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ABSTRACT

Thehumanvisualsystemmakesa greatdealmoreof images
thantheelementamarkson asurface In the courseof view-
ing, creating oreditingapicture,weactivelyconstruct host
of visualstructuresndrelationshipg@scomponentsf sensi-
bleinterpretationsThispapershowshowsomeof thesecom-
putationalprocessesan be incorporatednto perceptually-
supportedmageediting tools, enablingmachinego better
engageausersatthelevel of their own perceptsWe focuson
thedomainof freehandsketcheditors,suchasanelectronic
whiteboardapplicationfor a pen-base@omputer By using
computervision techniqueso performcovertrecognitionof
visual structureasit emegesduring the courseof a draw-
ing/editingsessionaperceptuallyupportedmageeditorgives
usersaccesso visualobjectsastheyareperceivedy thehu-
manvisualsystem We preseng exible imageinterpretation
architecturebasedon tokengroupingin a multiscaleblack-
boarddatastructure.Thisorganizatiorsupportsnultipleper
ceptualinterpretation®f line drawingdata,domain-speci®c

knowledgébasedor interpretablevisualstructuresandgesture-

basedselectiorofvisualobjects.A systemimplementinghese
ideasgcalledPerSketchbegingo exploreanewspacef WYPI-
WYG(What Your Perceivels What You Get) imageediting
tools.

KEYWORDS: imageediting,graphicsediting,drawingtools,
sketchtools, interactivegraphics,pen computing,gestures,
machinevision, computervision, perceptuabrouping,per
ceptualbrganizationfokengrouping,scalespaceblackboard
WYPIWYG, PerSketch.

INTRODUCTION

Drawingis aninteractiveprocessWhetheionpapeioracom-
puterscreenthe physicalmarksappearingn a surfacesup-
porttherecognitionanddiscoveryof relationshipgandstruc-
turesthathadmomentseforebeenonly latentin the imagi-
nation. After executingafew strokespnetakesnoteof new

possibilitiesaswell asproblems.Thenonedrawssomemore,
eitherby addingto or changingheexistingmarks,andsoon.
Thus,asperceiveddy the user the structureof a drawingis
emegentanddynamic. In orderfully to participatein this
processanidealdrawingeditortoolwouldbeableto readthe
usefs mind (hisvisualsystemn particular)andsynchronize
with whateveimageentitiesthe userhappengo perceiveas
signi®cantWhile we cannotbuild suchanidealdevice,we
canadoptmethodsfrom ComputationaVision to construct
and makeavailable,within animageediting program,rich
setsof visual objectsthat betterre ect the coherentspatial
structureshatusersarelikely to perceiveandwantto manip-
ulate[5]. Wecalltheresultingclassof perceptuallysupported
tools WYPIWY@What You Perceivels WhatYou Get)im-
ageeditors.

We explorethisideawithin thecontextof freehandine draw-
ing editorsin which the usermanipulategdigital-ink® in an
ElectronicWhiteboardor ElectronicSketchpadapplication.
Underlying our approachare severalgoalsfor this classof

systemg6, 8] Theuserinterfacemustbetransparenandim-

mediatelyaccessiblewith increasedunctionalitycomingin

layersthatthe usercaneitheracquireor not: oneshouldbe
ableto walk upandjustdraw obliviousto whatevethecom-
puterunderneatlis doing. Theusershouldnt haveto worry

aboutwhetherthe computerecognizesomethingcorrectly
or not. Mostwork shouldbe donedirectly on the drawing
(e.g.withouthavingto dealwith menus).

Existingimageeditingprogramsareof twotypes.Paint-style
programdet one createany possibleimage,but at the cost
of working atthelevel of eitherindividual pixelsor, atbest,
crudely de®nedtollectionsof pixels. Structued graphics
styleprogramdet onecreateabstracbbjects suchasellipses
andrectanglesbut oncecreatedheseobjectsmustbe dealt
with literally andcannobedissemble@r composedto new
objects.In bothcaseshegrainsizeof useraccessiblebjects
rigidly constrainghesetof imagemodi®cationgasilyavail-
abletotheuseratanygiventime. It iscommonplacéor users
to experiencdrustrationwhentheywantto makeapparently
simplechangego animagethatthe editing toolsjust do not
allow themto perform.

