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ABSTRACT

Tempoestimationis fundamentalin automaticmusic
processingand in many multimediaapplications. This
paperpresentsan automatictempotracking systemthat
processesaudiorecordingsanddeterminesthe beatsper
minuteandtemporalbeatlocation. Theconceptof spec-
tral energy �ux is de�nedandleadsto anef�cient noteon-
setdetector. Thealgorithminvolvesthreestages:a front-
endanalysisthat ef�ciently extractsonsets,a periodicity
detectionblock andthetemporalestimationof beatloca-
tions. Theperformanceof theproposedmethodis evalu-
atedusinga large databaseof 489 excerptsfrom several
musicalgenres. The global recognitionrate is 89.7 %.
Resultsarediscussedandcomparedto othertempoesti-
mationsystems.
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1. INTRODUCTION

It is very dif�cult to understandwesternmusic without
perceiving beats,since a beat is a fundamentalunit of
the temporalstructureof music[4]. For this reason,au-
tomaticbeattracking,or tempotracking, is an essential
taskfor many applicationssuchasmusicalanalysis,auto-
matic rhythmalignmentof multiple musicalinstruments,
cutandpasteoperationsin audioediting,beatdrivenspe-
cial effects.Althoughit mightappearsimpleat�rst, tempo
tracking hasproved to be a dif�cult task when dealing
with a broadvariety of musicalgenresasshown by the
largenumberof publicationsonthissubjectappeareddur-
ing thelastyears[2, 5, 6, 8, 9, 10, 12].

Earlier tempotracking approachesfocusedon MIDI
or othersymbolicformats,wherenoteonsetsarealready
available to the estimationalgorithm. More recentap-
proachesdirectlydealwith ordinaryCD audiorecordings.
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Thesystemthatwe presentin this paperlies into this cat-
egory.

For musicalgenreswith astraightforwardrhythmsuch
as rap, rock, reggaeand otherswherea strongpercus-
sive strike drives the rhythm, currentbeattrackers indi-
catehigh performanceaspointedout by [5, 9, 12]. How-
ever, the robustnessof the beattrackingsystemsis often
muchlessguaranteedwhendealingwith classicalmusic
becauseof the weaknessof the techniquesemployed in
attackdetectionandtempovariationsinherentto thatkind
of music.

In thepresentarticle,we describeanalgorithmto esti-
matethetempoof apieceof music(in beatsperminuteor
bpm) andidentify the temporallocationswhenit occurs.
Like mostof the systemsavailable in the literature,this
algorithmreliesonaclassicalscheme:afront-endproces-
sor extractstheonsetlocationsfrom a time-frequency or
subbandanalysisof thesignal,traditionallyusinga �lter
bank[1, 7, 10, 12] or usingthediscreteFouriertransform
[3, 5, 6, 8, 9]. Then,a periodicity estimationalgorithm
�nds therateat which theseeventsoccur. A largevariety
of methodshasbeenusedfor this purpose,for example,a
bankof oscillatorswhich resonateat integermultiplesof
their characteristicfrequency [6, 9, 12], pitch detection
methods[1, 10], histogramsof the inter-onsetintervals
[2, 13], probabilisticapproachessuchas Gaussianmix-
turemodelto expressthelikelihoodof theonsetlocations
[8].

In this paper, following Laroche's approach[9], we
de�ne the quantity so-calledspectralenergy �ux as the
derivative of thesignalfrequency contentwith respectto
time. Although this principle hasbeenpreviously used
[3, 6, 8, 9], a signi�cant improvementhasbeenobtained
by usinganoptimal�lter to approximatethis derivative.

