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Abstract

Implicit representationisave thepotentialto represenkargevolumessuccinctly In thispapemve present
a multiresolutionand progressie implicit representatiomf scalarvolumetric datausing anisotropic
Gaussiarradial basisfunctions(RBFs)de ned over an octree. Our representatiotendsitself well to
progressie level-of-detail representationsOur RBF encodingalgorithmbasedon a Maximum Lik e-
lihood Estimation(MLE) calculationis non-iteratve, scalesin a O(nlogn) manney andoperatesn a
memory-friendlymanneron very large dataset®y processingmallblocksat a time. We alsopresent
a GPU-baseday-castingalgorithmfor direct renderingfrom implicit volumes. Our GPU-basedm-
plicit volume renderingalgorithmis acceleratedy early-rayterminationand empty-spaceskipping
for implicit volumesand canrendervolumesencodedwith 16 million RBFsat 1 to 3 frames/second.
Theoctreehierarclty enablegshe GPU-baseday-castingalgorithmto ef ciently traverseusinglocation
codesandis alsosuitablefor view-dependenievel-of-detail-basedendering.

1 Intr oduction

Scienti ¢ visualizationis currentlyfacingagrandchallengen copingwith vastquantitiesof dataarising
from high- delity acquisitionsandlarge-scalescienti ¢ simulations.Suchdatasetsangefrom afew gi-
gabytedo severalterabytesandareoftencharacterizetly animperative needfor interactve exploratory
visualizationcapabilities.For instancethe RichtmyerMeshlov instability simulationperformedat the
LawrenceLivermoreNationalLaboratory[23] hasproduceda 2048 2048 1920dataover273time
steps.Thesheersizeof this datamalkesit a challengeo visualizeit on commoditygraphicshardware.
We believe that implicit representationsffer a powerful modelfor facilitating interactve visual
explorationof large volumetricdatasetslmplicit functionshave beenusedfor almosttwo decadesn
visual computing.Introducedasblobbymodels [1] andmetaballg[27], they have grown to be widely
usedin gamesandmovies. A niceoverview of someof theearlywork in implicit surfacescanbefound
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Figurel: Renderingsrom threedifferentlevels of an RBF hierarcly for the UNC Headdataset. From
left to right, therenderingsveregeneratedising4, 6, and8 levels from the octreeandconsistof 561,
20.6K, and485K RBFs.

in [4]. Theuseof implicit representationfor volumemodelingandrenderings arecentphenomenon.
Implicit representationsffer severaladwantagegor volumes.First, their expressve pover makesthem
well-suitedfor tradingoff memoryaccessewith computation.This is proving to be a powerful tech-
niqueto hide memorylatengy for modernmulti-corearchitecturesSecondthe analyticalformulation
of implicit representationss highly amenableo local geometryprocessingsuchas computing rst
andhigherorderderivatives. Indeed,recentresearchhasestablishedhe relationshipof suchgeomet-
ric operatorgo featuressuchasvorticesandshocksby Weiler et al. [33] andthe principleddesignof
transferfunctionsby Knissetal. [20, 21]. Third, volumetricimplicit representationsffer amulti-scale,
andview-dependentapabilityto control visual detailin anintuitive manner This is likely to have a
directimplicationin devising techniquedor facilitating comprehensioandreducingclutterin visual
depictions.

In this paperwe presentan algorithm for succinctlyrepresentingand ef ciently renderinglarge
scalawvolumetricdatausingahierarcly of implicit functionsbasednanisotropiaadialbasisfunctions.
Thenovel contributionsof our work are:

1. A multiresolutionrepresentationisinganisotropicradial basisfunctionsthatcanencodea given
volumetricdatasetwith progressiely greaterdetail. Our representatioiis well-suitedfor time-
critical rendering progressie re nement, view-dependentevel-of-detail,and progressie trans-
mission.

2. An O(nlogn)-scalabletting algorithmbasednMaximumLik elihoodEstimationthatcanrapidly
t large datasetin amemory-friendlymanner Speci cally, we can t 512° datasetn around20
minuteswith a 1:6% RMS error.

3. A GPU-baseday-castingalgorithmthatcanef ciently anddirectly renderfrom the hierarchical
implicit representationf volumes. Our GPU-baseday-castingalgorithmsupportsacceleration
techniqguesuchasempty-spacskippingandearly-rayterminationwith implicit volumes.

