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ABSTRACT

Classificationofintellectuallydisabledchildrenthroughmanualassessmentofspeechatanearly
ageisinconsistent,subjective,time-consumingandpronetoerror.Thisstudyattemptstoclassifythe
childrenwithintellectualdisabilitiesusingtwospeechfeatureextractiontechniques:LinearPredictive
Coding(LPC)basedcepstralparameters,andMel-frequencycepstralcoefficients(MFCC).Four
differentclassificationmodels:k-nearestneighbour(k-NN),supportvectormachine(SVM),linear
discriminantanalysis(LDA)andradialbasisfunctionneuralnetwork(RBFNN)areemployedfor
classificationpurposes.48speechsamplesofeachgrouparetakenforanalysis,fromsubjectswitha
similarageandsocio-economicbackground.Theeffectofthedifferentframelengthwiththenumber
offilterbanksintheMFCCanddifferentframelengthwiththeorderintheLPCisalsoexaminedfor
betteraccuracy.Theexperimentaloutcomesshowthattheprojectedtechniquecanbeusedtohelp
speechpathologistsinestimatingintellectualdisabilityatearlyages.
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1. INTRoDUCTIoN

Insocialcommunication,speechperformsanimportantroletoexpressfeelings,emotionsandthoughts.
Communicationimpairmentsaffecttheprocessofinitialcognitivedevelopmentwhichcontinuesto
furtherstages.Neurodevelopmentdisorders,specifically,IntellectualDisability,Autism,Stuttering
andDownSyndromedirectlyaffectthespeechandlanguagedevelopment.Intellectuallydisabled
childrenarehighlypronetodevelopingsomespeech,vocalorlanguagedisability,whichhasadverse
effectonlanguagedevelopment.

Accordingto(WorldHealthOrganization,1980),childrenwithintellectualdisabilityusually
haveimpairmentsinlanguageandspeechwhichfurtherclassifiesinuseandcomprehensionofthe
language,deficitsofthelinguisticfunction,learningdisabilitiesandimpairmentsofcommunication.
IDchildrenalsofacedifficultiesinspeechproduction,voicefunctionsandspeechcontent.Thedisorder
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causesrestrictionsineffectiveverbalcommunicationwhichaffectsocialinvolvement,educational
attainmentorprofessionalperformance,independentlyorinagroup.

Communicationisavitalcomponentofqualityoflife,andspeechconsideredastheprimary
modeofhumancommunicationoutofvariouscommunicationmedium.Inintellectuallydisabled
(ID)children,thespeechcommunicationfrequentlydisturbedbyimpairmentsinvoiceproductionand
weakenedhearing(Roberts,2007),resultinginlackofcommunicationandimpairingbothadaptive
behaviourandintellectualfunctioning.

A authenticate clinical outcome shows the fact that a typically developing child achieve a
remarkablygoodlexicalandverbalsystemfromtheirenvironment(DeVilliersJGandDeVilliers
PA,1974;Slobin,1973;Pinker,1994;CulterandKlein,2005)butanIDchildcan’tdothesameat
asimilarage.Speechimpairmentisamongthefrequentlyaddressedissuewiththechildrenwith
intellectualdisability(Kumin,2006).First,3-5yearsofachild’slifespanarehighlycrucialtime
forspeechandlanguagedevelopment.Typicallydevelopingchildrencanlearnthebasicstructure
of language till thisage (Tager-Flusburg,1998)whilechildrenwith IDcanonlyacquire limited
languagecomponentsandunderstatingofsomecommonwords.Researchesonspeechandlanguage
developmentarealsoaffectedduetolessnumberofthespeechpathologistandanalystforanalysing
recordedspeechsamples(Oller,1980;Sheinkopfetal.,2000;Wetherbyetal.,2004).

Intellectuallydisabledchildrenparticipateinfeweractivitiesinandoutsideschoolthantheir
controlpeergroups(Abells,Burbidge&Minnes,2008).Involvementinoutsideschoolactivitiesis
essentialforallchildrenasitenhancesphysicalandmentalgrowth,socialawareness,andpsychological
securityandcreatescommunityrelationships(Murphy&Carbone,2008).Childrenheavingintellectual
disability may have lower communication, motor and social skills and have reduced cognitive
functioningthantheirtypicallydevelopedpeers(Pratt&Greydanus,2007;Westendrop,Houwen,
Hartman,&Visscher,2011).Due to lessparticipation inoutsideschoolactivities,childrenwith
intellectualdisabilitymayleadtosocialisolation(Rimmer,Rowland,&Yamaki,2007)andinactive
behaviour(Frey&Chow,2006)whichisgenerallyreportedintheliterature.

