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Abstract

This paperpresentsa novel interactiveapptoad to the problemof sggmentinghigh-resolutionvolumedata. The
segmentatiorprocessstartsby constructinga hierarchical graphrepresentatiorof a coarserresolutionof thedata
thatis smallenoughto t in thevideomemoryThisgraphenableauserto interactivelysampleandedit a featue
ofinterestby drawingstrokeson slicesof thedatawhile watching theimagesof the sgmentedrolume A subgiaph
representingthe volumetricfeature of interestis derivedwith a growing processand can be usedto extract the
high-resolutionversionof thefeatue fromtheoriginal volumedatathroughan automaticmappingandre nement
procedue performedasednthestatisticalpropertiesof thevoxelsnternalto thefeatue. Our hierarchical graph
representatiorandthe associateapermtionsovercometheambiguousoundaryconditionscalled partial volume
effectscausedby down-samplingand provide threelevelsof detailsto supportthe segmentationof ne featuses.
We demonstate with several exampleghe effectivenessf sud a highly interactive approac to challenging3D

se@gmentatiortasks.

1. Intr oduction

Modern 3D imaging techniquessuch as Computed To-

mograply (CT) usedin Non-destructie Testing (NDT)

can generatevery high resolution volume data, such as
2048 2048 1024voxelstakingover4GB of storagespace.
The large size of dataprovides more accurateinformation

aboutthesubjectof study but alsopresentgreatchallenges
to the associatedeaturesggmentation modelingand visu-

alization tasks.Most of the cornventional segmentational-

gorithms,suchasregion growing, are computationallyex-

pensve and thereforefail to offer desiredinteractvity on

large volume data. The commonly usedsurface extraction

methodssuchasmarchingcubeq LC87], andtherendering
methodssuchasdirectvolumerendering canalsobecome
problematicdueto thelarge sizeof volumedata.

In this paperwe presentininteractve segmentatiortech-
niquefor high-resolutionvolumedata.Interactvity is made
possibleby usinga graphrepresentatioof adown-sampled
versionof the data.The graphis hierarchicabecausesome
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of its nodesthat belongto one featurecanbe fusedinto a
higherlevel graphnodeto representhefeature;meanwhile,
thesenodescanalsobe usedto constructa lower-level but

high-resolutiorgraphfrom their correspondindpigh resolu-
tion region extractedfrom the original data.One problem
with down-samplingthe volume datais the partial volume
effectswhichintroducefuzzy boundariesiueto multiple ob-

jectscontrituting to oneboundaryoxel. In addition,dowvn-

samplingwill blur ne featuresandaddmoreambiguity Our

hierarchicalgraphrepresentatioandthe accompaying op-

erationscaneffectively addresshesetwo problems.

The usersggmentsa featureby interactively drawing on
the slicesof the down-sampleddataor original datawhile
previewing the imagesof the sggmentedvolume. A met-
ric is provided for the userto directa greedygrowing pro-
cesswhich startsfrom the seednodesselectedby the user
andresultsin a featuregraph.This subgraphandthe statis-
tical propertiesof the featureare usedto obtain the high-
resolutionversionof the featurefrom the original volume
datathrough an mappingand re nement procedure Fine
featuresnsideblurry regionsin dowvn-samplediatacanalso
be segmentedby partitioningthe high-resolutiorgraphcon-
structedfrom its correspondindnigh-resolutiorregion. The
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segmentedne featureghatbelongto abiggerfeaturearein-
corporatedwith otherpartsextractedwith the mappingand
re nementprocedurdo getthe nal results.

An MRI headdataset(Figure9 Left) andtwo NDT CT
datasets(Figure 9 Right and Figure 6 Left) were usedto
testour approachThe resultsshow that the featuresof in-
terestin thesethreedatasetscanbe correctlyandef ciently
segmented.

2. RelatedWork

Volume sggmentationpartitionsa 3D imageinto regionsin
eachof which the voxels sharesimilar characteristicsThe
segmentationtechniquescan roughly be divided into two
catgyories: hard sggmentationand soft or fuzzy segmenta-
tion. Soft sggmentatiorallows regionsor classego overlap
while hard sggmentationdoesnot [ YKO01]. Soft sgmenta-
tion is oftenusedto handlepartialvolumeeffectsin medical
imaging.

