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Abstract

We have implementeda real time front endfor detectingvoicedspeech
and estimatingits fundamentafrequeng. The front end performsthe
signalprocessindor voice-drivenagentghatattendto thepitch contours
of humanspeechandprovide continuousaudiovisualfeedback.The al-
gorithmwe usefor pitch trackinghasseveral distinguishingfeatures:it
makesnouseof FFTsor autocorrelatiomtthepitch period;it updateshe
pitch incrementallyon a sample-by-samplbasis;it avoids peakpicking
anddoesnotrequireinterpolationin time or frequeng to obtainhighres-
olution estimatesandit worksreliably over a four octave range,in real
time, without the needfor postprocessingp producesmoothcontours.
The algorithmis basedon two simpleideasin neuralcomputation:the
introductionof a purposefulnonlinearity andthe error signalof a least
squarest. Thepitchtrackeris usedin two realtime multimediaapplica-
tions: avoice-tomiDI playerthatsynthesizeglectronicmusicfrom vo-
calizedmelodies andan audiovisual Karaoke machinewith multimodal
feedback.Both applicationsun on a laptopanddisplaythe users pitch
scrollingacrosghe screerashe or shesingsinto the computer

1 Intr oduction

The pitch of the humanvoiceis oneof its mosteasilyandrapidly controlledacousticat-
tributes.It playsacentralrolein boththeproductionandperceptiorof speech[1]. In clean
speechandevenin corruptedspeechpitchis generallypercevedwith greataccurag[2, 6]

atthefundamentafrequeng characterizinghevibration of the spealer's vocalchords.

Thereis a large literatureon machinealgorithmsfor pitch tracking[7, aswell asappli-
cationsto speechsynthesiscoding, andrecognition. Most algorithmshave one or more
of the following components.First, sliding windows of speechare analyzedat 5-10 ms
intervals, andthe resultsconcatenatedver time to obtainaninitial estimateof the pitch
contour Secondwithin eachwindow (30-60ms), the pitch is deducedrom peaksin the



windowedautocorrelatiorfunction[13 or power spectrum[910, 15], thenre ned by fur-
therinterpolationin time or frequeng. Third, the estimatedpitch contoursare smoothed
by a postprocessingrocedure[1h suchasdynamicprogrammingor median ltering, to
remove octave errorsandisolatedglitches.

In this paper we describean algorithm for pitch tracking that works quite differently
and—basedn our experience—quitavell asa real time front endfor interactie voice-
drivenagents.Notably, our algorithmdoesnot make useof FFTsor autocorrelatiorat the
pitch period;it updateshepitchincrementallyonasample-by-sampleasis;it avoidspeak
picking anddoesnot requireinterpolationin time or frequeng to obtainhigh resolution
estimatesandit worksreliably over a four octave range—inrealtime—withoutany post-
processingWe have implementedhe algorithmin two real-timemultimediaapplications:
avoice-tomIDI playerandanaudiovisualKaraoke machine More generallywe areusing
the algorithmto explore novel typesof human-computeinteraction,aswell asstudying
extensionf thealgorithmfor handlingcorruptedspeectandoverlappingspealers.

2 Algorithm

A pitchtrackerperformstwo essentiafunctions:it labelsspeectasvoicedor unvoiced,and
throughoutsegmentsof voicedspeechit computesa runningestimateof the fundamental
frequeng. Pitchtrackingthusdepend®n the runningdetectionandidenti cation of peri-
odic signalsin speechWe developour algorithmfor pitch trackingby rst examiningthe
simplerproblemof detectingsinusoids.For this simplerproblem,we describea solution
thatdoesnotinvolve FFTsor autocorrelatiorat the periodof the sinusoid.We thenextend
this solutionto the moregeneralproblemof detectingperiodicsignalsin speech.

2.1 Detectingsinusoids

A simple approachto detectingsinusoidsis basedon viewing themasthe solutionof a
seconcbrderlineardifferenceequation[12 A discretelysampledsinusoidhastheform:

Shn = Asin(!n+ ): (2)

Sinusoidobey asimpledifferenceequationsuchthateachsamples, is proportionakto the
averageof its neighbors%(sn 1+ Sn+1), With the constanbf proportionalitygivenby:

1 Sn 1t Sh+1 .
R ()

Eq. (2) canbe proved usingtrigonometricidentitiesto expandthe termson the right hand
side. We canusethis propertyto judgewhetheran unknown signalx, is approximately
sinusoidal.Considetthe errorfunction:
E() = X X, Xn 1‘;Xn+1
n

sn = (cos!

