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ABSTRACT

The adwantagesof using Geometrylmagesas surface represen-
tationslargely dependon their regular samplingdistribution and
strictly ordered2D storagearrangementTraditional3D spatialpar
titioning techniquesoften compromisetheseattractize properties
whenbuilding hierarchicaldatastructures We presenta modi ca-
tion to traditionalpartitioningmethodausinglocality maskswhich
maintainthe original samplingand storagestructureof Geometry
Images. Applicationsusing spatial hierarchiescan then take ad-
vantageof the sequentiamemoryaccessandsimpli ed sampling
neighbourhoodsissociatedvith Geometrylmageswithout an in-
termediatesorting phase. The methodusestraditional principles
for creation storageandprocessingf internalhierarcly nodeshut
treatsthe referencingof primitives at leaf nodesdifferently Lo-
cality masksarepresentedvith future Geometryimageprocessing
techniguesn mind andhandlebothsingleandmulti-chartGeome-
try Images.

CR Categories: 1.3.6 [ComputerGraphics]: Methodologyand
Techniques—Graphicdata structuresand datatypes; E.1 [Data
Structures]—Tees

Keywords: geometrjimagesspatialpartitioning,bit masks

1 INTRODUCTION

Surface parametrisatiorhas long had applicationsin computer
graphicgfor texturemapping[1, 10] andsurfaceremeshing3]. Re-
centlytheuseof 2D parametrisationasa modelrepresentatiohas
alsoattractednuchattention[4, 11,12,8, 2, 6] owing to theircom-
pact,ef cient, andversatilerepresentation.

Parametrisatiorof complex 3D surfacesonto 2D domainstradi-
tionally involves sgmentingthe surfaceinto a numberof smaller
patchescalledcharts. Thesechartsareindividually parameterised
thenstoredtogetherin whatis known asan atlas. Separateharts
areeasielto parameteris¢éhantheentiresurfaceasawholeandal-
low amorelocally optimizedparametrisationf the surface.Meth-
odswerelater developedto parameterisarbitrarytriangle meshes
onto a single 2D chart by cutting the original meshsuchthat it
hadthe topology of a disk [4]. By restrictingparametrisatiorof
the deformeddisk to a squarein the tamget domain,and enforcing
symmetryacrossdomainboundariesa completelyregular surface
representatiowasachiezed. Thesesurfacerepresentationgnowvn
asGeometryimageqGIMs), werelater extendedo supportmulti-
chartrepresentationfl2]. Thesesurfacerepresentationdiffered
from the traditional methodsmentionedabove in that geometric
continuitywasenforcedat chartboundariesisinga specialzipper
ing algorithm. As such, hole-freereconstructiorof a modelwas
possibleusingdisjoint 2D charts.
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While more e xible surface representationsxist, such as tri-
anglemeshesGIMs allow memoryefcient storageand access,
andareparticularlysuitedfor anumberof applicationgsection3).
Their advantagesrehighly dependenon their samplingandstor
age structure,but mary commonalgorithmsand data structures
modify theseattributesfor more ef cient use. Spatial partition-
ing (SP)techniquesreatypical example,changingmodeldescrip-
tionsto t their specializeddatastructures.As we will discussin
section3 and4, thesemodi cations areundesirablevhenworking
with GIMs.

In this paperwe presenta methodfor representinghe spatial
partitioningof a GIM usinglocality masks;bit maskspartitioning
parametespace. We usethe sameideafor creationand process-
ing of the spatialhierarchiesasin traditionalmethodshut treatthe
storageandprocessingf primitivesdifferently The methodis de-
velopedwith future GIM processingechniquesn mind. Based
on commentsin [4, 12, 5] we predict that thesetechniqueswill
take full adwantageof the ef cient storageand samplingregular
ity providedby GIMs. Like existing spatialpartitioningtechniques
our methodcould be usedfor a numberof applicationsincluding
frustumculling, collision detection,andcreationof adaptve hier
archies.

The remainderof the paperis structuredasfollows: Section2
presentsa summaryof relatedwork; Section3 describegshe GIM
representatiom moredetailandhighlightsits advantagesyVe also
discussthe modi cation of the GIM structureby algorithmsand
datastructuresidentifying alist of criteriathatretaintheattractve
propertiesof GIMs whenfollowed; In section4 and5 we describe
our locality maskapproachdiscussingoroblemswith usingtradi-
tional partitioningapproachesn GIMs anddescribingthe princi-
plesandcreationof locality masks.Section6 presentsomeproof-
of-conceptiscussiorandresults,andsection7 concludes.

