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Abstract

Thispaperpresentsa novel interactiveapproach to theproblemof segmentinghigh-resolutionvolumedata.The
segmentationprocessstartsbyconstructinga hierarchical graphrepresentationof a coarserresolutionof thedata
that is smallenoughto �t in thevideomemory. Thisgraphenablesuserto interactivelysampleandedit a feature
of interestbydrawingstrokesonslicesof thedatawhilewatchingtheimagesof thesegmentedvolume. A subgraph
representingthevolumetricfeature of interestis derivedwith a growingprocess,andcanbeusedto extract the
high-resolutionversionof thefeaturefromtheoriginal volumedatathroughanautomaticmappingandre�nement
procedureperformedbasedonthestatisticalpropertiesof thevoxelsinternalto thefeature. Ourhierarchicalgraph
representationandtheassociatedoperationsovercometheambiguousboundaryconditionscalledpartial volume
effectscausedby down-samplingandprovide threelevelsof detailsto supportthesegmentationof �ne features.
We demonstratewith several examplestheeffectivenessof such a highly interactiveapproach to challenging3D
segmentationtasks.

1. Intr oduction

Modern 3D imaging techniquessuch as ComputedTo-
mography (CT) used in Non-destructive Testing (NDT)
can generatevery high resolution volume data, such as
2048� 2048� 1024voxelstakingover4GBof storagespace.
The large sizeof dataprovidesmoreaccurateinformation
aboutthesubjectsof study, but alsopresentsgreatchallenges
to the associatedfeaturesegmentation,modelingandvisu-
alization tasks.Most of the conventionalsegmentational-
gorithms,suchasregion growing, arecomputationallyex-
pensive and thereforefail to offer desiredinteractivity on
large volume data.The commonlyusedsurfaceextraction
methods,suchasmarchingcubes[LC87], andtherendering
methods,suchasdirectvolumerendering,canalsobecome
problematicdueto thelargesizeof volumedata.

In thispaper, wepresentaninteractivesegmentationtech-
niquefor high-resolutionvolumedata.Interactivity is made
possibleby usinga graphrepresentationof a down-sampled
versionof thedata.Thegraphis hierarchicalbecausesome
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of its nodesthat belongto onefeaturecanbe fusedinto a
higher-level graphnodeto representthefeature;meanwhile,
thesenodescanalsobe usedto constructa lower-level but
high-resolutiongraphfrom their correspondinghigh resolu-
tion region extractedfrom the original data.One problem
with down-samplingthe volumedatais the partial volume
effectswhichintroducefuzzyboundariesdueto multipleob-
jectscontributing to oneboundaryvoxel. In addition,down-
samplingwill blur �ne featuresandaddmoreambiguity. Our
hierarchicalgraphrepresentationandtheaccompanying op-
erationscaneffectively addressthesetwo problems.

The usersegmentsa featureby interactively drawing on
the slicesof the down-sampleddataor original datawhile
previewing the imagesof the segmentedvolume. A met-
ric is provided for the userto direct a greedygrowing pro-
cesswhich startsfrom the seednodesselectedby the user
andresultsin a featuregraph.This subgraphandthestatis-
tical propertiesof the featureare usedto obtain the high-
resolutionversionof the featurefrom the original volume
data through an mappingand re�nement procedure.Fine
featuresinsideblurry regionsin down-sampleddatacanalso
besegmentedby partitioningthehigh-resolutiongraphcon-
structedfrom its correspondinghigh-resolutionregion. The
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segmented�ne featuresthatbelongto abiggerfeaturearein-
corporatedwith otherpartsextractedwith themappingand
re�nementprocedureto getthe�nal results.

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

2. RelatedWork

Volumesegmentationpartitionsa 3D imageinto regionsin
eachof which the voxels sharesimilar characteristics.The
segmentationtechniquescan roughly be divided into two
categories:hardsegmentationandsoft or fuzzy segmenta-
tion. Soft segmentationallows regionsor classesto overlap
while hardsegmentationdoesnot [YK01]. Soft segmenta-
tion is oftenusedto handlepartialvolumeeffectsin medical
imaging.

