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ABSTRACT

Thispaperreportsonour �rst experimentsin usingthe
featureextractiontoolsof theMPEG-7internationalstan-
dardfor multimediacontentdescriptionon a novel prob-
lem, the automaticidenti�cation and analysisof score-
basedperformancefeaturesin audio recordingsof mu-
sic. Our testmaterialconsistsof recordingsof two pieces
of 17th- and 18th-centurylute music in which our aim
is to recogniseand isolateperformancefeaturessuchas
trills and chord-spreadings.Using the audio tools from
the MPEG-7 standardfacilitatesinteroperabilityand al-
lowsusto sharebothscoreandaudiometadata.As well as
usinglow-level audioMIR techniqueswithin thisMPEG-
7 context, the work haspotential importanceas an 'or-
namentation�lter' for MIR systems.It may alsoform a
usefulcomponentin methodsfor instrumentalperformer
identi�cation.

1. INTRODUCTION

A perennialchallengein Music InformationRetrieval is
the reconciliationof the audioandsymbolicdomainsof
musicrepresentation,[4]. While it canbearguedthatau-
dio representseverythingthatmostaudiencesmight rea-
sonablybe expectedto perceive abouta pieceof music,
it lackssigni�cant informationthatis explicitly presentin
a symbolicrepresentation.The taskof recovering infor-
mationlike formal andharmonicstructure,voice-leading
andeven note-detailfrom any but the simplestof audio
texturesis still the subjectof muchresearchactivity. [1,
2, 8, 9, 11, 12,13, 14, 15, 18, 19].

Oneway in which scoreandaudiorepresentationsof
a pieceof musicdiffer is in thematterof thoselow-level
performancegesturesthataregenerallyclassedunderthe
headingof 'ornamentation'.We usethe termheresome-
what broadly to includeall 'extra' noteevents;this em-
bracessomeclassesof thetemporalredistributionof notes,
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in particularthe spreadingof chordswhich arebasically
notatedasasingleeventorasetof simultaneously-starting
notesbut areperformedasa successionof discretenote
onsets.

Scoresusuallyindicateornamentsby the useof sym-
bols from a quite extensive lexicon of signswhich has
accumulatedandevolved over several centuries,[10]. A
standardsubsetof at most a few dozenis more-or-less
universallyacceptedin today'sCommonMusicNotation,
andeachhasa roughly standardconventionalinterpreta-
tion.

Intermediaterepresentationssuchas MIDI �les may,
or maynot, include'realisations'of theseornamentsigns;
they may be separatedfrom the 'score'notesin the �le,
or they might simply be includedin thegeneral'mix' of
notes.Ornamentrealisationsin MIDI �les might be his-
torically appropriateto themusicor merelyfancifulor in-
stinctive, just asthosein audiorecordingsmight be.

Oftenornamentationgesturesareaddedto musiceven
whenthey arenot prescribedexplicitly in a score. This
is truefor genresotherthanclassicalinstrumentalmusic;
for example,opera,jazz,blues,soulandall kindsof pop-
ular andtraditionalmusichave their own lexica of orna-
mentswhich canbeaddedspontaneously, evenwhende-
vicessuchastempodeviationarenotused,[22, 16].

We would like to automatetheprocessof recognising
performancegesturesdirectly from audiofor variousrea-
sons.Firstly, theanalysisof performanceonaudiorecord-
ingsis rapidlygaininggroundasanimportantareaof mu-
sicologicalresearch,bearingstronglyas it doeson how
peopleunderstandand 'feel' music; see[5]. Most re-
searchin this �eld hasto operateat thebroad-brushlevel
of tempo-deviation comparisons,or by manualexamina-
tion of spectographicimages;see[6]; seealso[20]. As
faraswe cansee,very little if any work hasbeendoneon
tools thatcanlocate,identify andmeasuredetailedorna-
mentalgestureswithin an audiorecording.Secondly, an
audioperformanceof a pieceof musicwith ornamenta-
tion naturallycontainssigni�cantly more'notes' thanthe
scorerepresentation;for MIR or analysistechniquesthat
dependon matchingscoreandaudio,this stronglyraises
thechancesof falseorconfusedmatches.An 'ornamentation-
�lter' might prove to be a usefulpre-processingtool for
MIR systems.Thirdly, afurtherinterestingMIR challenge



is whetherit is possibleto usetheoutputof anornament-
recognitiontool to aid in the problemof identifying in-
strumentalperformersdirectly from audiowheretimbral
featuresaremore-or-lessinvariantbetweenplayers(such
asin pianoor organrecordings,for example).