2 RELATED WORK

2.1 Geometrylmages

Gu etal. [4] werethe rst to introducethe GIM representationa
completelyregular remeshingof an arbitrary triangle mesh. Ge-
ometric surfacesamplesare storedasann n array of 3-vectors
implicitly representingsurface connectiity (section3). The au-
thors achieve this by applying a successiorof cuts along mesh
edgepathsto producea meshwith the topology of a disk. This
meshis then parametrisednto a squaredomainand sampledat
2D grid locations. We coin the phrasegixel to describethese
GIM pixels. Surfacesignalscanalsobe sampledusingthe same
grid, possiblyat higherresolutionsjnto separat@D arrays. Since
the sameparametrisatioris sharedby geometryand signals,tex-

ture co-ordinatesare unnecessaryA geometric-stretchminimiz-

ing parametrisatiofl4, 13] wasusedto distribute samplesvenly
acrosghesurface.

Praunet al. [11] later shaved how to createGIMs for genus-
zerosurfacesthroughanintermediatesphericaldomain. They rst
parametris¢he surfacedirectly ontoa sphericadomainwhile min-
imizing a stretch-basedrror metric. They thensamplethe spheri-



caldomainusinguniformly subdvidedregularpolyhedraldomains
(tetrahedralpctahedrahndcube). Thisis achiezed througha low-
stretchparametrisatiofrom the polyhedraldomainsto the sphere.
The GIMs producedusing this processprovide simple symmetry
rulesat 2D domainboundariesunlike thoseof [4], which simplify
someprocessingperationsaandallow othersnot previously possi-
ble.

Using GIMs createdthrough spherical parametrisation11],
Losasscet al. [8] wereableto createa single uniform bi-cubic B-
splinefor genus-zersurfacesandstorethearrayof controlpoints
asa GIM also. They demonstratdevel-of-detail (LOD) and dis-
placementmappingmethodsusingtheir surfacedescription.

Lagaetal. [7] extendtheapproactof [11] to supportsurfacesof
arbitrarygenusin their work on 3D shapecomparisonTheir main
focus, however, is comparingGIMs using 2D image comparison
techniguesallowing themto quickly andeasilyperformsimilarity
estimationon 3D objectsfor usein applicationssuchas3D model
searctengines.

Sandeetal. [12] extendthe GIM representatioto includetradi-
tional multi-chartatlasparameterizationgalling themMulti-chart
GIMs (MCGIMs). Parametrisingsmallerchartsindividualy andal-
lowing themto Il arbitrary boundariesn the 2D domainis ad-
vantageousver single-chartrepresentationslt allows locally op-
timisedsurfaceparametrisationreducinggeometricdistortionand
providing bettersampledistribution. It alsoallows objectswith dis-
joint memberdo berepresentedsinga singleGIM®. Theauthors
achieve nearoptimal stretchef ciency (92%-99%)for all models
testedthrougha new charti cation schemebasedon face cluster
optimisation. Discontinuityoccurringin traditionalatlasrepresen-
tationsat chartboundarieds addressedising a specialzippering
algorithmthatguaranteewvatertightsurfacereconstruction.

2.2 Spatial partitioning regular grids

Guetal. [4] build a2D quad-tredn GIM spaceto createa uni ed

hierarcly for view-frustumandbackfceculling of single-charge-
ometryimages.While the methodallows simpletraversalandren-
deringof the GIMs, it is basedon the principle that gixels within

agiven 2D neighbourhoodxhibit similar neighbourhoodelation-
shipsin 3D. This is not the casefor MCGIMs, with chartsbeing
pacled basedon sizeandshapenot 3D location. This meangdif-

ferentgixelsin a small2D neighbourhoodould be separatedby a
large distancein 3D, makingthe nodes boundingvolumelessef-
fective for hierarchicalkulling. Large normaldeviation would also
causeproblemsfor backfaceculling.

Jietal. [6] usesasimilar2D GIM quad-treeo createa partition-
ing over the objectsurfacefor useasa hybrid point-polygonLOD
hierarcly. Theauthorscommenton usingnormalconesatinternal
nodesfor visibility (backfce)culling, but do not mentionfrustum
culling. Theirimplementationwould suffer the sameproblemsas
discussedbore whenusedfor spatiallyculling MCGIMs.

