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Figure 1: Four sample frames of the animations of the MR-SPECT dataset.

ABSTRACT

Thegoalof thispaperis theproposabndevaluationof aray-casting
stratgy thattakesadwantageof the spatialandtemporalcoherence
in image-spacaswell asin object-spacén orderto speedup ren-
dering.lt isbasednadoublestructure:in image-spacegtemporal
buffer thatstoredor eachpixel thenext instantof timein whichthe
pixel mustbe recomputedandin object-spacea TemporalRun-
LengthEncodingof the voxel valuesthroughtime. The algorithm
skips empty and unchangedixels throughthreedifferent space-
leapingstratgies. It cancomputethe imagessequentiallyin time
or generatehemsimultaneouslyn batch. In addition,it canhan-
dle simultaneouslseveral datamodalities. Finally, an on-purpose
out-of-corestrat@y is usedto handlelarge datasetsThetestsper
formedontwo medicaldatasetandvariousphantondatasetshav
thatthe proposedstratgy significantlyspeeds-upendering.

CR Categories: 1.3.3 [COMPUTER GRAPHICS]: Pic-
ture/lmage Generation, Viewing Algorithms—; 1.3.7 [COM-
PUTER GRAPHICS]: Three-DimensionalGraphics and Real-
ism - Visible line/surface algorithms, Ray Tracing—; 1.4.8 [IM-
AGE PROCESSINGAND COMPUTERVISION]: Time-varying
imagery—;

Keywords: Time-varyingvolumedatasetsDirectvolumerender
ing. Ray-castingRun-LengthEncoding.Temporalcoherence.

1 INTRODUCTION

The fastrenderingof volume datathat evolve alongtime is today
one of the major challengef Visualization[18]. This work fo-
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cuseson biomedicalapplicationsin which we have identifiedtwo
major usesof renderingtime-varying datasets:(i) animationof
functionaldata,suchasSPECTPETandfMR whichareinherently
dynamicand, (i) analysisof the evolution of pathologiessuchas
bonefracturesor tumors,capturedwith CT, MR or MRA over a
largerperiodof time. In theformercase the captureof thetempo-
ral sequencef datais generallyrealizedin the samesessiorandit
guaranteethe alignmentof the data. The numberof framesmay
vary betweer? to 30 framesandthe changedrom frameto frame
canbeimportantandspreadhroughthevolume.In thelattercase,
therearetypically fewer datasets.The dataare not alignedfrom
frameto frameandthe changesrelocalizedin the specificregion
of interestunderstudy In both casesrenderingdataalongtime
providesusefulinformationfor the exploration. However, because
of the large size of the datasetsthe animationis slow. Moreover,
mary medicalstudiegequiretheanalysisof severalmodalities pbut
theinvolvedamountof datais a seriousdravbackfor amultimodal
animation.

Differentstratgieshave beenproposedn the bibliographyfor
time-varying rendering. We herein addressDirect Volume Ren-
dering Thus, existing work on extracting isosurficesfrom tem-
poral sequence®f volume data for Indirect Volume Rendering
([28],[24],[26], [3]) fall out of the scopeof this paper Direct vol-
umeanimationstratgiescanbeclassifiednto two maincategories:
one that treatsthe time-varying dataas a specialcaseof an n-D
model([2], [5], [21], [32]), andthe other specificallydesignedor
animationthattreatsseparatelyhetime dimensiorfrom thespatial
dimensiongq[33], [25], [24] [1], [29], [15]). Both strateiespro-
duceasequencef framescorrespondingo thevolumeat different
instantsof time. An alternatve to this approactis the Chronovol-
umesmethoddescribedn [31]. It consistsof integratingthe vol-
umethroughtime andrenderingt with a corventionalray-casting.
Theresultingframerepresentshe evolution of thevolumethrough
time.

The medical applicationsdescribedabore require a frame-to-
frame analysisof the dataratherthan an integration over time.
Moreover, in theseanimations,the numberof framesis small in
comparisorto the numberof samplef the datasets Becauseof
this asymmetrya 4-D representatiois not corvenient. Therefore,
theapproacHhollowedin thispaperelonggo themethodghatsep-
aratetime from space.Our goalis to provide a stratgy to reduce
the computationakost of animationfor the biomedicalunimodal



andmultimodalapplicationamentionedabove in corventionalPC
architecturesTherefore previous work on high performanceani-
mationsusingparallelsupercomputeifd 6] fall outsideof thescope
of thispaper Previousapproachesanbefurtherclassifiednto two

sub-catgories:methodghatcompressanddecompresthevolume
for animation[29], [9] andmethodshatadaptstaticdirectvolume
renderingstratgiesto time-resoled sequencesOur approactbe-
longsto this last group, andtherefore,we review its paperswith

moredepthin Section2.

