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Abstract

In this paperwe presenta compressionechniquefor efficiently representingpoundary
objectsfrom volumetricdata-setsExploiting spatialcohereng within objectcontours,
we are ableto reducethe size of the volumetric boundarydown to the size of just a
few images Allowing for directvolumerenderingof the down-scaleddatain addition
to compressiomatiosup to 250:1,interactive volumevisualizationbecomegossible,
evenoverthelnternetandon alow-endPC.

Key words: volume visualization,boundaryrepresentationcompression)nternet-
basedvisualization interactive visualization

1 Intr oduction

One major challengeof visualizationin generalis to dealwith a whole lot of data.
Especiallyin volumevisualization,commondata-setsangebetweerseveralhundreds
of Kilobytes, at the minimum, up to Gigabytesof uncompressedize.In medicalvi-
sualization for example,volumetricdata-setof size 256° x 16 Bit, i.e., 32MBytesin
total, arequite usual.lf standardcompressiorike gzi p [7], for example,is applied,
data-setsisuallyshrinkto about30—60percentof the original size— still MBytes.

Processinfpugedata-setgself posetigh-performanceequirementsnthevisual-
izationsoftware but alsostorageandtransmissiomf volumetricdata-setgasilygetinto
bandwidthproblemsgspeciallyif multiple data-setsireto betreated Frommedicalap-
plications,for example,we know thatarchiing 3D data-setswhich accompaw diag-
nosisdata,significantlystressestoragedevicescurrentlyavailablein commonclinical
setups.

Even more critical, concerningthe size of volumetric data-setsand comparedo
storageproblems,is visualizationover the Internet.Web applicationslik e remotedi-
agnosisfor example,suffer from low transmissiorrates,even over local networks. In
generalgclient-sener solutionsin thefield of visualizationusuallyareclassifiedby the
point, at which the visualizationpipeline[8] is cutinto a sener-partanda client-part.
Doing mostof the visualizationjob at the client, for example,usually is referredto
beinga fat-clientsolution[10]. Thin clients,on the otherhand,just display resultsof
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the visualizationprocess hamelyimages,which entirely have beencomputedat the
sener beforehandThetrade-of betweenthin- andfat-clientsolutionsis drivenby the
fact,thatcuttingthevisualizationpipelineatanearlierstage(fat-clientsolution)allows
for moreflexibility attheclient’s side(without ary needto reloaddata).However, this
adwantages gainedat the expenseof large-sizedvolumetric)datato be downloaded,
wheneer necessaryinitial dowvnload, changego parameter®f the preprocess)Re-
spectvely, thin clientsdealwith smallerdata— just resultimages,for example— but
needto downloadnew data,wheneerary of the parametersvenjustviewing param-
eters,arechanged.

The applicability of the more flexible fat-client solutionto volume visualization
strongly dependson the effectivity of the compressiortechniquesusedfor transmis-
sion of the data-setL osslessompressioriechniques- generalpurposg7] aswell as
volumetric dataspecific[6] — usually achieve ratherlow compressiormratios (around
2), whichis not sufficientto significantlywidenthe bandwidthbottleneck Usinglossy
compressionl16,2,11] ratiosin the rangeof 5 to 50 canbe achiezed while maintain-
ing acceptablejuality of the visualizationresults.On the otherhand,medicalapplica-
tions, for example,prohibit changedo the accurag of the data,asinducedby lossy
compressiormethods Hierarchicalmethods ik e wavelet compressiorjl11] combine
adwantageof lossy andlosslesscompressionBy transmittingand consideringjust a
smallfractionof the coeficients(around5%) imagesof acceptablguality canbegen-
erated,datavaluesof the original volume can be reconstructedf all coeficientsare
consideredA useful property of wavelet compressiorand mary lossy compression
techniquesds the ability to rendercompressedlatadirectly, without prior expansion
anddecompression.