Losasscetal. [9] usesnestedegulargridsto achieze LOD ren-
dering of terrain height- elds. They presenta simple view frus-
tum culling for thesenestedregular grids whereintersectiontests
areperformedn 3D spaceandprojectedontothe height- eld's 2D
baseplane,identifying visible grid points. Sinceculling is based
onthe 3D terrainbeing attened alongits altitudeaxisontothe 2D
height eld, the methodis inappropriatdor usewith regulargrids
representin@rbitrary3D surfaceswheremappingto the 2D plane
is muchmorecomplex andnon-uniform.

Sanderet al. [12] suggesthe useof a bit maskto identify the
de ned sampleggixels) of a MCGIM duringrendering.This is a
similarconcepto locality maskshutis motivatedby differentgoals.
In their context the sameoutcomecanbeachievedby settingnull or

IMethodsin [4] requiredisjointmembers$eparametrisechto their own
singlechartGIM.

Nota Numbervaluesfor unde nedgixels,whichis alsosuggested
by theauthors.

3 GIMS: ADVANTAGES AND CONSIDERATIONS

GIM surfacerepresentationgrovide acompletelyregularsampling
of surfacegeometrystoredin a2D grid. Thegeometrianformation
is oftenaccompaniedby surfacesignalmaps(e.gnormalandtex-

ture) thataresampledusingthe same2D grid. Surfacesignalsare
often sampledat higherresolutionsto geometryto take advantage
of texturemappingwherehigh surfacedetailcanbeachieedusing
relatively low geometricdetail. With geometryand signalsshar

ing acommonparameterizatiorgorrespondingamplesarestored
at relative 2D array positions,removing the needfor texture co-

ordinates.

Locality of 3D surfacesampleds maintainedn the 2D domain,
enforcingneighbourhoodelationships.Thustriangleconnectvity
canbe derived from gixels' relative positionswithout the explicit
storageof connecwity information. Thatis, a2 2 block of gix-
elsrepresentshe verticesof two trianglessharinga commonedge
alongone of the blocks diagonals;neighbouringblocks sharetri-
angleedgeswherethe blocksoverlap. Trianglesare currentlythe
mostcommonlyusedprimitive for renderingGIMs.

It hasbeennoted[4, 12, 5] thatGIMs have thefollowing attrac-
tive propertiesasdescribedabove:

Regularsamplingof surfacevalues

Compactly describesurface geometrywithout connectity
information

Store surface samplesin memoryusing a strict 2D grid ar
rangement

Unify storageof geometryandtextures

Thesepropertiesprovide a numberof advantagesfor surface
descriptions.For examplethey: allow useof imagecompression
andencodingtechniquesfor ef cient storageandtransferof mod-
els[4]; provide corvenientmeansof representingandperforming
3D morphing[11] andanimation2]; allow LOD extractionthrough
simplegrid down-sampling[4]; allow easyextractionof B-Spline
controlpointsfor a surface[8]; presenpotentialfor improvedren-
deringpipelinesthroughsimpli ed Itering/reconstructionkernels
andsequentiamemoryacces$4, 5].

Whendesigningdatastructuredor storingandprocessingsIMs
it is importantthatthesepropertiesbe retained.A disadwantageof
changinghe GIM datarepresentatiofor thebene t of onesystem
components that othercomponentganno longertake advantage
of their attractive properties. This is of particularsigni cance if
overallsystenmperformancelecreasesr othercomponentbecome
morecomple to implement.In thesecasesamore e xible but less
efcient model descriptionmight aswell be used. Therefore,al-
gorithmsanddatastructureshouldadherego thefollowing criteria
whenworking with GIMs:

Keepregularsurfacesampling

Maintaintheoriginal 2D grid arrangemenivhenstoringsam-
plesin memory

Keeponline processingf GIM dataassequentiabndlocal-
izedaspossible

Thethird point pertainsmoreto the ef cient useof GIMs rather
thanprotectingGIM properties.

In the next sectionwe discusshow generalSP techniquescan
violate thesecriteriaandsuggest combinationof approachethat
is leastdetrimental. We thenintroducelocality masks,a concept
thatcanbe usedto remedythis problem.



