TOPICS IN PATTERN RECOGNITION USING
UNSUPERVISED LEARNING

BY

PETER J. CZEZOWSKI

A Thesis
Submitted to the Faculty of Graduate Studies
in Partial Fulfillment of the Requirements
for the Degree of

MASTER OF SCIENCE

Depariment of Electrical and Computer Engineering
University of Manitoba
Winnipeg, Manitoba

© August, 1994



National Library
of Canada

Acquisilions and
Bibliographic Services Branch

395 Weltington Street
Ottawa, Ontario

Bibliothéque nationale
du Canada

Direction des acquisitions et
des services biblicgraphiques

395, rue Wellington
Ottawa {Ontario)

K1A ON4 K1A ON4

THE AUTHOR HAS GRANTED AN
IRREVOCABLE NON-EXCLUSIVE
LICENCE ALLOWING THE NATIONAL
LIBRARY OF CANADA TO
REPRODUCE, LOAN, DISTRIBUTE OR
SELL COPIES OF HIS/HER THESIS BY
ANY MEANS AND IN ANY FORM OR
FORMAT, MAKING THIS THESIS
AVAILABLE TO INTERESTED
PERSONS.

THE AUTHOR RETAINS OWNERSHIP
OF THE COPYRIGHT IN HIS/HER
THESIS. NEITHER THE THESIS NOR
SUBSTANTIAL EXTRACTS FROM IT
MAY BE PRINTED OR OTHERWISE
REPRODUCED WITHOUT HIS/HER
PERMISSION.

ISBN 0-315-99039-2

B¢B

Canadi

Your hle  Volire référence

Cur lile  Nolre rélérence

L'AUTEUR A ACCORDE UNE LICENCE
IRREVOCABLE ET NON EXCLUSIVE
PERMETTANT A LA BIBLIOTHEQUE
NATIONALE DU CANADA DE
REPRODUIRE, PRETER, DISTRIBUER
OU VENDRE DES COPIES DE SA
THESE DE QUELQUE MANIERE ET
SOUS QUELQUE FORME QUE CE SOIT
POUR METTRE DES EXEMPLAIRES DE
CETTE THESE A LA DISPOSITION DES
PERSONNE INTERESSEES,

L'AUTEUR CONSERVE LA PROPRIETE
DU DROIT D'AUTEUR QUI PROTEGE
SA THESE. NI LA THESE NI DES
EXTRAITS SUBSTANTIELS DE CELLE-
CI NE DOIVENT ETRE IMPRIMES OU
AUTREMENT REPRODUITS SANS SON
AUTORISATION.



Name

LETER  Josn (2620008 /4/

Dissertation Abstracts Infernational is arranged by broad, general subject categories. Please select the one subject which most
nearly describes the content of your dissertation. Enter the corresponding four-digit code in the spaces provided.

e e g S R = e C e  Jroclyf oy /) 3 /
EVENQTNE. 7 LLECTRov (S F E2ECTR/c L 0| §141¢ E iME
SUBJECT TERM . SUBJECT CODE
Subject Categories
THE HUMANITIES AND SOCIAL SCIENCES _
COMMUNICATIONS AND THE ARTS Psychology ..o 0525 PHILOSOPHY, RELIGION AND Ancient ... 0579
ﬁrcfr_agec%ure .............................. 8;%_5; Ee‘c ing . .8535 THEOLOGY Medieval ....0581
Art History 0377 Belgious .. 9527 Philosophy ..o 0422 Modern . 0582
D;nr;ac:gu Y S;Eceonncc?;m o7ie Reliaion Aﬁ; ...0328
Fine Arls 70357 Social Scieneen 10534 eneral o 0318 A Rl and Besana 0332
information Science .. L0723 Saciology of . -0340 Ei:illjri;;l Studies 83123 C;Er?é iggr.c.‘. [conceunaogggg
i%Jma ;én] ............ gggé ?pec;}o fe gggg History of ... " 0320 EU(OP:GH
Mass Commonications - 70708 Technology .- 0710 gy Fhilosophy of -0322 Midlo Easlern -
MUSIC e 0413 Tests cndgé\ecsuremen?s. ....0288 BOICGY oo United States ......
? Eeg;:el:‘ Communication 8322 Vocational ..., 0747 SOCIAL SCIENCES fza’ory of Science ...
LANGUAGE, LITERATURE AND Amrcon Stules e 0323 i Signce
E6BUCA'1IOH 0 LINGUISTICS ArchalOogy oo 0324 General ..o 0615
Ajnqrq ?IOg};si iaﬂ%mge Culoral > " 0326 Inlsnl'\cglona! Laws and
Adni;r:;;(riaéoglzﬁmi}a T aR14 @Neral ....ooo.ciueierrierseinen 0679 Physical ... P bz;_uh;gs_4..4..‘...,,........4....,.06]6
Aglr)icuifurdo i 0517 .f_«ﬂae_nt_ ...... 8%58?8 Busigess Adlm'mls ration 03 Recre‘::ﬁfrz ministrolion . gg}i
- inguistics .. eneral ......ocoeeeeeeiveecrinne... 0310 e
Bl T ] gggg Mo%er{; e 0291 Accounting L0272 gociu{ LR — 0452
BI Isr'lr?;scs and Muticutiura 0688 Literature Banking ....... .0Q770 ocgogy I
CléflrmumCoHee """"" 6278 General ....................040]1 Management ..0454 Cenerol&Plgggg
Cur(icu|ur;yond !r?slru'c‘ﬁbn 0797 Classical .... 0294 Marketing ....... ..0338 Dnmmo ogg.' ana Fenology 6938
Eary Childhood T0518 Compargtive .. 0295 Conadian Studies ................... 0385 E‘i"pgmgg“:“!“S"'H:“"”"'063]
Efr)' \ O e 0524 Medieval .. 0297 Economics [ d{"'cdcnl N ii’ 185 .oe.
Femen CTY - e Modern .. 0298 General ... 0501 nslwd_uc and Family
éngdnce """" o 0519 African ... 0316 Agricoltural ... ..0503 | (;T” ’.ESI I E P 0628
H:é"ﬁﬂce and Lounseing " 0680 American 838; I(::ommerceﬂus?ness. ..0505 nR:iglligncs)n Labor 0629
BT et e SIGN e, R inance e 0508 ATTOTS SR T TE RIS
H[g}her i 8?58 Canadion {English] ... ..0352 History ... ..0509 PUb.I'CI and Social \fc\i"elfc!e 0630
H'S °")"E° """ : 0278 Canadian (French} .............0355 Lobor’.... ..0510 Secia !Sfructure an
Home Economics - 9278 English .-vrocvveeee 0593 Theory 0511 proevelopment .. - 0700
Lﬂ usiria PN o 0279 Germanic .. ...0311 Folklore ....... ..0358 T eory and Mel 0344
Agn'?‘uugeran WIETaRIIe oooevees 0580 Latin American .. 0312 Geography .. ..0366 r(i)nsporfgllon e 0709
OIMEMARCS vovvcreenee T 0592 Middle Eastern .. ...0315 Gerontology .ovvecveireiinnnn..... 0351 3\; an and Regic 0999
Pht':lialgénﬁ o 5998 Romance .........c.occoverrnnnn. 0313 History omen’s Studies .. 0453
ysiccrfj Y 8523 Slavic end East European .....0314 General ... 0578
THE SCIENCES AND ENGINEERING
BIOLOGICAL SCIENCES Geodesy oo 0370 Speech Pathology ................ 0460 Engineerin
Agriculture Geology .. 0372 Toxicolegy ....... ..0383 General ..o, 0537
Gereral .....o.cooeeveveeennnn... 0473 Geophysics 0373 Home Economics .......ococcoeevv... Aerospace .. ...0538
AGIONOMY ..ocvcrvrnrrcnnnnn. 0285 fHverdmlogy .0388 Agriculiural. ..0539
Animal Cullure and ineralogy ... 0411 PHYSICAL SCIENCES Automotive . ..0540
P e — 0478 Paecciny “0azg  Pure Sciences i “0342
Science oml T Paleoniclogy . T041g  Chemistry Gl 0543
Technology .......oovvveeaee 0359 P0|eozoo(|z>ggy"m 0985 ger{e“fl R " Electronics and Electrical ...... 0544
Forest oz?’WHdlife e 0478 Polyz}olog ...0427 Ag;lcl;_luro - Heat and Thermodyaomics ...0348
Plant Culture ......... ..0479 Physical Geography ... ....0368 Biocﬁfelrfx?slmn Hydraulic ...0545
glggz Fﬁ;’t?é?ggym 8;31&]39 Physical Oceanography ...........0415 Inoraanic v il:\dU‘S“'IO! . 8?2?
Loz o o o Torganic ... aring .voceeo.. -
Raonge Management 0777 HEALTH AND ENVIRONMENTAL B%UC ear . Malericls Science .. 0794
b lWood Technology ...............0746 SCIENCES Phrgr?::éccé&f Mechanicdl ..... ...0548
1o %9)’ | 0306 Environmental Sciences ............. 0768 Physical ... m_e?g”wgy 0743
Aig:aor; R Health Sciences Polymer Nlnllng 822%
Bios?ctis)l‘;cs 0308 Generdl ...... 0566 Radiation ... - Pctt:ckzci[nm 0549
Botany ... 5309 Audiclogy 0300 Mathematics ..........cocovevcrreenne. Pelro!egumg 0765
A 0379 Chemotherapy 0992 Physics Sanitary and Municipal ... 0554
Ecology 0329 Denlistry . 0367 Generol ... Sotom Geinn g MAPEL e (22
£memgo’i [ 0353 Education .. 0350 ACOUSHTS v G r).'silqem CIBNCE oo 0750
P ogy .- T 0369 Hospital Man 0769 Astronomy and Oeo echno %9)’ e -
¥ eneilcs """""" 0793 Human Development . 0758 Astrophysics ............cco...... Plpe_rutl_lqnsh esearch .
f\:"!‘"oggr 0410 Immunology ... 0982 Ammospheric Science I os?ics e‘i nOE ogy ... -
Msclro ;o ogy ~0430 Medicing omd & 0564 o o1 SERMICE - e extile Technology ..........coo........
Nguil;c?ééééw "oRi7 Mental Health 0347 Electronics and Electricig ... D607 PSYCHOLOGY
Oceanoaranh. T0416 Nursing 0569 Elementary Parficles an G ] 0621
Qeec !og phy . ~04le Nolrticn 0570 Righ ENBrgy - oo 0798 Behnerp T —
Physiology .. -8 Obsletrics 0380 Fluid and Plasma \g7s9  Eehavioral. 0384
- NN 1 N - S o
- erapy ... velear . L0617 : "
B Ihoo!og)f .............................. 0472 Ophtha rr):o| 0383 Opfics. .. 0958 lEx erér_'n?ntol . 0623
iophysics 0786 Pathology .. 0571 Rodiation . (0756 fovstricl .. ~0024
Med?r e 0788 Pharmacolog 0419 Sofid Smre 0611 Pﬁrsqnlu Ety..‘ 0625
e Pharmacy ... 0572 S1QHSHCS ooeereece oo 0463 p ys;]oggli:o - -0989
EARTH SCEHCES Ph sico|c¥her 0382 A !- {f S s Ps)"cho 160Gy ... - 0349
A et Public Healih 0573 pplied Sciences sychomelrics . -0632
Biogeochemistry ...y 0425 Radiclogy 0574 Applied Mechanics ................. 0346 Social .o, 0451
Geochemistry oo 0996 Recreation .. 0575 Compuler Science ...ocooeverrnnne 0984




Nom

Dissertation Abstracts Infernational est organisé en catégories de sujets. Veuillez s.v.p. choisir le sujet qui décrit le mieux voire
thése et inscrivez le code numérique approprié dans 'espace réservé ci-dessous.

LLLL] UMI

Catégories par sujets

SUJET

HUMANITES ET SCIENCES SOCIALES

COMMUNICATIONS ET LES .ARTSD

Architecture .

Beaux-orts ...

Bibliothéconomie . (399
Cindma .....ocoevene L0900
Communication verbale .. .0459
Communications ..... 0708
Danse .....cc.o..... .0378

Histoire de 'art .
Journalisme ..
Musique ...
Sciences
Thédtre ..o

EDUCATION
Géngralités ..o 515
Administration ..

Colléges communautaires .
Commerce .......oocovvnennnn. ....0488
Economie domestique ..
Education permanente .
Educalion préscclaire ..
Educalion senitaire ...
Enseignement agricole ...............0517
Enseignement bilingue et

muficulturel ...
Enseignement indusriel
Enseignement primaire. ......
Enseignement professionne!
Enseignement religieux .......
Enseignement secondaire
Enseignement spécial .....
Enseignement supérieur ..
Evaluation
Finances .....
Formation des enseigna
Histoire de |'éducation .
Langues et litérature ...

SCIENCES

SCIENCES BIOLOGIQUES

Agriculture
Générahités ... 0473
Agronomie. ..., 0285
Alimentation et technologie

alimentaire ... 359

Colture ...
Elevage et alimentotion ........0475

Exploitation des péturages ...0777
Pathologie animale ...0
Pathologie végélcle ...
Physiologie vé?étale .
SyKrEcuhwe et faune ....o......
Technologie du bois..............

Biclogie
Généralités ..
Analomie.....
Biologie (Stalisliques) .

Biclogie moléculaire .. L0307
Botanigue .......... . 0309
Cellule ... ..0379
Ecologie .. ..0329
Entomologie . ..0353
Génétique ... 0369
Limnclogie ... 0793
Microbiologie 0410
Neurologie .. L0317
Océanograph 0414
Physiologie .. ..0433
Rediation ............ ..0821
Science véférinaire . ..0778
- %}oo!og'[e..........,....,..........A..0472
tophysigue
png(icfilés ......................... 0784
Medicale ..o 0760
SCIENCES DE LA TERRE
Biogéochimie .........co.ccooeoo.. 0425
Géochimie... ...09%96
Gécdésie ............ ...0370
Géographie physique............... 0368

ET INGENIERI

lecfure .vovvvvveieiveciiiie ... 0535
Mathématiques .
Musique ...
Crientation et consultation .

Philosophie de 'éducation ......... 0998
Physique .....ovov oo 0523
Programmes d’études el

enseignement _..................... 0727
Psycholegie ..... 0525

Sciences sociales .
Sociologie de I'ed
Technologie ...............

LANGUE, {ITTERATURE ET
LINGUISTIQUE
langues
énéralités .............o...........067%
Anciennes ..
Linguistique
M g emgs ...........................
Liérature
Généralités ... . (401
Anciennes L0294
Comparée .. 0295
Mediévole ... 0297
Moderne . .0298
Africaine .... .03ié
Américaine . L0591
Anglaise ... 0593
Asictique ... .0305

Canadienne [Anglaise)
Canadienne (Frangaise)
Germaaique ............
Latino-oméricaine ..
Moyen-orientale .
Romaone ..........

Slave et est-européenne .......0314
Géclogie ... e 0372
Géophysique . .0373
,Izizdrologie .0388
Oinéralogie : . 83} ;

céanographie physique .
?o!éobg?onf{;ue p 7 .0345
Paléoscologie ... .0426
Pajéontologie ... .0418
Paléozoologie 0985
Palynologie ......ccovurvrennnn... 0427
SCIENCES DE LA SANTE ET DE
L’ENVIRONNEMENT
Economie domeslique ................ 0386
Sciences de I'envircnnement ......0768
Sciences de lo sonlé

Geénéralités ..o 0566

Administration des hipitaux .. 07469

Alimentation et nutrition ...... 0570

Audiologie .........................0300

Chimiothérapie

Dentisterie

Deéveloppement humain

Enseignement ............

Immunclogie ...

Loisirs ...

Médecine du travail et

HhErapie ..o 0354

Médecine et chirurgie ..........0564

Obstétrique ef gynécologie ... 0380

Cphtalmelogie ............5......038]

Orthephonie ... ..0460

Pathologie .. 0571

Pharmecie ... ..0572

Phormacologie . 0419

Physiothérapie .0382

Radiolegie ... 0574

Santé mentcle . 0347

Santé publique 0573

Soins mfirmiers
Toxicologie —...vovirierieeenane.

PHILOSOPHIE, RELIGION €T
THEOLOGIE

Philosophie ..o
Religion
enéralités ..o,

er
Etudes bibliques ...
Histoire des religions
Philosophie de fa religion

Théologie ..o oroeorreoerro

SCIENCES SOCIALES

Anthropolegie
Archéologie ..., 0324
Culturelle™... .

Physique . .
Droit e
Economie

Générdlités

Commerce-Affaires

Economie agricole ...

Economie du travail ..

Finances ............... .0508
Histoire ... L0509
Théorie ... L0511

Etudes américaines .
Etudes conadiennes .
Etudes feministes ..

Folklore ... .0358
Géographie .. 10366
Geérontologie ...

Gestion des alfaires

Générolités ... .0310
Administration 0454
Bongues .. .0770
Comptahilité .. 0272
Markeling ............... .0338
Hisloire
Histoire générale ...............0578
SCIENCES PHYSIQUES
Sciences Pures
imie
Genérolités ...
Biochimie ........

