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ABSTRACT

Attributes of an object contain its fundamental properties. Attribute data is

the main source of clustering information. Although relationship data is an

extrinsic property of objects and is at least as important as attribute data, most

clustering methods process only one type of characteristic data. However,

analyzing attribute and relationship data together in applications such as market

segmentation, social network segmentation, and image segmentation can lead to

better and more meaningful clustering. In this study, we describe a new algorithm

that combines attribute and relationship data for joint clustering analysis. An

experimental evaluation demonstrates the usefulness and accuracy of the

proposed algorithm when applied to image segmentation.

Keywords: clustering, attribute data, relationship data, joint clustering, image
segmentation

Subject Terms: Engineering

iii



DEDICATION

This thesis is dedicated to my father Zhi Lin DENG and my mother Bi

Qiang YANG.

iv



ACKNOWLEDGEMENTS

So many people have encouraged and supported me throughout the

writing of my thesis. I would like to thank many 'friends, relatives, and supporters

who have made this happen.

I would like to thank MEG Laboratory, Down Syndrome Research

Foundation, Burnaby, Be for supporting me by providing the MEG data and

channel map.

I am indebted for the help and expertise provided to me by my thesis

committee members, Professor John D. Jones, Dilip B. Kotak and Ljiljana

Trajkovic. As well, I would like to thank Professor Faisal Beg for introducing me

the world of Medical Image Processing and Dr. Ozge Uncu for his patience in

answering my questions on traditional clustering methods.

I would like to express my unreserved thanks to Professor William A.

Gruver, my supervisor, who meticulously and with great care and attention to

detail advised me and motivated me to produce this thesis. Without his

supervision, this thesis would never have been completed in a satisfactory

manner.

Finally, my special thanks deep from my heart to my father, my mother,

my loving husband and my son/daughter who started to kick me as I am writing

this acknowledgement page.

v



TABLE OF CONTENTS

Approval ii

Abstract iii

Dedication iv

Acknowledgements v

Table of Contents vi

List of Figures viii

List of Tables x

Chapter 1 Introduction 1
1.1 Motivation 2
1.2 Contribution 3
1.3 Outline of the thesis 4

Chapter 2 Background 5
2.1 Basic Definitions 5
2.2 Connectivity and Path 9
2.3 Path Finding Algorithms 10

2.3.1 Mathematical Representation of a Graph 11
2.3.2 Search Methods 12

Chapter 3 Traditional clustering methods 21
3.1 Basic Clustering Approaches 21
3.2 Taxonomy of Traditional Clustering Algorithms 27

3.2.1 Hierarchical Clustering Algorithms 27
3.2.2 Partitioning Clustering Algorithms 29
3.2.3 Other Clustering Algorithms 31

3.3 Relevant Work 31

Chapter 4 Joint clustering analysis with threshold 35
4.1 Graph Content Clustering Introduction 36
4.2 Problem Definition 38
4.3 Solution 39
4.4 Reassignment of Objects in R .41
4.5 Reassignment of Objects in S 42
4.6 Algorithm 47
4.7 Threshold 47
4.8 Experimental Results 48

vi



Chapter 5 Application TO medical image segmentation 59
5.1 MEG Data 61
5.2 Data Modelling 65

5.2.1 Identification of Signal Magnitude at Centre Points 66
5.2.2 Reconstruction of the Actual Image of a Time Slice 67

5.3 Image Segmentation 68
5.3.1 Identification of the Threshold 69

5.4 Image Segmentation 69
5.4.1 Identification of Threshold 70
5.4.2 Pseudocode 77

5.5 Comparison with Other Clustering Methods 79
5.5.1 Experimental Results: K-Means Clustering 80
5.5.2 Experimental Results: DBSCAI\J 82
5.5.3 Discussion 83

Chapter 6 Conclusions and future studies 85
6.1 Conclusions 85
6.2 Future Studies 87

References 89

vii



LIST OF FIGURES

Figure 1-1 Image with different object share similar attribute data
(colour) 3

Figure 2-1 A undirected graph 7

Figure 2-2 Directed graph 8

Figure 2-3 Connectivity and paths 10

Figure 2-4 Adjacency list and adjacency matrix 12

Figure 2-5 Breadth-first search 13

Figure 2-6 Breadth-first search algorithm 14

Figure 2-7 Depth-first search 16

Figure 2-8 Depth-first search: alternative paths 16

Figure 2-9 Depth-first search algorithm 17

Figure 2-10 Modified depth-first search algorithms 19

Figure 2-11 Modified breadth-first search algorithm for two nodes 20

Figure 3-1 Clustering process 22

Figure 3-2 Dendogram structure 28

Figure 3-3 Sample result for K-Mean clustering algorithm 30

Figure 4-1 Visualization of objects with attribute data and relationship
data 36

Figure 4-2 Segmentation with different thresI10Ids 37

Figure 4-3 Examples of sets 41

Figure 4-4 Bridge nodes 42

Figure 4-5 Symbol connectivity path: from the dark blue object to the
red object. 44

Figure 4-6 Pseudo code of proposed algorithm .47

Figure 4-7 Sample data set for image segmentation .48

Figure 4-8 Test data set: five images 49

Figure 4-9 Clustering results using the proposed joint clustering
algorithm 51

viii



Figure 4-10 Clustering results using NetScan 51

Figure 4-11 Clustering results using JointClust 53

Figure 4-12 Demo data set for illustrate the order dependency in
JointClust 53

Figure 4-13 Clustering results using K-Means and DBSCAN 55

Figure 4-14 Clustering results from GraphContent, NetScan, K-Means,
and DBSCAN 56

Figure 4-15 Clustering results using GraphContent, NetScan, K-Means
and DBSCAN on test data N05 57

Figure 5-1 Time slice of MEG signals 60

Figure 5-2 Channel map 62

Figure 5-3 Signals from cllannels 64

Figure 5-4 Time slice image of MEG data 65

Figure 5-5 Signal map 66

Figure 5-6 Processed time slice 68

Figure 5-7 Processed time slice 69

Figure 5-8 Sample application data set- A slice of MEG data at time 45
milliseconds 71

Figure 5-9 Level of travel. 72

Figure 5-10 Direction similarity distribution 74

Figure 5-11 Similarity distribution as a function of different travel
directions 75

Figure 5-12 Combined similarity distribution Combined similarity
distribution for direction 330 and 190 76

Figure 5-13 Pseudo Code for building the similarity distribution for one
direction 77

Figure 5-14 Pseudo Code for the building similarity distribution for
dataset 77

Figure 5-15 Pseudo Code for choosing code for determining the
threshold 78

Figure 5-16 Clusters for a time slice image 78

Figure 5-17 Clusters from K-Means using only magnitude as attribute
data. 80

Figure 5-18 Clusters from K-Means using combined attribute data 81

Figure 5-19 Clusters from DBSCAN using two sets of parameters 83

ix



LIST OF TABLES

Table 4-1 Comparison of the number of correct clusters identified by
algorithm and the actual cluster number identified by human
inspection 58

x



CHAPTER 1 INTRODUCTION

Clustering involves grouping similar objects into clusters so that the

similarity in the cluster and the dissimilarity between clusters are high [23]. It is

an important technique in the analysis and exploration of data and has been

widely used in the applications in data mining, computer graphics, and gene

analysis [30], [31]. Clustering algorithms can be roughly categorized into

partitioning methods such as K-Means, K-Medoids, hierarchical methods, and

others such as density-based methods, grid-based methods, and model-based

methods [23].

Most clustering methods use a dissimilarity measure to group objects.

Similarity is measured on chosen characteristics that can represent the object

from a certain perspective. Objects may have intrinsic and extrinsic

characteristics. All characteristics that can describe an object can be considered

as intrinsic data values, such as colour, weight, age, and height. Extrinsic data of

an object is used to describe the relationships between the object and other

objects, such as social relationships, gene relationships, and business

relationships. Most clustering methods utilize intrinsic data as characteristics by

which objects can be grouped. Hereafter, intrinsic data will be called attribute

data, whereas the extrinsic data of an object that is used to represent the

relationship between an object and other objects is relationship data. Traditional

clustering methods generally consider only attribute data while grouping objects.



Alternatively, relationship data can be treated as attribute. As social network

analysis has become widely researched, clustering methods often utilize graphs

and networks [5], [24], [28], [44], [51], [52], however, many use only relationship

data but not attribute data.

1.1 Motivation

As indicated in the last section, the majority of the existing clustering

methods utilize either attribute or relationship data, but not both. Clustering

methods based on graph relationships cannot guarantee that objects in the same

group share certain similarity according to their natural attribute characteristics.

On the other hand, objects in clusters identified using traditional clustering

algorithms will not have connection relationships.

Consider, for example, an image shown in Figure 1-1 where the sun at the

top left corner and flowers at the bottom right corner have the same yellow

colour. Let there be white clouds, blue sky, yellow flying birds, a green tree and a

brown building between the flower and the sun. If we use attribute data such as

colour to the partitioning methods in order to segment this image, the sun and

flower will be grouped into the same cluster. Whereas, if we define a relationship

between the pixels and apply a clustering method based on a graph of

relationship data, pixels with different colours that are connected in the

relationship graph will be grouped into the same cluster.

2



Figure 1-1 Image with different object share similar attribute data (colour).

For image processing applications, it is a critical task to distinguish objects

from the background as accurately as possible. However, a traditional clustering

algorithm will group different objects with similar attribute characteristics into the

same cluster, and graph based clustering will group related objects, i.e.,

connected nodes in a graph, with different attribute properties into the same

cluster. Thus, we obtain a motivation to develop a joint clustering algorithm that

groups data using a combination of attribute data and relationship data.

In our research, we focus on binary relationship data {O,1} that means that

there are two forms of relationships between any two objects inside the dataset:

1 denoting defined relationship, e.g., neighbours; or 0 denoting no defined

relationship, e.g., no neighbours.

1.2 Contribution

We propose a joint clustering algorithm that uses both relationship data

and attribute data of objects in a given data set. Unlike the clustering results that

can be acquired using graph-based or traditional clustering methods, two objects
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that share similar attribute data will not be grouped into same cluster if the

relationship data enforces that they do not belong to tl1e same group. Similarly,

objects that share similar relationship data will not be grouped into the same

group if the attribute data enforces that they are not similar enough to be in the

group. The proposed clustering algorithm addressed this latter issue. It has been

applied to a medical image segmentation application and the results were

favourable when compared with results based on traditional clustering methods.

The proposed method requires a learning parameter as user input. A method

tailored to automatically select this learning parameter for image segmentation

applications was proposed.

