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ABSTRACT

In this paper we explore new methodsby which spealers
canbeidentifiedanddiscriminated usingfeaturesderived
from the fourier transformphase . The Modified GroupDe-
lay Feature(MODGDF)which is a parameterizedorm of
themodifiedgroupdelayfunctionis usedasafront endfea-
turein this study A Gaussiammixture model(GMM)based
spealer identificationsystemis built with the MODGDF as
the front endfeature. The systemis testedon both clean
(TIMIT) andnoisytelephone(NTIMIT)speechTheresults
obtainedarecomparedvith traditionalMel frequeny cep-
stral coeficients(MFCC)which is derived from the fourier
transformmagnitude. When both MFCC and MODGDF
werecombinedthe performanceémprovedby about4% in-
dicatingthatbothphaseandmagnitudecontaincomplemen-
tary information. In an earlierpaper[1], it wasshavn that
the MODGDF doespossesphonemespecificcharacteris-
tics. In this paperwe shav thatthe MODGDF hasspealer
specificproperties We alsomake anattemptto understand
spealer discriminatingcharacteristicef the MODGDF us-
ing thenonlineamappingechniquéasedn Sammomap-
ping [10] andfind thatthe MODGDF empirically demon-
stratesa certainlevel of linearseparabilityamongspealers.

1. INTRODUCTION

Currentstateof the art spealer identificationsystemsuse
featurederived from the Fouriertransformmagnituddik e
MFCC, its derivativesandalso PLP Cepstra. Thoughhalf
of the underlyingspectrainformationis discardedn these
cases.attemptsto utilize the phasespectrumfor derving
featureshave beerminimal. Themodifiedgroupdelayfunc-
tion [1], which is a variantof the groupdelayfunction has
beenusedin [1] to build a phonemeaecognizerand,in [2]
for spealer identification. In this paper we build a GMM
based spedadt identificationsystemusingthe MODGDF as
the front end featureand primarily study its spealer dis-
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criminating properties. The MODGDF is testedon both
cleanspeechTIMIT) andtelephonespeechNTIMIT) us-
ing a maximumlikelihood classificationscheme(GMM).
Theperformancef thesystembasecdon MODGDFis com-
paredwith that of the traditional MFCC. Sincea sixteen
dimensionaMODGDF is usedfor recognitiondimension-
ality reductionis performedto aid in visual perceptionof
thefeaturein two dimensionsTheClassicalSammormap-
ping techniguehasbeenusedto reducea typical codebook
of sixteendimensiongo two dimensionsOn visualization,
the codebookof spealrsderived from the MODGDF ex-
hibit a certainlevel of linearseparabilityin thereducedea-
turespace.

2. THEORY OF THE MODIFIED GROUP DELAY
FUNCTION

Spealkerscanbecharacterizethy eithermagnitudeor phase
informationalone[6]. But it is widely perceved that the
magnitudespectrunvisuallyrepresentthesystemnforma-
tion verywell whencomparedo thatof thephasespectrum.
It is importantto note that unlike the phasespectrum the
groupdelayfunction[6], definedasthe negative derivative
of phase canbe effectively usedto extract varioussystem
parametersvhenthe signalunderconsideratioris a mini-
mumphasesignal. Thisis primarily becaus¢he magnitude
spectrumof a minimum phasesignal[6], andits groupde-
lay functionresembleeachother The groupdelayfunction
is definedas

1)

wheref(w) is the unwrappedhaseunction. Thevaluesof
the groupdelayfunctionthatdeviate from a constantvalue
indicategshedegreeof nonlinearity of thephase Thegroup
delayfunctioncanalsobe computedrom the speectsignal