4. A multiresolutionoctreehierarcly over implicit RBFsthat canleverageprior work on octree
locationcodesfor ef cient ray-casting,obviatesthe needto storecell boundariesand enables
view-dependenievel-of-detailrendering.

We review relatedwork in section2. We presentour tting algorithmin section3 andour direct
volumerenderingalgorithmin section4. Finally, we concludewith somesuggestiongor future work
in sectionb.



2 RelatedWork

Thebasicgoal of implicit function tting isto t arepresentatiori(x;) = di; i= 1;:::;n, to surface
or volumetricdata,whered; are appropriatelychosenscalars,suchthatthe level setsof the function
f; given by the valuesd; have somemeaningassociateitherwith the geometryor the propertiesof
the object. When tting animplicit functionto the input data,a local form of the tting expression
is desirablesincethe t mustadaptto local geometricafeatures.Radialbasisfunctions(RBFs)have
beenshavn to be a versatile tting tool in various elds. A strongmathematicabasisfor their theory
hasbeenestablishecaindtheoremsshaving accurag in variousnormedspacesave beenproven for
bothsurfaceandvolumetricdata [6, 7, 10,24, 30,31, 32, 36]. Theserepresentationsave severalnice
propertiesassociateavith sensitvity to local featuresability to supportdifferentlevelsof detail,ability
to mitigatenoise ability to incorporatevariousdegreesof smoothnesandotherpriorsvia regularization
andchoiceof particularRBFs(e.g.,thin platesplines[9]). While thesemethodsareconsideredo be
accuratetheir naive implementationsirebothexpensveto t, andsubsequentlgvaluate makingthem
notvery popularmethoddor tting large dataset®f thetypewe aredealingwith in this paper

Researclby Beatsoretal. [5] shavs how RBF function tting andevaluationof the tted function
canbe spedup by anorderof magnitudeusingthe fastmultipole method(FMM) [12]. They usednon-
compactlysupportedRBFs dueto their interpolationand extrapolationproperties. Morse et al. [24]
werethe rst to t surfacesusingcompactly-supporte®BFs. Due to their local region of in uence,
compactly-supporteRBFscanpermitef cient evaluationandtheability to incorporatdocalchangeso
the tted functionwithoutthe needfor the FMM data-structuresCo etal. [8] andJangetal. [16] were
the rst to represenscatteredandirregular volumetricscalar elds usingRBFs. They usedPrincipal
ComponeniAnalysis(PCA) [17] to clusteranddeterminecentersor the GaussiarRBFsandusedthe
Levenbeg-Marquardbptimizationmethodto determinghe GaussiarRBF variancesWeileretal. [33]
presented k-d-tree-basednethodto t GaussiarRBFsto anunstructuredszolumetricvector eld. In
additionto usingPCA clustering they selectsomeof their RBF centersto be at peaksandtroughsof
low frequenciesn thedata.They alsouseanapproximatdterative methodto quickly solve the system
of equationgor the RBF weights.Hongetal. [14] usearbitrarily-orientecklliptical RBFsto t dataon
anirregulargrid. The RBF variancesandorientationsarechoserto matchthe Voronoicells of thedata
points. PCA is usedto createaninitial guessfor the RBF parameterswhich is thenre ned usingan
iterative optimizationalgorithm. Janget al. [15] give a methodof tting arbitrarily-orientecelliptical
RBFsusingnon-linearoptimization,andextendit to supportvectordata.

Renderingof implicit functionshasarrich historyin visual computing.Raytracingof implicit sur
faceshasbeenreasonablyvell-studied[1, 13,18, 29, 35]. An alternatve to ray-tracingis to samplethe
implicit surfacewith a collectionof well-distributed particlesandthenrendersuchparticles. Methods
for carefully samplingthe implicit surfaceshave beendiscussedy Witkin andHeckbert[34] aswell
ashy Turk andO'Brien [32]. Anotherapproachinvolvescorvertingtheimplicit functionsto polygons
by usingmarchingcubeg22] or continuationrmethodq2, 3]. The polygonscanthenberenderedasin
traditionalgraphics.Direct volumerenderingof implicit functionsis arelatvely nev ende&or. Janget
al. [16] andWeiler et al. [33] have developedGPU-basediolumerenderingalgorithmsthatproceedn
aslice-by-slicefashion.For eachfragmentin a slice,afragmentprogramiteratesover RBF parameters
storedin a texture, computesthe scalarvalue at that location, and looks up the correspondingolor
from a 1D texture. Neoplytou et al. [26] presenta splatting-base@PU-acceleratedolumerendering
methodfor arbitrarily-orientedelliptical RBFs. Their methodsplatseachRBF onto eachintersecting
sliceasatexturedpolygonandaccumulateghesplatsin atexturebuffer. Theslicecanthenberendered
afterclassi cationwith afragmentprogram.

