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ABSTRAK

Pengelasan merupakan satu salah satu bidang kajian dan aplikasi rangkaian
neural yang giat dijalankan. Peta swa-organisasi (PSO) ialah rangkaian neural yang
mengaplikasikan pembelajaran tanpa seliaan telah membuktikan kemampuannya
dalam menyelesaikan masalah pengelasan dan pengecaman pola. PSO tidak
memerlukan sebarang pengetahuan mengenai corak taburan pola seperti kaedah-
kaedah statistik yang sedia ada. Di dalam kajian ini, kaedah pembelajaran multiaras
telah dicadangkan untuk diimplentasikan ke atas rangkaian neural PSO. Keupayaan
dan keberkesanan kaedah ini dalam menyelesaikan masalah berkaitan pengelasan
pola dianalisa. Keadah pembelajaran PSO vyang dicadangkan dan kaedah
pembelajaran PSO piawai dianalisa dengan menggunakan beberapa jenis sukatan
jarak atau ketakserupaan yang digunakan bagi mengukur keserupaan antara pola.
Penilaian dibuat terhadap kualiti maklumat yang dipersembahkan di atas peta output
yang dihasilkan melalui proses pembelajaran menggunakan beberapa jenis sukatan
ketidakserupaan ini. Hasil yang diperolehi melalui kedua-dua kaedah pembelajaran
ini digunakan untuk membuat peramalan dan pengelasan ke atas sampel pola yang
baru. Eksperimen ini dijalankan bertujuan untuk membuat perbandingan terhadap
keupayaan algoritma PSO menggunakan kaedah pembelajaran multiaras dengan
pembelajaran piawai. Keberkesanan kedua-dua kaedah ini dapat dibuktikan dengan
mengimplementasikannya ke atas lima set data. Hasil kajian menunjukkan bahawa
kaedah yang dicadangkan berupaya menjadi rangka alternatif bagi masalah
pengelasan data. Ini adalah ekoran daripada keupayaannya memberi persembahan
yang baik dari aspek pengelasan data dan mengurangkan masa pemprosesan
berbanding pembelajaran PSO piawai terutamanya bagi data yang bersaiz kecil dan
sedarhana. Walaupun begitu, bagi masalah pengelasan yang melibatkan data yang

bersaiz besar, ia masih didominasi oleh kaedah pembelajaran PSO piawai.
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ABSTRACT

Classification is one of the most active research and application areas of
neural networks. Self-organizing map (SOM) is a feed-forward neural network
approach that uses an unsupervised learning algorithm has shown a particular ability
for solving the problem of classification in pattern recognition. Classification is the
procedure of recognizing classes of patterns that occur in the environment and
assigning each pattern to its relevant class. Unlike classical statistical methods, SOM
does not require any preventive knowledge about the statistical distribution of the
patterns in the environment. In this study, an alternative classification of self
organizing neural networks, known as multilevel learning, is proposed to solve the
task of pattern separation. The performance of standard SOM and multilevel SOM
are evaluated with different distance or dissimilarity measures in retrieving similarity
between patterns. The purpose of this analysis is to evaluate the quality of map
produced by SOM learning using different distance measures in representing a given
dataset. Based on the results obtained from both SOM learning methods, predictions
can be made for the unknown samples. This study aims to investigate the
performance of standard SOM and multilevel SOM as supervised pattern recognition
method. The multilevel SOM resembles the self-organizing map (SOM) but it has
several advantages over the standard SOM. Experiments present a comparison
between a standard SOM and multilevel SOM for classification of pattern for five
different datasets. The results show that the multilevel SOM learning gives good
classification rate, however the computational times is increased compared over the

standard SOM especially for medium and large scale dataset.



vii

TABLE OF CONTENTS

CHAPTER TITLE PAGE

DECLARATION i

DEDICATION iii
ACKNOWLEDGEMENT iv
ABSTRAK v
ABSTRACT Vi
TABLE OF CONTENTS vii
LIST OF TABLES Xii
LIST OF FIGURES XV
LIST OF SYMBOLS XVii
LIST OF ABBREVATIONS XX
LIST OF TERMINOLOGIES XXI
1 INTRODUCTION 1
1.1 Background Of Problems 3
1.2 Problem Statements 8
1.3 Project Aim 9
1.4 Objectives Of The Project 9
1.5 Project Scopes 10
1.6 Significance Of The Project 10
1.7 Organization Of The Report 11
2 LITERATURE REVIEW 12