This paperreportsour �rst stepsin developingorna-
mentdetectionandrecognitionapplicationsusingMPEG-
7 featureextractiontools.At thisearlystagewehavecon-
centratedonaspecialisedrepertorythatcruciallydepends
on ornamentationfor its effect, 18th-centurylute music.
Themusicinvolvedis a very smallpartof a considerable
repertoryof lute musicbeingacquiredandstudiedin the
ECOLM corpus-building project,fundedby theUK Arts
andHumanitiesResearchBoard,[7]. Thoughaudiodoes
not form partof thescopeof thatproject,it mayprovide
uswith suitablymarked-upencodingswhichrepresentthe
scoresdown to asuf�cient level of detail.

TwocontrastingpiecesbySilviusLeopoldWeiss(1687-
1750)wereexaminedfor thispaper, eachof themexisting
in commercialrecordings.

The �rst is his best-known work, the 'Tombeaupour
le ComtedeLogy' (1721). A Tombeauis a doleful work
whichcommemoratesthedeathof afamousperson,some-
what in the mannerof a musicalfuneraloration, in this
caseCount Jan Antonin Losy (or Logy) (c1650-1721),
saidto bethe�nest aristocraticlute playerof his age.Its
marking is 'Adagio' and it is taken very slowly indeed
by eachof our players. At the openingof the pieceis a
seriesof repeatedchordsmarkedto bespreadratherthan
playedin asinglestroke. Thesecondpieceis aPassacaille
in D major. This is composedon a falling groundbass,
which is repeated12 timesandover which thecomposer
weavesavariedtextureof chordalandmelodicvariations.
Chord-spreadingdoesnot form an explicit featureof the
notationof this piece. Both piecescontainperformance
markingssuchas trills or appoggiaturas(the samesign
is usedfor both), left-handslursand(at thebeginningof
theTombeauonly) explicit chord-spreading.However, in
fact,all performancescontainexamplesof chordsthatare
spreaddespitenotbeingexplicitly somarkedin thescore.
SeeFigure1 andFigure3 for tablatureandscoresof the
openingphrasesof theseworks.

For bothpieces,we preparedspecialMIDI �les of the
scores;thesecontain,aswell asthesoundingnotesindi-
catedin the tablature,theornamentandchord-spreading
signsrepresentedas Meta Text events. This provided a
symbolic referencepoint to which the recordedperfor-
mancescanberelated.

For the Tombeauwe looked at threecommercialCD
recordingsplayedon typical baroquelutesof theperiod.
In the caseof the Passacaille,we were able to use� ve
recordingsin all, two on baroquelute andthreeon other
instruments:modernclassicalguitar, pianoandlute-harp-
sichord. The lute- harpsichordwas a gut-strungharpsi-
chord speci�cally designedto imitate the soundof the
lute;JSBach,a friendof SL Weiss,is saidto havetakena
specialinterestin theinstrument'sdevelopment.

2. APPROACH

Ourcorpusconsistedof uncompressedcommercialrecord-
ings of performancesof the two above-mentionedworks
by SL Weiss;TombeauandPassacaille.

Theworksarepolyphonicandwerewrittenfor the18th-
century13-coursebaroquelute, an instrumentplayedin
similarfashionto theguitar, but with aseriesof diatonically-
tunedbassstringsextendinganoctave below thesix nor-
mal playing strings. All but the two highest-sounding
strings are arrangedin pairs (known as 'courses'); the
eightlowest-pitchedcourses(A1-A2) aretunedin octaves.

Eachpiececonsistsof multiple sectionsthat may be
optionally repeatedby the performer. Therewere three
lute performancesof eachpieceby differentperformers;
therewerealsofurtherperformancesof thePassacaillein
arrangementsfor anotherthreeinstruments:modernclas-
sicalguitar, modernpianoandlute-harpsichord(an18th-
centuryhybridgut-strungharpsichordspeci�cally designed
for keyboardplayersto imitatethelute).

