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Abstract. In thispaperwepresentacompressiontechniquefor efficiently repre-
sentingboundaryobjectsfrom volumetricdata-sets.Exploitingspatialcoherency
within objectcontours,weareableto reducethesizeof thevolumetricboundary
down to the sizeof just a few images.Allowing for direct volumerenderingof
the down-scaleddatain addition to compressionratiosup to 250:1,interactive
volumevisualizationbecomespossible,even over the Internetandon low-end
hardware.

1 Intr oduction

One major challengeof visualizationin generalis to deal with a whole lot of data.
Especiallyin volumevisualization,commondata-setsrangebetweenseveralhundreds
of Kilobytes, at the minimum,up to Gigabytesof uncompressedsize.In medicalvi-
sualization,for example,volumetricdata-setsof size �������	��
�� Bit, i.e., 32MBytes in
total, arequite usual.If standardcompressionlike gzip [7], for example,is applied,
data-setsusuallyshrinkto about30–60percentof theoriginal size– still MBytes.

Processinghugedata-setsitself poseshigh-performancerequirementsonthevisual-
izationsoftware,butalsostorageandtransmissionof volumetricdata-setseasilygetinto
bandwidthproblems,especiallyif multipledata-setsareto betreated.Frommedicalap-
plications,for example,we know thatarchiving 3D data-sets,which accompany diag-
nosisdata,significantlystressesstoragedevicescurrentlyavailablein commonclinical
setups.

Even morecritical, concerningthe sizeof volumetricdata-sets,andcomparedto
storageproblems,is visualizationover the Internet.Web applicationslike remotedi-
agnosis,for example,suffer from low transmissionrates,evenover local networks.In
general,client-serversolutionsin thefield of visualizationusuallyareclassifiedby the
point, at which thevisualizationpipeline[8] is cut into a server-partanda client-part.
Doing most of the visualizationjob at the client, for example,usually is referredto
beinga fat-clientsolution[10]. Thin clients,on the otherhand,just displayresultsof
the visualizationprocess,namelyimages,which entirely have beencomputedat the
server beforehand.Thetrade-off betweenthin- andfat-clientsolutionsis drivenby the
fact,thatcuttingthevisualizationpipelineatanearlierstage(fat-clientsolution)allows
for moreflexibility at theclient’s side(without any needto reloaddata).However, this
advantageis gainedat theexpenseof large-sized(volumetric)datato bedownloaded,

http://www.eg.org
http://diglib.eg.org


whenever necessary(initial download,changesto parametersof the preprocess).Re-
spectively, thin clientsdealwith smallerdata– just result images,for example– but
needto downloadnew data,wheneverany of theparameters,evenjustviewing param-
eters,arechanged.

The applicability of the more flexible fat-client solution to volume visualization
stronglydependson the effectivity of the compressiontechniquesusedfor transmis-
sionof thedata-set.Losslesscompressiontechniques– generalpurpose[7] aswell as
volumetricdataspecific[6] – usually achieve ratherlow compressionratios (around
2), which is not sufficient to significantlywidenthebandwidthbottleneck.Usinglossy
compression[17,2,12] ratiosin the rangeof 5 to 50 canbe achievedwhile maintain-
ing acceptablequality of thevisualizationresults.On theotherhand,medicalapplica-
tions, for example,prohibit changesto the accuracy of the data,as inducedby lossy
compressionmethods.Hierarchicalmethods,like wavelet compression[12] combine
advantagesof lossyandlosslesscompression.By transmittingandconsideringjust a
smallfractionof thecoefficients(around5%) imagesof acceptablequalitycanbegen-
erated,datavaluesof the original volumecanbe reconstructedif all coefficientsare
considered.A useful propertyof wavelet compressionand many lossy compression
techniquesis the ability to rendercompresseddatadirectly, without prior expansion
anddecompression.

Polygonalrepresentationsof structureswithin thevolume(e.g.of iso-surfaces)can
beusedto realizesolutionswhich arecompromisesbetweena purethin andfat client
approach.Thevolumeis maintainedat theserver, just thepolygonalmodelis transmit-
ted andrenderedat the client. Changesof viewing parametersrequirelocal rendering
only, justchangesaffectingtheshapeof themodelrequirearecomputationat theserver
andtransmissionof surfacedataover the network. To reducethe bandwidthrequired
to transmitthe modelandto improve the interactivity of renderingat low-endclients,
progressiverefinementaswell asfocusandcontext techniquescanbeused[5], trading
quality of representation(in lessrelevant regionsof the volume)for speed.A combi-
nationof server-sideandclient-sideapproachesfor direct volumerenderinghasbeen
presentedby Engeletal. [4]. They transmitasub-sampledvolumeto theclientanduse
it for local renderingduring interactions.The original volumeat the server is usedto
createandtransmita high-qualityimagewhenever theinteractionis finished/paused.