1.3 Outline of the thesis

An introduction to the research problem, including motivation and

contributions, is given in Chapter 1. Since the proposed method is partially a

graph-based clustering algorithm, some background on graph theory is briefly

introduced in Chapter 2. Next, a brief literature review on traditional clustering

methods is provided in Chapter 3. The details of the proposed Joint Clustering

Algorithm are given in Chapter 4. In chapter 5, the application of the proposed

joint clustering method to MEG medical data is presented and the results are

compared with those obtained using traditional clustering methods. In chapter 6,

the conclusions are drawn and future studies are listed.
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CHAPTER 2 BACKGROUND

We focus on problems for which the relationship among objects can be

identified discretely. Just as in the case of real numbers, vectors and matrices

can be the basic structures of continuous mathematics. A graph is one of the

most fundamental and expressive combinatorial structures to illustrate discrete

mathematics [33]. A graph can be represented as a collection of nodes, some or

all of which are joined with edges. Edges identify the relationships between the

nodes. Edges can be explained in various ways depending on the application. In

this chapter, we show how the relationship between the objects can be modelled

as a graph and used in a joint clustering algorithm.

2.1 Basic Definitions

A graph G is a representation of pair-wise relationships among a set of

objects/nodes. Graph G can be encoded as a collection of two subsets: a

collection of nodes/objects V and a collection of edges E that denote the

relationship between any two neighbouring nodes. An edge can be defined as

e={u,v}, eEE, er;;;.V, and U,VEV, where u and v are the end points of the edge e.

In our study, edges in a graph indicate a symmetric relationship between

the end points, which means connections from u to v and v to u are the same if

there is an edge between u and v, symmetric relationships can be demonstrated

as a undirected graph. Asymmetric relationships can be represented by a
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directed graph which contains a set of nodes V and a set of directed edges E' in

which each edge e'={u',v'}, e'E E' is an ordered pair and the roles of u' and v' are

not interchangeable. We note that only symmetric relationships are considered in

our study.

Examples of symmetric relationships are as follows:

• Transportation networks: For an airline supplier, all routes served

form a graph if we assume that for any non-stop 'flight from airport u to

airport v there is always a return flight from v to u. Based on this

assumption the map of the routes form a undirected graph, i.e., the

nodes are airports and the edges are the non-stop flights from any

airport u to any airport v.

• Communication networks: A collection of computers connected via a

communication network can be modelled as a graph. Computers are

the nodes and the directed connection between any two computers is

an edge.

• Social networks: Within any given group of people a network can be

formed, where nodes are people and an edge joining any two person

represent friendship. These edges, (i.e., relationships, can be used in

marketing strategy analysis. Other examples of social networks are

romantic relationships, financial relationships, and business

relationships.
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• Neighbourhood networks: In an image, the collection of all pixels in

the image are a collection of objects/nodes where the pixels can be

viewed as nodes. An edge exists between any two pixels if they are

neighbours.

A symmetric graph relationship that is represented in the examples can be

demonstrated as shown in Figure 2-1. The nodes in the graph can be airports

'from a transportation network, computers from a communication network, people

from a social network, and pixels in an image from a neighbourhood network.

The edges can be viewed as the flight between two airports, a connection

between two computers, friendship between two people in the group, and

neighbours of any two pixels in an image

Figure 2·1 A undirected graph.

Examples of asymmetric relationships are given below:

1. Dependency networks: In a group of objects, if an edge is used

to describe the dependent relationship between two objects, the

network is called a dependency network, which can be

represented by a directed graph. The collection of courses, and
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the diploma that offered by a university can be viewed as a

dependency network. The prerequisites of the courses are

dependency relationships.

2. Information networks: The World Wide Web can be

represented as an asymmetric graph. The collection of web

pages is the set of objects and the link relationships are the

edges. An edge e'={u,v} can be viewed as a hyperlink from web

page u to web page v. It has the direction in which u is the tail of

the edge and v is the head of the edge.

An asymmetric graph relationship can be demonstrated as shown in

Figure 2-2. The nodes in the graph can be courses or web pages. The edges

may be viewed as the prerequisite between any two courses. For example,

e={1,2} illustrates the prerequisite of course 2 for enrolling in course 1. An edge

can also be viewed as the hyperlink from one web page to another. In this case,

an edge e={1 ,2} demonstrates that the relationship between web page 1 has a

link to web page 2.

Figure 2-2 Directed graph
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2.2 Connectivity and Path

Given a graph G=(V,E) and two nodes U,VEV, we define the node-to-node

connectivity and the path by which two nodes are connected.

Suppose an airline passenger is travelling from airport u to airport v, such

as Beijing to Toronto, on a sequence of 'flights. It may contain the flight from

Beijing to Tokyo, Tokyo to Vancouver, and Vancouver to Toronto. The sequence

of the flight is defined as the path through which Beijing and Toronto are

connected. Thus, we say Beijing and Toronto are connected by a path Beijing ~

Tokyo ~ Vancouver ~ Toronto. Based on the example, we define the

connectivity of any two nodes in the object set as follows. Nodes u,v EV are

connected if there exists a path P: u ~ n1 ~ ...~ nk ~ v, k~O, which is a

sequence of the nodes that is connected by edges. If the nodes within the path

are zero, e.g., k=O, then u and v are directly connected u~v. In the preceding

example, u and v are directly connected. Although not all connected nodes are

directly connected, any two directly connected nodes are connected. For

example in Figure 2.3, node 2 and node 3 are connected by paths P1 : 3 ~ 1 ~ 2

and P2: 3 ~ 4 ~ 2, but they are not directly connected, Any two connected

nodes in a graph have to be connected by at least one path. Among all paths that

connect two nodes, the path that has the smallest number of sequence nodes is

the shortest path. The number n of paths that connect any two nodes in a graph

can be zero or any integer. If n is zero, then the nodes are not connected. Vice

versa, two nodes are connected with n>O. For example, in Figure 2-3 node 1 and
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node 14 are not connected because there does not exist a path that connects

node 1 with node 14.

Figure 2-3 Connectivity and paths

2.3 Path Finding Algorithms

One of the key questions in this research is how to find the path which

connects any two given nodes during a clustering process. The analysis of the

path that connects two nodes will help grouping the nodes to a more compact

cluster based on criteria which will be explained later. We assume that the

edges in the graph are given unity weight. In addition, if two nodes are

connected in a graph, there may be more than one path between two nodes. In

order to 'find a path between two objects, we designed a solution based on well

known search methods. Hence, some background on search algorithms will be

provided. These methods will then be tailored and applied to the proposed

algorithm of Chapter 4. The background information that will be introduced in this
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section includes the mathematical representation of a graph, breadth-first

searching algorithms, and depth-first searching algorithms.

2.3.1 Mathematical Representation of a Graph

Adjacency lists and adjacency matrices can be used to represent a graph

G=(V,E). Both are used to represent directed and undirected graphs. An

adjacency list represents a graph G=(V,E) by a number n of the list, where n is

the number of objects in the data set V. Each node has its own list in which all

adjacent nodes are listed. For example, given node UE V, the list of u will contain

all nodes v such that (U,V)E E. An adjacency matrix representing the relationship

in a graph G=(V,E) can be constructed by forming an n by n matrix, where n is

the number of objects in the dataset, and then filling in the matrix with the

adjacent relationship between any two nodes. Nodes in the graph are arbitrarily

indexed in the matrix. Each node has its own row which contains IVI elements.

The elements in the ith row represent the relationships between the ith node and

all other nodes. For example, assuming nodes are numbered 1, 2, ... , IV!. the

matrix A=a(i,j) will be formed based on the rule

a(i"j) = 1 if (i,j)E E, a(i,j) = 0 otherwise

Fjgure 2-4b is the adjacency list that represents a graph from Figure 2-4a

and Figure 2-4c is the adjacency matrix representing the graph from Figure 2-4c.

11



(a) (b)

1 2 3 4 5 6

0 1 1 0 0 0

2 1 0 0 1 0 0

3 1 0 0 0 1 1

4 0 1 0 0 1 0

5 0 0 1 1 0 1

6 0 0 1 0 1 0

(c)

Figure 2-4 Adjacency list and adjacency matrix

(a) graph, (b) adjacency list for (a), and (c) adjacency matrix for (a).

2.3.2 Search Methods

Problem Definition. Given graph G= (V,E), and given any two nodes u,V

E V, find a path P= u ~ n1 ~ ...~ nk ~ v, k~O that connects u and v.

Depth-first searching and breadth-first searching are search approaches

to address this problem [7]. Both of these algorithms will build a search tree

12



starting with one of the given node as the root. Within the tree, the shortest path

to every reachable node can be found. The breadth-first search algorithm uses a

queue to hold all potential nodes that are selected 'from the graph. Each node

from the queue will be set as a parent and pop out of the queue. All its possible

children will be chosen and sent into the queue. Potential children of any node IJ

are defined as those nodes that are directly connected to u, i.e., assigned to u,

but cannot be assigned as children of another node. In other words, the possible

child nodes are those directly connected, that are not currently in the queue and

are not marked as processed. The procedure for building the breadth-first tree

can be viewed as follows: The first step is to put the specified root node into tile

queue. The second step is to pop up the 'first element from the queue, to select

all its possible children, then push all the children into the queue. The third step is

to loop through the second step until the queue is empty. Once a node is put into

the queue, it is marked as visited in a matrix, visited[u]. The procedure for

( b )( a )

1.Qf-1 ----+
2. Pop out( Q) ~ 1

Q f- (2. 3f----------------
3. Pop out(Q) ~ 2

Q f- {4} ----+
4. Pop out(Q) ~ 3----------- -----------

Q f- {} _

5. Pop out(Q) ~ 4 ----+
Q f- (5.6}----------

6. Pop out(Q) ~ 5
Q f- {7} 5 6

7. Pop out(Q) ~ 6______ _ _
Qf-{}

8. Pop out(Q) ~ 7----+
Qf-{}

9. Pop out(Q) ~ {}- - - - --

Figure 2-5 Breadth-first search

(a) graph, and (b) breadth-first tree for node 1 of (a).
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building the breadth-first tree by traversing a graph is shown in Figure 2-5.

BreadthFirstSeraching( G, s )
1. for each u E V[G] - {s}
2. visited[u] = false
3. predecessor[u] =0
4. distance[u] = 00

5. end for
6. visited[s] =true
7. distance[s] =0
8. 0 f--0
9. Enqueue (O,s)
10. while 0 is not empty
11. u f- Dequeue(O)
12. for each v E Adj[u]
13. if not visited[v]
14. distance[v] =distance[u] + 1
15. predecessor[v] = u
16. Enqueue(O, v)
17. visited[v] =true
18. end if
19. end for
20. end while

Figure 2-6 Breadth-first search algorithm

Assuming that the graph G =(V, E) is defined using an adjacency list, the

breadth-first search algorithm is shown in Figure 2-6. Let visited[u], UE V, be a

matrix to identify the status of a node. False means "the node has not been

visited, and true means "the node has been visited." Let predecessor[u] be the

matrix that stores the child of each node, UE V, and distance[u] be the matrix to

store the distance between all sand u, where u, SE V. The algorithm can be

described as follows. The root node s is the starting point and the input of the

algorithm. Line 1-5 in Figure 2-6 initializes the starting point by assigning a

14



related value to node s as not travelled. Line 6 -9 initializes node s as visited, the

queue Q as empty and pushes node s into Q. Line 10-18 pops out nodes from Q

until Q is empty, and every node that is popped out from Q its adjacent

neighbours which are not visited will be pushed into the queue and marked as

visited.

