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ABSTRACT

The advantagesof using GeometryImagesas surface represen-
tationslargely dependon their regular samplingdistribution and
strictly ordered2D storagearrangement.Traditional3D spatialpar-
titioning techniquesoften compromisetheseattractive properties
whenbuilding hierarchicaldatastructures.We presenta modi�ca-
tion to traditionalpartitioningmethodsusinglocality masks,which
maintainthe original samplingandstoragestructureof Geometry
Images. Applicationsusing spatialhierarchiescan then take ad-
vantageof the sequentialmemoryaccessandsimpli�ed sampling
neighbourhoodsassociatedwith GeometryImageswithout an in-
termediatesorting phase. The methodusestraditional principles
for creation,storageandprocessingof internalhierarchy nodes,but
treatsthe referencingof primitives at leaf nodesdifferently. Lo-
cality masksarepresentedwith futureGeometryImageprocessing
techniquesin mindandhandlebothsingleandmulti-chartGeome-
try Images.

CR Categories: I.3.6 [ComputerGraphics]: Methodologyand
Techniques—Graphicsdatastructuresand data types; E.1 [Data
Structures]—Trees

Keywords: geometryimages,spatialpartitioning,bit masks

1 I NTRODUCTI ON

Surface parametrisationhas long had applicationsin computer
graphicsfor texturemapping[1, 10] andsurfaceremeshing[3]. Re-
centlytheuseof 2D parametrisationsasamodelrepresentationhas
alsoattractedmuchattention[4, 11,12,8, 2, 6] owing to theircom-
pact,ef�cient, andversatilerepresentation.

Parametrisationof complex 3D surfacesonto2D domainstradi-
tionally involvessegmentingthe surfaceinto a numberof smaller
patchescalledcharts.Thesechartsareindividually parameterised
thenstoredtogetherin what is known asanatlas. Separatecharts
areeasierto parameterisethantheentiresurfaceasawholeandal-
low amorelocally optimizedparametrisationof thesurface.Meth-
odswerelaterdevelopedto parameterisearbitrarytrianglemeshes
onto a single 2D chart by cutting the original meshsuchthat it
had the topologyof a disk [4]. By restrictingparametrisationof
the deformeddisk to a squarein the target domain,andenforcing
symmetryacrossdomainboundaries,a completelyregularsurface
representationwasachieved.Thesesurfacerepresentations,known
asGeometryImages(GIMs), werelaterextendedto supportmulti-
chart representations[12]. Thesesurfacerepresentationsdiffered
from the traditional methodsmentionedabove in that geometric
continuitywasenforcedat chartboundariesusinga specialzipper-
ing algorithm. As such,hole-freereconstructionof a modelwas
possibleusingdisjoint2D charts.
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While more �e xible surfacerepresentationsexist, suchas tri-
anglemeshes,GIMs allow memoryef�cient storageand access,
andareparticularlysuitedfor a numberof applications(section3).
Their advantagesarehighly dependenton their samplingandstor-
agestructure,but many commonalgorithmsand datastructures
modify theseattributes for more ef�cient use. Spatialpartition-
ing (SP)techniquesareatypicalexample,changingmodeldescrip-
tions to �t their specializeddatastructures.As we will discussin
section3 and4, thesemodi�cationsareundesirablewhenworking
with GIMs.

In this paperwe presenta methodfor representingthe spatial
partitioningof a GIM usinglocality masks;bit maskspartitioning
parameterspace.We usethe sameideafor creationandprocess-
ing of thespatialhierarchiesasin traditionalmethods,but treatthe
storageandprocessingof primitivesdifferently. Themethodis de-
velopedwith future GIM processingtechniquesin mind. Based
on commentsin [4, 12, 5] we predict that thesetechniqueswill
take full advantageof the ef�cient storageandsamplingregular-
ity providedby GIMs. Likeexistingspatialpartitioningtechniques
our methodcould be usedfor a numberof applicationsincluding
frustumculling, collision detection,andcreationof adaptive hier-
archies.

The remainderof the paperis structuredasfollows: Section2
presentsa summaryof relatedwork; Section3 describestheGIM
representationin moredetailandhighlightsits advantages;Wealso
discussthe modi�cation of the GIM structureby algorithmsand
datastructures,identifyinga list of criteriathatretaintheattractive
propertiesof GIMs whenfollowed; In section4 and5 we describe
our locality maskapproach,discussingproblemswith usingtradi-
tional partitioningapproacheson GIMs anddescribingthe princi-
plesandcreationof locality masks.Section6 presentssomeproof-
of-conceptdiscussionandresults,andsection7 concludes.