Polygonalrepresentationsf structureswithin thevolume(e.g.of iso-surfices)can
be usedto realizesolutionswhich arecompromisedetweena purethin andfat client
approachThevolumeis maintainedatthe sener, justthe polygonalmodelis transmit-
ted andrenderedhat the client. Changeof viewing parametersequirelocal rendering
only, justchangesffectingthe shapeof themodelrequirearecomputatioratthesener
andtransmissiorof surfacedataover the network. To reducethe bandwidthrequired
to transmitthe modelandto improve theinteractvity of renderingat low-endclients,
progressierefinementswell asfocusandcontet techniqueganbe used[5], trading
quality of representatiorfin lessrelevantregionsof the volume)for speed A combi-
nationof senersideandclient-sideapproaches$or directvolumerenderinghasbeen
presentedby Engeletal. [4]. They transmita sub-sampledolumeto the clientanduse
it for local renderingduring interactions.The original volume at the sener is usedto
createandtransmita high-qualityimagewheneer theinteractionis finished/paused.

Purethin-client solutionson the otherhand,allow to performvisualizationusing
low-endclientsmakingat the sametime shareduseof specialpurposehardwareatthe
sener (multiple CPUs,VolumePraboard[17] for example).

Oneapproachto determinethe effectivenessof compressiortechniquedor volu-
metric data-set@ndtheir suitability for Internet-basedisualizationis to comparethe
sizeof compressedolumesversughesizeof imagef thesamedata. Thiscomparison
is usefulasit directly correspondso thetrade-of betweerthin andfat-clientsolutions.
If sizesof compressedolume data-setsangein the samemagnitudeassizesof im-
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Fig. 1. Boundaryextraction,compressiomndvisualizationpipeline

agesthereof,and given the client to provide sufficient computationaperformancdo

carryoutmostof thevisualizationstepstself, thenfat-clientsolutionsbecomeeasible
evenvia thelnternet.In our casewe achiesze compressiomatessuchthat, givena 256>

data-setaswell as 5122 images(24Bits per pixel) in compressed|F-format, about
2-5imagesalreadyarebiggerin sizethanthe compressedolumedata-set.

2 The Basicldea

The effectivity of our approachis basedon the obsenation that for the vast major
ity of applicationsgspeciallyin medicalvisualization,volumetricdatais renderedoy
displayingeitheriso-surfices[13] or surface-like structuresdefinedby areasof high
gradientmagnitudg12]. In both casesthe resultof the visualizationis determinedy
contritutionsof justasmallfractionof all volumesamplesBYy justcodingthosevoxels
of anobject,whichactuallycontributeto its visualappearancehesizeof thedata-sets
greatlyreducedTherebyasmall-scaldoundaryrepresentationf volumetricobjectss
generatedqFig. 1, Sect.3). Compressiomnf theboundaryrepresentatiorwhich exploits
spatialcoherenceamongneighboringvoxels, producesan extremely compactobject
representatiorfSect.4) which is well-suitedfor network transmissionSect.5). The
information containedwithin this representatiomf objectsallows interactive render
ing at a clientwithout any dependeng on hardware-supportandwith moreflexibility
regardingvisualizationparametershanpolygonalsurfacerepresentationgSect.6).
Thefirst stepto obtainan efficient representationf boundedobjectswithin a vol-
umetric data-seis the identificationand extraction of voxels which contribute to the
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objects visual representationi,e., the boundaryof the object.In our case,boundary
voxels are datasampledocatedwithin the objectand have at leastone neighboring
voxel outsidethe object. The extractionprocesgyenerates separatdoundaryrepre-
sentatiorfor eachobjectwithin the volume.Usually 5-10%of all voxelsbelongto the
boundaryrepresentation.

Typically, gradientinformationis requiredto evaluatea shadingequationat each
voxel duringrenderinglt is moreefficientto precomputeroxel gradientgduringbound-
ary extractionthanto storeall datavaluesrequiredfor gradienttomputatioratboundary
voxelsatrenderingtime.

Within our representatiomf an object, voxels are groupedinto slicessharingthe
samez coordinatgSeeFig. 1). Within aslice,theboundaryoxelsform contoursof the
object—asetof connectedequencesf voxels.Exploiting spatialcoherencef thecon-
tour, the positionsof voxelswithin the slice areefficiently encodednto a compressed
datastreamVoxel gradientsarecompresseth the sameorderasthecorrespondingo-
sitions,usinga specialcompressiorschemeAdditional streamsf voxel attributes(=
datachannels)lik e datavalue,gradientmagnitude etc.,canbe optionally encodedn
a similar way. The outputof the compressiorstepis a boundaryrepresentatioof vol-
umetricobjects,typically compressedby a factorof 10—100comparedo the original
volume.

