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Abstract

We have implementeda real time front endfor detectingvoicedspeech
andestimatingits fundamentalfrequency. The front endperformsthe
signalprocessingfor voice-drivenagentsthatattendto thepitchcontours
of humanspeechandprovide continuousaudiovisualfeedback.Theal-
gorithmwe usefor pitch trackinghasseveraldistinguishingfeatures:it
makesnouseof FFTsor autocorrelationatthepitchperiod;it updatesthe
pitch incrementallyon a sample-by-samplebasis;it avoidspeakpicking
anddoesnotrequireinterpolationin timeor frequency to obtainhighres-
olution estimates;andit worksreliably over a four octave range,in real
time, without the needfor postprocessingto producesmoothcontours.
The algorithmis basedon two simpleideasin neuralcomputation:the
introductionof a purposefulnonlinearity, andtheerror signalof a least
squares�t. Thepitchtracker is usedin two realtimemultimediaapplica-
tions: a voice-to-MIDI playerthatsynthesizeselectronicmusicfrom vo-
calizedmelodies,andanaudiovisualKaraokemachinewith multimodal
feedback.Both applicationsrun on a laptopanddisplaytheuser's pitch
scrollingacrossthescreenasheor shesingsinto thecomputer.

1 Intr oduction

Thepitch of thehumanvoice is oneof its mosteasilyandrapidly controlledacousticat-
tributes.It playsacentralrolein boththeproductionandperceptionof speech[17]. In clean
speech,andevenin corruptedspeech,pitchis generallyperceivedwith greataccuracy[2, 6]
at thefundamentalfrequency characterizingthevibrationof thespeaker'svocalchords.

Thereis a large literatureon machinealgorithmsfor pitch tracking[7], aswell asappli-
cationsto speechsynthesis,coding,andrecognition. Most algorithmshave oneor more
of the following components.First, sliding windows of speechareanalyzedat 5-10 ms
intervals,andthe resultsconcatenatedover time to obtainan initial estimateof the pitch
contour. Second,within eachwindow (30-60ms), thepitch is deducedfrom peaksin the



windowedautocorrelationfunction[13] or power spectrum[9, 10, 15], thenre�ned by fur-
ther interpolationin time or frequency. Third, theestimatedpitch contoursaresmoothed
by a postprocessingprocedure[16], suchasdynamicprogrammingor median�ltering, to
removeoctaveerrorsandisolatedglitches.

In this paper, we describean algorithm for pitch tracking that works quite differently
and—basedon our experience—quitewell asa real time front endfor interactive voice-
drivenagents.Notably, our algorithmdoesnot make useof FFTsor autocorrelationat the
pitchperiod;it updatesthepitch incrementallyonasample-by-samplebasis;it avoidspeak
picking anddoesnot requireinterpolationin time or frequency to obtainhigh resolution
estimates;andit worksreliably over a four octave range—inrealtime—withoutany post-
processing.We have implementedthealgorithmin two real-timemultimediaapplications:
avoice-to-MIDI playerandanaudiovisualKaraokemachine.Moregenerally, weareusing
the algorithmto explore novel typesof human-computerinteraction,aswell asstudying
extensionsof thealgorithmfor handlingcorruptedspeechandoverlappingspeakers.

2 Algorithm

A pitchtrackerperformstwo essentialfunctions:it labelsspeechasvoicedor unvoiced,and
throughoutsegmentsof voicedspeech,it computesa runningestimateof thefundamental
frequency. Pitchtrackingthusdependson therunningdetectionandidenti�cation of peri-
odic signalsin speech.We developour algorithmfor pitch trackingby �rst examiningthe
simplerproblemof detectingsinusoids.For this simplerproblem,we describea solution
thatdoesnot involveFFTsor autocorrelationat theperiodof thesinusoid.We thenextend
this solutionto themoregeneralproblemof detectingperiodicsignalsin speech.