Oneapproachto thehardsegmentationproblemis graph-
based [SM00] [Wu93] [Boy01]. It representsan imageas
a graphandemploys a graph-partitioningalgorithmto �nd
a globaloptimalsolutionfor segmentation.This methodas-
sumesthe imageis defect-freeanddoesnot supportfuzzy
segmentation.Furthermore,largegraphscanquickly deteri-
orateperformance.[Wu93] presentsanimprovedGomory-
Hu algorithm [GH61] which usesone node to condense
graphnodesandedgesthat do not containminimum cuts,
and thereforereducesthe size of the graphand improves
the performance. [Boy01] introducesa supervisedgraph-
basedsegmentationwhich receives object or background
samplesandreusesthepreviousresultsto speedupthecom-
putationas more samplesare identi�ed. However, perfor-
manceis still anissuefor largeimagedata.Moreover, apost-
processingstepis oftenneededto getdesiredresultsdueto
over-segmentationby graph-basedmethods.

Comparingto hardsegmentationin which onevoxel can
only belongto one object, fuzzy segmentationcan handle
voxels that canbe part of morethanoneobject.For exam-
ple, a partial volumeconsistsof suchvoxels becausethey
areso closeto boundarythat multiple objectscontribute to
their values.One popularfuzzy segmentationalgorithm is
the fuzzy-C means[Dun74]. It derives a degreeof mem-
bershipof imageelementsfor eachobject by minimizing
anobjective functionthatmeasuresthedifferencesbetween
elements.Another methodologyis to model the statistical
propertiesof fuzzy regions.For example, [CHK91] models
thepartialvolumewith Markov RandomFieldandseeksthe
globaloptimal solutionwith Maximuma posteriori(MAP)
estimation.All thesemethodsare costly becauseof using
globaloptimization.

To improve segmentationperformance,programmable
graphicshardwarehasbeenusedin volumesegmentation.
[TLM03] classi�esvolumedatawith ahardware-accelerated

neuralnetwork anda novel interface. [SHN03] makesuse
of sophisticatedgraphicshardware functionality to enable
fastregion growing andinteractive visualization.Theseap-
proachesarelimited by the availablevideo 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]. [LLdB00] usesan
octreetosmoothandorganizemulti-resolutiondatasets.The
initial segmentationobtainedin low-resolutiondatais then
re�ned by performing�ltering and interpolationalong the
tree until the highestresolutionlevel is reached.But their
approachemploys local-centroidclustering[WS88] without
connectivity constraintsand doesnot considerpartial vol-
umeeffects,whichcangenerateinaccuratesegmentationre-
sults.Theoctreerepresentationalsolacks�e xibility to rep-
resentcomplicatedfeatures.

Our approachrepresentsdown-sampledimagedatawith
ahierarchicalgraphwhichsupportsfuzzysegmentationand
featurere�nement. Insteadof usingcostly graph-cutalgo-
rithms,weemploy agreedygrowing processto gain interac-
tivity aswell astheopportunityto assistanddirectthegrow-
ing with � ve featureediting operations.Fine featurescan
besegmentedwith high-resolutiongraphsandjoin in a big-
ger featureby incorporatinginto otherhigh-resolutionfea-
tureswhichareobtainedby mappingandre�ning theblurry
low-resolutionboundariesto theoriginalones.Weshow our
methodcaneffectively addresspartialvolumeeffectsandre-
sult in moreaccuratesegmentationof largevolumedata.

3. Data Representation

The size of a large dataset hampersinteractive rendering
andsegmentation.In ourapproach,a low-resolutionversion
of the datais generatedfor previewing, aswell asprovid-
ing informative elementsfor user's interaction.Herean in-
formative elementrefersto a subvolumewhich consistsof
connectedvoxels that likely belongto the samefeature.A
dataset is partitionedto many subvolumesaccordingto a
criterionderivedfrom datastatistics.Weorganizethesesub-
volumeswith a hierarchicalgraphto supportsubsequentin-
teractivesegmentationsteps.

3.1. Data Partition

Our datapartition is 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
processconsistsof two steps.First,all voxelsaregroupedto
initial subvolumeseachof which only containsvoxelscon-
nectedby zeroedges,that is, thosevoxelshaving thesame
value.The initial graphwill be constructedwith theseini-
tial subvolumes.Second,thesesubvolumesaremergediter-

.
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Figure 1: A 2D exampleof datapartitioningandsegmenta-
tion. (a) Two featuresS1andS2are partitionedto regionA,
B andC; (b) thegraphof A, B andC; (c) theresultinggraph
of segmentation.

atively basedonamergefunctionwhichconsiderstheglobal
statisticinformationof the dataaswell as the local statis-
tic propertiesof two subvolumesunderstudy. Thestatistical
propertiesof a subvolume,togetherwith its boundaryvox-
els,arecalculatedandcachedin thesubvolume.Figure1 (a)
givesanexamplein 2D case.Thisdatacontainstwo features
but is partitionedinto A, B andC components.A andC each
representsadifferentfeaturewhile B is afuzzyregionwhich
canbepartof any of thefeatures.