The scoresin which the musichascomedown to us
arewritten in thespecialform of notationknown astabla-
ture, which, aswell as the notesto be played,indicates
certainother performancefeaturesby meansof special
signsat the appropriatepoint. Justaswith harpsichord,
organor pianomusic,mostof theseornamentalmarkings
involve theadditionof noteswhich areextra to themain
notes. In thesecasesthe ornamentsignscanbe thought
of asa short-handto instructtheperformerto insertaddi-
tional notesfrom a notepattern'codebook'. Othercases,
suchaschord-spreadingor vibrato signsinvolve the ap-
plication of proceduresto the notes,rather than adding
notepatterns.This codebookvariessigni�cantly between
periods,composers,performers,instrumentsandmusical
styles. Thus, we have in generallittle prior knowledge
abouthow a given ornamentwill be performed.Even if
concreterulesfor a givenperiodarederivedfrom histori-
calsources,thesesourcestendto disagreein detail,andin
any casethereis noguaranteethataperformerwould feel
obligedto follow any particularsetof rulesconsistently.
Furthermore,evenwhenfollowingprescribedrules,aper-
formerhastheliberty to addornamentationevenwhennot
explicitly notatedin thescore.

Wethereforechoseto limit ourinvestigationsto asmall
subsetof thepossibleperformanceoptionsopento aplayer.
Theseall involve the occurrenceof note-eventsextra to
thosenotatedin the score(or MIDI �le). In the caseof
appoggiaturas,trills, mordents,turns,etc.,theextra notes
tendtobemanifestedasveryshorteventsclusteredaround
thepoint wherethe 'main' noteis expectedto be. In the
caseof chord-spreading,the chord (a single multi-note
eventin thescore)actuallyis performedasa sequenceof
note-onsets(eachgeneratinga sustainedtone) clustered
aroundthe point wherethe chord might be expectedto
soundif it werea singleevent. Thespreadingof chords,
especiallyin slow music, is crucial in suggestingmetri-
cal or harmonicstressandexpressive intent; for this rea-
son it is often very preciselynotatedin 19th-centurypi-



anomusic,yet onealwaysexpectsa performerto spread
all chordsto someextent (indeedit is almosttechnically
impossiblenot to doso).

2.1. OrnamentClassi�er Construction

2.1.1. MPEG-7Standard Features

We usedstandardisedfeaturesfrom theMPEG-7Interna-
tional Standardfor constructingthe ornamentclassi�er,
[23]. BothMatlabandC++referencesoftwareimplemen-
tationsareavailablefrom musicstructure.com. From the
audiolow-level descriptorframework (LLD) weusedAu-
dioSpectrumEnvelopeD,AudioSpectrumBasisDandAudioSpec-
trumProjectionD. The following spectralattributeswere
usedin all theexperiments:

Attribute Value
loEdge 62.5Hz
hiEdge 8000Hz
resolution 8 bandsperoctave
sampleRate 44100Hz
windowLength 30ms
window Hamming
hop 10ms
FFT Length 2048

Table 1. MPEG-7spectralparametersusedfor ornament
detection.

AudioSpectrumEnvelopeDwascalculatedby transfor-
mationof a Short-TimeFourierTransform(STFT)Power
Spectrum:

X = jF T j2N
2 +1 T (1)

The linear transformmatrix, T , partitions the STFT
valuesinto 1

8 th octave logarithmically-spacedfrequency
bandsin the range62:5 � 8000H z suchthat the sumof
powersin eachspectralbandis preservedundertransfor-
mation. In practice,the low-frequency resolutionof the
resultinglog frequency spectrumis dependentuponcare-
ful multi-resolutionimplementationof the linear trans-
form, detaileddiscussionof which is outsidethe scope
of this paper.

The primary featureusedwas AudioSpectrumProjec-
tionDandwascalculatedbyconvertingAudioSpectrumEn-
velopeDto a decibelscaleand applyinga decorrelating
lineartransformmatrix,V , consistingof K cepstralbasis
functions. In MPEG-7, the decorrelatingbasisis called
AudioSpectrumBasisD:

Y = 10log10 (X ) V (2)

Equations1 and 2 describea featurethat is similar
to the widely-usedMel-frequency CepstralCoef�cients
(MFCC) feature. If we chooseT to be the linear-to-Mel
frequency mapandV to bethediscretecosinetransform
(DCT) thenAudioSpectrumProjectionDwill beequivalent
to MFCC. Most MFCC-basedstudiesuse the �rst few

cepstrumcoef�cients,K � 20, which relateto wide-band
spectralfeaturessuchasformants.

It is ourview thatthisfeaturerankingdisregardsnarrow-
band pitch-basedinformation in the spectrumwhich is
containedin thehigherordercoef�cients. To admit sen-
sitivity to pitch content,a large number, K > 20, of
MFCC coef�cients would needto beused.This is disad-
vantageousbecausehigherdimensionalfeaturesperform
poorly in classi�cation tasks. This negative propertyof
largerfeaturevectorsis known asthecurseof dimension-
ality in machinelearningand patternrecognitionlitera-
ture,[24].

