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ABSTRACT

Recentresearchhasstudiedthe relevanceof various
featuresfor automaticgenreclassi�cation, showing the
particularimportanceof tempoin dancemusicclassi�ca-
tion. We complementthis work by consideringa domain-
speci�c learningmethodology,wherethecomputedtempo
is usedto selectan expert classi�er which hasbeenspe-
cialisedonits own temporange.Thisenablestheall-class
learningtaskto bereducedto asetof two- andthree-class
learningtasks. Currentresultsare around70% classi�-
cationaccuracy (8 ballroomdancemusicclasses,698in-
stances,baseline15.9%).

1. INTRODUCTION

Tempois a musicalattributeof primeimportance.More-
over, recentresearch[3] advocatedits relevancein the
task of classifying different styles of dancemusic: fo-
cusingsolelyon thecorrect tempo(i.e. measuredmanu-
ally) 8 classesof StandardandLatin ballroomdancemu-
sic can be classi�ed, by meansof diverseclassi�cation
techniques,with around80% accuracy (total of 698 in-
stances,classesarelisted in Table1, baselineis 15.9%).
Decisiontreeclassi�ersrevealedaclearorderingof dance
styleswith respectto tempi. Therefore,onecanassume
that,given a musicalgenre,the tempoof any instanceis
amonga very limited setof possibletempi. For instance,
the tempoof a ChaChais usuallybetween116and128
BPM. Table1 givestemporangesfor the 8 dancestyles
usedhere.

Thisassumptionmaybearguable,yet it seemsto make
sensefor ballroomdancemusicas,on theonehand,com-
monmusicalknowledge(e.g. instructionalbooks,dance
classwebsites1 ) suggestssuch boundaries,and on the
other hand, [4] shows on a large amountof data(more
than 90000 instances)that different dancemusic styles
(“trance,afro-american,houseandfast”)show clearlydif-
ferenttempodistributions,centeredarounddifferent“typ-
ical” tempi.

1 seee.g.http://www.ballroomdancers.com/Dances
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In thispaperweproposeto furtherexploit thehighrel-
evanceof thetempoin designinga classi�er that focuses
�rst on this featureandthenusescomplementaryfeatures
to make decisionsin possiblyambiguoussituations(i.e.
tempooverlaps).

Ourapproachis to de�ne thetemporangeof eachclass
byaGaussianprobabilityfunction.An illustrationisgiven
in Figure1. TheGaussianstandarddeviationsarede�ned
so that the probabilitiesat the limits speci�ed in Table1
arehalf thevalueof thecorrespondingprobabilitymaxi-
mum.Puttogether, theseprobabilitiesmayoverlapin cer-
tain temporegions(e.g. SambaandRumba,seedashed-
blueandsolid-blacklinesaround100BPM in Figure1).
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Figure 1. Tempoprobability functionsandoverlapsof 8
dancemusicstyles.X-axis in BPM.

Hence,givenanunknown instance,asimpleclassi�ca-
tion processcouldbe:

1: Computeits tempo�

2: Retrieve the � classesthatoverlapsigni�cantly at �

3: Usea classi�er tailoredto these� classes
Assumingthat different classeshave different tempo

distributions, it is reasonableto considerthat much less
than8 classesdo overlapsigni�cantly at any tempo.The
classi�erdesignis consequentlyeasierthantheeight-class
learningtaskconsideringall examples.

However, there is a consensusin the tempo-tracking
literatureon thefact thatstate-of-the-arttempoinduction
algorithmstypically make errorsof metrical levels (they
outpute.g.half thecorrecttempo).Accordingly, thetempo-
tracking algorithm we use here —BeatRoot[1]— may
outputthecorrecttempo,twice or half of its value(in the
caseof excerptswith a duplemeter)or two thirds of its
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Figure2. Adaptedtempoprobabilityfunctionsof 8 dancemusicstyles.X-axis in BPM. Solidblackline is thesumof all
probabilityfunctionsandrepresentsoverall classoverlaps.

value(in the caseof excerptswith a triple meter).2 We
adaptedeachtempoprobability function accordinglyin
concatenatingseveralGaussianswhosemeansarecorrect
tempiandrelevantmultiples(seeFigure2).

