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ABSTRACT
OpticalMusic Recognitionis theprocessof convertinga graphical
representationof music(suchassheetmusic) into a symbolicfor-
mat (for example,a format that is understoodby musicsoftware).
Musicnotationis rich in structuralinformation,andtherelativepo-
sitions of objectscan often help to identify them. When objects
areunidentifiedor mis-identified,many currentsystems“coerce”
the setof objectsinto somesemanticrepresentation,for example
by modifying the detecteddurations. This could causecorrectly
identifiedsymbolsto bemodified. Theknowledgethat thecurrent
setof identifiedsymbolscannotbe semanticallyparsedcould in-
steadbe usedto re-examinesomeof the symbolsbeforedeciding
whetheror not the classificationis correct. This paperdescribes
work in progressinvolving theuseof feedbackbetweenthevarious
phasesof theopticalmusicrecognitionprocesstoautomaticallycor-
rectmistakes,suchassymbolicclassificationerrorsor mis-detected
staff systems.

1. INTRODUCTION
OpticalMusic Recognition(OMR) is of greatimportanceto music
informationretrieval — thereis anenormousamountof musicthat
is currentlyonly availablein printedform. Theprocessis typically
split intodistinctphases,suchasstaff locationand/orpre-processing,
object locationandidentification,andmusicalsemanticsanalysis.
The work describedin this paperis a continuationof the work by
Bainbridgeon extensibleopticalmusicrecognition[1]. Theresult
of that work, the CANTOR system,is highly customisable,using
configurablecomponentssuchas patterndescriptions,grammars,
andsetsof rulesto recognisestaff-basedmusicnotation,including
commonmusicnotationandplainsongnotation.

Until recently, most of the work in OMR involved making each
stageof thefeed-forwardsystemasrobustaspossible,allowing for
mistakesby previousstages.FujinagaandDroettboom[2] describe
asystemwith twodistinctsubsystems:aglyphrecognitionstageand
a semanticinterpretationstage.SealesandRajasekar[3] describea
rule-basedsystemusingfeedbackto do furtherprocessingon note-
headsandstemsthat cannotbesemanticallyjoined. Baumann[4]
usesanattributedgraphgrammarto performprimitiveassemblyand
semanticsanalysis.He mentionsproblemsdueto thequalityof the
primitive recognition,andsuggeststhepossiblebenefitof feedback
from thegrammarto thesymbolrecognitionphase.Stückelburgand
Doermann[5] describetheuseof stochasticmethodsfor findingthe
semanticsthatbestdescribestheinput image.

By using feedback,additional context can be usedto determine
how to automaticallycorrecterrors,ratherthantrying to arbitrarily
modify an invalid semanticstructurethat wascreatedby 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 thesystemunderdevelopment,thecoordinatingprocesshasno
knowledgeat all aboutmusic(eithersemanticsor primitives). Its
taskis to determinetheorderof executionof thespecialistmodules,
andhandlerequestsgeneratedby them. Figure1 shows how the
flow of executionis no longera static,linear path. No partof the
systemassumesthatarequestwill beaccepted.If thecoordinatoris
setto rejectall requests,thesystemrunsin atypical “feed-forward”
manner. Most of thefeedbackis expectedto befrom theassembly
andsemanticsstagesto thepatternrecognitionstage,althoughthe
semanticsstagewill alsosendfeedbackto theassemblystage.For
example,thepatternrecognitionstagecouldbetold thataparticular
objectis incorrectlyclassified,andbegivena list of possibletypes
thatwould make sensesemanticallybasedon thenearbyidentified
objects.

2. PATTERN RECOGNITION
The patternrecognitionmoduleis the main recipientof feedback
when the currentset of identifiedobjectscannotbe perfectly ex-
plainedby thesemanticrulesets.

Possiblemethodsfor this moduleto take accountof any new infor-
mationinclude:

� Storingmorethanonepossibleclassification(andamatching
certaintyrating) for eachgraphicalobject. This meanslater
stagescould try differentarrangementsof objectsbasedon
theseclassifications.The “best” arrangementcould beused
to increasethecertaintyfor a particularclassificationof this
object.

� Looseningrestrictionsoncertainpatterns.For example,if we
candeterminethatanobjectcouldbeanaccidental(for exam-
ple,asharpor flat) basedon theobjectsaroundit, thesystem
might lower thetoleranceson thepatternsfor accidentals.

� Trying alternatepatterns. We shouldbe able to have a se-
riesof patternsthatdescribea trebleclef (basedon different
publishers’fonts,for example),which areeithermanuallyor
automatically(or randomly)given an order to test in. This
couldbedoneby keepinga historyof which is themostsuc-
cessfulpattern,or opticallyrecognisingthepublisher’sname.