4 SPATIAL PARTITIONING AND LOCALITY MASKS

While we focus hereon the useof polygonsfor renderingGIMs,
someissuegaisedalsoneedto be consideredvhenrenderingwith
points. We alsoconsiderthe creationof the SPdatastructureto be
a preprocessingtep,andso usethe word online to describelater
useof thedatastructure.

4.1 Generalmethods

In general3D spatialpartitioning structuresa speci ed group of
renderingprimitivesis sorted(groupedhierarchicallyaccordingo
theirlocation. Therootnodeof thehierarcly encompasseall prim-
itives. The hierarcly is createdby recursvely subdviding the root
nodeand sorting primitivesinto the newly createdspatialnodes.
Spatialnodesatthe samehierarcly level do notoverlap,andprimi-
tivesintersectinghe boundarie®f multiple nodesareeithersplit at
point of intersectioror areduplicatedn multiple nodesfor render
ing corvenience.In the latter case,only a portion of a duplicated
primitive is consideredo residewithin eachnodeboundary Sub-
division continuesuntil somethresholdis reached primitives are
thenstoredimplicitly or explicitly within the resultingleaf nodes
of thehierarcly.

In generalexplicit storageof gixels at leaf nodescompromises
our seconccriterion. Sincethe groupof gixelsinsidea leaf nodes
volumerarelycorrespondo arectangulablockin GIM spaceijt is
dif cult to maintaina2D grid structurewithoutintroducingdummy
gixels?. Implicit gixel connectiity is lost asa result, and neigh-
bourhoodrelationships(e.g. edge,face,or gixel neighbourlist)
mustbestoredexplicitly for useby processinglters. In thecaseof
polygons connectiity mustbestoredusingafacelist or sometype
of vertex list. The explicit approachalsolimits opportunityfor on-
line sequentiaprocessingasprimitive storagebecomeslisjointed.

Referencingprimitives implicitly (indexing or pointers)helps
maintaintheoriginal GIM memoryarrangemenpreservingsample
locality andthusneighbourhoodelationshipsRegularsamplingis
alsomaintainedusingthis method.Primitive indicescanbe stored
atleaf nodesin orderof the GIM elementghey referencepromot-
ing sequentiaprocessingn anode-by-nodéasis.However, when
mary leaf nodesareidenti ed for processingthe orderin which
primitivesarepresenteds no longerin "optimal” sequentiabrder
in relationto the entireset. Taking furtheradvantageof sequential
accessluringonline processingtherefore requiresthatthe primi-
tive index lists of visible leaf nodeshe joined andsortedat theend
of eachspatialculling iteration.

As discussedprimitivesintersectingmultiple spatialnodesneed
to be split or referencedn eachnode. In the caseof polygons,a
split producegwo or morenew polygons,with new verticesposi-
tionedon the split. If renderingGIMs with polygons(section3),
a split involvesintroducingnew verticesas additionalgixel sam-
ples. This violatesour rst criterion. Althoughintroducinga few
irregular samplescould be overlooked in somecasesaddingnew
samplesmalkesit dif cult to adhereto the secondcriterion with-
outintroducingan entirerow or columnof unnecessarygixels for
eachnew "split” vertex. Whendealingwith mary splits, GIM di-
mensionsanddeviation in samplingfrequeng canincreaseunde-
sirably For example,the numberof edgesplits occurringfrom the
two volumesshown in Figure 1 is 3468 for the bunry GIM. This
is similar to the numberof splitsthatwould occurfor the rst level
of the SPhierarcly alone. In addition,the ability to performGIM
LOD throughsimplegrid down samplingreliesheavily on grid di-
mensionand samplepositionsalongthe GIM boundary{4]. Such
propertiesvould bedif cult orimpossibleto maintaingivensucha
solution.

2Null-valued elementsusedto pad a 2D gixel arrayssuchthat gixels
maintaintheir relative grid positions.

Referencinggixel primitivesfrom multiple nodesis amuchbet-
ter approachfor maintainingGIM structure,as splits are not re-
quired. Caremustbe taken during online processingiot to repro-
cessprimitivesthough.

4.2 Locality Masks

Basedon the criteria identi ed in section3, and the discussion
above we canconcludethata combinatiorof implicit primitive ref-
erencingandassigningprimitivesto multiple leaf nodess mostap-
propriatefor spatiallypartitioninga GIM model. This combination
retainsthe GIMs regular samplingand 2D memoryarrangement.
Taking betteradvantageof sequentiamemoryaccesstill requires
anextrasortingstepthough.