2 REL ATED WORK

2.1 Geometry Images

Gu et al. [4] werethe �rst to introducethe GIM representation;a
completelyregular remeshingof an arbitrary trianglemesh. Ge-
ometric surfacesamplesare storedas an n� n array of 3-vectors
implicitly representingsurfaceconnectivity (section3). The au-
thors achieve this by applying a successionof cuts along mesh
edgepathsto producea meshwith the topologyof a disk. This
meshis then parametrisedonto a squaredomainand sampledat
2D grid locations. We coin the phrasegixel to describethese
GIM pixels. Surfacesignalscanalsobe sampledusingthe same
grid, possiblyat higherresolutions,into separate2D arrays.Since
the sameparametrisationis sharedby geometryandsignals,tex-
ture co-ordinatesare unnecessary. A geometric-stretchminimiz-
ing parametrisation[14, 13] wasusedto distributesamplesevenly
acrossthesurface.

Praunet al. [11] later showed how to createGIMs for genus-
zerosurfacesthroughanintermediatesphericaldomain.They �rst
parametrisethesurfacedirectlyontoasphericaldomainwhile min-
imizing a stretch-basederrormetric. They thensamplethespheri-



caldomainusinguniformly subdividedregularpolyhedraldomains
(tetrahedral,octahedralandcube).This is achievedthrougha low-
stretchparametrisationfrom thepolyhedraldomainsto thesphere.
The GIMs producedusing this processprovide simplesymmetry
rulesat 2D domainboundaries,unlike thoseof [4], which simplify
someprocessingoperationsandallow othersnot previously possi-
ble.

Using GIMs createdthrough spherical parametrisation[11],
Losassoet al. [8] wereableto createa singleuniform bi-cubicB-
splinefor genus-zerosurfaces,andstorethearrayof controlpoints
asa GIM also. They demonstratelevel-of-detail (LOD) anddis-
placementmappingmethodsusingtheir surfacedescription.

Lagaetal. [7] extendtheapproachof [11] to supportsurfacesof
arbitrarygenusin their work on 3D shapecomparison.Their main
focus, however, is comparingGIMs using 2D imagecomparison
techniques,allowing themto quickly andeasilyperformsimilarity
estimationon 3D objectsfor usein applicationssuchas3D model
searchengines.

Sanderetal. [12] extendtheGIM representationto includetradi-
tional multi-chartatlasparameterizations,calling themMulti-chart
GIMs (MCGIMs). Parametrisingsmallerchartsindividualyandal-
lowing them to �ll arbitrary boundariesin the 2D domainis ad-
vantageousover single-chartrepresentations.It allows locally op-
timisedsurfaceparametrisation,reducinggeometricdistortionand
providing bettersampledistribution. It alsoallowsobjectswith dis-
joint membersto berepresentedusinga singleGIM1. Theauthors
achieve nearoptimal stretchef�ciency (92%-99%)for all models
testedthrougha new charti�cation schemebasedon facecluster
optimisation.Discontinuityoccurringin traditionalatlasrepresen-
tationsat chartboundariesis addressedusinga specialzippering
algorithmthatguaranteeswatertightsurfacereconstruction.

2.2 Spatial partitioning regular grids

Gu et al. [4] build a 2D quad-treein GIM spaceto createa uni�ed
hierarchy for view-frustumandbackfaceculling of single-chartge-
ometryimages.While themethodallows simpletraversalandren-
deringof the GIMs, it is basedon the principle that gixels within
a given2D neighbourhoodexhibit similar neighbourhoodrelation-
shipsin 3D. This is not the casefor MCGIMs, with chartsbeing
packedbasedon sizeandshape,not 3D location. This meansdif-
ferentgixels in a small2D neighbourhoodcouldbeseparatedby a
largedistancein 3D, makingthenode's boundingvolumelessef-
fective for hierarchicalculling. Largenormaldeviation would also
causeproblemsfor backfaceculling.

Ji etal. [6] usesasimilar2D GIM quad-treeto createapartition-
ing over theobjectsurfacefor useasa hybrid point-polygonLOD
hierarchy. Theauthorscommenton usingnormalconesat internal
nodesfor visibility (backface)culling, but do not mentionfrustum
culling. Their implementationwould suffer the sameproblemsas
discussedabovewhenusedfor spatiallyculling MCGIMs.

Losassoet al. [9] usesnestedregulargridsto achieve LOD ren-
dering of terrain height-�elds. They presenta simple view frus-
tum culling for thesenestedregular grids whereintersectiontests
areperformedin 3D spaceandprojectedontotheheight-�eld's2D
baseplane,identifying visible grid points. Sinceculling is based
on the3D terrainbeing�attenedalongits altitudeaxisontothe2D
height�eld, themethodis inappropriatefor usewith regulargrids
representingarbitrary3D surfaces,wheremappingto the2D plane
is muchmorecomplex andnon-uniform.