Depth-first search is a search mechanism that progresses by expanding

the first child node of the search tree that appears and then goes deeper until a

goal node is found, or until a node that has no children is found. Then the search

backtracks, returning to the most recent node it had not finished exploring. For

example, given start node s, which is set as the parent node, a directly

connected child u will be randomly selected. Then, u will be set as the parent and

the same procedure will continue until reaching node u' which does not have any

child. Then the algorithm will go back from u' to its parent v, try to find the second

child, and go through this branch until a node is obtained with no child. This

procedure will continue until the algorithm reaches the starting node s and it

finishes all its branches. The tree structure that shows the paths between node 1

and other nodes in the graph shown in Figure 2-7a is illustrated in Figure 2-7 (b).

Given node 1 as the start point, node1 is chosen as the parent. Then, node 3,

one of the nodes directly connected to node 1, is randomly chosen as the next

parent. A similar procedure is applied to identify nodes 4, 5, and 7 as the next

parent nodes in the sequence. Since node 7 has no child, the algorithm

backtracks to node 5 since it has an unprocessed child. Similarly, node 5 does

not have a child node. Thus, the algorithm backtracks to node 1 and identifies

15



node 2 as the child and the last unprocessed node. At this point when all nodes

in the graph are processed, the algorithm is terminated.

5 6

( a )

4

(1 (3 (4 (5

5 6 7 8 9 10 1 12 13 14

(7 7) 5) (6 6) 4) 3) (2 2) 1)

( b )

Figure 2-7 Depth-first search

(a) graph, and (b) depth-first tree for node 1 of (a).

( a )

3 4 5 6 7 8 9 1011 12 13 14

(1 (2 (4 (66) (5 (77) 5) 4) 2) (3 3) 1)

( b)

Figure 2-8 Depth-first search: alternative paths

(a) graph, and (b) depth-first tree for node 1 of (a).
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The tree structure is dependent on which child is selected to grow the tree

deeper. Assume the first child for node 1 is randomly chosen as node 2, and the

first child of node 4 is randomly chosen as node 6. The tree structure for the

graph and root node 1 in Figure 2-8a is shown in Figure 2-8b. Thus, the depth-

first search mechanism is sensitive to the choice of child selection.

DepthFirstSearching(G,s)
1. for each u E V[G] - {s}
2. visited[u] = false
3. predecessor[u] =0
4. distance[u] = 00

5. end for
6. visited[s] =true
7. distance[s] = 0
8. DFS-node(s)

(a)

DFS-node(u)
1. for each v E Adj[u]
2. if not visited[u]
3. distance[v] = dlstance[u] + 1
4. predecessor[v] = u
5. visited[v] = true
6. DFS-node(v)
7. end if
8. end for

(b)

Figure 2-9 Depth-first search algorithm

(a) main function, and (b) node search.

Assume that the graph g=(V,E) is using a adjacency list. The depth-first

search algorithm is shown in Figure 2-9. Let visited[u], UE V, be the matrix to

identify the status of a node. As stated previously, false means not being visited

17



and true means the node has been visited. Let predecessor[u] be the matrix that

stores the child of each node, UE V (if there is any), and distance[u] be the matrix

to store the distance between all sand u, u, SE V. The algorithm is as follows.

One nodes s is assumed to be the starting point of the depth-first search

algorithm. Line1-5 initializes all nodes except node s as never visited. Line6 -7

initializes node s as visited. Line 8, starts the depth search for node s. The

depth-first search (DFS) algorithm in Figure 2-9b is a recursive algorithm. Node u

is the input node to initiate the search. Every node in the adjacent list, if not

marked visited, will call the DFS-node to find its depth-first traversing tree.

By building the search tree of the entire graph, either using the breadth

first algorithm or the depth-first algorithm can give the shortest path from a given

root node to any other nodes in the graph.

In this research, a clustering algorithm requires finding the shortest path

for any given pair of nodes and traveling along a direction until a stopping

criterion is satisfied. One possible criterion can be obtaining a node that has a

certain attribute or a maximum number of hops in the path. Both breadth-first

and depth-first algorithms construct a tree to find the path between a root node

and any other node in the graph, a process which can be time-consuming. In

order to address the first issue, the breadth-first search algorithm is tailored to

find the path between any two given nodes. To address the second issue, we

modify the depth-first search algorithm to travel along the direction until certain

criteria are satisfied. The modified algorithms are shown in Figure 2-10 and

Figure 2-11 .
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DepthFirstPathSearching(G ,s, s')
1. for each U E V[G] - {s}
2. visited[u] = false
3. predecessor[u] == 0
4. distance[u] =00

5. end for
6. visited[s] =true
7. distance[s] == 0
8. MDFS-node(s,s')

(a)

Modified DepthFirstSearchingNode
MDFS-node(uru')

1. for each v E Adj[u]
2. if hot visited[u]
3. distance[v] = distance[u] + 1
4. predecessor[v] = u
5. visited[v] = true
6. if given criteria is satisified (e.g, distance[v] >

given D)
7. return;
8. end if
9. DFS-node(v)
10. end if
11. end for

(b)

Figure 2-10 Modified depth-first search algorithms

(a) Modified depth-first search for two nodes, (b) Node search of modified depth-first
search for two nodes
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AdjustBreadthFirstPathSearching( G, s, s' )
1. for each u E V[G] - {s}
2. visited[u] = false
3. predecessor[u] = 0
4. distance[u] =00

5. end for
6. visited[s] = true
7. distance[s] = 0
8. Q~0

9. Enqueue (Q,s)
10. while Q is not empty
11. u ~ Dequeue(Q)
12. for each v E Adj[u]
13. if not visited[v]
14. distance[v] = distance[u] + 1
15. predecessor[v] = u
16. Enqueue(Q, v)
17. vislted[v] = true
18. end if
19. if visited[s']
20. return
21. end for
22. end while

Figure 2-11 Modified breadth·first search algorithm for two nodes.
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CHAPTER 3 TRADITIONAL CLUSTERING METHODS

Clustering involves grouping similar objects together. In this chapter, a

review of clustering methods will be provided. The remainder of the chapter is

organized as follows. A general introduction for the clustering problem will be

provided, the desirable characteristics of clustering algorithms will be defined,

and applications of clustering methods will be discussed. The taxonomy of

clustering algorithms will be discussed, followed by a review of methods for each

class of clustering methods. Finally, advantages and disadvantages of various

clustering methods will be discussed.

3.1 Basic Clustering Approaches

Since clustering involves grouping similar objects together, the members

of a cluster must be similar and members of different clusters must be dissimilar.

Since clustering algorithms do not require predefined classes, they are known as

unsupervised methods. The clustering process is illustrated in Figure 3-1.

Key questions to be answered are how to de'fine objects, how to define

similarity between objects, how to select clustering method parameters, and how

to validate the results. Since the selection of clustering method parameters is

algorithm dependent, the details will not be addressed.
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Figure 3-1 Clustering process

Object definition refers to the data types and models of raw data

presented to the clustering algorithm, i.e., data model, whereas similarity refers

to measures that determine whether an object is close enough to the cluster to

which it belongs and whether an object is far enough to the cluster to which it

does not belong. The data types in the data set to be clustered impose similarity

measures that can be used while clustering the data.

Data types and data modelling are the most important aspects of clustering. Data

types can be categorized into the following six types [23]:

• interval-scaled (e.g., weight, height)

• binary (e.g., smoker/non-smoker)

• nominal (e.g., colours)

• ordinal (e.g., ranks in sports events)

• ratio-scaled (e.g., growth of bacteria population)

• mixed.
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An interval-scaled data type have values that are real numbers and linear

scales, whereas, binary variable data types have values 0 or 1. Nominal data

types are extensions of binary variables, whereas nominal data types can have

more than two states. The ordinal scale data type is a further extension of the

nominal data type. Data types with positive real values and nonlinear scales are

called ratio-scaled. A data set can be a collection of one or more of the above

data types.

Data modelling also plays an important role in the design of clustering

methods. Data modelling can encompass how data is presented to the clustering

algorithm and the how the relationship between objects to be clustered is

defined. Data transformation methods that are heavily utilized in data mining can

be used to deal with data presentation. Data transformation methods can convert

one type of variable to another in order to transform raw data into a more

appropriate format for applications. For example, a nominal variable with four

states can be converted into four binary variables. As another example, ratio

scaled variables can be transformed into interval-scaled by logarithmic

transformations. Feature extraction methods can also be utilized, including

Principal Component Analysis (PCA), Factor Analysis (FA), Independent

Component Analysis (ICA) [27], Discriminant Analysis (DA) [13]. Data

transformation methods such as scaling directly affect clustering methods.

Depending on the variable type and on the clustering applications different

scaling methods may be appropriate.
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Data modelling also addresses how a variable of an object is defined. One

should also define how an object is represented in relation to other objects. An

object can be defined as a collection of attribute variables, a collection of

relational graphs, or a combination. Clustering algorithms using objects defined

by attribute variables are described by Kaufman [32], Ester [11], and Ng [43]. On

the other hand, clustering algorithms using objects defined by relational graphs

have been treated by Forina [14] and Zhang [61].

Similarity and dissimilarity measures are also important for the design of

clustering methods. In general, distance-based similarity measures are used with

quantitative data. These similarity measures include Minkowski distance,

Euclidean distance, Mahalanobis distance, and City Block distance. Let dU,j)

denote distance between i and j, then the mathematical requirements of distance

functions are listed as follows [23]:

Other similarity measures used for quantitative data include the Pearson

correlation and Cosine Similarity. An excellent summary of similarity measures

can be found in Xu [58]. In traditional methods, where qualitative data such as

nominal data is also transformed into quantitative data, similar distance-based

similarity measures are used.

An important aspect in the use of clustering methods is validation of the

clustering results. Cluster validity indices are defined as measures to evaluate

the results of clustering algorithms [2"1]. Cluster validity indices can be used as

• a stopping criterion for selecting the number of optimal clusters
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• measures to evaluate clustering results.

Custer validity indices are described in Halkidi [21] and Halkidi [22]. An important

measure for determining cluster validity include the modified Hubert F statistic

[49], Dunn family indices [9], Davies-Bouldin (DB) index [8], Root-mean-square

standard deviation, Semi-partial R-squared, R-squared, Distance between two

clusters [45], SO validity index [19], and the S_Dbw validity index [20]. Most of

these latter cluster validity indices either measure the quality of the cluster in

terms of cluster compactness or a combination of cluster compactness and cluster

separation. Cluster validity measures for fuzzy clustering include Partition Entropy

and Partition Coefficient [4], Sugeno-Fukuyama Index [15], and Xie-Beni [56]

indices. References [21] and [22] provide technical details for other cluster validity

indices.