2.1 Detectingsinusoids

A simpleapproachto detectingsinusoidsis basedon viewing themasthe solutionof a
secondorderlineardifferenceequation[12]. A discretelysampledsinusoidhastheform:

sn = A sin(! n + � ): (1)

Sinusoidsobey asimpledifferenceequationsuchthateachsamplesn is proportionalto the
averageof its neighbors1

2 (sn� 1+ sn+1), with theconstantof proportionalitygivenby:

sn = (cos! ) � 1
�

sn � 1 + sn +1

2

�
: (2)

Eq. (2) canbeprovedusingtrigonometricidentitiesto expandthetermson theright hand
side. We canusethis propertyto judgewhetheran unknown signalxn is approximately
sinusoidal.Considertheerrorfunction:

E(� ) =
X

n

�
xn � �

�
xn � 1 + xn +1

2

�� 2

: (3)

If thesignalxn is well describedbyasinusoid,thentherighthandsideof thiserrorfunction
will achieve a small valuewhen the coef�cient � is tunedto matchits frequency, as in
eq.(2). Theminimumof theerrorfunctionis foundby solvinga leastsquaresproblem:

� � =
2

P
n xn (xn � 1 + xn +1 )

P
n (xn � 1 + xn +1 )2 : (4)

Thus, to test whethera signal xn is sinusoidal,we can minimize its error function by
eq. (4), then checktwo conditions: �rst, that E(� � ) � E(0), and second,that j� � j � 1.
The �rst conditionestablishesthat the meansquarederror is small relative to the mean



squaredamplitudeof thesignal,while thesecondestablishesthat thesignalis sinusoidal
(asopposedto exponential),with estimatedfrequency:

! � = cos� 1(1=� � ): (5)

This procedurefor detectingsinusoids(known asProny'smethod[12]) hasseveralnotable
features.First, it doesnot rely on computingFFTsor autocorrelationat theperiodof the
sinusoid,but only on computingthe zero-laggedandone-sample-laggedautocorrelations
that appearin eq. (4), namely

P
n x2

n and
P

n xn xn � 1. Second,the frequency estimates
areobtainedfrom the solutionof a leastsquaresproblem,asopposedto the peaksof an
autocorrelationor FFT, wheretheresolutionmaybelimited by thesamplingrateor signal
length. Third, the methodcanbe usedin an incrementalway to track the frequency of a
slowly modulatedsinusoid.In particular, supposeweanalyzeslidingwindows—shiftedby
justonesampleat a time—of alonger, nonstationarysignal.Thenwecanef�ciently update
thewindowedautocorrelationsthatappearin eq.(4) by addingjust thosetermsgenerated
by the rightmostsampleof the currentwindow anddroppingjust thosetermsgenerated
by the leftmostsampleof thepreviouswindow. (Thenumberof operationsperupdateis
constantanddoesnotdependon thewindow size.)

We can extract more information from the leastsquares�t besidesthe error in eq. (3)
and the estimatein eq. (5). In particular, we cancharacterizethe uncertaintyin the es-
timatedfrequency. The normalizederror function N (� ) = log[E(� )=E(0)] evaluatesthe
leastsquares�t on a dimensionlesslogarithmicscalethat doesnot dependon theampli-
tudeof thesignal.Let � = log(cos� 1(1=� )) denotethelog-frequencyimplied by thecoef-
�cient � , andlet � � � denotetheuncertaintyin theestimatedlog-frequency � � = log ! � .
(By working in the log domain,we measureuncertaintyin thesameunitsasthedistance
betweennoteson the musicalscale.) A heuristicmeasureof uncertaintyis obtainedby
evaluatingthesharpnessof theleastsquares�t, ascharacterizedby thesecondderivative:

� � � =

" �
@2N
@� 2

� �
�
�
�
� = � �

#� 1
2

=
1

! �

�
cos2! �

sin ! �

� � �
1
E

@2E
@� 2

� �
�
�
�
� = � �

� � 1
2

: (6)

Eq. (6) relatessharper�ts to lower uncertainty, or higherprecision. As we shall see,it
providesa valuablecriterionfor comparingtheresultsof differentleastsquares�ts.

2.2 Detectingvoicedspeech

Our algorithmfor detectingvoicespeechis a simpleextensionof thealgorithmdescribed
in theprevioussection.Thealgorithmoperateson the time domainwaveform in a num-
ber of stages,assummarizedin Fig. 1. The analysisis basedon the assumptionthat the
low frequency spectrumof voicedspeechcanbe modeledasa sumof (noisy) sinusoids
occurringat integermultiplesof thefundamentalfrequency, f 0.

