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ABSTRACT
Thehumanvisualsystemmakesagreatdealmoreof images
thantheelementalmarksonasurface.In thecourseof view-
ing,creating,oreditingapicture,weactivelyconstructahost
of visualstructuresandrelationshipsascomponentsof sensi-
bleinterpretations.Thispapershowshowsomeof thesecom-
putationalprocessescanbe incorporatedinto perceptually-
supportedimageediting tools, enablingmachinesto better
engageusersat thelevelof their ownpercepts.We focuson
thedomainof freehandsketcheditors,suchasanelectronic
whiteboardapplicationfor a pen-basedcomputer. By using
computervision techniquesto performcovertrecognitionof
visual structureas it emergesduring the courseof a draw-
ing/editingsession,aperceptuallysupportedimageeditorgives
usersaccessto visualobjectsastheyareperceivedby thehu-
manvisualsystem.Wepresenta¯exible imageinterpretation
architecturebasedon tokengroupingin a multiscaleblack-
boarddatastructure.Thisorganizationsupportsmultipleper-
ceptualinterpretationsof line drawingdata,domain-speci®c
knowledgebasesfor interpretablevisualstructures,andgesture-
basedselectionof visualobjects.A systemimplementingthese
ideas,calledPerSketch, beginstoexploreanewspaceof WYPI-
WYG(WhatYour PerceiveIs WhatYou Get) imageediting
tools.

KEYWORDS: imageediting,graphicsediting,drawingtools,
sketchtools, interactivegraphics,pencomputing,gestures,
machinevision, computervision, perceptualgrouping,per-
ceptualorganization,tokengrouping,scalespaceblackboard
WYPIWYG, PerSketch.

INTRODUCTION
Drawingisaninteractiveprocess.Whetheronpaperoracom-
puterscreen,thephysicalmarksappearingon a surfacesup-
port therecognitionanddiscoveryof relationshipsandstruc-
turesthathadmomentsbeforebeenonly latentin theimagi-
nation.After executinga few strokes,onetakesnoteof new

possibilitiesaswell asproblems.Thenonedrawssomemore,
eitherby addingtoor changingtheexistingmarks,andsoon.
Thus,asperceivedby theuser, thestructureof a drawingis
emergentanddynamic. In orderfully to participatein this
process,anidealdrawingeditortoolwouldbeableto readthe
user'smind(hisvisualsystemin particular)andsynchronize
with whateverimageentitiestheuserhappensto perceiveas
signi®cant.While we cannotbuild suchanidealdevice,we
canadoptmethodsfrom ComputationalVision to construct
andmakeavailable,within an imageediting program,rich
setsof visual objectsthat betterre¯ect the coherentspatial
structuresthatusersarelikely to perceiveandwantto manip-
ulate[5]. Wecall theresultingclassof perceptuallysupported
toolsWYPIWYG(WhatYou PerceiveIs WhatYou Get) im-
ageeditors.

Weexplorethisideawithin thecontextof freehandline draw-
ing editorsin which theusermanipulatesªdigital-inkº in an
ElectronicWhiteboardor ElectronicSketchpadapplication.
Underlyingour approachareseveralgoalsfor this classof
systems[6, 8] Theuserinterfacemustbetransparentandim-
mediatelyaccessible,with increasedfunctionalitycomingin
layersthat theusercaneitheracquireor not: oneshouldbe
ableto walkupandjustdraw, obliviousto whateverthecom-
puterunderneathis doing. Theusershouldn't haveto worry
aboutwhetherthecomputerrecognizessomethingcorrectly
or not. Most work shouldbe donedirectly on the drawing
(e.g.withouthavingto dealwith menus).

Existingimageeditingprogramsareof twotypes.Paint-style
programslet onecreateanypossibleimage,but at the cost
of working at thelevelof eitherindividualpixelsor, at best,
crudelyde®nedcollectionsof pixels. Structured graphics-
styleprogramslet onecreateabstractobjects,suchasellipses
andrectangles;but oncecreatedtheseobjectsmustbedealt
with literally andcannotbedissembledorcomposedintonew
objects.In bothcasesthegrainsizeof user-accessibleobjects
rigidly constrainsthesetof imagemodi®cationseasilyavail-
ableto theuseratanygiventime. It is commonplacefor users
to experiencefrustrationwhentheywantto makeapparently
simplechangesto animagethattheeditingtoolsjust donot
allow themto perform.

