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Abstract

Radial I(cllcl Classifier' (RI{C) is a hyblicl betrvecn thc Classical l(elrcl Classifier,

(cl(c) and the Raclial Basis Functions Netrvo'k (RBFN). RI(c inherits the abilitv

to co'vcrgc to thc Bayes Ellol from cl(c alcl thc conpactness of the RBFN. Iu

this thesis, the perfoturauce of RI(C using difielent lealning methocls is compalefl in

orclet to dctettrliue â proper tlainirrg ptoccclule. Flonl the lesults of the expe¡i¡re¡ts

in this resealch, the following ¡rrocedule is reconneu<lecl for tlaining the RI(c. Fil.st,

select centloicls fì'orn each class sepalately using the l{-N{eans cluster.ing. Each class

shoulcl have the sanre nurnbel of centroicls. Seconcl, set the rveight of each celtroicl

to the numbel of training data grouped within its cluster. Thircl, use the tlaining

data to estimate the covaliance rnatrix of each class for the use of the one-class-

one-sigma Nlahalanobis metric. Finally, optirnize the smoothing parameter by using

the Three-Point sealch method for lealning ä and the Leave-one-out method for

estimating the classification error. The Gaussian l(elnel should be usecl through out

the proceclure.

lv
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Chapter 1

Introduction

In genelal. classificatiou ¡rloblens can be cliviclecl into two types. In the fir.st tvpe. one

has a set of objects rvith no knowledge about theil class melll¡e::ship an<l it is clesir.e{

to inpose a class stluctulc on them. This type of ¡l'oblem is called cluster analysis.

Il the seconcl type of ploblem, a sct of sample objects rvith known classification ar.e

¿vailable ancl one lvishes to use thenr to devise a classification r.ule to be usecl for.

future objects. This second type of classification is callecl patter.n r.ecognition which

is the focus of this thesis.

Patteln 
'ecognition 

cloes not necessary mean the classification of irnages. speech

identification, system fault cliagnosis, and even diagnosis of low back disorclels are

pattei'n recognition problems.

There are two main rnethoclologies irì pâttern recognition. The fir.st is a statistical

approach while the second one is based on a the Neulal Netwolk appr.oach. The

statistical approach consists of three types of classifiers which cliffer in the amount

of info¡mation one kno¡vs about the data to be classified and the type of assumption

marle about the data.

The first type of classifier is called the Bayes classifrer'. This classifier can achieve

the tninimum classification elLor for any ploblem providing that the a priori pr.oba-
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bilities and the class-conclitional densities ale knowr fol all classes. This miniurum

ellol is callecl the Bayes ellor. siuce one ralely has all the infounation necessar.y to

apply the Bayes classifier', it is usecl ntainly in theoletical studies ancl simul¿rtions.

X,Iole detail al¡out this mc:thocl is plovidecl in Chapter' 2.

lVlten a cotttplete statistical knorvleclge about the the clata is not availal¡le. one

calì assLlllle that thc <lata <¡ones fiout a s¡recific folm of cleusitv such as the Gaussian

dist¡:il¡utiorl. zttt<l ptocreccl to estit.n¿rte tlrc necessar'.1' p¿ìr'alnetels of this clclsity using

tlzrining data. !\¡ith tliis density function an<l thc cstimatecl l)ar.auretols. thc Bayes

classifiel cau l¡e used fol classificatiol. This second type of classifìel is callecl pala-

ruretric patteln classifier'. A mole detailecl explanatiol of this ncthod can bc founcl

in the book [1] by Duda ancl Hart.

In the cases rvhele thcre is not enough knolvleclge to nrake assunrptiors about the

Lrn<lcllying clensity of the clata ot rvheu uraking assuniptions about the clensity of the

tlata is not clesirable, then the thild type of classifier', the non-¡rar.arnetr.ic classifler.is

usecl. An exarnple of this type of classificl is the Classical Kelnel Classifier clescr.ibecl

in Chaptcr' 2.

1.1 Problem

Although both the statistical ancl the Neulal Netwolk approaches or.classifiels are

usecl to solve the same types of problerns, their aclvantages and clisaclvantages ar.e

often complementary.

On one end of the spectrum ate the Statistical classifiers, nost of which ar.e

capable of convelging to the Bayes error when the number of tlaining clata approach

infinity ancl there ale only a handful of parametels to lear.n. IVIost of these classifler.s

are trained with non-iterative methocls, thus theil learning time is r.elatively short

compared to that of tìre Neural Netwo¡k classifiers. However', the penalty for. the

convergence property and short trainiug time is tlie need of these classifieÌs to store
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alld to use the rvhole set of tlaining clata cluling classification. Since rnost of these

classifiels lequile the use of all trainilg clata for classification, their classification

speecl is usually slolvel than those of the Neulal Netivor.k classifiels.

Neural Networlç classifiels have propelties that are in opposition to that of Sta-

tistical classifiels. Thc aclvautages of thesc cl¿rssifiels are their sholt classificatiou

tine *'hich is usually inclepeucknt of the numbcr of tlaining clata aucl tlìeit âbilitv to

adapt to the cornplexìtv of the p::oblern b¡' valyiug the uumbel of palarneter-s used. Ll
ordet to achieve tÌtis flexibility. t¡ost Ncural Netrvolk Classifiels use itelative rneth-

ocls such as gtzrclient clescent to o¡rtirnize their palameters. These iterative ¡retlto{s

clo not only le<luilc a lergthy lealning timc to convclgc to a solution, but there is

also no gualautee that the lesulting solution is the optimal one fol a given classi-

fiel'. In aclclition to their lengthy tlaining time, thele is also the doubt that Neru.âl

Netwolk classifie's may rlot conveìge to the Baves ellor'. Although rnany published

rcsults have shown that Neulal Netrvolk Classifie|s cau achieve neal Bayes er.ror- in

simulations, the theoletical proof fol their. conver.gence is still lacking.

L.2 Purpose

It rvoulcl be ideal to have a classifiel which has the convergence property ancl a sholt

classification time rvhich cloes not depend on the nurnber of training clata. further
it shoukl be able to adapt to the complexity of the ploblem at hancl ancl shoukl

not require the use of all the training data fol classification. These ideals are the

motivation behind the development of the Radial l(ernel classifier (RKC) introducecl

in [2]. The RKC is an approach lying between the Classical Kernel Classifier (CKC)

which belongs to the statistical approach and the Radial Basis Function Netrvolk

(RBFN) which belongs to the Neural Netrvork approach. As shown in [2], RKC

is capable of conve'ging to the Bayes e.ror and it cloes not requir.e the use of all

training data for its classiflcation. Although the RKC has the potential to be an
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icleal classifier', it requires a plopel ploceclule to realize its potential. In this thesis.

in ordel to cletelmine a plopel training plocedule. the pelfolmance of the RI(c using

cliffelent lcalning methocls is compared. since RI(c is clerivecl fr.onl cl(c ancl RBFN.

rnost of the lealrting ntethocls usccl in this thesis comc frorn the litelatule of these trvo

classifiels.

1.3 Outline

The olganization of this thcsis is as follo',v. In chaptcr 2, foul classifier.s âr'c r.eyiele{:

the Bayes classifier'. the classical I(elnel classifier', the Raclial Basis Rrnctions Net-

rvolk ancl the Radial l{elrrel classifìer'. Aflel the leview, the pelformance of RI(c
usiug cliffelerrt lealuiug techniques is ::esearched. Cha¡rter' 3 cliscusses the probìern of

selectirrg the uutnbet of centroids. Different nethods for selecting thesc centr.oi{s ¿rxr

ittvestigatecl in Chapter 4. Next, the pelfolmance of RI(C using six clifler.eut clista¡ce

luretrics is stucliecl in Chapter' 5, followecl by a stucly of 12 cliffer.ent r.adial kelnel func-

tions in chapter 6. chapter' 7 cornpa.es four different methods fol estimating the

classification eLrol ancl three diffelent methods for leauring the optirnum smoothing

parameter. Finally, results and findings ar.e summar.ized in Cliapter. B.

Note that self-lealning methocls for selecting the number of centr.oids, rú wer.e not

lookecl at. The leason fol this is because fol most classification problems, the lú which

corresponcls to the minimum classification eÌr'or is usually equal to n, the nurnber. of

training data. Very often, this is not the lú that one looks for. Rather, in most

problems one would like to select the ly' which gives an acceptable balance between

classification accuracy ancl speed. Thus, it is more applopriate to select lf f¡om the

classiflcation en'or veÌsus y'f plot than by the use of any self-lealning technique.
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L.4 Main Results

F\om the lesults in this thesis, the follorving ploceclulc is lccouuncnclecl to trai¡ the

RI(C given a,9-class classification problen with n trainilg clata:

1. separate the trainirrg clata base o. their classes to prepale the clata for the one

Class One Net (OCON) nethorl in step 2. The advantages of the OCON ar.e

cliscussecl in Chapter 3.

2. select 1{(") ceutloicls floul the ¿-th crlass using l(-\,loans clustering. Repeat this

¡loceclule for all ,9 classcs. The numbel of ccntroids pel class shoulcl be equal

fol each class. Although Decisiol sulface lVlap¡ring (DSltI) coulcl outpelfor.'r

I(-lvlearts clustetiug iu celtaiu ploblems, it cloes not plovicle consistence r.esults.

Thelefote. the use of l(-lt4eans clustetiug is lecornuenclecl. The stucly ltetween

the pelfonnance of the K-l\4eâus ancl the DSNI techuique is in Cliapter. 4.

3. Set the rveight, af"), of centloicl ci(") ¡o ttr" nurnber. of tlaining clata fi.on class

¿ wliich belongs to its cluster Cj").

4. calculate the sarnple covariance matlix for each class. These covariance mâtri-

ces a'e neeclecl fo. the calculation of the o'e class one sigma (ocos) Metric.

ocos should always be used as the distance metric of RI(c u'less it is known

that the clata have a uniform distlibution. In this case, the Eucliclean ivlet-

ric should be used i'stead. The performance study of using clifiel.ent clistance

metrics with RKC is in Chapter. b.

5. Finally, optimize the smoothing parâmeter, h, by using the Thr.ee-point Search

technique for lea.ning å and the Leave-one-out methocl for estimating the

classification error'.

In additiorr, the Gaussian Kernel should be used through out this procedure. The

consistent pelformance of the Gaussian I(ernel is shown in chapter 6. The above
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proce(lule shoulcl be repeated fol a list of .ly' rvher.e 
^/ 

: D;?= r ¡f(,)



Chapter 2

Introduction to Pattern

Classification

This sectior gives a brief intloduction to foul classifiels: the Bayes classifier., tlx:

Classical i(elnel Classifier', the Radial Basis Fulctions Nctwolk ancl the Raclial I(er.nel

Classifier'. The Bayes Classifier is an optimal classifiel rvhich gives the ninimum

classification elrol ol Bayes errol when all the probability clistlibutions involverì are

kuorvn. The l(elnel classifiel ancl the Radial Basis Function Networks (RBFN) look

similar', yet, their learning methods and properties ale quite clifielent. The brief

levierv of these classifiels shall serve as a foundation for the Radial l{er.nel Classifier.

intloduced in Section 2.4.

Befole going into the review, the appropriate notation usecl in the following sec-

tions is plesentecl. Assume that ther.e ale n training patterns, {æ1,. . . , æ,,} wher.e

each pattern trd comes from one of the ,9 classes. The ¿-th class is labelect u-r,,. Each

pattet'n n¿ is a d-dimensional vector-valued random variable. The state-conditional

probability clensity function of æ is p(a,lau) and the a prior.i pr.obability of class ø.,

is P(ø,). The posteriori probability is denotecl by p(u,læ) which can be computed
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fionr p(nlø,,) by the Baves lule

ri'helc

2.1

p(,t,,1æ)

p@) :ip(a,)p(nlu,)

Bayes Classifier

(2.1)

(2.2)

The Bayes Classifiel is au optimal classificr'. that is, it gives the minirnum classificatio¡

error lato in anv ploblcnr. Given an ol¡selvatiou æ, the Bayes Classifier will

assign æ to ø,, if P(a"læ) > P(,.t"1æ) Vtt f u. (2 3)

Tìris is callecl the Bayes clecision lule. By substituting the Bayes r.ule in (2.1) ilt<;

(2.3) ancl elirninating the scaling factor'2(z), the Bayes clecision rule can be rv¡:ittel

as follorvs:

assign æ to ø,, if P(u")p(nla") > P(a.)p(tlø,) Vu I u. (2.4)

unless the posteliori plobabilities or the a pliori and the state-conditional proba-

bilities for all classes ale known, the Bayes clecision lule cannot be appliecl clirectly.

These probabilities ale seldom available in real life problems, thelefore as a result, the

Bayes classifiel is usecl rnostly in theoretical stuclies ancl is selclom used in pr.actice.

2.2 Classical Kernel Classifier (CKC)

To pelfo¡m classification when there is no knorvleclge about the probability structure

of the data, ole can use a non-parametlic classifiel which uses the Bayes clecision r.ule

indirectly by leplacing the a priori, P(ø,,), and the state-conclitional probabilities,

p@lu"), with estimates. The Classical Kernel Classifier (CI{C) is an example of



CHAPTER 2. INTRODUCTION TO PATTERN CLASSIFICATION

â rìon-pal'anìetric classifie¡. It uscs P(o,,) : n("') f n as an estimate of the a priori

probability, whele n(") is the numÌ:er of tlainilrg data fi'om class a.r,,, ancl it uses the

I(ernel Densit¡' Estinrâtor to estirnate the state-conclitional probability. Given a set of
- . .. -(,)

ir (') clata, 
{ 
rl"'},=, , fïour class ø,, , the kemel clensity estinatc of the state-conclitioual

probabilitv of class r,,r,, is

(2.5)

u'lrete d is the clirncnsion oT n,. h, is the srnoothing pâr'anÌetel. aurl r( is the kelrrel

functiol. To design a cl(c, we neecl to select a kelnel function, r(, ancl to fincl the

optimal l¿ ol an estim¿te of it rvhich rninimizcs the classification euol.-rate. usually,

1l is a laclial synìtlrctric. uuituoclal plobal:ility delsity function such as stanclar.cl

nolmal clensity fìrlction

I((t:) - (2n1' 'r/z "*, 
(-!*'*\ e.6\'\ 2 /

rvhere d is the dimension of n. To fincl an estimate of the optimal lr is relatively

stlaight folrvarcl if there is enough sample data. Filst, the sample data are separatecl

into training ancl testing data. second, the cl(c is used with the tlaining clata to

classify the testing data and to tly to fincl an estimate of the optirnal å which woulcl

minimize the classification error'. other methocls such as the Leave-one-out, the

Jackknife and the Bootstrap techniques can also be used to estimate å,. Fo¡ the

details of these techniques please refer to [B] and [4].

CKC is not only easy to use, but it can also converge to the Bayes elror. when

the numbel of training clata approaches infinity. This convergence is a ver.y clesir.able

feature of CKC. It horvever has two major. problems.

The fir'st probler4 is a long classification time compared to other. classifiers such

as the Radial Basis Functions Network (RBFN) which is briefly reviewecl in the next

section. The reason for this long classification time is because cKC requires the

þ(ntu,,)-thË, t(+)
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use all trâining clatâ in its classification. In orclel to overcone this pr.oblern, papers.

such as [5], have ploposed the use of the fast Fouliel Transform to s¡reecl up cl{c's
classification tinre.

The seconcl ploble'r of the ci(c is that it lequiles a lot of memo.y to store all thc

ttaiuiug data rteeclecl for classific¿tion. To recluce the nemoly stor.age lequitentent of

tlle cKC. pa¡rels. such as [6] by Fuku'aga ancl Hayes. tlicd to select ¿r subset fi.our

the trairlilg clata fol cl¿rssificatiolr rvhile nraintai¡liug a <:lassificatiorÌ eì1-ot r'¿rtc closr:

to the onc achiev<xl bv using all tlainilg- data. For urole iufor.mation on CI(c, please

rcrcr to l/1.

2.3 Radial Basis F\rnction Network (RBFN)

2.3.L Architecture

A Radial Basis Fuuction Network (RBFN) has thlee laycls: one input layer., one

hiclden layel arcl one output layel lvith each layel fully connectecl to the next one.

The numbel ofoutput nodes it has is equal to the numbel ofclasses in the classification

ploblem. The hiclclen layer of the RBFN is macle up of nenlons. Each neuron has

tlvo palametels: a prototype ol centroid and a.eceptive fiekl wiclth o¡ banclwiclth.

To classifi' an obselvation, æ, the i-th neulon in a RBFN rvill calculate

whe.e q is centroicl, å is the global scaling factot which is often set to one, ll . . . ll is the

distance metlic which is usually taken as the Eucliclean nolm ancl / is an activation

function usually taken to be a Gaussian density function of the form

ô¡(æ):r(ry) (2.7)

Q@,):"*p (-"'1"'¡
\ oî/ (2.8)

whet'e ø¿? is the transpose of a¿ antl o¿is callecl the banclwicìth oI receptive fielcl width.

Although the global scaling factor, h, and the banchviclth, o, seem to serve the same
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purpose, they ale selectecl indepenclently ancl in clifielent ways. The banchviclth, o¿, is

usually set to the clistance fiom the i-th centel' to its nearest centloicl ancl is usually

fixecl cluling the optirnize plocess of the RI(c. The global scaling factor, lz, is selected

usuzrlly l;y tlial arld elro¡ in orclel to im¡love the perfonnance of the RBFN. Note

that in RBFN tho conttections l¡etrveen the input layel ancl the hiclclel layel have

tro ivciglrt. Aftcr' finishing theil calculation, neulors ¡>ass their. results to the output

rrccles. Thc ?¿-tlì output uocle then calculates

m.,,(r,) -\),"¿ rþ¿(æ) (2 e)
i=0

rvltcte N is the nuurÌ¡et of neutons in the hicklen layei. À,,¿ is the rveiglit l¡etlveen th<:

d-th rreulol ancl the ¿-th output nocle ancl qri is the activation function of the ri-th

neuÌol. Fiually, the obse|vation î, is assignecl to tlie class that co esponcls to thc

out¡rut uocle which has the highest activation.

2.3.2 Contributions

After leviewing neally over 100 stuclies of RBFN, the contr.ibutions of these papers

ale summalized irrto six categories:

1. core contributions;

2. selection of the location of centers, c;;

3. selection of the number of centers, 1ú;

4. selection of the bandwidth, o¿, and the distance metLic ll . .. ll;

5. selection of the smoothing par-ameter, h; ancl

6. selection of the activation function, /¿.
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Core Contributions

Thelc ale three cole contlibutions in the histor'.y of RBFN. The fir.st contlibution

is bv Bloomhead ancl Lorve [8] who rvele the fir'st to corstr.nct the RBFN in 1ggg.

The seconcl contril¡utiol is b¡' Itt6o,1t ancl Dat'kel fg] ivho have ¡rloposecl the use of

I(-\'leans clusteling ancl P-Ne¿rlcst Neighbol heulistic to lealn RBFN's pâr.âmeters.

This lealring schenle h¿rs bcrx¡ure the stanclalcl for. tÌaining RBFN. The last contr.i-

l¡utiol is that of Gilosi ancl Poggio [10]. Thcy shorved that a RBFN has the ,,Bcst

Ap¡rroxirnatiou" plopcrt¡' ancl l crlelived the RBFN using the r.egular.ization thcor.y

thns <lemoustiating the link betr,vccl thc two concept.

The deliratioll of the RBFN by Bloomhead ancl Lorve lvas basecl on the Raclial

Basis Function Itttet ¡rolatiott (RBFI) which is astrict intelpolation techuique in rn¡lti-
<lirueusioual s¡tace. Itr gcletzrl. the intelpolation ploblen caìl be stâte(l as follorvs:

Giveu a set of r¿ trailing data {(æ¿,y¿)}i'=,, fincl a fuuctiou n¿ which satisfies the

interpolation conclition:

m(æo) : yo, 'i: I,2, . .. ,n. (2.10)

hr Radial Basis Function Inter.polation, this function nz has the for.m

m(æ):É.1, ø¡lø - coll) (2.11)
i=l

rvhe¡e the trâiüing clata æ¿ is used as the center., À¿ is the weight, {ó|ln - srll)li :
1,2,.. . ,nj is a set of n functions known as radial-basis functions, and ll ...11 clenotes

a distance function rvhich is usually taken as Euclidean. For more detail about RBFI,
please refer to I11]. In orcler to create the network analogy, Bloomhead ancl Lowe

18] generalized some of the assumptions of the RBFI. In par.ticular., they relaxecì the

sttict interpolation natule of the RBFI by selecting a Lanclom subset of Radial Basis

Function 'centers' from the training clata insteacl of using the whole tl'aining set. The
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lesulting RBFN has the form

nz(æ):tÀ,ø(llæ-crll). N<rz (2.r2)

whele c¡ is the cr:ntr:r' ancl .rv is the numl¡el of centels. once the 'ceuteLs' are chosen.

the acljustablc tveiglrts of tìre netrvolk fìonr the hiclclel-to-output lavels a¡c cletet.u1inerl

by lineal least-s<iuales optimizatiou. In other.rvor.ds, if

(Y)¿: uu, (À)o : )¿, (Õ)¿; : /(llu¿ - c¡ll)

then thc acljustable weight 
^ 

is equal to

À: Õ+Y

lvhele iÞ+ is the À'loore-Pcnrose pseuclo-iuver.se of Õ [12].

l\4oocly alcl Dalken [9] p::oposecl a netwolk sirnilal to RBF N ]rut with a dificlent

ruaue, the Local Receptive Fiekls (LRF). LRF is actually a norrnalizecl version of thc

RBFN ancl has the folm

m(n): (2.13)

where / is a Gaussian fu'ction, q is the centers, o¿ is the bandwiclth, À¿ is the

weight ol arnplitude and /y' is the numbel of centels. They shorvecl that using I{-

IVIeans clustering to select RBFN centers gives a bettel performance than the use of

a landom subset of the training clata as centers. They also proposed the use of the

"P-Nea.est Neighbor'" heu¡istic for selecting the bandwidth. uncler the p-Nearest

Neighbol heuristic, the bandwidth is set equal to the root mean squar.e value (æ¿)p of

the Euclidean clistances from the P nearest neighbol centers. After. theil paper, the

K-Means clustering and the P-Nearest Neighbor heulistic have become a stanclarcl

RBFN learning scheme in tlie RBFN literature.

The thild major contribution came from Poggio a'cl Girosi who have shown that

RBFN colresponds to the solution of a class of ill-posed, inverse p'oblems involving
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the recoustluctiol of a function from a sparse set of tlaining clata [10, 13]. In paÌtic-

ula::, they staltecl with the concept of legularization, ancl delivecl an appr.oximation

sclteme rvhich incluclecl RBFN as a special case. Thus, they shorved the close r.elatiou

betrveen thesr¡ trvo techniques. Il adclition, thel, ¿ls6 shor.ved that RBFN has the bcst

ap¡;r'oximation ability. an ability ivhich l\4LP cloes uot have fol tlrc class of contin-

uous fìrnctious clefilecl on a sul¡set of ß'1. (An apploxinatiou schene has the bcst

zlp¡lt oxinratiorl plopelty, if ilr thc set f of apploxiuratiol furxttiols. thele is one that

has tnillitrturu apptoxitnatiug ettor fol auy fuuctiou to be apploximatc<l frorn zr give¡

set of fhnctions.)