The merging procedurestarts from initial subvolumes
and stopswhen the merging condition is not satis�ed any
more.A mergefunctionM canbede�ned as:

M(a;b) = Na+ Nb
Ng

( Na
Na+ Nb

ea + Nb
Na+ Nb

eb) + Ng� Na� Nb
Ng

eg � eab

wherea andb arethetwo subvolumesunderconsideration,
Na and Nb are their voxel numbersrespectively, Ng is the
total homogeneousvoxel numberin the dataset,ea andeb
aretheaverageedgeweightof a andb respectively, eg is the
averageedgeweight of all edgesconnectinghomogeneous
voxelsin thedata,andeab is theedgeweightfor a andb.

Ng andeg areglobal variablesusedto re�ect the image
data's homogeneity. If eg is lessthan1.0,merging doesnot
happenbecausethe dataset is very homogeneous.Other-
wise a new graphwill be generatedby merging. To calcu-
late thesetwo variables,a gradientmagnitudethresholdis
selectedbasedon thegradientmagnitudehistogram.Those
voxels which hasgradientmagnitudeslessthanthe thresh-
old arede�ned ashomogeneousvoxels.Ng andeg arethen
computedfrom thesevoxels.

The merge function considersboth the local and global
informationof thedataset.Whenit outputsapositivevalue,
the merging happens.One subvolume can be merged into
two differentsubvolumes,which canrelieve partialvolume
effects.Figure1 (c) illustratesanexample.Themergingstep

Figure2: Threelevelsof detail basedon thegraph.

is aniterativeprocedureandterminateswhennotwo subvol-
umessatis�esthemergingcondition.

3.2. Graph Representation

The subvolumesgeneratedby the datapartition are orga-
nizedasahierarchicalgraphto supportfuzzysegmentation,
featureediting andre�nement.Eachsubvolumebecomesa
graphnodeandanedgeis createdfor every pair of adjacent
subvolumes.Theweightof theedgeequalsto thedifference
of theaveragevoxel valuesof thesetwo subvolumes.

A threelevel graphcanbe constructedasshown in Fig-
ure 2. First, the low-resolutiongraphconsistsof the graph
nodesgeneratedfrom the down-sampleddata. Second,a
groupof low-resolutiongraphnodesthat belongto a same
featurecan be clusteredinto a featurenode all of which
composethe featuregraph.Several featurenodescanalso
be assembledinto onebiggerfeaturenodein this level. At
last,onesetof low-resolutiongraphnodeswhich containa
�ne featurecanbeusedto extracttheir correspondinghigh-
resolutiongraphnodeswhich make up the high-resolution
graph,in order to segment the �ne featurewhich is dif�-
cult with thelow-resolutiongraph.Noticethatonly thehigh-
resolutiongraphof �ne featuresneedto begenerated,sothe
graphsizeshouldnotbecometoo large.

Figure3 illustratesthedatastructureof agraphnode.The
node_data storesthe boundaryvoxels andthe statistical
propertiesof thesubvolume,while thegraph_node main-
tainsthepointersto its parentnode,neighboringnodes,off-
springnodes.

The datastructureof the graphnodeandthe threelevel
graphrepresentationsupportfeaturesegmentation,editing
andre�nementwell. Whensegmentinga feature,thosesub-
volumeswhich satisfyanuniformity criterionareclustered
to form the feature's volume.Figure 1 (b) and(c) demon-
stratesa segmentationprocedurebasedon thegraph.When
editingafeature,its graphnodesbecometheoperationalen-

.
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Figure3: Thedatastructureof a graphnode.

tities,which canbeadded,deleted,blocked,mergedor split
by drawing onsliceswithoutknowing theunderlininggraph.