asin [1] using
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wherethe subscriptsk and I denotethe real and imagi-
narypartsof the Fouriertransform.X (w) andY (w) arethe
Fourier transformsof x(n) and nx(n), respectiely. The
group delay function requiresthat the signalbe minimum
phaseor thatthepolesof thetransferfunctionbewell within
the unit circle for it to be well behaed. The groupdelay
functionbecomesspiky in naturedueto pitch peakshoise
andwindow effects. This hasbeenclearlyillustratedin [1]
and[2]. It is alsoimportantto notethat the denominator
term|X (w)|? in equation2 becomesero,at zerosthatare
locatedcloseto the unit circle. The next taskis therefore
to suppresshe zeros. The spiky natureof the groupdelay
spectrumcan be overcomeby replacingthe term | X (w)|?
in thedenominatoof thegroupdelayfunctionwith its cep-
strally smoothedversion, S(w)?. Furtherit hasbeenes-
tablishedin [1] thatpeaksat the formantlocationsarevery
spiky in nature. To reducethesespikestwo new parame-
tersy anda areintroduced.The nev modifiedgroupdelay
functionasin [1] is definedas
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whereS(w) is the smoothedversionof | X (w)|. The new
parameters and~ introducedvary from 0 to 1 where(0<
a < 1.0)and(0< v < 1.0). It hasbeenemphasizedh [1]
that in the group delay domainthe channeleffect canbe
subtractedut assumingthat it is a function of frequeng
only. Thealgorithmfor computatiorof the modifiedgroup
delayfunctionis explicitly dealtwith in [1].

2.1. Feature Extraction using the modified group delay
function

To corvertthemodifiedgroupdelayfunctionto somemean-
ingful parametersthe groupdelayfunctionis corvertedto
cepstrausingthe DiscreteCosineTransform(DCT).

k=Nj
c(n) = Y 7u(k)cos(n(2k + 1)m/Ny) (5)

where Ny is the DFT orderand 7, (k) is the group delay
function. The secondform of the DCT, DCT-1l is used,
which hasasymptoticpropertiesto that of the Karhunen
Loeve Transformation (KLT) asin [1]. The DCT actsas

alinearde-correlatarwhich allows the useof diagonalco-
variancesn modellingthe spealer vectordistribution. c(n)
shallbereferredo asthemodifiedgroupdelayfeaturMOD-
GDF) in theforthcomingsections.

3. PERFORMANCE EVALUATION

3.1. Databases

Thedatabasessedin this studyarethe TIMIT [7] for clean
speectandthe NTIMIT [8] for noisytelephonespeech.

3.2. The BaselineSystem

A seriesof GMMs modelling the voices of spealers for
whom training datais available and a classifier that eval-
uatesthe likelihoodsof the unknawvn spealers voice data
agpinstthesemodelsmale up the likelihood maximization
basedaselinesystemusedin this study We testedndivid-
ualfeatureslerivedfrom magnitudeandphaseandacombi-
nationof thesefeaturesat measuremerievel. Theseresults
arepresentedn thefollowing sections.

3.3. Experimental Results

The resultsof the MFCC and the MODGDF on both the
TIMIT andNTIMIT corporausingthe GMM schemeare
listedin Table 1. For 400testsMFCC andMODGDF gave
a97% and96.5%recognitionfor cleanspeech(TIMIT)re-
spectvely, but degradedto 40% and 41% respectiely for
telephonespeech(NTIMIT).The recognitionperformance
for the compositefeaturederived by combiningMODGDF
with MFCC s listedin Table 2. Thebestnetrecognitionis
foundto be 44%whenMODGDF is combinedwith MFCC
yielding a 3% improvementin performance.

Table 1. Recognition performance of MFCC and MOD-
GDF for the TIMIT and NTIMIT database

Feature Databasq Recognitior?
200tests| 400tests
MFCC TIMIT 98 97
MODGDF | TIMIT 98.5 96.5
MFCC NTIMIT 41 40
MODGDF | NTIMIT 44 41

Table 2. Recognition performance of composite features on
the NTIMIT database

FeaturdName Recognitior
200tests| 400tests
\ MFCC+MODGDF| 48 | 44 |

4. SPEAKER DISCRIMIN ATION USING THE
MODIFIED GROUP DELAY FEATURE

The goal of featureselection[4] is to find a transformation
to arelatively low dimensionafeaturespacethatpreseres