Selecting the Location of Centels

lvhen RBFN rv¿rs fir'st ploposccl in 1g88 lry Broomheacl and Lo¡ve [g], they suggestecl

that the locatiou of the centers could either be selectccl unifolnly rvithin the legion

of R'¿ whete thele is clata ol they coukl be selectecl as a lanclon subset of the tlaining
clata. The lattel is lefetlecl to in this thesis as ranclom center.s.

In responcl to rnany critics who suggested that the choice of cente.s may affect

the final perfolmance of the netwolk, Lowe showed in [i4] that nonlinear. optimiza-

tion of the centels' locatious would not improve the gener.alization pelformance of
RBFN. Beastall in [i5] also shorved that using Kohonen's Lea'ning Vector euantiza-
tion (LVQ) to locate RBFN centers gâve no "appreciable cliffe.e'ce" in perfo.mance

compaled to the use of Lanclom centers.

on the othe'hand, in [16] and [9], lvloody and Da'ken showecl that using aclap-

tive l(-Means clustering fol locating centels gave a better pelformance than random

centers. Also, in [i7, 18], chen et. al showed that using orthogonal Least squa.es

Lealning Algorithm or orthogonal-folwald-regression coulcl also outperfor.m random

centers.

Although these results seem contradictorv, most researchers in the field of RBFN
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believe that using clustering techniques to locâte centels cloes give a bettel per.for-

mance. As a lesult, l(-\,Ieans clustering has l¡ecorne the stanclalcl method for locating

RBFN's centels.

In adrlition, in 1993, Lav and Hrvang [19], aud NIak, Allen ancl sexton 120] shoivecl

th¿rt RBFN ltas a l¡etter petforurauce rvhen thc centets âre selectecl by clusteting clata

flour each class, one class one Net (ocoN) conpalecl to selecting center.s fi.our all

the t::ainiug (lâta. N{ulti-Class One Net (N,lCON).

Selecting the Number of Centers

Up until 1991, the onlv guideline fol selccting the numbel of centets ly' rvas that lf
shoukl be less than the numbel of tlaining data n ancl tlie only methocl available to

detel¡nin<: -Ày' was by tlial ancl euor'. stalting fiom 1g91, the irnpoltance of selecting

1{ finally leceivecl the attention it cleserves. Tr.vo cliffclerrt rnethocls fol selecting the

numbel of centels have been pr.oposecl since then.

The first rnethocl changes the ploblern of learning the nurnbel of centers ly' to the

ploblem of leaming .R, the ladius of each cluster'. The pulpose is to select a ladius .R

which rninimizes tlie ovellapping between clusters fi.om opposite classes. This method

was proposed by Nlusavi et. al [21] and Lernar.ie [22].

The second methocl defines an errol' measule or thleshold which allows one to
cletelmine rvhether there are enough centels for the problem or whether mor.e centers

ale neecled. N4any papers have pr.oposecl a method of this type, for exarnple, Bye [28],

Chen et. al [18], I{adirkamanathan and Niranjan [24],I{atayama et. al [2b], Lee ancl

I(il [26] and Reynolcls and Tarassenko [27].

Selecting the Distance Metric and Bandwidth

When Bloomhead ancl Lolve filst constr.ucted the RBFN, it hacl the for.m

m(æ): !.\¿{(llø - c¿ll).
i=0

(2.r4)
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The'e rvas no ba'clwiclth pa'ameter oi, and the met.ic ll ...ll lvas takeu as the Eu-

cliclean distance. The banchvidth palameter'first appearecl in a paper.by Nloorly aucl

Dalken [16] il 1988. Theil RBFN was of the folrn

nt(r):fl^, (llø * c'll)
7-o\o¡/

(2.15)

Although fLonr (2.15) it is cleal that the bandrviclth. o¿. is uot part of tho clistalce

function. ll .. . 11, if llæ - c,lllo¿ is considcled as a lvlahalarrobis clistal<r of th<r folnr

(r, - c,)rE;'(æ * c,) (2.16)

rvith D, : o¡,I, rvhele I is an lclentity matlix, then equatiou (2.15) has t[c s¿u¡c for.¡l

as (2.14). If thc Gaussian clersity liurction is usecl as the activ¿tior function. r/, then

onc coulcl also cotlsiclel tlie l¡anchviclth as the valiance of the Gaussiau functiou. Sincc

tho baldwiclth can havc ulore thâù onc intelpretation, in olclel to be consistent, il t|is
thesis, the banclwiclth is consiclerecl âs a part of tlìe tnetricr. With this intelpr.etatio¡,

th<: Eucliclearr nletlic can be consiclelecl as a special case of the lvlahalanobis rnetr.ic

with D¿ : 1. As a .esult, the o'ly metr.ic ever. usecl i' the freld of RBFN is the

Nlahalanobis distance.

Although the IVlahalanobis distance is the only metric usecl in RBFN, many meth-

ocls hacl been proposecl for selecting the bandwiclth, starting rvith Moocly ancl Darken

who in 1968 proposed the use of P-Nearest Neighbol heulistic as the banclwklth [16].

hr 1989, Houselancler and raylor' [28] used a modified clelta rule to learn the

bandwidth. They also compared the perfolmance of RBFN using ellipsoicls with the

use of spheres. In othel'words, they compared a RBFN using

s.. _
01 0 I

I

,..*]

with a RBFN using D¡: oi 1. Theil results shorved that the RBFN using ellipsoicls

gave a better performance than one using spheres.
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In the same year', Lolve I14] con¡tar.ecl a RBFN using a fixecl banchviclth

.. û,
"¿_ ñ,

whcre ¿r is tlte naximum clistance l¡etween the chosen centers ancl 1ú is the nunlber

of cctrters, with a RBFN using tj ivhich ivas lealut r:sing a nonlinear. optimizzrtion

teclrliclrtc. His cottclusiolr rvas that usiug a lonlineal optimization technique to lear.u

thc ban<l'"viclth clirl not irnplove thc gener.alization capability of the RBFN.

Finally. Cios et. al [29], 1991, p.oposed that the banchviclth be lea::necl by first

initializirrg it using the P-Nealest Neighbor heulistic. Then thc barrclr,i'iclth is acljustccl

to lecluce the ittter'-class intetfetence betrvcen thc outputs ofthe fir'st layer.nocles. This

inter'-class i¡rterfelence occuLs rvheu a tlaiuing vector. belonging to class,¿¿ causes any

rroclc belonging to class u (u I u,) t,o give an output lalgel than ¿¡. celtain th¡:esholcl.

This ptocess of acljustilg the banchviclth contilues until no interfeieuce is p¡esent.

Selecting the Smoothing Parameter

Though the bandwidth and the srnoothing pa.ametel appear sirnilar', the bandwidth,

o¿, is usually unique fol each hidden node and it controls the spread of the laclial

basis function. The smoothing palameter, å, on the other' hand, is a global constant

ol scaling factol lvhich is used to tune the pelformance of the RBFN by scaling the

bandwidth.

Lee was the first one to use the smoothing pâranìeter., h, in RBFN in 199i {80].

The ploper h value was cleter.minecl exper.imentally.

In 1991, Reynolds and Tlassenko [27] proposed the use of the Locality Inclex

method to speecl up the process of estimating the smoothing parameter. using this

method, the smoothing pârameter ä is estimated by the value 2¿ where I is an integer.

The palametel I is called the "locality index" . This inclex method may not give

the optimal srnoothing palameter, nevertheless, Reynolds ancl rl.assenclko claimecl

that the index methocl is an efficient method to find an estimate of the smoothing
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pâr'arneter. Although they did not clevelop a uew methocl for lear.ning the srnoothing

palalneter, they <licl clemonstrate tlie impoÌtance of the srroothing palameter. b5'

shorvilg that thele is a cle¡teucletice l¡etrveen the RBFN's eLLor late ancl the srnoothing

palanreter'.

Selecting the Activation F\rnction

The Gaussiatt ftructiott is tho urost usecl activatiol fuuctiou in RBFN litelatruc. lt
rvas fir'st nscd ill Broomhcacl ancl Lowe's ¡>apcr' [8] rvho usecl the Gaussian fuuctiou

rurcÌely as aD exerrlple Ìathel than a Ìecomürencl¿rtioÌ. At the encl of their.papcr., they

clealll' 5tr¿¡s¿ that they hacl uot stucliecl which folnr of activatiou fuuctior, ry'. shoukl

be usecl. since then, rlo papel' has stuclied the effect of using cliffel.ent activation

fuuctious such as the thin-plate spline, the multi-quadlic equatiol ancl the inver.sc

rnulti-quachic equatiorr on the classificatiou pelfolmance of RBFN. Thus far the onlS'

papel that cotrrpales the perfotntauce of seven clifierent raclial basis functiorls ou non-

lineal clata moclcling rvas that by carlin [31] in 1992. In car.lin's paper', he shorvs

that the logarithnic futction

þ(r): log(x2 + c2) whele c is a positive constant

rvhich is a global activation function is actually better than the Gaussian function

which is a local function. Ivlore experiments are necessâly in orcìel to cleter.mine

rvhether the same result holds for classification pr.oblems.

2.4 Radial Kernel Classifier (RKC)

To conclude this chapter', tlie Radial l(ernel classifreL (RKC) is clesclibed. It is a hy-

brid between the Raclial Basis Functions Networl< and the classical Kernel classifiers.

The classification rule of the RI(C is as follows:
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Given a set of ,9-class tlaining data, {(ø¿,y¿)}l=r, rvhele ø¿ is the z-th

pâttern ot feature vector, y¿ is its class label ancl ¿ is the nulnber. of

tlaining data, the RKC tvill classify al ol¡ser.r'ation ø to class ,¿¿ if

P(a,,) q("')(æ) > P(a,,) q{"\(æ), ttfu;rt,,u: 1....S, (2.17)

wherc

aucl lvhet e P(ø.,) is the a pr.ior.i probability of class .¿¿. iV(,,) is the nurnbcr.

of centloicls of class .¿¿. cj") is the ¿-th centloicl fi.orn class ,, .rj") i, it,
weight, (¿ is the laclial kelnel function, ll ... 11 i. the uretlic ancl l¿ is the

smoothiug pâtarrrete t. The r.emaining of this section givcs a step by ste¡>

rlclivatiorr of thc RI(C.

The clerivation stalts by fir'st lecalling the classificration lule of thc Classical I(emel

Classifler' (CI(C):

Given a set of S-class tr.aining <lata, {(n¿,y)}i¿=,, the CKC classifles an

obselvation n €78 to class u e,S if

P(u,,)f{")(r) >- P(a,)i@)@), u + a, (2.1s)

where f(")(ø¡ is ân estimate of the class-conclitional pr.obabiiity density

function, p(æ|'t") with the form

qoù(r):Ë'"''r(*#*)

it,t(x):# ,=y_.(xn#*)

(2 18)

(2.20)

where n(') < n is the nulnber of training data from class u, I( is the kernel

function which is usually a distribution function, æj') is the i-th data from

class u, ll . . . ll is the metric and h is the smoothing parameter.
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In cl(c, all tlainilg clata ale used to classify an obselvatiol. As the number of

training clata irrcleases, so will tlie classification tirne of the cKC. A large nunbel of

trainiug clata is lecessaly because if tlie r-rumbel is snrall, the cl(c cârì rìot conver.ge

to thc BaSes Ellor'. In ordel to speecl up the classification tine of the cl(c, equzition

(2.20) can lle replacecl rvith att estinate. By glouping tl're tlainiug clata into 1V clnste¡s

and leplacing cach tlaiuirrg clata rvith a prototype florn the cluster. that it bclongs to.

cquatiou (2.20) catr be apploxiLnatcd by

(2.2t)

'rvhe.c ly'(") is the numl¡er of clustcrs fi.om class .u, ãj") is the .j-th pr.ototy¡re of class

¿ ancl af") is the numl¡el of tlaining clata gloupecl into cluster ri. since ly' < n, using

ecluation (2.21) ro classify clata shoulcl speecl up the classificatiorì tirìre. If equation

(2.21) is cornpalecl with the output of the li-th output nocle of the RBFN

/(,)(..r) = S'.,Í,,, ,, (ll* - 'l'll)
=1 \j

n4(r:):å^^,r(.%t) (2.22)

the sirnilality in these equations can be noticed. If a class label is assignecl to each

RBFN centroids and À¡¿ is set to the numbel of tlaining clata from class å lvhich

ale grouped into tlie cluster. i, then equation (2.21) is the same as equation (2.12).

Equation (2.21) forrns the basis for the Radial Kernel Classifier.

A formal definition of the Radial Kernel ClassifieL (RKC) is as follows:

Given a set of ,9-class tr.aining data, {(æ¿, ç)}}=,, where æ¿ € 7ld is the

i-th pattem ol feature vector., y¿ is its class label and n is the number of

training data, the RI{C will classify an observation æ to class z if

P(a") q{")(n) > P(u,) q(Ð(æ), uf u, (2.23)
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whele P(ø.,) is the a plior.i plobability ancl q(,,) 1c) is the estirnatecl class-

conclitional plobability clensity of class ,¿¿ which has the fo::m

qtu)çn¡:fiY,'or,,,,¡(.#") (224)

rvhele n is the nnml¡el of tt.ainiug data. lú(.,) is the nurnb<:r' of centloicls

flour class ,tr, 
"!") 

is ii-th cerrtroicl, oj") i. it. lveight, ç) is the la<lial ker.lrel

f nctiorl, ll ll i. the metlic, l¿ is thc snoothing pâtarnetel., alxl d is the

<limension of the vector' ø.

The f u'ction O(") (æ) is callecl the R¿clial l(er.nel Density Estiurate (RKDE). The

follorving is an outline of the ¡loceclur.e for. tlaining the RKC:

1. Select ly' centloicls fiom the sct of n tlaining clata.

2. Assign eacli training data to the closest ceutr.oicl to folm ly' clustcr.s.

3. Set ¡y'(") to the number. of cluster.s which contain clata fi.orn class t¿.

4. set aj") to the numbe. of traini'g clata in cluste. c¿ which belongs to class ,.

5. optirnize the smoothing pa.ameter h rvith respect to classification euor.of the 
I

RI(C.

, The procedure clescribed above is just an outline of how to tl'ain the RKC. In older

to irnplement RKC, one neecls to know mole detail about how to learn its parameters

ì such as holv to select the location of the centroids and how many centroicls shoulcl
:

i be usecl for a given problem. In the remaining chapters, the pelfor.mance of RI(C
J

i using difierent learning methocls to train its palametels is compaled. Since RI(C is a

' tttblicl between Classical Kernel Classifier (CI{C) and Raclial Basis Function Netwolk

, (RBFN), most of the learning methocls used in this stucly come fiom the CKC ancl
:. RBFN literature.
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To stalt this stucly, cliffetent l.nethocls usecl to select the nuurbel of cent¡oicls ar.e

looked at in the uext chapter'.



Chapter 3

Number of Centroids

Irr this chaptel tlte plobletl of horv the nurnbel of centloicls shoulcl bc selectecl fol

a giveu problern is stucliecl. The nutrber. of celtr.oicls, .ty'. ancl thc locatiol of thc

ccÌtloicls, cr, are thc two important pâr'aùìeteÌs iu RI(c. FoI exam¡rle, if thc numl¡er'

of centroicls usecl to lepresent the problem ale sufficient, but insteacl of finclilg good

locations fbl these centroicls, they scattelecl lanclornly around in the input clomain,

a large classification error late shall .esult even if other parameters âre optimized.

On the othel harrd, if the centroids are located optirnally, but there ar.e not enough

celtloids to lepresent our problem, the pelformance of the RI(c will sufier'. Although

these two vital parameters go hand in hancl, in orcler to have a cleal understanding

as to how each of these pat'âmeters affects the classification perfoLmance of the RKC,

they are studiecl inclependently.

3.1 Relations with Class Memberships

The first stucly considels whether the class labels of the training data shoulcl be

ignorecl when centloids are selectecl ol whethel centloids should be selectecl inde-

pendently fi'om each class. The former method is called the fuIulti-class one Net

¿a)
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(NICON) ând the lattel methocl is called the One Class One Net (OCON). Since

lvlCON uses less iufortnation in its classification, its classificatiol ellor shoulcl be

highel than those obtair.recl by using OCON. The simulation lesults in this section

sltotv that this is in fact the case. These urethorls ¿l'r; clcsclibcd in cletail iu the next

two sections.

3.1.1 Multi-Class One Net (MCON)

In N'ICoN. the class Ial¡el of thc t.ainiug deita is iglolecl rvhen the cerrtr.oicls, {c¿}[,,
ale selectecl. As a result, thr; centloicl, ci, does not have a class label. Ðach centroicl

has ,9 iveights, {"Í"'}l=, Eerch rveiglrt, oj'). co...rlrorl,ls to the 
'urnber 

of traiui'g
clata fi'onr class ¿ glou¡recl irto the clustel c¿. Thus, using NICON tlìe RI(c lvill

classify au obseivation ø to the class t¿ if

eç,*)f o[,,)4(ry) > p(u,,)Ë"Í",ø (rþ"rx) (3.1)

lvhele P(ø,,) is the a plioli plobability of class ¿, 1ú is the total numbel of centr.oicls,

@ is the'adial kernel function, ll ... ll is a metric, and ft. is the smoothing par.ameter..

NICON was used by Bloomhead and Lowe [8] when they first ploposed the RBFN

in 1988. since then almost all the RBFN papels used this methocl for.selecting the

numbel of centroids.

3.1.2 One Class One Net (OCON)

Unlike MCON, in OCON each cent.oid has a class label. Using OCON, trai'ing data

ale first groupecl into classes, then centroids ale selectecl from each class inclepen-

clently. In other worcls, the clata in each cluster c¿ can only come frorn one of the ,9

classes. As a result, each centroid, 
"j"), 

hu" only one weight, oju), rvhich corresponcls

to the numbel' of data from class z g.ouped into cluste. cj"). under this methocl,

each class will have its own sub-network within the RKC ancl hence the name one
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Class One Net. Using OCON, Rl(C classifies an obsetvation re to the class .¿¿ if

r(,';S,"!,,)er 1,ry) > p(,,)'1.Í,,ø (ll' -"Í'tl) ß.2)'7=t \ " / ¡=r' \ h )
rvhere P(r,-r,, ) is the a ¡liori plobability of class u, /ú(") is the number. of centroicls that

contain clat¿¡ fiour class'u, y'r is the laclial kernel fuuctior, ll ... ll l. a metlic, ancl h is

tìre smoothiug l)ar'âlneter.

Tlie fir'st pzr¡re. rvhich used ocoN rvith RBFN rvas by oglesby aucl Nlason i.
1991 [32]. In this paper', thr:r, shorvecl that using ocoN with RBFN cal outper.f'olnr

N,ICON. Florn the RBFN papers such as [20] and [32] ivhidr a<lvocatc<ì the use of

OCON, it wâs rrot cleat whcthet'tlle rtuln]¡et of centroicls used fbl e¿rch class shoulcl

alr.vays be ccluaì, ol the nulrbel of ceutloicls shoulcl l¡e proportionaÌ to the a priori

probabilitv of cach class. In this section, equal uumbel of ccntroicls for each class

is usecl. The question about the .elationship betrveen a pliori plobabilities ancl thc

luumbel of centloicls is stucliecl in the next section.

To study the effect that these two methocls have on the classification pelforrlance

of RKC, they ale cornpared using trvo expeliments. The first experiment is a three

classes, two climensional classification problem. The seconcl experiment is the vowel

classification experiment desclibecl in [33] by Peterso¡r and Bar.ney in 19b2. In both

expeliments, a set of training data is first genei'ated. secondly, these data are clus-

tered into 1ü g.oups using K-NIeans clustering [3a]. (For no'e detail on I(-NIeans

clusteling, please lefer to Section 4.1.2.) ThiLd, the weight, aj"), is set to the numbel

of tlaining data fiom class u glouped into cluster c¿. Finally, the smoothing parame-

ter à is optimized with respect to the classification error of the RI(c. Details of these

experiments are in the next section.
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Figure 3.1: Thr.ee lVavefornrs, tu1 (t). u2(t) , us(t)

3.2 Experiments

3.2,1 Waveform Classification

This expelinrent is a th'ee-class, 21 dimensional wavefolm classification probler:r.

This example was used in 1984 by Br.eiman [85].

Procedures

Tlre.,vaveforms used in this experiment wele based on three waveforms w/t), w2(t),

ø3(ú) plotted in Figule 3.1. Each class corsistecl of a'andom convex combination of

trvo of these waveforms sampled at the integel values with noise aclcled. To generate

a 2l-dimensional vector, X : (Xt,. . . , Xzt), for Class 1, a uniform random num_

ber [/ anrl 21 random nurnbers, €1,.. . ¡€2r, with Gaussian clistribution ,A/(0, t) rvele
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generatecl lvitlr

X,,,: Uu2(nr) + (1 - U)uts(nz) + e,,,, m: I,...,2L

(3 3)

(3 4)

(3.5)

Fo. each set of traiuing clata, tluce hLurchecl clata wele gencratecl using a ¡lior prob-

ábilities 
"f (å, j, j) . ftrus theÌe r.veÌo about 100 t|aiuing clata pcr. class. Ten rr.aining

clata sets lvet e geuetatccl using the above pÌocedure togethel rvith ten test sets of size

3000.

Fol eaclt set of dat¿r aud a fìxecl utunl¡el of ccntroi<ls lV, fir'st the centroicls ale

locatecl r:sing I(-NIeans clustering. when ocoN rvas usecl, the tlaining datâ rvere

clusterecl sepalately basecl on their classes, that is, it was necessaly to clustel thlee

times, once fo¡ each class, in orclel'to locate all the centroicls. when lvICoN was usecl,

all the training data wele clustelecl together, that is, only one clusteling is necessar.y.

Next, the weight, ar("), rvas set to the number of training clata grouped into cluster C¿.

Finally, the smoothing parameter â is optimized using a test set. In this experiment.

a Gaussian clistlibution was used as ry' ancl Eucliclean metric was used as the distance

metric. A list of classification erroi.s in percentage and the corresponding å wele

recorded. Due to the fact that the location of the centroicls rvhich were selected using

K-Means clustering depencled on the location of the initial centr.oicls, these initial

centroids wele selected landomly fi'om the tlaining data. In addition, the proceclures

of training the RI(c were repeatecl ten times fol'each training and testing set in order

to minimize this clepenclency. As a result, the classification errors recorded here are

ân averâge over these ten repeated tlaining and over the ten sets of training ancl

testing data. These results are reported in the next section.
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X,, : Ua¡r(nt) I (7 - U)w2(nr) + e,,,, m : I,...,2L

To genelate a vectol for Class 2, the above ploceclulc rvas r.epeatecl where

x,,: Uutt(m,) + (1 -U) ur3(rn) + e,,". rn,: r....,2r.

A v<:ctol fol Class 3 rvas gcnerato<l by thc saur<.; pr.occdule rrith
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NlæN +
OCON r-

50 100 150 2OO 250 3OO
N

Figule 3.2: classificatio' r'esults of the waveform Experiment using Raclial I(cr.lel

Classifier with Nlulti-Class One Net (IVICON) ancl One Class One Net (OCON)

Results

Aftel avelaging the classification ell'ors over ten sets of training ancl testing clata, the

erlor rate versus the number of centroids N cuÌves for the lvICoN ând the ocoN
is plotted in Figure 3.2. clea'ly ocoN outpe'fo'ms lvlcoN for eve.y iü < n. AIso,

ocoN achieved a classification error smaller than the one obtainecl by the classical

I(e.nel classifieL (cKC) except for'.f[: n when the e¡rors are equal. In this exper'-

iment, the ocoN is noticed to have a faste' lea.ning time than NICoN especially

when N is sntall,

Discussion

These lesults show that OCON outperformed MCON foi. every ,Äy' (except when .lf :
n). Its learning tirne is also shorter than those of the IvICoN. The reason for the

28
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shorter learning tine is because NICON had to cluster. all 300 clata at once bnt

OCON was allorvecl to clustel a small set (about 100 data) of clata at a tiure. These

tesults also show that oCoN outpelfolrns Ci(C lvith only three ccntloids even though

plolLrlern is a high climensional one. It seems that RKC clkl not sinply l.ecluce thc

llutrlber of d¿rt¿r rtsed in classification, it ltacl also learuecl an{ refined the ilrfo¡matio¡

rvithin thc tlainilg data.

