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Abstract

This paperdescribesa methodfor automaticallysegmentingvolumeshy exampleusingananalogybased
approach.This approactconsistsof two stages.In the rst, designphasea pair of volumesis presented,
wherethe rst volumeis theraw MRI or CT data,andthe secondvolumerepresentthe sggmentedversion
of the rst, this combinedpair makesup thelearningdata.In the secondanapplicationphasethelearned
segmentatioris appliedto somenew volumein orderto createan“analogous’or learnedsegmentedesult.

We show thatthis techniqueprovesto beanaccuratavay to automaticallysegmentavolume. High quality
segmentationsanbe accomplishedeven whengiven fairly small sampleor sub-samplesizes.By down-
samplingor sub-samplinghe training datawe are ableto accomplishtheselearnedsegmentationsn a
reasonabléime framewith aroundnintey- ve percentaccurrag.

We believe thatatool thatcanlearnhow to segmentvolumeshy examplewill provide the medicalcommu-
nity with anothewvaluablemeansof managingnedicaldata. Sucha utility would surelyhave applications
in visualization medicalexaminationsandvirtual suigeries.

Keywords. volumetric,analogy segmentationclassi cation,medicalimaging,magneticesonancémaging
(MRI).
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Figurel: A volumeanalogy New “analogous’volumeBPrelatesto B in the sameway that A° relatesto A.
HereA, A B areall inputsto thealgorithmandBPis the outpuit.

1 Intr oduction

Analogy is a reasoningprocessthat peopleuse quite often to solve problems,provide explanationsand
male predictions.This paperexploresthe useof analogiesasa meansof automaticallysegmentingcomplex
medicalvolumetricdata.ln particular we attemptto solve thefollowing problem:

Problem “Volume Analogy” Given a pair of volumesA and A° (the raw MRI/CT dataandthe segmented
volumes,respectiely), alongwith someadditionalunsgmentedraw MRI/CT datavolumeB, synthesizea
new seggmentedvolumeBPsuchthat:

A:A%:B: B

Essentiallywe wantto nd an“analogous’volumeB®suchthatit relatesto B in the sameway asA°relates
to A. We describeanapproachhatproducesesultswith a high level of accurag. This approactis depicted
in (Figurel).

Due to the shearsizesof suchvolumes(typically on the orderof 27 28 28  8:4 million voxels), it is
favorableto have semior fully automatedechniqueso segmentsuchdata. It is not practicalfor a human
reviewer to manuallysegmentevery voxel in a volume dueto the vastsize. Thus,it is desirableto have
a methodof accuratelyand automaticallysegmentingvolumetric data, given somewell know segmented
training pairs.

This paperstartsout with a brief introductionof the analogybasedramevork in which nev sggmentedvol-
umesareconstructedThis s followedby abrief summaryof existing synthesisndsegmentatiortechniques
andthendiscusse$ow partsof eachof thesetwo disciplinesare pulled togetherfor the learnedvolume
segmentationframevork. Datastructuresandalgorithmsthat areat the heartof the analogyframework are
discussedFollowing thesedetailsarethe promisingstatisticalandrenderedesultsof the outputof this al-
gorithm. Lastly this paperdiscussesomeof the future opportunitiesfor this framewvork. Optimizationsand
tuning of the existing algorithmare outlined,aswell aspossiblefuture extensionsand applicationsof this
frameawork.

2 RelatedWork

Our approachpulls fundamentalsrom work in both imagegeneratiorand volume segmentation. The fol-
lowing is a suney of someof the closestrelatedwork.



Imagegeneratiorbuilds off of mary distinctareasncluding machinelearning,texture synthesisandimage
basedendering.

It hasbeena goal sincethe creationof arti cial intelligenceto build computersystemsthat are capable
of reasoningand solving problemsby way of analogies.Someof the rst successfuhttemptsat analogy
basedechniguesvereWinston's work on reasoningdy analogy[17] andEvans'work on geometricanalogy
intelligencel6]. More recentlythis notionof machindearninghasheenappliedto variousareasof computer
graphicancludingstylemachineg2] andvideotexture[14].