Speech intelligibility is measured as how clear a person speaks so that his or her voice is
understandable to the listener (Leddy, 1999). Lesser speech intelligibility often leads to lack of
interestbyothers,frustrationandmisunderstanding.Socialinteractionhelpsinacquiringspeechand
languagecapabilities.Speechintelligibilityisgenerallyconsideredasvoicepatternrecognitionin
socialcommunication(Smith,1985).Althoughitisacombinedeffortofbothspeakerandlistener
whoareparticipating in the recordingprocess (Tjaden,1995).Acquaintancewith thespeaker is
especiallyhelpfulincaseofimpairedspeech(Kent,1993).Factoraffectingspeechintelligibilityare
thecontextofcommunication(e.g.,verbaltransmissionofthevoicesignal,descriptionofvisual
cuesandrelatedsupportforthesignaltobetransmitted)andthespokenmaterial(e.g.,lengthofthe
messageanditslinguisticassembly).

ThechildrenwithIntellectualDisability(withmild,moderateandseverepopulation)deficitsin
languagedevelopment(Cardoso-Martins&Mervis,1985;Mervis&Bertrand,1990)intheirspeech.
Thesekidsalsoshowmanyarticulatorylimitations(Stoel-Gammon,2001)andexhibitdeficitsin
syntaxandgrammardevelopmentascomparedtotypicallydeveloped(Singer,Bellugi,Bates,Jones
&Rossen,1997).Manyneuro-anatomicallyandneuroimagingresearchstudiesrefertolinguistic
and phonological characteristics of speech of typically developing children, adults and children
withIntellectualdisability(Fowler,1990).Allthespeech-relatedstudiestillnowconsiderspectral
acousticfeaturestoinvestigatespeechdevelopment(Assmann,P.F.,Nearey,T.M.,&Bharadwaj,
2013;Ballard,KirrieJ.,etal.,2012).

Intheliterature,differentfeatureextractionandclassificationalgorithmshavebeenimplemented
forclassifyingchildrenwithIntellectualDisabilityanditssub-groups(mild,moderate,severeand
profound).ResearchesextractedMFCCandLPCCfeaturesfortheclassificationinstuttering,Down
syndromeandotherlanguagedisabilities.Inthisresearch,differentparameter’svaluesofMFCCand
LPCfeaturesweretakentocalculateaccuracyfromthespeechtoclassifychildrenwithIDfromTD.



International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 2 • April-June 2020

18

Fourdifferentclassifies,k-nearestneighbour(k-NN),supportvectormachine(SVM),radialbasis
functionnetwork(RBFNN)andlineardiscriminantanalysis(LDA)wereemployed,forclassifying
thespeechofIDchildrenfromthecontrols.A10-foldcrossvalidationtechniquewasusedtovalidate
thereliabilityoftheclassificationmodels.Infuture,wewillalsoconcentrateontheclassificationof
theintellectualdisabilityasmild,moderateandprofoundattheearlyageusingspeech.

2. MeTHoDoLoGy

Inthiswork,MFCCandLPCbasedfeatureextractionalgorithmswereused.Fourclassifiers,k-NN,
SVM, RBFNN and LDA, were applied to assess the effectiveness of the speech features in the
classificationofintellectuallydisabled.Theeffectivenesswasalsocomputedondifferentvaluesof
thetwoparametersofbothMFCCandLPC.Thereliabilityofthealltheclassifierswerecomputed
usingthesamedatabase.TheblockdiagramoftheprocedurehasshowninFigure1.

