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ABSTRACT

Nonlinearsystemsbasedon chaostheorycanmodelvariousas-
pectsof thenonlineardynamicphenomenaoccuringduringspeech
production. In this paper, we explore modernmethodsandalgo-
rithmsfrom chaoticsystemstheoryfor modelingspeechsignalsin
amultidimensionalphasespaceandfor extractingnonlinearacous-
tic features.Further, we integratethesechaotic-typefeatureswith
the standardlinear ones(basedon cepstrum)to develop a gener-
alizedhybrid setof short-timeacousticfeaturesfor speechsignals
anddemonstrateits efficacy by showing significantimprovements
in HMM-basedword recognition.

1. INTRODUCTION

For several decadesthe traditionalapproachto speechmodeling
hasbeenthe linear (source-filter)modelwherethe truenonlinear
physics of speechproductionare approximatedvia the standard
assumptionsof linearacousticsand1D planewavepropagationof
thesoundin thevocaltract. This approximationleadsto thewell-
known linearpredictionmodelfor thevocaltractwherethespeech
formantresonancesareidentifiedwith thepolesof thevocal tract
transferfunction.Thelinearmodelhasbeenappliedtospeechcod-
ing,synthesisandrecognitionwith limitedsuccess[12,13]; tobuild
successfulapplicationsdeviationsfrom thelinearmodelareoften
modeledassecond-ordereffectsor error terms. Thereis indeed
strongtheoreticalandexperimentalevidence[15, 5, 19, 17] for the
existenceof importantnonlinearaerodynamicphenomenaduring
the speechproductionthat cannotbe accountedfor by the linear
model. The investigationof speechnonlinearitiescanproceedin
at leasttwo directions:(i) numericalsimulationsof thenonlinear
differential(Navier-Stokes)equationsgoverningthe3D dynamics
of the speechairflow in the vocal tract, and (ii) developmentof
nonlinearsignalprocessingsystemssuitableto detectsuchphe-
nomenaandextractrelatedinformation. In our researchwe focus
on thesecondapproach,which is computationallymuchsimpler,
i.e., to developmodelsandextractrelatedacousticsignalfeatures
describingnonlinearphenomenain speechlike turbulence.

To bephysicallymeaningfulmathematicalrepresentationsand
derivedfeaturesof speechsignalsshouldbederivedbasedon im-
portantaspectsof the physicsof speechproduction,suchas the
acousticdynamicsof 3D speechairflow, geometryof vocal tract,
andnonstationarityof speech.The nowadays“standard”speech
featuresusedin automaticspeechrecognition(ASR) arebasedon
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short-timesmoothedcepstrastemmingfromthelinearmodel.This
representationignoresthenonlinearaspectsof speech.Addingnew
robustnonlinearinformationisquitepromisingto leadto improved
performancesandrobustness.In thispaper, wealsodeveloprobust
nonlinearfeaturesbasedon chaoticmodelsfor speechproduction
andapply thesefeaturesto increasethe recognitionperformance
of ASR systemswhosepatternclassificationpart is basedon Hid-
denMarkov Models(HMM). Our motivation for this part of our
researchwork includesthefollowing: (1) By usingconceptsfrom
fractals[7] to quantifythegeometricalroughnessof speechwave-
forms,oneof theauthorswasableto extract fractal featuresfrom
speechsignalsandusethemto improvephonemicrecognition[9].
(2) Fractalscan quantify the geometryof speechturbulence. A
fuller accountof thenonlineardynamicscanbeobtainedby using
chaoticmodelsfor generaltime-seriesasin [1].

Section2 of this papersummarizesthebasicconceptsandal-
gorithmsfor analyzingspeechsignalswith chaoticmodels. In
Section3 we describehow to extract short-timefeaturevectors
from speechsignalsthatcontainchaoticdynamicsinformation,in-
tegratethesenonlinearspeechfeatureswith thestandardlinearones
(cepstrum),anddevelopa generalizedsetof acousticfeaturesfor
improving HMM-basedphonemicrecognition.