@ (b)

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

For the gixel primitive type we introducethe locality mask,an
n m bit maskthatidenti es gixelsof ann m grid whose3D lo-
cationvalueslie within agivenneighbourhooar volume.Figurel
andcolourplateFigure6(a-c)depictthelocality masksof thebunry
GIM for two givenvolumes.Sucha maskcanbe usedto avoid the
undesiredsortingphaseasdescribedelow.

For a generalSP hierarcly eachleaf nodelL; referencesa set
of primitives R locatedwithin its boundingvolume. During spa-
tial culling, the primitivesof a leaf nodeinside or intersectinghe
culling volumearede nitely or potentiallywithin this volumere-
spectvely. Thus,the setof primitivesentirelywithin avolumeis a
subsebf PO (potentialyaffectedset),theunionof all B whereL; is
insideor intersectinghevolume.

We are able to identify the samepotential primitive setusing
locality masksasfollows. For eachleafnodeL; we createalocality
maskM; thatidenti es all gixelslocatedin the leaf node. Thatis,
for eachgixel i; j belongingto a leaf nodewe setbit maskelement
i;j to 1. Theleaf nodethenstoresa pointerto the maskinsteadof
the primitives. Thus,the setof gixels entirely within a volumeis
a subsetf thoseidenti ed by MPO the union of all M; wherelL; is
insideor intersectinghevolume.

With the useof locality maskswe arenow ableto sequentially
procesghe potentialaffectedgixelsvia a simplemaskcheckwith-
out prior sorting, unlike the methoddescribedpreviously. Uni -
cation of leaf nodemasksalso handlesthe issueof reprocessing
gixelsreferencedy multiple nodes, aseachgixel canbe masled
only oncein M® WhenrenderingGIMs usingpolygonstheuni ca-
tion alsohandlegolygonsthatoverlapleaf nodes.Treatinggixels
astrianglevertices(section3) we seethatall verticesof a triangle

S3This occursrarely requiring a gixel to lie exactly on a partitioning
plane.



aremasled whenall leaf nodescontainingits verticesarevisible,
andsomeverticesmasled whenonly someleaf nodesarevisible.
In the rst caseno specialconsideratioris neededjn the second
casewe would simply rendera triangleif ary of its verticeswere
masled. In additionthe existenceof polygonsdoesnot even need
to be consideredvhencreatingthe hierarcly.

5 CREATING LOCALITY MASKS

Sincethe parametrisatiolis atleasta homomorphismthenwe can
assertthat a partition of model space,suchasby a collection of
boundingplanesde ning an oct-tree,inducesa partition of GIM
space A locality maskis a bit maskde ned by the preimagewith
respecto theparametrisatiompf anelemenof thepartition. Utility
of theGIM techniqueelieson strongpropertief theparametrisa-
tion, i.e. isomorphismandcontinuity to presere connectvity and
"locality”. To computebit maskswe testthe 3D spatialpositionof
eachgixel agpinstthe partitioning surfaces(planes,volumesetc.).
Asin traditionalmethodgsectiord.1)gixelscanbesortednto spa-
tial lists ascreationof the hierarcly progressesOn completionleaf
nodelists areusedto createleaf nodelocality masks.

Themaskfor aninternalhierarcly nodecanbederivedfrom the
unionof descenderieaf nodemasks.They canbeexplicitly stored
atinternalnodesfor aworst-casenemorycostof orderk? ! bytes
for theentiretree,or calculatecbnthe y ataworst-caserocessing
costof orderkd © for agiveninternalnode.Whered is treedepth,
k is treeorder andc is givennodedepth. Suchmaskscanbe used
to escapdierarcly traversalearlyif aninternalnodeis foundto lie
fully within the culling volume.

6 DISCUSSION AND RESULTS

Locality maskswork equallyaswell for MCGIMs assinglechart
GIMs. As discussedn section2.2, bit maskscanbe usedto iden-
tify the "de ned” gixels of a MCGIM. To createa locality mask
for aMCGIM we considemnly gixelsidenti ed by this maskwhen
checkingagainsta volumeor partitioningplane. This canbe con-
sideredequivalentto producingalocality maskfor a particularvol-
ume(e.g. leaf nodeof a SPhierarcly) and nding its bit-wise in-
tersectiorwith suchamask.