We exploit this approachto obtaina high performance
onsetdetectorandintegrateit into a tempotrackingalgo-
rithm. We demonstratetheusefulnessof this approachby
validatingtheproposedsystemusingalargemanuallyan-
notateddatabasethat containsexcerptsfrom rock, latin,
pop,soul,classical,rap/hip-hopandothers.Thepaperis
organizedas follows: Section2 providesa detailedde-
scriptionof the threemain stagesthat composethe sys-
tem. In Section3, testresultsareprovidedandcompared
to othermethods.Thesystemparametersusedduringthe



Periodicity
estimation

Beat
location

Synchronised
beat signal

Audio Signal

Onset detection
- Spectral analysis (STFT)
- Spectral energy flux function

Detection

Figure1. Architectureof thebeattrackingalgorithm.

validation procedureare provided as well as comments
abouttheissuesof thealgorithm.Finally, Section4 sum-
marizestheachievementsof thepresentedalgorithmand
discussespossibledirectionsfor furtherimprovements.

2. DESCRIPTION OF THE ALGORITHM

In thispaper, it is assumedthatthetempoof theaudiosig-
nal is constantover the durationof the analysiswindow
andthatit eventuallyevolvesslowly from oneto theother.
In addition, we supposethat the tempolies between60
and200BPM, without lossof generalitysinceany other
valuecanbemappedinto this range.Thealgorithmpro-
posedis composedof threemajorsteps(see�gure 1):

� onsetdetection: it consistsin computingadetection
functionbasedon thespectralenergy �ux of thein-
putaudiosignal;

� periodicity estimation: the periodicity of the de-
tection function is estimatedusingpitch detection
techniques;

� beatlocationestimation: thepositionof thecorre-
spondingbeatsisobtainedfromthecross-correlation
betweenthedetectionfunctionandanarti�cial pulse-
train.

2.1. Onsetdetection

Theaim of onsetdetectionconsistsin extractinga detec-
tion function that will indicatethe location of the most
salientfeaturesof theaudiosignalsuchasnotechanges,
harmonicchangesandpercussive events. As a matterof
fact,theseeventsareparticularlyimportantin thebeatper-
ceptionprocess.

Noteonsetsareeasilymaskedin theoverall signalen-
ergy by continuoustonesof higheramplitude[9], while
they aremorelikely detectedafterseparatingthemin fre-
quency channels.We proposeto follow a frequency do-
main approach[3, 5, 6, 8, 9] as it provesto outperform
time-domainmethodsbasedon direct processingof the
temporalwaveformasa whole.

2.1.1. Spectral analysisandspectral energy �ux

Theinput audiosignalis analyzedusinga decimatedver-
sionof theshort-timeFouriertransform(STFT),i.e.,short
signalsegmentsareextractedatregulartimeintervals,mul-
tiplied by an analysiswindow and transformedinto the
frequency domainby meansof a Fourier transform.This
leadsto

X̃( f ;m) =
N� 1

å
n= 0

w(n)x(n+ mM)e� j2p f n (1)

wherex(n) denotestheaudiosignal,w(n) the �nite anal-
ysiswindow of sizeN in samples,M thehopsizein sam-
ples,mtheframeindex and f thefrequency.

Motivatedby the work of Laroche[9], we de�ne the
spectralenergy �ux E( f ;k) as an approximationto the
derivative of thesignalfrequency contentwith respectto
time

E( f ;k) = å
m

h(m� k) G( f ;m) (2)

whereh(m) approximatesadifferentiator�lter with:

H(ej2p f ) ' j2p f (3)

andthetransformation

G( f ;m) = F fj X̃( f ;m)jg (4)

is obtainedvia a two stepprocess:a low-pass�ltering of
jX̃( f ;m)j to performenergy integrationin awaysimilarto
that in the auditorysystem,emphasizingthemostrecent
inputs, but maskingrapid modulations[14] and a non-
linear compression. For example,in [9] Larocheproposes
h(m) asa �rst orderdifferentiator�lter (h = [1; � 1]), no
low-pass�ltering is appliedandthe non-linearcompres-
sionfunctionis G( f ;n) = arcsinh(jX̃( f ;m)j). In [6] Kla-
puri usesthe same�rst orderdifferentiator�lter , but for
the transformation,heperformsthe low-pass�ltering af-
ter applyinga logarithmiccompressionfunction.

