Optimal Regular Volume Sampling

ThomasTheuf3t

TorstenMallert

MeisterEduardGroller*

*Instituteof ComputerGraphicsandAlgorithms Graphics Usability, andVisualizationLab
ViennaUniversity of Technology

SimonFraselUniversity

Figurel: CT scanof alobsterandatooth,representedn Cartesiarandbody-centeredubicgrids (left andright imagesrespectiely). The
representationia body-centeredubicgridsrequiresapproximately30%lesssamples.

Abstract

The classificationof volumetric datasetsaswell astheir render

ing algorithmsaretypically basedon the representationf the un-

derlying grid. Grid structuresbasedon a Cartesianattice arethe
de-factostandardor regularrepresentationsf volumetricdata.In

this paperwe introducea moregenerakconcepf regulargridsfor

the representationf volumetricdata. We demonstrat¢hata spe-
cific type of regularlattice - the so-calledbody-centexd cubic- is

ableto representhe samedatasetasa Cartesiargrid to the same
accuray but with 29.3%lesssamples.This speedap traditional
volumerenderingalgorithmsby the sameratio, which we demon-
strateby adoptinga splattingimplementatiorfor thesenew lattices.
We investigatedifferentfiltering methodsrequiredfor computing
thenormalsonthislattice. Thelatticerepresentationesultsalsoin

losslessompressiomatiosthatarebetterthanpreviously reported.
Althoughotherregulargrid structureschieve thesamesampleeffi-

cieng, thebody-centeredubicis particularlyeasyto use.Theonly

assumptiomecessaris thattheunderlyingvolumeis isotropicand
band-limited- an assumptiorthatis valid for most practicaldata
sets.

Keywords: volumedata,Cartesiargrid, closepacking,hexagonal
sampling,bodycenterectubic

1 Introduction

Differentgrid structureshave beenstudiedextensiely in various
fields like chemistry[18], solid statephysics[1], condensednat-
ter physics[10] or crystallographyf7]. Researcheri thesefields
have studiedthe structureof atomsandmoleculeswhich areoften
placedin a regular grid structure. This structureis optimizedfor
enepy states andresultsin covering spaceascloselyaspossible.
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1Thisis, of course a seriousoversimplification.However, for almostall
the elementshelowestenepy stateis crystalline[10].

Resultsin multi-dimensional signal processingshav that a
Cartesiansampling structureis not the most efficient one [16].
Efficiengy hereis measuredn termsof samplingpoints per unit
hypervolume. Underthe assumptiorthat the sampledfunctionis
isotropic and band-limitedthe resultingfrequeng supportwould
be a hypersphere. Hencethe most efficient samplingscheme
would arrangethe replicated(hyperspherical)frequeng response
asdenselyaspossiblein frequeny domain.

The problemof how to placeasmary (hyper)spheresaspossi-
blein afixed (hyper)volumeis knowvn asthe spherepackingprob-
lem [14]. This hasbeenstudiedby mary mathematiciang up to
quitestaggeringlimensiongConway andSloand3] give examples
of dimensionsup to 1048584). The problemof packingspheres
optimally hasbeenstatedin 1900 by Hilbert as his nov famous
Problem18 [6]. It is still not solved completely However, ses-
eralregular grid structuresare knowvn which areoptimal. Among
theseis the body-centeredubic (bcc) grid, which turnsout to be
particularlyeasyto use.

In the imageprocessingcommunityit is well known that sam-
pling an image on a Cartesiangrid is not optimal. By using a
hexagonalsamplingschemeonecansave 13.4%sampleg12]. Re-
searchhasbeendirectedto adaptalgorithmslik e straightline gen-
eration[9], distancetransformationg2], or oversampling[8] to
hexagonalgrids. However, the inherentCartesiarstructureof dis-
play deviceslimits the useof hexagonalgridsfor imageprocessing
sothat2D hexagonalgridsarerarelyused.

In volume visualization, or generally when dealing with 3D
functionswe arenot boundto Cartesiargrids. The representation
of thefunctionwe wantto visualizecanbearbitrarily chosersince
typically only two-dimensionaprojectionsf thedatasetareexam-
ined. Sinceit hasbeenshavn thatabccgrid canrepresenisotropic,
band-limiteddataasaccuratelyasCartesiargridsusing29.3%less
sampleg4], theadantage®f usingabccgrid aresignificant.

