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ABSTRACT

Thegoalof thispaperis theproposalandevaluationof aray-casting
strategy thattakesadvantageof thespatialandtemporalcoherence
in image-spaceaswell asin object-spacein orderto speedup ren-
dering.It is basedonadoublestructure:in image-space,atemporal
buffer thatstoresfor eachpixel thenext instantof timein whichthe
pixel must be recomputed,and in object-spacea TemporalRun-
LengthEncodingof thevoxel valuesthroughtime. Thealgorithm
skipsempty and unchangedpixels throughthreedifferent space-
leapingstrategies. It cancomputethe imagessequentiallyin time
or generatethemsimultaneouslyin batch. In addition,it canhan-
dle simultaneouslyseveraldatamodalities.Finally, anon-purpose
out-of-corestrategy is usedto handlelargedatasets.Thetestsper-
formedontwo medicaldatasetsandvariousphantomdatasetsshow
thattheproposedstrategy significantlyspeeds-uprendering.

CR Categories: I.3.3 [COMPUTER GRAPHICS]: Pic-
ture/Image Generation, Viewing Algorithms—; I.3.7 [COM-
PUTER GRAPHICS]: Three-DimensionalGraphics and Real-
ism - Visible line/surfacealgorithms,Ray Tracing—; I.4.8 [IM-
AGE PROCESSINGAND COMPUTERVISION]: Time-varying
imagery—;

Keywords: Time-varyingvolumedatasets.Direct volumerender-
ing. Ray-casting.Run-LengthEncoding.Temporalcoherence.

1 INTRODUCTION

The fastrenderingof volumedatathatevolve alongtime is today
oneof the major challengesof Visualization[18]. This work fo-
�
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cuseson biomedicalapplicationsin which we have identifiedtwo
major usesof renderingtime-varying datasets:(i) animationof
functionaldata,suchasSPECT, PETandfMR whichareinherently
dynamicand,(ii) analysisof theevolution of pathologies,suchas
bonefracturesor tumors,capturedwith CT, MR or MRA over a
largerperiodof time. In theformercase,thecaptureof thetempo-
ral sequenceof datais generallyrealizedin thesamesessionandit
guaranteesthe alignmentof the data. The numberof framesmay
vary between2 to 30 framesandthechangesfrom frameto frame
canbeimportantandspreadthroughthevolume.In thelattercase,
thereare typically fewer datasets.The dataarenot alignedfrom
frameto frameandthechangesarelocalizedin thespecificregion
of interestunderstudy. In both cases,renderingdataalong time
providesusefulinformationfor theexploration.However, because
of the largesizeof thedatasets,the animationis slow. Moreover,
many medicalstudiesrequiretheanalysisof severalmodalities,but
theinvolvedamountof datais aseriousdrawbackfor amultimodal
animation.

Differentstrategieshave beenproposedin the bibliographyfor
time-varying rendering. We hereinaddressDirect VolumeRen-
dering. Thus, existing work on extracting isosurfacesfrom tem-
poral sequencesof volume data for Indirect Volume Rendering
([28],[24],[26], [3]) fall out of thescopeof this paper. Direct vol-
umeanimationstrategiescanbeclassifiedinto twomaincategories:
one that treatsthe time-varying dataas a specialcaseof an n-D
model([2], [5], [21], [32]), andtheother, specificallydesignedfor
animation,thattreatsseparatelythetimedimensionfromthespatial
dimensions([33], [25], [24] [1], [29], [15]). Both strategiespro-
duceasequenceof framescorrespondingto thevolumeatdifferent
instantsof time. An alternative to this approachis theChronovol-
umesmethoddescribedin [31]. It consistsof integratingthe vol-
umethroughtimeandrenderingit with aconventionalray-casting.
Theresultingframerepresentstheevolutionof thevolumethrough
time.

The medicalapplicationsdescribedabove requirea frame-to-
frame analysisof the data rather than an integration over time.
Moreover, in theseanimations,the numberof framesis small in
comparisonto the numberof samplesof the datasets.Becauseof
this asymmetry, a 4-D representationis not convenient.Therefore,
theapproachfollowedin thispaperbelongsto themethodsthatsep-
aratetime from space.Our goal is to provide a strategy to reduce
the computationalcostof animationfor the biomedicalunimodal



andmultimodalapplicationsmentionedabove in conventionalPC
architectures.� Therefore,previouswork on high performanceani-
mationsusingparallelsupercomputers[16] fall outsideof thescope
of thispaper. Previousapproachescanbefurtherclassifiedinto two
sub-categories:methodsthatcompressanddecompressthevolume
for animation[29], [9] andmethodsthatadaptstaticdirectvolume
renderingstrategiesto time-resolvedsequences.Our approachbe-
longsto this last group,andtherefore,we review its paperswith
moredepthin Section2.