Existing digital-ink-baseddrawingsystemanostcloselyre-
semblestructuredyraphicsditors.Theunitsof manipulation



are strokes de®nedy the pathof the penfrom thetime it
toucheghesurfaceof thedisplayuntil it islifted. Often,how-
ever userswish to manipulatenot the strokesasthey were
originally drawn, but objectsemegent from the raw mark-
ings. SeeFigurel.

Theissueis: whathappensvhen perceptuallysalientstruc-
tureoccursatthelevel of (1) fragmentsf ink strokespr (2)
collectionsof severaktrokes?Zewexistingsystemsaddress
thesepossibilities althoughsomehigh-endcommerciagraph-
icseditorg(notink-basedystemperse)dopermitsuchstruc-
tureto bemadeexplicitthroughacumbersomproces®f con-
vertingcurvego asplinerepresentatiorselectingoreakpoints,
fragmentinghecurves selectingragmentsthenreconstruct-
ing newcurves.

Ourwork borrowsfrom computewisionin two waysto sup-
portuseracces&ndmanipulatiorof visually apparenstruc-
turein thecourseof creatingandeditingdrawings.First,we
employtechniquesf perceptuabrganizatiorbytokengroup-
ing ®rstto decomposénk-basedstrokesinto primary units,
andthenreassembléheseinto coherentompositebjectsin
thefashionof Marr's Primal SketcH3]. To re ectthesome-
timesambiguousndoftengoal-directechatureof humarper
ception,our methodssupportmultiple overlappingnterpre-
tationsof theprimitive imagedata.Secondywe employshape
modeling,shapeecognitionandcurvetracingtechniquesn
supporbf astraightforwardyesture-basedethodor theuser
to selectwhich visual objector objectshe or sheintendsto
edit.

Theimageeditingparadigmfollows conventional
draw/select/modifyserinteractions Thepenisin oneof two
primarymodeswhich aretoggledby buttonpress.ln brRAW
modethepensimplylaysdownink onthesurfacewhichre-
sultsthecreatiorof strokeobjects.In EDIT modeexistingink
objectsaredeletedmoved,copiedrotated,andsoforth, in a
two-stepprocess(1) Selectheobject(s}obeedited;(2) Per
formtheactualdeletion copy, or transformatiomperatioron
theselectedbject(s).

Our systemgalledPerSketchis currentlyimplementecasa
researclprototypan CommonLispgunningonSymbolicdisp
Machinesand on SunworkstationsunderLucid Lisp. The
systemis not optimizedfor speedandcurrently presentsa
delayrangingfrom onequarterof a secondo afew seconds
to processeachstrokeasit is input, dependingon drawing
complexityin thevicinity of the newly addedstroke.Thisis
fastenougho supportmanygraphicakditingtasksbutis too
slow for unimpedechandwriting. The systemhasnot been
usedby alargenumberof people.ltsintenthowevelis notfor
productiorusebutasavehicleto exploreextensiongo exist-
ing electroniowhiteboardsystemsuchasthe Tivoli drawing
program[8] which doeshavea substantialsercommunity

MAINTAINING PERCEPTUAL INTERPRETATIONS

Motiv ation

Outof thearrayof light anddarkelementg£omprisinganim-
age,the humanvisual systemconstructsa richly articulated
descriptionacrosanultiple spatialscalesandmultiple levels
of abstraction.Our objectiveis to mimic theseprocesseto
somesigni®cantlegrean datastructureandproceduresp-
eratingcovertly to the user but re” ecting the salientspatial
structuresisvisualsystemislikely tobeconstructingThese
structuresserveasa resourcdor evaluatingusers'later ob-
ject selectioncommandswhich oftenmakereferenceo ab-
stractentitiesin theimage.Theearly middle,andlaterstages
of humarvisualprocessingachexploitawealthof prior as-
sumptiong&ndknowledgeabouthevisualworld. Thesesources
of constrainandtheir counterpartg oursystemaresumma-
rizedin Tablel.

To datewe haveconcentratedn imageanalysissupportfor
sketcheditingattheintermediatdevel of perceptualorgani-
zation thatis, grouping=f ink fragmentghatform coherent
chunksasaresultof curvilinearalignmentparallelismgcoter
mination,closure or otherstraightforwardbut spatiallysig-
ni®cantproperties. Higherlevel objectrecognitionaccord-
ing with the semanticf particulardrawingdomainsrelies
onknowledgenf domainspeci®groupingrules,e.g.for schematic
diagramg2, 10], mechanicatirawingg1], or chemicalillus-
trations[7]. Theserecognitiontechniques®tinto our archi-
tecturein principlebut havenot beenincorporatedisyet.