By transmittingthe datachannelsn a smartorder, for example,positiondatafirst,
gradientslast, a preview of the objectswith full spatialaccurag can be displayed
(Fig. 3) aftertransmittingjust a few Kilobytes of data(using estimatedgradientsfor
shading).

The decompresseboundaryrepresentatiomanbe renderedirectly [14, 9], with-
out prior reconstructionof a full-sized volume. Comparedwith a polygonal repre-
sentationof the boundarysurfaces,our approachpreseresthe full accurag of the
data-seat muchlower memorycost,allows interactve renderingon low-endhardware
andprovidesmoreflexibility with respecto renderingparametersTranspareny non-
photorealisticshadingandthe fusionwith truly volumetric objectsare easily possible
without performancelegradation.

3 Extraction of Boundary Voxels

In our approachwe eitherusetheiso-surbicemetaphotto specifyboundaryvoxels, or
useapredefinedandexplicit segmentatiomrmaskfor this purposeln thefirst casevox-
elswith a datavalue> iso-valueandat leastone26-connecteaeighborwith a value
smallerthantheiso-valueareconsideredo be partof the boundary This definitionre-
sultsin 6-connectedetsof boundarywoxels,a propertyusefulfor exploiting coherence
duringcompressionf thecontoursBoundarie®f objectsdefinedusingasegmentation
mask,canbe extractedin a similar way andalsoresultin 6-connectedetsof voxels.
Although bestcompressiorefficiency is achiezed for surface-like voxel sets, truly
volumetricobjectscanbeextractedandcompresseih thesameway. Thisis especially
usefulfor the visualizationof spatiallycomple structuresl|ik e vesselsn medicalan-
giographydata-set®r complex chaoticattractorsn thefield of dynamicalsystemg1].
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For the extractedvoxels, attributes(datachannels)ik e voxel position,datavalue,
gradientdirectionand magnitude and applicationspecificattributesare stored.When
only thedisplayof shadedsurfacess desired storingvoxel positionandgradientdirec-
tion is sufficient.

4 Data Compression

Individual objectswithin the volume are compressedeparatelyVoxels of eachob-
jectaregroupedinto slicesof voxelswith the samez coordinatewhich areprocessed
sequentiall(SeeFig. 1). To ensureeffectivity, differentdatachannelhave to be com-
pressedisingspecializeccompressiomethods.

4.1 Position Data Channel

Boundaryvoxels within a single z-slice form object contourswhich consistof face-
connectedvoxels (SeeFig. 2). Exploiting spatialcoherenceand connectvity, voxels
can be groupedinto “sequencéswhich spatially follow the object contour During
compressionthe slice is scannedor non-encodedioxels. Whenerer oneis found, a
new sequencés startedandthe positionof thevoxel (P,, P,) is stored.The sequence



is continued,by selectingand appendingone of the neighborvoxels at it's end. As
thecontourvoxelsareface-connecteghotentialcandidatesor continuatiorarelocated
at (P, + dz, Py) or (P,, P, + dy) with dz,dy beingrespectrely -1 or 1. Encoding
the selectionof one of the four neighborsas a successowould require2 Bits. If the
choiceis restrictedo two neighborsy usingconstanwaluesof dz anddy for awhole
sequencegachvoxel continuinga sequenceanbe specifiedby a singleBit, which de-
fineswhetherastepby dz or dy is used Althoughthis restrictionreducegheflexibility
andthustheaveragdengthof sequenceghecostpervoxel within asequencés cutby
half, outweightingthe disadwantageof shortersequences.

