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Abstract

Much of thework on graphicsrecognitionfor rasterbasednputfocusesonaccuratendrapiddiscosery
of primitivessuchaslines,arrovheadsandcircles. Someof thework goesfurtherto discover higherlevel
objectssuchascircuit elementspie-charcomponentsandarchitecturatomponentsSomesystemsvork to
discover evenhigherlevelsof organization.This paperfocuseson graphicsrecognitionof gures in vector
basedPDFdocumentsThe rst stageconsistsof extractingthe graphicandtext primitivescorresponding
to gures. Themappingfrom PDFto the renderechagecanbe comple, soaninterpretewasconstructed
to translatethe PDF contentinto a setof self-containedjraphicsandtext objects freedfrom theintricacies
of the original PDF le. The secondstageconsistsof discovering simple graphicsentitieswhich we call
graphemesthe simplestbeinga pair of primitive graphicobjectssatisfyingcertaingeometricconstraints.
Thethird stageusesmachinelearningto classify gures usinggraphemestatisticsasdescriptve attributes.
Figurerecognitioncanthenbeaccomplishedby applyingaclassi er sotrainedto theattributesetof a gure
to berecognizedclassi ed). The systemis implementedn Java. In the studyreportedhere,a boosting-
basedearnernLogitBoostin the Wekatoolkit) wasableto achieve 100%classi cationaccurag in hold-out-
onetraining/testingusing16 graphemeypesextractedfrom 36 diagrammaticgures from BioMed Central
researctpapers. The approachcanreadily be adaptedo rastergraphicsrecognition;onceprimitivesare
found,graphemesanbeconstructedrom themandusedn thelearning-basedecognitionandclassi cation
system.

Keywords GraphicsRecognitionPDF, GraphemesyectorGraphicsMachineLearning.

1 Intr oduction

Knowledgemining from documentss advancingon mary fronts. Theseefforts arefocusedprimarily on text.
But gures (diagramsandimages)often containimportantinformationthat cannotreasonablhpe represented
by text. This is especiallythe casein the BiomedicalresearcHiteraturewhere gures and gure-relatedtext
make up a surprising50% of a typical paper We arrived atthis gure by takulating statisticsfrom papersn a
varietyof journals.Theimportanceof gures is attestedn theleadingOpenAccessBiomedicaljournal,PLoS
Biology which furnishesa “Figuresview” for eachpaper

Thefocusof this paperis on gures which arediagramsyatherthanrasterimages.e.g.,photographsThis
new paperdealswith graphicrecognitionin the large, describinga systemthat begins with the electronic
versionsof papersandleadsto a classi er trainedby machinelearningmethodgshat cansuccessfullyclassify
the diagramsfrom the papers.This will thenallow knowledgebasedo be built for organizedbrowvsing and
diagramretrieval. Retrieval will normally involve relatedtext and shouldbe ableto retrieve diagramsfrom
guerieghatusediagramexamplesor system-choseexemplars.

But to apply machinelearning,we must rst specifya setof attributesthat, taken together cansuccess-
fully characterizea diagram.Algorithms mustbe designedandappliedto generateattribute statisticsfor each
diagram. This stepin turn dependsn converting the original electronicformat of the diagraminto machine-
residentobjectswith speci ed geometricparametersThe attribute statisticscanthenbe generatedrom these
objects.



Taken in orderthen, thereare three sequentiaktagesn the processing/analysishain: Extraction of the
gure-relatedgraphicdfrom papersattribute computationandmadinelearning Thethreestagesaresumma-
rizedin Section2 anddevelopedin moredetailin the sectionghatfollow it.

In online papersin PDF format, diagramsmay exist in rasteror vector format; the greatmajority in the
Biomedicalliteraturearein rasterformat. This paperfocuseson diagramsavailablein vectorformat. But
our approachis equally applicableto rasterformats. They would requirean additional preprocessingtep,
vectorizationa sometimesmperfectprocesgor deriving avectorrepresentatiofi].

Thoughmost publisheddiagramsare in rasterformat, BioMed Central (BMC), a leading Open Access
publisher has,to date,publishedabout12,000papersof which approximately40% containvectorformatted
gures. In thepreliminaryresearcheportedhere,we have useda smallsubsebf theseBMC vector gures.

