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Figure 1: RBFreconstructiorof unstructued CFD data. (a) Volumerenderingof 1,943,383 etrahedal shod data setusing
2,932RBFfunctions.(b) Volumerenderingof a 156,64 2tetrahedal oil reservoirdata setusing222 RBFfunctionsorganized

in a hierarchy of 49 cells.

Abstract

While interactive visualizationof rectilinear gridded volumedata setscan now be accomplishedising texture

mappinghardware on commodityPCs, interactive renderingand exploration of large scatteed or unstructued

data setsis still a challengingproblem.We havedevelopeda new approad that allows the interactive render

ing and navigationof procedurlly-encodedD scalar elds by reconstructinghese elds on PC classgraphics
processingunits. Sincetheradial basisfunctions(RBFs)we usefor encodingcan provide a compactrepresenta-
tion of volumetricscalar elds, thelarge grid/meshtraditionally neededor renderingis no longer required and

ceasedo bea datatransferand computationabottlene& during rendering Our new appmoacd will interactively
renderRBFencodedlataobtainedfromarbitrary volumedatasets includingbothstructuedvolumemodelsand

unstructuedscatteedvolumemodelsThisprocedual reconstructiorof large datasetsis exible, extensibleand

cantake advantae of the Moore's Law cubedincreasein performanceof graphicshardware.

Cateoriesand SubjectDescriptors(accordingto ACM CCS} 1.3.3 [ComputerGraphics]:Interactive Rendering,

Scienti ¢ Visualization,RadialBasisFunctions

1. Intr oduction

Mostvisualizationapplicationsarefacedwith adatadeluge:
scannerssensorsandscienti ¢ simulationsarenow gener
atingenormousamountof datathatmustberenderedyisu-
alized, interactvely manipulatedand explored. Thesemas-
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sive datasetscanhave arbitrary structureand organization,
rangingfrom easilyrenderedrectilinear3D grids,to tetrahe-
dralandhexahedralgrids, to arbitraryscatteredliatawith no
topologicalconnectvity. Generatingaccurateand effective
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visual representationsf the information containedwithin
theselarge datasetsis the primary focusduring the visual-
izationprocessandshouldthereforedrivethecomputational
andrenderingefforts.

For mary applicationshowever, datatransferbandwidth
has replacedcomputationalpower as the bottleneck.For-
tunately the e xibility and speedof commodity computer
graphicshardwarehasalsoincreasedremendouslyprovid-
ing a superfast, programmableyectorized,multiprocessor
for rendering.Takingadwantageof this GraphicsProcessing
Unit (GPU) createsa uniquesetof challengesvhenvisual-
izing, interactingwith, and renderingtheseenormousdata
sets.Thesechallengesre:

1. Transferringdatafrom the CPUandmainmemoryto the
GPU.

2. Adaptingthe structureof the datato the capabilitiesof
thegraphicshardware.

We have takena new approactto solve thesetwo problems
for volumetricscalardatasets.To eliminatethe datatransfer
bottleneckfrom the CPU'smainmemoryto theGPU,we are
procedurallyencodingthe volumetricdatausinga small set
of RadialBasisFunctiong RBFs).This allows usto provide
auni ed representatiofor arbitraryvolumetricdatasetsin-
dependenbf the underlyingtopology thus eliminatingthe
dependencenthecomputationagrid. TheRBF representa-
tion allows usto fully representhe original datawithin an
acceptablesrror tolerance and enableaus to solve the sec-
ondproblemof adaptinghestructureof the underlyingdata
to the capabilitiesof the graphicshardware. The capability
of commodityPC graphicshardwareto interactiely recon-
struct and renderdata from this functional representation
provides a very powerful tool for visualizing procedurally
encodedvolumes.Additionally, the entirefunctionalrepre-
sentatiorcanresidein texturememorylocalto the GPU, al-
mosteliminatingthenneedfor datatransferbetweerthe CPU
andtheGPU.

We rst review relatedwork anddescribeheuseof RBFs
for encodingvolume data.We then discussour interactve
renderingand reconstructiorsystemin detail and, nally,
presensomeresultsachiezableby our system.

2. RelatedWork

RBFs are simply one choice for encoding data. Com-
paredto other data compressiortechniquedike wavelets
[NS01,BDHJO0O0]or iteratedfunctionsystemgBJM ], com-
pactRBFsareadwantageoudecausef their limited spatial
extent, rst andsecondderivative smoothingof noisy data,
andeaseof evaluation.