System Organization

The PerSketclsystemdesignis groundedn the fundamen-
tal representation&lement®f symbolictokenswhichmake
explicit the presencef andpropertiesof visual structurein
theimage.Tokenspossesattributesof:

typeof structuredenoted

spatiallocation

orientation

scaleor size

pointersto supportingtokensor data

pointersto supportedokens

additionalkype-speci®propertiesuchascurvatureaspect
ratio, strokewidth, andsoforth, asapplicable

Thegeneralprinciple of operationis that,asa sketchis cre-
atedandmodi®edimageanalysigoutinesareconstantlywork-
ing behindthe scenedo dynamicallymaintainanup-to-date
multilevel descriptionof visual structurepresenin the cur-
rentimage representeth termsof tokens.A numberof data
structuresandcomputationatesourcegreemployedo sup-
portthis processFigure?2 portraysthe majorcomponents.

Object Lattice: In generalhumanusersare capableof at-
tendingto any of severalalternativeinterpretationsor pars-
ingsof agivenimagedependingipontheirimmediatetasks
goals,surroundingcontext,andothercues. For examplejn
Figurel (PaneB), onecanreadilyfocusoneitherthesausage
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1. Create rectangle and circle.

D

3. Move half-circle to other end of rectangle.

2. Move circle atop rectangle.

)

4. Remove vertical sides of rectangle.

Figure 1: A sequence of drawing creation and transformation steps easy to visualize and describe, but not supported

under conventional structured graphics or 2ink® drawing editors.

or therectangle.To which doesthetop strokefragmentbe-
long?We maintainthatthe setof identi®ablyplausibleinter-
mediatdevel objectsmaintainedy aperceptuallysupported
imageeditorshouldre”ecttherich andoverlappingsetof co-
herentperceptuathunksdiscoveredr discoverabléyy the
humanvisual system. To this end, tokensare conceivedas
forminganObjectl_atticethatrelategperceptuabbjectsacross
levelsof abstractionFigure3 illustrates.

At thelowestlevelsin thehierarchytokensrepresentlemen-
tal curvefragmentswhich constitutePrRIME objects.At the

higherlevels,eachcompPosiTE objectre ectsacollectionof

PRIME Or COMPOSITE objectghatformsasensibleehunkac-

cordingto somerule of perceptuabrganization.Thelattice

natureof thisorganizatiorprovidedor alternativeinterpreta-
tions of the primary data,thatis, a given PRIME objectmay
participatein the supportof morethanonecompPOSITE ob-

ject.

TokenGrouping Procedures ComPOSITE objectsareplaced
in the ObjectLatticeoneby oneascoherenstructures iden-
ti®edby anopen-endedndextensiblesetof tokengrouping
procedures.Thusfar we havefound that substantiapower
derivefromarathermodessetof rulesunderlyinghegroup-
ing proceduresgonsistingmainly of analysisof cotermina-
tionrelationsandalignmentelationsamongokengepresent-
ing curvefragments Noticein Figure3 howcomPOSITE ob-
jectsemege andareobliteratedasthe resultof simpleedit
steps. We havealsodesignedulesfor identifying closure,
parallelismcornersandT-junctions;attemptatbuildingrules

for theseandotherstructureganbefoundin thecomputewi-
sionliteraturee.g.[4, 9].

Scale-Spac@lackboard: Perceptuallycoherenbbjectsare
identi®edy virtueof qualifyingspatialcon®gurationsf con-
stituenttokens. The tokengroupingrulesspenda greatdeal
of effort searchindor andtestingfor pairsandtuplesof PRIME
andcom POSITE objectsthatsatisfyrespectiveonditionson
their spatialarrangementdn generab combinatoriakxplo-
sioncouldresultfromtestingall combination®f tokensagainst
all rules. However by andlarge, meaningfulcollectionsof
tokenswill be speci®edslying in acommonspatialneigh-
borhoodandthegroupingrulesmaybeappliediocally. The
combinatoricds managedy the useof a spatiallyindexed
datastructurecalledthe Scale-Spac8lackboad. This per
mits groupingproceduredo performenquiriesof the form,
aReturnall tokensof type within distance of location

.2 TheScale-Spac8lackboardalsoindexesokensby
sizesothatlargescalestructurds segregateffomsmallscale
detail. Spatialneighborhoodarede®neahotin termsof ab-
solutepixels,butinsteadn termsof a scale-normalizedis-
tancewhichassessespatialproximity with respectothesizes
of theobjectsnvolved. Thisensureshatlike visualstructure
canbeidenti®econsistenthacrossall magni®cationsf any
givenimage.For detailssee[11].

