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Abstract

Thispapershowsthatbyadoptingstrictlysignal-based
methods,wide-rangingfigure/groundseparationpro-
cessesmaybe reducedto a small, fixedsetof primi-
tive operations,in a concise,parsimonious,and effi-
cient way. In the signal-basedapproach, the primi-
tivesconsumeand producepointwisedescriptionsof
thescene,rather thancompactdescriptions.Theex-
pressivepowerof the approachderivesfrom power-
ful primitivesfor integratinginformationacrossspace,
from the decompositionof geometricproblemsinto
pointwisesubproblems,fromuniversaladherenceto a
commondatastructure, andfromtheexploitationand
preservationof locality.

1 Introduction
This paper shows that by adoptingstrictly signal-based
methods,wide-rangingÞgure/groundseparationprocesses
maybereducedtoasmall,Þxedsetof primitiveoperations,
in aconcise,parsimonious,andefÞcientway. In thesignal-
basedapproach,theprimitivesconsumeandproducepoint-
wisedescriptionsof thescene,ratherthancompactdescrip-
tions.

Voronoitessellationprovidesa paradigmaticexampleof
a signal-basedmethod.TheVoronoiregionof a blackcon-
nectedcomponent in a binary imageis the setof pixels
thatarecloserto a pixel of thanto anyblackpixel not in

. TheVoronoitessellationis a partitionof a binaryimage
intoVoronoiregions.It maybecomputedin twosteps:Þrst,
eachblackpixel isassignedalabeluniquelyassociatedwith
its connectedcomponent;theneachwhitepixel is assigned
the label of the nearestblack pixel. Supposethat eachof
thesestepsis a primitive operation.Fourpropertiesof this
routinearecharacteristicof ourmethods:

Powerful primitives: The routine is expressedusing
primitivesthatestablishvisuallyimportantspatialrelations,
suchasconnectivityandproximity.

Minutesubdivision: Thegivenproblemis brokendown
into the smallestpossiblesubproblemsÑspatialrelations
amongindividualpoints.

Uniform data structure: The primitives producedata

a b
Figure1: (a)Thissceneis structuredby proximityandsim-
ilarity relations.(b)ThegreyblobsdeÞneproximitygroups
by inclusion.

a b
Figure2: (a)Height-similaritygroupsof letters;for clarity,
VoronoiregionsdeÞnedby thegroupidentiÞersareshown
by greylevel. (b) Letterssalientin height,shownin black.

structuresof the samekind asthey consume;thereforeso
doestheroutine.

Preservationof locality: All inputandresultarraysarethe
samesizeandin spatialregistration.

These propertiesbear directly on our expressiveness
goals.Minutesubdivisioncontributestoconciseness.In ge-
ometricintersectionby ANDing binaryarrays,minutesub-
divisionby itself givesthe tremendoussimpliÞcationrela-
tivetoanalyticintersectionalgorithms.Thecaseof Voronoi
tessellationillustratesthatthescopeof arraybasedmethods
is extendedby primitivesthatextractmoreglobalpixel re-
lations.

Uniformdatastructurecontributestoparsimony: anyop-
erationmay be appliedto any result, so routinesmay be
combinedin ßexibleways,leadingto extensivesharingand
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a b
Figure3: (a)A scenerequiringseparationof curvilinearÞg-
ures.(b) A regionboundaryextractedusingadjacency.

reuse.Proliferationof datastructuresleadsto proliferation
of primitive operationson them,andto costlycostlycoer-
cionsbetweenthem.

Preservationof locality leads to efficiency. The time-
complexityof many analytic geometricalgorithmsÑe.g.,
for intersectionandVoronoitessellationÑisdominatedby
thecostof sorting[7]. This is becausetheinput is a list of
geometricobjects,whereasthe resultdependson therela-
tions amongspatiallyneighboringobjects. Sortingin the
spatialdimensionsis requiredto establishtheseneighbor
relationships. Correspondingsignal-basedmethodswork
withoutsorting,becauseproximity in thesceneispreserved
in the input imageandthroughoutthe computation.Uni-
form datastructure,too, contributesto efÞciency: when
sorting is requiredÑto establishobject relationsin non-
spatialdimensionsÑwecan uselinear time (bucket)sort,
becauseof theÞxed-sizeanddiscretenessof thearrays.