Sincethe parametrisatiormapsneighbourhoodso neighbour
hoods,setbits in the locality maskaremorelikely to be adjacent.
Sucha property lendsitself well to compression. Compression
techniguesllow alargeamountof redundang to beremovedfrom
locality maskswhich is of particularimportancen the leaf nodes
of a SPhierarcly, andmale locality masksan ef cient methodfor
storingandtransmittinga list of vertex (gixel) indices.

Like GIMs, locality masksfacilitate LOD throughgrid down-
sampling. Maskscanbe dowvn-sampleceasily by identifying if at
leastonebit is setin the sampleregion of a higherresolutionmask.
LOD maskscouldthereforebe calculatecef ciently onthe y, and
possiblycachedo assisffuture calculations.

Observingthe attractve propertieof locality maskswe believe
that 2D bit masksare good candidatedor usein future GIM ren-
deringpipelinesfor specifyingprimitivesto berenderedThey pro-
vide a compactand simple meansof identifying gixels to be pro-
cessedallowing ef cient communicatiorof renderingnformation
to the graphicgprocessothoughthe useof bits ratherthanintegers
or oating point values. In additionthey lend themseleswell to
imagecompressionfurtherminimizing communicatiorbandwidth
andstorageaequirementsThey alsoshareacommonstoragestruc-
turewith GIMs, following the GIM ideologyof uni ed information
storage Furthermoresimpleconceptsuchaslocality maskscould
be implementedby default in graphicsAPIs or evenin graphics
hardware,providing a furtherlevel of abstractiorandperformance
to theuser

A hardwarecullingimplementatiorior examplemaysimply take
areferenceo aGIM in videomemoryasarenderingdirective and
producealocality maskidentifying potentiallyvisible gixelsfor the
GIM. The maskwould thenbe passedn for usein furtherrender
ing calculations Thiswould reducetheloadon ary clipping stages
laterin the pipeline.

(a) (b)

(© (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 maskin (b). d) view from virtual cameraafter
culling, renderedusing (b).

We have implementeda number of programsusing locality
masksandan SP hierarcly asa proof of concept. All testswere
performedon a Pentium2GhzlaptoprunningLinux andOpenGL,
andwritten in C++. Figure 2 illustratesour frustum culling im-
plementationwith oct-treedepth4 and 945 leaf nodes. Imagea)
shaws a virtual viewing volume”looking” at the bunry. Locality
maskb) is producedoy culling theviewing volumeagainstthe oct-
tree.lmagec) andd) shav views from therealandvirtual cameras
renderedisingthelocality maskin b). Evenwith ahierarcly depth
of only 4 theresultinglocality maskproduces close tting of ren-
deredprimitivesto the viewing volume c) without producinghole
artifactsat rendertime d). With only a single modeland an un-
optimizedculling algorithmwe were able to obtain higher frame
ratesthanwithout culling. Thisillustratesthefeasibility andpoten-
tial of the methodsincerun-time maskuni cation was performed
onthe CPU.Figure5 shavs a similar examplefor the MCGIM fe-
line model.

We alsoimplementedh LOD testasdescribedbove. Thedown-
samplednasksdenti ed atleastall sample®f thelowerresolution
GIMs insidethe given volume (Figure 6(d-f)). Otherapplications
including collision detectionand ray tracing of GIMs could also
be achieved. Intersectinga ray with the SP datastructurewould
minimize surfaceintersectiorsearchspaceo thatindicatedby the
resultinglocality mask.



Table 1: Locality mask storage requirements for tested oct-trees
(bytes). Leaf/total nodesfrom 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
o |leaf 7802865 | 31434399 | 21472794 | 21864570
@ Inodes (7.4 MB) | (30.0 MB) | (20.5 MB) | (20.9 MB)
(%]

(&)

% total 10098311 | 4153271 | 28291320 | 28984571
§ nodes (9.6 MB) | (39.6 MB) | (27 MB) | (27.6 MB)
=)

o |leaf 77362 146358 91871 88435
®lnodes | (75.5KB)| (143KB)| (89.7 KB) | (86.4 KB)
(%]

(&)

E—total 158286 304644 229281 214139
3 nodes (155 KB) | (297 KB) | (224 KB) | (209 KB)

As locality masksarepresentedor considerationn future GIM
renderinghardwareandtechniquesthe systems overall rendering
performanceon currentgraphicshardware and memoryarchitec-
turesis notconsidere@nimportantmetricatthis stage We instead
focusmoreon memoryusageandculling time. Analysisof locality
maskperformanceon currentgraphicshardwareis left for future
work.

