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ABSTRACT P

BeatBoxings atypeof vocalpercussiomwheremusicians
usetheir lips, cheeksandthroatto createdifferentbeats.
It is commonlyusedby hiphopandrapartists.In this pa-
per, we explore the useof BeatBoxingasa querymecha-
nismfor musicinformationretrieval andmorespecifcally
the retrieval of drumloops. A classifcatiorsystemthat
automaticallyidentifegheindividual beatboxingsounds
andcanmapthemto correspondingirumsoundshasbeen
developed. In addition, the tempoof BeatBoxingis au-
tomatically detectedand usedto dynamically brovse a
databasef music. We alsodescribesomeexperimentdn

extracting structuralrepresentationsf rhythm and their
usefor styleclassi£catiorof drumloops.

1. INTRODUCTION

Discjockey (DJ) mixing, which £rstemepgedin the early
19505 in Jamaicajs oneof the earliestexamplesof mu-
sicinformationretrieval (MIR), wherea DJ retrievespre-
recordedmusicfrom a setof recordsbasedon the mood
andatmospheref a night club andaudienceenepy. Tra-
ditionally, aDJusesasetof turntablesn conjunctiorwith
amixerto £lter appropriatamusicfor themoment.In this
paper we presentew tools for the modernDJ, enabling
themto retrieve musicwith amicrophoneby BeatBoxing

BeatBoxingis a type of vocal percussionwheremu-
siciansusetheir lips, cheeksandthroatto creatediffer-
entbeats.It originatedasan urbanartform. The hip-hop
culture of the early 1980’ could seldomafford beatma-
chines samplerspr soundsynthesizerswithoutmachine
suppliedbeatsto rap over, a nev drumwascreated the
mouth.Generallythe musicianis imitating the soundof a
realdrumsetor otherpercussionnstrumentput thereare
no limits to the actualsoundsthat canbe producedwith
their mouth. As shown in Figure 1, the musicianoften
covers his mouthwith onehandto createlouder deeper
sounds A wide variety of soundscanbe createdwith this
techniqueenablingindividual BeatBoxes to have differ-
entrepertoiref sounds.
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Figure 1. BeatBoxing

Most of existing work in MIR haseitherconcentrated
on melodicandpitch informationin symbolicMIR or fo-
cusedon timbral informationin the caseof audio MIR.
Rhythmic information, althoughan important aspectof
music,is frequentlyneglected.n this paperwe focuson
theretrieval andbrowsing of electronicdancemusicsuch
asDrum & Bass House Rhythm & Bluesetc. We believe
thesemusicalstylesprovide uniquechallengesindoppor
tunities becauseheir rhythmic characteristicare more
importantthantheir melodicandtimbral aspects.In ad-
dition, the proposedtechniquesand applicationscan be
usedby experiencedretrieval usersthat are eagerto try
new technologiesnamelyDJs. Furthermorewe wantour
developedMIR systemgo be usedin active live perfor
mancefor mixing and browsing in additionto the tradi-
tional query/searcimodel.

Basedontheseobsenations themaingoalof thiswork
is to explorethe useof BeatBoxingasa querymechanism
for bothretrieval andbrowsing. The paperis organizedas
follows: In section 2 we briery describeexisting digital
toolsfor theDJ andrelatedwork in MIR. In section 3 we
describehow theindividual BeatBoxingsoundsanbeau-
tomaticallyidentifed our methodof tempoextractionand
exploretheuseof structuredbeatrepresentationfor style
classifcationln section 4 datacollectionandvariousex-
perimentsin classifcatiorandretrieval aredescribed.In
section 5 the implementatiorof the algorithmsandtwo
novel userinterfacesfor browsing music and processing
BeatBoxingsoundsare described. Finally, in section 6
we discussconclusionsgchallengesanddirectionsfor fu-
tureresearch.



2. RELATED WORK

Researchn building novel digital systemsfor DJ's is a
growing area.Thereareanumberof commerciaproducts
suchasFinal Scratch! by Stanton,which is a turntable
controllerthatusesspecialrecordso sendpositionsensor
datato the computer Tracktor? by Native Instrumentss
apowerful softwarethatincludesgraphicawaveformdis-
plays, temporecognition,automaticsynronization real-
time time stretchingandtencuepointsfor live mixing of
MP3, WAV, AIFF, andaudioCD formats.