In this paperwe will shav how we cantake advantageof hexag-
onal samplingin volumerendering.We outline and proposesolu-
tionsfor the inherentissuesof re-samplingof rectangulagrids as
well asinterpolationandgradientestimation.

Theremaindeof this paperis organizedasfollows. We summa-
rize theresultsof hexagonalsamplingin 2D andderive anoptimal



samplingschemein 3D in Section2. In Section3 we shav how

the splattingalgorithm, including storing of the dataand gradient
estimation,can be adoptedfor bcc grids. Section4 examinesac-
quisitiontechniquedor datasamplecbnbccgrids. In Section5 we

presenthe resultsof our experiments.Someideasfor future work

arepresentedh Section6, andwe derive conclusionf ourstudies
in Section7.

2 Baseband Optimal Sampling

Usually, no a priori knowledgeaboutthe (continuous)underlying
functionswe are samplingis available. Therefore we assumehat
thesefunctionsareisotropic,i.e., they do not have a preferreddi-
rection. Anothercommonassumptioris thatthey areband-limited.
Both assumptiongogetherresult in the property that their fre-
queng responsesire hypersphereqcirclesin 2D and spheresn
3D, respectiely).

Samplingsuchsphericallyband-limitedfunctionswill resultin
replicatingthe primary spectrumin the frequeng domain[15]. In
orderto reconstructhe underlyingcontinuoussignalperfectly we
needto ensurghatthe samplesn spatialdomainarecloseenough,
sothatthe aliasedspectran the frequeng domaindo not overlap.
Optimalsamplingwould be achiezedif thenumberof sampleghat
fulfill this conditionis minimal. In 1D this is alsoknown asthe
Nyquistsamplingrate. In orderto optimally samplein higherdi-
mensiongi.e., to useasfew samplesspossible) aliasedspectran
thefrequeny domainhaveto bepacledascloselyaspossible.This
problemis known asthe sphee pading problem[14], which has
beenextensiely studiedand solutionsfor regular packingstruc-
turesin 2D and3D exist.

As a motivation andfor the sale of simplicity we will first de-
scribeour methodto find an optimal samplingpatternin 2D be-
forewedirectly delve into themysteriousstructureof 3D Euclidian
space.

2.1 Optimal sampling density in 2D

Wewill describesamplingasamappingfromindicesto actualsam-
ple positionsasintroducedn [4]:

() e

Heretheintegersi, j aretheindicesof the sampleandz, y is it's
correspondingsamplingposition. The matrix V', which is called
samplingmatrix, describeshe mappingitself, e.g.,

Tn 0
‘/;‘ect2D = ( 01 Ty ) (2)

is thematrix for rectangulasamplingwhich simplifiesto the com-
monly usedregular (Cartesiansamplingfor ) = T». Hexagonal
samplingis mostcornvenientlydescribedy the matrix

1 3
VhewZD = ( 1(;1 2,1?;1 > for T2 = %T& (3)

which virtually just performsa shearof the rectangularsamples
followed by a for-shortening. WhenV' describeghe samplingin
spatialdomain,the matrix U, satisfying

U'V =2r1 (4)

with UT beingthetransposef U and beingtheidentity matrix,
describeghe positionsof the replicasin frequeng domain. This

hasbeenprovenby several people[4]. It is thereforecalledperiod-
icity matrix [4]. Applying Eq.4 to Eq. 2 we obtainthe periodicity
matrix for rectangulasampling

Urect2p = ( %1 0 > (5)

u2

with w1 = 27 andu, = ZT. The periodicity matrix for hexagonal

samplingis obtainedas

for Uz = lul (6)

u1 0
~tw /3
whereagainu; = 2T—’1' The2D FourierTransformF of acircularly
band-limitedsignalhasthe property