Themaincontributionsof this paperare: (i) theanalysisof the
suitability of a Run-LengthEncoding(RLE) of the voxels values
along time (TemporalRLE) insteadof in space,(ii) the use of
this encodingto predict changesin the voxel valuesfrom frame
to frame,(iii) theproposalof aframe-to-framecoherentraycasting
basedon thispredictivecapabilitythatallows to only castmodified
rays,and(iv) theproposalandcomparationof threedifferenttime
andspaceleapingmethodsalongtherecomputedrays.

2 RELATED WORK

Theideaof takingprofit of frame-to-framecoherenceto speed-up
renderingin time-varying sceneswasearly introducedby Hubsh-
manandZucker [12]. Sincethen,many frame-to-frametechniques
havebeenproposedfor non-volumetricscenesin thecontext of vis-
ibility culling [4], [10] andglobal illumination [19],[11]. As men-
tionedabove, temporalcoherencehasalsobeenexploited for vol-
umescenesin theextractionof isosurfacesfrom time-varyingvol-
umes([28],[24],[26], [3], aswell asfor Direct VolumeRendering
([33], [25],[17], [2], [5], [21], [32], [24], [1], [27],[14]). We next
survey the lastgroupof papers,which arethe mostrelatedto our
work.

Yagel and Shi [33] proposea frame-to-framecoherentray-
castingthat storesin a C-Buffer the coordinatesof the first non-
transparentvoxel encounteredby the ray emittedat eachpixel. If
the light conditionsor the transferfunction changesin successive
frames,theray samplingcanstartat this locationandskip thepre-
viousemptyvoxels. Moreover, the C-Buffer canbe re-usedif the
modelrotatesby reprojectingtheintersectionpoints.Actually, Wan
et al. [27] foundthat theoriginal point-basedreprojectionmethod
cancreateartificial holepixels, thatcanbecorrectedusinga cell-
reprojectionscheme.Bothapproachesspeedupraycastingcompu-
tationswhenthecameraor thetransferfunctionchange.However,
when the propertyvariesinside the voxels and the empty voxels
changealongtime, the C-Buffer mustbe recomputed.The repro-
jection techniquehasalsobeenusedto trackpointsacrossframes
in orderto reducetemporalaliasing[20].

ShenandJohnson[25] focusesonexploitingraycoherencewhen
the propertyvaluesinside the voxels changealong time and the
cameraremainsstatic.Giventheinitial datasets,this methodcon-
structsa voxel model for the first frameanda setof incremental
modelsfor thesuccessive frames,composedof the coordinatesof
the modifiedvoxelsandtheir values.Thefirst frameis computed
from scratch.Thenext framesarecomputedby determiningwhich
pixels are affectedby the modified voxels of the corresponding
incrementalfile, updatingthe voxel modelandrecastingonly the
modifiedrays.This strategy producesa significantspeed-upof the
animationif theincrementalfilesaresmall,i.e.,thenumberof mod-
ified voxels is low. However, theincrementalfiles do not keepthe
spatialorderingof thevoxel models.Therefore,themethodis not
suitableto visualizesub-modelsor specificfeaturesin amodel.In a
recentpaper, Liao at al. [14] proposeanimprovementof this tech-
niqueconsistingof computinganadditionaldifferentialfile, called
SOD(SecondOrderDifferentialfile) thatstoresthechangedpixels
positions. At eachframe,the raysareeithercomputedfollowing
Shenat al.’s strategy [25] or usingtheSOD,i.e. accessingdirectly
to themodifiedpixels,avoiding thecostof projectionof themodi-

fiedvoxels.
Reinhardet al. [23] addressthe I/O bottleneckof time-varying

fields in the context of ray-castingisosurfaces. They proposeto
partition eachtime stepinto a numberof small files containinga
small rangeof iso-values. They usea multiprocessorarchitecture
suchthat,duringrendering,while oneprocessorreadsthenext step
time, theotheronesrenderthedatacurrentlyin memory. Their re-
sultsshow thatpartitioningdatais aneffectiveout-of-coresolution.

Ma et al. [17] exploretheuseof a BON (Branch-On-Need)oc-
tree[30] for time-varying data. The constructionof the treecon-
sistsof threesteps:quantizationof the volume,constructionof a
BON for every instantof time andmerging of thesubtreesthatare
identicalin successive BONs. This datastructureis renderedwith
ray-castingby processingthe first BON completely, andonly the
modifiedsubtreesof thefollowing BONs.Todoso,anauxiliaryoc-
tree,calledthecompositingtree, is constructed,similarto theBON,
thatstoresat eachnodethepartialimagecorrespondingto thesub-
tree. At successive frames,whena subtreechanges,its sub-image
is recomputedandcompositedat its parentlevel in the hierarchy.
TheTSPTemporal SpaceTree[24] is a spatialoctreethatstoresat
eachnodea binarytreethatrepresentstheevolution of thesubtree
throughtime. The TSPtree can alsostorepartial sub-imagesto
accelerateray-castingrendering.It hasalsobeenusedto speed-up
texture-basedrendering[5]. This structureis particularlysuitable
for datasetsin whichmostof thevolumeremainsalmoststaticand
only specificregionsvary throughtime. Otherwise,thetreecanbe
highly subdividedandonly few partialimagescanbere-used.The
extensionof theseoctree-basedmethodsto multimodalitywouldre-
quirethedatasetsto bealigned.In addition,thesub-imageswould
hardlybere-usable,sincethefusionof differentmodalitiesmustbe
doneat thesamplelevel andnot at sub-imagesin orderto preserve
correctdepthintegration.

