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ABSTRACT

BeatBoxingis atypeof vocalpercussion,wheremusicians
usetheir lips, cheeks,andthroatto createdifferentbeats.
It is commonlyusedby hiphopandrapartists.In this pa-
per, we explore theuseof BeatBoxingasa querymecha-
nismfor musicinformationretrieval andmorespeci£cally
the retrieval of drum loops. A classi£cationsystemthat
automaticallyidenti£estheindividualbeatboxingsounds
andcanmapthemto correspondingdrumsoundshasbeen
developed. In addition, the tempoof BeatBoxingis au-
tomatically detectedand usedto dynamicallybrowse a
databaseof music.We alsodescribesomeexperimentsin
extracting structuralrepresentationsof rhythm and their
usefor styleclassi£cationof drumloops.

1. INTRODUCTION

Disc jockey (DJ) mixing, which£rstemergedin theearly
1950's in Jamaica,is oneof theearliestexamplesof mu-
sic informationretrieval (MIR), wherea DJ retrievespre-
recordedmusicfrom a setof recordsbasedon the mood
andatmosphereof a night club andaudienceenergy. Tra-
ditionally, aDJusesasetof turntablesin conjunctionwith
amixer to £lterappropriatemusicfor themoment.In this
paper, we presentnew tools for themodernDJ, enabling
themto retrievemusicwith amicrophoneby BeatBoxing.

BeatBoxingis a type of vocal percussion,wheremu-
siciansusetheir lips, cheeks,andthroat to creatediffer-
entbeats.It originatedasanurbanartform. Thehip-hop
cultureof the early 1980's could seldomafford beatma-
chines,samplers,or soundsynthesizers.Withoutmachine
suppliedbeatsto rapover, a new drumwascreated- the
mouth.Generally, themusicianis imitatingthesoundof a
realdrumsetor otherpercussioninstrument,but thereare
no limits to the actualsoundsthat canbe producedwith
their mouth. As shown in Figure 1, the musicianoften
covershis mouthwith onehandto createlouder, deeper
sounds.A widevarietyof soundscanbecreatedwith this
techniqueenablingindividual BeatBoxers to have differ-
entrepertoiresof sounds.
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Figure 1. BeatBoxing

Most of existing work in MIR haseitherconcentrated
on melodicandpitch informationin symbolicMIR or fo-
cusedon timbral information in the caseof audioMIR.
Rhythmic information, althoughan importantaspectof
music,is frequentlyneglected.In this paperwe focuson
theretrieval andbrowsingof electronicdancemusicsuch
asDrum& Bass,House,Rhythm& Bluesetc.Webelieve
thesemusicalstylesprovideuniquechallengesandoppor-
tunities becausetheir rhythmic characteristicsare more
importantthantheir melodicandtimbral aspects.In ad-
dition, the proposedtechniquesand applicationscan be
usedby experiencedretrieval usersthat are eagerto try
new technologies,namelyDJs.Furthermore,wewantour
developedMIR systemsto be usedin active live perfor-
mancefor mixing andbrowsing in additionto the tradi-
tionalquery/searchmodel.

Basedontheseobservations,themaingoalof thiswork
is to exploretheuseof BeatBoxingasaquerymechanism
for bothretrieval andbrowsing.Thepaperis organizedas
follows: In section 2 we brie¤ydescribeexisting digital
toolsfor theDJandrelatedwork in MIR. In section 3 we
describehow theindividualBeatBoxingsoundscanbeau-
tomaticallyidenti£ed,ourmethodof tempoextractionand
exploretheuseof structuredbeatrepresentationsfor style
classi£cation.In section4 datacollectionandvariousex-
perimentsin classi£cationandretrieval aredescribed.In
section 5 the implementationof the algorithmsandtwo
novel userinterfacesfor browsing musicandprocessing
BeatBoxingsoundsaredescribed.Finally, in section 6
we discussconclusions,challengesanddirectionsfor fu-
tureresearch.