2.1. Speech Dataset
ThedatasetwascreatedfromaninstitutenamedSIRTAR(StateInstituteofrehabilitation,training,
andresearch)atRohtak–agovernmentofHaryana,Indiaoveradurationof8months.Thedataset
comprisedofrecordingsformonologues,picturenaming,readingandrepeatingsentences.There
were96differentrecording.Thedatasetconsistedof48samplesfromeachID(mildandmoderate)
andTDgrouprespectivelyforanalysis.ThedistributionoftheparticipantshasshowninTable1.

Figure 1. Block diagram of speech pattern recognition

Table 1. Age and gender distribution of participants involved in the dataset

Type Mean Age
Gender No. of 

ParticipantsBoys Girls

ID

ID–Mild 13.2 24 4 28

ID–Moderate 14.6 14 6 20

ID–Profound 0 0 0 0

TD TD 14.2 36 12 48
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Thecontentofthespeechrecordingswerevowels,picturesofanimals,fruitsandvegetables
andimitationoftwoletterswordofbothHindiandEnglishlanguages.Theparticipantsfor
theTDgroupwerechosenfromTheNorthCapUniversity.NoneoftheTDparticipantswas
sufferedfromanyneurodevelopmentaldisorder,socio-communicationandspeechdisabilities.
All the participants signed the consent form before the participation in the research. This
researchisjointlyapprovedbytheethicalcommitteeofSIRTAR,RohtakandTheNorthCap
University,Gurgaon,India.

2.2. Procedure
Speech samples were recorded on the sampling rate of 22.5 kHz with 16-bit PCM (Pulse-code
modulation).Participant’svoicewasrecordedwithaheadfittedunidirectionalSonymicrophone
(ICD-UX533F)withdynamicgaincontrol.Aninstructorfromthesameschoolwaspresentinthe
roomwhilerecording,tomaketheparticipantcomfortable.Repetitionwastheretoavoidthehesitation
intheparticipant’svoice.Therecordingprocedureconsistedofthreetasks:

1. Sustained phonation task:ParticipantswereaskedtoutterHindiandEnglishvowels/alphabet
andtocountforabout20seconds;

2. Imitation task: Participants were invited to imitate the researcher voice which was mainly
consistedoftwotothreewordssentencesofHindiandEnglish.Thistaskwascarriedoutto
investigatespeedandarticulatorycorrectness;

3. Picture naming task:Picturenamingtaskwascomprisedofthepicturesofstandardcolors,
vegetables,birdsandanimals.Theparticipantswereaskedtorecognizeandpronouncethe
nameofthepictureshowed.Thistaskrecordsvariousdimensionsofvoicequality,speaking
rateandvoiceintensitywithdurationofpauses,durationofspokensyllableandsentence
andvoiceonsettime.

If any participant could not manage with the phonation interval, he/she was asked to stop
pronouncing.Speechrecordingswerefollowedbyenlightenmenttothespeakerabouttherecording
proceduretoavoidthepsychologicalstimuliinthespeaker’svoice.

2.3. Speech Signal Pre-Processing
Speechsampleswereinitiallyrecordedatthesamplingrateof44.1kHz.Forfurtheranalysis,the
recordedsignalwasthendownsampledto16kHzbecausemostprominentspeechfeaturesarelies
within8kHzrange(Huang,Acero&Hon,2001).Beforefeatureextraction,thespeechsignalwas
pre-emphasized,itisnecessarytoeventhespectralenergyenvelopebyincreasingtheimportanceof
high-frequencycomponentsandforeliminatingtheDCpartinthespeechsignal.Thedownsampled
speechsignalswerepre-emphasizedwithafirst-orderbandpassfilter.Thez-transformofthefirst-
orderbandpassfilterisshowninEquation1:

H z( ) = − −1 1α * z  (1)

Forfixed-pointimplementationthevalueofα =15/16=0.9isused(M.Hariharan,L.SinChee
&S.Yaacob,2012).Hammingwindowwasusedtodivideapre-emphasizedsignalintoshortframe
segmentasdescribedinFigure3.Theframelengthwasvariedfrom10-50ms(Aggarwal,G.,&
Singh,L.2018).Acousticfeatureswereextractedfromeachframeandusedintheclassification.The
detailedsystemarchitectureisdescribedinFigure2.
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3. SPeeCH PARAMeTeRIZATIoN

3.1. Mel-Frequency Cepstral Coefficients (MFCC)
MFCCs have recognized as the most successful feature extraction methods in classification of
disorderedspeech(Ravikumar,Rajagopal&Nagaraj,2009).Itistheapproximaterepresentationof
thehumanvocaltractsystem[DavisandMermelstein1980]andpreciselydescribestheshapeofthe
auditorysystembytheenvelopeofashorttimepowerspectrum.