The shear-warp techniqueproposedby Anagnostouet al. [1]
usesan incrementalRun-LengthEncoding(RLE) of the volume.
Whenever a changeis detectedover time, the RLE is updatedby
properly insertingthe modified runs in the volume scan-line. In
addition, the volumeis processedby slabs,recomputingonly the
modifiedslabsandcompositingthemwith theunchangedslabs.

Finally, Lum et al’s approach[15] is basedonhardwareassisted
texture mapping. The time-varying volumeover a given spanof
time is compressedusing the DiscreteCosineTransform(DCT).
Every samplewithin the spanis encodedas a single index. The
volume is representedas a set of 2D palettedtextures. The tex-
turesare decodedusing a time-varying palette. In order to keep
a constantframerate, the texture slicesre-encodingat the endof
eachtime-spanis interleaved. A parallel implementationis also
described.

Thestrategy proposedin this paperis basedon ray-casting.We
havechosenthis renderingmethodbecauseit canbeeasilyadapted
to non-alignedmultimodaldatasets.Our goal is to exploit spatial
andtemporalcoherencein image-spaceaswell asin object-spacein
orderto speedrendering.Spatialcoherencein image-spaceallows
us to skip raysthat do not intersectthe volumeof interest,andin
object-spaceto avoid samplesthat arenot relevant for rendering.
Similarly, weusetemporalcoherencein image-spaceto skippixels
thathaven’t changedsincethepreviousframe,andin object-space
to skip voxelsthathavekeptthesamevalue.

Our approachsharesthe idea of Shenand Johnsons[25] and
Liao at al [14] of re-castingonly modifiedrayswhenthecamerais
static.By oppositeto theirapproach,weuseaglobalrepresentation
of thevoxel modelinsteadof anincrementalmodelover time. This
avoidsupdatingthemodelateachframeandit allowsusto dospace
leapingalongthe rays. In addition,we usean image-spacebuffer
thatavoidscomputingthemodifiedpixelsgiventhesetof modified
voxels. This buffer is somewhat similar to the C-Buffer proposed
by YagelandShi [33] and[27], but insteadof storingthepositions



of thefirst non-emptyvoxels,it storesafittedsamplinginterval and
the ne� xt instantin time at which the pixel shouldbe recomputed.
Thus,ourapproachis valid whenthepropertyvaluechangesin the
model,andthepositionof thefirst emptyvoxel alonga ray varies
along time. Nevertheless,our approachstill allows changingthe
viewpoint following the reprojectiontechniqueproposedin these
papers.In comparisonto the 4D octreeproposedin [17] andthe
TSPtreedescribedin [24], we useanobject-spaceTemporalRun-
LengthEncoded(TRLE) model.However, ourRun-LengthEncod-
ing differsfrom theclassicalRLE usedin staticvolumesfor shear-
warpfactorization[13] andfrom theincrementalRLE proposedin
[1] for time-varyingdata.Insteadof encodingvoxels in space,our
TRLE encodesthevoxels throughtime. For eachvoxel, it storesa
setof codescomposedof thevalueof thevoxel andthenumberof
framesin which thisvalueremainsconstant.Finally, asReinhartat
al. [23], wepartitiondatain orderto reducetheI/O bottleneck.In-
steadof partitioningfor instantof time, though,we subdivide data
bothin spaceandtime. Ourapproachemphasizestheuseof spatial
andtemporalcoherenceandit is suitablefor multimodalstudies.

3 OVERVIEW

Volumedatasetsarecomposedof emptyspaceandrelevant struc-
tures. Usually, during dataexploration,not all the structuresare
renderedsimultaneously. In multimodalrenderingspecially, users
rarelychooseto selectall thenon-emptyvoxelsof all themodali-
ties,becauseit is too muchvisual informationto process.On the
contrary, they typically preferto performvariousvisualizationsse-
lectingdifferentcombinationsof propertyranges[7]. In Section7,
we show two examplesof this typeof selection:the animationof
high SPECTvaluesmergedwith MR brain and the animationof
any SPECTvaluein the left brainhemisphere.Skippingnot only
emptybut alsonon-selectedvoxelscandrive to substantialcompu-
tationaltime savingsfor staticdataandmoreover for time-varying
ones.Fromnow on,we will call selectedsamples, theray samples
thatareinsideaselectedregion.

