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Message from the General Chair

Pattern recognition and machine intelligence form a major area of research and
developmental activity that encompasses the processing of multimedia informa-
tion obtained from the interaction between science, technology and society. An
important motivation for the spurt of activity in this field is the desire to de-
sign and make intelligent machines capable of performing certain tasks that we
human beings do. Potential applications exist in forefront research areas like
computational biology, data mining, Web mining, global positioning systems,
medical imaging, forensic sciences, besides classical problems of optical charac-
ter recognition, biometry, target recognition, face recognition, remotely sensed
data analysis, and man—machine communication. There have been several con-
ferences around the world in the past few decades individually in these two areas
of pattern recognition and artificial intelligence, but hardly any combining the
two, although both communities share similar objectives. Therefore holding this
international conference covering these domains is very appropriate and timely,
considering the recent needs of information technology, which is a key vehicle for
the economic development of any country. The first integrated meeting of 2005,
under this theme, was PReMI 2005.

The objective of this international meeting is to present state-of-the-art sci-
entific results, encourage academic and industrial interaction, and to promote
collaborative research and developmental activities, in pattern recognition, ma-
chine intelligence and related fields, involving scientists, engineers, professionals,
researchers and students from India and abroad. The conference will be held
every two years to make it an ideal platform for people to share their views and
experiences in these areas. Particular emphasis in PReMI 2005 was placed on
computational biology, data mining and knowledge discovery, soft computing,
case-based reasoning, biometry, as well as various upcoming pattern recogni-
tion/image processing problems. There were tutorials, keynote talks and invited
talks, delivered by speakers of international repute from both academia and in-
dustry. These were accompanied by interesting special sessions apart from the
regular technical sessions.

It may be mentioned here that in India the activity on pattern recogni-
tion started in the 1960s, mainly in ISI, Calcutta, TIFR, Bombay and IISc,
Bangalore. ISI, having a long tradition of conducting basic research in statis-
tics/mathematics and related areas, has been able to develop profoundly ac-
tivities in pattern recognition and machine learning in its different facets and
dimensions with real-life applications. These activities have subsequently been
consolidated under a few separate units in one division. As a mark of the signif-
icant achievements, special mention may be made of the DOE-sponsored KBCS
Nodal Center of ISI founded in the 1980s and the Center for Soft Computing
Research (CSCR) of IST established in 2004 by the DST, Government of India.



VI Preface

CSCR, which is the first national center in the country in this domain, has many
important objectives including distance learning, establishing linkage to premier
institutes/industries, organizing specialized courses, as well as conducting fun-
damental research.

The conference proceedings of PReMI-05, containing rigorously reviewed pa-
pers, is published by Springer in its prestigious Lecture Notes in Computer Sci-
ence (LNCS) series. Different professional sponsors and funding agencies (both
national and international) came forward to support this event for its success.
These include, International Association of Pattern Recognition (IAPR); Web
Intelligence Consortium (WIC); Institute of Electrical and Electronics Engineer-
ing (IEEE): International Center for Pure and Applied Mathematics (CIMPA),
France; Webel, Government of West Bengal IT Company; Department of Science
& Technology (DST), India; Council of Scientific & Industrial Research (CSIR),
India. To encourage participation of bright students and young researchers, some
fellowships were provided.

I believe the participants found PReMI-05 an academically memorable and
intellectually stimulating event. It enabled young researchers to interact and
establish contacts with well-known experts in the field

I hope that you have all enjoyed staying in Calcutta (now Kolkata), the city
of Joy.

September 2005 Sankar K. Pal, Kolkata
General Chair, PReMI-05
Director, Indian Statistical Institute



Preface

This volume contains the papers selected for the 1st International Conference on
Pattern Recognition and Machine Intelligence (PReMI 2005), held in the Indian
Statistical Institute Kolkata, India during December 18-22, 2005. The primary
goal of the conference was to present the state-of-the-art scientific results, en-
courage academic and industrial interaction, and promote collaborative research
and developmental activities in pattern recognition, machine intelligence and
related fields, involving scientists, engineers, professionals, researchers and stu-
dents from India and abroad. The conference will be held every two years to
make it an ideal platform for people to share their views and experiences in
these areas.

The conference had five keynote lectures, 16 invited talks and an evening
talk, all by very eminent and distinguished researchers from around the world.
The conference received around 250 submissions from 24 countries spanning
six continents. Each paper was critically reviewed by two experts in the field,
after which about 90 papers were accepted for oral and poster presentations.
In addition, there were four special sessions organized by eminent researchers.
Accepted papers were divided into 11 groups, although there could be some
overlap.

We take this opportunity to express our gratitude to Professors A. K. Jain,
R. Chellappa, D. W. Aha, A. Skowron and M. Zhang for accepting our invi-
tation to be the keynote speakers in this conference. We thank Professors B.
Bhattacharya, L. Bruzzone, A. Buller, S. K. Das, U. B. Desai, V. D. Gesu, M.
Gokmen, J. Hendler, J. Liu, B. Lovell, J. K. Udupa, M. Zaki, D. Zhang and
N. Zhong for accepting our invitation to present invited papers in this confer-
ence. Our special thanks are due to Professor J. K. Aggarwal for the acceptance
of our invitation to deliver a special evening lecture. We also express our deep
appreciation to Professors Dominik Sl@zak, Carlos Augusto Paiva da Silva Mar-
tins, P. Nagabhushan and Kalyanmoy Gupta for organizing interesting special
sessions during the conference. We gratefully acknowledge Mr. Alfred Hofmann,
Executive Editor, Computer Science Editorial, Springer, Heidelberg, Germany,
for extending his co-operation for publication of the PReMI-05 proceedings. Fi-
nally, we would like to thank all the contributors for their enthusiastic response.

‘We hope that the conference was an enjoyable and academically fruitful meet-
ing for all the participants.

September 2005 Sankar K. Pal
Sanghamitra Bandypodhyay

Sambhunath Biswas

Editors



Organization

PReMI 2005 was organized by the Machine Intelligence Unit, Indian Statistical
Institute (ISI) in Kolkata during December 18-22, 2005.