2. RELATED WORK

Researchin building novel digital systemsfor DJ's is a
growing area.Thereareanumberof commercialproducts
suchasFinal Scratch 1 by Stanton,which is a turntable
controllerthatusesspecialrecordsto sendpositionsensor
datato thecomputer. Tracktor 2 by Native Instrumentsis
apowerful softwarethatincludesgraphicalwaveformdis-
plays, temporecognition,automaticsynronization,real-
time timestretching,andtencuepointsfor live mixing of
MP3,WAV, AIFF, andaudioCD formats.

Academicresearchon building toolsfor theDJ is also
becomingmorecommonplace.AudioPad [1] andBlock
Jam [2] areboth performancetools for controlling play-
backof musicon samplebasedsequencers.Mixxx [3] is
softwareusedbothin realisticperformancesettingandas
ameansto studyDJ interfaceinteraction.

Anotherimportantareaof in¤uenceisautomaticrhythm
analysis. Initial work in this areasuchas[4, 5] concen-
tratedon the extraction of tempobut more recentwork
haslookedinto extractingmoredetailedinformation.The
classi£cationof ballroomdancemusicbasedon rhythmic
featuresis exploredin [6]. Theextractionandsimilarity of
rhythmicpatternsindependentlyof theactualsoundsused
to producethemis exploredin [7] usinga DynamicPro-
grammingapproach.The classi£cationof differentper-
cussive soundsusingthe ZeroCrossingRateis described
in [8]. Theideaof usingthevoiceasa querymechanism
is exploredin the differentcontext of Indian tablamusic
in [9]. Finally, ourapproachto Query-by-Beat-Boxingal-
thoughbasedon rhythm ratherthanmelodicinformation
sharessomesimilaritieswith query-by-hummingsystems
suchas[10, 11].

Ontheapplicationside,animportantin¤uencehasbeen
theideaof amusicbrowsingspacewherethevisualinfor-
mation is correlatedwith musicsimilarity andrelations.
Examplesincludetheexplorationof musiccollectionsby
usingvisualrepresentationsof Self-OrganizingMaps[12],
using a fast versionof multidimensionalscaling(MDS)
calledFastMap in [13] andtheuseof directsoni£cation
in theSonicBrowser[14].

3. AUDIO ANALYSIS AND CLASSIFICATION

The £rst stepin Query-by-BeatBoxingis to identify the
individual vocal percussionsounds. This stageroughly
correspondsto the pitch detection-segmentationstagein
Query-by-Humming.Audio drumloopsaresigni£cantly
differentfor vocalBeatBoxingloopsandthereforerequire
differentanalysismethods.Becauseourgoalis to beable
to retrieve from databasesof drum loops,we needto be
ableto convertaudiodrumloopsinto somerepresentation
thatcanbeusedfor similarity matchingbetweenthosedif-
ferenttypesof signals.

1 http://www.finalscratch.com (April 2004)
2 http://www.native- instruments.com (April 2004)

Figure 2. Graphsshowing time andfrequency domainof
vocalbassdrum,snaredrumandhighhat

3.1. BeatBoxingsoundidenti£cation

Most commonlyBeatBoxingtechniquesinclude sounds
which imitate a real drumsetsuchas bassdrum, snare
drum, and high-hat. However, advancedvocal percus-
sionhasno limits to thesoundsthatcanbeproduced,in-
cluding noisessuchassimulatedturntablescratchesand
humming-alongthe beat. In our experiments,threegen-
eral typesof of beatboxing soundswere analyzedand
classi£ed.The£rstis abassdrumvocalhit thatis charac-
terizedby lower frequency comingfrom the chestof the
performer. The secondis a snaredrum vocal hit that is
createdby the quick passof air throughthe teeth. The
third is a high-hatvocal hit, which is characterizedby a
'S' sibilancesound,createdby thetonguearchingupward
to the roof of the mouth. Figure 2 shows graphsof the
time andfrequency domainplots for thesethreetypesof
vocalhits.