Chimie agricole ..
Chimie onalyligue .
Chimie mingrale .
Chimie nucléaire ...
Chimie organique ...
Chimie phormaoceutig
Physique ...
PelymCres ..
Radiation ...
Mathématiques ...
Physique
Genéralifés .....c.cocorcnnnnn.
Acoustique ...
Astronomie et
astrophysique ...
Elecironique et éleciricité .....
Fluides et plasma ...

Météorologie . .- 0608
Optlique e 0752
Porticules (Physique

nucléaire) ..................0798

Physique atomique ...
Physique de ['état solide
Physique meléculaire .

Physique nucléaire .. ..0610
Radiation ..... .. 0756
SIatishiqUes ........couerirreeincns 0463
Sciences Appliqués Et
Technologie
Informalique ..o 0984
Ingénierie
Genéralités ...o...ccooveee.... 0537
Agricole ... ...053%
Avtomabile ........c....c.c........ 0540

CODE DE SUJET

ANCIBNNE ..o
tedigvole .
Moderne ..........
Histoire des noirs ..
Atricaine ...
Caonadienne ..
Etals-Unis ..
Européenne ..
Moyen-orientole ...
Latino-américaine ...
Asie, Australie et Océani
Histoire des sciences..........
LOISIrs cvvvviericre e
Pianification urbaine et
régionale ...
Science politique
Généralites ...................0615
Administration publique .......0617
Droit et relations

infernationales ................ 0616
Sociclogie
Généralités ... ....0626

Adde el bien-dtre sociol ........ 0630
Criminologie ef

élablissements

énitenliﬁires ................... 0627

Démographie ...
Etudesgdeﬁ’ individu et

delafamille ... 0628
Etudes des relations

interethniques ef

des relations racicles ........0631
Structure et développement
social oo 0700
Théorie ef méthodes. ............ 0344
Travail et relations
industrielles ................... 0629
Transports ........ 0709

0452

Travail social

Biomédicale ..o
Chaleur et ther
modynamique .................
Condilionnement
{Emballage) ...
Geénie agrospatial ..
Génie chimique ..
Génie civil ..o
Génie électronique et
éleclrigue ...,
Génie industriel ..
Génie méconique ..
Génie nucléaire ........
Ingénierie des systimes .
Mécanique navale ...
Métallurgie ..............
Science des motériaux ..
Technigue du péirole
Technique miniére ...
Technigges sanitaires
municipales......................
Technologie hydraulique ......0545
Mécanique appliquée
Géotechnologie ........c.cococone
Maliéres plastiques

{Technologie) .................. 0795
Recherche opérationnelle ........... 0796
Texlies et fissus (Technologie) ....0794
PSYCHOLOGIE
Généralités ...

Personnalilé
Psychobiclogie ...
Psychelogie clinique
Psychologie du comportement .. (384
Psychologie du développement ..0620
Psychologie expérimentale .........0623
Psychologie industrielle .......
Psychologie physiologique ..
Psychologie sociale ......
Psychomélrie .........ccoo.cccnnnn... 0632




TOPICS IN PATTERN RECOGNITION USING

UNSUPERVISED LEARNING

BY

PETER J. CZEZOWSKI

A Thesis submitted to the Faculty of Graduate Studies of the University of Manitoba in partial
fulfillment of the requirements for the degree of

MASTER OF SCIENCE

© 1994

Permission has been granted to the LIBRARY OF THE UNIVERSITY OF MANITOBA to lend or
sell copies of this thesis, to the NATIONAL LIBRARY OF CANADA to microfilm this thesis and
to lend or sell copies of the film, and UNIVERSITY MICROFILMS to publish an abstract of this
thesis.

The author reserves other publications rights, and neither the thesis nor extensive extracts from it

may be printed or otherwise reproduced without the author’s permission.



i

Abstract

This thesis investigates the use of unsupervised learning algorithms in applications of
pattern recognition and data representation. Various classical and artificial neural network
algorithms were included in the investigation. Particular attention was devoted to the
topics of valid clustering and input component prediction applications. Through the
examination of experiments on the algorithms considered, it was determined that the
growing cell structure was the most promising. With respect to valid clustering, an
improvement is suggested for the self-organizing map interpretation problem, and a new
process for interpreting the growing cell structure is suggested. A new technique in the
application of these algorithms to problems in the prediction of missing variables is
evaluated. It was concluded that these algorithms are effectively able to form compressed
representations of their original data sets which are useful in classification and prediction

applications.
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Chapter 1

Introduction

1.1 Preamble

Simply stated, the phrase ‘pattern recognition’ refers to a system’s ability to categorize
objects into one of two or more classes. Of course, the ability to recognize or classify
objects comes naturally to us humans. However, the general area of pattern recognition
does not pertain solely to the classification of objects in two dimensional planes or three
dimensional real world settings. There are countless applications ranging from the
processing of documents (character recognition) to medical data (interpreting x-rays or
electrocardiograms) which require the categorization of higher dimensional data. In the
latter case, the classifiers used may be nebulous with respect to their operation and
methods of construction. That is, it is not always obvious which criteria were used to make

the classification decision.

Pattern recognition tasks have always been regarded as being important and requiring
optimal solutions. Therefore, the area has historically received a lot of research attention,
and a variety of techniques used to solve the problem have been developed. Typically, the
techniques used to create the classifiers are computationally intensive, each involving
numerous iterations over the data set in order to achieve a satisfactory rate of correct

classifications.

Classifiers are constructed based on the attributes of their training and testing data sets.
The patierns to be recognized, i.c. classified, are stored in a vector representation format

and may be cither labeled or unlabeled. This is where the first distinction in classifiers



1.2 Purpose 2

becomes evident: supervised versus unsupervised learning (training). Those classifiers
derived using labeled data are said to have performed supervised learning. This is because
they have made use of the a priori knowledge of the data’s classes (said to have been
provided by a teacher.) Subsequently, if unlabeled data has been used to create the
classifier, it is said to have performed unsupervised learning. Classically, pattern

recognition in an unlabeled data environment is often referred to as cluster analysis.

The statistical approach is considered to be the traditional method for performing cluster
analysis. However, if as is usually the case, full statistical information about the data is not
known, a deterministic-nonstatistical approach is required. Recently, classifiers based on
neural networks and others making use of fuzzy sets have been receiving much research
attention [35,27,4]. Finally, classifiers are often used as components of systems for

automated process control or the prediction and/or compression of data.

1.2 Purpose

The purpose of this thesis is to investigate unsupervised learning pattern recognition
algorithms through the comparison and contrast of several systems which may be used for
prediction and data compression tasks. During the course of the research, five algorithms
were investigated for their properties with respect to application to the above mentioned
problems. Specifically, the algorithms investigated include Kohonen’s self-organizing
maps (SOM) [30-32], Fritzke’s growing cell structures (GCS) [14], c-means algorithms
(CM) [3,4], Bezdek’s fuzzy Kohonen clustering networks (FKCN) [5] and Gath and
Geva’s unsupervised fuzzy partition - optimal number of clusters (UFP-ONC) [17]. The
nodes, or cells, in all of these algorithms essentially perform the same calculations. Each
node is able to compute its similarity, in the form of a distance measure, to the inputs from
the data set. The differences between the algorithms stem from their unique approaches to

the modification of the positions of the nodes in order to improve the representation of the
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data with each iteration. The research in this area is necessary to determine if any of the
algorithms have inherent advantages over the others with respect to specific application

categories.

1.3 Scope

As indicated above, the scope of this thesis shall be limited to algorithms employing
unsupervised learning. However, an introduction to supervised learning algorithms shall
be included in Chapter 2 for the purpose of completeness. Extra emphasis will be given to

reporting a new way to use the classifiers for prediction as developed during the course of

the research.

The remainder of this report is structured as follows:

« Chapter 2 - Overview of pattern recognition including both supervised and
unsupervised learning algorithms.

» Chapter 3 - Presentation of the algorithms implemented for the thesis.
» Chapter 4 - Discussion of issues regarding valid clustering.

« Chapter 5 - Presentation of simulation results for applications in the prediction of
the values of missing input components.

» Chapter 6 - Conclusions and recommendations for future work.



Chapter 2

Pattern Recognition Overview

The goals of this chapter of the report are the following:

« Introduce pattern recognition systems.

+ Describe various supervised and unsupervised learning algorithms and
their differences.

« Explain the limitations of unsupervised learning.
Since this chapter of the report is intended to provide the reader with an introduction to
pattern recognition, the descriptions provided are merely cursory and many reference

sources are cited for further reading.
2.1 Composition of a Pattern Recognition System

Figure 2.1 depicts the processes necessary for a pattern recognition system. From the
figure, it is evident that there are several steps involved in the classification process, i.e.

+ data acquisition,

+ preprocessing, and

« actual classification.
This thesis is not concerned with the data acquisition process itself. The methods used for
sensing and measuring the features of the input data are independent of classification
techniques. The data is normally divided into two sets. The first (normally larger) set is to
be used for the fraining, i.e. constructing, the classifier. The second set is retained for the
purposes of festing the classifier to determine its classification error rate after it has been
trained. Both of the data sets must be statistically relevant and have well chosen features

with respect to the classes within the problem which they represent. This criterion is
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necessary in order to effect the greatest potential generalization capabilities (robustness)
of the classifier. If the training and testing data sets are not indicative of the general
classification problem, the classifier’s overall performance will suffer. Jain {28] suggests
that a good training set should contain five to ten examples per input dimension for each
class to be identified within the data. We are also reminded of the “curse of
dimensionality” - input features which are not necessary in order to achieve classification
should be avoided for they may hinder the process and lead to slow and overly complex

classifiers.

REAL WORLD DATA

|

DATA GATHERING
PRCCESS

TRAINING TESTING
DATA SET DATA SET

DATA
PREPROCESSING

-nenmalization
- feature extraction

!

CLASSIFICATION
(DECISION MAKING)
- geometrical
- slatistical
-neural neiworks
- fuzzy based

!

CLASS IDENTIFICATION

FIGURE 2.1. A General Pattern Recognition System,
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After the data has been collected, any necessary preprocessing may be performed. This
step may involve normalization and/or feature extraction (data reduction) processes used
to make the data sets more manageable. The final step in the pattern recognition system is
the actual classification itself. Here, the feature vector is passed to the trained classifier

resulting in an output of the vector’s class.

As mentioned in the previous chapter, the first distinct way in which the classifiers
themselves are categorized is based upon whether or not the data used to train them is
labeled. The supervised and unsupervised learning categories may also be subdivided
according to the approaches taken to solving the classification problem. Figure 2.2 below

presents a table of the taxonomy of classifiers.

Classifier
%, Category

Artificial

Traini Classical  Neural Networks

Data
Statisticalor § Supervised
i Deterministic | Learning
Labelled | Classifiers | Neural Networksf
{ (cf. Section 2.2.1§ (cf. Section 2.2.2)
Cluster Unsupervised
- Analysis Learning ;
Non-labelled Y Neural Networks}

- » (cf. Section 2.3.2) |

FIGURE 2.2, A Taxonomy of Pattern Classifiers.

In this thesis, classifiers are separated into two categories: classical and neural network
based. Since we are concerned with unsupervised pattern recognition, the types of
classifiers in the top two quadrants of the table were not included in the focus of this

thesis. However, for completeness, they are briefly described in the report. For the
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purposes of this report, the category of classical classifiers includes all techniques that are

not neural network based.

Figure 2.3 depicts the three ways that a pattern recognizer may determine the classes
within a data set. The illustrations are for a two dimensional example and indicate the
intuitive methods of dividing the data points into classes. In the first case, shown in
Figure 2.3(a), the classes are defined by means of decision boundaries between them.
These boundaries are hyperplanes within the input space, and represent characteristics of
the classes in the problem. Such a classification scheme may be employed only when the
training set is labeled. Here, the training process consists of adapting the decision
boundaries, i.e. learning the characteristics of the classes, until an acceptable rate of
misclassification is achieved. A candidate data point is assigned full membership to a

particular class based upon its position relative to the boundary lines.

W
) 1\‘;’ £ 2 Cluster 3
‘oo, °8, 00y
! Classé / /,’ -
- , v/ @ v/ @ -
Tl 3 Cluster 1 3
RN W SN
® e ' R 2 e @ R@,\ A Cluster 2V
e ° o RN R Y
' @\V e v ‘@)
I S _ - -
Class1 , Class 2 @ 1 1 N @
~

@

)

(©

FIGURE 2.3. Classification techniques.
(a) Decision Boundaries, (b) Vector Quantization (cluster prototypes) and (c) Elastic Clustering,

The second classification technique, which is shown in Figure 2.3(b), is commonly
referred to as vector quantization. With this approach, prototypes (centroids) for clusters
within the data set are developed during the training process. For reasons explained in

Section 2.2.1, vector quantization techniques for pattern recognition purposes are used
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only with unlabeled data sets. Each new point to be classified is assigned a grade of

membership to the various clusters based upon its relative distance to them all.

The final classification technique, depicted in Figure 2.3(c), is a hybrid of the first two. It
may be used only with Iabeled training sets. This approach makes use of ‘elustic rings’ to
define the boundaries of the classes within the data set. The points to be classified are then
assigned full membership to a particular class if they lie within the ring for that class,
otherwise, a grade of membership with respect to relative distance to the closest points on

the rings of all the classes is assigned.

In view of the above, it is evident that when constructing a classifier, having labeled data is
a luxury that provides several implementation options. Whereas supervised learning
classifiers may take their form from any of the three paradigms presented in Figure 2.3, all
unsupervised learning algorithms are essentially consigned to performing vector
quantization. The following two sections of the report present some of the supervised and

unsupervised techniques currently used in pattern recognition.
2.2 Supervised Learning Algorithms

As mentioned in the previous section, the phrase ‘supervised learning’ refers to the
classifier’s training algorithm making use of the previously labeled data to construct the
classifier. In Figure 2.2, “A Taxonomy of Pattern Classifiers.” on page 6, it may be seen
that the classifiers in the top two quadrants belong in the supervised learning category. We
shall first present the classical supervised pattern recognition techniques, followed by a

selection of available neural network approaches.

The error rate of a classifier is estimated by experimentally determining the fraction of
misclassifications of the test data set. This estimate is improved by increasing the number

of samples in the test set.
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2.2.1 Classical Supervised Learning Classifiers

All of the classifiers presented in this section are one-step or single stage classifiers. If the
classification problem is too complicated, i.e. too large, to be handled in one-step,
hierarchical classifiers may be employed. No loss of generality is incurred by describing

only the one-step classifiers.
2.2.1.1 Decision Boundary Type Classifiers

In typical classification problems, complete statistical information is usually not known a
priori. In such a case, an estimate of the statistical nature of the problem space must be
derived from the training samples. The accuracy of the estimate depends on how well the
data set represents the statistics of the classes within the problem. Such a situation gives
rise to two types of classical supervised classifiers. Firstly, statistical pattern classifiers,
which make use of the known distributions for the categories within the data and well
known concepts from statistical decision theory to determine the class boundaries.
Secondly, deterministic pattern classifiers, which are constructed by means of estimates of
the distributions for the groups within the data. These distribution estimates are derived
through a statistical analysis of the classes within the labeled training data set. Since both
of these kinds of classifiers are used to define hard decision boundaries between the
classes within the data, they are of the type shown in Figure 2.3a. A hard decision means
that a sample is assigned either full membership in a class or none at all. This decision is
based upon the sample’s position relative to the class boundaries. In such classification

schemes, there are no grades of memberships assigned to the samples.

In the case of complete knowledge of the distributions within the data, or a hypothetically
infinite training data set, the Bayes decision rule produces the optimal classifier. Let a

feature vector (data point) have a probability density function conditional on the pattern
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class given as p (x| w,). The Bayes decision rule [15,16] is then desctibed by Equation

2.1: pattern x is assigned to class w, if

p ("%l"‘) >p (wj,x) Vj#i. (2.1)

where p ( coil x) 1s the posterior density for class w, defined by Equation 2.2

P (w)p (@)
p(wfx) = — (22)

Z p(Hw)p (o)

i=1

where p (®,) are the a priori class densities.

The Bayes decision rule is optimal. That is, for a given prior distribution, there does not
exist a decision rule having a smaller probability of misclassification. Such a classification
technique is deemed to be parametric because the class densities are known or may be
well estimated. The distributions are commonly assumed to be multivariate gaussian in
nature. Such an assumption leads to simple decision boundaries which are linear or
quadratic. Multiclass problems result in piecewise-linear or piecewise-quadratic decision
boundaries. If a parametric form for the classifier cannot be assumed due to for instance,
multimodal classes within the data, a non-parametric or geometrical approach must be
taken. The largest family of deterministic classifiers are the Nearest Neighbor classifiers

described by Cover and Hart [8].