The goal of this paperis to proposea frame-to-framecoherent
strategy suchthat, if thecamerais staticduringanimationandthe
samplingrateis constant,ateachframe,only therayswhosecontri-
butionto theimagehaschangedin relationto thepreviousframeare
computed.Moreover, emptyandnon-selectedsamplesareskipped
alongtheserays. If thecamerachangesthroughanimation,there-
projectiontechniqueproposedin [33] andimprovedin [27] canstill
beusedin orderto skipemptyspace.

Thebasicideais illustratedin Figure2. A ray throughavolume
datasetis depictedat four instantsof time  
¡ to  �¢ for a static
camera.Thevaluesof the traversedvoxelsat eachinstantof time
are written inside them as integer values. For simplicity, in the
figure,therayisaxis-alignedandsampledatregularintervalsof one
sampleper voxel, but our algorithmsupportsany ray orientation
andsamplingrate. We considerthreetypesof voxels: (i) those,
colouredin white in thefigure,thatbelongto anemptyregion, (ii)
thosein blue, thatarenon-emptyandnon-selectedand(iii) those,
magenta,that areselected.Let supposethat for every sampleat 
¡ we know the next instantof time at which the samplevalue
changes.In thefigure,consideringfor clarity thatthepropertyvalue
is constantinsideeachvoxel, thenext instantof changeof thefirst
sampleof theray is  i£ . It is  i¤ for thesecondsample, i£ for the
third andso on. Then,whencastingthe ray at  
¡ , it is possible
to predicthow long will the contribution of the ray to the image
remainconstant. For the ray, the pixel intensitycomputedat   ¡
will remainconstantat   ¤ , sincechangesin theselected(magenta)
voxels occurafter the maximumopacity is reached,at sample4.
Moreover, whentheray is castat   £ , ray integrationdoesnotneed
to startat thefirst voxel, but ratherat thefirst selectedvoxel.

In general,let ¥ be a ray castthroughthe volume,and let ¦�¡ ,
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¦ ¤ , ..., ¦PÙ be thesamplescomputedFront-To-Back(FTB) along ¥
until themaximumopacityis reached.Let ÚyÛHÜ9¥ be thecurrentin-
stantof time. Only a subsetof thesamples¦[Ý is renderedat ÚyÛHÜ9¥ ,
thosewhich belongto an non-emptyselectedregion. The sample
valueschangealong time, but the only changesthat are relevant
for renderingare thosethat affect the selectedregion, i.e. sam-
plesthat remainor enterin the selectedregion or at the contrary,
becomenon-selected.Let ÚyÞVß[àKÚHá�¦[Ý²âvÚyÛHÜ9¥dã be the next instantof
relevantchangesof sample¦ Ý from instantÚyÛHÜ9¥ . Let ä7áv¥MâvÚyÛHÜ9¥dã be
thecontribution of ray ¥ to theimageintensityat ÚaÛ�Ü9¥ . We defineÚaÞiß[àKÚHáv¥MâvÚaÛ�Ü9¥dã asthenext instantatwhichthecontributionof ray ¥
to theimagechanges:å

t æ�ÚyÛHÜ9¥�ç�Ú�è�ÚaÞiß[àKÚpáv¥�âvÚaÛHÜK¥zãVæHä7áv¥MâvÚ'ã�éêä7áv¥MâvÚyÛHÜ9¥dã .
It is straightforward that ÚyÞißPàhÚpáv¥MâvÚyÛHÜ9¥dã is the minimum of theÚaÞiß[àKÚHá�¦ Ý âvÚyÛHÜ9¥dã�âSëhéíìMî�î ï . Therefore,atevery instantÚ , theonly the

raysthateffectively change,i.e. thosesuchthat ÚyÞVß[àKÚHáv¥MâvÚyÛHÜ9¥dãKéðÚ .
In orderto implementthis idea,weencodethetime-varyingvol-

umeasaTemporalRun-Length.Thisencodingallowsusto quickly
computeatany timethenext instantof changeof any voxel. Theal-
gorithmcomputestheframesincrementallyskippingthepixelsthat
don’t changeandcastingthe modifiedraysonly. We have devel-
opedthreedifferentstrategiesfor thecomputationof thesampling
interval alongraysin orderto skipasmuchaspossiblenon-relevant



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

4 DATA STRUCTURES

TheT-Buffer is abuffer of thesamesizeastherenderedimage,that
storesfor every pixel the next frameat which the corresponding
colorof theimagebuffer is expectedto change.It is computedfrom
scratchat the first frameandupdatedat successive framesonly at
the pixels whosevaluein the T-Buffer coincideswith the current
frame.