A signicant amount of work on RBFs
[FN91,Fra82 FH99,Har9Q Har7]] has been done to
reconstructsurfacesby approximatingscattereddata sets.
The multiquadricfunction [FH99, Har90,Har7] hasbeen

usedwith mary applicationsandknot selection[MF92] is
typically usedfor the approximationfunction. This work
hasbeenshavn to be successfufor surfacereconstruction.
In particular Carretal. showvedniceresultsin their paperfor
surfaceobjects[CBC 01]. In addition,Co etal. [CHH 03]
shaved a hierarchicalrepresentationf volumetricdatasets
basedon a clusteringcomputedby PCA, but they resample
their datato a full uniform grid for visualization.

Interactve renderings a crucialfeaturefor thevisualiza-
tion of volumetric data. The ability to interactwith trans-
fer functions and viewpoint orientationprovides powerful
visual cuesthat would be dif cult to reproducen off-line
volumerendering Mostinteractve volumevisualizational-
gorithmsfor uniform gridsutilize thetexture mappinghard-
wareof general-purposgraphicsadapters.

Theselatter algorithmsfundamentallyrepresenthe vol-
umedataasa 3D texture andresampldt by renderingtex-
tured planesorthogonalto the viewing direction [CCF94.
The sametechniquealso allows for the renderingof non-
polygonally representecdshadedisosurfices[WE98]. The
adwent of 3D texture mapping, multi-texturing, and pro-
grammablegraphicspipelineson PC graphicscardsallows
interactve high-quality volume renderingof thesevoxel
datasets[RSEB 00, EKE, KPHEO02]. However, the limited
amountof texture memoryis a seriousconstraintfor visu-
alizing large datasets.Whendatasize exceedshe limits of
physicaltexture memory texture pagingis necessarywhich
severelyhampergheinteractvity of therendering Adaptive
multi-resolutionrepresentationsan alleviate this problem
[LHJ99,WWH 00]. However, the requiremenfor artifact-
freeconsistentnterpolationleadsto alargeamountof topo-
logical informationand a higher renderingand reconstruc-
tion overheadMoreover, evenwith this multiresolutionrep-
resentationthe samplingof a single planestill requiresac-
cessinglarge amountsof data.As this datamay be widely
spreadacrossthe texture memory the rasterizercanhardly
bene t from texturecaching.

Interactive renderingfor unstructuredzolumesis almost
entirely basedon the ProjectedTetrahedraPT) algorithm
[ST91] This algorithmexploits hardware-acceleratettian-
gle scanconversion by decomposingprojectedtetrahedra
into trianglesand rasterizingthesetriangleswith the cor
rect color and opacity computedat the triangle verticesby
ray integration.Improvementof the basicPT algorithmin-
cludeimprovedrenderingquality [SBM94, RKEO(Q andex-
ploiting today’s programmableertex andfragmentunitsby
mappingthe tetrahedralecompositiorto standardgraphics
hardware[WKFC02, WKEO02], thusfreeingCPUresources.

Unstructuredyridscanprovide anadaptve representation
of thevolumedata.However, the renderingperformancdor
unstructuredgrids is still inferior to that of texture based
volumerenderingof structuredgrids. The main bottleneck
is processingthe tetrahedrain the correctvisibility order
[MHC90, Wil92].
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The RBF approactprovidesa superioruniform solution
for the visualizationof structuredand unstructuredrolume
data,especiallyfor large datasets.Comparedo a multires-
olution hierarcly of astructuredvolume,aradialbasisfunc-
tion representationf the samedatacanachieve high com-
pressiorratiossinceno topologicalinformationis required.
The relatively small numberof basisfunctionsrequiredto
reconstruct singlefragmentleadsto local memoryaccess
schemeshatcanbene t from texture caching.

By exploiting radialbasisfunctionsthatarereconstructed
via perfragment operationsduring rasterization,we can
combinethe slice-basedenderingapproactwith acompact
volume representatiorand apply all renderingtechniques
thatarewell establishedor texturebasedsolumerendering.

As our encodingapproachusesradial basisfunctions,
splatting [HSMCOO] could be a valid alternatve to per
fragmentreconstructionHowever, splattingwith footprints
of differentsizesdoesnot work well with hierarcly decom-
position.Sincethein uence regionsof differentRBFswill
overlap signi cantly, a global orderingof the RBFsis not
possible,and, therefore,a slice basedapproachhasto be
taken.