Oneapproactio the hardsegmentatiorproblemis graph-
based [SM0OQ [Wu93 [Boy01]. It representanimageas
a graphandemploys a graph-partitioningalgorithmto nd
aglobaloptimal solutionfor sggmentationThis methodas-
sumesthe imageis defect-freeand doesnot supportfuzzy
segmentation Furthermorelarge graphscanquickly deteri-
orateperformance.[Wu93 presentanimproved Gomory-
Hu algorithm [GH61] which usesone node to condense
graphnodesand edgesthat do not containminimum cuts,
and thereforereducesthe size of the graphand improves
the performance. [Boy01] introducesa supervisedyraph-
basedsegmentationwhich receves object or background
samplesandreuseghepreviousresultsto speedupthecom-
putation as more samplesare identi ed. However, perfor
mancas still anissuefor largeimagedata.Moreover, apost-
processingtepis oftenneededo getdesiredresultsdueto
over-sggmentatiorby graph-basedethods.

Comparingto hardsegmentationin which onevoxel can
only belongto one object, fuzzy segmentationcan handle
voxels that canbe part of morethanoneobject. For exam-
ple, a partial volume consistsof suchvoxels becausehey
areso closeto boundarythat multiple objectscontritute to
their values.One popularfuzzy segmentationalgorithmis
the fuzzy-C means[Dun74. It derives a degree of mem-
bershipof image elementsfor eachobject by minimizing
anobjective functionthatmeasureshe differencesetween
elements Another methodologyis to model the statistical
propertieof fuzzy regions.For example, [CHK91] models
thepartialvolumewith Markov RandonmField andseekghe
global optimal solutionwith Maximum a posteriori(MAP)
estimation.All thesemethodsare costly becauseof using
globaloptimization.

To improve segmentation performance,programmable
graphicshardware hasbeenusedin volume segmentation.
[TLMO3] classi esvolumedatawith ahardware-accelerated

neuralnetwork anda novel interface. [SHNO3 makesuse
of sophisticatedgraphicshardware functionality to enable
fastregion growing andinteractve visualization.Theseap-
proachesarelimited by the available video memoryof the
graphicshardware, hencedo not work well for large data
sets.

The increasingsize of volume data challengesvolume
segmentation.To handle large data sets, multi-resolution
techniqueshave beenstudied[LHJ99. [LLdBOO] usesan
octreeto smoothandorganizemulti-resolutiondatasets.The
initial sggmentationobtainedin low-resolutiondatais then
re ned by performing ltering and interpolationalongthe
tree until the highestresolutionlevel is reachedBut their
approaclemploys local-centroidclusteringl WS8§ without
connectity constraintsand doesnot considerpartial vol-
umeeffects,which cangeneraténaccuratesggmentatiorre-
sults.The octreerepresentatiomalsolacks e xibility to rep-
resenttomplicatedeatures.

Our approachrepresentslonn-sampledmagedatawith
a hierarchicalgraphwhich supportfuzzy sggmentatiorand
featurere nement. Insteadof using costly graph-cutalgo-
rithms,we emplgy agreedygrowing procesgo gaininterac-
tivity aswell astheopportunityto assiseinddirectthegrow-
ing with  ve featureediting operations Fine featurescan
be sggmentedwith high-resolutiorgraphsandjoin in a big-
ger featureby incorporatinginto otherhigh-resolutionfea-
tureswhich areobtainedoy mappingandre ning theblurry
low-resolutionboundarieso theoriginal ones We shav our
methodcaneffectively addresgartialvolumeeffectsandre-
sultin moreaccuratesggmentatiorof large volumedata.

3. Data Representation

The size of a large datasethampersinteractve rendering
andsegymentationin our approachalow-resolutionversion
of the datais generatedor previewing, aswell asprovid-

ing informative elementgor users interaction.Hereanin-

formative elementrefersto a subvolume which consistsof

connectedvoxels that likely belongto the samefeature.A

datasetis partitionedto mary subvolumesaccordingto a
criterionderivedfrom datastatistics We organizethesesub-
volumeswith a hierarchicalgraphto supportsubsequernin-

teractve sgmentatiorsteps.