The Nearest Neighbor, or k-Nearest Neighbor (k-NN), classifiers are intuitively appealing
in that, the process of classifying an unknown data sample gives the most weight to the
evidence of nearby known samples. The number of nearest neighbors taken into account,
k, may be greater than or equal to 1. Essentially, the k-NN classification rule assigns the
feature vector x to the class which is most heavily represented within the group of k

nearest training vectors.
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The complexity of such classification schemes results from the need to compute a distance
measure from the test vector to be classified and each vector in the training set while
keeping track of the classes of the k closest neighbors. In order to reduce the complexity
of this family of classifiers, editing and condensing procedures may be invoked on the
training data set. The editing process consists of the removal of strangers (outliers) from
the training set. The removal of such vectors improves the error rate of low k-NN
classifiers which are particularly susceptible to making classification errors in such
instances. The training data condensing process involves the removal from the data set of
all vectors not immediately close to a decision boundary. The use of such a process to
remove the non-essential training vectors may result in a great reduction in the size of the

data set.

The nonparametric approaches perform better in real-world environments where the data
set does not contain very many samples. This superior performance is due to the extra
specific information about the class boundaries which are determined by the geometrical
approaches. However, the performance boost comes at a cost of the long training times

required by these techniques.
2.2.1.2 Supervised Vector Quantizers

We now examine the possibility of creating supervised classifiers of the type shown in
Figure 2.3b. Vector quantizers used for pattern recognition are appealing for two reasons.
First, each class is represented by a single prototype, usually the centroid. Secondly,
vector quantizers allow for the possibility of the assignment of grades of membership in
those cases where a good classification decision is not very likely. An example of such a
case occurs if the sample lies directly on the midpoint between its two closest centroids.
Here we would intuitively like to assign the sample an equal grade of membership to each

cluster,
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Since the decision spaces in vector quantization are defined in terms of neighborhoods
around the cluster prototypes, they are very regular in their shape. The clusters found are
typically hyper-spherical or hyper-elliptical in nature, depending on the type of metric
employed. A Euclidean metric would result in hyper-spherical clusters, while a matrix
norm induced metric would result in hyper-elliptical clusters. For a further discussion of
the influence of the choice of metrics, the reader is referred to Section 2.4 of the present

report and Bezdek [4].

Although easily constructed, supervised vector quantization techniques are not generally
used. Since the classes within real world data sets need not be hyper-spherical or even
hyper-elliptical in nature, the k-NN type classifiers would result in better decision
boundaries. For this reason, supervised classifiers of this type are given no further
consideration in the present report. However, such techniques are paramount to the

unsupervised learning techniques described in Section 2.3.
2.2.1.3 Elastic Clustering Classifiers

The third technique for creating a supervised pattern classifier, as shown in Figure 2.3(c),
is known as Elastic Clustering. The classes within the data set are identified by enclosing
each in a closed loop. Such a procedure however is non-trivial. The method proposed by
Srikanth et al [45] generates closed loops which result in groups of patterns of the same
data class. Then the vectors in the test set are assigned fuzzy membership values with

respect to each cluster.

The loops are considered to be elastic rings which are initially placed in the problem
space. The rings are represented by equidistant points on there circumferences. The rings
are slowly expanded to enclose all the training patterns belonging to the same class. This
ring expansion process is analogous to fitting elastic bands around pegs placed in space.

Each ring is defined to have a corresponding energy £, defined by Equation 2.3. Training
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the classifier consists of optimizing the placement of the rings by minimizing the ring

energies through a gradient descent procedure,
1
E, = gy lny (X, = Y|,K) +BY|¥,,  ~ Y} (2.3)
i J J

where @ (d, K) is defined as ¢/ 72X, X is the position vector of the i pattern in the

training set and¥ ; is the position vector of a point on the elastic band (ring).

Each ring energy function is formed so that a change in point ¥ i given by Equation 2.4

v

AY; = —Ka{ = GZWU (X;=Y) +BK (Y, =2Y;+Y,;_ ) (2.4)
i

where W, = (I)(}XI-—YJ-I,K)/(Z(D(]Xi—Yk|,K)), and o, and K are constants,
k

results in the reduction of the ring’s energy.

The two parts of the energy function ensure that once the function is minimized, the band
passes close to the patterns which are nearest to the band and the points on the band are

* pulled close to their immediate neighbors.

Once the training process has been completed, sets for the classes are immediately
evident. Any test vector laying within the corresponding ring has full membership to that
class. Those test vectors which do not lic within the areas enclosed by the rings are
assigned graded (or fuzzy) membership to each class. Equation 2.5 describes the

membership of a test pattern x to the particular cluster having its centroid at point C:

1 ifD<R @5)

membership (x) = ¢ (D-R)2/ (G-R))

otherwise
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where o is a parameter which determines the steepness of the membership function, D is
the distance between the cluster center C and the test pattern x and R is the distance
between P (the closest point on the ring with respect to the test pattern x) and the cluster
center. Figure 2.4 illustrates typical results of the graded membership assignment

procedure for the Fuzzy Elastic Clustering process.

Clearly, such a classification scheme is superior to a conventional vector quantization
approach due to its ability to identify the irregularly shaped boundaries of classes in real
world problems. It was mentioned above in the report that by design, the k-NN algorithms
perform better than the vector quantizers in such cases. Other researchers report
classification results from the fuzzy elastic clustering method to be comparable to those

obtained by the Fuzzy k-NN algorithm [45].

Test Pattern x

BN

Membership = 1.0

B [[] Membership values
decrease confinuously
with the distance from
cluster centre.

O< Membership <1

(a) (b

FIGURE 2.4, Fuzzy Elastic Clustering,
(a)Determining a sample’s membership value in Fuzzy Elastic Clustering, (b) Membership values.
4
Seurce: Adapted from [45].

In summary, this section has introduced the three main methods for which supervised

pattern recognition has been performed in the classical approach. An overview of the
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Bayesian, k-NN and Elastic Clustering algorithms was presented with a short discussion

on the main points of each technique.
2.2.2 Supervised Learning Neural Networks

It has been said that mankind has been very successful in creating computers to effectively
perform tasks which we could not easily do ourselves. With that accomplished, designers
directed their efforts towards creating computers for the performance of the simple tasks
which we ourselves managed with ease. Not only did the researchers achieve only very
limited success, but they also realized how little is understood about the manner in which
these tasks were performed in the first place. The human brain or biological neural
networks in general are huge massively parallel pattern recognition systems. A large
portion of pattern recognition research in recent years has been focussed on artificial

neural networks (ANN) [35].

ANNSs are structured as small scale conceptualizations of their biological counterparts.
Neural networks are very well suited for pattern recognition problems because they
perform vector-to-vector mappings. Due to their aptitude towards pattern recognition,

ANNSs are also suitable for variable prediction problems and controller applications.

ANNS consist of highly interconnected simple computational units referred to as neurons.
The weighted interconnects between the neurons represent the synapses of the biological
neural nets. Figure 2.5 shows a model for the basic structure of the neurons used in such
systems. Each neuron unit is described as simply producing an output value, y, described

by the Equation 2.6:

N
y = g( Z xw;—0) (2.6)

i=1
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where x; represent the values of the inputs to the neuron, w; represent the connection
strengths (weights) of the separate inputs, and © represents the threshold or bias value of

the unit,

Typical choices for y = g(X)

F Sigmoidal function

__r— Step function

Ramp function

FIGURE 2.5. A simple neuron model.

Figure 2.5 also shows several typical choices for the shapes of the neurons’ transfer
functions. It is here noted that said transfer functions are typically non-linear and output
band-limited to ranges of [g 1] or [_; 1]. One of the most common choices for transfer
functions belongs to the sigmoidal class and is known as the logistic function. The logistic

function is defined by Equation 2.7 below:

glx) = — @7
e

ANNSs have such great computational abilities due to the non-linear nature of their neurons
and the fact that they are systems of many highly interconnected such units. Such a

computational scheme is known as parallel distributed processing.
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2.2.2.1 Feedforward ANNs

Two main classes of supervised learning ANNs are obtained from the different ways in
which these neurons are interconnected. These different system architectures are called
feedforward and constraint satisfaction. The feedforward type architectures are currently
the most prominent family. In this group, networks are structured in layers. Each layer
may have any number of neurons (nodes) as required. Typically, the layers are fully
interconnected. Figure 2.6 shows a three-layer feedforward type ANN referred to as a

Multi-Layer Perceptron (MLP).

Input Layer

FIGURE 2.6. A Multi Layer Perceptron,

The training process for such networks consists of presenting each input pattern and then
computing the difference vector between the network’s expected and actual outputs. The
network’s overall performance is described by a guality factor typically described by a

sum of squared errors equation similar to Equation 2.8:
1 2
EMLP = §ZZ (Odesfred - Oacmal) 2.8)
[

where the first summation is over all patterns and the second summation is over all output

nodes.
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The quality factor is frequently referred to as an energy function. Furthermore, the process
of training the network is analogously described as an optimization procedure aimed at

minimizing the energy of the net.

Rumelhart et al [42] described a training algorithm for MLPs by which the weights within
the network are adapted in such a fashion as to minimize the network’s energy. This
training method is known as Backpropagation of Errors (Backprop for short) and in its
simplest form is a gradient descent algorithm. The partial derivatives of the energy
function are computed with respect to every weight within the network. Each weight w,

then may be updated at iteration step ¢, according to Equation 2.9:

w(t) =w(t—-1)+Aw () 2.9
where
oE
Aw (1) = ~a§j’é—g +BAwW (r—1) ; “e [0’ 1] (2.10)
Belo, 1

o is the learning rate parameter and is usually kept small to prevent oscillations within
the weight space during the optimization process, and B is a momentum parameter used to

speed up the learning process by filtering high frequency oscillations of the weights.
2.2,2.2 Recurrent Neural Networks

A subclass within the feedforward category of supervised ANNs are distinguished by the
fact that they contain feedback connections from the network’s output units to a set of
state neurons. Williams and Zipser [46] devised a learning algorithm for such structures
which are commonly referred to as recurrent neural networks (RNN). Some of the state
neurons serve as oufpuf units and the rest are hidden units. The RNN also contains a set of

non-recurrent input units. Thus, the RNN may be compared to a feedforward network
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having an arbitrary number of identically interconnected layers. By their nature, these
networks operate only in discrete time. Such networks have an innate ability to process
temporal signals [37]. These input signals are sequences of arbitrary length varying over

discrete time,
2.2.2.3 Constraint Satisfaction Networks

The networks of the second category of supervised ANNs are known as consiraint
satisfaction networks. These networks consist of N fully interconnected neurons. Research
inferest increased in such neural networks after Hopfield’s original work in 1982 [24].
That work used binary neurons having possible states of ‘0’ or ‘1°. The weights within the
network are represented by a weight matrix, T, with 7, = 0. The neuron updates are
asynchronous (random in time, but having a specific mean attempt rate). The state of each

neuron v;, is readjusted according to the rule defined by Equation 2.11:

Vi—>1 | >,
1f§TV. ! 2.1
V.- 0 Yo<U,

J#Ei
where U ; is the threshold or bias value for the i peuron.

This type of ANN functions as a content-addressable or associative memory. A set of
neuron states V%, s = l...n are stored in the network through the use of a one-shot

storage prescription algorithm[24]

T; = (2Vi—1) (2Vi—=1) with T;; = 0. (2.12)
5

Consider the special case where T,; = T;; and an energy function is defined as:

Ey = —%ZZTUV!.VJ. 2.13)

i#j
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The stored states correspond to local energy minima in the state space. These energy
minima have corresponding basins of attraction. If the network is placed into an initial
state (not one of the stored states) and the neurons arc allowed to adjust themselves
according to their update rule, eventually, the network will end up in one of its local

minima.

A Hopfield network’s appealingly quick learning algorithm makes it a likely candidate for
both associative memories and pattern classification problems. However, Hopfield nets do
possess some limiting factors as well. Their pattern recall times are prolonged by the
networks’ setrling time requirement. Additionally, storage capacity is relatively limited at
about 0.15N for a network having N neurons [24]. If there is an attempt to store more
items than that limit, spurious unwanted local minima occur. However, such minima are
usually not very deep, and their detrimental effects may be somewhat alleviated through
an unlearning process [25]. In [26], Hopfield showed that his networks could also be

constructed of neurons having graded response characteristics.

Another type of ANN is known as a Boltzmann machine (BM) [1,22]. The BM is a
generalization of the original Hopfield network. In the BM’s learning algorithm, units
update their states according to a stochastic decision rule. The neurons in a BM are
separated into categories of input, hidden, and output units. Each input-output pair to be

learned is coded as a state of the vistble units of the network.

During training, three probability distributions are associated with each of these states.
The first represents the probability that the inputs are in a state . The second represents
the probability that the outputs are in a state B given an input state of o. The final
probability represents the probability that the outputs are in the state B when the inputs are
clamped in the state .. With the incorporation of a simulated annealing approach in its

learning algorithm, the BM learns to minimize the distance between the probability



2.3 Unsupervised Learning Algorithms 21

distributions of the output units when they are clamped and when they are not clamped

(for all of the states to be stored).

According to Hinton [23]...

“Stochastic Boltzmann machines learn slowly, partly because of
the time required to reach thermal equilibrium and partly because
the learmning is driven by the difference between two noisy
variables, so these variables must be sampled for a long time at
thermal equilibrium to reduce the noise.”

This statement implies that BMs learn slowly partly because of their stochastic nature. A
deterministic BM (DBM) was introduced by Peterson and Anderson [40] by using a mean
field approximation to simulate the stochastic system. The capabilitics of mean field
theory (MFT) learning were explored in [41], and a proof that it performed gradient
descent in weight space was shown in [23]. The DBM, also known as the mean field
machine, is an appealing ANN due fo its relatively short training times (as compared to
BMs and backprop), its bidirectionality (may be a content-addressable memory as well as

a classifier), and its ease of implementability [41].
2.3 Unsupervised Learning Algorithms

The pattemn recognition techniques described in this section are represented by the bottom
two quadrants of Figure 2.2, “A Taxonomy of Pattern Classifiers.” on page 6. Since
unsupervised pattern recognition deals with unlabeled data, a training datum’s class is not
previously known. Consequently, the number of classes to be found is usually not
precisely known either. Most unsupervised pattern recognition techniques expect prior
knowledge of the number of classes to be found within the data. Each class would then be

represented by a prototype or centroid.

However, if the number of classes is not previously known, we cannot then provide the

classifier any information regarding the number of prototypes to develop. There are two
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ways to solve this dilemma. For the first method, cluster validity indexes are evaluated
given an assumed number of classes in the data. These measures are evaluated over a
range of cluster counts. The cluster count having the best validity index is then declared to
be the best way to partition the data. The second approach involves the development of a
large number of prototypes (vector quantization to many levels). Since there are now more
prototypes than classes, a post-processing stage is invoked to group the prototypes into the
appropriatc number of clusters. Both classification techniques are discussed in Chapter 4

of this report.

As previously mentioned, all unsupervised learning algorithms perform vector
quantization of the input space. This quantization or discretization of the input space is not
uniform. Instead, the nodes end up being distributed in such a fashion as to best
approximate the distribution of the data set. Therefore given a set number of nodes, the
data representation and classification capabilities of the algorithms in this family are
essentially equivalent. Such classifiers differ in the manner which they were trained. That
is, cach algorithm uses a unique node update procedure and contains the necessary data
structures and abstractions for its implementation. In order to comparatively evaluate

these algorithms, we must examine their relative complexities.
2.3.1 Classical Unsupervised Learning

Unsupervised pattern recognition is often referred to as cluster analysis. The classical
approach pattern recognition using unsupervised learning has been to maintain one
profotype per class to be identified within the data set. These prototypes, which are points
within the data space, are defined to be the centroids of the clusters formed from the data
set. Cluster membership values for each pattern in the data set are assigned based upon the

pattern’s relative distance with respect to all of the cluster prototypes. If the training
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patterns have been properly clustered, the groups will accurately reflect the classes within

the data.

Ball and Hall [3] introduced an iterative algorithm to compute the appropriate coordinates
for the cluster prototypes. Originally known as Iferative Self-Organizing Data Analysis
Technique (ISODATA), the algorithm is now commonly referred to as the C-means
algorithm (CM). Since its introduction, there have been numerous adaptations and
hybridizations of the CM algorithm to accommodate classification in data sets having
clusters of irregular shape, variable density, variable size, an unknown number, or noisy
data [4,5,9,10,17,34]. A common property of these algorithms is that all of the data is
considered in parallel. This necessitates complete knowledge of the training set prior to

execution.
2.3.1.1 Data Partition Matrices

In addition to the cluster prototypes, each of these algorithms maintain a data partition
matrix (DPM). A particular DPM, U, consisting of elements u,,, contains one row for
each of the ¢ clusters to be formed, and one column for each of the » patterns in the data

set.