2.1 Introduction 12



2.2 Artificial Neural Network (ANN)
2.3 Kohonen Self-Organizing Neural Network
2.3.1 Details on Self-Organizing Map (SOM)
Algorithm
2.3.2 Map Quality Measures
2.3.2.1  Mapping Precision
2.3.2.2  Topology Preservation
2.3.2.3  Classification Evaluation Measures
2.4 Issues Associated With SOM Algorithm
2.4.1 Initialization
2.4.2 Determine The Winning Node
2.4.2.1  Previous Research On Measures Of
Distance And Similarity For Patterns
2.4.3 Updating The Weights
2.4.4 Learning Rate
2.4.5 The Form Of Neighborhood Function
2.5 Advantages Of Kohonen Network
2.6 Application Of SOM In Classification Problems
2.7 Summary

METHODOLOGY
3.1 Framework Of The Proposed Study
3.2 Data Preparation
3.2.1 Data Collection
3.2.1.1  Iris Dataset
3.21.2  Wine Dataset
3.2.1.3  Glass Dataset
3.2.1.4  Diabetes Dataset
3.2.1.5  Pendigits Dataset
3.2.2 Data Pre-processing
3.3 Kohonen SOM Network Model Development
3.4 Determine Several Network Parameters
3.5 Train the Network

viii

14
17

24
26
26
27
28
30
30
31

35
39
41
43
46
47
50

52
53
56
56
57
57
58
59
59
60
63
64
65



3.6

3.7
3.8

3.9

IMPLEMENTATION AND RESULT ANALYSIS

4.1
4.2

4.3
4.4
4.5

3.5.1
3.5.2
3.5.3
3.5.4

3.5.5
3.5.6
3.5.7
3.5.8

Initialize Weight

Present Input Patterns
Determine Target Class
Determining Winning Node
3.5.4.1 Euclidean Distance
3.5.4.2  Manhattan Distance
3.5.4.3  Bray Curtis Distance
3.5.4.4  Canberra Distance
3.5.45  Chebyshev Distance
Updating The Weights
Updating Neighbouring Nodes
Determining The Learning Rate

Determining Convergence

Testing Or Evaluation Phase

3.6.1
3.6.2

Learning Ability Test

Network Accuracy Test

Result Justifications and Analysis

System Requirement Analysis

3.8.1
3.8.2

Hardware Specifications

Software Specifications

Summary

Introduction

Evaluation Of Standard SOM and Multilevel SOM

Learning For Classification Problems On Iris, Wine,

Glass, Diabetes And Pendigit Dataset

421
4.2.2

Training Phase

Testing Phase

Experiment Parameter Settings

Experimental Setup

Empirical Comparison Criteria For Standard SOM and

Multilevel SOM

70
70
70
71
72
73
74
76
77
78
78
80
81
82
83
83
83
87
87
88
89

90
90

92
94
95
95
97

99



45.1 Evaluation Measure 99
4.6 Comparison Between Standard SOM And Multilevel

SOM 101
4.6.1 Comparison Of Standard SOM Training With
Different Distance Measures 102
4.6.1.1 Results On Iris Dataset 103
4.6.1.2 Results On Wine Dataset 106
4.6.1.3 Results On Glass Dataset 109
4.6.1.4 Results On Diabetes Dataset 112
4.6.1.5 Results On Pendigits Dataset 115
4.6.2 Comparison Of Multilevel SOM Training With
Different Distance Measures 118
4.6.2.1 Results On Iris Dataset 118
4.6.2.2 Results On Wine Dataset 121
4.6.2.3 Results On Glass Dataset 124
4.6.2.4 Results On Diabetes Dataset 127
4.6.2.5 Results On Pendigits Dataset 130
4.6.3 Comparison Of Standard SOM And Multilevel
SOM 133
4.6.3.1 Results On Iris Dataset 133
4.6.3.2 Results On Wine Dataset 135
4.6.3.3 Results On Glass Dataset 137
4.6.3.4 Results On Diabetes Dataset 139
4.6.3.5 Results On Pendigits Dataset 141
4.7 Discussion 143
4.8 Summary 152
CONCLUSION AND FUTURE WORKS 153
5.1 Discussion 153
5.2 Summary Of Work 155
5.3 Contribution 157
5.4 Conclusion 159