Sanderet al. [12] suggestthe useof a bit maskto identify the
de�ned samples(gixels) of a MCGIM during rendering.This is a
similarconceptto localitymasksbut is motivatedbydifferentgoals.
In theircontext thesameoutcomecanbeachievedby settingnull or

1Methodsin [4] requiredisjointmembersbeparametrisedinto theirown
singlechartGIM.

Not a Numbervaluesfor unde�nedgixels,which is alsosuggested
by theauthors.

3 GI M S: ADVANTAGES AND CONSI DERATI ONS

GIM surfacerepresentationsprovideacompletelyregularsampling
of surfacegeometrystoredin a2D grid. Thegeometricinformation
is oftenaccompaniedby surfacesignalmaps(e.gnormalandtex-
ture) thataresampledusingthesame2D grid. Surfacesignalsare
oftensampledat higherresolutionsto geometryto take advantage
of texturemapping,wherehighsurfacedetailcanbeachievedusing
relatively low geometricdetail. With geometryandsignalsshar-
ing a commonparameterization,correspondingsamplesarestored
at relative 2D array positions,removing the needfor texture co-
ordinates.

Locality of 3D surfacesamplesis maintainedin the2D domain,
enforcingneighbourhoodrelationships.Thustriangleconnectivity
canbe derived from gixels' relative positionswithout the explicit
storageof connectivity information. That is, a 2� 2 block of gix-
elsrepresentstheverticesof two trianglessharinga commonedge
alongoneof the blocksdiagonals;neighbouringblockssharetri-
angleedgeswherethe blocksoverlap. Trianglesarecurrentlythe
mostcommonlyusedprimitive for renderingGIMs.

It hasbeennoted[4, 12,5] thatGIMs have thefollowing attrac-
tiveproperties,asdescribedabove:

� Regularsamplingof surfacevalues

� Compactlydescribesurface geometrywithout connectivity
information

� Storesurfacesamplesin memoryusing a strict 2D grid ar-
rangement

� Unify storageof geometryandtextures

Thesepropertiesprovide a numberof advantagesfor surface
descriptions.For examplethey: allow useof imagecompression
andencodingtechniques,for ef�cient storageandtransferof mod-
els [4]; provide convenientmeansof representingandperforming
3Dmorphing[11] andanimation[2]; allow LOD extractionthrough
simplegrid down-sampling[4]; allow easyextractionof B-Spline
controlpointsfor a surface[8]; presentpotentialfor improvedren-
deringpipelinesthroughsimpli�ed �ltering/reconstructionkernels
andsequentialmemoryaccess[4, 5].

Whendesigningdatastructuresfor storingandprocessingGIMs
it is importantthat thesepropertiesberetained.A disadvantageof
changingtheGIM datarepresentationfor thebene�t of onesystem
componentis thatothercomponentscanno longertake advantage
of their attractive properties. This is of particularsigni�cance if
overallsystemperformancedecreasesor othercomponentsbecome
morecomplex to implement.In thesecasesamore�e xible but less
ef�cient modeldescriptionmight aswell be used. Therefore,al-
gorithmsanddatastructuresshouldadhereto thefollowing criteria
whenworkingwith GIMs:

� Keepregularsurfacesampling

� Maintaintheoriginal2D grid arrangementwhenstoringsam-
plesin memory

� Keeponlineprocessingof GIM dataassequentialandlocal-
izedaspossible

Thethird point pertainsmoreto theef�cient useof GIMs rather
thanprotectingGIM properties.

In the next sectionwe discusshow generalSP techniquescan
violatethesecriteriaandsuggesta combinationof approachesthat
is leastdetrimental. We then introducelocality masks,a concept
thatcanbeusedto remedythisproblem.



4 SPATI AL PARTI TI ONI NG AND L OCAL I TY M ASK S

While we focushereon the useof polygonsfor renderingGIMs,
someissuesraisedalsoneedto beconsideredwhenrenderingwith
points.We alsoconsiderthecreationof theSPdatastructureto be
a preprocessingstep,andso usethe word online to describelater
useof thedatastructure.

4.1 Generalmethods

In general3D spatialpartitioningstructures,a speci�ed groupof
renderingprimitivesis sorted(grouped)hierarchicallyaccordingto
theirlocation.Therootnodeof thehierarchy encompassesall prim-
itives.Thehierarchy is createdby recursively subdividing theroot
nodeand sorting primitives into the newly createdspatialnodes.
Spatialnodesat thesamehierarchy level donotoverlap,andprimi-
tivesintersectingtheboundariesof multiplenodesareeithersplit at
pointof intersectionor areduplicatedin multiplenodesfor render-
ing convenience.In the latter case,only a portion of a duplicated
primitive is consideredto residewithin eachnodeboundary. Sub-
division continuesuntil somethresholdis reached,primitivesare
thenstoredimplicitly or explicitly within the resultingleaf nodes
of thehierarchy.