3.2.2 Vowel Classification

This experiruent is a ton-class, four' <lirneusional vorvel classificatio¡ pr.obler¡. The

vorvel clata, oÌiginated fiorn the papcL [33] by Peter.soD et. al. irr 1952. T]re original

clata contailccl 76 speakers. Each speakel lecolclecl tivo lists of 10 rvol'cls. rnaking a

total of 1520 r-ecoldecl rvolds. The lecoxled rvoLrls weLe thel usecl to genelate the

foul fie<¡ucncy valiables by rneans of the souncl spectrog::aph. The clata set usecl in

this paper rvas proviclecl by Lip¡¡nann [36]. It corìtained only 75 speakels rvith the

tokel [AO] of thlee speakels rnissing. As a result, the total numbel of data usecl

in tlris expelirnent r¡¡as 1.494. A list of the vorvel data used in this expeliment is in

Appenclix A.

Procedures

About fifty tlaining clata were selected landomly without replacement from each class

to make up a training set with a total of 500 data. The rernaining data wer.e then

used as a test set. Each class had the same a plior.i probability. Ten sets of tr.aining

ancl testing clatâ were generated.

For each set of data and a fixed number of centroids N, fir'st the centroicls wele

locatecl using K-Means clustering. When OCON was usecl, the tr.aining clata wele

cluste¡ed independently based on their classes. lvhen MCON was used, all the train-

ing data were clustered together. Next, the weight, oj!), was set to the number of
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tlaiuing clata fiom class'¿ glouped into clustel c¿. Lastly, the snroothing pararnetel. h

rvas optitnizecl using the test sct. In this expelirnent, a Gaussian clistribltio¡ rvas usecl

as / ancl the Eucli<leal was usecl. A list of classificatiou ellols in pe¡centage a¡cl the

coltesponcling h rvere tecotclecl. Due to the fact that the locatiou of centroicls rvhiclt

rvct e selcctecl using I(-N,lcans clusterirrg clepcnclecl on tlie location of initial celltr.oi{s

use<l irl I{-N4eatts. these ilritial cx¡ntroicls rvele selectecl lanclomly f::o¡l the training

data. This Ptocttss of ttaiuing the Rl(C rvas le¡reaterl tcn tiìììes for cach tlaining ancl

testittg set. As a lcsult. the classifìcation ellols lecolrled hclc ar.e ârì average over. teìì

ttaittit'tg processes attcl over the ten sets of tlaining- arrcl testiug data. These r.es¡lts

ale lepoltccl in the next sccltion.

Results

Tlie <¡lassification eìtols avet'agecl ovet ten sets of trainiug ancl testiug clata versus ly'

culves for the l\,ICoN ancl thc ocoN ale plottecl in Figur.c 3.8. Although both lvlcoN
ancl ocoN convelgecl to the same minimum classifìcation elr.or l'ate when -rv : n,

ocoN convergeci fastel than MCoN. Note that the same minimurn classification

ellor Ìate could be obtainecl if the CKC is usecl in this experiment.

Discussion

F\'om the results of this vowel expe.iment, ocoN hacl outperformecl McoN. Al-

though ocoN and IvICoN a¡:e not able to reach a smaller. classification elror than

the one obtained by classical Kernel classifier, ocoN had a faster. conver.gent r.ate.

The advantage of a having a fast convelgent rate is that if one wants to reduce the

classification time by using less centroids at the price of a slight increase in classifi-

cation error rate then ocoN as compared to MCON allows the use of a smaller .|y'

to achieve the same classification error.
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Figule 3.3: Classification results of the Vowel Experiment using the Radial Ker.nel

Classifier with lVlultlClass One Net (MCON) ancl One Class One Net (OCON)
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3.2.3 Summary

Flon these trvo experinents, it is shorved that ocoN can outpelfor.nr x4coN. In thc

case ivhet'e RI(C coulcl uot achieve a classification ellor Iate smallel thau the one

obtaine<l b¡, the cl(c, ocoN has a fast couvelgerìt r'âtc tlìân N,lcoN. In adclitior.

lvith ocoN ole carì be sule that each class has at least one centr.oirl or.prototype.

As a lesult, OCON is uscd irr the rest of this thesis.

3.3 Relations with a Priori Probability

Now that it has been estaÌ¡lished th¿t cerrtloicls shoulcl be selectecl fio¡r each class

iDdepenclently. the tlext step is to <letell¡ine how mauy centloicls shoulcl be selecte<l

fiom ea.ch class. An obviotts methocl is to sealch thlough all combinatio¡s of 1i(,,).

whete t¿ is one of the ,9 classcs. to find thc oue rvith the lninimuur classification er.lor.

This methocl holvever is too tirne consuuriug even fol a small uurnbeL (æ 100) of

traiuiug data. A second methocl, called the ,,Ratio N methocl', (RNl\,{), is to let the

nuruber of centroids fi'om each class be proportional to their a priori plobabilities. A

thircl methocl is to use an equal numbel of centloicls fol each class. This method is

called the "Equal N methocl" (ENIVI). I' this section, the per.formance of the RKC

using RNIVI and ENM is stucliecl using two examples. These tlvo examples are basically

the same except that theil a priori pr.obabilities ar.e different.

3.3.1 Gaussian Data Classification I
This experiment is a two-class, tlvo dimensional classification problem. Both classes

have a Gaussian distribution. The fir'st class has â zero mean with an identity covar.i-

ance matrix ancl the second class has â, mean vector' [1 2] and a cliagonal covaLiance

matlix with the entries 0.01 and 4. The a priori pr.obabilities for the first ancl the

second class are { and f respectively.
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Procedures

Each tlaining clata set contained a tot¿l of 400 clat¿r ancl each tcst set coutained 2000

clata. Ten sets of training ancl testing clata lvele genelatecl. In this experiulent, the

ocoN rvas uscrl to select ly'; I(-\4cans clusteling fo' selecting centroicls; Gaussian

I(clrlel as thc ladial kclnel fulctiou; and Eucliclean distance as the rnetlic. The initial

<rctttloicls usccl in thc K-i\,Ieans clustetiug r,vele selectecl ranclonrly frorn the training

clata. Tlrc RI(C rvas ttainecl ¿rucl testecl ten tilnes f'ol cach tlaining alcl testilg set. As

¿t lcsult. the ciassificatioù enols tccorclecl helc ale au âverage over thesc tcl ttainiug

ancl testilg pel clata set alcl ovel the ten sets of tlainilg aucl testing clat¿r. The

<rlassifìcation elloL L¿ìte velsus lv culves fol the RNr\,I ancl ENN,I n'rcthorls ar.e ¡>lotterl

in the next subscctiou.

Results

The e¡:ror rate veìsLls .ly' culves for the RNfuI ancl the ENIVI ale plotted irr Figule 8.4.

It shows that ÐN\¡I has a bettel classification perfonnance than RNIVI. These results

are cliscussed togethel with the results of the next experiment in the follolving section.

3.3.2 Gaussian Data Classification II
This expeliment is basically the same as the previous one except that the a pliori

plobabilities are different. The a plioli probabilities fo¡ the first ancl the seconcl class

a.e f and { respectively. The training procedures of this simulation is the same as

the plevious one so they are not repeated here.
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Figure 3.4: classification lesults of the Gaussian Data classification I using the Raclial

I(elnel Classifier with the Ratio N method ancl the Equal N methocl
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Figule 3.5: classification results of the Gaussian Data classification II using the

Radial l(elnel Classifier rvith the Ratio N methocl and the Equal N methocl
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3.3.3 Results and Discussion

Thc results of this cxpelimcnt ale ¡rlottecl i¡ Fignle B.b. Theso together. with the

Iesults from the plevious expeliment suggest that the best uurnbeÌ of centroicls pel

class fbl the RI(c <loes not depencl on the a ¡lioli ¡rr.obabilities. If it cloes, thelr

the RNI\¡I shoulcl ahvays give a snallel elror late than the ENN4. since the a pliori
plobabilities catt tto longet be usecl as guidelile to detc>r'lninc the nuurber of ccntr.oirls

one shoulcl usc fol cach class, thc uext l¡est choicc is to usc the trNi\d. that is, using

the sarne 
'unlbel 

of ce'tloicls fol evely class. Althou¡¡h ENN4 rììay not give the

oPtimutìl classification elrot Late. it does save time conr¡ralccl to sear.chirrg th¡ough

al1 combirations of rv(") and it plovides ole with a guicleline especially rvlien the ¿r

ptioli plobabilities are not kuown. unless it is l<nolvn in advance that sorne classes

tequire rnote centl'oicls thart othet classes, in orclel to h¿rve a bettcr. r.eprese¡tation.

ENI\4 seems to be the most logical choice. In the rest of the ex1;clinents il this thesis.

the trNN'I mcthocl is usecl for selecting the numbel of centroicls fo¡ each class.

3.4 Summary

This chaptel showecl that selecting centloids using ocoN is l¡ettel than ivICoN, thus

the use of ocoN is ¡ecommended. It was established that the number.of centroids for

each class cloes not âppear to clepend on the a priori probabilities. since the a prior.i

probabilities cannot be usecl as guideline for detelmining the numbel of centroicls that
shouid be usecl for each class, it is recommenclecl that an equal number of centl.oids

for each class be used.
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Location of Centroids
.

:

It is meltionecl in Chapter' 3 that the numbel of centloicls ancl theil locations ar.e

, ti.vo im¡lortant paratìleters in RI(C. Nolv that horv the nunbel of centroicls shoukl bc

. sclectecl is cstablishecl. this chal>tel consiclels the qucstion of rvhat technique shoulcl

' be usecl to select the locatiol of ceuttoicls. Thc perf'olmance of five diffelent centloicl

: selection schemes:

; 1. Rando¡n Centers,
I

1 2. l(-Means Clustering,
j

: 3. Partition Around X4edoicl (PANI),

' 4. Learning Vector Quantization (LVe), and
:

: 
t. Decision Surface l\4apping (DSM)

i ure studied. Details of the techniques are given in the following section.
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4.1 Centroid Selection Schemes

4.1.1 Random Centers

Ranclorll Centcls lvas usecl by Bloouheacl ancl Lowe in [8] 1g8B rvherr the¡, fir.st plo-

1;osecl RBFN. Tltis techniqrre sebcts centloicls ranclonly florn the training clata rvith-

or"rt le¡rlacenient. Although irì I14] Lo$'e hacl shorvn that Rnnclom centels coukl givr:

reasou¿rble ¡relfolnaucc fbL RBFN, flonl tlle cxpelimeuts in this lesoarch, t|c RI(C

clicl uot pelfolm well rvith the Ralclorn Centers.

The Rarlclo¡n Ceutels tcchuiquc usecl il the cxpelirnents hcle is difierellt fioln thc

one usecl irl RBFN litelatule in trvo lvays. Fi|stly, in the RBFN liteÌatule, r'anclorn

centcls we.e selectecl using lvlcoN, but in the expeli*ents ocoN a.cl ENN4 ar.e

usecl. This ensulcs that cach class has an equal number of centroicls to r.epr.cserìt

them. Seconclly. each selectecl centroicl is trcated as a center rathcr. thal just a

prototype. Tliat is, after the centroicls are selectecl, each tlaini¡g clata is assigne{ to

its closest centroids using the Eucliclean metr.ic, ancl the rveight, aj"), is set to the

number of tlaining data from class u groupecl into cluster C¿.

4.L.2 K-Means Clustering

K-lVleans clustering was fir'st used by MacQueen in 1g6z [Ba] with Moocly ancl Dar.ken

[9] 1989, were the first to use it to select centr.oids for RBFN. Ah¡ost all RBFN

literature use K-lVleans clustering or valiants of I(-NIeans for centloid selection. Mac-

Queen's K-lvleans cluster.ing consists of the following steps:

1. The fir'st k clata units in the data set are taken as cluste.s of one member each.

These data are the initial centroids.

2. Each of the remaining n - li; data units ale then assigned to the cluster with the

nearest centroid. After each assignment, the mean of the gaining cluster (the
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one wlìich has just receivecl a new data) is computed ancl the centr.oicl of the

gaining clustel is set to this mean value.

3. Aftel all cl¿ta units ate assignecl, the existiug cluster centroirls are takeu as fixecl

seed points ancl one ìnore pâss is nacle thlough the clata set assigning each clata

unit to the uea::est seecl point.

The I(-N'leaus clustcr:ing usecl in the expelirnents iu this lcsealch rvas a colvolgerrt

v¿lliaut of X,lacQueen's i(-À4c¿urs technique. The stcps usecl ar.e as follorvs:

1. Flom the clata set. ,l; initial centloids ar.e selectecl r.anclolll)' rvithout replaceurent

as clustels of one menrbel each.

2 Each of the lenr¿riuilg n(?r) - Å: clata units is assignecl to the clnster. with the

neâr'est centÌoi(I. Aflel each assignmert, the r¡can value of the gaining clustcr.

is conputecl. The centloid of the gaining clustel is set to this mean value.

3. Each clata unit is then taken in sequence ancl its clistances to all centloicls are

cornputed. If the clustel rvith the nearest centloicl is not the same âs the pai:ent

cluster, then this clata unit is reassignecl to the cluster with the neal'est centloicl

and the centloids of the losing ancl the gaining clusters ar.e updated to the mean

value of the corlesponcling cluster.

4. step 3 is lepeatecl until convergence is achievecl. In other worcls, the cluster.ing

process stops when a full cycle thlough the clata set fails to câuse any changes

in the clustel membership.

since ocoN is used in the experiments, the,k in the convergent K-Means algorithrn

is the number of centloids per class ancl the n(") is the number of tlaining clata fi.om

class z.

The leason for studying l(-Means clustering in this thesis is because it is a sta'-
clarcl techuique that every RBFN paper used. Although using l(-Means convergent
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clustelillg rvith RKC cloes not outpelfolrn othel techniques that ale stuclied in the

experirnents, it gives goocl perfonnance ancl its lealning speecl is faster than tliose of

the LVQ, DSNI and PANL

4.L.3 Partition Around Medoid (PAM)

The PAX4 techuiqno usecl in the expr:r'iurents is clcscribecl iu thr: book [37] by I(aufira¡
ancl Roussecurv. To cl¿rte no RBFN papel has used this tcchlique to loc¿rte the

centloi<ls. This techni<¡ue is very siurilal to tlie I(-l\,leaus clr:ster.ing. Both tr,y to

select centtoicls which rvoulcl tnitliluizo the surn of clistances bet¡vecu the cerrtloicls

ancl tlrc d¿rta. TIrc cliffelcnce is that r-rsing PAN,I, the centloids can only be selectecl

frorn tlie trainilg data. Iu othel lvorrls, thc centloicls selectecl have to be one of

trainilg data points.

The algolithur of PAIVI corsists of trvo phascs, ttre BUILD ¡rhase ancl the swAp
phasc. Itr the BUILD phasc. an ilitial clusteling is obtained by the successive selectio¡

of replesentative clata until À data have been found. It contains the follorvilg steps:

1. select a data which has the smallest sum of distances to all other. clata. This is

the first initial centloicl.

2. Consicler another data æ¿ which has not yet been selected.

3. Consicler a non selected dala., r¡. Calculate, D¡, the clistance betrveen æ¡ and

its nearest centroid, and d(i,, j), the distance between ni and îj.

4. If the clifference between D¡ and d,(i,, j) is positive, then data ø¡ will contribute

C¡t: max(D¡ - d(j,i,),o)

to the decision of whether data r¿ should be selecte<l.

5. Calculate the total gain, !¡ C¡r.

(4.1)
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6. select the clata ¡r¿ lvhich has the maxinun total gain as one of the initial

centloids.

7. Repeat step 2 to stel; 6 until ,b centr.oicls ale fonnd.

Next is the slvAP phase. In this seconcl phase, pAl\,I rvill tr.v to fur,ther. rninimize

the sulll of clistauces l¡etrvet;n the centloicls ancl tho cl¿rta, This is clole by consicler.iug

all ¡raits of data (o¿,z,n) for lvhich clata æ¿ is ¿r ce.t.oicl ancl cl¿ta ø,,, is not alcl to

dctelminc what ofrcct a slvap rvoulcl have orr thn ralno of thc clusteling. The S!\rAp

phase has the follorviug steps:

1. consiclcl a nou selectcd clata æ¡ alcl calculate its contlibutiol c¡¿,,, to the srvap:

(zr) If æ¡ is fulther. away fi.orn both æ¿ an{l r0,,, than fi.onr one of the othel

ccntloitls, thcn C¡¿,,, is zcr.o.

Qt) If æ¿ is the lea¡:est centroicl of n,¡ (cJ(k,t): D¡), theu trvo situations must

be considelecl:

(i) c¡ is closer to ø- than to the seconcl closest centloicl

d,(k,m) < E¡ (4.2)

rvhele.Ð¡ is the distance between øfr and the second near.est centroid.

In this case the contlibution of data rc¡ to the swap between <Iat a æ¿

and n- is

Cu*: d(k,m) - d(k,[). (4.3)

(ii) æ¡ is at least as distant from ø",,. as fi.om the second nearest centroicl

d,(k,m) > E¡

In this case the contribution of object ø¡ to the swap is

(4.4)

Cw^: E*- Dx. (4,5)
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Note that in situation (i) the contr.ibution C¡1,, cal be eithel.positive or.

negative clepencling on the r.elative position of clata æ¡, ø¿, æ,,.. Onlv when

the data z¡ is closel to rDl than to æ,,, rvill the corrtr.il¡utiou be positive.

This inclicates that the srvap is uot favo.able fiom the poi't of vierv of clata

ø¡. on thc othel hancl, i'situatio' (ii) the co.tributio' is ahvavs positiv<:

Ì¡t:c¿ruse it caunot be aclvautageous to r.o¡rlace æ¿ by a clata æ',, tvhich is

fulthel as'ay fiorn ø¡ than flom the seconrl closcst cr:ltloid.

(c) æ¡ is furthol atvay fiom data æ¿ than fr:our at least one ofthe other. ccntr.oicl

but closel to ø,,, than to ar¡, çs¡1r'.i.1. In this case the conttibution of n¡,

to srvap is

Ctu": d(k,nt) - Dx. (4.0)

2. Calculato the total effect of a srvap by aclcling the contr.ibutions C¡¿,,,:

Tn,:ÐC*,,,
I

(4.7)

3. Selcct the pail of (n¿, æ.,,,) which 
2ln 

?z-.

4. If the minimurn 7¿,', is negative, the swap is ca.riecl out ancl the algolithrn

retuÌns to step 1 of the SWAP phase. If the minimum e,," is positive or. 0, then

the algolithm stops.

Note that since all potential swaps are consiclerecl, the resulting centroicls ge¡eratecl

using PAM do lot depend on the older of the data.

The reason for including PAM in this thesis is because one.woulcl like to stucly

whethel a centroid selection technique such as pAfuI which selects a subset of the

training data as centroids could perfolrn as well as other. techniques such as K-ivieans

which ale not constrainecl to select its centroids from the tr.aining data. Fl.om the

results of the experirnents, it is obselved that a RKC which uses pAlvl hacl a slowel

convergent rate than when it is used with l(-À4eans, LVe or DSM.
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4.L.4 Learning Vector Quantization (tVQ)

This technique rvas fir'st ploposecl b)'I(ohonen in [38] 1988 ancl was use(l irì [1b. 89, 40]

to locate centloids fol the RBFN. The LVQ technique implementecl in the experinents

has the follolving stel;s:

1. Select li irritial ccntloitls froln each class ofthc tlaiuing clata usiug thc cou\rcrgcrìt

valiant of thc N4acQueen's l{-i\,lcans tecluri<1uc clescr.ibccl in Scctiou 4.1.2.

2. Selcc:t a clata æ¡ r'an<ìomly florn the tr.ainirrg clata.

3. Calculate thc clistancc bet',veeti æ¿ ancl all c:entroicls ancl select the nearest cen-

tloid c¡.

4. If c¡ and æ¿ belong to the same class, the ceutloicl c¡ is novecl torvaxls íú¿ usirìg

the equation

C¡:.¡+P(t)(îi-c,i) (4.8)

where c/; is the'erv cent.oid, p(t) 1s a.'o'otonically clecr.easing linea. function

which stalts at 0.3 and leaches zero in 100,000 steps ancl ú is the number of

times the cent¡oids are tlained. If c3 and ,'¿ belong to two clifierent classes then

c¡ is moved away fi'om øi using the equation

ci: 
"¡ - þ(t)(æ¿- c¡)

Only the nearest centroid is updated.

5. Step 2 to 4 are repeatecl 100,000 tirnes.

(4.e)

The ¡eason fol' studying LVQ is because one would like to observe whether LVe can

improve the centloid locations generated by K-Means clustering. In the experiments,

it is observed that LVQ outpelformed I(-Means slightly in the first experiment and it
gives the same pelformance as the K-iVIeans in the other two experiments. Although
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LVQ can select bettel celtroicls than the K-N{eans, its lealning time rvas mor.e thalr

double the time used by the I(-N,Ieans. As a r.esult, the use of LVe for.centroid

selectior is not lecomnrenclecl.

4.t.5 Decision Surface Mapping (DSM)

DSi\'l rvas fìr'st plol;osecl in the paper' [41] by Geva ancl sittc in 19g1 as â techrìique to

select plototypes for thc Nearest Neighbol Classific::. I¡ Geva ancl Sitte's paper.. thev

shoivecl that DSN4 is l¡r:ttel thau LVQ fol the pâttelrì classification ploblem. This

techniquc has not l¡een usecl for centl.oicl selection in auy RBFN papcr.

DSII4 is actually a rariation of the LVQ rnethod. The only cliffelcuce betweel

DSI\4 and LVQ is that DSI\4 does not lccluire the centloicls to leflect the probability

clistribution of each class. Ilsteacl, DSIVI adapts the celtloicls to closely urap the

clecisiotr suiface or bouttclaty rvhich sepalates the classt¡s. The DSIM algor.ithrn cousists

of the follorving steps:

1. select å initial centroids fi om each class of the tlaining clata using the convergent

valiant of the lVfacQueen's l{-lVleans technique described in Section 4.1.2.

2. Select a data n¿ ranclomly fi orn the tr.aining clata.

3. calculate the distances between æ¿ and all centroids ancl select the nealest

centroicl c¡.