We next describe desirable characteristics that clustering methods should

possess. According to Han [23], a clustering algorithm should have the following

characteristics:

• Scalability: Clustering method should be able to group a data set with a high

number of objects

• Handle high dimensionality: Clustering methods should be able to group

objects with a high number of attributes and relations

The latter two features imply that clustering methods should have low

complexity in regards to the number of objects and attributes.
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• Handle mixed data types: Clustering method should be able to group a data

set with different types of data. Data sets can consist of combination of

binary, nominal, ordinal, interval scaled, and ratio scaled variables.

• Ability to handle arbitrary shape of groups: AlthoUgh most of the well-known

clustering algorithms use Eucledian distance as similarity measure, which

results in hyper spherical cluster shapes, not all clusters should be in

spherical nature. Some clusters, especially in object recognition applications,

can have complex shapes. Clustering methods should be able deal with

groups with these shapes

• Minimal requirement for domain knowledge to determine input parameters:

Clustering algorithms are desirable to run with requiring any user input.

Having said that, in most of the clustering algorithms, some sort of domain

knowledge is used.

• Ability to handle outliers: The clustering algorithms should be able to group

similar objects in the presence of outlier data. The effect of outliers on

grouping should be minimal.

• Data order independency: The clustering results should not remain the same

regardless of the order of data presented to the clustering methods.

• Interpretability: The results of the clustering algorithm should be usable and

interpretable.
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The above should not be considered as an exhaustive list. We observe

that different clustering applications may require a clustering algorithm that has a

subset of the above features.

Clustering analysis has been widely used in statistics, data mining,

machine learning, and other applications. In Everitt [12] and Han [23], important

applications of clustering are market research (e.g., data mining groups of

customers or consumers with similar behaviours in order to optimize marketing

activities), pattern recognition, image processing, computer vision, information

retrieval (document clustering to optimize information retrieval and path traversal

clustering to find users with similar click patterns to optimize the banners and

caching), spatial data applications (e.g., geographic information systems), and

biology (e.g., groupings of DNA sequences).

3.2 Taxonomy of Traditional Clustering Algorithms

Although there is no consensus on categories of clustering algorithms,

traditional clustering methods can be classified as hierarchical clustering or

partitioning clustering.

3.2.1 Hierarchical Clustering Algorithms

Hierarchical clustering methods assemble or disassemble the data into

groups of similar data. Hierarchical clustering algorithms can be further

subdivided into agglomerative and divisive methods.

Agglomerative methods start with all objects as a separate cluster and

merge the objects gradually to obtain one single cluster (Le., a bottom-up
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approach), whereas, divisive methods start with one single cluster and gradually

divide clusters into smaller groups (i.e., a top-down approach). Hierarchical

clustering algorithms build a tree-like structure called a dendogram and exhibit a

cluster structure at every iteration. Every cluster node contains child clusters;

sibling clusters partition the points covered by their common parent. A sample

dendogram is shown in .

I I
I

I
I

I

I I
I

I
I

Figure 3-2 Dendogram structure.

Although hierarchical methods allow the user to see the sequence of

clusters formed by dividing the clusters or aggregating the data to clusters, they

have poor scalability relative to an increasing amount of data. Furthermore, a

termination criterion is needed to decide the number of clusters. Finally, the

criterion for selecting two clusters to be merged (or divided) has a great influence

on clustering results. The most commonly used criteria are single linkage,
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complete linkage, average linkage, median linkage, centroid linkage, and Ward's

dissimilarity measures.

Recent hierarchical clustering a.lgorithms using an agglomerative

approach include Balanced Iterative Reducing and Clustering using Hierarchies

(BIRCH) [60], Clustering Using REpresentatives (CURE) [17], and RObust

Clustering using linKs (ROCK) [18]. Similarly, hierarchical clustering algorithms

using divisive approaches include Divisive ANAlysis (DIANA) [32], and

MONothetic Analysis (MONA) [32].

3.2.2 Partitioning Clustering Algorithms

Partitioning methods optimally separate objects into a fixed number of

clusters such that the total deviation of each object from its cluster centre is

minimized. As the definition suggests, the major drawback of partitioning

methods require the user to assign the number of cluster a priori. The basic

concept of partitioning clustering methods involves iteratively selecting initial

cluster centres, assigning data objects to clusters based on a dissimilarity

measure, and updating the cluster centres using the mean (or median) of the

objects in the clusters. Due to the iterative process, the methods may result in

locally optimal clusters.

The most popular family of partitioning clustering algorithm is K-Means

[24]. Since this approach utilizes the mean of objects while updating the cluster

centres, it is sensitive to outliers. However, the complexity of K-Means is

generally substantially lower than the complexity of hierarchical clustering
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methods. Election of a suitable number of clusters can be addressed using

cluster validity indices. Other popular algorithms include the Self-Organizing

DaTa Analysis (ISODATA) technique [3] and the Genetic K-Means (GKM)

algorithm [35]. A sample result using the K-Means clustering algorithm is shown

in Figure 3-3. In addition to the above mentioned disadvantages, and since K

Means uses a Euclidean similarity measure, the shape of the resulting clusters is

hyperspherical. For this reason, the K-Means clustering algorithm cannot

accommodate clusters with arbitrary shapes.

Figure 3-3 Sample result for K-Mean clustering algorithm.

An extension of K-Means clustering methods is the K-Medoid clustering

method. As the name suggests, the medoid is used while updating the cluster

centres. K-Medoid clustering algorithms are more robust in the presence of

outliers. A well-known family of K-Medoid clustering algorithms is Partitioning

Around Medoids [32], CLARA [32], and CLARANS [43].
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3.2.3 Other Clustering Algorithms

Traditional clustering algorithms do not necessarily have all of the most

desirable properties of clustering methods such as ability to handle large

datasets, data with high dimensionality, and clusters with arbitrary shapes.

Several clustering algorithms have been proposed to address these issues. For

example, density based clustering algorithms such as DBSCAN [11], DBCLASD

[57], and OPTICS [2] are used to find clusters with arbitrary shapes. Grid-based

algorithms were proposed to address the scalability with increasing number of

objects. This type of clustering method utilizes the density of a set of grid cells

rather than dissimilarity measures such as distance to form clusters. However,

grid-based clustering methods are not scalable with respect to object

dimensions. Grid-based clustering methods include STING [50] and CLIQUE [1].

Similarly, WaveCluster [46] also has low complexity with respect to the number of

objects, but it cannot handle high dimensional data. CURE [17] uses sample

objects to handle the complexity with respect to number of objects and it can

handle high dimensional data. Another group of clustering algorithm is based on

graph theory. Examples of graph theory-based clustering algorithms are reported

by Forina [14] and Zhang [61]. Another type of clustering is the model-based

clustering algorithm. The Self Organizing Map (SOM) [34] is the most well-known

model-based clustering algorithm.

3.3 Relevant Work

There are several methods to combine attribute and relational data. One of

the first studies in this field was an information retrieval application, HyPursuit, as

31



proposed by Weiss, et al. [53]. Their system uses semantic information in both

document contents and a hyperlink structure to cluster documents. Link and data

(Le., content of the documents) is combined by defining a complex similarity

metric to capture both content and link structure correspondence between pages.

A similar information retrieval system is proposed by Modha [39]. Another related

work uses a stochastic model clustering method to use attribute and relational

data at the same time. One of such model is proposed in [36]. The model

considers that treats both observed link evidence and demographic information

about the entities [36]. A similar approach is proposed by Taskar, et al. [48], who

used a probabilistic relational model with an adapted EM algorithm. Other

research used a spectral graph partitioning algorithm while clustering relational

and attribute data at the same time [26]. Neville, et al. [42] used attribute-based

distance measures as weights in a relation graph and adapted a graph cutting

algorithm to use edge weights while clustering. There are also studies in which

related objects to form independent compound objects and traditional clustering

are applied [59].

Research that is closely related to our proposed method was conducted

by Ester, et al. [10] who proposed a joint clustering algorithm NetScan to solve a

connected K-Centre [10]. Their method is very similar to the well-known K-Mean

and K-Medoids clustering methods. The only difference is how data points are

assigned to clusters. The K-Means and K-Medoids algorithms determine every

object in the data set and the current cluster centres, and then assign each

object to the cluster for which the dissimilarity the objects and cluster centre is
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smallest. By comparison, NetScan uses relational and attribute data to assign

objects to the clusters. A node unassigned to any cluster can only be assigned if

and only if there is path from centre to the node in the relational graph and the

dissimilarity between the attribute data of cluster centre and the node is less than

a given threshold. The algorithm increases the radius in discrete steps until either

all nodes are assigned to a cluster or cluster centres do not change [10]. The

major drawback of this algorithm is its sensitivity to initial cluster centres. Even if

the initial cluster centres are well chosen, the image segmentation results can be

erroneous. The other major weakness of the method is the need for the user to

specify the number clusters in the data set prior. Hence, this method heavily

depends on domain knowledge.

In a recent study, Moser, et al. [41] presented a method for the

initialization of NetScan, has common ideas with our proposed method. The first

contribution of this method, which is called JointClust, is to address the

NetScan's [10] initialization difficulty. The authors proposed a two step algorithm

using relational and attribute data. The first phase of the algorithm is to identify

groups with connected nodes. To avoid sensitivity to initial Clusters, a high

number of initial centroids is randomly chosen. T~lis phase starts with cluster

centres as initial clusters. A breadth first search finds connected and unassigned

nodes. The unassigned nodes are assigned to clusters if they are directly

connected to at least one node in a cluster. At the end of this step, all nodes

(objects) in the graph (data set) are assigned to a cluster. The cluster medoids

are recalculated and the process is repeated with new cluster centres for a
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specified number of iterations that from user input. The second phase of this

method is based on concepts from bottom-up hierarchical clustering to merge the

initial cluster obtained at the end of the first step. The decision concerning which

clusters should be merged at each iteration is made by using the Joint Silhouette

Coefficient to choose the most suitable number of clusters. This method requires

three-user parameters as input: 1) data set to be clustered, 2) minimum size of

the clusters that defines the number of initial clusters to be randomly chosen, 3)

number of iterations that the first phase would be executed. The major drawback

is that the clustering is heavily dependent on the order of data presented to the

algorithm.
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CHAPTER 4 JOINT CLUSTERING ANALYSIS WITH
THRESHOLD

Traditional clustering methods generally utilize only attribute data of the

objects. In social network analysis, for example, clustering methods have utilized

graphs and networks with relationship data [4]-[9]. However, these methods

cannot provide correct results when both attribute and relationship data are

needed to define the clusters. It is difficult to correctly identify the clusters using

graph-based clustering methods when objects share similarity based on their

natural attributes. Similarly, it is hard to identify clusters with connection

relationships by traditional clustering methods

Objects can be defined as actors in social network analysis [51]; points,

nodes or vertices in graph analysis [5] [24]; and pixels in image segmentation

[16]. We consider objects described in terms of attribute data and relationship

data. Attribute data define the inherent properties of an object. For example, age,

sex, marriage status, profession, address, and consumption can be considered

as attributes of a human being. Relationship data are extrinsic properties that

describe network structures between objects. If the object is human, relationship

data may be a social network such as friendship connections, interaction

frequency connections, influences, and reference connections. Relationship

connections can be represented by edges of a graph.
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4.1 Graph Content Clustering Introduction

Attribute data is an intrinsic property of objects. It can be represented as a

vector <a1,a2,oo .am>, and a dataset V of objects can be represented as an n x m

matrix. Assuming that the dataset V has n number of objects, each object has m

dimension attribute data <a1,a2,oo .am>. Relationship data is often modelled by a

network or a graph. A graph G encodes pairwise relationships among a set of

objects: It contains a collection V of nodes and a collection E of edges, each

directly connecting two nodes. An edge eE E has two elements and it can be

represented as a subset of V: e={vj,vi} for Vi, Vj EV where Vi and Vj are ends of

edge e. The explicit meaning of edges is dependent on the application. In this

study, nodes are either fully connected or not connected, i.e., there is no degree

of connection between nodes. Edges in a graph indicate a symmetric relationship

between their ends. The combination of relationship and attribute data can be

visualized as illustrated in Figure 4-1

Figure 4-1 Visualization of objects with attribute data and relationship data.
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Let the colour of the nodes (objects) in the graph be the attribute of the

object and let the edges between the nodes be the relationship between objects.