5.5 Suggestion Of Future Work 160



REFERENCES

Xi

163



TABLE NO.
2.1
2.2
2.3

3.1
3.2
3.3
3.4
3.5
3.6
3.7

3.8
3.9
3.10
4.1
4.2
4.3(a)
4.3(b)
4.4
4.5(a)
4.5(b)

4.6(a)

LIST OF TABLES

TITLE
Application areas of different neural network
Process of assignments using classification matrix
Similarity and dissimilarity measure for quantitative
features
Iris dataset information
Wine dataset information
Glass dataset information
Diabetes dataset information
Pendigit dataset information
Original dataset before normalized: Diabetes dataset
New generated dataset after normalization: Diabetes
dataset
Input parameter specifications
Hardware specification
Software specification
Dataset information
Class information
Standard SOM models
Multilevel SOM models
Parameter settings used in training process

Performance of standard SOM in training process

Standard SOM classifiers retrieval performances on test

data

Performance of standard SOM in training process

Xii

PAGE
17
28

34
57
58
58
59
60
62

62
64
87
88
92
93
98
98
99
103

105
106



TABLE NO.
4.6(b)

4.7(a)
4.7(b)

4.8(a)
4.8(b)

4.9(a)
4.9(b)

4.10(a)
4.10(b)

4.11(a)
4.11(b)

4.12(a)
4.12(b)

4.13(a)
4.13(b)

4.14(a)
4.14(b)

4.15

4.16

4.17

TITLE
Standard SOM classifiers retrieval performances on test
data
Performance of standard SOM in training process
Standard SOM classifiers retrieval performances on test
data
Performance of standard SOM in training process
Standard SOM classifiers retrieval performances on test
data
Performance of standard SOM in training process
Standard SOM classifiers retrieval performances on test
data
Performance of multilevel SOM in training process
Multilevel SOM classifiers retrieval performances on test
data
Performance of multilevel SOM in training process
Multilevel SOM classifiers retrieval performances on test
data
Performance of multilevel SOM in training process
Multilevel SOM classifiers retrieval performances on test
data
Performance of multilevel SOM in training process
Multilevel SOM classifiers retrieval performances on test
data
Performance of multilevel SOM in training process
Multilevel SOM classifiers retrieval performances on test
data
Comparison of standard SOM and multilevel SOM in Iris
dataset
Comparison of standard SOM and multilevel SOM in
Wine Dataset
Comparison of standard SOM and multilevel SOM in

Glass dataset

Xiii

PAGE

108
109

111
112

114
115

117
118

120
121

123
124

126
127

129
130

132

133

135

137



TABLE NO.
4.18

4.19

4.20(a)

4.20(b)

4.20(c)

TITLE
Comparison of standard SOM and multilevel SOM in
Diabetes dataset
Comparison of standard SOM and multilevel SOM in
Pendigits dataset
Summary of comparative result analysis for standard SOM
models
Summary of comparative result analysis for multilevel
SOM models
Summary of comparative result analysis for standard SOM

and multilevel SOM models

Xiv

PAGE

139

141

145

147

149



FIGURE NO.
2.1
2.2
2.3
2.4
2.5
2.6

2.7

3.1

3.2
3.3

3.4
3.5

3.6
3.7
3.8
3.9
3.10
4.1(a)