In this paperwe presentthe rst GPU-accelerateday-castingalgorithm for direct renderingof
implicit volumesandthe rst octree-structure@RBF representatiomf regular volume datathatlends
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itself well to adaptve andprogressie levelsof detail.

3 Modelling

We modelvolume dataasa sumof RadialBasisFunctions(RBFs). Symbolically this canbe repre-
sentedas:

M

() = wo+ @ Wi fi(x) (1)
i=1

X is the positionvectorof a pointin thevolume

f(x) isthescalarvalueatthatpoint

fi is theith RBF

M is thenumberof RBFs

Wo is aconstanterm

Wi is theweightof theith RBF

where

In thiswork we have usedGaussiarRBFs:
fi()=e "2 2)

3.1 Multir esolutionHierar chical Fitting

Sincewe aretamgetingregular volumetricdata,we cantake advantageof the inherentstructureof the
dataand t the RBFsto a multi-resolutionoctreehierarcly, from low resolutionto high. We startby
tting asingleRBF to a 22 resolutiondownsampledzersionof the givendatasetThis becomesheroot
of our RBF hierarcly. We thentake a versionof the datasethathasbeendownsampledo 43, evaluate
theinitial (root) RBF at eachof the 4% datapoints,andcomputethe differencebetweenthe root RBF
valueandthedownsampledersion. The 42 block of residualdatais thendividedinto eightblocksof 23
datavaluesandthe entireprocesss repeatedor eachof theseblocks. Thisis continuedusingversions
of the datathathave beendownsampledo 82, 163, etc. (see g. 2). Eachtime anew blockis t, the
RBFsin that block andall of its ancestorsaare sampledat the locationsof the datapointsin the full
resolutiondata,andthe current tting erroris computed If theerroris belov a userde ned threshold,
thatblockis not subdvidedary further. Otherwisetheblockswill continueto be subdvideduntil they
reachthefull original dataresolution.

This tting algorithmonly ever needdo accesshefull datain asequentiamanneyduringtheerror
evaluationstage. All otheroperationsare performedon onesmall, x ed-sizeblock of dataat a time,
which will likely t in a memorycache.Besideshbeingmemory-friendly the overall tting algorithm
alsoscalesn aO(nlogn) manner

In this methodwe truncateeachRBF at the boundaryof its octreecell. Dueto tting errors,this
would causenoticeablediscontinuitiesat the bordersbetweenoctreecells during rendering. To avoid
this,we t eachRBFto notonly thedatawithin its 23 block, but alsoto datawithin a1 datapointborder
aroundthatblock (eachRBF is thus tted to 42 datavalues). The tting areaof eachblock therefore
overlapshalf of eachface-adjacenblock, onequarterof eachedge-adjacentlock, andone eighth of
eachcorneradjacenblock (see g. 3for anexampleonaquadtree)Duringrenderingthe RBF values
areblendedogetheasedn thedistancdrom the centerof eachRBF's block (seesection4.3).
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Figure2: Overview of the tting process.An RBFis rst t to low-resolutiondata(a), andthe tting

erroris evaluatedat the full resolution(b). If the erroris too high, additionalRBFsare t ata higher
resolution(c), andtheir error evaluated(d). In the actualimplementatiornthe bordersof eachblock
would overlapneighboringblocksby onedatapoint on eachside, giving eachblock a resolutionof 43
ratherthan2® — this is omittedin thisillustrationfor clarity.

Figure 3: Blending betweenquadtreenodes. Only one edge-adjacentode (blue) and one corner
adjacentnode(red) are shavn. Samplepointswithin the centralblock (grey) would be blendedwith
sampledrom adjacenblockswhoseshadedegionsthe pointsfell in.