It mightseenstraightforvardto extractgraphicobjectsfrom PDFs,whicharealreadyin vectorformat. This
is not the case. PDF is a page-spacegeometry-basethnguagewith variousgraphics/tet stateassignments
andshiftsthat mustbe untangled.PDF hasno logical structureat ary high level, suchasexplicitly delimited
paragraphs;aptionspr gures. Evenwhite spacan text is not explicitly representedytherthanby a position
shift beforethe next characteiis rendered.A smallnumberof studieshave attemptedo extract vectorinfor-
mationfrom PDFs,typically derving an XML representatioof the original [2]. But to proceedo thesecond
andthird stagesf our analysiswe needin-memory manipulableprogramobjects.We've choserto useJasa
for this objectrepresentation.

Thedocumenunderstandingommunityhasbeenfocusedon text. We would suggestpverly focused.For
example,Dengel[3] in akeynotedevotedto "all of thedimensions’of documenunderstandingjoesnt even
mention gures. Much of thework on graphicrecognitionfor rasterimageshasbeendevotedto vectorization
of technicaldravings and maps,with the assumptiorthat manualcleanupis often neededg.g.,in CAD ap-
plications[1, 4]. Onepieceof researcton chartrecognitionfrom rasterimagesfor barandpie charts,used
hand-crafteclgorithmsfor recognition[5]. But muchof theresearctstopsat the vectorizatiorstageanddoes
notgo onto extractstructure muchlessto apply machineearningtechniquego theresults.

For vector gures in CAD and PDF, hybrid techniqueshave beenusedwhich rasterizethe vector gures
andthenapply well-developedrasterbaseddocumentanalysisalgorithms. This settlesthe issueof whereon
the pagethe variousitems appear but the objectidentity of the itemsis lost [6, 2]. Our approachis quite
different,becauseave render(install) the objectreferencesn a spatialindex, whichis arastetlike spatialarray
of objects,typically a low resolutionarray[7, 8, 9]. This combinesthe bestof both worlds; it allows usto
ef ciently discover setsof objectsthatobey speci ed spatialconstraints.

Thereis somework on vectorbased gure extraction. A systemwasdevelopedfor case-basedeasoning,
basicallya systemthat did matchingof new diagramsto a CAD databasef onesfound earlier (ref: Yan).
Graphmatchingwasusedin which the graphshadgeometricabbjectsat the nodesandgeometriaelationson
thearcs.Theapproactwascomplicatedoy attemptgo assigndirectionsenseso line segementswhich seems
unsupportable.

For PDFs,abrief but usefuldescriptiorof PDF le structurecanbefoundin [10]. The Xed systemcorverts
PDFto XML andis describedn [2]. Thisis oneof the few paperswe could nd that shavs the resultsof
extractinggeometricstateand drawing informationfrom PDFE As we have said,sucha resultwould have to
be corvertedbackto in-memoryobjectsbeforefurther analysesould be done. We have no needfor XML in
ourwork, sinceJava objectscanbe serializedto les andvisualizedusingJava 2D. Their paperdescribedour
similar tools, only one of which, the commerciakystem SVG Imprint, appeardo generategeometricoutput;
the otherthreeproducerasteroutputfor gures or entirepagesonly.

2 Graphics RecognitionSystemfor PDF

In our approachye accomplishgraphicsrecognitionfor vector gures in PDFin thethreestagesasshavn in
Fig 1.



The rst stageconsistsof extractingthe graphicandtext primitivescorrespondingo gures. The mapping
from PDFto therenderegagecanbe comple, soaninterpretemwasconstructedo translatehe PDF content
into a setof self-containedyraphicsandtext objects,freedfrom theintricaciesof the original PDF le. Since
our focusis on vectorbased gures andtheir internaltext, heuristicsare usedto locatethis materialon each
page.Thetargetform for the extractedentitiesis Java objectsin memory(or serializedo les). Thisallowsus
to elaboratehemasnecessargndto do the processindor the next two stages.

