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Figure1: Continuousdetaillevelsof aBuddhageneratedin vertex programson theGPU.ThecolorsdenotetheLOD level usedandthebars
describetheselectedamountof pointsselectedfor theGPU(top row) andtheaverageCPUloadrequiredfor rendering(bottomrow).

Abstract

In this paperwe presentsequentialpoint trees,a datastructurethat
allowsadaptive renderingof point cloudscompletelyon thegraph-
ics processor. Sequentialpoint treesare basedon a hierarchical
point representation,but the hierarchicalrenderingtraversalis re-
placedby sequentialprocessingon the graphicsprocessor, while
the CPU is available for other tasks. Smoothtransitionto trian-
gle renderingfor optimizedperformanceis integrated.Wedescribe
optimizationsfor backfaceculling andtextureadaptivepointselec-
tion. Finally, wediscussimplementationissuesandshow results.
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1 Intr oduction

In recentyears,it hasbeenshown that point basedrenderingis a
very ef�cient meansfor the renderingof complex geometry. The
ideais basedontheobservationthatin increasinglycomplex scenes
trianglesbecomesmallerthan a single pixel. In this case,trian-
gle basedscan-linerenderingwastestime in super�uoussub-pixel
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computation.Level-of-detailmethods[Luebke et al. 2002]exploit
thisby removing suchinvisiblegeometrydetail.With trianglemesh
reduction(e.g.[Hoppe1996;Klein et al. 1996;Hoppe1997])such
unnecessarilysmall trianglescanbe mergedto larger ones,but at
the expenseof signi�cant pre-computationtimes, large CPU load
for on-the-�y retriangulations,or poppingartifactsof discretede-
tail levels. Impostors[Schau�erandStürzlinger1996]alsoreduce
geometry, but suffer from similar problems. Most of theselevel-
of-detailapproachesrequiresigni�cant CPUcomputationandthus
leave the enormousprocessingpower of contemporarygraphics
boardsunused.

Point representationscompletelylack topological information,
sothedegreeof detailcanbeadaptedeasilyand�uently by adding
or removing singlepoints. On the downside,moreeffort is nec-
essaryto properlyselectandrenderthe pointssuchthat holesare
avoided.Also thewaythepointsarerenderedhasastrongin�uence
onimagequality. Softwarerenderingmethodssuchas[P�ster etal.
2000]allow for sophisticated�ltering andhole�lling. Muchhigher
throughputis achieved with renderingthe pointsby the Graphics
ProcessingUnit (GPU),but thenmoreeffort hasto bespenton the
point selectionand blendingin order to achieve imagesof good
quality [Renetal. 2002].

In this paperwe focuson point renderingby theGPU. Our goal
is to of�oad asmuchwork aspossibleto the graphicsprocessor,
ideallyboththeselectionof thedetaillevel andthepoint rendering.
The methodshouldexploit the capabilitiesof the GPU,andleave
theCPUavailablefor non-renderingpurposes,which is important
for interactiveapplicationslikegames.

Our work is based on recent work such as the Q-Splat
[Rusinkiewicz and Levoy 2000; Rusinkiewicz and Levoy 2001]
or POP[Chen and Nguyen2001], but the hierarchicalrendering
traversalis transformedto a sequentialprocess.We rearrangethe
nodesof a hierarchicalpoint treeto a sequentiallist, suchthat all
points that are typically selectedduring a hierarchicalrendering
traversalaredenselyclusteredin thelist. Thiscanbeseenin Fig. 1,
wheretheBuddhamodelis renderedwith increasingviewing dis-
tance.Thebarbelow theBuddhavisualizesthesequentialpoint list
andthe renderedpointsin red. Theselectedpointsalwaysform a
clusterof decreasingsize.