In general,explicit storageof gixelsat leaf nodescompromises
our secondcriterion. Sincethegroupof gixels insidea leaf node's
volumerarelycorrespondto a rectangularblock in GIM space,it is
dif�cult to maintaina2D grid structurewithoutintroducingdummy
gixels2. Implicit gixel connectivity is lost asa result,andneigh-
bourhoodrelationships(e.g. edge,face,or gixel neighbourlist)
mustbestoredexplicitly for useby processing�lters. In thecaseof
polygons,connectivity mustbestoredusingafacelist or sometype
of vertex list. Theexplicit approachalsolimits opportunityfor on-
line sequentialprocessing,asprimitivestoragebecomesdisjointed.

Referencingprimitives implicitly (indexing or pointers)helps
maintaintheoriginalGIM memoryarrangement,preservingsample
locality andthusneighbourhoodrelationships.Regularsamplingis
alsomaintainedusingthis method.Primitive indicescanbestored
at leaf nodesin orderof theGIM elementsthey reference,promot-
ing sequentialprocessingonanode-by-nodebasis.However, when
many leaf nodesare identi�ed for processing,the order in which
primitivesarepresentedis no longerin ”optimal” sequentialorder
in relationto theentireset. Takingfurtheradvantageof sequential
accessduringonlineprocessing,therefore,requiresthat theprimi-
tive index lists of visible leaf nodesbejoinedandsortedat theend
of eachspatialculling iteration.

As discussed,primitivesintersectingmultiplespatialnodesneed
to be split or referencedin eachnode. In the caseof polygons,a
split producestwo or morenew polygons,with new verticesposi-
tionedon the split. If renderingGIMs with polygons(section3),
a split involves introducingnew verticesasadditionalgixel sam-
ples. This violatesour �rst criterion. Although introducinga few
irregular samplescould be overlooked in somecases,addingnew
samplesmakes it dif�cult to adhereto the secondcriterion with-
out introducinganentirerow or columnof unnecessarygixels for
eachnew ”split” vertex. Whendealingwith many splits,GIM di-
mensionsanddeviation in samplingfrequency canincreaseunde-
sirably. For example,thenumberof edgesplitsoccurringfrom the
two volumesshown in Figure1 is 3468for the bunny GIM. This
is similar to thenumberof splitsthatwouldoccurfor the�rst level
of theSPhierarchy alone. In addition,theability to performGIM
LOD throughsimplegrid down samplingreliesheavily on grid di-
mensionandsamplepositionsalongtheGIM boundary[4]. Such
propertieswouldbedif�cult or impossibleto maintaingivensucha
solution.

2Null-valuedelementsusedto pad a 2D gixel arrayssuchthat gixels
maintaintheir relativegrid positions.

Referencinggixel primitivesfrom multiplenodesis a muchbet-
ter approachfor maintainingGIM structure,as splits are not re-
quired. Caremustbe takenduringonlineprocessingnot to repro-
cessprimitivesthough.

4.2 Locality Masks

Basedon the criteria identi�ed in section3, and the discussion
abovewecanconcludethatacombinationof implicit primitiveref-
erencingandassigningprimitivesto multiple leafnodesis mostap-
propriatefor spatiallypartitioningaGIM model.Thiscombination
retainsthe GIMs regular samplingand2D memoryarrangement.
Takingbetteradvantageof sequentialmemoryaccessstill requires
anextrasortingstepthough.

(a) (b)

Figure 1: a) Bunny object intersecting two given volumes b) locality
masks of volumes overlaid onto the model's GIM.

For the gixel primitive type we introducethe locality mask,an
n� m bit maskthat identi�es gixelsof ann� m grid whose3D lo-
cationvalueslie within agivenneighbourhoodor volume.Figure1
andcolourplateFigure6(a-c)depictthelocalitymasksof thebunny
GIM for two givenvolumes.Sucha maskcanbeusedto avoid the
undesiredsortingphaseasdescribedbelow.

For a generalSP hierarchy eachleaf nodeLi referencesa set
of primitivesPi locatedwithin its boundingvolume. During spa-
tial culling, theprimitivesof a leaf nodeinsideor intersectingthe
culling volumearede�nitely or potentiallywithin this volumere-
spectively. Thus,thesetof primitivesentirelywithin a volumeis a
subsetof P0(potentialyaffectedset),theunionof all Pi whereLi is
insideor intersectingthevolume.