Purethin-client solutionson the otherhand,allow to performvisualizationusing
low-endclientsmakingat thesametime shareduseof specialpurposehardwareat the
server (multiple CPUs,VolumeProboard[18] for example).

Oneapproachto determinethe effectivenessof compressiontechniquesfor volu-
metricdata-setsandtheir suitability for Internet-basedvisualizationis to comparethe
sizeof compressedvolumesversusthesizeof imagesof thesamedata.Thiscomparison
is usefulasit directlycorrespondsto thetrade-off betweenthin andfat-clientsolutions.
If sizesof compressedvolumedata-setsrangein the samemagnitudeassizesof im-
agesthereof,andgiven the client to provide sufficient computationalperformanceto
carryoutmostof thevisualizationstepsitself, thenfat-clientsolutionsbecomefeasible
evenvia theInternet.In ourcase,weachievecompressionratessuchthat,givena �
�����
data-setaswell as ��
��
� images(24Bits per pixel) in compressedGIF-format,about
2–5imagesalreadyarebiggerin sizethanthecompressedvolumedata-set.
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Fig.1. Boundaryextraction,compressionandvisualizationpipeline

2 The BasicIdea

The effectivity of our approachis basedon the observation that for the vast major-
ity of applications,especiallyin medicalvisualization,volumetricdatais renderedby
displayingeither iso-surfaces[14] or surface-like structuresdefinedby areasof high
gradientmagnitude[13]. In bothcases,theresultof thevisualizationis determinedby
contributionsof justasmallfractionof all volumesamples.By justcodingthosevoxels
of anobject,whichactuallycontributeto its visualappearance,thesizeof thedata-setis
greatlyreduced.Thereby,asmall-scaleboundaryrepresentationof volumetricobjectsis
generated(Fig. 1, Sect.3).Compressionof theboundaryrepresentation,whichexploits
spatialcoherenceamongneighboringvoxels, producesan extremelycompactobject
representation(Sect.4) which is well-suitedfor network transmission(Sect.5). The
informationcontainedwithin this representationof objectsallows interactive render-
ing at a client without any dependency on hardware-support,andwith moreflexibility
regardingvisualizationparametersthanpolygonalsurfacerepresentations(Sect.6).1

Thefirst stepto obtainanefficient representationof boundedobjectswithin a vol-
umetricdata-setis the identificationandextractionof voxels which contribute to the
object’s visual representation,i.e., the boundaryof the object.In our case,boundary
voxels are datasampleslocatedwithin the objectand have at leastone neighboring
voxel outsidethe object.The extractionprocessgeneratesa separateboundaryrepre-
sentationfor eachobjectwithin thevolume.Usually5–10%of all voxelsbelongto the
boundaryrepresentation.

Typically, gradientinformation is requiredto evaluatea shadingequationat each
voxelduringrendering.It is moreefficientto precomputevoxelgradientsduringbound-

1 A demonstrationappletis availablefrom
http://bandviz.cg.tuwien.ac.at/basinviz/compression/



aryextractionthanto storeall datavaluesrequiredfor gradientcomputationatboundary
voxelsat renderingtime.

Within our representationof an object,voxels aregroupedinto slicessharingthe
same� coordinate(SeeFig.1).Within aslice,theboundaryvoxelsform contoursof the
object– asetof connectedsequencesof voxels.Exploitingspatialcoherenceof thecon-
tour, thepositionsof voxelswithin thesliceareefficiently encodedinto a compressed
datastream.Voxel gradientsarecompressedin thesameorderasthecorrespondingpo-
sitions,usinga specialcompressionscheme.Additional streamsof voxel attributes(=
datachannels),like datavalue,gradientmagnitude,etc.,canbeoptionallyencodedin
a similar way. Theoutputof thecompressionstepis a boundaryrepresentationof vol-
umetricobjects,typically compressedby a factorof 10–100comparedto the original
volume.

By transmittingthedatachannelsin a smartorder, for example,positiondatafirst,
gradientslast,a preview of theobjectswith full spatialaccuracy canbedisplayed(ap-
pendix,Fig. 3) aftertransmittingjusta few Kilobytesof data(usingestimatedgradients
for shading).