PReMI 2005 Conference Committee

General Chair:
Program Chairs:

Organizing Chairs:
Tutorial Chair:
Publication Chair:

Industrial Liaison:

International Liaison:

Sankar K. Pal (ISI, Kolkata, India)

S. Mitra (ISI, Kolkata, India)

S. Bandyopadhyay (ISI, Kolkata, India)

W. Pedrycz (University of Alberta, Edmonton,
Canada)

C. A. Murthy (ISI, Kolkata, India)

R. K. De (ISI, Kolkata, India)

A. Ghosh (ISI, Kolkata, India)

S. Biswas (ISI, Kolkata, India)

M. K. Kundu (ISI, Kolkata, India)

R. Roy (PWC, India)

G. Chakraborty (Iwate Prefectural University,
Takizawamura, Japan)

J. Ghosh (University of Texas at Austin, USA)

Advisory Committee

. K. Jain, USA

. Kandel, USA

. P. Mitra, India

. Skowron, Poland

. L. Deekshatulu, India

. Y. Suen, Canada

. Bunke, Switzerland

Keller, USA
K. Ghosh, India
M. Zurada, USA

~J. Zimmermann, Germany

Kasturirangan, India

. Kanal, USA
L. A. Zadeh, USA

M. G. K. Menon, India

M. Jambu, France
M. Vidyasagar, India

A
A
A
A
B
C
D. Dutta Majumder, India
H
H
J.
J.
J.
K
L



X Organization

N. Balakrishnan, India
R. Chellappa, USA

R. A. Mashelkar, India
S. Prasad, India

S. I. Amari, Japan

T. S. Dillon, Australia
T. Yamakawa, Japan

V. S. Ramamurthy, India
Z. Pawlak, Poland

Program Committee

A. Pal, India

A. K. Majumdar, India
A. M. Alimi, Tunisia

B. B. Bhattacharyya, India
B. Chanda, India

B. Lovell, Australia

B. Yegnanarayana, India
D. Mukhopadhyay, India
D. Sl@zak, Canada

D. Zhang, Hong Kong, China
D. P. Mukherjee, India
D. W. Aha, USA

E. Diday, France

G. S. di Baja, Italy

H. Frigui, USA

H. Kargupta, USA

H. L. Larsen, Denmark
J. Basak, India

J. K. Udupa, USA

L. Bruzzone, Italy

L. Hall, USA

L. I. Kuncheva, UK

M. Banerjee, India

M. Nikravesh, USA

M. N. Murty, India

N. Nasrabadi, USA

N. Zhong, Japan

O. Nasraoui, USA

O. Vikas, India

P. Chaudhuri, India

P. Mitra, India

R. Kothari, India

R. Setiono, Singapore



Organization XI

R. Krishnapuram, India
R. Weber, Chile

S. Bose, India

S. B. Cho, Korea

Santanu Chaudhuri, India
Subhasis Chaudhuri, India

S. Mukhopadhyay, India

S. Sarawagi, India

S. Ray, Australia

S. Sinha, India

S. K. Parui, India

T. Heskes, Netherlands

T. K. Ho, USA

U. B. Desali, India

V. D. Gest, Italy

Y. Hayashi, Japan

Y. V. Venkatesh, Singapore

Y. Y. Tang, Hong Kong, China

Reviewers

A. M. Alimi D. Mukhopadhyay K. Mali

A. Bagchi D. P. Mukherjee K. Polthier

A. Bhaduri D. Sl@zak K. S. Venkatesh
A. Bishnu D. Zhang L. Bruzzone

A. Biswas E. Diday L. Dey

A. Ghosh F. R. B. Cruz L. Hall

A. Konar F. A. C. Gomide L. I. Kuncheva
A. Laha G. S. di Baja L. V. Subramaniam
A. Lahiri G. Chakraborty L. E. Zarate

A. Liu G. Gupta M. Acharyya
A. K. Majumdar G. Pedersen Mahua Banerjee
A. Mukhopadhyay G. Siegmon Minakshi Banerjee
A. Negi H. Frigui M. Deodhar

A. Pal H. Kargupta M. Gehrke

B. B. Bhattacharyya H. L. Larsen M. K. Kundu
B. Chanda J. Basak M. Mandal

B. Lovell J. Ghosh M. Mitra

B. Raju J. Mukhopadhyay M. N. Murty

C. A. Murthy J. K. Sing M. Nasipuri

C. V. Jawahar J. Sil M. K. Pakhira
D. W. Aha J. K. Udupa M. P. Sriram
D. Chakraborty Jayadeva N. Das

D. M. Akbar Hussain K. Kummamuru N. Zhong



XII Organization

O. Nasraoui

. Bhowmick

. Biswas
Chaudhuri

. Dasgupta
Dutta

Guha

Mitra

. P. Mohanta

. Nagabhushan
. A. Vijaya
Rajasekhar

. Krishnapunam
. Setiono

. Kothari

. Weber

. K. De

. U. Udupa

. M. Lotlikar

. H. C. Takashi

R R

THIIID AT

S. Bandyopadhyay
S. Biswas

S. Bose

Santanu Chaudhuri
Subhasis Chaudhuri
S. Datta

S. Ghosh
S. Maitra
S. Mitra

S. Mukhopadhyay
S. Mukherjee
S. Palit

S. Ray

S. Roychowdhury
S. Sarawagi

S. Sandhya

S. Sen

S. Sinha

S. Sur-Kolay

S. B. Cho

S. K. Das

S. K. Mitra

Sponsoring Organizations

— Indian Statistical Institute (ISI), Kolkata

=

e iodioe

<dd<<dogasE3389w

K. Pal

K. Parui

. Acharya

A. Faruquie
Heskes

K. Ho

Pal
Bhattacharyya
B. Desai
Garain

Pal

. S. Devi

. D. Gesu

. A. Popov

. V. Saradhi

. Pedrycz

. Y. Tang

. Hayashi

. V. Venkatesh
. Zhang

Center for Soft Computing Research-A National Facility, ISI, Kolkata
Department of Science and Technology, Government of India

— International Center for Pure and Applied Mathematics (CIMPA), France

International Association for Pattern Recognition (IAPR)
— Web Intelligence Consortium (WIC), Japan

— Webel, Government of West Bengal IT Company, India
— Council of Scientific & Industrial Research (CSIR), Government of India
— Institute of Electrical and Electronics Engineers (IEEE), USA

— And others



Table of Contents

Keynote Papers

Data Clustering: A User’s Dilemma
Anil K. Jain, Martin HC. Law .. ....... ... .. i,

Pattern Recognition in Video
Rama Chellappa, Ashok Veeraraghavan, Gaurav Aggarwal ..........

Rough Sets in Perception-Based Computing
Andrzej SEOwWron . . ...

