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Abstract

Thispapershowghatbyadoptingstrictly signal-based
methodswide-rangingfigure/ground separationpro-
cessesnay be reducedto a small, fixed setof primi-
tive operations,in a concise,parsimoniousand effi-
cientway In the signal-basedappmoach, the primi-
tives consumeand producepointwisedescriptionsof
the scene rather than compactdescriptions. The ex-
pressivepower of the approach derivesfrom power
ful primitivesfor integratinginformationacrossspace,
from the decompositiorof geometricproblemsinto
pointwisesubppbblemsfromuniversaladheenceto a
commordatastructue, andfromthe exploitationand
preservatiorof locality.

1 Introduction

This papershowsthat by adoptingstrictly signal-based
methodswide-rangingbgure/groundseparatiorprocesses
maybereducedo asmall, Pxedsetof primitive operations,
in aconcise parsimoniousandefbcientway. Inthesignal-
basedapproachthe primitivesconsumendproducepoint-
wisedescription®f thesceneratherthancompactdescrip-
tions.

Voronoitessellatiorprovidesa paradigmatiexampleof
asignal-basednethod. The Voronoiregionof a black con-
nectedcomponentf in a binaryimageis the setof pixels
thatarecloserto a pixel of f thanto anyblackpixel notin
f. TheVoronoitessellatioris a partitionof a binaryimage
intoVoronoiregions.lt maybecomputedn two steps:prst,
eachblackpixelis assignea labeluniquelyassociateevith
its connectecdcomponenttheneachwhite pixel is assigned
the label of the nearesblack pixel. Supposehateachof
thesestepsis a primitive operation.Four propertieof this
routinearecharacteristiof ourmethods:

Powerful primitives The routine is expressedusing
primitivesthatestablishvisuallyimportantspatialrelations,
suchasconnectivityandproximity.

Minute subdivision The given problemis brokendown
into the smallestpossiblesubproblemsNspatiatelations
amongindividual points.

Uniform data structure The primitives producedata
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Figurel: (a) Thisscends structuredy proximity andsim-
ilarity relations.(b) Thegreyblobsdebne proximity groups
by inclusion.
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Figure2: (a) Height-similaritygroupsof letters;for clarity,
Voronoiregionsdebnedby the groupidentibersareshown
by greylevel. (b) Letterssalientin height,shownin black.

structuresf the samekind asthey consumethereforeso
doestheroutine.

Preservatiooflocality. All inputandresultarraysarethe
samesizeandin spatialregistration.

These propertiesbear directly on our expressiveness
goals.Minutesubdivisiorcontributego concisenesdn ge-
ometricintersectiorby ANDing binaryarrays,minutesub-
division by itself givesthe tremendousimplibcationrela-
tive to analyticintersectioralgorithms.The caseof Voronoi
tessellationllustrateghatthescopeof arraybasednethods
is extendedy primitivesthatextractmoreglobalpixel re-
lations.

Uniformdatastructue contributego parsimony anyop-
erationmay be appliedto any result, so routinesmay be
combinedn Rexibleways,leadingto extensivesharingand
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Figure3: (a) A scenegrequiringseparatiomf curvilinearbg-
ures.(b) A regionboundaryextractedusingadjacency

reuse.Proliferationof datastructuredeadsto proliferation
of primitive operationsn them,andto costly costly coer
cionsbetweerthem.

Preservationof locality leadsto efficiency The time-
complexity of many analytic geometricalgorithmsNe.g.,
for intersectiorand VoronoitessellationNisdominatedby
thecostof sorting[7]. Thisis becauseaheinputis alist of
geometricobjects,whereaghe resultdependsn therela-
tions amongspatially neighboringobjects. Sortingin the
spatialdimensionds requiredto establishtheseneighbor
relationships. Correspondingsignal-basednethodswork
withoutsorting,becausgroximity in thescends preserved
in the input image and throughouthe computation. Uni-
form datastructure,too, contributesto efbciency: when
sorting is requiredNto establishobject relationsin non-
spatialdimensionsNwecan uselinear time (bucket)sort,
becausef the bxed-sizeanddiscretenessf thearrays.