UheaﬂD = (

F(wi,w2) =0 for wi + w3 > W? @
whereW is themaximumfrequeng in the dataset. This baseband
canbe inscribed,for example,in a squarewith length! = 2W
(correspondingo rectangulasampling).In otherwords,u; andus
in Eq. 5 have to be equalto 2W. On the otherhand,the baseband
can also be inscribedin a hexagonwith sidelengthl = %W
(correspondingo hexagonalsampling). This meansthatin Eq. 6
uo hasto be equalto 2W (seeFig. 2). Calculatingthe sampling
matricesfrom theseperiodicity matriceswe endup with

0
%ectQD = ( VOV Ea ) (8)
W
with
2
|detViecton| = e 9
and
2 m 1 m
Vhem?D = ( \/§0W fSLW > (10)
W
with ,
2
|detVieoon| = %ﬁ (11)

The samplingdensityis proportionalto ;- [4]. By taking the
ratio

|det‘/7‘ect2D| \/?_’

|dechem2D| 2 0-866 ( )
we seethathexagonalsamplingrequires13.4%lesssampleghan
rectangulasampling.

2.2 Optimal sampling density in 3D

Analogousto the 2D case,we candescribethe mappingfrom in-
dicesti, j, k to coordinates, y, z for rectilineargrids usingthefol-

lowing matrix:
n 0 0
Viectsp = 0 T» 0 (13)

0 0 T3

whichwill beregular(rectangularwhenT; = T, = Ts.

As expected,regular rectangularsamplingin 3D is (asin 2D)
notoptimal. It is importantto notethatan optimal spherepacking
for arbitrarypackingstructuresn 3D is notknown. However, se/-
eraloptimalpackingstructuresall with equalsamplingdensity are
known for the caseof regular sampling,i.e., structureghatcanbe
describedby threebasevectors. Fortunately this is exactly what
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Figure2: 2D regularrectangulaandhexagonalsamplingin spatialandfrequeny domain.

we need,sincewe do not wantto sacrificethe implicit indexing of
thegrid pointsthatmakesregulargrid representationso attractve.

Amongtheoptimalregularpackingstructuresarethe hexagonal
closepacled (hcp)structureandthefacecenteredtubic(fcc) struc-
ture[3]. In orderto achieve a closepackingin frequeng domain
usinganfcc lattice,we usethefollowing matrix:

u 0 wu
Uree =Ufee=| 0 u u (14)

v uw 0

An fcc lattice consistsof simple cubic cells with additionalsam-
pling pointsin the centerof eachcell face.Onecell of anfcc lattice
is depictedn Fig. 3 with thebasevectorsfrom Eq. 14.

By pluggingEg. 14 in Eq. 4 we endup with a samplingmatrix
which describes body centerectubic (bcc)lattice:

. T —-T T
Vie==| -T T T (15)
2 T T -T

with T’ = 2-

A bcclatticealsoconsistof asimplecubiccell but with only one
additionalsamplingpoint, which is right in the centerof the cell.
Fig. 4 depictsonecell of abcclattice. Note, thatthebasevectorsof
Fig. 4 do not correspondo Eg. 15, astheseareratherunintuitive.
We choseanothersetof basevectorswhich is morecornvenientfor
our purposeof indexing the datapoints,seeSection3.1. They are
describedy the samplingmatrix

T
T (16)
T

T 0
Voce = 0 T

0 0

NN

u;

usz

=

Figure3: Onecell of anfcc lattice with basevectorsu;. Theblack
dots mark additionalsamplepoints (in the centerof the faces)as
comparedo asimplecubiccell.
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Figure4: Onecell of abccstructurewith basevectorsh;. Theonly
differenceto asimplecubiccell is oneadditionalsamplepointright
in the centerof the cell, marked with a blackdot.

u hasto be equalto 2W for rectangulasampling. Sincethe peri-
odicity matrix is analogougo the 2D periodicity matrix we endup
with

7,[_3

|detViectsp| = WA a7)
For thefcc lattice, » hasto beequalto v/2W, whichyields
71_3
|detViee| = W‘@ (18)
By againtakingtheratio
7“'?3‘;:3” | _ o707 (19)

we seethatwe need29.3%lesssampleghanwith rectangulasam-
pling?. This meanghatif we sampleafunctiononaregularrectan-
gulargrid with samplingdistancer’., we canincreasehesampling
distanceT}, for abcegrid to v/27.