TheTemporal Run-Length(TRL) representationof thedifferent
modalitiesstoresfor every voxel ñdò a sequenceof codescomposed
of thevoxel valueandthenext frameat which this valuechanges:óHô�õoö�÷zø ñdò1ù�úüû|ñjý�þ�ÿ ö��������iö	���
���
��� ú�������� ��óHô�õoö�÷zø ñdò²ù . For each
modality, adifferentTRL is computed.

Thequeryfor thevalueof avoxel ñ ò atagivenframe � requires,
with this structure,a searchin óHô�õoöM÷zø ñMòaù of the codewhosetime
spancontainsframe � . In orderto avoid this searchandaccessdi-
rectly to thesearchedcode,weaddto thestructureapointerthat is
setto thefirst codeat thebeginningof thesequenceandthatis up-
datedto thecurrentcodeduringthetraversal.Therefore,assuming
thata simplebyteis sufficient to storethenumberof framesof the
codesandthatthepointerto thecurrentcodeis alsoabyte,theoc-
cupancy in bytesof theTRL structurefor a modality � occupying����� bytespervoxel of avoxel modelcomposedof � ñ � voxelsis:� ó�ó ÿ�� ø�� � ! � ùVú#"%$'&)(ò+*-, ø �/. �ió�ôMõoö�÷zø ñ ò ù10 ø���� � .2�[ù²ù

Thisoccupancy canbecomparedto theoccupancy of theregular
voxel modelalongtime:� ó�ó ÿ�� ø�3�ô4�7ö þ�5 ô�õoö þ � ù�ú � ñ � 0 �76	� 0 ����� , being �76	� the
numberof framesof modalitity � .

Wecall 849;:<: theratiobetweentheoccupancy of theTRL andthe
regularvoxel model:

8 9):<: ú = :<:?>4@BA+CEDGF�H= :<:?>4@BA�IJ9)K�L?M+NO9)PQL<M�H .This ratio hasa direct relationshipwith thetemporalcoherency
of the voxel model,sinceit dependson thenumberof voxels that
change.As it is obvious, theTRL cannotbeconstructedon static
models,composedof oneframe,becauseit would triplicate their
occupancy. In the worst case,for an animatedmodelall the vox-
els changeat every frame and, thus, the ratio of occupancy is:
849;:<:�úR�S. $1T (VU $1W (XU ,$�TY([Z)$1W\( , more than2 when the bytesper prop-
ertyof modality � is ��� � ú#� . However, this is lessthantheworst
caseof the incrementalmodelproposedin [25] which canbe four
timesmoretheoriginalone.

Nevertheless,asit will beshown in thetests,if thetemporalco-
herency is high, this ratio canbe very small (lessthan0.13 in the
rabbit dataset).In thesecases,theTRL is a compressedrepresen-
tationof thetemporalevolutionof themodel.

TheTRL is computedin a pre-processthatfirst loadsthevoxel
model correspondingto 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 theTRL is comparedto thevalueof the
loadedvoxel model. If the two valuesareequal,the frameof the
currentcodeis updated,otherwiseanew codeis constructed.Vari-
ationsof thepropertyvaluesof emptyvoxelsarenotconsideredfor
thecreationof new codes.Therefore,if avoxel hasavariablevalue,
but emptythroughall thesequence,it hasauniquecode.Thispre-
processinghasacostcomplexity ] ôz÷;�?^J^ ú � ø�� ñ � 0 �76 � ù .
5 THE ALGORITHMS

We have designedtwo algorithmsbasedon thesedatastructures:
theemphframe-to-framecoherentone,which computesoneimage

after theother, andthesimultaneousonethatcomputesall theim-
agesat thesametime.

5.1 Frame-to-frame coherent algorithm

This algorithmproceedsasfollows. First, it setsthepointerto the
currentcodeof every voxel to the first codeof the voxel. Next,
for every frame, it traversesthe T-Buffer and castsrays only at
thepixelswhosetnext valuein theT-Buffer is equalto thecurrent
frame. Spatialcoherency is exploited with threedifferentspace-
leapingstrategieswhoseefficiency is testedin Section7. Thethree
strategiesareillustratedin Figure3.
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Space-Leaping 1 (SL1): temporal bounding box

During the pre-processof constructionof the TRL, the bound-
ing box of the voxels that are non-emptyat someinstantduring
thetemporalsequenceis computed.Whentherenderingstarts,the
samplinginterval of every ray is computedasits intersectionwith
the temporalboundingbox (seethe dot box in Figure 3) . The
costof the pre-processingis still

� ø�� ñ � ù but it increaseswith a
comparisonpervoxel. However, theboundingbox is valid for any
cameraposition. This strategy providesspace-leapingover empty
voxels,but it doesnotskipnon-selectedvoxels.Sincethetemporal
boundingbox is computedin the pre-process,it cannottake into
accountuser’s queries.

