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Abstract

Muchof thework ongraphicsrecognitionfor raster-basedinput focusesonaccurateandrapiddiscovery
of primitivessuchaslines,arrowheads,andcircles.Someof thework goesfurtherto discoverhigher-level
objectssuchascircuit elements,pie-chartcomponents,andarchitecturalcomponents.Somesystemswork to
discoverevenhigherlevelsof organization.Thispaperfocusesongraphicsrecognitionof �gures in vector-
basedPDFdocuments.The�rst stageconsistsof extractingthegraphicandtext primitivescorresponding
to �gures. Themappingfrom PDFto therenderedpagecanbecomplex, soaninterpreterwasconstructed
to translatethePDFcontentinto a setof self-containedgraphicsandtext objects,freedfrom theintricacies
of the original PDF �le. The secondstageconsistsof discoveringsimplegraphicsentitieswhich we call
graphemes, thesimplestbeinga pair of primitive graphicobjectssatisfyingcertaingeometricconstraints.
Thethird stageusesmachinelearningto classify�gures usinggraphemestatisticsasdescriptiveattributes.
Figurerecognitioncanthenbeaccomplishedby applyingaclassi�ersotrainedto theattributesetof a �gure
to be recognized(classi�ed). The systemis implementedin Java. In the studyreportedhere,a boosting-
basedlearner(LogitBoostin theWekatoolkit) wasableto achieve100%classi�cationaccuracy in hold-out-
onetraining/testingusing16graphemetypesextractedfrom 36diagrammatic�gures from BioMedCentral
researchpapers.The approachcanreadily be adaptedto rastergraphicsrecognition;onceprimitivesare
found,graphemescanbeconstructedfromthemandusedin thelearning-basedrecognitionandclassi�cation
system.
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1 Intr oduction

Knowledgemining from documentsis advancingon many fronts. Theseefforts arefocusedprimarily on text.
But �gures (diagramsandimages)oftencontainimportantinformationthatcannotreasonablyberepresented
by text. This is especiallythecasein theBiomedicalresearchliteraturewhere�gures and�gure-relatedtext
make up a surprising50%of a typical paper. We arrivedat this �gure by tabulatingstatisticsfrom papersin a
varietyof journals.Theimportanceof �gures is attestedin theleadingOpenAccessBiomedicaljournal,PLoS
Biology which furnishesa “Figuresview” for eachpaper.

Thefocusof this paperis on �gures which arediagrams,ratherthanrasterimages,e.g.,photographs.This
new paperdealswith graphicrecognitionin the large, describinga systemthat begins with the electronic
versionsof papersandleadsto a classi�er trainedby machinelearningmethodsthatcansuccessfullyclassify
the diagramsfrom the papers.This will thenallow knowledgebasesto be built for organizedbrowsing and
diagramretrieval. Retrieval will normally involve relatedtext andshouldbe ableto retrieve diagramsfrom
queriesthatusediagramexamplesor system-chosenexemplars.

But to apply machinelearning,we must �rst specifya setof attributesthat, taken together, cansuccess-
fully characterizea diagram.Algorithmsmustbedesignedandappliedto generateattributestatisticsfor each
diagram.This stepin turn dependson converting theoriginal electronicformatof thediagraminto machine-
residentobjectswith speci�edgeometricparameters.Theattributestatisticscanthenbegeneratedfrom these
objects.



Taken in order then, thereare threesequentialstagesin the processing/analysischain: Extraction of the
�gure-relatedgraphicsfrom papers,attributecomputation, andmachinelearning. Thethreestagesaresumma-
rizedin Section2 anddevelopedin moredetail in thesectionsthatfollow it.

In online papersin PDF format, diagramsmay exist in rasteror vector format; the greatmajority in the
Biomedicalliteratureare in rasterformat. This paperfocuseson diagramsavailable in vector format. But
our approachis equallyapplicableto rasterformats. They would requirean additionalpreprocessingstep,
vectorization, asometimesimperfectprocessfor deriving avectorrepresentation[1].

Thoughmost publisheddiagramsare in rasterformat, BioMed Central (BMC), a leadingOpenAccess
publisher, has,to date,publishedabout12,000papers,of which approximately40%containvectorformatted
�gures. In thepreliminaryresearchreportedhere,wehave usedasmallsubsetof theseBMC vector�gures.

