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ABSTRACT

Tempoestimationis fundamentain automaticmusic
processingand in mary multimediaapplications. This
paperpresentsan automatictempotracking systemthat
processequdio recordingsand determineghe beatsper
minuteandtemporalbeatlocation. The conceptof spec-
tralenegy ux isde nedandleadsto anef cient noteon-
setdetector The algorithminvolvesthreestagesa front-
endanalysisthat ef ciently extractsonsetsa periodicity
detectionblock andthe temporalestimationof beatloca-
tions. The performancef the proposednethodis evalu-
atedusinga large databasef 489 excerptsfrom several
musicalgenres. The global recognitionrate is 89.7 %.
Resultsare discussedind comparedo othertempoesti-
mationsystems.
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1. INTRODUCTION

It is very dif cult to understandvesternmusic without
perceving beats,since a beatis a fundamentalunit of
the temporalstructureof music[4]. For this reasonau-
tomatic beattracking, or tempotracking, is an essential
taskfor mary applicationssuchasmusicalanalysisauto-
matic rhythmalignmentof multiple musicalinstruments,
cutandpasteoperationsn audioediting, beatdrivenspe-
cial effects. Althoughit mightappeasimpleat rst, tempo
tracking has proved to be a dif cult task when dealing
with a broadvariety of musicalgenresas shavn by the
large numberof publicationsonthis subjectappearediur-
ing thelastyears[2, 5, 6, 8, 9, 10, 12].

Earlier tempotracking approachegocusedon MIDI
or othersymbolicformats,wherenoteonsetsarealready
available to the estimationalgorithm. More recentap-
proachesglirectly dealwith ordinaryCD audiorecordings.
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The systemthatwe presenin this paperliesinto this cat-
egory.

For musicalgenreswith a straightforvardrhythmsuch
asrap, rock, reggaeand otherswhere a strong percus-
sive strike drivesthe rhythm, currentbeattrackers indi-
catehigh performancespointedout by [5, 9, 12]. How-
ever, the robustnesf the beattracking systemss often
much lessguaranteedvhendealingwith classicalmusic
becauseof the weaknesof the techniquessmployed in
attackdetectiorandtempovariationsinherentto thatkind
of music.

In the presentarticle,we describeanalgorithmto esti-
matethetempoof a pieceof music(in beatgperminuteor
bpm) andidentify the temporallocationswhenit occurs.
Like mostof the systemsavailablein the literature,this
algorithmreliesonaclassicaschemeafront-endproces-
sor extractsthe onsetlocationsfrom a time-frequeng or
subbandanalysisof the signal,traditionally usinga Iter
bank[1, 7, 10, 12] or usingthe discreteFouriertransform
[3, 5, 6, 8, 9]. Then,a periodicity estimationalgorithm
nds therateat which theseeventsoccur A largevariety
of methodshasbeenusedfor this purposefor example,a
bankof oscillatorswhich resonateat integer multiples of
their characteristidrequengy [6, 9, 12], pitch detection
methods[1, 10|, histogramsof the inter-onsetintervals
[2, 13], probabilisticapproachesuchas Gaussiarmix-
turemodelto expresghelik elihoodof the onsetlocations
[8].

In this paper following Laroches approach[9], we
de ne the quantity so-calledspectralenegy ux asthe
derivative of the signalfrequeng contentwith respecto
time. Although this principle hasbeenpreviously used
[3, 6, 8, 9], asigni cant improvementhasbeenobtained
by usinganoptimal Iter to approximatehis derivative.

We exploit this approacho obtaina high performance
onsetdetectorandintegrateit into atempotrackingalgo-
rithm. We demonstrat¢he usefulnessf this approactby
validatingthe proposedsystermusingalarge manuallyan-
notateddatabasethat containsexcerptsfrom rock, latin,
pop, soul, classicalrap/hip-hopandothers. The paperis
organizedas follows: Section2 provides a detailedde-
scription of the threemain stageshat composethe sys-
tem. In Section3, testresultsareprovidedandcompared
to othermethods.The systemparametersisedduringthe
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Figure 1. Architectureof thebeattrackingalgorithm.

validation procedureare provided as well as comments
abouttheissuesof the algorithm. Finally, Section4 sum-
marizesthe achievementsof the presentealgorithmand
discussepossibledirectionsfor furtherimprovements.