Stage1. Lowpass�ltering
The �rst stageof the algorithm is to lowpass�lter the speech,removing energy at fre-
quenciesabove 1 kHz. This is done to eliminate the aperiodiccomponentof voiced
fricatives[17], suchas/z/. Thesignalcanbeaggressively downsampledafter lowpass�l-
tering,thoughthesamplingrateshouldremainat leasttwice themaximumallowedvalue
of f 0. Thelowersamplingratedeterminestherateatwhichtheestimatesof f 0 areupdated,
but it doesnot limit theresolutionof theestimatesthemselves. (In our formal evaluations
of the algorithm,we downsampledfrom 20 kHz to 4 kHz after lowpass�ltering; in the
real-timemultimediaapplications,we downsampledfrom 44.1kHz to 3675Hz.)

Stage2. Pointwisenonlinearity
The secondstageof the algorithmis to passthe signalthrougha pointwisenonlinearity,
suchassquaringor half-wave recti�cation (which clips negative samplesto zero). The
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Figure1: Estimatingthefundamentalfrequency f 0 of voicedspeechwithoutFFTsor auto-
correlationatthepitchperiod.Thespeechis lowpass�ltered (andoptionallydownsampled)
to remove fricative noise,thentransformedby a pointwisenonlinearitythat concentrates
additionalenergy at f 0. Theresultingsignalis analyzedby a bankof bandpass�lters that
arenarrow enoughto resolve theharmonicat f 0, but too wide to resolvehigher-orderhar-
monics.A resolvedharmonicat f 0 (essentially, a sinusoid)is detectedby a runningleast
squares�t, andits frequency recoveredasthepitch. If morethatonesinusoidis detected
at theoutputsof the�lterbank, theonewith thesharpest�t is usedto estimatethepitch; if
nosinusoidis detected,thespeechis labeledasunvoiced.(Thetwo octave�lterbank in the
�gure is anidealization.In practice,a largerbankof narrower �lters is used.)

purposeof thenonlinearityis to concentrateadditionalenergy at thefundamental,partic-
ularly if suchenergy wasmissingor only weaklypresentin theoriginal signal. In voiced
speech,pointwisenonlinearitiessuchassquaringor half-wave recti�cation tendto create
energy at f 0 by virtue of extractinga cruderepresentationof the signal's envelope. This
is particularlyeasyto seefor theoperationof squaring,which—appliedto thesumof two
sinusoids—createsenergy at theirsumanddifferencefrequencies,thelatterof whichchar-
acterizestheenvelope.In practice,weusehalf-waverecti�cation asthenonlinearityin this
stageof thealgorithm;thoughlesseasilycharacterizedthansquaring,it hastheadvantage
of preservingthedynamicrangeof theoriginal signal.

Stage3. Filterbank
Thethird stageof thealgorithmis to analyzethetransformedspeechby abankof bandpass
�lters. These�lters aredesignedto satisfytwo competingcriteria. On onehand,they are
suf�ciently narrow to resolve theharmonicat f 0; on theotherhand,they aresuf�ciently
wide to integratehigher-orderharmonics.An idealizedtwo octave �lterbank that meets
thesecriteriais shown in Fig. 1. Theresultof thisanalysis—forvoicedspeech—isthatthe
outputof the�lterbank consistseitherof sinusoidsat f 0 (andnot any otherfrequency), or
signalsthatdo not resemblesinusoidsat all. Consider, for example,a segmentof voiced
speechwith fundamentalfrequency f 0 = 180Hz. For suchspeech,only thesecond�lter
from 50-200Hz will resolvetheharmonicat180Hz. Ontheotherhand,the�rst �lter from
25-100Hz will passlow frequency noise;thethird �lter from 100-400Hz will passthe�rst
andsecondharmonicsat 180 Hz and360 Hz, andthe fourth �lter from 200-800Hz will
passthesecondthroughfourthharmonicsat 360,540,and720Hz. Thus,theoutputof the
�lterbank will consistof asinusoidatf 0 andthreeothersignalsthatarerandomor periodic,
but de�nitely not sinusoidal. In practice,we do not usetheidealizedtwo octave �lterbank
shown in Fig. 1, but a largerbankof narrower �lters thathelpsto avoid contaminatingthe
harmonicat f 0 by energy at 2f 0. The bandpass�lters in our experimentswere8th order
Chebyshev (typeI) �lters with 0.5dB of ripple in 1.6 octave passbands,andsignalswere
doubly�ltered to obtainsharpfrequency cutoffs.