The goal of this paperis to makethe casefor a signal-
basedapproachto Þgure/groundseparation.This is done
byproposingasetof primitiveoperations(in Section3)and
thenshowinghowa wide rangeof importantÞgure/ground
capabilitiesreduceto them(in Section4). Thecapabilities
we consider(in Section2) in makingthis casearedrawn
from the restricteddomainof graphicscenes. Neverthe-
less,they arequite diverse,so reductionto our primitives
demonstratessigniÞcantscopeandmakesour case. Sec-
tion5 discussesrelatedwork andSection6 makesconclud-
ing remarks.

2 Figure/ground capabilities
The following Þgure/groundseparationcapabilitiesseem
to play a fundamentalrole in graphicsceneanalysis: (i)
grouping: forming equivalenceclassesbasedon similar-
ity or proximity; (ii) selection: extractingÞguresbasedon
prominence;(iii) proximityshifts: extractingÞguresbased
on proximity relationsto a given Þgure or location; (iv)
curve tracing: separatingintersectingcurvilinearÞgures,
oftenbasedoncolinearity.

Grouping. Figure1 (a) is highly structuredby proximity
andsimilarity relations. Theserelationsenablethe visual

a b
Figure4: Curveswith a salientlocal propertyextractedby
selection(shownin black): (a)salientwidth; (b) salientcur-
vature.

a b
Figure5: (a) Curvesegmentationinto junctions(shownin
black)andsegments(shownin grey). (b) A curveextracted
by colinearitytracingthroughjunctions.

systemto form groups, i.e., equivalenceclassesof simple
sceneelements.Figure1 (b)showsgroupsdeÞnedby prox-
imity, alone,amongthe letters. Figure2 (a) showsgroups
deÞnedby similarity in height.

Selection. Figure1 (a)alsoillustratesthatpropertydiffer-
encesamongsceneobjectscangiverisetoasenseof promi-
nenceorsalience.Figure2 (b)showssomelettersthatstand
outduetoheight,relativeto theotherletters.Figureextrac-
tion basedona saliencemeasureis calledselection.

Proximity shifts. Proximityrelationsalsoprovidevisual
framesof reference,i.e.,waysof ÒpointingtoÓparticularÞg-

a b
Figure6: (a) The notesaresuperimposedon lines,but are
easilyseparatedvisually. (b)Noteheadsextractedbyaform
of proximitygrouping.
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a b
Figure7: (a)WeoftenperceiveregionswhoseÒboundariesÓ
arenot closedor connected.(b) The boundedregionwas
extractedby a form of proximitygrouping.

ures. In Figure1 (a) we interpretÒthestringat the upper-
leftÓto meanthestringÔ415Õ.This interpretationrelieson
proximity of a givengroup,of letters,to a Þxed reference
location,acornerof theimage. Similarly, interpretingÒthe
letternearesttheÔRÓÕrelieson proximity to analreadyex-
tractedÞgure(theÔRÕ),while Òthenumberto theleft of the
Ô8ÓÕreliesonproximityconstrainedtoarangeof directions.
Curve tracing. In the Venndiagramof Figure3 (a), the
setboundariesandothercurvesintersectto form acomplex
curvilinearÞgure.Theymustbeseparatedfromoneanother
to interpretthis scene.Someof themareseparableby se-
lection: theboundaryof setÒYÓis salientin width,andthe
boundaryof setÒZÓis salientin curvature(Figure4 a, b).

Thissceneinvolvesotherseparationproblems,however,
thatrequirenewmethods.Extractingtheboundaryof theset
labeledÔXÕrequirescurvetracing, i.e., separatinga curve
by following it sequentiallythroughits junctionswith other
curves(Figure5). A prerequisitefor this is thecapacityto
decomposeacurvilinearÞgureinto junctions,terminations,
andsimplecurvesegments(Figure5 (a)). Tracingalsore-
quiresa criterionfor choosingan outgoingbranchat each
junction.Any setboundaryin Figure3 (a)maybeextracted
by a tracingprocessthatchoosesthebranchcolinearto the
currentsegmentateverycrossing.Whenthegoalis to Þnd
or follow a path,as in map reading,differentchoicesare
madeat eachcrossing.

Consider, also,theproblemof extractingtheboundaryof
agivenregion,e.g.,theregionmarkedÔdÕ.Theboundaryis
not givenby anyintrinsicproperty, but by proximity. (See
Figure3 (b).)

