segmentation techniques can be classified as classical approaches and fuzzy 

mathematical approaches [16]. Segmentation techniques based on histogram 

thresholding, edge detection, relaxation and syntactic approaches are classified under the 

first category. The second approach also has methods based on edge detection, 

thresholding and relaxation. Neural network models such as Hopfield and Kohonen 

integrated with FCM algorithms have been used for segmentation of images and they are 

10 



proved to work well even in highly noisy environments. These algorithms are capable of 

producing results in real time. 

Ideally, a good segmenter should produce regions that are uniform and 

homogeneous with respect to some characteristic such as gray tone or texture, yet without 

many small discontinuities [14]. Adjacent regions should have different values with 

respect to the characteristics on which region uniformity is based. 

2.2.1 Segmentation based on thresholding 

Thresholding is a useful technique for images containing solid objects with 

contrasting background [14]. According to the thresholding rule, the pixels at or above 

the threshold fall outside the object. Thresholding techniques can be classified into 

bilevel and multi level thresholding. In bilevel thresholding the image is partitioned into 

two regions: object and background. Multi-level thresholding is applied when the 

image is composed of several objects with different surface characteristics, as we need 

several thresholds of segmentation. Threshold determination methods work only when 

object size is large enough to make a distinct mode in the histogram and noise is spatially 

unconelated. 

There are adaptive thresholding techniques such as Chow-Kaneko adaptive 

thresholding method [17] and Yanowitz and Bruckstein's [18] method to solve the above 

problem. In the first method image is subdivided into several sub-images and for each 

sub image histogram is computed, smoothed and a threshold is determined using 

11 



interpolation. The second algorithm locates the object in the image using the intensity 

gradient which guides to determine an initial threshold for various areas of the image. 

2.2.2 Region based segmentation 

Region based segmentation scheme attempts to group pixels with similar 

characteristics into regions. There are two region-based segmentation techniques: region 

growing and region splitting [14]. In region growing methods, the evaluated sets are 

very small at the start of the segmentation process. The iterative process of region 

growing must then be applied in order to recover the surfaces of interest. The process 

ends when there are no more pixels to be classified. In region splitting methods, the 

evaluation of homogeneity is made on the basis of the large sets of image elements. The 

entire image acts as the seed to start with. If the seed is inhomogeneous, it is split into 

predetermined number of sub-regions, typically four. The region splitting process is 

then repeated using sub-regions. Because the seeds being processed at each step 

contains many pixels, region-splitting methods are less sensitive to noise than region 

growing methods. In both approaches, their iterative structures lead to computationally 

intensive algorithms. Horowitz developed an algorithm, which incorporates the 

advantages of region growing and region splitting, and Pavlidis called the split, merge 

and group (SMG) algorithm [19]. The major disadvantage in this algorithm is that the 

resulting image comes out too square as it mimics the data structure used to represent the 

image. 

12 



2.2.3 Segmentation techniques based on neural networks 

Blanz and Gish used a three level feed forward neural network for image 

segmentation [20]. In this network, the number of neurons in the input layer depends on 

the number of input features of each pixel and number of output neurons is equal to the 

number of classes. Bababguchi et al. [21] used a multilayer network, which took the 

histogram as input and gave the desirable threshold as output, for thresholding an image. 

This network was trained with back propagation. In this method a large training set with 

known thresholds is required. A massively connected network for the extraction of 

objects in a noisy environment was developed by Ghosh et al [13]. This method takes 

into account contextual information. Cortes and Hertz [22] proposed a neural network to 

detect potential edges in different orientations and the performance of the system has 

been investigated through simulated annealing and means field annealing. 

2.2.4 Segmentation based on fuzzy clustering 

The fuzzy thresholding algorithms use S-type or ;r-type membership functions 

shown in Figure 2.3, to define fuzzy "object regions" and then select the one which is 

associated with the minimum value of the grayness or geometrical ambiguity measures. 

The object is enhanced from the background by the optimum membership function 

obtained. The mathematical framework of the algorithm inclusive of the S functions; its 

bandwidth and bounds were established by Murthy and Pal [23]. Other image ambiguity 

measures like fuzzy conelation, index of coverage, adjacency, etc., can also be used. 