For every view, we cancomputeboundson this point clusterin
softwareandthenprocessthesegmentsequentiallyby theGPUat
maximalef�ciency. TheGPUdoesfurther �ne granularityculling
andrendersthe remainingpoints. The CPU load is very low, the



mainprocessonly hasto computethesegmentboundaries,thereal
selectionof the points to be renderedis donecompletelyby the
GPU.Overheadarisesdueto thepointswhichhave to beculledby
the GPU,but in our examplesthis fraction is in the rangeof only
10 to 40%. We thusachieve ratesof about60 million effectively
renderedpointspersecondon a Radeon9700with very low CPU
load.

2 Previous Work

Thegoalof a point basedrenderingalgorithmsfor complex scenes
is to quickly generatea point sampleset which is just dense
enoughto not exhibit holeswhenbeingrendered.In the Q-Splat
[Rusinkiewicz andLevoy 2000],aboundingspherehierarchy is tra-
versedduringrendering.Every traversednodeis projectedinto the
image.Nodeswith smallenoughimagesizearerenderedasasplat
of constantradiusand further traversalof the subtreeis skipped.
In [Rusinkiewicz and Levoy 2001], the Q-Splatdatastructureis
usedfor streamingobjectsover networks. The generatedpoint
streamis a sequentialversionof the Q-Splattree,but the render-
ing procedureis hierarchicalanddoneon theCPU,sono graphics
hardwareaccelerationis possible. [Cohenet al. 2001; Chenand
Nguyen2001] presenthierarchicalapproachesthat smoothly re-
placethe point cloudsby the original trianglesfor closeups. In
[CoconuandHege2002]thepointsof anobjectaresortedbackto
front by theCPUandthenrenderedby theGPUwithoutdepthtest,
but with blending. A completelysoftware-basedpoint rendereris
presentedin [Botschet al. 2002],which achieves14 million points
with awell optimizedrenderingmethod.

Wandet al. [Wandet al. 2001]alsodo a hierarchy traversal,but
the leaf nodescontainarraysof randompoint sampleswhich are
renderedby theGPUvery ef�ciently . Similarly, [Stammingerand
Drettakis2001; Deussenet al. 2002] pre-computerandompoint
setson plant objectsandsequentiallyrendera list pre�x of vari-
ablelength.Thetwo previousapproachesallow very fastrendering
of highly irregularobjectslike plants,but dueto theusedrandom
samplingthey arelesssuitedfor connected,smoothsurfaces.

In [Ren et al. 2002] a point splattingalgorithmon the GPU is
described,whereasthe focus of this paperis the point selection
on the GPU. In [Pauly et al. 2002] methodsarecomparedfor the
computationof point cloudsof varying level of detail. Oncecom-
puted,eachof thesediscretedetail levels canbe displayedby the
GPU with maximumef�ciency, but they areproneto the discrete
level-of-detail renderingproblemslike poppingartifactsandhigh
memoryconsumption.

3 Sequential Point Trees

Sequentialpoint treesarealsobasedon a point treehierarchy. We
�rst describeour point treehierarchy andits hierarchicalrendering
traversal,in orderto de�ne notationandto explainsomeextensions.
After that,we canintroducethesequentialpoint treedatastructure
andits ef�cient renderingby thegraphicsprocessor. We thenadd
extensionsthathelpto improveperformanceevenfurther.

Notethatour scenesaresetsof objects.For eachof theobjects,
a sequentialpoint treeasdescribedin the following is generated.
With instancingthe samepoint tree can be renderedat different
locations. This simple scenestructurere�ects the necessitiesof
typical interactive applicationslike games.For eachobjectwe do
frustumculling. Thegoal is to rendereachvisible objectat a level
of detailwhich is anoptimalbalancefor thecurrentpointof view.

3.1 Point Tree Hierar chy

Every nodein our point treehierarchy representsa partof theob-
ject. It storesacenterpointp andanaveragenormaln. For now, we
considerobjectsof uniform color, extensionsfor coloredandtex-
turedpointcloudsarethendescribedin aseparatesection.Further-
more,everynodestoresadiameterd of aboundingspherearoundp
for therepresentedobjectpart.An innernodein thehierarchy rep-
resentstheunionof all its children,sothediametermonotonically
increaseswhengoing up the hierarchy. The leaf pointsshouldbe
uniformly distributedover theobject,so that the leaves' diameters
areroughlyequal.