2. DESCRIPTION OF THE ALGORITHM

In this paperit is assumedhatthetempoof theaudiosig-
nal is constantover the durationof the analysiswindow
andthatit eventuallyevolvesslowly from oneto theother
In addition, we supposehat the tempolies between60
and200 BPM, without lossof generalitysinceary other
valuecanbe mappednto this range. The algorithmpro-
poseds composeaf threemajorstepg(see gure 1):

onsetdetection it consistdn computinga detection
functionbasedn thespectraknegy ux of thein-
putaudiosignal;

periodicity estimation: the periodicity of the de-
tectionfunction is estimatedusing pitch detection
techniques

beatlocationestimation: the positionof the corre-
spondingbeatds obtainedrom thecross-correlation
betweerthedetectiorfunctionandanarti cial pulse-
train.

2.1. Onsetdetection

The aim of onsetdetectionconsistsn extractinga detec-
tion function that will indicatethe location of the most
salientfeaturesof the audiosignalsuchasnote changes,
harmonicchangesind percussie events. As a matterof
fact,theseeventsareparticularlyimportantin thebeatper
ceptionprocess.

Note onsetsareeasilymasledin the overall signalen-
ergy by continuoustonesof higheramplitude[9], while
they aremorelikely detectedafter separatinghemin fre-
gueng channels.We proposeto follow a frequeng do-
main approach3, 5, 6, 8, 9] asit provesto outperform
time-domainmethodsbasedon direct processingof the
temporalwaveformasawhole.

2.1.1. Spectal analysisandspectal enegy ux

Theinputaudiosignalis analyzedusinga decimatedrer-

sionof theshort-timeFouriertransform(STFT),i.e.,short
signalsegmentsareextractedatregulartimeintervals,mul-
tiplied by an analysiswindow and transformednto the
frequeny domainby meansof a Fouriertransform.This

leadsto

N 1
X(f;m) = & w(n)x(n+ mm)e 12°fn (1)
n=0
wherex(n) denoteghe audiosignal,w(n) the nite anal-
ysiswindow of sizeN in samplesM thehopsizein sam-
ples,mtheframeindex andf thefrequeng.
Motivatedby the work of Laroche[9], we de ne the
spectralenegy ux E(f;k) asan approximationto the
derivative of the signalfrequeng contentwith respecto
time

E(f;k)= § h(m k) G(f;m) 2
m
whereh(m) approximates differentiator Iter with:
H(E?®)" j2pf ®3)
andthetransformation
G(f;m) = Ffj X(f;m)jg 4)

is obtainedvia atwo stepprocessa low-passltering of
jX(f;m)j to performenepy integrationin away similarto
thatin the auditory system,emphasizinghe mostrecent
inputs, but maskingrapid modulations[14] and a non-
linear compeession For example,in [9] Larocheproposes
h(m) asa rst orderdifferentiator Iter (h=[1; 1]), no
low-pass ltering is appliedandthe non-linearcompres-
sionfunctionis G(f;n) = arcsinkjX(f;m)j). In [6] Kla-
puri usesthe same rst order differentiator Iter, but for
the transformationhe performsthe low-pass Itering af-
ter applyingalogarithmiccompressiofiunction.

In the presentvork we proposen(m) to beaFIR lIter
differentiator Sucha Iter is designedy aRemezoptimi-
sationproceduravhich leadsto the bestapproximatiorto
Eq. (3) in the minimax sensg11]. This new approach,
comparedto the rst order differenceusedin [6, 8, 9]
highly improvesthe extractionof musicalmeaningfuffea-
turessuchas percussie attacksand chord changes. In
addition, G(f;k) is obtainedvia low-pass Itering with
a secondhalf of a Hanningwindow followed by a loga-
rithmic compressiofiunctionassuggestetdy Klapuri[7],
sincethelogarithmicdifferencefunctiongivestheamount
of changean a signalin relationto its absolutdevel. This
is apsycho-acousticelevantmeasuresincethe perceved
signalamplitudeis in relationto its level, thesameamount
of increasebeingmoreprominentin a quitesignal[7].

During the systemdevelopment several ordersfor the
differentiator Iter h(m) weretested We foundthatusing
anorder8 Iter wasthe besttradeof betweencomplec-
ity and efciency. In practice,the algorithmusesan N



point FFT to evaluatethe STFT, thusthefrequeng chan-
nelslto % of the signal's time—frequeng representation
are Itered usingh(m) to obtainthe spectralenegy ux.
Then, all the positive contributionsof thesechannelsare
summedto producea temporalwaveform v(k) that ex-
hibits sharpmaximaat transientsand note onsets,i.e.,
thoseinstantswvheretheenegy ux is large.