Texture synthesiglealswith the generatiorof new imagesthat mimic the texture of a given sampleimage.
Sinceits introductionalmosta decadeago[8], muchwork andre nementhasgoneinto this area. Several
nearesheighborapproache§3] and[5] have provided high-quality synthesizedmages.Neighborhoodof
pixels consistingof multi-scalerepresentationsn theimageg16] have alsoprovento generatéigh quality
images.Multi-scale neighborhood$iave alsoprovento generatenigh quality images[1], wherepatchesof
textureareexpandedut of thetargetimagespaceratherthansearchinghe sampletexturein its entirety

Sgymentatiorof volumetricdatais anotherareaof active researchTraditionalmethodsof sggmentingdata
involve either statisticalanalysisof the data,or rely on trainedindividualsto examineall of the voxelsin

the volume and painstakinglysegmentandlabel eachareaaccordingly Early methodsof segmentingdata
[12], althoughrelatively effective, have beenreplacedoy more sophisticatedneansof segmentingvoxels.
Onesuchmodel[4] accountdor the fact that a given voxel may containvariousmaterialsand not just a
singlematter In [7] and[10] the authorsusestochastianethodso generatdransferfunctions. This model
is fundamentallydifferentthanthe previous two in thatit tendsto work back-wardsthroughthe rendering
pipelineby rst analyzingandcomputingcharacteristicaboutthe nal renderedmage.

Lastly, this papemoststronglyderivesits work from the ImageAnalogiesframenork speci ed by [9]. The
ImageAnalogiesframenork is atechniquefor synthesizingor generatingnew imagesbasedon the concept
of ananalogy Hertzmanet. al. usedthis analogyframework to performmary diversetasksin areassuch
as:traditionalimage lters, improvedtexture synthesissupesresolution texturetransfer artistic Iters, and
texture-by-number

Thelastarea texture-by-numberinvolved a training pair wherethe A imagewasa numberedepresentation
of theAimage. Thisnumberingschemavasusedo representhevariousfeatureof theimage. Theexample
imagesof terrainpresentedinvolved coloringthe B imagegreenwherevegetationwasto berenderedn B,
blue wherewater wasto be synthesizedblack for roadways, and so on. Thesenumbersrepresentedhe
partitionedor sgmentediata. This partitiondatawasusedto synthesizevarioustwo-dimensionaexamples.

We expanduponthelmageAnalogiesframenvork andtailor our modelto segmentvolumetricdataby learning
therelationshign atrainingpairandapplyingthatknowvledgeto derive anew segmented/olume. Essentially
wewill beattemptingto gure outthesenumbergthe sggmentatiorlabels)from avolume,ratherthanusing
thelabelsto generatanimage.

3 Volume Analogy

De nitions and Data Structures

As input, our algorithmtakesa setof threevolumes,the unsgmentedsourceraw MRI/CT datavolumeA,
the sourcesggmentedvolume A% andthe unsgmentedargetraw MRI/CT datavolumeB. The framevork
produceshe sggmentedargetvolumeBPasits outputasillustratedin Figurel.

Our approactassumeshatthetwo sourcevolumesareregisteredmeaninghattheraw MRI/CT dataatary
givenvoxel atindex p in A correspondso the segmentediataatthe voxel locatedatindex p in A, This also



holdstruefor the B andB° pair. For clarity, index p will be usedfor sourcevolumesA andA° while index g
will specifyavoxelin thetargetB andBP pair.

Sincethis paperealswith sgmentatiorof volumetricdata,the A°andB®volumesbothcontainsegmentation
labels. However with this model, the associatediatain A°andBPis not limited to sggmentatioriabels,but
rathercanbeary arbitrarydata.Otherpossibilitiesfor suchdataarediscussedaterin Section6.