theinformationpertinentto the spealer identificationprob-
lem andto enableacceptableomparisonso be performed.
The simplestway to improve the recognitionperformance
of a spealer identificationsystemat featurelevel is to in-
creasehe dimensionalityof the extractedfeature.But this
exertsahugeloadonthecomputationaindstorageequire-
ments.Hencetheselectionof anappropriatdéransformation
schemefor dimensionalityreductionis a requirementfor
ary feature. Principal ComponentAnalysis (PCA), Factor
Analysis(FA) andLinearDiscriminantAnalysis(LDA) are
techniqueghat may not be neccesarilyoptimumfor class
discriminationproblems. Keepingin mind that the Auto-
matic spealer identification(ASI) is moreof a discrimina-
tion problemthana representatioproblemwe reducethe
multidimensionalmodified group delay featurevectorsto
two dimensionalfeaturevectorsusing the traditional and
widely acceptedSammonmappingtechnique[10]. Sam-
mon’s mappingis an iteratve methodbasedon a gradient
searci10]. Theintentis to mapfeaturesn n-dimensional
spaceto two dimensions.The algorithmfindsthelocations
in the targetspacesothatthe original structureof the mea-
surementectorsin then-dimensionaspacds conseredto
themaximumextentpossible Classificatioraccurag based
on Sammors projectionsis comparablevith, andin some
caseseven superiorto that basedon other featureextrac-
tors[11]. We hencemadean effort to visualizetwo dimen-
sional codebookdor various cateyoriesof spealersusing
Sammons mapping.Eachspealer’'s codeboolof sizethirty
two is generatedby concatenatingix sentencesf thatpar
ticular spealer picked from the training setof the NTIMIT
database The codebookwhich consistsof thirty two, six-
teendimensionaktodevectorsis transformednto a two di-
mensionakodebookof sizethirty two after sammonmap-
ping [10]. Figures 1(a) and 1(b) showv the distribution of
the codevectorsfor two femalespealkersusingthe MFCC
andthe MODGDF respectiely. We obsere thatin Figure
1(a) no structurefor eachspealeris visible, while in Figure
1(b) the codevectorscorrespondingo eachof the speak-
erscanbe separatedy a straightline. Similar resultsare
demonstrateébr a setof threeandfour spealersin Figures
2,3(a) and 3(b), respectiely. Althoughin Figure 3(b) the
codevectorsof differentspealersbegin to overlap,clearly
in comparisorwith Figure 3(a), eachspealer'scodevectors
areclusterecclosetogether

5. DISCUSSION

In the experimentsve conductedisingthe baselinesystem
we notedthatthe performancef the Magnitudebasedea-
tureMFCC camedown drasticallyfrom 99%to around31%
respectiely for the TIMIT andNTIMIT data. Similar re-

sults of recognitionperformancerangingbetweenl16% to

18% have beenreportedby researcheresn NTIMIT data
[5], exceptin [9] wherea 60%recognitionperformancéias
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Figurel(a): Female-Female Speaker Discriminationwith
the MFCC Feature
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Figure2: Three Speaker (2 female- 1 male) Soeaker Dis-
crimination with the MODGDF

beenclaimed. With respectto experimentsconductedon
the NTIMIT corpora,the major aspectwe notedwas that
the MODGDF alonegave abetteror at leastequalperfor
mancewhencomparedvith MFCC. But a combinationof
the MODGDF with MFCC gave an overall improvement
in performanceof 3-4%. It is quite possiblethat different
featurescapturedifferentspealer characteristicslt is sig-
nificant to note that the MODGDF is capableof linearly
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Figure 3(b): Four Speaker(2 male - 2 female) Speaker
Discrimination with the MODGDF

separatingpealersin thelower dimensionakpealer space
whenanonlinearmappingechniqudik e thesammormap-
ping is employed. We arecurrentlyexploring new methods
of identifying spealersin the lower dimensionalspaceit-
self. We alsointendto transformthe MODGDF to a higher
dimensionakpacewherethespealer'sfeaturesbecomein-
earlyseparable.

6. CONCLUSION

The idea ofusingfeaturesderived from Fourier transform
phasdik ethe MODGDFfor thetaskof ASl isimplemented
in this paper The new featureis found to perform bet-
ter thanor atleastequalto traditionalcepstrafeaturedike
MFCC. Combiningevidencederived from MODGDF and
traditionalfeaturesalsoleadto a 3-4%overallimprovement
in recognitionperformance Whenthe MODGDF is trans-
formedusinga nonlinearmappingtechniqueik e the sam-
mon mapping[10] the spealkr clustersare almostlinearly
separable.Perhaps classificationschemdik e the voting
methodbasedn nearestlistancemay be moreappropriate
in this context. A soundmathematicainsight intothis new
featurecanleadto an optimizationwhereit could be used

for avariety of spealker andspeectrecognitiontasks.
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