Existingdigital-ink-baseddrawingsystemsmostcloselyre-
semblestructuredgraphicseditors.Theunitsof manipulation



arestrokes, de®nedby the pathof the penfrom the time it
touchesthesurfaceof thedisplayuntil it is lifted. Often,how-
ever, userswish to manipulatenot the strokesasthey were
originally drawn,but objectsemergent from the raw mark-
ings.SeeFigure1.

The issueis: whathappenswhenperceptuallysalientstruc-
tureoccursat thelevelof (1) fragmentsof ink strokes,or (2)
collectionsof severalstrokes?Fewexistingsystemsaddress
thesepossibilities,althoughsomehigh-endcommercialgraph-
icseditors(notink-basedsystemsperse)dopermitsuchstruc-
turetobemadeexplicitthroughacumbersomeprocessof con-
vertingcurvestoasplinerepresentation,selectingbreakpoints,
fragmentingthecurves,selectingfragments,thenreconstruct-
ing newcurves.

Ourwork borrowsfrom computervisionin two waysto sup-
portuseraccessandmanipulationof visuallyapparentstruc-
turein thecourseof creatingandeditingdrawings.First,we
employtechniquesof perceptualorganizationbytokengroup-
ing ®rstto decomposeink-basedstrokesinto primaryunits,
andthenreassembletheseintocoherentcompositeobjectsin
thefashionof Marr'sPrimal Sketch[3]. To re¯ect thesome-
timesambiguousandoftengoal-directednatureof humanper-
ception,our methodssupportmultiple overlappinginterpre-
tationsof theprimitive imagedata.Second,weemployshape
modeling,shaperecognition,andcurvetracingtechniquesin
supportof astraightforwardgesture-basedmethodfor theuser
to selectwhich visualobjector objectsheor sheintendsto
edit.

Theimageeditingparadigmfollows conventional
draw/select/modifyuserinteractions.Thepenis in oneof two
primarymodeswhicharetoggledby buttonpress.In DRAW

modethepensimplylaysdownink onthesurface,whichre-
sultsthecreationof strokeobjects.In EDIT modeexistingink
objectsaredeleted,moved,copied,rotated,andsoforth, in a
two-stepprocess:(1)Selecttheobject(s)tobeedited;(2)Per-
formtheactualdeletion,copy, or transformationoperationon
theselectedobject(s).

Our system,calledPerSketch, is currentlyimplementedasa
researchprototypein CommonLisprunningonSymbolicsLisp
Machinesandon SunworkstationsunderLucid Lisp. The
systemis not optimizedfor speed,andcurrentlypresentsa
delayrangingfrom onequarterof a secondto a few seconds
to processeachstrokeasit is input, dependingon drawing
complexityin thevicinity of thenewlyaddedstroke.This is
fastenoughto supportmanygraphicaleditingtasksbut is too
slow for unimpededhandwriting. The systemhasnot been
usedbyalargenumberof people.Its intenthoweverisnotfor
productionusebutasavehicleto exploreextensionsto exist-
ing electronicwhiteboardsystemssuchastheTivoli drawing
program[8] whichdoeshavea substantialusercommunity.

MAINTAINING PERCEPTUAL INTERPRETATIONS
Motiv ation
Outof thearrayof light anddarkelementscomprisinganim-
age,thehumanvisualsystemconstructsa richly articulated
descriptionacrossmultiplespatialscalesandmultiple levels
of abstraction.Our objectiveis to mimic theseprocessesto
somesigni®cantdegreein datastructuresandproceduresop-
eratingcovertly to theuser, but re¯ecting thesalientspatial
structureshisvisualsystemis likely tobeconstructing.These
structuresserveasa resourcefor evaluatingusers'laterob-
ject selectioncommands,which oftenmakereferenceto ab-
stractentitiesin theimage.Theearly, middle,andlaterstages
of humanvisualprocessingeachexploitawealthof prior as-
sumptionsandknowledgeaboutthevisualworld. Thesesources
of constraintandtheircounterpartsin oursystemaresumma-
rizedin Table1.