Beattendsto occuratnoteonsetssowe must rst dis-
tinguishthe "true beat” peaksfrom the spuriousonesin
v(K) to obtaina properdetectionfunction p(k). In addi-
tion, we work underthe suppositionthat theseunwanted
peaksaremuchsmallerin amplitudecomparedo thenote
attackpeaks.Thus,a peak-pickingalgorithmthat selects
peaksabove a dynamicthresholdcalculatedwith the help
of amedian lter is asimpleandef cient solutionto this
problem. The median lter is a nonlineartechniquethat
computeghe pointwisemedianinsideawindow of length
2i + 1formedby a subsedf v(k), thusthe medianthresh-
old curveis givenby the expression:

q(k) = C mediarfgy) (5)

wheregy = fvi iV vk+ j9 andCis a prede-
ned scalingfactorto arti cially risethethresholdcurve
slightly above the steadystatelevel of the signal. To en-
sure accuratedetection,the length of the median Iter
must be longer than the averagewidth of the peaksof
the detectionfunction. In practice we setthe median |-
ter lengthto 200 ms. Then,we obtainthe signal p(k) =
v(k) q(k), which is half-wave recti ed to producethe
detectiorfunction p(k):

_ Pk if p(k) >0
p(k) = 0 otherwise (6)

In ourtests theonsetdetectodescribedbove haspro-
vedto bearobustschemeahatprovidesgoodresultsfor a
wide rangeof musicalinstrumentsand attacksat a rela-
tively low computationakost. For example,Figure 2-a
shavsthetime waveformof a pianorecordingcontaining
sevenattacks.Theseattackscanbe easilyobsenedin the
signal's spectrogranin Figure2-b. The physicalinterpre-
tation of Figure 2-c canbe seenasthe rate at which the
frequeng-contentenegy of the audio signal variesat a
giventimeinstant,i.e.,thespectraknegy ux. Inthisex-
ample,seren vertical stripesrepresenthe reinforcement
of the enegy variation, clearly indicatingthe location of
theattackgthepositionof the spectrogranedges) When
all the positive enegy variationsare summedin the fre-
gueny domainandthresholdedyve obtainthe detection
function p(k) shavn in Figure2-d. An exampleof anin-
strumentwith smoothattacksaviolin, is shavn in Figure
3. Largeenenpy variationsin the frequeng contentof the
audiosignalcanstill beobsenedasverticalstripesin Fig-
ure 3-c. After summingthe positive contributions, six of
the seven attacksare properly detectedas shovn by the
correspondingargestpeaksin Figure3-d.

a)amplitude
o
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o
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Figure 2. Fromtop to bottom: time waveform of a piano
signal,its spectrogramits spectraknegy ux andthede-
tectionfunction p(k).

2.2. Periodicity estimation

The detectionfunction p(k) atthe outputof the onsetde-

tection stagecan be seenas a quasi-periodicand noisy

pulse-trainthat exhibits large peaksat note attacks. The

next stepis to estimatehetempoof theaudiosignal,i.e.,

the periodicity of the note onsetpulses. Two methods
from traditional pitch determinationtechniquesare em-

ployed: the spectralproductandthe autocorrelatioriunc-

tion. Thesetechniqueshave alreadybeenusedfor this

purposen [1].

2.2.1. Spectal product

Thespectraproductprincipleassumethatthepowerspec-
trum of the signalis formed from strongharmonicslo-
catedat integer multiplesof the signal's fundamentafre-
qgquengy. To nd this frequeng, the power spectrumis
compressedby a factorm, thenthe obtainedspectraare
multiplied, leadingto areinforcedfundamentafrequeng.
For anormalizedrequeng, thisis givenby:

for f < 1 (7

M
i20fy — A i j2pmfy;
Se®) = O jPEeP™) oM

m=1

whereP(el?°f) is the discreteFourier transformof p(k).
Then,theestimatedempoT is easilyobtainedoy picking
outthefrequeny index correspondingdo the largestpeak
of S(el?*f). Thetempois constrainedo fall in therange
60< T < 200BPM.
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Figure 3. Fromtop to bottom: time waveform of a vio-
lin signal,its spectrogramits spectraknegy ux andthe
detectiorfunction p(k).