Conversational Case-Based Reasoning
David W. Aha .. ...

Computational Molecular Biology of Genome Expression and
Regulation
Michael Q. Zhang ... ...

Human Activity Recognition
J K. Aggarwal . ..o

Invited Papers

A Novel T2-SVM for Partially Supervised Classification
Lorenzo Bruzzone, Mattia Marconcini .................ccouuuon...

S Kernel: A New Symmetry Measure
Vito Di Gest, Bertrand Zavidovique . .......... ... ..c.ccouiiiien...

Geometric Decision Rules for Instance-Based Learning Problems
Binay Bhattacharya, Kaustav Mukherjee,
Godfried TousSAINE . ... .. ou

Building Brains for Robots: A Psychodynamic Approach
Andrzej Buller ... ... ...

Designing Smart Environments: A Paradigm Based on Learning and
Prediction
Sajal K. Das, Diane J. Cook ......... .. . ... . . . ...



X1V Table of Contents

Towards Generic Pattern Mining
Mohammed J. Zaki, Nilanjana De, Feng Gao, Nagender Parimi,
Benjarath Phoophakdee, Joe Urban Vineet Chaoji,

Mohammad Al Hasan, Saeed Salem ............ ... .. ... ... ....

Multi-aspect Data Analysis in Brain Informatics

Ning Zhong .. ...

Small Object Detection and Tracking: Algorithm, Analysis and
Application
U.B. Desai, S.N. Merchant, Mukesh Zaveri, G. Ajishna,

Manoj Purohit, H.S. Phanish .. ... ..

IMumination Invariant Face Alignment Using Multi-band Active
Appearance Model

Fatih Kahraman, Muhittin Gokmen . ....... ... ... . .. . ...

Globally Optimal 3D Image Reconstruction and Segmentation Via
Energy Minimisation Techniques

Brian C. Lovell ... .. ... .. . .

Go Digital, Go Fuzzy

Jayaram K. Udupa, George J. Grevera............. ... ... ... ....

A Novel Personal Authentication System Using Palmprint Technology
David Zhang, Guangming Lu, Adams Wai-Kin Kong,

Michael Wong . ...

World Wide Wisdom Web (W4) and Autonomy Oriented Computing
(AOC): What, When, and How?

JImang Liw . ..o

Semantic Web Research Trends and Directions
Jennifer Golbeck, Bernardo Cuenca Grau,
Christian Halaschek-Wiener, Aditya Kalyanpur, Bijan Parsia,

Andrew Schain, Evren Sirin, James Hendler .....................

Contributory Papers

Clustering, Feature Selection and Learning

Feature Extraction for Nonlinear Classification

Anil Kumar Ghosh, Smarajit Bose ......... ... ... ...



Table of Contents

Anomaly Detection in a Multi-engine Aircraft
Dinkar Mylaraswamy .. ...

Clustering Within Quantum Mechanical Framework
Guleser K. Demir. . ...t e e

Linear Penalization Support Vector Machines for Feature Selection
Jaime Miranda, Ricardo Montoya, Richard Weber ................

Linear Regression for Dimensionality Reduction and Classification of
Multi Dimensional Data
Lalitha Rangarajan, P. Nagabhushan ............. ... ... ........

A New Approach for High-Dimensional Unsupervised Learning:
Applications to Image Restoration
Nizar Bouguila, Djemel Ziou .........c.ouiiiinian..

Unsupervised Classification of Remote Sensing Data Using Graph
Cut-Based Initialization

Mayank Tyagi, Ankit K Mehra, Subhasis Chaudhuri,

Lorenzo Bruzzone ... ...... ...

Hybrid Hierarchical Learning from Dynamic Scenes
Prithwijit Guha, Pradeep Vaghela, Pabitra Mitra, K.S. Venkatesh,
Amitabha Mukerjee ........ ...

Reference Extraction and Resolution for Legal Texts
Mercedes Martinez-Gonzilez, Pablo de la Fuente,
Damaso-Javier Vicente ........ ...

Classification

Effective Intrusion Type Identification with Edit Distance for
HMM-Based Anomaly Detection System
Ja-Min Koo, Sung-Bae Cho ........... . ...,

A Combined fBm and PPCA Based Signal Model for On-Line
Recognition of PD Signal
Pradeep Kumar Shetty........ .. ..

Handwritten Bangla Digit Recognition Using Classifier Combination
Through DS Technique
Subhadip Basu, Ram Sarkar, Nibaran Das, Mahantapas Kundu,
Mita Nasipuri, Dipak Kumar Basu ... ..

XV



XVI Table of Contents

Arrhythmia Classification Using Local Holder Exponents and Support
Vector Machine
Aniruddha Joshi, Rajshekhar, Sharat Chandran, Sanjay Phadke,
V.K. Jayaraman, B.D. Kulkarni ....... .. . . .. . ... . .. ... 242

A Voltage Sag Pattern Classification Technique
Délio E.B. Fernandes, Madrio Fabiano Alvaes,
Pyramo Pires da Costa Jr. . ...... ... . 248

Face Recognition Using Topological Manifolds Learning
Cao Wenming, Lu Fei . ........ ... 254

A Context-Sensitive Technique Based on Support Vector Machines for
Image Classification
Francesca Bovolo, Lorenzo Bruzzome ...............cc.ouuiuiunenn.. 260

Face Recognition Technique Using Symbolic PCA Method
P.S. Hiremath, C.J. Prabhakar ........... .. . .. .. . . . iiiiin... 266

A Hybrid Approach to Speaker Recognition in Multi-speaker
Environment
Jigish Trivedi, Anutosh Maitra, Suman K. Mitra . ................. 272

Design of Hierarchical Classifier with Hybrid Architectures
M.N.S.5.K. Pavan Kumar, C.V. Jawahar ..................... ... 276

Neural Networks and Applications

Human-Computer Interaction System with Artificial Neural Network
Using Motion Tracker and Data Glove
Cemil Oz, Ming C. Lew . .....c.oou i 280

Recurrent Neural Approaches for Power Transformers Thermal Modeling
Michel Hell, Luiz Secco, Pyramo Costa Jr.,
Fernando Gomide . . ... . 287

Artificial Neural Network Engine: Parallel and Parameterized
Architecture Implemented in FPGA
Milene Barbosa Carvalho, Alexandre Marques Amaral,
Luiz FEduardo da Silva Ramos,
Carlos Augusto Paiva da Silva Martins, Petr Fkel ................ 294

Neuronal Clustering of Brain fMRI Images
Nicolas Lachiche, Jean Hommet, Jerzy Korczak,
Agnes Braud . ......... 300



Table of Contents

An Optimum RBF Network for Signal Detection in Non-Gaussian
Noise
D.G. Khairnar, S.N. Merchant, U.B. Desai ......................