13 
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Figure 2.3 Different types of membership functions (a) S- type and (b) n -type 

The fuzzy c-means clustering [2] algorithm has also been used in image 

segmentation [24]. The FCM algorithm uses an iterative optimization of an objective 

function based on weighted similarity measure between the pixels in the image and the 

each of the c-cluster centers. The objective function is given by 

k=\ 1=1 

(2.11) 

where /i .̂  is the fuzzy memebership value of the kth pixel in the ith cluster. It is given by 

14 



M,* = 

\ 

^k - V , 

l / (m-l) 

;=i 

\ 

h -^i 

l/(m-l) ' i=l,2,...,n; k=l,2,...c (2.12) 

flf,^ is an inner product induced norm metric. 

d.,= ^k - ^ i (2.13) 

and V. is the centroid given by 

(2.14) 

The value m controls the degree of clustering with hard clustering at m=l and 

increasingly fuzzier clustering at higher values of m, V is the set of c-cluster centers and 

U is the fuzzy c-partition of the image. Trivedi and Bezdek proposed a fuzzy set 

theoretic image segmentation algorithm [24]. This method is based on region growing 

using pyramid data structure. In a multilevel segmentation experiment, when the image 

elements have largest cluster memebership values of greater than prescribed threshold, 

level I regions are considered homogeneous. If the homogenity test fails, the regions are 

split to form next level regions which are subjected to FCM algorithm. The FCM is 

computationally too complex to be applied for real time image segmentation. Keller and 

carpenter [25] used a modified version of FCM where cluster centers are updated using 

the FCM formula but new memebership values for each point are calculated using an S-

type function based on the feature value of each point and the fuzzy means. Backer [11] 

15 



developed a clustering algorithm which partitions the sample into disjoint sets initially. 

Then a membership function is assigned to those initialised clusters according to affinity 

mechanisms based on the neighborhood concept, distance concept and probabilistic 

concept. Updating the partition is then done using a criterion function which is a measure 

of fuzziness of inter fuzzy set distance and fuzzy similarity. Fuzzy measures and 

integrals have also been used for image segmentation. 

2.2.5 Segmentation methods based on integrating neural networks 
and fuzzy methods 

Two recent algorithms which integrate neural networks and fuzzy sets are 

Adaptive Fuzzy Leader Clustering algorithm [9] and the Integrated Adaptive Fuzzy 

Clustering [10]. The approaches and performance of lAFC which is an improved version 

of AFLC is discussed in the next chapter. 
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CHAPTER m 

ADAPTIVE INTEGRATED FUZZY CLUSTERING 

In recent years, many researchers have addressed neuro-fuzzy clustering 

algorithms. Such clustering algorithms have an inherent restriction in identifying the 

actual decision boundaries among clusters with overiapping regions, which are caused 

due to the choice of similarity measure and representation of the clusters. The integrated 

adaptive fuzzy clustering (lAFC) generates improved decision boundaries. This is 

achieved by introducing a new similarity measure and by integrating the advantages of 

the fuzzy optimization constraint of fuzzy c-means (FCM), the control structure of 

adaptive resonance theory (ART-1), and a fuzzified Kohonen-type learning rule. 

3.1 Integrated adaptive fuzzy clustering model 1101 

lAFC incorporates a new similarity measure for the vigilance criterion and a new 

learning rule into neural network architecture based on ART-1. lAFC updates the 

number of clusters in the data set during processing of data and does not assume the 

number of clusters a priori. 

In lAFC, a new similarity measure, which incorporates a fuzzy membership value 

to Euclidean distance, is used for vigilance criterion. This yields more flexibility to the 

shapes of the clusters formed since it considers the Euclidean distance between the input 

pattern and the centroid of a winner and also the relative proximity of the input pattern to 

17 



the currently existing cluster centroids as a degree of similarity. This new similarity 

measure is defined as follows: 

-̂m. x-v, (3.1) 

Where ]u. is the fuzzy membership value of the input pattern in the /"" winning cluster, 

7 is a multiplicative factor that controls the shape of the clusters, 

X is the input pattern, 

V- is the centroid of the /"" winning cluster 

is the Euclidean distance. 