For theresultsin Table 1 we calculatedthe total costof storing
locality masksfor a model's SPhierarcly in both compresseand
uncompressetbrm. For compressiorwe ran a simple RLE (run
lengthencoding)algorithmusinga singlebyte repetition(2 bytes)
followed by a run count (2 bytes)to indicatea byte run of 2 or
greater Compressiomwasperformedindividually on eachlocality
maskin the hierarcly anda combinedcostcalculated.

We alsorecordedhe camergathtakenin a 1090frameviewing
sessiorof the bunry model,and ran an automatedetraceof this
path3 timesto obtainthe averagedesultsin Figure3.

Compressiomnf locality maskswashigh, asexpectedwith com-
pressiorratesabove 98%for all instancesested.FromTable1l we
canseethat the locality masksfor an entire SP hierarcly canbe
storedin lessthan300KB. With over 520K trianglesand 66K ver-
ticesrepresentedby a 257 257 GIM, compressedbcality masks
provide avery ef cient way of referencingprimitivesat SPnodes.
Communicationof renderingprimitives via locality masksalso
proved to be highly efcient. Assumingthe existenceof render
ing hardwarethataccepts list of primitivesvia bit mask,thethird
chartin Figure3 compareshe numberof bytesrequiredto transfer
compressetbcality masks,bothindividually from leaf nodesand
after uni cation, to thosefor a list of vertex indicesrepresenting
triangles.Evensendingcompressedhasksof visible leaf nodesin-
dividually for uni cation on the graphicsprocessomwould require
ordersof magnitudelesscommunicatiorbandwidththana vertex
index list.

The rst chartin Figure 3 shaws the time taken for culling at
eachframe. It shavs resultswhenrun-timeuni cation of leafnode
masksis performedandwhenmaskuni cation is not performed.
The latter is indicative of performancen traditional culling algo-
rithms where primitives are sentto the graphicsprocessoms leaf
nodesaretraversed.The secondchartpresentghe sameresultsas
a function of the numberof visible leaf nodes,averagedover the
testedframes.Comparisorof thetwo chartsgivesanindicationof
theamountof objectvisible in eachframe.

Fromtheseresultswe canseethatthe procesf 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 reduceghe culling algorithmsspeed. The increasein
computationtime with numberof visible leaf nodesis higherfor
the algorithm performinguni cation. This is expectedsincethe
uni cation time of n masksof sizemis O(n m), comparabléehi-
erarchicakulling takesO(n logn) time, andfor all practicalsizes



of GIM and SP hierarcly, m is always greaterthann. Thusthe
performancegainedthroughincreasedsequentiaprocessingising
locality maskswould have to outweighsucha performancdossfor
locality masksto be useful,andoptimizationof uni cation should
beanaim of futuredevelopment.

Fortunately the compressionmesultspresentedbove shav that
thelocality masksf anentirehierarcly (depth4 to 5) canbestored
ef ciently usinglessthan300KB. Theexistenceof explicitly stored
masksatinternalnodesremovesthe needto performmaskuni ca-
tion of its leaf nodedecedentsvhenthe nodeis within the culling
volume. This cangreatlyreducethenumberof run-timeuni cation
calculationsandallows hierarcly traversalto be haltedearly; the
draw-backis the needto decompresmasksbeforeuni cation.

Another avenue of optimisationwould be to provide a hard-
wareimplementatiorof locality maskdecompressioanduni ca-
tion. Culling algorithmsusing both run-time calculationand ex-
plicit storageof internalnodemaskscould thenachiese timing re-
sultscomparabléao thoseachiezed without uni cation enabled.In
this casethe useof explicit storagewould still reducecommunica-
tion bandwidthandoverall computation.

Figure4 shaws resultsfor a 1324 frameviewing sessiorof the
multi-chartfeline GIM. Theseresultsareconsistentvith thoseob-
tainedfor the single chartbunny GIM. The noticeabledifference
beingin the size of the compressedini ed locality maskfor the
maximumnumberof visible leaf nodes. For a single chart GIM
the localilty maskcoversall gixels of the GIM whenthe objectis
completelyvisible, for a multi-chartGIM only de ned gixels are
masled. Thisresultsin highercompressioffior singlechartlocality
masksusingthe chosercompressiorschemeastherun of bytesis
thesamefor theentiremask.