We begin with a setof uniformly distributedpoint sampleson
theobject,which areinsertedinto anoctree.Theoctreerepresents
thepoint hierarchy. Positionandnormalvaluesof thechildrenare
averagedto obtain the valuesfor the inner nodes. The diameter
computationis more involved. We usea simple modi�cation of
Welzl'salgorithm[Welzl 1991]to approximateaboundingdisk for
the child disks. In Pauly et al. [Pauly et al. 2002],moresophisti-
catedmethodsfor pointcloudreductionhavebeenexamined,partly
alsohierarchical,thatcouldbeusedto generatebetterpoint hierar-
chies.

3.2 Perpendicular Error

Everynodein thehierarchy canbeapproximatedby adiskwith the
samecenter, normal,anddiameterasthe node. The error of this
approximationis describedby two values,the perpendicularerror
ep andthetangentialerroret .

Theperpendicularerrorep is theminimumdistancebetweentwo
planesparallel to the disk that enclosesall child disks, and thus
measuresvariance(seeFig. 2, left). Using the notationof Fig. 2
(right), ep canbecomputedas
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Figure 2: As perpendicularerror for a disk we usethe distance
betweenthetwo planesparallelto thediskenclosingall children
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During rendering,the perpendicularerror projectsinto the im-
age,resultingin animageerrorẽp. ẽp is proportionalto thesineof
theview vectorv andthedisk normaln, andit decreaseswith 1=r
andr = jvj: ẽp = ep sin(a )=r anda = 6 (v;n). ẽp capturesthefact
thaterrorsalongthesilhouettearelessacceptable.

3.3 Tangential Error

In contrast,et looks at the projectionsof the child disksonto the
parentdisk as shown in Fig. 3. et measureswhetherthe parent
disk covers an unnecessarylarge area,resultingin typical errors
at surfaceedges.We measurethis by �tting a numberof slabsof
varyingorientationaroundtheprojectedchild disks. et is thenthe
diameterof thediskminusthewidth of thetightestslab. Negativeet
areclampedtozero.et is projectto imagespaceasẽt = et cos(a )=r.
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Figure 3: The tangentialerror measureshow well a parentdisk
approximatesthechildren's disksin thetangentplane

3.4 Geometric Error

Perpendicularandtangentialerrorcanbecombinedto asinglegeo-
metric error eg = maxa f ep sina + et cosa g = (e2

p + e2
t )1=2. The

image spacecounterpartẽg dependson r, but no longer on the
view angle: ẽg = eg=r. This simpli�cation is fasterto compute,
but alsolessadaptive. Themaximalerroreg hasthenode's bound-
ing sphere's diameterd asupperbound. Whensettingeg to d we
get theQ-Splatrepresentation.Notethatour errormeasurecanbe
usedboth for closedsurfacesandfor unstructuredgeometry, like
trees.

3.5 Recur sive Rendering

An object is renderedin a depthtraversalof the point hierarchy.
For every node,the imageerror ẽ is computed.This is either ẽg
(uni�ed errormode)or ẽp + ẽt (split errormode). If ẽ is above an
acceptableerrorthresholde andthenodeis not a leaf, thechildren
aretraversedrecursively. Otherwise,a splatof imagesized̃ = d=r
is drawn, which is thenode's diameter, projectedontotheimage.

e is a userde�ned accuracy parameter. If e equalsonepixel,
all detailof sub-pixel sizeis hidden.By selectinge > 1 pixel, the
frame-ratecanbeincreasedcontinuously, at theexpenseof reduced
quality.