To datewe haveconcentratedon imageanalysissupportfor
sketcheditingat theintermediatelevelof perceptualorgani-
zation, thatis, groupingsof ink fragmentsthatform coherent
chunksasaresultof curvilinearalignment,parallelism,coter-
mination,closure,or otherstraightforward,but spatiallysig-
ni®cantproperties.Higher-level objectrecognitionaccord-
ing with thesemanticsof particulardrawingdomainsrelies
onknowledgeof domainspeci®cgroupingrules,e.g.for schematic
diagrams[2, 10],mechanicaldrawings[1], or chemicalillus-
trations[7]. Theserecognitiontechniques®tinto our archi-
tecturein principlebut havenotbeenincorporatedasyet.

System Organization
ThePerSketchsystemdesignis groundedin the fundamen-
tal representationalelementsof symbolictokens, whichmake
explicit thepresenceof andpropertiesof visualstructurein
theimage.Tokenspossessattributesof:

� typeof structuredenoted
� spatiallocation
� orientation
� scaleor size
� pointersto supportingtokensor data
� pointersto supportedtokens
� additionaltype-speci®cpropertiessuchascurvature,aspect
ratio,strokewidth, andsoforth, asapplicable

Thegeneralprincipleof operationis that,asa sketchis cre-
atedandmodi®ed,imageanalysisroutinesareconstantlywork-
ing behindthescenesto dynamicallymaintainanup-to-date
multilevel descriptionof visualstructurepresentin thecur-
rentimage,representedin termsof tokens.A numberof data
structuresandcomputationalresourcesareemployedto sup-
port thisprocess;Figure2 portraysthemajorcomponents.

Object Lattice: In general,humanusersarecapableof at-
tendingto anyof severalalternativeinterpretationsor pars-
ingsof a givenimagedependingupontheir immediatetasks
goals,surroundingcontext,andothercues.For example,in
Figure1(Panel3),onecanreadilyfocusoneitherthesausage



Figure 1: A sequence of drawing creation and transformation steps easy to visualize and describe, but not supported
under conventional structured graphics or ªinkº drawing editors.

or therectangle.To which doesthetop strokefragmentbe-
long?Wemaintainthatthesetof identi®ablyplausibleinter-
mediatelevelobjectsmaintainedby aperceptuallysupported
imageeditorshouldre¯ect therichandoverlappingsetof co-
herentperceptualchunksdiscoveredor discoverableby the
humanvisual system.To this end,tokensareconceivedas
forminganObjectLatticethatrelatesperceptualobjectsacross
levelsof abstraction.Figure3 illustrates.

At thelowestlevelsin thehierarchy, tokensrepresentelemen-
tal curvefragments,which constitutePRIME objects.At the
higherlevels,eachCOMPOSITE objectre¯ectsacollectionof
PRIME or COMPOSITE objectsthatformsasensiblechunkac-
cordingto somerule of perceptualorganization.Thelattice
natureof thisorganizationprovidesfor alternativeinterpreta-
tionsof theprimarydata,that is, a given PRIME objectmay
participatein thesupportof morethanoneCOMPOSITE ob-
ject.

TokenGroupingProcedures: COMPOSITE objectsareplaced
in theObjectLatticeoneby oneascoherentstructureis iden-
ti®edby anopen-endedandextensiblesetof tokengrouping
procedures.Thusfar we havefound thatsubstantialpower
derivesfromarathermodestsetof rulesunderlyingthegroup-
ing procedures,consistingmainly of analysisof cotermina-
tionrelationsandalignmentrelationsamongtokensrepresent-
ingcurvefragments.Noticein Figure3howCOMPOSITE ob-
jectsemerge andareobliteratedasthe resultof simpleedit
steps. We havealsodesignedrulesfor identifying closure,
parallelism,corners,andT-junctions;attemptsatbuildingrules

for theseandotherstructurescanbefoundin thecomputervi-
sionliteraturee.g. [4, 9].