The secondstageconsistsof discorering simple graphicsentitieswhich we call graphemesthe simplest
beinga pair of primitivessatisfyingcertaingeometricconstraint§11]. A large numberof differentgrapheme
typesare de ned in an effort to extract as muchinformation from the diagramas can be doneusingthese
"atomic” elements.Singlegraphemesnay containmary primitives. Examplesncludea setof tick markson
anaxisor a setof smalltrianglesusedasdatapoint markersin a datagraph. Suchlarge setsaredescribedas
obeying agenerlizedequivalenceelations[7, 12]. Discoveringgeometricatelationsbetweerobjectsis aided
markedly by a preprocessingtagein which primitivesarerenderedinstalled)in a spatialindex [8, 9].

Thethird stageusesmachinelearningto classify gures usinggraphemestatisticsasdescriptve attributes.
In this papermwe reporton supervisedearningstudies.Statisticsor 16 differentgraphemeypeswerecollected
for 36 diagram gures extractedfrom BioMed Centralpapers.The diagramswerepre-classi edcand usedfor
training. A boostingalgorithm, LogitBoostfrom the Wekatoolkit [13], was usedfor multi-classlearning.
LogitBoostwasableto achieve 100%classi cationaccurag in hold-out-onetraining/testing.Otherlearning
algorithmswe tried achieved lessthan 100% accurag. We cant expectary machinelearningalgorithmto
achieve 100%accuray in thescaledup work we will bedoingthatwill involve tensof thousand®f diagrams,
usingamix of supervise@ndunsupervisethethods Neverthelesshepreliminaryresultis hearteninglUsinga
large collectionof atomicelementggraphemesio characterizeomplex objects(entirediagrams)s analogous
to the "bag of words” approachwhich hasbeenso successfuln text documentcateyorizationand retrieval.
Oncetrained,the learningsystemcanclassifynew diagramspresentedo it for which the graphemestatistics
have beencomputed.

Combiningextraction, graphemediscovery, and machinelearningfor diagramsis a nev approach. The
techniqueslevelopedandtheresultsachieredin this preliminarystudybodewell for thefuture.

3 Extraction of Figure-RelatedPDF Entities

3.1 Featuresof PDF Documentsand Their Graphics

A PDFdocumentis composedf a numberof pagesandtheir supportingresourcegFig. 2). Both pagesand
resourcearenumbereabjects.A PDFpagecontainsaaresourcalictionaryandatleastonecontentstream.The
resourcalictionarykeepsa list of pairsof aresourceobjectnumberandits referencename.A resourcenbject
may be font, graphicsstates.color spacegetc. Oncethe resourceobjectsarede ned, they canbereferenced
within ary pagein onePDF le with areferencename.

The contentstreamsde ne the appearancef PDF documents.They arethe mostessentiapartsof PDF
sincethey arethe partsthatutilize resourcego rendertext andgraphics,etc. A contentstreamconsistsof a
sequencef instructiondor text andgraphics.Text instructiondncludetext stateinstructionsandtext rendering
instructions. Text stateinstructionsspecifyhow andwheretext will be renderedo a page,suchaslocation,
transformmatrix, word spacetext rise,size,color, etc.

Graphicsinstructionsincludegraphicsrenderingnstructionsandgraphicsstateinstructions.Graphicsren-
deringinstructionsdrav graphicsprimitivessuchasline, rectangleandcure. Graphicsstatesncludewidth,
color, join style, paintingpattern,clipping, transformsgtc. Graphicsstatescanbe speci ed eitherin internal
graphicsstateinstructionsor in somereferencedxternalgraphicsstateobjects.PDFalsoprovidesa graphics
statestacksothatlocal graphicsstatescanbe pushedor poppedto changethe graphicsstatetemporarilyand
thenreturnto a previousstate.