Oneimportantobservation is that thespectralanddy-
namiccharacteristicsof thevocaldrumsoundsarenotdi-
rectly similar to the correspondingreal drum soundsso
an audiofeatureextractionandclassi£cationstageis re-
quired to identify the sounds. The producedvocal per-
cussivesoundshaveshortduration(average0.25seconds)
andthereforea singlefeaturevector is computedfor the
durationof thesound.

For thefeatureextractionweexperimentedwith avari-
ety of featuresetsproposedin the literature.Thefollow-
ing featureswereconsidered:

² TimeDomainfeatures:ZeroCrossings,Root-Mean-
SquarredEnergy (RMS)andRampTime

² SpectralDomain features: Centroid,Rolloff, and
Flux

² Mel-Frequency CepstralCoef£cients(MFCC) [15]

² LinearPredictive Coef£cients(LPC) [16]



-0.18 -0.16 -0.14 -0.12 -0.1 -0.08 -0.06
-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

First Principal Component

S
ec

on
d 

P
rin

ci
pa

l C
om

po
ne

nt

Principal Component Analysis Plot of MFCC feature

�0.24 �0.22 �0.2 �0.18 �0.16 �0.14 �0.12 �0.1 �0.08 �0.06 �0.04
�0.25

�0.2

�0.15

�0.1

�0.05

0

0.05

0.1

0.15

0.2

First Principal Component

S
ec

on
d 

P
rin

ci
pa

l C
om

po
ne

nt

Principal Component Analysis Plot of LPC feature

Figure 3. Scatterplotsfor featureanalysisshowing three
clusters(bass(star),snare(circle),highhat(rectangle)

² Wavelet-basedfeatures:Meansandstandarddevia-
tionsof waveletcoef£cientsin eachsubband[17]

An analysisof theclassi£cationability of eachfeature
setwasperformedby trainingmachinelearningclassi£ers
as well as examining scatterplots of the corresponding
data. The best single dimensionalfeatureswere Zero-
Crossing,SpectralCentroidandRolloff. LPC andMFCC
coef£cientsperformedbetterthanthewavelet-basedfea-
tures.Figure 3 showstwo-dimensionalscatterplotsof the
two highestprincipalcomponentsof theLPC andMFCC
multi-dimensionalfeatures.The threeclassesof interest
are clearly separatedvisually. Classi£cationresultsare
providedin section 4.

3.2. Rhythm Analysis

Audio drum loops are signi£cantlydifferent from vocal
BeatBoxingsounds. Although a methodbasedon indi-
vidualpercussionsoundidenti£cationsuchastheonede-
scribedin subsection3.1couldalsobeutilized for audio
drum loop analysis;our initial experimentsin that direc-
tion showedthatthis is not thecase.

Themainreasonsare:1) audiodrumloops,unlike vo-
cal percussion,containa large variety of differentsound
samples,and 2) there is signi£cantoverlap in time be-
tweenthe individual drum sounds. Therefore,a differ-
ent approachwas followed in the analysisof drum loop
sounds.
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Figure 4. BeatHistogramCalculationDiagram

Figure 5. BeatHistogram

In orderto analyzethedrumloops,thesignalis sepa-
ratedintodifferentfrequency bandsusingaDiscreteWavelet
Transform(DWT). The envelopeof eachbandis calcu-
lated using Full Wave Recti£cation,Low PassFiltering
andNormalization.This front-endis basedonthemethod
for thecalculationof BeatHistogramsdescribedin [18].
TheBeatHistogram(BH) shows thedistribution of vari-
ousbeatperiodicitiesof the signal. For examplea piece
with tempo60Beats-per-Minute(BPM)wouldexhibit BH
peaksat 60 and 120 BPM (quarterand eight notesre-
spectively). Figure 4 shows a schematicdiagramof the
this calculation. Figure 5 shows a BH for a pieceof
Rhythm and Blues music (notice the peaksat 96 BPM
(maintempo)and192BPM).