Observingthe probability functions in Figure 2, one
canseethateachtempovaluecorrespondsusuallyto two
differentpotentialclasses,at the exceptionof threespe-
ci�c temporegionsin which threeclassesoverlap.These
are95 to 105 BPM and193 to 209 BPM for Quickstep,
Rumbaand Samba,and 117 to 127 BPM for Cha Cha,
TangoandVienneseWaltz. Therefore,weproposetobuild
30differentclassi�ers:
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eachexpertin aspeci�c pairwiseclassi�cationtask.

� 2 three-classclassi�ers, ����� and �� "! , eachexpert
in a three-classspeci�c task

Whenpresentedwith unknown instances,the knowl-
edgeavailableto thesystemis this setof 30 expert clas-
si�ers andthetempoprobabilityfunctionsfor all possible
classes.Therefore,theoverall classi�cationprocessis �-
nally thatdetailedin Algorithm 1.

Algorithm 1 Overall classi�cationprocess
1: Computetempo � of theinstanceto classify
2: Find theclassi�er ��# whosetemporangeincludes�

3: Performclassi�cationwith ��#

In the remainderof this paper, we give the detail of
the audiodatausedfor experiments.Thenwe introduce
the diversefeaturescomputedfrom this data. We then

2 For furthertempoinductionevaluationdetails,on thedatabaseused
here,we referto [3].

detailour experiments,discusstheresults,comparethem
to theresultsreportedin [3] andproposea summaryand
directionsfor futurework.

2. DATA AND ASSOCIATED METADATA

Themusicaldatabasewe usefor trainingandtestingcon-
tainsexcerptsfrom 698 piecesof music,around30 sec-
ondslong. The audioquality of this datais quite low, it
wasoriginally fetchedin real audioformat, with a com-
pressionfactorof almost22 with respectto thecommon
44.1kHz 16 bits monoWAV format. It wassubsequently
convertedto WAV format for experiments. This datais
publically availableon theworld-widewebat thefollow-
ing URL:

http://www.ballroomdancers.com/Music/style.asp

ChaCha 111inst. $�$�%'&�$���� BPM
Jive 60 inst. $�%)('&*$���( BPM
Quickstep 82 inst. $�+��'&,�-$�( BPM
Rumba 98 inst. +�(.&�$�$�( BPM
Samba 86 inst. +�%.&�$�(�/ BPM
Tango 86 inst. $���(0&�$	/1( BPM
VienneseWaltz 65 inst. $324('&�$�+)( BPM
Slow Waltz 110inst. 24�.&5+�� BPM

Table 1. Dancemusicclasses,numberof instancesper
classandclasstemporanges.

For all thoserecordings,themusicalgenreis available
(seeTable 1). In addition, the correct tempo,assigned
manually, of eachrecordingis alsoavailable(in beatsper
minute,BPM). Theminimumvalueis 60 BPM, themax-
imum 224BPM.



3. DESCRIPTORS

Weconsider71descriptors,dividedinto threegroups.All
areimplementedasopensourcesoftwareundertheGNU
license.

3.1. Tempo

In additionto thegroundtruthtempo,in BPM,asprovided
with the data,we also computedthe tempousingBeat-
Root[1]. BeatRoot's tempoinductionstageyieldsseveral
tempohypothesesthat aresubsequentlyre�ned, beatby
beat,andrankedin a trackingprocess.The�nal tempois
themeanof thewinningagent's inter-beatintervals.

Thefollowing69featuresdescribelow-levelcharacter-
isticsof 2 differentperiodicityrepresentations(i.e. distri-
bution statisticsascentroid,�atness,etc. or peak-related
quantities).