®3)

If thesignalx, is well describedy asinusoid thentheright handsideof thiserrorfunction
will achieve a small value whenthe coefcient  is tunedto matchits frequeng, asin
eg.(2). Theminimumof theerrorfunctionis foundby solvingaleastsquaregproblem:

P
2D nXn(Xn 1+ Xns1),
n(Xn 1+ Xn+1 )?
Thus, to testwhethera signal x,, is sinusoidal,we can minimize its error function by

eq. (4), thenchecktwo conditions: rst, thatE( ) E(0), andsecondthatj | 1.
The rst condition establisheghat the meansquarederroris small relative to the mean

(4)



squarecamplitudeof the signal, while the secondestablisheshat the signalis sinusoidal
(asopposedo exponential) with estimatedrequeng:

I = cos ‘(1= ): (5)

This procedurdor detectingsinusoidgknown asProry's method[12) hasseveralnotable
features.First, it doesnot rely on computingFFTsor autocorrelatiorat the periodof the
sinusoid,but only on computiggthe zero-laggedand one-sample-laggeautocorrelations
thatappearin eq.(4), namely | x3 and |, XaX, 1. Secondthe frequeny estimates
are obtainedfrom the solutionof a leastsquaregproblem,asopposedo the peaksof an
autocorrelatioror FFT, wheretheresolutionmay belimited by the samplingrateor signal
length. Third, the methodcanbe usedin anincrementaway to track the frequeng of a
slowly modulatedsinusoid.In particular supposeve analyzesliding windows—shiftecby
justonesampleat a time—of alonger, nonstationargignal. Thenwe canef ciently update
the windowed autocorrelationshatappeatin eq.(4) by addingjustthosetermsgenerated
by the rightmostsampleof the currentwindow and droppingjust thosetermsgenerated
by the leftmostsampleof the previouswindow. (The numberof operationgper updateis
constananddoesnot dependbn thewindow size.)

We can extract more information from the leastsquarest besidesthe errorin eq. (3)
andthe estimatein eq. (5). In particular we can characterizehe uncertaintyin the es-
timatedfrequeng. The normalizederror function N ( )= log[E( )=E(0)] evaluatesthe
leastsquarest on a dimensionlessogarithmic scalethat doesnot dependon the ampli-
tudeof thesignal.Let = log(cos (1= )) denotethelog-frequencymplied by the coef-
cient , andlet denotethe uncertaintyin the estimatedog-frequeng = log! .
(By working in thelog domain,we measurauncertaintyin the sameunits asthe distance
betweennoteson the musicalscale.) A heuristicmeasureof uncertaintyis obtainedby
evaluatingthe sharpnes®f theleastsquarest, ascharacterizethy thesecondderivative:
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Eq. (6) relatessharperts to lower uncertainty or higher precision. As we shall see, it
providesavaluablecriterionfor comparingheresultsof differentleastsquarests.

2.2 Detectingvoicedspeech

Our algorithmfor detectingvoice speechs a simpleextensionof the algorithmdescribed
in the previous section. The algorithmoperaten the time domainwaveformin a num-
ber of stagesassummarizedn Fig. 1. The analysisis basedon the assumptiorthatthe
low frequeny spectrumof voiced speechcanbe modeledasa sumof (noisy) sinusoids
occurringatintegermultiplesof the fundamentafrequeng, f .

Stage 1. Lowpassltering

The rst stageof the algorithmis to lowpass lter the speechremoving enepy at fre-
guenciesabore 1 kHz. This is doneto eliminate the aperiodiccomponentof voiced
fricatives[17, suchas/z/. Thesignalcanbe aggressiely dovnsampledafter lowpass I-
tering, thoughthe samplingrate shouldremainat leasttwice the maximumallowedvalue
of f . Thelowersamplingratedeterminesherateatwhichtheestimate®f f ; areupdated,
but it doesnot limit theresolutionof the estimategshemseles. (In our formal evaluations
of the algorithm, we downsampledrom 20 kHz to 4 kHz after lowpass Itering; in the
real-timemultimediaapplicationswe downsampledrom 44.1kHz to 3675Hz.)