Figure 6. Original signal followed by low and high
wavelet bands showing the separationof bass drum
soundsfrom high-hatsounds

Themainpeakof theBH (subjectto someheuristics)
is selectedasthe tempoof the beatboxing signalor the
drumloop that is processed.This automaticallydetected
tempoinformation is usedin Musescapefor live brows-
ing of drum loopsanddancemusicasdescribedin sec-
tion 5. In addition,severalfeaturescharacterizingtheBH
canbe computedandusedfor subsequentanalysissuch
assimilarity retrieval andclassi£cation.TheBH features
describedin [18] areutilized in thispaper.

In additionto calculatingtheBH, eachsubbandof the
DWT can be processedseparatelyto identify the tracks
of individual drum sounds.Figure 6 shows threewave-
forms displaysof a audiodrum loop. The top waveform
is the original signal. The secondwaveform containsa
low frequency subbandof thewaveletdecompositionand
thethird waveformcontainsa high frequency subband.It
easytosee(andhear)thatthelow frequency bandcontains
mostlythebassdrumsoundsandthehigh frequency band
containsmostly the high-hatsounds.The advantagesof
usingthesubbandapproachfor detectingthedrumtracks
include:handlingof soundoverlap(a high-hatsoundthat
is playedat thesametime asthebassdrumsoundis still
identi£ed)andthatno classi£cationmodelbasedon spe-
ci£csoundsis utilized.

Oneobviousquestioniswhetherasimilarwaveletanal-
ysiscouldbeappliedto theBeatBoxingsignals.Indeedit
canbeusedbut themainreasonwechoosenot to dosois
that the wavelet analysisapproachis morecomputation-
ally intensive anddoesn't give any betterresultsthanthe
individual soundidenti£cationmethod.In a similar fash-
ion to thequery-by-hummingapproach,theprocessingof
the query hasto be fast but the targets(in this casethe
drum loops)canbe preprocessedbeforehand.Therefore
queryprocessingtime is an importantconcernbut target
processingtime is notasimportant.

3.3. Structural Representations- Matching

Oncethe vocal percussionsignalsand drum loops have
beenanalyzedthenwe would like to developmethodsfor
content-basedsimilarity retrieval andclassi£cation.In or-
der to experimentwith variousalgorithmsthe following
threetaskswerechosen:1) retrieval usingasqueryadrum
loopatadifferenttempofrom theonecontainedin thetar-
getdatabase,2) retrieval usingasquerya vocal rendition
of a particulardrum loop from a target databaseof au-
dio drumloops,and3) classi£cationof drumloopsinto 4
styles(describedin section 4).

Our £rst attemptin that direction was using features
computedusingthe BH representationproposedin [18].
Although,thisapproachworksfor musicretrieval andmu-
sicalgenreclassi£cation,theresultswerenot particularly
goodfor our task. We believe this is dueto the fact that
drum loop classi£cationrequiresmoredetailedinforma-
tion thantheBHs provide. BHs aregoodat telling apart
HipHop from Rock musicbut don't containthe detailed
information requiredto identify or classify a particular
drumpattern.Someresultsof styleclassi£cationof drum
loopsusingfeaturesbasedontheBH arepresentedin sec-
tion 4. The resultsaresigni£cantlybetterthanrandom
but thereis roomfor improvement.

Anotherapproachthathasbeenproposedin thelitera-
ture[7] is theuseof dynamicprogrammingto time-align
trajectoriesof featurevectorsto detectsimilar drum pat-
terns.Our initial experimentswith thisapproachwerenot
encouraging.We believe themainreasonis thatthespec-
tral characteristicsof vocalpercussionsoundsareverydif-
ferentfrom thecharacteristicsof actualdrumloopsounds.
In addition,thisapproachsuffersfromthedrawbackof not
directlyhandlingtheoverlapof percussive sounds.

We are currently exploring the separateextraction of
featureson eachbandfor classi£cationandsimilarity re-
trieval. Preliminaryresultsareencouragingbut afull scale
evaluationhasn't yetbeenconducted.