3.2 BasicAlgorithm

In the simplestversionof the algorithmthe RBF widths s; areidentical. In this case the RBF radiusr
is simply:

r=k k 3)

Si
X  isthepositionvectorof a pointin thevolume
where m isthepositionvectorof theith RBF's center
si de nesthewidth of theit" RBFE
De ning theRBF approximatioris thenonly amatterof choosinga constantermwg, RBF weights
w;, RBF centersm, andRBF widths s;. Someresultsof this simplealgorithmareshown in the rst row
of table2. Somepossiblechoicesfor theinitial value of the constantermarezero,the minimumdata
value,or the meanof the data. In our experimentswve found that settingtheinitial valueto zerooften
producedhebestresults- this wasdonefor all resultsreportedn this work.
To computethe RBF centersandweights,the following simplealgorithmcanbeused:

1. Performa linear searchover the datato nd the datapoint with the maximumapproximation
error. Thiswill bethelocationof thenenw RBF's center

2. SettheRBF'sweightto theerrorvalueatthiscell. SinceGaussiaiRBFshave avalueof 1 attheir
center settingtheweightin thisway will causehe centerdatapointto have zeroerror.

3. Updateerrorvaluesstoredat eachdatapointwithin the RBF's radiusof in uence.
4. Repeathis processuntil thedesirederrorthresholds reached.
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3.3 Anisotropic Width Selection

A naturalextensionto the basicalgorithmis to allow the widths of the RBFsto vary anisotropically
This canbeaccomplishedby makings in equationl avectorandallowing it to take ondifferentvalues
for differentdimensionsdividing it componentwis@to thex m vector Generaklliptical RBFswere
usedby Hong et al.[14], Janget al.[15], and Neoplytou et al.[26], althoughwe restrictour RBFsto
be axis-aligned,sacri cing somegeneralityfor a more compactrepresentation.The effect of using
anisotropiowidthsis illustratedin table1.

Thesimplestway to selectthe RBF widthsis by usinga greedyalgorithm. For eachRBF, we rst
initialize the value of eachsy; syi; Sz to somesmall number(we use0.3 times the width of a grid
cell). We thenbggin iteratingrepeatedlover thex; y; z dimensions For eachdimensionwe increment
the correspondings; by somesmall number(we use0.1 timesthe width of a grid cell), and checkif
the averageerrorin the RBF's areaof effect wasmadeworseby this change.If it was,the changeis
reverted,andthatdimensionis excludedfrom furtheriterations.Otherwise the changes kept,andthe
iterationscontinued. Intuitively, this algorithm canbe viewed asblowing up the RBF like a balloon
insidea closedbox, with the sidesof the box representinghe widths at which furtherin ation along
thataxisbeginsincreasingheerror.

Alternatiely, afast,non-iteratve methodof selectinghe RBFwidthsis MaximumLik elihoodEsti-
mation(MLE)[19]. In thismethodthedatato be t istreatedasahistogramof samplegrom aGaussian
probabilitydensityfunctionwith the previously computednean.Thewidth s of theprobabilitydensity
functionthatwould give this setof sampleghehighestprobabilityof beinggenerateds thencomputed.
This computatiorcanbe performedndependentlyor eachdimensiongiving Syi; Syi; Szi.

Theequationdor computingthe MLE width for thex dimensionare:

Uo = {;°1 f
Uy = axf

. 4
Ux = a(x UJg)f @)
S)% = Up=2Ux

X isthex coordinateof the datapoint
f isthedatavalueatthatpoint
Otherdimensionsarecomputedsimilarly.

Sincethe residualdatabeing t cantake on negative values,we mustsomehav corvert this into
a positive-valuedhistogramfor the MLE computation.We do this by treatingnegative datavaluesas
zerowhenthe RBF weightis positive, andthe oppositewhenthe RBF weightis negative (exceptthen
alsotakingthe absolutevalueof the datavalues).Therationalefor thisis thatwe would like the RBF's
regionof in uenceto berestrictedo anareain whichthedatahasthe samesignasthe RBF, sincethese
aretheareasn whichtheRBFwill decreaséhe tting errorratherthanincreaset. Settingvaluesof the
histogranto zerooutsidethis areaencourageprobability distribution widthsthatdo not producemary
samplesutsidethis area,andthusresultin RBFsthatdo not have muchin uence outsidethis area.