In casesvherea direct neighborof the trailing voxel of a sequencés presentput
cannot be reachedusingthe current(fixed) dz anddy values,a sequenceestartcan
be performed continuingthe sequencat this neighborwith a new valuefor dx or dy.
To realizethis, eachsequencés followedby a commandcodewhich specifiesvhether
the sequenceends,or restartswith a different steppingdirection. The presenceof a
restartcodeimplicitly definesthe position of the startvoxel of the new sequenceAs
the previous sequencéadto beterminatedno successorsf it's lastvoxel arepresent
in it's dz anddy direction.Oneof the remainingtwo neighborss the secondout last
voxel of the interruptedsequenceso the otherone necessarilys the startingvoxel of
thenew sequenceThenew valuesof dx anddy arederivedfrom dz anddy of theold
sequenceDependingon whetherthe last stepof the sequencevasdzx or dy eitherdxz
or dy is inverted.Althoughbeingmorerestrictive thanwith anexplicit specificatiorof
dx anddy, this stratayy still allows encodingof cyclic structureswith a singleposition
specificatiorandrestartcommandsithin a chain of sequences

For eachcombinationof dz anddy values,oneof the possiblesteppingdirections
is preferredwheneerbothwayscanbetaken. The preferencés choserin away, thata
clockwiseprocessingf closedobjectswill stayascloseto theouterborderaspossible.
For example,for dz = 1 anddy = 1 like in the first sequenc®f Fig. 2a, stepsby dz
arepreferred.

After thecreationof long sequencesisuallygroupsof shortsequencesr evennon-
connected/oxelsremain.Startinganewn sequencéor eachof thesevoxelsis expensve.
Usually mostof thesevoxels canbe encodedat a lower costby joining theminto se-
guencese-usingvoxels alreadyencodedearlierin the procesgFig. 2b). In generala
sequencédnasto be continued reusingalreadyencodedvoxels, if this allows to reach
non-encodedoxels at a costwhich is lower thana “sequencesnd” andthe startof a
new sequence.

As the scanfor non-encoded/oxels within a slice is performedin ascendinge
andy direction,usingdz = 1 anddy = 1 asa default steppingdirectionfor newvly
startedsequenceis usuallya goodsolution— voxelswith smallerz andy coordinates
comparedo the currentone arealreadyencodedn this case.In somecaseshowever,
keepingdz = 1 anddy = 1 asdefault directionstendsto generatea lot of short
sequencessequencdrashing”(Fig. 2b). Insteadt is betterto first searchH'backwards”
(usingdz = —1, dy = 1) andto startthenew sequenceaisingdz = 1 anddy = —1 at
thelastvoxel found (for reason®f simplicity no backwardscanwasperformedfor the
sequencesf Fig. 2a).At eachsequencstartl Bit is usedto store,whetherthedefault
steppingdirection(1, 1), or thedirectionof thebackwardscan(1, —1) is used.



For furthercompressionthe sequenceatais separatethto four streamsTheposi-
tion streamstoresstartingpositionsandsteppingdirections.Positionsarestoredusing
Huffmanencodedifferencesdetweersuccessie coordinatevalues(Typically 12 Bits
perstartingcode).Thelengthstreamstoresinformationaboutsequencéengths(Huff-
manencoded5 Bits persequence)The stepstreamstoresheinformationfor building
up sequencegl Bit pervoxel). As dx anddy stepstendto clusterdueto the presence
of a preferredsteppingdirection, this informationis run-lengthencodedusing again
Huffman encodingfor the run-lengths.The control streamis usedfor the sequence
controlinformation(end/restart] Bit persequence)As mary restartsatthe beginning
of encodinga slice arefollowed by shortsequencesollectingisolatedvoxelstowards
theendof encodingwhich leadsto clusteringof restartandendcommandstun-length
encodingcombinedwith Huffman encodingis also usedhere. Combiningall those
streamsanaverageof 2 Bits is requiredto encodethe positionof a singlevoxel.

Within all otherdatachannelsyoxelsareencodedn the sameorderastheir posi-
tion data.This orderingallows to exploit spatialcoherencavithin voxel sequencealso
for attribute encoding.For subsequenbccurrence®f re-encoded/oxels, no attribute
informationis stored.