3. Radial BasisFunctions

Radial basisfunctions (RBFs) [SPOK95,TO99 MYR 01]
are circularly-symmetric functions centeredat a single
point. Possiblebasis functions include thin-plate splines,
multiquadrics,and GaussiansRBFs are widely used in
mary elds (e.g.,image processingand medical applica-
tions).Within computergraphicsRBFsaremostcommonly
usedfor representingurface modelsand for meshreduc-
tion [SPOK95TO0O99,CBC 01,MYR 01, TO02]. RBFs
have alsobeenusedfor surfaceconstructionandrendering
of large scatteredlatasets|CBC 01,Gos00].Themainad-
vantage®f RBFsincludetheir compactdescription ability
tointerpolateandapproximatesparsenon-uniformlyspaced
data,andanalyticalgradientcalculation.

With radial basisfunctions,the functionalrepresentation
f(X) canbe expressedslinear combinationf the chosen
basisfunctionsasfollows [GNO1]:

N
f(x) = & wifi(kx k) @

i=1

N Numberof input

X d-dimensionainputvector

Wi RBF weight

fi Basisfunction

L RBF center

kx pk  Vectornormof X to ;

In orderto interpolateafunctionwith N points,thesimple
form of an RBF placesbasisfunction centersat eachof the
N pointsandthensolvesfor the weightsof eachRBF. For
datacompressiomndsmoothingareductionof the number
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of basisfunctionsis typically performedgiven someopti-

mizationcriteria, thusproviding acompactrepresentationf

theinputdata.Somereductionschementroducea constant
(orlinear)errortermwhich hasto be compensatetbr in the
reconstructiorequation.

4. RBF Encodingof Volume Data

As previously mentioned,there are mary basisfunctions
that may be usedin RBF encoding.Biharmonic and tri-
harmonicsplinesare well-suitedfor surfacerepresentation
and can provide better results than compactly supported
RBFs[CBC 01]. In this work, however, we usetruncated
Gaussiangor the reconstructionTheir limited spatialsup-
port, in turn, translatego a small setof functionsthat must
be evaluatedat ary given spatiallocationto producea re-
constructedscalarvalue. This small setof functionscanbe
reconstructedtinteractve framerates.

Although ary RBF with non-in nite in uence will work
with our real-timereconstructiormethod,we have chosen
the truncatedGaussiarfunction as our basisfunction be-
causethe functionalvalue corvergesto zeroexponentially
not polynomially like other basisfunctions. Moreover, by
specifying the widths for eachof the truncatedGaussian
RBFs,we can make spatially isolatedfunctionsthat accu-
rately representocal features.With Gaussianbasisfunc-
tions, the RBF functional representatioris de ned as fol-
lows:

M kx k2
f9=wo+ § we > @)
i=1
M Numberof basisfunctions
Wi RBF weight
" RBF center
kx wk  3D-spacelistanceof x to |
s? RBF width
Wo Bias

Therefore to effectively encodea scalardataset,we need
to determinethe centerlocation,weight, andwidth of each
basisfunction.

There are mary different methodsto chooseRBF cen-
ters, including random subsetselection, clustering algo-
rithm, and mixture models[GNO]. In this work we use
PCA analysis[Jol86}o clusterthe datapointsandin each
cluster the RBF centeris selectedas either the value-
weightedclusteraveragepoint or the maximumerror point
as chosenby the user The RBF width is determinedby
a hybrid gradient-descemonlinearoptimizationtechnique
(Levenbeg-Marquardimethod)asstatedin [PFTV92]. The
cost function for optimizationusesthe meansquareerror
over all datapoints The individual RBF weight and global
biasarecomputecdby minimizing the sumsquarederror for
all datapoints(e.g.,Pseudo-imersemethod[Alb72). Using
this method,RBFsarerepeatediyaddedn clusterswith the
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largesterrorsuntil theuserspeci ederrorcriteriais satis ed.
Encodingerrorsarecalculatedasthe differencebetweerthe
original valueandthe evaluatedRBF representatioat each
inputdatapoint.

Oncethe original volume datais encodedas a weighted
sumof RBFs,the computationagrid canbe discardedThe
seriesof RBFswill reproduceheoriginal scalareld within
theaccurag tolerancespeci edduringencoding.

5. Spatial Data Structure

In aneffort to reducethenumberof basisfunctionsthatmust
beevaluatecatagivenlocation,we createanadaptve octree
to storethelist of relevantbasisfunctionsin a givenregion
of space We usenon-uniformspatialsubdvision basedon
basisfunction centerlocations.For eachcell in thetree,the
list of contributing basisfunctionsis calculatedy determin-
ing if their radiusof in uence r; intersectshe cell. For the
Gaussiarbasisfunction,solving Equation(2) yieldsthefol-
lowing formulafor r;:
S
rr=si 21In Wi

©)

whereeis auserde ned errortolerance.