A Holistic Classification System for Check Amounts Based on Neural
Networks with Rejection
M.J. Castro, W. Diaz, F.J. Ferri, J. Ruiz-Pinales, R. Jaime-Rivas,
F. Blat, S. Espana, P. Aibar, S. Grau, D. Griol ..................

A Novel 3D Face Recognition Algorithm Using Template Based
Registration Strategy and Artificial Neural Networks
Ben Niu, Simon Chi Keung Shiu, Sankar Kumar Pal..............

Fuzzy Logic and Applications

Recognition of Fault Signature Patterns Using Fuzzy Logic for
Prevention of Breakdowns in Steel Continuous Casting Process
Arya K. Bhattacharya, P.S. Srinivas, K. Chithra, S.V. Jatla,
Jadav Das . ... .

Development of an Adaptive Fuzzy Logic Based Control Law for a
Mobile Robot with an Uncalibrated Camera System
T. Das, ILN. Kar ... ... e

Fuzzy Logic Based Control of Voltage and Reactive Power in
Subtransmission System

Ana Paula M. Braga, Ricardo Carnevalli,

Petr FEkel, Marcelo Gontijo, Marcio Junges,

Bernadete Maria de Mendong¢a Neta, Reinaldo M. Palhares ........

Fuzzy-Symbolic Analysis for Classification of Symbolic Data
M.S. Dinesh, K.C. Gowda, P. Nagabhushan ......................

Handwritten Character Recognition Systems Using Image-Fusion and
Fuzzy Logic
Rupsa Chakraborty, Jaya Sil ......... . ...

Classification of Remotely Sensed Images Using Neural-Network
Ensemble and Fuzzy Integration
G. Mallikarjun Reddy, B. Krishna Mohan . .......................

Intelligent Learning Rules for Fuzzy Control of a Vibrating Screen
Claudio Ponce, Ernesto Ponce . .............o ...

XVII



XVIII Table of Contents

Fuzzy Proximal Support Vector Classification Via Generalized
Eigenvalues
Jayadeva, Reshma Khemchandani, Suresh Chandra ...............

Segmentation of MR Images of the Human Brain Using Fuzzy Adaptive
Radial Basis Function Neural Network
J.K. Sing, D.K. Basu, M. Nasipuri, M. Kundu ...................

Optimization and Representation

Design of Two-Dimensional IIR Filters Using an Improved DE
Algorithm
Swagatam Das, Debangshu Dey . ........ .. .. ...

Systematically Evolving Configuration Parameters for Computational
Intelligence Methods
Jason M. Proctor, Rosina Weber ......... ... ... i,

A Split-Based Method for Polygonal Approximation of Shape Curves
R. Dinesh, Santhosh S. Damle, D.S. Guru .......................

Symbolic Data Structure for Postal Address Representation and
Address Validation Through Symbolic Knowledge Base
P. Nagabhushan, S.A. Angadi, B.S. Anami.......................

The Linear Factorial Smoothing for the Analysis of Incomplete Data
Basavanneppa Tallur ......... ... . .

An Improved Shape Descriptor Using Bezier Curves
Ferdous Ahmed Sohel, Gour C. Karmakar,
Laurence S. Dooley . ......... i

Isothetic Polygonal Approximations of a 2D Object on Generalized
Grid
Partha Bhowmick, Arindam Biswas, Bhargab B. Bhattacharya . .. . ..

An Evolutionary SPDE Breeding-Based Hybrid Particle Swarm
Optimizer: Application in Coordination of Robot Ants for Camera
Coverage Area Optimization

Debraj De, Sonai Ray, Amit Konar, Amita Chatterjee .............

An Improved Differential Evolution Scheme for Noisy Optimization
Problems
Swagatam Das, Amit Konar.............couiiiiiiiiiiinin..



Table of Contents XIX

Image Processing and Analysis

Facial Asymmetry in Frequency Domain: The “Phase” Connection
Singini Mitra, Marios Savvides, B.V.K. Vijaya Kumar............. 422

An Efficient Image Distortion Correction Method for an X-ray Digital
Tomosynthesis System
LY Kim 428

Figen Transformation Based Edge Detector for Gray Images
P. Nagabhushan, D.S. Guru, B.H. Shekar ........................ 434

Signal Processing for Digital Image Enhancement Considering APL in
PDP
Soo-Wook Jang, Se-Jin Pyo, Fun-Su Kim, Sung-Hak Lee,
Kyu-Tk Sohng .. ... 441

A Hybrid Approach to Digital Image Watermarking Using Singular
Value Decomposition and Spread Spectrum
Kunal Bhandari, Suman K. Mitra, Ashish Jadhav................. 447

Image Enhancement by High-Order Gaussian Derivative Filters
Simulating Non-classical Receptive Fields in the Human Visual System

Kuntal Ghosh, Sandip Sarkar, Kamales Bhaumik ................. 453

A Chosen Plaintext Steganalysis of Hide4dPGP V 2.0
Debasis Mazumdar, Soma Mitra, Sonali Dhali, Sankar K. Pal . ... .. 459

Isolation of Lung Cancer from Inflammation
Md. Jahangir Alam, Sid Ray, Hiromitsu Hama ................... 465

Learning to Segment Document Images
K.S. Sesh Kumar, Anoop Namboodiri, C.V. Jawahar .............. 471

A Comparative Study of Different Texture Segmentation Techniques
Madasu Hanmandlu, Shilpa Agarwal, Anirban Das ................ 477

Run Length Based Steganography for Binary Images
So0s.S. Agaian, Ravindranath C. Cherukuri .......... ... ... ...... 481

Video Processing and Computer Vision

An Edge-Based Moving Object Detection for Video Surveillance
M. Julius Hossain, Oksam Chae ........... ... ... 485



XX Table of Contents

An Information Hiding Framework for Lightweight Mobile Devices with
Digital Camera
Subhamoy Maitra, Tanmoy Kanti Das, Jianying Zhouw .............

Applications of the Discrete Hodge Helmholtz Decomposition to Image
and Video Processing
Biswaroop Palit, Anup Basu, Mrinal K. Mandal ..................