ShadowBitmap: ForasketcheditingapplicationPRIME ob-
jectsconsistof the smallestcurve fragmentsnot 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.

Processingtage

HumanVisual Processing

PerSketch

Early Vision:
Sensing

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

Premiseof line drawingeditingre-
“ected in a chaincode?ink® data
structurefor curveprimitives.

Middle Vision:
PerceptuaDrganization

Gestaltrules of perceptionguide
the segmentatiorand articulation
of coherentcollectionsof image
componentdikely to re ect com-
mon underlying objects or pro-
cessedn theworld.

Gestalt-like rules operateto as-
semblecoherengroupingof 2to-
kens® which representindividual
strokesor collectionsof strokes.

LaterVision:
ObjectRecognitionpthertasks

Domain speci®c  knowl-
edgeof particularvisual environ-
mentssupportgaggingof taskand
goal-speci®uisual objects.

Open-ended sets of
domain-speci®ulesconstrucse-
manticallysigni®cantrawingen-
tities suchas speci®cshapesand
drawnobjects.

Object Lattice

Scale-Space Blackboard

Token Grouping
Procedures

Rule Base

Displayed
Image

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

Shadow Bitmap

Bitmap Spatial

Analysis Procedures




COMPOSITE objects .

PRIME objects 0 ° o 0 @

®

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



comesecessaryduringthe courseof adrawingsessionfor
thesystento breakup anexistingPRIME objectwhena new
strokeis drawnto crossit. To supportthe ef®cientdiscov-
eryof strokeintersectionsa SHADOW BITMAP is maintained
that depictsexplicitly the pathsof all strokesin the sketch.
Whereagheimagedisplayedo theuserwill showstrokesn
their properthicknesseaswell asancillaryuserinterfaceel-
ementstheshadowbitmapmaintainsonly singlepixel wide
aspines©of thecurveelementsWheneveanintersectiorof a
newly drawnstrokewith anexistingstrokeis detectedn the
shadowbitmap,it becomesan easymatterto checknearby
PRIME objectdn theScale-SpacBlackboardo discovemhich
tokenrepresenttheexistingstroke sothatit canberemoved
from the Blackboardandreplacedwith two smallerPRIME
objectshoundedy thenewlyformedjunction. The2Bitmap
SpatialAnalysisProceduresth Figure2 supporthisandother
similarfunctionsrelatedo analyzingheproximitiesof curves
onthebitmaplevel.

Contr ol Structure

In orderto maintainaconsisteninternalrepresentatioof emer
gentperceptuastructureduringanimagecreation/editinges-
sion,thePerSketcline drawingeditorobeyshecontrolstruc-

tureshownin Figure4. Theroundedboxege ectthedraw/select/n

loop apparento theuser

Thebodyof theimageanalysisvorkfalls within themodules,
aRemoveObjects~romImage®and®Add ObjectgoImage.°
Figure3illustrategheinternalrepresentationsnderlyingthe
scenari®f Figurel. Whenobjectsareremovedrom theim-
age theirconstituenprIME curvefragmentareremovedrom
the Scale-SpacBlackboardandthe ShadowBitmap,andall
COM POSITE objectdn theBlackboardhathadbeensupported
by any of thesePrIME fragmentsareremovedaswell. Fur-
thermore PRIME objectsremainingin the vicinity of newly
deletedPRIME objectsaretestedo seeif theycanbemeged.
Whenobjectsareaddedo theimage,the ShadowBitmapis
checkedfor the creationof new junctions. Existing PRIME
objectsarefragmentedandreplacedvherenecessaryThen,
thetokengroupingrulesareappliedto labelnewly emegent
COMPOSITE objects.

Inthecurrenimplementatiorll perceptuabrganizatiorrules
areappliedateachpasghroughthecycle. Computationaéx-
penseincreasesvith the sophisticatiorandscopeof the ob-
jectrecognitionproceduresleadingto a potentialcomputa-
tionalbottleneckasmoredomain-speci®kmowledges brought
tobearto recognizenoreabstracbbjects.Howeverthecon-
trol structureeasily extendsto onein which processinge-
sourcesreallocatedamongtheprimaryfunctionof support-
ing real-timeuselinteractionandasecondarjunctionof iden-
tifying emegent spatialstructure. In otherwords, astech-
niguesfor sophisticatedrawingrecognitiorarere®nedthey
canbe performedon anopportunistc basisin areal-timein-
teractiveenvironment.