Our subdvision terminateswhen the number of basis
functionspercell is lessthanathresholdh (maximumRBFs
per cell) or whenfurther subdvision doesnot signi cantly
reducethe numberof basisfunctionsfor the eightchildren
cells.

If very high accurag is neededthe usermay chooseto
still renderall the basisfunctionsat the costof interacti/-
ity. To accountfor error while supportingmoreinteractve
rendering,we usethe following approachFirst, the error
introducedby only evaluatingthe n mostsigni cant basis
functionsperfragmentis calculatedWe thenstorethe error
at eachcell cornerpointin the cell datastructureandthese
valuesareinterpolatedy thegraphicsprocessoduringras-
terization.Fromour initial experimentsthis linearapproxi-
mationprovidesgoodresults However, with very smallval-
uesof n, linearartifactsmaybeintroduced.

6. Interacti ve Reconstruction

For the visualizationof the RBF encodedvolume datawe

adoptthe texture basedvolumeslicing approacimentioned
earlier This methodis well establishedor the visualization
of volume dataon regular grids. Slice polygonsare com-

putedby intersectinga planewith the boundingbox of the

desiredvolume domainand a set of theseslices oriented
orthogonalto the viewing directionis placedequidistantly
within the volume domain, renderedwith texture mapped
volumedata,and nally compositecdackto front.

Our approachhowever, eliminatesthe needto storethe

volume datain a three-dimensionatexture map. Only the
RBF parametersesidein two-dimensionatextures.Based
on our compactRBF representationye exploit the pro-
grammability of the GPU fragmentprocessorto perform
an on-the- y reconstructiorof the RBF encodedvolumet-
ric dataduring the rasterizatiorof eachslice asdepictedin

Figure2.

RBF Parameters
Texture

Texture Q

miw

Fragment
Program

Figure 2: Our interactivereconstructioris basedon a vol-
umeslicing approach with a fragmentprogram evaluating
for each rendeedfragmenttheRBFencodingstoredin two-
dimensionatexturesonthe y.

Sincethe RBFsare evaluatedby the GPU for eachren-
deredfragment,the encodingof the datais hiddenfrom the
renderingand thereforepurapproactextendsto avarietyof
visualizationalgorithms suchasarbitrarily orientedcutting
planes,and volume-renderechon-polygonalisosurbcesas
in [WE98]. This volumerenderingis alsoachiezed by ren-
deringslices,but the reconstructedolume datais mapped
to the alphachannelof the fragmentcolor andthe OpenGL
alphatestis usedto simulatethe rst-hit semanticof avol-
umeray caster Furtherpossibilitiesincludethe mappingof
thereconstructedataontothesurfaceof arelatedgeometry
e.g.,color codedpressuren the bodyof anairplane.

6.1. High Level Rendering

As mentionedpreviously, we usea spatialdecompositiorof
the datadomainin orderto reducethe numberof RBF cen-
tersthathave to beconsideredor asinglefragmentBecause
eachcell of thedecompositiorranhave differentsetsof cen-
ters,separateenderingstatesercell arerequired.

This situationis quite similar to the bricking approach
taken in texture-basedsolume renderingwhen the size of
the datasetexceedshe physicaltexture memory[GHY98].
There,the datasetis decomposednto a setof blocks or
bricks, and eachbrick is renderedwith a separatethree-
dimensionakexture. The bricks are slicedindependentlyn
back-to-frontorderto minimize statechanges.

In our approach the costsfor switching betweencells
arecomparatrely small—mostlynot even a texture switch.
We do, however, have to dealwith multipassrendering be-
causea cell may containmore RBFsthan can be handled
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for (all slices)

activeCellList = createActiveCellList();
intersectedCellList = copy(activeCellList);
/I Phasel

while  (cells in activeCellList)

setupRenderingPass();
for (each cell c¢ in activeCellList)

if (c contains only ONEchunk of unrendered RBF's)
removeFromActiveCells(c);
else
renderintersectionPolygon(c);
}

}

I/l Phasell
setupFinalRenderingPass();

for (each cell c in intersectedCellList)
renderlintersectionPolygon(c);
}

Figure 3: Traversal algorithm for slice-based RBF-
Rendering

by the fragmentprocessoim onestep.Thereforewe utilize
a traversalorder which iteratesover all slicesin the outer
loop andfor eachslice processeshe intersectecdcells. We
clip all slicesat the boundariesof a given cell and render
the resultingpolygons(multiple times).Figure 3 shavs the
correspondingpseudocode.