Scale-SpaceBlackboard: Perceptuallycoherentobjectsare
identi®edbyvirtueof qualifyingspatialcon®gurationsof con-
stituenttokens.Thetokengroupingrulesspenda greatdeal
of effort searchingfor andtestingfor pairsandtuplesof PRIME

andCOMPOSITE objectsthatsatisfyrespectiveconditionson
their spatialarrangements.In generala combinatorialexplo-
sioncouldresultfromtestingall combinationsof tokensagainst
all rules. However, by andlarge,meaningfulcollectionsof
tokenswill bespeci®edaslying in a commonspatialneigh-
borhood,andthegroupingrulesmaybeappliedlocally. The
combinatoricsis managedby the useof a spatiallyindexed
datastructurecalledtheScale-SpaceBlackboard. This per-
mits groupingproceduresto performenquiriesof the form,
ªReturnall tokensof type

�

within distance� of location
�������
	

.º TheScale-SpaceBlackboardalsoindexestokensby
sizesothatlargescalestructureissegregatedfromsmallscale
detail. Spatialneighborhoodsarede®nednot in termsof ab-
solutepixels,but insteadin termsof a scale-normalizeddis-
tancewhichassessesspatialproximitywith respecttothesizes
of theobjectsinvolved.Thisensuresthatlike visualstructure
canbeidenti®edconsistentlyacrossall magni®cationsof any
givenimage.Fordetailssee[11].

ShadowBitmap: Forasketcheditingapplication,PRIME ob-
jectsconsistof the smallestcurvefragmentsnot brokenby
cornersor junctionswith othercurves.Thusit routinelybe-



Table 1: Knowledge used at different stages of the human visual system, and its counterparts in the
PerSketch drawing editor.

ProcessingStage HumanVisualProcessing PerSketch

EarlyVision:
Sensing

Assumptionsabout object cohe-
sionandthelawsof opticsleadto
hardwirededge,line and motion
sensitiveanalyzers.

Premiseof linedrawingeditingre-
¯ected in a chaincodeªinkº data
structurefor curveprimitives.

Middle Vision:
PerceptualOrganization

Gestaltrules of perceptionguide
the segmentationand articulation
of coherentcollectionsof image
componentslikely to re¯ect com-
mon underlying objects or pro-
cessesin theworld.

Gestalt-like rules operateto as-
semblecoherentgroupingsof ªto-
kensº which representindividual
strokesor collectionsof strokes.

LaterVision:
ObjectRecognition,othertasks

Domain speci®c knowl-
edgeof particularvisual environ-
mentssupportstaggingof taskand
goal-speci®cvisualobjects.

Open-ended sets of
domain-speci®crulesconstructse-
manticallysigni®cantdrawingen-
tities suchas speci®cshapesand
drawnobjects.

Figure 2: The major functional components of the PerSketch perceptually supported sketch editor.



Figure 3: The Object Lattice of PRIME objects (elemental curve fragments) and COMPOSITE objects (emergent ®gures)
underlying the sketch creation and editing steps of ®gure1.



comesnecessary, duringthecourseof adrawingsession,for
thesystemto breakupanexistingPRIME objectwhena new
strokeis drawnto crossit. To supportthe ef®cientdiscov-
eryof strokeintersections,aSHADOW BITMAP is maintained
that depictsexplicitly the pathsof all strokesin the sketch.
Whereastheimagedisplayedto theuserwill showstrokesin
theirproperthicknessesaswell asancillaryuserinterfaceel-
ements,theshadowbitmapmaintainsonly singlepixel wide
ªspinesºof thecurveelements.Wheneveranintersectionof a
newlydrawnstrokewith anexistingstrokeis detectedin the
shadowbitmap,it becomesaneasymatterto checknearby
PRIME objectsin theScale-SpaceBlackboardtodiscoverwhich
tokenrepresentstheexistingstroke,sothatit canberemoved
from the Blackboardandreplacedwith two smallerPRIME

objectsboundedby thenewlyformedjunction.TheªBitmap
SpatialAnalysisProceduresºin Figure2supportthisandother
similarfunctionsrelatedtoanalyzingtheproximitiesof curves
on thebitmaplevel.