LIST OF FIGURES

TITLE
Neural network classifier and type of input
Kohonen neural network
Acrchitecture of the SOM
Kohonen self-organizing feature maps
Learning rates as functions of time
The neighborhood function values in a form of Gaussian
function
Neighborhood function values in a form of Bubble
function
A proposed research framework for classification
problem using SOM algorithm
Forms of data pre-processing
A self-organizing network arranged in a rectangular
topology
Self-organizing maps training
Topological neighborhood can be different shapes such
as a) Hexagonal or b) Rectangular
An original SOM learning algorithm
A new proposed multilevel SOM learning algorithm
Updating neighborhood nodes
An overview of the experiments process
Overall experiment workflow
Comparative of standard SOM models learning

convergence

XV

PAGE
16
19
20
21
42

44

45

55
61

63
66

67
68
69
79
85
86

104



FIGURE NO.
4.1(b)

4.2(a)

4.2(b)

4.3(a)

4.3(b)

4.4(a)

4.4(b)

4.5(a)
4.5(b)

4.6(a)

4.6(b)

4.7(a)
4.7(b)

4.8(a)
4.8(b)

4.9(a)
4.9(b)

4.10(a)

TITLE
Standard SOM models classification accuracy in Iris
dataset
Comparative of standard SOM models learning
convergence
Standard SOM models classification accuracy in Wine
dataset.
Comparative of standard SOM models learning
convergence
Standard SOM models classification accuracy in Glass
dataset
Comparative of standard SOM models learning
convergence
Standard SOM models classification accuracy in
Diabetes dataset
Comparative of standard SOM learning convergence
Classification accuracy of standard SOM models in
Pendigits dataset
Comparative of multilevel SOM models leaning
convergence
Standard SOM models classification accuracy in Iris
dataset
Comparative of multilevel SOM learning convergence

Multilevel SOM models classification accuracy in Wine

dataset

Comparative of multilevel SOM learning convergence

Multilevel SOM models classification accuracy in Glass

dataset

Comparative of multilevel SOM learning convergence
Multilevel SOM models classification accuracy in
Diabetes dataset

Comparative of multilevel SOM models learning

convergence

XVi

PAGE

105

107

108

110

111

113

114
116

117

119

120
122

123
125

126
128

129

131



FIGURE NO.
4.10(b)

4.11(a)

4.11(b)

4.12(a)

4.12(b)

4.13(a)

4.13(b)

4.14(a)

4.14(b)

4.15(a)

4.15(b)

TITLE
Multilevel SOM models classification accuracy in
Pendigits dataset
Comparison of standard SOM and multilevel SOM
learning convergence
Comparison of standard SOM and multilevel SOM
classification accuracy in Iris dataset
Comparison of standard SOM and multilevel SOM
learning convergence
Comparison of standard SOM and multilevel SOM
classification accuracy in Wine dataset
Comparison of standard SOM and multilevel SOM
learning convergence
Comparison of standard SOM and multilevel SOM
classification accuracy in Glass dataset
Comparison of standard SOM and multilevel SOM
learning convergence
Comparison of standard SOM and multilevel SOM
classification accuracy in Diabetes dataset
Comparison of standard SOM and multilevel SOM
learning convergence
Comparison of standard SOM and multilevel SOM
classification accuracy on Pendigits dataset

Xvii

PAGE

132

134

134

136

136

138

138

140

140

142

142



xi(k)
wii(k)

Xi

Xo

Xmin

Xviii

LIST OF SYMBOLS

Input to node i at time &

Weight from input node i to neuron ; at time &
Input to the node i

Output node j

Input dimension

Distance between input node i and output node ;j
Number of iteration

Number of cycle

Learning rate

Neighborhood function

Neighborhood radius

Number of iteration

Number of cycle

Number of input nodes

Quantization Error

weight vector

updated weight vector

lateral distance of the excited neurons j and the
winning neuron ¢

measures the degree to which excited neurons in
the vicinity of the winning neuron cooperate in the
learning process

New x value (after normalization)

Current value of x (before normalization)

Minimum value of x in the sample data



Xmax
me

|, —m

1

0T

c

Maximum value of x in the sample data
Best matching reference vector
Difference (distance) between each data vector and

its best matching reference vector

Slope of the graph of ot?) against ¢

XiX



SOM
SOFM
AQE
BMU
BP
MSOM
cT

o

LIST OF ABBREVATIONS

Self-organizing map
Self-organizing feature map
Average quantization error
Best matching node (neuron)
Back-propogation
Multilevel SOM learning
Computation times
Classification accuracy
Precision

Recall

XX



XXi

LIST OF TERMINOLOGIES

Back-propogation (BP) - A supervised learning method in which an output
error signal is feed back through the network, altering
connection weights so as to minimize the error.