Stage 2. Pointwisenonlinearity
The secondstageof the algorithmis to passthe signalthrougha pointwisenonlinearity
suchas squaringor half-wave recti cation (which clips negative samplesto zero). The
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Figurel: Estimatingthefundamentafrequeng f ¢ of voicedspeectwithout FFTsor auto-
correlationatthepitchperiod. Thespeecths lowpassltered (andoptionallydownsampled)
to remove fricative noise,thentransformedoy a pointwisenonlinearitythat concentrates
additionalenengy atf . Theresultingsignalis analyzedoy a bankof bandpasdters that
arenarrov enoughto resohe the harmonicatf o, but too wide to resohe higherorderhar
monics. A resohed harmonicatf ¢ (essentiallya sinusoid)is detectedoy a runningleast
squarest, andits frequeng recoveredasthe pitch. If morethatonesinusoidis detected
atthe outputsof the Iterbank, the onewith thesharpestt is usedto estimatethe pitch; if
no sinusoidis detectedthe speechs labeledasurvoiced.(Thetwo octave Iterbank in the
gure is anidealization.In practice alargerbankof narrover lters is used.)

purposeof the nonlinearityis to concentrat@dditionalenegy at the fundamentalpartic-
ularly if suchenegy wasmissingor only weakly presentn the original signal. In voiced
speechpointwisenonlinearitiessuchassquaringor half-wave recti cation tendto create
enegy atf o by virtue of extractinga cruderepresentationf the signal's ervelope. This
is particularlyeasyto seefor the operationof squaringwhich—appliedo the sumof two
sinusoids—createmnegy attheir sumanddifferencefrequenciesthelatterof which char
acterizegheervelope.In practice we usehalf-waverecti cation asthe nonlinearityin this
stageof thealgorithm;thoughlesseasilycharacterizethansquaringjt hasthe advantage
of preservinghe dynamicrangeof the original signal.

Stage 3. Filterbank

Thethird stageof thealgorithmis to analyzethetransformedspeectby abankof bandpass
Iters. These lters aredesignedo satisfytwo competingcriteria. On onehand,they are
sufciently narrowv to resole the harmonicat f o; on the otherhand,they are sufciently
wide to integratehigherorderharmonics. An idealizedtwo octave Iterbank that meets
thesecriteriais shovn in Fig. 1. Theresultof this analysis—fowoicedspeech—ighatthe
outputof the lterbank consistsitherof sinusoidsatf ; (andnot ary otherfrequeng), or
signalsthatdo not resemblesinusoidsat all. Consideyfor example,a segmentof voiced
speechwith fundamentafrequeng f o = 180Hz. For suchspeechpnly the second lter
from 50-200Hz will resohetheharmonicat180Hz. Ontheotherhand the rst Iter from
25-100Hz will pasdow frequeng noise;thethird Iter from 100-400Hz will pasghe rst
andsecondharmonicsat 180 Hz and 360 Hz, andthe fourth Iter from 200-800Hz will
passthe secondhroughfourth harmonicsat 360,540,and720Hz. Thus,the outputof the
Iterbank will consistof asinusoidatf o andthreeothersignalsthatarerandomor periodic,
but de nitely not sinusoidal In practice we do not usetheidealizedtwo octave Ilterbank
shavnin Fig. 1, but alargerbankof narrowver lters thathelpsto avoid contaminatinghe
harmonicat f ¢ by enegy at 2f o. The bandpasslters in our experimentswvere 8th order
Chebyshe (typel) lters with 0.5dB of ripple in 1.6 octave passbhandsandsignalswere
doubly Itered to obtainsharpfrequeng cutoffs.



Stage 4. Sinusoiddetection

The fourth stageof the algorithmis to detectsinusoidsat the outputsof the Iterbank.