Select Object(s)

Draw Stroke
in Image

Remove Object(s)
from Image

Detect Corners
on Stroke

Specify Desired
Transformation

4
Transform Object(s)

e

Add Object(s) to Image

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

GESTURE-BASED OBJECT SELECTION

Motiv ation

Thecollectionof markscomprisinganimagemaygiveriseto
numerou®verlappingplausibleparsingsandinterpretations.
PerSketclsimageanalysigproceduresndinternalrepresen-
tationsattemptto makethe mostsalientemegentstructure
explicitly available putthisraisegheissueof howtheuseris
to specifyto thesystenmwhich particularinterpretatiorhehas
in mindatthemoment.Gesturesireanaturakcommunication
meansfor pen-basedystems.The signalanalysisproblem
that arisesby adoptinggesture-baseselectionis oneof in-
ferringtheusetsintentin termsof thecollectionof identi®ed
primitive andabstracbbjects.Machinevisiontechniquesire
usefulbecausehey providemechanisméor generatinchy-
pothesese ecting structurednodelsfor signaldata,andfor
matchingthesehypothese$o observations.

Existinggraphicalobjectselectionrmethodsncludepointing
andclicking/tappingat or nearimageobjectsandencircling.
Oneproblemwith thesetechniquess thattheyleadto ambi-
guity whentherearemultiple overlappingnterpretationof
the visible marks. We wish to employthesetechniquesbut



alsoto augmenthemto leveragethe multiple levelsof vi-
sualstructuremadeexplicit by token-basegerceptuabrga-
nizationand domainspeci®wbjectrecognitionprocedures.
We offer two additionalgestureselectiontechniquesplus a
frameworkfor deployinga multiplicity of gestureselection
methodsimultaneouslandin cooperatiomith oneanother

Pose Matching

Althoughthevariousabstracbbjectsidenti®ablen a collec-
tion of curvilinearlines may overlapandsharesupportat a
primitive level,eachis characterizety its own uniquecom-
binationof locationandshapéen theimage.A techniquesalled
posematchingenablesisersto selectamongobjectsby ex-

ploitingthedualpropertie®f gesturdocationandgestureshape.

All theuserhastodois to makeaquickgesturahatindicates
the approximatdocation,orientation,and elongationof the
intendedobject.

To eachcoMPOSITE objectin the Scale-Spac&lackboard
weassigrnparametriecnodelbasednits locationandshape.
At presentve usea ®vedegreeof freedomposemodelpos-

sessingheparameterss-location y-location orientation length

andwidth. Theseparameterareassignecequivalentlyto ®t-
ting an orientedboundingbox to the object, usingthe ®rst
momentof inertiaaboutthe centroidto estimateorientation.
SeeFigure5a. Similarly, any curvecomprisingthe pathof a
selectiongesturecanbe modeledby poseparametersn the
sameway.

To compareobjectandgestureposest is necessaryo usea
nonlineaisimilarity measuréhattradeoff distancevith con-
gruencein shape.lt is insuf®cientto usea linear similarity
measursuchasEuclidiandistancéecausefpr exampledif-
ferencein orientationparametersf two poseds signi®cant
only whenthe aspectatio of eachis relatively high, butbe-
comesnsigni®cantvheneitherobjectdisplaydow aspecta-
tio. SeeFigure5b. For any givenselectiongesturewe rank
orderabstracbbjectgesidingin theScale-SpacBlackboard
accordingo the similarity measurendoffer the mostsimi-
lar asthe bestguessof the objectthe userintendsto select.
Figure5cillustratesthat posematchingpermitsperceptually
coherenbbjectsto be selectedvith a singlegesturedespite
thepresencef overlappingobjectsandclutter.

Path Tracing

A secondmethodfor gesture-basedbjectselectionallows
theuserto selectanarbitrarilycomposedurveby tracingan
approximateathoverit. Thealgorithmidenti®eshepathof
curvefragmentsonnectednd-to-endhatbestmatchegshe
pathof the selectiongesture.For any given chainof curve
fragmentsa quality measurepr score,canbe assigneds-
sessinghedegredo which agivenselectiorgesturepathre-
sembleshatde®nedby thecurves.Thisis basednthefrac-
tion of the selectiorgesturespannedy the chain,andthe ®t
of eachconstituenturvefragmentto the portionof the ges-
ture pathit projectsonto. SeeFigure6a.