3.1. Data Partition

Our datapartitionis basedon a bottom-upmerging process
which startsfrom a graphin which a voxel is a node,two
adjacentvoxels are connectedwith an edgeand the edge
weight equalsto the differenceof two voxel values.This
procesgonsistof two stepsFirst, all voxelsaregroupedo
initial subsolumeseachof which only containsvoxels con-
nectedby zeroedgesthatis, thosevoxels having the same
value. The initial graphwill be constructedwith theseini-
tial subvolumes.Secondthesesubvolumesaremegediter-
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Figure 1: A 2D exampleof datapartitioning and segmenta-
tion. (a) Two featuesS1land S2are partitionedto region A,

B andC; (b) thegraphof A, B andC; (c) theresultinggraph
of sgmentation.

atively basedbnameigefunctionwhich considersheglobal

statisticinformation of the dataaswell asthe local statis-
tic propertiesof two subvolumesunderstudy The statistical
propertiesof a subvolume,togetherwith its boundaryvox-

els,arecalculatedcandcachedn thesubvolume.Figurel (a)

givesanexamplein 2D caseThisdatacontaingwo features
butis partitionedinto A, B andC componentsA andC each
representadifferentfeaturewhile B is afuzzyregionwhich

canbepartof ary of thefeatures.

The meging procedurestarts from initial subvolumes
and stopswhen the meging conditionis not satis ed ary
more.A meigefunctionM canbede ned as:

Ny

k) = NatN N Na Np
M (a, b) = aNg b ( Na+aNb eq+ Na+bNb eo) + N: € €ap

wherea andb arethe two subvolumesunderconsideration,
Na and Ny, are their voxel numbersrespectiely, Ng is the
total homogeneousoxel numberin the dataset,ea ande,
aretheaverageedgeweightof a andb respectiely, ey is the
averageedgeweight of all edgesconnectinghomogeneous
voxelsin thedata,andeyy, is the edgeweightfor a andb.

Ng andeg are global variablesusedto re ect the image
datas homogeneitylf ey is lessthan1.0, meging doesnot
happenbecausehe datasetis very homogeneousOther
wise a new graphwill be generatecdy memging. To calcu-
late thesetwo variables,a gradientmagnitudethresholdis
selectedbasedon the gradientmagnitudehistogram.Those
voxels which hasgradientmagnitudedessthanthe thresh-
old arede ned ashomogeneousoxels. Ng andey arethen
computedrom thesevoxels.

The memge function considershoth the local and global
informationof thedataset.Whenit outputsa positive value,
the meiging happensOne subvolume can be meiged into
two differentsubvolumes,which canrelieve partial volume
effects.Figurel (c) illustratesanexample.Thememging step
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Figure 2: Threelevelsof detail basedonthegraph.

is aniterative procedureandterminatesvhennotwo subvol-
umessatis esthemeging condition.

3.2. Graph Representation

The subvolumesgeneratedy the data partition are orga-
nizedasa hierarchicalgraphto supportfuzzy segmentation,
featureediting andre nement. Eachsubvolumebecomes
graphnodeandanedgeis createdor every pair of adjacent
subvolumes.Theweightof the edgeequalgo the difference
of theaveragevoxel valuesof thesetwo subvolumes.

A threelevel graphcanbe constructedas shawvn in Fig-
ure 2. First, the low-resolutiongraphconsistsof the graph
nodesgeneratedrom the dovn-sampleddata. Second,a
groupof low-resolutiongraphnodesthat belongto a same
featurecan be clusteredinto a featurenode all of which
composethe featuregraph. Several featurenodescan also
be assemblednto onebiggerfeaturenodein this level. At
last, one setof low-resolutiongraphnodeswhich containa
ne featurecanbe usedto extracttheir correspondingnigh-
resolutiongraphnodeswhich male up the high-resolution
graph,in orderto sggmentthe ne featurewhich is dif -
cultwith thelow-resolutiongraph.Noticethatonly thehigh-
resolutiongraphof ne featuremeedto begeneratedsothe
graphsizeshouldnotbecomeoo large.

Figure3illustratesthedatastructureof agraphnode.The
node_data storesthe boundaryvoxels andthe statistical
propertief thesubvolume,while thegraph_node main-
tainsthe pointersto its parentnode,neighboringnodes off-
springnodes.

The datastructureof the graphnodeandthe threelevel
graphrepresentatiorsupportfeature segmentation editing
andre nementwell. Whensegymentinga feature thosesub-
volumeswhich satisfyan uniformity criterion areclustered
to form the features volume.Figure 1 (b) and(c) demon-
stratesa sggmentatiorprocedurébasedon the graph.When
editingafeaturejts graphnodesbecomeheoperationakn-
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Figure 3: Thedatastructure of a graphnode

tities, which canbe addeddeleted blocked, mergedor split
by drawing on sliceswithoutknowing theunderlininggraph.