A Novel CAM for the Luminance Levels in the Same Chromaticity
Viewing Conditions
Soo-Wook Jang, Eun-Su Kim, Sung-Hak Lee, Kyu-Ik Sohng ........

Estimation of 2D Motion Trajectories from Video Object Planes and
Its Application in Hand Gesture Recognition
M.K. Bhuyan, D. Ghosh, P.K. Bora ............. ... c.......

3D Facial Pose Tracking in Uncalibrated Videos
Gaurav Aggarwal, Ashok Veeraraghavan, Rama Chellappa . ... ... ...

Fusing Depth and Video Using Rao-Blackwellized Particle Filter
Amit Agrawal, Rama Chellappa . ........ ... .. ... o ...

Specifying Spatio Temporal Relations for Multimedia Ontologies
Karthik Thatipamula, Santanu Chaudhury, Hiranmay Ghosh .. ... ..

Motion Estimation of Elastic Articulated Objects from Image Points
and Contours
Hailang Pan, Yuncai Liw, Lei Shi . ... ... . ..

Parsing News Video Using Integrated Audio-Video Features
S. Kalyan Krishna, Raghav Subbarao, Santanu Chaudhury,
Arun Kumar ... ..

Image Retrieval and Data Mining

A Hybrid Data and Space Partitioning Technique for Similarity Queries
on Bounded Clusters

Piyush K. Bhunre, C.A. Murthy, Arijit Bishnu,

Bhargab B. Bhattacharya, Malay K. Kundu . .....................

Image Retrieval by Content Using Segmentation Approach
Bhogeswar Borah, Dhruba K. Bhattacharyya .................. ...

A Wavelet Based Image Retrieval
Kalyani Mali, Rana Datta Gupta . ........ .. ... i,



Table of Contents XXI

Use of Contourlets for Image Retrieval
Rajashekhar, Subhasis Chaudhuri ......... .. ... ... ... ... ..... 563

Integration of Keyword and Feature Based Search for Image Retrieval
Applications
A. Vadivel, Shamik Sural, A.K. Majumdar ....................... 570

Finding Locally and Periodically Frequent Sets and Periodic Association
Rules
A. Kakoti Mahanta, F.A. Mazarbhuiya, H.K. Baruah ............. 576

An Efficient Hybrid Hierarchical Agglomerative Clustering (HHAC)
Technique for Partitioning Large Data Sets
P.A. Vijaya, M. Narasimha Murty, D.K. Subramanian ............ 583

Density-Based View Materialization
A. Das, D.K. Bhattacharyya ...........cc0 ... 589

On Simultaneous Selection of Prototypes and Features in Large Data
T. Ravindra Babu, M. Narasimha Murty, V.K. Agrawal ........... 595

Knowledge Enhancement Through Ontology-Guided Text Mining
Muhammad Abulaish, Lipika Dey ........ ... .. ... oo, 601

Bioinformatics Application

A Novel Algorithm for Automatic Species Identification Using Principal
Component Analysis
Shreyas Sen, Seetharam Narasimhan, Amit Konar ................ 605

Analyzing the Effect of Prior Knowledge in Genetic Regulatory
Network Inference
Gustavo Bastos, Katia S. Guimardes ..............ccouuuueneenn... 611

New Genetic Operators for Solving TSP: Application to Microarray
Gene Ordering
Shubhra Sankar Ray, Sanghamitra Bandyopadhyay,
Sankar K. Pal .. .. ... 617

Genetic Algorithm for Double Digest Problem
S. Sur-Kolay, S. Banerjee, S. Mukhopadhyaya, C.A. Murthy ....... 623

Intelligent Data Recognition of DNA Sequences Using Statistical Models
Jitimon Keinduangjun, Punpiti Piamsa-nga, Yong Poovorawan . . ... 630



XXII  Table of Contents

Parallel Sequence Alignment: A Lookahead Approach
Prasanta K. Jana, Nikesh Kumar ................ 0 uuiiiinnnn..

Evolutionary Clustering Algorithm with Knowledge-Based Evaluation
for Fuzzy Cluster Analysis of Gene Expression Profiles
Han-Saem Park, Sung-Bae Cho....... ... ... .. . i,

Biological Text Mining for Extraction of Proteins and Their
Interactions
Kiho Hong, Junhyung Park, Jihoon Yang, Sungyong Park..........

DNA Gene Expression Classification with Ensemble Classifiers
Optimized by Speciated Genetic Algorithm
Kyung-Joong Kim, Sung-Bae Cho . ....... ... ...,

Web Intelligence and Genetic Algorithms

Multi-objective Optimization for Adaptive Web Site Generation
Prateek Jain, Pabitra Mitra ........... ...

Speeding Up Web Access Using Weighted Association Rules
Abhinav Srivastava, Abhijit Bhosale, Shamik Sural ................

An Automatic Approach to Classify Web Documents Using a Domain
Ontology
Mu-Hee Song, Soo-Yeon Lim, Seong-Bae Park, Dong-Jin Kang,
Sang-Jo Lee .. ...

Distribution Based Stemmer Refinement
B.L. Narayan, Sankar K. Pal ........ ... .. .. .. i,

Text Similarity Measurement Using Concept Representation of
Texts
Abhinay Pandya, Pushpak Bhattacharyya ........................

Incorporating Distance Domination in Multiobjective Evolutionary
Algorithm

Praveen K. Tripathi, Sanghamitra Bandyopadhyay,

Sankar K. Pal .. .. ...

I-EMO: An Interactive Evolutionary Multi-objective Optimization
Tool
Kalyanmoy Deb, Shamik Chaudhuri ....... .. ... .. ... ... .....