It mightseemstraightforwardto extractgraphicobjectsfrom PDFs,whicharealreadyin vectorformat.This
is not the case.PDF is a page-space,geometry-basedlanguagewith variousgraphics/text stateassignments
andshifts thatmustbeuntangled.PDFhasno logical structureat any high level, suchasexplicitly delimited
paragraphs,captions,or �gures. Evenwhite spacein text is notexplicitly represented,otherthanby a position
shift beforethenext characteris rendered.A smallnumberof studieshave attemptedto extractvectorinfor-
mationfrom PDFs,typically deriving anXML representationof theoriginal [2]. But to proceedto thesecond
andthird stagesof our analysis,we needin-memory, manipulableprogramobjects.We've chosento useJava
for thisobjectrepresentation.

Thedocumentunderstandingcommunityhasbeenfocusedon text. We would suggest,overly focused.For
example,Dengel[3] in a keynotedevotedto ”all of thedimensions”of documentunderstanding,doesn't even
mention�gures. Much of thework on graphicrecognitionfor rasterimageshasbeendevotedto vectorization
of technicaldrawings andmaps,with the assumptionthat manualcleanupis often needed,e.g., in CAD ap-
plications[1, 4]. Onepieceof researchon chartrecognitionfrom rasterimages,for barandpie charts,used
hand-craftedalgorithmsfor recognition[5]. But muchof theresearchstopsat thevectorizationstageanddoes
notgoon to extractstructure,muchlessto applymachinelearningtechniquesto theresults.

For vector �gures in CAD andPDF, hybrid techniqueshave beenusedwhich rasterizethe vector �gures
andthenapplywell-developedraster-baseddocumentanalysisalgorithms.This settlesthe issueof whereon
the pagethe variousitemsappear, but the object identity of the items is lost [6, 2]. Our approachis quite
different,becausewe render(install) theobjectreferencesin aspatialindex, which is a raster-like spatialarray
of objects,typically a low resolutionarray [7, 8, 9]. This combinesthe bestof both worlds; it allows us to
ef�ciently discover setsof objectsthatobey speci�edspatialconstraints.

Thereis somework on vector-based�gure extraction. A systemwasdevelopedfor case-basedreasoning,
basicallya systemthat did matchingof new diagramsto a CAD databaseof onesfound earlier (ref: Yan).
Graphmatchingwasusedin which thegraphshadgeometricalobjectsat thenodesandgeometricrelationson
thearcs.Theapproachwascomplicatedby attemptsto assigndirectionsensesto line segements,whichseems
unsupportable.

For PDFs,abrief but usefuldescriptionof PDF�le structurecanbefoundin [10]. TheXedsystemconverts
PDF to XML andis describedin [2]. This is oneof the few paperswe could �nd that shows the resultsof
extractinggeometricstateanddrawing informationfrom PDF. As we have said,sucha resultwould have to
beconvertedbackto in-memoryobjectsbeforefurtheranalysescouldbedone.We have no needfor XML in
our work, sinceJava objectscanbeserializedto �les andvisualizedusingJava 2D. Their paperdescribesfour
similar tools,only oneof which, thecommercialsystem,SVG Imprint, appearsto generategeometricoutput;
theotherthreeproducerasteroutputfor �gures or entirepagesonly.

2 Graphics RecognitionSystemfor PDF

In our approach,we accomplishgraphicsrecognitionfor vector�gures in PDFin thethreestagesasshown in
Fig 1.



The�rst stageconsistsof extractingthegraphicandtext primitivescorrespondingto �gures. Themapping
from PDFto therenderedpagecanbecomplex, soaninterpreterwasconstructedto translatethePDFcontent
into a setof self-containedgraphicsandtext objects,freedfrom theintricaciesof theoriginal PDF�le. Since
our focusis on vector-based�gures andtheir internaltext, heuristicsareusedto locatethis materialon each
page.Thetargetform for theextractedentitiesis Javaobjectsin memory(or serializedto �les). Thisallows us
to elaboratethemasnecessaryandto do theprocessingfor thenext two stages.