The nodes will be grouped into different clusters so that in each cluster the nodes

are connected and the differences among the attribute data (colour) satisfy given

threshold. The problem can be stated as follows: Let t be the maximum distance

that is allowed between a cluster member and the cluster centre medoid. For a

given threshold t, we want to find the smallest number of groups N that separate

the objects into N clusters such that all objects in the same group are connected.

To demonstrate the solution for the dataset in Figure 4-1, we define the threshold

for the similarity in the same cluster by t =0 so that objects in the same cluster

should be the same colour, i.e., t =O. Thus, the segmentation clusters are

separated by red lines as shown in Figure 4-2a. If we increase the threshold to

allow a difference in the colour, e.g., t =80, the clusters are separated by green

lines as shown in Figure 4-2b.

_/)

(a) (b)

Figure 4-2 Segmentation with different thresholds

(a) t=O and (b) t =80.
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4.2 Problem Definition

Attribute data is represented as an n x d matrix. The attribute data of an

object is defined as follows:

DEFINITION 4.1 Attribute Function

Given a data set V, an attribute function is a mapping A:V----fFf

Relationship data is represented as a graph with nodes and edges. Nodes

denote the objects in the object dataset, and edges represent the connectivity

between nodes. An edge is defined as a connection between any two nodes in

the group. There exists an edge whenever there is a direct connection between

any two nodes, and there is no edge between any two non-connected nodes.

Two nodes that are directly connected by an edge are considered as neighbours

in this study. The edge function is described as follows:

DEFINITION 4.2 Edge Function

Given dataset Vand relationship graph G=(V,E), the edge function is

defined as

\71::; i ::; lVi, \71 ::; j ::; lVi,

{
1 Vi and vj are directly connected .

E V.,V. =
(, J) 0 Vi and v

j
are not directly connected

Next, we shall define the connectivity between any two objects in a

dataset. If a path is defined as the connection of any two objects, any two objects

are connected if there exists a qualified path that connects them. Any two
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objects, if they are connected, are connected by a direct edge or a path as

follows.

DEFII\lITIOI\l 4.3 Connectivity

Given graph G=(V,E),for v, V'E V, v is connected from v' if there exists a

path v ~ v, ~ ... ~ vk ~ Vi such that

Having defined the basic concepts, the basic problem can be stated as

follows:

PROBLEM 4.1 Joint Clustering with Threshold

Given threshold t, Dataset V, Attribute function A:V-fFf, relationship:

GraphG =(V, E) and distance function Ih -vjll, find the minimum number of

clusters {C" ... ,Cn } such that

C, uC2 u ... uCn =V and V1 ~ i ~ j ~ n,Ci nCj =0

and

V1 ~ i ~ j ~ ICk I, Pi' Pj E Ck , k E {1 ..n} :

Pi connected to pAg - medoidkll ~ t,llpj - medoidkll ~ t,

where n is the minimum number of clusters.

4.3 Solution

To solve Problem 4.1, create IVI clusters with respect to threshold t and

then find the smallest N clusters so that all criteria are satisfied.
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Step 1. For each object, construct the largest cluster with itself as the

central medoid such that all points in the cluster satisfy

max(llp- centroidkll) = t, \7'1 ~ k ~ Ivl
pECk

p; connected to Pj' \7'1 ~ i ~ j ~ ICkl
(4.1 )

Step 2. Find the smallest n clusters that include all objects. First, discard

all clusters that are subsets of another cluster. A subset of a cluster is defined as

(4.2)

Then, discard clusters that are contained in the union of other clusters

(4.3)

A cluster may have non-empty intersection with other clusters. If S is the

intersection of any two clusters, the relative component R is the union of the

complement of one cluster relative to the other cluster. Thus, Sand Rare

defined as

where n' is the number of the clusters.

(4.4)

(4.5)

In Figure 4-3a, the two objects outlined by black are two medoids of the

clusters which are outlined with the colour of the medoid. The three yellow

objects in the region with grey shading are the objects S.
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Similarly, in Figure 4-3b, the two objects outlined by red are the medoids

of the cluster which outlined with the colour of the medoids. Objects in the region

with gray shading are the objects R.

(

(a) (b)

Figure 4-3 Examples of sets

(a) set S and (b) set R.

Suppose every pair of clusters Cj and Cj has an intersection. If

Ilmedoidj - medoidjll > t, objects in the intersection S will be processed and

reassigned by Eq. (4.4), as shown in Figure 4-3(a). If Ilmedoidj - medoidjll:s; t,

the set R of objects as defined in Eq. (5) are processed and reassigned. The

latter case is illustrated in Figure 4-3b.

After all reassignments, a greedy algorithm is applied to iteratively choose

the largest cluster from the remaining available clusters.

4.4 Reassignment of Objects in R

For reassignment, the first step is to merge clusters Cj and Cj into one

cluster Ci=IC j n Cjl and calculate the centroid of this new merged cluster Cj •

Then, as illustrated in
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Figure 4-3b, objects in set R are reassigned to the merged cluster Cj or a

new cluster Cj as follows:

If Ilv - centroidll > t, assign v to a new group C;,

where VE R,

L A(p)
'd {JEC.nCcentrol = 'J •

ICinCil
(4.6)

4.5 Reassignment of Objects in S

Before introducing criteria for reassigning objects in S, we present the

following definitions.

1. Bridge Node: A Bridge Node is an object that connects two subsets

of a natural cluster and those subsets are only connected by this

object. Bridge nodes are green in Figure 4-4. In Figure 4-4, the two

green objects in the brown region are bridge nodes. They connect

two subsets of a cluster (i.e., disconnected subgraphs with same or

similar attribute values).

Figure 4-4 Bridge nodes.
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2. Ratio of Change in Connectivity. The Ratio of Change in

Connectivity is the change of the attribute function per number of

objects along the connectivity path from one object to the other.

The ratio of change between two objects is the difference of the

attribute values per steps from one to the other according to

Definition 4.4.

DEFINITION 4.4 Ratio of Change in Connectivity ( RatioC)

Given the shortest symbol connectivity of medoidi and Vk :

medoidi---7 Vi,1---7 Vi,2---7 ... ---7 Vi,m ---7 Vk; set Vk =Vi,m+1

steps( Vi,I' medoid;) = I, VIE [1, m + 1]

steps(vi,j' V;,p) =1/- pi, VI, pE [1, m + 1]

Ratio of Change in Connectivity:

II V. ·-v· IIRatioC = I,J I,p
steps(Vi,j' Vi,p)

(4.7)

From Definition 4.4, symbol connectivity implies that any two immediately

connected nodes in the shortest connection path must have different attribute

values. If there are nodes with same attribute values in the path, these nodes will

be merged into one symbol node, as illustrated in Figure 4-5.
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Figure 4-5 Symbol connectivity path: from the dark blue object to the red object.

The green path denotes the connectivity path from the dark blue object to

the red object. To construct the symbol connectivity path, two blue objects are

merged to one symbol blue object, and two yellow objects are merged to one

yellow symbol object in the path. Therefore, the symbol path is dark blue - blue -

yellow - red and is denoted by the green line.

For each object in the intersection S, a symbol connectivity path to the

medoid of the potential cluster to which it may belong will be constructed. The

ratio of change in connectivity between the medoid and each node along the path

is calculated as follows:

II Vi k - medoidi II
RatioCik =' . ,\:;IkE [1,m+1].

, steps( Vi,k ' medoldj )

(4.8)

and the ratio of change in connectivity between the object and any other objects

along the path to the medoid is calculated as follows:

j: = Ih,m+1 - viJ \-I' [1 ]
'='i,j , v JE , m .

step( Vi,m+1' Vi,!)
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Next, the methodology for reassigning objects in S is described. To

determine the cluster to which the objects in the intersection should belong, a

symbol connectivity path to the cluster medoid is constructed for these two

possible clusters. The average ratio of change in connectivity to a medoid and

the average ratio of change in connectivity to the object are as follows:

m+1 m

IRatioCi,l _ I;i,1
RatioC = 1=1 .j: .=~

I m+ 1 ' ';>k-I m
m'+1 m'

I RatioCj,1 _ I ;j,l
RatioC = 1=1 •~ . = ...!..=L-

j m'+1' k-j m'

(4.10)

RatioC, ; , and the distance to the medoids will be used to decide the

cluster s to which object (Vk) should belong. Initially, we object Vk belongs to the

cluster in which the objects in the path between Vk and the medoid are more

similar. If there is a tie, then Vk belongs to the cluster that the objects in the path

are more similar to the corresponding medoid. If there is still a tie (Le., if the

RatioC and ; are the same for candidate clusters), then Vk belongs to the

cluster for which the medoid is more similar to Vk. Otherwise, the object will be

discarded as one that has never been assigned. The rules for assigning objects

to the clusters are as follows:
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n

V=UCk
k=1

Vk E C; (1 Ci ' 1:::; i :::; IVi '1 :::; j :::; IVI,
- -

if qk-i < qk-i (4.11)
- -----or qk-i =qk-i' RatioC; < RatioCi

or (RatioCi = RatioCi,qk_i =qk-i and Ilmedoidi,vkli < II medoidi ,vkll)·
vk E C;

If RatioC, q, and the distance to the medoid are the same, then the

object will not be assigned to any cluster, and it becomes the medoid to form a

new cluster with all objects that satisfy

if P connect to medoidn+1 and
n

p~ UCkor IIp-medoidn+111<llp-medoidkIIVkE [1,n].
k=1

pE Cn+1

(4.12)

The bridge nodes will always be assigned to the same cluster to which all

the subsets are assigned, or they can be assigned to a different cluster if the

subsets are already assigned separately to different clusters.

In summary, for each object in the intersection, the ratio of change

described by Eqs. (4.8) and (4.9) are calculated, and then object O(Vk) is

assigned to cluster Cj . Otherwise, when Eq. (4.11) is satisfied, a new cluster is

formed. If the object in the new cluster is a bridge node, it is reassigned with

respect to the subsets that it connects.
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4.6 Algorithm

The proposed methodology can be applied to many applications including

image segmentation, marketing segmentation, and social network segmentation.