Thedecompressedboundaryrepresentationcanberendereddirectly [15,9], with-
out prior reconstructionof a full-sized volume. Comparedwith a polygonal repre-
sentationof the boundarysurfaces,our approachpreserves the full accuracy of the
data-setat much lower memorycost,allows interactive renderingon low-end hard-
wareandprovidesmoreflexibility with respectto renderingparameters.Transparency,
non-photorealisticshadingandthe fusionwith truly volumetricobjects(which canbe
compressedusingthesamemethod)areeasilypossiblewithout performancedegrada-
tion.

3 Extraction of Boundary Voxels

In our approachwe either usethe iso-surfacemetaphorto specify boundaryvoxels,
or usea predefinedandexplicit segmentationmaskfor this purpose.In the first case,
voxels with a datavalue � iso-valueandat leastone26-connectedneighborwith a
valuesmallerthanthe iso-valueareconsideredto be part of the boundary. This defi-
nition resultsin 6-connectedsetsof boundaryvoxels,a propertyusefulfor exploiting
coherenceduring compressionof the contours.Boundariesof objectsdefinedusinga
segmentationmask,canbeextractedin asimilarwayandalsoresultin 6-connectedsets
of voxels.As voxel identificationaccountsonly for asmallpartof extractiontime (gra-
dientcomputationis mostexpensive),a simplesweepmethodis usedfor this purpose.
Theextractionof objectboundariesis performedduringan interactive volumevisual-
ization session.The resultingobject representationcanbe renderedimmediately, the
compressedboundarycanbestoredfor laterviewing andpresentationof visualization
results.

Althoughbestcompressionefficiency is achievedfor surface-like voxel sets,truly
volumetricobjectscanbeextractedandcompressedin thesameway. This is especially
usefulfor thevisualizationof spatiallycomplex structures,like vesselsin medicalan-
giographydata-setsor complex chaoticattractorsin thefield of dynamicalsystems[1].
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Fig.2. Encodingof voxel positions:slicescannedfrom top left to bottomright a) longsequences
andsequencecontinuationsb) re-encodingof voxelsandnon-default steppingdirectionto reduce
numberof sequencestartsandthuspositionspecifications

For theextractedvoxels,attributes(datachannels)like voxel position,datavalue,gra-
dientdirectionandmagnitude,andapplicationspecificattributesarestored.Whenonly
thedisplayof shadedsurfacesis desired,storingvoxel positionandgradientdirection
is sufficient.

4 Data Compression

Individual objectswithin the volume are compressedseparately. Voxels of eachob-
ject aregroupedinto slicesof voxelswith the same� coordinatewhich areprocessed
sequentially(SeeFig. 1). To ensureeffectivity, differentdatachannelshave to becom-
pressedusingspecializedcompressionmethods.

4.1 Position Data Channel

Boundaryvoxels within a single � -slice form object contourswhich consistof face-
connectedvoxels(SeeFig.2).Exploitingspatialcoherenceandconnectivity, voxelscan
be groupedinto “sequences” which spatiallyfollow the objectcontour. The approach
is similar to “chain coding” usedin binary image(text) compression[11] for contour
encoding.In contrastcontoursof 2D objects,theboundaryof a volumetricobjectmay
bethicker thana singlelayerof voxels,andthusrequiresa modifiedapproach.



Duringcompression,thesliceis scannedfor non-encodedvoxels.Wheneveroneis
found,a new sequenceis startedandthe positionof the voxel 8:9<;>=?9A@�B is stored.The
sequenceis continued,by selectingandappendingoneof the neighborvoxels at it’s
end.As the contourvoxels are face-connected,potentialcandidatesfor continuation
arelocatedat 8C9 ;�DFE�G =H9 @ B or 8C9 ; =H9 @IDJE
K B with E�G = E�K beingrespectively -1 or 1.
Encodingtheselectionof oneof thefour neighborsasasuccessorwouldrequire2Bits.
If the choiceis restrictedto two neighborsby usingconstantvaluesof E
G and E�K for
a whole sequence,eachvoxel continuinga sequencecanbe specifiedby a singleBit,
which defineswhethera stepby E�G or E
K is used.Althoughthis restrictionreducesthe
flexibility andthustheaveragelengthof sequences,thecostpervoxelwithin asequence
is cutby half, outweightingthedisadvantageof shortersequences.