Theconnectedjraphnodesdn differentlevel representlif-
ferentlevel of detail (LOD), asillustratedin Figure 2. De-
pendingon the featuresize, an appropriatedetail level is
selectedo obtainthe accuratesgmentation However, be-
causeof the large size of the high-resolutiondata,only the
low-resolutiongraphis generatedn preprocessingndused
asthe startpoint of sggmentationThe low-resolutionresult
canbe usedto con ne the region wherethe high-resolution
graphis constructedFeaturere nementthenis performed
basednthehigh-resolutiorgraphwith thesamewayto that
employedto sgmentthelow-resolutionfeature.

Comparingto other data structuressupporting LOD,
suchasoctree the hierarchicalgraphrepresentatiois con-
structedbasedon the featuresof interest.Eachgraphnode,
thatis a subvolume differentiatestself with its likelihood
of belongingto onefeature Fromthis viewpoint, the hierar
chicalgraphrepresentatiors featurecentric,which is more

e xible andintuitive for featuresegmentation.The statistic
propertiesand boundaryvoxels cashedn eachgraphnode
alsomalke this taskmoreef cient. However, it is morecom-
plex andneedsmorestoragespace.

4. Interacti ve Feature Segmentation

Featuresggmentationis performedbasedon the graphin-
troducedin the previous section.Figure 4 shows the steps
of the sggmentatiorprocessFirst,somegraphnodesarese-
lectedasseednodesby draving on a slice thenidentifying
thegraphnodeswhichintersecthestrokes.Next, theneigh-
boring nodesof the seednodesare evaluatedwith an uni-
formity functionto seehow likely eachof thembelongsto
thesamefeatureto theseedsBY thresholdingheuniformity
value,a featuregrowing processs performedstartingfrom
the seednodesandbringsall neighboringnodeswhoseuni-
formity valuesarebiggerthanthethresholdnto thefeature.

Both an automaticgrowing methodand a step-by-step
growing methodhave beendevelopedfor segmentingdiffer-
entkindsof regions.Theresultscanbe editedby modifying
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Figure4: Thestepsffeature extractionbasednthegraph.
Asshownin Figure 2, thegraphdatacontainsthreelevelsof
detailandthe volumedataincludesbothlow-resolutionand
high-resolutiondata.

thefeaturegraph,andpreviewed by renderingthe surfaces,
volumeandslice of thefeature.

After the low-resolutionfeatureis segmentedby grow-
ing andediting,anmappingandre nementoperationis per
formedto obtainthe high-resolutionfeature.Fine features
containedn blurry regionscanbe directly sgmentedwith
high-resolutiorgraphs.

Figure5 displaystheuserinterfaceof our systemTheleft
imagein Figure6 shavsthe NDT Box datawhich wascre-
atedto challengeour segmentationand visualizationcapa-
bility. Theright imagein Figure6 shavs the resultof using
a 2D transferfunction to isolatethe watchin the Box, but
theresultis not satishctory Figure 7 shavs the sgmented
resultof the watch usingour system,aswell asthe corre-
spondinginternalgraphrepresentationiNote that generally
the userdoesnot needto seeor interactwith the graph.But
whensegmentingvery comple featuresthe usercanoper
atedirectly onthegraphto getoptimalresults.

4.1. Uniformity Criterion

The featuregrowing relies on the uniformity value which
measureghe overlap of two subvolumes' histogramsas
well astheir edgeweight. Whentwo sulvolumesare less
homogeneoustheir histogramsmay have some overlaps.
Thebiggerthe overlap,the morelik ely the two subvolumes
belong to the same feature. But in some caseslike in
Figure 1, even thoughthe regions have differentiso-values
andtheir histogramshave no overlap,region B still belongs
to both A and C. To handlethis case,the edgeweight of
subvolumesis also taken into accountin the uniformity
function.Sotheuniformity functionU is de ned asfollows:

2 ha(i) . hy(i
Uab) = 3IRMLoMINCRE R+ 31 )

wherea andb arethe two subvolumesin evaluation,ha
andhy, arethe correspondindnistogramsn is the maximum