3.2. Periodicity Histogram descriptors

11descriptorsarebasedona �rst representationof signal
periodicities,the “periodicity histogram”(PH) [5]. This
representation,is thecollectionin a histogramof thesal-
iencesof different pulses(from 40 BPM to 240 BPM)
in successive chunksof signal (12s long, with overlap).
In eachchunkof signal,periodicitiesarecomputedvia a
comb�lterbank.

3.3. Inter -OnsetInter val Histogram descriptors

Remainingdescriptorsarequantitiescomputedfromasec-
ond representationof the signal periodicities,the Inter-
OnsetInterval Histogram(IOIH) proposedin [2]. This
representationgivesa measureof recurrenceof the dif-
ferent inter-onsetintervals presentin the signal (not just
successive onsets,but any pairs of onsets). Inter-onset
intervals are accumulatedin a histogramwhich is then
smoothedby a Gaussianwindow.

We computedthesaliencesof 10 periodicities(promi-
nentperiodsin the IOIH) whoseperiodsare the 10 �rst
integermultiplesof thefastestpulse(computedasin [2]).
Notethatsolelytheperiodsalienceis kept,not theperiod
value.Therefore,thosedescriptorsareindependentof the
tempo.

Wealsode�ned48otherdescriptorsascommon“spec-
tral” descriptors(8 distributionstatisticsand40 MFCCs),
butcomputedontheIOIH, notonaspectrum.TheMFCC-
likedescriptorsarecomputedasfollows:

� IOIH computation

� Projectionof the period axis from linear scaleto
theMel scale,of lower dimensionality(i.e. 40),by
meansof a �lterbank

� Magnitudelogarithmcomputation

� InverseFouriertransform

For eachof the30classi�cationtasks,wediscardedthe
useof thetempoandweevaluatedtherelevancesof there-
maininglow-level descriptorson an individual basis(i.e.
Rankersearchmethodassociatedto ReliefFattributeeval-
uator),andselectedthe10mostrelevantfeatures.Thatis,
the 30 classi�ers all use10 low-level features,that may
bedifferentin eachcase.All experimentshave beencon-
ductedwith Weka[6]. 3

4. EXPERIMENTS

For classi�cation,weuseSupportVectorMachinesasit is
commonlysuggestedfor problemswith few classes(es-
pecially 2). All percentagesresult from 10-fold cross-
validationprocedures.Systematicevaluationof different
classi�cationmethodsis left to futurework.

The majority of the 28 pairwiseclassi�er accuracies,
all using10descriptors,areabove90%.Theworstclassi-
�er is thatbetweenSlow WaltzandVienneseWaltz(81.8%
accuracy, baseline63%). Thebestis thatbetweenQuick-
stepandVienneseWaltz(100%accuracy, baseline55.7%).
Regardingthethree-classclassi�ers,alsousing10descrip-
tors, � ��� (Quickstepvs. Rumbavs. Samba)has84.1%
accuracy (baseline36.6%)and �

 "! (ChaChavs. Tango
vs. VienneseWaltz) 91.9%accuracy (baseline42.3%).

Tomeasuretheoverallaccuracy of the30classi�ers,let
us computea weightedaverageof their individual accu-
racy. Theweightsareproportionalto thenumberof times
a classi�er is actually required(given the tempoestima-
tionsof the698excerpts).This yields89.4% accuracy.

Let us now evaluatethe whole classi�cation process.
Recallthat theprocessinvolvestwo steps,it suffersfrom
tempoestimationerrorsin additionto misclassi�cations.
In 24.3%of the cases(i.e. 170 excerpts)the tempoes-
timationstepassignsexcerptsto pairwise(or three-class)
classi�ersthatdonotaccountfor its trueclass.Thereis no
wayto recoverfrom theseerrors,whateverthesubsequent
classi�cation,theexcerptwill beassignedto an incorrect
class.