4. If c¡ and æ¿ belong to the same class then no moclification is rnacle. If they

belong to two different classes then ci is punished ancl the nearest centr.oicl c¡

which belongs to the same class as æ¿ is lewardecl. The centr.oicl c¡ is moved

away from ,Di using the following folmula:
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rvhele c! is the nerv centloicl, p(ú) is a rnonotonically decleasing Ìineal functioll

rvhich stalts at 0.3 ar-rcl le¿ches zer.o in 100,000 ste¡rs ancl Í is the nurrl¡er. of

times that tho ceutroicls ale trained. The centloid c¡ is move<l torvar.d z¿ using

thc follor.ving for¡rula:

cit,: cr - P(t)(æ¿ - c6) (4.1i)

5. Stcps 2 to 4 ale lepcatecl 100.000 times.

Tlte teason fol stuclying DSN,I is l¡ec¿ruse orc woulcl like to obsclvc the iurpor.taucc

of tlie ptobability distlibution of each class towarcls the selec:tion of cr.;ntr.oicls. Floll
the expctitn<;ttts, it is lealnccl that the plobability distributions alc iur¡roltarrt t<r

the selection of ceuttoicls only rvhen these clistlibutions have simple for.rns (such as

thc nrtifot'lu tlistribution). As the plobability clistriÌntions bccornc moLc ¿rurl nor.e

cornplex (such as those iu the Vowel Expelirnent), theil irnportance il tlu¡ selection

of certloicls clecleases.

4.2 Experiments

Three experiments rvele usecl to stucly the performance of the five centr.oicl selection

techniques. The fir'st one is the Waveform experiment used in Section 3.2.1. The

seconcl experiment is a three-class, two dimensional classification pr.oblern with uni-

formly distributecl data. The thircl experiment is the Vowel classiflcation experiment

desclibecl in section 3.2.2. rn these experiments, ocoN and trNM ale used to select

/y', the Gaussian Kernel is used as the ladial kernel function. and the Euclidean metric

is used. Details of these expeliments ale as follows.

4.2.1 Uniform Data Classification

This first experiment is a three-class, 2 dimensional classification problem with un!
folmly distributecl r'andom data.
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Figule 4.1: Bounclar.y of thc Thr.ec-Class Ulifbr.m Data

Procedures

The three classes of clata were genelated using the follorving methocl:

class 1 : Genelated by ranclomly selecting a pail of cool'clinates in the square rvith

corner points (-1.25, -0.25) and (:r25,2.2b).

class 2 : Genelated by landornly selecting a pair of coorclinates in the squar.e with

colnel points (-0.25,-2.25) and (2.25,0.25).

class 3 : Genelated by randomly selecti'g a pair of coordinates in the squar.e with

corner points (-2.25, -2.25) and (0.25,0.2b).

The boundary of these classes is shown in Figure 4.1.

Three hundrecl training clata per set rvere generated using the a priori pr.obabilities

of (å, å,å). tftur there were about 100 tr.aining data per class. Ten tlaining clata

sets were generated using the above procedure together lvith ten test sets ofsize 8000.
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For each set of data, centloicls ale selectecl independently fiom each class using one

of the five centroicl selection schemes. Then the rveight, aj"). is set to the number. of

tlaining clata frorr class'u glou¡recl iuto clustel c¿. Lastly, the srnoothing par.ameter.

å. is optirnizecl using tlie test set. A list of classification ellor.s in per.celtage ancl the

cotres¡ronrling l¡. rvele lecolclecl. Since all centloicl selection schenes, except pAlvl.

clepencl otl thc location of the initial centloicls, thesc initial crcnt¡oicls wele selcctecl

tatl<lotulv f::ottt the tlaining clata an<l a RI(C rvas tlainecl teu tiures for each tlaining

ancl testing s<:t in olcler to ruinirnize the effect of the clepr:nderìcìr. Ac a r.csult. thr:

classificatiol ellols lecolclecl hr:r'e ale al ¿ìvelage over. teìr l'epetitions for. each clata

set ¿rttcl ovet the tcn sets of tlailing and testing clata. The lesults of this exper.imerrt

are lepoltecl iu the next section.

Results

The erlol lâte vcrsLls the uumber of centloicls iy' culves of the five centloicl sclectiolr

schemes ale plottecl il Figure 4.2. F) orn thesc lesults, it is cìeal that Ra¡clorn ce¡ters

cânnot compete with othel foul techniques. Although the error r.ate of DSM is even-

tually the sâr¡e as those of the I(-NIeans, PAM ancl LVe, the converging late of the

DSful is slow compared to these three techniques. As a note, the classification error

¡ate that all five techniques convelgecl to rvas the eÌrol rate of the classical l(ernel

Classifler.

Discussion

Flom tlie results of this uniform data experiment, there are thlee obselvations. The

first observation is that RKC does not have a good performance ifone simply selects a

t'andom subset from the training data as centroids (as is the case of Random center.s).

The second observation is thât although using a ranclorn subset of the tr.aining clata

as centroids is undesirable, if one carefully selects a subset of the tr.aining clata as
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Figulc 4 2: Classification results of the Uuifol'n Data Expelirnent using Ra<lial l(el'¡el

Classifier lvith five centloicl selection schernes

ceutloids using a technique such as the PAM then one coulcl obtain r.esults compar.able

to those obtained by using I(-lvleans. A third observation is that using centroicls

rvhich clo not reflect the plobability clistributions of classes may slow clown the elror.

conveì'gent Ìate as in the case of DSM. This suggests that the pÌobability distr.ibutions

ale impoltant to the selection of centroids when lú is small. F\.om these observations,

the use of K-Means clustering is recommendecl for. centroid selection because of its

speecl, convelgence rate ancl acculacy.

4.2.2 Waveform Classification

This expeliment is the tliree-class, 21 dimensional wavefor.m classification problem

desc¡ii¡ed in section 3.2.1. Fol the procedures of this experiment, please r.efer to that
section.
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Figure 4.3: classificatiol lcsults of the wavefblm Experiurent usiug Raclial I(er.nel

Classificl with five centtoirl selection schemes

Results

The euol late versus l/ of the five centroids selection schemes ar.e plottecl in Fig-

ure 4 3. similar to the lesults of the previous expeliment, the Random centels hacl

the wolst classification performance, rvhile LVQ and l(-lVIeans hacl similar per.for'-

rnance. unlike the previous ¡esults however, PAM was not able to perform as goocl

as DSM, LVQ and l(-Means in this experiment.

Discussion

From these results, there are two observations. The first observation is that pAM

does not perform as rvell as DSf{, LVQ ancl l(-Means. This is because pAM is

const¡ainecl to select a subset of the training data as centr.oicls. This result suggests

that if one is limited to use â subset of the training data as centroids, then the
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errol la,te v/ill not be better than the elror late of the CKC. The seconcl obser.vatiorr

is that i. this experiment DSNI has a similal pelforrnance to tliat of LVe anct K-

N'leans. Althoug-h DSN,I appeals to have clifficulties in locating goocl centr.oicls lvherr

the clata have a simple clistlibution (such as uniforn Distr.ibution in thc previous

experincnt), the DSivl pelfolrns as rvcll as LVQ ancl l(-À¡ieans ,"vhen the rlat¿ h¿¡ve

<rou4rlicatecl clistlibutions (such as those in this expeliruent). This suggests that as

the pr:obnbility distributions of the clat¿r class become nrole com¡rlcx, their. iufluerce

r¡n the loc¿rtions of the centloicls aucl thc crror rato of tlìe RI{c beqlnc less.

4.2.3 Vowel Classification

Tltis expelimeut is the ten-class volvel classification ¡tloblem clescrìbecl i¡ Sectio¡ 3.2.2.

A list of the vorvel clata usecl ill this expeliment is in Appenclix A. For the ¡loceclules
of this expelirnent, ¡rlease l efer. to Section B.2.2.

Results

The eu'or ¡ate velsus the numbel of centloicls rú culves of the RKC using the five

centi'oid selection techniques are plotted in Figule 4.4. The most interesting result of

this experiment is that DSM outpelforms LVQ, PAIvf ancl l(-Means. The remaining

results are similar to those of the pr.evious two exper.iments.

Discussion

The most surprising result in this leal data experiment was that DSIVI hacl outper.-

fo'med PAM, I(-lVleans, LVQ and even classical Kernel classifier. It appear.s that

as the probability distributions of classes become complicatecl, techniques such as

K-Means and LVQ sta.t to have tlouble selecting centroids which moclel these dis-

tlibutions. By having the fi'eedom to select centroicls which do not necessary reflect

the distlibution of the data, DSM is able to focus its attention on selecting centroids
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Figule 4.4: classifìcation lesults of the volvel Expelirnent using Raclial l(el.nel clas-

sifìel rvith five ccntloicl selection schemes

which inrprove classification lather thau ou rnodeling the distr.ibution. Thus, it rvas

able to achieve the best enot' ra,te in this expetiment.

4.3 Summary

From the lesults presented in this chapter', there are four important observations.

1. using Ranclom centers as RKC's centroids usually results in ân eÌror rate that

is lvorse than those obtained by the othel four techniques. Thus using the

Random Centers with the RKC is not recommended.

2. Although the results of the PAM in the first and the third experirnent are

simila. to those obtained by using the l(-lVleans ancl the LVe, the constraint

which limits the PAM to select centroids fi'om only the training data slows clown
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PANI's co've.gence tâte as in the case ofthe Waveform Experiment. Utrless the

plobleni requiles the use of a subset of tlaining clata as centr.oicls, pAM is not

recomrlenrlerl.

3. since thc I(-l\,lea.rrs gives siurilal lesults to the LVe ancl since it has a sholter.

Iea.niug tiùìc than the LVQ in all thlec experiments, the use of the I(-x,fca.s

clustelilg tor centl'oicl sclectiol in RI(C is Iecomnlenclecl.

4. Folcing thc c<:ntloicls to nodcl the pr.oìrability clistlibution of thc classcs nray

lot necossalil¡' plovicle good classification perfolmance. A goocl exarn¡rle is the

sulplisingly goo<l lcsults obtainecl bv DSlvl - a techniquc which cloes not cor-

stlail its centroicls to l'eflect the plobability clistribution of the classes irr the

vo"vel Expe.iment. By outpe'fo''ring the other fou. techniques i'this last ex-

¡retitnctit. DSNÍ shorvs its poterttial fot celtloicl selectiol in leal applications.

Horvever, the use of the DSivI fo. centloicl selection is not leconmenclecl be-

cause its leaming tirne is lougel than those of the l(-lVleans ancl it has a slorv

convet'gence ì'ate.

Basecl on the thircl obselvation, the K-Means cluster.ing is used for centroicl selec-

tion in the remaining experiments of this resealch.
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Chapter 5

Distance Measures

This chaptel stuclies the pelformance of RI{C lvhen six cliffelent nretlics are usecl.

In olclel to simplify the stucly, the six metrics ale groupecl into trvo sets: the .L,,

uretlic ancl the l\4ahalanobis metlic. The -L, rnetlicr consists of tlìe ¿l metlic or thc

Nlanhattan clistance, the Eucliclean mctric ancl the -L- rnetr.ic. The lvlahalanobis

rnetlic colsists of the Glol¡aÌ sigma metlic, the one class one sigma (ocos) metric

and the P-Nealest Neighbol metric. For each metric gloup, two experiments were

used in to study their performance. The wavefo¡m ancl the vowel experiments lvere

used to study the pelformance of RI{c using an .Lo rnetric, ancl the uniform Data

and the vowel experiments were usecl to study the performance of an Mahalanobis

rnetlic.

5.1 .L, Metric

In this section, the performance of the RKC rvith thlee clifie¡ent zo metrics is corn-

parecl.

1. The Manhattan metric ot ¿r notm which has the form:
d

ll* - ull : Ðlq - aol, æ,s e R!
i=1
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2. The Eucliclean metric or Z2 nolm rvhich has the form:

( ¿ ¡r/2
llæ-ull: {Ir,,,-u,l'} æ.se Rd

3. The [,laxirnuur Value rnetric ol..L- noLnr rvhich has the for.ln:

llæ - all: max{ lzi - go l}Í¡=, , r,a € RL .

(5 2)

(5 3)

Both the À4anhattan tltettic ¿rncl the Nlaximurl Value uretlic have rmt br:elt stuclic<ì

in RBFN litelatule.

The t'"vo cx¡rcliurents usecl to stucly thc pelfolrnauce of RI(c ar.e the w¿vefonn

r:xpetitneut dcsclil¡ccl irr Scction 3.2.1 ¿rld the Vowel expelirnent lvhich is clesc¡il¡efl

in section 3.2.2. rt tliese ex¡reliments, ocoN ancl ENl,l wer.e usecl to select the

uumbet of centtoicls, I(-N,leals clusterilg w¿rs usecl for selecting the centr.oicls alcl the

Gaussian l(elnel rvas usecl as the laclial kellel fun<:tioli.

5.1.1'Waveform Classification

This expeliment is the three-class, 21 dimensional wavefo¡m classification pl.oblem

clesclibed in section 3.2.1. Fol the ploceclules of this experirnent, please refer to

Section 3.2.1.

Results

The error Ìate velsus N curves for the three metrics ale plottecl in Figure 5.1. Flom

the results, RI{c pelforms slightly bettel rvith the Euclidean metric than with the

Manhattan metric. The fuIaximum value metric has the worst perfolmance for any
AI

Discussion

F\'om the results, there are two obser.vations.
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Figule 5.1: classification lesults of the waveform Expeliment using Radial Kernel

Classifiel with thlee -Ln metrics
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First, although the lVlanhattan metlic cloes not outperfolrn the Eucliclean metr.ic,

the lestlts âre vely close; rvithin one percent. Since the classification speecl of a RI(C

using the 14anhattan luettic is fastel than that ofthe Eucliclean nrctlic, ifclassification

speecl is tuotc itnpo::tant thau accuracy, then the X,lanhattal rlettic shoulcl be usecl

insteacl of the Euclidean uretlic.

seconcl, the Nlaxir.nuln valuc rnetric has the lalgest ellol râte fol ever.r, ,¡ú. This

poot petfottnatlce of thc \,faxiutult Valne rletric is leasoual¡le because it usccl only

olte of the 21 clitnettsiotts fot its distancc rne¿ìsure. In othel wolrls. the inforln¿rtiol

lvitllil the tetnainiug 20 cìintensions was cliscalclecl by the Nlaxinnur value metr-ic. No

rvouclel it pelfomrs poor'Iy.

5.1,.2 Vowel Classification

This experitnertt is the ten-class vowel classification ¡loblenr clescribecl in Sectio¡ 8.2.2.

For the proceclules of this exper.iurent, please r.efer. to Section 3.2.2.

Results

The error late velsus 1ú culves for the three diffelent metr.ics ale plottecl in Figure 5.2.

The most lemalkable thing about these ¡esults is that a RKC using the fulanhattan

metlic has actuâlly pelformed better than a RKC using the Euclidean metric.

Discussion

This experiment sholvs that fol RI{c the lVlanhattan metlic is a viable alternative

to the use of the Euclidean metlic. The Manhattan metlic is both faster than the

Eucliclean metlic to compute and it provides a better performance than the Euclidean

netric.
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Figure 5.2: classification results of the vowel Experirnent using R¿dial l(ernel clas-

sifier with thlee tro metrics
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5.1.3 Summary

These tlvo cxpelirnents shorv that

1. The l\4axiulnur Value netlic ol the z- uolm rvith RKC gives r.esults.wliich ar.c

$'oÌse than those of the Eucli<lean rnetric. Thus its usc is ùot r.er:ommenclecl.

2. The use of the À,Ianhattan rretlic is an attlactive ¿ìlternâtivc to the use of the

Eucrlirlearr nretlic. Not ouh¡ (ìat1 it provicle a classificatiol spe<:cl fàstei' tltal
tlìat of thc Euc:liclean nrctlic, but the Nlanhattau nlctLic can also pr.ovicle a

cl¿rssification erlol sinlilal to ot everì Ìtetter. than the Eucliclcan ruetr.ic.

Itr thc next sectiorr, the metlics that belorrg to the l\,lahalanobis ¡netlic gloup âr.e

stuclied.

5.2 Mahalanobis Metric

Tlte petformance of RKC using the Nilanhattan netlic is compa¡ecl with thr.ee clifierent

fuIahalanobis metrics:

1. the P-Nealest Neighbor. rnetric;

2. the Global Sigma metlic; and

3. the One Class One Sigma (OCOS) metric.

Recall that the Radial Kernel De.sity Estimate (RI{DE) is usecl by the RKC to

estimate the class-conditional probability clensity p(nlu,). It has the form
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(5.4)

where n is the total numbel of training clata, à is the smoothing palameter, d is the

dimension of r, lr(") is the number of clusters which contai' data frorn crass z, af")

q(u)(æ):#Ë'"*,r(n#S)
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is the lumbe. of training data f¡om class u grouped into clustel c¿, Q is the ladial

kelnel functiou, aucl c,(") is the'j-th centloicl. when the Nlahal¿rnobis metr.ic is usecl

rvith the RI(C. the RI{DE will have the for.m

. ¡ú(ù) ,Í") , ((t* _ c,(,r¡r1¡(,,);-r1ø _ c,r"t¡)'/2\q(¡¡)(')- # Ð ,-.*--rr*- q l+l (¡¡l
i= r (dct li*,J \ ,, )

ivhele Ðj") is the nolmalization matlix fol tho chrstel c,, clet tÍt') is the ck.;ter.nlinant of

2\"). *r is thc tlans¡rose of ø. Fol each cliffelent N,Iahal¿nobis rnetr.ic. thc calculation

of D{') is cliflr:rcut.

Tlie Unifbun Data expetinient and the Vorvel expeliurent r.vele usecl in this sectio¡.

In these ex¡relirnents, ocoN ancl EN\4 rvele used to select N, the l(-i\4ea¡rs cluster.ing

was usccl fot centtoid selectiou, aud the Gaussian I(eurel was usccl as the ¡a<lial kertel

function.

5,2.L P-Nearest Neighbor Metric

Fol the P-Nearest Neighbol metric, the nornalization matr.ix D{'d is set to the root

mean square value of the Eucliclean clistances from the centÌoicl 
"j") 

to it, p near.est

neighboliug centloicls of the same class, that is,

"*, 
: 

l;É ¡¡",r.r - "¡;;¡¡,]'/'r
rvhele ll ... 11 is the Eucliciean clistance, .I is an iclentity matrix, ancl {c$]}t , ar" tt 

"
P nearest neighboling centroids of c,("). '¡'hr P-Nealest Neighbor metric was first

ploposecl by Moody and Darken in [16] 198s to calculate the leceptive field rvidth

of the RBF N. A unique feature of the p-Nearest Neighbo' is that it pr.ovides the

RKC with an adclitional parameter P to improve its classification pelformance. The

experiments show that in general P: 3 is sufficient to provide a good classification

performance. As a result, the Thlee Nearest Neighbo. met'ic is used in both ex-

periments in this section. since the Three Nearest Neighbor metric requiles every

(5.6)
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cerìtloid to have at least three neighboring centroicls fiorn thc same class, the nurnber.

of centloicls for each class is staltecl at fou¡: for. both experimcnts.

5.2.2 Global Sigma Metric

Fo. tlie Global Sigma r.et.ic, the no'lalizatio. uatr.ix D{") is sct to the sample

cov¿rLi¿rucc uratlix of all the tr:aiuing clata. that is. D(") x. usilg Global sigma

notlic. tìrc RI(DE in c<¡uation (5.5) can bc rvlitteu ¿ls

(5 7)

This nretric systern is sirnilal to the oue proposecl lly Poggio ancl Gilosi in [42] 1gg0.

5.2.3 One Class One Sigma (OCOS) Metric

Fol the one class one sigma (ocos) rnetric, tlie nolmalization rnatrix is sct to

the sample covaliauce matrix of each class, that is, tÍ") : D(.). gr¡¡, gç¡1g.

equation (5.5) can be rvritten

The pulpose of using ocos is to lecluce the contribution fiom the data climensions

with a lalge r'ânge ol' value to the distance measure. This idea of nolmalizing the

contribution of each dimension of the clata during classification is similar to the iclea

of normalizing the tlaining data before centloicl selection proposecl by Lay and Hrvang

in [1s] 1993.

5.2.4 Uniform Data Classification

The first experiment is the thlee-class unifolm data classification expeliment cle-

scribcd in section 4.2.1. For the procedures of this expeliment, please refer to sec-
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Figule 5.3: Classificatiorr lcsults of the Uriform Data Experirnent using Raclial I(elnel

Classifiel lvith foul Xrlahalanobis uretrics

tion 4.2.1.

Results and Discussion

The elror late velsus.ly' culves for the RKC using foul metlics are plotted in Fig-

ure 5.3. F\'om the lesults, there are two observations.

The first observation is that although the Global Sigma metric ancl the OCOS

metric ale more flexible than the lVlanhattan metric since they have mor.e pârameters

to vary, they give similar results to the Manhattan metlic in this experime't. The

reason fol this result is because unifolm landom data rvas used. since RKC using the

Global sigma metl'ic or the ocos metric have a longel lealning and classification

time than the Manhattan metlic, the use of the Manhattan metric is r.ecommencled

when the data have an uniform distlibution.

The second observation is that the P-Nearest Neighbor. rnetric gives a pool.pel.-
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Figule 5.4: classificatiou lesults of thc vor,vel Expelirnerrt using Ra{ial Ker.rrel clas-

sificl rvith fou¡: N,Iahalanobis trettics

fo¡rnance compaled to the othel three nìetl'ics. since the p-Near.est Neighbol metr.ic

used nore local information than other metrics, this result suggests that RKC cloes

not perfolm well with a local rnetric.

5.2.5 Vowel Classification

This experiment is the ten-class vorvel classification problem clesclibecl in Section 3.2.2.

Fol the procedures of this experiment, please r.efer to Section 3.2.2.

Results and Discussion

The elror Late veLsus .l[ curves of the RKC using the fou¡: cliffer.ent distance metr.ics

ale plotted in Figule 5.4. This expeliment illustrates the real advantage of using

ocos and Global sigma metrics rvher the data have a rvide range ancl spleacl i''
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clifferent rlirnensions. The reason for their goocl pelformance is because the ocos
rletlic ¿urcl the Global Sigma metlic ale able to obtain an objective clistance lneâsur.e

by nolnralizing the Volvel data rvheu the clistance tneâsut'e is calculaterl.

Thc ::esults also shows that the P-Nearest Neighbor. luetric cloes not inpr.ove the

<rlassification ¡relfolurance of a RKC using the ivlauhattan metr.ic. It appeâr.s tlì¿t

a local ntetti<r sr.tclt as the P-Neat'est Neighbor cannot outpelfomr the N4anhattau

nretri('.

5.2.6 Summary

To colclucle, the trvo exper.iments show th¿t

When the clata in the classification problem has a lalge tange ol spleacl as in

case of the Vowel rlata, the OCOS lnetric shoulcl be usccl.

Local netlics such as the P-Nearest Neighbor. rnetric shoulcl not Ì>e uscd with

the RI(C because in gener.al they cannot achieve a classification pelformance

bettel than tliat of the lVlanhattan metric.

5.3 Discussion and Summary

If the results of the vowel classification experiment in Figure b.2 are compar.ecl with

the results in Figule 5.4, it is clear that ocos outpelfoi'ms the lVlanhattan metric.

This suggests that ocos is the best metric to use when the data has a complex

clistribution (as in the last experiment). The only price one pays for this good perfor.-

mance is a slightly longer classification time. If classification speecl is more impoltant

than the perforrnance then the iVlanhattan metric is recommendecl. Although its per-

forrnance is not as goocl as the ocos's, its classification crror is compalable to that

of the Euclidean distance metric.

oó



Chapter 6

Radial Kernel F\rnctions

This chapte:: stuclics the perfottnauce of RI(C using 12 cliffelent Raclial l(er.nel Fu¡c-

tions (RI(Fs). silce RI(c is a hyblicl betrvcen the classical Keurel classifier (cl{c)
and Radial Basis Fuuctions Netrvolk (RBFN), tlie RI(Fs consicler.ed in this chapter.

cotne fi'otl.l the litelatule of thcse tlvo classifiels. Note that in the CI(C liter.ature the

RKF is callecl l(ernel Functiorr ancl in the RBFN literature it is callecl Radial Basis

Functions. To simplify the study, the 12 RKFs are gloupecl into three sectio'rs:

1. Second Order Kernel F\¡nctions :

(a) Gaussian I(ernel,

(b) Rectangular Kernel,

(c) trpanechnikov I(ernel,

(d) Biweight Kelnel, ancl

(e) 1)iangular Kernel,

They are used in the cKC literature for both pattern classification and function

estimation.