2.2.2. Autocormelationfunction

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

rt) = ékl p(k+ t)p(k) (8)

Again, we supposeahat60< T < 200BPM. Hence,dur-

ing the calculationof the autocorrelationpnly the values
of r(t) correspondingo the rangeof 300 msto 1 s are
calculated.To nd theestimatedempoT, thelag of the
threelargestpeaksof r(t) areanalyzedanda multiplicity

relationshipbetweerthemis searchedln the casethatno

relationis found,thelag of thelargestpeakis takenasthe
beatperiod.

2.3. Beatlocation

To nd the beatlocation, we usea methodbasedon the
comb lter ideathatresemblegreviouswork carriedout
by [6, 9, 12]. We createan arti cial pulse-traing(t) of
tempoT previously calculatedasexplainedin Section2.2
andcross-correlaté with p(k). This operationhasa low
computationatost,sincethe correlationis evaluatedonly
attheindicescorrespondingo themaximaof p(k). Then,
we call tg the time index wherethis cross-correlations
maximalandwe considelit asthe startinglocationof the
beat. For the secondand succesie 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 49%
rap,hip-hop 20 4.1%
techno 23 4.7%
other 55 11.2%
total 489 100%

Table 1. Genredistribution of thetestdatabase.

location,i.e.,tj = ki 1+ T candacorrespondingeakin

p(k) is searchedavithin theareat; D. If nopeakis found,
thebeatis placedin its expectedoositiont;. Whenthelast
beatof the window occurs,its locationis storedin order
to assurehe continuitywith the rst beatof thenew anal-
ysiswindow. Wherethe tempoof the new analysiswin-

dow differsby morethan10% from the previoustempo,a
new beatphaseds estimatedThe peaksaresearchedising
thenew beatperiodwithout referencinghe previousbeat
phase.

3. PERFORMANCE ANALYSIS

3.1. Database annotation and evaluation protocole

The proposedalgorithmwas evaluatedusinga corpusof
489 musicalexcerptstaken from commercialCD record-
ings. Thesepieceswereselectedo cover asmary char
acteristicsas possible: various tempi in the 50 to 200
BPM range awide varietyof instrumentsgynamicrange,
studio/liverecordingspld/recenrecordingsyith/without
vocals,male/femalevocalsandwith/without percussions.
They were also selectedo represent wide diversity of
musicalgenresasshavn in Table1.

Fromeachof the selectedecordingsanexcerptof 20
seconddaving arelatively constantempo,wasextracted
andcorvertedto amonophonicignalsampledat 16 kHz.
The procedurdor manuallyestimatingthe tempoof each
musicalpieceis thefollowing:

themusicianlistensto amusicalexcerptusinghead-
phoneqif requiredseveraltimesin arow to beac-
customedo thetempo),

while listening,he/sheapsthetempo,

the tappingsignalis recordedandthe tempois ex-
tractedfrom it.

As pointedout by Goto in [4], the beatis a perceptual
conceptthat peoplefeel in music,soit is generallydif -

cultto de ne the correctbeat”in anobjective way. Peo-
ple have atendeny to tap at differentmetric levels. For



Method Recognition
rate
Paulus[10] 56.3%
Scheiref12] 67.4%
SP. 63.2%
AC. 73.6%
SPusingSEF 84.0%
AC usingSEF 89.7%

Table 2. TempoestimationperformancesSEFstandgor
spectralenegy ux, SPfor spectralproductand AC for
autocorrelation.

example,in a piecethathasa 4/4 time signatureijt is cor
rectto tap every quarternoteor every half-note. In gen-
eral,a”groundtruth” tempocannotbe establishedinless
the musicalscoreof the pieceis available. Thisis a very
commonproblemwhen humanstap alongwith the mu-
sic, i.e., to tap twice asfastor twice asslow the "true”
tempo. Wheneer this caseocurredduring the database
annotationthe slower tempowastaken asreferencer g.
In a similar way to humans automatictempoestimation
methodsalsomale this doublingor halving of the "true”
tempo. Thus, for evaluationpurposeghe tempoestima-
tion T provided by the algorithmis labeledas correctif
thereis a lessthan 5% disagreementrom the manually
annotatedempousedasreferencel r underthe principle
0:95aT < Tr< 1:05aT witha 2 f 3;1; 2g.