In summaryour algorithmmaintainsthefollowing datastructuresRav MRI/CT datavolumesconsistingof
densitieameasurementsf A(p) andB(q) areinputs.A seggmented/olumecomprisedf sggmentatioriabels
of AQp) arealsoinput. Lastly, the ssgmentedsolumeBYq) is the output:

A(p) arrayp?2 Sourcebint of Feaure
Adp) arrayp2 SourceRint of Feaure
B(q) arrayq?2 TargetPoint of Feaure
BYqg) arrayq2 TargetPoint of Feaure

where SourcePvint and TargetPoint are threedimensionalvoxel locationsin the sourceand target pairs,
respectrely.

The Algorithm

Given this notation,the volume analogiesalgorithmis presentedelav. For every targetvoxel g in BYthat
is beingcomputedyve take the correspondingoxel neighborhooatenteredaboutq in B and nd theclosest
matchingvoxel neighborhooatenterechboutp in A. Oncetheclosestmatchingneighborhoodenterecbver
pis foundin A, the correspondingeymentatioriabelin AJp] is assignednto B[q].

This algorithmcanmorepreciselybe describedn thefollowing pseudo-code:

VOLUME-ANALOGY(A; A% B; BY

1 foreachq 2B

2 dop FIND-BEST-MATCH(A; B; Q)
3 Bld Afpl

The FIND-BEST-MATCH functiontakestwo MRI/CT datavolumesA andB, aswell asthe currentq for
which the bestmatchis to befound.

Thisfunctionmaintainssererallocalvariables A temporaryscalawvariabledi f ference,, is usedo storethe
currentdifferenceasreturneddy theCALc-DIFFERENCE function(outlinedbelow). Thescalai f ferenceeg
maintainghebestdifferenceseernthusfarasreturnedby CALcC-DIFFERENCE. Initially, this variableis setto
positivein nity andis continuallyre ned. Also maintaineds closesMatch whichis theindex corresponding
centerof the bestmatchingneighborhood.

Basically this function searchedhroughthe entire volume A and calculateghe differencebetweenneigh-
boring voxels aroundA(p) andthe voxelsaroundB(q). If the currentdifferencebetweenthesetwo setsof

neighboringvoxelsis better(lessthan)what hasbeenseenthusfar, thenthis currentdifferenceis recorded
asthenew bestdifference andthe correspondingoxel is alsorecorded Otherwise thereis alreadya better
match.In eithercase processingontinueswith thenext voxelin A.

More preciseoutline of this algorithmis asfollows:

FIND-BEST-MATCH(A; B; Q)

1 differencgey ¥

2 foreachp 2 A

3 dodifferenceuren CALC-DIFFERENCE(A; B; p; Q)
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Figure2: A sampleGaussianiter kernelover onedimensionakpace.

if di f ferencurrert < dif ferencgeg
thendif ferencgey dif ferenceymren
closesMatch p
return closesMatch

~NOo oA~

Thus,the coreof the algorithmlies in the CALC-DIFFERENCE function. This functiontakestwo MRI/CT
datavolumesA andB, aswell asthecurrentindicesp andq for which thedifferences to be calculated.

In orderto nd theclosestmatchfor ary given neighborhoodf voxels, the overall differencebetweenary
two setsof voxelsneedgo be computed A threedimensionallter kernelis appliedto bothneighborhoods
to weightingeachsurroundingroxel basednits distanceandimportance For this paperwe choseto apply
athreedimensionalGaussiampyramidover both setsof voxels.

Theoverall differences the differencebetweereachcorrespondingetof voxels(in A andB) in eachneigh-
borhoodandscaledby the associatedter kernelweight. The summatiorof all of the weighteddifferences
underthekernelis returnedasthe overall differencebetweerbothneighborhoodsf voxels.

Again, morepreciselythe pseudo-codeould be asfollows:

CaLc-DIFFERENCE(A; B; p; )

1 TotalDiff O

2 for eachvoxel 2 neighbohood

3 doTotalDiff TotalDiff+jB Aj filterKernellvoxel]
4 return TotalDif f

Filter Kernel

A Gaussianlter kernelwasusedto weightthe cells thatarein the voxel neighborhoodiuring difference
computationsA Gaussiarkernelwaschoserasit hasprovento work well in othervariousotherreconstruc-
tion works. A one-dimensiomversionis shavn in Figure2. This kernelallows the cellsthatareclosesto the

centerto have the mostweightin determiningwhich voxel neighborhoods the closestmatch. As cells get

fartherfrom the center they hold lessandlessweight. In orderto obtaina reasonableuntime, this kernel

wasreducedo considera givenvoxel andits immediateneighboronly.