4. EXPERIMENTS

4.1. Data collection

ForBeatBoxingvocalhit identi£cation,atotalof 75sound-
£leswererecordedby two different“beatboxers”: 25 vo-
cal bassdrums,25 vocal snaredrumsand25 vocal high
hats. For retrieval experiments,we createda databaseof
200 sound£lesof four genresof dancemusic, typically
playedby DJ's: Drum & Bass(DnB), House,Rhythm &
Blues(RnB), andReggae(Dub). Thesesound£leswere
obtainedusingpre-recordedloopsfrom Dr. Rex DrumSe-
quencerin Reason3 . Eachof the 100 loopschosenfor
theexperimentshasadefaulttempoatwhichit isnormally
played.For eachof thefour genre's, 25 samplesof loops
at thedefault tempowererecorded,aswell as25 samples
of a time stretchedor shrunkversionat 120 BPM to use
for tempo-invariantrecognitionanalysis.These£leswere
alsorecordedat44100Hz.

3 http://www.propellerheads.se (March2004)



zcr spc spr lpc mfcc
VocalBassDrum 100 100 92 100 88
VocalSnareDrum 100 96 92 100 88
VocalHigh Hat 92 88 96 88 92
Overall 97.3 94.7 93.3 96 89.3

Table 1. Percentagesof classi£cationaccuracy for Beat-
Boxingsounds(zcr= ZeroCrossing,spc,r= SpectralCen-
troid,Rolloff)

Furthermore,two professionalBeatBoxers performed
12 selectedbeats(3 for eachgenre). Two versionsfor
eachbeatwere recorded:(1) listeningwith headphones
to the correspondingDr. Rex loop at default tempoand
recordingthe performance,and(2) performinga memo-
rizedbeatwithoutany metronome.

All thevoicerecordingswererecordedusinganAKG
C1000microphoneinto aProtoolsDIGI 002sequencerat
a samplingrateof 44100Hz. All £leswerenormalized
beforeanalysisandexperimentation.

4.2. Classi£cation

Table 1 showssomerepresentativeclassi£cationpercent-
ageaccuracy resultsfor theidenti£cationof individualvo-
calBeatBoxingsounds.Theseresultsarecalculatedusing
backpropagation Arti£cial NeuralNetwork (ANN) using
leave-one-outcross-validation. The best single dimen-
sionalfeaturewasnumberof ZeroCrossings(zcr) andthe
bestmulti-dimensionalfeaturesetweretheLinearPredic-
tion Coef£cients(lpc). Thefact thata singlefeatureis so
goodatdiscriminatingthesesoundsenablesef£cientreal-
timeimplementationfor theapplicationsdescribedin sec-
tion 5. We alsoexperimentedwith a varietyof otherfea-
turesandparametersbut the resultsarenot signi£cantly
different.

Oneof the commonways to test the effectivenessof
a featuresetfor describingmusicalcontentis style/genre
classi£cationexperiments.Although,ultimatelyour goal
is to have a featurerepresentationthat is usefulfor drum
loop retrieval, evaluatingsucha featureset directly re-
quiresextensive userstudiesto obtain relevancevalues.
On theotherhandgroundtruth for styleclassi£cation(al-
thoughfuzzyevenfor humans)canbeobtainedeasily. To
makesurethattheresultsarebasedonbeatpatternsrather
thantempoinformationall thedrumloopsweregenerated
at 120 beats-per-minute(bpm). Although this constraint
probablyunderestimatesthe true classi£cationaccuracy
astempoinformationcanbeanimportantcue,wewanted
to make surethe resultswerepurely basedon the drum
patterncharacteristics.