'

Stage 1 Extraction of the PDF Vector entities
g and Conversion them to Self-Contained Java 2D obj¢
Y
Stage 2 Grapheme Recognition based on Spatial Analysis
Y
Stage 3 Figure Classification and Recognition

Figurel: Stagef our PDFvector gure recognitionsystem.The rst stageconsistsof extractionof the PDF vector
entitiesin the le andtheir corversionto self-containedbjects Java instancescompatiblewith Java 2D. The second
stageinvolvesthediscovery of simpleitemsin the gure, graphemegatypical onebeingtwo or threeprimitivesobeying
geometricconstraintsuchasanarrovhead,or alarge setof simply relatedobjectssuchasa setof identicallyappearing
(congruentatapointmarkers. Thethird stagéds to usethestatisticof variousgraphemefoundin a gure asacollection
of attributesfor machindearning.In the studyreportechere,we have appliedsupervisedearningto classifydiagrams.

3.2 Extraction strategies

To extractgraphics, rst we needto translatd®DF documentsnto someformatwe canmanipulatén software.

We apply the opensourcepackage Etymon PJX [14], to translateentire PDF documentdnto Java objects
correspondingo PDF objectsor instructions. Thus, for a PDF document,we get Java objectsfor pages,
resourcesfonts, graphicsstates contentstreamsgtc. GiventheseJava objects,we needto determinewhich

objectsshouldbe extractedandwhich not. The objectswe needto nd andextractaregraphicsandtext inside
of gures, asopposedo blocksof text outsidethe gures proper

Theextractionprocedurds complicateddueto the structuralnatureof the PDF contentstreamandthelack
of asimplemappingbetweerpositionsin thePDF le contentstreamandpositionsonthe page.

First, the PDF contentstreamis a sequentialist of instructions. The sequenceés importantbecausehe
sequencef resourceggraphicsstatesandtext states)ye nesthelocal environmentin whichthe graphicsand
text arerendered.The valuesof resourcesanbe changedn the sequenceandthe changeaffectsonly the
instructionsthat follow the changeandbeforethe next change. This propertymalkes extractioncomplicated
becausef we wantto extract eithergraphicsprimitives or text inside graphicswith all of their relatedstate
parametersye needto look backthroughtheinstructionsequencéo nd thelastvaluesof all the parameters
needed.

Seconddespitethe factthatthe contentstreamis sequentialthe instructionsequencén the contentstream
is not necessarilyn accordwith their positionson the page. In fact, the contentstreaminstructionsequence
andpositioningon a pagearetotally differentissuesn PDF Moreover, a PDF documenimay apply different
stratgjiesto write contentstreamso producethe sameappearancaghoughtheir instructionsmay be arranged
in differentsequencesThis propertyalso makes extractiondif cult. We cant apply contentstreamposition
informationto helpextraction.
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Figure2: A simpli ed PDFstructureexample.A PDF le is compose@f pagesandresourcesuchasfont, graphicsstate
andcolor space Both pageandresourcesrede ned asobjectswith sequenc&umber In this example,pagel is object

, andfont 1 is object

. Thesesequencaumbersareusedasreferencenumberavhenthe objectis referencedn

anotherobject. In this example,objectFontlis referencedn pagels resourcedictionaryas'Font1 10" in which 10 is
Fontl1's objectnumber Oncetheresourceobjectsarede ned, they areglobally available,i.e., they canbereferencedy

ary pagesn thesamePDF le.
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Figure3: Thecontentstreamstructureof BioMed Central(BMC) PDF papers.The contentstreamof all the BMC PDF
pagesds organizedn the following sequencehead-notefootnote,body-text, graphicsinstructions(including rendering
instructions,graphicsstateinstructions,graphicsstatereferences)andtext inside the graphics. In BMC PDF papers,
graphicsjf arny, arerenderechttheendof eachcontentstreamandtext insidethegraphicsollowsthegraphicsrendering
instructions.This structurehelpusto locateandextractthetext insidegraphics.As of Oct. 2005,thereareapproximately
12,000BMC papergublishedall with the samePDF structure.

3.2.1 Extraction of Figures

To extract gures, we deviseda selectionstratgy to decidewhethera pagehas gures or not. The selection
stratgy is basedon graphicsprimitive statisticsfor eachpage. SincesomePDF pagesonly containpuretext

or afew simple gures suchastableswhich arenot of interestwe canapplythe statisticsof line primitivesto

eliminatesucha page— if apagehasonly afew line primitives,thenthis pagedoesnot containary gure we

needto extract. If therearemorethana certainnumbemon-lineprimitivessuchascurvesor rectangleswe can
concludethatthis pagemustcontainoneor more gures. If thereareneithercurvesnor rectanglesn a page,
we canstill concludethata PDF pagehas gures if the countof line primitivesis large enough.