A summaryof the full algorithmis shavn in Figure3. It takesin two RAW MRI/CT datavolumesA and
B, anda segmentedversionof A calledA®. A newly segmentedvolumeBCis generatedn scanline ordeg



Figure3: Herethe neighborhoodaroundB[g] mostcloselymatcheghe neighborhoodaroundA[p] andthus
AJp] is recordedinto Bq] asthe bestmatch. In this diagramthe CerebralCortex labeledinformationis
shavn in redin the A°andB®set.

by looking at the bestsetof matchingvoxels centeredaboutp in A for eachq in B, and carryingover the
segmentediatathatis locatedin A° In this example thebestmatchingsetof voxelsfor theareaaroundB(q)
is locatedat the highlightedvoxels shovn at A(p). The associatedabel at A p), in this casethe cerebral
cortex, is thencarriedoverinto B(Q).

4 SourceData sets

Thedatasetshatareusedin this paperarederived from the Stanfordvolumedataarchive [15]. To limit run
time, both datasethiave beendown-sampledrom their original size.

The MRbraindatasehasbeendown-sampledrom 109slicesof 256 256 pixelsto 54 slicesat128 128
pixels. The sggmenteddatausedin the MRbrain setwas courtesyof [13]. The CTheaddatasethasbeen
down-sampledrom 113slicesof 256 256 pixelsto 56slicesat128 128pixels.

The MRbraindatasets segmentednto four differentcateyories:

CerebralCortex
Cerebellum
SpinalCord

and“other” whichis the catch-allfor everythingthatis not partof the centralnernooussystem.



n | % of original volumesampled| % of correctvoxels
2 | 12.500% 95.8116%
4 | 1.505% 94.8346%
8 | 0.1736% 94.1811%

Figure4: MRbraindataresults

An exampleof this sgmentatiorcanbe seenin Figure5A, wherethe variouspartsof the brainarerendered
in differentcolors,andary voxelslabeled‘other” arerenderedransparent.

5 Results

Thereareseveralwaysto measurehe resultsof this analogybasedsegmentatiortechnique.This paperwill
presenbothquantitatie resultsaswell as gures of renderedsynthesizedegmenteds/olumes.

5.1 MR Brain

Sinceboth raw MRI dataandthe segmenteddatawere available for the MRbrain set, this setprovides a
meango checkthealgorithm.

A smallersub-portionof the original MRbrain datasetfor boththe MRI andsegmenteddatais usedasthe
A and A° volumesrespectiely. Then, usingthe original MRbrain datasetasthe B volume, we attemptto
generatevolumeB% Sincethe correctsolutionto B® is alreadyknown (the original segmenteddata), it is
possibleto determinehow accurateof areconstructiowasaccomplished.

The overall correctnesssan be computedby countingthe numberof matcheswhere Biq] = Osgld],and
dividing thethenumberof callsin thevolume whereOsg[q] is theoriginal sgmentedrersionof theMRbrain
dataset.

Figure4 shaws the resultingpercentag®f voxelsthatwerecorrectlyreconstructediventhe speci ed sub-
sampleof theoriginal MRl andsegmentatiorvolumesthatmadeup A andA® The percentagef thevolume
sampledcamefrom consideringhe Gaussiarpyramid centeredat every nt" slice, at every nt row, at every
nt" column. As the gure illustrates fairly accuratereconstructioroccurseven whensamplingfairly small
sub-sectionsf theoriginal MRbraindata.