4.2 Gradient Dir ection Channel

As afirst step,gradientvectorsare normalized transformedo polar coordinatesand
quantizedto 2x6Bits. This gradientrepresentatioms also usedby our renderingal-
gorithm for interactive shading.By exploiting spatial coherencewithin the encoded
streamof voxels the gradientinformationis reducedto 3—8Bit per voxel, depending
on the smoothnessf the boundary Both polar coordinatesare encodednto separate
streamsstoringdifferencesdetweencoordinate®f successie voxels. As mostof the
differencedataconsistsof sequencesf valuesin therangeof [—1, 1] which areocca-
sionally interruptedby larger valuesor clustersthereof,the encoderswitchesbetween
two differentcodingschemesThe first schemds usedto encodesequencesf differ-
encesn therangeof [—1, 1] using1Bit for 0 (mostcommon),2 and3Bits for -1 and1,
anda 3 Bit codeto switchto theotherencodingschemel argerdifferencesareencoded
usingHuffmancodingwith anextrasymbolto switchto theencodingschemdor small
values.A switchto the codefor smallvaluesis only performedto encodesufiiciently
long sequencesf smallvalues(costof switching).

The useof predictiontechniquedor estimatinggradientsandthe encodingof the
predictionerrorinsteadof encodinggradientdifferencesseemso promisegoodresults
at the first glance.Neverthelesstestsperformedusing linear regression[15] with a
diameterof 3 and5 for gradientestimation,indicatethat compressiomratesobtained
usingthis techniqueareworsethanour currentapproach.

4.3 Other Data Channels

Additional datachannels|ik e gradientmagnitude datavalue,etc.,arecompresseth
thesameorderasthe positionsof the voxelsto exploit spatialcohereng also.Huffman
encodingof differencesof successie valuesand additionalzl i b compressior{for
furtherreductionof uniform areas)s used.



8

5 Data Transmissionand Decompression

Thecompressedata-setonsistof two parts:aheaderwhich containsontrol-information
aboutthe objectsandtheir positionwithin the data,informationaboutadditionaldata
channelsand how to usethemfor rendering.The body containsvoxel positionsand
otherdatachanneldor all objects.Thedatawithin thebodyis arrangedn away which
allowsto obtainaview onthedataasearlyaspossibleduringloading.Objectsanddata
channelsvhicharemoresignificantfor thepresetisualizationmappingsrestoredand
transferrecearlierthanlesssignificantdata.Datachannelsare subdvided into blocks
of afew Kilobyteseach As soonasanentireblock hasarrived,it canbedecompressed
anddisplayedwhile the following datais arriving. This allows voxel datato be rapidly
updatedwithout having to wait for the arrival of the entire channel Finally, asgradi-
entinformationusually accountsor mostof the datato be transmitted(Seetable 1),
for boundaryobjectsalocally computedyradientapproximatior(linearregressior{15]
with afilter size of 5 while interpretingthe dataasa binary object) canbe displayed
beforethe original gradientdataarrives (SeeFig. 3). For inherentlybinary objects,
like basinsof attractionwithin the phasespaceof a dynamicalsystem[1] the locally
computedgradientscanentirely replacethe transmissiorof gradientssignificantlyde-
creasinghe amountof transmitteddata.

6 Rendering

In our testapplication tenderingof the datais performedby a Java appletatthe client.
A fastsheafwarp-basednethodpreviously describedy the Authors[14, 9] is usedand
extendedo provide moreflexible influenceof datachannelontheresultsof rendering.
The 12Bit gradientrepresentatioiis usedto directly index a look-uptable containing
shadinginformationfor interacte lighting (SeeFig. 4a). Using a shadingtablefilled
accordingto a non-photorealistishadingequation 3] andusingtheresultto modulate
voxel opacity interactize non-photorealisticenderingcanbe realized Using gradient-
basedshadingand an additional gradientmagnitudechannel,the classicalgradient-
modulatedransferfunctionsof Levoy [12] canberealized.Usingoneof theadditional
datachannelgcontainingdistanceénformation)to modulateeithercolor or opacity(See
Fig. 4b) thevisualizationof contactdbetweerobjectscanbeenhancedMore examples
areavailableat

http://bandvi z. cg. t uwi en. ac. at/ basi nvi z/ conpr essi on/

7 Results

Table 1 presentghe compressiorratesobtainedby applying our techniqueto a col-
lection of data-setdrom differentapplicationfields. The headand handdata-setsare
CT scanscontainingobjectstypical for medicalapplicationsBone and skin surfaces
extractedfrom the dataareusuallymadeup from 1-4%of all voxels.Using our com-
pressionschemethe boundarydatais compressedby a factor of 20-90comparedo
theoriginal volumewhencompressewvith gzi p. If gradientinformationis not stored
but approximatedat the client the compressiorfactorincreaseto 100—-270.The cost