In caseswherea directneighborof the trailing voxel of a sequenceis present,but
cannot be reachedusingthe current(fixed) E
G and E
K values,a sequencerestartcan
beperformed,continuingthesequenceat this neighborwith a new valuefor E�G or E�K .
To realizethis,eachsequenceis followedby a commandcodewhich specifieswhether
the sequenceends,or restartswith a different steppingdirection.The presenceof a
restartcodeimplicitly definesthe positionof the startvoxel of the new sequence.As
theprevioussequencehadto beterminated,no successorsof it’s lastvoxel arepresent
in it’s E
G and E
K direction.Oneof the remainingtwo neighborsis the secondbut last
voxel of the interruptedsequence,so theotheronenecessarilyis thestartingvoxel of
thenew sequence.Thenew valuesof E
G and E
K arederivedfrom E�G and E�K of theold
sequence.Dependingon whetherthe laststepof thesequencewas E�G or E�K either E
G
or E
K is inverted.Althoughbeingmorerestrictive thanwith anexplicit specificationofE
G and E�K , this strategy still allowsencodingof cyclic structureswith a singleposition
specificationandrestartcommandswithin achainof sequences.

For eachcombinationof E
G and E�K values,oneof thepossiblesteppingdirections
is preferred,wheneverbothwayscanbetaken.Thepreferenceis chosenin away, thata
clockwiseprocessingof closedobjectswill stayascloseto theouterborderaspossible.
For example,for E�GML 
 and E
KNL 
 like in thefirst sequenceof Fig. 2a,stepsby E
G
arepreferred.

After thecreationof longsequences,usuallygroupsof shortsequencesor evennon-
connectedvoxelsremain.Startinganew sequencefor eachof thesevoxelsis expensive.
Usually mostof thesevoxelscanbe encodedat a lower costby joining theminto se-
quencesre-usingvoxelsalreadyencodedearlierin theprocess(Fig. 2b). In general,a
sequencehasto be continued,reusingalreadyencodedvoxels, if this allows to reach
non-encodedvoxelsat a costwhich is lower thana “sequenceend” andthe startof a
new sequence.

As the scanfor non-encodedvoxels within a slice is performedin ascendingG
and K direction,using E
GOL 
 and E�KPL 
 asa default steppingdirectionfor newly
startedsequencesis usuallya goodsolution– voxelswith smaller G and K coordinates
comparedto thecurrentonearealreadyencodedin this case.In somecaseshowever,
keeping E
GQL 
 and E
KRL 
 as default directionstendsto generatea lot of short
sequences“sequencetrashing”(Fig. 2b). Insteadit is betterto first search“backwards”
(using E
GSLRT 
 , E�KUL 
 ) andto startthenew sequenceusing E
GSL 
 and E�KVLWT 
 at
thelastvoxel found(for reasonsof simplicity no backwardscanwasperformedfor the



sequencesof Fig. 2a).At eachsequencestart1 Bit is usedto store,whetherthedefault
steppingdirection 8X

=Y
ZB , or thedirectionof thebackwardscan 8[

= T 
�B is used.

For furthercompression,thesequencedatais separatedinto four streams.Theposi-
tion streamstoresstartingpositionsandsteppingdirections.Positionsarestoredusing
Huffmanencodeddifferencesbetweensuccessive coordinatevalues(Typically 12Bits
perstartingcode).The lengthstreamstoresinformationaboutsequencelengths(Huff-
manencoded,5Bits persequence).Thestepstreamstorestheinformationfor building
up sequences(1Bit pervoxel). As E
G and E�K stepstendto clusterdueto thepresence
of a preferredsteppingdirection,this informationis run-lengthencoded,usingagain
Huffman encodingfor the run-lengths.The control stream is usedfor the sequence
controlinformation(end/restart,1Bit persequence).As many restartsat thebeginning
of encodinga slicearefollowedby shortsequencescollectingisolatedvoxelstowards
theendof encoding,which leadsto clusteringof restartandendcommands,run-length
encodingcombinedwith Huffman encodingis also usedhere.Combiningall those
streams,anaverageof 2Bits is requiredto encodethepositionof a singlevoxel.

Within all otherdatachannels,voxelsareencodedin thesameorderastheir posi-
tion data.Thisorderingallowsto exploit spatialcoherencewithin voxel sequencesalso
for attribute encoding.For subsequentoccurrencesof re-encodedvoxels,no attribute
informationis stored.