The goal of this paperis to makethe casefor a signal-
basedapproachto bgure/groundseparation. This is done
by proposinga setof primitive operationgin Section3) and
thenshowinghow a wide rangeof importantbgure/ground
capabilitiesreduceto them(in Section4). The capabilities
we consider(in Section2) in makingthis caseare drawn
from the restricteddomainof graphicscenes. Neverthe-
less,they are quite diverse,so reductionto our primitives
demonstratesignibcantscopeand makesour case. Sec-
tion 5 discusseselatedwork andSection6 makesconclud-
ing remarks.

2 Figure/ground capabilities

The following bgure/groundseparationcapabilitiesseem
to play a fundamentalkole in graphicsceneanalysis: (i)

grouping forming equivalenceclasseshasedon similar

ity or proximity; (ii) selection extractingbguresbasedon

prominencef{iii) proximity shifts extractingbguresbased
on proximity relationsto a given bgure or location; (iv)

curve tracing: separatingntersectingcurvilinear bgures,
oftenbasedon colinearity

Grouping. Figurel (a)is highly structuredoy proximity
andsimilarity relations. Theserelationsenablethe visual
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Figure4: Curveswith a salientlocal propertyextractecby
selectionshownin black): (a) salientwidth; (b) salientcur
vature.
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Figure5: (a) Curvesegmentatiolinto junctions(shownin
black)andsegmentgshownin grey). (b) A curveextracted
by colinearitytracingthroughjunctions.

systemto form groups i.e., equivalenceclassesof simple
sceneslementsFigurel (b) showsgroupsdebnedby prox-
imity, alone,amongtheletters. Figure2 (a) showsgroups
debnedby similarity in height.

Selection. Figurel (a)alsoillustrateghatpropertydiffer-
encesamongscenaobjectcangiveriseto asensef promi-
nenceor salience Figure2 (b) showssomelettersthatstand
outdueto height relativeto theotherletters.Figureextrac-
tion basedbn a saliencemeasures calledselection

Proximity shifts. Proximityrelationsalsoprovidevisual
framesof referencei.e., waysof OpointingoQparticularbg-
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Figure6: (a) The notesaresuperimposedn lines, butare
easilyseparatedisually. (b) Noteheadsextractedyaform
of proximity grouping.
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Figure7: (a) We oftenperceiveregionsvhoseOboundariesO

are not closedor connected.(b) The boundedregionwas
extractedoy a form of proximity grouping.

ures. In Figure1 (a) we interpretOthestring at the upper
leftOto meanthe string O415CThis interpretatiorrelieson
proximity of a givengroup,of letters,to a bxed reference
location,a cornerof theimage. Similarly, interpretingOthe
letter nearesthe ORG@lieson proximity to an alreadyex-
tractedpgure (the OROWhile Othenumberto theleft of the
O8G8&liesonproximityconstrainedo arangeof directions.

Curve tracing. In the Venndiagramof Figure 3 (a), the

setboundariesndothercurvesintersecto form acomplex
curvilinearbgure. Theymustbeseparatedfom oneanother
to interpretthis scene. Someof themare separabléy se-
lection: the boundaryof setOY Qs salientin width, andthe

boundaryof setOZ@s salientin curvature(Figure4 a, b).

This scenenvolvesotherseparatiomproblemshowevey
thatrequirenewmethods Extractingtheboundaryftheset
labeledOX@equirescurvetracing, i.e., separatinga curve
by following it sequentiallythroughits junctionswith other
curves(Figure5). A prerequisitdor thisis the capacityto
decomposea curvilinearbgureinto junctions terminations,
andsimplecurvesegmentgFigure5 (a)). Tracingalsore-
quiresa criterionfor choosingan outgoingbranchat each
junction. Any setboundaryin Figure3 (a) maybeextracted
by atracingprocesghatchooseghebranchcolinearto the
currentsegmengt everycrossing.Whenthegoalis to bnd
or follow a path, asin map reading,differentchoicesare
madeat eachcrossing.

Consideralso,theproblemof extractingheboundaryof
agivenregion,e.g.,theregionmarkedOd(he boundanyjis
not givenby anyintrinsic property but by proximity. (See
Figure3 (b).)