Multipassrenderingis performedin two phaseausinga
setof two hardwareacceleratedoating point p-buffers: In
the rst phasethe fragmentprogrampartially evaluatesthe
RBF sumandwrites the intermediateresultinto one of the
buffers. This resultis thenusedasaninputfor the next ren-
dering passby binding the p-buffer to a texture map. We
needtwo p-huffers sincethe GeForce FX doesnot support
simultaneouseadandwrite operationson the samebuffer.
The nal pass(Phasdl) directly writesto thegraphicscon-
text of the programwindow.

We utilize anactive cell list in orderto minimizethe cell
traversalcosts.For eachslice, thelist is initialized with all
cells intersectedoy the the currentslice. For eachcell we
renderall but one of the multiple passesduring the rst
phase.The last renderingpassis performedin the second
phase guaranteeinghat the intersectedslice areafor each
cellis nally rasterizednto the frametuffer. Therefore we
remove the cell from the active cell list assoonasonly one
additional passwould be required.A secondlist is main-
tainedto storeall cells which mustbe traversedduring the
lastrenderingpass.lt is initialized with all intersectectells
aswell.

If our hierarcly containsonly cells that canbe rendered
in a single pass,we switch to a cell-basedraversalin or-
derto minimize the traversalcosts.In this casewe process
all slicesfor a givencell rst, beforeswitchingto the next
cell. Visibility sortingof thecellsis thenrequiredto achieve
propersemi-transparentolume rendering.We apply a re-
cursive sortingalgorithmat eachlevel of our spatialdecom-
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position that sortsthe eight children using the distanceof

their centersfrom the viewer's position and descendsn a
depth- rst mannerbasedon the level-wise orderingof the
children. The sortedcell list canalsobe usedin multipass
renderingfor fasteraccesdo all cellsthatareintersectedy

aparticularslice.

6.2. Texture Encoding

During rendering the fragmentprocessohasto be ableto
accesshebasisfunctionsthatareselectedor functionvalue
reconstructiorinside the currentcell. We exploit the high
memory bandwidthof the graphicsadapterby storing the
RBF dataat full precisionin a setof two oating pointtex-
turemaps(seeFigure2). Therequiredtexturesresidewithin
the local memory of the graphicsadapter since the total
amountof RBF datais small. Thus,the bottleneckof trans-
ferring datafrom the CPUto the GPUis avoided.

Our rst textureis anRGBA mapholdingthe positionsy;
of the RBF centersandtheweightsw; of the RBF functions
in theRGB andalphacomponentsiespectirely. Thesecond
mapconsistof only onecolorcomponenstoringthewidths
s; of the RBF functions.In orderto reducethe numberof
fragmentoperationsrequiredfor the reconstructionye do
not storethe actualwidths, but insteadstore(2s i2) L

We arrangeall the parameterdor a single cell consec-
utively in the texture mapsallowing the fragmentproces-
sor to accesshe requiredlist of RBFsfor eachfragment
by applyinganincreasingoffsetto the texture coordinates,
whichpointto the rst RBF of eachcell. Texturewrappingis
avoidedsincebranchingnstructionsintroduceperformance
penaltiesn thefragmentprocessingFigure4 demonstrates
anexampleof the appliedtexture packing.Wheneer a cell
requiresmorebasisfunctionsthancanbe processedh asin-
glerenderingpasswe split thelist of RBFsinto chunksthat
canbehandledin onepass.The multipassrenderingallows
for atight packingof the cells' data,sincewe only have to
guaranteghatthe RBF parameterseededor onepassare
storedconsecutiely. Evenseveraltexture setscanbe usedif
theRBF dataexceedghe maximumsizeof onetexturemap.

The numberof RBFsto be evaluatedper cell may vary
throughoutthe spatialdecompositionTherefore sincecur-
rent graphicshardware doesnot supportdynamicloopsin
fragmentprocessin@ndbranchingnstructionssigni cantly
degeneratethe renderingperformancewe provide special-
ized programdor differentnumbersof RBFs.However, we
avoid extensve programswitchingandreduceperformance
penaltiedy restrictingourselhesto arathersmallsetof dif-
ferentprogramsCells that requirean intermediatenumber
of RBFs,therefore padtheir RBF datain the texture maps
with zerovaluesup to the next availablefragmentprogram
size.
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Figure 4: TheRBFdatafor all cellsis tightly padedinto a
singlesetof texture mapsIn this example two differentfrag-
mentprogramsfor 4 and8 RBF evaluationsare available

6.3. Per-Fragment Reconstruction

We usea high-level shadinglanguagefor programminghe

fragmentprocessosincecurrentgraphicshardware,suchas

the GeForce FX, hasthe ability to run fragmentprograms
with over 10000perationsn a singlepass,andlong assem-
blerprogramsarehardto codeandto dehug. Ourimplemen-
tationis basednNVidia's Cg[nVi02], which supportsoth

graphicsAPIs, DirectX andOpenGL,by providing different
compilerpro les.