MFCCisestimatedbyapplyingtheFastFourierTransform(FFT)tothewindowedsignal
whichtransformsthespeechsignalintoshortframes.Powerspectrumdensityiscomputedfor
eachsubframe.ThenapplyMelfilterbanktothepowerspectrausingatriangularbandpassfilter
calledMel-scalefilter(Dhanlakshmietal.2009),addtheenergiesofeachfilterbankandtake
thelogarithmofallenergies.TherepresentationoflinearfrequencymappingtoMelfrequency
isshownintheEquation2:

Mel f( ) = +










2595 1
70010

log
f
�  (2)

Figure 2. Detailed workflow of the proposed system
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Intheend,estimatethediscretecosinetransform(DCT)oflogarithmicenergiesconvertinglog
Mel-spectrumintotime.ItresultsinMel-FrequencyCepstralCoefficients(MFCC)(Jothilakshmiet
al.,2009).Inspeechrelatedresearches,speechsamplescanbedemonstratedastheconvolutionof
thesourceexcitationandvocaltractfilter.Thedeconvolutioncanbeachievedusingcepstralanalysis
ofthetwocomponents.

Manyspeechrecognitionstudies reject the0thcoefficientsofMFCCdue to its irregularity.
Regardlessofthefact,inthisstudy,the0thcoefficientcanbeassessedastheaverageenergiesof
everyfilterbankinthespeechsignalthatisbeingevaluated.(Picone,1993).Inthisstudy,theimpact
ofdifferentframelengths(10-50ms)wereexaminedoverthenumberoffilterbanks(13,15,17and
24).Parameterslikeframeshift=20ms,α=0.97,numberoffilterbankchannels=20,cepstralsine
lifterparameter=22andfrequencylimit=300-3700Hzwereusedforclaculations.Figure3(a)and
(b)representstheMFCCfeaturesofanIDchildandaTDchildofsimilarage.

3.2. Linear Predication Analysis
Inthisstudy,threesalientfeaturesofspeechwereextracted,LinearPredictiveCoding(LPC),Linear
PredicativeCepstralCoefficients (LPCC)andWeightedLinearPredicativeCepstralCoefficients
(WLPCC).Inlinearpredictiveanalysis,thenextsampleisestimatedthroughthelinercombination
ofpastpsampleswherepistheorderofprediction.Ifs(n)isthecurrentsamplethenitiscalculated
usingpastpsamplesasEquation3:

Figure 3a. MFCC representation: TD child
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s n^ ( ) = −( )
=
∑
m

p

m
a s n m
1

 (3)

Thedifferencebetweenactualandthecalculatedsampleiscalledpredictionerrore(n).It is
definedasEquation4:

e n s n s n( ) = ( )− ( )^ e n s n( ) = ( )− −( )
=
∑
m

p

m
a s n m
1

 (4)

where,a
m

standsforlinearpredictivecoefficients,Autocorrelationisappliedoneachofthe
windowedsignalusingEquation5:

γ m
x n x n m

m p
n

N m

( ) = ( ) +( )
=

=

− −

∑
0

1

0 1

,

, ..
 (5)

    solvebothnch pre− 

Figure 3b. MFCC representation: ID child
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wherepistheorderoftheLPCanalysis.Inliterature,thevalueofpisfixedas2,8,10and14(Aggarwal
&Singh,2018;Hariharan,Chee&Yaacob,2012;Ai,Hariharan,Yaacob,&Chee,2012).LPC
analysisisimplementedusingDurbin-Levinsonrecursivealgorithmforconvertingautocorrelation
coefficientsintoLPCcoefficients.ThefinalLPCcoefficientsisgivenbyEquation6:

a a j p
j j

p= ≤ ≤� � �1  (6)

ThecepstralcoefficientscanbecalculatedusingLPCcoefficientsusingthefollowingrecursive
methodshowninEquation7and8:

c a
k

m
c a m p

m m
k

m

k m k
= + ≤ ≤

=

−
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1

1

1
�
, � � �  (7)
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k
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k m k
= >

=

−

−∑
1

1

,  (8)

where,mstandsfortheorderofthecepstralcoefficients,LPCCfeaturesareobtained.Although,
thehigherordercepstralcoefficientsarepronetonoiselikevariabilityandthelowerorder
cepstralcoefficientsaresensitivetotheoverallspectralshape(Rabiner&Juang,1993).To
minimizethesensitivities,astandardmethodologyistoweighthecepstralcoefficientsbya
taperedwindowisapplied.