In specific applications, this new similarity measure may yield better 

classification since an input pattern can be assigned to a winning cluster due to its large 

fuzzy membership value in that cluster whereas the same input pattern may be considered 

as an outlier when Euclidean measure is used. The vigilance parameter value, which the 

user decides, determines the outlier location. 

The learning rule in lAFC incorporates a fuzzy membership value, intracluster 

membership value, and a function of number of iterations into a Kohonen type learning 

rule. Though the fuzzy membership value used here is based on the FCM model, the 

number of clusters in lAFC is updated dynamically. The new similarity measure causes 

the centroids to drift around and prevents weights from converging fast. But, the 

intracluster membership value, which is decided by the distance between the input pattern 

and the centroid of the chosen cluster, eliminates the problem of convergence. 

lAFC algorithm consists of three steps: 

18 



1. Deciding the winning cluster, 

2. Vigilance test, 

3. Updating the centroid of the winning cluster. 

The input pattern is normalized prior to presenting to the neural network and fed in 

parallel to the input pattern to the neural network to find the winning cluster. After the 

normalized input pattern is applied to bottom up weights, which are the normalized 

version of the centroids of clusters, competition among neurons in an output layer occurs 

in a winner-take all fashion. The neuron that receives the largest input activation Y-

wins the competition: 

Y,=t'>'''^n (3.2) 

Where 7̂  is the kth component of the normalized input pattern, Z?̂. is the bottom-up 

weight from the kth-input node to the ith output node (cluster). 

The winner in this process is decided by the angle between the input pattern and 

the centroids of the clusters. In this process, if the direction of the centroid of a cluster 

has the smallest angle with the input vector, then the input vector is classified in that 

cluster even though its centroid is located farther away from the input pattern than other 

cluster centroids. This leads to misclassifications. In that case Euclidean distance 

serves as a better similarity measure to determine the winner. But the cluster centroids 

do not reach their appropriate locations in the early stages of learning. 

In lAFC, these problems are taken care of by using a combined similarity measure 

to decide the winner. Once the winner is decided by the dot product the algorithm 

19 



compares the fuzzy membership value of the input pattern in the winning cluster with the 

user decided parameter cr, as a threshold of the fuzzy membership value. If the 

parameter O" is high, the dominant similarity measure to decide a winner is taken to be 

the Euclidean distance between the input pattern and the cluster centroid. If parameter 

G is low, the dominant similarity measure to decide the winner will be the angle between 

the input pattern and the cluster centroid. 

This figure shows a classification error introduced when the maximum of the dot 

product alone classifies the input vector. In Figure 3.1(a) a new input vector x is 

compared against centroids vi and V2. Equation (3.2) finds centroid V2 as the winner 

(maximum dot product or equivalently, minimum angle). Whereas by comparing the 

fuzzy membership value of the pattern with the threshold, this centroid is rejected and 

centroid vi is selected as the winner and updated to include this new input vector. If 

Euclidean distance between the normalized input vectors and centroids is used for 

clustering, misclassification occurs as shown in Figure 3.1(b). The combined similarity 

measure with the Euclidean distance calculated between the original input pattern and 

centroids thus gives better clustering. This is implemented in lAFC 

20 
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Figure 3.1 Disadvantages of single similarity measure (a) Effect of single similarity 
measure (b) Effect of calculation of Euclidean distance after normalization 

A new vigilance criterion using the unnormalized input data pattern (x) is used in 

lAFC to justify the validity of the ith-winning cluster. The following vigilance test is 

performed after selecting the winning cluster: 

-WJ, 
j c - u . < T , (3.3) 

Where r i s the vigilance parameter and the value of y is normally chosen to be l.The 

vigilance parameter value is directly proportional to the size of the cluster. 

The fuzzy membership value is decided as follows: 

Nl/(m-l) 

l^i = - _ L x-v, 
\ 

l/(m-l) ' 
(3.4) 

/=i \x-v, 
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Where n is the number of existing clusters, m[l,oo) is a weight exponent whose value is 

experimentally set to 2. Value of n is updated during clustering unlike FCM where all the 

centroids are updated. 