Oncewe concludethat the graphicsin a PDF pagecontains gure material,we extractboth graphicsren-
deringinstructionsandtheir supportinggraphicsstates.Graphicsstatescanbe speci ed in eitherthe content
streamor in separat@bjects.Graphicsstateinstructionsin contentstreamscanbe easilyextractedasnormal
instructionswhile graphicsstatesn separat®bjectsareextractedwith the helpof referenceandresourcelic-
tionary We rst readthereferencanstructionsof thesegraphicsstateobjectsandgettheir referencenames,
go to resourcdlictionaryto nd the objectsequenc&umbersof thesereferencenamesandthenaccessand
extracttheactualgraphicsstateobjectsusingthe sequenceumbers.

3.2.2 Extraction of Textwithin Figures

After extractingtheall the graphicselementsn a gure, thetext insidethe gures thenneeddo be extracted.
As explainedin Section3.1,the sequencef text andgraphicsnstructionss not necessarilyn accordwith the
sequencé therenderegage.This malesit dif cult to decidewhich partof text instructionsin contentstream
renderghetext insideof graphics Fortunately sincewe usePDFarticlespublishedy BioMed Central(BMC)

they usea standarcdAdobeFrameMalkrtemplateto write contentstreantor their PDFdocumentsThecontent



streamin their PDFdocumentss arrangedothatall the gure contentgraphicsandthetext insidethe gures
areatthe endof the contentstream.Thetext follows the graphicscommandn this nal segment,sothatit can
bereliably identi ed andextracted. The BMC contentstreamhasthe structureshavn in Fig. 3.

Text instructionsincludetext renderingand font references.A font referencds requiredfor all rendered
text. Usuallythetext instructionsstartwith afont referencenstructionthatthetext renderingnstructionswill
utilize until anotherfont referencas speci ed. If thetext following the graphicanstructionsdoesnt startwith
afont referenceits font musthave beendeclaredsomevherebeforethegraphics.This factrequiresusto keep
the last font referencevhenwe go throughthe contentstreamso that oncewe getthe text we need,we can
immediatelyusethe lastfont referenceo getthe correctfont. Giventhe font referencewe look it up in the
resourcalictionaryto getthe objectsequenceumberof this font, thenaccessandextractthe font de nition
object.

As anintermediateresult,we cancreatePDFsfor viewing andvalidation. This is doneby using Etymon
toolsto generatd’DFfrom the extractedsubsebdf Java objects. Theseshouldcontainonly the gures andtheir
associatedext.

3.3 An Inter preter to CreateSelf-ContainedObjects

Theresultsof theextractionstepareJava objectsof graphics/tet drawving instructionsgraphics/tgt statesand
fontsetc. Sincethey aresimply a translationinto Java format of PDF instructionsor objects,it is dif cult to
manipulatehemsincethey directly mirror the sequentiaPDF"code”.

The extractedJava objectsare storedas a sequencemirroring the PDF contentstream. PDF rendering
instructionsusually dependon the local ervironmentde ned by stateinstructions. For instance,a graphics
renderingobjectdependn its graphicsstateobjectanda text renderingobjectdependn its font de nition
object. In principle, the entire precedingcontentstreammustbe readto getthe stateparametersieededor a
graphicsprimitive.

Wehave implementedninterpreteto translatehesdnterdependentasa objectsanto self-containeabjects
Eachself-containedbiject,eithera graphicsprimitive or text, containsa referencedo a stateobjectdescribing
its properties.To enhancanodularity multiple self-containedbjectsmayreferencahe samestateobject.

In PDF, thegraphicstatestackis usedto temporarilysave thelocal graphicsstatesothatit will notaffectthe
ernvironmentthatfollows it. We dealwith this problemby implementinga stackin our interpreterto simulate
the PDF statestackso that the local graphicsstateand the pushedprior state(s)are presered. Thenevery
self-containedbject,no matterhow its graphicsstateis de ned: internalgraphicsstateinstructions gxternal
graphicsstateobject,or graphicsstatestack, referenceshe correctstate.