Academicresearcton building toolsfor the DJ is also
becomingmore commonplace.AudioRad [1] and Block
Jam [2] areboth performanceools for controlling play-
backof musicon samplebasedsequencersMixxx [3] is
softwareusedbothin realisticperformancesettingandas
ameando studyDJ interfaceinteraction.

Anotherimportantareaof inauencds automatiahythm
analysis. Initial work in this areasuchas[4, 5] concen-
tratedon the extraction of tempobut more recentwork
haslookedinto extractingmoredetailedinformation.The
classi£catiorof ballroomdancemusicbasedon rhythmic
featuress exploredin [6]. Theextractionandsimilarity of
rhythmic patternsndependentlyf theactualsoundaused
to producethemis exploredin [7] usinga DynamicPro-
grammingapproach. The classi£catiorof differentper
cussve soundsusingthe ZeroCrossingrateis described
in [8]. Theideaof usingthevoiceasa querymechanism
is exploredin the differentcontext of Indiantablamusic
in [9]. Finally, ourapproactio Query-by-Beat-Boxingl-
thoughbasedon rhythm ratherthanmelodicinformation
sharesomesimilaritieswith query-by-hummingystems
suchas[10, 11].

Ontheapplicationside,animportantinauencehasbeen
theideaof amusicbrowsingspacewnherethevisualinfor-
mationis correlatedwith music similarity andrelations.
Examplesncludethe explorationof musiccollectionsby
usingvisualrepresentationsf Self-OiganizingMaps[12],
using a fastversionof multidimensionalscaling(MDS)
calledFastMap in [13] andthe useof directsoni£cation
in the SonicBrowser[14].

3. AUDIO ANALYSIS AND CLASSIFICATION

The £rst stepin Query-by-BeatBoxings to identify the
individual vocal percussiorsounds. This stageroughly
corresponddgo the pitch detection-sgmentationstagein
Query-by-Humming.Audio drumloopsaresigni£cantly
differentfor vocalBeatBoxindoopsandthereforerequire
differentanalysismethods Becauseur goalis to beable
to retrieve from databasesf drum loops, we needto be
ableto corvertaudiodrumloopsinto somerepresentation
thatcanbeusedfor similarity matchingoetweenhosedif-
ferenttypesof signals.

L http:/iwww.finalscratch.com
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Figure 2. Graphsshaving time andfrequeng domainof
vocalbassdrum,snaredrumandhigh hat

3.1. BeatBoxingsoundidenti£cation

Most commonly BeatBoxingtechniquesinclude sounds
which imitate a real drumsetsuch as bassdrum, snare
drum, and high-hat. However, advancedvocal percus-
sionhasno limits to the soundghatcanbe producedjn-
cluding noisessuchas simulatedturntablescratchesand
humming-alonghe beat. In our experimentsthreegen-
eral typesof of beatboxing soundswere analyzedand
classifedThe£rstis abassdrumvocalhit thatis charac-
terizedby lower frequeng comingfrom the chestof the
performer The secondis a snaredrum vocal hit thatis
createdby the quick passof air throughthe teeth. The
third is a high-hatvocal hit, which is characterizedy a
'S' sibilancesound createdy thetonguearchingupward
to the roof of the mouth. Figure 2 shawvs graphsof the
time andfrequeng domainplotsfor thesethreetypesof
vocalhits.

Oneimportantobsenationis thatthe spectralanddy-
namiccharacteristicef thevocaldrumsoundsarenot di-
rectly similar to the correspondingeal drum soundsso
an audiofeatureextractionand classi£catiorstageis re-
quiredto identify the sounds. The producedvocal per
cussve soundshave shortduration(averaged.25seconds)
andthereforea singlefeaturevectoris computedfor the
durationof thesound.