2. SPEECH ANALYSIS USING CHAOTIC MODELS

It hasbeenshown experimentallyandpredictedtheoreticallythat
many speechsoundscontainvariousamountsof turbulence[8].
Specifically, dueto airflow separation [15, 19], theair jet flowing
throughthe vocal tract during speechproductionis highly unsta-
ble andoscillatesbetweenits walls, attachingor detachingitself,
and therebychangingthe effective cross-sectionalareasand air
masses. Vortices can easily be generatedalong the vocal tract
[19, 17] andthenpropagatewhile twisting, stretchinganddiffu-
sion occurs. Suchphenomenaare encounteredin many speech
soundsand lead to turbulent flow; especiallyfricatives,plosives
andvowelsutteredwith somespeaker-dependentaspiration,con-
tainvariousamountsof turbulence.In thelinearspeechmodelthis
hasbeendealtwith by having awhitenoisesourceexciting thevo-
caltractfilter. It hasbeenconjecturedthatgeometricalstructuresin
turbulencecanbemodeledusingfractals[7, 8], while its dynamics
canbemodeledusingthetheoryof chaos.In a previouswork [9],
oneof the authorsmeasuredthe short-timefractal dimsensionof
speechsoundsasafeatureto approximatelyquantifythedegreeof
turbulence(basedon its multiscalestructure)in themandusedit
to improvephonemerecognition.Moving astepfurther, insteadof
theabove quantificationin thescalarphasespace,we shalluse,in
thispaper, conceptsfrom chaos[1] to modelthenonlineardynam-
ics in speechof thechaotictype,asanattemptto penetrateinto its
‘hidden’aspects.Previouswork onusingchaoticsystemsto model
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speechcanbefoundin [11, 18, 2, 6].
Weassumethat(in discretetimen) thespeechproductionsys-

temcanbeviewedasanonlinearbutfinitedimensional(duetodissi-
pativity [16]) dynamicalsystemX(n) → F [X(n)] = X(n + 1).
A speechsignalsegments(n), n = 1, ..., N , canbe considered
as a 1D projectionof a vector function appliedto the unknown
multidimensionaldynamicvariablesX(n). It is possiblethat the
complexity or randomnessobserved in the scalarsignalcould be
dueto lossof informationduringtheprojection.It is questionable
whetherthereexists a reverseprocedureby which a phasespace
of Y = Y (n) is reconstructed- usinginformationprovidedby the
scalarsignal- satisfyingthemajorrequirementtobediffeomorphic
to theoriginalphasespace,sothatdeterminismanddifferentialin-
formationof thedynamicalsystemarepreserved[14].

Accordingto theembeddingtheorem[1], thevector

Y (n) = [s(n), s(n + TD), . . . , s(n + (DE − 1)TD] (1)

formedby samplesof theoriginal signaldelayedby multiplesof
aconstanttimedelayTD definesamotionin a reconstructedDE-
dimensionalspacethathasmany commonaspectswith theoriginal
phasespaceof X(n). Particularly, many quantitiesof the origi-
nal dynamicalsystem(e.g. generalizedfractal dimensionsand
Lyapunov exponents)in the original phasespaceX(n) arecon-
served in the reconstructedspacetracedby Y (n). The fact that
themultidimensionalphasespacecanbefully reconstructedis in-
tuitively justifiedasthereis nodisconnectedsubsetof variablesof
the nonlinearsystem,nor onecanbe createdby a smoothtrans-
formation. Thus,by studyingtheconstructibledynamicalsystem
Y (n) → Y (n + 1) we canuncover usefulinformationaboutthe
originalunknown dynamicalsystemX(n) → X(n + 1) provided
thattheunfoldingof thedynamicsissuccessful,e.g. theembedding
dimensionDE is largeenough.However, theembeddingtheorem
doesnot specifya methodto determinethe requiredparameters
(TD, DE) but only setsconstraintson their valuesFor example,
DE mustbegreaterthantwice thebox-countingdimensionof the
attractorsetandTD mayhave any valueexceptfrom p∆t, where
p = 1, 2 and∆t correspondsto periodsof possibleperiodicorbits
of the system.Hence,proceduresto estimatethe valuesof these
parametersareessential.

Thetimedelaycorrespondsto theconstanttimedifferencebe-
tweentheneighboringelementsof eachreconstructedvector. The
smallerTD gets, the more will the successive elementsbe cor-
related,as not enoughtime will have elapsedfor the systemto
generatesufficientamountsof informationandall connectedvari-
ablesaffect theobservedone.As aconsequencethereconstructed
vectorswill populatealongtheseparatrixof themultidimensional
phasespace.On thecontrary, thegreaterTD gets,themoreran-
dom will the successive elementsbe andany preexisting ‘order’
will belost. Thusit is necessaryto compromisebetweenthesetwo
conflicting arguments.To achieve this, the following measureof
nonlinearcorrelationintroducedby Fraser& Swinney is usedfor
dealingwith chaoticdatas(n) [1]:

I(T )=

N−T
∑

n=1

P (s(n), s(n + T ))·log2

[

P (s(n), s(n + T ))

P (s(n))·P (s(n + T ))

]

(2)
whereP (·) denotesprobability. Eachlog termin theabovesumis
themutualinformationfor apairof observedvaluess(n), s(n+T )
which are apart from eachother by a delay T . If thesevalues
are independent,their mutual information is zero, as their joint
probabilityfactorizesto theproductof thetwo probabilities.Thus,

I(T ) is theaveragemutualinformationbetweenpairsof samplesof
thesignalsegmentthatareT positionsapart.Then,the‘optimum’
time delayTD is selectedasthe smallestT at which the average
mutualinformationassumesaminimumvalue:

TD = min{arg min
T≥0

I(T )} (3)

Thenext stepis toselectthedimensionDE of thereconstructed
vectors.Asaconsequenceof theprojection,pointsof the1Dsignal
arenotnecessarilyin theirrelativepositionsbecauseof thetruedy-
namicsof themultidimensionalsystem(trueneighbors);manifolds
arefolded anddifferentdistinct orbits of the dynamicsareinter-
secting.A truevs. falseneighborcriterionis formedby comparing
the distancebetweentwo pointsSn, Sj embeddedin successive
increasingdimensions.If their distancedD(Sn, Sj) in dimension
D is significantlydifferentthantheirdistancedD+1(Sn, Sj) in di-
mensionD+1, thenthey areconsideredto beapairof falseneigh-

bors. Equivalently, if RD(Sn, Sj) =
dD+1(Sn,Sj)−dD(Sn,Sj)

dD(Sn,Sj)
ex-

ceedsathreshold(usuallyin therange[10, 15]), thenthetwopoints
arefalseneighbors,undertheassumptionthatany distancediffer-
enceis notgreaterthansomesecondordermultipleof theattractor
diameterRA = 1

N

∑N

n=1 ‖s(n) − s‖ . ThedimensionD atwhich
thepercentageof falseneighborsgoesto zero(or minimizedin the
existenceof noise)is chosenastheembeddingdimensionDE .

In theunfoldedphasespaceonecanmeasureinvariantquanti-
tiesof theattractor, which if chaoticwould becharacterized[10]
by denseperiodicpointsandmixing, suchasfractal dimensions
of geometrical(e.g. box-countingdimension)and/orprobabilistic
(e.g. informationdimension)character. Thedimensionof theat-
tractorexceptfrom beingameasureof complexity, correspondsto
thenumberof activedegreesof freedomof thesystem.Thecorre-
lation dimension[4, 10] (belongingto a greatersetof generalized
dimensionsof probabilistictype)is definedas

DC = lim
r→0

lim
N→∞

log C(N, r)

log r
, (4)

whereC is thecorrelationsum,i.e. for eachscaler thenumberof
pointswith distanceslessthanr normalizedto thenumberof pairs
of points:

C(N, r) =
1

N(N − 1)

N
∑

i=1

∑

j 6=i

θ(r − ‖Xi − Xj‖) (5)

whereθ is the Heavysideunit-stepfunction. For small ‘enough’
scalesandfor N large‘enough’C(r) is proportionalto χ(r)rDC ,
whereχ(r) standsfor thelacunarityof theset[7].

Figure1 shows thewaveformsof four speechphonemes,their
attractorsandlocal-scalecorrelationdimensionmeasurements.The
shape1 differencesor similarities(complex roughspikesfor frica-
tives,smoothflow/cyclesfor vowels)in theattractorsareconsistent
with thecorrespondingphysicsfor eachphoneme.

3. CHAOTIC FEATURES AND SPEECH RECOGNITION

Theanalysisdescribedin Section2hasbeenappliedtoalargenum-
ber of phonemes.Experimentalobservationsof the dynamicsin

1Thevisualizationof themultidimensionalattractorshasbeendoneby
showing thefirst threeelementsof eachvectorin 3Dspaceandthelastthree
asRGB color components.
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Fig. 1. (a) SpeechWaveforms,(b) Attractorsof EmbeddedSignals,(c) CorrelationSums,(d) Scale-VaryingCorrelationDimensions.1st
row (top): vowel /iy/, 2ndrow: voicedfricative /z/, 3rd row: vowel /axr/, 4th row (bottom): unvoicedfricative /s/ . (In (c) and(d) thick
linesshow averagecurves.)

thereconstructedphasespacehaveshown theformationof general
patternsamongphonemesof the sametype,both from a qualita-
tive anda quantitative point of view (i.e., theattractors’topology
andthescale-varyingcorrelationdimensions,respectively). Less
well-formedpatternswereobservedin thecaseof phonemesof the
sameclass(e.g. fricatives,plosives,vowels). Further, evenfor the
samephonemeutteredby thesamespeaker, thereweresomecases
of variabilitiesdependingon neighboringphonemes(allophones).
Motivatedby similar classificationsof fractal speechcharacteris-
tics in apreviouswork [9], weattemptedto extractfeaturesrelated
to chaoticdynamicsandapplythemto anautomaticspeechrecog-
nition (ASR)systembasedonhiddenMarkov models(HMM) 2.