A penaltyof thelocality maskmethods thatactualrendering(or
other processingkannotbegin until all requiredleaf nodemasks
areuni ed into a single bit mask,leaving the GPU, or remainder
of renderingpipeline,idle duringculling. Moving maskuni cation
operationgo a differentprocessinginit or pipeline stage,assug-
gestedabove, only slightly improvesthe situationasonly culling
and uni cation can be performedin parallel. This is a problem
sharedwith the "list-sort” methoddiscussedn section4, where
a completelist of gixel indicesmustbe collectedand sortedbe-
fore rendering.Sucha problemdoesnot exist in traditionalculling
methods where primitives of leaf nodesare sentfor renderingas
soonasa nodeis deemedvisible, hawever, memoryaccesss ran-
dom.

7 CONCLUSION AND FUTURE WORK

7.1 Conclusion

We have presented methodfor spatialpartitioning GIMs via lo-
cality masks- bit maskspartitioningparametespace.Eachlocal-
ity maskidenti es gixels within a particular3D volume, suchas
the boundingvolumeor cutting planeof a SPhierarcly node. Us-
ing thesemasksto referencdeaf nodegixels, we have shavn that
onecanhierarchicallypartitiona GIM or MCGIM while maintain-
ing its original sampleregularity and2D memoryarrangementBy
unifying un-culledleaf nodemasks.andperformingGIM process-
ing postcull, we alsopromotesequentiaprocessingf GIM data.
Thisis of particularimportanceor ef cient rendering.

In additionto maintainingtheseattractive propertiesof GIMs,
locality maskst well into the GIM paradigm.They facilitateLOD
throughsimplegrid down sampling,lendthemseleswell to com-
pressiontechniquesandsharea uni ed storagestructurewith ge-
ometryandsignaldata.

In light of locality masks' advantageswe also suggestedhe
useof bit masksasrenderingdirectivesfor future GIM rendering
pipelines,providing a compactandef cient meansof storingand

Culling Time

—— Mask Unification No Unification

0.006

0.005 4

0.004

0.003 {

Time (sec)

0.002 4

0.001 4

|

45
89
133
177
221
265
309
353
397
441
485
529
573
617
661
705
749
793
837
881
925
969
1013
1057
1101
1145
1189
1233
1277
1321

Frame

Culling Time (no. nodes)

[——Mask Unification No Unification

0.006

0.005

0.004

0.003

Time (sec)

N
0.002 "W

0.001

0 34 64 95 137 171 224 271 340 390 442 484 645
Visible Nodes

Bytes Sent for Rendering

—— Compressed Leaf Nodes Compressed Unified Mask Vertices

10000000

1000000

100000

10000

Bytes

1000
//

100

10

Visible Nodes

Figure 4: 1324 frame viewing session for MCGIM feline model.
Charts as per Figure 3.

communicatindists of primitivesto berendered.

Early examplesshav thefeasibility of ourmethodfor usein vari-
ousapplications Evenwith run-timeuni cation of leafnodemask,
which we shawved to be lessefcient, our culling algorithm pro-
videdrenderingspeedupver a non-cullingimplementationCom-
pressiorresultsweregoodwith areductionof abore 98%in local-
ity maskstoragaequirementgor atypical SPhierarcly.

As an aside,we speci ed a numberof criteria to be followed
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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. Thesesimplecriteriaremindus of the attractve properties
of GIMs andhelp maintaintheir advantagedor useby all applica-
tion components.

7.2 Futurework

Futurework will focus on analysingthe performancegain when
usinglocality maskhierarchiesover traditionalmethodgor render
ing GIMs. It is expectedthateventraditionalapproachewiill per
form betteron modelsstoredas GIMs as opposedo completely
randommemory models, but exact performanceincreasedue to
higher sequentialprocessingn the caseof locality masksis un-
certain.We planto testperformancen existing graphicshardware
aswell asimulatedrenderingsystemsandmemorycachego deter
minewhich environmentbestprovidesperformanceémprovements.
Anotherareafor investigation would be encodingschemeghat

allow uni cation of compressetit maskswithout decompression.

As discussedh section6 thisis a drav-backto storingcompressed
locality masks.
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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 masks of volumes overlaid onto model's GIM, notice correspondencebetween peak 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
identied by the down sampled masks are renderedin (e) and (f), note that at least all gixels within the original volume are still identi ed.