Categorization A process in which ideas and objects are recognized,
differentiated and understood where it implies that
objects are grouped into categories, usually for some
specific purpose. Ideally, a category illuminates a
relationship between the subjects and objects of
knowledge.

Connection - Alink between nodes used to pass data from one
node to the other. Each connection has an adjustable
value call the weights.

Feature extraction - A special form of dimensionality reduction and is in
the area of image processing also connected with
shape recognition.

Generalization - A neural network ability to respond correctly to data
no used to train it.

Input layer - A layer of nodes that forms a passive conduit for data
entering a neural network.

Labeled data - Input pattern tagged with a target result, which
provides the correct answer needed by supervised
algorithms for training.

Neural Network - An implementation of a teaming algorithm derived

from research about the brain. Often referred to as



Node

Output layer

Pattern recognition

Supervised learning

Self-Organizing Maps
(SOM)

Target output

Testing

Training

Unsupervised learning
Weight

xxii

artificial neural network, it typically contains layers
of so called artificial neurons composed of weights,
connections and nodes.

A single neuron-like element in a neural network. It
typically has many inputs but only one output.

The layer of nodes that produce neural network
results.

Identification of shapes, forms, or configurations by
automatic means.

A learning process requiring a labeled training set.
A subtype of artificial neural networks and it is
trained using unsupervised learning to produce low
dimensional representation of the training samples
while preserving the topological properties of the
input space.

A correct results included with each input pattern in a
training and testing set.

A process of measuring a neural network’s
performance, during which the network passes
through an independent dataset to calculate a
performance index, it does not change its weights.
A process during which a neural network passes
through a dataset repeatedly, changing the values of
its weights to improve its performance.

A learning process that does not require target result.
An adjustable value associated with a connection

between nodes in a neural network.



CHAPTER 1

INTRODUCTION

We are living in a world full of data. Every day, people encounter a large
amount of information and store or represent it as data, for further analysis and
management. One of the vital means in dealing with these data is to classify or group
them into a set of categories or clusters. Actually, as one of the most primitive
activities of human beings, classification plays an important and indispensable role in
the long history of human development. In order to learn a new object or understand
a new phenomenon, people always try to seek the features that can describe it, and
further compare it with other known objects or phenomena, based on the similarity or

dissimilarity, generalized as proximity, according to some certain standards or rules.

Artificial neural networks (ANNSs) are simple computational tools for
examining data and developing models that help to identify interesting patterns or
structures in the data. The data used to develop these models is known as training
data. Once neural network has been exposed to the training data, and has learnt the
patterns that exist in the data, it can be applied to new data thereby achieving variety

outcomes. Neural networks can be used to

e Learn to predict future events based on the patterns that have been observed in
the historical training data.



e Learn to classify unseen data into pre-defined groups based on characteristics
observed in the training data.
e Learn to cluster the training data into natural groups based on the similarity of

characteristics in the training data.

Recent research activities in ANN also have shown that ANN have powerful
classification (Dorothea Heiss, C. and Bajla 1., 2005) and pattern recognition (Xin-
Hua, S. and Hopke, P.K., 1996) capabilities. Inspired by biological system, ANN is
able to learn from and generalized from experienced. ANN explore many competing
hypotheses simultaneously using massively parallel network composed of non linear
relatively computational elements interconnect by links with variable weights. It is
this interconnected set of weights that contains the knowledge generated by the ANN
(Adya, M. and Collopy, F., 1998).

ANNs can be divided into two learning categories: supervised and
unsupervised (Smith, K. A., 2002). In unsupervised learning, a desired output result
for each input vector is required when the network is trained. An ANN of the
supervised learning type, such as the multi-layer perceptron (MLP), uses the target
result to guide the formation of the neural parameters. It is thus possible to make the
neural network learn the behavior of the process under study. In contrast with
unsupervised learning, the training of the network is entirely data driven, and no
target results for the input data vectors are provided. An ANN of unsupervised
learning type, such as the self-organizing maps (SOM), can be used for clustering the
input data and find features inherent to the problem.