Notethatthispoint treerepresentationadaptspointdensitiesnot
only to view distancer but alsoto local surfaceproperties.Large,
�at regionsexhibit small eg andarethusrenderedby large splats,
whereassmallsplatsareselectedin geometricallyor visually com-
plex areas. The effect canbe seenin Fig. 1, wherethe different
hierarchy levelsarevisualizedin differentcolors.

3.6 Sequentialization

Theabove renderingprocedureis recursive,andthusnot suitedfor
fastvertex array-basedsequentialprocessingby the GPU. In this
sectionwedescribehow wecanrearrangethetreedatato a list and
replacetherecursive renderingprocedureby asequentialloopover
the list. We alsoshow how by optimizedarrangementall selected
list entriesaredenselyclusteredin a segmentof thelist, which can
beef�ciently processed.

Weusethesimpli�ed errormeasureeg andreplaceit byasimilar,
but for our purposesmoreintuitive measure.We assumethat e is
constantto make theformulationclearer. Therecursive testchecks
whetherẽg = eg=r < e. So insteadof eg we canstorea minimum
distancermin = eg=e with the node,simplifying the recursive test
to r > rmin.

With this simplerecursivetestentiresub-treescanbe skipped.
However, whenthe treenodesareprocessedsequentiallywithout
hierarchy information,we needa non-recursivetestthatalsotests
for every singlepoint whetherthecurrentpoint andnoneof its an-
cestors is selected.To this end,we addanrmax-parameterto every
nodeanduser 2 [rmin; rmax] asnon-recursive test. Intuitively, we
testwith theupperboundwhethertheview distanceis solargethat

oneof theancestorswill beselectedfor rendering;thermax testthus
replacestherecursiveskip.

A �rst attemptfor theselectionof rmax is to usermin of thedirect
parentor in�nity for therootnode.Sowhengoingupthehierarchy
theintervalsdon't overlapandnot botha nodeandits childrenare
selected.Exampleswith a simpletreeandthenodefrontsselected
by differentvaluesfor r areshown in thetop row of Fig. 4.

Theaboveapproachworkswhenr is constantfor theentiretree.
But if werecomputer for all nodes,it canhappenfor anodethatr is
justbelow rmin, but dueto thedifferentr for thechildrenalsoabove
somechildren'srmax, resultingin holesin therendering.Wecanac-
countfor this by addinganinterval overlapasbig asthepoint dis-
tance.This overlapensuresthatno holesappear, but it alsomeans
thatfor somenodesboth,thenodeandsomeof its childrenarese-
lected.This resultsin overdraw andslightly reducedperformance,
but wedid notexperiencevisibleartifactsfrom it.

3.7 Rearrang ement

After transformingthe recursive test to a simpledistanceinterval
test,we storethepoint treenodesasa non-hierarchicallist, which
is processedsequentially. At this step,the [rmin; rmax]-testallows
for a very ef�cient optimization: by sorting the list for rmax, we
caneasilyrestrictcomputationto a pre�x of the list. Considerthe
bottomrow of Fig. 4. The leftmostcolumnshows a simplepoint
tree(top) andits sequentialcounterpart,sortedfor rmax (bottom).
In thebottomrow, onecanseethe list pointsselectedby a certain
r. For r = 8, only the �rst four pointscancontribute,becausefor
all laterpointsrmax < r. For smallerr, this boundarymovesto the
right.

However, for �nite objectsr is not constant.Theeffect is shown
in Fig. 5. For constantr (left column),r de�nesa front in thepoint
tree. In the sequentialpoint tree list, this front cuts the list into
two halves. If r varies,theresultingvertex front is enclosedby the
vertex frontsde�ned by minf rg andmaxf rg. In thelist, this results
in a fuzzyzone,wherepointsarepartially selected.