We are able to identify the samepotentialprimitive set using
locality masksasfollows. For eachleafnodeLi wecreatealocality
maskMi that identi�es all gixels locatedin the leaf node.That is,
for eachgixel i; j belongingto a leaf nodewe setbit maskelement
i; j to 1. Theleaf nodethenstoresa pointerto themaskinsteadof
the primitives. Thus,the setof gixels entirely within a volumeis
a subsetof thoseidenti�ed by M0, the union of all Mi whereLi is
insideor intersectingthevolume.

With the useof locality maskswe arenow ableto sequentially
processthepotentialaffectedgixelsvia a simplemaskcheckwith-
out prior sorting,unlike the methoddescribedpreviously. Uni�-
cation of leaf nodemasksalso handlesthe issueof reprocessing
gixelsreferencedby multiple nodes3, aseachgixel canbemasked
only oncein M0. WhenrenderingGIMs usingpolygonstheuni�ca-
tion alsohandlespolygonsthatoverlapleaf nodes.Treatinggixels
astrianglevertices(section3) we seethatall verticesof a triangle

3This occursrarely, requiring a gixel to lie exactly on a partitioning
plane.



aremasked whenall leaf nodescontainingits verticesarevisible,
andsomeverticesmaskedwhenonly someleaf nodesarevisible.
In the �rst caseno specialconsiderationis needed,in the second
casewe would simply rendera triangleif any of its verticeswere
masked. In additiontheexistenceof polygonsdoesnot evenneed
to beconsideredwhencreatingthehierarchy.

5 CREATI NG L OCAL I TY M ASK S

Sincetheparametrisationis at leasta homomorphism,thenwe can
assertthat a partition of model space,suchas by a collection of
boundingplanesde�ning an oct-tree,inducesa partition of GIM
space.A locality maskis a bit maskde�ned by thepreimage,with
respectto theparametrisation,of anelementof thepartition.Utility
of theGIM techniquereliesonstrongpropertiesof theparametrisa-
tion, i.e. isomorphismandcontinuity, to preserve connectivity and
”locality”. To computebit maskswe testthe3D spatialpositionof
eachgixel againstthepartitioningsurfaces(planes,volumesetc.).
As in traditionalmethods(section4.1)gixelscanbesortedinto spa-
tial listsascreationof thehierarchy progresses.Oncompletionleaf
nodelistsareusedto createleafnodelocality masks.

Themaskfor aninternalhierarchy nodecanbederivedfrom the
unionof descendentleafnodemasks.They canbeexplicitly stored
at internalnodesfor a worst-casememorycostof orderkd� 1 bytes
for theentiretree,or calculatedonthe�y ataworst-caseprocessing
costof orderkd� c for a giveninternalnode.Whered is treedepth,
k is treeorder, andc is givennodedepth.Suchmaskscanbeused
to escapehierarchy traversalearlyif aninternalnodeis foundto lie
fully within theculling volume.

6 DI SCUSSI ON AND RESULTS

Locality maskswork equallyaswell for MCGIMs assinglechart
GIMs. As discussedin section2.2,bit maskscanbeusedto iden-
tify the ”de�ned” gixels of a MCGIM. To createa locality mask
for aMCGIM weconsideronly gixelsidenti�ed by thismaskwhen
checkingagainsta volumeor partitioningplane.This canbecon-
sideredequivalentto producinga locality maskfor aparticularvol-
ume(e.g. leaf nodeof a SPhierarchy) and�nding its bit-wise in-
tersectionwith suchamask.

Sincethe parametrisationmapsneighbourhoodsto neighbour-
hoods,setbits in the locality maskaremorelikely to beadjacent.
Sucha property lends itself well to compression. Compression
techniquesallow alargeamountof redundancy to beremovedfrom
locality masks,which is of particularimportancein the leaf nodes
of a SPhierarchy, andmake locality masksanef�cient methodfor
storingandtransmittinga list of vertex (gixel) indices.

Like GIMs, locality masksfacilitate LOD throughgrid down-
sampling.Maskscanbe down-sampledeasilyby identifying if at
leastonebit is setin thesampleregionof ahigherresolutionmask.
LOD maskscouldthereforebecalculatedef�ciently on the�y , and
possiblycachedto assistfuturecalculations.

Observingtheattractivepropertiesof locality masks,webelieve
that 2D bit masksaregoodcandidatesfor usein future GIM ren-
deringpipelinesfor specifyingprimitivesto berendered.They pro-
vide a compactandsimplemeansof identifying gixels to be pro-
cessed,allowing ef�cient communicationof renderinginformation
to thegraphicsprocessorthoughtheuseof bits ratherthanintegers
or �oating point values. In additionthey lend themselveswell to
imagecompression,furtherminimizingcommunicationbandwidth
andstoragerequirements.They alsoshareacommonstoragestruc-
turewith GIMs, following theGIM ideologyof uni�ed information
storage.Furthermore,simpleconceptssuchaslocality maskscould
be implementedby default in graphicsAPIs or even in graphics
hardware,providing a further level of abstractionandperformance
to theuser.