Basically, classification systems are either supervised or unsupervised,
depending on whether they assign new inputs to one of a finite number of discrete
supervised classes or unsupervised categories. Hence, the context of this study is

limited to the evaluation of SOM algorithm performance in classification task.



1.1  Problem Background

Kohonen SOM networks have been successfully applied as a classification
tool to various problem domains. The self-organizing map (SOM) network is a
special type of neural network that can learn from complex, multi-dimensional data
and transform them into visually decipherable clusters. The theory of the SOM
network is motivated by the observation of the brain operation. Various human
sensory impressions are neurologically mapped into the brain such that spatial or
other relations among stimuli correspond to spatial relations among the neurons are
organized into a two-dimensional map. The main function of SOM networks is to
map the input data from an n-dimensional space to a lower dimensional (usually one
or two-dimensional) plot while maintaining the original topological relations. The
physical location of points on the map shows the relative similarity between the

points in the multi-dimensional space.

Self organizing maps (SOMS) are a form of competitive neural network
(Kohonen, T., 1998), which transforms highly dimensional data onto a two
dimensional grid, while keeping the data topology by mapping similar data items to
the same cell on the grid (or to neighboring cells), using some form of distance

measure usually Euclidean distance.

In other neural network models, all neurons adjust their weights in response
to a training presentation while in competitive learning only one or few neurons are
allowed to adjust their weights. Therefore, this ability made Kohonen networks to
become more resource efficient compared to other networks. Moreover, the
unsupervised training of Kohonen network does not require target output for training.
The network is able to learn the pattern of data itself without knowing all the output.
The nodes in the network converge to form clusters to represent groups of entities
with similar properties. The number and composition of clusters can be visually

determined based on the output distribution generated by the training process.



Besides unsupervised training, SOM is able to train in supervised manner
(Lee T. E., 2005). This method is normally applied if the target outputs have been
known in priori. The flexibility and ability of SOM has gained interest of the author

to further research and apply the technique in variety of tasks such as classification.

ANN implementations that based on competition method often use some
means of calculating distance between input vectors and weights (Gopalan, A. and
Titus, A. H., 2003). Clearly, an important part of this process is the comparison of
the input vector elements and weight vector elements. Mathematically, this
comparison is achieved through the computation of a distance between vectors;
vectors with the smallest distance are most similar. The goal is to minimize the
distance between the stored weight vectors and the input vectors. Term distance is
also used to convey the idea of dissimilarity. Naturally, this distance should only be
applicable to real-valued patterns (Lourenco, F et al., 2004). None of the distance

measure, including Euclidean appropriately handle non-continuous input attributes.

Although the term similarity is often used, dissimilarity corresponds to the
notion of distance, small distance means small dissimilarity, and large similarity
(Veltkamp, R. C., 2001). So when comparing patterns, it is very useful if they are
represented in a space that has a metric. The success of unsupervised algorithms,
such as the SOM and clustering methods, depends crucially on the metric, the
measure of the distance between the objects of interest. The metrics, on the other
hand, depends on which kinds of variables selection and feature extraction (Kaski, S.
etal., 2001)

The choice of metric for neural network that implements competitive learning
rule such as SOM is directly connected to the representation of data and it crucially
influences the efficiency, accuracy and generalization ability of the results.



They are various types of distance measures which all define different kinds
of metric space. Each method has its own properties and generally gives different
perspectives of the data turning the matter of choice not trivial (Meyer, 2002). The
most commonly used methods for calculating distance in SOM learning is Euclidean
distance measure that considers each observation dimension with the same
significance whatever the observation distribution inside classes (Fessant, F et al.
2001).

Among all distance measures, some have very similar behaviors in similarity
queries. others may behave quite differently (Qian, G. et al., 2003). For example,
Bray Curtis distance and Canberra distance have favorable advantage where both
measures perform their own standardization. Usually the method is chosen based on
which distance measure that gives the 'best’ results in terms of some error function or
ability to classify/cluster certain data points. Changing the distance measure can

have a major effect on the overall performance of a classification system.