A comparisonbetweenMLE width selection,iterative anisotropicwidth selection,and iterative
isotropicwidth selectionis givenin table1l. The MLE methodis clearly comparablén accurag and
yetis signi cantly fasterto compute.

where

3.4 Weight selection

Oncethe RBF centerandwidths have beenchosenwe computethe weightsto minimize the sum of
squarecerrorsby forming thefollowing systemof linearequationssimilarto [16, 33, 24]:



Data Width Fitting Number RMS
DataSet Size RBFType Selection| Time ofRBFs Error

UNCHead 256 Isotropic Iterative | 4.12m 520K 1.93%
UNCHead 256 Anisotropic lteratve | 9.48m 455K  1.50%
UNCHead 256 Anisotropic MLE 2.25m 485K 1.75%

VHF Torso  512° |Isotropic  lteratve | 29.9m 3.48M 1.68%
VHF Torso 512 Anisotropic Iteratve | 58.2m 2.95M 1.23%
VHF Torso 512 Anisotropic MLE 19.1m 3.22M 1.60%

LLNL R-M 1024 Isotropic Iteratve | 2.32h 1.59M 2.22%
LLNL R-M 1024 Anisotropic lteratve | 5.25h 1.54M 1.64%
LLNL R-M 1024 Anisotropic MLE 1.42h 1.60M 1.85%

Table 1: Comparisonof iterative tting of isotropic RBFs, iterative tting of anisotropicRBFs, and
single-steptting of anisotropicRBFs. Seesection3.7 for a descriptionof the datasets. Theiterative
tting methodcanproducea someavhatbettert, butwouldtake 3-4timeslonget

2 3
3 2 3
L) ) g ) f(x)
ss--.;§§:=95 ©)
1 fi(xn) f m(X%n) W f(Xn)
m

m is the numberof RBFs

n is thenumberof datacells

X; is the positionof the jth datapointin thevolume

where f(x;) isthedatavalueatthatpoint

Wo is theconstanterm

Wi is theweightof theith RBF

fi is theith RBF, with centermy andwidthss;

If m= n, thenthis systemcanbe solved exactly. Typically we will havte m< n, soin generalwe
computethe bestsolutionin theleast-squaresensehroughthe useof singularvaluedecomposition.

3.5 Choiceof the BasisFunction

GaussiarRBFs (asin equation2) have seenmuchusein prior work [8, 14, 15, 16, 26, 33], largely
dueto the smoothblendingthatoccurswhentheseRBFsarebroughtin closeproximity to eachother
Sincewe truncateRBFsat octreecell boundariesand performexplicit blendingbetweerthe cells, we
do not bene t from this naturalblending. However, thereare still somedesirablepropertiesof this
basisfunction. First, it decaysto zeroratherthangoing off to in nity , soif anoctreecell is poorly
t by its RBF in someregion, thereis a limit to how muchdamagethe bad RBF cando to the nal,
blendedresult. Secondthe derivatives of GaussiarRBFsdo not degenerateat higherorders,sothese
basisfunctionsareusefulif higherorderderivative informationneed€o be computed Still, mostof our
work is not dependenon the particularchoiceof basisfunction, andinvestigationinto otherpossible
basisfunctionsmay prove useful.



3.6 Binary Representation

Oncethe RBF representatiohasbeencomputedye storeit in thefollowing format. The nodesof the
octreefrom section3.1 arestoredin breadth- rstorder Eachnodecontainsexactly oneRBF andhas
eithereightor zerochildren.

We rst storea4-byteintegergiving the byte offsetto thestartof thisnodes children.We thenstore
the maximumandminimum datavaluescontainedwithin the nodeastwo 2-byteintegers. The maxi-
mum andminimum valuesarepackedinto 2 byteseachby subtractingheir minimum value,dividing
by theirrange andthenmultiplying by the maximumsizeof a 2-byteinteger. We next storetheconstant
termwy and RBF weightwy, eachasa 4-byte oat. We thenstorethe x;y; z component®f the RBF
mean eachasa 1-byteinteger The packingcomputatiortakesinto accounthenodes sizeandposition
in the octree.For eachcomponentve subtractthe lowestvalueit couldtake onin thatnode,divide by
thewidth of thenode,andthenmultiply by the maximumsizeof a 1-byteinteger. Finally, we storethe
Sx; Sy, Sz width factors gachasa4-byte oat. Thisgivesatotalsizeof 31 bytespernode whichwe pad
to 32 bytessothatit ts evenlyinto two 16-bytetexturelook-ups.This packingis illustratedin gure 4.

At thestartof the le we storea headegiving the numberof levelsin the octreeandthe minimum
valuesandrangef the nodemaximumsandminimums,to allow the packingto beundone.

Byte Offset wo0 Width x,y,z
to Children l Mean x,y,z / l \
v vy
Lo [2]a] o [ o Jifpf o [ 4 [ 4 |
0 Fi - f %2
Max/Min wl Padding

Figure4: RBF andoctreeparameterpacledinto 32 bytes.