Whenusing a large volume asthe training pair, this algorithm canbe fairly slov. For the dowvn-sampled
datasetswheren = 2, it takesapproximatelyeighthoursto generate new sggmentedvolume. However, if
youincrease, thealgorithmspeedsip dramatically It takesaboutoneandahalf hourswhenn = 4 andonly
about fteen minuteswhenn = 8. It is worthy to notethatthesespeeduparenotdirectly proportionalto the
quality. A forty fold increasean speedonly resultsin abouta oneanda half percentdropin accurag. These
runtimeswereobtainedon a 600MHz Intel Pentiumill.

Theoriginal sggmentedMRbraindata,aswell astheresultingvolumesfor eachof theaforementionednalo-
giesis shavn renderedn Figure5. Theoriginal MRbrainsegmentediatais shovn in Figure5A, andFigures
5B-D aretherenderedmagesrom n= 2 downton= 8. In thesegures, thecerebrakortex is rendereded,
thecerebellunis renderedyreenandthe spinalcordis renderedlue.

In theserenderedmagesthe areasf the brainarestill relatively segmentedandcoloredappropriatelyeven
astheportionof theoriginal volumegreatlydecreaset underonepercent.Take noteof theartifactsaround



A B C

Figure5: A) Theoriginal sgmentediata,B-D) arerenderedmagesrom the MRbrainanalogiesn descend-
ing sub-sampleize.

Original Labels
Cortex | Cerebellum| SpinalCord Other
Labels | Cortex 43,135 2,092 1,243 | 12,847
Computed | Cerebellum| 2,541 2,805 138 2,547
by SpinalCord 946 151 653 727
Analggy | Other 10,886 2,374 564 | 801,087

Figure 6: Matrix shaving detailedanalysisof learnedsegmentationlabels(taken from learnedsegmented
volumewheren = 2).

therestof the skull andfacialtissue. Therearea numberof cellsthathave beenmistalenly catgorizedas
partsof the centralnenoussystem.We believe thatthesefalseidenti cations canbefurtherreducedr even
eliminatedwith alarger Iter kernel(asdiscussedn Section6 ).

Figure 6 shaws, in more detail, the resultsof a learnedvolume segmentation. The columnsrepresenthe
actualdatatakenfrom theoriginal MRbrainsegmentationandtherowsin eachcolumnrepresenthenumber
of occurrenceshat particulartissuewas classi ed with the associatediabel. The bold-facedentrieson the
diagonalrepresenthe numberof voxels with correctlylearnedsegmentationabels. For example,the rst
columnwould read: for the voxels that make up the Cortex, 43,1250f themwere correctly classi ed as
Corte, with 2,541incorrectly marked as Cerebellum 946 incorrectly marked as Spinal Cord, and 10,886
incorrectlymarkedasOther The percentagef correctvoxelspresentedn Figure4 is actuallycalculatechy
takingthe sumof thesebold faceentriesanddividing by the numberof voxelsin thevolume.

Thesendings supportwhatis seerin therendered/olumes(Figureb). For the CerebralCortex, thenumbers
indicatethat most of the Cortex tissuehasbeencorrectlyidenti ed. However, thereis also a signi cant
portionof the CerebralCortex thatwasclassi ed asOther Thelighter coloredred Cortex is consistentvith
portionsbeingsegmentedasair, andthussubtractingrom the brightness.The Cerebellumwasalsomostly
correct,however, signi cant portionsweremistalenly classi edasCortex andOther Thisis consistentvith
the lighter greenCerebellumcauseddy the additionalair, aswell asa hint of red from the incorrectCortex
labellings. The SpinalCord wasthe leastcorrectlyguesseaf the four classi cations. The high amountof
incorrectCortex andOtherguessessenesto bothlightenthe blue from the Brain Stem,andalsoaddsmore
redinto theregion. Finally, the Othercategory wasthe mostcorrectlygeneratedabel. A smallportionof the
Othercateyory wasincorrectlylabeledasCortex, which explainstheadditionalredat the bottomof thehead.