Figure 5: Thesysteninterfacein the middle of sggymenting
thewatch in the Box data set.(a) Top left: sampleand edit
the watch by drawing strokes on the low-resolutionslice:

adding nodeswith the red stroke; blocking nodeswith the
blue stroke; deleting nodeswith the cyan stroke; (b) Top
right: theboundingvoxelfacetsof the high-resolutionwatch

under sggmentation;the 3D window con nesthe region to

beedited,andits intersectionareaonthesliceis alsoshown
in (a); (c) Bottomleft: thehighresolutionslice of thewatd;

thewhite boundarylinesin (a), (b) and (c) depicttheinter-

sectionbetweerthe slice andthe boundingvoxelfacets;(d)

2D transferfunctionsusedto volumerenderthedata.

voxel valuein thedataset,MIN is a minimumfunction, Na
andNy arethe voxel numberof a andb respectiely, ey, is
theedgeweightfor a andb, andemax is the maximumedge
weightin the dataset.

Theuniformity valuehastherangebetweerzeroandone.
Thebiggerthevalue themorelik ely thenodebelonggo one
feature.

Wheneer seednodesare selectedthe uniformity values
of their neighboringnodesare calculated.The bottom left
window in Figure 5 shaws the sorteduniformity valuesof
the neighboringnodeswith line markers alongthe bottom
slider. The heightof a marker is proportionalto the voxel
numberof thecorrespondingnode.

4.2. Feature Growing and Editing

Two growing methodsincluding automatic growing and
step-by-stegrowing have beendevelopedto segmentdif-
ferentkinds of regions.A region which hasa sharpbound-

Figure6: Left: TheBoxrendeedwith hardware-acceleated
NPR.Right: Renderingpf thewatd in thedatausinga con-
ventionaltransferfunctionmethod.

Figure 7: Left: volumerenderingof the segmentedwvatd;
Right: its internal graph representationithe red balls rep-
resentthe featue graph nodessegmentedby red strokes,
feature growing and editing; the yellow balls representthe
neighboring nodesoutside the watc; the blue balls are
blocking graphnodesidenti ed with blue strokes.

ary canbe ef ciently segmentedby the automaticgrowing
method Wheneer a nodeis meigedinto theregion, theau-
tomaticgrowing bringsthenodes neighborsnto considera-
tion, andrecalculateshe uniformity valuesof all candidate
nodesThisprocedureas performedteratively until nonodes
can be meged into the region. The step-by-stemrowing,
only considerghedirectneighborof thosealready-innodes
at eachstep.The uniformity thresholdis alsorede nedfor
eachgrowing step.This way needsmoreinteractionbut is
betterto sggmenta region which hasa low contrastoound-
ary.

Thesetwo growing methodscanbe usedtogetherto seg-
menta feature First, the automaticgrowing is employedto
grow thosenodeswith largelik elihoodvalues Thenthestep-
by-stepgrowing is usedto grow fuzzy nodeswheresome
editing operationsmight be applied to avoid ill-growing
causedy down-sampling.

The uniformity thresholdusedin growing is de ned by
moving the bottomslider shavn in Figure 5(c). Wheneer
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the thresholdis de ned, the boundingfacetsof sggmented
voxelsaredepictedfor previewing in thetop right window.

The graph representatioralso facilitates editing opera-
tions including adding, deleting, blocking, meming, and
splitting nodes.Adding and deleting have beendiscussed
in section3.2. The blocking operationprevents overgron-
ing by explicitly de ning somenodeswhich areabsolutely
out of the feature.For example,two closebut separateb-
jectsmight becomeconnectediueto the partial volumeef-
fectsafterdown-samplingwhich cause®ver-sggmentation.
This situation can be avoided by de ning blocking graph
nodeswhich do not participatein the growing procedure.
Mergingis similarto thememingin preprocessintp reduce
the graphsize,or usesa featurenodeto replaceall its off-
springnodes.Splitting separatesne graphnodeto at least
two nodeswhichis usedto modify incorrectmeiging.

Generallythe graphis invisible to the userandthe edit-
ing operationsare applied to the graph accordingto the
users drawing on the slice with differenttypesof strolkes.
As shavn in Figure5(a), adding,deletingandblocking op-
erationsuse strokes with different colors. Figure 5(a) and
(c) illustratethe white intersectionlines of the slice andthe
boundingfacetsof the sggmentedvolume. This connection
effectively helpsuserlocatethe placeneededo beedited.