Table 2 shows the classi£cationaccuracy percentage
for styleidenti£cationusingdrumloopsatthesametempo.
Four styleswereconsidered:Dub, Drum & Bass,House,
andRhythm& Blues. Thefollowing classi£erswerecom-
pared:a Naive Bayesclassi£er(BAYES),abackpropaga-
tion Arti£cial NeuralNetwork (ANN), a SupportVector

RND BAYES ANN SMO NN HUM
4st 25 44 49 55 44 70
3st 33 65 71 71 65 -

Table 2. Percentagesof style classi£cationaccuracy
for drum loops(Dub, Drum & Bass,House,Rhythm &
Blues),st is styles

DUB DNB HSE RNB
DUB 21 2 2 0
DNB 3 20 0 2
HSE 7 5 13 0
RNB 8 14 2 1

Table3. Confusionmatrix for SMOclassi£er

Machine(SMO) anda nearestneighborclassi£er(NN).
More detailsabouttheseclassi£erscanbe found in [19,
20]. All the resultswerecalculatedusing10-fold cross-
validationto ensurethattheaccuracy is not in¤uencedby
any particularpartitioningof thelabeleddatainto training
andtesting.

In order to put theseresultsinto context an informal
userstudyonstyleclassi£cationwasconducted.Two sub-
jectslistenedto randomlychosendrum loopsandhadto
identify the style. Both subjectsweremusically trained
andonehadmoreexperiencewith dancemusicanddrum
loops. Both subjectsachieved 70% classi£cationaccu-
racy. As canbeseentheautomaticresultsaresigni£cantly
betterthanrandomclassi£cationbut still fall shortof the
humanclassi£cationsothereis roomfor improvement.

It wasobserved that mosterrorsfor both humanand
computerwere relatedto Rhythm& Bluesdrum loops.
This canalsobeobserved in theconfusionmatrix shown
on Table 3. Thediagonalof theconfusionmatrix shows
thecorrectstyle identi£cation.For examplethe interpre-
tation of the £rst row is that 21 out of 25 Dub (DUB)
drum loops were correctly classi£ed,2 were misclassi-
£edasDrum & Bass(DNB) and2 weremisclassi£edas
House(HSE). Thereforeon Table 2 we also show the
resultsof removing Rhythm& Blues(RNB) drum loops
from the dataset(3st). Both the automaticand informal
userstudyresultsweredoneusingdrumloopsat thesame
tempo(120BPM).

Tempoinformationturnsout to bean importantprob-
lem in theclassi£cationof drumloops.On theonehand,
analysisalgorithmshave to be tempo invariant, on the
otherhandthe main identifying characteristicof certain
stylesis their differencein averagetempo. For example,
Dub drum loopsarebelow 100 bpm whereasDnb loops
arefaster(140-150bpm). We believe thataddressingthis
tradeoff is critical but we haven't yet founda satisfactory
way do so. In order to have tempoinvarianceand also
includetempoinformationtheonly way we have tried is
to includethetempoin thefeatureset.Unfortunatelythis
approachdoesn't work aswell aswewould like.



Anotherproblemthatthedesignerof audioanalysisal-
gorithmsfor BeatBoxinganddrumloopshasto dealwith
is the dif£culty of evaluation. For example in order to
evaluateBeatBoxingtranscriptionor drum loop analysis
extensive userannotationsneedto beprovidedasground
truth. In somecasestheseannotationscanbe extremely
time consumingandthereforeit is fasterandmoreuseful
to just usetheearfor qualitative evaluations.In this work
we choosea combinationof both approaches:whenever
it waspossiblewe conductedexperimentsandgenerated
numbersbut in many casesextensive parametertuning
and investigation of different featureswas doneexperi-
mentallyandsubjectively.

5. IMPLEMENT ATION-APPLICA TIONS

A largevarietyof greatsoftwaretoolswereusedfor this
work. The featureextractionandclassi£cationwereper-
formedusingMarsyas 4 a free software framework for
audioanalysisaswell asMatlab. The Audacity 5 audio
editor wasalsoused. For someof the classi£cationex-
perimentsthe Weka [20] machinelearningtoolbox was
utilized.

In addition,two prototypeapplicationsweredeveloped
todemonstratethepotentialof Query-by-BeatBoxing.The
BionicBeatBoxingVoiceProcessoris thefront-endto record-
ing andanalyzingvocalpercussion.Theanalyzedsignal
canthenbeusedto initialize Musescapewhich is a direct
soni£cationtool for browsingmusic.