There are two distinct classes of matrices which are used to partition a data set. The
differences stem from the sets of allowable values for u,,, which describe the membership
of each pattern to each class, Hard (Boolean) logic only permits a pattern to have either
full membership in a particular category or none at all ( uy € {0, 1}). Using fuzzy sets
introduced by Zadeh [47], allows patterns to have graded membership values in the range
[0, 1].In Bezdek’s [4] notation, the sets of all hard DPMs, M » and all fuzzy DPMs, Mfc,
which separate # data points info ¢ clusters, are described by Equations (2.14) and (2.15)

respectively:
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c n
M, = {UeV,luy e {0, 1}Vi, kY uy=1Yk;0< Y uy <nVi} (2.14)
i=1 k=1
c "
Mg = {UeV, luy e [0, 11Vi, kY uy=1Vk;0< Y uy <nVi} (2.15)
i=1 k=1

where V, is the set of all ¢ X n matrices. The first constraint stipulates that the sum of
each pattern’s membership values for the separate clusters must always be equal to 1. The
second constraint ensures that each cluster must be represented by at least one but not all

of the data patterns.
2.3.1.2 C-Means

The CM algorithm begins with an initially random set of cluster prototypes,
{vj|i e [1,c]} in the input space R”. Bearing in mind the above definitions for data
partition matrices, we define the i cluster’s prototype to be the centroid of its constituent

patterns. This point in the input space is described by Equation 2.16:

p.= k=t (2.16)

where x, € X (the set of p dimensional input vectors) and m is referred to as being a
fuzzification factor, meaning that the elements of the DPMs will become less crisp as m is
increased. We set m = 1 for hard DPMs or let i e (1, ) is for fuzzy DPMs (typically,
the useful range for m = [1.5, 4]). This results in two classes of CM classifiers, Hard C-

Means (HCM) and Fuzzy C-Means (FCM) respectively.
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The validity of the DPM (and subsequently the cluster prototypes) is reflected by every
centroid’s ability to represent each pattern in its class. A particular DPM’s performance
index is measured by a Within Groups Sum of Squared Errors functional J,, (U, v) as

defined below:

c N

T (U ¥) = 30N ()™ (dyy) 2.17)

i=lk=1
where d;, = ||xk - vi“and l.] is any inner product induced norm on R?.

As mentioned previously, CM is an iterative algorithm. At each new iteration, the new

DPM is computed in the following manner:
In the case of HCM:

uik(t)=1 if dik(t)= m;'n (djk (1) (2.18)

i, (£)=0 otherwise

In the case of FCM:
If 3d;; (£) = O then set

() = Landiuy (1) = 0 Vj=, (2.19)
otherwise

1

p . (2.20)
Z (dik/djk) 2/ (m-1)
j=1

u, (1) =

In the same step, each cluster prototype, v;, is updated according to Equation 2.16 above.

The CM training algorithms may be viewed as a procedure of optimizing a DPM (or
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alternately a set of prototype vectors) in order to minimize the objective functional. A

proof of these algorithms’ convergence to local minimum is given in [4,p.67].
2.3.2 Unsupervised Learning Neural Networks

Since unsupervised ANNs are not provided with target output values for use in the
learning process, neurons output values do not directly represent the network’s input
vector’s class. Instead, the network’s task is to attempt to represent the input space. Each
neuron assumes responsibility for the representation, i.e. acts as the prototype, of a subset
of the set of input vectors. It outputs a dissimilarity measure which acts as an indication of
the quality of its representation of the network’s current input. Typically, the match value
is expressed as a distance measure as defined by an inner product induced norm of the
difference vector between the network input and the particular neuron’s current weight
vector. That is, given x; € X € R? as the current input vector to the network. The output

value of the jth neuron, o, is defined by:
0; = d(i,j) = “xi— wj|| (2.21)

where w; is the jth neuron’s current weight vector and |[f.] is any inner product induced

norm on R?.

During training, each neuron computes its match to the current input vector, Through a
competitive process, usually “winner take all”, a neuron’s weight vector is updated in
order to improve its ability to represent the current input. That is, if the jth neuron is the
winner, it is moved closer to the current point in the input space by some fraction,

A e (0, 1) (often labelled as the network’s learning rate), of its difference vector:

}ijzw - “’jg,’d + h (xl - }vjald) (2‘22)
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Unsupervised ANNs are often deemed to be more biologically plausible than their
supervised counterparts, especially the MLP algorithm which is dependant on the

computation of various partial derivatives.
2.3.2.1 Kohonen’s Self-organizing Maps

Kohonen introduced a class of unsupervised ANNs known as Self-Organizing Maps
(SOM) [31,32]. SOM:s are biologically motivated from examples such as the cortical maps
and ftactile sensory maps in the brain. Figure 2.7 below illustrates the structure of a two
dimensional SOM. The structure consists of a collection of neurons such as those
described by Equation 2.21 above. Each of the neurons has weights connected to all of the
network’s input units. The neurons are arranged in a low dimensional array (typically 2-D
or 3-D). Neighborhoods surrounding the neurons, ® (j, k) (using a 2-D example), are

defined to consist of the ‘nearby’ elements in the array.

2D array of neurons

FIGURE 2.7, Kohonen’s Self-organizing Map.

Upon the random presentation of an input vector to the network, a competitive process is

initiated with a ‘winner’ node, for instance neuron (j, k) , being declared if:
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O = min(o,,.) Ym, n (2.23)

'The weights of all the neurons in the SOM are then updated according to the following

equations:

W, (+1) = w () +S(m,nj k0) (x,—w, (D)V(mn) e R(,k1) (224)
W+ 1) =w, (1) V(m,n)e R, ki) (2.24b)

Equation 2.24a is similar to Equation 2.22. The difference between the two is the
replacement of the simple learning parameter, A, by S (m, n, j, k, £) € (0, 1), a function
of the neuron’s proximity to the winner node within the SOM and the training step. During
training, both the learning parameter and the winner neuron’s effective neighborhood are
typically decreased with time. With each iteration of the algorithm, the positions of the
neurons in the input space better represent the distribution of the input set. The training
algbrithm is terminated once the sum of weight changes in an epoch (one time through the

training set) drops below a preset threshold value.

One of the SOM’s accolades is that the mapping preserves the fopology of the input space.
This means that input vectors which are ‘close’ to each other in R will result in winner
nodes which are close to each other in the map. However, this feature of topology
preservation is not a criterium which is specifically used to define the algorithm’s weight
update rules. Instead, it is a quality which emerges as a side-effect of the neighborhoods
implemented around the winner nodes during the training. Using metric topology
preserving measures, Bezdek and Pal [6] show that the topology preservation is not
implementied as effectively as in other feature extracting algorithms such as Principal
Components Analysis ov Sammon’s algorithm. Unlike the SOM, both of these algorithms
have the ability to produce distinct mappings for each input patiern. SOMs must quantize

the input space to as many points as there are nodes (typically many less nodes than input
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vectors) and are therefore limited in the number of distinct mappings they may produce. It
is this discrete nature that prohibits the SOM from improving the topology preservation of

the mapping.
2.3.2.2 Growing Cell Structures

Fritzke[14] introduced a class of ANNs similar to SOMs which he called Growing Cell
Structures (GCS). The similarities arise from the weight update procedures and a more
loosely defined neighborhood function. The GCS begins with three interconnected cells
(neurons) each having a weight vector, w, € R”. Figure 2.8 below depicts GCS’s weight

adaptation process (at a point where the structure has grown to seven cells).

input vector

(a) original cell positions. (b) presentation of a new (c) resulting cell positions.
input vector.

FIGURE 2.8. The Growing Cell Structure’s adaptation process.
Source: Fritke[14].

All cells in the structure ascertain their similarity to the current input. A competition is
then held to determine the ‘best matching unit’ which is declared the winner. The winning

cell and its immediate neighbors are then updated according to the two equations below.

Wy (t+1) = W (O +ay (:c—wbm“(r)) (2.252)

w;(t+1) = w;(f) Vie bmu'sneighbors (2.25b)

The winning cell also increases an internal error value by the distance to the input.
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As with the SOM, each cell’s neighborhood is rigorously defined. However, the GCS’s
key feature is its ability to dynamically redefine neighborhoods by adding or removing
cells as required. After a preset number of input presentations, the GCS determines which
cell has the highest error value. This so called ‘black sheep’ is located a region of the input
space which the GCS is not adequately representing the distribution of the data. The link
between this black sheep and its farthest neighbor, cell f, is then broken and a new cell,
connected to both, is added at the midpoint. In order to maintain the plane of triangles
structure, this new cell is also linked to cach cell that the black sheep and f still have in
common. The new cell’s error value is initialized to the average of its neighbors’ error
values. Then the error values of the neighbors are proportionally reduced to keep the total
error of the cells involved constant. Through this process, the GCS adjusts its weights and

‘grows’ to form a representation of the data set.

Each cell also tracks the number of presentations that have past since it was a best
matching wnit. A cell removal parameter, based upon the number of cells in the structure,
is maintained in order to determine the probability of removing a cell from the structure. If
a cell is located in a region of low input probability, it will not have won any competitions
for a long time. Since this cell does not take part in the proper representation of the data, it
should be removed along with its links. It has been reported that GCSs are able to detect
clusters of similar patterns and accurately represent the (unknown) probability distribution

of the input data set [14].
2.3.2.3 Adaptive Resonance Theory

In an attempt to overcome the stability-plasticity dilemma, Carpenter and Grossberg [7]
developed the Adaptive Resonance Theory (ART) class of unsupervised ANNSs,
Nonstationary inputs necessitate the network having the ability to learn new patterns

without necessarily forgetting the old. ART networks evaluate patterns with respect to a
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set of templates for current classes. A vigilance parameter is then used to determine if the
patterns have been correctly classified. If a pattern is encountered which was not closely
matched by the current set of class prototypes, a new class may then be allocated from a
pool of reserves. Due to time restrictions, this type of ANN was not implemented for the

report.
2.3.2.4 Fuzzy Kohonen Clustering Networks

In order to overcome some of the SOM algorithm’s deficiencies (lack of a well-defined
objective function, sequential weight updates, and a poorly defined termination threshold),
Bezdek et al [S] propose a class of unsupervised ANNs which they call Fuzzy Kohonen
Clustering Networks (FKCN). The structure of the FKCN is shown in Figure 2.9 below.

The algorithm is a hybridization of SOMs and CM - having elements from each.

FIGURE 2.9, Structure of the FKCN,
Source: Bezdek[5].

From the CM algorithm, the FKCN training process optimizes a fuzzy objective

functional (see Equation 2.17) which is constructed via a fuzzy DPM (see Equation 2.15.)
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The elements of the FKCN’s DPM are calculated according to Equation 2.26 below. The
equation is identical to that used in the definition of the CM algorithm (Equation 2.20),
with the single exception that the fuzzification factor, m, is linearly decreased with each

iteration,

~1I

C
Wikt = [2 (dig/dy) 2/(”2’_1)) (2.26)
F=1

The FKCN’s weights are updated in a neural network fashion. A difference equation

(variation of Equation 2.16), describing this process is given as follows:

n
Z L (= )
k=1

Vigel = Vit - where (2.27)

Z ais, H

s=1

Oy, = (g ) where (2.28)

m, = (mg—tAm); Am = (my—1)/t (2.29)

max

The next positions for the prototypes are obtained by adjusting the previous points by a

weighted average of distances from the input set.

There is no well-defined neighborhood function for the FKCN. However, the network is
self-organizing because the m, factor inherently “sharpens” the focus of the affect of each
data vector on the weight updates. As ¢ is increased, m, tends to one. This in turn forces

o, , to either one or zero - thereby reducing the effective update neighborhood.

>
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The FKCN’s improvements over the SOM include a parallel weight updates, non-
sequential data presentation and well-defined termination. However, these benefits are

gain at the cost of the maintenance of a DPM.
2.4 Limitations of Unsupervised Learning

When using unsupervised learning in pattern recognition, we must be fully aware of the
representational capabilities of the nodes we are using. Such representational capabilities
are independent of the manner in which the node was developed; be it through cluster
analysis or neural networks. Since the quality of a nodes’s representation of an input
pattern is given by a dissimilarity measure, the characteristics of the node’s region of
attraction (the portion of the input space which it best represents) are defined by the metric
used. The metrics used to define the nodes’ dissimilarity measures are given by inner-
product norms on the input space. Therefore, a node’s region of attraction is by definition

limited to being convex and unimodal in nature.

Convexity implies that a single node will not be able to accurately represent a concave
region of the input space. The accurate representation of such a region would require a
union of the regions of two or more nodes. However, as we shall see in Chapter 4 of this
report, such a task will necessitate the introduction of a post-processing interpretive stage

to the classifier in order to properly group the nodes.

The node’s unimodal nature implies that the quality of representation decreases (i.e.
dissimilarity increases) for input patterns as they become further away from the node. The
previous statement may at first may seem to be to be trivial. However, it implies that a
node will not be able to well represent a multi-modal class in the problem. Such a case

would again lead to the necessitation of a post-processing stage.
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Let us now examine several possible norms to be used by the nodes when computing their
distance functions. In particular, we shall discuss the choices of the ||. || 1o LAy, and L) A
norms on the p dimensional input space. ||.[[, is a sum over all the dimensions of the
p
absolute values of the component differences. That is, [x—w|, = i |v;—w| - Choosing
this norm leads to nodes having Ayper-cubical regions of attractio;a.i’?ﬁe .15 ln/?rm is the
Euclidean norm on a p-dimensional space, i.e., lx—wl, = [ Z (s, — Wi)EJ ) . Nodes
using this norm are best able to represent iyper-spherical chlste;'sz iln the data. Finally, the
matrix induced norm, [|. ||, is defined by llx —wil, = [ (x—w)7A (x—w) 1'% The use
of this norm facilitates the representation of hyper-ellipsoidal clusters within the data.
Moreover, if matrix A is chosen as the inverse of the fuzzy covariance matrix formed by
the central members of the cluster being represented by the node, the characteristics of the

node’s region of atiraction take on those of a multivariate gaussian cluster (se¢ UFP-ONC

-algorithm in Chapter 4).

This leads us to the conclusion that unsupervised learning really is not completely
unsupervised after all! In order to achieve satisfactory data classification or representation
results, the user will be required to make a decision about which distance metric (ie.,
expected cluster characteristics) should be used. Even an algorithm such as the UFP-ONC,
in which each node’s distance metric is constantly being refined, begins with the
assumption that all clusters were generated by multivariate gaussian distributions.
Additionally, especially difficult classification problems, may involve the user’s expertise

during a post-processing stage.

Vector quantization has become a popular choice for codebook generation in such
applications as image and audio compression [19,33,44]. Indeed, small-scale SOM VLSI
implementations of such applications have been reported [12,20,36]. The SOMs are
trained until their nodes well represent the input data set (groups of LPC coefficients for

audio or a set of pixel values for image compression). During the execution phase, the
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winning node’s index becomes the value to be stored or transmitted in order to later be
deindexed for the sample’s reconstruction. Such compression paradigms are lossy.
However, compression ratios of 64:1 and higher, while maintaining tolerable levels of

signal degradation, have been reported.

Hecht-Nielsen [21] suggests that vector quantizational techniques will not achieve the
1000:1 or greater compression ratios that were once dreamed of. For to accomplish such a
task while maintaining tolerable levels of degradation would require a very large number
of nodes. In such a case, the corresponding size of the codebooks and the number of bits
that one would need to store or transmit in order to identify the index of the winner node
would be prohibitive. Hecht-Nielsen [21] also suggests that in such a case, a better
approach might be to transmit a winner node’s co-ordinates rather than it’s index, perhaps

using Principal Components Analysis.
2.5 Summary

To summarize, in this chapter, we introduced pattern recognition systems and described
the role of the classifier. We introduced the difference between supervised and
unsupervised learning. Three intuitive classification techniques (together with
corresponding classical and neural network implementations) were described. It was
shown that unsupervised learning must take the form of nonuniform vector quantization.
The chapter concluded with a discussion of some of the limitations of unsupervised
learning, especially those stemming from the representational capabilities of a single
node. The following chapter of the report describes the implementations of several of

these algorithms and their respective features.
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Chapter 3

Algorithms Implemented

In this chapter, we present the implementations of three of the unsupervised
algorithms from Section 2.3 which were evaluated during the course of the research.
Specifically, these are the SOM, CM, and FKCN algorithms. All the software to
implement these algorithms was written in the C programming language and

executed on SunSparc workstations under a unix based operating system.

3.1 SOM Algorithm

3.1.1 SOM Implementation

Figure 3.1 on page 38 shows a simplified flowchart for the implementation of the SOM
algorithm as described in Section 2.3.2.1 of the previous chapter. The corresponding
pseudo-code is show in Figure 3.2. From the flowchart, it is evident that there are two
nested loops in which the majority of the necessary computations are performed. The
major loop iterates over the training epochs and contains within it a loop for the
presentation of each element in the data set with it corresponding weight update

operations.

The minimal algorithm is remarkably simple. After the learning rate is set, and the node
weights are initialized (typically to small random values), there are three basic steps to be
performed for each data point:

« Calculate distances from the input to the N nodes.

« Determine the winner.

o« Update the map’s weights according to (2.24a) and (2.24b).
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Neighborhoods are implemented as squares consisting of the nodes centered about the

winner.

The algorithm’s rate of convergence may be improved through such techniques as
scheduling reduction rates per iteration for the learning parameter and neighborhood size.
Throughout the research, exponential as well as linear rates of decay were investigated. It
was evident that the convergence rate is notably dependant on the initial values for the
weights and varies with each problem. Therefore, it is difficult, if not impossible, to
determine beforehand which specific techniques would be best suited for a specific

problem.