A 3D window asin Figure5(b) is alsoprovidedto con-
ne theregion eligible for featuresggmentatiorandediting.
For example theusercandeleteall featuregraphnodescon-
tainedin a 3D window, or only applygrowing within it. The
sizeandpositionof the 3D window canbe changedvia the
knobson the endof axes.Moreover, the 3D window is also
usedto de ne thegraphnodeswhich senesto the construc-
tion of high-resolutiorgraph.

4.3. Fine Feature Segmentation

Fine featuresare dif cult to segmentdirectly with down-

sampleddataandthe low-resolutiongraphbecausehey are
blurred.Dueto their smallsize,moredetailsfrom the origi-

nal dataareextractedwith a3D window andrepresentedsa
high-resolutiorgraph.Thegraphgeneratioris similarto the
datapartition describedn section3.1. The high-resolution
slice of this region asshawvn in Figure5(c) is alsoprovided
to facilitate featuresggmentationand editing asintroduced
in previoussection.

The segmentationresult obtainedwith a high-resolution
graphis partof the nal feature;thereforejt shouldbepre-
senedin lattermappingandre nementprocedureln addi-
tion, editing operationsappliedon a high-resolutiongraph
should updateits correspondingow-resolutiongraph ac-
cordingly andviseversa.

By growing and editing the graphof a feature,the low-
resolutionor hybrid resolutionfeaturecanbe segmentedn-
teractively. Thisfeatureis thenmappedo the original high-
resolutiondatato re ne blurry boundaries.

(a)

Figure 8: Mapping (a) A voxelin low-resolutionvolume
mapsto a voxel blod in high-resolutionvolume; (b) the
boundaryre nementprocedue

4.4. Mapping and Re nement

Sincethe high-resolutionsub-featureshould be presered,
the mappingandre nementonly receve the input of those
low-resolution graph not related to the sub-featureand
meigethe outputresultwith the sub-feature.

The mappingproceduremapsthe boundaryvoxels of a
low-resolutionfeatureto the original volumedata,andthen
re nes the fuzzy boundariego obtain the high-resolution
ones.Onevoxel in the low-resolutiondatacorrespondgo
avoxel blockwhosepositionandsizecanbecalculatedvith
thedown-samplerate,asillustratedin Figure8 (a).

A re nementmethodis emplgyed to obtainthe accurate
boundaryof the high-resolutionfeature.Figure 8 (b) gives
a 2D examplewhere(l) is a low-resolutionfeaturewhich
is mappedto its high-resolutionversionshavn in (I). The
re ned boundaryis depictedin (Ill) wherevl is included
but v2 is excluded.

The re nement processemplgys an in ation algorithm
to re ne candidatevoxels including all mappedboundary
blocksandall neighboringblocks obtainedby morpholog-
ically dilating the mappedboundaryblocks [Loh9g. The
in ation re nementgrowstheboundarwoxelsfrom theout-
mostinternalvoxels surroundedy the boundaryblocksto
the out-mostcandidatevoxel layer. The criterionusedin in-
ation is calculatedwith the averagevoxel valuev andthe
standarddeviation s of all internalblock voxels. Wheneer
avoxel of thenext layerhasavaluebetweerjv  as;v+ as],
the currentlayeris in ated to includethis voxel. a is a pa-
rameterde ned by userto controlthecriterion.

4.5. Feature Rendering

A se@mentedfeaturescan be depictedwith surface ren-
deringandhardware volumerenderingWhena segmenta-
tion is underway, the boundingfacetsof segmentedvox-
els arerenderedor previewing. More smoothsurfacescan
be obtainedwith a methoddescribedin [HMMWO3]. In
short, the boundaryis low-pass ltered to remove high
frequeny [RK82] and then the marching cubes method
is appliedto extract the features surfaces.The usercan
alsorenderthe volume of a featurewith 2D transferfunc-



tions[HMO3] [KD98] acceleratedby graphicshardware,as
shavn in Figure5(d).

5. Results

We presentthe test resultswith threedatasets.Oneis an
MRI headdatasetwhich containsatumoranddamagedis-
sueasshawn in theleft imageof Figure9. Eventhoughthis
datasethasonly 256 256 128voxels, it is usedto shaw
thatourtechniquewvorkswell for medicaldatatoo. A down-
sampledvolumewith thesizeof 64 64 32is usedto gen-

eratethe datagraph.Thepreprocessintakes5.14seconds. Figure 9: Left: the headtumor: Right: the Maglight.