Therearetwo obsenationsthatwe would lik e to make regardingthis dataandthe renderedvolumes.First,
we believe that part of the high level of inaccurag for the Brain Stemis causedby poor sampling. The



Symmetry Axis

air sku]la braina brainb skul]b airb

Figure7: lllustrationof symmetryandtwo voxel neighborhoodsvith exampledatalabels.

Brain Stemis the smallesttissuein the original volume, and samplingone out of every eight voxels only
considersa very small sub-sectionSecondyegardingthe portion of Otherthatwasincorrectlyclassi ed as
Corte, we believe thatthis is partially dueto inconsistencied the volume. Looking closelyat Figure5, all
of the renderingshave a slightly lighter color (especiallynoticeableon the black backgroundpn the lower
third of theimage. At this pointin thevolume,the averageMRI/CT databecomeslightly moredense.The
amountof rednesselaw this line signi cantly increasesasa resultof the incorrectCortex labelingdueto
theinconsisteny.

Considermnow thatthe segmentationdataprovided asthe learningpair is not distributed evenly acrossthe
entirevolumeasin the left portion of the headthatis givenin A andA° asshown in Figure1. The human
brainautomaticallyseeghatthe volumerepresenteth the sourcepair is the otherhalf of the headthatis the
targetvolumeB. However, this requiresspecialconsideratiorwhengeneratingnew volumes.

For example,Figure7 illustratesa crosssectionof this problem. Assumethat everythingon the left side of
thesymmetryaxisis givenasasourcevolumeA andeverythingontheright sideis givenasthetargetvolume
B Solet us considerthe casewherethe voxel neighborhoodn the right sidearoundq is beingmatched,
andCAL c-DIFFERENCE is beingcalledto comparethe neighborhoodaroundA(p) andB(q).

If this symmetryis not consideredthenthedifferencewill be computedas,
jbrain, airg) ci+jskully, skullyj co+ jair, braingj c3,

wherecy is the appropriatescalarconstant. In this case,the rst andthird differenceswill be ratherhigh
sinceboth of thesearetaking the differencebetweenwo differentmaterials(brain andair). This resultsin
a high differencebetweerthese2 neighborhoodsWhereasif this symmetryis consideredvhenexamining
the neighborhoodn A aroundp, the neighborhoodtanbe mirroredto mimic the missingright side of the
head.Thusthedifferencewill be morecloselycalculatedas,

jbrain, braingj ci+jskully skullgj ¢+ jair, airaj c3,

again wherec, is the appropriatescalarconstant. The resultof this secondcomputatiorwill yield a much
closermatch,asall of theindividual differencesarebetweerlik e materials. Obviously, thisassumptioris not
appropriatefor all data,suchasthe humanmidsectionwherethe organ structureis asymmetrichowever, it
canimprove synthesiof symmetricorganssuchasthe headandextremities.

Sincethe humanbodyis symmetrical for the mostpart, this fact canbe exploited to our advantage.If we
further take into accountthis fact, we essentiallyobtain extra dataout of the A and A datasets,by also



Figure8: An examplerenderingwheretheknown symmetryof the datais alsoconsidered.

takingthe mirror of thesedatasetaboutthe majoraxis. A compositedmageof sucha generatedolumeis
illustratedin Figure8.

5.2 CT Head

Oneof our original goalswasto automaticallysggmentthe CTheaddatasefrom the examplelearnedfrom
the MRbraindatasetwhich hadbeenmanuallyseggmentedby hand.Attemptsto segmentthe CTheaddataset
werenot metwith the samesuccesssthe MRbraindatasetWe attributethis lack of successo thefailureto
producea high-quality A" for the learningset. We performedthreevariousmethodsof runningthe CThead
datathroughour analogiesnodel:

Initial dataset. Theinitial sgmentationattemptfor the CTheaddatasetailed completelywith no apparent
connectionbetweenheador brain structure. Sincethesevolumeswere acquiredfrom differentrecording
devices,therangeof datafor thetwo volumeswasnot consistentSincethe differencebetweersimilar cells

could be very high andthe differencebetweendistinct cells could be low, the resultingsegmenteddatawas

notcorrect.