The secondstageconsistsof discovering simplegraphicsentitieswhich we call graphemes, the simplest
beinga pair of primitivessatisfyingcertaingeometricconstraints[11]. A largenumberof differentgrapheme
typesarede�ned in an effort to extract as much information from the diagramas can be doneusing these
”atomic” elements.Singlegraphemesmaycontainmany primitives. Examplesincludea setof tick markson
anaxisor a setof small trianglesusedasdatapoint markersin a datagraph.Suchlargesetsaredescribedas
obeying ageneralizedequivalencerelations[7, 12]. Discoveringgeometricalrelationsbetweenobjectsis aided
markedly by apreprocessingstagein whichprimitivesarerendered(installed)in aspatial index [8, 9].

Thethird stageusesmachinelearningto classify�gures usinggraphemestatisticsasdescriptive attributes.
In thispaperwereportonsupervisedlearningstudies.Statisticsfor 16differentgraphemetypeswerecollected
for 36 diagram�gures extractedfrom BioMed Centralpapers.Thediagramswerepre-classi�edandusedfor
training. A boostingalgorithm, LogitBoost from the Weka toolkit [13], was usedfor multi-classlearning.
LogitBoostwasableto achieve 100%classi�cationaccuracy in hold-out-onetraining/testing.Otherlearning
algorithmswe tried achieved lessthan100%accuracy. We can't expectany machinelearningalgorithmto
achieve 100%accuracy in thescaledupwork wewill bedoingthatwill involve tensof thousandsof diagrams,
usingamix of supervisedandunsupervisedmethods.Neverthelessthepreliminaryresultis heartening.Usinga
largecollectionof atomicelements(graphemes)to characterizecomplex objects(entirediagrams)is analogous
to the ”bag of words” approachwhich hasbeenso successfulin text documentcategorizationandretrieval.
Oncetrained,the learningsystemcanclassifynew diagramspresentedto it for which thegraphemestatistics
have beencomputed.

Combiningextraction, graphemediscovery, and machinelearningfor diagramsis a new approach.The
techniquesdevelopedandtheresultsachievedin thispreliminarystudybodewell for thefuture.

3 Extraction of Figure-RelatedPDF Entities

3.1 Featuresof PDF Documentsand Their Graphics

A PDFdocumentis composedof a numberof pagesandtheir supportingresources(Fig. 2). Both pagesand
resourcesarenumberedobjects.A PDFpagecontainsaresourcedictionaryandatleastonecontentstream.The
resourcedictionarykeepsa list of pairsof a resourceobjectnumberandits referencename.A resourceobject
may be font, graphicsstates,color space,etc. Oncethe resourceobjectsarede�ned, they canbe referenced
within any pagein onePDF�le with a referencename.

The contentstreamsde�ne the appearanceof PDF documents.They arethe mostessentialpartsof PDF
sincethey arethe partsthat utilize resourcesto rendertext andgraphics,etc. A contentstreamconsistsof a
sequenceof instructionsfor text andgraphics.Text instructionsincludetext stateinstructionsandtext rendering
instructions.Text stateinstructionsspecifyhow andwheretext will be renderedto a page,suchaslocation,
transformmatrix,wordspace,text rise,size,color, etc.

Graphicsinstructionsincludegraphicsrenderinginstructionsandgraphicsstateinstructions.Graphicsren-
deringinstructionsdraw graphicsprimitivessuchasline, rectangle,andcurve. Graphicsstatesincludewidth,
color, join style,paintingpattern,clipping, transforms,etc. Graphicsstatescanbespeci�ed eitherin internal
graphicsstateinstructionsor in somereferencedexternalgraphicsstateobjects.PDFalsoprovidesa graphics
statestackso that local graphicsstatescanbepushedor poppedto changethegraphicsstatetemporarilyand
thenreturnto a previousstate.
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Figure1: Stagesof our PDFvector�gure recognitionsystem.The �rst stageconsistsof extractionof thePDFvector
entitiesin the �le andtheir conversionto self-containedobjects, Java instancescompatiblewith Java 2D. The second
stageinvolvesthediscoveryof simpleitemsin the�gure, graphemes, a typicalonebeingtwo or threeprimitivesobeying
geometricconstraintssuchasanarrowhead,or a largesetof simply relatedobjectssuchasa setof identicallyappearing
(congruent)datapointmarkers.Thethird stageis to usethestatisticsof variousgraphemesfoundin a�gure asacollection
of attributesfor machinelearning.In thestudyreportedhere,wehaveappliedsupervisedlearningto classifydiagrams.