Theconnectedgraphnodesin differentlevel representdif-
ferent level of detail (LOD), asillustratedin Figure2. De-
pendingon the featuresize, an appropriatedetail level is
selectedto obtainthe accuratesegmentation.However, be-
causeof the large sizeof the high-resolutiondata,only the
low-resolutiongraphis generatedin preprocessingandused
asthestartpoint of segmentation.Thelow-resolutionresult
canbeusedto con�ne theregion wherethehigh-resolution
graphis constructed.Featurere�nement thenis performed
basedonthehigh-resolutiongraphwith thesamewayto that
employedto segmentthelow-resolutionfeature.

Comparing to other data structuressupporting LOD,
suchasoctree,thehierarchicalgraphrepresentationis con-
structedbasedon the featuresof interest.Eachgraphnode,
that is a subvolume differentiatesitself with its likelihood
of belongingto onefeature.Fromthisviewpoint, thehierar-
chicalgraphrepresentationis featurecentric,which is more
�e xible andintuitive for featuresegmentation.Thestatistic
propertiesandboundaryvoxels cashedin eachgraphnode
alsomake this taskmoreef�cient. However, it is morecom-
plex andneedsmorestoragespace.

4. Interacti veFeatureSegmentation

Featuresegmentationis performedbasedon the graphin-
troducedin the previous section.Figure 4 shows the steps
of thesegmentationprocess.First,somegraphnodesarese-
lectedasseednodesby drawing on a slice thenidentifying
thegraphnodeswhich intersectthestrokes.Next, theneigh-
boring nodesof the seednodesareevaluatedwith an uni-
formity function to seehow likely eachof thembelongsto
thesamefeatureto theseeds.By thresholdingtheuniformity
value,a featuregrowing processis performedstartingfrom
theseednodesandbringsall neighboringnodeswhoseuni-
formity valuesarebiggerthanthethresholdinto thefeature.

Both an automaticgrowing methodand a step-by-step
growing methodhavebeendevelopedfor segmentingdiffer-
entkindsof regions.Theresultscanbeeditedby modifying

Figure4: Thestepsof featureextractionbasedonthegraph.
Asshownin Figure2, thegraphdatacontainsthreelevelsof
detailandthevolumedataincludesbothlow-resolutionand
high-resolutiondata.

the featuregraph,andpreviewedby renderingthesurfaces,
volumeandsliceof thefeature.

After the low-resolutionfeatureis segmentedby grow-
ing andediting,anmappingandre�nementoperationis per-
formed to obtain the high-resolutionfeature.Fine features
containedin blurry regionscanbe directly segmentedwith
high-resolutiongraphs.

Figure5 displaystheuserinterfaceof oursystem.Theleft
imagein Figure6 shows theNDT Box datawhich wascre-
atedto challengeour segmentationandvisualizationcapa-
bility. Theright imagein Figure6 shows theresultof using
a 2D transferfunction to isolatethe watch in the Box, but
the resultis not satisfactory. Figure7 shows thesegmented
resultof the watchusingour system,aswell as the corre-
spondinginternalgraphrepresentation.Note that generally
theuserdoesnot needto seeor interactwith thegraph.But
whensegmentingvery complex features,theusercanoper-
atedirectlyon thegraphto getoptimalresults.

4.1. Uniformity Criterion

The featuregrowing relies on the uniformity value which
measuresthe overlap of two subvolumes' histogramsas
well as their edgeweight. When two subvolumesare less
homogeneous,their histogramsmay have someoverlaps.
Thebiggertheoverlap,themorelikely thetwo subvolumes
belong to the same feature. But in some caseslike in
Figure1, even thoughthe regionshave differentiso-values
andtheir histogramshave no overlap,region B still belongs
to both A and C. To handlethis case,the edgeweight of
subvolumes is also taken into accountin the uniformity
function.Sotheuniformity functionU is de�ned asfollows:

U(a;b) = 1
2 [å n

i= 0 MIN( ha(i)
Na

; hb(i)
Nb

)] + 1
2(1� eab

emax
)

wherea andb arethe two subvolumesin evaluation,ha
andhb arethecorrespondinghistograms,n is themaximum

.
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Figure 5: Thesysteminterfacein themiddleof segmenting
thewatch in theBoxdataset.(a) Top left: sampleandedit
the watch by drawing strokes on the low-resolutionslice:
addingnodeswith the red stroke; blocking nodeswith the
blue stroke; deleting nodeswith the cyan stroke; (b) Top
right: theboundingvoxelfacetsof thehigh-resolutionwatch
undersegmentation;the 3D windowcon�nes the region to
beedited,andits intersectionareaonthesliceis alsoshown
in (a); (c) Bottomleft: thehighresolutionsliceof thewatch;
thewhiteboundarylines in (a), (b) and(c) depictthe inter-
sectionbetweenthesliceandtheboundingvoxelfacets;(d)
2D transferfunctionsusedto volumerenderthedata.

voxel valuein thedataset,MIN is a minimumfunction,Na
andNb arethevoxel numberof a andb respectively, eab is
theedgeweightfor a andb, andemax is themaximumedge
weightin thedataset.