For the winning cluster which satisfy the vigilance test centroid is updated as 

follows: 

' ^ fuzz\' ' I I '^ fuzzy X, (3.5) 

Where Â „.̂ , is f{l)Jr{x-v.''"'\T).p.\ 1 is the number of iterations, 7r(x;i;/^"'\T) 

decides the intracluster membership value of the input pattern in the ith winning cluster. 

f{l) = ll{k{l-!) + {}, 

where, k is a constant. 

The 71 -function is defined as 

(3.6) 

(old) 
n(x;vr\t) = 

(old) [-2( 

0, jc - V. 

x-v 
(old) 

(old) 

IT)'^\whenO< x-v 

fr)^jwhenr/2< x-v 

when > T. 

(old) 

< T / 2 

(old) ^ ^ (3.7) 

The centroid of each cluster is used as the top-down weight related with each 

cluster. 

lAFC initially starts with number of clusters set to O.The first input pattern 

presented becomes the first centroid. Since only one cluster is present the fuzzy 

membership value of the next input centroid will obviously be one. In that case, the 

vigilance criterion is just X-V: < T. If it satisfies the vigilance test, the centroid is 

22 



updated by the statistical average between the two points. After more than one cluster is 

formed, I AFC uses the fuzzy membership value for the vigilance test and the intracluster 

membership value for updating the centroid of the winning cluster. 

3.2 lAFC algorithm nOI 

lAFC algorithm can be summarized as below. 

1. Initialize output neurons, input neurons and parameters n=0, T ,a . 

2. Apply the next input pattern x. 

3. Find the output neuron or the winning cluster. 

4. Calculate the fuzzy membership value of the input pattern in the winning cluster. 

5. If the fuzzy membership value is less than the value of the parameter a, find the 

closest cluster to the input pattern as a new winning cluster. 

6. If the winning cluster satisfies the vigilance test, go to step 8;otherwise go to step 7. 

7. Temporarily reset the winning output neuron. If all committed output neurons are 

reset, activate the first uncommitted output neuron, form a new cluster, and go to step 8; 

otherwise, go to step 3. 

8. Update the centroid of the winning cluster and both bottom-up and top down weights. 

Enable reset output neurons and go to step 2. 
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lAFC algorithm is schematically represented in Figure 3.2. 

Initialize Parameters, input and output 
neurons 

Present the input pattern x 

Compute normalized input pattern I 

Decide a winner using a combined similarity measure 

Dot product between 
I and bottom up 

weights 

Euclidean distance 
between x and cluster 
centroids (top-down 

weights) 

Perform Vigilance Test 

Update Bottom-up weights and top-down weights 
(cluster centroids) 

Figure 3.2 A Schematic Representation of the lAFC algorithm [10] 
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3.3 Adaptive clustering of IRIS data set 

The efficiency of lAFC is elucidated by testing it on IRIS data, which is a 

standard data used for testing clustering algorithms. 

The IRIS data set consists of 150 samples, each sample having four features. 

This data set consists of three subsets and each subset has 50 data. The effect of various 

parameters on the number of clusters formed and the resulting misclassifications in the 

IRIS data is studied. Figure 3.3 shows the effect of the vigilance parameter on the 

number of clusters formed when lAFC was used to cluster IRIS data with k = 0.5 and 

a = 0.4. The optimal range of the vigilance parameter, in which the IRIS data set is 

classified into three clusters, is between 1.5 and 2.2. While clustering unlabeled data a 

validity measure has to be used to find the optimal range of vigilance parameter value. 

Figure 3.3 Number of clusters versus the vigilance parameter for IRIS data [10] 

Figure 3.4 shows the number of misclassification versus the number of iterations 

for different values of constant k when vigilance parameter is 1.5 and parameter cr = 0.4. 
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Figure 3.4 Number of misclassification versus Number of iteration for 

different k values[10] 

For large values of k (k=50), the lAFC algorithm is under trained and yields 16 

misclassifications. Over-training occurs when the constant k is small (0.5-1). The value 

of k is generally fixed to 2 for optimum performance. 