3.2 Extraction strategies

To extractgraphics,�rst weneedto translatePDFdocumentsinto someformatwecanmanipulatein software.
We apply the opensourcepackage,EtymonPJX [14], to translateentirePDF documentsinto Java objects
correspondingto PDF objectsor instructions. Thus, for a PDF document,we get Java objectsfor pages,
resources,fonts,graphicsstates,contentstreams,etc. Given theseJava objects,we needto determinewhich
objectsshouldbeextractedandwhichnot. Theobjectsweneedto �nd andextractaregraphicsandtext inside
of �gures, asopposedto blocksof text outsidethe�gures proper.

Theextractionprocedureis complicateddueto thestructuralnatureof thePDFcontentstream,andthelack
of asimplemappingbetweenpositionsin thePDF�le contentstreamandpositionson thepage.

First, the PDF contentstreamis a sequentiallist of instructions. The sequenceis importantbecausethe
sequenceof resources(graphicsstatesandtext states)de�nesthelocal environmentin which thegraphicsand
text arerendered.The valuesof resourcescanbe changedin the sequence,andthe changeaffectsonly the
instructionsthat follow the changeandbeforethe next change.This propertymakesextractioncomplicated
becauseif we want to extract eithergraphicsprimitivesor text insidegraphicswith all of their relatedstate
parameters,we needto look backthroughtheinstructionsequenceto �nd thelastvaluesof all theparameters
needed.

Second,despitethefact thatthecontentstreamis sequential,theinstructionsequencein thecontentstream
is not necessarilyin accordwith their positionson thepage. In fact, thecontentstreaminstructionsequence
andpositioningon a pagearetotally differentissuesin PDF. Moreover, a PDFdocumentmayapplydifferent
strategiesto write contentstreamsto producethesameappearance,thoughtheir instructionsmaybearranged
in differentsequences.This propertyalsomakesextractiondif�cult. We can't applycontentstreamposition
informationto helpextraction.
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Figure2: A simpli�ed PDFstructureexample.A PDF�le is composedof pagesandresourcessuchasfont,graphicsstate
andcolor space.Both pageandresourcesarede�ned asobjectswith sequencenumber. In this example,page1 is object

�����

, andfont 1 is object
���	�

. Thesesequencenumbersareusedasreferencenumberswhentheobjectis referencedin
anotherobject. In this example,objectFont1 is referencedin page1's resourcedictionaryas'Font110' in which 10 is
Font1'sobjectnumber. Oncetheresourceobjectsarede�ned, they areglobally available,i.e., they canbereferencedby
any pagesin thesamePDF�le.
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Figure3: Thecontentstreamstructureof BioMedCentral(BMC) PDFpapers.Thecontentstreamof all theBMC PDF
pagesis organizedin thefollowing sequence:head-note,footnote,body-text, graphicsinstructions(includingrendering
instructions,graphicsstateinstructions,graphicsstatereferences),and text insidethe graphics. In BMC PDF papers,
graphics,if any, arerenderedat theendof eachcontentstream,andtext insidethegraphicsfollowsthegraphicsrendering
instructions.Thisstructurehelpusto locateandextractthetext insidegraphics.As of Oct. 2005,thereareapproximately
12,000BMC paperspublished,all with thesamePDFstructure.

3.2.1 Extraction of Figures

To extract �gures, we deviseda selectionstrategy to decidewhethera pagehas�gures or not. Theselection
strategy is basedon graphicsprimitive statisticsfor eachpage.SincesomePDFpagesonly containpuretext
or a few simple�gures suchastables,whicharenotof interest,wecanapplythestatisticsof line primitivesto
eliminatesucha page– if a pagehasonly a few line primitives,thenthis pagedoesnot containany �gure we
needto extract. If therearemorethanacertainnumbernon-lineprimitivessuchascurvesor rectangles,wecan
concludethat this pagemustcontainoneor more�gures. If thereareneithercurvesnor rectanglesin a page,
wecanstill concludethataPDFpagehas�gures if thecountof line primitivesis largeenough.