For multimodalstudies,the temporalboundingboxesarecom-
putedseparatelyfor eachmodality. Eachray is intersectedwith
theseboundingboxes. Thus,every pixel of theT-Buffer storesin-
steadof onesamplinginterval, a list of samplingintervals. Each
of theseintervalscorrespondsto acombinationof modalities.Dur-
ing theintegrationof aninterval, only theTRL of its modalitiesare
consulted.

Space-Leaping 2 (SL2): temporal ray sampling intervals

The secondstrategy addsa view-dependentpreprocessingthat
computesthesamplinginterval of eachpixel of theT-Buffer asthe
position of the first and the last samplesalong the ray that have
a relevant valueat someframe. This preprocessingconsistsof a
traversalof all thesamplescodesfor everyray. It shouldbere-done



for any changein theviewpoint,but preciselybecauseof that,it can
skip not£ only emptyvoxelsbut alsonon-selectedones.This strat-
egy hasahigherpre-processingcostbut it providesamoreefficient
space-leapingfor the successive frames. In multimodaldatasets,
theseintervalsarecomputedseparatelyfor eachmodalityandpro-
cessedin thesamewayasSL1strategy.

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

Thethirdspace-leapingstrategycomputesraysamplingintervals
asin theSL2strategy, but insteadof aper-view pre-process,it does
it duringtherenderingsamplestraversal.Whenever anon-relevant
voxel is sampledalonga ray, its next relevant value is searched.
If thevoxel is never relevantduringthesequence,its currentcode
is set to the last frame, independentlyfrom its possiblevariation
throughtime. Then, it is not processedin the successive frames.
The ray integration interval is definedby the first and last non-
relevantvoxelsencounteredalongtheray in thepreviouscastingof
thatray. This interval is refinedat eachframe.By oppositeto SL2,
this strategy doesnot requirea costly per-ray pre-process.Since
the intervals aresuccessively refined,the costper frametendsto
diminish.However, at thefirst frames,thiscostcanbegreaterthan
in the SL2 strategy. This is illustratedin Figure3: the sampling
interval ¤G¥-¦ at thefirst instant( ¤S¥J¦B§ ) is largerthan ¤G¥-¨ , but it is
smallerthan ¤G¥f¨ atthe © ªz«?¬ instant( ¤S¥J¦�­ ). Thismethodadapts
to multimodalityastheprevioustwo ones.

5.2 Simultaneous algorithm

The simultaneousmethodis a processthat constructssimultane-
ouslyall theframesof thesequence.It is basedon theTRL of the
volume,but it doesnotrequiretheT-Buffer. It processesall therays
alongtime sequentially. Every ray is castat thefirst frame. Then,
thecomputedpixel valueis copiedto all thefollowing framesuntil
the frame in which a changein the ray integrationhasbeenpre-
dicted.Then,theray is recastat this frameandanew predictionon
its next changeis done. During the ray integration,the next sam-
pling interval along the ray is alsocomputedin order to provide
space-leaping.This interval is definedby the positionof the first
andlastrelevantvoxel at thenext change,similarly to SL3strategy.

This type of renderingis not interactive, but it is useful if the
sequencecanbegeneratedin batch.

6 OUT-OF-CORE RENDERING

Whenthe datasetsare larger thanthe main memory, input/output
communicationbecomesthe bottleneckof rendering[6]. In the
context of our investigation, this is seriousproblem since our
datasetsaremultimodalandvary in time. Even thoughthe Run-
LengthEncodingcompressesefficiently themodelin time,thesize
of the modelsandthe numberof bytesper voxel even for a one-
framedatasetmay be larger thanthe memory. As shown in [23],
subdividing the volumecansolve this problem. In orderto over-
cometheI/O bottleneckwhile keepingthebenefitsof theproposed
method,we subdivide the modelsinto blocks both in spaceand
time. First, long sequencesaresubdividedinto smallertime spans.
Next, the modelsaresubdivided following the BON (Branch-On-
Need)octreestrategy [30]. The leaf nodesare the voxel model
blocks. Thecriterion to divide a nodeof theoctreeis its memory
occupancy. Thus,themoretemporalvariationof thevoxels into a
node,themoresubdivided it is. Theoctreehierarchyis usedonly
for the creation.Only leaf nodes(blocks)arestoredin disk. The
files are labelledaccordingto the position of the blocks into the
octreein orderto allow usasortedtraversal.Therefore,duringren-
dering, the leaf nodesareprocessedorderly: readfrom disk and

Dataset size nb nf ®;¯�°?±²®)³Y´)µ ® ´
³Y³
Fireball 100x100x100 1 10 0.52 0.52 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 0.49
SRabbit 256x256x256 1 16 0.92 0.37 0.47
LRabbit 387x513x640 1 16 0.86 0.17 0.44
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rendered.TheresultingsubimagesarecomposedFTB. For thesi-
multaneousalgorithm,eachblockof atimespanis storedin onefile
andreadonly once. For the frame-to-framealgorithm,the blocks
mustbe readfrom disk at eachframe. Therefore,they arestored
into variousfiles,suchthatonly thecurrentcodesof thevoxelsare
readfrom disk at a given frame. Besidesthecapacityof handling
largedatasets,thisstrategy bringstheadvantageof improving time
andspaceleaping: if the pixels of the subimageof a block in the
mainbuffer have alreadyreachedthemaximumopacityat a given
frame,theblock is skipped.Moreover, theblock is renderedonly
if at leastoneof thepixelsof its subimagechangesat thatframe.