In the abore examplewe startedwith an fcc lattice in the fre-
queng domainwhichresultedn abcclatticein thespatialdomain.
We could alsochooseanhcp lattice, sinceit hasthe samepacking
densityasanfcc lattice [3]. However, anhcp lattice in frequeng
domainis alsoanhcplatticein spatialdomainandhcp latticesare
ratherdifficult to index [7]. Thereforewe preferto useabccgrid.

3 Implementation Details

In orderto usea bccgrid in practicewe have to addressomein-
herentimplementatiorissues First, we have to think abouthow to
organizethe grid in memory We presenta schemewhich stores
the samplingpointsin a three-dimensionahrray The addressing
schemeés of speciaimportancesincewe wantto take advantageof
theimplicit orderingin regulargrid structuresNext we describehe
slight modificationsnecessaryo usesplattingon bcc grids. Here

2DudgeonandMersereau4] give aratio of 0.705,i.e., 29.5%lesssam-
ples.Thisis simply dueto aroundingerror, compareheresultsof Petersen
andMiddleton[16].

we needto addressssuesof interpolation.In orderto incorporate
shadingin our renderingalgorithm we describetwo methodson
how to estimategradientn grid pointsof abcclattice.

3.1 Storage scheme

For the sale of simplicity andclarity of figures,we first presenbur
storageschemen 2D whichis thenextendedto 3D.

In 2D the optimal sampling patternis hexagonal sampling.
Hexagonalsamplingas describedby Eqg. 3, resultsin ratherawk-
ward indexing aswe still wantto samplea rectangulamrea. The
meaningof thematrixin Eq. 3 is to shift the j** row by theamount
1T j. Sincethisholdsfor infinite long rows, theresultwould bethe
sameto shift thesamerow by $ 71 (j —2) = 3T1j—T1. Extending
thisideaandsincewe actuallylik e to describea finite, rectangular
area,we shift only rows with odd index which is achiezed by the
following matrix:

T in 2
Vhew?D = ( 01 2 I(JTTOd ) )

Theeffectis illustratedin Fig. 5. Ontheleft, theresultof applying
Eq. 3 canbe seerwhereaghe effect of applyingEq. 20is depicted
ontheright.

Thesameproblemexistsin 3D. However, the solutionis assim-
ple asin 2D. Thefollowing matrix

for Ty = ?Tl (20)

T 0 %T(k mod2)
Vbee = 0 T 3T(kmod2) (21)
0 0 3T

shiftsonly planeswith odd z-coordinatesalf a unit in x andy di-
rection. Theresultis thatthe sliceswith evenz coordinatesnake
up a 3D Cartesiargrid, the sliceswith oddz coordinateslsomake
up a 3D Cartesiangrid which is shiftedto the centersof the first
grid. Fig. 6 shawvs a bccgrid with the two inter-penetratingCarte-
siangridsmarkeddifferently. In practicewe still storethedatain a
3D arraywith animplicit shift of sliceswith oddz coordinates.
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Figure6: A bccgrid interpretedastwo inter-penetratingCartesian
grids.

3.2 Splatting on bcc grids

The original splattingalgorithm,asdescribecoy Westwer [19], is
straightforvardly adoptedto bcc grids. This algorithm gainsits
power by using sphericalreconstructionkernels. Thesekernels
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Figure5: Differentindexing schemesTheimageontheleft corresponds$o Eq. 3. Thefigure ontheright corresponds$o Eq. 20

have sphericalextendin the frequeny domain. Hencetheseker
nelspresere a sphericalregion during the reconstructiorprocess.
Sincethe aliasedspectrafor the hexagonalgrid are redistrituted
suchthatthey do not overlapwith the primary spectrumwe can
usetheexisting sphericakernelswithout any modifications.

Sincethe datais still organizedin a 3D array we traverseit in
a backto front manner Carehasto be taken whentraversingin
z-directionas planeswith odd and even z-coordinateave to be
separatedBeforeapplyingthe transformatiommatrix we apply the
samplingmatrix (Eq. 21) to shift the voxelsto the correctposition.
Onemorething hasto bechangedn existing code thatis thecom-
putationof gradientsfor shading. For this purpose,we adopted
centraldifferencedo bccgrids.