Oncewe concludethat thegraphicsin a PDF pagecontains�gure material,we extractboth graphicsren-
deringinstructionsandtheir supportinggraphicsstates.Graphicsstatescanbespeci�ed in eitherthecontent
streamor in separateobjects.Graphicsstateinstructionsin contentstreamscanbeeasilyextractedasnormal
instructions,while graphicsstatesin separateobjectsareextractedwith thehelpof referenceandresourcedic-
tionary. We �rst readthereferenceinstructionsof thesegraphicsstateobjectsandget their referencenames,
go to resourcedictionaryto �nd theobjectsequencenumbersof thesereferencenames,andthenaccessand
extracttheactualgraphicsstateobjectsusingthesequencenumbers.

3.2.2 Extraction of Text within Figures

After extractingtheall thegraphicselementsin a �gure, thetext insidethe�gures thenneedsto beextracted.
As explainedin Section3.1,thesequenceof text andgraphicsinstructionsis notnecessarilyin accordwith the
sequencein therenderedpage.Thismakesit dif�cult to decidewhichpartof text instructionsin contentstream
rendersthetext insideof graphics.Fortunately, sinceweusePDFarticlespublishedby BioMedCentral(BMC)
they useastandardAdobeFrameMaker templateto write contentstreamfor theirPDFdocuments.Thecontent



streamin theirPDFdocumentsis arrangedsothatall the�gure content,graphicsandthetext insidethe�gures
areat theendof thecontentstream.Thetext follows thegraphicscommandin this �nal segment,sothatit can
bereliably identi�ed andextracted.TheBMC contentstreamhasthestructureshown in Fig. 3.

Text instructionsincludetext renderingandfont references.A font referenceis requiredfor all rendered
text. Usuallythetext instructionsstartwith a font referenceinstructionthatthetext renderinginstructionswill
utilize until anotherfont referenceis speci�ed. If thetext following thegraphicsinstructionsdoesn't startwith
a font reference,its font musthave beendeclaredsomewherebeforethegraphics.This factrequiresusto keep
the last font referencewhenwe go throughthe contentstreamso that oncewe get the text we need,we can
immediatelyusethe last font referenceto get thecorrectfont. Given the font reference,we look it up in the
resourcedictionaryto get theobjectsequencenumberof this font, thenaccessandextract the font de�nition
object.

As an intermediateresult,we cancreatePDFsfor viewing andvalidation. This is doneby usingEtymon
toolsto generatePDFfrom theextractedsubsetof Javaobjects.Theseshouldcontainonly the�gures andtheir
associatedtext.

3.3 An Inter preter to CreateSelf-ContainedObjects

Theresultsof theextractionstepareJavaobjectsof graphics/text drawing instructions,graphics/text states,and
fontsetc. Sincethey aresimply a translationinto Java formatof PDF instructionsor objects,it is dif�cult to
manipulatethemsincethey directlymirror thesequentialPDF”code”.

The extractedJava objectsare storedas a sequence,mirroring the PDF contentstream. PDF rendering
instructionsusuallydependon the local environmentde�ned by stateinstructions. For instance,a graphics
renderingobjectdependson its graphicsstateobjectanda text renderingobjectdependson its font de�nition
object. In principle,theentireprecedingcontentstreammustbereadto get thestateparametersneededfor a
graphicsprimitive.

Wehaveimplementedaninterpreterto translatetheseinterdependentJavaobjectsintoself-containedobjects.
Eachself-containedobject,eithera graphicsprimitive or text, containsa referenceto a stateobjectdescribing
its properties.To enhancemodularity, multipleself-containedobjectsmayreferencethesamestateobject.

In PDF, thegraphicstatestackis usedto temporarilysave thelocalgraphicsstatesothatit will notaffect the
environmentthat follows it. We dealwith this problemby implementinga stackin our interpreterto simulate
the PDF statestackso that the local graphicsstateandthe pushedprior state(s)arepreserved. Thenevery
self-containedobject,no matterhow its graphicsstateis de�ned: internalgraphicsstateinstructions,external
graphicsstateobject,or graphicsstatestack,referencesthecorrectstate.