WeightedLinearPredictiveCepstrumCoefficientscanbedeterminedbymultiplyingLPCCto
theweightedformula,explainedinEquation9:

w
Q m

Qm
= +






















≤ ≤1

2
1sin

π
m Q  (9)

Inthecepstralregion,aweightedfunctioncanberepresentedasbandpassfiltertode-emphasize
c
m

aroundm=1toQ.Addingtoit,thesensitivityofhigherordercepstralcoefficientsontooverall
spectralscopeatm=1andlowerordercepstralcoefficientstonoiseatm=Qarereducedbythefilter.
WLPCC,c

m

� werecalculatedbyEquation10:

� *c c w
m m m

� = ≤ ≤1 m Q  (10)

Inearlierstudies,WLPCChasbeenimplementedasatechniquetoextractspeechfeaturesin
differentapplicationswithdifferentneuro-developmentdisorders.Inthiswork,threelinearprediction
techniqueswereappliedforspeechfeatureextractiontodifferentiatebetweenthespeechsamplesof
IDandTDchildren.Theclassificationwasdependentonthevalueoforderp.Orderpfrom2to14
havebeenappliedwith8kHzsamplingfrequency(Aggarwal,G.,&Singh,L.2018).Theimpactof
orderp(2,8,10and14)wasanalysedwithdifferentframelength(10,20,30,40and50ms).Non-
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overlappingwindowwithα =0.97,256-pointFFTwasappliedforcalculations.LPCrepresentations
ofagematchedTDandIDchildrenaredescribedinFigure4(a)and(b).Theresultsoftheanalysis
willbediscussedindetailintheResultsection.

4. CLASSIFICATIoN

4.1. k-Nearest Neighbor
k-NNisasimpleclassificationmodelusedlazylearning.Inspeechpatternrecognition,thek-NN
isusedtoclassifyobjectsdependsonthenearesttrainingexamplesusingdistanceformulasinthe
featurespace.Itissupervisedlearningmodelcalculatethemajorityvotesandclassifytheobject
intheclasssimilartoitsknearestneighbour(kstandsforapositiveinteger)Minimumdistance
betweenthetrainingsetandthetestfeaturevectoriscalculatedtodecidethek-NNcategory.
Inthiswork,foreachtestsample,theminimumdistancewascalculatedfromthetestspeech
sampletoeachofthetrainingspeechsamplesandfoundthek-NNcategoryofthetrainingset.
EuclideandistancematrixdE(x,y)wasusedtocomputethenearestneighbourbetweentraining
and testingdata,wherexandyare the trainingand testingspeechsamplescomposed forN
features,describedinEquation11:

x x x x

y y y y
N

N

= …( )
= ( )

1 2

1 2

, , ,

, , .,
 (11)

Figure 4a. LPC parameterization: TD child
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EuclideandistanceisdefinedinEquation12:

d x y x y
E

i

N

i i
,( ) −

=
∑
1

2 2  (12)

Thus,thevalueofkdepictsanessentialroleinthek-NNclassifier.Usually,thekvalueshould
begiveninadvance,andtheoptimumk-valuedependsonthedataset.Generally,moresignificant
thekvaluelesswillbetheeffectofnoiseontheclassificationbuttheclassesboundariesbecome
closetoeachother(Liu,Lee,&Lin,2010).

Therefore,inthisresearch,eachexperimentwasperformedwithdifferentvaluesofkranging
from1to10.Foreachkvalue,theexperimentwasiteratedfor10timeswithdifferenttrainingand
testingsets.Theclassificationresultswererepresentedintheformofclassificationaccuracywith
standarddeviation.