3.3 Central Differences on bcc grids

Gradientsareratherimportantin volume visualization. They are
mostoften usedfor classificatiorandshading.Therefore we need
to be ableto computegradientson bce grids. The mostcommonly
usedmethodo estimategradientss thecentraldifferencesnethod.
Therearetwo waysto adoptthis methodto becgrids.

Thefirstideaexploitsthefactthatwe have a Cartesiargrid struc-
turein all theslicesthatareparallelto amajoraxisdirection.Hence
partialderivativesin eachdirectioncanbe computedhroughstan-
dardcentraldifferences.However, usingour indexing schemewe
have to adoptthefollowing equationfor computingthe centraldif-
ferencein thez direction:

folo,d) = gr(fle e +2 - fley,—2) (@)

This methodrequiresexactly asmary operationsascentraldiffer-

enceon Cartesiargrids. The conceptuaproblemwith thismethod
is thatwedonotusetheactualclosespointsin orderto estimatehe
derivatives. Furthermorehe distancesn the z directionarewider
thanin the z andy directions.Hencewe would expectanisotropic
artifactsusingthis method.

This can be rectified in our secondmethod. For the second
method we follow the philosophy that the eight closestpoints
shouldhave the mainimpacton thereconstructedalue. Hencewe
arecomputingthe averageof the centraldifferencesat eachedgeof
the cubic cell thatthe currentpoint is locatedin (compareFig. 4).

Thisresultsin thefollowing formulasfor the partialderivatives:

1 N o= s — .
fm[w,y,z] = E E h(z)f[x—z,y—],z—k]
i, €{0,1}
ke{—-1,1}

1 N e —

EE h(])f[x_zay_]:z_k](Z:g)
i,j€{0,1}
ke{—1,1}

1 L

,j€{0,1}
ke{—1,1}

f:f![xay:z] =

fz[x,y, Z]

withm = m + (2 mod2) and

_J1 if =0 or z=-1
h(z) —{ 1 if z=1 (24)
The introductionof m and h(x) aredueto the propertiesof our
storagescheme.

This methodrequires8 operationgper partial derivative asop-
posedto one subtractionper partial derivative for Cartesiargrids.
However, aswe are calcualtingthe gradientsin a preprocessing
step,this hasno majorimpacton therenderingperformance.

4 Acquisition of Optimally Regular Sam-
pled Volume Data

After having settlectechnicaldetailsaboutusingoptimally sampled
regularvolumedata,we have to dealwith thequestionwhereto get
datasetssampledn suchbccgrids. Thereareseveralpossibilities.

The first possibility is to sampleartificial data sets, given as
3D analyticfunctions,like a sphereor the MarschnetLobb func-
tion [11], onabccgrid. Generally datasetsobtainedvia voxeliza-
tion [17] canstraightforvardly be generatedn a bccgrid. Thisis
especiallyusefulfor evaluatingthe applicability of bccgridsasthe
frequeng contentof suchdatacandirectly be controlled.

Secondthereis of coursethe possibility to resampledatasets
on Cartesiargridsto a bccgrid. Sincethis resamplingstephasto
be performedustoncefor generatinghenew dataset,anarbitrary
goodreconstructiorkernel(e.g.,aratherwide windowedsinc) can
beused.

Thethird andmostinterestingpossibilityis to take raw datafrom
modalitieslike CT or MRI anddirectly generatéccgrid datasets
fromthem.Rawv datafrom tomographydatasetyCT, PET, SPECT)
is typically given by mary 2D or 1D projections.Henceadapting



reconstructioralgorithmfor bcegridshasthe potentialof speeding
up thesetypically very costly operationdoy almost30%. Likewise

imagedataacquiredin the frequeng domain(e.g. MRI) could be

(re)sampledntoanfcc grid. We could easilyacquirethe samples
in the frequeny domainon a facecenteredcubic grid and usea

modifiedinverseFFT to generatea bee grid dataset. Thatwould

allow eitherfasteracquisitiontimesor moreaccuratémageswhen

samplesareacquiredon abccgrid.