Our interpreterreadsevery object createdby Etymon PJX and translatesand integratesthem into self-
containedobjectsthat extendJava 2D classesso that they canbe manipulatedindependentlyfrom the PDF
speci�cation.

4 Spatial Analysisand Graphemes

Up to this point, we have describedtheextractionof graphicsprimitives. Theultimateutility of theextracted
primitives is for the discovery of the complex shapesandconstructionsthat they comprise,andbeyond that
to usethemin systemsthat index andretrieve �gures andpresentthemto usersin interactive applications.A
thoroughanalysisof a �gure caninvolve visualparsing,for exampleto discover theentirestructureof anx,y
datagraphwith its scalelinesandannotationsaswell asdatapointsanddatalines,andsoforth [15, 8]. But we
have foundanotherlevel of analysis,graphemes, whichis simplecomparedto full parsing,but still veryuseful.
A graphemeis asmallobjecttypically madeup of only two primitives;examplesareshown in Fig. 4.

Graphemesallow usto classify�gures, usingavarietyof machinelearningtechniques.Differentgraphemes
canbe usedto characterizedifferentclassesof �gures, aswe will seein Section5. Classi�cation, in turn,



enablesindexing andretrieval systemsto bebuilt.
A particulargraphemeclassis describedasa tuple of primitives,usuallyjust a pair, that obey constraints

on the individual primitivesaswell asgeometricalconstraintsthat musthold amongthem. For examplethe
Vertical Tick tuplein Fig. 4 canbedescribedasapairof lines, 
�� and 
�
 thatobey theconstraintsdescribedin
Algorithm 4.1.
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Comment: If 
L� is ashortverticalline and 
M
 a longhorizontalline, 
�� is below 
N
 , and
they aretouchingatoneend,thenthey constructaVerticalTick.

GraphemessuchasVertical Tick canbe discoveredby simpli�ed versionsof the DiagramUnderstanding
Systemdevelopedearlier by one of us [8, 16]. One dif�cult aspectof suchanalysesis exmpl�ed by the
predicatesshort()andlong() in Algorithm 4.1. This is dealtwith by a collectionof strategies,e.g.,line length
histogramanalyses,aswell ascomparinglengthsto thesizeof thesmallesttext charactersfor short().

4.1 Spatial IndexesAid GraphemeParsing

Theparsingalgorithmsthatde�ne graphemesoperateef�ciently becauseapreprocessingstepis usedto install
theprimitivesin aspatialindex, allowing constraintssuchasbelow()andtouch() to beevaluatedrapidly.

A spatialindex is a coarse2D-arrayof cells(arrayelements)isomorphicto the2D metricspaceof a �gure.
Eachgraphicsprimitive is renderedinto thespatialindex sothatevery cell containsreferencesto all graphics
primitives that occupy or passthroughthe cell. Eachcell alsorecordsthe positionof eachprimitive in the
drawing sequencein orderto faithfully representocclusionsthatcanoccuraccidentallyor by design.

The spatial index provides a ef�cient way to deal with spatialrelationsamonggraphicsprimitives, and
enablesusto dealwith variousgraphicsobjectssuchaslines,curves,andtext in asingleuniformrepresentation.
For example,thetouch() predicatefor two primitive simply checksto seeif theintersectionof thetwo setsof
cellsoccupiedby theprimitivesis non-empty.

5 Machine Learning for Graphics Classi�cation and Recognition

Weanalyzevectorgraphicsin PDFarticlespublishedby BMC, andde�ne thefollowing � ve �gure classesthat
arealsoshown in Fig. 5.

O A datapoint �gure is a PQ�4R datagraphshowing only datapoints;
O A line �gure is a PQ�4R datagraphwith datalines(mayalsohave datapoints);
O A bar chart is a PF�4R datagraphwith anumberof barswith thesamewidth;
O A curve�gure is a PF�4R datagraphwith only curves;

O A tree is a hierarchicalstructuremadeof somesimplegraphicssuchas rectanglesor circles that are
connectedby arrows or branches.
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Figure4: Somegraphemeexamples:VerticalTick, HorizontalTick, Line, Curve, Callout,AdjacentRectangles,Bars,
Branches,andDataPoint

Figure5: Five graphicsclasses:A: Datapoint �gure. B: Line �gure. C: Bar chart.D: Curve �gure. E: Tree/Hierarchy.
Theoriginalgraphicsarefrom BMC articles.