5.1. Bionic BeatBoxingVoiceProcessor

The Bionic BeatboxVoice Processor(BBVP) is a cus-
tombuilt GUI interfacein MATLAB (shown in Figure 7)
whichallowsauserto BeatBoxinto amicrophoneanduse
the interfaceto transformthe voiced beatinto a profes-
sionalhigh quality drum loop usingexisting prerecorded
audio samples. The voiced beat is parsedinto individ-
ual vocalhits andcomparedto a user-speci£ctrainingset
of data.Eachvocalburst is classi£edandtheappropriate
realdrumsoundis transplantedinto theloop. Theuserhas
theability to mapany vocalsoundto any WAV £le sam-
ple which enablesa varietyof creative possibilities.This
waywecanalternatebetweenBeatBoxinganddrumloops
easily. In addition,the interfacecanbe usedto evaluate
the performanceof differentfeaturesfor classi£cationin
aqualitative ratherthanquantitative way.

When'record' is clicked,thesoftwarestartsacquiring
theaudioinput from thesoundcard.Thesamplingrateof
thedataacquisitionis £xedat 44100Hz. To helptheuser
stayin tempo,aclick trackcanbegenerated.

The 'ProcessBeat' button trigger the transformation
of the voice input into a real drum loop. First the time-
domainsignalsareanalyzedto£ndthestartandendpoints
of eachindividual beatboxsoundburst. Thesepointsare
usedlater to determinewhereto placethedrumsamples.

4 http://marsyas.sourceforge.net
5 http://audacity.sourceforge.net

Figure 7. Bionic BeatBoxVoice ProcessorMatlab GUI
interface

Thesound£le is de-noisedandthresholdingis usedto lo-
catethe voice bursts. The thresholdcanbe adjustedus-
ing the “Sensitivity” slider to accommodatedifferences
in backgroundnoise and magnitudeof the BeatBoxing
sounds.

Oncethebeatis parsedinto bursts,a classi£cational-
gorithmis usedin orderto identify eachtypeof vocalhit.
A back-propagationneuralnetworkbasedonaZeroCross-
ingsfeatureis used.Thechoiceof this featurewasbased
on theexperimentsdescribedin section 4. Usingasingle
featureallows quick resultsfor this real time application.
The usermust “train” the neuralnet with 4 soundsfor
eachtypeof vocalhit. Eachsoundmustbeperformed£ve
times,creatingthenecessarytrainingdata. After thevo-
cal hits areidenti£ed,appropriatemappingscanbemade
basedon selectedsound£lescontainingindividual drum
samples.

After thebeatis processed,andtheappropriateidenti-
£edbeatsaremappedaccordingly, thenew enhancedbeat
is readyto beplayed.Theuserhasa dry/wetmix option
to heartheprocessedloop. If theslider is all theway dry
whenthe'Play' buttonis pressed,only theoriginalvoiced
beatboxwill be heard. If the slider is all the way wet,
only the transformedbeatwill be played. The playback
canalsobe in£nitely loopedwith the ' loop' button. The
analyzedinformation (tempo, features,individual drum
sounds)canbesavedfor laterusewith otherapplications,
suchas MuseScapeand the transformedquery with the
“real” drumsoundscanbesavedasanew audio£le.