A hardwareculling implementationfor examplemaysimplytake
a referenceto a GIM in videomemoryasa renderingdirective and
producealocality maskidentifyingpotentiallyvisiblegixelsfor the
GIM. Themaskwould thenbepassedon for usein furtherrender-
ing calculations.Thiswould reducetheloadonany clippingstages
laterin thepipeline.

(a) (b)

(c) (d)

Figure 2: a) Bunny and virtual view frustum. b) locality mask pro-
duced from culling bunny's oct-tree against frustum. c) culled bunny
renderedusing locality mask in (b) . d) view from virtual cameraafter
culling, renderedusing (b) .

We have implementeda number of programsusing locality
masksandan SPhierarchy asa proof of concept. All testswere
performedon a Pentium2GhzlaptoprunningLinux andOpenGL,
and written in C++. Figure 2 illustratesour frustum culling im-
plementationwith oct-treedepth4 and945 leaf nodes. Imagea)
shows a virtual viewing volume”looking” at the bunny. Locality
maskb) is producedby culling theviewing volumeagainsttheoct-
tree.Imagec) andd) show views from therealandvirtual cameras
renderedusingthelocality maskin b). Evenwith ahierarchy depth
of only 4 theresultinglocality maskproducesaclose�tting of ren-
deredprimitivesto theviewing volumec) without producinghole
artifactsat rendertime d). With only a singlemodelandan un-
optimizedculling algorithmwe wereable to obtainhigher frame
ratesthanwithoutculling. This illustratesthefeasibilityandpoten-
tial of the methodsincerun-timemaskuni�cation wasperformed
on theCPU.Figure5 shows a similar examplefor theMCGIM fe-
line model.

WealsoimplementedaLOD testasdescribedabove. Thedown-
sampledmasksidenti�ed at leastall samplesof thelowerresolution
GIMs insidethe given volume(Figure6(d-f)). Otherapplications
including collision detectionand ray tracing of GIMs could also
be achieved. Intersectinga ray with the SPdatastructurewould
minimizesurfaceintersectionsearchspaceto that indicatedby the
resultinglocality mask.



Table 1: Locality mask storage requirements for tested oct-trees
(bytes). Leaf/total nodes from left to right: 945/1223, 3807/5030,
2702/3560, 2730/3619. Feline and Horse models are mulit-chart
GIMs.

model Bunny Bunny Feline Horse 
tree depth 4 5 5 5 
dimension 257x257 257x257 478x133 281x228 

leaf 
nodes 

7802865 
(7.4 MB) 

31434399 
(30.0 MB) 

21472794 
(20.5 MB) 

21864570 
(20.9 MB)  

U
nc

om
pr

es
se

d 

total 
nodes 

10098311 
(9.6 MB) 

4153271 
(39.6 MB) 

28291320 
(27 MB) 

28984571 
(27.6 MB) 

leaf 
nodes 

77362 
(75.5 KB) 

146358 
(143 KB) 

91871 
(89.7 KB) 

88435  
(86.4 KB) 

C
om

pr
es

se
d 

total 
nodes 

158286 
(155 KB) 

304644  
(297 KB) 

229281  
(224 KB) 

214139  
(209 KB) 

 

As locality masksarepresentedfor considerationin futureGIM
renderinghardwareandtechniques,thesystem's overall rendering
performanceon currentgraphicshardwareandmemoryarchitec-
turesis notconsideredanimportantmetricat thisstage.Weinstead
focusmoreonmemoryusageandculling time. Analysisof locality
maskperformanceon currentgraphicshardware is left for future
work.

For the resultsin Table1 we calculatedthe total costof storing
locality masksfor a model's SPhierarchy in bothcompressedand
uncompressedform. For compressionwe ran a simpleRLE (run
lengthencoding)algorithmusinga singlebyterepetition(2 bytes)
followed by a run count (2 bytes)to indicatea byte run of 2 or
greater. Compressionwasperformedindividually on eachlocality
maskin thehierarchy andacombinedcostcalculated.

Wealsorecordedthecamerapathtakenin a1090frameviewing
sessionof the bunny model,andran an automatedretraceof this
path3 timesto obtaintheaveragedresultsin Figure3.