In thepresentwork we proposeh(m) to bea FIR �lter
differentiator. Sucha�lter is designedby aRemezoptimi-
sationprocedurewhich leadsto thebestapproximationto
Eq. (3) in the minimax sense[11]. This new approach,
comparedto the �rst order differenceusedin [6, 8, 9]
highly improvestheextractionof musicalmeaningfulfea-
turessuchas percussive attacksand chord changes. In
addition, G( f ;k) is obtainedvia low-pass�ltering with
a secondhalf of a Hanningwindow followed by a loga-
rithmic compressionfunctionassuggestedby Klapuri [7],
sincethelogarithmicdifferencefunctiongivestheamount
of changein a signalin relationto its absolutelevel. This
is a psycho-acousticrelevantmeasuresincetheperceived
signalamplitudeis in relationto its level, thesameamount
of increasebeingmoreprominentin a quitesignal[7].

During thesystemdevelopment,severalordersfor the
differentiator�lter h(m) weretested.We foundthatusing
an order8 �lter wasthe besttradeoff betweencomplex-
ity and ef�ciency. In practice,the algorithm usesan N



point FFT to evaluatetheSTFT, thusthefrequency chan-
nels1 to N

2 of thesignal's time–frequency representation
are�ltered usingh(m) to obtainthespectralenergy �ux.
Then,all thepositive contributionsof thesechannelsare
summedto producea temporalwaveform v(k) that ex-
hibits sharpmaxima at transientsand note onsets,i.e.,
thoseinstantswheretheenergy �ux is large.

Beattendsto occuratnoteonsets,sowemust�rst dis-
tinguishthe ”true beat” peaksfrom the spuriousonesin
v(k) to obtaina properdetectionfunction p(k). In addi-
tion, we work underthesuppositionthat theseunwanted
peaksaremuchsmallerin amplitudecomparedto thenote
attackpeaks.Thus,a peak-pickingalgorithmthatselects
peaksabovea dynamicthresholdcalculatedwith thehelp
of a median�lter is a simpleandef�cient solutionto this
problem. The median�lter is a nonlineartechniquethat
computesthepointwisemedianinsideawindow of length
2i + 1 formedby a subsetof v(k), thusthemedianthresh-
old curve is givenby theexpression:

q(k) = C� median(gk) (5)

wheregk = f vk� i; : : : ;vk; : : : ;vk+ ig andC is a prede-
�ned scalingfactorto arti�cially rise the thresholdcurve
slightly above thesteadystatelevel of thesignal. To en-
sure accuratedetection,the length of the median�lter
must be longer than the averagewidth of the peaksof
thedetectionfunction. In practice,we setthemedian�l-
ter lengthto 200 ms. Then,we obtainthesignal p̂(k) =
v(k) � q(k), which is half-wave recti�ed to producethe
detectionfunction p(k):

p(k) =
�

p̂(k) if p̂(k) > 0
0 otherwise

(6)

In ourtests,theonsetdetectordescribedabovehaspro-
vedto bea robustschemethatprovidesgoodresultsfor a
wide rangeof musicalinstrumentsandattacksat a rela-
tively low computationalcost. For example,Figure2-a
showsthetimewaveformof apianorecordingcontaining
sevenattacks.Theseattackscanbeeasilyobservedin the
signal'sspectrogramin Figure2-b. Thephysicalinterpre-
tation of Figure2-c canbe seenasthe rateat which the
frequency-contentenergy of the audiosignalvariesat a
giventimeinstant,i.e.,thespectralenergy �ux. In thisex-
ample,seven vertical stripesrepresentthe reinforcement
of theenergy variation,clearly indicatingthe locationof
theattacks(thepositionof thespectrogramedges).When
all the positive energy variationsaresummedin the fre-
quency domainandthresholded,we obtainthe detection
function p(k) shown in Figure2-d. An exampleof anin-
strumentwith smoothattacks,aviolin, is shown in Figure
3. Largeenergy variationsin thefrequency contentof the
audiosignalcanstill beobservedasverticalstripesin Fig-
ure3-c. After summingthepositive contributions,six of
the seven attacksareproperlydetectedasshown by the
correspondinglargestpeaksin Figure3-d.
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Figure 2. Fromtop to bottom: time waveformof a piano
signal,its spectrogram,its spectralenergy �ux andthede-
tectionfunction p(k).