The featurevectorsusedin speechrecognitionare typically
computedovera20-30mswindow andareupdatedevery5-10ms.
The ‘standard’featuresetconsistsof the meansquareamplitude
(usuallycalled‘energy’) the first twelve mel-frequencycepstrum
coefficients(MFCC) and their first and secondtime derivatives.
Weshallaugmentthe‘standard’featurevectorandthuscreateahy-

2TheHTK [20] HMM-recognitionsystemwasused.

brid featurevectorbyincorporatinginformationfromthenonlinear
structureof speechof thechaotictypeasadditionalfeatures.Thus,
asshort-timeacousticrepresentationsof speechweusefeaturevec-
torsthatcontaininformationbothfrom thesmoothedcepstrumof
the linear model,which representsa first-orderapproximationto
the true speechacoustics,aswell as from the chaoticdynamics,
whichcontaininformationfrom thesecond-ordernonlinearspeech
acoustics.Theinputfeaturevectorsaresplit into two differentdata
streams(MFCCandchaotic)belongingto independentprobability
‘streams’with independentprobabilitydistributions. TheTIMIT 3

databasewasusedfor therecognitionexperiments.
Throughanautomatedprocedure,eachspeechanalysisframe

(25-ms frames,updatedevery 10 ms) hasbeenembeddedin a
multidimensionalphasespaceusing the appropriateparameters
(TD, DE). The physical justificationof embeddingonly a frame
insteadof a wholephonemeis that thereconstructedspacein this

3TheTIMIT databaseconsistsof 6300 sentences,10 sentencesspoken
by eachof 630 speakersfrom 8 major dialectregionsof US.All speech
signalsin TIMIT aresampledat 16 kHz. Thetrainingsetconsistsof 3696
sentencesandthetestsetof 1344sentences.

Proc. Int’l Conf. Acoustics Speech and Signal Processing (ICASSP-2002), Orlando, USA, May 2002. pp.533-536 535



occasionbelongsto theshort-timephasespaceof thedynamicsys-
temduringthetimeperiodit producedthecurrentframe.Next, we
computeda featurevectorthatwasrelatedto thecorrelationsum
andthescale-varyingcorrelationdimensionandhencecarriedin-
formationaboutthechaoticdynamicsof eachframe.Specifically,
we selecteda setof four chaoticfeatures:(1) themeanof thecor-
relationsumC, (2) the standarddeviation of C, (3) the meanof
thescale-varyingcorrelationdimensionDC , and(4) thestandard
deviationof DC . Thisfeaturesetalsoincludedthefirst andsecond
timederivativesof thesefour features.

Therecognitionresults(seeTable1) of thehybrid featureset
werequitepromising,eventhoughourpreliminaryfirstapplication
of chaoticfeaturesusedthe fewestandsimplestpossiblesuchfea-
tures.Therelativeworderrorratereductionof 18%and29%(with
8 and16 mixturesrespectively) over usingonly thestandardfea-
turesispossiblyduetothedetectionof nonlinearphenomenawhich
remain“hidden” in the1D dynamics.Unfolding thesignalto the
original phasespaceenablestheobservationof thetruedynamics
of the system;furthermorea broadvariety of new measurements
canbe performedon the unfoldedattractorthat canyield fractal
and/orchaoticfeaturesaddingconsiderableinformationevenin a
four-componentfeaturevector.

Word PercentCorrect
# GaussianMixtures MFCC MFCC+Chaotic

8 73.95 78.61
16 78.76 85.01

Table 1. RecognitionResults

In [3] we have alsousedthis chaoticfeaturevectorin combi-
nationwith othernonlinearfeaturesof themodulationtype. This
yieldedarelativeerrorratereductionby 42%,whichoutperformed
experimentsin whichonly onetypeof featuresetwasused.

4. CONCLUSIONS

In this paperwe have describedhow to apply modernconcepts
andalgorithmsfrom chaoticsystemsto analyzingspeechsignals
in orderto createamultidimensionalmodelthatexploitsnonlinear
dynamicinformationandextractrelatednovel acousticfeaturesof
chaotictype. Furtherwe have developeda hybrid featuresetfor
speechrecognitionthat includesboth the standardlinear features
as well as the chaotic featuresand applied this new featureset
to HMM-basedword recognition.Our experimentalresults,have
shown a significantimprovementin recognitionover the TIMIT
database.Clearly, information provided by the new (nonlinear)
featuresdealswith differentaspectsof the speechdynamicsand
thereforeis valuablefor therecognitionprocess.

In our on-goingspeechresearch,we arealsoworking to en-
hancethe nonlinearspeechanalysisdescribedherein in various
directionssuchas: exploring moresophisticatedchaoticfeatures,
suchas generalizeddimensionsand Lyapunov exponentswhich
alsocontaindynamicalinformation;extractingchaoticfeaturesin
noisyenvironments;integrationof chaoticfeatureswith othernon-
linearfeatures;applicationof chaoticfeaturesto largevocabulary
speechrecognitionproblems.Furtherresultswill bepresentedin
a forthcomingpaper.
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