Twofurtherseparationphenomenainvolvecurvesthough
not necessarilycurvetracing. We often perceivecompact
shapessuperimposedon curves as distinct Þgures(Fig-
ure6). Conversely, weoftenperceivedistinctregionswhose
ÒboundariesÓarenot closedor connected(Figure7). (The
boundingÞguresmaynotevenbecurvilinear.) We referto
suchÞguresaspartially delineatedandpartial bounded, re-
spectively.

3 Primitive operations
Theprimitivesareof two basickinds.Pointwiseprimitives
consistof commonarithmeticandlogicaloperationsapplied
elementwiseto arrayarguments.For example,theadd op-
erationaddscorrespondingarrayelements,resultingin an
arrayof sums.Integrationprimitivescombinevaluesacross
setsof locations,usingscalar , , , , or .

Theinputsandresultsof thepointwiseprimitivesareei-
therall 2Dorall 1D.2Dintegrationprimitivesconsumeand
produce2D arrays,operatingin thespatialdimensions.1D
integrationprimitivesconsumeandproduce1D arrays,op-
eratingin theÞgurepropertydimensions.Theseprimitives
are usedalongwith scalarcomputations,e.g., operations
involving globalpropertiesof a Þgureor the entirescene.
Thebridgingintegrationprimitivesconnectthe2D,1D,and
scalarrealms.

2D integration primitives Ñ
translate uniformlytranslatestheelementsof its inputar-

rayby given offsets.
labelcc associatesa uniqueintegeridentiÞer with each

blackconnectedcomponentin a binaryinputarray, andas-
signsto eachblackpixel theidentiÞerof its component.
project accumulatesvaluesalongpixel rowsorcolumns.

E.g.,downwardprojectionassignsto location a combina-
tion of Õs valuein the input arrayandtheresultof down-
wardprojectionat thelocationimmediatelyabove .
read assignstoeachlocationthevalueof thenearestnon-

zerolocationin theinput.
spread takesa dataarrayandan addressarrayasargu-

ments. An equivalenceclassof locationsis a setof loca-
tions havingidenticalvaluesin the addressarray. Within
eachequivalenceclass,spread combinesdatavaluesintoa
singlescalarandthenassignseachscalarresultto everylo-
cationin theequivalenceclassfromwhichit wascomputed.

1D integration primitives Ñ
translate-1d and project-1d are 1D counterpartsof

translate andproject.
Bridging integration primitives Ñ
accumulate is a generalizationof histogramming. A

valuein the(2D) addressarrayargumentspeciÞestheout-
put bucket in the 1D array result into which a value at
thecorrespondinglocationof the(2D) dataarrayargument
shouldbecombined.(I.e., all thedatavaluesin anequiva-
lenceclassarecombinedinto a singlescalar.)
distribute: a valueat a particularlocation in the(2D)

addressarrayargumentspeciÞesa bucketin the(1D) data
arrayargument.Thevaluein thatbucketis assignedto the
correspondinglocation( ) in the(2D) resultarray. (I.e., this
operationcopiesa scalarvalueassociatedwith an equiva-
lenceclassto eachlocationin theclass.)

(Notethatspread is thecompositionof accumulate and
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distribute.)
global accumulate combinesall valuesin the(1Dor2D)

inputarrayinto a singlescalar.

The linear time imperative. Theseprimitives meetthe
requirementthat run time and spacemustbe linear in the
numberof array locations, on a serialmachine. This re-
strictsintegrationprimitivestoprocessesthatmoveasmall,
Þxed neighborhoodacrossthe arraysin a Þxed numberof
passes,wherea passmay visit eachlocationno morethan

times, for somesmall, Þxed . E.g., read is a simple
extensionof a standarddistancetransform([4]) that raster
scansthearray, in twopasses,alwaysexaminingaÞve-pixel
neighborhood.

4 Figure/ground routines
All theÞgure/groundseparationexamplesshownin thispa-
perareactualresultsof applyingroutinesdeÞnedalongthe
linesbelow. In thefollowing sketches,only theintegration
operationsinvolvedin a routinearementionedexplicitly.

Proximity shifts. All proximity shift routinesapply the
fact that is thenearestconnectedcomponenttoagivenlo-
cation iff Õs Voronoiregionincludes .