The effect of parameter a on the number of misclassification depends on the 

structure of the data set [10]. 
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CHAPTER IV 

SEGMENTATION OF SYNTHETIC IMAGES USING ADPATIVE CLUSTERING 

Using it for the segmentation of various simulated images, tests the validity of 

segmentation based on integrated adaptive fuzzy clustering algorithm. 

4.1 Segmentation of a binary synthetic image 

The binary image has two different image intensities, 0 and 255(8-bit color 

depth). lAFC based segmentation of this image resulted in two clusters with centroid 

values 255 and 0 respectively. The original image, the segmented image and their 

corresponding histograms are shown in Figures 4.1, 4.2 and 4.3. 
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(a) Original Image (b) Segmented Image 

256 X256 T =L0, k =2, G = 0.5 

Iterations I = 5 

Figure 4.1 Binary image (a) Original image and (b) Segmented image 
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X 10 Histogram of the Original Image 
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Figure 4.2 Histogram of the original binary image 
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Figure 4.3.Histogram of the segmented binary image 

Visual inspection of the histograms reveals that there is almost no 

misclassification. 

4.2 Segmentation of a simulated image with multi gray levels 

The image was simulated with four different gray level intensities, 255,192,169 

and 86 (8 bit color depth). 

lAFC based segmentation of the image resulted in four clusters with centroid 

values 255,192,169 and 86. The original image, segmented image and their 

conesponding histograms are in Figures 4.4, 4.5 and 4.6. 
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(a) Original image (b) Segmented image 

256X256 T =L0, k =2. G = 0.5 

Iterations I = 5 

Figure 4.4 Simulated image with four different gray level intensities: 
(a) Original image and (b) Segmented image 
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Figure 4.5 Histogram of the 4 gray level image 
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X 10 Histogram of the image after segmentation 
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Figure 4.6 Histogram of the segmented 4 gray level image 

4.3 Segmentation of simulated noisy image 

Adding random noise to an image with two different gray level intensities (0 and 

255) simulated the image. Mean squared error between the pristine image and the noisy 

image is 193.5. 

LAFC based segmentation when applied to the noisy image caused three clusters 

to be formed one being the noise cluster. The original image and the segmented image 

and their conesponding histograms are shown in Figures 4.7, 4.8 and 4.9. 
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(a) Original Image (b) Segmented image 

256X256 T =L0, k =2, G = 0.5 

MSE = 193.5 Iterations I = 5 

Figure 4.7 Simulated noisy image (a) Original image and (b) Segmented image 
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Figure 4.8 Histogram of the simulated noisy image 
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Figure 4.9 Histogram of the noisy image after segmentation 

By adjusting the value of the vigilance parameter, the noise pixels were 

successfully clustered into a separate cluster with centroid value 167.373. Other two 

cluster centroids being 252.75 and 3.07. Any filtering algorithm when applied to the 

segmented image would remove the noise much better than when applied to the original 

image. As an example, the result of applying median filter and despeckling on the 

original noisy image and the segmented image is shown in Figure 4.10. 
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Figure 4.10 Result of filtering (a) the original noisy image and 
(b) the noisy image after segmentation 

MSE of the filtered image without segmentation was found to be 66.9 whereas the 

MSE of the filtered image after segmentation was found to be 14.5. From the above 

results it is evident that noise removal in the segmented image is much better than in the 

original image. But this kind of noise removal will only be effective when the noise 

pixel intensities are well separated from those of the background and the objects. 

Chapter V discusses the application of lAFC based segmentation on simulated 

medical images. 
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CHAPTER V 

SEGMENTATION OF MEDICAL IMAGES USING 
ADAPTIVE CLUSTERING 

The general objective of segmentation of medical images is to find regions, which 

represent homogeneous anatomical structures. As in the case of natural-scene vision, 

segmentation is a crucial step in building systems for the automatic analysis of the 

imaged "world". In fact, the availability of regions that represent single structures 

makes tasks such as interactive visualization and automatic measurement of clinical 

parameters directly feasible. In addition, segmented images can be further processed 

with computer vision techniques to perform higher-level tasks such as shape analysis and 

comparison, recognition and clinical decision-making. Segmentation is often a first step 

in a computer vision system for diagnosis of medical images. Segmentation is 

performed in an attempt to reduce the large amount of information present in an image to 

a point where an automated process can recognize the objects of interest in the images. 