4.2 Gradient Dir ectionChannel

As a first step,gradientvectorsarenormalized,transformedto polar coordinatesand
quantizedto 2x6Bits. This gradientrepresentationis also usedby our renderingal-
gorithm for interactive shading.By exploiting spatialcoherencewithin the encoded
streamof voxels the gradientinformation is reducedto 3–8Bit per voxel, depending
on the smoothnessof the boundary. Both polar coordinatesareencodedinto separate
streams,storingdifferencesbetweencoordinatesof successive voxels.As mostof the
differencedataconsistsof sequencesof valuesin therangeof \ T 

=Y
Y] which areocca-
sionally interruptedby largervaluesor clustersthereof,theencoderswitchesbetween
two differentcodingschemes.Thefirst schemeis usedto encodesequencesof differ-
encesin therangeof \ T 
�=Y
^] using1Bit for 0 (mostcommon),2 and3Bits for -1 and1,
anda3Bit codeto switchto theotherencodingscheme.Largerdifferencesareencoded
usingHuffmancodingwith anextrasymbolto switchto theencodingschemefor small
values.A switch to thecodefor small valuesis only performedto encodesufficiently
longsequencesof smallvalues(costof switching).

The useof predictiontechniquesfor estimatinggradientsandthe encodingof the
predictionerrorinsteadof encodinggradientdifferencesseemsto promisegoodresults
at the first glance.Nevertheless,testsperformedusing linear regression[16] with a
diameterof 3 and5 for gradientestimation,indicatethat compressionratesobtained
usingthis techniqueareworsethanourcurrentapproach.

4.3 Other Data Channels

Additional datachannels,like gradientmagnitude,datavalue,etc.,arecompressedin
thesameorderasthepositionsof thevoxelsto exploit spatialcoherency also.Huffman



encodingof differencesof successive valuesand additionalzlib compression(for
furtherreductionof uniformareas)is used.

5 Data Transmissionand Decompression

Thecompresseddata-setconsistsof two parts:a header, which containscontrol-infor-
mationabouttheobjectsandtheirpositionwithin thedata,informationaboutadditional
datachannelsandhow to usethemfor rendering.Thebodycontainsvoxelpositionsand
otherdatachannelsfor all objects.Thedatawithin thebodyis arrangedin awaywhich
allowsto obtainaview onthedataasearlyaspossibleduringloading.Objectsanddata
channelswhicharemoresignificantfor thepresetvisualizationmappingsarestoredand
transferredearlierthanlesssignificantdata.Datachannelsaresubdivided into blocks
of a few Kilobyteseach.As soonasanentireblockhasarrived,it canbedecompressed
anddisplayedwhile thefollowing datais arriving. This allowsvoxel datato berapidly
updated,without having to wait for thearrival of theentirechannel.Finally, asgradi-
ent informationusuallyaccountsfor mostof the datato be transmitted(Seetable1),
for boundaryobjectsa locally computedgradientapproximation(linearregression[16]
with afilter sizeof 5 while interpretingthedataasabinaryobject)canbedisplayedbe-
fore theoriginal gradientdataarrives(appendix,Fig. 3). For inherentlybinaryobjects,
like basinsof attractionwithin the phasespaceof a dynamicalsystem[1] the locally
computedgradientscanentirelyreplacethetransmissionof gradients,significantlyde-
creasingtheamountof transmitteddata.

6 Rendering

In our testapplication,tenderingof thedatais performedby a Java appletat theclient.
A fastshear-warp-basedmethodpreviouslydescribedby theAuthors[15,9] is usedand
extendedto providemoreflexible influenceof datachannelsontheresultsof rendering.
The12Bit gradientrepresentationis usedto directly index a look-up tablecontaining
shadinginformation for interactive lighting (appendix,Fig. 4a). Using a shadingta-
ble filled accordingto a non-photorealisticshadingequation[3] andusing the result
to modulatevoxel opacity, interactivenon-photorealisticrenderingcanberealized.Us-
ing gradient-basedshadingandanadditionalgradientmagnitudechannel,theclassical
gradient-modulatedtransferfunctionsof Levoy [13] canbe realized.Using oneaddi-
tionaldatachannel(containingdistanceinformation)to modulateeithercoloror opacity
(appendix,Fig. 4b) thevisualizationof contactsbetweenobjectscanbeenhanced.