To achieveabalancebetweenfeaturecompactnessand
sensitivity, MPEG-7usesSVD or ICA analysisof thecep-
stralfeaturespace,[25] [26]. ThusAudioSpectrumBasisD
andthecorrespondingAudioSpectrumProjectionDcoef�-
cientswerederivedusingtheSVD:

[Y ; S; V ] = SVD(10log10 (XT )) ; (3)

andthe resultingbasisfunctions,V , andcoef�cients,
Y , were truncatedto 20 dimensionsyielding optimally
compactcepstralfeatures.

2.1.2. HiddenMarkov Models

Our approachmodelsneitherthe instrumentnor the per-
fomerexplicitly. Instead,ahiddenMarkov model(HMM)
of eachperformancewas inferred from the AudioSpec-
trumProjectionDdatausingBayesianinference.Models
were initialised using a fully connected40-statemodel
andmodel parameterswere inferredusingmaximuma-
posteriori(MAP) estimation,modeltrimmingandparam-
eterextinctionto forcelow-probabilityparameterstoward
zero,[29].

Given an HMM, the Viterbi algorithm estimatesthe
optimal statesequencef � ig

N�
i=1 2 f 1; 2; � � � ; Sg, for an

HMM with S states.TheHMM effectively quantizesthe
AudioSpectrumProjectionDfeaturevectorsto a 1d time
seriesof integers.This techniqueis consistentwith other
discrete-quantizationapproachesto audio-basedmusicin-
formationretrieval, [27][25], andformsapartof theMPEG-
7 internationalstandardunderthedescriptorsSoundMod-
elDSandSoundModelStatePathD.

Figures2 and 4 illustrate piano rolls of the statese-
quencesobtainedby theViterbi algorithmusedwith each
performance's HMM. The ornamentgroundtruth judge-
ments,providedby expert listeners,arealsoindicatedby
boxedregions.Comparisonwith thescoresillustratesthat
steady-statesectionsof audio are expressedas repeated
statesanddynamicspectralbehaviours,suchasnoteon-
setsandornaments,arecharacterisedby the statetransi-
tions.

2.1.3. HMM StateTransitionCount(STC)

It is our hypothesisthat HMM statetransitionsoccurat
higherratesduringornamentsthanduringnon-ornamented
segmentsof an audio signal. To test this hypothsiswe



constructedan audio-basedornamentclassi�er usingthe
HMM statetransitioncount(STC)calculatedoveramov-
ing �x ed-lengthwindow.

To detecttransitionswe locatedthenon-zero�rst dif-
ferencesof theHMM statesequence.Statetransitionlo-
cationswerede�ned asthesamplepointswherechanges
in stateoccurred.Thestatetransitionindicatorfunctionof
the HMM statesequence,I (� i), marked statetransition
positionswith a1 andsteady-statepositionswith a 0:

I (� i) =
�

1 if j� i � � i� 1j > 0
0 otherwise:

Wedividedthestatetransitionindicatorarrayintoover-
lapping �x ed-lengthwindowed subsequences.The win-
dow durationwasvaried from 100msto 1000mswith a
hopof 10ms. The sumof theelementsin thewindowed
segmentsprovidedamovingstatetransitioncountf � tg

N�
t=1 .

Thestate-transitioncountwassmoothedwith a hamming
window whichwasalsovariedbetween100msand1000ms.

Thelocal maximaof windowedtransitioncountswere
locatedat the positive-to-negative zero crossingsin the
�rst-order differencefunction � t � � t� 1. Figure2 and
Figure4 illustratesthetransitioncountsin relationtoorna-
mentgroundtruthsfor aperformanceof boththeTombeau
andthePassacaille.

Figure 1. (upper)tablaturenotation(lower) scoretran-
scriptionof Tombeau.
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Figure 2. (upper) state piano roll (lower) ornament
groundtruthandstatetransitioncountsfor a performance
of Tombeau.

Figure 3. (upper)tablaturenotation(lower) scoretran-
scriptionof Passacaille.