2. Higher-Order Kernel F\_rnctions :
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(a) the Foulth Oldel l(elnel,

(b) the Sixth Olcler I(euel, and

(c) the Oighth Or.der. I(er.lel.

They are usecl ur¿rinlv in the CI(C litelatur.e for.function cstitnatiotì.

3. Radial Basís F\rnctions :

(a) Pseudo-Cubic Spline.

: (b) Thin Plate Spline .

: (c) A,lulti-Quadiic Equation, ancl

(d) Logar.ithnric Basis Function.

' Tlley are usecl in the RBFN literatule fbr function apploxir¡atio¡.
:

: Thc teasou for stutlying the petfortnance of these RI(Fs is to finrl out ivhich types of
. nKFs shoulcl not be usecl with RI{C, rvliich rnay be usecl, ancl rvhich shoulcl ahvays

. ¡e used rvith RKC. The lesults of the experinents in this chaptel show that most

. RBFs shoukl not be used with RKC, all Kelnel Functions may l:e usecl with RKC,
j ancl the Gaussian l(ernel shoulcl always be usecl with the RI(C.

. two expet'iments were used to study the pelfolmance of the 12 RKFs. For Second

' Ot'del Keruels, the Uniform Data and the Vowel experiments were usecl. Higher-Or.der

, Kernels and the Radial Basis Functions used only the Vowel experiment.
:

.

:

I

: U.t Second Order Kernel F\rnctions
:

: In this section, the performance of the RKC using five second older kernel functions

is compaled:



CHAPTERÛ. RADIAL KERNEL FUNCTIOJVS 66

1. Gaussian Kernel : This is the ¡nost rviclely usecl ke'nel i' both cl(c a'cl

RBFN literatule aud it has the form:

46¡ - l"-ttzt,'. (ú r)t/2r

2. Rectangular Kelnel : This is l:asically the Unif'olm Distlibutiou functiou

rvhich has thc folnr

,þ@)-[] roLl;ul<1.

|. 0 othcnvisc.

3. Epanechnikov Kernel : This lçenrel has the folm:

,1,Ø):{# (t - å''') foL lzl < r'Æ'

I o othc'wisc'

4. Biweight Kelnel : This kerlel has the folrn:

,1,@) : {'1,,!(1 
- 't2)2 for l:ul < 1'

[0 otlrelwisc.

5. tiangular. Kernel : This ker.nel has the form:

d(:ù) : f 1 - l'jl ro. lcl < 1'

[ 0 othelwise.

(6.2)

(6 3)

(6.4)

(6.5)

A plot of these kelnels is in Figure 6.1. These five kernel functions ale similar in that
they ale all probability density functions. That is

foo

J,__*ó{"): t and d(") l0 Vc

for these five kernels. Except foi' the Gaussian l(elnel, each of these second or.clel

kernel functions have a finite support, that is, ç5(ø) ) 0 for.only a finite range. The

pulpose of this section is to find out rvhethel a finite support kernel coulcl perfonn as

well as the Gaussian Kernel which has infinite support. Despite the wide acceptance
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Figule 6.1: Seconcl Or.cler. I(er.uel Functions

of the Gaussian I(eltrel, its classification speecl is slow rvhen comparecl to the ot¡e¡
fout Secolrd Orclel l(elnels. The reason for this slow classification speecl is l¡ecause

the exponential function in the Gaussian Kelnel lequiles a long computational tirne

ancl because of the infinite suppolt the Gaussian Kernel has to use this function fol
every real æ. If one of the finite support kernels could procluce sirnilal. r.esults to

the Gaussian I(ernel, using it rvith the RI(c classificaiion rvoulcl mean a significant

increase in classification speed.

Two experiments were used to study the pelformance of the RKC using the five

second o¡cler l(elnels. They were the unifolm Data expeliment clescr.ibed in sec-

tion 4.2.1 and the Vowel experiment clescr.ibed in Section 3.2.2,

6.1.1 Uniform Data Classification

The first expeliment is the three-class uniform Data classification experiment cle-

scribed in section 4.2.1. For the procedures of this expeliment, please refer to sec-

tion 4.2.1.

o(
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Figur'<l 6.2: Classification lesults of thc Unifoul Data. Expelrirnent usilg Raclial I(e¡nel

Classifiel rvith flve Second Olcler. I(er.nel Fulctions

Results and Discussion

The lesults ale plottecl in Figule 6.2. F\'om the results, ther.e a'e two observatio.s.

The fir'st obselvation is that RKC gives a pool perfolmance when it is usecl lvith
the Rectangular I(ernel which is a non-local kernel. A non-local l<elnel is a kernel

function which cloes not have â convex shape. It appeâr.s that the nonJocal kernel

has a lesse¡: discrirninating powel than the local ones. This fact will become cleal

if one consiclels the following example. consiclel a two-class classification problem

whele each class has the same a priori probability ancl each class has a tliangular

distribution (FiguLe 6.3). using the Bayes Decision Rule (clescr.ibecl in section 2.1),

one can achieve the Bayes ErroÌ if any observation less than 0 is assignecl to class 1

ancl any obselvation lalger than or equal 0 is assignecl to class 2. Now if one tr.ies

to estimate the dist.ibutio. of each class with a Rectangular Kernel (Figure 6.4),

the observations which fall between the range [-0.b,0.b] cannot be properly classifiecl

because the trvo Recta.ngulal Kelnels give the same response in this region. This is
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Figule 6.3: Trvo-Class Ploblem with Tliangulal Distlibutiou

exactly rvhat hap¡rens when thc Rectangulal l(elnel is usecl with a RI(C. The legion

of unkltowtl classificatiou in tlte bounclaries between classes is the leason for the poor.

perfolmance of the RKC usitrg tlie Rectangular. I(emel.

The seconcl obselvation is that using the Tiiangular. I(ernel is an attr.active alter.-

native to the use of the Gaussian l(elnel. Not only is the T\.iangular l(ernel fastel

and easier to calculate than the Gaussian Kernel, the T\'iangulal Ker.nel also achievecl

a bettel result than the Gaussian Kernel in this experirnent (FiguLe 6.2). The use of
a finite support kel'nel such as the T\'iangular l(ernel is recommenclecl if the speecl of
classifi cation is impor.tant.

6.L.2 Vowel Classification

This experiment is the ten-class vowel classification problem descr.ibecl in section 3.2.2.

Fol the proceclures of this experiment, please refer to that section.
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Figure 6.4: Estimatc Triangular. Distr.ibutions rvith Rectangular. I(et.nels

Results and Discussion

The results ale plottecl in Figule 6.5. The lesults of this expeliment pl'ornpt tlìr'ee

obselvations.

The fir'st observation is that tlie Rectangulal l(emel has the rvorst perfor.mance of
the five second olclel kelnels that are studied. This result suggests that the Rectangu-

la¡ l(elnel has a lesser discriminating porvel than the other foul kernels. As mentionecl

in the plevious expeliment, the reason for this poor perfor.mance is because it is hald

to get cleal bounda.ies between classes lvhen the Rectangulal l(ernel is usecl with a

RKC.

The second obsewation is that the Gaussian Kernel wllich has an infinite support

petforms better than the rernaining four' finite suppol't ker.nels. The reason for this

is probably because RI(c rvhich uses an infinite support kernel such as the Gaussian

Kelnel is able to classify any clata in the sample space but when RI(c uses a finite

support kernel, it cannot give any Ìesponse to those clata that are outsicle the support

of the kernel. As a result, using a finite support ker.nel rvith RKC, there may be
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Figulc 6.5: Classification results of the Vowel Expeliment using Raclial I(elncl Clas-

sifiel rvith five Second Olcler.Kellel Functions

legious in the clata space whele no laclial kernel can ¡rrovicle any respo.se. Data

within this legiou of void therefole cannot be classifiecl. This rnay explain why the

Gaussian Ke.nel is the most widely usecl kernel in both the cKC anci the RBFN

literatule.

The third obselvation is that the thlee finite support local ke¡nels: the T).iangulal

Kernel, the Bir,veight l(emel and the Epanechnikov Ker.nel, gives similar lesults (Fig-

ure 6.5) even though they have a difierent profile. This suggests that rvhen one wants

to use a local kernel for its fast classification speed, one shoulcl choose the Tì.iangular.

Kernel because it has the simplest form and it is the easiest to compute.

6.1.3 Summary

These two experinents shorv that

7t
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1. The Rectangulal I(elnel shoukl not be used with RI(C in classification because

its pelfolrnance is usually rvorse than those of the other foul seconrì or.clel ker.-

nels.

2. The Gaussial I(et'liel shoukl be usecl lvith Rl(C fol most classification ploblerns

bcc¿rusc its lcsults :rlc zrs goocl âs ol even bcttel than thosc of the other. four.

kelnels.

3. If dassificatiou s¡>eecl is inpo¡tant, orrc shoulcl consiclel using a finite suì)l)ort

local kelnel at the ¡>rice of losi.g sorne classification pe.for.mance. since the

tlttee finite support local ketnels gave sinilal lesults iu the expe¡i¡re¡ts ancl

Tliangulal I(ernel has thc siniplest fomr in the foul local ker.nels, using thc

Tliangulal Kelnel is ¡ecolturenclecl to inclease the classification speecl of a RI(C.

6.2 Higher-Order Kernel Functions

In tìris section, the perfolmauce of a RI(c using the Gaussian Kemel is conrpalecl

with thlee higher-orcler ker.nel functions:

1. Fourth Order Kernel : This ker.nel has the for.m:

I #f r - x2)(z - 7r2) for løl < 1,
d(c) : {

[ 0 otherwise.

2. Sixth Order Kernel : This ker.nel has the folm:

]/ .\ I *åf t - Ì2)(5 - s0r2 + sar4) for. lcl < 1,
9(.¿l : f

[o othetwise'

3. Eighth Order Kernel : This kernel has the forrn:

,þ@):{ ro*@(r- x2)(35_385Í2+ 1001¿'r-71516) foL løl < 1, 
t6.s)

|. 0 othelwise'

(6.6)

(6.7)
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A plot of the thlee higher'-orclel ke.nels is giveu in Figure 6.6. The nrai' clifier.-

ence between these thlee higher-orcler kelnels and the second or.cler kernels is that

these higher-ordel kernels have negative lesponses, that is, /(ø) coukl be negative.

If the higher-ordel kelnels is used with the Kernel Density Estimate to estimate the

class-conclitional plobability distribution, the lesulting clistribution will have negative

values. This is undesilable because a probability distribution shoulcl always be posi-

tive. Due to this reason, higher-order kernels are not used in cKC literature. These

kernels however ale used in Ke¡nel smoothing ol function estimation because the

higher the kernel order the faster the convelgence rate. The pur.pose of this section is

to fincl out whether higher-order kernels can outperform the second or.der kernel such

as the Gaussian Kelnel.

The Vowel experiment describecl in Section 8.2.2 is usecl to compal.e the perfor-

mance of the RKC using these three Higher'-order l(ernels with the Gaussian l(emel.

The results are plotted in Figure 6.7. They show that the higher the kernel order
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Figulc 6.7: classification lcsults of the vorvel Expelimcnt using Raclial I{elnel clas-

sifiel rvith Highel Orcler. Ker.nel Rurctions

is thc ¡roorel is the petfotmance. Thus the Higher-Orclel I(ernels shoukl not l¡c usecl

rvith the RI{C in classiûcation ploblems.

6.3 Radial Basis F\rnctions

This section studies the performance of a RKC using four raclial basis functions:

1. Pseudo-Cubic Spline (PCS) : This basis function has the for.m:

ó@) : l*l'. (6 e)

2. Thin Plate Spline (TPS) : This basis function has the form:

ó(r) : n"Ios@). (6.10)

3. Multi-Quadric Equation (MQE) : This basis function has the form:

ó(x):./xz +E (6.11)
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Figure 6.8: Raclial Basis Functions

hr the expelitnents, À;: 1 is usecl.

4. Logalithmic Basis F\rnction (LBF) : This basis function has the folm:

þ(r) : Iog(x2 + k2). (6.12)

In the experiments, k: 1 is usecl.

A plot of these radial basis functions is in Figure 6.8. The major clifference between

these Radial Basis Functions (RBFs) and the kernel functions that wer.e studied in

the plevious sections is that these have a concave profile.

Again the vowel expeliment described in section 3.2.2 is usecl he.e to study the

pelformance of the RKC using the four Radial Basis Functions.

The results are plotted in Figure 6.9. Flom these results, it is clear that RKC

loses all its classification power when usecl with the concave RBFs. The Leasons for

this poo' performance lie in the the shape of the RBFs ancl the weights of the RI(c.
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Figulc 6.9: Classification results of the Vorvel Expelirnent using Ra{ial I{ernel Clas-

sifiel rvith foul Raclial Basis Functions

Recall that RI{C rvill classifï an observation æ if

to

(6.13)

In olclel to classify an observation æ ploperly, the raclial kelnel function of those

centloids rvhich ale close to ¿ shoulcl give a high response. since the four RBFs

stuclied here have a concave shape, they would plovide a high response only to those

centloids 'çvhicli ale furthel away fi'om æ. As a result, the RKC cannot classi$, any

obselvation propelly using concave RBFs.

6.4 Summary

Flom the results plesented in this chapter, thele are four. observatio¡rs.

1. Although finite suppo't seco'cl orcler i(ernels with the RKC have a faster

classification speed than when the Gaussian l(ernel is usccl, they are not able

e ç,,,¡f ofò 4,("#*) 2 P @,) 
F_"r, 

r(t#)
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to plovide a bettel' pelfolmance than the Gaussian Ker.nel.

2. The pelforruance of the Higher'-oldel Kelnels are genelally rvolse than those of

the Gaussian I(elnel.

3 RKC loses all its disc.imi'atirìg porver rvhen it is usecl lvith a co'cave RBF.

4. Thc results i. this cfraptel sug-gest that RKC is simila'to cl(c in that it
Iequires its keÌnel function gives a positive lcsporìsc for' ¿rnv obscr.v¿tiou ancl

havc a crluvex shape. This ol¡selvation is leasonable because the RI{c is cler.ivtxl

mainly frorn the CI(C.

77



Chapter 7

Smoothing Parameter Selection

The snoothing pâr'anÌetel' å is vely im¡roltant to the pc::formance of the RI(c. If the

/¿ is too sntall. the raclial kelnels will not be wicle enolrgh to covel all the tr.aining

data. This rvill lesult in a lalge classification enor'. ol the other, if the ft, is too lar.ge,

theu the boundaly between classes becones blull'ecl. This also lesults il a lar.ge

classifìcation elror. The selection of l¿ can literally rnake ol bleak the RKC. In this

chapter, diffelent rnethods for optimizing the srnoothing par.ameter'ä are stucliecl with
respect to the classification ellol of the RKC. The plocess of optimizing å consists

of thlee steps. First, one needs to specify a Ìange ol a list of å where the optimum

rvill lie. second, the classification euor of a RKC is calculatecì using this list of å.

Finally, the ñ. in the list which gives the ¡ninimum classification elror is selected to
be the optimal h. since the last step is tlivial, this chapter focuses only on the first

two steps. First, three diffelent methods for estimating the classification errors using

only the training data are studiecl. Next, thlee methods fol selecting a range of ft. for

optimizing ä are studiecl.



CHAPTER 7. SMOOTHING PARANIETER SELECTION

7.L Error Estimation

Iu an icleal sitr:zrtion, one rvoulcl have a large nuurber. of tr.aining ancl testing clata to

calculate the classification elror l'âte, -L, for a given lu. Horvever, for.r¡ost classification

¡rloblerns, the sanrple data ale sel<lom euough eveu for.tr.aining the classifier, lct alone

testirg it. As a lesult, vcly ofien onc has to estirnatc ,L using the sarne data usecl

iu trainirrg the classifier'. Thlee <nnnrorlly usecl tncthocls fol.cstilnating Z are thc

Resubstitutiou rlethocl, the Leave-one-out methorl ancl the Booistr.ap methocl. hr

this sectiou, thc etrot estination pelf'ollranccl of these tlllee methocls ale courparccl

rvith the urinimurl erlot, Z.

The Vorvcl expetitrteut tvas usecl in tìris sectiol to assist the stucly. Iu this exper.!

lneut, ocoN ancl ENNI wele userl fol selecting lú, the l(-lVleans cluster.ing rvas usecl

to select the cerrttoids, the G¿¡ussiau Kelnel rvas nsecl as the la<li¿l ker.nel fulctiol
ancl the Euclideau metlic rvas usecl.

7.L.L Resubstitution Method

The Resubstitution rnethocl was introcluced by smith in lgaz [a3]. It is the simplest

and the fastest method of the thlee stuclied. The proceclure of this rnethod is as

follorvs:

1 T)'ain the classifler using all the t'aini'g data. The t.aini'g of the RKC can be

fulther divicled into the following steps:

Select 1ú centroids using the training data.

Find the weights for each centroid by counting the tr.aining clata within its

cluster.
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(u)

(b)

2. Classi$' all the t¡aining data using the t'aine¿ RKC
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The resultirrg classification ellol late, -L¡¿, is the Resubstitution estiìrìate of the t¡ue

er¡or'-L.

7,1,.2 Leave-One-Out Method

Thc: LcaveOne-Out rrrcthocl rvas ¡rtoposccl by Laclicubluch ancl N,Iickcy il 1g68 144].

Tltis lnethod is slorvct and sliglttly nole cou4rkrx tharr thc Resubstitution nretho{.

Givel n tlaining data, the ¡lloccclur.es for.this lnethocl arc as foll<¡lvs:

1. Sclcct a 1r'ainirrg rlaturu L

2. Tr'¿rin the classifier r,vith the leuraining rz - 1 tlaining clata. For thc RI(c. this

inclucles thc follorvilg steps:

(a) Selcct tV centr.oicls using thc r.eurainirlg rz - 1 tlaiuing clata.

(b) Fincl the weiglrts fot each centloicl ìry coulting the lunrbel of tr.aiuing clata

withiu its cluster'.

3. CÌassify the tlaining datum ¿ using the trainecl classifier..

4. Repeat step 1 to 3 until each training data has been selectecl once. 
i

The lesulting classification elrol rate, .L¿, is the Leave-one-out estirnate of the true

classification erro¡ -L.

7.L.3 Bootstrap Method

The Bootstrap rnethod was int.oduced by Efi'on in 1929 [a5]. This rnethod is the 
:

slowest and the most complex method of the thlee stuclied. Given a tr.aining set ?
with n data, the implementation of this method is as follows:

1. Set the counter Notlt¿Bootsh.ap to zerc.
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2. Select n clata lanclomly frorn the training clata rvith replacement to form a

bootstrap set, 7s. Note that not every tlaining clatum is in the bootstrap set

aud the same tlainilg clatum may ¿ùppeat.not.e than once in the set.

3. Ti¿in the classifiel rvith the bootstrap set, ?¡. Fol the RI(c, this inclucles thc

folloi,ving steps:

(a) Sclcct tV ceutloi<ls florn 73.

(b) Find the rveigltts fol each ceuttoicl bv countiug thc nurntrcl of clata il the

ltootstla¡r set fallen rvithin its cluster..

4. Classify the tlaining sct ? using the tr.ained classifier..

5. Couut the numbel of training clata in Z that ¿u.e not in the bootstr.ap set, ?¡.
arrcl ¿clcl this nuurbel to the countet. Notltt,Bootstruçt.

6. Steps 2 to 5 are re¡:eatecl B tirncs.

7. compute the er.o. r'ate -L¡ by dividing the total number of classification e.rol'

by the countel NotlnBootstrap.

The lesulting classification en'or rate, z¡, is the Bootstrap estimâte of the true clas-

sification elror -L. In a paper by Jain and Ramasrvami [a6], they lecommenclecì using

B > 100 fol the Bootstlap method. Following their. recommendation, B:100 is

used in the experiment.

7.1,.4 Vowel Classification

This experiment is the ten-class vowel classiflcation problem described in section 3.2.2.

To calculate the minimum elror, .L, the RKC rvas trained using the tr.aining clata ancl

the h was optimized using the test data. For the thlee methocls studiecl, the training

clata we¡e used fol both training the RKC and fo¡ optirnizing h. After the three
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Figule 7.1: Classification lesults of the Volvcl Expelimelt using thlee errot estirrration

methocls

nethods have found the estimated optimum ft., they were testecl using the test cl¿ta.

For more details on the proceclule of this experiment, please lefel to Section 8.2.2.

Results and Discussion

The errol rate versus 1ú curves of the RI{C ale plotted in Figure 7.1 ancl h ver.sus

.lf curves are plotted in Figure 7.2. The results show that the Leave-One-Out is

the best method to use in estimating the classification erLor of RKC. Not only did it
achieve elror rates closest to the rninimum erlor -L, but for most .M its estimate of the

optimum fr, wele closer to the true optimum than the other two methocls. In addition,

the speed of the Leave-One-Out method was just slightly longer than those of the

Resubstitution method. with this speed ancl âccurâcy, the Leave-one-out method

is recommencled for estimating the classification error fo¡ the RI(C.
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7.2 Learning å,

Ortce it is establishecl rvhat ettot estimatiou rnethod one shoulcl use, the next ste¡r is

to fincl a talìge ot a list of l¿ rvhere the optimum l¿ shoLrlcl lie. This section stuclies the

pelfolmancc of thlec ncthods fol gcnelatirrg this list of å: the Rauge of ñ rnethocl.

thc Localit¡' hrclex rnethorl a¡cl t|e T[teePoi¡t Sea¡c¡ rnethocl.

The CKC litelatule only eurJrhasizes horv to estiurat<l tlte classification er.r'or. l¡ut

uot horv to fiucl the list of /¿ fol the calculation. The lcason for this is ¡lobabl¡.
because the optitrtutn å fil nrost stuclied ploblerns is snrall genelally less th¿rn 10

.- atrcl the ialgc rvhelc the optimum å la¡' ç¿¡ bc easily guessed by expelience. In

the RBFN litelatule, only a handful of ¡rapels such as [30] by Lee, i2Z] by Reynolcls

alcl ra::asscnko. and [47] by Hwang, Lay ancl Lippmaln rnentioled the use of a global

scaling factor with thc RBFN. This global scaling factol selves the sa¡re fulction as

the srnoothing parameter in cl(c litelatule. In these thlee papers, only [22] hacl

noticecl the clifficulties in finding the best â ancl ploposecl the Locality Inclex methocl

to speed up the process of locating the optimum i¿. The other two papers selectecl i¿

by tlial and erlor'.

There are two difficulties in finding the optimum ä fo'RI(c. The fir.st clifficulty is

that without any knowledge of the range wher-e the optimum å lies, one either has to

a. Start with a lalge range of ft. with big steps then zoom into the correct range

step by step.

b. Use a small range of h lioping that the optimum /¿ lies within it. If the optimum

h is somewhere else then one will have to use another range of å ancl start again.