D F

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).

We useadynamicgprogrammingalgorithmto grow, onePRIME
curvefragmentatatime, thebestscoringchainof curvefrag-
mentsthataccountdgor the selectiorgesture At eachstepof

thealgorithmalist of partial-chainss maintainecalongwith

their associatedjesturematchingscores eachchainbegin-
ningwith a PRIME objectresidingnearthestartingendof the
selectiorgesture Foreachpartialchainwe alsonotethebest-
possible-scar that could be obtainedif the chainwerecon-
tinuedby a segmentongruentvith theremainingportion of

theselectiorgesture Eachstepof thepathgrowingalgorithm
addsonelink to thepartialchainpossessinthegreatesbest-
possible-scax Partialchainsvhosebest-possible-scesfall

below the chainwith the bestactualscoreare prunedfrom

furtherconsiderationTheScale-SpacBlackboards usedo

ef®ciently®ndrrIME objectdinked end-to-endvith theend-
mostPRIME curvesegmenbf eachpartial chain. Figure6b
presentshechainof PRIME curvefragmentdestmatchinga
selectionpathin acomplexscene.
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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 O
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 . ¢. 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

To givetheuserseveramethoddor mappingaselectiorges-
tureto oneor moreobjectsin animagewould leadto awk-

wardnessf the userhadto performan extrastepto specify
amongtheselectiormethodsavailable.Insteadwe haveim-

plementedh simplemeandor the systemto infer which se-
lectionmethodbpoint-and-tapencircling,posematching pr

pathtracingbis the mostaptinterpretatiorof the currentse-
lectiongesture:Eachtime the userexecutes selectionges-
ture, eachobjectselectionalgorithmis runsindependently
Furthermoregachalgorithmreturnsnotonly its bestguesas
to which object(s)theuserintendsto selectbutalsoa con®-
dencescoreindicatingits 2belief® thatthe useris indeedse-
lecting by 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 canbeassertedvith fairly high con®denceThe con®-
dencescoresarecomparedo decidewhichselectiormethod
to choose Parameterfor thecon®dencecoreestimatioral-

gorithmsaretunedby observingusersandallowing for the

kinds of sloptheytendto exhibitin pointing, circling, pose
matching curvetracing,andsoforth.

Example Use Scenarios

Figure7 presentswo scenariogor the kinds of situationsin
which perceptuallysupportedsketchediting leadsto faster
and easierimagemodi®cationsghan are possiblewith con-
ventionalink editingtools. Existingmarksmayberearranged
andreusedn all or in part, andasthey are combinedwith
eachotherandwith newstrokesthe curvilinearunits avail-
ablefor manipulatiorby the userre ect manyof the percep-
tually salientstructuresn which his visualsystemconceives
theimage.

Theseexamplediappeno havebeendrawnoriginally noton
a stylus-basedomputer but on paper In otherwords,we
areableto import staticbitmapsof line drawingsandapply
all of the imageanalysisproceduregnablingperceptually-
supportedediting from scannedmagesaswell assketches
creatednline.

CONCLUSION

We view this asa ®rststepinto anemeging spaceof WYPI-
WYG(What You Perceivels What You Get)imageeditors.
Computewisiontechnologyis atthis momentin its infancy
We havein this paperappliedonly thesimplestechnique®f
curvilineartokengrouping.As thescienti®cstudyof percep-
tual organizationand objectrecognitionmature,more pow-
erful imageinterpretatiormethodswill becomeancreasingly
availableto permitimageeditorsto takeadvantagef addi-
tional kinds of imagestructurecomputedby the humanvi-
sualsystemjncludingrepresentationfor imageregionsre-
gion textures threedimensionakpatialstructure,character
andtext recognition,anda hostof methodsfor recognizing
objectsaatadomain-speci®semantidevel. By applyingthese
formsof perceptiorcovertlyasauserinteractswith animage,

we envisionmachineghatcomecloserto giving onetheim-
ageonewantsby readingone's mind.
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i. Original drawing. tt. User selects “analog” signal.

. User selects topmost curve elements

i11. Analog signal moved on top of “digital” of composite signal, leaving “gated” signal
signal. unselected.
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v. Topmost curve elements moved away, vi. Drawing cleaned up by filling in gaps.

leaving behind “gated” signal.

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.