Contr ol Structure

In ordertomaintainaconsistentinternalrepresentationof emer-
gentperceptualstructureduringanimagecreation/editingses-
sion,thePerSketchlinedrawingeditorobeysthecontrolstruc-
tureshownin Figure4. Theroundedboxesre¯ect thedraw/select/modify
loopapparentto theuser.

Thebodyof theimageanalysisworkfallswithin themodules,
ªRemoveObjectsFromImageºandªAdd Objectsto Image.º
Figure3 illustratestheinternalrepresentationsunderlyingthe
scenarioof Figure1. Whenobjectsareremovedfromtheim-
age,theirconstituentPRIME curvefragmentsareremovedfrom
theScale-SpaceBlackboardandtheShadowBitmap,andall
COMPOSITE objectsin theBlackboardthathadbeensupported
by anyof thesePRIME fragmentsareremovedaswell. Fur-
thermore,PRIME objectsremainingin thevicinity of newly
deletedPRIME objectsaretestedtoseeif theycanbemerged.
Whenobjectsareaddedto theimage,theShadowBitmapis
checkedfor the creationof new junctions. Existing PRIME

objectsarefragmentedandreplacedwherenecessary. Then,
thetokengroupingrulesareappliedto labelnewlyemergent
COMPOSITE objects.

In thecurrentimplementationall perceptualorganizationrules
areappliedateachpassthroughthecycle.Computationalex-
penseincreaseswith thesophisticationandscopeof theob-
ject recognitionprocedures,leadingto a potentialcomputa-
tionalbottleneckasmoredomain-speci®cknowledgeisbrought
tobearto recognizemoreabstractobjects.However, thecon-
trol structureeasilyextendsto onein which processingre-
sourcesareallocatedamongtheprimaryfunctionof support-
ingreal-timeuserinteraction,andasecondaryfunctionof iden-
tifying emergent spatialstructure. In otherwords,as tech-
niquesfor sophisticateddrawingrecognitionarere®ned,they
canbeperformedonanopportunisticbasisin areal-timein-
teractiveenvironment.

Figure 4: Program control structure underlying the
Draw/Select/Modify interaction loop apparent to the
user.

GESTURE-BASED OBJECT SELECTION

Motiv ation

Thecollectionof markscomprisinganimagemaygiveriseto
numerousoverlappingplausibleparsingsandinterpretations.
PerSketch's imageanalysisproceduresandinternalrepresen-
tationsattemptto makethe mostsalientemergentstructure
explicitly available,butthisraisestheissueof howtheuseris
to specifyto thesystemwhichparticularinterpretationhehas
in mindatthemoment.Gesturesareanaturalcommunication
meansfor pen-basedsystems.The signalanalysisproblem
that arisesby adoptinggesture-basedselectionis oneof in-
ferringtheuser'sintentin termsof thecollectionof identi®ed
primitiveandabstractobjects.Machinevisiontechniquesare
usefulbecausetheyprovidemechanismsfor generatinghy-
pothesesre¯ectingstructuredmodelsfor signaldata,andfor
matchingthesehypothesesto observations.

Existinggraphicalobjectselectionmethodsincludepointing
andclicking/tappingator nearimageobjects,andencircling.
Oneproblemwith thesetechniquesis thattheyleadto ambi-
guity whentherearemultiple overlappinginterpretationsof
thevisible marks.We wish to employthesetechniques,but



alsoto augmentthemto leveragethe multiple levelsof vi-
sualstructuremadeexplicit by token-basedperceptualorga-
nizationanddomainspeci®cobjectrecognitionprocedures.
We offer two additionalgestureselectiontechniques,plusa
frameworkfor deployinga multiplicity of gestureselection
methodssimultaneouslyandin cooperationwith oneanother.