Two furtherseparatiophenomen@volvecurveshough
not necessarilycurvetracing. We often perceivecompact
shapessuperimposedn curves as distinct bgures (Fig-
ure6). Converselywe oftenperceivealistinctregionsvhose
Oboundarieside not closedor connectedFigure7). (The
boundingbguresmay notevenbe curvilinear) We referto
suchbguresaspartially delineatedandpartial boundedre-
spectively

3 Primitive operations

The primitivesareof two basickinds. Pointwiseprimitives
consisbf commonarithmeticandlogicaloperationspplied
elementwisdo arrayarguments.For example theadd op-
erationaddscorrespondingrray elementsyesultingin an
arrayof sums.Integrationprimitivescombinevaluesacross
setsof locationsusingscalar +, max, min, V, Or A.

Theinputsandresultsof the pointwiseprimitivesareei-
therall 2D or all 1D. 2D integratiorprimitivesconsumend
produce2D arrays,operatingn the spatialdimensions1D
integrationprimitivesconsumeandproducelD arrays,op-
eratingin the Pgure propertydimensions.Theseprimitives
are usedalongwith scalarcomputationsge.g., operations
involving global propertiesof a bgure or the entire scene.
Thebridgingintegratiorprimitivesconnecthe2D, 1D, and
scalarrealms.

2D integration primitives N

translate uniformlytranslatesheelement®f itsinputar
ray by givenz, y offsets.

labelcc associates uniqueintegeridentiper with each
black connectedcomponentn a binaryinputarray andas-
signsto eachblackpixel theidentiber of its component.

project accumulatesaluesalongpixel rowsor columns.
E.g.,downwardprojectionassigngo locationp a combina-
tion of p@valuein theinputarrayandthe resultof down-
ward projectionat the locationimmediatelyabovep.

read assigngo eachlocationthevalueof theneareshon-
zerolocationin theinput.

spread takesa dataarrayandan addressarrayasargu-
ments. An equivalenceclassof locationsis a setof loca-
tions havingidenticalvaluesin the addressarray Within
eachequivalencelass spread combinegatavaluesinto a
singlescalarandthenassigneachscalarresultto everylo-
cationin theequivalencelassfrom whichit wascomputed.

1D integration primitives N
translate-1d and project-1d are 1D counterpartsof
translate andproject.

Bridging integration primitives N

accumulate is a generalizationof histogramming. A
valuein the (2D) addressarrayargumentspecbesthe out-
put bucketin the 1D array resultinto which a value at
thecorrespondindgpcationof the (2D) dataarrayargument
shouldbe combined.(l.e., all thedatavaluesin anequiva-
lenceclassarecombinednto a singlescalar)

distribute: avalueat a particularlocationp in the (2D)
addressarray argumentspecbesa bucketin the (1D) data
arrayargument. Thevaluein thatbucketis assignedo the
correspondingpcation(p) inthe(2D) resultarray (l.e.,this
operationcopiesa scalarvalue associatedvith an equiva-
lenceclassto eachlocationin theclass.)

(Notethatspread is the compositiorof accumulate and



distribute.)
global accumulate combinesall valuesin the(1D or 2D)
inputarrayinto a singlescalar

The linear time imperative. Theseprimitives meetthe
requirementhatrun time and spacemustbe linear in the
numberof array locations on a serialmachine. This re-
strictsintegratiorprimitivesto processethatmoveasmall,
bPxed neighborhoodcrossthe arraysin a bxed numberof
passeswherea passmay visit eachlocationno morethan
k times,for somesmall, pxed k. E.g.,read is a simple
extensionof a standardistancetransform([4]) thatraster
scanghearray intwo passesalwaysexaminingabve-pixel
neighborhood.

4 Figure/ground routines

All thebgure/groundeparatiorexampleshownin thispa-
perareactualresultsof applyingroutinesdebnedalongthe
linesbelow In thefollowing sketchespnly theintegration
operationsnvolvedin aroutinearementionedexplicitly.

Proximity shifts. All proximity shift routinesapply the
factthat f isthenearestonnectedomponentoagivenlo-
cationp iff f@Voronoiregionincludesp.