Heindel Performance:  State Occupancy

S
ta

te
 In

de
x

0 100 200 300 400 500 600 700 800 900 1000

5

10

15

20

25

0 100 200 300 400 500 600 700 800 900 1000

1

2

3

4

5

6

Time (1/100s)

T
ra

ns
iti

on
 C

ou
nt

Windowed Transition Counts (0.35s)

local maxima
positions ornament

extent (ground truth) 

Figure 4. (upper) state piano roll (lower) ornament
groundtruth andstatetransitioncountsfor aperformance
of thePassacaille.

2.1.4. RankingandEvaluation

To testthetransitioncounthypothesisweevaluatedits ef-
fectivenessin a numberof binaryornamentclassi�cation
experiments.Thetime locationsof transitioncountmax-
ima, � 2 f M g � f 1 : : : Nαg, wererankedandsortedby
descreasingtransitioncountsuchthat� µi � � µi +1 .

To evaluatethe performanceof the binary ornament
classi�er we measuredthe precisionand recall of orna-
mentswith respectto a groundtruth set, f 
 jgN


j=1 , pro-
vided by an expert listenerfor eachperformance.Max-
ima locationsandornamentlocationswereconsideredin-
tersectingif thelocationof themaximaoccurredbetween
thestartandendpoint (inclusive)of anornamentground-
truth judgement.

Precisionwas de�ned as the numberof intersections
betweeneachcandidatelist of maximalocationsandthe
groundtruth ornamentlocationsnormalisedby thelength
of thecandidatelist:

PL =
f � ig

µL
i= µ1

T
f 
 jgN


j=1

L
; L = f 1:::jf M gjg: (4)

Recall was de�ned in a similar manner, but the nor-
malisationtermwasthe total numberof ground-truthor-
namentlocations:



RL =
f � ig

µL
i= µ1

T
f 
 jgN


j=1

jN 
 j
; L = f 1::NMg: (5)

Classi�erswereconstructedover the parameterspace
of transitioncountandsmoothingwindow lengths,each
taking valuesin the range100msto 1000ms. To deter-
mine theperformanceof a classi�er with parametersWc

andWs, the lengthof thecountingwindow andsmooth-
ing window respectively, the precisionand recall were
calculatedfor multiple performancesagainsteachperfor-
mance'sground-truthjudgements.Following standardIR
practice,the recall valueswere interpolatedto standard-
ised recall levels of 10%, 20%, ..., and the precisionat
eachstandardisedrecalllevel wasaveragedacrossthetest
groupof performances.Themeanof precisionandrecall
at thebreak-evenpoint wasusedasa rankingof theclas-
si�er' s performance.The highestperformingparameters
overeachgroupof testperformancesarereportedbelow.

3. RESULTS

3.1. Tombeau

In thefollowing experiments,thewindow lengthsWc and
Ws werevariedin therange100ms-1000msfor eachtest
group. In the �rst experiment,theclassi�ersweretested
onthreeluteperformancesof theopeningof theTombeau.
This sequencecontained10 chordspreadsandtwo slurs
with minor differencesin the numberof ornamentsbe-
tweenperformances.The resultsfor thebestperforming
classi�er, scoredaccordingto thebreak-evencriterion,are
show in Figure5 andTable2. Theoptimalparametersfor
this testgroupwerea transitioncountwindow lengthof
400msanda smoothingwindow of 900msperformingat
a precisionof 77%at a standardisedrecallrateof 80%:
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Figure 5. Precision-recallcurvesfor threeperformances
of Tombeauon lutesonly. Thebreak-evenpoint is at77%
meanprecisionata recallrateof 80%.

Recall 0.100 0.200 0.300 0.400 0.500
Precision 1.000 1.000 1.000 0.900 0.833

1.000 0.913 0.713 0.705 0.750
1.000 0.950 0.830 0.827 0.857

Mean 1.000 0.954 0.848 0.810 0.813

Recall 0.600 0.700 0.800 0.900 1.000
Precision 0.804 0.778 0.764 0.721 0.669

0.737 0.725 0.678 0.000 0.000
0.878 0.893 0.862 0.000 0.000

Mean 0.806 0.799 0.768 0.240 0.223

Table 2. Summaryof precision-recallresultsfor experi-
ment1 for threeperformancesof theTombeau.

3.2. Passacaille

The secondexperimenttestedclassi�er performanceon
threeperformancesof theopeningphrasesof thePassacaille,
two on lutesandoneon lute-harpsichord.A largernum-
ber of ornamentswith more varied expressionoccured
in theseperformancesthanfor the Tombeauexperiment.
Ornamentsincludedvibrato,slurs,trills, mordents,chord
spreads,andappoggiaturas.The numberof groundtruth
ornamentswere13,19and20respectively for eachof the
performancesthusgiving a total relevantsetof 52 targets.