For thefeatureextractionwe experimenteadvith avari-
ety of featuresetsproposedn theliterature. The follow-
ing featuresvereconsidered:

2 TimeDomainfeaturesZeroCrossingsRoot-Mean-
Squarrecenegy (RMS)andRampTime

2 SpectralDomain features: Centroid, Rolloff, and
Flux

2 Mel-Frequeng CepstralCoeEcients(MFCC) [15]

2 LinearPredictve Coetcients(LPC)[16]
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Figure 3. Scattemplotsfor featureanalysisshaving three
clustergbasg(star),snare(circle), high hat(rectangle)

2 Wavelet-basedeaturesMeansandstandardievia-
tionsof waveletcoeEcientsin eachsubband17]

An analysisof the classi£catiorability of eachfeature
setwasperformedoy trainingmachindearningclassifers
aswell as examining scatterplots of the corresponding
data. The bestsingle dimensionalfeatureswere Zero-
Crossing SpectralCentroidandRolloff. LPCandMFCC
coekcientsperformedbetterthanthe wavelet-basedea-
tures.Figure 3 shavstwo-dimensionatcatteiplotsof the
two highestprincipalcomponent®f the LPC andMFCC
multi-dimensionafeatures. The threeclasseof interest
are clearly separatediisually. Classi£catiorresultsare
providedin section 4.

3.2. Rhythm Analysis

Audio drum loops are signi£cantlydifferentfrom vocal
BeatBoxingsounds. Although a methodbasedon indi-
vidual percussiorsoundidenti£cationsuchasthe onede-
scribedin subsection3.1 couldalsobe utilized for audio
drumloop analysis;our initial experimentsin that direc-
tion shawvedthatthisis notthecase.

Themainreasonsre: 1) audiodrumloops,unlike vo-
cal percussiongcontaina large variety of differentsound
samples,and 2) thereis signiEcantoverlap in time be-
tweenthe individual drum sounds. Therefore,a differ-
ent approachwasfollowed in the analysisof drum loop
sounds.
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Figure 5. BeatHistogram

In orderto analyzethe drumloops,the signalis sepa-
ratedinto differentfrequeng bandsusingaDiscreteWavelet
Transform(DWT). The ervelope of eachbandis calcu-
lated using Full Wave Rectif£cation,Low PassFiltering
andNormalization.This front-endis basednthe method
for the calculationof BeatHistogramsdescribedn [18].
The BeatHistogram(BH) shaws the distribution of vari-
ousbeatperiodicitiesof the signal. For examplea piece
with tempo60 Beats-peiMinute (BPM) would exhibit BH
peaksat 60 and 120 BPM (quarterand eight notesre-
spectvely). Figure 4 shavs a schematiaiagramof the
this calculation. Figure 5 shavs a BH for a piece of
Rhythm and Blues music (notice the peaksat 96 BPM
(maintempo)and192BPM).



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

The main peakof the BH (subjectto someheuristics)
is selectedasthe tempoof the beatboxing signalor the
drum loop thatis processedThis automaticallydetected
tempoinformationis usedin Musescapédor live brows-
ing of drumloops and dancemusicasdescribedn sec-
tion 5. In addition,severalfeaturecharacterizinghe BH
canbe computedand usedfor subsequenanalysissuch
assimilarity retrieval andclassi£cation.The BH features
describedn [18] areutilized in this paper

In additionto calculatingthe BH, eachsubbandf the
DWT canbe processedeparatelyto identify the tracks
of individual drum sounds.Figure 6 shavs threewave-
formsdisplaysof a audiodrumloop. The top waveform
is the original signal. The secondwaveform containsa
low frequeng subbandf the waveletdecompositiorand
thethird waveform containsa high frequeng subbandlt
easyto see(andhear)thatthelow frequeng bandcontains
mostlythebassdrumsoundsandthe high frequeng band
containsmostly the high-hatsounds. The advantage<of
usingthe subbandapproacHor detectingthe drumtracks
include: handlingof soundoverlap(a high-hatsoundthat
is playedat the sametime asthe bassdrum soundis still
identifed)andthat no classi£catiormodelbasedon spe-
ci£c soundss utilized.

Oneobviousquestioris whetherasimilarwaveletanal-
ysiscouldbeappliedto the BeatBoxingsignals.Indeedit
canbeusedbut themainreasorwe choosenotto do sois
thatthe wavelet analysisapproachis more computation-
ally intensive anddoesnt give ary betterresultsthanthe
individual soundidenti£cationmethod.In a similar fash-
ion to thequery-by-hummingpproachthe processingf
the query hasto be fastbut the targets(in this casethe
drum loops) canbe preprocessetieforehand.Therefore
gueryprocessingime is animportantconcernbut target
processindime is notasimportant.