Fixedreferenceshifts The referenceDthdower leftmost
pgure(s takento meanOthebgurenearesthe bottomleft
cornerpixel of theimage.Q\ cornerpixel s representetly
an array constant. The requiredbgure, f, is extractedin
threesteps:(i) all Voronoiregionsarelabeleduniquely;(ii)
theVoronoiregion,r, of f is extractecby akind of seedpll,
implementedisingspread,; (iii) r isintersectedvith thein-
putimageto give f.

Neighborshifts Letr,, r, betheVoronoiregionsof bg-
uresA, B, respectivelyin Figure8. Consideithesetof pix-
elsq; in 7, thatareadjacento a pixel of r,. (Suchasetis
termeda Voronoi border of r,.) Let m; bethe pixelin g1
thatis closestto A. Let s; bea pixel in r, adjacento m;.
s1 mayserveasa seedfor extractingtheneighborB.

my may be extractedin four main steps: (i) the dis-
tancetransformis computed,usingread (appliedto pixel
z, y coordinatesnadeby project); (i) all Voronoiregions
are labeleduniquely; (i) all Voronoibordersare labeled
uniquely using translate; (iv) the relevantm; in each
Voronoiborderof r, aremarkedbasednthedesiredorox-
imity relation.(l.e.,in step(iv), extractinghenearesheigh-
bor and extractingthe neighborin a givendirectionrange
involvedifferentconstraints.Giventhemarkedm;, thead-
jacents; aremarkedusingtranslate.

Curve segmentation. Junctionsterminationsandcurve
segmentareseparatetdy labelingeverypixelp with amea-
sureof local branching,and then thresholdingthe result.
This measurds basedon the exit countof eachsquarere-
gionr of width w thatcontaing. Theexit countof r is the
numberof timesthatblackcomponentintersectheborder

Figure8: Proximityshiftsareachievedisingrasten/oronoi
representatioandseedpll operations.

exits: 1 2 3 4

Figure9: Line featuresareassociateavith a measuref lo-
caltopology theexitcount

of r. If » hassuitablesize and position,the exit countre-
Rectsthelocal branchingof a curvilinearbgurethatr par
tially includes.E.g., the exit countis four if » wholly con-
tainsa crossingof two lines.

To allow varying curve width, given constantw, the
curvesarebrstthinned. The positioningissueis addressed
usinga votingschemeNheuristicallymeaningfulposition-
ings are more commonthan spuriousones. To apply this
idea, exit countis computedat all positions. The branch-
ing factorata pixel p is takento be the modalvalueof exit
countamongregionsthatincludep. Exit andvote counts
arecomputedOconcurrentlyét everylocationusinga few
project andtranslate operations.

Tracing. Whereasa step of a conventionalcurve trac-
ing procesoperate®n a smallpixel neighborhoodsignal-
basedracingoperate®nanentirecurvesegmenttastep.
FigurelOillustrateghesituationatajunction. Thesegment
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Figurel0: Signal-basetracing:(a) atacrossingthecolin-
earsegmentisuallycorrespondso thenon{3ankingregion;
(b) atafork, bothoutgoingsegmentsarein Rankingregions.



lastextractedg, terminatesn anewlyencountereglinction
j. InFigurel0(a), j isacrossingwith threeemanatingeg-
ments.Two of them, f1 and f;, areangulameighborsf ¢,
while theother ¢, isnot. Taskslike Ofollowtheleft branchO
or Ofollowthe colinearbranch,nvolve establishingvhich
emanatingsegmenbearsthe specbedrelationshipgo c. To
supporthis, segmentareinitially labeledwith local orien-

tat§’|8hal-basectracing is simplestif it operateson the
Voronoi regions of the input segments,rather than the
segmentghemselvesbecauseangularneighborrelations
amongsegmentscorrespondo pixel adjacencyrelations
amongsegmentVoronoiregions. The routine involves
spread andtranslate operations.

Jordan boundary separation. The boundaryof a given
white region, r, may be extractedby applyinga proximity
relation,ratherthantracing(Figure3). A blackpixelisin
theboundanryof r if it iswithin aboutaline-widthawayfrom
botha pixel of » andanywhite pixel notin r. To allow for
unknownor spatiallyvaryingline width, thisideais applied
to the skeletonof the image,andthe debnition is recastin
termsof pixel adjacencyratherthana distancethreshold.
Theroutineinvolvesonly translate.