Our interpreterreadsevery object createdby Etymon PJX and translatesand integratesthem into self-
containedobjectsthat extend Java 2D classesso thatthey canbe manipulatedndependenthyfrom the PDF
speci cation.

4 Spatial Analysis and Graphemes

Up to this point, we have describedhe extractionof graphicsprimitives. The ultimateutility of the extracted
primitivesis for the discorery of the complex shapesand constructionghatthey comprise,and beyond that
to usethemin systemdhatindex andretrieve gures andpresenthemto usersin interactve applications.A
thoroughanalysisof a gure caninvolve visual parsing,for exampleto discover the entirestructureof anx,y
datagraphwith its scalelinesandannotationg@swell asdatapointsanddatalines,andsoforth [15, 8]. Butwe
have foundanothelevel of analysisgraphemeswhichis simplecomparedo full parsingbut still very useful.
A graphemas a smallobjecttypically madeup of only two primitives;examplesareshavn in Fig. 4.
Graphemeallow usto classify gures, usingavarietyof machindearningtechniquesDifferentgraphemes

canbe usedto characterizedifferentclassesf gures, aswe will seein Section5. Classi cation,in turn,



enablesndexing andretrieval systemso be built.

A particulargraphemeclassis describedasa tuple of primitives, usuallyjust a pair, thatobey constraints
on the individual primitives aswell asgeometricakonstraintghat musthold amongthem. For examplethe
\ertical Tick tuplein Fig. 4 canbedescribedhsapairof lines, and thatobey theconstraintglescribedn
Algorithm 4.1.

Algorithm 4.1: VERTICAL_TICK( )

Comment: Decideif apairoflines and construca\ertical Tick

then _
Comment: If isashortverticallineand alonghorizontalline, isbelov ,and
they aretouchingatoneend,thenthey constructa Vertical Tick.

Graphemesuchas Vertical Tick canbe discaveredby simpli ed versionsof the DiagramUnderstanding
Systemdevelopedearlier by one of us [8, 16]. Onedif cult aspectof suchanalysess exmpl ed by the
predicateshort() andlong() in Algorithm 4.1. Thisis dealtwith by a collectionof stratgjies,e.qg.,line length
histogramanalysesaswell ascomparingengthsto the sizeof the smallesttext charactersor short()

4.1 Spatial IndexesAid GraphemeParsing

Theparsingalgorithmsthatde ne graphemesperateef ciently becausea preprocessingtepis usedto install
the primitivesin a spatialindex, allowing constraintsuchasbelow()andtoud() to be evaluatedrapidly.

A spatialindex is a coarse2D-arrayof cells (arrayelements)somorphicto the 2D metricspaceof a gure.
Eachgraphicsprimitive is renderednto the spatialindex sothatevery cell containsreferenceso all graphics
primitivesthat occupy or passthroughthe cell. Eachcell alsorecordsthe position of eachprimitive in the
drawing sequencén orderto faithfully represenbcclusionghatcanoccuraccidentallyor by design.

The spatialindex provides a efcient way to deal with spatialrelationsamonggraphicsprimitives, and
enablesisto dealwith variousgraphicsobjectssuchaslines,curves,andtext in asingleuniformrepresentation.
For example,thetoud() predicatefor two primitive simply checksto seeif theintersectiorof the two setsof
cellsoccupiedby the primitivesis non-empty

5 Machine Learning for Graphics Classi cation and Recognition

We analyzevectorgraphicsan PDFarticlespublishedby BMC, andde ne thefollowing ve gure classeshat
arealsoshawvn in Fig. 5.

A datapoint gureisa datagraphshaving only datapoints;

A line gureisa datagraphwith datalines(mayalsohave datapoints);
A barchartisa datagraphwith anumberof barswith the samewidth;
A curve gureisa datagraphwith only cunes;

A treeis a hierarchicalstructuremadeof somesimple graphicssuchasrectanglesor circlesthat are
connectedy arravs or branches.
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Figure5: Five graphicsclassesA: Datapoint gure. B: Line gure. C: Barchart.D: Curve gure. E: Tree/Hierarchy
Theoriginal graphicsarefrom BMC articles.



