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ABSTRACT

Optical Music Recognitionis the procesf convertinga graphical
representatioof music(suchassheetmusic)into a symbolicfor-
mat (for example,a formatthatis understoody music software).
Music notationis rich in structuralinformation,andtherelative po-
sitions of objectscan often help to identify them. When objects
are unidentifiedor mis-identified,mary currentsystems‘coerce”
the setof objectsinto somesemanticrepresentationfor example
by modifying the detecteddurations. This could causecorrectly
identifiedsymbolsto be modified. The knowledgethatthe current
setof identified symbolscannotbe semanticallyparsedcould in-
steadbe usedto re-examinesomeof the symbolsbeforedeciding
whetheror not the classificationis correct. This paperdescribes
work in progressnvolving the useof feedbackbetweerthevarious
phase®f theopticalmusicrecognitionprocesdo automaticallycor
rectmistales,suchassymbolicclassificatiorerrorsor mis-detected
staf systems.

1. INTRODUCTION

Optical Music Recognition(OMR) is of greatimportanceto music
informationretrieval — thereis anenormousamountof musicthat

is currentlyonly availablein printedform. The processs typically

splitintodistinctphasessuchasstaf locationand/ompre-processing
objectlocationandidentification,and musicalsemanticanalysis.
The work describedn this paperis a continuationof the work by

Bainbridgeon extensibleoptical musicrecognition[1]. Theresult
of thatwork, the CANTOR system.,is highly customisableusing

configurablecomponentsuchas patterndescriptions grammars,
andsetsof rulesto recognisestaf-basedmusicnotation,including

commonmusicnotationandplainsongnotation.

Until recently most of the work in OMR involved making each
stageof thefeed-forvard systemasrobustaspossible allowing for
mistalesby previous stages FujinagaandDroettboon{2] describe
asystenmwith two distinctsubsystemsaglyphrecognitiorstageand
asemantidnterpretatiorstage.SealeandRajasekaf3] describea
rule-basedystemusingfeedbacko do further processingn note-
headsand stemsthat cannotbe semanticallyjoined. Baumann4]
usesanattributedgraphgrammato performprimitiveassemblyand
semanticanalysis.He mentiongproblemsdueto the quality of the
primitive recognition,andsuggestshe possiblebenefitof feedback
fromthegrammairo thesymbolrecognitionphase Stiickelburg and
Doermanr5] describeheuseof stochastienethodgor findingthe
semanticghatbestdescribesheinputimage.

By using feedback,additional context can be usedto determine
how to automaticallycorrecterrors,ratherthantrying to arbitrarily
modify aninvalid semanticstructurethat was createdby a single
pass. For example,a commontactic for dealingwith barswith an
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Figure 1: Framework showing sample ‘specialist’” modules

incorrectduration(relative to the time signature)is to insertrests.
In the systemunderdevelopment,the coordinatingprocesshasno

knowledgeat all aboutmusic (either semanticor primitives). Its

taskis to determineheorderof executionof thespecialistnodules,
and handlerequestgyeneratedy them. Figure 1 shavs how the

flow of executionis no longera static, linear path. No partof the

systemassumethatarequestvill beaccepted!f thecoordinatoiis

setto rejectall requeststhe systenrunsin atypical “feed-forward”

manner Most of the feedbackis expectecdto be from the assembly
andsemanticstagedo the patternrecognitionstage althoughthe

semanticstagewill alsosendfeedbacko theassemblystage.For

example thepatternrecognitionstagecouldbetold thata particular
objectis incorrectlyclassifiedandbe givenalist of possibletypes
thatwould make sensesemanticallybasedon the nearbyidentified

objects.

2. PATTERN RECOGNITION

The patternrecognitionmoduleis the main recipientof feedback
whenthe currentset of identified objectscannotbe perfectly ex-
plainedby the semanticulesets.

Possiblemethoddor this moduleto take accountof ary new infor-
mationinclude:

e Storingmorethanonepossibleclassification(anda matching
certaintyrating) for eachgraphicalobject. This meandater
stagescould try differentarrangementsf objectsbasedon
theseclassifications.The “best” arrangementould be used
to increasethe certaintyfor a particularclassificatiorof this
object.

e Looseningestrictionson certainpatterns.For example,if we
candeterminghatanobjectcouldbeanaccidenta(for exam-
ple, asharpor flat) basedn the objectsaroundit, the system
mightlower thetolerance®n the patterndor accidentals.

e Trying alternatepatterns. We shouldbe ableto have a se-
ries of patternghatdescribea trebleclef (basedon different
publishers’fonts, for example),which areeithermanuallyor
automatically(or randomly)given an orderto testin. This
couldbedoneby keepinga history of whichis the mostsuc-
cessfulpattern or optically recognisinghe publishers name.