Table of Contents XXIII

Simultaneous Multiobjective Multiple Route Selection Using Genetic
Algorithm for Car Navigation
Basabi Chakraborty .......... ... i 696

Rough Sets, Case-Based Reasoning and Knowledge
Discovery

Outliers in Rough k-Means Clustering
Georg Peters ... ... 702

Divisible Rough Sets Based on Self-organizing Maps
Rocio Martinez-Lopez, Miguel A. Sanz-Bobi ...................... 708

Parallel Island Model for Attribute Reduction
Mohammad M. Rahman, Dominik Slezak, Jakub Wroblewski . ...... 714

On-Line Elimination of Non-relevant Parts of Complex Objects in
Behavioral Pattern Identification
Jan G. Bazan, Andrzej Skowron ............ ... 720

Rough Contraction Through Partial Meets
Mohua Banerjee, Pankaj Singh . ....... ... .. .. . ... 726

Finding Interesting Rules Exploiting Rough Memberships
Lipika Dey, Amir Ahmad, Sachin Kumar ............. ... ........ 732

Probability Measures for Prediction in Multi-table Infomation Systems
R.S. Milton, V. Uma Maheswari, Arul Siromoney................. 738

Object Extraction in Gray-Scale Images by Optimizing Roughness
Measure of a Fuzzy Set
D.V. Janardhan Rao, Mohua Banerjee, Pabitra Mitra ............. 744

Approximation Spaces in Machine Learning and Pattern Recognition
Andrzej Skowron, Jarostaw Stepaniuk, Roman Swiniarski .......... 750

A Rough Set-Based Magnetic Resonance Imaging Partial Volume
Detection System )
Sebastian Widz, Kenneth Revett, Dominik Slezak ................. 756

Eliciting Domain Knowledge in Handwritten Digit Recognition
Tuan Trung NGUYEN . .. ..o e e e 762

Collaborative Rough Clustering
Sushmita Mitra, Haider Banka, Witold Pedrycz ................... 768



XXIV Table of Contents

Learning of General Cases
Silke Janichen, Petra Perner ......... ...

Learning Similarity Measure of Nominal Features in CBR Classifiers
Yan Li, Simon Chi-Keung Shiu, Sankar Kumar Pal,
James Nga-Kwok Liw . .. ... i

Decision Tree Induction with CBR
B. Radhika Selvamani, Deepak Khemani ........... ... .. cc.oo...

Rough Set Feature Selection Methods for Case-Based Categorization of
Text Documents

Kalyan Moy Gupta, Philip G. Moore, David W. Aha,

Sankar K. Pal .. ...

An Efficient Parzen-Window Based Network Intrusion Detector Using

a Pattern Synthesis Technique
P. Viswanath, M. Narasimha Murty, Satish Kambala . .............

Author Index . ... ... .



Data Clustering: A User’s Dilemma*

Anil K. Jain and Martin H.C. Law

Department of Computer Science and Engineering, Michigan State University,
East Lansing, MI 48823, USA
{jain, lawhiu}@cse.msu.edu

Abstract. Cluster analysis deals with the automatic discovery of the
grouping of a set of patterns. Despite more than 40 years of research,
there are still many challenges in data clustering from both theoreti-
cal and practical viewpoints. In this paper, we describe several recent
advances in data clustering: clustering ensemble, feature selection, and
clustering with constraints.

1 Introduction

The goal of data clustering [1], also known as cluster analysis, is to discover the
“natural” grouping(s) of a set of patterns, points, or objects. Cluster analysis
is prevalent in any discipline that involves analysis or processing of multivariate
data. Image segmentation, an important problem in computer vision, is often
formulated as a clustering problem [2,3]. Clustering has also been used to dis-
cover subclasses in a supervised setting to reduce intra-class variability. Different
writing styles were automatically discovered by clustering in [4] to facilitate on-
line handwriting recognition. Contours of MR brain images are clustered into
different subclasses in [5]. Documents can be clustered to generate topical hier-
archies for information access [6] or retrieval. The study of genome data [7] in
biology often involves clustering — either on the subjects, the genes, or both.

Many clustering algorithms have been proposed in different application sce-
narios (see [8] for a survey). Important partitional clustering algorithms in the
pattern recognition community include the k-means algorithm [9], the EM algo-
rithm [10], different types of linkage methods (see [11]), the mean-shift algorithm
[12], algorithms that minimize some graph-cut criteria (such as [13]), path-based
clustering [14] and different flavors of spectral clustering [3,15]. However, a uni-
versal clustering algorithm remains an elusive goal. The fundamental reason for
this is the intrinsic ambiguity of the notion of natural grouping. Another dif-
ficulty is the diversity of clusters: clusters can be of different shapes, different
densities, different sizes, and are often overlapping (Figure 1). The problem is
even more challenging when the data is high-dimensional, because the presence
of irrelevant features can obscure the cluster structure. Above all, even for data
without any cluster structure, most clustering algorithms still generate spurious
clusters (see [16,17] for a discussion)! All these issues make clustering a dilemma
[18] for the user.

* Research supported by the U.S. ONR grant no. N000140410183.
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© Springer-Verlag Berlin Heidelberg 2005
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’(a) Input data (b)"Clustering Resulfs
Fig. 1. Diversity of clusters. The clusters in this data set, though easily identified by a
human, are difficult to be detected automatically. The clusters are of different shapes,

sizes and densities. Background noise makes the clustering task even more difficult.

In the rest of this paper, we shall describe some recent advances in clustering
that alleviate these limitations for partitional clustering. In Section 2, we exam-
ine how different data partitions in a clustering ensemble can be combined to
discover clusters with high diversity. Feature selection can be performed when
high dimensional data is to be clustered (Section 3). The arbitrariness of clus-
tering can be reduced by introducing side-information — notably constraints on
the cluster labels (Section 4). Finally, we conclude in Section 5.

2 Clustering Ensemble

In supervised learning, it is often beneficial to combine the outputs of multiple
classifiers in order to improve the classification accuracy. The goal of clustering
ensemble is similar: we seek a combination of multiple partitions that provides
improved overall clustering of the data set. Clustering ensembles are beneficial
in several aspects. It can lead to better average performance across different
domains and data sets. Combining multiple partitions can lead to a solution
unattainable by any single clustering algorithm. We can also perform parallel
clustering of the data and combine the results subsequently, thereby improv-
ing scalability. Solutions from multiple distributed sources of data or attributes
(features) can also be integrated.

We shall examine several issues related to clustering ensemble in this section.
Consider a set of n objects X = {x1,...,z,}. The clustering ensemble consists
of N different partitions of the data set X. The k-th partition is represented by
the function 7y, where 7 (z;) denotes the cluster label of the object z; in the
k-th partition, which consists of my clusters.

2.1 Diversity

How can we generate each of the partitions in the ensemble? While the opti-
mal strategy is probably dependent on the problem domain and the goal for
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performing clustering, there are also some general procedures. One can apply
different algorithms (like k-means, complete-link, spectral clustering) to create
different partitions of the data. Some clustering algorithms like k-means require
initialization of parameters. Different initializations can lead to different clus-
tering results. The parameters of a clustering algorithm, such as the number of
clusters, can be altered to create different data partitions. Different “versions”
of the data can also be used as the input to the clustering algorithm, leading to
different partitions. For example, the data set can be perturbed by re-sampling
with replacement or without replacement. Different feature subsets or projection
to different subspaces can also be used.