5.1 Machine Learning - Classifying Diagrams using Graphemes

To theextentthatdistinctclasse®f gures have differentgraphemestatistic§graphemeaypesandcounts) we
canusemachindearningtechniquego distinguish gure classedasednthe statistics.

In this study we have usedsupervisedearningto divide acollectionof guresintothe veclasseslescribed
in Fig. 5.

We extracted gures from PDF versionsof articlespublishedby BioMed Central. They publishelectronic
articlesonline underan OpenAccesslicense,andthey actively supportdatamining. Their vectorgraphics
make it possiblefor us andothersto do datamining of gures. We examined7,000BMC PDFsandfound
thatabout40% of themcontainvectorgraphics.(This is an unusuallyhigh percentagandis encouragedy
BioMed Centrals progressie policies)

For the preliminarystudyreportednere,we extractedvectordatafrom 36 diagrams.A total of 16 different
graphemesvereusedasattributes,all geometricain nature. The countsof graphemeanstancesn particular
diagramsvaried from 0 to 120, the latter value being the numberof datapointsin one of the datagraph
diagrams.Two multi-classearnersn theWeka3 Java-basedvorkbenchwereused the Multilayer Perceptron,
andLogitBoost. In hold-out-onetesting,the perceptrorwas 94.2%accurate.LogitBoostis a memberof the
new classof boostingalgorithmsin machindearningandwasableto achiere 100%accurag on the setof 36
diagrams.This excellentresultis a testamenboth to the power of graphemessindicatorsof diagramclass
andto the power of modernboostingmethods.

6 Conclusion

This paperhasdescribedhe designimplementationandresultsof a systemmadeup of threeanalysisstages.
The systemwasappliedto the contentof diagramsfrom researctlarticlespublishedby BioMed Central.

Stagel. Theextraction of the subsetof PDF objectsandcommandghat comprisevectorbasedgures in
PDFdocumentsThe processequiredbuilding aninterpretetthatleadto asequencef self-containedara 2D
graphicobjectsmirroring the PDF contentstream.

Stage?2. Graphemesverediscoreredby analysiof the objectsextractedin Stagel. Graphemesrede ned
assimplesubset®f the graphicobjects,typically pairs,with constraintn elementpropertiesandgeometric
relationsbetweerthem.

Stage3. Attributesfor multi-classlearnerswere generatedusing statisticsof graphemecountsfor 16
graphemeclassedor 36 diagramsdividedinto ve classes.The bestof theselearnersLogitBoostfrom the
Weka3 workbenchwasableto achiere 100& accurag in hold-outonetests.

Besidegpurelygeometricabraphemest will beusefulto createattributesbasedon variousstatisticaimea-
suredn the gures suchashistogram®f line lengths orientationsandwidths,aswell asstatisticsonfont sizes
andstyles.A typical attribute of thistypewould bethenumberof upperandlower caseGreekcharactersSome
of theseattributesareredundantbut this presentsio problemfor contemporarynachindearningalgorithms.

Theapproactdescribecherehasfocusedon vectorbaseddiagrams We fully realizethatthe greatmajority
of gures publishedn electronicform arerastemasedtypically JPEGs Vectorizatiorof thesegures [17, 18],
even if imperfect,can generatea vectorbasedrepresentationf the gure thatwill allow graphemego be
generated.This in turn will allow systemso be built that cantake advantageof gure classi cation. Such
systemscould, in principle,dealwith all published gures, thoughmostsuccessfullywhenoperatingon line-
dravn schematicgures, thatis, diagrams.

The graphemeapproacthcansene asa foundationfor building full- edged knowledge-basedystemshat
allow intelligent retrieval of gures. In practice,indexing andretrieval of gures will be aidedby including
gure-relatedtext asacomponentWe intendto usegraphemessanadditionalcomponentn thenew diagram
parsingsystemwe aredeveloping. The fully parseddiagramsthatresultwill allow the constructionof much
more ne-grainedknowledge-basedystems.Thesewill allow userlevel applicationgto be built thatinclude
interactionswith diagraminternals linkageto text descriptionsandsoforth.
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