� Usingadifferentmethodologyfor recognition,suchasaneu-
ral network or Fujinaga’s adaptive system.
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3. FLEXIBILITY OF DESIGN
Themodulardesignmakesit easierto addfunctionality to thesys-
tem. An exampleis thatamoduledesignedto correctsegmentation
errorswaseasilycreatedin isolation,without majormodifications
to theothermodules.Theonly modificationsrequiredwere:

� thecoordinatorhadto includethenew module,andexecuteit
aftertheprimitive identificationmodules;and

� the primitive identificationmoduleandthe new modulehad
to agreeon the nameof the requestusedto call the former
again,to processany changesmadeby thenew module.

Figure 2: Broken Objects as a Result of Staff Processing

Figure 2 shows the start of the first staff from “Promenade”by
Mussorgsky, aftertheStaff Processingmodulehasremovedthestaff
lines. This processcanfragmentobjects— bassclefsandflatsare
particularlyproneto thisasthey containthin segmentsthatcoincide
with staff lines. In this figure, the threefragmentsof thebassclef
andthetwo fragmentsof thetop-mostflat arenot identifiedwith the
default setof patterndescriptions.Thenew Segmentationspecialist
joinsthenearbyobjectstogetherintoconglomerateobjectsandsends
a requestto the Primitive Identificationspecialistto processany
newly createdobjects. This resultsin both objectsbeingcorrectly
identified.

Anotheradvantageof thedesignis thatthecurrentprimitiverecogni-
tion stagecouldbeeasilyreplacedor augmentedby anotherpattern
recognitionschemeas mentionedpreviously, such as Fujinaga’s
adaptive recognition.

4. CURRENT PROTOTYPE
Symbolicclassificationisachievedbycreatingphysicaldescriptions
of primitives. This allows arbitrarynotationsto be recognised—
as a proof-of-concept,descriptionfiles were written to recognise
chesspiecesfrom a computer-generatedchessdiagram,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 staff processing
moduleto doublechecksystemsif skew is detected,or to usemore
expensive algorithmsif nostaff systemswerefound. At thetimeof
writing, theprototypeonlyhadbasicsemanticssupportfor common
musicnotation.Feedbackfrom thesemanticsmodulewasnot suc-
cessfullyusedby theprimitive identificationstageto modify object
classifications.Theonly musicalfile formatcurrentlysupportedfor
outputis theGUIDO file format,althoughfiles in PostScriptformat
canbeproducedto show theinternalstateof thelattice.

5. DISCUSSION AND FUTURE WORK
As previouslymentioned,thecoordinatingmoduledoesnotcontain
any informationaboutmusic structureor graphicalobjects. This
designensuresthat thesystemwill not be limited to any particular
musicnotation.Insightmayalsobegainedinto theapplicabilityof

thesetechniquesto non-musicalrecognitiondomains.Oneproblem
facingresearchersin recognitiondomainsishow torepresent seman-
tic information.No rulesetis ableto completelydescribesomething
asill-definedascommonmusicnotation,ascomposersoftenbreak
with conventionwhereconvenient[6]. An importantpartof OMRis
text recognition,althoughexperimentationwith freeopticalcharac-
terrecognitionsystemshasshown mixedresults.However, because
so much information on a musical scoreis text — for example,
performancenotes,documentmetadata,andinstrumentnames— a
text recognitionmodulemustbeconsidered.

A goodoverview of diagramanalysisin generalis givenby Blostein
etal.[7]. Of particularrelevanceisdiscussionof blackboardsystems
andcontextual feedback.Differentcoordinatingstrategieswill be
developedandevaluated— factorssuchasoverallaccuracy, level of
userinterventionrequired,andprocessorandmemoryresourcesare
of interest.However, asnotedby Bainbridge,comparisonsbetween
differentrecognitionsystemsareproblematicdueto bothdiffering
representationsor formatsusedby thesystemsandthedifficulty in
determiningrelative ‘correctness’of recognisedscores.

Futureversionsof thesystemmighthavetwo or morepatternrecog-
nition modules,andusecoordinatingstrategiesthattake advantage
of this. For example,a voting mechanismcouldbeusedto classify
objects,or the coordinatorcould randomlychoosewhich module
to usefirst, or preferencecould be given to the modulethat has
historicallymadethe leastdetectedclassificationerrors. Otherco-
ordinatingstrategies includeblackboardsystemsandframe-based
systems.
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