2.2. Periodicity estimation

Thedetectionfunction p(k) at theoutputof theonsetde-
tection stagecan be seenas a quasi-periodicand noisy
pulse-trainthat exhibits large peaksat noteattacks.The
next stepis to estimatethetempoof theaudiosignal,i.e.,
the periodicity of the note onsetpulses. Two methods
from traditional pitch determinationtechniquesare em-
ployed: thespectralproductandtheautocorrelationfunc-
tion. Thesetechniqueshave alreadybeenusedfor this
purposein [1].

2.2.1. Spectral product

Thespectralproductprincipleassumesthatthepowerspec-
trum of the signal is formed from strongharmonicslo-
catedat integermultiplesof thesignal's fundamentalfre-
quency. To �nd this frequency, the power spectrumis
compressedby a factorm, thenthe obtainedspectraare
multiplied,leadingto areinforcedfundamentalfrequency.
For a normalizedfrequency, this is givenby:

S(ej2p f ) =
M

Õ
m= 1

jP(ej2pmf )j for f <
1

2M
(7)

whereP(ej2p f ) is thediscreteFourier transformof p(k).
Then,theestimatedtempoT is easilyobtainedby picking
out thefrequency index correspondingto thelargestpeak
of S(ej2p f ). Thetempois constrainedto fall in therange
60< T < 200BPM.
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Figure 3. From top to bottom: time waveform of a vio-
lin signal,its spectrogram,its spectralenergy �ux andthe
detectionfunction p(k).

2.2.2. Autocorrelationfunction

This is a classicalmethodin periodicity estimation.The
non-normalizeddeterministicautocorrelationfunction of
p(k) is calculatedasfollows:

r(t ) = å
k

p(k+ t )p(k) (8)

Again,we supposethat60< T < 200BPM. Hence,dur-
ing thecalculationof theautocorrelation,only thevalues
of r(t ) correspondingto the rangeof 300 ms to 1 s are
calculated.To �nd theestimatedtempoT, the lag of the
threelargestpeaksof r(t ) areanalyzedanda multiplicity
relationshipbetweenthemis searched.In thecasethatno
relationis found,thelagof thelargestpeakis takenasthe
beatperiod.

2.3. Beat location

To �nd the beatlocation,we usea methodbasedon the
comb�lter ideathat resemblespreviouswork carriedout
by [6, 9, 12]. We createan arti�cial pulse-trainq(t) of
tempoT previouslycalculatedasexplainedin Section2.2
andcross-correlateit with p(k). This operationhasa low
computationalcost,sincethecorrelationis evaluatedonly
at theindicescorrespondingto themaximaof p(k). Then,
we call t0 the time index wherethis cross-correlationis
maximalandwe considerit asthestartinglocationof the
beat. For the secondandsuccesive beatsin the analysis
window, a beatperiod T is addedto the previous beat

Genre Pieces Percentage

classical 137 28.0%
jazz 79 16.2%
latin 37 7.6%
pop 40 8.2%
rock 44 9.0%

reggae 30 6.1%
soul 24 4.9%

rap,hip-hop 20 4.1%
techno 23 4.7%
other 55 11.2%
total 489 100%

Table 1. Genredistributionof thetestdatabase.

location,i.e., ti = bti� 1 + Tc anda correspondingpeakin
p(k) is searchedwithin theareati � D. If nopeakis found,
thebeatis placedin its expectedpositionti . Whenthelast
beatof thewindow occurs,its locationis storedin order
to assurethecontinuitywith the�rst beatof thenew anal-
ysis window. Wherethe tempoof thenew analysiswin-
dow differsby morethan10% from theprevioustempo,a
new beatphaseis estimated.Thepeaksaresearchedusing
thenew beatperiodwithout referencingthepreviousbeat
phase.