The maincontritutionsof this paperare: (i) the analysisof the
suitability of a Run-LengthEncoding(RLE) of the voxels values
along time (TemporalRLE) insteadof in space,(ii) the use of
this encodingto predictchangesn the voxel valuesfrom frame
to frame, (iii) theproposabf aframe-to-frameoherentay casting
basedn this predictive capabilitythatallows to only castmodified
rays,and(iv) the proposalandcomparatiorof threedifferenttime
andspacdeapingmethodsalongtherecomputedays.

2 RELATED WORK

Theideaof taking profit of frame-to-framecoherenceo speed-up
renderingin time-varying scenesvas early introducedby Hubsh-
manandZucker[12]. Sincethen,mary frame-to-frameechniques
have beenproposedor non-wolumetricscenesn thecontext of vis-
ibility culling [4], [10] andglobalillumination [19],[11]. As men-
tionedabove, temporalcoherencéasalsobeenexploited for vol-
umescenesn the extractionof isosurficesfrom time-varyingvol-
umes([28],[24],[26], [3], aswell asfor Direct VolumeRendering
([33], [25],[27], [2], [5], [21], [32], [24], [1], [27],[14]). We next
suney the lastgroupof paperswhich arethe mostrelatedto our
work.

Yagel and Shi [33] proposea frame-to-framecoherentray-
castingthat storesin a C-Bufer the coordinatesf the first non-
transparentvoxel encounteredby the ray emittedat eachpixel. If
the light conditionsor the transferfunction changesn successie
frames theray samplingcanstartat this locationandskip the pre-
vious emptyvoxels. Moreover, the C-Bufer canbe re-usedf the
modelrotatedy reprojectingheintersectiorpoints. Actually, Wan
etal. [27] foundthatthe original point-basedeprojectionrmethod
cancreateartificial hole pixels, that canbe correctedusinga cell-
reprojectiorschemeBoth approachespeedip ray castingcompu-
tationswhenthe camereaor the transferfunctionchange However,
when the propertyvariesinside the voxels and the empty voxels
changealongtime, the C-Bufer mustbe recomputed.The repro-
jectiontechniquehasalsobeenusedto track pointsacrossframes
in orderto reducetemporalaliasing[20].

ShenandJohnsorf25] focuseonexploiting ray coherencevhen
the propertyvaluesinside the voxels changealong time andthe
cameraemainsstatic. Giventheinitial datasets,this methodcon-
structsa voxel modelfor the first frame and a setof incremental
modelsfor the successie frames,composedf the coordinateof
the modifiedvoxels andtheir values. The first frameis computed
from scratch.The next framesarecomputedy determiningwhich
pixels are affected by the modified voxels of the corresponding
incrementalffile, updatingthe voxel modelandrecastingonly the
modifiedrays. This stratgy produces significantspeed-upf the
animationf theincrementafilesaresmall,i.e.,thenumbermf mod-
ified voxelsis low. However, theincrementafiles do not keepthe
spatialorderingof the voxel models. Therefore the methodis not
suitableto visualizesub-model®r specificfeaturesn amodel.ln a
recentpaper Liao atal. [14] proposeanimprovementof this tech-
niqueconsistingof computingan additionaldifferentialfile, called
SOD(SecondOrderDifferentialfile) thatstoreghe changedixels
positions. At eachframe, the rays are either computedfollowing
Shenatal’s stratgy [25] or usingthe SOD, i.e. accessinglirectly
to the modifiedpixels, avoiding the costof projectionof the modi-

fied voxels.

Reinhardet al. [23] addresghe I/O bottleneckof time-varying
fields in the contet of ray-castingisosurfices. They proposeto
partition eachtime stepinto a numberof small files containinga
small rangeof iso-values. They usea multiprocessoarchitecture
suchthat,duringrenderingwhile oneprocessoreadshenext step
time, the otheronesrenderthe datacurrentlyin memory Their re-
sultsshav thatpartitioningdatais aneffective out-of-coresolution.

Ma etal. [17] explorethe useof a BON (Branch-On-Needdc-
tree[30] for time-varying data. The constructionof the tree con-
sistsof threesteps:quantizationof the volume, constructionof a
BON for every instantof time andmeiging of the subtreeghatare
identicalin successie BONs. This datastructureis renderedvith
ray-castingoy processinghe first BON completely andonly the
modifiedsubtreesf thefollowing BONs. To doso,anauxiliaryoc-
tree,calledthecompositingree is constructedsimilarto theBON,
thatstoresat eachnodethe partialimagecorrespondingo the sub-
tree. At successie frames,whena subtreechangesits sub-image
is recomputedand compositedat its parentlevel in the hierarchy
The TSPTempoal SpaceTree[24] is a spatialoctreethat storesat
eachnodea binarytreethatrepresentshe evolution of the subtree
throughtime. The TSP tree can also store partial sub-imagego
accelerateay-castingendering.It hasalsobeenusedto speed-up
texture-basedendering[5]. This structureis particularly suitable
for datasetén which mostof the volumeremainsalmoststaticand
only specificregionsvary throughtime. Otherwise thetreecanbe
highly subdvided andonly few partialimagescanbere-used.The
extensionof theseoctree-basethethodgo multimodalitywouldre-
quirethe datasets$o bealigned.In addition,the sub-imagesvould
hardlybere-usablesincethefusionof differentmodalitiesmustbe
doneatthesampldevel andnot at sub-images$n orderto presere
correctdepthintegration.