The othertwo datasetswere createdby the nondestruc-
tive testinggroup at the Los Alamos National Laboratory
to testthe new visualizationtechniquesve have developed.
The rst onewhich we call the Box has1024 1024 512
voxels,asalreadyshovn in theleft imageof Figure6. A va-
riety of objectswereputinto asmallboxwhichwasscanned
to producethevolumedata.ln our study the volumedatais
down-sampledo 256 256 128to generateéhedatagraph.
Thepreprocessintakesonly 14.2seconds.

ThesecondNDT datasetis thescanof a ash light, called
Maglight, with 512 512 2048 voxels. This datasetcon-
tainsa lot of mechanicatomponentsWe down-sampledt
t0128 128 512.Thepreprocessingpkes51.73seconds. Surfacerenderingof thetumor, anda high-resolutiorslice.

Figure10 shovsthetumoranddamagedraintissueseg-
mentedfrom the MRI headdatawith our method.The in-
tersectionlines of the slice and the boundingvoxel facets
reveal the accuray of the results.For the Box dataset,the
watchwhich containsalot of ne featureson thewristband
is sgmentedusingour approactandshavn in Figure7. We
notice that the partsbetweenthe wristbandand the watch
have somedamageswhich is proved by the right imagein
Figure®6.

Figure 11 shaws the sggmentedcomponent®of the ash
light. Eachcomponenshareduzzy boundariesvith atleast
onecomponentOur approactcanovercomethe partialvol- Thedamagéraintissuevolumeanda high-resolutiorslice.
umeeffectsthereforao disassembléhesesmallcomponents
successfully

In our experiments,the feature graph can be obtained
interactively from secondgo several minutes.The time is
comparableto the parameterselectionin someother sey-
mentationmethodssuch as region growing. Table 1 com-
paresthe performanceof the featuregrowing plusthe map-
ping to the performanceof the region growing which are
directly appliedon the sgmentedfeaturevolume obtained
with our methodin orderto remove the affectsof criterion
selectionThetiming numbersf featuregrowing arealways
sub-secondthereforethe processs highly interactve. The yjo|ymerenderingof the tumor, damagaissueandtherestof the brain.
numbersalso shav that our methodis fasterthan the re-
gion growing methodwith 3.14timesfor the damagédissue,
3.97timesfor thewatch,8.95timesfor thetumor, and50.03 Figure 10: Thetumorand damagedbrain tissuein the MRI
timesfor theeggin the Box. Thelargerthefeature themore headdata.
speedupanbeachieved.



Table 1: Performanceesults

Approach Region Growing | Graph-basetethod
Feature time(sec.) growing | mapping
tumor 0.2327 0.002 0.024
damagedissue | 2.5658 0.03 0.787
watch 4.3712 0.048 1.052
€gg 439.3253 0.112 8.659

6. Conclusions

We have presented new approachio theproblemof interac-
tive datasegmentationspeciallyfor large volumedata.Our
approachusesdown-sampledvolumeto constructa hierar
chical graphwhich supportsthreelevels of detailsin order
to segmenthigh-resolutionfeatures.Partial volume effects
causedy down-samplingareremoved by two waysinclud-
ing the graphediting andthe featurere nement. Fine fea-
turesblurredor lostin down-samplediataarealsoextracted
basednthehierarchicagraphandits associatedperations.
In ourapproachyolumesgmentatiorbecomednteractvely
operatingonthelinked2D and3D displaysof thedata.Sup-
plementedwith hardware-acceleratedolumevisualization,
the sggmentatiortaskis mademoreintuitive andeasierthan
previous methods.Our testresultsshav that the datapar
titioning andthe resultinggraphrepresentatiof the data
make possibleinteractve andeditablefeaturesegmentation.

Comparingto the methodsthat use corventional algo-
rithmslik e region growing, graphpartition,andFCM to sey-
mentlow-resolutionfeaturesandthenapplymappingandre-
nement to gethigh-resolutiorresults,with our methodthe
usercaninteractively control the sggmentationprocessand
editthefeaturethroughanintuitive interface.This capability
allowstheuserto performmorecomplex segmentatiortasks
onaPCaswe have demonstrated.

There are several promising directions for further re-
search First, we will study how to automatethe growing
processto make the approachmore ef cient. Second,we
will investigatehow to improve theinteractive sggmentation
interfaceby evenmoretightly couplingthegraphoperations
andvolumevisualization Finally, we planto exploit thepro-
grammabldeaturesof the graphicscardto acceleratesome
of the volume segmentationoperationgo increasenterac-
tivity further
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