Compressionof locality maskswashigh,asexpected,with com-
pressionratesabove 98%for all instancestested.FromTable1 we
canseethat the locality masksfor an entireSPhierarchy canbe
storedin lessthan300KB.With over 520K trianglesand66K ver-
tices representedby a 257� 257 GIM, compressedlocality masks
provide a very ef�cient way of referencingprimitivesat SPnodes.
Communicationof renderingprimitives via locality masksalso
proved to be highly ef�cient. Assumingthe existenceof render-
ing hardwarethatacceptsa list of primitivesvia bit mask,thethird
chartin Figure3 comparesthenumberof bytesrequiredto transfer
compressedlocality masks,both individually from leaf nodesand
after uni�cation, to thosefor a list of vertex indicesrepresenting
triangles.Evensendingcompressedmasksof visible leafnodesin-
dividually for uni�cation on the graphicsprocessorwould require
ordersof magnitudelesscommunicationbandwidththana vertex
index list.

The �rst chart in Figure3 shows the time taken for culling at
eachframe.It showsresultswhenrun-timeuni�cation of leafnode
masksis performedandwhenmaskuni�cation is not performed.
The latter is indicative of performancein traditionalculling algo-
rithms whereprimitivesaresentto the graphicsprocessoras leaf
nodesaretraversed.Thesecondchartpresentsthesameresultsas
a function of the numberof visible leaf nodes,averagedover the
testedframes.Comparisonof thetwo chartsgivesanindicationof
theamountof objectvisible in eachframe.

Fromtheseresultswe canseethattheprocessof run-timemask
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Figure 3: 1090 frame viewing sessionfor bunny model. Top and
middle, culling times including and excluding mask uni�cation, per
frame and number of visible leaf nodes respectively. Bottom, bytes
sent for rendering per number of visible leaf nodes (non-linear x axis
on middle and bottom charts).

uni�cation reducesthe culling algorithmsspeed.The increasein
computationtime with numberof visible leaf nodesis higher for
the algorithm performinguni�cation. This is expectedsincethe
uni�cation time of n masksof sizem is O(n� m), comparablehi-
erarchicalculling takesO(n� logn) time,andfor all practicalsizes



of GIM and SP hierarchy, m is always greaterthan n. Thus the
performancegainedthroughincreasedsequentialprocessingusing
locality maskswouldhave to outweighsuchaperformancelossfor
locality masksto beuseful,andoptimizationof uni�cation should
beanaimof futuredevelopment.

Fortunately, the compressionresultspresentedabove show that
thelocality masksof anentirehierarchy (depth4 to 5) canbestored
ef�ciently usinglessthan300KB.Theexistenceof explicitly stored
masksat internalnodesremovestheneedto performmaskuni�ca-
tion of its leaf nodedecedentswhenthenodeis within theculling
volume.Thiscangreatlyreducethenumberof run-timeuni�cation
calculations,andallows hierarchy traversalto be haltedearly; the
draw-backis theneedto decompressmasksbeforeuni�cation.

Another avenueof optimisationwould be to provide a hard-
wareimplementationof locality maskdecompressionanduni�ca-
tion. Culling algorithmsusingboth run-timecalculationandex-
plicit storageof internalnodemaskscouldthenachieve timing re-
sultscomparableto thoseachievedwithout uni�cation enabled.In
this casetheuseof explicit storagewould still reducecommunica-
tion bandwidthandoverall computation.

Figure4 shows resultsfor a 1324frameviewing sessionof the
multi-chartfeline GIM. Theseresultsareconsistentwith thoseob-
tainedfor the singlechartbunny GIM. The noticeabledifference
being in the sizeof the compresseduni�ed locality maskfor the
maximumnumberof visible leaf nodes. For a singlechartGIM
the localilty maskcoversall gixels of the GIM whenthe objectis
completelyvisible, for a multi-chartGIM only de�ned gixels are
masked.This resultsin highercompressionfor singlechartlocality
masksusingthechosencompressionscheme,astherun of bytesis
thesamefor theentiremask.

A penaltyof thelocality maskmethodis thatactualrendering(or
otherprocessing)cannotbegin until all requiredleaf nodemasks
areuni�ed into a singlebit mask,leaving the GPU,or remainder
of renderingpipeline,idle duringculling. Moving maskuni�cation
operationsto a differentprocessingunit or pipelinestage,assug-
gestedabove, only slightly improvesthe situationasonly culling
and uni�cation can be performedin parallel. This is a problem
sharedwith the ”list-sort” methoddiscussedin section4, where
a completelist of gixel indicesmust be collectedand sortedbe-
fore rendering.Sucha problemdoesnot exist in traditionalculling
methods,whereprimitivesof leaf nodesaresentfor renderingas
soonasa nodeis deemedvisible, however, memoryaccessis ran-
dom.