The sheatwarp techniqueproposedby Anagnostouet al. [1]
usesan incrementalRun-LengthEncoding(RLE) of the volume.
Wheneer a changeis detectedover time, the RLE is updatedby
properly insertingthe modified runsin the volume scan-line. In
addition, the volumeis processedy slabs,recomputingonly the
modifiedslabsandcompositinghemwith theunchangedlabs.

Finally, Lum etal’s approact15] is basedn hardwareassisted
texture mapping. The time-varying volume over a given spanof
time is compressedising the DiscreteCosineTransform(DCT).
Every samplewithin the spanis encodedas a singleindex. The
volumeis represente@s a setof 2D palettedtextures. The tex-
turesare decodedusing a time-varying palette. In orderto keep
a constanfframerate, the texture slicesre-encodingat the end of
eachtime-spanis interleaved. A parallelimplementationis also
described.

The stratgy proposedn this paperis basedon ray-casting.We
have choserthisrenderingmethodbecausé canbeeasilyadapted
to non-alignedmultimodal datasets.Our goal is to exploit spatial
andtemporakoherencén image-spacaswell asin object-spacen
orderto speedrendering.Spatialcoherencén image-spacallows
usto skip raysthat do not intersectthe volumeof interest,andin
object-spacdo avoid sampleghat are not relevant for rendering.
Similarly, we usetemporalcoherencén image-spacto skip pixels
thathaven't changedsincethe previousframe,andin object-space
to skip voxelsthathave keptthe samevalue.

Our approachsharesthe idea of Shenand Johnsong25] and
Liao atal [14] of re-castingonly modifiedrayswhenthe cameras
static.By oppositeto theirapproachwe useaglobalrepresentation
of thevoxel modelinsteadof anincrementamodelover time. This
avoidsupdatinghemodelateachframeandit allows usto dospace
leapingalongtherays. In addition,we useanimage-spacéuffer
thatavoidscomputingthe modifiedpixelsgiventhe setof modified
voxels. This buffer is somavhat similar to the C-Bufer proposed
by YagelandShi[33] and[27], but insteadof storingthe positions



of thefirst non-emptywoxels, it storesafitted samplingnterval and

the next instantin time at which the pixel shouldbe recomputed.

Thus,ourapproachs valid whenthe propertyvaluechangesn the
model,andthe positionof the first emptyvoxel alonga ray varies
alongtime. Neverthelesspur approactstill allows changingthe
viewpoint following the reprojectiontechniqueproposedn these
papers.In comparisorto the 4D octreeproposedn [17] andthe
TSPtreedescribedn [24], we usean object-spacdemporalRun-
LengthEncoded TRLE) model.However, our Run-LengthEncod-
ing differsfrom theclassicaRLE usedin staticvolumesfor shear

warpfactorizationf13] andfrom theincrementaRLE proposedn

[1] for time-varying data. Insteadof encodingvoxelsin spacepur
TRLE encodeshevoxelsthroughtime. For eachvoxel, it storesa
setof codescomposeddf the valueof the voxel andthe numberof

framesin which this valueremainsconstantFinally, asReinhartat
al. [23], we partitiondatain orderto reducethe /O bottleneck.n-

steadof partitioningfor instantof time, though,we subdvide data
bothin spaceandtime. Ourapproactemphasizethe useof spatial
andtemporalcoherencandit is suitablefor multimodalstudies.

3 OVERVIEW

Volumedatasetsre composedf emptyspaceandrelevant struc-
tures. Usually during dataexploration, not all the structuresare
renderedsimultaneouslyIn multimodalrenderingspecially users
rarely chooseto selectall the non-emptyvoxels of all the modali-
ties, becausaet is too muchvisualinformationto process.On the
contrary they typically preferto performvariousvisualizationsse-
lectingdifferentcombinationf propertyranged7]. In Section?,
we shav two examplesof this type of selection:the animationof
high SPECTvaluesmeigedwith MR brain and the animationof
ary SPECTvaluein theleft brain hemisphere Skippingnot only
emptybut alsonon-selectedoxels candrive to substantiatompu-
tationaltime savingsfor staticdataandmorewer for time-varying
ones.Fromnow on,we will call selectedsamplestheray samples
thatareinsidea selectedegion.