Pose Matching

Althoughthevariousabstractobjectsidenti®ablein acollec-
tion of curvilinearlinesmay overlapandsharesupportat a
primitive level,eachis characterizedby its ownuniquecom-
binationof locationandshapein theimage.A techniquecalled
posematchingenablesusersto selectamongobjectsby ex-
ploitingthedualpropertiesof gesturelocationandgestureshape.
All theuserhastodois to makeaquickgesturethatindicates
the approximatelocation,orientation,andelongationof the
intendedobject.

To eachCOMPOSITE object in the Scale-SpaceBlackboard
weassignaparametricmodelbasedonits locationandshape.
At presentweusea ®vedegreeof freedomposemodelpos-
sessingtheparameters,x-location,y-location,orientation, length,
andwidth. Theseparametersareassignedequivalentlyto ®t-
ting an orientedboundingbox to the object,usingthe ®rst
momentof inertiaaboutthecentroidto estimateorientation.
SeeFigure5a. Similarly, anycurvecomprisingthepathof a
selectiongesturecanbemodeledby poseparametersin the
sameway.

To compareobjectandgestureposesit is necessaryto usea
nonlinearsimilaritymeasurethattradesoff distancewith con-
gruencein shape.It is insuf®cientto usea linear similarity
measuresuchasEuclidiandistancebecause,for example,dif-
ferencein orientationparametersof two posesis signi®cant
only whentheaspectratio of eachis relativelyhigh,but be-
comesinsigni®cantwheneitherobjectdisplayslow aspectra-
tio. SeeFigure5b. For anygivenselectiongesturewe rank
orderabstractobjectsresidingin theScale-SpaceBlackboard
accordingto thesimilarity measureandoffer themostsimi-
lar asthebestguessof theobjectthe userintendsto select.
Figure5c illustratesthatposematchingpermitsperceptually
coherentobjectsto beselectedwith a singlegesturedespite
thepresenceof overlappingobjectsandclutter.

Path Tracing

A secondmethodfor gesture-basedobjectselectionallows
theuserto selectanarbitrarilycomposedcurveby tracingan
approximatepathoverit. Thealgorithmidenti®esthepathof
curvefragmentsconnectedend-to-endthatbestmatchesthe
pathof the selectiongesture.For anygiven chainof curve
fragments,a quality measure,or score,canbe assignedas-
sessingthedegreeto whichagivenselectiongesturepathre-
semblesthatde®nedby thecurves.This is basedonthefrac-
tion of theselectiongesturespannedby thechain,andthe®t
of eachconstituentcurvefragmentto theportionof theges-
turepathit projectsonto.SeeFigure6a.

Figure 6: a. Any partial path consisting of a chain of
PRIME curve fragments, e.g. path A-B, is assigned a
score assessing how well it accounts for the selection
gesture path (circular dots). The score is based on the
fraction � of the selection gesture spanned, and on the
maximum distance � between the selection path and
each constituent curve fragment. b. Dotted lines show
the path of end-to-end-linked PRIME curve fragments
chosen by the path tracing algorithm for a sample se-
lection gesture (circular dots).

Weuseadynamicprogrammingalgorithmtogrow,onePRIME

curvefragmentatatime,thebestscoringchainof curvefrag-
mentsthataccountsfor theselectiongesture.At eachstepof
thealgorithmalist of partial-chainsis maintainedalongwith
their associatedgesturematchingscores,eachchainbegin-
ningwith aPRIME objectresidingnearthestartingendof the
selectiongesture.Foreachpartialchainwealsonotethebest-
possible-score thatcouldbeobtainedif thechainwerecon-
tinuedby a segmentcongruentwith theremainingportionof
theselectiongesture.Eachstepof thepathgrowingalgorithm
addsonelink to thepartialchainpossessingthegreatestbest-
possible-score. Partialchainswhosebest-possible-scoresfall
below the chainwith the bestactualscoreareprunedfrom
furtherconsideration.TheScale-SpaceBlackboardis usedto
ef®ciently®ndPRIME objectslinkedend-to-endwith theend-
mostPRIME curvesegmentof eachpartialchain. Figure6b
presentsthechainof PRIME curvefragmentsbestmatchinga
selectionpathin a complexscene.