7 TESTS

7.1 Description

Wehaveperformedtestson four differentdatasets:

× two phantomdatasetsthathelpusto betterunderstandthebe-
haviour of thealgorithms,

× arealmultimodaldatasetof thebraincomposedof adynamic
SPECTandastaticMR.

× a real datasetcorrespondingto the temporalevolution of a
biomaterialimplant in a rabbit femurat two differentspatial
resolutions(SRabbitandLRabbit).

The first phantomdatasetfireball consistsof a sphereinitially
full of variablevoxel valuesthatfreezealongtimefrom theexternal
layersof thesphereto theinternalones.Oncea layeris freezed,it
remainsconstantthroughtime. Thesecondphantomdatasetmulti-
ball is multimodal. It is composedof the fireball and the model
movingballcomposedof aball of constantvaluesmovingacrossthe
volume.Fourdifferentframesof thisanimationareshown in Figure
4. TheSPECTandMR datasetsdepictedin theheaderFigure1 be-
long to theWholeBrain Atlas of theHarvardmedicaldepartment.
Finally, the rabbit datasetshown in Figure5 hasbeencapturedat
theEuropeanSincrotronRadiationFacility (ESRF, BeamId17).

In Table1, we show thecharacteristicsof thedifferentdatasets:
name,size,numberof frames(nf), selectionratio Ø�Ù4Ú
Û<ÜYÝ , temporal
coherenceratio Ø�Ù4Þ<ß)à�Ý , occupancy ratio Ø�Ù ß)Þ<Þ Ý . TheselectionratioÙ4Ú
Û?Ü is definedasthetotal numberof selectedvoxel valuesdivided
by thenumberof voxelsmultiplied by thenumberof frames.The
temporalcoherenceratio Ù4Þ<ß;à is thenumberof codesof all thevox-
els,divided by the numberof voxels multiplied by the numberof
frames.Finally, asexplainedin Section3 theoccupancy ratio Ù ß)Þ<Þ
is thesizeof theRLE dividedby thesizeof theoriginalmodels.In
theMR dataset,thesetwo lastparametersarenotdepictedbecause,
beingstatic,it is not representedasaTRL.

Tables2 and3 show the resultsof two unimodalandtwo mul-
timodal testson the datasets. The resultscorrespondto execu-
tions on a Pentium-4at 3.06 GHz with 1G memoryanda Video



Method PP First fr. next fr. gain
BF-SL1 0.31 6.62 7.38 1
BF-SL2 2.53 3.51 4.29 0.61
Coh-SL1 0.31 6.52 2.74 0.43
Coh-SL2 2.53 3.50 2.20 0.36
Coh-SL3 0.48 7.15 1.85 0.33

Simul 0.47 0.99 0.99 0.14
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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 0.43 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

á�â	ã	ä å 0�çfçSè1å
é<ê	ä ëvé-ì�í�ë�î;å�é�ý ñ�ê	ä â)ëYý ì�ï;éSì�ï�ë�î;å[ò�ý 11å�þ�å�ï)ë-ò4â)ë�â;é�å
ëvé\û¡áGî�å
�QâQä ê;å
é~é?î�ì
!Jï�å+*�ð;þ�å
éYéXë�î;å�þ+â)ëYý ì{ãQå<ë2!/å
å�ï�ë�î;å
ì���å;þ+âQä ä3�
ìQévëXì�í¡ë�î;å�â	ïQý ÿñXâ)ëYý ì�ï âQï�ò�ý ëvé4�
ìQé�ë5!Gý ë�î6#�$Qÿ�%'&7(�û

CardNvidia FX5600.Theproposedmethodhasbeenimplemented
with thethreedifferentspace-leapingstrategiesandthesimultane-
ousmethod.They arelabeledin the tablesasCoh-SL1, Coh-SL2,
Coh-SL3andsimul, respectively. In orderto provideabetterunder-
standingof the results,we have alsoimplementedthe brute-force
sequentialmethodthat simply processesthe volume frame after
framewithout temporalcoherence.This methodhasbeenimple-
mentedwith the two first space-leapingstrategies(SL1 andSL2).
They arelabeledin the tablesasBF-SL1, BF-SL2. Testson large
datasetshave usedthe out-of-corestrategy which is incompatible
with theSL2spaceleapingmethod.Specifically,Multiball hasbeen
subdividedinto 10spansand8 blocks,while LRabbithasbeensub-
dividedin spaceonly, into 16blocks.