e Usingadifferentmethodologyfor recognition suchasaneu-
ral network or Fujinagas adaptve system.
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3. FLEXIBILITY OF DESIGN
Themodulardesignmalesit easierto addfunctionality to the sys-
tem. An exampleis thatamoduledesignedo correctsegmentation
errorswas easily createdn isolation, without major modifications
to theothermodules.The only modificationsrequiredwere:

e thecoordinatotadto includethenev module,andexecuteit
afterthe primitive identificationmodules;and

e the primitive identificationmoduleandthe nev modulehad
to agreeon the nameof the requestusedto call the former
again,to processary changesnadeby thenew module.

Figure 2: Broken Objectsasa Result of Staff Processing

Figure 2 shaws the start of the first staf from “Promenade’by

Mussogsky, aftertheStaf Processingnodulehasremovedthestaf

lines. This procescanfragmentobjects— bassclefsandflatsare
particularlyproneto this asthey containthin segmentghatcoincide
with staf lines. In this figure, the threefragmentsof the bassclef

andthetwo fragmentsf thetop-mosfflat arenotidentifiedwith the
default setof patterndescriptions Thenen Segmentatiorspecialist
joinsthenearbyobjectdogetheinto corglomeratebjedsandserds

a requestto the Primitive Identification specialistto processary

newly createdobjects. This resultsin both objectsbeingcorrectly
identified.

Anotheradvantageof thedesignis thatthecurrentprimitiverecogni-
tion stagecouldbe easilyreplacedr augmentedy anothempattern
recognitionschemeas mentionedpreviously, such as Fujinagas
adaptve recognition.

4. CURRENT PROTOTYPE
Symbolicclassifications achiezedby creatingohysicaldescriptions
of primitives. This allows arbitrary notationsto be recognised—
as a proof-of-concept descriptionfiles were written to recognise
chesspiecesfrom a computergeneratecchessdiagram,although
no semanticruleswerewritten to describethe layout of the chess
board. The prototype(at the time of writing) madelimited useof
feedback. For example,feedbackis usedby the staf processing
moduleto doublechecksystemsf skew is detectedpr to usemore
expensve algorithmsif no staf systemsverefound. At thetime of
writing, theprototypeonly hadbasicsemanticsupportfor common
musicnotation. FeedbacKrom the semanticsnodulewasnot suc-
cessfullyusedby the primitive identificationstageto modify object
classificationsTheonly musicalfile formatcurrentlysupportedor
outputis the GUIDO file format,althoughfilesin PostScripformat
canbeproducedo shav theinternalstateof thelattice.

5. DISCUSSION AND FUTURE WORK

As previously mentionedthecoordinatingnoduledoesnotcontain
ary information aboutmusic structureor graphicalobjects. This
designensureghatthe systemwill notbe limited to ary particular
musicnotation.Insightmayalsobe gainedinto the applicability of

thesetechniqueso non-musicalecognitiondomains.Oneproblem
facingresearchelig recognitiordomaings how torepresehseman-
tic information. No rulesets ableto completelydescribesomething
asill-definedascommonmusicnotation,ascomposersftenbreak
with corventionwhereconvenient{6]. Animportantpartof OMR s
text recognition althoughexperimentatiorwith freeopticalcharac-
terrecognitionsystemsasshovn mixedresults.However, because
so much information on a musical scoreis text — for example,
performancenotes,documenimetadataandinstrumenihames— a
text recognitionmodulemustbe considered.

A goodoverview of diagramanalysidn generals givenby Blostein
etal.[7]. Of particularelevancesdiscussiomf blacklpbardsystems
and contetual feedback. Differentcoordinatingstrateieswill be
developedandevaluated— factorssuchasoverallaccurag, level of
userinterventionrequired andprocessoandmemoryresourcesire
of interest.However, asnotedby Bainbridge comparisondetween
differentrecognitionsystemsareproblematicdueto both differing
representationsr formatsusedby the systemsandthe difficulty in
determiningrelative ‘correctnessbf recognisedcores.

Futureversionsf thesystenmighthave two or morepatterrrecog-
nition modules andusecoordinatingstrat@iesthattake advantage
of this. For example,avoting mechanisntould be usedto classify
objects,or the coordinatorcould randomlychoosewhich module
to usefirst, or preferencecould be given to the modulethat has
historically madethe leastdetectedtlassificatiorerrors. Otherco-
ordinatingstratgyies include blackboardsystemsand frame-based
systems.
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