Pseudo code for the algorithm is shown in Figure 4-6:

Figure 4-6 Pseudo code of proposed algorithm.

Next, the proposed algorithm is implemented for an application of image

segmentation. Selection of the proposed algorithm on MEG data will be

discussed in Chapter 5.

4.7 Threshold

As described above, the threshold t is a key learning parameter that

determines when similar objects belong to the same cluster. Since the value of

the threshold is application specific, an appropriate value should be selected
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based on domain knowledge. For example, to detect objects with different

shapes in Figure 4-7a, the threshold is set to zero. If an image contains more

complex objects as shown in Figure 4-7b, non-zero threshold can be selected

depending on the object that a user would like to detect.

(a) (b)

Figure 4-7 Sample data set for image segmentation

(a) image with simple objects and (b) image with complicated objects

In Section 5.3.1, we propose an approach for identifying a suitable

threshold that is designed specifically for the image segmentation application to

be discussed in Chapter 5.

4.8 Experimental Results

To evaluate the performance of the proposed algorithm, five images were

created. The proposed method is compared with K-Means, DBSCAN, NetScan,

and JointClust. These images are shown in Figure 4-8.To test the functionality of

the proposed algorithm, the images are created so that objects have similar

attribute data but are spatially connected. As can be seen from the example, the
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images in Figure 4-8 (a) (b) have distinct spatially disconnected objects that have

the same colours. Images in Figure 4-8 (c) and (d) were chosen from Chinese

glyphs. In Figure 4-8 (c), three horizontal lines with the same colour are well-

separated, whereas in Figure 4-8 (d) the three separated lines are connected by

a vertical line. Hence, we expect that the clustering result will be different for

images in Figure 4-8 (c) and (d). The last image Figure 4-8 (e) has colour

changing from dark pink to light pink. The results for Figure 4-8 (e) demonstrate

that the proposed algorithm performs better or equally well than other algorithms

for images in which relationship data is not considered.

(a) (b)

--

(c) (d) (e)

Figure 4-8 Test data set: five images

(a) test data No 1, (b) test data No 2, (e) test data No 3, (d) test data No 4 and test data No 5.

In section 5.3.1, to automatically find the most suitable threshold, is

applied. Please refer to section 5.3.1 for technical details. In other words, the

proposed algorithm does not require any parameters, the number of clusters for

each data set can be visually identified. The observed number of clusters for

each data set is used as an input parameter while executing NetScan and K-

Means. In [41], it was proven, Moser, et al. demonstrated that JointClust is more
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likely to yield better results if the number of initial cluster centres are high [41].

The input parameter minClusterSize is inversely related to the number of initial

cluster centres. Thus, different values for minClusterSize are chosen including

the smallest value of 1. In order to use the most suitable input parameter value,

the number pixels in each group is counted for each data set. The minimum of

the number of pixels over the different clusters is chosen as the minClusterSize

value for each image. For DBSCAN, various values of epsilon are used as input,

and the best result is chosen by comparing it with the results obtained from our

proposed algorithm.

We tested the ability to separate spatially disconnected objects with

similar data attribute objects spatially separated by applying all clustering

algorithms on the images shown in Figure 4-8 (a) (b). Image (a) has 12 clusters

having a white background and 12 circles, however, two circles with the same

colour are connected so they are treated as one cluster. Image (b) has 13

clusters including that with white background outside of the red rectangle and

four white backgrounds inside that are separated by other objects. The results of

using GraphContent are shown in Figure 4-9. Please note that through Figure

4-9 to Figure 4-15 (except Figure 4-12) the x and y axis represents the x-y

coordinate system with unit pixel.
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(a) (b)

Figure 4-9 Clustering results using the proposed joint clustering algorithm

(a) result on test data No 1: 12 clusters formed and (b) result on test data No 2: 13 clusters
formed.

The results with NetScan are shown in Figure 4-10.

llJ 4C 6C Ell 100 1:1) 140 160 Ito 100

(a) (b)

Figure 4·10 Clustering results using NetScan

(a) result on test data No 1: 12 clusters and (b) result on test data No 2: 13 clusters.
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NetScan increases the distance allowed between a centroid and

unassigned points in each iteration. If the randomly picked initial cluster centre

points are not well distributed to cover each cluster, the entire image except the

initial cluster centre points can be grouped into one cluster. If the initial cluster

centre points are chosen to cover each cluster, the image can be successfully

separated. However, in our experiments, we observed that randomly chosen

initial cluster centre points do not generally cover all clusters.

The results using JointCluster are presented in Figure 4-11. The first

phase of JointClust starts with all points that are assigned to a Cluster, and then

breadth-first search is applied to find all directly connected points of any cluster.

These chosen points are allowed to be assigned to a cluster which has a

member directly connected to a point. This step is order dependent. In our

experiments, the results at the end of the first phase were not what we expected.

Thus, we concluded that the phase one, i.e., merging clusters, would not improve

the results. The results acquired at the end of the first phase of JointClust is

shown in Figure 4-11 .
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(a) (b)

Figure 4-11 Clustering results using JointClust

(a) result for test data No 1 from phase one and (b) result for test data No 2 from phase
one.

To illustrate the order dependency of the JointClust method (phase one),

we consider the data set as shown in Figure 4-12. Let points with values 3 and 7

be the two initial centre points of cluster A and B, respectively. While executing

the first phase of JointClust, if we consider 3 first, green 4 will be assigned to the

cluster with cluster centre at 3. Then, blue 4 is connected to both green 4 and 7.

As green 4 is assigned, and the distance to green 4 is zero, then blue 4 will be

assigned to cluster A. Similarly, white 6 will be assigned to cluster B. Hence, the

two clusters will be {3 ,4, 4} and {7, 6}. However, if we start with 7, the method

will result in clusters with members { 3 } and { 4, 4, 7, 6}.

Figure 4-12 Demo data set for illustrate the order dependency in JointClust .
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Because of these unsatisfactory results, JointClust was removed from

'further consideration.

The results of K-means and DBSCAN are shown in Figure 4-13. Since

relationship data should be as important as attribute data, we formed a three

dimensional data set [Xi, Yi, A(i)], where Xi, Yi are the coordinates of point i and A(i)

is the attribute data of the point. This three dimensional data is entered into to the

K-Means and DBSCAN algorithms so that we could obtain a better

understanding of these two algorithms jointly processing attribute data and

relationship data. The results indicates that the K-Means algorithm does not have

good performance on combined data, whereas DBSCAN can have better results

with only attribute data.
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(gJ

(d)

(h)

Figure 4·13 Clustering results using K-Means and DBSCAN

(a) result from K-Means on test data N01 using attribute data only: 4 clusters are formed,
(b) result from K-Means on test data N01 using combined data: 12 clusters are

formed, (c) result from K-Means on test data N02 using attribute data: 4
clusters are formed, (d) result from K-Means on test data N02 using combined
data: 11 clusters are formed, (e) result from DBSCAN on test data N01 using

attribute data: 10 clusters are formed, (f) result from DBSCAN on test data N01
using combined data: 4 clusters are formed, (g) result from DBSCAN on test

data N02 using attribute data: 5 clusters are formed and (h) result from
DBSCAN on test data N02 using combined data: 9 clusters are formed.

The clustering results for the images in Figure 4-14 (c) and (d) using

GraphContent, NetScan, K-Means and DBSCAN are shown below:
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(a)

(c)

(b)

Cd)

(e)

(i)

(f) (g)

(k)

(h)

Figure 4-14 Clustering results from GraphContent, NetScan, K-Means, and DBSCAN
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(a) Graph Content clustering result for test data N03: 4 clusters, (b) Graph Content
clustering result for test data N04: 2 clusters, (c) NetScan clustering result for test

data No3: 0 clusters, (d) NetScan clustering result for test data N04: 0 clusters,
(e)K-Means clustering result for test data N03 using attribute data: 2 clusters,

(f) K-Means clustering result for test data N03 using combined data: 4
clusters, (g) K-Means clustering result for test data N04 using attribute data: 2
clusters, (h) K-Means clustering result for test data N04 using combined data:
4 clusters, (i) DBSCAN clustering result for test data N03 using attribute data:

2 clusters, (j) DBSCAN clustering result for test data N03 using combined
data: 4 clusters, (k) DBSCAN clustering result for test data N04 using attribute

data: 2 clusters, and (I) DBSCAN clustering result for test data N04 using
combined data: 2 clusters.

The clustering results for images in Figure 4-8(e) using GraphContent,

NetScan, K-Means and DBSCAN are shown below:

(a) (b)

(c) (d) (e) (n
Figure 4-15 Clustering results using GraphContent, NetScan, K-Means and DBSCAN on

test data N05
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(a) Graph Content clustering result: 5 clusters, (b) NetScan clustering result: 2 clusters, (c)
K-Means clustering result using attribute data: 4 clusters, (d) K-Means

clustering result usi.,g combined data: 4 clusters, (e) DBSCAB clustering
result using attribute data: 5 clusters, and (f) DBSCAB clustering result using

combined data: 5 clusters.

We visually identified the number of clusters and compared them with the

those identified by use of the clustering algorithms. The results are summarized

in Table 4-1.

Fig Number
of Number of objects correctly identified as separate cluster

cluster

Graph NetScan
K-means DBSCAN

content (attribute) Uoint data) (attribute) (joint data)

4-8a 12 12 1 4 3 10 4

4-8b 13 13 1 4 1 5 9

4-8c 4 4 0 2 4 4 4

4-8d 2 2 0 2 2 2 2

4-8e 5 5 2 4 1 5 5

Table 4-1 Comparison of the number of correct clusters identified by algorithm and the
actual cluster number identified by human inspection.

From our experiments on five images, the proposed joint clustering

algorithm demonstrated superior performance although the results using K-

Means and DBSCAN are reasonable. Therefore, K-Means and DBSCAN will be

used as a benchmark for to compare the performance of our proposed clustering

algorithm on a medical image segmentation application in the next section.
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CHAPTER 5 APPLICATION TO MEDICAL IMAGE
SEGMENTATION

Magnetoencephalography (MEG) is a technology for functional brain

mapping, localizing, and characterizing the electrical activity of the central

nervous system by measuring the associated magnetic fields radiated from the

brain [53]. From Ampere's Law, an electric current flowing through a conductor

generates a magnetic field. Similarly, a longitudinal neuronal current 'flow

generates a magnetic 'field. MEG measures the intercellular currents of the

neurons in the brain to provide information on brain activity. Measurement

preparation and collection times are relatively short, and can be performed by a

technician with a minimum of training. MEG is non-invasive and non-hazardous

compared to other functional imaging modalities such as Positron Emission

Tomography (PET) and functional MRI (fMRI), which are weakly invasive and

measure signals caused by changes of blood flow.

Traditionally, the analysis of MEG data uses time series waveforms and

modelling to determine patterns and relationships between signals [37] [46].