Theuniformity valuehastherangebetweenzeroandone.
Thebiggerthevalue,themorelikely thenodebelongsto one
feature.

Whenever seednodesareselected,theuniformity values
of their neighboringnodesare calculated.The bottom left
window in Figure5 shows the sorteduniformity valuesof
the neighboringnodeswith line markersalong the bottom
slider. The heightof a marker is proportionalto the voxel
numberof thecorrespondingnode.

4.2. FeatureGrowing and Editing

Two growing methodsincluding automaticgrowing and
step-by-stepgrowing have beendevelopedto segmentdif-
ferentkindsof regions.A region which hasa sharpbound-

Figure6: Left:TheBoxrenderedwithhardware-accelerated
NPR.Right:Renderingof thewatch in thedatausinga con-
ventionaltransferfunctionmethod.

Figure 7: Left: volumerenderingof the segmentedwatch;
Right: its internal graph representation:the red balls rep-
resentthe feature graph nodessegmentedby red strokes,
feature growing and editing; the yellow balls representthe
neighboringnodesoutside the watch; the blue balls are
blockinggraphnodesidenti�ed with bluestrokes.

ary canbe ef�ciently segmentedby the automaticgrowing
method.Whenever a nodeis mergedinto theregion, theau-
tomaticgrowing bringsthenode'sneighborsinto considera-
tion, andrecalculatestheuniformity valuesof all candidate
nodes.Thisprocedureis performediteratively until nonodes
can be merged into the region. The step-by-stepgrowing,
only considersthedirectneighborsof thosealready-innodes
at eachstep.The uniformity thresholdis alsorede�nedfor
eachgrowing step.This way needsmore interactionbut is
betterto segmenta region which hasa low contrastbound-
ary.

Thesetwo growing methodscanbeusedtogetherto seg-
menta feature.First, theautomaticgrowing is employedto
grow thosenodeswith largelikelihoodvalues.Thenthestep-
by-stepgrowing is usedto grow fuzzy nodeswheresome
editing operationsmight be applied to avoid ill-growing
causedby down-sampling.

The uniformity thresholdusedin growing is de�ned by
moving the bottomslider shown in Figure 5(c). Whenever

.
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the thresholdis de�ned, the boundingfacetsof segmented
voxelsaredepictedfor previewing in thetop right window.

The graph representationalso facilitatesediting opera-
tions including adding, deleting, blocking, merging, and
splitting nodes.Adding and deletinghave beendiscussed
in section3.2. The blocking operationpreventsovergrow-
ing by explicitly de�ning somenodeswhich areabsolutely
out of the feature.For example,two closebut separateob-
jectsmight becomeconnecteddueto thepartialvolumeef-
fectsafterdown-sampling,whichcausesover-segmentation.
This situationcan be avoided by de�ning blocking graph
nodeswhich do not participatein the growing procedure.
Merging is similar to themerging in preprocessingto reduce
the graphsize,or usesa featurenodeto replaceall its off-
springnodes.Splitting separatesonegraphnodeto at least
two nodes,which is usedto modify incorrectmerging.

Generallythe graphis invisible to the userandthe edit-
ing operationsare applied to the graph accordingto the
user's drawing on the slice with different typesof strokes.
As shown in Figure5(a), adding,deletingandblockingop-
erationsusestrokes with different colors.Figure 5(a) and
(c) illustratethewhite intersectionlinesof thesliceandthe
boundingfacetsof the segmentedvolume.This connection
effectively helpsuserlocatetheplaceneededto beedited.

A 3D window asin Figure5(b) is alsoprovided to con-
�ne theregioneligible for featuresegmentationandediting.
For example,theusercandeleteall featuregraphnodescon-
tainedin a3D window, or only applygrowing within it. The
sizeandpositionof the3D window canbechangedvia the
knobson theendof axes.Moreover, the3D window is also
usedto de�ne thegraphnodeswhichservesto theconstruc-
tion of high-resolutiongraph.