Our visualization systemloads pre-compiledfragment
programdnsteadof usingCg's on-the- y compilationto re-
ducestart-upoverheadAdditionally, thisapproacleasilyal-
lows for addingsupportfor otherbasisfunction typesand
writing handoptimizedassemblecode.

BasedontheRBF encodingn thetexturemapswe apply
the fragmentprogrampresentedn Figure 5 for the single
passRBF reconstructionWe removed the multipassrelated
parts, sincewe considerthe presentedrersionto be more
readableandthe multipasscodeis straightforvard. The pro-
gramusesthe Gaussiarradial basisfunction introducedin
Section4. We alsoimplementedgrogramsor inversemulti-
quadricRBFsandfor differentvisualizationmodes,n par
ticularisosuricerendering Thelatteradditionallyperforms
lighting calculationsbasedon the datagradientthatis ana-
lytically evaluatedn parallelto thedatavalueas:

M ) kx pik?
rf= & 2”' wie 27 4)
i=1 Si

The numberof RBF functionsto be evaluateds encoded
asa x edpreprocessaronstantsincecurrentgraphicshard-
ware doesnot supportdynamicloopsin fragmentprocess-
ing.

The program straightforvardly accumulatesthe RBF
functionsin alocal variable.The iterationover the number
of RBFsincludethelookup of the RBF centercoordinates,
the RBF weightandwidth from the texture maps.the com-
putationof thecentersdistancdo thecurrentfragmentposi-

/I Maximumnumberof basisfunctionsfor loop unrolling
#define CONST_NUMFUNC35

float4  main ( // Currentworld coordinatesand RBFtextures
float4 inpos : TEXCOORDO,
float error : TEXCOORD1,
uniform  samplerRECT rbfcenter: TEXTUREUNITL,
uniform  samplerRECT rbfwidth : TEXTUREUNIT2,
/I Texture adressing:offset+ increment
uniform  float4 texstart : Co,
uniform  float4 texinc . C1,
/I Biasfor RBFreconstruction
uniform  float bias : C2,
/I Color table,scale+ bias,alphascale
uniform  samplerlD map : TEXTUREUNITO,
uniform  float4 mapSBA : C20,
) : COLOR
{
float val = 0.0;
float4 texpos = texstart, output;
for (float i = 0; i < CONST_NUMFUNCS:#+)

1/ texpos.zzountshowmanyRBFsstill haveto be evaluatedin this cell

float4  tmp = texRECT (rbfcenter, texpos.xy);
float w_inv = texRECT (rbfwidth, texpos.xy);
float3  vec = tmp.rgb - inpos.xyz;

float expval = - dot (vec, vec) * w_inv;

val += tmp.a * ex2 (expval);

texpos += texinc;

}

/I Addbiasandinterpolatederror

val += bias + error;

/I Color tablelookupafter scale+ bias

output.rbga = texID (map, (val + mapSBA.r) * mapSBA.g);
/I Transpaencycorrectionfor volmueslicing

output.a *= mapSBA.a;

return  output;

}

Figure 5: Thefragmentprogram for reconstructingGaus-
sianradial basisfunctions.

tion, andthe evaluationof the RBF function. Dueto perfor

mancdssuesve usethebase-tv exponentiawhichis com-
pensatedvith a correctionfactormultiplied to s;j-entriesin

the texture maps.As mentionedpreviously, we requiretwo

lookupsperfragmentsincethe ve RBF parametergould
not be storedin only one texel. By combiningfour RBF
widthsin oneRGBA texel andperformingthe width lookup
only every fourth RBFs,we would have beenableto reduce
the numberof lookupsto an averageof 1:25. However, the
morecomplicateddatahandlingandthe computatiorof the
different texture coordinatesresultedin very little perfor

manceincrease.

We use the interpolatedtexture coordinatesinpos to
provide the modelspacecoordinategor eachfragment. Af-
ter evaluatingall RBF functions,the constanbiasis added.
If the spatialdatastructureincludeserrorvaluesat the cor
nerof eachcell, we addthelinearly interpolatederrorthatis
encodedn thesecondaryexturecoordinatesAfter anaddi-
tional scaleand biasoperationwhich allows usto account
for the relevant datarange,the resultingscalarvalueis -
nally mappedo anoutputcolor by a 1D texturelookup.