Stage4. Sinusoiddetection
The fourth stageof the algorithm is to detectsinusoidsat the outputsof the �lterbank.
Sinusoidsaredetectedby theadaptive leastsquares�ts describedin section2.1. Running
estimatesof sinusoidfrequenciesandtheir uncertaintiesareobtainedfrom eqs.(5–6)and
updatedon a sampleby samplebasisfor theoutputof each�lter . If theuncertaintyin any
�lter' sestimateis lessthana speci�ed threshold,thenthecorrespondingsampleis labeled
asvoiced,andthefundamentalfrequency f 0 determinedby whichever �lter' sestimatehas
theleastuncertainty. (For slidingwindowsof length40–60ms,thethresholdstypically fall
in therange0.08–0.12,with higherthresholdsrequiredfor shorterwindows.) Empirically,
we have found the uncertaintyin eq. (6) to be a bettercriterion than the error function
itself for evaluatingandcomparingthe leastsquares�ts from different�lters. A possible
explanationfor this is thattheexpressionin eq.(6) wasderivedby a dimensionalanalysis,
whereastheerrorfunctionsof different�lters arenotevencomputedon thesamesignals.

Overall, thefour stagesof thealgorithmarewell suitedto a realtime implementation.The
algorithmcanalsobeusedfor batchprocessingof waveforms,in which casestartupand
endingtransientscanbeminimizedby zero-phaseforwardandreverse�ltering.

3 Evaluation

Thealgorithmwasevaluatedon a small databaseof speechcollectedat theUniversityof
Edinburgh[1]. The Edinburgh databasecontainsabout5 minutesof speechconsistingof
50sentencesreadby onemalespeakerandonefemalespeaker. Thedatabasealsocontains
referencef 0 contoursderived from simultaneouslyrecordedlarynogographsignals. The
sentencesin the databasearebiasedto containdif�cult casesfor f 0 estimation,suchas
voicedfricatives,nasals,liquids,andglides.Theresultsof our algorithmon the�rst three
utterancesof eachspeakerareshown in Fig. 2.

A formal evaluationwasmadeby accumulatingerrorsover all utterancesin thedatabase,
usingthe referencef 0 contoursasgroundtruth[1]. Comparisonsbetweenestimatedand
referencef 0 valuesweremadeevery 6.4 ms, as in previous benchmarks.Also, in these
evaluations,the estimatesof f 0 from eqs.(4–5) were con�ned to the range50–250Hz
for the male speaker and the range120–400Hz for the femalespeaker; this was done
for consistency with previous benchmarks,which enforcedtheselimits. Note that our
estimatedf 0 contourswerenot postprocessedby a smoothingprocedure,suchasmedian
�ltering or dynamicprogramming.

Error rateswerecomputedfor the fractionof unvoiced(or silent) speechmisclassi�edas
voicedandfor thefractionof voicedspeechmisclassi�edasunvoiced.Additionally, for the
fractionof speechcorrectlyidenti�ed asvoiced,agrosserrorratewascomputedmeasuring
thepercentageof comparisonsfor which thereferenceandestimatedf 0 differedby more
than20%. Finally, for the fraction of speechcorrectly identi�ed asvoicedandin which
theestimatedf 0, wasnot in grosserror, a root meansquare(rms)deviationwascomputed
betweenthereferenceandestimatedf 0.

Theoriginal studyon this databasepublishedresultsfor a numberof approachesto pitch
tracking. Earlier results,as well as thosederived from the algorithm in this paper, are
shown in Table1. Theoverall resultsshow our algorithm—indicatedastheadaptive least
squares(ALS) approachto pitch tracking—tobe extremely competitive in all respects.
The only anomalyin theseresultsis the slightly larger rms deviation producedby ALS
estimationcomparedto other approaches.The discrepancy could be an artifact of the
�ltering operationsin Fig. 1, resultingin a slight desychronizationof the referenceand
estimatedf 0 contours.On theotherhand,thediscrepancy could indicatethat for certain
voicedsounds,a morerobustestimationprocedure[12] would yield betterresultsthanthe
simpleleastsquares�ts in section2.1.
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Figure2: Referenceandestimatedf 0 contoursfor the �rst threeutterancesof the male
(left) andfemale(right) speaker in the Edinburgh database[1]. Mismatchesbetweenthe
contoursrevealvoicedandunvoicederrors.