4.3. Fine FeatureSegmentation

Fine featuresare dif�cult to segmentdirectly with down-
sampleddataandthelow-resolutiongraphbecausethey are
blurred.Dueto their smallsize,moredetailsfrom theorigi-
naldataareextractedwith a3D window andrepresentedasa
high-resolutiongraph.Thegraphgenerationis similar to the
datapartition describedin section3.1. The high-resolution
sliceof this region asshown in Figure5(c) is alsoprovided
to facilitatefeaturesegmentationandediting asintroduced
in previoussection.

The segmentationresultobtainedwith a high-resolution
graphis partof the�nal feature;therefore,it shouldbepre-
servedin lattermappingandre�nementprocedure.In addi-
tion, editing operationsappliedon a high-resolutiongraph
should updateits correspondinglow-resolutiongraph ac-
cordingly, andviseversa.

By growing andediting the graphof a feature,the low-
resolutionor hybrid resolutionfeaturecanbesegmentedin-
teractively. This featureis thenmappedto theoriginal high-
resolutiondatato re�ne blurry boundaries.

( a )

( I  )

A B

C D

V1

V2 V2

V1

( I I  ) ( I I I  )

( b )

Figure 8: Mapping. (a) A voxel in low-resolutionvolume
mapsto a voxel block in high-resolutionvolume; (b) the
boundaryre�nementprocedure

4.4. Mapping and Re�nement

Sincethe high-resolutionsub-featureshouldbe preserved,
themappingandre�nementonly receive the input of those
low-resolution graph not related to the sub-featureand
mergetheoutputresultwith thesub-feature.

The mappingproceduremapsthe boundaryvoxels of a
low-resolutionfeatureto theoriginal volumedata,andthen
re�nes the fuzzy boundariesto obtain the high-resolution
ones.One voxel in the low-resolutiondatacorrespondsto
avoxel blockwhosepositionandsizecanbecalculatedwith
thedown-samplerate,asillustratedin Figure8 (a).

A re�nementmethodis employed to obtainthe accurate
boundaryof the high-resolutionfeature.Figure8 (b) gives
a 2D examplewhere(I) is a low-resolutionfeaturewhich
is mappedto its high-resolutionversionshown in (II). The
re�ned boundaryis depictedin (III) wherev1 is included
but v2 is excluded.

The re�nement processemploys an in�ation algorithm
to re�ne candidatevoxels including all mappedboundary
blocksandall neighboringblocksobtainedby morpholog-
ically dilating the mappedboundaryblocks [Loh98]. The
in�ation re�nementgrowstheboundaryvoxelsfrom theout-
mostinternalvoxels surroundedby the boundaryblocksto
theout-mostcandidatevoxel layer. Thecriterionusedin in-
�ation is calculatedwith the averagevoxel valuev andthe
standarddeviation s of all internalblock voxels.Whenever
avoxel of thenext layerhasavaluebetween[v� as;v+ as],
the currentlayer is in�ated to includethis voxel. a is a pa-
rameterde�ned by userto controlthecriterion.

4.5. FeatureRendering

A segmentedfeaturescan be depictedwith surface ren-
deringandhardwarevolumerendering.Whena segmenta-
tion is underway, the boundingfacetsof segmentedvox-
els arerenderedfor previewing. More smoothsurfacescan
be obtainedwith a methoddescribedin [HMMW03]. In
short, the boundary is low-pass �ltered to remove high
frequency [RK82] and then the marching cubesmethod
is applied to extract the feature's surfaces.The user can
alsorenderthe volumeof a featurewith 2D transferfunc-

.
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tions[HM03] [KD98] acceleratedby graphicshardware,as
shown in Figure5(d).

5. Results

We presentthe test resultswith threedatasets.One is an
MRI headdatasetwhichcontainsa tumoranddamagedtis-
sueasshown in theleft imageof Figure9. Eventhoughthis
datasethasonly 256� 256� 128 voxels, it is usedto show
thatour techniqueworkswell for medicaldatatoo.A down-
sampledvolumewith thesizeof 64� 64� 32 is usedto gen-
eratethedatagraph.Thepreprocessingtakes5.14seconds.