4.2. Support Vector Machine
Inthispaper,SVMisusedasaclassificationmodelanditiswidelyusedtosolvebothlinearand
non-linearclassificationproblemslikedensityestimationandpatternrecognitiontasks.Itusesanon-
linearmappingtotranslatethetrainingdataintoahigherdimensionusinganonlineartransformation
ϕandthenapplyalinearseparation.

ForbuildinganonlinearSVMclassifier, the intermediateproduct (X,Y) is substitutedbya
kernelfunctionK(X,Y):

Figure 4b. LPC parameterization: ID child
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f x sign( ) = ( )+
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SVMconsistsof two layers. In the learningphase, the first layeropts for thebaseK(x_i,x)
whereI=1,2,…,N,fromthebasesdefinedbythekernel.Thesecondlayerbuildsalinearfunction
inthefeaturespace.Constructingtheoptimalhyperplaneintheanalogousfeaturespaceisthesame.
Hyperplanewiththelargemargintobemoreaccuratethanthesmallermarginforclassifyingfeature
data.Thehyperplanewithmaximummarginisinterpretedastheshortestdistanceisequalbetween
thehyperplaneandmarginsonbothsides.Equation14definedtheseparatinghyperplane:

W X b. + = 0  (14)

whereWistheweightvectorW= w w w
n1 2

, , .,…( ) ,nisthenumberofattributesandbisthescalar
(Suykens,VanGestel,&DeBrabanter,2002).

Inthiswork,theLS-SVMLabtoolboxwasappliedtoclassifythespeechofIDfromTDchildren.
Toachieveabetterclassificationaccuracy,thetwoparameters,regularizationparameters(γ,gam)
and � �σ2 2sig( ) whichwasthesquaredbandwidthofRBFkernelwaschosenoptimally.

4.3. Linear Discriminant Analysis
Thelineardiscriminantanalysisisawidelyusedsupervisedlearningalgorithmintheareaoffeature
selectionandclassification.Itgivespreciselygoodresultsinvariousresearchfieldssuchasimage
processing,signalprocessing,speechprocessingandpatternrecognitionandmanymore.Inthiswork,
LDAwasappliedtoclassifyatwo-classproblem.TheroleofLDAistolocatealineartransformation
(discriminantfunction)thatgivesmaximumclassreparabilityinsmalldimensionalspace(Duda,Hart
&Stork,2000).Thediscriminantfunctionwasgeneratedbytransformingthespeechfeaturevector
toaprojectionfeaturevector.ThediscriminantfunctionisshowninEquation15:

f µ S x µ S µ P
i i w k

T
i w i

T
i

= − + ( )− −1 11

2
ln  (15)

whereµ
i
-meanfeaturesingroupiandthevalueofiwilleither1or2:

x
k

-xrepresentsthefeaturesofallthespeechdata,krepresentsoneacousticfeature.
P
i
-totalsamplesofeachgroupdividedbytotalsamples.

Firstly,themeanµ
3

ofthecompletedatasetandmeanµ
1
andµ

2
ofeachfeaturearecalculated

whichhasshowninEquation16:

µ µ µ
3 1 1 2 2
= +P P

�
 (16)

whereP
1

andP
2
arethepriorprobabilitiesofClass1andClass2respectively.Classdiscrimination

isdefinedbyimplementingbetween-classS
b

scatterandwithin-classscatter  S
w

and  S
w

ismeasured
usingEquation17:
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S Pcov Pcov
w
= +

1 1 2 2
 (17)

Thus, cov
1
and cov

2
 shouldbe insymmetry.Covariancecanbecalculatedusing theabove

equationandS
b

iscalculatedusingEquation18and19:

cov x x
i i i i i

T
= −( ) −( )µ µ  (18)

S µ
b

i
i i

T
= −( ) −( )∑� µ µ µ

3 3
 (19)

TheLinearDiscriminantfunctionwascalculatedusingallfeaturedata.Trainingandtestingdata
weredraggedintonewdimensions.ClassificationalgorithmswereimplementedinMatlabR2013b.