3.3. Structural Representations- Matching

Oncethe vocal percussiorsignalsand drum loops have
beenanalyzedhenwe would like to developmethodgor
content-basedimilarity retrieval andclassi£cationin or-
der to experimentwith variousalgorithmsthe following
threetaskswerechosen:l) retrieval usingasqueryadrum
loop atadifferenttempofrom theonecontainedn thetar
getdatabase?) retrieval usingasqueryavocalrendition
of a particulardrum loop from a target databaseof au-
dio drumloops,and3) classi£catiorof drumloopsinto 4
styles(describedn section 4).

Our £rst attemptin that direction was using features
computedusingthe BH representatioproposedn [18].
Although,thisapproactworksfor musicretrievalandmu-
sicalgenreclassi£cationthe resultswerenot particularly
goodfor our task. We believe this is dueto the factthat
drum loop classif£catiorrequiresmore detailedinforma-
tion thanthe BHs provide. BHs aregoodat telling apart
HipHop from Rock music but don't containthe detailed
information requiredto identify or classify a particular
drum pattern.Someresultsof style classi£catiorof drum
loopsusingfeaturesdasedntheBH arepresentedh sec-
tion 4. The resultsare signiEcantlybetterthanrandom
but thereis roomfor improvement.

Anotherapproachhathasbeenproposedn thelitera-
ture[7] is the useof dynamicprogrammingo time-align
trajectoriesof featurevectorsto detectsimilar drum pat-
terns.Ourinitial experimentswith this approactwerenot
encouragingWe believe the mainreasoris thatthe spec-
tral characteristicef vocalpercussiorsoundsarevery dif-
ferentfrom thecharacteristicef actualdrumloop sounds.
In addition,thisapproactsuffersfrom thedravbackof not
directly handlingthe overlapof percussie sounds.

We are currently exploring the separatesxtraction of
featureson eachbandfor classi£catiorandsimilarity re-
trieval. Preliminaryresultsareencouragindput afull scale
evaluationhasnt yet beenconducted.

4. EXPERIMENTS

4.1. Data collection

For BeatBoxing/ocalhitidentifcationatotal of 75sound-
fleswererecordedoy two different“beatboers”: 25 vo-
cal bassdrums, 25 vocal snaredrumsand 25 vocal high
hats. For retrieval experimentswe createda databasef
200 sound£lesof four genresof dancemusic, typically
playedby DJ's: Drum & Bass(DnB), House,Rhythm &
Blues(RnB), and Reggae (Dub). Thesesound£lesvere
obtainedusingpre-recordedbopsfrom Dr. Rex Drum Se-
quencerin Reason®. Eachof the 100 loops chosenfor
theexperimentdasadefaulttempoatwhichit is normally
played. For eachof thefour genres, 25 samplesf loops
atthedefaulttempowererecordedaswell as25 samples
of a time stretchedr shrunkversionat 120 BPM to use
for tempo-irvariantrecognitionanalysis.Thesefleswere
alsorecordecat44100Hz.

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



zer | spc | spr | Ipc | 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. Percentagesf classiEcatioraccuray for Beat-
Boxingsoundgzcr = ZeroCrossingspc,r= SpectralCen-
troid,Rolloff)

Furthermoretwo professionaBeatBoxes performed
12 selectedbeats(3 for eachgenre). Two versionsfor
eachbeatwere recorded: (1) listeningwith headphones
to the correspondindr. Rex loop at default tempoand
recordingthe performanceand (2) performinga memo-
rizedbeatwithoutany metronome.

All the voicerecordingswererecordedusingan AKG
C1000microphondnto a ProtoolsDIGI 002sequenceat
a samplingrate of 44100Hz. All £leswere normalized
beforeanalysisandexperimentation.

4.2. Classifcation

Table 1 shovs somerepresentatke classi£catiorpercent-
ageaccurag resultsfor theidenti£catiorof individual vo-
cal BeatBoxingsounds.Theseresultsarecalculatedusing
backpropagtion Artifcial NeuralNetwork (ANN) using
leave-one-outcross-alidation. The bestsingle dimen-
sionalfeaturewasnumberof ZeroCrossing$zcr) andthe
bestmulti-dimensionafeaturesetwerethelLinearPredic-
tion Coetcients(Ipc). Thefactthata singlefeatureis so
goodatdiscriminatingthesesoundsnablesfEcientreal-
timeimplementatiorfor theapplicationgdescribedn sec-
tion 5. We alsoexperimentedvith a variety of otherfea-
turesand parameterdut the resultsare not signi£cantly
different.