Figure 8. Musescapedrumloopbrowser

5.2. Musescape

Musescapeis a direct soni£cationinterfacefor browsing
largecollectionsof music. In mostexisting retrieval soft-
ware the users£rst adjustthe parametersof their query,
thenclick a “Submit” buttonanda playlist of relevantre-
sultsis returned.In contrast,themain ideain Musescape
is to provide continuousauralfeedbackthat corresponds
directly to theactionsof theuser(directsoni£cation).For
example,whenthe usersetsthe tempoto 120 beats-per-
minute(bpm)andselectstheDubstylethereis immediate
feedbackaboutwhat thesevaluesrepresentby hearinga
correspondingdrumloop. Soundis alwaysplayingandno
“Submit/Search”buttonis used.Figure 8 showsascreen-
shotof Musescapeusedfor the browsing of drum loops
and BeatBoxingloops. A mixing slider can be usedto
cross-fadebetweendifferentloopsin a similar fashionto
a DJ mixing console.The usercanrecorda BeatBoxing
loop usingtheBionic BeatBoxingVoiceProcessorwhich
is subsequentlyanalyzedfor tempoandstyleinformation
asdescribedabove. The extractedtempo/styleinforma-
tion is thenutilized to initialize Musescapeto a particu-
lar region of thedrumloop collection. More information
aboutMusescapeandanmusicbrowsingevaluationuser
studycanbe found in [21]. A positionpaperarguing for
the useof alternative interfacesto the typical Query-by-
Exampleparadigmfor MIR is [22].

6. DISCUSSION

In this paper, thedesignanddevelopmentof a Query-by-
BeatBoxingsystemwaspresented.More speci£callywe
describetechniquesfor solving the following subtasks:
vocal percussionsoundidenti£cation,drum loop analy-
sisandstyleclassi£cation.Experimentalresultsshowing
thepotentialof theproposedalgorithmsareprovided. In
addition,two userinterfacesfor experimentationandpro-
totyping weredeveloped. The Bionic BeatBoxingVoice
Processoris usedto analyzevocalpercussionsignalsand
mapthemto audiodrum soundsin orderto createdrum
loops. It can also be usedas a front-endto Musescape
whichis adirectsoni£cationaudiobrowsingenvironment.
We believe our work, demonstratesthegreatpotentialof
usingrhythm andin particularBeatBoxingfor music in-
formationretrieval.

DJs area particularlygood target usergroupas they
arevery knowledgeableaboutmusicandareinterestedin
the useof new technologies.In someways,even before
this work, they areprimeexamplesof musicinformation
retrieval users.In ouropinion,researchin musicinforma-
tion retrieval hasuntil recentlyemphasizedmelodicand
timbralaspects.Wehopethatthispaperwill inspiremore
work in exploring rhythmasa retrieval mechanism.

Therearenumerousdirectionsfor futureresearch.One
directionis collectingmoredatafrom multiple BeatBox-
ers performingmorethanthe4 styleswe explored. Such
a studywould aid in validatingour existing results.User
studiesof DJsusingthesystemin live performancesitua-
tionsareplannedfor the future. The initial responseof a
few DJswehave shown thesystemhasbeenpositive.

Webelieve thatsimilar techniquescanbeusedfor beat
retrieval of Indianmusic,especiallytablatheka's (cycles)
[9] andwe areplanningto explorethatdirection. In gen-
eral, theuseof MIR techniquesin live performanceis of
particularinterest. The developmentof domainspeci£c
query methodsand retrieval systemsis anothergoal for
the future of MIR which until now hasmainly concen-
tratedonwesternart andpopularmusic.

Oneof themostunexploredandchallengingaspectsof
thiswork is thesimilarity of beatpatternsby humans.Al-
thoughwe have someintuitive understandingof thepro-
cess,moredetailedexperimentationwith humansubjects
is required. The tradeoff of using tempoinformationor
not is a typical examplewereour knowledgeof how hu-
manperceptionworksis incomplete.Musescapeis a per-
fect tool to collect relevanceand similarity information
just by logginguserinteractionswith thesystem.For ex-
ampleit is easyto explorehow long subjectsremembera
particularrhythmandwhich rhythmsaresimilar.

Anotherimportantdirectionis the explorationfeature
extractionbasedon eachseperatesubbandof thewavelet
analysis. We believe that high level structuralrepresen-
tationsof rhythm patternsareessentialfor this taskand
thereis a lot of futurework to bedonein this area.There
is alargelegacy in rhythmanalysisandrepresentationsfor
theanalysisof symbolicdata[23] whichwewould like to
connectwith automaticaudioanalysismethodsuchasthe
onesdescribedin thispaper.

Wehope,thatonedayMIR techniqueswill beasindis-
pensableto DJsasrecordsandturntablesaretoday.
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