3. PERFORMANCE ANALYSIS

3.1. Database,annotation and evaluation protocole

The proposedalgorithmwasevaluatedusinga corpusof
489musicalexcerptstakenfrom commercialCD record-
ings. Thesepieceswereselectedto cover asmany char-
acteristicsas possible: various tempi in the 50 to 200
BPM range,awidevarietyof instruments,dynamicrange,
studio/liverecordings,old/recentrecordings,with/without
vocals,male/femalevocalsandwith/without percussions.
They werealsoselectedto representa wide diversity of
musicalgenresasshown in Table1.

Fromeachof theselectedrecordings,anexcerptof 20
secondshaving arelatively constanttempo,wasextracted
andconvertedto amonophonicsignalsampledat16kHz.
Theprocedurefor manuallyestimatingthetempoof each
musicalpieceis thefollowing:

� themusicianlistenstoamusicalexcerptusinghead-
phones(if required,severaltimesin a row to beac-
customedto thetempo),

� while listening,he/shetapsthetempo,

� the tappingsignalis recordedandthe tempois ex-
tractedfrom it.

As pointedout by Goto in [4], the beat is a perceptual
conceptthatpeoplefeel in music,so it is generallydif�-
cult to de�ne the”correctbeat” in anobjectiveway. Peo-
ple have a tendency to tapat differentmetric levels. For



Method Recognition
rate

Paulus[10] 56.3%
Scheirer[12] 67.4%
SP. 63.2%
AC . 73.6%
SPusingSEF. 84.0%
AC usingSEF 89.7%

Table 2. Tempoestimationperformances.SEFstandsfor
spectralenergy �ux, SPfor spectralproductandAC for
autocorrelation.

example,in a piecethathasa 4/4 time signature,it is cor-
rect to tap every quarter-noteor every half-note. In gen-
eral,a ”groundtruth” tempocannotbeestablishedunless
themusicalscoreof thepieceis available. This is a very
commonproblemwhenhumanstap along with the mu-
sic, i.e., to tap twice as fastor twice asslow the ”true”
tempo. Whenever this caseocurredduring the database
annotation,theslower tempowastaken asreferenceTR.
In a similar way to humans,automatictempoestimation
methodsalsomake this doublingor halvingof the”true”
tempo. Thus,for evaluationpurposesthe tempoestima-
tion T provided by the algorithmis labeledascorrectif
thereis a lessthan5% disagreementfrom the manually
annotatedtempousedasreferenceTR undertheprinciple
0:95aT < TR < 1:05aT with a 2 f 1

2;1;2g.

3.2. Results

During theevaluation,thealgorithmparameterswereset
asfollows. The lengthof theanalysiswindow for tempo
estimationwasset to four seconds,with an overlapping
factor of 50%. Smallerwindow size valuesreducethe
algorithmperformance.For the spectralenergy �ux cal-
culation, the length of the analysiswindow usedin the
computationof theSTFTwas64 samples(4 ms)with an
overlappingfactorof 50%anda 128point FFT, thusthe
detectionfunctionv(k) couldbeseenassignalsampledat
500Hz. As mentioned,theorderof thedifferentiatorFIR
�lter wassetto L = 8. In thebeatlocationstage,theme-
dian�lter i wassetto 25 samples,C wassetto 2, andfor
thepeaklocationDwassetto 10% of thebeatperiod.

To have a better idea of the performanceof our al-
gorithm, we decidedto compareit with our own imple-
mententationof the algorithmsproposedby Paulus[10]
andScheirer[12]. We alsocomparedit with our previous
work in tempoestimation[1]. In thiscase,themaindiffer-
encebetweenthepreviousandthecurrentsystemlies on
theonsetextractionstage.Table2 summarizestheoverall
recognitionrate for the evaluatedsystems.In this table,
SPstandsfor spectralproduct,AC for autocorrelationand
SEFfor spectralenergy �ux.