Fixedreferenceshifts: ThereferenceÒthelower leftmost
ÞgureÓis takento meanÓtheÞgurenearestthebottomleft
cornerpixelof theimage.ÓA cornerpixel is representedby
an array constant. The requiredÞgure, , is extractedin
threesteps:(i) all Voronoiregionsarelabeleduniquely;(ii)
theVoronoiregion, , of is extractedbyakindof seedÞll,
implementedusingspread; (iii) is intersectedwith thein-
put imageto give .

Neighborshifts: Let , betheVoronoiregionsof Þg-
uresA, B, respectively, inFigure8. Considerthesetof pix-
els in thatareadjacentto a pixel of . (Sucha setis
termeda Voronoi border of .) Let be thepixel in
that is closestto A. Let bea pixel in adjacentto .

mayserveasa seedfor extractingtheneighborB.
may be extractedin four main steps: (i) the dis-

tancetransformis computed,usingread (appliedto pixel
coordinatesmadeby project); (ii) all Voronoiregions

are labeleduniquely; (iii) all Voronoi bordersare labeled
uniquely, using translate; (iv) the relevant in each
Voronoiborderof aremarkedbasedonthedesiredprox-
imity relation.(I.e.,in step(iv), extractingthenearestneigh-
bor andextractingthe neighborin a givendirectionrange
involvedifferentconstraints.)Giventhemarked , thead-
jacent aremarkedusingtranslate.

Curve segmentation. Junctions,terminations,andcurve
segmentsareseparatedby labelingeverypixel with amea-
sureof local branching,and then thresholdingthe result.
This measureis basedon the exit countof eachsquarere-
gion of width thatcontains . Theexit countof is the
numberof timesthatblackcomponentsintersecttheborder
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Figure8: ProximityshiftsareachievedusingrasterVoronoi
representationandseedÞll operations.

1exits: 2 3 4

Figure9: Line featuresareassociatedwith ameasureof lo-
cal topology, theexit count.

of . If hassuitablesizeandposition,the exit countre-
ßectsthelocal branchingof a curvilinearÞgurethat par-
tially includes.E.g., theexit countis four if wholly con-
tainsa crossingof two lines.

To allow varying curve width, given constant , the
curvesareÞrst thinned.Thepositioningissueis addressed
usinga votingschemeÑheuristically, meaningfulposition-
ings aremorecommonthanspuriousones. To apply this
idea,exit countis computedat all positions. The branch-
ing factorat a pixel is takento bethemodalvalueof exit
countamongregionsthat include . Exit andvote counts
arecomputedÒconcurrentlyÓat everylocationusinga few
project andtranslate operations.

Tracing. Whereasa step of a conventionalcurve trac-
ing processoperatesonasmallpixel neighborhood,signal-
basedtracingoperatesonanentirecurvesegmentat astep.
Figure10illustratesthesituationatajunction.Thesegment

c

t
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f2

a

c
f1

f2

b
Figure10: Signal-basedtracing:(a)atacrossing,thecolin-
earsegmentusuallycorrespondsto thenon-ßankingregion;
(b)atafork, bothoutgoingsegmentsarein ßankingregions.
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lastextracted, , terminatesin anewlyencounteredjunction
. InFigure10(a), isacrossingwith threeemanatingseg-

ments.Two of them, and , areangularneighborsof ,
while theother, , isnot. Taskslike Òfollowtheleft branchÓ
or Òfollowthecolinearbranch,Óinvolveestablishingwhich
emanatingsegmentbearsthespeciÞedrelationshipto . To
supportthis,segmentsareinitially labeledwith localorien-
tation.Signal-basedtracing is simplest if it operateson the
Voronoi regions of the input segments,rather than the
segmentsthemselves,becauseangularneighborrelations
amongsegmentscorrespondto pixel adjacencyrelations
amongsegmentVoronoi regions. The routine involves
spread andtranslate operations.

Jordan boundary separation. The boundaryof a given
white region, , may be extractedby applyinga proximity
relation,ratherthantracing(Figure3). A blackpixel is in
theboundaryof if it iswithin aboutaline-widthawayfrom
botha pixel of andanywhitepixel not in . To allow for
unknownorspatiallyvaryinglinewidth, thisideaisapplied
to theskeletonof the image,andthedeÞnition is recastin
termsof pixel adjacency, ratherthana distancethreshold.
Theroutineinvolvesonly translate.