The gray value of the pixels and the profile analysis of images can be a powerful means 

for segmentation of medical images. lAFC based segmentation is applied to a limited set 

of simulated medical image to test its validity. The misclassification rate (MCR) which 

is defined as the number of pixels misclassified by the algorithm divided by the total 

number of pixels [26] is used as the error measure. 
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5.1 Segmentation of Medical Images using lAFC 

The lAFC based segmentation approach is tested on simulated Magnetic 

Resonance (MR) brain images obtained from the Brainweb simulated brain database at 

McConnell Brain Imaging Center of the Montreal Neurological Institute, McGill 

University [27]. These simulations are based on the anatomical model of the normal 

brain as shown in Figure 5.1. It serves as the truth model for analysis procedi 
lures. 

Figure 5.1 Anatomical truth model of brain slice image 

The brain image was simulated with Tj-weighted contrast, 1-mm cubic voxels, 

0% intensity non-uniformity and 0% noise. The slices used correspond to the stereotaxic 

coordinates X- 0.0mm, Y- -18.0mm and Z - 18.0mm. The simulated image is shown in 

Figure 5.2. 
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Figure 5.2 Simulated MR phantom of brain slice image 

The fuzzy models for five different tissue classes, i.e., white matter, gray matter, 

cerebrospinal fluid, skin/muscle, and skull are used to generate truth model for each class 

as shown in Figure 5.3(a)-(e). These images are generated by enhancement and contrast 

stretching and are used as ground truth for error analysis. 
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Figure 5.3 Truth model of each class (a) Gray matter, (b)wnite matter, 
(c) Cerebrospinal fluid, (d) Skull, 
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Figure 5.3 Continued, (e) Skin/Muscle 

lAFC based segmentation of any image yields different number of clusters for 

different vigilance parameter values. Table 5.1 shows the number of clusters formed for 

different vigilance parameter values on performing lAFC based segmentation on the 

simulated MR brain image. 
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Table 5.1 Number of clusters versus vigilance parameter for simulated 
MR brain image 

Vigilance 

Parameter(T) 

1 

5 

10 

15 

20 

25 

50 

65 

70 

80 

100 

120 

150 

Number of 

clusters( c) 

101 

41 

22 

16 

13 

9 

7 

5 

4 

3 

2 

2 

2 
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The plot of r versus c for the simulated MR brain image is shown in Figure 5.4. 

Number of clusters versus vigilance parameter (Simulated MR brain Image) 
120i . , . ^ ^ ' 

100 

50 100 
Vigilance Parameter 

150 

Figure 5.4 Vigilance Parameter versus no. of clusters plot for the simulated MR brain 

image 

It is evident from the plot of T versus c that the given image can be segmented 

into desired number of clusters by varying the vigilance parameter. To obtain the 

segmentation results most near to the truth models varying combinations of vigilance 

parameters and clusters were tried and a vigilance parameter value of 20 was found the 

most appropriate in performing lAFC based segmentation of the simulated MR brain 

image. Except for the clusters representing most neariy the five tissue classes others 
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were discarded from evaluation. The segmentation results of the five tissue classes are 

shown in Figure 5.5. 

Figure 5.5 lAFC based segmentation (a) Gray matter with skin/muscle (b) White matteri 
with skin, (c) Cerebrospinal fluid with skin, (d) Skull 
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Figure 5.5 Continued, (e) Skin/muscle 

5.1.1 Visual Evaluation 

As seen from the results, lAFC produces segmentation similar to the truth models. 