Note that these strategies can be combined. For example, the k-means al-
gorithm with different number of clusters and different initializations is used to
create the clustering ensemble in [19].

2.2 Consensus Function

A consensus function is a mapping from the set of N partitions {m,...,7n} in
the clustering ensemble to a consensus partition 7*. Different consensus functions
have been proposed in the literature (Table 1). In this paper, we shall present
two examples of consensus functions: consensus by co-association matrix [19],
and consensus by quadratic mutual information [20].

In consensus by co-association, we compute the n x n co-association matrix
C, whose (i, j)-th entry is given by

1 N
Cij = NZI(Wk(%):Wk(Cﬂj)); i,j=1,...,n. (1)
k=1

Here, I(.) is the indicator function, which is 1 if the argument is true and 0 oth-
erwise. Intuitively, ¢;; measures how many times x; and z; are put in the same
cluster in the clustering ensemble. The co-association matrix can be viewed as a
new similarity matrix, which is superior than the original distance matrix based
on Fuclidean distance. The consensus partition is found by clustering with C

Table 1. Different consensus functions in the literature

Method Key ideas
Co-association Similarity between patterns is estimated by co-association; single-
matrix [19] link with max life-time is used for finding the consensus partition

Mutual Infor- Maximize the quadratic mutual information between the individual
mation [20] partitions and the consensus partition

Hyper-graph Clusters in different partitions are represented by hyper-edges; con-
methods [21] sensus partition is found by a k-way min-cut of the hyper-graph
Finite mixture Maximum likelihood solution to latent class analysis problem in the
model [20] space of cluster labels via EM

Re-labeling and Assuming the label correspondence problem is solved, a voting pro-
voting [22] cedure is used to combine the partitions
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Fig. 2. Example of consensus partition by co-association matrix in [19]. The number
of clusters (2 in this case) is determined by the lifetime criteria. Note that the co-
association values lead to a much more clear-cut dendrogram than Euclidean distances.

as the similarity matrix. The single-link algorithm is used, because the “chain-
ing” behavior in C is often desirable. The number of clusters is determined by
maximizing the lifetime. The lifetime of a partition with K clusters is defined
as the range of threshold values on the dendrogram that leads to the identifica-
tion of the partition. The longer the lifetime, the more stable the partition upon
data perturbation. A simple illustration of this consensus function can be seen
in Figure 2. Additional experimental results can be found in [19].

One drawback of the co-association consensus function is its O(n?) memory
requirement. A consensus function that uses only O(n) memory was proposed in
[20]. It is based on the notion of median partition, which maximizes the average
utility of the partitions in the ensemble with respect to the consensus parti-
tion. Formally, we seek 7* that maximizes J(7*) = ij:l U(n*,m)/N, where
U(rm*, m) denotes a utility function. The utility function based on mutual infor-
mation is advocated in [20]. Define a random variable X; that corresponds to
the cluster labels of the objects in 7;. The joint probability p(X; = i, X5 = j)
is proportional to the number of objects that are in the i-th cluster for the par-
tition 7; and in the j-th cluster for 7s. The similarity/utility between m; and
ms can be quantified by Shannon mutual information (X, X): it takes the
largest value when m; and ms are identical, and the smallest value when m; is
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“independent” of ;. However, maximizing I(X;, X;) is difficult. Instead, the
qualitatively similar generalized mutual information is used:

I°(Xy, Xg) = HY(X;) — HY(X¢|X5)
H(X;) =27 -1)7! (i P(X;=1i)" — 1) a>0,a#1 @)

Note that H*(X;) is the Renyi entropy with order . When a = 2, the above
quantity is known as the “quadratic mutual information”, and it is proportional
to the category utility function proposed in [23]. Because of this equivalence, the
consensus partition that maximizes the sum of the quadratic mutual information
can be found by the k-means algorithm in a new feature space. Specifically, let y ;1
be a vector of length my, where the j-th component of y; is 1 if 7 (x;) = 7, and
0 otherwise. A new feature vector for the object x; is obtained by concatenating
yix for different k. The new pattern matrix is then standardized to have zero
column and row means. Running k-means on this new pattern matrix gives us
the consensus partition that maximizes the quadratic mutual information. Note
that the number of clusters in the consensus partition 7* is assumed to be known
for this consensus function. Empirical study in [20] showed that this consensus
function outperformed other consensus functions over a variety of data sets.

2.3 Strength of Components

Combining multiple partitions can lead to an improved partition. Is the im-
provement possible only when the individual partitions are “good” and close to
the target partition? Another way to phrase this question is: will the clustering
ensemble still work if the clustering algorithms used to generate the partitions
in the ensemble are “weak”, meaning that they give only a slightly better than
random partition? In [20], two different types of “weak” algorithms were consid-
ered. The first is to project the data randomly on a 1D space and run k-means
on the resulting 1D data set. The second is to split the data in the space of
given features into two clusters by a random hyperplane. Note that computing
a partition by these weak algorithms is very fast, and this allows one to create
a large clustering ensemble. It turns out that, despite the poor quality of each
of the partitions in the ensemble, the consensus partition is meaningful and can
even outperform the results of combining strong partitions [20]. A similar idea of
combining the clustering results by projecting to random subspaces was explored
in [24].

2.4 Convergence

Is the success of clustering ensemble purely empirical? In [25], a theoretical
analysis of the utility of clustering ensemble was performed. The analysis is based
on the premise that each partition in the ensemble is a “corrupted” version of
the true, but unknown, partition 7. Two different partition generation models
were considered. In both cases, the consensus partition 7* is more likely to be
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equal to 7 than individual partitions in the ensemble, and 7* converges to 7 as
the number of partitions in the ensemble increases.

In the first model, a noise process F(.) first corrupts the labels of 7 in an
identical and independent manner, followed by a process T'(.) that permutes the
labels, in order to generate 7. The consensus function is plurality voting [22],
where the Hungarian algorithm is first applied to inverse T'(.). The label of each
object in the consensus partition 7* is found by voting on the cluster labels in
the ensemble. It can be shown that, as N goes to infinity, the probability that
7* is the same as 7 goes to one, despite the fact that (i) plurality voting is used
instead of majority voting, and (ii) the Hungarian algorithm may undo the effect
of T'(.) erroneously.