Sinusoidsaredetectedvy the adaptve leastsquarests describedn section2.1. Running
estimate®f sinusoidfrequenciesandtheir uncertaintiesre obtainedfrom egs.(5-6) and
updatedbn a sampleby samplebasisfor the outputof each Iter . If the uncertaintyin ary

Iter' sestimatds lessthana speci edthresholdthenthe correspondingampleis labeled
asvoiced,andthefundamentafrequeng f o determinedy whichever Iter' s estimatehas
theleastuncertainty (For slidingwindows of length40-60ms, thethresholdgypically fall

in therange0.08-0.12with higherthresholdsequiredfor shorterwindows.) Empirically,

we have found the uncertaintyin eq. (6) to be a bettercriterion than the error function
itself for evaluatingandcomparingthe leastsquarests from different lters. A possible
explanationfor thisis thatthe expressiorin eq.(6) wasderivedby a dimensionahnalysis,
whereaghe errorfunctionsof different Iters arenotevencomputedn the samesignals.

Overall, thefour stagef thealgorithmarewell suitedto arealtime implementationThe
algorithmcanalsobe usedfor batchprocessingf waveforms,in which casestartupand
endingtransientanbe minimizedby zero-phaséorwardandreverse Itering.

3 Evaluation

The algorithmwasevaluatedon a small databas@f speectcollectedat the University of

Edinburgh[1]. The Edinburgh database&ontainsabout5 minutesof speechconsistingof

50 sentenceseadby onemalespealer andonefemalespealer. Thedatabasalsocontains
referencef o contoursderived from simultaneouslyrecordedarynogographsignals. The
sentence the databasere biasedto containdif cult casedor f o estimation,suchas
voicedfricatives,nasalsliquids, andglides. Theresultsof our algorithmonthe rst three
utterancesf eachspealerareshovnin Fig. 2.

A formal evaluationwasmadeby accumulatingerrorsover all utterancesn the database,
usingthereference ¢ contoursasgroundtruth[1]. Comparisondetweenestimatedand
referencef o valueswere madeevery 6.4 ms, asin previous benchmarks.Also, in these
evaluations,the estimatesof fo from eqs.(4-5) were con ned to the range50-250Hz
for the male spealer and the range120-400Hz for the female spealer; this was done
for consisteng with previous benchmarkswhich enforcedtheselimits. Note that our
estimated o contourswerenot postprocessely a smoothingproceduresuchasmedian
Itering or dynamicprogramming.

Error rateswere computedfor the fraction of urvoiced(or silent) speechmisclassi edas
voicedandfor thefractionof voicedspeechmisclassi edasunvoiced.Additionally, for the

fractionof speeclcorrectlyidenti ed asvoiced,agrosserrorratewascomputedneasuring
the percentagef comparisongor which the referenceandestimated ¢ differedby more
than20%. Finally, for the fraction of speechcorrectlyidenti ed asvoicedandin which

theestimated (o, wasnotin grosserror, aroot meansquarg(rms) deviation wascomputed
betweerthereferenceandestimated g.

The original study on this databasgublishedresultsfor a numberof approacheso pitch
tracking. Earlier results,as well asthosederived from the algorithmin this paper are
shawvn in Tablel. Theoverall resultsshav our algorithm—indicatedasthe adaptve least
squareqALS) approachto pitch tracking—to be extremely competitive in all respects.
The only anomalyin theseresultsis the slightly larger rms deviation producedby ALS
estimationcomparecdto other approaches.The discrepang could be an artifact of the
Itering operationsn Fig. 1, resultingin a slight desychronizatiorof the referenceand
estimated ¢ contours.On the otherhand,the discrepang could indicatethat for certain
voicedsoundsa morerobustestimationprocedure[1Rwould yield betterresultsthanthe
simpleleastsquarests in section2.1.
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Figure 2: Referenceand estimated o contoursfor the rst threeutterancef the male
(left) andfemale(right) spealer in the Edinburgh database[ll Mismatchesbetweenthe
contoursrevealvoicedandurvoicederrors.

4 Agents

We have implementedbur pitch trackingalgorithmasa real time front endfor two inter-
active voice-drivenagents.The rst is a voice-toMIDI playerthat synthesizelectronic
musicfrom vocalizedmelodies[4. Over onehundredelectronicinstrumentsareavailable.
Thesecondseethestoryboardn Fig. 3) is aamultimediaKaraoke machinewith audiovi-
sualfeedbackyoice-drivenkey selectionandperformancescoring. In both applications,
theusers pitchis displayedn realtime, scrollingacrosghe screerashe or shesingsinto
the computer In the Karaoke demo,the correctpitch is also simultaneouslydisplayed,
providing an additionalelementof embarrassmemhenthe singermissesa note. Both
applicationgun on alaptopwith anexternalmicrophone.