Extracting skeletons. The neighbordirectionat a white

pixelisthedirectiontothenearesblackpixel, computedis-

ing read. A ridge pixelis a pixel whoseneighbordirection
differsfrom thatof somefour-adjacenpixel by morethana

giventhreshold We extractridgesusinga form of hystere-
sis. Let r;, r, bethebinaryarraysof ridge pixelsdebnedat

thelow andhighthresholdsrespectively Ridgesareblack
component®f r; thatincludeblack componentsf r, ex-

tractedusingspread. Theskeletorof abgureconsistof the
ridgesin its complement.

Figure property labeling. In Figurel (a), selectionand
grouping involved a measureof height for each letter.

Suchglobal bgurepropertiesaretypically computedOcon-
currentlyCusing spread. Simple propertiescomputedin

this way includearea,perimeter boundingbox width and
height, diameter (numberof skeletonpoints), and girth

(modaldistance-to-boundamt skeletorpoints).

Selection. Selectionmakesexplicit useof the globaldis-
tribution of the valuesof a givenimagepropertyP. As-
sumeP is givenasa?2D arrayP. Thevaluesof P aresorted
intoincreasingrderin a1D arrayby applyingaccumulate.
The differencespr Ogapsetweenconsecutivevaluesin
thisorderingarecomputedisingtranslate-1d andproject-
1d. A saliencythresholds anyvalueof P falling within the
widestgap(oraOwideenough@ap).t is extractedisingthe
global accumulate operation.Thresholding by ¢ extracts
thesalientbguresasabinaryarray

Similarity grouping. Given a property P of someini-
tial unitsNe.g., individual pixels, connecteccomponents,
etc.Na similarity groupingis a partitioningof the elements
into equivalencelassesandagroupis oneof theseclasses.
Groupinginvolvestwo stages.First, a similarity threshold
7 on differencesin P is computed. Second,equivalence
classe®f elementsaredebnedby applyingthethresholdN
two objectsarein the samegroupif theirvaluesof P differ
by lessthanr.

Considerthe sequence, of all groupingsdebnedasr
rangesrom zeroto inbnity. Stabilityis a generalheuristic
criterionfor choosingr, as afunctionof the persistencef
eachdistinctgroupingin G. We pick 7 to give a grouping
thatOlastséongenoughn thisevolution;e.g.,themoststa-
ble non-trivialgrouping. The stability measue of a group-
ing is thelengthof theintervalof r overwhichit persists.

Ther associatevith adesireddegreeof stabilitymaybe
calculateddirectlyfrom thedistributionof P, withoutcom-
putinganygroupings.Sincer is athresholdnthegapsbe-
tweenconsecutivevaluesof P, thegroupingsonly change
whenr exactlymatchesagap. The stabilitymeasuresf all
groupingsaregivenby (i) computingandsortingthe gaps
and (ii) taking the differencesbetweenconsecutivegaps.
Extractingthesevalues andthenr, involvesthesameprim-
itiveswe usedto extractt.

Establishingequivalenceelassef P, givenr, involves
a transitiveclosureoperationon a 1D array implemented
usingaccumulate, translate-1d, project-1d. When P is
givenasa 2D array the Pnal stepis to label 2D locations
with their equivalenceslassidentipers,usingdistribute.

Proximity grouping. Thereis a directanalogybetween
similarityandproximitygrouping:differencen P (distance
in the propertydimension)correspondso spatialdistance.
Usingthestabilityschemey is computedrom thedistribu-
tion of spatialgapsizesbetweemeighboringcomponents.
(A gapsizeis the minimal distancevalue along a ridge,
computedusingspread.) Then,spatialequivalenceslasses
areformedby thresholdinghedistanceransformbelowr.
Black connecteccomponentsn the resultdebne groupsof
inputelementsy inclusion(Figurel).

Partially-boundedegionsareextractedn the sameway,
exceptthat the distancetransformis thresholdecabover
(Figure 7). Black connecteccomponentsn the resultare
thenOgrown®y aradiusof , by distancethresholdingto
give thedesiredregions. With foregroundandbackground
reversedthis very schemeextractspartially delineatede-
gions(Figure6).