Both methocls ale labour intensive and time consuming. The second clifficulty is that

for different N the range of ft, is diffelent. Thus, one will either have to guess the

range of å fol evely lú that is used ol one rvill have to use a large range of ä which

rvoulcl hopefully inclucle all tlÌe optimum ñ.. These difrculties âre more serious in real
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life problems because in olclel to classify these clata, usually a lar:ge lange of lr is

ueeclecl. Fol exarnple, il the Vowel expeliment describecl in Section 3.2.2 the lange

of l¿ is betrveen [5,500]. It is these difficulties rvhich motivatcs the author to plopose

the Thlee-Point Sealch ntethocl ancl to study its pelfolmance together. ivith the other.

trvo rnetho<ls.

7.2.7 Range of /z (ROH)

In gen<:r'al, the list of l¿ is selcctcd Ìrasecl on ex¡rericnce or.by tlial an<l elr.or. For urost

sinulatecl ¡rlobleurs, the optirual å usually lies betrveen I0.1, b] If this r.arrge is usccl

with a step size of 0.1. thett one rvoulcl have a list of 50 l¿. This methocl is r:allerl the

Rangc of l¿ ruethocl. It is cornrlonly usecl l¡oth in RBFN and CI(C literatule.

7.2.2 Locality Index Method (LIM)

In olcle| to inclease the speecl of locating the optirnum lz, Reynolcls ancl Tarassenko

ploposecl to use the Locality Inclex metliod to genelate the list of l¿ in [48]. using ihis

methocl, one will set h : 2¿ where / is callecl the "locality inclex" ancl it is an integer.

Fo. example, using Locality Inclex, the.ange [0.1 : 5] coulcl be cove'ecl by using only

eiglrt I ranging from -4 to 3. The pi'ice one pays for the speecl of this methocl is the

accuracy of the resulting h.

7.2.3 Three-Point Search (TPS)

The basic iclea behind the Three-Point search (Tps) is to find an estimate of the

optimum ä by comparing the error rates of three diffelent h. These three h ar.e

labeled ,4, ß and C. If these thlee points form a V shape, then the optimum å shoukl

lie between Point ¿4 and c. If they fonn a line sloping downward to the r.ight, ol to
the left, then tlie optimum ñ. is beyond the lange of the thlee points and the lange
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of the seatch liave to be extenclecl. If these three points form a holizontal line ol. if
the range betrvee¡r the thlee points is small enough then the Tps lvill stop ancl it will

label 6 as the estirnated optilnulü à. The cletailed ploceclnr.e of the Tps is as follorvs:

1. set point A a¡cl c to soìne ilitial values arcl set poiut 6 to the r.iclclle point

b<:tivcel A a:lr.l C. In the exper.inre't. ,4: 1. 6 : b0.5 ancl C - 100 rvr:le nsccl.

Thest: ¡roints alc the initial list of h.

2. set thc l)ar¿r.nretels P¡,u¡¿ a\rl P¡¡¿o¡¡, to sonxr initial valucs. Thc sc¿uch for, th<:

optimulr lz will stop lvhel

L¡ - Ln 1 Pn!r,, an<I L¿ - LB 3 Pn¿s¡t (7.1)

rvlrere -L¡, Ls ttncl L¿ ale the classification elror r.ates iu pclceltage f'or. the

poiut -4, ß iwcl C Ìespectively. Iu the ex¡>eÌinrent, both P¡."¡¿ arTcI p¡¿r¡,¿ rì.t.e set

to lt/o.

3. T\'ain the RKC ancl then calculate the classification er.r'o. i' pe.cerúage using

points "4, ß and C. The classificatiou enot l.ate can be estimated using one of

the thlee rnethods discussed in the section z.l. hr the expeliment, the testing

clata are used to calculate the classification error late.

4. Compare the error rates tr¡, L6 ancl L¿:

(a) If L¿> Lø, Lc ) Ln ø.td

i. if these errors also satis$' equation (7.1) then TPS will stop ancl 6 will

be the estimatecl optirnurn å.

ii. if equation (7.1) is not satisfied then one will set
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¿4:
c:

('4'+ ß) + 2, ând

(c + B) +2.

(7.2)

(7.3)
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(b) If LA ) .L6 ancl Ls > Lc then these er.tors fotm a line sloping downrvarcl

to the light. In this case. the sealcli rvill move to the right by settiug
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c

B

C x 2, ancl

(A+ C) +2.

(7.4)

(7.5)

(7.6)

(7.7)

(7.8)

(7.e)

(7.1o)

(7.11)

(c) If 1,1 ( .L6 and

i. if LB < tr¿. that is, the thlee err.ols folnl a line slopiug clowrrvarcl to

the left, then the sealch r.vill lnove to the left l:y setting

A:
ß:

A+2, ancl

(A+C)+2.

ü. if Lc < Z¡ then these elrols folt.u thc A shape. The sear.ch rvill extencl

to the light by setting

B

C x 2. ancl

(A+c) +2.

iii. otherwise, the sear.ch will extencl to the left by setting

: ,A+2, and

: (A+C)+2.
"4

B

5. If the estimated optimum h is not founcl then go to step 3.

Fì'om experience, it usually takes TPS about 10 to 15 elror calculations to find the

estimatecl optimum å,. Thus, the speed of rPS is comparable to those of the Locality

Index method. The following expeliment shows that the estimated optimum h ob-

tained by the TPS is closel to those obtâined by the Range of l¿ than by the Locality

Index methocl.
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7.2,4 Vowel Classification

This experinent is the ten-class vorvel classification ploblem <lesclibecl in Section 3.2.2.

Fol the Range of h nethocl, the lange [5,500] was used lvith a step size of 1. For. the

Locality Inclex mcthod, thc lange of I flour [t. g] lvas usecl rvith a step size 1. For. the

TIlle<:-Point Seatch rnethorl.

A-I 6:50.5. C:100. tlnrl p1,"¡¿: p¡üsnt: ITa

rvele usecl as the initial valucs. The classificatiol ellor', -L. .rvas calculatecl using the

list of il, genelatecl rvith the three m<,;thocls. that is. a RI{C rvas trainecl usiug the

ttaining clata an<l its classifìcation enor rvas calculate<l using the testing clata. For.

the ¡rrocedures of this cxpclimeut, please rcfer. to Section 3.2.2.

Results and Discussion

The ellor rate ve¡sus i/ culves of the RI{c ale plottecl in Figr-rr.e 7.3 ancl l¿ velsus iy'

culves of the RKC ale plottecl in FiguÌe 2.4. The l.esults sholvs that the estirnatecl

classification errols and the estimated optimum å obtainecl by using the Thlee-point

search (TPS) are closer to the results of the Range of å (RoH) than by using thc

Locality Index rnethocl (LIlvI). In other words, the Tps lesults are mole accurate

than the LIM lesults. This observation is not surprising since Tps is allowed to use

any leal å while the LiNI is limitecl to use only a few h values. The important points

about a ft. learning method howevel ale not only the accuracy of this method but also

on the amount of infolmation needed to use this method ancl its speecl of estimation.

In otder to use the RoH, one needs to know the lange where the optirnurn å lies

for every /f. ln the vowel experiment, the range {r,r00j is selectecl through trial

and elror. This is both computationally intensive because for every N one has to

calculate the classification en'ol using a list of 4g5 ñ., and labour. intensive because

â wrong guess in the lange of fr, would requile a rerun of the experiment. since one
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Figure 7.3: classification Results of the vowel Experiment using thr.ee h learning

techniques
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selclom has the knowleclge about the larrge of h in advance, the use of RoH in a r.eal

Iife problem can be vely fiustrating.

The LINI is bettel than RoH l¡ecause it onlv lequires a feiv I to covel a vast range

of å. In the Vowel expeliurent. {. : I.. .., g, that is a total of only g I were usecl to

covel the lauge of ñ fiom [2,512]. sincc LINI usecl alist of olly g å, its speed is rnuclr

faster that those of thc ROH. The accrulacy of the estirnatecl l¿ horvever is the LII\4's

tnajor ¡rt'obletn. Since I catl onl¡, ¡¿¡,' or integel values, the o¡ttiutuur l¿ esti¡ratecl þy

LINI is not ¿ìccuìâte. One can relax the t:oustr.aint ancl let I take on all, r.eal numbcl

but this rvoulcl tuln LINI into RoH. Although LINI gains speecl bv using irtt:gel l, it
losses tho accut'acy iu estiruatilg å.

TPS has both the s¡reecl of LIN4 and the accuracy of the RoH. In the expeliurent.

TPS requilecl only 13 classification enor calculations on avel âge to fincl the cstimatecL

oJrtimum /r. fol a given ,Àr'. cleally the TPS is a lot fastel than RoH which r.equir.ed 4g5

ellol calculations pcr'.^y'. Although the TPS lcquiled twice as lrany crloÌ. calculations

as the Llivl, the speecl of rPS howevel was just sliglrtly slower. than that of the Lllvf .

This slight loss in speed of the TPS is offset by its adaptability ancl also an increase in

accur'âcy. The aclaptability of the TPS can be seen by its ability to extencl its sealch

rânge automatically in oldel to seek out the optimum h. As a r.esult, the Tps cloes

not lequile any knowledge about tlte r.ange rvhele the optimum å lies.

In a'eal life p.oblem, the use of TPS is recommenclecl to find the approximate

range and an estimate of the optimurn ñ,. Then if one needs amole accurate estimate,

ROH can be used to search the approfmate range further'.

7.3 Summary

In the first section of this chapter, it is established tliat the Leave-one-out (Loo)
method shoulcl be usecl to estimate the classification error of the RKC for its speecl

ancl accurac.y. The second section shows that the Three-Point sear.ch should be usecl
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to estirnate thc optimurn l¿ because of its aclaptability, speed aucl acculacy.



Chapter 8

Conclusions and Recommendations

8.1 Conclusions

The nrairr goal of this thesis was to cletermire how the Raclial I(er.nel classifier. (RI(c)

shoulcl be tlainecl to adrieve an optimum classification r.esult. The RKC is a hybricl

betrveen tìre classical Kernel classifier (cKC) ancl thc Raclial Basis Function Net-

works (RBFN) which was first proposecl in [2]. Since CI(C ancl RBFN belong to two

diffelent types of Patter-n classifiers, the folmel belongs to the statistical patteln

classifiers and the lattel belongs to the Neural Netwolks classifiers, it was not clear

from [2] how RI(c should be trai'ed fo. a given problem. in this thesis, the ideas

in [2] ar-e extencled in ordel to give a lecommendation as to what techniques ancl

procedules shoukl be used to tr.ain RI(C.

By inheliting the convergence property of the CKC and the compactness of RBFN,

RKC is better tlian both CKC and RBFN. Like the CI(C, when the training clata

apploach infinity the RI(C is able to converge to the minimum error, the Bayes

etror'. unlike the ci(c rvhich uses all the tlaining data fol classification, however,

the number of centroids used by RI{c fol classification is usually a lot less than the

number of training data. Thus, RKC has a faster classification speecl than cKC. The
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use of â small numbet of celìtroids instcacl of the rvhole tlaining set is inher.itecl fi.our

the RBFN. unlike the RBFN, however, RKC cloes not neecl to per.form a pseuclo-

Invel'se ou a matlix iu ottler to calculate its rveights. Ilsteacl, it fincls the tveights by

couÌting the rurnber of tlaining clata groupecl rvithin a cluster.. This savcs learning

tine aucl ¿¡r'oicls the possibility of havirg a singular. uratr.ix rvhen the tlaining clata

is ill couditioned. These aclvartages of tlie RI(c arc a stlorg nlotivatiol to find a

¡rto<reclule to tlain it.

Afier rcvicrving all the rcsults in thc thesis. the follorving proceclur.e is suggest<xl

fbl tlaining RI(C:

1. Basecl o'theil classes. s<parate the traiuing d¿rta. This l)riepares fo. the on<>

Class-One-Net niethod of stqr 2.

2. select /y'(") centloicls from the r¿-th class r.rsing the l(-À4ea's cluste.ing tech-

'iques. 
Repeat this p.oceclu.e fol all ,9 classes. The numbe. of ce't.oicls per.

class shoulcl be equal fo. each class. Although Decisio' s'r'face Nlappi'g (DsN{)

can outpe'form K-lvleans in certain pi'oblerns, DSNÍ does not give a consistent

perfolmance. Thus, the use of K-Means over DSXiI is pr.eferr.ed.

3. Set the weight, or("), of centroicl q(") to the numbet' of traini¡g clata fiom class

z glouped into its cluster Cj').

calculate the sample covariance rnatrix fo. each class. These covaliance matri-

ces are needed fol the calculation of the One Class One Sigma (OCOS) lvletric.

If one knows that the clata comes fi.om a unifolm distr.ibution then the Eu-

clidean met.ic shoulci be usecl instead. Otherwise, the OCOS metr.ic should be

used.

Finall¡ optimize h by using the Three-Point Search technique for.generating

a list of h and the Leave-one-out tech'ique for estimating the classification

el rot'.
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The Gaussian Kelnel should be used thloughout this ploceclure. In aclclition, the

zrbove ptoceclule should be lepeated fol'a list of 1ú where 1V: Xs I 
^¡(,,).The nlain leasott why uo ntethocls rvhich could lealn tlle optirnuut .lú autornatically

lvere studied rvas because fol most problerns the optirnurn -Ày' equals to n. thc uuml¡el

of training <lata. Fincling this optimum -Ày' is usually not tlìe pur.pose. Rathcr.. il uost
ptobìettls otte rvoulcl like to select aìì./V rvhich gives an acceptable þala¡co betrvce¡

classific¿rtion accLlr'âcy ancl speecl. As a lesult, it is bettel to select /ú bas<:cl ou tht:

t:lassific¿rtiol cttot \¡etsus ly' ¡rlot than to use alìy autornate<l ly' selcction tr:chui<¡r<:.

8.2 Recommendations

Thete ate trvo ditections fo:: possible futule *'olk. First, using the tlailitig ¡troceclnles

in this thesis. the classification pelfolmarrcc of RI(C coulcl bc cornpar.ecl with other.

classifiels such as the x,lultilayer Perceptrons ancl Nealest Neighbor.. secoucl, othel

tlaining tecìrniques which could be usecl to fui'the:: inplove the per.fornzrnce of RI(c
may be stucliecl. There are a lot of clusteling techniques, smoothing pâr.ametel se-

lection techniques and kernel functions that could be usecl with RKC. In this thesis,

the perfolmance of RKC was studiecl using only the fi'equently usecl techniques. As

a lesult, fulther stucly in this dil'ection is recommencled,



Appendix A

Vowel Data

This is a copy of the o'iginal vorvel clata usecl i' Peterson a'cl Bar'ev paper' [33]. It
rvas t'er¡eivecl fìom Richalcl Lip¡rmnrur (r'plt0sst.ll. nit.eclu) through c-mail. It contai¡s

75 of the origiual 76 spcakels ancl the tokens of [Ao] of three speake's ar.e urissing.

This recluces the lurnbel of data poiuts fi.orn 1b20 dorvn to 14g4.

Table 4.1: Vowels Label

# Alphabet Examole # Alphabet Example
I IY heed 6 AA hod
2 IH ucl AO hawed
.l ¡lH head 8 UH hood
4 AE liad o UW who'd
5 AH bud 10 ER heard
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Table 4.2: Vowel Data, lvI: lvlale, F: Fernale, C: Chikì

97

Talker' Vorvel
t,ïequelìcies Ftequencies

Fo Þ'1 þi ¡! þh Ft f'2 þ3
2 NI ry r47 220 2220 2910 148 210 2360 3250
2 Nif IH r47 410 1890 2680 139 420 i850 2500
2 NI EH 136 500 1760 2590 510 LTIO 2380
2 M AE t28 690 1610 2560 13i 700 r690 2580
2 t\,t AH 140 650 1080 2420 r25 625 1060 2490
2 i\4 AA 140 650 1040 2450 136 670 1100 2430
2 NI UH 145 450 940 1910 r41 410 830 2240
2 N,I U\,V 140 280 650 3300 137 260 660 3300
2 ivl Elì 45 510 1.210 1570 145 510 1130 1510

lvl IY 05 250 2180 2680 1i1 244 2300 278t)
N4 IH 00 400 1930 2610 104 400 1990 2700

3 N4 EH 100 550 1810 2500 95 540 1810 2480
3 t\4 AÐ 93 630 1710 2400 94 658 1755

lvl AH 100 600 1200 2320 105 672 1160 2350
M AA 91 ei40 1080 2100 94 720 r090 2230
À4 UH Lt4 460 1150 2290 IT4 456 1030 2300
M UW r12 340 950 2240 r72 326 900 2190
M ER 100 500 1370 1780 106 530 1330 1800

4 M ]Y 150 300 2240 3400 156 280 2450 3200
4 M IH 156 450 1960 2400 146 440 2050 2360
4 M FjH 130 570 1780 2470 150 555 1890 2440
4 M AE 725 750 1610 2340 136 770 1580 2350

Nf AH 132 660 1200 2330 150 675 1140 2380
4 M AA 125 750 1100 2550 138 800 tt20 2500
4 M AO 143 540 851ì 2320 150 555 890 2370
4 M UH r36 460 960 2210 i56 460 1000 2350
4 M U\,V 140 380 950 2050 I48 385 850 2330
4 M ÈtR 150 590 1400 1840 t45 555 1430 r730
5 VI ry 140 310 2370 2820 131 260 2250 2850
5 M IH r37 440 2060 2640 134 430 1880 2450
5 M !tH 140 580 1910 2500 550 1770 2400
5 I\4 AE 743 830 t720 2180 135 750 1tr90 2320
5 M AH 136 630 1300 1950 130 650 1170 2000
5 ùt AA i31 760 7220 2t40 726 720 1260 2020
5 M AO 136 540 970 1980 124 550 880 1950
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Table 4.3: Vorvel Data, NI : Nlale, F : Female, C : Chilcl

98

Talker' Volvel
Flec¡uerrcies fì equcncies

Fo Ft I'i f5 þo 1'l F.t ri
5 M UH 133 470 1040 1990 732 490 990 1920
5 M UW I41 380 950 21.40 a, 800 2130
5 ivl ¡11ì r43 560 1510 1800 36 510 1460 1700
6 t\4 IY 125 312 2350 2800 19 330 2430 287rJ
6 IVI IH rr)ð 420 2000 2660 ,J 1ù 2000 2750
6 lvi EH 120 600 1860 2500 I4 570 1830 2570
6 i\4 AE 19 676 1670 254t) zi) 1687 2500
t) N4 AH 18 tiSu 1150 2560 IZU T27TJ 2560
6 N,I AA 25 740 1100 2680 13 670 960 2650
6 ivl AC) 20 660 1030 2690 720 960 2700
6 VI UH 20 456 1080 2520 120 450 1140 2600
b M U\,V 20 313 830 2300 125 288 938 2450
6 l\4 ¡JIì, 20 503 1305 1775 20 505 1320 1750
7 I\4 IY 86 320 2320 3120 72 310 2280 3020
7 ÙI IH 67 470 2000 2660 70 410 2040 27rt
7 M EH 67 630 1900 2860 4D 614 1840 2770
7 I\4 AE 43 740 1800 2450 62 775 18i0 2200
7 M AH t67 620 1240 2410 60 640 1250 2400
7 tvt AA 162 650 970 2580 63 650 980 2350
7 NI AO 145 430 720 2450 I 510 800 2500
7 M UH 70 460 1120 2150 7rJ 493 1720 2300
7 M UW 75 380 1040 2260 200 400 r000 23,rJ

M ER, 67 57tì 1300 1750 1.57 565 1370 1710
8 M ry 0t 230 2480 3200 109 218 2380 3100
8 M IH 0 320 2200 2680 103 206 2730 2570
8 M EH 07 430 2100 2630 105 515 1760 2470
8 IVI AE LO7 574 2060 2600 106 552 1820 2500
8 iVI AH 108 640 1300 2300 704 624 1350 24L0
8 iVI AA 111 714 I70 2420 97 650 1150 2350
8 M AU 707 590 965 2500 109 578 970 2460
B M UH 111 467 1110 2400 105 475 t220 23ß
8 M UW 107 270 910 2200 108 260 975 232rJ
8 M ER LO7 460 1400 1790 103 425 i410 1760
I M TY 175 316 2200 2800 175 280 2275 2775
o NI IH i67 450 1820 2475 Lb ¡/ 434 1850 2425
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Tal¡le 4.4: Vowel Data, 14 : IVIale, F : Female, C : Chilcl

oo

Talkel Vorvel
Flequencies Flerluencics

Fo l¡ þi þ'3 F6 Ft f'2 þ"
o N4 EH r57 582 1725 i58 586 1800 2425
o t\4 A!l 150 600 1750 t45 582 1775 ¿,t t i)
o t\4 AH 145 626 TT25 2200 160 641 1120 2225
o N,I AA 144 708 1054 2420 150 705 rt)50 2375
I À,I AO t40 614 848 2200 I43 600 860 2175
I NI UH 167 500 1000 2325 r67 500 1000 2325
o N,I U\'V 167 334 1150 2200 183 31 1020 2300
I N,f trR r57 518 1305 1.570 157 504 7270 1510
0 lvl tY 729 260 2260 2820 250 2200 2825
0 NI IH 146 400 204t) 2500 t44 389 2000 2425
0 Nil EH 726 500 1870 2500 r25 500 775 2400
0 NI AÐ 110 660 1650 2500 T2TJ 624 700 2475
t) tvt AH 722 650 1220 2550 120 672 260 2500
0 NI 774 750 r080 2680 114 777 026 2fr25
0 N4 AO 115 580 800 2650 1.17 585 819 2625
0 NI UH i40 480 950 2500 I27 461 993 2350
0 lVT UW 140 280 950 2300 133 ¿ot) 920 2300
0 iVI ER 128 5U0 734rJ 1700 133 532 7275 1600
1 M ry 146 248 2225 3100 t40 238 2175 3075
1 M IH 150 405 1.925 2550 138 416 940 2600

ùt !lH 147 588 1790 2500 133 586 2650
NI AE 45 725 1700 n 11.tta, 127 770 650 2220
M AH 136 586 107B 2300 136 627 038 2360
M AA 145 1046 2325 131 746 018 2300
M AO 140 560 840 2500 t40 560 924 2350

1 IVI UH 150 495 1080 2275 143 430 i030 2275
1 X,I UW 162 290 760 2300 r57 315 ¡151t 2025

IVI ER 150 51i r561 1876 i38 530 1450 1887
2 fuI ry 110 220 2470 3000 125 24t) 2440 3280
t N{ IH 120 450 1880 2450 t8 380 1930 2420
2 M EH 115 560 1650 2300 123 560 1720 2300
2 fuI AE i10 680 1720 2330 133 630 1680 2280
2 M AH i10 560 1430 2250 120 560 1390 2240
2 M AA 108 800 1330 2260 i10 740 1240 228f)
2 Nit AO 12rJ 600 920 2080 133 580 9i0 2000
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Table 4.5: Vorvel Data, NI : l\,Iale, F : Fernale, C : Chilcl

100

Talker' Vorvel
¡Iccìuencies -þ\'eouencies

Fo Íy tb þi þ'o t'\ Fz 1,3

t2 iVI UH 130 400 1200 2270 110 420 1230 2230
12 N4 UW r22 300 900 21.30 t23 260 1010 2240
2 NI þlR TZJ 400 1450 165tì r28 360 i410 1640

13 NI IY r42 290 229tJ 2600 135 260 2290 2700
[d ]H 390 950 2550 135 400 r900 2450
f,I EH 124 490 740 2500 125 500 i780 2430
I\4 AE t25 660 630 2500 670 1630 2380