3.7 Fitting Results

Data File | Fitting Number RBFFile RMS
DataSet Size Size| Time of RBFs Size  Error

UNCHead 128 4MB | 0.28m 914K 28MB 2.22%
UNCHead 256° 32MB | 1.90m 485K 15MB 1.75%

VHF Torso 128 4MB | 0.38m 109K  3.4MB 2.14%
VHF Torso 256 32MB | 2.10m 520K 16MB 2.00%
VHF Torso 512 256MB | 16.2m  3.22M 99MB 1.60%

LLNL R-M 128 2MB | 0.22m  62.2K 1.9MB 5.24%
LLNL R-M 256 16MB | 1.52m 402K 13MB 4.37%
LLNL R-M 512 128MB | 11.3m 2.58M 79MB  3.31%
LLNL R-M 1024 1024MB | 85.3m 16.0M 489MB 1.85%

Table2: Fitting resultsfor severaldifferentdatasetsusinganositropidViLE-basedRBF width selection.
For comparisonthe VHF TorsoandLLNL R-M datasetshave beendovnsampledo several different
resolutiongprior to tting.



We have testedour RBF tting implementatioronthreedifferentdatasets.The rst (UNC Head)is
a CT scanof a humanheadfrom the University of North Carolina. This datasetoriginally consistedf
113slices,with eachslice beinga 256 arrayof 16-bitintegers(althoughonly 12 bits of precisionare
actuallyused).We linearly interpolatedadditionalslicesbetweernthe existing onesandduplicatedthe

nal sliceseveraltimesto producea datasetof size256°. In our testswe usedthis datasetaswell asa
versiondovnsampledo 128°.

The seconddataset(VHF Torso)is a 512 block of thetorsoareaof the FemaleCT datasetfrom
theVisible HumanProject[25],in the sameformatasthe UNC Headdata.In ourtestswe usedboththe
full 512° versionandversionsdownsampledo 256° and128°,

Thethird dataset(LLNL R-M) is time step100 from the RichtmyerMeshlov Instability dataset
from LLNL[23], which consistsof anarrayof 2048 2048 19208-bit integers. We paddedthis to
2048 andthendownsampledt to severaldifferentresolutiongor testing.

We performedour ttings ona64-bitLinux machinewith dualintel Xeon3.0 GHz CPUsand8 GB
of RAM. As our tting programis singlethreadedit canonly make useof oneCPU.

Fitting resultsaregivenin table2. For mostof the datasetsour tting methodachievesareduction
in le size of about50% with an RMS error of about1%-2%. An exceptionto this wasthe lower
resolutionsof the LLNL R-M dataset. We suspectthe reasonfor this is that theselow resolution
versionscontainsharp,large-magnitudaliscontinuitiesvhich arenot amenabldo tting with smooth
GaussiarRBFs.

It is dif cult to compareheef ciency of our tting resultswith previouswork dueto alack of prior
reported tting times. Oneexceptionto thisis Honget al. [14] who report tting at the rate of 1300
grid points per minute. Although our resultsare several ordersof magnitudefaster this is not a fair
comparisorsincethey are tting unstructurediatawhile we t structured.

4 Rendering

We useray-castingto renderimplicit RBF-encoded/olumes. Datavaluesat pointsin the volumeare
computeddirectly from the RBF representationwithout reconstructinghe full datasetin memory
Specifcally the scalarvalueat a pointis computedby summingup the valuesof all RBFsthatoverlap
that point. The gradientvectorscanbe computedin a similar fashion,by summingthe gradientsof
all RBFsthat overlap the samplepoint (this works becausehe gradientoperatordistributes across
summations).This samplingmethodcanthenbe usedto implementary renderingschemethat works
by samplingdatavaluesandgradientsat variouspoints,suchasdirectvolumerenderingor point-based
isosurficerendering.

4.1 GPU DirectVolume Rendering

We have implementeda GPU direct volume renderingalgorithm using NVIDIA's new CUDA GPU
programmingsystem.Our implementatiorsupportgiecavise-lineartransferfunctions,gradient-based
lighting, earlyray terminationbasednaccumulate@pacity andempty-spacskippingbasedncheck-
ing whetherthe rangeof valuescontainedwithin an octreecell overlapsthe rangewhich, given the
transferfunction, would produceary contritution to cumulative color or opacity We also perform
view-dependenlevel-of-detail by adjustingthe ray stepsize and maximumoctreedepthbasedon the
currentdistancealongtheray.