Table2 showstheresultsof thetestsof thefivemethodsonphan-
tom dataFireball. Timesareexpressedin seconds,andthegain is
computedas the total time of the animationdivided by the total
time of theanimationwith thebasicmethodBH-SL1. Thehigher
pre-processingtimescorrespondto SL2 both in thesequentialand
thecoherentmethods.However, it is a third of thecostof a frame
in BF-SL1. Thehighercostin the first frameoccursin Coh-SL3,
becauseit is whenmostof thespace-leapinginterval is computed.
Thelowestaveragecostof thenext framesis in Coh-SL3,because
thespace-leapinginterval is betterfitted. Thecostperframedimin-
ishesalongtimein Coh-SL3,while it is almostconstantin theother
strategies.Space-leapingSL2providesaconsiderablesaving in the
sequentialandthe coherentstrategies. The moreefficient method
is thesimultaneous.

Table3showstheresultsof thetestsof thefivemethodsonall the
datasets.Only theratio of themethodin relationto thesequential
oneis shown. For theout-of-coreprocessing,theratioincludesboth
readingfrom disk and renderingtimes. All the testscorrespond
to imagesof 800x800. The costof readingfrom disk is small in
relationto the costof rendering,therefore,the out-of-coreresults
follow thesamepatternastheothers.

7.2 Results

In all the datasetsthe occupancy ratio of the TRL in relation to
theregularmodelis low. Therelativeoccupancy of theTRL varies
between12%and61%,dependingonthenumberof selectedvoxels
thatchangealongtime. Thecostof constructionof theTRL is low,
lessthanthelowestcostof renderingof oneframein thebestframe-
to-framecoherentstrategy.

In all the tests,the four frame-to-framecoherentalgorithmsre-
duceconsiderablytheprocessingtime of theanimationin compar-
ison to thesequentialmethods.This is dueto thehigh numberof
raysthatareskipped,becausethey crossemptyor non-relevant re-
gionsor becausethey keepthesamevalueasin thepreviousframe.
Overall, thenumberof skippedraysrangesbetween60%and88%.

In general,thesimultaneousmethodhasthebetterperformance.
Thisis basicallydueto thefactthatit savesthecostof management
of theT-Buffer andthatthememoryaccessis moreefficient thanin
theothermethods.Theperformanceis muchbetterfor largemodel,
sincetheblocksarereadonly once.

Thecostof pre-processingin space-leapingSL2 is notveryhigh
in relationto the renderingcostper frame,betweenonethird and
onehalf thecostof renderingof oneframein thesequentialmethod.
In fact,thesizeof theimagesaffectsthecostof thepre-process,but
globally, it doesnot have a visible influenceon the overall cost.
Therefore,in thedatasetsthathave a lot of emptyspace,SL2 pro-
ducesconsiderabletime savingseven for a low numberof frames.
This is visible in thegainsof thesequentialmethodBF-SL2in re-
lation to BF-SL1andCoh-SL2in relationto Coh-SL1.

In mostcases,thebestframe-to-framestrategy is Coh-SL3.Al-
thoughthe first framecost is larger thanin the otherstrategies,it
benefitsfrom theadaptivespace-leapingandtheaveragecostof the
remainingframesis lower thanin othermethods.In fact,starting
from thesecondframe,thespace-leapinginterval is atmostaslarge
asin SL2. In largedatasetswheretheout-of-corestrategy hasbeen
applied,theratiosareevenbetterthanin thesmalldatasets.This is
dueto thefactthatsomeblocksareprunedbeforeloadingbecause
of rayandtemporalcoherency.

8 CONCLUSIONS

The encodingof the volume through time as a TemporalRun-
Length provides an important compressionof the voxel model
while keepingits spatialorder. In addition,it allows usto fastpre-
dict changesin voxel valuesalong time. In this paper, we have
shown thatthis predictioncapabilitycanbeconvenientlyexploited
in a time-varyingray casting.TheTemporalRun-Lengthtogether
with a temporalbuffer andthreedifferentspace-leapingstrategies
provide importantsavings in thecomputationalcostof theanima-
tion. Themethodcanbeusedonsmalldatasetsthatfit into themain
memoryandit canbeadaptedto largedatasetsusingtheout-of-core
strategy presentedin thepaper.

Severalnew researchline startfrom this work. First,we believe
that the TemporalRun-LengthEncodingof the volume could be
usedin otherdirectrenderingmethodssuchasaxisalignedsplatting
and3D texture mapping. Next, the out-of-corestrategy could be
complementedwith memorybrickingassuggestedin [8] and[22].
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