7. Results

We have implementedur systemon a Pentiun4 2800MHz
processomith an Nvidia GeForce FX 5900 Ultra graphics
processoandtestedit on a variety of datasets.Thesedata
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Figure 6: Volumerenderingof the RBF encodedX38 shod
dataset.

setsincludea computationallysimulatedX38 con guration,
a naturalcorvectionsimulation,a black oil reserwoir simu-
lation, the negative potentialiron proteinvoxel dataset,and
the blunt n dataset. Unlessstateddifferently we achieved
our timingson aviewportof 400 400 pixelsusinga setof
fragmentprogramsfor 20, 40, 60, 80, and 100 basisfunc-
tions.In thefollowing, we discusgheresultsobtainedfrom
encodingeachof thesedatasetsusing the previously de-
scribedradial basisfunctions.

7.1. X38 Crew Return Vehicle

The X38 datasetthatwe usedis basedn atetrahedralnite
elementviscouscalculationcomputedon geometrycon g-
uredto emulatethe X38 Crew ReturnVehicle. The geom-
etry andthe simulationwere computedat the Engineering
ResearctCenterat MississippiStateUniversity by the Sim-
ulation and DesignCenter This datasetrepresents single
time stepin the reentry processinto the atmosphereThe
simulationwas computedon an unstructuredyrid contain-
ing 1,943,483etrahedrata 30 degreeangleof attack.

We computedhenormalMachnumberandextracteddata
valuesgreaterthan 0.6, as the shockis createddueto the
transitionfrom sub-sonicspeedg< Mach 1) to supefsonic
speedq> Mach 1). The actualshockvolume hasa normal
Machnumbervery closeto 1.0.We clippedthevaluesin the
shockdataat 0.6 to reducethe datasizefor RBF encoding.
This clippeddatasetwasthenencodedvith 2,932Gaussian
RBFs.Theimagesn Figurel(a)andFigure6 shav volume
renderingf a tight boundon the shockvolume,with data
between0.9 and1.1. Figure 7 shavs an interactive cutting
planerenderingof the shockvaluesrangingfrom 0.6 (blue)
to 1.7 (white). Figure 8 shavs a comparisonof encoding
the shockdatawith both 855and1,147RBFsfor the more
limited rangeof values0.7to 1.7. For theimportantnarrav
shockdatarangeshavn, 0.8 - 1.02,the overall structureof
theshockis thesame with detailsof thebow shockmissing
in Figure8(a). The additionalRBFsusedin Figure8(b) are
neededo capturethe ner structure®f theshock Thesecut-
ting planeimagesrenderat approximatelyl5 fps, while the
volumerenderingrate for the shockdatais approximately
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Figure 7: RBFreconstructiorof the X 38 shok dataset.

0.33fps. Betterspatiallocality during the encodingof this

datasewill increasethe performanceof the rendering.We

have alsoencodedhe densitydatasetfrom this simulation
wherethemostinterestingvaluesaredensityvaluedessthan
0.5. Thedatasetwasencodedisingonly 1,611RBFssince
the densityvariationdoesnt have the sharpdiscontinuities
of the shockdata.The averageencodingerror wasjust un-

der2%.A volumetricisosurficerenderingof thelow density
region of the datacanbe seenin Figure9.

Figure 8: RBFreconstructiorof the X 38 shodk dataset.(a)
855 RBFsare usedfor reconstruction(b) 1,147 RBFsare
usedfor reconstruction.

Figure 9: Wlumeisosurfacerenderingof the X38 density
datareconstructedvith 1,611RBFs.
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7.2. Natural Convectionin a Box

Figurel0shavsasemi-transparemnblumerenderingandan

isosurbicerendering(isovalue 0.5) of the 80th time stepof

temperatur@eneratedrom a naturalconvectionsimulation
of a non-Nevtonian uid in a cube.The domainis heated
from below, cooledfrom abore, andhasa x edlineartem-
peraturepro le imposedon the sidewalls. The simulation
wasdevelopedby the ComputationaFluid DynamicsLab-

oratory at The University of Texas at Austin and was run

for 6000time stepson a meshconsistingof 48000tetrahe-
dral elementsThe semi-transparentolumerenderingruns
atapproximatelyl.8fps using32slices.In isosurhcemode
the performancedropsto 0.4 fps, sincetheisosurficefrag-

mentprogramis moreexpensve, andwe could not useour
mostoptimizedprogramversionhere.