Interestingly the real time audiovisual feedbackprovided by theseagentscreatesa pro-
foundly differentuserexperiencehancurrentsystemsn automaticspeechrecognition[14.
Unlike dictationprogramsor dialog managersopur moreprimitive agents—whiclonly at-
tendto pitch contours—aranot designedo replacehumanoperatorsput to entertainand
amusein a way that humanscannot. The effect is to enhancehe mediumof voice, as
opposedo highlightingthe gapbetweerhumanandmachineperformance.



unvoiced voiced grosserrors rms

algorithm in error in error high low deviation
(%) (%) (%) (%) (Hz)
CPD 18.11 19.89 4.09 0.64 3.60
FBPT 3.73 13.90 1.27 0.64 2.89
HPS 14.11 7.07 5.34 | 28.15 3.21
IPTA 9.78 17.45 1.40 0.83 3.37
PP 7.69 15.82 0.22 1.74 3.01
SPRD 4.05 15.78 0.62 2.01 2.46
eSPRD 4.63 12.07 0.90 0.56 1.74
ALS 4.20 11.00 0.05 0.20 3.24
CPD 31.53 22.22 0.61 3.97 7.61
FBPT 3.61 12.16 0.60 3.55 7.03
HPS 19.10 21.06 0.46 1.61 5.31
IPTA 5.70 15.93 0.53 3.12 5.35
PP 6.15 13.01 0.26 3.20 6.45
SPRD 2.35 12.16 0.39 5.56 5.51
eSPRD 2.73 9.13 0.43 0.23 5.13
ALS 4.92 5.58 0.33 0.04 6.91

Table 1: Evaluationsof different pitch tracking algorithmson male speech(top) and
female speech(bottom). The algorithmsin the table are cepstrumpitch determination
(CPD)[9, feature-basegbitch tracking (FBPT)[1], harmonicproductspectrum(HPS)
pitch determination[1015], parallel processingPP) of multiple estimatorsin the time
domain[g, integrated pitch tracking (IPTA)[16], superresolution pitch determination
(SRPD)[g, enhancedRPD(eSRPD)[]1, andadaptve leastsquaregALS) estimationas
describedn this paper ThebenchmarkstherthanALS werepreviously reported[]. The
bestresultsin eachcolumnareindicatedin boldface.

Figure 3: Screenshotsfrom the multimediaKaroake machinewith voice-drivenkey se-
lection,audiovisualfeedbackandperformancescoring. Fromleft to right: splashscreen;
singing“happy birthday”; machineevaluation.

5 Futurework

Voice is the mostnaturaland expressie mediumof humancommunication.Tappingthe
full potentialof this mediumremainsa grandchallengefor researchers arti cial intelli-

gence(Al) andhuman-computeinteraction.ln mostsituations,a spealer's intentionsare
derived not only from the literal transcriptionof his speechput alsofrom prosodiccues,
suchaspitch, stressandrhythm. Therealtime processingf suchcuesthusrepresents
fundamentathallengeor autonomousyoice-drivenagentsindeed,a machinethatcould
learnfrom speechasnaturallyasa newborninfant—respondingo prosodiccuesbut rec-
ognizingin fact nowords—would constitutea genuinetriumphof Al.



We arepursuingtheideasin this paperwith this vision in mind, looking beyondthe im-
mediateapplicationgo voice-to-midisynthesisandaudiovisualKaraolke. Thealgorithmin
this papemwaspurposefullylimited to cleanspeectrom non-overlappingspealers.While
the algorithmworks well in this domain,we view it mainly asa vehiclefor experiment-
ing with non-traditionaimethodghatavoid FFTsandautocorrelatiorandthat (ultimately)
might be appliedto more complicatedsignals. We have two main goalsfor future work:
rst, to addmore sophisticatedypesof human-computeinteractionto our voice-driven
agentsandsecondio incorporatehenovel elementof our pitchtrackerinto amorecom-
prehensie front endfor auditorysceneanalysis[2 3]. The agentsneedto be sufciently
comple to engagehumansn extendedinteractionsaswell assufciently robustto han-
dle corruptedspeechand overlappingspealers. From suchagentswe expectinteresting
possibilitiesto emepge.
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