The SOM algorithm will converge for any norm induced metric used in calculating
distances. However, the choice of metric to be used is dependant on the application for
which the SOM is to be used. For instance, when using vector quantization in speech
compression, it has been reported [33] that better reconstruction results are obtained if the
Ikaturo-Saito metric is used instead of Euclidean distances. In this way, one may take
advantage of deficiencies in human hearing in order to place more emphasis on properly
reconstructing the important speech components, while not wasting effort on the others.
For variable prediction applications, improved results are obtained if a weighted distance
measure is chosen as opposed to Euclidean or manhattan metric. This results in the nodes

more appropriately quantizing the dependant dimensions of the input set.
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FIGURE 3.1. Flowchart for the SOM algorithm.
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Begin {SOM]

Input p, n, X= {x,e RP:i=1,2,..,n};
Input MapWidth, MapHeight, eRMS, eWeights, Maxiter;
Initialize Weight(0) = {weight; e RP:i=1.2, .. MapHeight;j = 1,2, ..., MapWidth}
with small random numbers;
Input MetricType, ParallelUpdateFlag;
Input WindowSize, ReduceWindowFlag, ReduceWindowType;
Input Alpha, ReduceAlphaFlag, ReduceAlphaType;
Input ConscienceFlag, ConscienceB, ConscienceC;
Initialize p(0) = {p,,=0.0;i=1,2,..., MapHeight;j = 1,2, ..., MapWidth} ;
{win fraction)
Iniiialize b(0) = {bij =0.0;i=1,2,.., MapHeight;j= 1,2, ..., MapWidith} ;
te1; {each node’s conscience level}
Loop {t}
I ReduceWindowFlag then
WindowSize « ReduceWindow (WindowSize, ReduceWindowType) ;
If ReduceAlphaFlag then Alpha« ReduceAlpha(Alpha, ReduceAlphaType);
If ParallelUpdateFlag then
Begin
Counte 13
Loop {Count}
If ConscienceFlag then UpdateThresholds (ConscienceC) ;
RandomX « RandomPicle (X, n); i, j« Winner(RandomX);
If ConscienceFlag then UpdateWinFractions (ConscienceB, i,j);
ParallelUpdateNeighborhoodWeights (i, §); Count« Count+ I;
Loop While (Count<n); {Count}
Weights « UpdateWeights (Weights)
RMS ¢ CalcRMS (X, Weights); DeltaWeighis « CalcDeltaWeights( };
End
Else {sequential}
Begin
Counte« 1;
Loop {Count}
If ConscienceFlag then UpdateThresholds{ConscienceC);
RandomX « RandomPick(X, n); i,j < Winner{RandomX) ;
If ConscienceFlag then UpdateWinFractions (ConscienceB, i, j)
UpdateNeighborhoodWeights (i, j) ;
Weights « UpdateWeights (Weights) ; RMS « CalcRMS (X, Weights) ;
DeltaWeights « CalcDeltaWeights( ); Counte« Count+1;
Loop While (Count<n); {Count}
End
Output RMS, DeltaWeights} te t+ 13
Loop While ( (i< Maxlter)and (RMS=eRMS)and (DeltaWeights = eWeights));
OutputResults (Weights) ;

End. {SOM}

FIGURE 3.2, Psendo-code for the SOM algorithm,
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3.1.2 Conscience Mechanism

As stated in the previous subsection, the convergence properties of the SOM are
highly dependant on initial conditions. The techniques of reducing the learning rate
and neighbourhoods about winners were discussed. Even so, it is not trivial to
determine the most appropriate combination of parameters for each application. One
possible indication of a sub-optimal parameter combination is the under utilization of
a subset of the SOM’s nodes. During training, one may track the number
competitions won by each node. Unless all the parameters and weights have been
appropriately set or initialized, it will be evident that some relatively small subset of
nodes won a majority of the competitions. Such a scenario leads to a variety of
undesirable results; ranging from decreased topology preservation efficiency to non-

convergence.

One method proposed to alleviate these difficulties is the so-called conscience
mechanism. This mechanism is used in an attempt to ensure that all the SOM’s
nodes win their fair share of the competitions. Each neuron in the map tracks the
fraction of time it wins the competition. DeSieno [11] suggests an effective means of

generating such fractions according to Equation 3.1 below:

new old

P = prft+ By + P (3.1

where O<PB«1 and Y, ; is 1 if node (1, j) was the winner of the competition or O
otherwise. When the conscience mechanism is turned on, the competitive process

produces results according to Equations (3.2a) and (3.2b) below:

zg ;= 1if |w; ;= x| = b, ;< || Wy, = X|| ~ by, oV (M= 1, n#j) (3.22)

Z ;= 0 otherwise (3.2b)
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1

where b, ; = C(N~pi’j).

If z; ;= 1, then neuron (i, j) is declared the winner of the competition. The SOM
weights are then updated in the normal fashion according to Equations (2.24a) and

(2.24b).

By ensuring an equitable distribution of win events, the conscience mechanism
allows the SOM to quickly position its nodes to those areas of the input space which
have high input density. It is critical that this ‘coarse tuning’ of the nodes be
accomplished while the learning parameter is still relatively high. As the learning
parameter is reduced, the possible weight adjustments become smaller with each
iteration. Eventually, only very fine tuning of the weights will be permitted. During
these final stages of the SOM’s training, any conscience mechanisms should be
turned off to permit the map to properly ‘seitle’ to its best representation of the

input set.
3.1.3 Nlustrative Examples

Figure 3.3(a) shows a constructed two-dimensional data set. This set contains 121 data
points arranged in a uniformly spaced grid over [0,1]x[0,1]. A SOM consisting of nodes
arranged in an 11x11 array was then trained on this data set. Optimal training results
would leave each node exactly representing a corresponding element from the input set.
The SOM’s weight values during various training stages are presented in Figure 3.3(b)
through (q). The weights are initialized to the mean of the input set. The learning
parameter is initialized to 0.5 and is decreased linearly to O at the epoch iteration limit (set
at 200). Throughout the training, static neighborhoods for each node were set to the eight

nearest nodes in the array. The conscience mechanism was disabled after the 75th epoch.



3.

I SOM Algorithm

42

o.x 4 "

0.0

.o

.4

o

.4 .8 .8

o-z

0.0

% © © © o © B a o o o - .
4 © o c o @ o 8 o o o ] E .
+ oy
9 s _| +, +
% ©o e @ 8 a o 8 b 8 o 3 N P * Pt
E- @ o o & © & 8 a o o B * +
+ + *
4 © 8 5 @ © 8 © a o o ¢ ¢ + t + +
@ ° + +
- ] ] a [ o o o o 1 o E| + B PR + 3.
+ +
4 o o @ o a o a o a a 1 3 + + T,
++ t ++
E. o 8 & ©o o a & o8 © o - - + Fs .
+ & x +
4 o o o 8 @ 8 & © & o L= " + +
c ¢ + -
4 o e e 8 o 5 8 o o o 1
2 o
T g T —— ] 3 T}
0.0 a.2 o4 o.0 o.8 1.0 0.0 0.2 0.4 D.& o.a 1.0 o.0 0.2 o.L a.e c.a 1.0
- o . .
(a) Training Data. (b) Initial Weights, {c) After 50 presentations,
{0.41 epochs.)
- - e,
K e . N . .
5 + + + A + ot
+ . + + + Pa P
- oy i + F s | +F L Pt . + v
¢ ¢ [t * + +t
+ + 4t + o+ + . + T
E P + E Hor + + +
+ + + + + +
¥ oF ] +++ + ¥ ® had +it+ *
- + P e + = + + 5%
+ + 4 s + d o
Fa * + + 4
k + §+ 4 s g " 1
+ P s + "i:'# + + +* +
N + « | + + [ 4+
+ "‘+* . s + PR kS 3 . F + + %
i hES P 1+ + + + ] + +
+ £, e ¥ + + + s +
- o Iy * e * + #
+
o R ° +F F + ° + F + + 4
4 + 4 t oy 4 + ot %
+ +o* + % + o+
a +t D.
¥ H ¥ T ’ T T T T i s ¥ T ¥ T ¥ T T i T i ° T T ¥ T T T T 1 T 1
o.c [-TF-3 0.4 0.8 o.8 .o .o c.2 D4 0.8 0.8 1.0 c.c o.2 0.4 2.8 o.a 1.0
' . .
{d) After 100 presentations. (e) After 200 presentations, (f) After 300 presentations.
(0.83 epochs.) (1.65 epochs.) (2.48 epochs.)
— T4 S .
. K . : + 4 I
+ + oy + + + + + + + + o+ +
¥t + + +
4 =+ + + p ot h 4+t E + F O+ + +
+ : + + s I + 4t + + o
4 %o+ Ty s 7 P +, - e _ + +y +
+ + + a + ++ T o P + PR S
+ + + g
1 + £ 1 A 1
+ * y + ++ + PR
+ o + ate % 1] + * +
— + + ++ &+ s+ b + 1 + Ty 0+ F
+ + +
1 +F + ikt £ + + + Tt +
b dee T RS AL A
+
+ * * < + + + < oy o
- + PR x| + : | e . + L4
+ 4 + 4+ d o+ +
+ + + + + + + +
Fos + + 1+ + + * A + + +
+ + + o+ + + + + + +
+ +
- + & + + + %] * +
+ + + + 3 + o+ * . A + +* +*
+ + + n + + + + + et + +
1 + * T + + i + +
+ v g + + 4 + + + + +
+ + ° + 9 + st 3 a
T T 4 T ¥ T ¥ H T 1 3 T T T li T T T T T 1 o T T T T T LI |
0.0 0.2 (-T2} c.a o.a 1.2 .0 -3 0.4 o.8 o.8 1.0 C.0 o.2 0.4 0.8 0.8 1.0

(g) After 400 presentations.
3.31 eﬂmchs.)

(h) After 500 presentations.
(4.13 epochs.)

(i} After 1000 presentations,
(8.26 epochs.)

FIGURE 3.3. SOM Training Stages.

(a) Training Data Set. (b) - (i). Incremental SOM Training Results.

(continued on: the following page).



3.1 SOM Algorithm

43

.0

K K K + 4
+ + + + o+ + +
RIS T S + N Fe o+ t + * P R
4 + + 1s  * * LA VIS Tee + o
+ o+ £ +
+ + +
a _| 4 g _] + T+ e | + o+ +
d + + + 4 I + + + o+ + + 3 + + F + *
+7 : + s * + s + *
+ + + oy
1 + + o+ 1 + L 1 o+t
LTt + + 7 + t + o+
<] + Lt o | ¥ P ot g+ P
o
o+ T+ + * P +F boa 47
E + + + 1 1+ 4 + .+ ++ 4+ + +
+ P A + o+ T
;_++ + + + IO E_J'T + o+ Lt + o+ ¢ :,, . + + o+ o+ o+ o+
+ + S P + Lt + +;
+ + &
E + + 4+ ++ B + +
vy + -+ + + . o, . £
4 b, o+ 3 +
a + F + L + @ + +.
~ " P+ + . — + + + + +
o + + + + + a + Fary P + L] 3 + +
+ t + o+ .4 + 74 + +,
B E +
+ ++++ + 4 + o+ + ¥ + F . . . + 1 +y
P £+ 3+ a Lt 4+ + L * a : Lt A +  *
0 T 1 T T T T T T T 1 0 T li T T T T T T T o T | ¥ ¥ T T v T ¥ i
o0 a.z o a.6 o 1.0 0.0 0.2 0.4 a.s o.8 o 0.0 0.2 o.e o.8 o.8 1.0

(§) After 2000 presentations,
{16.53 epochs.)

-2

(k) After 3000 9presentatiens.
(24.79 epochs.)

(I} After 4000 presentations.
{33.06 epochs.)

A L . + ¥ 4+ ¢ +i++ M S T T + N + o+ o+ o+ o+ o+ o+ o+t
1+t | E + + o+ %
T .+ L S P o+ o+ o+ o+ +

9 L)

2 R + [ I S S SHe+ o+ o+ vt + e o+t

+

I+ N . + L P + te 1++ + + + o+ o+ 4 4 oo

+ +

° v o+ o+ . o
°7++ + + + sl++ + + 7 + + ot e T
E S S 2] P T T d++ + + 4+ & o+ 4+ o+ o+
N +* « ly s+ o+ + .
— s — + + — + + + +
a L vt + 3 o+ F o ¢ . L s o+ 3 ++ t o+ o+ o+ %

1 4+ + ] + o+ + o+ 4+

P . R S e+ o+ F +
" + + “ + + "
- + N + + + + T + + + + &
d + ooty Ty e I+ o+ o+ + o+
+
+

4+ + 4 +oE L 1++ , + + v F o+ 4 4t J++ o+t o+ o+ o+ o+ 3oy
o wE ot F + + Ot o4+ o |+ + + 0+ ¢ F F 4 o+ o4 PO R R R S S s
1 T T T T ¥ T ¥ T T 1 o i T T T T T T 1 ¥ 1 a ¥ i N H T [ N H T
[-N- 3 |- 2%-3 0.4 <.8 0.8 1.0 0.0 0.2 0.4 0.8 .8 1.0 Q.0 °.2 0.2 c.a c.e 1.0

(m) After 5000 presentations.
(41.32 epochs.)

{n) After 10000 presentations.
{82.64 epachs.)

(o) After 15000 presentations.
(123.97 epochs.)

25 99 ©® o o 8 © o © ©w o o
A I S O + o+ o+ 4+ ++ o+ + 4+ + + o+ o+ o+t
Jir+ &+ o+ o+ + + 0+ o+ o+ 4+e8 & 8 © © © © o o +a
E‘++++ + o+ + + o+ + 14+ 8 & & & & 2 & @& & +o
1++ + 4+ 4+ + + o+ o+ % ¥+ 8 & e & o0 o & @ & +n
i A T + o+ o+ o+ I4+8 8 o o o o o s 8 in
d+ 4+ + o+ + 4 + o+ 4+ 4+o & & © & & © 6 6 +n
I++ ¢+ + 0+ + 4+ 34 3% e e e o 5 o o o ezxa
4++ + 4+ 3 + + + ¥+ 4+ 9 & & & * & @ $ & 0o
2—++ + o+ o+ o+ + o+ O+ §-4+a & & & © © 5 6 & +o
4++ + o+ o+ o+ + o+ ++ $+6 ® & & & ® © © o 4+0
o + + + o+ % + + + + + o ++ + + + + + + + o+ 4+
o T T ¥ T * T I T 1 a LA U DA A S B A
c.0 .2 c.4 0.8 .5 1.0 2.0 0.z 0.4 .8 o8 1.0

{p) After 20000 presentations,

(165.29 epochs.)

(q) Final Weights after 24200 presentations.

0 epochs.)

{Shown with the training data).

FIGURE 3.3. (continued). SOM Training Stages.
() - (p). Incremental SOM Training Results.
() SOM weights upon termination (after 200 epochs through the data set).




3.1 SOM Algorithm 44

Referring to Figures 3.3(b) through 3.3(q), we clearly see the SOM’s dynamics
during training. Most of the motion in the nodes within the weight space occurs
during the first 15 training epochs. During this period of coarse tuning, the map
‘unfolds’ itself very quickly to take on a reasonable approximation of the input
vectors distribution. The great majority of the training (for this example, the final
185 epochs) are used to perform the fine tuning of the weights. A quantitative
method of viewing these dynamics is shown in Figure 3.4 where the values of the
average node updates and roof-mean-square (RMS) reconstruction, i.e.

representation, error after cach training epoch (121 presentations) are plotted.

RMS Reconstruclion Eiror
Avetage &, (avez)

Learning Parameters:
a,0=0.5 (decr. linearly).
Update Window: 3x 3,
Distance Matric: Eucfidean.
Consclence Parameters:

Disabled affer 75 epochs.
C=100; =01

~——

T T

T ] T ]
80 100 120 140

Training Epoch

FIGURE 3.4. SOM Training Statistics for the 2-D Array Data Set.

Figure 3.4 again shows that despite the gradual decrease in the learning parameter
throughout the training process, the first 15 epochs exhibit a steeper rate of reduction

in the node motion. During this portion of the training, there is a correspondingly
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sharp decrease in the RMS reconstruction error; the root-mean-square of distances

from the input vectors to their respective winner nodes.

Also evident in the figure are the effects of the conscience mechanism which is
active during the first 75 training epochs. Since the conscience compels the SOM to
update its under-utilized nodes, the RMS reconstruction error is kept at an
‘artificially high’ level (approximately 0.4). Once the conscience mechanism is
disabled, the level of the RMS l‘econstruction‘error quickly drops to reflect the

SOM'’s inherent ability to represent the data (for this case, approximately 0.25).

The final results of the SOM training are displayed in Figure 3.3(q) where the node
positions are shown together with the original data. Since there are as many nodes
as input vectors, perfect representation of the data would be indicated by each node
exactly covering one input. In the example, all the ‘interior’ nodes of the map were
correctly positioned. However, an obvious representational deficiency exists at the
map boundaries. The SOM is inherently unable to accurately represent the vectors
around the perimeter of the input set’s distribution. Continued training at this point
would give evidence to the over-training phenomena. That is, additional training
would be detrimental for it would only cause the SOM’s boundary nodes to move
towards the mean of the input data. This phenomena is also indicated by an increase
in the SOM’s RMS reconstruction error. One approach to improving the SOM’s
mapping of the vectors along the input distribution boundaries is to ‘fix’ some nodes
to positions just outside the input region. Due to its effects on the map’s self-
organization, such partial supervision should only be used when the input data is

well-understood.