Figure 10: Volumeandisosurfacerenderingof tempeature
genertedfroma natural convectionsimulation.

7.3. Black Oil Resewoir Simulation

Figure 1(b) and 11 shav volume renderingsof the recon-
structedoil reserwir datasetcomputedby the Centerfor

SubsuréceModeling at The University of Texasat Austin.

The datasetis a simulationof a black-oil reseroir model
usedto predictplacemenbf waterinjection wells to max-
imize oil from productionwells. The datasethas156,642
tetrahedracontainingwater pressurevaluesfor the injec-

tion well. Thedatasetrendersatapproximatelyl.8fpsona
GeForceFX5900Ultra graphicsadapteusing64 slices.

Figure 11: \olumerenderingof water pressue for an in-
jectionwell. The 156,64 2tetradra datasetis encodedising
458RBFs.

7.4. Negative Potential Ir on Protein Data

We alsoencodedhe32 32 32 neghip datasetfrom the
University of TUbingenwhich shaws the spatialprobability
distribution of the electronsin a negative potentialprotein
molecule.Figure 12 shavs a volumetric renderingof the
RBF encodeddatasetusing 812 basisfunctionson a four
level spatialhierarcty consistingof 126 cells with a maxi-
mumof 100basisfunctionspercell. The datasetrendersat
approximately?2.6 fps onthetestsystemusing32 slices.

Figure 12: Semi-tanspaentvolumerenderingof thenegghip
data set using 812 basis functions.The renderingis per
formedon a spatial decompositiorcomprisedof four sub-
divisionlevels.

7.5. Blunt Fin Data

The blunt n datasetdisplayedin Figure 13 hasbeenen-
codedhierarchicallywith 695 RBFs, with 238 cells anda
maximumof 60 RBFspercell. Again, we useda setof frag-
mentprogramswith up to 60 basisfunctionsfor rendering
the datasetat interactive rates.Using 64 slicesthe dataset
rendersatapproximately3.7fpsonaGeForceFX5900Ultra
graphicsadapter

All of the above Figureswere generatedvith our hard-
ware acceleratedreconstructionprogram. For slice plane
rendering,we achieve performanceof 7 to 75 fps on a
4007 viewportdueto a comparatrely high amountof RBFs
percell. Exploiting the half- oat registertypeof Cg,ledto a
performancemprovementbetweer80%and300%depend-
ing on the renderingmode. However, we could not apply
this programto all testeddatasets,dueto thelimited 16 bit
precision.

The 1024 fragment program instruction limit of the
GeForceFX allowedusto evaluate59to 126 RBFsperpass,
dependingon dataencodingandtherenderingmode.When
multipassrenderings neededye experiencencreaseger
formancefor largerfragmentprogramswhich needto write
intermediateresultsto the frame buffer lessoften. For our
adaptve octree encoding,the addition of cells in the hi-
erarcly causesoverheadfor rendering.However, we have
foundthatthereductionin wastedGaussiarRBF evaluation
outweighsthis overheadandsigni cantly increasegerfor
mance.
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Figure 13: \blumerenderingof theblunt n datasetwith its
subdivisionhierarchy.

8. Conclusionand Futur e Dir ection

We have demonstratech novel, uni ed approachfor the
interactive reconstructiorand visualizationof arbitrary 3D
scalar elds, including voxel data and unstructureddata.
By combining a compactfunctional encoding,hardware-
acceleratedunctional reconstruction and domain knowl-
edgeof dataimportancewe have developeda systemthat
avoids the traditional datatransferbottleneckof hardware
acceleratedenderingof large scalar elds. This approach
can take adwantageof the rapid performanceincreaseof
PC classgraphicshardware. The e xibility and extensibil-
ity of functionalencodingandinteractie reconstructioral-
lows theinteractize explorationof very large datasetsfrom
a variety of sourcesWe canvisualizedatasetswith a few
million tetrahedraat interactve ratesusing slicing planes
and preview-quality slice-based/olume rendering.Our fu-
ture work will include further optimizationof our interac-
tive reconstructiorin termsof performancee.g.,removing
bottleneckf the currentimplementatiorby balancingthe
reconstructiorefforts betweenvertex andfragmentprocess-
ing. Imagequality could alsobe improved by incorporating
pre-intggratedvolumerendering We will alsoimprove our
RBF encodingechniquegor volumetricscalar elds to pro-
vide morelimited spatialsupport,signi cantly reducingthe
the numberof RBFsrequiredper fragmentand, therefore,
speedingip the performance.
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