The results show that four distinct class of tissues, i.e., white matter, gray matter, 

cerebrospinal fluid, and skin are well recognized when visually compared with their 

respective truth models. It is seen that there is an overiap of skin, muscle or fat tissue in 

some of the classes. With a little anatomical knowledge, this overiap can be easily 

identified. So, it does not affect the classes significantly. 
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5.1.2 Quantitative Evaluation 

The MCR, which gives an evaluation of the number of misclassifications, was 

used as the enor measure for quantitative analysis. Table 5.2 shows the MCR for the 

five different tissue classes under consideration. 

Table 5.2 Percentage MCR for segmentation result of simulated MR brain image 

Tissue Class 

Gray Matter 

White matter 

Cerebrospinal Fluid 

Skull 

Skin/Muscle 

Average MCR 

%MCR 

4.9% 

2.468 % 

3.448 % 

3.326 % 

2.988 % 

3.426% 

5.1.3 Comparison of Segmentation Results 

The comparison of segmentation results of the simulated brain image for 0% 

intensity inhomogenity, using lAFC based segmentation, and Mass Constrained 

Detenninistic Annealing (DA) based segmentation is shown in Table 5.3 [28]. 
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Table 5.3 Comparison of results based on lAFC and Mass constrained DA 

Tissue class 

Gray Matter 

White Matter 

Cerebrospinal Fluid 

Skull 

Average MCR 

lAFC 

4.9% 

2.468 % 

3.447 % 

3.326 % 

3.535 % 

Mass Constrained 

DA 

4.95 % 

2.72 % 

4.4% 

4.4% 

4.06% 

It is seen that lAFC based segmentation gives better % MCR for all the tissue 

classes. It is also shown that average MCR for mass constrained DA based segmentation 

of the simulated MR brain image is comparable to that produced by other techniques like 

Fuzzy C-Means (FCM) and Adaptive Markov Random Field (AMRF) method as given in 

[28]. From Table 5.3, it is evident that lAFC gives better average % MCR than mass 

constrained DA. 

Though lAFC based segmentation produces efficient segmentation in this case it 

is generally assumed that segmentation quality will deteriorate with increase 

level and intensity non-uniformity. 

in noise 
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CHAPTER VI 

CONCLUSIONS 

Most neuro-fuzzy clustering models based on Kohonen and ART neural networks 

suffer from restrictions in shape of the cluster fonned which makes it difficult to 

determine the non-linear decision boundaries when the clusters are closely located. 

lAFC attempts to solve the problem of restricted decision boundary and other structural 

problems by integrating the advantages of the fuzzy optimization constraint in FCM, the 

control structure of ART-1 and a fuzzified Kohonen-type learning rule. The new learning 

rule yields a learning rate that combines the traditional learning rate with not only the 

fuzzy membership value of the input pattern but also the intracluster membership value 

thus reducing the chances of misclassifications. The new similarity measure allows the 

determinadon of non-linear decision boundary surfaces for clusters in proximity due to 

the use of a relative distance instead of Euclidean distance to obtain the degree of 

similarity without imposing additional computational burden. These result in an 

enhanced performance with the lAFC but the analysis is complicated. 

There are many techniques available for segmentation of images. But many of 

these techniques are suitable for specific classes of images. lAFC based segmentation 

makes use of both fuzzy systems and neural networks for efficient segmentation of 

images. This technique can be applied to most classes of images once the vigilance 

parameter for those classes of images is found. 
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It is seen from the results obtained that lAFC based segmentation effectively 

segmented the simulated test images. It is also seen that when applied to a noisy image 

the noise cluster could be isolated provided noise pixel intensities are well separated from 

the object pixel intensities. 

Real time image segmentation could be efficient when lAFC is used since the 

vigilance parameter can be easily fixed for the number of segments required for efficient 

segmentation of the image. 

The computational time involved for each iteration of lAFC based segmentation 

was found to be approximately 10 seconds when executed on a 400 MHz dual processor 

Pentium machine for a 256 X 256 8-bit gray scale simulated brain MR image. 

lAFC based segmentation has only been tested on a limited set of simulated 

images. This indicates the potential strength of its use in real time segmentation of 

medical images. The AFLC has been used on monochrome and color images for 

clustering and vector quantization that involves partitioning of feature vectors into 

subsets [32]. Similariy, lAFC based segmentation algorithms could be modified for use 

on color images. 
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