Rather than investigate each single signal as a time series waveform over time,

we shall determine the active regions for a given stimulus by clustering. For

example, the magnitudes of the MEG time series waveform are denoted by

colours in Figure 5-1. The magnitude is mapped into colours using MATLAB's

default colourmap. The most active area can be identified by human eyes as red
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areas in the image as shown in Figure 5-1. However, as we know the MEG data

is a set of time series signals. In order to where red denotes the most active

regions of the brain and darker colours denote the least active regions.

To analyze the signals, an image will be constructed from the time series

waveforms that have sensed and collected by MEG. Then, a joint clustering

algorithm will be applied to group the activated points. Since different parts of the

brain can be simultaneously activated, points sharing the same attribute data

may not belong to the same c. By utilizing the relationships between signals. in

addition to attribute data, joint clustering enables effective segmentation of the

activated brain regions. Please note that for Figure 5-1, Figure 5-4 to Figure 5-8,

and Figure 5-16 to Figure 5-19, the x and y axis represents the x-y coordinate

system with unit pixel.
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Figure 5-1 Time slice of MEG signals.
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In this study, there are three steps to cluster active regions in the brain for

a snapshot image at time t. The first step is to map each of the 151 signals to

positions in the brain. The second step is to smooth the images. Finally, for each

time slice image, joint clustering is applied to find the active area(s).

5.1 MEG Data

The MEG data used in this application are the brain wave signals sampled

by 151 coils at rate of 625 Hz. The coils are placed in a device fill with liquid

helium. The bottom of the device is shaped like a helmet where a person's head

is situated or certain magnetic fields are placed. In our application, the data is

sampled 'from human brain, Defined area of human brain and the map of where

these 151 coils is located on brain in terms of the defined area are shown in

Figure 5-2 With this map, the location of a signal can be found and the image of

signals at any sample point can be reconstructed.

Data was obtained by fitting a subject with a helmet-shaped device having

a sensor array of coils to sense currents generated by brain activity. 1 The system

has a sample frequency of 625 Hz, and provides in spatial discrimination of 5 mm

and temporal resolution of 1 ms. The channel map of sensed currents to

locations in the brain as generated by the MEG system is as follows:
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The data provided for this study consisted of a set of continuous signals

extracted from the sampled MEG data. In particular, we used signals from

channel 45 and channel 95 as shown in Figure 5-3 and arranged them in a

matrix to obtain a time slice for the brain wave as shown in Figure 5-4.

The data that we used in the study is a period of continuous signals 'from

the total sampled MEG data. The chosen period of the MEG data contain 360

samples. Depending on research intentions, the data can be organized in

different way. Each of these 151 channels forms a time series waveform. Two

sample signals from channel 25 and channel 45 are presented in resulting in a

data cube. Horizontally, we obtain a time slice for the brain wave at a time point

as shown in Figure 5-4. The time slice is constructed according to the map in

Figure 5-2.

In this study, we are not interested in the time series. Instead, the data is

organized as follows: signals from all channels are placed on a matrix that is

described in Figure 5-2, resulting in a data cube. Horizontally, we obtain a time

slice for the brain wave at a time point as shown in Figure 5-4. The time slice is

constructed according to the map in Figure 5-2, Vertically, we obtain a time

series of signals as shown in Figure 5-3.
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Figure 5-4 Time slice image of MEG data

5.2 Data Modelling

The signals from each of the 151 sensor coils must be mapped to

corresponding locations in the brain. According to the channel map, the signals

do not represent brain activity at a specific point. Instead, they are sampled from

a small region of the brain and their magnitude can be visualized by colours as

shown in Figure 5-4. Furthermore, because there is a finite number of sensors,

the spatial domain is not continuous. In order to interpolate the full image we

applied two dimensional normal distribution. Hence, we assume that the

magnitude of each sampled point is an aggregated value of normally distributed

effects. To determine the magnitude of brain activity at every point throughout the

spatial domain, the real magnitude of each sample point will be used, and the
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interpolation will be applied. We shall assume that the generated currents from

each channel have a normal distribution. It is further assumed that the mean of

the normal distribution for each channel is located at the centre of the

corresponding region. The first step is to calculate the magnitude of the signal at

the centre points. The second step is to reconstruct the entire image using

currents from all sensors.

5.2.1 Identification of Signal Magnitude at Centre Points

In the first step, the location of a channel signal is mapped to a point as

shown in Figure 5-5.

(a) (b)

Figure 5-5 Signal map

(a) Original signal map and (b) Processed signal map.

As we addressed above, we assume that the signal magnitudes are

aggregated. Since the amplitude of each centre point affects the amplitude of

other neighbour centre points, the actual magnitudes of the signal must be

calculated. Given that the centre point of each region is v(x,y) and there are 151

sample points inside the map, if we make the map a set V, channel signal as Vi,
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then Vi E V, iE [1,151]. Let the actual magnitude of a point be Mr-i. iE [1,151], and

the sampled magnitude of each point be Msamp,e.,. i E [1,151]. By combining all

151 channels, the actual magnitude of each centre point can be calculated as

151

MsamPle-i =I Mr-/pv ~ (Vi)
j=1 J'

1 _(X-Il)2

~ (x)= e 2~
Il,~ aJ21r

5.2.2 Reconstruction of the Actual Image of a Time Slice

(5.1 )

(5.2)

(5.3)

The magnitude of all sensor point that we used to sample the brain wave

at any given time t can be mapped into a two dimensional space as shown in

Figure 5-4. The time slice image constructed according to the map express a

sample area instead of a point. As we demonstrated in Figure 5-5, the real

magnitude of the sample point can be calculated. Based on the real magnitude of

the sample point a smooth image can be interpolated. In this section we will

present how the real image is constructed.

Using the calculated magnitudes of the sample points, the image can be

reconstructed by applying the effect of each sample point to other points inside

the image. Let the time slice image be I and any pixel in the side image be v(x,y).

Then, the value of each pixel Mkcan be calculated as follows:
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1 J.!....J!l
rp 2(X)= e 2~
~.a er~2Jr

The reconstructed smooth image is shown in Figure 5-6.

(5.4)
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Figure 5-6 Processed time slice.

5.3 Image Segmentation

Graph content clustering is applied to segment the time slice image. The

most important parameter for segmentation is choice of the threshold. In this

application the goal is to avoid groups of data points, that share similar attribute

data and are spatially disconnected, being segmented into the same cluster. We

propose a method that implements automatic choice of the threshold to realize

this goal.

68



5.3.1 Identification of the Threshold

We assume the data set in Figure 5-7 be the processed image of signals.

Let any pixel in the image be an object in the data set. In addition, we choose

colour to be the attribute data of the objects. Regions with red colour signify

highly activated regions of the brain. Colour changes from red to blue correspond

to a decrease in brain activity. We desire to identify the most highly activated

points as indicated by red in Figure 5-7.
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Figure 5-7 Processed time slice.

5.4 Image Segmentation

Graph content clustering is applied to segment the time slice image. When

it comes to use the segmentation step, the most important factor is the threshold.
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In this application our goal is to avoid any group of data point, which share similar

attribute data and which are spatially disconnected, to be segmented into the

same cluster. In this section we propose a method that allows us to choose

threshold automatically to realize our goal.

5.4.1 Identification of Threshold

Let our data set, which is shown in Figure 5-7, be the processed image of

electrical signals of MagnetoEncephaloGraphy at time t. Let any pixel in the

image be an object in the data set. Further, let colour be the attribute data of the

objects. The areas with red colour signify the most activated areas in brain. The

colour phasing from red to blue corresponds to a decrease in brain activity in the

corresponding area. In this application, we are interested in identifying the most

activated points which are indicated by red in Figure 5-7.

Given time t=45 milliseconds, an image of MEG signal at the moment can

be constructed as in Figure 5-8. As one can see, it has natural clusters that can

be extracted using relationship data and attribute data.
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Figure 5-8 Sample application data set- A slice of MEG data at time 45 milliseconds.

The activated regions to be separated may share the same or very

similar attributed data. Similarly, connected objects may have different brain

activity. Therefore, we must ensure that unconnected points are not grouped into

the same group even though they share the same or very similar attribute data.

To determine a suitable value of the threshold, we use the following approach.

Since the points of interest are regions in the brain with high activity, several

pixels with high brain activity (i.e., red coloured objects) will be selected as

reference points. Let a reference point be Vi, with colour denoted by A( Vi). We

shall calculate the variance (i.e., dissimilarity) between the colour of the

reference point and the average of the colours of a 3x3 neighbourhood of a point

with distance d relative to the reference point along the x axis of the x-y

coordinate rotated by 8 degrees. This calculation is performed for a specified

number of increasing distance values, dE {LeveI1, Level2, ... , LeveIK}. The above
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process, as shown in Figure 5-9, is repeated for 8 E{81, 82, ... , 8m}, 8jE [0, 360].

For each reference point 1Ij- and corresponding 8, the method will generate

dissimilarity graphs as a function of d. We define the dissimilarity function of Vi, 8j,

and Leve1k as

(5.5)

where Vi,j,k is an object in the data with a distance Levelk from reference point Vi

in direction 8j, N3x3 (Vi,j,k) is the set of objects (pixels) in a 3x3 neighbourhood of

point Vi,j,k' and Avg(A(N3x3 (Vi,j,k)) is the average colour of object Vi,j,k'

Level 2
Level

Figure 5-9 Level of travel.

As explained in Section 5.2, the image is smoothed. Use of the

dissimilarity function in eqn.(5.5) can avoid small changes in colour within a
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neighbourhood of a point because its value will increase as colour becomes

more dissimilar to colour of the reference point. Moving farther from the reference

point in the edirection, we may encounter another activated point (Le., a point

with colour very similar to the colour of reference point). In this case, the value of

the function in eqn. (5.5) will be low. To avoid associating disconnected

segments with the same or similar colour, and to obtain the smallest number of

groups, the threshold will be selected as follows. First, all local minima of the (;.,0

are stored in a threshold buffer

(5.6)

Using min{BthreshOld)} as the threshold avoids grouping disconnected segments

with the same or similar colours. If the threshold is too tight, resulting in similar

points being associated with different clusters, the value can be increased. Next,

the upper limit will be set by collecting all local maxima of t,o into an upper limit

threshold buffer as formulated in eqn. (5.7) follows

(5.7)

Using (BupperLimit) ensures that two similar points will be associated with the same

group. Therefore, the lowest value in the buffer is chosen as the upper limit of the

threshold

UpperLimit = min(BupperLimil)
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To set an appropriate threshold, we desire points that have the most difference

between two points group to be grouped into a different cluster than these two

similar points area. The value t*, selected as the maximum value in Bthreshold that

is lower than the upper limit, is selected as the threshold for this image.

t* = Jt,8j' (Levelk·) I (;A' (Levelk·) }

1=max (BthreShold)' (,.,fi
j

• (Levelk·) < UpperLimit
(5.9)

For the image in Figure 5-10, sample plots for the dissimilarity function are

shown in Figure 5-11 for e = 90 degrees, e =190 degrees, and e =330 degrees.

Figure 5-10 Direction similarity distribution.