To further demonstrate some of the SOM training process intricacies, we use a

second data set. This training data set, shown in Figure 3.5(a), consists of two
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dimensional vectors which were generated by a pair of distinct and well-separated
multivariate gaussian distributions (with 500 examples from each). The final training

results are presented in Figure 3.5(b).
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R4S Reconstiuction Error
Average X, (Aw,}

Learning Parameters:

@, 0=05 (decr. linearly}.
Update Window: 3x3,
Distance Melric: Euclidean.
Consclence Parameters:
Disabled afler 10 epochs.
C=10.0; p=0.1.

0.25

0.2

0.05

0 — T}
0 2 4 6 8 10 12 14 16 18 20
Training Epoch

FIGURE 3.6. SOM Training Statistics for the 2 Class Normal Data Set,
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Corresponding training statistics are shown in Figure 3.6. Here, the SOM used is the
same size as in the previous example. All the training parameters are also set to
their previous values, except that the iteration limit is set to 20 epochs and the
conscience mechanism is active only during the first half of the training. When
comparing the node distribution with the data which they are to represent, it is
immediately obvious that a small subset, consisting of 11 nodes, were not used in
the representation. During the training, these nodes became trapped in the region of

low input probability between the two clusters.

Even if the conscience mechanism was used throughout the entire training process,
this subset of nodes would still become trapped because each of these nodes has one
or more neighbors ‘pulling’ it towards either cluster within the data. This effect may
be countered through the development of more complex implementations of the
effective neighborhood parameters in Equation 2.24a. However, the additional
parameters will also be problem dependant. Such an approach will slow down the
learning. If proper positioning of all nodes is required, Fritzke’s [14] Growing Cell

Structures described in Section 2.3.2.2 of the report should be used instead of SOMs.

3.2 GCS Algorithm

3.2.1 GCS Implementation

Figure 3.1 presents a simplified flowchart for the implementation of the GCS algorithm as
described in Section 2.3.2.2 of the previous chapter of the report. The corresponding
pseudo-code is given in Figure 3.2 on page 39. From these figures, it is evident that the
bulk of the algorithm’s complexity is due to the two nested iterative constructs used to

present the data and perform the corresponding weight updates.
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Begin {GCS}

Input p, n, X = {x,eRP:i=1,2,..,n};
Input MaxCells, eRMS, eWeights, Maxiter;
Initialize Weight(0) = {weight, € RP:i=1,2,3} ;
Input MetricType;
Input AlphaBmu, ReduceAlphaBmuFlag, ReduceAlphaBmuType;
Input AlphaNeigh, ReduceAlphaNeighFlag, ReduceAlphaNeighType;
CellCount« 3; t¢«1;
Loop {t}
If ReduceAlphaBmuFlag then
AlphaBmu « ReduceAlphaBmu (AlphaBmuy, ReduceAlphaBmuType) ;
If ReduceAlphaNeighFlag then
AlphaNeigh « ReduceAlphaNeigh (AlphaNeigh, ReduceAlphaNeighType) ;
Counte- 1;
Loop {Count]
RandomX « RandomPick(X, n); i« Winner(RandomX) ;
UpdateNeighborhoodWeights (i) ;
UpdateError (i) ; UpdateLastWin (i)}
Weights « UpdateWeights(Weighis) ; RMS « CalcRMS (X, Weights) ;
DeltaWeights « CalcDeltaWeights( ); Count ¢ Count+ 13
If AddCell( ) then CeliCouni « CellCount+ 1;
If RemoveCell( ) then CellCount« CellCount—1;
Loop While (Counit<n); {Count}
Output RMS, DeliaWeights} t« f+1;
Loop While ( (i< Maxlter)and (RMS2eRMS)and (DeltaWeights = e Weights) ) ;
OuiputResults{Weights);

End. [GCS}

FIGURL 3.8. Pseudo-code for the GCS algorithm,

The input presentation and weight update procedures of the GCS are markedly similar to
those employed by the SOM algorithm. However, due to the GCS’s dynamically defined
‘neighborhoods’, its procedure for updating the neighboring cells of the winner node is
slightly more complex than the one used by the SOM. Here, each node must continually
track the list of its neighbors, Unlike the SOM, where neighborhoods are defined by the

subscripts of an array, the cells of the GCS must maintain individual linked-lists of the

identities of their neighbors.

Given the large number of input presentation - node update events which occur during the

course of training, it would seem that such an arrangement for the neighborhood
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representations could lead to intolerably large memory requirements for the GCS
representation and long delays in the execution of each iteration. However, this is not the

case.

Since the GCS begins with a small number of cells, it is able to make initial updates very
quickly. The coarse adjustments of the nodes is not burdened with the necessary
computation of similarity measures to many nodes. It is after the coarse tuning of the cell
positions has been completed, that the GCS begins to add the additional cells required to
improve the overall representation of the data. This is also the stage at which the removal
of the poorly placed cells occurs. Therefore in general, given networks of equal size, GCS

training times are expected to be similar, if not shorter, than those obtained for the SOM.

3.2.2 Ilustrative Examples

Figure 3.9 shows the final results of a GCS which was trained on the data set given in
Figure 3.3(a). This figure may be compared directly to the results of a equivalent sized
SOM which was also trained for 200 epochs (c.f. Figure 3.3(g)). In the figure, the final
positions of the cells are marked with crosses and are shown together with the training
data, indicated with squares. In comparison to the results obtained for the SOM algorithm,
it is clear that the GCS was not able to exactly represent the interior points of the data set
to the same extent as the SOM. However, just as obvious is the fact that the GCS’s
representation of the boundary of the input distribution is superior to that given by the

SOM. These results may be explained by the following.

For this example, the GCS’s learning parameters, Cpppy @nd OnrrcuBor: Were held
constant at 0.5 and 0.1 respectively. Since these parameters were held constant, the
algorithm’s rate of convergence was reduced. Had the algorithm been allowed to continue

the training, the representation of the interior of the data’s distribution would be improved.
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FIGURE 3.9. Results of the GCS Algorithm Trained on the 2-D Array Data Set.

However, eventually this additional training will give rise to the overtraining phenomena
mention in the previous subsection of the repori. Alternatively, we may attempt to
improve the interior representation by scheduling reductions in the learning parameters -
especially the neighbor cells learning parameter. Such an approach reduces the interaction
between cells during the Iatter epochs of training, thus preventing the cells from being

‘pulled in the wrong direction’.

The GCS’s improved ability to represent the boundaries of the input distribution is directly
associated to the dynamic nature of the neighborhoods within the GCS. Since those cells
being used to represent the outmost data points have the greatest error value, it is in these
regions where the majority of new cells will be added to the structure. Any new cell will
act as a buffer from the effects of the interior nodes, and allow the exterior cells to
improve their representations of the edges of the input distribution. It was found that these
newest cells were often removed from the structure for they invariably failed to become

winner nodes. These cells were mainly used for their buffering capacity.
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Here again, the overtraining phenomena is eventually unavoidable. For as the GCS’s cell
count reaches its limit, the algorithm is unable to add new cells to act as buffers. If too
much additional training is allowed, the cells will again tend towards the mean of the input

set.

The RMS reconstruction error of the GCS’s representation of the data set at the end of
each epoch is presented in Figure 3.10. We sce that discounting the effects of the SOM’s
conscience mechanism, the shapes of this curve and the one in Figure 3.4 are similar. That

is, they both have a relatively short coarse tuning phase and longer fine tuning phase.
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FIGURE 3.10. GCS RMS Reconstruction Error for the 2-D Array Data Set.

Due to it’s improved ability to represent the boundaries of the input distribution, the GCS
ended up with a better overall representation of the entire data set. The GCS had a final
RMS reconstruction error of 0.013781, in comparison to the SOM’s final RMS

reconstruction error of 0.25491.,
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Figure 3.11(b) shows the final results of a GCS which was trained on the data set
originally presented in Figure 3.5(a). This figure may be compared directly to the results
of a equivalent sized SOM which was also trained for 20 epochs. Here the training set
consists of 1000 points, and the GCS’s cell count is again [imited to 121 nodes. The

learning parameters have been held constant at those values used in the previous example.
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FIGURE 3.11. GCS Training Using a 2 Class Normal Distribution Data Set.

In comparing the results of the GCS training, Figure 3.11(b), to those obtained for the
SOM algorithm,Figure 3.5(b), it is evident that the GCS was able to better represent the
shapes of the clusters within the data. Furthermore, it is also evident that none of the cells
ended up trapped in the region between the two clusters. Each of the GCS’s cells was used

to represent the distribution of the data.

These improved results are again due to the GCS’s dynamically defined neighborhoods

around the cells. New cells are always added in the region where they are most needed,
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thereby improving the representation of the data. Any cells which become trapped in a

low input probability region will soon be removed.

Figure 3.12 shows the curve for the RMS reconstruction error after each epoch of the GCS
training. A comparison between this curve and the one for the corresponding SOM, shown
in Figure 3.6, indicates that the GCS converged faster and to a lower RMS reconstruction

error, 0.011925, than the SOM which had a final RMS reconstruction error of 0.030939.
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FIGURE 3.12. GCS Training Statistics for the 2 Class Normal Data Set.

3.2.3 GCS Versus SOM

The two examples presented in the previous subsection illustrate the superior
representational capabilities of the GCS over the SOM. Due fo its dynamical structure of
adding and removing cells as required, the GCS better utilizes the available cells than the
SOM, which invariably has a subset of its nodes trapped in the regions between clusters.
Since the GCS begins with a small number of cells, it is able to quickly perform the

preparatory coarse tuning, and thereby tends to converge faster than its SOM counterpart.
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Finally, the dynamical nature of the GCS prevents the need for a conscience mechanism to

be included in the algorithm.

3.3 HCM/FCM Algorithms

3.3.1 HCM/FCM Implementation

Figure 3.13 shows a simplified flowchart for the implementation of the HCM and FCM
algorithms described in Section 2.3.1.2. The corresponding pseudo-code for these
algorithms is given in Figure 3.14 on page 57. The CM algorithm requires the number of
clusters to be found to be specified before execution. After the prototypes for each cluster
are initialized, a DPM is created. A within groups sum of squared errors functional is
defined using the DPM and the positions of the prototypes. The solution of the Lagrangian
form of the error functional provides the update equations for the prototypes and DPM
elements. Using these equations while iterating over the data set allows the CM algorithm

to converge to a local minima for the error functional.

The algorithm’s termination is based upon thresholds for the differences between
successive DPMs or successive prototype positions. Since all the input data is considered
simultaneously as the prototypes are updated, the CM algorithm typically terminates after
significantly fewer epochs than the SOM or GCS algorithms. However, the additional
overhead of the DPM maintenance results in greater memory requirements and longer
execution times per epoch than the SOM or GCS. The parallel presentation of all inputs
imposes another requirement on the CM algorithm. Contrary to the case for the SOM and
GCS, where the data may be acquired and presented sequentially, CM requires all of the

training data to be known and stored prior to the commencement of training.

Any metric may be used to define the distance measure used by the algorithm. For these

examples, a simple Euclidean distance was used. However, the implementation also
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allowed for Minkowski and generalized Hamming distances to be used. The choice of
metric was not found to have significant effects on the rate of convergence for the

algorithm, but may exhibit an effect on the final classification results.

| Input p-| Initialize CM
Data Set paramefers & DPMs

e Iteration= | o
Iteration+ 1 [ °

Update hard ; Update fuzzy

prototypes prototypes

Update hard Update fuzzy
DPM DPM
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Compute RMS Error
for this iteration
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Compute total weight
change for this iteration

", Tota w%s ange> )
Ry, Wi change
Vg, 1T eshold

Output all variables}

FIGURE 3.13. Flowchart for the CM algorithm,
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Begin {CM])

Input p, n, X = {x,e RP:i=1,2, ..., n};

Input ¢, m, &, Maxlter, FuzzyFlag, eRMS;

te0;

Initialize prototypes V(0) = {v,e R™i=1,2,....¢};
If FuzzyFlag then

C

3 2. 1/(m-1) .

Uy (0) (Z (dye/ C{ii‘c) ] t
=1

Else
. omind; {0)
U (0) « P dye(0) = o ;
J
Loop 0 otherwise

r P
vi(t) < ( z (ut'k) "‘ka/ Z (uik) ™
=1 k=1
If FuzzyFlag then

A 3
1/(m-1}
e® (X (lhrdiy V"0
=1
Else
min d,, (f)
J

Uy (1) & Vil (t) =

0 otherwise
MaxError« max [fuij(t) — Uy (- DI
RMS ¢ CalcRIV?é(X,V); tet+1;

OutputResults (V) ;

End. {CM]}

Loop While ((¢<MaxIter)and (MaxError>e)and (RMS=eRMS));

FIGURE 3.14, Pseudo-code for the CM algorithm.

3.3.2 Illustrative Examples

A new data set, consisting of four clusters was created to test the HCM and FCM

algorithms. This data is shown in Figure 3.15. The clusters are very well separated in the

input space. However, each cluster is of a different size and density, and consist of 400,

300, 200, and 100 patterns respectively. If the clusters were too close to each other, we

may expect the algorithm to ‘abandon’ the smaller clusters in favor of better representing
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the larger ones. Such action may be explained by the nature of the within groups sum of
squared errors functional which is being minimized. Since the example is intended to
illustrate the convergence properties of the algorithms as well as their ability to properly

classify the data, the clusters were constructed with a large degree of separation.

(2 el .
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FIGURE 3.15. Training Data,

Indeed, the HCM and FCM algorithms were both able to properly classify all of the data
by placing the prototypes at approximately the centroid for their respective clusters. The
plots for the RMS reconstruction errors of the training are presented in Figure 3.16 and
3.17 for the HCM and FCM algorithms respectively. Both algorithms were allowed to run
for a maximum of 30 epochs. Instead of running to its iteration limit, the HCM algorithm
terminated after 16 epochs because the DPM exhibited no change from the previous
iteration. The FCM training terminated afier 15 epochs when the greatest change for any
element in the DPM dropped below a threshold of 0.00001. The algorithms’ property of
convergence to a local minima is illustrated by the fact that although they each correctly

classify every pattern, they terminated with different RMS reconstruction error values.
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The HCM, with a final RMS reconstruction error value of 5.582598, has placed its nodes

suboptimally.
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Comparing the two curves, we see that the HCM algorithm is almost monotonically
decreasing, while the FCM curve indicates some initial trouble with improving the
classification at each iteration. In both cases, the prototypes were initialized to positions
near the mean of the data set. Since the DPM for the FCM algorithm contains graded
memberships, its elements are initialized to values near % The greater the FCM’s
fuzzification parameter, m, the more these elements tend to remain at = Thus, the next
time the prototypes are updated using Equation 2.16, this averaging effect will prevent
them from moving very far. This effect is illustrated by the dotted line in Figure 3.17

which shows the value of the greatest change for a DPM element during an epoch.

3.4 FKCN Algorithm

3.4.1 FKCN Implementation

Figure 3.18 shows a simplified ﬂowchar-t for the implementation of the FKCN algorithm
described in Section 2.3.2.4. The corresponding pseudo-code for the implementation is
given in Figure 3.19 on page 62. Although the FKCN is a hybrid of the FCM and SOM
algorithms, it has most of its features from the former. The only attribute inherited from its
SOM ancestor is the weight update Equation 2.27, which is a modified version of the one
used by the FCM. Thus, like FCM, the FKCN algorithm also requires the number of
clusters to be found to be specified before execution. Data structures for the algorithm are
also created and maintained as for the FCM. Again, the algorithm’s termination is based
upon thresholds for the differences between successive DPMs or successive prototype
positions. The implementation also allowed for a variety of choices in the metric used to

define distance measures.

One of the FKCN’s innovative features is that the fuzzification parameter, my, is linearly

decreased towards a value of 1.0. This reduction action effectively implements
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neighborhoods about the prototypes. As the value of m, is decreased, these neighborhoods
are effectively reduced. In addition to having all of the operations per epoch that are found
in the FCM algorithm, the FKCN is required to perform exponentiation of each element of
the DPM to the power of the my prior to updating the prototypes. Therefore each epoch of

the FKCN will take longer to execute than the same sized FCM.,

Input Initialize FKCN
| Data Set B parameters & DPMs

-] Iteration =
Iteration + 1 ¥

v

Reduce m,

pe-] Update fuzz
P DPM Y

v

Adjust fuzzy ﬂ Calculate
prototypes all oy ’s

Y

Compute RMS Error
for this iteration

Y

Compute total weight
change for this iteration

RMS Error >

okt
R, Wi change #
o threshold?

Output all variablesi—

FIGURE 3.18. Flowchart for the FKCN Algorithm.
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Begin {FKCN}

Input p, n, X = {x,eRPi=1,2,..,n};
Input ¢, m0, Maxlter, MetricType, eRMS, £ Weights;
DeltaM « (m0 - 1)/Maxlter;
Initialize prototypes V(0) = { v,eRPi=1,2,...,c};
te—0;
Loop
m(t) « m0 - DeltaM x (;
me 1/(m(t) - 1);
c -1
by (D « [Z (d5/ i) "‘J :
d=1
(0 & (g ()™

n n
() o (i-1) + [2 o, (8 (.~ v, (t- 1))}/ Z o, (05
=1 k=1
DeltaWeights « CalcDeltaWeights (V) ;
RMS « CalcRMS(X,V); te—t+1;
Loop While
((t< Maxiter)and (DeltaWeights > e Weights) and (RMS > eRMS) ) ;
OutputResults (V) ;

End. {FECN]

FIGURE 3.19. Pseudo-code for the FKCN algorithm.