7 CONCL USI ON AND FUTURE WORK

7.1 Conclusion

We have presenteda methodfor spatialpartitioningGIMs via lo-
cality masks- bit maskspartitioningparameterspace.Eachlocal-
ity maskidenti�es gixels within a particular3D volume,suchas
theboundingvolumeor cuttingplaneof a SPhierarchy node.Us-
ing thesemasksto referenceleaf nodegixels,we have shown that
onecanhierarchicallypartitiona GIM or MCGIM while maintain-
ing its original sampleregularityand2D memoryarrangement.By
unifying un-culledleaf nodemasks,andperformingGIM process-
ing postcull, we alsopromotesequentialprocessingof GIM data.
This is of particularimportancefor ef�cient rendering.

In addition to maintainingtheseattractive propertiesof GIMs,
locality masks�t well into theGIM paradigm.They facilitateLOD
throughsimplegrid down sampling,lendthemselveswell to com-
pressiontechniques,andsharea uni�ed storagestructurewith ge-
ometryandsignaldata.

In light of locality masks' advantageswe also suggestedthe
useof bit masksasrenderingdirectivesfor future GIM rendering
pipelines,providing a compactandef�cient meansof storingand
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Figure 4: 1324 frame viewing session for MCGIM feline model.
Charts as per Figure 3.

communicatinglistsof primitivesto berendered.
Earlyexamplesshow thefeasibilityof ourmethodfor usein vari-

ousapplications.Evenwith run-timeuni�cation of leafnodemask,
which we showed to be lessef�cient, our culling algorithm pro-
videdrenderingspeedupover a non-cullingimplementation.Com-
pressionresultsweregoodwith a reductionof above 98%in local-
ity maskstoragerequirementsfor a typicalSPhierarchy.

As an aside,we speci�ed a numberof criteria to be followed



(a) (b) (c) (d)

Figure 5: a) Feline and virtual view frustum. b) culled feline rendered using locality mask in (d) . c) view from virtual camera after culling,
renderedusing(d) . d) locality mask (shown in white) produced from culling feline's oct-tree (depth 5, leaf nodes2702) against frustum overlaid
on model's MCGIM.

when constructingalgorithms and data structuresfor use with
GIMs. Thesesimplecriteria remindusof theattractive properties
of GIMs andhelpmaintaintheir advantagesfor useby all applica-
tion components.

7.2 Futur ework

Futurework will focus on analysingthe performancegain when
usinglocality maskhierarchiesover traditionalmethodsfor render-
ing GIMs. It is expectedthateventraditionalapproacheswill per-
form betteron modelsstoredas GIMs as opposedto completely
randommemorymodels,but exact performanceincreasedue to
higher sequentialprocessingin the caseof locality masksis un-
certain.Weplanto testperformanceonexistinggraphicshardware
aswell asimulatedrenderingsystemsandmemorycachesto deter-
minewhichenvironmentbestprovidesperformanceimprovements.

Anotherareafor investigationwould beencodingschemesthat
allow uni�cation of compressedbit maskswithout decompression.
As discussedin section6 this is adraw-backto storingcompressed
locality masks.
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[10] JérômeMaillot, HusseinYahia,andAnneVerroust.Interactivetexture
mapping.In Proceedingsof the20thannualconferenceon Computer
graphicsandinteractivetechniques, pages27–34.ACM Press,1993.

[11] Emil Praun and Hugues Hoppe. Spherical parametrizationand
remeshing.ACM Trans.Graph., 22(3):340–349,2003.

[12] P. V. Sander, Z. J.Wood,S.J.Gortler, J.Snyder, andH. Hoppe.Multi-
chart geometryimages. In Proceedingsof the Eurographics/ACM
SIGGRAPHsymposiumonGeometryprocessing, pages146–155.Eu-
rographicsAssociation,2003.

[13] PedroV. Sander, StevenJ. Gortler, JohnSnyder, andHuguesHoppe.
Signal-specializedparametrization.In Proceedingsof the13thEuro-
graphicsworkshoponRendering, pages87–98.EurographicsAssoci-
ation,2002.

[14] PedroV. Sander, JohnSnyder, StevenJ. Gortler, andHuguesHoppe.
Texturemappingprogressive meshes.In Proceedingsof the28than-
nual conferenceon Computergraphicsand interactive techniques,
pages409–416.ACM Press,2001.



(a) (b) (c)
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Figure 6: Top row: a) bunny GIM and its triangle rendering, GIM [x,y,z] values shown as [r,g,b]. b) object intersecting two given volumes. c)
locality masksof volumesoverlaid onto model's GIM, notice correspondencebetweenpeak of the bunny's back in (b) and area of GIM bordered
entirely by red and blue volume masks (right of image). Bottom row: locality mask is obtained for a given volume using the full resolution
(257� 257) GIM (d) . GIM and locality mask are down sampled for LOD rendering to 129� 129 (e) and 65� 65 (f ). For visualisation only gixels
identi�ed by the down sampled masks are rendered in (e) and (f ), note that at least all gixels within the original volume are still identi�ed.