Thus the algorithmis as follows. First, a lower boundon r is
computedfrom a boundingvolumeof the object. We thensearch
the �rst list entry with rmax � minf rg by a binary search. The
beginningof thelist upto thisentryis passedto theGPU.For every
point, theGPUcomputesr anddoesthe[rmin; rmax] testin a vertex
program. Pointsthat passthe testarerenderedusingsplatsize d̃,
which is alsocomputedby thevertex program;pointsthat fail the
testareculledby moving themto in�nity . Thecorrespondingver-
tex programis very simple,theculling andpoint sizecomputation
is donein a few commands.

With this simple approach,we ef�ciently combinecoarseand
�ne granularityculling. TheCPUdoesa �rst ef�cient pre-culling
for rmax by selectingi andthenpassesthe entiresegment[0; i] to
theGPU(coarsegranularity).TheGPUprocessesthesegmentse-
quentiallyatmaximumef�ciency andalsodoesthe�ne granularity
culling. The percentageof pointsculled by the GPU dependson
thevariationof r over theobject. In typical examples,this fraction
is 10%to 40%.

It is alsopossibleto computea left interval bound,which guar-
anteesthat for all pointson its left the testfails becauser < rmin.
Becausethe list is not sortedby rmin, this boundis lesseffective.
Thebene�t is small,becausethenumberof innernodesin a treeof
averagebranchingfactor4 is smallrelative to thechildren.Experi-
mentscon�rmed this.

The rearrangementallows using the view direction dependent
culling consideringep andet separately. Sinceẽg is anupperbound
for ẽp + ẽt , weonly haveto replacethe[rmin; rmax] testin thevertex
programby the computationallymore expensive view dependent
test, thusculling morepointsduring �ne granularityculling. By
this, thefragmentstageis relievedat theexpenseof morework for
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Figure4: Conversionof a point tree into a sequentialpoint tree. Top row: (left) Point hierarchy of nodesa-m with [rmin; rmax]. (right)
Selectedtreecuts for threedifferentview distances.Bottom row: (left) The sequentialpoint treerepresentationof the samenodesa-m,
sortedby rmax. Thediagramsshow [rmin; rmax] for everynode.(right) Sametreecutsasabove,now assequentialpoint trees.Thebarsbelow
denotetherangethatneedsto beprocessedfor rendering.
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Figure 5: For constantview distancer, the vertex front cuts the
sequentialpoint treeexactly (left). If r varies,thebordergetsfuzzy
(right).

thevertex stage.Thebene�t dependsontherelative load,but in our
teststherewasnosigni�cant advantage.

Unfortunately, sequentialpoint treesallow no hierarchicalvis-
ibility frustumculling within an object. Visibility culling creates
unpredictablepoint frontswhich cannotbeconsideredduringsort-
ing.

3.8 Hybrid Rendering

Sequentialpoint treescanbeextendedto hybrid point-polygonren-
deringin thespirit of [ChenandNguyen2001;Cohenet al. 2001],
whereobjectpartsarerenderedby polygonswhenthis is thefaster
option. Renderinga triangleis probablythe bestsolutionaslong
as its longestsides hasan imagesizeabove our error threshold:
s=r � e, wherer is the viewing distance. In this case,we need
at least two splatsto renderthe triangle, and no speedgain can
be expected. Thus, we can computean rmax value for triangles:
rmax = s=e. If werenderall triangleswhicharecloserto theviewer
thantheir rmax, wecanremovefrom thepoint list all pointswith an
rmax smallerthanthermax of theoriginal triangle.

Thegoalis to alsodothetriangleselectionontheGPU.Wethus
sortall trianglesfor decreasingrmax values.At renderingtime, for
every objectanupperboundon r is computed,and,analogouslyto
thepoint list, thebeginningof thetrianglelist with rmax > maxf rg
is passedto the GPU. A vertex programevaluatesthe condition
r < rmax for everyvertex andputstheresultinto thea -valueof the
vertex. Culling is thendoneby an a -test. By this, triangleswith

differentlyclassi�ed verticesarerenderedpartially. Sincethis is a
bordercase,thecorrespondingpointsarealsorenderedandresult-
ing holesareautomatically�lled. Note thatby resortingthe trian-
gle list, trianglestripsaretornapartor triangleordersoptimizedfor
vertex cachehits get lost. A hybrid renderingexampleis shown in
Fig. 6.