Simple scaleddataset. Thenext stepwasto scalethe B CT datainto thesamerangeasthe A MRI data.This
also producedpoor results. Objectsin the volume suchas metalrods, llings, etc. introduceoutliersthat
throw off theanalogyandcould skew the entiresetof results.

Statistically adjusted dataset. Finally, falling backon the statistics,jit makesthe mostsenseo look atthe
histogramghatrepresenthe distribution of voxels over the rangeof possiblevalues.Overall, if considering
dataof the samenature,it makessensethatthesehistogramsshouldlook assimilar aspossible. However,
whenexaminingthe quantityanddistributionsof the peaksn boththe MRbrainandthe CTheachistograms,
thereseemedo be mary moreinconsistenciebetweerthe two humanheadghanexpected.

Scaling shiftingandattemptsatvariousothertechniqueso bestalignthedataall failedto producesegmented
volumesthat were believable. Without well aligneddatawe obsered that the volume analogyfailed to

producereasonablysegmentedvolumes.We believe thatsuchatask,if possiblejs well beyondthe scopeof

this paper Anotherpossiblecauseof this disproportionatelatacould be dueto the partially removed skull

in oneof the datasets Sincea substantiaportion of the skull is gone,this hasthe effect of replacingbone
with air in oneof thevolumes.Thisis de nitely acontrikuting factorin thelarge differencebetweerthetwo

histograms.



5.3 Challengesand Considerations

Herewe will outline someof the challengesindspecialconsiderationshataroseduringthe creationof our
volumeanalogiegramework.

As mentioned,the lack of properly aligned and distributed volumesproved to be a hurdle that we were
unableto easilyovercome.We suspecthatvolumescomingoff of the samecapturedevice would have less
of aproblemwith thealignmentanddistribution of data.

In orderto bring the runtimesdown to a reasonabléevel, the Gaussiarkernelhadto be signi cantly scaled
back. We hadinitially tried a kernelthat consideredat leasta5 5 5 neighborhoodarea. This results
in 125 voxels, eachof which would have to have its differencecomputedto its corresponding/oxel in the
comparisondataset. This amountof computationfor eachcell in our volume datasetslid not allow for
reasonableuntimes thusthis wasscaledbackto only consideimmediateneighbors.

In orderto allow the analogyto run in anacceptablamountof time, a multi-scaledre nementto sggment
thedatawasalsosetaside.In the currentimplementationpnly the nest level is beinggenerated.

6 Discussionand Futur e Work

In this paper we have discussed framewvork for sggmentinga volume by exampleusingan analogy We
have shavn that this methodproves that analogybasedsegmentationof volumetric datais possible. The
resultspresentedor this modelarereasonableandare even more promising,in thatfuture re nementand
tuningof this approachmayyield evenbetterconstructegsegmentationspr evenotherapplications.

Thereis still muchwork that needsto be done,both in improving the approachdescribedchere,aswell as
experimentingandinvestigatingotherapproacheto synthesizingzolumetricdata.Hereis a brief list of some
of theareaof futurework thatwe wish to pursue:

Speedingup the algorithm. Theperformancef thisalgorithmis fairly slow. Thetimeanalysisof thecurrent
implementatioris bestdescribedasthe productof the training pair A, A sizeandthe tamget pair B, B size.
Usingthe currentimplementatiorof this algorithmon thesedown-sampledrolumestakesa numberof hours
to generatehe sggmenteddata. Introducingan algorithm suchasan approximate-nearest-neighb&garch
(ANN) could reducehalf of the problem, (searchinghroughA for the bestmatch)down to a logarithmic
orderandwould surelyresultin a signi cant speedupAnothertechniqueo speedughe match nding is to
usea FastFourier Transform(FFT) basednethod.Recentwork by [11] shovs speedupsf around120fold
for nding matchesn a150 100 30 videosequencereducingthe match nding time from 10 minutes
down to 5 seconds.Finding the bestmatchfor a particularcell in a threedimensionalvolumeand nding
the bestmatchfor a givenpixel in avideois avery similar problem.We anticipatethat suchgainswould be
reproducibleor our problem.