Every distribution starts with high similarity with respect to the colour of the

reference point. As the function is evaluated for increasing distance values,

differences between the sample points and reference points increase (i.e., they

become less similar with respect to colour). Figure 5-11 shows a scenario for
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Figure 5-11 Similarity distribution as a function of different travel directions

(a) travel direction 90, (b) travel direction 190, and (c) travel direction 330.

reference point A and 8=90 degrees where the colour becomes more dissimilar

with increasing distance from the reference point. However, some distributions in

Figure 5-11 such as distributions for reference point A and 8=190 degrees and

8=330 degrees that may have local minima and maxima. The local minima in the
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distribution bar chart can tell that in the travel direction, there located some points

which share similar data attribute with the reference object that we choose.

These two distributions demonstrate the dissimilarity along the two directions,

respectively along the direction 290 degrees and 330 degrees, from point A that

is presented in Figure 5-10. From the dissimilarity distribution, activated regions

which share low dissimilarity are well illustrated. We call them similar to point A.

In Figure 5-10, to avoid segmenting different active regions into the same

group, the threshold should set lower than the dissimilarity between the reference

object A and objects that in between A and A similar regions, these objects are

indicated as region B and region C in Figure 5-10. After constructing the

distributions, the minimum of the function value is chosen to be the most suitable

threshold value as illustrated in Figure 5-12.

Dissim ilarity
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Steps

Figure 5-12 Combined similarity distribution Combined similarity distribution for direction
330 and 190
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5.4.2 Pseudocode

The pseudo code of the proposed method for building the similarity

distribution and determining the threshold is given in Figure 5-13 and Figure 5-14

can be summarized as follows:

1. while not reaching the edge of the image
2. travel distance d += step length;
3. get coordinate of a point p (d*cos(8), d"'sin(9))
4. sample number of points that surround point p
5. calculate average similarity of all the sampled points
6. put the average similarity into distribution array
7. end while

Figure 5-13 Pseudo Code for building a similarity distribution for one direction

1. get reference objects
2. for all reference objects
3. build similarity distribution for chosen direction
4. combine together chosen distributions
5. compute local minimum to form Bthreshold using Eq. (5.6)
6. compute local maximum to form BupperLimll using Eq. (5.7)
7. end for
8. get t* using Eq. (5.9)

Figure 5-14 Pseudo Code for building a similarity distribution for a dataset
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9. get reference objects
10. for all reference objects
11. build similarity distribution for chosen direction
12. combine together chosen distributions
13. get local minimum to form Blhreshold according to Eqn(5.6)
14. get local maximum to form BupperUmil according to Eqn(5.7)
15. end for
16. get t* according to Eqn.(5.9)

Figure 5-15 Pseudo Code for choosing determining the threshold

In this application, three activated points are chosen as the most active

reference object. Three least activated points along directions that achieve the

smallest thresholds will be chosen as the least active reference object. Using the

threshold found in the method we proposed to determine the threshold, the

clusters can be determined. The clusters of the image of Figure 5-7 are shown in

Figure 5-8.
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Figure 5-16 Clusters for a time slice image.
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5.5 Comparison with Other Clustering Methods

K-Means and DBSCAN are two clustering methods that we also used for

comparison. K-Means is the most well-known partitioning clustering algorithm.

Partitioning methods have relatively low complexity, however, the number of

clusters K must be selected in advance by the user. In addition, K-Means is very

sensitive to the choice of initial points. Because the algorithm may terminate at

local optima, the results may not determine correct clusters.

DBSCAN is the most popular density based clustering method to

determine arbitrary shaped clusters in spatial databases containing noise. The

user must provide parameter values E and minPts to define the density of the

clusters that will be sought in the data. Then, the concepts of density-reachability,

density-connectivity, and density- connectivity are applied to grow clusters in the

data space. The major difficulties of DBSCAN are its sensitivity to user input

resulting in an inability to find clusters with different densities.

Two types of attribute data are used in a K-Means algorithm. One type is

one-dimensional magnitude data. The other type is three-dimensional data that

include the coordinates and the magnitude of the point. Only magnitude data is

used as attribute data in the DBSCAN algorithm. In all of our experiments, the

number of cluster K, the number of objects in a neighbourhood of an object

minPts, and the neighbourhood radius E are estimated by visual observation of

the time slice image.
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5.5.1 Experimental Results: K-Means Clustering

Initially, only the magnitudes of MEG signals are used as attribute data in

the K-Means algorithm. In this test, points with similar values are grouped into

same cluster without taking into account the physical distances and relationships.

Using the indexed colour as the cluster number, the result of clustering the time

slice image in is shown in Figure 5-17.

Figure 5-17 Clusters from K-Means using only magnitude as attribute data.

We note that a cluster can include points far away from each other, for

example, points in yellow colour in Figure 5-17. Another attempt is to consider

the coordinate. Next we considered the coordinates of the pixels as part of the

attribute data in addition to the magnitude data. Thus, the data set will three

dimensional. However, the use of K-Means on this transformed data set does not

improve the results. On the contrary, the clusters are more affected by the
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coordinates. Results of the time slice image in, with the number of clusters set to

10, 40, 150, are presented in Figure 5-18.
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Figure 5-18 Clusters from K-Means using combined attribute data

(a) Cluster number =10, (b) Cluster number =40, and (c) Cluster number = 150.
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5.5.2 Experimental Results: OBSCAN

The parameter E and minPts was set to different values to evaluate the

sensitivity of the algorithms to user input. The value of minPts was set to 9, then

to 1, in an attempt to avoid outliers. The number of outliers (i.e., objects that

cannot be assigned to a cluster) is associated with higher minPts values.

Similarly, different cluster radius values were also tried. As E increases, the

number of clusters also increases. The results of DBSCAN with above parameter

values are shown in Figure 5-19.
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Figure 5-19 Clusters from OSSCAN using two sets of parameters

(a) Object number = 1, cluster radius = 0.1, clusters found by the algorithm = 79, (b)Object
number = 9, cluster radius = 0.1, clusters found by the algorithm = 21, (c)

Object number = 1, cluster radius = 0.01, clusters found by the algorithm =
1127, and (d) Object number = 9, cluster radius =: 0.01, clusters found by the

algorithm =158.

5.5.3 Discussion

As noted previously, the common disadvantage of the K-Means and

DBSCAN algorithms is the need to provide user input. Furthermore, K-Means
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and DBSCAN are very sensitive to these parameters. It is well known that K

Means is also very sensitive to initial cluster centers. The proposed method in

this thesis does not require any parameters to be chosen a priori.

By comparing the results of the experiments, it is apparent that the

proposed method outperforms K-means and DBSCAN. Using only magnitude

data as attribute data, K-Means assigns similar attribute values into same group

without considering the location relationships. Thus, points that are separated by

other clusters can be grouped into same cluster if they share similar attribute

values. If both coordinate data and magnitude data are used as combined

attribute data, the results are dramatically affected by the coordinate data

because the natural cluster are not generated. For DBSCAN, if the number of

objects in a group is larger than unity, we obtain outliers. The cluster radius also

affects the clustering results. The larger the cluster radius, the larger the number

of members in each cluster. In fact, the whole image can be assigned to one

cluster by increasing the cluster radius. On the other hand, by decreasing the

cluster radius, the number of clusters will increase and eventually each point can

be a single cluster if there are no two neighboring points with the same attribute

values. Therefore, neither K-Means nor DBSCAN can effectively group similar

attribute objects if the objects are separated by other clusters

The MEG data Graph Content Cluster successfully assigned similar

objects to different clusters when the objects were separated by other clusters.
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CHAPTER 6 CONCLUSIONS AND FUTURE STUDIES

6.1 Conclusions

With object oriented data models, each object has a set of attributes and

a parent/child/peer relationship with other objects in the model. Similarly, any

physical object has a set of attributes that may interact with other objects, i.e.,

they may also have relationship data. Traditional clustering methods generally

use only attribute data, one part of this data model. Depending on the

application, relationship data may contain critical information. This thesis

proposed a joint clustering algorithm that utilizes both attribute and relationship

data.

The algorithm starts with every object in the data set as a cluster centre.

Then, the method grows each cluster using connected nodes with attributes

values whereby the variance between the attribute value of the cluster centre and

any object that is to be assigned to this cluster does not exceed a given

threshold. With clusters constructed separately, the next step is to discard the

clusters that are contained in other clusters using criteria in section 4.3. There

still may be objects belonging to more than one cluster. If the cluster centres of

the corresponding groups are not in the intersection of these two clusters, the

objects are reassigned until every object in the data set belongs to only one

cluster using criteria in section 4.4. If the overlap of the clusters contains the

cluster centres, the objects in the clusters outside of the overlapping region are
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reassigned using criteria in section 4.5. The result of the second step is the

smallest number of clusters that solves Problem 4.1. The proposed method is

order independent and it requires selection of a threshold. The value of the

threshold is application speci'fic. A method for automatically selecting the most

suitable threshold value was proposed for an application of image segmentation.

The proposed methods were applied to a biomedical image processing

application. Magnetoencephalography is used to map the functionality of the

brain, localizing and characterizing the electrical activity of the central nervous

system by measuring the associated magnetic fields radiated from the brain. The

data was modelled as a data cube, whereby a user can either slice the time

dimension to picture the brain activity at any given time or slice the coil

dimension to graph the time series of the waveform at a specific level. In our

study, the image of the entire brain activity at any given time was smoothed and

then clustered. Regions that are simultaneously activated was clustered into

different groups. The same data was clustered using K-Means and DBSCAN

algorithms, however, the results were inferior to those obtained by the algorithm

using attribute and relationship data. Since we did not know where the clusters

should occur, we also applied the proposed method to some test data for which

we could determine the clusters by inspection. The experimental results

demonstrate that the proposed method provides superior clustering results when

compared to the other two algorithms.
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6.2 Future Studies

The joint clustering method was tailored for image segmentation

applications. Thus, in its current form, the algorithm would not be suitable for

large database problems. To handle market segmentation, whereby the relations

between objects are specified, and the number of objects can be in the order of

millions, further research is needed.

In addition, the proposed algorithm assumes binary relationships (Le., an

object is either connected to another or it is not connected). However, in real life

situations, there can be degrees of relationships, such as close relative or distant

relative. For such applications, the proposed method must be modified to handle

continuous relationship data.

Moreover, the method to identify the most suitable threshold value can be

improved in several ways. As now, the proposed method identifies one global

threshold value as the most suitable one. One of the possible improvement is to

allow threshold value for each attribute. As an example, assume that data set

contains one continuous variable such as colour and one nominal variable such

as type of object, the threshold for the nominal variable can be set to awhile the

threshold for the continuous variable can be set by using the proposed method.

The other issue that needs to be addressed is that one region of the dataset may

require different threshold than the other region. The potential improvement is

that the threshold can be set adaptively depending on the image characteristics.
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Finally, the proposed method results in crisp clusters whereby an object

can belong only to one cluster. In many situations, clusters may overlap. Further

research could be based on the use of fuzzy logic to address this issue.
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