Figure6: Left: with hybrid renderingsmall trianglesarereplaced
by points(red).Right: hybrid renderingwith normallighting.

3.9 Color , Texture , and Material

Sequentialpoint treescanalsocontaincolor. Every leaf point of
thepoint hierarchy describespartof anobject,soanaveragecolor
canbe assigned.If the objectis textured,the texture color is also
averagedand includedin the point color. For inner nodesin the
hierarchy thecolorof thechildrenis averaged.

With the color averagingwe have to reconsiderour error mea-
sure. In �at regionswe have smallgeometricerror, but by render-
ing largesplatsthecolor andtexturedetail is washedout. To avoid
this,we increasethepoint's errorto thepoint's diameter, whenthe
color variessigni�cantly. This enforcessmall splatsandthe blur-
ring is reducedto the error thresholde. With this measure,point
densitiesadaptto texturedetail,thusgeometryis createdto capture
colordetail(seeFig. 7).

Theaveragingcorrespondsto anobjectspace�ltering operation.
Sincedueto theabove error criterionsplatswith texturedetail all
have roughly imagesize e, this averagingoperationimplicitly is
similar to imagespacetexture �ltering. The�ltering quality is not
asgoodassophisticatedEWA texture�ltering, but aliasingis well
reduced.



Figure7: By includingcolor into theerrormeasure,pointdensities
adaptto texturedetail. Left: uniform small point sizeto visualize
pointdensities,right: correctpoint sizes.

3.10 Normal Clustering

Renderingperformancecanbeoptimizedby normalclustering,in
thespirit of [ZhangandIII 1997]. We use128normalclustersob-
tainedfrom recursive subdivisionof anoctahedron.Thesequential
pointtreelist is split into anarrayof point listswith equalquantized
normal. We canthenachieve back-faceculling by not processing
lists with normalspointing away from the camera.On the down-
side,the lists have to beprocessedseparately, leadingto increased
CPUloadandsmallerpoint lists to beprocessedby theGPU.How-
ever, the bene�t of a point numberreductionof almost50% well
compensatesfor this.

4 Implementation and Results

Whenimplementingsequentialpoint trees,we experimentedwith
variouspointrenderingmethodsanddifferentgraphicsboards,both
underOpenGLandDirectX. Vertex programsor vertex shadersare
usedto do thesequentialprocessing.To achieve optimal through-
put,it turnedoutthatit isextremelyimportanttouseall possibleop-
timizations,in particularvertex rangesor vertex buffers.TheGPUs
or driversarealsovery sensitive to optionslike point shape,ver-
tex datainterlacing,etc.,soexperimentswerenecessaryto achieve
optimalthroughput.

With simplerenderingof hardwareacceleratedpoint primitives,
maximalpoint ratescanbe achieved. Renderingthe pointsasel-
lipsoids with gaussiansplatsis more involved. First, for blend-
ing the fuzzy splatstwo passrendering[Zwicker et al. 2001;Ren
et al. 2002]or point sortingis necessary[CoconuandHege2002]
to avoid theorderdependentalphablendingproblems.Evenwith
two-passrendering,for blendingthe Gaussiansplatscorrectly, a
pixel-wiserenormalization[Zwickeretal.2001]or renderinglarger
splatsto obtainalphasaturation[CoconuandHege2002]is needed.
In thefollowing sectionwe describea simpleextensionthatcould
circumventbothproblemsin only onerenderingpass.

For the optimizationof sequentialpoint treesfor textured ob-
jects we also tried to rendertextured splatsusing programmable
pixel shadershardware.Ourexperimentsfaileddueto driver insuf-
�ciencies. As an alternative, we implementedpoint renderingby
texturedtriangles.However, this increasesthe numberof vertices
by afactorof three.Togetherwith thenecessarytwo-passrendering
anda �nal renormalizationthepoint ratedropssigni�cantly.