3.4.2 Illustrative Examples

Figure 3.20 shows the training results for a 4 node FKCN which was trained using the data
set provided in Figure 3.15. In this example, the scales for the plots are different from
those of the FCM because the data set was normalized. The training parameters used are
the same as those specified for the FCM example in the previous sub-section of the report.
In this example, the algorithm terminated after 14 epochs due to the threshold on the
change in the positions of the prototypes for successive epochs. As expected, the FKCN
was able to place the prototypes in order to properly classify all of the input patterns. The
shape of the RMS reconstruction error curve is similar to that found in the case of the
FCM, i.e., approximately concave monotonically decreasing. However, we note that
unlike the FCM, the FKCN seems to steadily approach convergence with cach epoch. This

trait is due to the difference in the weight update equation. Here, the algorithm updates its
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prototypes by an adjustment of an averaged distance to its previous value instead of

completely re-determining the new positions from the DPM. This results in a more steady

motion of the prototypes within the search space.
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FIGURE 3.20. FKCN Training Results.

To achieve a better RMS reconstruction error for the training, the FKCN was once again
trained with the previous data set. This time, the number of nodes to be used was increased
to 10. All other parameters were held constant at their previous values. The final positions
of the prototypes are shown in Figure 3.21 and the corresponding training results are
presented in Figure 3.22. Coincidentally, this training example also terminated after 14
epochs. As expected, the final RMS reconstruction error of the representation is an

improvement over the results obtained for the 4 node FKCN.
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This example also well illustrates the local minima convergence of the algorithm. Since
there were more nodes provided than there are clusters in the data, the FKCN will end up
placing these extra nodes so as to minimize its crror functional. The variable size and
density of the clusters in the data dictates that the larger clusters ‘claim’ more nodes than
the smaller ones for their representation. Such is not the case for this example. The FKCN
ended up allocating 3 nodes to the smallest cluster when one of the remaining larger

clusters only received 1 node for its representation.
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Chapter 4
Cluster Validity

One of the challenges in unsupervised pattern recognition is to accurately decide on the
number of classes in the data. Since one typically has no information about the problem
except for a set of input coordinates, this essential task is not trivially solved. The problem
is further complicated by the nature of real world complexities of the input space. The
simplest tasks will have compact and well-separated clusters. Typical problems will
contain overlapping clusters which create regions of classification uncertainty. In the real
world, clusters will have variable densities and covariances. Therefore, separate clusters
would be of varying size, shape and orientation. Thus, a large cluster may include points
which are closer to another cluster’s centroid even though they are well-separated. Very
small clusters may be overlooked if they do not contain enough points to justify receiving
a centroid of their own. The problem is further complicated in situations where portions of
the training set are missing or if the data is noisy. Additional problems are encountered

when the clusters to be recognized have multimodal distributions.

As stated in Section 2.3 of the report, there are two approaches to determining valid
clustering. The first category uses a single prototype per cluster. Then cluster validity
indexes are evaluated to measure the propriety of the data partition. A vector quantized
representation of the data is used in the second category. This approach requires a post-
processing stage to appropriately cluster the numerous prototypes. Both of these methods

are presented in the following two sections.
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4.1 Single Prototype per Class

An valid data partition will contain only as many prototypes as there are classes in the data
and correctly assign class membership for each input pattern. When using conventional
unsupervised leamning algorithms for pattern recognition, we must initially make an
assumption of the number of classes present in the data. After the DPM has been
constructed and optimized, some method of evaluation is required to determine the
appropriateness of the assumed prototype count. We now present several interesting

candidates for such cluster validity indexes.
4.1.1 Cluster Validity Indexes

In his book, Bezdek [4] describes among others several suggestions of functionals for use
as cluster validity indexes: degree of separation, partition coefficient, partition entropy,
normalized partition entropy, and separation coefficient. The degree of separation,
partition coefficient, partition entropy, normalized partition entropy functionals all attempt

to evaluate a particular clustering assignment based solely on the corresponding DPM,

Degree of Separation: (maximize)

Z(Uje) = 1—[6) (rcwuik)},VUerc. (4.1)

k=1 i=1

Z(Uc) =1aUeM,
Z = 1if Ue M, so it is not useful when using hard logic to partition the data. Z is too
‘coarse’ to be useful in evaluating fuzzy partitions for it only measures the largest
minimum over the columns of U. In such a case, a particular partition containing only one
column having equimembership values could have the same degree of separation as

another partition in which all of the columns contained equimembership values.



4.1 Single Prototype per Class 68

Partition Coefficient: (maximize)

H C
F(Ug) = Y 3 (u;)%/n. (42)

k=1i=1

o 1/e<F(Uc) <1
FUc)y=1UeM,
cF (Ui =1/ceaU = [1/c]

I suggests that good fuzzy partitions will tend to be ‘crisp’. Such an assumption is not
necessarily the case because real world data typically contains significant areas of cluster
overlap which should be reflected by fuzzy columns in the partition matrix. F is also
typically monotonically decreasing with an increase in the number of clusters to be found.
Therefore, as a cluster validity index, it is biased towards partitions having a smaller

number of cluster prototypes.

The information-theoretic concept of entropy is often used in pattern recognition. Since
fuzzy membership values may be likened to probabilities for choosing classes, a partition

entropy index may be defined as follows:

Partition Entropy: (minimize)
n c
HUsc) = =% Y uylog, (u,)/n (43)
k=1i=1

where a € (1, ), uylog, (1) =0 whenever u;, = 0.

*0<H (U;c) <log,(c)
cH{Ujc) =0=UeM,
«H{U;c) =log,(c) ®@U=[1/c]
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Like F, H assumes that good partitions will tend to be crisp. Using H as a cluster validity
index is also hampered by the measure’s predisposition to validate partitions where the

number of clusters ¢, approaches the number of data patterns p.

By normalizing the partition entropy, we may eliminate this preference for high cluster

couts,

Normalized Partition Entropy: (minimize)
H(Uy) = HU;e) /1= (e/n) ] (4.4)

The I, H and A functionals all measure the fuzziness of the DPM U to indicate its
validity. Since the clusters reside in the data set X, Bezdek [4] suggests that the validity
indexes should also depend on the elements of the algorithm which creates U from X.

One such index, the separation coefficient, is defined below.

Separation Coefficient: (maximize)

G (Usvse;sXsd)y = 1~ ,-+ingafsc { lgi”;lf_; (Ot /ey )y (4.5)
where r; = me {ugd (x, )} for 1<i<c,and ¢;; = d (v, v) for 1<izj<c,
1> k>0
+Ge (_005 1)

In addition to U and ¢, G also depends on the positions of the prototypes, the data
themselves and the distance function used. After exccuting a clustering algorithm, G is
used to interpret the results as follows:

+ 0 <G <1< {nopairofclosed balls B (v, r;) intersect one another }

+ G = 0 & {theclosestpairs of B (v, r;) ‘sare exactly tangent }

+ G <0 & {atleastone pairof B (v, r;) ‘sintersect one another }
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Even though the separation coefficient gives conceptually appealing indications of the
validity of the clustering, it does not completely overcome the deficiencies of an algorithm
that does not take into account variable cluster density, size, shape and orientation. If the
same metric is used to define distances with respect to each cluster, every prototype will
have an identical region of attraction in its neigborhood. In order to optimize the cluster
representation capabilities of all the prototypes, each must make use of its own distance
metric. For the purpose of determining proper clustering, only those cluster validity

indexes defined in the following subsection were implemented for this thesis.

4.1.2 UFP-ONC Algorithm

The probability density function for a normal variable having mean i and standard

deviation o is given by Equation 4.6 below.
Y 2

F) = —e (W20 (46
o.2n

If the input set X (having cardinality »n) is assumed to be drawn from a mixture of ¢ p-

¢
variate normal distributions, i.e. F (x) = Z p;g (x]7), the class conditional probability
j=1
density of assigning random normal vectorjx to class j is found by extending Equation 4.6

to:

i -
5 (=) 75 (x-p))

. 4
xij) = 47
g (%)) RISV (derz:j)lfz (4.7)

where Zj is the p X p covariance matrix for class j.

In mixture theory, maximum likelihood estimation [4] is used to determine where to locate
the decision boundary in order to minimize the misclassification rate when discerning

between two overlapping random distributions.
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Gath and Geva [17] introduced an algorithm for clustering data without the need for a
priori assumptions of the number of subsets to be found. The Unsupervised Fuzzy
Partition - Optimal Number of Clusters (UFP-ONC) algorithm is based on an extension of
Fuzzy Maximum Likelihood Estimation (FMLE) [4], which defines ‘exponential’ distance
measures fo the prototypes. The exponential distance measures are used to determine

A (] x;) , the posterior probability of selecting cluster i given the input vector X;.

-1

€ rd*(x,v)
hiitx) = Y (T"—L‘—] (48)
K=1\d, (%), v)
[det (FY1Y2 L((—vytry (x,- 7))
d; (xpv) = ———e (49)

I

where F; is the p X p fuzzy covariance matrix of the i cluster, and P; is the a priori

probability of selecting the i cluster.

Z h(ilx)) (x;=v;) (x;—v) r
j=1

F, = - (4.10)
Zh.(ilxj)
ji=1
e, .
Pp= 3 h(ilx) @11
ji=1

The A ({ Xx;) probabilities are very similar to the u;, elements (Equation 2.20) from the

FCM algorithm. A new centroid equation is defined by the following:

n
PWACED, 2x;
j=1

i
Zh(iixj)z
ji=1

v, = (4.12)
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Together, equations (4.8) through (4.12) from the FMLE iterative algorithm to minimize
an objective functional similar to the one defined by Equation 2.17 (with m = 2). Since
the cluster prototypes each use a unique matrix norm induced distance metric (as
determined from the DPM in the previous step), they have hyperellipsoidal regions of

attraction with variable size, shape and orientation.

Due to its exponential distance metric, a centroid tends to have steep slopes at the
boundaries of its region of attraction. Therefore, it quickly tends to assign high
membership values to any pattern within its ‘reach’ and thus the FMLE algorithm
converges to a local minimum. This is why Gath and Geva’s UFP-ONC algorithm uses
FCM as a first stage to predetermine a set of suitable initial centroid positions for its

FMLE second stage.

Three new cluster validity indexes, fizzy hypervolume, average partition density and
partition density are defined below (keeping the notation from [17].) The fuzzy
hypervolume is defined solely by the sum of square roots of the determinants of the fuzzy
covariance matrices of the clusters. The density measures calculate the ‘sum of central

members’ per unit hypervolume.

Fuzzy Hypervolume: (minimize)
[
Fay = Y. ldet (F))11/? (4.13)
i=1

Average partition density: (maximize)

i 8;

Dpy==-%Y ——— 4.14
PA C,';l {det(Fi)]l/Z ( )

where s, = Z .

FAX (=) F7 (x~v) 1< 1}
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Partition density: (maximize)

Py = (4.15)

where s = Z U;..
) D= v Fil (x— v} ] <1}

In this manner, partitions producing compact and dense clusters are validated over those

having low density.

As previously mentioned, the UFP-ONC algorithm consists of two stages which are
sequentially executed with each increase in the assumed number of clusters. Beginning
with a two class clustering, the FCM stage is executed normally. Upon its completion, the
resultant DPM and cluster prototypes are used to initialize the FMLE stage. Once the
FMLE algorithm is terminated, the F,, D,,, and P, cluster validity indexes are
»computed and stored. Then the number of clusters is incremented, and the training process
is repeated. The algorithm is terminated based upon a maximum number of clusters to be

evaluated and/or trends in the values of the cluster validity indexes.

The UFP-ONC algorithm does typically result in good data partitions having the correct
number of clusters. However, such quality clustering comes at a high computational cost.
In general, the calculation of the fuzzy partition matrices and their inverses is
computationally intensive, and it grows rapidly as the dimensionality of the input space

increases.
4.1.2.1 UFP-ONC Implementation

A simplified flowchart for the implementation of the UFP-ONC algorithm is shown in
Figure 4.1. The algorithm’s corresponding pseudo-code is given in Figure 4.2 on page 75.

As previously indicated, the UFP-ONC algorithm is a two stage process. First the FCM
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algorithm is executed for a given number of nodes. The results of this first stage are then

used to initialize the FMLE second stage.

_ ] Input
1 Data Set

Initialize UFP-ONC

Num_clusters =
Start_num_clusters

paramefers

Save partial
results

i Eee the
—=—2= Reset Iteration { FCM algorithm
Iteration = 5 Calculate cluster
Iteration + 1 probabilities
Calculate fuzzy covariance Update prototypes
matrices for all clusters |[<@ according to FMLE rules

Y

Update DPM according
fo the FMLE rules

v

Compute total weight
change for this iteration

 Tteration < ™
# Iteration limif &
Total wt, change >
wt. change

N\ threshold? o~

A um__clusters <N
& Stop_num_clusters 2

Output

results

Num_clusters =
Num“eclusters + 1

Compute Fuzzy
Hypervolume and
Partition Density

indexes

-

FIGURE 4.1. The flowchart for UFP-ONC algorithm.

The FMLE algorithm contains one loop in which the bulk of the computations are

performed. At each iteration, the cluster probabilities and covariance matrices are

computed. This information, together with the DPM from the previous step, is used to

update the positions of the prototypes. The final step in each iteration is to create a new

DPM using the new cluster prototypes and their statistics. After the FMLE has converged,

the fuzzy hypervolume and partition density cluster validity indexes are calculated and
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stored. The number of clusters is incremented and the FCM and FMLE stages are

repeated.

Begin {UFP-ONC}

Input p, n, X = {v;eRPi=1,2,..,n} ;
Input ¢, m, &, MaxFemlier , MaxFmiclier ;
Input StartNumClusters , EndNumClusiers 5
¢« StartNumClusters
Loop {[clusters}
Initialize prototypes v(0) = {r,eRP:i=1,2,...,¢} ;

-1
urL(O)(—-(Z sy ”J S 103

Loop {FCM}
fe—t1+413
- i/(m - P r
iy (1) (Z (d’/d ) i v e (Z (u,.k)f“xk)/z ()" 3
V=1 k=1 k=1

MaxError « 4y [ (0) BETICR D10

Loop While (U(I <MaxFemliteryand (MaxError>e)) ; {FCM]

03 P ZHU, v(r)(—(ZItrL‘c&J/Zu M
k=1 k=1

c

F, e(Zuu(t v (x;=v) J/ZHU, z;ik(r)&(l/defk)/(z (17d.2) J ;

i=1 =
LOOP {FMIJE} 1 "
fe-t+13 P,.<—;Zu1.j;

j=1
n

v (1) e (Z u ka]/z uy 3 Fie (Z ul.j(.tj—v,.) (xj—yi)'r]/z i ’
; j=1

k=1

uy (1) « (I/d.z)/(z (l/d2 ] sMaxError ¢~ gy [iuq(t) u; (1= 1)|13

j=1
L()Op While ((¢<MaxFmlelter) and (MaxError >£§) ; [FMLE)

FHV(“Z{det(Fi)]I/Z; § & Z Uy s Ppe —j)
i=1 ij {x [(xj—vj)F;i(xj—vi)]<J}

Output F,, P; cec+1;

Loop While (¢ <EndNumClusters) ; {clusters}

End. {UFP-ONC}

FIGURE 4.2, Pseudo-code for the UFP-ONC algorithm.
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4.1.2.2 MMustrative Example

Figure 4.3 below shows two of the four dimensions of Anderson’s [2,13] Iris data set. It is
evident that the first class is well-separated from the other two. However, the second and
third classes contain a small region of overlap. Due to this overlap, we may expect the

algorithm to have some difficulty in learning a proper classification scheme.

Anderson’'s Irls Data (3 classas)
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FIGURE 4.3. Scatter-plot of Two Dimensions From Anderson’s [2] Iris Data.

The UFP-ONC algorithm was executed using the above data set. Limits of 25 iterations
cach were imposed on the FCM and FMLE stages. After both stages were completed, the
fuzzy hypervolume and partition density indexes were computed and stored. The
algorithm investigated the clustering performance over a number of prototypes range from
two to five. Training results and their corresponding validity indexes for each cluster count
are presented in Figure 4.4 and Figure 4.5 respectively. In this case, the minima for the

fuzzy hypervolume index, and the maxima for the partition density index, both clearly
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occur when 3 clusters are used. This results indicate that the UFP-ONC was able to

suggest the correct number of classes in the data.