5.1 Machine Learning - Classifying DiagramsusingGraphemes

To theextentthatdistinctclassesof �gures havedifferentgraphemestatistics(graphemetypesandcounts),we
canusemachinelearningtechniquesto distinguish�gure classesbasedon thestatistics.

In thisstudy, wehaveusedsupervisedlearningto divideacollectionof �gures into the� veclassesdescribed
in Fig. 5.

We extracted�gures from PDFversionsof 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 anunusuallyhigh percentageandis encouragedby
BioMedCentral's progressive policies)

For thepreliminarystudyreportedhere,we extractedvectordatafrom 36 diagrams.A total of 16 different
graphemeswereusedasattributes,all geometricalin nature.The countsof graphemeinstancesin particular
diagramsvaried from 0 to 120, the latter value being the numberof datapoints in one of the datagraph
diagrams.Two multi-classlearnersin theWeka3 Java-basedworkbenchwereused,theMultilayer Perceptron,
andLogitBoost. In hold-out-onetesting,theperceptronwas94.2%accurate.LogitBoostis a memberof the
new classof boostingalgorithmsin machinelearningandwasableto achieve 100%accuracy on thesetof 36
diagrams.This excellentresultis a testamentboth to the power of graphemesasindicatorsof diagramclass
andto thepower of modernboostingmethods.

6 Conclusion

This paperhasdescribedthedesign,implementation,andresultsof a systemmadeup of threeanalysisstages.
Thesystemwasappliedto thecontentof diagramsfrom researcharticlespublishedby BioMedCentral.

Stage1. Theextraction of thesubsetof PDFobjectsandcommandsthatcomprisevector-based�gures in
PDFdocuments.Theprocessrequiredbuilding aninterpreterthatleadto asequenceof self-containedJava 2D
graphicobjectsmirroring thePDFcontentstream.

Stage2. Graphemeswerediscoveredby analysisof theobjectsextractedin Stage1. Graphemesarede�ned
assimplesubsetsof thegraphicobjects,typically pairs,with constraintson elementpropertiesandgeometric
relationsbetweenthem.

Stage3. Attributes for multi-classlearnerswere generatedusing statisticsof graphemecountsfor 16
graphemeclassesfor 36 diagrams,divided into � ve classes.Thebestof theselearners,LogitBoostfrom the
Weka3 workbench,wasableto achieve 100& accuracy in hold-outonetests.

Besidespurelygeometricalgraphemes,it will beusefulto createattributesbasedonvariousstatisticalmea-
suresin the�gures suchashistogramsof line lengths,orientations,andwidths,aswell asstatisticsonfont sizes
andstyles.A typicalattributeof thistypewouldbethenumberof upperandlowercaseGreekcharacters.Some
of theseattributesareredundant,but thispresentsnoproblemfor contemporarymachinelearningalgorithms.

Theapproachdescribedherehasfocusedon vector-baseddiagrams.We fully realizethatthegreatmajority
of �gures publishedin electronicform arerasterbased,typically JPEGs.Vectorizationof these�gures [17, 18],
even if imperfect,can generatea vector-basedrepresentationof the �gure that will allow graphemesto be
generated.This in turn will allow systemsto be built that cantake advantageof �gure classi�cation. Such
systemscould, in principle,dealwith all published�gures, thoughmostsuccessfullywhenoperatingon line-
drawn schematic�gures, thatis, diagrams.

Thegraphemeapproachcanserve asa foundationfor building full-�edged knowledge-basedsystemsthat
allow intelligent retrieval of �gures. In practice,indexing andretrieval of �gures will be aidedby including
�gure-relatedtext asacomponent.Weintendto usegraphemesasanadditionalcomponentin thenew diagram
parsingsystemwe aredeveloping. The fully parseddiagramsthat resultwill allow theconstructionof much
more�ne-grainedknowledge-basedsystems.Thesewill allow user-level applicationsto bebuilt that include
interactionswith diagraminternals,linkageto text descriptions,andsoforth.
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