One of the commonwaysto testthe effectivenessof
afeaturesetfor describingmusicalcontentis style/genre
classi£catiorexperiments.Although, ultimately our goal
is to have a featurerepresentatiothatis usefulfor drum
loop retrieval, evaluatingsuch a featureset directly re-
guiresextensve userstudiesto obtainrelevancevalues.
Ontheotherhandgroundtruth for style classi£catior{al-
thoughfuzzy evenfor humansyanbeobtainedeasily To
male surethattheresultsarebasednbeatpatterngather
thantempoinformationall thedrumloopsweregenerated
at 120 beats-peminute (bpm). Although this constraint
probably underestimatehe true classi£cationaccurayg
astempoinformationcanbeanimportantcue,we wanted
to make surethe resultswere purely basedon the drum
patterncharacteristics.

Table 2 shows the classiEcatioraccurag percentage
for styleidenti£catiorusingdrumloopsatthesameempo.
Four styleswereconsideredDub, Drum & Bass,House
andRhythm& Blues Thefollowing classi£ersverecom-
pared:a Naive BayesclassiEe(BAYES), a backpropag-
tion ArtiEcial Neural Network (ANN), a SupportVector

RND | BAYES | ANN | SMO | NN | HUM
4st| 25 44 49 55 44 | 70
3st| 33 65 71 71 65 | -
Table 2. Percentage®f style classifcationaccurag

for drumloops (Dub, Drum & Bass,House,Rhythm &
Blues),stis 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

Table 3. Confusionmatrix for SMO classifer

Machine (SMO) and a nearesteighborclassiEer(NN).
More detailsabouttheseclassiEerscan be foundin [19,
20]. All the resultswere calculatedusing 10-fold cross-
validationto ensurehattheaccurag is notinsuencedy
ary particularpartitioningof the labeleddatainto training
andtesting.

In orderto put theseresultsinto context aninformal
userstudyonstyleclassi£cationvasconductedTwo sub-
jectslistenedto randomlychosendrumloopsandhadto
identify the style. Both subjectswere musically trained
andonehadmoreexperiencewith dancemusicanddrum
loops. Both subjectsachiered 70% classi£catioraccu-
rag/. As canbeseerntheautomatiaesultsaresigni£cantly
betterthanrandomclassi£catiorbut still fall shortof the
humanclassif£catiorsothereis roomfor improvement.

It was obsered that mosterrorsfor both humanand
computerwere relatedto Rhythm& Bluesdrum loops.
This canalsobe obsenedin the confusionmatrix shavn
on Table 3. Thediagonalof the confusionmatrix shovs
the correctstyleidenti£cation.For examplethe interpre-
tation of the £rst row is that 21 out of 25 Dub (DUB)
drum loops were correctly classifed,2 were misclassi-
fedasDrum & Bass(DNB) and2 weremisclassifeds
House(HSE). Thereforeon Table 2 we also shav the
resultsof remaving Rhythmé& Blues(RNB) drum loops
from the datasef(3st). Both the automaticandinformal
userstudyresultsweredoneusingdrumloopsatthesame
tempo(120BPM).

Tempoinformationturnsout to be animportantprob-
lemin the classi£catiorof drumloops. Onthe onehand,
analysisalgorithmshave to be tempoinvariant, on the
other handthe main identifying characteristiof certain
stylesis their differencein averagetempo. For example,
Dub drumloopsarebelov 100 bpm whereasDnb loops
arefaster(140-150bpm). We believe thataddressinghis
tradeof is critical but we haven't yet found a satisfctory
way do so. In orderto have tempoinvarianceand also
includetempoinformationthe only way we have tried is
to includethetempoin thefeatureset. Unfortunatelythis
approactdoesnt work aswell aswe would like.



Anotherproblemthatthedesigneof audioanalysisal-
gorithmsfor BeatBoxinganddrumloopshasto dealwith
is the difEculty of evaluation. For examplein orderto
evaluateBeatBoxingtranscriptionor drum loop analysis
extensve userannotationsieedto be provided asground
truth. In somecasegheseannotationanbe extremely
time consumingandthereforeit is fasterandmoreuseful
to just usethe earfor qualitative evaluations.In this work
we choosea combinationof both approacheswheneer
it waspossiblewe conductedexperimentsandgenerated
numbersbut in mary casesextensve parametertuning
and investication of different featureswas done experi-
mentallyandsubjectvely.