4.4. Radial Basis Function Neural Network
Theradialbasisfunctionneuralnetwork(RBFNN)(Haykin,2001)isprimarilyusedforthetime
series sequencedatawith a two-layer feed-forwardnetworkarchitecture includes an input layer,
hiddenlayerandanoutputlayerasshowninFigure.Hiddenlayerisactedasthelayerofprocessing
unit.Radialbasisfunctionisappliedatinputandoutputlayers.Theinputlayerhasn

i
unitsforan

i


dimensioninputvectorwhichisfullyconnectedto n
h

hiddenlayerunits,whicharefurtherfully
connectedto n

c
outputlayerunits.Inthisstudy,Gaussianactivationfunctionwaschosenforthe

hiddenlayersandwascharacterizedbytheirmeanvectorsµ
i
andcovariancematrices � ,� , ,C i n

i h
= …1 2 .

For ease of calculations, it was presumed that the covariance matrices were of the form of
C I i n
i i h
, , , ,= = …σ2 1 2 .Theactivationfunctionoftheithhiddenlayerforan x

j
inputvector,is

givenbyEquation20:

g x
x

j

j i

i

( ) =
− −











exp

µ

σ

2

22
 (20)

Theσ
i
2 andµ

i
canbecalculatedusinganappropriateclusteringalgorithm.Inthispaper,k-means

clusteringwasusedtocalculatethecentroids.
Hereanassumptionσ

i
2 =σ2 wasmade,toavoidtheactivationfunctiongobeyondthelimits,

neithertoopeakednortooflat.ItisdefinedbyEquation21:

σ
γ2

2

2
=

d  (21)

wheredisthemaximumdistancecalculatedbetweentwocentroidpoints, γ istheempirical
scalefactorwhichhelpsinsmootheningofthemappingfunction.So,theaboveEquation22
isrewrittenas:
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g x
x

di j

j i( ) =
− −











exp

µ

γ

2

2
 (22)

Thehiddenlayerisfullyconnectedwiththen
c

outputlayerthroughweights  w
ik

.Theresultof
thekthoutputunitforaninputunitx

j
isdefinedbyEquation23andtheblockdiagramisrepresented

inFigure5:

y x w g x
k j

n

i

ik i j

h

( )= ( )
=

∑
0

 (23)

wherek n
c

= 1 2, ,.., ,g x
j0
1( ) = .

5. ReSULTS

MFCCandLPC-basedparameterizationtechniqueswereusedtoextractacousticfeaturesfromthe
speechsignals.DifferentnumbersofMFCCsfilterbanks(13,15,17and24)andLPCorder(2,8,
10and14)wereusedtocharacterizethedisorderedspeechofIDchildren.10-foldcross-validation
wasappliedtovalidatethereliabilityoftheclassifiers.Fourclassificationmodelswereappliedfor
classifyingthespeechofIDfromTDchildren.Forbetteraccuracy,parametersforalltheclassifiers
werechosensuitably.LDAincorporatedthelineardiscriminantfunction.Ink-NNdifferent‘k’values
wereusedfrom1to10.InSVMoptimalvaluesofregularizationparametersweretakenas90and
0.9respectively.InRBFNN,time-dependentneuralnetwork-basedactivationfunctionisused.The
resultsofMFCCsandLPCsusingallthefourclassifiersaredisplayedinTable2and3.Theaverage
andthestandarddeviationoftheclassificationaccuraciesofbothIDandTDspeechsignalsarealso
tabulated.Standarddeviationclearlyshowstheconsistencyoftheclassifiersresults.Ifthestandard
deviationissignificant,theclassificationmodelisinconsistent,anditalsoshowsthatthelearning
attributesofthemodeldisturbtheperformanceoftheclassifiers.

IthasconcludedfromTable2,thatMFCCsgivemorethan96%classificationaccuracywith13
MFCCsfilterbanks.Thebestaccuraciesarecalculatedfortheframelengthof20msand30msThe