The othertwo datasetswerecreatedby the nondestruc-
tive testinggroup at the Los Alamos National Laboratory
to testthenew visualizationtechniqueswe have developed.
The �rst onewhich we call the Box has1024� 1024� 512
voxels,asalreadyshown in theleft imageof Figure6. A va-
riety of objectswereput into asmallboxwhichwasscanned
to producethevolumedata.In our study, thevolumedatais
down-sampledto 256� 256� 128to generatethedatagraph.
Thepreprocessingtakesonly 14.2seconds.

ThesecondNDT datasetis thescanof a�ash light, called
Maglight, with 512� 512� 2048voxels. This dataset con-
tainsa lot of mechanicalcomponents.We down-sampledit
to 128� 128� 512.Thepreprocessingtakes51.73seconds.

Figure10shows thetumoranddamagedbraintissueseg-
mentedfrom the MRI headdatawith our method.The in-
tersectionlines of the slice and the boundingvoxel facets
reveal the accuracy of the results.For the Box dataset,the
watchwhich containsa lot of �ne featureson thewristband
is segmentedusingourapproachandshown in Figure7. We
notice that the partsbetweenthe wristbandand the watch
have somedamages,which is proved by the right imagein
Figure6.

Figure11 shows the segmentedcomponentsof the �ash
light. Eachcomponentsharesfuzzyboundarieswith at least
onecomponent.Ourapproachcanovercomethepartialvol-
umeeffectsthereforetodisassemblethesesmallcomponents
successfully.

In our experiments,the featuregraph can be obtained
interactively from secondsto several minutes.The time is
comparableto the parameterselectionin someother seg-
mentationmethodssuchas region growing. Table 1 com-
parestheperformanceof thefeaturegrowing plusthemap-
ping to the performanceof the region growing which are
directly appliedon the segmentedfeaturevolumeobtained
with our methodin orderto remove the affectsof criterion
selection.Thetiming numbersof featuregrowing arealways
sub-secondsthereforetheprocessis highly interactive. The
numbersalso show that our methodis fasterthan the re-
giongrowing methodwith 3.14timesfor thedamagetissue,
3.97timesfor thewatch,8.95timesfor thetumor, and50.03
timesfor theeggin theBox.Thelargerthefeature,themore
speedupcanbeachieved.

Figure9: Left: theheadtumor;Right: theMaglight.

Surfacerenderingof thetumor, andahigh-resolutionslice.

Thedamagebraintissuevolumeandahigh-resolutionslice.

Volumerenderingof thetumor, damagetissueandtherestof thebrain.

Figure 10: Thetumoranddamagedbrain tissuein theMRI
headdata.

.
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Table1: Performanceresults

Approach RegionGrowing Graph-basedMethod
Feature time(sec.) growing mapping
tumor 0.2327 0.002 0.024
damagedtissue 2.5658 0.03 0.787
watch 4.3712 0.048 1.052
egg 439.3253 0.112 8.659

6. Conclusions

Wehavepresentedanew approachto theproblemof interac-
tive datasegmentation,speciallyfor largevolumedata.Our
approachusesdown-sampledvolumeto constructa hierar-
chical graphwhich supportsthreelevels of detailsin order
to segmenthigh-resolutionfeatures.Partial volumeeffects
causedby down-samplingareremovedby two waysinclud-
ing the graphediting andthe featurere�nement.Fine fea-
turesblurredor lost in down-sampleddataarealsoextracted
basedonthehierarchicalgraphandits associatedoperations.
In ourapproach,volumesegmentationbecomesinteractively
operatingonthelinked2D and3D displaysof thedata.Sup-
plementedwith hardware-acceleratedvolumevisualization,
thesegmentationtaskis mademoreintuitiveandeasierthan
previous methods.Our test resultsshow that the datapar-
titioning andthe resultinggraphrepresentationof the data
makepossibleinteractiveandeditablefeaturesegmentation.

Comparingto the methodsthat use conventional algo-
rithmslikeregiongrowing,graphpartition,andFCM to seg-
mentlow-resolutionfeaturesandthenapplymappingandre-
�nement to gethigh-resolutionresults,with our methodthe
usercaninteractively control the segmentationprocessand
edit thefeaturethroughanintuitiveinterface.Thiscapability
allowstheuserto performmorecomplex segmentationtasks
onaPCaswehavedemonstrated.

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 theinteractivesegmentation
interfaceby evenmoretightly couplingthegraphoperations
andvolumevisualization.Finally, weplanto exploit thepro-
grammablefeaturesof thegraphicscardto acceleratesome
of the volumesegmentationoperationsto increaseinterac-
tivity further.
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