5 Results

We peformedsereralteststo evaluatethe applicability of becgrids.
First,we compareurgradientreconstructiorschemeso thecom-
monly usedcentraldifferenceson Cartesiargrids. Then,we modi-
fiedanexisting splatterto operateonbccgrids. Finally, assampling
on bec grids resultsin a kind of compressiorof the data,we also
comparedt to existingcompressiomechniquegor volumetricdata.

5.1 Gradient estimation

In orderto evaluatethe quality of the gradientapproximationwe
usedthreedifferentanalyticalfunctionsfor comparisorpurposes:

e sphericalith linearfalloff:
f1($,y,z)= V$2+y2+z2 (25)

e Sincfunction:

; 21 2 3 2
sin(y/x2 + y? + 22) 26)
/$2+y2+z2

f2($ayaz) =

o simplified MarschneiLobb:
fs(@,y,2) =sin(z” +y* + 2%) (27)

We computedhe actualfunctionvaluesat the positionsdefinedby
thebccgrid sothatno errorswereintroducedduring the sampling
process We thenappliedour two gradientreconstructiorschemes
and computedthe differenceof the normalswith the analytically
computednormalsat the samplinggrid. We recordedtwo errors
— the errorin the magnitudeof the normalaswell asthe angular
errorin the normal. We thenlooked at theseerrorsin oneslice at
atime. Sincein ourindexing schemeanxy-slice (z is constant)s
easyto extractwe chosexy slices.Furthermorewe wereinterested
in howv well theseerrorscompareto errorsintroducedby central
differencesandlinear filtering on regular rectilineargrids. Hence
we computedhenormalsasif the original datasetwasgivenon a
rectangulagrid usingcentraldifferencesandlinearinterpolation.

Theresultsof our experimentcanbeseenin Fig 7 (a)— (c). The
first row shaws the relative error in magnitudewherethe second
row shavs the angularerror. Columnonedepictsthe error of our
first gradientreconstructiormethod(Eq. 22) thatis basedon cen-
tral differencesat the grid point itself. Column2 correspondgo
methodtwo (Eg. 23), whichis theaverageof all centraldifferences
attheof the cubeedgessurroundinghe samplingpoint. In the last
columnwe computedthe linearly interpolatedcentraldifferences,
assuminghe datasetwasgivenon aregulargrid with correspond-
ing dimensions.

Fig 7(a)shavs theerrorimagedfor function f1 . In thisimagean
angularerror of 15 degreesand an amplitudeerror of 30% corre-
spondgo white (255). Fig. 7(b) shavs theerrorimagesor function
f2. Hereanangularerror of 30 degreesandan amplitudeerror of
60% correspondso white (255). Finally theresultsfor function f3

(b)

Figure7: Differenceimagesof analytically calculatedgradientgo
our gradientestimationschemegseeSec.3.3), first two columns,
andcentraldifferenceswith linearinterpolation,third column,for
(a) sphere,(b) Sinc, and (c) simplified MarschneiLobb function.
Thetop rows shaw theerrorin magnitudevhereaghe bottomrows
shaw the angularerror(a) error in magnitudeby 30% and an an-
gularerrorof 15 degreescorrespondso white, (b) amplitudeerror
of 60% and an angularerror of 30 degreescorrespondso white,
(c) amplitudeerrorof 10%andanangularerrorof 5 degreescorre-
spondgo white.



aredisplayedn Fig. 7(c). Here5 degreesfor theangularerrorand
10%for theamplitudeerrorcorrespondo white (255).

From theseimageswe concludethatboth our differencemeth-
ods are quite comparablewith centraldifferencingand linear in-
terpolationon regular grids. Henceone neednot to worry about
quality lossby usingbcc grids for volumerenderingapplications.
Furthermoresincethereare no large differencesbetweenthe two
introducedmethoddsn Section3.3,we don't find the expensve op-
erationsof method2 justified.

5.2 Splatting

Fig. 8 showvs imagesof the MarschneiLobb datasetsampledon
a40 x 40 x 40 Cartesiangrid (as describedby Marschnerand
Lobb [11]) on the left respectiely a 28 x 28 x 56 bcc grid on
the right. This datasetis quite demandingfor a straightforvard
splatter however, theresultsof thetwo differentgrid structuresare
comparablén quality.