5 Related work

The reductionof humanperceptuatapabilitiesto a small,
Pxed setof basicoperationss the heartof Ullman®visual
routinestheory[10Q], from which our work descends.The
basicoperationdJliman proposednclude coloring, trac-



ing, shifts,indexing andmarking whichrelatemoreclosely
to the routinesof Section2 thanto our primitives. For
example,Ullman® indexingoperationNashift to an odd-
man-outlocationNcorrespondso a combinationof selec-
tion (appliedto local differencesyndproximity shift.

Mathematicalmorphology([8], [5]) is a signal-based
frameworkNit employs2D arrays uniformly and it pre-
servedocalityNbut onelimited in integrationprimitivesto
translate alone.l.e., Morphology€dilate anderodeopera-
tionsmay berecastassequentialiniform translations Ex-
tractingglobalrelationsthereforeinvolvesextensivetera-
tion, andthis can be prohibitively inefbcient and/orawk-
ward. In practise, morphologyis often combinedwith
global operationssuch as connectedcomponentabeling,
histogrammingmulti-resolutiorprocessingl], etc.

Signal-basedmage analysisis a form of dataparallel
computationandsomeof our primitivesarefoundin data
parallellanguagesNe.g languagesor the ConnectiorMa-
chine [9]Nwhich are often appliedto 2D image analysis
problemson meshandhypercubeomputersTheyprovide
translate, project, andthe pointwiseprimitives. (project
is the parallel prebx or Oscan@peration.) Their general
global sendand get operationssubsumeaccumulate and
distribute. Notbeingspecializedoimageanalysistheydo
notincludeoperationgelatedto labelcc or read.

Cass[3] introduceda generalizedhistogramoperation
thatcorrespondtheaccumulate operation Healsocom-
posedt with asubsequerdistributionprocess Thiswasin
the contextof a dataparallelmodel-basedecognitionsys-
tem, notanimageanalysisOlanguage.O

Seymoulf6] is a generalpurposedataparallellanguage
thatincorporatesdditionalglobaloperationsncludingpar
allel prebx, sort, broadcast/reportassociativeread/write,
meige, and reduction. Thoughnot specializedto image
analysis Seymouiris closelyrelatedto our approachn that
it extendsstandarddataparallelismwith higherlevel Oin-
tegration@perations.Most global operationsn Seymour
amounto composition®f accumulate anddistribute; e.g.,
its Osemi-groupperation@s equivalento spread. It does
notprovideoperationselatedto labelcc andread.

Many image processing/analysianguageshave been
proposedbuttwo recentones([11], [2]) standoutin provid-
ing aunibedframeworkfor implementingylobaloperations
suchashistogramminggonnectedomponentabeling,dis-
tancetransformsegtc.,with parallelhardwarein mind. Our
Olanguage@kessuchoperationssprimitive, andsupports
processesata higherlevel.

6 Conclusion

We proposed sighal-basedpproactto bgure/groundgep-
aration,to achieveconcisenesgarsimony andefbciency
We amued that signal-basedmethods meet these goals
throughminuteproblemdecompositionyniformdatastruc-

ture,andpreservatiorof locality, givenpowerfulprimitives
for integratinginformationacrossspace.We examineddi-

versebgure/groundseparatiorcapabilitiesdrawnfrom the
domainof graphicscenesWe introducedh setof primitive

operationsandsketchechowthebgure/grounaapabilities
reduceto them.

The primitivesandroutineshavebeenwidely appliedto
manydiagramunderstandingndpagesegmentatiomasks,
butadiscussiorof theseapplicationss beyondhescopeof
thepaper

Most of the routinesrun in O(N) time on a serialma-
chine, N beingthe numberof pixels. Indeed,N is typi-
cally muchlargerthanthenumberof geometricobjectsin-
volvedin correspondingnalytic methods but this is bal-
ancedsomewhaby the rasterscanuniformity of the prim-
itives, which fully exploitsserialmemorybandwidth.The
signal-base@pproachtbhecomesompetitivegivena range
of furtheroptimizationghatarebeyondhescopeof thispa-
per

The demonstrationsvere limited to graphic images,
whereour practicalexperiencdies, but the primitives are
quitegeneral We arebeginningo extendthe bgure/ground
routinesto otherkindsof scenes.
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