In the second model, a distance function d(7¢,75) on two partitions in the
space of possible partitions P is assumed. Note that d(m,7s) needs not sat-
isfy the triangle inequality. Some example distance functions for two parti-
tions can be found in [26]. The observed partition 7 is a corrupted version
of 7, which is generated according to a probability distribution p(mg|7). Un-
der some mild assumptions on p(mg|7), the consensus by median partition,
™ = argmin, ng’:l d(m, ), converges to T at an exponential rate when N
goes to infinity.

3 Feature Selection in Clustering

Clustering, similar to supervised classification and regression, can be improved
by using a good subset of the available features. However, the issue of feature
selection in unsupervised learning is rarely addressed. This is in sharp contrast
with supervised learning, where many feature selection techniques have been
proposed (see [27,28,29] and references therein). One important reason is that
it is not at all clear how to assess the relevance of a subset of features without
resorting to class labels. The problem is made even more challenging when the
number of clusters is unknown, since the optimal number of clusters and the opti-
mal feature subset are inter-related. Recently, several feature selection/weighting
algorithms [30,31,32,33] for clustering have been proposed. We shall describe the
algorithm in [33], which estimates both the importance of different features and
the number of clusters automatically.

Consider model-based clustering using a Gaussian mixture. The algorithm in
[33] begins by assuming that the features are conditionally independent given the
(hidden) cluster label. This assumption is made regularly for models involving
high-dimensional data, such as naive Bayes classifiers and the emission densities
of continuous hidden Markov models. Formally, the density of the data y is
assumed to take the form p(y) = Z§:1 o Hle p(y116;1), where o is the weight
of the j-th component/cluster and 6;; is the parameter of the j-th component
for the I-th feature. The j-th cluster is modeled by the distributions p(y:|0;;)
with different [, and they are typically assumed to be Gaussians.

The [-th feature is irrelevant if its distribution is independent of the class la-
bels. In other words, it follows a common density ¢(y;|\;) which is parameterized
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by A;, and is the same irrespective of the value of j. The form of ¢(y;|\;) reflects
our prior knowledge about the distribution of the non-salient features, and it
can be assumed to be a Gaussian. Denote the saliency of the I-th feature by p;.
The higher the saliency, the more important a feature is. With the introduction
of p; and q(yi|\;), the density of y can be written as

d

ply) = Zaj [T (pp(wlb0) + (1 = p)a(wil ), (3)

j=1 =1

where there are k clusters for the d-dimensional vector y. The saliencies of dif-
ferent features, together with the cluster parameters, can be estimated by max-
imizing the log-likelihood. Because of the need to estimate k& automatically, the
minimum message length (MML) criterion [34] is adopted. The optimal param-
eters {a;j, p1, 0,1, \i} can be found by an EM algorithm [33].

One key property of that EM algorithm is its pruning behavior, which can
force some of the a; to go to zero and some of the p; to go to zero or one
during parameter estimation. Therefore, the algorithm is initialized to have a
large number (greater than the true number) of clusters. The redundant clus-
ters will be pruned by the algorithm automatically. This initialization strategy
(first proposed in [35]) can also alleviate the problem of poor local minimum.
Experimental results and further details on the algorithm can be found in [33].

4 Clustering with Constraints

In many applications of clustering, there is a preference for certain clustering
solutions. This preference or extrinsic information is often referred to as side-
information. Examples include alternative metrics between objects, orthogonal-
ity to a known partition, additional labels or attributes, relevance of different
features and ranks of the objects. The most natural type of side-information in
clustering is a set of constraints, which specifies the relationship between clus-
ter labels of different objects. A pairwise must-link (must-not-link) constraint
corresponds to the requirement that two objects should be placed in the same
(different) cluster. Constraints are naturally available in many clustering appli-
cations. For instance, in image segmentation one can have partial grouping cues
for some regions of the image to assist in the overall clustering [36]. Clustering
of customers in market-basket database can have multiple records pertaining to
the same person. In video retrieval tasks, different users may provide alternative
annotations of images in small subsets of a large database; such groupings may
be used for semi-supervised clustering of the entire database.

There is a growing literature on clustering with constraints (see [37] and
the references therein). We shall describe the algorithm in [37], which tackles
the problem of model-based clustering with constraints. Let Y¢ and V" be the
set of data points with and without constraints, respectively. Clustering with
constraints is performed by seeking the cluster parameter @ that explains both
the constrained and unconstrained data well. This is done by maximizing

J(0) = (1 =)LV 0) +~vL(V"; 0), (4)
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(a) Input Image (b) 1% and 5% sites in (c) 10% sites in con-
constraints straints

Fig. 3. Results of image segmentation. (a): input image. (b): segmentation result with
1% and 5% of sites in constraints. (c): segmentation result with 10% sites in constraints.

where £(Y°;0) and L(Y*; O) are the log-likelihood of the data points with and
without constraints, respectively, and « is the tradeoff parameter. The term
L(Y"*;O) is defined as in the standard mixture distribution. To define £(Y¢; 0),
a more elaborate distribution that considers the constraints is needed.

Let z; be the cluster label of the data y;. Let S and D be the set of must-link
and must-not-link constraints, respectively. The number of violations of must-
link and must-not-link constraints can be written as >, s I(zi # 2;) and
> i.jyep L(zi = zj), respectively. By using the maximum entropy principle with
AT and A~ as the Lagrange parameters, one can arrive at a prior distribution

for the cluster labels z1, ..., 2, that participate in the constraints:
p(z1,. .., 2m) x exp(—AT Z I(zi # zj) = A~ Z I(zi=z)). (5
(3,5)€S (i,)€D

This prior distribution on z;, together with the component density p(y;|z:),
yields the log-likelihood £(Y¢; ©). A mean-field approximation is applied to the
posterior distribution of the cluster labels to keep the computation tractable. An
EM algorithm can be derived to find the parameter © that maximizes J(©). The
algorithm is fairly efficient, and is of similar computational complexity to the
standard EM algorithm for estimating a mixture distribution. Figure 3 shows
the results of applying this algorithm to an image segmentation task.

5 Conclusion

Data clustering is an important unsupervised learning problem with applications
in different domains. In this paper, we have reviewed some of the recent advances
in cluster analysis. Combination of data partitions in a clustering ensemble can
produce a superior partition when compared with any of the individual parti-
tions. Clustering of high-dimensional data sets can be improved by estimating