Figure 5: a. A pose model capturing the location and rough shape of emergent objects is equivalent to ®ttingan oriented
bounding box around the object. The triangle and the selection gesture path (depicted with circular dots) share the same
pose parameters. b. Nonlinear pose similarity measure (actually a dissimilarity measure whose minimum value of 0
occurs for identical poses). Dissimilarity is expressed as a soft OR function over differences in location, aspect ratio,
orientation, and scale. Satisfactory values for the free parameters are ���������
	 and ���
��� � . c. Examples of selection
by pose matching. Selection gesture paths are depicted in circular dots, resulting selected objects are shown with dotted
lines.



Choosing Among Selection Methods

Togivetheuserseveralmethodsfor mappingaselectionges-
ture to oneor moreobjectsin an imagewould leadto awk-
wardnessif theuserhadto performanextrastepto specify
amongtheselectionmethodsavailable.Instead,wehaveim-
plementeda simplemeansfor thesystemto infer which se-
lectionmethodÐpoint-and-tap,encircling,posematching,or
pathtracingÐis themostaptinterpretationof thecurrentse-
lectiongesture:Eachtime theuserexecutesa selectionges-
ture, eachobjectselectionalgorithmis runs independently.
Furthermore,eachalgorithmreturnsnotonly itsbestguessas
to whichobject(s)theuserintendsto select,butalsoa con®-
dencescoreindicatingits ªbeliefº that theuseris indeedse-
lectingby tapping,encircling,mimicing a pose,or tracinga
path,respectively. For example,if the two endsof the se-
lection gesturemeetor form a small pigtail, thenan encir-
cling canbeassertedwith fairly high con®dence.Thecon®-
dencescoresarecomparedto decidewhichselectionmethod
to choose.Parametersfor thecon®dencescoreestimational-
gorithmsaretunedby observingusersandallowing for the
kindsof slop they tendto exhibit in pointing,circling, pose
matching,curvetracing,andsoforth.

Example Use Scenarios

Figure7 presentstwo scenariosfor thekindsof situationsin
which perceptuallysupportedsketchediting leadsto faster
andeasierimagemodi®cationsthanarepossiblewith con-
ventionalink editingtools.Existingmarksmayberearranged
andreusedin all or in part, andasthey arecombinedwith
eachotherandwith newstrokes,thecurvilinearunitsavail-
ablefor manipulationby theuserre¯ect manyof thepercep-
tually salientstructuresin whichhisvisualsystemconceives
theimage.

Theseexampleshappento havebeendrawnoriginally noton
a stylus-basedcomputer, but on paper. In otherwords,we
areableto import staticbitmapsof line drawingsandapply
all of the imageanalysisproceduresenablingperceptually-
supportedediting from scannedimagesaswell assketches
createdonline.

CONCLUSION

We view this asa ®rststepinto anemerging spaceof WYPI-
WYG(WhatYou PerceiveIs WhatYou Get) imageeditors.
Computervision technologyis at this momentin its infancy.
Wehavein thispaperappliedonly thesimplesttechniquesof
curvilineartokengrouping.As thescienti®cstudyof percep-
tual organizationandobjectrecognitionmature,morepow-
erful imageinterpretationmethodswill becomeincreasingly
availableto permit imageeditorsto takeadvantageof addi-
tional kinds of imagestructurecomputedby the humanvi-
sualsystem,includingrepresentationsfor imageregions,re-
gion textures,threedimensionalspatialstructure,character
andtext recognition,anda hostof methodsfor recognizing
objectsatadomain-speci®c,semanticlevel. By applyingthese
formsof perceptioncovertlyasauserinteractswith animage,

weenvisionmachinesthatcomecloserto giving onetheim-
ageonewantsby readingone'smind.
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Figure 7: b. Combining sketches of two electrical signals to observe the result when the analog signal (A) is gated by the
digital signal (B).



Figure 7: PerSketch use scenarios. In each case the
main intermediate steps are shown. a. Inserting a
missing item in a bar chart.