Tuning and improving the algorithm. Sincethe algorithmwasworking on a ratherlarge datasetseveral

desirablefeatureshadto be remaved or cut backin orderto completethis projectin a timely matter For

example,the Gaussiarkernelthat wasusedin the differencecomputationhadto be scaledbackfrom its

original sizeandcomplexity. We believe thatthis is oneof thereasonshatoutliersareseenin therendered
images. Sucha scaledbackkernel Iter resultsin falseguesseshat causetheseoutliersto be sggmented
incorrectly A larger Iter sizewould in fact be able to bettercapturethe larger scalestructure,and cut

backsuchinconsistenciesWe alsobelieve thatsuccessfuintegrationof a multi-scaledapproactwould help

capturethe high level structureaswell.

Generation of other forms of data. This papermpresentednapproacHor analogoubasedsegmentatiorof
volumetricdatawherethe contentsof Awereessentiallylabelsthatrepresentethe segmenteddatafrom A.

10



Anotherlogical choiceto sggmentationlabelswould be a color model. It would be fairly straight-forvard
to adaptthis algorithmto work for an RGBJ[A] color scheme.The Visible HumanProjectat the National
Institute of Health malkesavailablevery high resolutionMRI/CT and RGB datafor both male andfemale
cadaers. This RGB datawasobtainedusingdestructie techniquegslicing andphotographinghe cadaer)
andthuscould not be replicatedfor a living patient. However, non destructve datagatheringsuchasMRI

or CT could be usedwith suchan approachto visualizethe inside of a patient,and could be of usefor
applicationssuchassugical visualization.

Generation of higher order data sets. Generatingzolumetricdatawasa logical expansionuponprevious
ideasof imagesynthesisandgenerationBy takingthedimensionalitya stepfurtherto four dimensionssome
otherapplicationgresenthemseles. Datasetshatstudy uid dynamicssuchasturbineair o w orthe ow
of liquid throughobjectscould be usedto createnen analogiesFor example,supposdor a givenstationary
object(A), thereexists dataabouthow some uid 0 ws aroundthis objectA®. Then,given anotherobject
(B), would it be possibleto take the A and A° pair andconstructwhatthe o w of some uid would look like
(BY over this new object?Therehasalsobeenrecentwork donein animationof the aforementionedisible
Humandatasetsyhereagain thereis a stationaryobject,in this casethe MRI data(A). Then,giventhethree
dimensionaktreanthatis the animatediata(A% andanev MRI model(B), would it be possibleto generate
aneaw animationstream(B9 for thenev model?

Automatic abnormality detection. In this currentapproactwherethe bestmatchis foundfor a givenvoxel

neighborhoodandthensynthesizedthe strengthof the matchis not used. In otherwords, eventhoughthe
scoreis temporarilyrecordedwhile nding the bestmatch,the resultof that scoredoesnot propagte to

the outputvolume,andis never seenby the end-user This datacould be usedbene cially. Whatif, rather
thansimply throwing away the strengthof the match this informationwasrecordedasjust that, the strength
of the match. In otherwords, how sureis the algorithmthat this particulardatashavs up in the original

set?We proposethat an acceptablenaximumdifferencecould be setsuchthatary datathatdoesnot meet
a minimum matchscoreis agged, perhapsfor humanreview. Considerthe following analogy: Assume
thatthe algorithmis given MRI or CT dataof normalhealtly tissue(A) andthe segmentedversionof that
volume(A9, whereall of thedatais accountedor (labeledasnormalhealtty tissue). Then,imaginethatthe
algorithmis given anothervolume (B), wherethe tissuecontainsabnormalitiessuchastumorousmaterial.
Whenthe algorithmencounterghe tumorousmaterialit will struggleto nd a string matchin the learning
pair. Thisareacouldthenperhapde segmentednto anotheldabeldedicatedor suspiciougissuethatshould
be examinedmorecloselyby a medicalprofessionalWe ervision sucha derivationthatis capableof sucha
procedure.
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