5. IMPLEMENT ATION-APPLICA TIONS

A large variety of greatsoftwaretools were usedfor this
work. Thefeatureextractionandclassi£catiorwereper
formed usingMarsyas* a free software framework for
audioanalysisaswell asMatlab The Audacity ° audio
editor was also used. For someof the classiEcatiorex-
perimentsthe Weka [20] machinelearningtoolbox was
utilized.

In addition,two prototypeapplicationsveredeveloped
to demonstratéhepotentialof Query-by-BeatBoxingThe

BionicBeatBoxingwiceProcessois thefront-endto record-

ing andanalyzingvocal percussion.The analyzedsignal
canthenbeusedto initialize Musescapevhichis adirect
sonifcatiortool for browsingmusic.

5.1. Bionic BeatBoxingVoice Processor

The Bionic Beatbox\ice Processor(BBVP) is a cus-
tom built GUI interfacein MATLAB (shavn in Figure 7)
whichallows auserto BeatBoxnto amicrophoneanduse
the interfaceto transformthe voiced beatinto a profes-
sionalhigh quality drumloop usingexisting prerecorded
audio samples. The voiced beatis parsedinto individ-
ual vocalhits andcomparedo a userspecif£draining set
of data. Eachvocalburstis classiEedandthe appropriate
realdrumsounds transplanteéhto theloop. Theuserhas
the ability to mapary vocal soundto ary WAV £le sam-
ple which enablesa variety of creatve possibilities. This
waywe canalternatebetweerBeatBoxinganddrumloops
easily In addition,the interfacecanbe usedto evaluate
the performanceof differentfeaturesfor classi£catiorin
a qualitative ratherthanquantitatve way.

When'record'is clicked, the softwarestartsacquiring
theaudioinput from the soundcardThe samplingrateof
the dataacquisitionis £xedat 44100Hz. To helptheuser
stayin tempo,aclick trackcanbegenerated.

The 'ProcessBeat’ button trigger the transformation
of the voice input into a real drumloop. First the time-
domainsignalsareanalyzedo £ndthestartandendpoints
of eachindividual beatboxsoundburst. Thesepointsare
usedlaterto determinewhereto placethe drumsamples.

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

Figure 7. Bionic BeatBoxVoice ProcessoMatlab GUI
interface

ThesoundEle is de-noisedandthresholdings usedto lo-
catethe voice bursts. The thresholdcanbe adjustedus-
ing the “Sensitvity” slider to accommodatelifferences
in backgroundnoise and magnitudeof the BeatBoxing
sounds.

Oncethe beatis parsednto bursts,a classiEcatioral-
gorithmis usedin orderto identify eachtype of vocalhit.
A back-propagtionneuralnetwork basednaZeroCross-
ingsfeatureis used.The choiceof this featurewasbased
ontheexperimentsdescribedn section 4. Usingasingle
featureallows quick resultsfor this realtime application.
The usermust “train” the neuralnet with 4 soundsfor
eachtypeof vocalhit. Eachsoundmustbe performedtve
times, creatingthe necessaryraining data. After the vo-
cal hits areidentifed,appropriatanappingscanbe made
basedon selectedsound£lescontainingindividual drum
samples.

After the beatis processedandthe appropriatddenti-
fedbeatsaremappedaccordinglythenew enhancedbeat
is readyto be played. The userhasa dry/wetmix option
to hearthe processedbop. If theslideris all theway dry
whenthe'Play' buttonis pressedonly theoriginal voiced
beatboxwill be heard. If the slideris 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)anbe savedfor laterusewith otherapplications,
suchas MuseScapand the transformedquery with the
“real” drumsoundscanbesaredasanew audiofle.