The goal of this paperis to proposea frame-to-framecoherent
strat@y suchthat,if the cameras staticduringanimationandthe
samplingrateis constantateachframe,only therayswhosecontri-
butionto theimagehaschangedn relationto thepreviousframeare
computed Moreover, emptyandnon-selectedamplesareskipped
alongtheserays. If the camerachangeghroughanimation there-
projectiontechniqueroposedn [33] andimprovedin [27] canstill
beusedin orderto skip emptyspace.

Thebasicideais illustratedin Figure2. A ray throughavolume
datasetis depictedat four instantsof time T; to Ty for a static
camera.The valuesof the traversedvoxels at eachinstantof time
are written inside them as integer values. For simplicity, in the
figure,therayis axis-alignecaindsampledatregularintenalsof one
sampleper voxel, but our algorithm supportsary ray orientation
and samplingrate. We considerthreetypesof voxels: (i) those,
colouredin white in thefigure, thatbelongto anemptyregion, (ii)
thosein blue, thatarenon-emptyandnon-selecte@nd (iii) those,
magentathat are selected. Let supposehat for every sampleat
Ty we know the next instantof time at which the samplevalue
changesln thefigure,considerindor clarity thatthepropertyvalue
is constaninsideeachvoxel, the next instantof changeof thefirst
sampleof theray is T3. It is T, for the secondsample T3 for the
third andso on. Then,when castingthe ray at T3, it is possible
to predicthow long will the contrikution of the ray to the image
remainconstant. For the ray, the pixel intensity computedat 7%
will remainconstantt 7, sincechangesn the selectedmagenta)
voxels occur after the maximumopacity is reachedat sample4.
Moreover, whentheray is castat T3, ray integrationdoesnot need
to startat thefirst voxel, but ratherat thefirst selectedroxel.

In general,let r be a ray castthroughthe volume, andlet s,

i opacity = 1
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Figure 2: Time-leaping: the same ray at four consecutive frames (7}
to T4) is shown. The value of the voxel is depicted as an integer. The
data values are classified into three sets: empty voxels in white, a non
selected region in blue and a selected region in magenta. Changes in
the white and blue regions are not taken into account to compute the
next instant of time. Changes in the magenta region (selected voxels)
between 77 and 75 occur after the maximum opacity is reached.
Therefore, tnext(T}) is set to T3. Instead, tnext(73) = T4 because
changes in voxels occur between these two frames before reaching
the maximum opacity.

s, ..., 8, bethe samplexomputedrront-To-Back(FTB) alongr

until the maximumopacityis reached Let tcur bethecurrentin-

stantof time. Only a subsebf the sampless; is renderedat tcur,

thosewhich belongto an non-emptyselectedegion. The sample
valueschangealong time, but the only changeshat are relevant
for renderingare thosethat affect the selectedregion, i.e. sam-
plesthatremainor enterin the selectedegion or at the contrary
becomenon-selected.Let tnext(s;,tcur) be the next instantof

relevantchange®f samples; from instanttcur. Let I(r,tcur) be
the contritution of ray r to theimageintensityattcur. We define
tnext(r,tcur) asthenext instantatwhich thecontritution of ray »

to theimagechanges:

Vt: teur < t < tnext(r,tcur): I(r,t) = I(r,tcur).

It is straightforvard that tnext(r, tcur) is the minimum of the
tnext(s;,teur),i = 1..k. Thereforeateveryinstantt, theonly the
raysthateffectively changei.e. thosesuchthattnext(r, tcur) =t.

In orderto implementhisidea,we encodehetime-varyingvol-
umeasaTemporaRun-LengthThisencodingallows usto quickly
computeatary timethenext instantof changeof ary voxel. Theal-
gorithmcomputegheframesincrementallyskippingthe pixelsthat
don't changeand castingthe modifiedraysonly. We have devel-
opedthreedifferentstratgiesfor the computatiorof the sampling
intenal alongraysin orderto skipasmuchaspossiblenon-releant



voxels. In addition, we have designedan out-of-corestratgy to
split the datasetsnto smallersetsthat allows us to handlelarge
datasets.

4 DATA STRUCTURES

TheT-Buffer is a buffer of the samesizeastherenderedmage that
storesfor every pixel the next frame at which the corresponding
colorof theimagebuffer is expectedo changelt is computedrom
scratchat the first frameandupdatedat successie framesonly at
the pixels whosevaluein the T-Buffer coincideswith the current
frame.

The Tempoal Run-Lengt{TRL) representationf the different
modalitiesstoresfor every voxel v; a sequencef codescomposed
of thevoxel valueandthe next frameat which this valuechanges:
codes(v;) = < valuey,tnexty >,k = 1...ncodes(v;). For each
modality a differentTRL is computed.