3 l\4 AH 140 600 220 2530 725 600 7270 2430
NI AA 125 680 t20 2630 128 670 1100 2700
N4 AO 127 510 720 245Í) r20 480 710 2540
NI UH 133 380 910 2350 140 440 1030 2400
IVI UW I27 350 720 2750 140 380 740 2880
M Ðiì 728 430 1610 i35 440 1360 1600

4 NI IY rt4 228 2350 286u 118 220 2350 2920
I\4 IH 110 407 207rJ 2500 rt2 420 1900 245t)

4 NI EH 106 445 2020 2420 115 470 2020 2500
4 ÀiI Atl 103 721 1680 2400 tu9 750 t770 2440

14 M AH 104 552 122 2500 115 580 1150 2600
4 M AA oa 6E6 1078 2570 103 700 1050 2680
4 NI AO r02 560 665 2620 106 550 650 2700
4 M UH r12 448 980 2370 104 4I0 940 2370
4 M UW 116 ¿óz 69ti 2200 tL7 222 665 2080
4 VI ER 120 432 1300 1400 11i 420 1300 r570
5 lvl ry 727 230 2100 2850 118 240 2000 2980
5 ivl TH 130 365 1900 2340 119 300 2040 2560
5 n4 EH 7L2 440 1980 23L0 120 470 2050 2500

15 lvl AE 133 620 1710 2|.0 724 66t) 1800 2150
15 M AH 120 660 1000 2380 110 660 960 2450
i5 M AA 122 600 830 2250 119 620 820 24U0
15 NI AO rt7 500 620 2250 106 550 7U0 2550
15 IVI UH 140 390 730 2180 I30 360 740 2200
15 M UW 131 260 720 2100 132 260 740 2040
15 M ER t25 450 1230 i600 127 460 I300 1650
i6 M IY 150 300 2355 3250 I5u 300 2460 3280
16 M IH 160 385 2242 2805 150 40? 2250 278f)



APPENDIX A. VOWEL DATA

Table 4.6: Vowel Data, l\4: ùIale, F: Female, C: Chilcl

10r

Talker' Vorvel
!Iequeucies Ftequencies

I.'o þ\ þi 1'3 D1,o Í1 þi I'g
16 \,I ¡tH 140 504 2090 2720 146 543 1980 2640
t6 i\4 AE 680 1958 2542 141 708 1840 2535
16 N4 AH 150 67'ù 1320 2550 150 704 1393 2550
l6 N4 AA l tl ¡ 825 168 2750 841) 1210 2680
16 NI AO 43 671 000 267t) 747 690 968 2660
16 NI UH 43 443 ¿I ¡' 2430 153 459 1286 2470
16 l\4 UW 46 395 300 21.60 153 40Lr 1320 2L50
1b 1\4 ÐR 40 532 500 1890 46 538 i460 1818

7 t\4 IY 20 264 2290 2700 28 256 2305 2635
7 N4 IH t') 380 1880 2440 15 346 1930 2390

IVI ÐH 00 510 1780 2300 U8 520 1730 2275
7 lvl Aþ] 00 630 1770 2350 05 630 1642 2770
7 N4 AH 03 601 t273 2130 05 590 1283 2150
7 N4 AA t00 750 1150 2440 95 I r.ró r092 2320
7 lvl AO o7 565 780 2350 106 584 849 2460
7 N.I UH 05 420 1100 214{) 111 422 1200 2175

tvt UW 1.7 315 r080 2260 L25 326 1125 2270
M ER 444 1300 7625 109 469 1288 1600

8 M ry 24 210 2100 3090 130 220 2080 3180
18 lvl TH 28 280 2000 27IO 130 310 1950 2670
t8 ù1 EH 27 470 I910 2580 29 490 1930 2650
18 NI AE 6 640 1620 2200 18 650 i580 2360
18 M AH 21 610 1100 2230 26 620 1720 2330
18 M AA 8 700 1100 2240 tn 6?0 1100 2220
18 M AO 22 460 720 2180 8 470 690 2200
18 N,I UH 29 320 770 1860 30 310 750 1920
18 rvt UW 40 210 670 1900 48 240 730 1850
l8 M ER, 28 390 1320 1550 24 420 124TJ 1510
19 IVI IY 29 i90 2650 3280 35 190 2700 3170
i9 tvl IH 132 370 1750 270t) 30 370 1800 2750
19 M EH 122 37t) 1680 2560 25 375 1700 2500
19 IVI AE t27 550 1570 2600 20 531ì 1610 2650
19 rvl AH 1i8 570 1050 250rJ 590 1100 2480
1(l NI AA r12 640 970 2870 22 670 980 2900
i9 M AO 113 560 860 2900 2t 570 820 2820



APPENDIX A. VOWEL DATA

Table 4.7: Vowel Data, Nil : fuIale, F : Female, C : Chilcl

t02

Talker Vorvel
ble<luencies flcqucncics

¡b fl fi Ft Fs I1¡ þi ¡¡
19 NI UH 125 350 1000 2500 r3t) 380 920 2370
19 NI UW 130 250 1000 2l.9rJ 140 210 960 1940
1.l N4 ER 13[) 360 1300 1920 133 370 1300 1760
20 lvt ]Y 727 250 2180 2660 260 221.0 2780
20 À4 IH 121 400 900 244rJ 22 350 1980 2480
20 NI EH 116 560 670 2310 24 530 1700 2380
20 N,f AÐ T2TJ 680 470 2280 19 62rJ 1580 2320
20 ivl AH r20 620 100 2390 640 1110 2370
20 NI AA I 1 l-r 630 980 2330 27 670 940 2380
20 NI AO 172 560 790 2480 20 610 840 2420
20 M UH 127 360 860 2200 20 400 840 2200
20 M UW 140 280 670 2740 26 250 720 2190
2t) NI ER, 720 480 1410 1760 21 470 1330 1700

N4 IY 155 280 2400 2970 50 300 2320 2960
, lvI IH 742 410 2060 2680 5t) 450 2050 2670
2 lvt !]H 540 1900 2530 135 540 1920 2520
21 NI AE 138 620 800 2440 140 690 1820 2480
2 ÙI AH r50 630 200 2600 140 680 1290 2600
2 M AA 145 740 10 2500 43 700 1060 2720
2 M AO t46 600 970 2570 38 650 880 2660
2 l\4 UH 142 430 I130 2440 43 430 1150 2420
2 ÙI UW 142 280 990 2330 45 290 1000 2300
2 lvl -blR 150 420 1350 1600 50 450 1350 1600
22 M IY 300 23U0 2800 35 350 2240 2760
22 M IH 136 410 2200 2680 38 44Í) 2080 2520
22 M EH 133 580 1870 2320 27 520 i900 2400
22 iVI AE 130 760 1920 2480 32 670 1850 2560
22 M AH r39 810 1110 2100 31 770 1150 2i00
22 M AA r47 700 1040 2720 25 750 1i60 2080
22 M AO i33 670 920 2240 42 570 850 2250
'), M UH 140 550 970 2200 1 490 870 2240
22 M UW 150 300 600 2300 48 230 570 2100
22 NI !lR 140 560 1520 2100 140 540 1570 205tì
23 ÙI IY 125 2 rJ 2100 2900 119 240 2I50 2860
23 lvl IH 130 380 1870 2450 I2TJ 430 1710 2350



APPENDIX A. VOWEL DATA

Table 4.8: Vowel Data, NI: lviale, F: Female, C: Clìild

103

Talkel Vorvel
F\'equencies Ftec¡uencies

Fo f1 þi ri þb r\ F2 !i
¿a) N4 EH 19 58u 1770 2500 1.1.7 570 1750 2400

N,t AE 115 760 1580 2440 i0 7ta 1500 2300
¿it vl AH 124 620 880 250u 724 650 1000 2520

IVI AA 119 7r0 950 2520 120 690 960 2520
Z,J N,I A() 125 460 610 2500 r'¿o 470 770 2500
Z,J i\4 UH r25 390 900 2i00 r25 460 920 21.40
¿õ NI U\,V t25 250 690 2080 130 270 650 2050

N4 ER 122 540 1280 1720 118 510 1280 1650
24 N,I LY 148 280 2450 2700 160 288 2500 2880
24 lvl IH 160 400 2080 2530 384 27tO 2500
24 M EH 138 590 1900 2200 153 583 1840 2250
24 M Atr 145 680 1850 2400 140 685 1780 2160
24 N,l AH 1.43 660 i370 21t0 145 680 1300 2100
24 M AA 1"40 760 r260 212rJ 135 770 1140 2020

N4 AO 145 500 800 1850 600 1000 2000
24 N4 UH r57 380 i060 1950 i50 470 7220 2r50
24 NI UW r62 324 800 2220 139 290 800 2'1.50
24 ù1 þltì 150 560 1350 1780 150 600 t470 1820

M IY 110 250 2190 3000 106 254 2085 2890
OK M IH I11 330 1967 2670 108 430 1940 2590
25 M EH 116 404 2100 2700 105 504 1995 2780
25 M AE 94 595 19U0 2700 100 670 1860 2500
zi) tvl AH 96 620 1200 2420 i05 630 727 2420
26 M AA 100 750 1160 2360 96 740 1155 2330

M AO 101 460 740 2300 105 494 789 2420
[4 UH 113 400 1020 2200 128 450 ILì28 2760

25 M UW 140 392 1000 2L20 16 350 898 2140
zo M !lR tt7 547 1340 1688 128 512 1280 1570
26 M IY r23 246 2185 2730 133 267 2280 28U0
26 M iH r40 420 2300 2800 I20 384 2710 2620
26 M !]H 120 480 7920 2540 I72 551 1788 2450
26 M AE t74 628 1837 2570 111 622 1890 2560
26 M AH rt4 628 L254 2470 IL4 6t7 7255 2480
26 M AA tL7 690 7072 2660 103 630 1000 2530
26 M AO 177 5 TLì 700 2650 120 504 756 2540



APPENDIXA. VOWELDATA

Table 4.9: Vorvel Data, À,1 : Male, F: Fernale, C: Chilcl

104

Talker' Vowel
F\'equencies Frequencies

Fo Í1 t'i þ's rh Ft !i l''s
26 IVI UH 722 465 990 2440 t25 462 975 2450
26 I\4 UW 120 324 708 2440 757 ó¿J I 786 2518
26 tvl ER 122 488 1468 7772 118 472 l46l-r 1725
27 NI IY t38 ¿Ii) 2060 2800 136 270 2020 2790
27 i\,I IH 349 2030 2760 136 340 1940 2560
27 ivl !lH 120 444 1800 2500 727 380 1800 2440
27 NI AE 125 688 1600 2300 122 660 1570 2380
,'7 N,I AH r28 565 tI57 2310 130 550 1150 2250
¿í N4 AA 125 712 r024 2250 t25 670 1080 2300
27 VI AO 1.25 550 913 2360 126 550 890 2280
27 Nil UH I28 360 1028 2760 140 390 r060 2150
27 M 133 294 930 2050 140 280 1000 2160
27 i\4 ER 'I t( 440 1250 r625 130 480 i160 7520
28 IVI IY 125 320 2160 2900 267 2230 30ut)
28 N4 IH 440 1750 2400 116 390 1780 2450
28 N4 UH 177 1800 2480 110 520 1750 2390
28 N] AE 111 l)trl I 1600 2400 r20 720 1680 2430
28 lvl AH tt7 600 1250 2300 t25 1170 2240
28 M AA l1 730 1160 2340 11.7 860 1280 2470
28 N{ AO 11.4 560 810 2290 116 584 840 2280
28 vl UH 130 455 970 2140 120 4Ð t) 1040 2038
28 M UW 350 820 2t30 t28 366 2058
28 M ER 11 450 L420 1870 1i8 472 1430 1840
29 lvl IY 1Ðù 333 2305 3200 131 326 2260 3030
29 M IH t25 375 2188 2750 -L tlÐ 400 2150 2680
to IVI EH 125 500 1980 2480 i50 480 1950 2340
29 VI A¡] I lt) 640 1710 2450 123 615 1720 2220
tcl M AH 116 583 r 110 2360 717 608 1120 2700
29 fuI AA 1l 1170 2600 1.14 750 175 2820
29 N/l AO 105 630 891 25t9 LL4 572 924 2660
29 M UH 125 438 975 2300 140 420 938 230{J
to tvl UW 800 2130 140 320 840 2I50
29 Xrl F.JR r20 480 1320 1870 I27 483 1335 t844
30 lvl IY 166 267 2300 2940 156 220 2300 2900
30 IVI IH 154 431 2040 2460 155 360 2010 2400



APPENDIX A. VOWEL DATA

Table 4.10: Vorvel Data, NI: Ivlale, F: Female, C: Child

105

Talker Vorvel
[,l ecluencies Fleclueucies

I'o ,?1 F2 þi Fo !\ Í2 1''B

30 N,I BH 150 565 1950 2500 180 540 2000 2450
30 i\4 AE 143 600 2000 2570 i38 590 i950 2460
30 ÙI AH 157 63Ll 1140 2200 86 630 1170 2280
30 N,f AA 146 730 1048 2450 730 L 130 2320
30 NI AO 150 600 900 24rJ0 78 640 890 2280
30 vt UH 160 448 960 2200 96 450 1000 2180
30 N,l UW t67 Ðùrf 835 2170 98 280 7'rJ 2170
30 X,l ER 163 488 1300 1600 63 490 1380 1620

tvl IY r20 3r2 2380 2900 20 300 2350 3000
31 NI IH 40 490 2000 2620 40 490 1960 260rJ
31 Nil EH 640 2000 2620 11 555 1870 2540
31 Ni AB 112 697 1610 2540 I4 684 1634 2510

VI AH 115 633 r260 2530 20 660 1213 2460
31 Nil AA 72 730 7203 2700 07 It25 2620
31 lvl AO 108 507 2420 It) 538 816 2450
31 t\4 UH 174 456 1040 2300 20 480 1720 2160

lvl UW t23 344 960 2150 I ¿i) 350 r000 225t)
lvf ER, r72 539 1370 1800 11.7 549 1353 7728
IVI IY t40 292 2500 3150 133 266 2370 3100
lvl IH 143 2220 2640 131 350 2130 2610

32 M EH 574 1840 2260 133 563 1960 245Í)
32 ÑI AF) 125 650 1738 2400 30 663 1820 2400
ð¿ N,I AH 600 1370 2180 ZJ 625 L372 2250

M AA r070 2100 7t3 1180 2200
32 M AO 125 875 2180 5 700 1000 2250

NI UH 150 420 1100 2000 4rJ 420 1120 2100
32 tvt UW 125 350 980 2200 33 320 918 2i00

M ER 143 554 i480 1800 28 484 r5u5 1890

')ù M IY 143 286 2415 2860 50 300 2475 2860
M IH 140 400 1980 2500 45 407 2095 2620

33 M EH 125 525 1988 26L0 4 553 1935 2530
lvt AE 133 640 1773 249û 640 1840 2560

33 NI AH 143 672 t272 2640 46 658 124l) 2560
ùt AA 130 7E0 1170 2640 131 788 1115 2645
N4 AO 138 633 891 2500 15tì 600 935 2550



APPENDIX A. VOWEL DATA

Table 4.11: Vorvel Data, NI : lvlale, F : Fernale, C : Chikl

106

Talke¡ Vorvel
Frequencies llcouencies

þb Ft !i ¡b l'o l1 Fz þ.t
N4 UH t75 490 I7TJ2 2420 154 492 t077 2306

r),) M tJ\,V 1ä0 320 960 2240 160 320 960 2290
M E1ì 143 543 1310 i643 145 508 1309 1600

34 iY 230 370 2670 3100 234 390 2760 3060
34 F IH 468 2330 2930 205 410 2380 2950
34 F EH 190 550 2200 2880 191 570 2700 3040

!' AE 200 800 1980 2810 t92 860 7920 2850
34 F- AH 227 635 1200 3250 200 700 1200 3100
34 F AA 270 880 7240 2870 188 830 1200 2880
34 F AO 207 570 830 3300 200 700 1000 3130
34 þ' UH 240 4r0 940 3040 225 450 970 3191ì
34 F UW 238 480 955 2960 208 395 810 2900
34 F trR 200 500 1850 2100 200 560 1750 2100
Qti 1Y 225 270 2760 JÐÐI.J 240 290 2700 3350
35 þ' IH 245 460 2500 3220 220 4t0 2400 324t)

F EH 220 620 2300 3200 210 630 2300 3170
F AE 220 820 2180 2850 195 740 2720 3070

e< F AH 240 800 1300 2900 760 1400 2830
!' AA 214 850 120 2620 190 880 1220 285tì

35 F AO 228 460 900 2830 222 440 880 2850
35 F UH 250 500 1040 2750 245 490 1000 2720
35 F UW 250 400 940 2720 245 410 860 270U

!' ER 225 44t) 1560 1750 2to 420 1600 1750
36 F ry 270 290 2700 3020 275 280 2630 3240
36 F' IH 211 420 2300 2950 277 420 2220 2980
óo t' EH 207 640 2720 2900 221 700 2000 2900
36 F AE 212 1000 1830 2820 204 980 I800 2820
JO F AH 205 780 1410 2720 208 7r0 1450 2750
36 F AA 205 950 1280 2600 210 870 t260 274t)
36 t' AO 203 610 900 2710 210 630 840 2700
ð() F UH 277 440 1050 2780 210 420 1050 2740
36 F UW 222 380 860 2500 208 330 tôu 2740
36 F ER 208 58t) 1450 1720 272 540 I560 1900

F ]Y 270 294 2800 3100 222 270 2880 3160
F IH 202 420 2430 3030 272 420 2370 2930



APPENDIX A. VOWEL DA'IA

Table 4.12: Vorvel Data, lVI: Male, F: Fernale, C: ClÌikl

107

T¿rlkel Vorvel
F)'eouencics Flequeucies

þ'o ri Fz !3 þo f1 ri Fs
ûf l,' EH 200 580 2180 ZI IU 277 540 21.60 2770

F AE 200 820 1970 2620 270 840 2000 27OIJ
F AH 208 690 1200 2900 20r 666 1206 2900

ót þ' AA 200 800 1200 2920 190 760 1140 2850
F AO 200 560 76rJ 2800 zl) I 560 770 3000
F UH 215 430 i075 2580 213 430 1000 2700

,tí !' UW 22t 330 840 2550 280 850 2500
ót þ' ER 205 430 1800 1930 200 420 t740 1960
38 F ry L75 350 2800 3160 t87 338 2870 3300
38 F IH 200 400 2540 3200 2t0 420 2680 3000
3B !tH 180 518 2470 3200 2rJ0 600 2400 3150
38 AE 177 20tìLr 2870 t75 875 2100 2970
38 F AH 183 1468 2700 200 740 1280 2900
38 F AA 178 730 1270 274¡ 175 735 1220 2850
38 At) 160 560 960 2850 192 536 850 2850
38 !' UH 272 424 1040 2780 200 520 1060 2670
38 F UW I90 380 770 2900 187 340 750 2780
38 F ER 177 490 2720 2480 197 493 1930 2300
39 i' IY 250 325 2700 3I00 225 310 2750 3225
39 !' IH 274 350 2580 3000 267 390 2700 3200
39 F EH 233 560 2330 2800 200 520 2500 3000
39 F A¡j 771 806 1970 2600 I50 825 1860 2550
39 F' AH 186 708 1485 2760 188 676 1500 2590
39 F AA 200 800 1200 2800 205 I14 1154 2850
39 F AO 267 530 800 2780 180 485 810 2750
39 t' UH 214 450 1460 2550 233 467 1400 2450
39 þ' UW 225 45t.) 1080 2350 200 400 1000 24rJO
39 F ER 193 524 1700 2130 180 5rJ7 1800 2380
40 ¡' IY 200 300 3100 3400 216 300 3100 3500
40 !' IH 21.4 428 2570 3000 220 440 2640 3{J80
40 F EH 270 528 2540 3170 210 5U4 2520 3200
40 F A!j 187 940 2250 2760 2rJ0 820 2200 2920
40 !' AH 204 81ii 1450 2700 214 858 1500 2700
40 F AA 2tJ0 960 1280 3000 180 1040 1300 3000
40 !' AO 220 520 880 250u 277 574 890 2510



APPENDIX A. VOWEL DATA

Table 4.13: Vorvel Data, M : lvlale, F: Fenale, C: Chilcl

108

Talker' VorveÌ
l leouencies Flequencies

þ'o f1 ti Ft !o .l¡ .þi l,b
4 UH 466 1330 2750 466 i165 2800
40 UW 180 300 850 2800 175 350 840 2750
40 F F]R. 216 432 1790 2060 21.9 360 190tì 2320
4 ¡' IY ¿z;) ,f ,1t 2700 3300 340 2720 3200
4 t' IH 474 237|J 3095 475 2400 3090
4 F EH 229 526 2360 3090 580 2360 3r50
4 F At) 230 690 2185 2990 221) 660 2200 3020
4 t AH 67s 1551 2923 ¿o') 690 1630 2900
4 F AA 222 845 1334 2890 888 1290 2800
4 F AO 631 923 2250 543 980 2300
4 t' UH ¿¿'r¡t il.1 I 1360 2920 240 480 1345 2680
4 t' U\,V 235 400 I180 2760 396 1120 2560
4 F ER, 225 450 1640 2250 489 1630 2090
Á, F ry zz;) 2760 3900 230 230 285u 3800
42 t' 1H 238 429 2560 3200 23rJ 430 2575 3100
42 t' EH 21.4 579 2570 33U0 214 536 2570 3100
42 F AE 205 823 2220 2870 200 800 2100 2900
42 F AH 2írJ 750 1500 2750 217 738 1300 2820
42 F AA 200 840 1300 31U0 2rJ6 990 1340 3100
4 !' AO 2t4 579 856 2790 205 545 905 2750
42 F UH 233 490 1220 2610 250 513 1500 2650
42 F UW 250 400 t250 2500 225 405 1080 2500
42 ¡' ¡lR 466 1860 226r) 225 540 1780 2220
43 þ' IY 240 290 3000 3840 250 325 2900 3500
43 F IH 25íJ 500 2370 3120 238 476 2380 3090
43 F ¡lH 238 760 2380 3205 ¿,),) 746 2290 3030
43 þ' AE 206 1008 1990 2870 200 1040 2000 2800
43 F AH 220 830 1540 2860 237 900 r510 2840
43 F AA 206 970 1343 3018 236 592 1230 2600
4 !' AO 233 650 9LìO 2920 229 687 1060 2780
43 F UH ¿;)a) 512 1211 2630 zð,) 467 1167 2595
43 F UW 250 450 875 2750 233 420 935 27L0
43 l' ER 230 622 1750 2070 225 652 1710 2043
44 F IY 255 275 2800 3310 245 245 2800 3300
44 F IH 267 534 2500 3250 264 528 2640 3370



APPENDIX A. VOWEL DATA

Table 4.14: Vowel Data, i\,f : lvJale, F: Fer¡rale, C: Chilcl

109

Talkel Vorvel
F\'equencies Frequencies

Fo l1 !i 1,b Fo F1 þi ¡b
44 F EH 238 700 2380 3250 250 750 2480 3000
44 F Au 92'7 1020 1900 2960 ¿òô 1005 2050 2870
44 AH 263 750 1500 2850 250 850 1400 2750