Thebestperformingclassi�er in this experimentcon-
sistedof window parametersWc = 350ms and Ws =
500ms. The precisionwas68% at a recall rateof 70%,
seeFigure6 andTable3.
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Figure 6. Precision-recallcurvesfor threeperformances
of the Passacaille. The break-even point is 68% mean
precisionat 70%recall.

The third experimentconsistedof a more varied set
of performancesthan the second;threelutes, lute harp-
sichordandmodernacousticguitar. 84 groundtruth or-
namentswereidenti�ed astargetsin thisexperiment.The
parametersfor thebestperformingclassi�er wereWc =
300ms and Ws = 500ms. The meanprecisionat the



Recall 0.100 0.200 0.300 0.400 0.500
Precision 0.950 0.783 0.795 0.838 0.866

1.000 0.815 0.850 0.750 0.760
0.600 0.747 0.626 0.561 0.593

Mean 0.850 0.782 0.757 0.716 0.740

Recall 0.600 0.700 0.800 0.900 1.000
Precision 0.851 0.750 0.722 0.667 0.000

0.791 0.758 0.725 0.000 0.000
0.576 0.535 0.529 0.000 0.000

Mean 0.739 0.681 0.659 0.222 0.000

Table 3. Summaryof resultsof ornamentclassi�cation
for three lute and lute-harpsichordperformancesof the
Passacaille.

break-evenpointwas60% atarecallrateof 60%,seeFig-
ure7 andTable4.
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Figure 7. Precision-recallcurves for � ve performances
of thePassacailletestedon a rangeof instruments;three
lutes,guitar andlute-harpsichord.The break-even point
was60%meanprecisionat60%recall.

3.3. Discussion

Our resultsindicate that the bestperforming classi�ers
performatareasonableprecision-recallrateandtherefore
somehwat supportour hypothesisthat windowed HMM
statetransitioncountsareanestimatorof ornamentedre-
gions in audiorecordingsof solo polyphonicinstrument
performances.Theperformancedoes,however, appearto
diminishwith theadditionof morevariedornamentation
and instrumentation.This will impact the scalability of
theclassi�ersto signi�cantly largercorpora.

For amorescalableclassi�er, the�x edwindow param-
eterisationappliedoverall performancesis too restrictive
sofurtherwork will becarriedout to evaluatewindow pa-
rametersthatadaptto eachperformance.For example,the
statetransitioncountfeatureis insensitiveto thesurround-

Recall 0.100 0.200 0.300 0.400 0.500
Precision 0.950 0.783 0.795 0.838 0.866

0.833 0.578 0.419 0.438 0.471
0.833 0.604 0.551 0.470 0.412
1.000 0.815 0.850 0.789 0.760
0.600 0.727 0.549 0.552 0.571

Mean 0.843 0.701 0.633 0.617 0.616
Recall 0.600 0.700 0.800 0.900 1.000
Precision 0.819 0.720 0.722 0.629 0.000

0.476 0.000 0.000 0.000 0.000
0.410 0.000 0.000 0.000 0.000
0.791 0.679 0.000 0.000 0.000
0.506 0.455 0.446 0.000 0.000

Mean 0.600 0.371 0.234 0.126 0.000

Table 4. Summaryof resultsof ornamentclassi�cation
for � ve performancesof the Passacailleon lutes,guitar
andlute-harpsichord.

ing context; in a performancewith many short-duration
notesin thenotatedscore,ornamentsmight not beeasily
discriminatedfrom the highly active background.In the
futurewewill exploretherelationshipbetweentheheights
andthewidthsof theSTCpeaksthusseekingto adaptto
themeandensityof non-ornamentalonsetsin eachperfor-
mance.

4. CONCLUSIONS

WedevelopedanHMM-basedornamentclassi�er thatau-
tomaticallylocatesornamentsin audiorecordingsandeval-
uatedperformanceagainsthuman-judgedground truths
for a setof recordings.We hypothesisedthat windowed
HMM statetransitioncountscould be usedfor labelling
regionsof audiocorrespondingto ornamentsandprovided
someexperimentalevidenceto supportthis claim.

Theutility of themethodspresentedhereinwill beex-
ploredin furtherwork, includingclassi�cationof individ-
ual ornamentspeciesandornament'�ltering' for audio-
basedinformationretrieval usingscore-basedqueries.
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