Thequeryfor thevalueof avoxel v; ata givenframet requires,
with this structure,a searchin codes(v;) of the codewhosetime
spancontainsframet. In orderto avoid this searchandaccessli-
rectly to the searcheaode,we addto the structurea pointerthatis
setto thefirst codeat the beginning of the sequencandthatis up-
datedto the currentcodeduringthetraversal. Thereforeassuming
thata simplebyteis sufiicient to storethe numberof framesof the
codesandthatthe pointerto the currentcodeis alsoa byte,theoc-
cupany in bytesof the TRL structurefor a modalitym occupying
nbm bytespervoxel of avoxel modelcomposedf nvy, voxelsis:

Occup(TRLy,) = ZZT (1 +ncodes(v;) * (nbm + 1))

Thisoccupang canbecomparedo theoccupang of theregular
voxel modelalongtime:

Occup(Voxel Modelm) = nvm * nfm * nbm, beingn fm the
numberof framesof modalitity m.

Wecall rocc theratiobetweertheoccupang of the TRL andthe
regularvoxel model:

_ Occup(TRL)

Toce = Occup(VozelModel)

This ratio hasa directrelationshipwith thetemporalcohereng
of the voxel model,sinceit dependon the numberof voxelsthat
change.As it is olbvious,the TRL cannotbe constructedn static
models,composedf oneframe, becauset would triplicate their
occupang. In the worstcase,for an animatedmodelall the vox-
els changeat every frame and, thus, the ratio of occupang is:

Toce = 1+ %,’Z?T“ more than 2 whenthe bytesper prop-
erty of modalitym is nb,, = 1. However, thisis lessthantheworst
caseof theincrementamodelproposedn [25] which canbe four
timesmoretheoriginal one.

Neverthelessasit will beshawvn in thetests,if thetemporalco-
hereng is high, this ratio canbe very small (lessthan0.13in the
rabbit dataset).In thesecasesthe TRL is a compressedepresen-
tationof thetemporalevolution of themodel.

The TRL is computedn a pre-processhatfirst loadsthe voxel
model correspondingo the first frame and initializes the list of
codesfor every voxel. Next, the voxel modelsat the following
framesareloadedone-by-oneandtraversed. For every voxel, the
valueof thecurrentcodein the TRL is comparedo thevalueof the
loadedvoxel model. If the two valuesare equal,the frame of the
currentcodeis updatedptherwisea new codeis constructedVari-
ationsof the propertyvaluesof emptyvoxelsarenot consideredor
thecreationof new codes.Thereforejf avoxel hasavariablevalue,
but emptythroughall the sequencet hasa uniquecode.This pre-
processindnasa costcompleity Costpp = O(nvm *nfm).

5 THEALGORITHMS

We have designedwo algorithmsbasedon thesedatastructures:
the emphframe-to-frameoherenbne,which computeneimage

afterthe other andthe simultaneousnethatcomputesall theim-
agesatthesametime.

5.1 Frame-to-framecoherent algorithm

This algorithmproceedssfollows. First, it setsthe pointerto the
currentcodeof every voxel to the first codeof the voxel. Next,

for every frame, it traversesthe T-Buffer and castsrays only at
the pixelswhosetnext valuein the T-Buffer is equalto the current
frame. Spatialcohereng is exploited with threedifferentspace-
leapingstratgjieswhoseefficiengy is testedn Section7. Thethree
strat@iesareillustratedin Figure3.

Voxel Model

/ i

Temporal Bounding Box

T-Buffer

/ N\t

SL2/SL3 ,

Figure 3: Space-leaping: The gray region represents the set of voxels
that have a relevant value at some frame of the sequence. The
temporal bounding box encloses this region. The intersection of
the ray with the temporal bounding box defines the space-leaping
interval of SL1 strategy. The intersection of the ray with the gray
region defines the sampling interval of SL2. Finally, the sampling
interval of SL3 is refined through time: at the first frame it is the
same as SL1 (SL3; = SL1), at the second frame, it is the same as
SL2 and after successive frames it diminishes to SL3,,

Space-L eaping 1 (SL 1): temporal bounding box

During the pre-proces®f constructionof the TRL, the bound-
ing box of the voxels that are non-emptyat someinstantduring
thetemporalsequencés computed Whentherenderingstarts the
samplingintenal of every ray is computedasits intersectionwith
the temporalboundingbox (seethe dot box in Figure3) . The
costof the pre-processings still O(nvy, ) but it increasesith a
comparisorpervoxel. However, the boundingbox s valid for ary
camergposition. This stratgy providesspace-leapingver empty
voxels,but it doesnot skip non-selectegoxels. Sincethetemporal
boundingbox is computedin the pre-processit cannottake into
accountusers queries.

For multimodalstudies the temporalboundingboxesare com-
putedseparatelyfor eachmodality Eachray is intersectedwith
theseboundingboxes. Thus, every pixel of the T-Buffer storesin-
steadof onesamplinginterval, a list of samplingintenals. Each
of theseintenals correspond$o a combinationof modalities.Dur-
ing theintegrationof aninterval, only the TRL of its modalitiesare
consulted.