UFP-ONC RMS Reconstruction Errors - Iris Data
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FIGURE 4.4. UFP-ONC Anderson’s Iris Data training.
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FIGURE 4.5. UFP-ONC Iris Data cluster validity indexes.
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4.2 Multiple Prototypes per Class

4.2.1 SOM Interpretation

In their work with SOMs, Pedrycz and Card [38] introduced a method of linguistically
interpreting the results. This approach is extendable to the entire family of vector
quantization based algorithms. Since SOMs typically contain many more nodes than the
actual number of classes in the data, interpretive post-processing is required to achieve
logical classification. In essence, this is an automated extraction process which determines
the rules for forming the nodes into groups. In the end, the user is presented with an
indication of the number of rules, i.e. groups, that were found, a specification of the
constituent nodes for each group and a structurally relative description for each class in

the data set.

For this thesis, a graphical software package dubbed SOFM Interpreter, implementing this
interpretive process, was created to operate under X Windows for Sun/Sparc workstations.

Figure 4.6 displays the SOFM Interpreter’s start-up window with the main menus.

FIGURE 4.6. SOFM Interpreter Main Menus.,
The process begins with the definition of linguistic variables or fuzzy labels introduced by
Zadeh [47]. Figure 4.7 shows the program’s fuzzy label input facility. Up to seven labels
may be defined in any triangular, trapezoidal or arbitrary fashion. In this case, three labels

have been created; small, medium and large.



79

4.2 Multiple Prototypes per Class

>

FIGURE 4.7. Fuzzy Label Definition Editor.
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Since all inputs to the SOM are pre-normalized, the fuzzy variables are defined to operate

over an input domain of [0, 1]. The output of the fuzzy labels also range from 0 (no

membership) to 1 (complete membership). In Figure 4.7, the fuzzy labels have been

defined as follows:

Small: small (x) = 1 —x.

Medium: medium (x) = I—‘

Large: large (x) = x.

05—x
2

The n-dimensional coordinates (weights) of the SOM’s nodes are loaded from a file and

are displayed on the screen. The SOMs nodes have been arranged in a 10 X 10 array. In

this example, the SOM is trained using Anderson’s Iris data [2,13]. The data set consists

of 50 labelled examples from each of 3 classes. Although the class of each vector is not

provided during the training, we may use this information to determine the topology of the

transformations. The class for each input which the node was the winner is shown in

Figure 4.8 below. We see that the nodes in the upper-right corner of the map ended up
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representing the first class. The nodes more or less along the upper left - lower right
diagonal of the map were the winners for the second class. This leaves the nodes of the
bottom-left corner to represent the third and final class. Two nodes have been marked with
an ‘X’ to indicate that they were the winners for inputs from more than one class.
Additionally, we see that 26 nodes did not end up representing any of the inputs, as

indicated by the ‘blank’ nodes.

22 i11111
22 1111 A1
22 2 11 11
2 22 1111
a3 L 22

333 22222
33333K 22
33333222 2
3 33 3 z22°2
3333 2 223

FIGURE 4.8. Distribution of the Classes in the Iris Data Set.

It is evident that the SOM has properly preserved the topology of the input space, for the
winning nodes of the second class are ‘between’ those for the first and third classes. Nodes
marked ‘X’ are to be expected given the fact that the second and third classes a small
region in common. In accordance with the results shown in Section 3.1.3, a subset of
“blank’ nodes is evident due to the region of separation between the first and second

classes.

Figure 4.9 displays the weights of a SOM after it has been trained. Each weight map
represents one of the data set’s four dimensions. With this representation scheme, darker

shades represent weight values closer to 1.0.
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FIGURE 4.9. Displaying the SOM’s weights (10 X 10 nodes).

The next step consists of applying each of the labels to each of the weight maps

Figure 4.10 shows the twelve linguistically transformed weight maps that were obtained

in the example.

FIGURE 4.10. Weight maps transformed by linguistic variables.
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Combinations of these transformations now quantize the descriptions possible for the
Vweights in the map. In the figure above, the rows of maps (starting at the top) represent the
application of the fuzzy labels for small, medium and large respectively. The shaded
values in the maps display the grades of compatibility of the weights with their
corresponding linguistic labels. Specifically, the darker the transformed weight’s shade,

the greater is its compatibility with the proposed label.

In order to describe a node in the map, one label for each dimension must be chosen. This
fuzzy description D of a point in the input space is taken to be the logical intersection of

its components:
D=A(w)nNnA,0w,) N A (w) (4.16)

where A; ; is an element of the set of fuzzy labels,
w; is the value of the i™ dimension weight for the node, and
n is the dimensionality of the input space.

In fuzzy decision theory, intersection is defined by any function from a family known as #-
norms [39]. The SOFM Interpreter software allows the user to specify which t-norm to use
from the following list:

AtB = min (A, B),

AtB = AB, or
AtB = max(0,A+B~-1).

Possible descriptions for the 2-D SOM are obtained by extending Equation 4.16 to the

form

Each combination D may be referred to as a rule to describe the map and best represents a
variable number of the SOMs nodes. The possibility (r,) of D is defined as

r;m); (D;; ;) which indicates the overall extent to which the description is compatible
Ji ] ’
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with the map. A high value for 7,, indicates good compatibility of the rule for at least

some portion of the map.

The total number of distinct rules is given by A" where A is the number of fuzzy labels
available, and n is the problem’s dimensionality. Using the example case, each of four
dimensions being quantized to three fuzzy labels yields a total set of 3% = 81 distinct
rules {SSSS, SSSM, SSSL, ..., LLLL} . Depending on the distribution of the data, some
(typically most) of the rules will not be supported. Determining which rules should be
accepted or discarded becomes a task of generating each rule D and evaluating its support
(m,). The level of support for each rule is recorded and a threshold is allowed to vary in
order to increase or reduce the number of rules which are accepted. The union of all the
accepted rules is then taken to give a good representation of the entire map. However, such
a union will typically result in many nodes being well represented by multiple rules. Such
overlapping representation stems directly from the overlap in the definitions of the

original fuzzy variables and causes the need for the application of another threshold.

Since each rule may be expressed as a series of o-cufs [39] which identify the nodes in the
map having a grade of membership not less than ¢, an a-cut threshold is then used to
minimize the rule overlap over all the nodes. Apart from reducing representational

overlap, o threshold also increases the confidence level in the interpretation of the SOM.

This approach to grouping nodes is intuitively appealing. However as presented, the
method is time and resource consuming, and grows exponentially with the increased

dimensionality of the problem!

We now propose a refinement of the interpretive process which avoids an exhaustive
search through the complete set of rules and minimizes the number of rules to be

evalvated. The solution is to examine the input space only at those points which are
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necessary; the positions of the nodes. Since t-norms are by definition monotonically
nondecreasing, the best rule for the neighborhood about any node is given as the
combination of best labels for each dimension of it’s weights. Under such an assumption,
the best rule to describe node (j1,2) of the SOM is then defined by Equation 4.18
below.

max max

A, (An(wjl’jz’l))m... A

i "

1
DY = (A (Wi 1)) (4.18)
The name of each distinct rule found is then saved in a list. Thus the maximum number of
rules to generate and cvaluate now becomes equal to the number of nodes in the SOM.
Typically, this process will drastically reduce the number of rules requiring further

examination. The SOM interpretation process may now continue as before.

Figure 4.11 depicts the possibilities of the six rules (as opposed to 81 previously) that were
determined to be appropriate for further examination. By adjusting the possibility and o-
cut thresholds, it was determined that the three most supported rules sufficiently described
the SOM. This result indicates that three classes were found in the data. Figure 4.12
displays the chosen rules, indicating the extent to which each rule described the nodes of
the map. Also indicated are the nodes which constitute each rule (affter applying the o

threshold). For the example case, the rules chosen were MMSS, LMMS and LMLS.

Figure 4.13 shows the extent to which the entire SOM is represented by the three chosen
rules together. The number of nodes covered by the rules and the number of nodes being
represented by overlapping rules are given as a percentage of the total number of nodes in
the map. The three chosen rules were thresholded at an ¢, value of 0.4. Ninety percent of
the SOM’s nodes were accounted for, with an overlap of seventeen percent. These results

correspond well with the data since botanists label the iris flowers into three subspecies.
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@min poss

FIGURE 4.12. The chosen rules (three classes found).



4.2 Multiple Prototypes per Class 86

i i- No rules

i~ Overlapping rules
tin pess, = 0,703
Hin alpha = 9,510
Coverage = 100,04
Overlap = 17,0%

Ho, of rules used =3

FIGURE 4.13. Reconstructed map.

Often, simple possibility level] thresholding leads to suboptimal rule selection. Such a case
typically occurs when many rules have approximately equal possibility values. Perhaps it
would have been better to include a rule having lower possibility while excluding one
which survived the threshold. For this purpose, two different rule selection mechanisms
were included with the interpreter package: manual selection/deselection and a genetic

algorithm optimization [18] routine.

Through mouse controls, the software allows the user to view each rule. With the manual
rule select/deselect feature, the user is able to specify which rules should be used in the
optimization as well as exercise control over the o, threshold level. To further automate the
advanced rule selection process, a simple genetic algorithm is engaged in an attempt to

optimize a objective (fitness) function. This function is constructed as a weighted sum of
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the SOM’s node coverage, rule overlap, number of rules selected, minimum selected 7t and

minimum selected o values.

FIGURE 4.14. Controlling the Genetic Algorithm optimization.

Figure 4.14 above shows the software’s genetic algorithm optimization facility with its
slider controls for adjusting each of the fitness function’s parameter weighting. The
software makes use of user specified variables to control the chromosome population,

generation limit and chromosome operations parameters.

Additional extensions to the rule extraction process would need (o include a procedure for
optimizing the fuzzy labels by tailoring them for the data set. One could also include a
separate set of fuzzy labels for each dimension of the input. Such a step would further
reduce the overlap of the rules for each class while increasing the overall confidence in the
rules. It may not be feasible to increase the total node coverage. Especially if the data
contains well separated clusters. This is because the local nodal interaction during the
SOM training process will result in the placement of some nodes in areas of low input
density. Such nodes will not be good representatives for any portion of the data. Therefore

these nodes are not used by the SOM in its representation of the data and the rules to be
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formed should not attempt to include descriptions for them. Even further optimization of
the rule generation process may be achieved by allowing it to make use of ‘don’t care’

conditions for the separate inputs,
4.2.2 GCS Interpretation

One effect of the GCS’s continual addition and removal of cells is that eventually the
structure becomes disjointed. Once a portion of the structure has split away from the
remainder, it will never re-attach itself. These separate structures continue to grow and
adjust themselves independently. Eventually, any well separated clusters in the data will

be accurately represented by their own subsets of the GCS’s cells.

A simple gathering process may now be used to determine how many of these subsets
exist. The number of disjoint subsets in the GCS now gives a reasonable estimate of the
number of classes existing in the data. However, in a real world data set, distinct classes
are not always well separated. In fact, these classes often contain regions of overlap
among them. Since the positions of the cells in the GCS provide a ‘good’ compact
representation of the distribution of the data, we may use their weights as a new and
substantially reduced data set with which to run the UFP-ONC algorithm for examining
cluster validity indexes. With the assumption that the classes have multivariate gaussian
distributions, we may simultaneously execute UFP-ONC algorithms on each of the
separate subsets of the GCS. A revised estimate of the actual number of classes in the data
is then obtained by summing the suggested number of classes within each subset of the
GCS. This procedure will result in faster classification because of the great computational
intensity that would be required by applying the UFP-ONC algorithm to the complete
original data set. As a cautionary note, we state that a relatively large number of cells must
be available for the GCS to permit the reasonable preservation of the distributions of the

classes within the data. Otherwise, the UFP-ONC results may be erroneous.
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Chapter 5

Prediction of Input Component Values Through
Unsupervised Learning

Once a network has formed the final representation of a given data set, an interesting
application of the results is to determine the predictive capabilities of its nodes. To
accomplish this task, a subset of a test vector’s inputs is presented to the network. Those
dimensions of the network which correspond to the available inputs are then used to
determine the distance to each node. A competition is then held, and the best matching
node is declared the winner. The weights of this node, which correspond to the missing

input dimensions are then outputted as predictions for the missing values.

5.1 A Constructed Example

To test this predictive ability, a new five dimensional data set was constructed. This set
was divide into one set, consisting of 1296 patterns for training, and a second 256 pattern
test set. None of the test patterns were present in the training set. These patterns were

constructed according to the sum of exponentials equation show below:

—0.6x -0.7 -0.8 —0.9;
e g T g g Ty g

X, = + 5.1)

Where x; through x5 are all independent variables.

Since any vector-quantizing compression of the data is lossy, to quantify the quality of the
predictions, we will compare the results to the achievable optimal which is given by using
the entire training set for the prediction process. The optimal results for the given data set

are presented in Figure 5.1 which shows the expected, predicted and error values for each
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of the test vectors. For this case, the RMS prediction error was found to the 0.053089

units.

Prediction Quiput

OPTIMAL PREDICTION RESULTS
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FIGURE 5.1. Optimal Prediction of the Dependent Component.

Next, the GCS algorithm was executed using the data, and the structure was allowed to

grow to the size of 100 cells. These cells give a compression ratio of 12.96 : 1 for the data,

Figure 5.2 displays the prediction results for this GCS. Although the RMS prediction error

of 0.168888 units is 3.18 times the optimal, the network’s ability to predict the dependent

variable would be suitable in many applications. The prediction results may be improved

by reducing the data compression ratio through the addition of more cells.
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GCS PREDICTION RESULTS
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FIGURE 5.2. Predicting the Dependant Component Using a 100 Cell GCS.

5.2 Forecasting the Load on a Hydro Utility

Another example prediction application is presented in order to evaluate the results in a
realistic sctting. On any given day, a hydro-electric utility would benefit from a reliable
estimate of the actual load at each hour of the day. Such information is useful for the
appropriate scheduling of generator maintenance times and contracts for the sale of
surplus power to other utilities. This load curve is essentially nonrepeating. However there
typically are similarities in the shape of the curve for each day. Even though this curve is
nonstationary in the long run, there are short periods for which an accurate forecast may
be made. For this example the data set consists of 4872 training, and 1176 testing patterns.
Each pattern is a 7 dimensional vector consisting of the gathered information for the hour,
temperature on forecast day, wind speed on forecast day, wind chill on forecast day, load,
temperature on previous day, and wind chill on previous day. Since all dimensions of the

data have been normalized prior to training, the forecasting results units are normalized
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megawatts. Figure 5.3 shows that the optimal forccasting results have an RMS prediction

error of 0.028548 units.

OPTIMAL FORECASTING RESULTS
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FIGURE 5.3. Optimal Load Forecasting,
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FIGURE 5.4. Results of Load Forecasting Using a 400 Cell GCS.
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Figure 5.4 above shows that allowing a GCS trained on the data to grow to a size of 400
cells, results in a data compression ratio of 12.18 : 1, and an RMS prediction error of

0.053047 units, which is only 1.86 times the optimum.

For comparison, the forecasting results shown in the previous figure are evaluated against
those for a 400 node SOM, shown in Figure 5.5. In this case, the SOM achieved a better

RMS forecast error of 0.047667 units, which is 1.67 times the optimum.
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FIGURE 5.5. Results of Load Forecasting Using a 400 Node SOM.
Having the SOM out perform its counterpart GCS in this case is not especially surprising
for we would intuitively expect any clusters in the load data to have much overlap.
Therefore, a SOM would not waste a large proportion of its nodes on the representation of
the regions of low input probability. However, the execution time for the SOM algorithm
was 1.54 times that of the same sized GCS. In both these cases, the forecasting results
rival those which are currently being obtained through a linear regression technique and

are within the ufility’s error tolerance range.
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Chapter 6

Conclusions and Recommendations

Although it is referred to as unsupervised leaming, this description is not completely
accurate. Some information, in the form of a metric to be used in defining a node’s region
of attraction, must be provided. We described how the choice of metric could be made to
appropriately identify clusters of various shapes within the data. Since all unsupervised
learning algorithms form a non-uniform wvector quantization of the data, their
representational capabilities are essentially equivalent. However, these algorithms do vary
greatly in their complexities. Although the DPM based algorithms provide an immediate
representation of the classes in the data, they are hampered by the additional burdens of
the DPM maintenance and a requirement of prior knowledge of the nurﬁber of classes to
be found. The cluster validity indexes in the UFP-ONC algorithm provide an alternative to
the latter problem, but this algorithm is further hampered the by additional cost of the
numerous calculations of many covariance matrices. The interpretation of a trained GCS,
as presented in Section 4.2.2, was the simplest method found to reliably classify the data.
Moreover, due to its resistivity to boundary effects, the GCS showed the best ability to

represent data along the edges of the input distribution.

Chapter 4 also presented an improvement to a previously reported procedure for
interpreting the results of SOM training. This process no longer grows exponentially with
an increase in the dimensionality of the problem space. Through a graphical computer
program, the user is left with a suggestion for the proper classes in the problem, and the

ability to easily adjust the rules to be used in order to search for better results.



95

Chapter 5 presented a previously unencountered application of these networks with
respect to the prediction of dependent data. Results of the application of this procedure

were found to be good for the prediction of stationary as well as non-stationary data.

Since these types of networks have shown promise in data compression, especially for
audio and video signals, it is recommended that further work in this area be done in the
direction of hardware implementations of such systems. Large scale implementations,
containing many nodes, will prove to be useful in the transmission and storage of such

data.
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