F 258 978 1290 2840 246 935 L230 2730
44 F AO 250 500 750 2750 243 632 850 2850
4 UH 250 350 1170 275t) 266 450 1000 2800
44 F UW 256 358 640 2560 250 300 750 2500
44 F ER 260 J ¿I] 1560 1820 250 5{J0 1500 1750
45 þ' IY 236 236 .,7ôn 3760 242 242 3800
45 t' IH 222 444 3110 242 420 2700 3120
45 F EH 226 634 2325 2940 608 2475 3100
45 F A!] 270 1010 2060 2900 ZIJI) 980 2160 2920
45 Ì,' AH 21.7 818 1450 2500 200 750 1280 2650
45 Þ- AA 220 820 1200 2640 210 900 t120 290{J
45 F AO 22t) 440 749 2640 21.0 567 tòz 2600
45 F UH 204 460 1045 2504 240 480 1105 2400
45 t' U \,V 250 420 1000 250rJ 275 350 1100 2400
45 þ' ER 217 487 1500 1780 206 467 1420 1ti40
46 F ry 360 2920 3400 ¿').) 340 2840 3300
46 F IH 514 2570 3U7u 238 500 2680 3260
46 t' !lH 238 650 2495 3090 216 650 2380 3030
46 !- AE 225 I020 2030 2700 1000 2200 2770
40 F AH 225 788 L462 2920 217 736 1500 2900
40 F AA 214 987 1330 2830 214 1009 r41.5 3080
46 Ì,' AO 226 672 1084 2495 209 627 1045 2504
4tr F I]H 250 500 1200 2450 230 460 i150 2880
46 F UW 267 420 990 28ii0 190 380 893 2920
46 t, ER 246 6i0 I630 2020 225 585 1700 1850
47 F IY 285 285 2900 3500 286 310 29U0 3400

F IH 297 480 2670 3260 220 440 2620 3380
47 EH t73 550 2370 3140 260 520 2340 3040
47 AE L67 790 2180 3020 280 840 2I60 3020
47 F' AH 280 840 1400 2750 27tJ 760 1330 2950
47 t' AA 252 900 7290 2750 260 900 1240 3110
47 F AO 175 700 1050 2750 190 720 1080 3030



APPENDIX A, VOWEL DATA

Table 4.15: Vowel Data, NI: IVIale, F: Female, C: Child

i10

Talkel Vorvcl
Flecìuencies !ïec¡ucncies

Fo ft ti t4i I'o Í1 ri Fs
47 F UH 286 540 1200 2860 205 570 1200 2970
47 F' UW 328 400 980 2630 290 440 990 290t)
47 ¡' E1ì 286 570 2000 2480 26tJ 510 1850 2350
48 IY r70 340 2750 3120 238 360 2760 3120
48 F' IH 167 480 2390 2950 1.94 520 2450 3000
48 F !tH 220 620 2520 2920 222 62rJ 2440 2880
48 AÐ 222 1110 2I60 2700 274 1070 1960 2750
48 F AH 217 820 1240 2600 216 860 r300 2670
48 F 150 840 1110 2930 170 850 II2O 2850
48 !' AO 200 500 700 2930 2t2 380 720 2700
48 ¡' UH z,Ji) 400 940 2820 214 380 860 2680
48 F Ilw 196 330 760 2870 188 350 7r0 2760
48 F ER 182 550 1780 2080 201 600 1750 2000
49 !' 1t 200 320 2360 2980 203 304 2380 3050
49 F' IH 21."1 444 2220 2740 2IO 420 2090 2780
49 F EH 200 500 2350 2830 200 600 2200 2700
49 F Atr r92 845 1700 2300 187 860 7724 2530
49 ¡' AH 200 720 r440 2380 191 707 r470 2440
49 þ' AA 200 700 108t) 2420 r92 tot 1150 2590
49 F AO 200 600 860 24tO 200 tlLrt, 9LìO 2400
49 F UH 210 546 1090 2400 27t) 462 1240 2310
4S !' UW 257 360 930 2260 220 440 1100 2300
49 ¡ ER 200 540 1400 1800 204 460 1350 1560
50 F IY 203 406 2600 2945 200 400 2600 3i00
50 ¡' IH 200 4ht, 2300 2ELìtì 270 420 2305 2835
50 ¡' EH 190 570 2100 2720 207 538 2175 2880
50 F AE r89 850 i853 2685 193 830 r800 2620
50 F AH 200 720 1500 2560 200 800 1400 2420
5Lì þ' AA 194 915 I280 2530 206 723 1196 2600
50 F AO 792 575 1073 2450 200 600 1100 2600
50 F UH 202 520 1210 2420 2t2 468 t275 2550
50 !' UW 207 370 100{J 2470 205 330 970 2460
50 F ER 20rJ 560 1600 1900 206 514 1540 1955
5i F TY 240 380 2880 3360 25t) 380 2820 3300
5l F' IH 233 514 2600 2930 47s 2660 2970



APPENDIX A. VOWEL DATA

T¿ble 4.16: Vowel Data, N4: I\,Iale, F: Fenlale, C: Chikì

111

Talkcl Vorvel
ffecluencies Flequencies

F¡ fy þ'2 Fo F, Í2 ¡b
51 F' EH 567 2460 3122 '¿24 521 2460 2920
51 F Au 218 808 2070 2880 203 678 2420 3080
51 AH 200 800 I340 2700 214 772 1280 266rJ
51 F AA 183 843 1190 2860 205 740 1160 2780
51 F AO 222 623 lo22 2700 220 594 990 2640
51 t UH 240 480 960 2820 242 484 900 2640
51 F Urvv z.1at 370 933 2520 250 ó¿í) 750 2500
51 F ER 450 1680 201r0 ¿¿t¡t 466 1630 1865

F' IY 200 320 2750 3100 178 356 2755 3200
IH t94 388 2622 3050 t94 426 2460 3040

52 F EH 187 'J92 2242 2765 191 535 2290 2870
F AE 88 7ú0 2060 2770 162 650 2110 2618

AH 87 618 1518 2700 i83 624 1430 2660
þ' AA OJ 766 1180 2340 167 750 tuttS 264{J
F AO 70 595 918 2600 176 630 985 2630
F UH 200 420 1200 2600 200 460 1260 2640

52 ¡' UW i87 1724 2685 188 li43 2700
!' ER 180 504 1565 1835 183 513 1578 1830
F IY 280 357 2800 3360 275 340 2860 3350

53 F IH 290 480 2600 3060 292 465 2598 3060
¡' UH 250 700 2350 2980 240 2325 3100

53 þ' AE 200 960 2100 3000 21.7 1030 22rJ0 3260
53 F AH 920 1512 2950 260 910 1688 3050

F AA ¿tÐ 990 1237 236rJ ¿o( 987 1.t72 3180
53 t' AO 267 587 1068 3270 293 560 990 3150

F IJH 520 1350 3190 280 510 1415 3130
53 F UW 300 420 1045 3060 300 390 960 3030
ðó !' ER 230 460 I860 2250 214 504 1820 2290
54 F IY 200 240 2760 3700 220 22{) 2850 3800
54 F IH 228 319 2500 3020 216 324 2500 3010
54 !' !lH 220 616 2380 2900 2L2 615 2300 28tìtì
54 F AE 2r2 7ro 2720 2600 2t0 690 2250 2680
54 F AH 221 800 1.520 2380 270 780 t470 2400
54 !' AA 199 995 7392 2290 200 1000 1400 244t)
54 F AO 205 656 944 2250 200 7zrJ 960 2380



APPENDIX A. VOWEL DATA

Table 4.17: Vorvel Data, l,I: lvlale, F: Female, C: Child

r12

Talker Vorvel
Flequencies Fleouencics

Fo tr¡ t'i lca þ'o fj Fz
54 F UH 335 i049 2470 21.0 420 1009 230u
54 t' U \,V 219 329 877 2550 230 341ì 900 2530
54 t' ER 206 400 1380 1560 20]. 400 t240 1480

F IY 220 286 2800 3550 241 289 2800 34U0
55 F 1H t9|í 383 2420 3080 240 384 2400 3050
55 BH 209 418 2430 3110 230 460 2300 3050

F AE 1.87 861 2100 2800 224 896 2040 SLlUt)

55 F' AH 218 654 i 160 2800 230 690 I195 2770
55 AA 208 860 1103 2700 212 806 1060 2850
55 AO 202 606 910 2900 201) 583 860 2840
55 F I]H 225 340 900 2650 470 100 25ti0
55 F 205 308 7025 2650 235 329 1151 2560
55 !}t 1425 r830 274 7412 1800
56 F IY 236 307 2670 3150 245 340 2700 3250
56 F IH 23t 477 2300 3000 239 410 2200 2910
56 F !tH 222 644 2250 3000 o/u 2300 2880
56 t' Aþ] 224 784 1800 275t) 234 820 750 2890
56 F' AH 765 r300 2700 221 730 390 2790
56 F AA 834 1282 2800 21.2 850 27Í) 276rJ
56 F AO t9tl 688 1029 2750 222 670 040 2640
56 ¡' UH 251 427 1506 264Í) 24Q 460 370 261.0
56 F UW 236 378 1416 2580 239 3B0 430 2br0
56 F' ER, 230 460 1200 1909 225 410 58u 1800

F ry 256 384 2860 3210 25rJ 3000 3400
57 ¡' IH 230 460 2665 3140 467 2680 3150
57 F EH tto 640 2400 2860 233 630 2530 3030
57 F AE 233 700 2560 3150 225 675 2510 3745

l,' AH 240 768 I440 2855 234 794 1.447 2920
57 F AA 227 978 r362 2724 933 i350 2670
i\T F AO 240 700 1080 2810 240 72Í) 1090 2840
57 þ' UH 243 500 L2t5 2870 239 500 7240 2860
É,7 F UW 263 47rJ r000 2820 272 378 950 299u

F trR 243 480 1410 1700 243 493 i580 1775
58 IY 268 320 2900 3200 263 290 2750 3050
58 F IH 258 460 2380 2940 251. 480 22bO 2980
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Table 4.18: Vorvel Data, I\,I: Male, F: Female, C: Chikl

Talker' Vorvel
lÌeouencies !l ecluencies

þo ,f1 Fz .F3 I'o 1.\ þi fB
58 !lH 246 640 2220 2900 250 670 2250 2960
58 F AE 243 950 1970 2890 244 980 1950 2920
58 F AH 257 750 1280 2760 258 770 1340 2800
58 t' AA 250 950 1130 316[) 256 850 1150 2940
58 F AO 242 530 870 2680 250 600 900 2770
58 F IIH 250 600 t225 2500 264 630 1320 256r¿

58 t' 258 440 1290 2530 269 460 1080 2640
58 ER 250 600 I500 2000 254 610 1520 1950
59 F ry 234 280 2690 3040 261. 280 2740 2980
59 F IH 260 470 2500 3400 262 440 248íJ 3240
59 ¡lH 242 730 2300 3100 zott 750 2340 3120
59 t' AE 233 860 2070 2880 240 890 1920 2710
59 F AH 770 1540 2840 257 800 I410 2860
59 F 240 790 1250 3080 247 820 12IO 2960
59 AO zó4 408 695 3U40 246 420 590 3100
59 þ UH 500 1230 2520 256 480 1230 2750
59 F U\,V 263 419 1050 2850 278 390 1060 2800
59 F ER 220 420 7720 1900 510 1680 1890
60 F IY 208 270 2820 3450 225 250 2880 3350
60 !' IH 220 370 2530 3060 250 400 2600 3120
60 F EH 214 640 2360 3020 219 650 2430 3040
60 F AE 205 900 2090 3000 200 860 2L60 2870
60 l' AH 214 750 i540 2800 214 770 530 2780
60 F AA 195 920 1350 2550 270 920 470 269rJ
60 F AO 194 720 1110 2420 200 700 00 2780
60 F UH 222 470 i200 2900 237 470 90 2800
60 t' U\,V 240 3Etì 980 3100 188 340 920 305t)
60 F ER 222 530 1670 2050 200 500 1720 1900
61 F IY 258 310 2740 320t) 262 262 2680 3170
61 þ' IH 262 450 2310 3020 263 472 2270 2950
61 F EH 245 640 1980 2920 235 70t) 2ITO 2940
h F A¡j i94 810 1860 2620 234 890 1800 2700
61 AH 230 7It) i340 2780 245 740 1470 2940
6 F' AA 830 1020 2650 2t9 E30 1095 2670
o I,' AO 240 600 850 276rJ 253 455 810 2750
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Table 4.19: Vorvel Data, NI: l\,Iale, F: Fernale, C: Chikl

114

Talker' Vorvel
Flequencies Ftequencies

þo t1 þb þi F¡ ty þi ¡b
61 F UH 282 400 1070 2530 25t) 450 r050 2450
6l !' U \,V 260 290 670 2380 ¿IJ 330 630 2460
61 F- ER 240 500 1630 2040 243 490 1580 2190
\)¿ C IY 228 460 3300 3950 200 40t) 3400 3850
62 (j IH 205 600 2550 4U00 205 610 2500 4100
62 (-l EH 225 600 2750 3600 210 760 2500 3850
\)¿ C AF] 20rJ i00t) 2300 3900 200 80u 2500 4050
t\z C AH 200 1000 1750 3550 L 110 690 4040
62 (,' AA 205 t220 1560 3650 200 1300 800 3450
62 C AO t1tì 660 1100 3850 217 690 09u 3900
0z C UH 206 620 L420 3700 220 b20 410 3520
62 UW ,ee 440 900 3900 200 400 650 3800
62 ER 21.0 6i0 2300 2900 200 450 2t50 2550
63 C ry 290 320 3500 4260 301'r 350 340u 4100
63 C IH 322 640 3200 3660 325 651ì 3000 3800
63 C tiH 270 850 2900 3680 285 700 3120 3750
63 (,' A!l 256 i130 2560 3500 285 1140 2000 3560
63 C AH 310 1130 t740 3670 300 I000 r800 3450
63 C AA 265 1170 1500 3440 283 980 1300 3100
63 (..1 AO 265 530 1060 3450 272 540 1080 3000
OJ UH 285 560 I440 3500 294 570 1450 350U
63 UW 333 350 1280 3650 290 34t) 1160 2950
63 C ER 275 560 1740 2460 302 600 1800 2200
64 (,; IY 240 380 3140 3700 258 310 3350 3650
64 c IH 290 580 2760 3400 250 500 2660 3500
o4 C EH 250 780 2450 3400 240 672 2550 3400
64 U Aþ] 240 660 2900 3370 215 760 2850 3300
64 c AH 250 880 1500 3200 243 850 r70t) 3250
64 C AA 250 940 i380 2400 276 1200 1500 3160
64 C AO 250 750 t250 3450 225 675 950 3240
64 C UH 300 6r0 500 3300 275 500 370 3500
o4 C iJw 256 300 280 3150 250 400 1300 3700
64 C !jR 250 500 1540 i700 242 580 7620 1790
65 c' IY 297 410 3200 3800 264 420 3400 3900
65 C IH 291 580 2900 3820 2Et) 560 2840 3900
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Table 4.20: Vowel Data, Nf : NIale, F : Fernale, C : Chikl

115

Talker Vorvel
Ffeeueucies .Fì equencies

I'o 11i þi Fs Fo T\ þi fi
65 (_l !lH to9 810 2640 4200 270 780 2720 4100
65 c AE 270 1080 2480 395t) 245 i050 2420 4000
65 C AH 286 970 600 3950 250 800 680 3800
6lr C 1040 350 3850 250 L 100 460 4250
65 (-) AO 286 t^l 150 3950 710 200 3900
65 C UH 285 680 420 3800 278 640 350 3950
65 C UW 300 420 110 3640 280 505 050 3400
65 (-l Þll-t 320 640 940 2820 265 610 2100 2600
66 (_) IY 330 460 2800 3550 rf ó¿1 490 2730 3550
bt) C IE 3i0 560 2500 3450 310 580 250U 3450
ot) C EH 286 800 2300 3750 3i0 834 2420 3740
66 (-) AB 282 950 2750 3ei50 ó 0 1000 2150 3700
66 O AH 293 880 1700 3750 340 900 1600 3650
66 C AA 9ôn 990 1410 3750 280 1050 1320 3730
tlh C AO 285 770 940 3750 oóó 680 020 3700
ti6 UH 322 550 1195 375t) 350 550 340 3500
66 UW 316 600 1200 3600 345 55tJ 100 3470
Dtl C ÐR, 31t) 805 1705 2420 310 770 700 2400
o/ C IY 2IO 340 3400 4320 590 3610 4220
67 (_) IH 235 680 3250 438u 220 440 3000 3790
67 O EH 2t2 660 29U0 3610 216 6i0 2760 3ti50
67 C AE 214 1240 2700 3640 215 ILì5I] 2550 3550
tl ¡/ C AH 216 820 1470 3500 2 970 i410 3200
67 AA 2t8 1090 1380 3050 2 t 860 1250 2800
DI AO ¿1 800 1220 3700 2 4 640 Itì70 3000
67 C UH 279 660 1360 3700 2 4 730 1500 3600
b7 C UW 220 620 1i00 3250 216 600 1280 3650
67 C ER, 222 670 2130 2360 205 760 2240 2460
68 C IY ¿J,J 330 3250 3720 262 340 3100 3400
68 C IH 250 500 2500 3640 278 530 2630 3640
68 C EH 255 7ILì 2550 3560 250 750 2480 3470
68 C AE 233 1140 2260 3640 245 r.110 2230 3380
68 (_; AH 256 770 1540 3500 257 800 1490 3300
68 (_l AA 240 941ì 1400 3400 245 930 1370 3120
68 C AO 240 530 860 3400 241) 520 910 3420
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Table 4.21: Vowel Data. 14 : lvlale, F: Fernale, C: Chilcl

116

Talkel Vorvel
-tiec¡uencies Fì'equencies

þo b\ Fz Fs f'o ,11 t'2 þ'3

68 O UH 255 510 7250 3320 260 520 i140 3320
68 C UW 274 360 66u 3050 260 310 730 3500
68 (j bilì 250 550 1500 1800 239 480 r650 1960
ti9 (-l IY 250 300 2950 3600 270 320 3210 3600
69 C IH 290 550 2610 3560 286 540 2570 3600
69 C EH 281ì 7rJ\ 2500 3580 263 600 2360 3400
69 (-) AE 260 970 2400 3200 25t) 950 2270 3200
69 C AH 270 780 ei50 3350 250 720 1500 3240
69 C AA 278 950 200 2950 250 920 1080 2770
69 (-) AO zoz 790 050 2900 250 75t) 00u 2500
69 (,' UH 540 430 3320 263 530 580 3200
69 C UW 295 420 500 3010 260 450 330 2840
69 c trR t7t 570 880 2400 25!-¡ 510 ei10 1910
7t) cr IY 235 280 2820 3400 244 317 3125 3500
7rJ (_) IH 230 460 2520 3300 2t2 420 2480 3140
70 C EH 657 230t) 3300 232 672 t.>,7 É, 3300
70 C AE 237 808 950 3300 225 870 2000 320tì
70 AH 236 706 410 3200 211 720 1480 2880
7t) AA 250 950 350 310tì 227 910 1360 2950
70 C AO 203 7tì0 20 3070 230 690 920 276U
70 C UH 250 475 250 3150 212 460 I2IO 27írJ
70 (,) UW 244 403 00 2950 242 .1().f 920 2900
70 (-) ER 226 452 580 1810 232 510 i550 1740

C ry 230 280 3140 3830 250 300 3400 3950
(-; IH 450 2700 3650 250 40u 2840 3700
C EH 21.5 580 2650 3550 220 620 2660 3770

AE 240 910 2370 3160 930 2350 3450
C AH 250 770 1650 3420 230 690 600 3350

AA o,1., 970 1450 3260 225 1010 650 3150
AO 232 670 160 3550 225 720 260 3400

C UH 216 500 1640 3580 250 450 440 3500
L UW 290 350 1160 3260 330 1090 3350

7L C ER, 240 431ì 1800 2400 233 470 1840 2400
72 C ry 275 330 3050 3800 286 340 28ti0 3610
7' (-) IH 280 500 2720 336u 230 600 2750 3550
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Tabk;4.22: Vowel Data, M: Nlale, F: Female, C: Clìikl
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Talker Vorvcl
Frequencies Flecuencies

Fo f1 þ'2 þ\ þh t'\ Fz Ft
72 C ÐH 245 2450 3300 258 780 2560 330tì
t2 AE 940 2020 2580 232 1{J70 2320 2900
72 c AH 268 860 53t) 3100 256 970 1500 3050
72 C AA 245 780 250 3180 236 970 970 3120
72 (-l AO 258 825 270 3100 3U{J 93tì 930 2900
72 c UH 260 490 460 2860 286 570 1320 2840
72 C IJW 470 400 2800 286 370 1160 2800
72 C ER 268 510 660 21.00 250 480 1700 i830

(-l IY 295 380 3200 4000 267 350 3250 3700
tÐ (_) IH 294 380 2960 3800 300 520 2900 3600

C EH 280 670 2790 3600 275 620 2750 3500
rö C A!i ¿ùz 1070 2380 3100 t 130 %zrJ 3110
IÔ C AH 290 700 1730 2960 270 570 2900

C AA 278 1i 10 1630 2780 280 1130 400 3000
tó C AO 292 580 930 2950 270 540 070 3UUt.r

t.l C UH 300 450 1350 3000 320 520 600 3150
L' UW 307 460 1460 3070 300 400 700 3000
(_) ER 300 540 r770 2040 286 540 2050 2300

74 C IY 300 300 3250 3850 275 275 3280 3800
74 c IH 286 570 2850 3400 2b7 485 2630 3450
74 ÐH zo4 650 2880 351ìO 284 570 2900 3600
74 AE 260 13ULì 2280 3130 260 1300 2160 3300
74 C AH 275 850 1540 3020 262 840 r58u 2880
74 C AA 250 1230 1300 3200 286 1090 1230 2980
74 (_) UH 283 540 7420 3050 300 600 1440 2900
74 C UW 280 390 1340 2830 284 340 I110 3080
74 U ER 280 530 1650 t740 286 550 1660 1770

C IY 265 370 2950 3400 290 370 251.O 3480
75 C IH 271 2740 3280 290 485 2600 3200
t¡ c tiH 262 630 2520 3150 272 565 2440 3120
75 C AE 262 970 2030 2880 275 915 2130 2900
75 AH 270 810 1600 3230 280 760 1530 318U
75 AA 270 810 1350 2940 275 I000 1360 3000
75 AO 270 535 970 2960 275 550 1080 2850

UH 275 550 r420 3040 295 570 150{J 3000
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Table 4.23: Vorvel Data. NI: I\4ale, F: Fernale. C: Chikl

118

Talker Vorvel
Fr..cquencies Flcr¡uerrcies

I'o t'i t,i ¡0 Ft Íi ¡iì
75 C UW 283 510 i700 3020 278 500 t64U 3050
75 (-l Þilì 267 522 1830 2350 282 530 1800 2250
76 (-) IY 320 350 3240 3760 344 344 3120 3640
76 C IH 308 590 2760 3500 320 540 2900 3500
76 EH 307 830 2750 3650 308 800 2640 óÐ4r.,

/L) c AE 294 r140 2450 3230 239 1130 2550 3150
76 AH 310 930 1540 3I20 950 1670 3150
to (.) AA 350 1190 r470 3i50 314 1070 1460 2950
76 C AO 3UU 910 1200 3180 330 830 1250 3250
76 C UH ó¿t 630 1310 3270 610 1550 3400
76 (_i UW 345 52r.l 1250 3460 334 500 1140 3380
It) (_,' ER 308 740 1850 2160 328 660 1830 2200
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