In moredetails,the performanceof thesemethodsby
musicalgenrearepresentedin Table3. In this table,PLS
standsfor Paulus,SCRfor Scheirer. As expected,results

Method PLS SCR SP AC SP-SEF AC-SEF
Genre % % % % % %

classical 46.0 46.2 48.2 70.8 71.5 82.4
jazz 57.0 70.9 62.0 69.8 78.4 86.0
latin 70.3 81.1 62.1 70.3 91.8 94.5
pop 57.5 70.0 75.0 85.7 92.5 92.5
rock 40.9 84.1 61.3 84.4 81.8 88.6
reggae 76.7 86.7 86.6 76.9 96.6 100
soul 50.0 87.5 70.8 76.7 100 100
rap 75.0 85.0 75.0 56.5 100 100
techno 69.6 56.3 65.2 95.0 95.6 100
other 61.8 69.1 74.5 66.7 89.0 90.9

Table 3. Tempo estimationperformancesby musical
genre.PLSstandsfor Paulus[10], SCRfor Scheirer[12].

indicate that classicalmusic is the most dif�cult genre.
Nevertheless,theproposedalgorithmdisplayedpromising
results.For theothergenres,it shows goodperformance,
particularlyfor musicwith astraightforwardrhythm.

Severalauthorshave pointedout thedif�culty in eval-
uatingbeattrackingsystems[4, 6, 9] dueto thesubjective
interpretationof thebeatandtheinexistenceof a consen-
sualdatabaseof beat-labeledaudiotracks. In our case,
thebeatlocationevaluationwasdoneatasubjectivelevel,
thatis, arti�cial ”soundclicks” weresuperimposedon the
testedsignalat thecalculatedbeatlocationsandtempo.

During thevalidationprocedure,we notethat thepro-
posedalgorithmproduceserroneousresultsunderthefol-
lowing circumstances:

� whendealingwith signalshavingastealthilyor long
fading-inattacks,thehypothesisthatsupuriouspeaks
aresmallerthanattackpeaksdoesnotholdany more,
leadingto falseonsetdetections;

� the spectralenergy �ux follows the principle that
stablespectraregionsarefollowedby transitionre-
gions.Whenmany instrumentsplaysimultaneously,
asin anorchestra,their 'spectralmixture' lackssta-
ble regions,leadingto falseonsetdetections;

� whenthetempovariestooquickly in shorttimeseg-
mentsor if therearelargebeatgapsin thesignal,the
periocity estimationstagecannotkeepup with the
changes.

Thereaderis welcometo listento thesoundexamples
availableat www.tsi.enst.fr/ � malons o/i smi r04 .

4. CONCLUSIONS

In this paperwe have presentedan ef�cient beat track-
ing algorithmthat processesaudiorecordings.We have
alsode�ned theconceptof spectralenergy �ux andused
it to deriveanew andeffectiveonsetdetectorbasedonthe
STFT, anef�cient differentiator�lter anddynamicthresh-
olding usinga median�lter . This onsetdetectordisplays
high performancefor a large rangeof audiosignals. In
addition,theproposedtempotrackingsystemis straight-
forward to implementandhasa relatively low computa-
tional cost. The performanceof the algorithmpresented



wasevaluatedon a large databasecontaining489 musi-
cal excerptsfrom severalmusicalgenres.Theresultsare
encouragingsincethe global successrate for tempoes-
timation was 89.7%. The methodpresentedworks off-
line. A real-timeimplementationis considered,but cur-
rently therearevariousissuesto be resolvedsuchasthe
block-wiseprocessingthat requiresaccessto future sig-
nal samplesandthe non-causalityof the thesholding�l-
ter. Futurework shouldexploreotherperiodicityestima-
tion techniquesandananalysisof theresidualpartaftera
harmonic/noisedecomposition.
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