Figure 8. Musescaperumloop browser

5.2. Musescape

Musescapés a direct soni£cationinterfacefor browsing
large collectionsof music. In mostexisting retrieval soft-
warethe users£rst adjustthe parametersf their query
thenclick a“Submit” buttonanda playlist of relevantre-
sultsis returned.In contrastthe mainideain Musescape
is to provide continuousauralfeedbackthat corresponds
directly to theactionsof the user(directsoni£cation) For
example,whenthe usersetsthe tempoto 120 beats-per
minute(bpm)andselectghe Dub stylethereis immediate
feedbackaboutwhat thesevaluesrepresenby hearinga
correspondinglrumloop. Sounds alwaysplayingandno
“Submit/Searchbuttonis used.Figure 8 shavsascreen-
shotof Musescapeisedfor the browsing of drum loops
and BeatBoxingloops. A mixing slider can be usedto
cross-adebetweendifferentloopsin a similar fashionto
a DJ mixing console. The usercanrecorda BeatBoxing
loop usingthe Bionic BeatBoxingwoice Processomwhich
is subsequenthanalyzedor tempoandstyleinformation
asdescribedabove. The extractedtempo/styleinforma-
tion is thenutilized to initialize Musescapéo a particu-
lar region of the drumloop collection. More information
aboutMusescap@andan musicbrowsing evaluationuser
studycanbefoundin [21]. A positionpaperarguing for
the useof alternatve interfacesto the typical Query-by-
Exampleparadignmfor MIR is [22].

6. DISCUSSION

In this paper the designanddevelopmentof a Query-by-
BeatBoxingsystemwaspresented More speci£callywe
describetechniquesfor solving the following subtasks:
vocal percussiorsoundidenti£cation,drum loop analy-
sisandstyle classiEcation Experimentaresultsshaving
the potentialof the proposedalgorithmsareprovided. In
addition,two userinterfacesfor experimentatiorandpro-
totyping were developed. The Bionic BeatBoxing\Voice
Processolis usedto analyzevocal percussiorsignalsand
mapthemto audiodrum soundsin orderto createdrum
loops. It canalsobe usedas a front-endto Musescape
whichis adirectsoni£catioraudiobrowvsingervironment.
We believe our work, demonstratethe greatpotentialof
usingrhythm andin particularBeatBoxingfor musicin-
formationretrieval.

DJsare a particularly good target usergroup as they
arevery knowvledgeableaboutmusicandareinterestedn
the useof new technologies.In someways, even before
this work, they are prime examplesof musicinformation
retrieval users.In ouropinion,researchn musicinforma-
tion retrieval hasuntil recentlyemphasizednelodicand
timbral aspectsWe hopethatthis paperwill inspiremore
work in exploring rhythm asaretrieval mechanism.

Therearenumeroudlirectionsfor futureresearchOne
directionis collectingmoredatafrom multiple BeatBox-
ers performingmorethanthe 4 styleswe explored. Such
a studywould aid in validatingour existing results. User
studiesof DJsusingthe systemin live performancesitua-
tionsareplannedfor the future. Theinitial responsef a
few DJswe have shavn the systemhasbeenpositive.

We believe thatsimilartechniqueganbeusedfor beat
retrieval of Indianmusic,especiallytablathekas (cycles)
[9] andwe areplanningto explore thatdirection. In gen-
eral,the useof MIR techniquesn live performancas of
particularinterest. The developmentof domainspecifc
guery methodsand retrieval systemss anothergoal for
the future of MIR which until now hasmainly concen-
tratedon westernartandpopularmusic.

Oneof themostunexploredandchallengingaspect®f
thiswork is the similarity of beatpatternsoy humansAl-
thoughwe have someintuitive understandingf the pro-
cessmoredetailedexperimentatiorwith humansubjects
is required. The tradeof of usingtempoinformationor
notis atypical examplewere our knowledgeof how hu-
manperceptiorworksis incomplete. Musescapés a per
fect tool to collect relevanceand similarity information
just by logging userinteractionswith the system.For ex-
ampleit is easyto explorehow long subjectsemember
particularrhythm andwhich rhythmsaresimilar.

Anotherimportantdirectionis the explorationfeature
extractionbasedon eachseperatsubbandf the wavelet
analysis. We believe that high level structuralrepresen-
tationsof rhythm patternsare essentiafor this taskand
thereis alot of futurework to be donein this area.There
isalargelegag in rhythmanalysisandrepresentationfer
theanalysisof symbolicdata[23] whichwe would like to
connectwith automaticaudioanalysisnethodsuchasthe
onesdescribedn this paper

We hope thatonedayMIR techniquesvill beasindis-
pensabléo DJsasrecordsandturntablesaretoday
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