Theoverallaccuracy of thesystemis thereforethemul-
tiplication of both stepaccuracies,i.e. (

�
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�

2�8)29�

67.6%.
Onemight wonderwhetherconsideringmetricallevel

errorsin thedesignof the tempoprobabilities(i.e. using
tempoprobabilititiesasde�ned in Figure2 insteadof Fig-
ure1) actuallyresultsin any improvement.As reportedin
[3], thetempoinductionalgorithmhasaround50%accu-
racy (consideringmultiplesaserrors).Theresultingover-
all accuracy of themethodpresentedherewouldtherefore
bearound(

�

�)+�/:6;(

�

8<� 44.7%.Theimprovementis over
20%.

However, we notedthat tempoinductionis especially
badfor Slow Waltz excerpts,yielding around75% to be
assignedto wrong classi�ers. This is becauseonsetde-
tection,in thetempoinductionalgorithm,is designedfor
percussive onsets,which areoften lacking from waltzes.
Removing theSlow Waltz excerptsfor thedatabase,587

3 http://www.cs.waikato.ac.nz/ml/weka



remain,and the numberof excerptsthat areassignedto
irrelevantclassi�ersfalls to 13.9%.Theoverall accuracy
risesnow to 76.5%.

Thoseresultsareencouraging.They arehoweverslightly
lower thantheresultsreportedin [3], wheretherationale
was to build an 8-classclassi�er (1-NearestNeighbour
learner)with 15MFCC-like descriptorsandno tempoin-
formation.There,theclassi�cationaccuracy reached79%.

5. SUMMARY, DISCUSSION AND FUTURE
WORK

In this paper, we investigatedtheclassi�cationof 8 dance
stylesfrom a particularviewpoint thatputsa specialem-
phasison the tempoestimation.Theproposedclassi�ca-
tion processentailstwo subsequentsteps:tempocompu-
tation anduseof expert (pairwiseor three-class)classi-
�ers in speci�c temporegions. We show that it is possi-
ble to designvery accurateexpert classi�ers. However,
logically, in this framework, if thetempoestimationfails,
theclassi�cationfails. Weshowedthatconsideringtempo
multiples resultsin a substantialclassi�cation improve-
ment.

The accuracy on a databaseof 698 excerptsfrom 8
classesis 67.6%.Restrictingteststo the7 classes(587ex-
cerpts)on which tempoestimationis reasonablyreliable,
theaccuracy is 76.5%.This is slightly worsethanresults
reportedin [3] with a differentmethod(an 8-classclas-
si�er yielded 79% accuracy with 15 tempo-independent
descriptors).

In conclusion,reducingtheproblemfromaneight-class
learningtaskto several two- or three-classlearningtasks
is only pertinentwhenusingan extremelyreliabletempo
estimationalgorithm.

To illustratethis,letusconsiderusingthecorrecttempo
(assignedmanually)insteadBeatRoottempo(computed
automatically).There,theclassi�cationaccuracy risesto
82.1%. This correspondsto two factors: misclassi�ca-
tionsof theexpertclassi�ers(i.e. 0.109%)andthe“cost”
of the initial assumptionregardingclasstempoprobabil-
ities (i.e. instances—outliers— that effectively have a
tempooutsideof their class's temporange,i.e. 54 of 698
instances).

Thisopenstwo importantavenuesfor futurework: im-
proving theaccuracy of theexpertclassi�ers(for instance
in re�ning the selectionof the most relevant descriptors
for eachclassi�er) andstudythe validity of the limited-
tempo-rangesassumptionon a databasecontainingmore
instancesof a largernumberof classes.

Further, as tempo-independentdancestyle classi�ca-
tion [3] seemsto bemorereliablethantempoinductionit-
self (thatprincipally suffersfrom metricallevel errors)—
79% vs. 50%—, we will study in future work whether
genreclassi�cationcanbeusedto improve tempoinduc-
tion.
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