7 Results

Table1 presentsthe compressionratesobtainedby applying our techniqueto a col-
lection of data-setsfrom differentapplicationfields.The headandhanddata-setsare
CT scanscontainingobjectstypical for medicalapplications.Boneandskin surfaces
extractedfrom thedataareusuallymadeup from 1–4%of all voxels.Usingour com-
pressionschemethe boundarydatais compressedby a factorof 20–90comparedto



data-set volumesizeobj. voxelsBit/posBit/grad Bit/voxelfile(w/ograd.) ratio to gzippedvol.
head-bone_�`�a�bdcfe^`Yg 378k 2.0 7.0 9.0 430k(95k) 1:22(1:97)
head-skin _�`�a�bdcfe^`Yg 231k 2.1 5.8 7.9 229k(60k) 1:40(1:154)
hand-bone_�`�a b cd_�h�_ 191k 2.5 7.8 10.3 246k(60k) 1:45(1:186)
hand-skin _�`�a�bdcd_�h�_ 170k 2.0 4.0 6.0 126k(41k) 1:89(1:273)

engine _�`�a�bdcfe�eji 298k 1.7 5.1 6.8 253k(64k) 1:13(1:51)
teapot _�`�a�k 152k 1.7 3.4 5.1 80k(28k) 1:4(1:11)

attractor _�`�a k 769k 1.8 4.9l 6.7 639k(170k) –lXl
basin _�`�a k 292k 2.2 0.6l 2.8 104k(80k) –lXl

Table 1. Compressionsurvey. l Scalarvaluechannelinsteadof gradients.lXl Theattractorand
basindata-setshave beenextractedfrom a volumewith a vectorof severalscalarvaluesat each
voxel directlywithin thesimulationapplication.No volumetricrepresentationwasavailable.

theoriginal volumewhencompressedwith gzip. If gradientinformationis not stored
but approximatedat the client the compressionfactorincreasesto 100–270.The cost
of compressingvoxel positionswithin suchdata-setsis relatively independentof the
surfaceshape2–2.5Bit/voxel. The cost for storinggradientsdependson the smooth-
nessandcurvatureof thesurfaceandvariesbetween4 and8Bit/voxel.For objectswith
artificial, “well-behaved” surfaceslike theCT scanof anengineblockor thevoxelized
teapot,bettercompressionis achievedfor bothvoxel positionandgradientdata.Theat-
tractorandbasinof attractiondata,obtainedfrom asimulationof adynamicalsystem,is
alsoeffectively compressed– especiallyasthebasinboundaryis derivedfrom abinary
classificationof spaceandno gradientinformationhasto be stored– it canbe recon-
structedfromthesurfaceshapeattheclient.Compressionfor eachof theexamplesmen-
tionedabovetakesapproximatelyonesecondonaPIII/733PC.Decompressiontimings
for locally storeddataaresimilaronthesamePC.An appletwhichimplementsthetech-
niquesdescribedin thispaperandall compresseddata-setsdiscussedanddepictedhere
areavailableathttp://bandviz.cg.tuwien.ac.at/basinviz/compression/.

8 Conclusions

Many applicationsof volumevisualizationrequirethe displayof objectsboundaries.
Usingourcompactvolumerepresentation,volumevisualizationbecomesfeasibleeven
overtheInternet,whilestill providingfull spatialaccuracy.Representingjustthebound-
aryvoxelsof objectsreducestheamountof datato betransmittedorstoreddramatically.
By exploitingknownpropertiesof theboundaryvoxels(likespatialcoherenceandinter-
voxel connectivity) thedatais furthercompressed.Theresultingdatarepresentationis
smallerby a factorof 20-250thanthevolumecompressedwith gzip. Thelocationof
voxelswithin thevolumeis compressedveryefficiently to about2 Bit/voxel. Thecom-
pressionratesfor gradientdataarelower, in therangeof 3-8Bit/voxel, asgradientdata
is derivative informationcomparedto the original data,containinglessspatialcoher-
ence.Usinga propergradientreconstructionscheme,gradientscanbeestimatedfrom
voxel positionsonly, allowing to displayobjectsjustafterthewell-compressedposition
datahasarrived,insteadof waiting for theoriginalgradientinformation.Thedisplayof



the boundarydatacanbe performedin puresoftware(Java) at interactive framerates
without theneedfor any hardwaresupport.
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(a) (b)

Fig.3. Estimatedgradients(a)areusedfor shadinguntil theoriginalgradientdatahasarrived(b)

(a) (b)

Fig.4. a)By adjustingthevisualizationmappingsat theclient theskinsurfacehasbeenrendered
usinganon-photorealistictechniqueover theconventionallyshadedskull. b) A datachannelcon-
tainingdistanceinformationhasbeenusedto modulateopacityof thebasinsurfaceto emphasize
areasof almost-contactbetweenthesurfaceandtheattractorcontainedwithin.