Given an eye positionand viewing direction, we constructray origin and direction vectorsfor a
perspectie projectiononthe GPUandstorethemin GPUmemory We thenexecutea GPUkernelthat
traceseachray in parallelandwritesthe nal resultingcolorsto GPUmemory



Thekernel rst setstheinitial samplepointto theray'sintersectiorwith thedatavolume's bounding
cube,andthenbeginssteppingalongtheray. At eachsamplepointthe kernelexecutesa spaceskipping
routinethatdescendshroughthe octreecells containingthatpoint. For eachcell, it makesa single 16-
byte texture look-up andunpackssomeparameterasdescribedn section3.6. It thencheckswhether
the cell's rangeof datavalueswould produceary contribution to the nal color or opacity If not, the
kernel computesthe ray's intersectionwith that octreecell and movesthe samplepoint just beyond
theintersectiorpoint. Thisis repeatedintil the skippingroutineencounters samplepoint at which it
decendsll theway throughtheoctree.

The kernelthenevaluateshe scalar eld andits gradientat the currentsamplepoint. This simply
requiredraversingtheoctreefrom therootto aleaf, evaluatingthevalueandgradientof the RBF stored
in eachcell at the location of the samplepoint and summingup thesevalues. We male use of the
ef cient location-code-baseatctreetraversalmethodsof FriskenandPerry[1]. For eachoctreecell the
kernelmakestwo 16-bytetexturelook-upsandunpackssomeof the parametergasdescribedn section
3.6. Finally, we samplecolor and opacity valuesfrom the transferfunction usinglinear interpolation
andapplydiffuse,gradient-basetighting.

4.2 View-DependentLevel of Detall

Figure5: Comparisorof varyingamountof view-dependentevel of Detail reduction(seesectiord.2)
for the1024 LLNL R-M dataset. Thetop row shavs the renderingswith the LOD reductionapplied.
Thebottomrow shavs which LOD is beingusedin which areaof the volumeby color coding—from
front to back, the colorsrepresentevels of detail generatedrom 10, 9, 8, and7 levels of the octree.
Fromleft to right, therenderingimesare0.59s,0.53s,0.48s,and0.44s.

Our multi-resolutionRBF hierarcly allows usto implementview-dependenlevel-of-detailrender
ing by reducingthe depthin the octreethatwe visit basedon the distancealongthe ray. Every time
a certainamountof distancehasbeentraversed,we reducethe maximumdepthin the octreethat we
canvisit by onelevel. To avoid level-of-detailtransitiondiscontinuitiesonecanstorethe samplevalue
computedat onelevel aborve the currentlevel duringtheoctreetraversal,andblendbetweerthis sample
andthe nal samplebasednthedistancdrom thepreviouslevel-of-detailtransition.We experimented
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with this blending,but foundthatin practicethe level-of-detailtransitionstendedto occurfar enough
away from the viewer thatthe discontinuitiesverenot perceptible even without blending. We did not
uselevel-of-detailblendingfor theimagesandresultsin this paper

In additionto decreasinghe octreedepthbasedon the distancealongthe ray, we alsodoublethe
ray stepsizeevery time we decreas¢he maximumdepthby onelevel. We accountfor this duringthe
incrementalipdatingof cumulatize color andopacityby keepingtrackof theintegerratio of the current
stepsizeto the original stepsize anditeratingour incrementalupdateghis mary timesat every step,
usingthe samesamplecolor andopacityvalues.

Screenshotsof renderingausingvariousamountsof view-dependentevel-of-detailreductionand
renderingratesaregivenin g. 5.

4.3 Blending

Truncatingthe RBFsatoctreecell boundariesanleadto visually noticeablaliscontinuitiesTo resohe

this, we take into accountatain adjacentellswhen tting eachcell's RBF (seesection3.1). Then,for

eachsamplepoint, in additionto computinga samplevaluefrom the RBFsin thatpoint's octreecells,

we alsocomputesamplevaluesat that positionfrom the RBFsin adjacenbctreecells. We implement
this by simply altering the location code of the samplepoint to the location code of a pointin each
adjacencell.

Sinceeachcell's overlapregion extendshalfway into eachadjacentell, at eachsamplepointthere
is the possibility of blendingwith up to threeface-adjacentells, threeedge-adjacentells, and one
corneradjacentcell. The contritution of eachof the adjacentcellsis linearly weightedbasedon the
distancefrom the samplepointto the correspondindiace,edge,or corner(see g. 3 for anexampleon
a quadtree).This blendingschemas similar to the oneusedin Ohtale et al.'s multi-level partition of
unity implicits[28].