Space-L eaping 2 (SL 2): temporal ray sampling intervals

The secondstratgly addsa view-dependenpreprocessinghat
computeghe samplinginterval of eachpixel of the T-Buffer asthe
position of the first and the last samplesalong the ray that have
a relevant value at someframe. This preprocessingonsistsof a
traversalof all thesamplesodedor everyray. It shouldbere-done



for any changen theviewpoint, but preciselybecausef that,it can
skip not only emptyvoxels but alsonon-selecte@nes. This strat-
egy hasahigherpre-processingostbut it providesa moreefficient
space-leapindor the successie frames. In multimodal datasets,
theseintenals arecomputedseparateljor eachmodalityandpro-
cessedn thesameway asSL1 stratayy.

Space-Leaping 3 (SL3): run-time adjustment of ray sam-
pling intervals

Thethird space-leapingtratgy computesay samplingntenals
asin the SL2 strat@y, but insteadof a perview pre-processt does
it duringtherenderingsampledraversal.Whene&er anon-releant
voxel is sampledalonga ray, its next relevant value is searched.
If the voxel is never relevantduring the sequenceits currentcode
is setto the last frame, independentlyfrom its possiblevariation
throughtime. Then,it is not processedn the successie frames.
The ray integration intenval is definedby the first and last non-
relevantvoxelsencounteredlongtherayin theprevious castingof
thatray. Thisintenal is refinedat eachframe. By oppositeto SL2,
this stratgyy doesnot requirea costly perray pre-process.Since
the intervals are successiely refined,the cost per frame tendsto
diminish. However, atthefirst frames this costcanbegreaterthan
in the SL2 stratgy. This s illustratedin Figure 3: the sampling
interval SL3 atthefirstinstant(SL3¢) is largerthanSL2, butit is
smallerthanSL2 atthen —th instant(S L35 ). Thismethodadapts
to multimodalityasthe previoustwo ones.

5.2 Simultaneousalgorithm

The simultaneousnethodis a processthat constructssimultane-
ouslyall the framesof the sequencelt is basedon the TRL of the
volume,butit doesnotrequirethe T-Buffer. It processeall therays
alongtime sequentially Every ray is castat thefirst frame. Then,
thecomputedpixel valueis copiedto all thefollowing framesuntil
the framein which a changein the ray integration hasbeenpre-
dicted.Then,therayis recasiatthis frameandanew predictionon
its next changeis done. During the ray integration,the next sam-
pling intenal alongthe ray is also computedin orderto provide
space-leapingThis intenval is definedby the position of the first
andlastrelevantvoxel atthenext changesimilarly to SL3 strateyy.

This type of renderingis not interactve, but it is usefulif the
sequenceanbegeneratedn batch.

6 OUT-OF-CORE RENDERING

Whenthe datasetsre larger thanthe main memory input/output
communicationbecomesghe bottleneckof rendering[6]. In the
context of our investigation, this is serious problem since our
datasetsre multimodalandvary in time. Eventhoughthe Run-
LengthEncodingcompressesfficiently themodelin time, thesize
of the modelsandthe numberof bytesper voxel even for a one-
frame datasemay be larger thanthe memory As shawn in [23],
subdviding the volume cansolwe this problem. In orderto over
comethel/O bottleneclkwhile keepingthe benefitsof theproposed
method,we subdvide the modelsinto blocks both in spaceand
time. First, long sequencearesubdvidedinto smallertime spans.
Next, the modelsare subdvided following the BON (Branch-On-
Need)octreestratgy [30]. The leaf nodesare the voxel model
blocks. The criterionto divide a nodeof the octreeis its memory
occupang. Thus,the moretemporalvariationof the voxelsinto a
node,the moresubdvidedit is. The octreehierarchyis usedonly
for the creation. Only leaf nodes(blocks)are storedin disk. The
files are labelledaccordingto the position of the blocksinto the
octreein orderto allow usasortediraversal. Thereforeduringren-
dering, the leaf nodesare processedrderly: readfrom disk and

Dataset size nb nf 74 Teoh  Toce
Fireball 100x100x100 1 10 052 052 0.61
Movingball 512x512x512 1 100 0.19 0.03 0.36
MR-Head 256x256x166 1 1 0.35 - -
SPECT 256x256x166 3 8 0.19 0.14 049
SRabbit  256x256x256 1 16 092 037 047
LRabbit 387x513x640 1 16 0.86 0.17 0.44
Table 1: Characteristics of the datasets: original size in num-

ber of voxels, original number of bytes per voxel (nb), number of
frames (nf), ratios of selection (r,¢;), coherency (r¢op) and occu-
pancy ('rocc)-

rendered.Theresultingsubimagesre composed-TB. For the si-

multaneousigorithm,eactblock of atime spanis storedn onefile

andreadonly once. For the frame-to-framealgorithm, the blocks
mustbe readfrom disk at eachframe. Therefore they arestored
into variousfiles, suchthatonly the currentcodesof the voxelsare
readfrom disk at a given frame. Besideshe capacityof handling
large datasetsthis stratey bringsthe advantageof improving time
andspacdeaping: if the pixels of the subimageof a block in the
main buffer have alreadyreachedhe maximumopacityat a given
frame,the block is skipped. Moreover, the block is renderecbnly

if atleastoneof the pixelsof its subimagechangestthatframe.