Figure 5. Block diagram of RBFNN
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RBFNNclassificationmodelgiveshigheraccuracythantheotherthreeclassifiers.Classification
resultsshowthatRBFNNismostreliableandsuitableclassifierforthedisorderedspeechclassification.
FromTable3,ithasnoticedthattheWLPCCfeaturesoutperformtheLPCandLPCCparameterswith
accuracymorethan96%usingframelength,20msand30ms.Withourpreviousfindings,theLPC
orderswerechosen(2,8,10,and14).OrderoftheLPCdecidesthenumberofLPCcoefficients.It
hasobservedfromTable3that,onlowordervalue,theLPCspectrumtakeonlythecentralresonance
peakandgivesanunfortunateresult.WhentheorderoftheLPCishigher,itbringsmanyspurious
peaksintheLPCspectrum,whichalsogivespoorresults.Sotheappropriateordershouldbeselected
forthebetterclassificationaccuracy.Theoutcomesforthecurrentstudyareveryencouraging,but
itischallengingtocomparetheseresultswithotherresearchessincemoststudiesarebasedonthe
gesture,grossmotorskillsanddailyactivitiesofachildwithdifferentdatabasesandapproaches.

Thespeechdataistimedependentdata,sotheclassifiershaschosenaregoodinclassification
oftimevariantdata.Fromtheliterature,wehaveseenthatmanyresearchgroups,whoareusing
speechastheirprimarydata,suingk-NN,LDAandSVMforclassification.RBFNNistheadvanced
versionofANNwhichcancorrectlyclassifythetimedependentdata.

6. CoNCLUSIoN

In this paper, a comparison of two speech parametrization techniques is presented for the
classificationofIDandTDchildren.Fourclassifiers(k-NN,LDA,SVMANDRBFNN)areused.
BothtypesofspeechsamplesareundergoingfeatureextractionusingLPCbasedparameterization
andMFCCsmethod.InLPCbasedfeatureextraction,theorderwasvariedwiththeframelength,
andinMFCC,thenumberoffilterbanksarevariedwithdifferentframelengthandanalysed

Table 2. Classification accuracies between ID and TD children of four classifiers using MFCC

No. of Filters Classifier
Frame Length (ms)

10 20 30 40 50

13

k-NN 88.73±2.14 92.23±1.42 91.23±1.10 93.06±0.76 91.11±1.03

LDA 89.31±1.12 89.91±1.05 89.02±0.98 89.91±0.95 87.23±1.25

SVM 95.03±0.72 95.65±0.92 94.22±0.70 94.85±0.95 94.01±0.70

RBFNN 95.03±0.68 96.25±0.75 96.25±0.62 95.12±0.82 93.34±1.02

15

k-NN 88.52±1.55 91.98±1.35 91.02±0.77 91.88±0.95 91.21±1.78

LDA 88.72±0.88 89.91±1.12 89.54±0.62 90.22±0.56 88.97±0.65

SVM 95.30±0.65 96.18±0.76 95.23±0.23 96.28±0.50 95.91±0.56

RBFNN 95.20±0.76 96.87±0.65 96.13±0.31 96.54±0.48 94.59±0.56

17

k-NN 88.21±2.12 91.72±1.12 90.14±0.76 92.14±1.62 90.01±1.86

LDA 88.55±0.95 91.12±1.03 90.07±0.59 91.17±1.10 90.33±0.42

SVM 95.18±0.88 95.83±0.82 95.02±0.76 95.08±0.46 94.88±0.85

RBFNN 95.45±0.98 96.55±0.56 95.92±0.82 96.48±0.76 94.32±0.74

24

k-NN 87.93±2.58 88.21±1.72 90.43±1.32 90.32±1.84 90.17±1.77

LDA 88.12±1.00 88.45±1.03 88.23±0.76 88.78±1.28 88.70±0.88

SVM 94.28±1.12 95.43±1.14 94.55±0.96 93.97±0.84 94.12±0.98

RBFNN 95.03±1.08 95.55±0.96 95.20±0.84 95.33±0.85 93.98±0.92
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theeffectontheclassificationmodels.TheRBFNNoutperformSVMfollowedbyk-NNand
LDA.RBFNNgivesthehighestaverageclassificationaccuracyofabove94%usingWLPCC
and96%usingMFCCfeatures.Theseoutcomesindicatethattheproposedtechniquecouldbe
usedasasignificanttoolinintellectualdisabilityassessmentforthespeechpathologist.Inthe
future,morefeatureselectionalgorithmswillbeimplementedtoselectthebestfeatures.Other
classifiers may also be used to improve the classification outcomes between disordered and
normalspeechatearlyages.
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