Extracting skeletons. The neighbordirectionat a white
pixel is thedirectiontothenearestblackpixel,computedus-
ing read. A ridgepixel is a pixel whoseneighbordirection
differsfrom thatof somefour-adjacentpixelby morethana
giventhreshold.We extractridgesusinga form of hystere-
sis. Let , bethebinaryarraysof ridgepixelsdeÞnedat
thelow andhighthresholds,respectively. Ridgesareblack
componentsof that includeblackcomponentsof , ex-
tractedusingspread. Theskeletonof aÞgureconsistsof the
ridgesin its complement.

Figure property labeling. In Figure1 (a), selectionand
grouping involved a measureof height for each letter.
SuchglobalÞgurepropertiesaretypically computedÒcon-
currentlyÓusing spread. Simple propertiescomputedin
this way includearea,perimeter, boundingbox width and
height, diameter (numberof skeletonpoints), and girth
(modaldistance-to-boundaryatskeletonpoints).

Selection. Selectionmakesexplicit useof theglobaldis-
tribution of the valuesof a given imageproperty . As-
sume is givenasa2D arrayP. Thevaluesof aresorted
into increasingorderin a1D arraybyapplyingaccumulate.
The differences,or ÒgapsÓ,betweenconsecutivevaluesin
thisorderingarecomputedusingtranslate-1d andproject-
1d. A saliencythresholdisanyvalueof falling within the
widestgap(oraÒwideenoughÓgap). isextractedusingthe
global accumulate operation.ThresholdingP by extracts
thesalientÞguresasa binaryarray.

Similarity grouping. Given a property of someini-
tial unitsÑe.g., individual pixels, connectedcomponents,
etc.Ña similaritygroupingis a partitioningof theelements
intoequivalenceclasses,andagroupisoneof theseclasses.
Groupinginvolvestwo stages.First, a similarity threshold

on differencesin is computed. Second,equivalence
classesof elementsaredeÞnedby applyingthethresholdÑ
two objectsarein thesamegroupif theirvaluesof differ
by lessthan .

Considerthesequence, , of all groupingsdeÞnedas
rangesfrom zeroto inÞnity. Stabilityis a generalheuristic
criterionfor choosing , as a functionof thepersistenceof
eachdistinctgroupingin . We pick to givea grouping
thatÒlastslongenoughÓin thisevolution;e.g.,themoststa-
ble non-trivialgrouping.Thestabilitymeasure of a group-
ing is thelengthof theintervalof overwhich it persists.

The associatedwith adesireddegreeof stabilitymaybe
calculateddirectlyfromthedistributionof , withoutcom-
putinganygroupings.Since is athresholdonthegapsbe-
tweenconsecutivevaluesof , thegroupingsonly change
when exactlymatchesagap.Thestabilitymeasuresof all
groupingsaregivenby (i) computingandsortingthegaps
and (ii) taking the differencesbetweenconsecutivegaps.
Extractingthesevalues,andthen , involvesthesameprim-
itiveswe usedto extract .

Establishingequivalenceclassesof , given , involves
a transitiveclosureoperationon a 1D array, implemented
usingaccumulate, translate-1d, project-1d. When is
given asa 2D array, the Þnal stepis to label 2D locations
with theirequivalenceclassidentiÞers,usingdistribute.

Proximity grouping. Thereis a direct analogybetween
similarityandproximitygrouping:differencein (distance
in thepropertydimension)correspondsto spatialdistance.
Usingthestabilityscheme, iscomputedfrom thedistribu-
tion of spatialgapsizesbetweenneighboringcomponents.
(A gap size is the minimal distancevalue along a ridge,
computedusingspread.) Then,spatialequivalenceclasses
areformedby thresholdingthedistancetransformbelow .
Black connectedcomponentsin theresultdeÞnegroupsof
inputelementsby inclusion(Figure1).

Partially-boundedregionsareextractedin thesameway,
exceptthat the distancetransformis thresholdedabove
(Figure7). Black connectedcomponentsin the resultare
thenÒgrownÓby a radiusof , by distancethresholding,to
give thedesiredregions.With foregroundandbackground
reversed,this very schemeextractspartially delineatedre-
gions(Figure6).