data-set [volumesizgobj. voxels$Bit/pog Bit/grad|Bit/voxelfile(w/ograd.) ratio to gzippedvol.
head-bonf2562 * 158| 378k 2.0 7.0 9.0 430k(95k 1:22(1:97
head-skir|256> * 158| 231k 2.1 5.8 7.9  229k(60k 1:40(1:154
hand-bong2562 = 232 191k 2.5 7.8 103 246k(60k 1:45(1:186
hand-skin 2567 x 232| 170k 2.0 4.0 6.0 126k(41k 1:89(1:273
engine |256% x 110 298k 1.7 5.1 6.8  253k(64k 1:13(1:51
teapot | 256° 152k 1.7 3.4 5.1 80k(28k 1:4(1:11
attractor| 256° 769k 1.8 4.9 6.7 639k(170k =
basin 2563 292k 220 0.6 2.8)  104k(80k >

Table 1. Compressiorsuney. * Scalarvalue channelinsteadof gradients.™ The attractorand
basindata-sethave beenextractedfrom a volumewith a vectorof several scalarvaluesat each
voxel directly within the simulationapplication No volumetricrepresentatiowasavailable.

of compressingroxel positionswithin suchdata-setss relatively independenof the
surfaceshape2—2.5Bit/voxel. The costfor storing gradientsdependsn the smooth-
nessandcurvatureof the surfaceandvariesbetweert and8 Bit/voxel. For objectswith
artificial, “well-behaved” surfacedik e the CT scanof anengineblock or thevoxelized
teapot,bettercompressions achieved for both voxel positionand gradientdata. The
attractorandbasinof attractiondata,obtainedfrom a simulationof a dynamicalsys-
tem,is alsoeffectively compressed especiallyasthebasinboundaryis derivedfrom a
binaryclassificatiorof spaceandno gradientnformationhasto bestored-it canbere-
constructedrom the surfaceshapeat the client. Compressiorior eachof the examples
mentionedabove takes approximatelyone secondon a PIIl/733 PC. Decompression
timingsfor locally storeddataaresimilar onthesamePC.An appletwhichimplements
the techniquegescribedn this paperandall compressedata-setsliscussedndde-
pictedhereareavailableat

(htt p: // bandvi z. cg. t uwi en. ac. at/ basi nvi z/ conpr essi on/).

8 Conclusions

Many applicationsof volume visualizationrequirethe display of objectsboundaries.
Usingour compactvolumerepresentationjolumevisualizationbecomeseasibleeven
overthelnternetwhile still providing full spatialaccurag. Representingustthebound-
aryvoxelsof objectsreducesheamountof datato betransmittecbr storeddramatically
By exploiting known propertief theboundarwoxels(lik e spatialcoherencandinter-
voxel connectvity) the datais furthercompressedrlhe resultingdatarepresentatiois
smallerby afactorof 20-250thanthe volumecompresseavith gzi p. Thelocationof
voxelswithin thevolumeis compressedtery efficiently to about2 Bit/voxel. The com-
pressiorratesfor gradientdataarelower, in therangeof 3-8 Bit/voxel, asgradientdata
is derivative information comparedo the original data,containinglessspatialcoher
ence.Using a propergradientreconstructiorschemegradientscanbe estimatedrom
voxel positionsonly, allowing to displayobjectgust afterthewell-compresseg@osition
datahasarrived,insteadof waiting for theoriginal gradientinformation.The displayof
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the boundarydatacanbe performedin puresoftware (Java) at interactve framerates
withoutthe needfor arny hardwaresupport.
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(@) )

Fig. 3. Estimatedyradientqa) areusedfor shadinguntil theoriginal gradientdatahasarrived (b)

(b)

Fig. 4. a) By adjustingthevisualizationmappingsattheclienttheskin surfacehasbeenrendered
usinganon-photorealistitechniqueover the conventionallyshadedskull. b) A datachannekon-
tainingdistancenformationhasbeenusedto modulateopacityof the basinsurfaceto emphasize
area®f almost-contacbetweerthe surfaceandthe attractorcontainedwithin.