3.2. Results

During the evaluation,the algorithmparametersvere set
asfollows. Thelengthof the analysiswindow for tempo
estimationwas setto four secondswith an overlapping
factor of 50%. Smallerwindow size valuesreducethe
algorithmperformance.For the spectralenegy ux cal-
culation, the length of the analysiswindow usedin the
computationof the STFT was64 sampleg4 ms)with an
overlappingfactorof 50% anda 128 point FFT, thusthe
detectiorfunctionv(k) couldbeseenassignalsamplecdat
500Hz. As mentionedtheorderof thedifferentiatorFIR
Iter wassetto L = 8. In the beatlocationstage the me-
dian Iter i wassetto 25 samplesC wassetto 2, andfor
the peaklocationD wassetto 10 % of the beatperiod.

To have a betteridea of the performanceof our al-
gorithm, we decidedto compareit with our own imple-
mententatiorof the algorithmsproposedoy Paulus[10]
andScheire{12]. We alsocomparedt with our previous
work in tempoestimatior{1]. In thiscasethemaindiffer-
encebetweerthe previous andthe currentsystemlies on
theonsetextractionstage.Table2 summarizesheoverall
recognitionrate for the evaluatedsystems.In this table,
SPstanddor spectraproduct, AC for autocorrelatiomnd
SEFfor spectrakenegy ux.

In more details,the performanceof thesemethodsby
musicalgenrearepresentedn Table3. In thistable,PLS
standgor Paulus,SCRfor Scheirer As expected results

Method PLS

SCR‘ SP ‘ AC ‘ SP-SEF‘ AC-SEF

Genre % % % % % %

classical | 46.0 | 46.2 | 48.2 | 70.8 715 82.4
jazz 57.0 | 709 | 62.0 | 69.8 78.4 86.0
latin 70.3 | 81.1 | 62.1 | 70.3 91.8 94.5
pop 575 | 70.0 | 75.0 | 85.7 92.5 92.5
rock 409 | 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 | 875 | 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 618 | 69.1 | 745 | 66.7 89.0 90.9

Table 3. Tempo estimationperformancedy musical
genre.PLSstanddor Paulus[10], SCRfor Scheiref12].

indicate that classicalmusic is the most dif cult genre.
Neverthelesstheproposedlgorithmdisplayedoromising
results.For the othergenresjt shavs goodperformance,
particularlyfor musicwith a straightforvardrhythm.

Severalauthorshave pointedout the dif culty in eval-
uatingbeattrackingsystemg4, 6, 9] dueto thesubjectve
interpretatiorof the beatandtheinexistenceof a consen-
sualdatabaseof beat-labeledudiotracks. In our case,
thebeatlocationevaluationwasdoneatasubjectve level,
thatis, arti cial "soundclicks” weresuperimposednthe
testedsignalatthe calculatecbeatlocationsandtempo.

During the validationprocedurewe notethatthe pro-
posedalgorithmproducesrroneousesultsunderthefol-
lowing circumstances:

whendealingwith signalshaving astealthilyor long
fading-inattacksthehypothesishatsupuriougpeaks
aresmallerthanattackpeaksloesnotholdany more,
leadingto falseonsetdetections;

the spectralenegy ux follows the principle that
stablespectraregionsarefollowedby transitionre-
gions.Whenmary instrumentplay simultaneously
asin anorchestratheir'spectramixture’ lackssta-
ble regions,leadingto falseonsetdetections;

whenthetempovariestooquickly in shorttime sey-
mentsor if therearelargebeatgapsn thesignal,the
periocity estimationstagecannotkeepup with the
changes.

Thereaderis welcometo listento the soundexamples
availableat www.tsi.enst.fr/ malons ofi smir04 .

4. CONCLUSIONS

In this paperwe have presentedan ef cient beattrack-
ing algorithmthat processesudiorecordings. We have
alsode ned the conceptof spectralenegy ux andused
it to derive anew andeffective onsetdetectobasednthe
STFT, anefcient differentiatorIlter anddynamicthresh-
olding usinga median Iter . This onsetdetectordisplays
high performanceor a large rangeof audio signals. In
addition,the proposedempotracking systemis straight-
forward to implementandhasa relatively low computa-
tional cost. The performanceof the algorithm presented



was evaluatedon a large databasecontaining489 musi-
cal excerptsfrom severalmusicalgenres.Theresultsare
encouragingsincethe global succesgate for tempoes-
timation was 89.7%. The methodpresentedvorks off-
line. A real-timeimplementatioris consideredbut cur-
rently therearevariousissuesto be resohed suchasthe
block-wiseprocessinghat requiresaccesdo future sig-
nal samplesandthe non-causalityof the thesholding I-
ter. Futurework shouldexplore otherperiodicity estima-
tion techniguegndananalysisof theresidualpartaftera
harmonic/noiselecomposition.
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