One way of comparing distance measures is to study their retrieval
performance on a particular application (Qian, G. et al., 2002). Choosing a particular
distance measures also concern on the impact of computational overhead on system
performance (Qian, G. et al., 2003). Understanding the relationship among distance
measures is helpful in choosing a proper one for a particular application.

Fessant, F et al. (2001) compare the performance of supervised self-
organizing maps designed with different distance measures: Euclidean distance and
Mahalanobis distance on data classification application. Concerning on classification
problems, Mahalanobis distance turns out to be more effective concerning
classification problem with 92.8% classification accuracy compared to Euclidean
distance with 94.1%. This is because of the large range of data components
variations. In fact, the giving up of Euclidean distance is advisable when the

variances of input vectors components are highly different.



In Cure, J. D. and Hill, J. J. (1981) paper, proposed a scheme where both the
Euclidean distance measure and a simpler unweighted city-block distance are utilized
together for improving the classification speed of clustering algorithm which used a
Euclidean distance metric. The proposed scheme described, allow the algorithm to
decide whether the classification of each pattern vectors is to be achieved by the
computationally slow Euclidean distance or the faster city-block distance.

Keeratipranon, N. and Maire, F. (2005) also highlighted the differences
between three natural similarity measures for bearing vectors. The researches has
demonstrated the clear superiority of the Mahalanobis distance for localization based
on bearings problems with reaches the best classification accuracy of 99.32%
compared to Euclidean distance achieves 92.17% classification accuracy and Naive
Bayes distance with 97.14%.

Huang, Y. et al. (1998), evaluate the performance of the self-organizing maps
(SOMs) with different distance measures; Euclidean distance and Bhattacharyya
distance in retrieving similar images when a full or a partial query image is presented
to the SOM. The results show that the Bhattacharyya distance is superior to
Euclidean distance with 98% of retrieval rates compared to Euclidean distance which
IS 95%. The standard Euclidean distance not yield the best results in retrieving partial
images based on their histograms due to long time needed to compute color

histograms compared to Bhattacharyya distance.

The SOM as conceived should live the input patterns space, i.e. the codebook
patterns should lie in the space of the input patterns. The original SOM algorithm
was defined for real valued patterns. However, when using binary input patterns and
as consequence of computation, the codebook patterns will assume non-binary (i.e.,
real) values. To keep applying the binary similarity measures we have to envisage
some way to convert the real valued pattern to a binary one in order to compute the

best matching unit (BMU). However, for binary data the usual Euclidean distance



can be replaced by binary similarity measures that take into account possible
asymmetries and therefore provide a different point of view for looking at the data.

Fernando, L. et al., (2002) in their study, they had proposed two SOM
architecture that approaches to the BMU problem, the “hard” logic and the dot
product. When using “hard” logic and the dot product approach, BMU can be
computed using other types binary similarity measures instead of Euclidean distance
especially when dealing with binary patterns. In the context of SOM it is clear that
the range of variation allowed by Euclidean distance cannot be matched by binary-
based measures. This means that at this time it is not realistic to use binary-based
similarity measures to produce “fine-resolution” clustering, although most of the
measures used revealed the ability to distinguish major clusters. In their work, they
have showed that binary-based similarity measures might provide a different insight
into data, effectively revealing interesting patterns and relations in the data.

Based on the previous research, has gained interest for the accomplishment of
this study in order to evaluate and compare the performance of SOM using different
distance measures in classification tasks. From these past researches also shows that,
there is no highly difference in the performance of SOM in terms of its classification
accuracy when different distance measures is employ to this algorithm. For this
reason, a new learning methodology is developed to be implemented in SOM
algorithm to see whether it able to enhanced the performance of SOM in
classification tasks. This new proposed method is known as multilevel SOM

learning.

By using this approach, original SOM algorithm is divided to two learning
level, where each level will implement different distance measures during the
learning process instead of one measures as in original SOM algorithm. Hence, in
this study, five types of distance such as Euclidean distance, Manhattan distance,
Bray Curtis distance, Canberra distance and Chebyshev distance was evaluated and

their performance in SOM learning process was investigated. The new proposed



multilevel learning method is then analyzed to find out whether it can improve the
performance of SOM in pattern classification task. The performance of new
proposed SOM-based classification system is evaluated in terms of classification

accuracy and computation times.