Thedatasetsthatwe usedfor renderingheimagesn Fig. 9 (see
color plate)wereproducedusinga high-qualityinterpolationfilter.
We usedthe C?3-4EFfilter asdesignedy Moller etal [13]. In Fig.9
we shaw resultsof renderingthe lobsterlobsterdataset,aswell as
“neghip” datasetaswell astheHigh Potentiallron Proteindataset
by Louis Noodlemanand David Case,of ScrippsClinic, La Jolla,
California. Again, aregular Cartesiargrid wasusedon theleft and
a bcc grid on theright. Thereare somesmall visible differences
in theimages which mostly stemfrom the differenttransferfunc-
tions. Sincewe classify differentvaluesthat represen® different
grid positionsone cannotexpectidentical pictures. Hencewe see
somedifferencesresultingfrom the problemof pre-classification
[20].

We alsodid sometimings which arereportedin Tablel. It is
interestingto notethatthe speedugor somedatasetswerebigger
thanexpected.This couldhave beencausedy thedecreasechem-
ory cachingnecessaryFor a very small dataset (lobster)we sav
expectedspeedupsear30%.

5.3 Compression

Our resultsindicatethat the resampleddatahave the potentialto
leadto bettercompressionWewereableto shav thatourcompres-
sionratiosfor practicaldatasetsarebetterthanwhatwasachiered
usingthe gzip utility. Also, our overall compressiorratios were
betterthenpreviously reported5]. Table2 shavs compressioma-
tios of variousvolume datasets. Note, that the last two columns
give percentagess comparedo the original datasize indicating
the overall compressiomatio, which is what we areinterestedn.
However, the compressiomf syntheticdatasetsis a rathersurpris-
ing resultandneeddo befurtherinvestigated.

6 Future Work

We would lik e to adoptothervolumerenderingalgorithmsto body
centerectubicgridsandseehow they perform.As thebccgrid ac-
tually consistof two Cartesiargridswhich areshiftedwith respect
to eachother it shouldbe possibleto designa sheaiwarp like al-
gorithmfor bcegrids. For the samereasornit shouldbe possibleto
accelerateolumerenderingoy the useof graphicshardvare.

It would alsobe necessaryo comeup with a ray-castingalgo-
rithm. For this purposeit would be interestingto investigatethe
effectsof interpolatingwithin bcc grids. Thereforewe would like
to adoptour filter analysisand designmethod[13] to bcc grids.
Sinceeachsamplingpoint in a bcc grid haseight nearesiheigh-
bors(asopposedo a Cartesiargrid), sphericallysymmetricfilters
would desere amorethoroughinvestigation.

7 Conclusions

We have presented samplingschemeof volumedatawhich saves
29.3% samplesas comparedo Cartesiangrids. We assumethat
the functionswe are dealingwith are isotropic and band-limited,
i.e.,theirfrequeny spectraarespheresTherefore a samplingpat-
tern can be usedin a way that the replicasin frequeng domain
(introducedby the samplingprocess)repacled closely Thereis
no uniquesamplingpatternwhich achievesthis, howvever, we have
shavedthatabodycenterecubicgrid resultsin aclosepackingin
frequeny domainandis easyto use.With this samplingpatternwe
reducedatasizeandthereforeimprove renderingrateswithout loss
of quality.

To demonstratéhe applicabilty in volume rendering,we have
adoptedthe splattingalgorithmto bcc grids. This requiresjust a
few changesf an existing codeandis straightforvard to imple-
ment. In orderto performclassificatiorandshadingof the datawe
developedtwo gradientreconstructiorschemesEmpirical experi-
mentswith analytical3D functionsshov thatthesearecomparable
with centraldifferencecommonlyusedon Cartesiargrids. We be-
lieve that significantgainscan be achieved by usingbcc grids in
volumevisualizationandvolumegraphicsn general.
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Cartesiargrid body-centeredubicgrid

Figure9: Imagegeneratedia splattingonaCartesiargrid ontheleft respectrely abody-centeredubicgrid ontheright. Thebody-centered
cubicgridsrequireapproximatel\380%lesssamplesOnly smallquality differencesarevisible, thatlik ely arecausedy pre-classification.