4 Agents

We have implementedour pitch trackingalgorithmasa real time front endfor two inter-
active voice-drivenagents.The �rst is a voice-to-MIDI playerthat synthesizeselectronic
musicfrom vocalizedmelodies[4]. Overonehundredelectronicinstrumentsareavailable.
Thesecond(seethestoryboardin Fig. 3) is aamultimediaKaraokemachinewith audiovi-
sualfeedback,voice-drivenkey selection,andperformancescoring. In bothapplications,
theuser's pitch is displayedin realtime,scrollingacrossthescreenasheor shesingsinto
the computer. In the Karaoke demo,the correctpitch is alsosimultaneouslydisplayed,
providing an additionalelementof embarrassmentwhenthe singermissesa note. Both
applicationsrunona laptopwith anexternalmicrophone.

Interestingly, the real time audiovisual feedbackprovided by theseagentscreatesa pro-
foundlydifferentuserexperiencethancurrentsystemsin automaticspeechrecognition[14].
Unlike dictationprogramsor dialogmanagers,our moreprimitiveagents—whichonly at-
tendto pitch contours—arenot designedto replacehumanoperators,but to entertainand
amusein a way that humanscannot. The effect is to enhancethe mediumof voice, as
opposedto highlightingthegapbetweenhumanandmachineperformance.



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
femalespeech(bottom). The algorithmsin the table are cepstrumpitch determination
(CPD)[9], feature-basedpitch tracking (FBPT)[11], harmonicproduct spectrum(HPS)
pitch determination[10, 15], parallel processing(PP) of multiple estimatorsin the time
domain[5], integratedpitch tracking (IPTA)[16], super resolution pitch determination
(SRPD)[8], enhancedSRPD(eSRPD)[1], andadaptive leastsquares(ALS) estimation,as
describedin this paper. ThebenchmarksotherthanALS werepreviously reported[1]. The
bestresultsin eachcolumnareindicatedin boldface.

Figure3: Screenshotsfrom the multimediaKaroake machinewith voice-drivenkey se-
lection,audiovisualfeedback,andperformancescoring.Fromleft to right: splashscreen;
singing“happy birthday”;machineevaluation.

5 Future work

Voice is themostnaturalandexpressive mediumof humancommunication.Tappingthe
full potentialof this mediumremainsa grandchallengefor researchersin arti�cial intelli-
gence(AI) andhuman-computerinteraction.In mostsituations,a speaker's intentionsare
derivednot only from the literal transcriptionof his speech,but alsofrom prosodiccues,
suchaspitch, stress,andrhythm. Thereal time processingof suchcuesthusrepresentsa
fundamentalchallengefor autonomous,voice-drivenagents.Indeed,a machinethatcould
learnfrom speechasnaturallyasa newborninfant—respondingto prosodiccuesbut rec-
ognizingin fact nowords—would constitutea genuinetriumphof AI.



We arepursuingthe ideasin this paperwith this vision in mind, looking beyond the im-
mediateapplicationsto voice-to-midisynthesisandaudiovisualKaraoke. Thealgorithmin
thispaperwaspurposefullylimited to cleanspeechfrom non-overlappingspeakers.While
the algorithmworks well in this domain,we view it mainly asa vehiclefor experiment-
ing with non-traditionalmethodsthatavoid FFTsandautocorrelationandthat(ultimately)
might be appliedto morecomplicatedsignals.We have two main goalsfor futurework:
�rst, to addmoresophisticatedtypesof human-computerinteractionto our voice-driven
agents,andsecond,to incorporatethenovel elementsof ourpitchtracker into amorecom-
prehensive front endfor auditorysceneanalysis[2, 3]. The agentsneedto besuf�ciently
complex to engagehumansin extendedinteractions,aswell assuf�ciently robust to han-
dle corruptedspeechandoverlappingspeakers. From suchagents,we expectinteresting
possibilitiesto emerge.
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