5 Related work
The reductionof humanperceptualcapabilitiesto a small,
Þxedsetof basicoperationsis theheartof UllmanÕsvisual
routinestheory[10], from which our work descends.The
basicoperationsUllman proposedincludecoloring, trac-
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ing,shifts,indexing, andmarking, whichrelatemoreclosely
to the routinesof Section2 than to our primitives. For
example,UllmanÕs indexingoperationÑashift to an odd-
man-outlocationÑcorrespondsto a combinationof selec-
tion (appliedto localdifferences)andproximityshift.

Mathematicalmorphology([8], [5]) is a signal-based
frameworkÑit employs2D arraysuniformly and it pre-
serveslocalityÑbut onelimited in integrationprimitivesto
translate alone.I.e., MorphologyÕsdilateanderodeopera-
tionsmayberecastassequentialuniformtranslations.Ex-
tractingglobalrelationsthereforeinvolvesextensiveitera-
tion, andthis canbe prohibitively inefÞcient and/orawk-
ward. In practise,morphologyis often combinedwith
global operationssuchas connectedcomponentlabeling,
histogramming,multi-resolutionprocessing[1], etc.

Signal-basedimageanalysisis a form of dataparallel
computation,andsomeof our primitivesarefoundin data
parallellanguagesÑe.g.,languagesfor theConnectionMa-
chine [9]Ñwhich are often appliedto 2D imageanalysis
problemsonmeshandhypercubecomputers.Theyprovide
translate, project, andthe pointwiseprimitives. (project
is the parallel preÞx or ÔscanÕoperation.) Their general
global sendand get operationssubsumeaccumulate and
distribute. Notbeingspecializedto imageanalysis,theydo
not includeoperationsrelatedto labelcc or read.

Cass[3] introduceda generalizedhistogramoperation
thatcorrespondstotheaccumulate operation.Healsocom-
posedit with asubsequentdistributionprocess.Thiswasin
thecontextof a dataparallelmodel-basedrecognitionsys-
tem,notanimageanalysisÒlanguage.Ó

Seymour[6] is a generalpurposedataparallel language
thatincorporatesadditionalglobaloperationsincludingpar-
allel preÞx, sort, broadcast/report,associativeread/write,
merge, and reduction. Thoughnot specializedto image
analysis,Seymouris closelyrelatedto ourapproachin that
it extendsstandarddataparallelismwith higher-level Òin-
tegrationÓoperations.Most globaloperationsin Seymour
amounttocompositionsofaccumulate anddistribute; e.g.,
its Òsemi-groupoperationÓis equivalentto spread. It does
notprovideoperationsrelatedto labelcc andread.

Many image processing/analysislanguageshave been
proposed,buttworecentones([11], [2]) standoutin provid-
ingauniÞedframeworkfor implementingglobaloperations
suchashistogramming,connectedcomponentlabeling,dis-
tancetransforms,etc.,with parallelhardwarein mind. Our
ÒlanguageÓtakessuchoperationsasprimitive,andsupports
processesat a higherlevel.

6 Conclusion
Weproposeda signal-basedapproachto Þgure/groundsep-
aration,to achieveconciseness,parsimony, andefÞciency.
We argued that signal-basedmethodsmeet thesegoals
throughminuteproblemdecomposition,uniformdatastruc-

ture,andpreservationof locality, givenpowerfulprimitives
for integratinginformationacrossspace.We examineddi-
verseÞgure/groundseparationcapabilitiesdrawnfrom the
domainof graphicscenes.We introduceda setof primitive
operations,andsketchedhowtheÞgure/groundcapabilities
reduceto them.

Theprimitivesandroutineshavebeenwidely appliedto
manydiagramunderstandingandpagesegmentationtasks,
butadiscussionof theseapplicationsisbeyondthescopeof
thepaper.

Most of the routinesrun in time on a serialma-
chine, beingthe numberof pixels. Indeed, is typi-
cally muchlargerthanthenumberof geometricobjectsin-
volved in correspondinganalyticmethods,but this is bal-
ancedsomewhatby theraster-scanuniformityof theprim-
itives, which fully exploitsserialmemorybandwidth.The
signal-basedapproachbecomescompetitivegivena range
of furtheroptimizationsthatarebeyondthescopeof thispa-
per.

The demonstrationswere limited to graphic images,
whereour practicalexperiencelies, but the primitivesare
quitegeneral.WearebeginningtoextendtheÞgure/ground
routinesto otherkindsof scenes.
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