Figure6: Comparisorof (left to right) no blending,four-sampleblending,andeight-sampléblending
(seesectiord.3)for the256° UNC Headand1024® LLNL R-M datasets.Renderingimesaregivenin
table3.
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DataSet

BlendingType

Rendering
Time

LLNL R-M
LLNL R-M
LLNL R-M

UNC Head
UNC Head
UNC Head

One-Sample
FourSample
Eight-Sample

One-Sample
FourSample
Eight-Sample

0.37s
0.72s
1.11s

0.10s
0.21s
0.33s

Table3: Comparisorof no blending.four-sampleblending,andeight-samplélending(seesectiord.3)
for the256° UNC Headdatasetandthe 1024 LLNL R-M dataset. Screershotsaregivenin g. 6

While completelysmoothblendingrequiresblendingacrosdacesedgesandcornersmary of the
discontinuitiescanbe resoled by simply blendingacrossfaces. This reduceshe numberof samples
requiredperpoint from eight (1 local + 3 face+ 3 edge+ 1 corner)to four, reducingrenderingtime by
aboutafactorof two. A comparisorbetweerusingnoblending four-sampleblending,andeight-sample

blendingis givenin g. 6 andtable3.

4.4 Rendering Results

Figure7: Renderingesultsusingthreedifferenttransferfunctionsfor the 512 VHF Torsoandthe 256°
UNC Head.Renderingimesandotherdetailsaregivenin table4.

Unlessstatedotherwise,all renderingswere donewith MLE- tted data(seesection3.3), four-
sampleblending(seesection4.3), andanimageresolutionof 5122, Renderingsvereperformedusing
a betaversionof NVIDIA's CUDA driverson a GeForce8800GTX with 768 MB of RAM. Rendering
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Transfer Data Rendering
DataSet Function Size StepSize Time
UNC Head Skin 256° 384 1 0.45s
UNCHead Skin/Bones 256° 3841 0.67s
UNCHead Bones 256° 384 1 0.21s
VHF Torso  Skin 256° 3841 0.32s
VHF Torso Skin/Bones 256° 384 1 1.09s
VHF Torso Bones 256° 3841 0.30s
VHF Torso  Skin 5128 768 1 0.54s
VHF Torso Skin/Bones 5128 768 1 2.15s
VHF Torso Bones 5128 768 1 0.53s
LLNL R-M Isosurbce  256° 3841 0.265s
LLNL R-M Isosurbice 5128 768 1 0.40s
LLNL R-M Isosurbce 1024 15361 0.72s

Table4: Renderingesultsfor severaldifferenttransferfunctionsanddatasetsof severaldifferentsizes.
All renderingsveredoneusingfour-sampleblending(seesectiord.3). StepSizeis thelengthof a step
alongtheray giventhatthe datavolumeis a unit cube.Imagesof several of thesedatasetsaregivenin

g. 7.

timesfor severaldifferentdatasetsandtransferfunctionsaregivenin table4, andscreershotsaregiven
ing. 7.

We foundthattheray stepsizerequiredto avoid artifactswasdependenon the sizeof the smallest
octreenodesin the tting, which is relatedto the amountof high frequenciesn the tted data. We
thereforeneededo usesmallerstepsfor higherresolutiondata. For a given datasetandtransferfunc-
tion, mostof the differencesn renderingatebetweeroriginal dataresolutionsareaccountedor by the
differencen stepsize.

5 FutureWork

A greatdeal of work hasbeendonein the areaof RBF tting, for examplein the machine-learning
community It seemdikely that someof thatwork could further bene t procedurakencodingthrough
RBFs. Possiblemprovementsncludeaddingtheability to t to agivenerrorboundandremaoving the
needto performexplicit blendingbetweeroctreecells. It alsomightprove bene cialto investicatebasis
functionsotherthanthe GaussiarRBFs.

Anotherareaof futurework mightbeto investicate4D tting of time-varyingdatasets.Sincethese
datasetsoftencontainalargeamountof temporalcoherenceting multiple time stepssimultaneously
couldresultin asigni cant reductionin the numberof basisfunctionsrequiredto representhedataset.

Finally, therearelikely mary possibleusesof the higherlevel information provided by the RBF
representatiothat have not yet beenexplored,perhapsnvolving the useof high orderderiativesthat
would have beentoo expensve to computewhenusingtraditionalvolumerenderingiechniques.
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