1.2 Problem Statements

The choice of metric for neural network that implements competitive learning
rule such as SOM is directly connected to the representation of data and it crucially
influences the efficiency, accuracy and generalization ability of the results. Euclidean
distance is commonly used metric in SOM application. Besides Euclidean distance,
there are different types of distance measures; which all define different kinds of
metric space. From previous studies shows that, by employing different distance
measures in SOM has affect the performance of this network in classification
context. So, this study attempt to evaluate the performance of SOM using different
distance measures in several real world classification problems. The hypothesis of

the study can be stated as:

“Could the selection of distance measures used to train the SOM can affect the

performance of SOM?”’

Based on past researches (Huang, Y. et al., 1998), (Fessant, F et al., 2001)
and (Keeratipranon, N. and Maire, F., 2005), shows that although the used of
different distance measures has affect the SOM performance in classification tasks
but the results obtained is nearly equivalent and not quite promising. For this reason,
an enhancement learning methodology for SOM algorithm is proposed that is known

as multilevel SOM learning in order to find out whether it can give better



improvement on SOM classification results. The hypothesis for this study can be

stated as:

“Could multilevel learning approach used in Kohonen Self-Organizing Maps (SOM)

neural network enhanced the accuracy of classification result?”

1.3 Project Aim

The aim of this study is to apply multilevel learning approach in Self-Organizing
Map (SOM) algorithm. This approach is evaluated and analyzed to determine weather
it can improve SOM learning performance in terms of its capability to produce the
accurate classification result in less computation times. Further more, different types
of real-valued dataset are used to represent the classification problem that is going to

be solved using SOM algorithm designed with multilevel learning approach.

1.4 Objectives Of The Project

The objectives of the study are outlined as below:

1. To propose multilevel learning methodology in SOM algorithm

known as multilevel SOM.

2. To design and develop standard SOM and multilevel SOM model

which uses various distance measures.
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3. To evaluate and compare the learning and classification performance
of standard SOM models and multilevel SOM models.

15 Project Scopes

Below defined the scope of the study, which involved several areas:

1. Five types of distance measures are employed in SOM algorithm.
The distance measures are Euclidean Distance, Manhattan Distance,

Bray Curtis distance, Canberra distance and Chebyshev distance.

2. These algorithms are tested using real-valued data set.
Four set of universal data being used are Iris, Wine, Glass, Diabetes

and Pendigits.

3. The programs are built on a Windows environment using Microsoft

Visual C++ 6.0 programming language.

1.6 Significance Of The Project

The study investigates the capabilities of multilevel learning method used in
Self-Organizing Maps (SOM) to perform in pattern classification tasks. The
performance of standard SOM and multilevel SOM trained using various distance
measures such as Euclidean distance, Manhattan distance, Bray Curtis distance,
Canberra distance and Chebyshev distance are evaluated and compared. The

performance of SOM which employ multilevel learning approach is evaluate to
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examine whether this new proposed method is able to give better performance than
the standard SOM in terms of classification accuracy and computation time.

1.7 Organization Of The Report

This report consists of four chapters. Chapter 1 presents the introduction of
the study. The remainders of this report are structured as follows. Chapter 2 covers
the literature review of this project, which is divided into 4 parts. The first part, recall
the basic concepts of SOM network, mainly focused on the architecture and training
particular processes in Kohonen Self-Organizing Maps (SOM). Next, four types of
distance measures will be described and their performance differences also
discussed. A review on relevant and related literature on classification using SOM
algorithm will be presented. Chapter 3 provides the methodologies in terms of data
and classification techniques used in this study. Chapter 4 presents the experimental
result of this project, where the results shows the performance of standard SOM and
multilevel SOM trained using Euclidean distance, Manhattan distance, Bray Curtis
distance, Canberra distance and Chebyshev distance when it tested using the dataset
of real world classification problems, which is taken from universal data. Finally,
suggestion of future research direction and the conclusion for this study are given in
Chapter 5.
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