7 TESTS

7.1 Description

We have performedestson four differentdatasets:

o two phantormdatasetshathelpusto betterunderstandhebe-
haviour of thealgorithms,

¢ arealmultimodaldataseof thebraincomposeaf adynamic
SPECTandastaticMR.

e areal datasetcorrespondingo the temporalevolution of a
biomaterialimplantin a rabbitfemur at two differentspatial
resolutiongSRabbitandLRabbit).

The first phantomdatasefireball consistsof a sphereinitially
full of variablevoxel valuesthatfreezealongtime from theexternal
layersof the sphereto theinternalones.Oncealayeris freezedit
remainsconstanthroughtime. The secondohantomdatasetnulti-
ball is multimodal. It is composedf the fireball and the model
movingballcomposeaf aball of constantaluesmoving acrosghe
volume.Fourdifferentframesof thisanimatiorareshavn in Figure
4. The SPECTandMR datasetslepictedn theheadefigurel be-
long to the Whole Brain Atlas of the Harvard medicaldepartment.
Finally, the rabbitdataseshavn in Figure5 hasbeencapturedat
the EuropearSincrotronRadiationFacility (ESRF Beamld17).

In Table1, we shav the characteristicef the differentdatasets:
name size,numberof frames(nf), selectionratio (r;), temporal
coherenceatio (7., ), 0Occupang ratio (rocc). Theselectiorratio
r4e1 1S definedasthetotal numberof selectedroxel valuesdivided
by the numberof voxels multiplied by the numberof frames.The
temporakoherenceatior,,, is thenumberof codesof all thevox-
els, divided by the numberof voxels multiplied by the numberof
frames.Finally, asexplainedin Section3 the occupang ratio rocc
is thesizeof the RLE dividedby thesizeof theoriginal models.In
theMR datasetthesetwo lastparameterarenotdepictedbecause,
beingstatic,it is notrepresentedsa TRL.

Tables2 and 3 shav the resultsof two unimodalandtwo mul-
timodal testson the datasets. The resultscorrespondo execu-
tions on a Pentium-4at 3.06 GHz with 1G memoryanda Video



Method PP  Firstfr. nextfr. gain
BF-SL1 0.31 6.62 7.38 1
BF-SL2 253 351 429 0.61
Coh-SL1 0.31 6.52 274 043
Coh-SL2 253  3.50 220 0.36
Coh-SL3 0.48 7.15 185 0.33
Simul 0.47  0.99 099 0.14

Table 2: : Results of the tests on phantom data Fireball. PP is the
pre-processing cost, First fr. is the cost in seconds of the first frame,
next fr. is the average cost in seconds of the remaining frames, and
gain the performance of the method measured as the overall cost
of the animation in relation to its cost with the reference method
BF-SL1. Times are expressed in seconds and they correspond to a
800x800 image.

Method fireball multiball MR-SPECT SRabbit LRabbit
BF-SL1 1.0 1.0 1.0 1.0 1.0
BF-SL2 0.61 - 0.41 0.83 -
Coh-SL1 043 0.04 0.71 0.58 0.16
Coh-SL2  0.36 - 0.37 0.58 -
Coh-SL3  0.33 0.04 0.34 0.44 0.15
Simul 0.14 0.03 0.35 0.36 0.09

Table 3: : Results of the simulations on the different datasets. The
values shown express the ratio between the overall cost of the ani-
mation and its cost with BF-SL1.

CardNvidia FX5600.The proposednethodhasbeenimplemented
with thethreedifferentspace-leapingtratgiesandthe simultane-
ousmethod. They arelabeledin the tablesasCoh-SL1 Coh-SL2
Coh-SL3&andsimul respectrely. In orderto provide abetterunder
standingof the results,we have alsoimplementedhe brute-force
sequentialmethodthat simply processeshe volume frame after
framewithout temporalcoherence.This methodhasbeenimple-
mentedwith the two first space-leapingtratgies(SL1 andSL2).
They arelabeledin the tablesasBF-SL1 BF-SL2 Testson large
dataset$ave usedthe out-of-corestratgy which is incompatible
with the SL2 spacdeapingmethod.SpecificallyMultiball hasbeen
subdvidedinto 10 spansand8 blocks,while LRabbithasbeensub-
dividedin spaceonly, into 16 blocks.