In Fig. 8, we show a complex test scenewith variousmodels
from previousSIGGRAPHpublications.Thesceneis renderedon
anATI Radeon9700with DirectX usingsequentialpoint treesfor
thestatuesandthetrees.Theground,sky andothermodelsareren-
deredastriangles.For thepoint basedobjects,our implementation
sends77million pointspersecondto theGPU,whichrendersabout
50 million points per secondafter culling. We uselittle opaque
squaresfor rendering.All objectsaretextured,wherethe textures
containsurfacecolorsandlight mapinformation.Thetexturesand
geometrydatais storedin the memoryof the graphicscard. The

frameratesarein the rangeof 36 to 90 framespersecond,with a
CPUloadof 5 to 15%ona2.4GHzIntel Pentium.Wealsodid �rst
experimentswith an early versionof the NVIDIA NV30. Results
arepreliminary, but a point rateof 80 million pointsafter culling
seemspossible.

Theaccompanying videoalsoshowsmodelswith dynamiclight-
ing. We usea per-splatnormalto calculatediffuselocal illumina-
tion in thevertex shader. Evenwith thissimplelighting weachieve
up to 60 million splatsrenderedper secondafter culling by the
GPU, wherethe percentageof culled points by the GPU ranges
from about10 to 40 percent.This meansthat on the above men-
tionedhardwarecon�guration, thevertex shaderis executedabout
85 million times per second. The QSplat implementationfrom
[Rusinkiewicz and Levoy 2000] rendersabout6.6 million points
on thesamehardware.NotethatQSplatalsocauseshighCPUload
dueto many OpenGLAPI calls.

5 Proposed Extension

As notedby others[Zwicker et al. 2001] theblendingof fuzzy re-
quiresa z-Buffer testwith tolerance.This canbecircumventedby
a two-passrenderingapproach.But eventhenblendingis dif�cult,
becauseit requiresa �nal renormalization,or a splatoverlaplarge
enoughso that all alpha-valuessum up to one at least. Both of
theseproblemscould be avoided by an interleaved blendingand
depthtest. Our proposeddepth/blendingmodecombinesa source
fragmentwith color, alpha,anddepth(Cs,As,zs)with destination
values(Cd,Ad,zd)asfollows:

if (zs < zd - zfuzzy)
Cd = Cs; Ad = As; zd = zs;

else if (zs < zd + zfuzzy)
Cd = (Ad*Cd + As*Cs)/(Ad+As); Ad += As;

endif

zfuzzy de�nesthefuzzinessof thetest.If thesourcefragment
is within the fuzzy depthrangeof the destinationfragment,their
weightedsum is computedand immediatelyrenormalized. This
would solve the fuzzy depthtestandblendingproblems.In com-
binationwith pre-computedellipsoidalgausstextures,renderedas
pointsprites,wecouldobtainhighqualitypointsplattingin asingle
renderpass,with onevertex perpoint sample.

6 Conc lusion

In thispaperwe introducedsequentialpoint trees,asequentialver-
sionof hierarchicalpoint trees.With sequentialpoint trees,wecan
rendera point-basedlevel of detail of arbitraryobjects,wherethe
level of detailselectionis donealmostcompletelyontheGPUusing
a very simplevertex program.We achieve aneffective throughput
of 50 million pointspersecondon a contemporaryGPU,with low
CPU load. Hybrid point/polygonrenderingfor optimizedperfor-
mancewithoutpoppingartifactswaseasilyintegrated.

Ourattemptsto renderfuzzysplatsfailedor resultedin unneces-
sarydropsin theframe-rate.Weachievedhighef�ciency only with
opaquesquares,which areacceptablefor small point splatsonly.
Sequentialpoint treescould be signi�cantly improved by a better
supportof thepointprimitivesby thedriversandtheGPUs.
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