Table2 shavstheresultsof thetestsof thefive methodnphan-
tom dataFireball Timesareexpressedn secondsandthegainis
computedas the total time of the animationdivided by the total
time of the animationwith the basicmethodBH-SL1 The higher
pre-processingmescorrespondo SL2 bothin the sequentiabnd
the coherenmethods.However, it is a third of the costof aframe
in BF-SL1. Thehighercostin the first frameoccursin Coh-SL3,
becauseét is whenmostof the space-leapininterval is computed.
Thelowestaveragecostof the next framesis in Coh-SL3,because
thespace-leapinmtenal is betterfitted. Thecostperframedimin-
ishesalongtimein Coh-SL3while it is almostconstantn theother
strat@ies.Space-leapin@L2 providesaconsiderablsaving in the
sequentiabndthe coherentstratgies. The more efficient method
is thesimultaneous.

Table3 shavstheresultsof thetestsof thefivemethodonall the
datasetsOnly the ratio of the methodin relationto the sequential
oneis shawvn. Fortheout-of-coreprocessingtheratioincludesboth
readingfrom disk and renderingtimes. All the testscorrespond
to imagesof 800x800. The costof readingfrom disk is smallin
relationto the costof rendering therefore the out-of-coreresults
follow the samepatternastheothers.

7.2 Results

In all the datasetghe occupang ratio of the TRL in relationto
theregularmodelis low. Therelative occupang of the TRL varies
betweerl2%and61%,dependingnthenumberf selected/oxels
thatchangealongtime. The costof constructiorof the TRL is low,
lessthanthelowestcostof renderingof oneframein thebestframe-
to-framecoherenstratey.

In all the tests,the four frame-to-framecoherentalgorithmsre-
duceconsiderablythe processingime of theanimationin compar
isonto the sequentiamethods.This is dueto the high numberof
raysthatareskipped because¢hey crossemptyor non-rel@antre-
gionsor becaus¢hey keepthesamevalueasin thepreviousframe.
Overall,thenumberof skippedraysrangesetweer60%and88%.

In generalthe simultaneousnethodhasthe betterperformance.
Thisis basicallydueto thefactthatit savesthe costof management
of the T-Buffer andthatthememoryaccesss moreefficientthanin
theothermethods Theperformancés muchbetterfor largemodel,
sincetheblocksarereadonly once.

Thecostof pre-processini space-leapin§L2is notvery high
in relationto the renderingcostper frame, betweenonethird and
onehalfthecostof renderingpf oneframein thesequentiamethod.
In fact,thesizeof theimagesaffectsthecostof thepre-procesdyut
globally, it doesnot have a visible influenceon the overall cost.
Thereforen the datasetshathave alot of emptyspace SL2 pro-
ducesconsiderabld¢ime savings evenfor alow numberof frames.
Thisis visible in the gainsof the sequentiamethodBF-SL2in re-
lationto BF-SL1andCoh-SL2in relationto Coh-SL1.

In mostcasesthe bestframe-to-framestrateyy is Coh-SL3.Al-
thoughthe first framecostis largerthanin the otherstratgies, it
benefit§rom theadaptve space-leapingndtheaveragecostof the
remainingframesis lower thanin othermethods.In fact, starting
fromthesecondrame,thespace-leapinmterval is atmostaslarge
asin SL2. In large datasetsvherethe out-of-corestratgy hasbeen
applied theratiosareevenbetterthanin thesmalldatasetsThisis
dueto thefactthatsomeblocksare prunedbeforeloadingbecause
of ray andtemporalcohereng.

8 CONCLUSIONS

The encodingof the volume through time as a Temporal Run-
Length provides an important compressionof the voxel model
while keepingits spatialorder In addition,it allows usto fastpre-
dict changesn voxel valuesalongtime. In this paper we have
shavn thatthis predictioncapabilitycanbe convenientlyexploited
in atime-varyingray casting. The TemporalRun-Lengthtogether
with atemporalbuffer andthreedifferentspace-leapingtratgies
provide importantsavingsin the computationatostof the anima-
tion. Themethodcanbeusedon smalldatasetshatfit into themain
memoryandit canbeadaptedo largedatasetsisingtheout-of-core
strat@y presentedh the paper

Severalnew researchine startfrom this work. First, we believe
that the TemporalRun-LengthEncodingof the volume could be
usedn otherdirectrenderingnethodsuchasaxisalignedsplatting
and 3D texture mapping. Next, the out-of-corestratgy could be
complementedvith memorybricking assuggesteth [8] and[22].
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Figure 4: Four sample frames of the animations of the multiball dataset.

Figure 5: The rabbit datasets: at top two frames of the 3D rendering, the leftmost one shows the full model, and the rightmost one is the
model clipped, showing the bioimplant; at bottom left a slice of the bone showing the bioimplant, at bottom right, three slices of the bioimplant
at different instants of time.



