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Abstract

This paperdescribesa methodfor automaticallysegmentingvolumesby exampleusingananalogybased
approach.This approachconsistsof two stages.In the �rst, designphase,a pair of volumesis presented,
wherethe�rst volumeis theraw MRI or CT data,andthesecondvolumerepresentsthesegmentedversion
of the�rst, this combinedpair makesup thelearningdata.In thesecond,anapplicationphase,thelearned
segmentationis appliedto somenew volumein orderto createan“analogous”or learnedsegmentedresult.

Weshow thatthis techniqueprovesto beanaccurateway to automaticallysegmentavolume.High quality
segmentationscanbeaccomplished,evenwhengivenfairly smallsampleor sub-samplesizes.By down-
samplingor sub-samplingthe training datawe areable to accomplishtheselearnedsegmentationsin a
reasonabletime framewith aroundnintey-� vepercentaccurracy.

Webelieve thata tool thatcanlearnhow to segmentvolumesby examplewill provide themedicalcommu-
nity with anothervaluablemeansof managingmedicaldata.Sucha utility would surelyhave applications
in visualization,medicalexaminations,andvirtual surgeries.

Keywords. volumetric,analogy, segmentation,classi�cation,medicalimaging,magneticresonanceimaging
(MRI).
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Figure1: A volumeanalogy. New “analogous”volumeB0 relatesto B in thesameway thatA0 relatesto A.
HereA, A0, B areall inputsto thealgorithmandB0 is theoutput.

1 Intr oduction

Analogy is a reasoningprocessthat peopleusequite often to solve problems,provide explanationsand
make predictions.This paperexplorestheuseof analogiesasa meansof automaticallysegmentingcomplex
medicalvolumetricdata.In particular, weattemptto solve thefollowing problem:

Problem “VolumeAnalogy” Given a pair of volumesA andA0 (the raw MRI/CT dataandthe segmented
volumes,respectively), alongwith someadditionalunsegmentedraw MRI/CT datavolumeB, synthesizea
new segmentedvolumeB0suchthat:

A : A0 :: B : B0

Essentiallywe want to �nd an“analogous”volumeB0 suchthat it relatesto B in thesameway asA0 relates
to A. We describeanapproachthatproducesresultswith a high level of accuracy. This approachis depicted
in (Figure1).

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

This paperstartsout with a brief introductionof theanalogybasedframework in which new segmentedvol-
umesareconstructed.This is followedby abrief summaryof existingsynthesisandsegmentationtechniques
and thendiscusseshow partsof eachof thesetwo disciplinesare pulled togetherfor the learnedvolume
segmentationframework. Datastructuresandalgorithmsthatareat theheartof theanalogyframework are
discussed.Following thesedetailsarethepromisingstatisticalandrenderedresultsof theoutputof this al-
gorithm. Lastly this paperdiscussessomeof thefutureopportunitiesfor this framework. Optimizationsand
tuning of the existing algorithmareoutlined,aswell aspossiblefuture extensionsandapplicationsof this
framework.

2 RelatedWork

Our approachpulls fundamentalsfrom work in both imagegenerationandvolumesegmentation.The fol-
lowing is asurvey of someof theclosestrelatedwork.
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Imagegenerationbuilds off of many distinctareasincludingmachinelearning,texturesynthesis,andimage
basedrendering.

It hasbeena goal sincethe creationof arti�cial intelligenceto build computersystemsthat are capable
of reasoningandsolving problemsby way of analogies.Someof the �rst successfulattemptsat analogy
basedtechniqueswereWinston'swork on reasoningby analogy[17] andEvans'work ongeometricanalogy
intelligence[6]. Morerecentlythisnotionof machinelearninghasbeenappliedto variousareasof computer
graphicsincludingstylemachines[2] andvideotexture[14].

Texturesynthesisdealswith thegenerationof new imagesthatmimic the textureof a givensampleimage.
Sinceits introductionalmosta decadeago[8], muchwork andre�nementhasgoneinto this area.Several
nearestneighborapproaches[3] and[5] have providedhigh-qualitysynthesizedimages.Neighborhoodsof
pixelsconsistingof multi-scalerepresentationson theimages[16] have alsoprovento generatehigh quality
images.Multi-scaleneighborhoodshave alsoproven to generatehigh quality images[1], wherepatchesof
textureareexpandedoutof thetargetimagespace,ratherthansearchingthesampletexturein its entirety.

Segmentationof volumetricdatais anotherareaof active research.Traditionalmethodsof segmentingdata
involve eitherstatisticalanalysisof the data,or rely on trainedindividuals to examineall of the voxels in
the volumeandpainstakinglysegmentandlabel eachareaaccordingly. Early methodsof segmentingdata
[12], althoughrelatively effective, have beenreplacedby moresophisticatedmeansof segmentingvoxels.
Onesuchmodel [4] accountsfor the fact that a given voxel may containvariousmaterialsandnot just a
singlematter. In [7] and[10] theauthorsusestochasticmethodsto generatetransferfunctions.This model
is fundamentallydifferentthanthe previous two in that it tendsto work back-wardsthroughthe rendering
pipelineby �rst analyzingandcomputingcharacteristicsaboutthe�nal renderedimage.

Lastly, this papermoststronglyderivesits work from theImageAnalogiesframework speci�edby [9]. The
ImageAnalogiesframework is a techniquefor synthesizingor generatingnew imagesbasedon theconcept
of an analogy. Hertzmanet. al. usedthis analogyframework to performmany diversetasksin areassuch
as: traditionalimage�lters, improvedtexturesynthesis,super-resolution,texturetransfer, artistic�lters, and
texture-by-number.

Thelastarea,texture-by-number, involveda trainingpair wheretheA imagewasa numberedrepresentation
of theA0image.Thisnumberingschemewasusedto representthevariousfeaturesof theimage.Theexample
imagesof terrainpresented,involvedcoloringtheB imagegreenwherevegetationwasto berenderedin B0,
blue wherewaterwas to be synthesized,black for roadways, andso on. Thesenumbersrepresentedthe
partitionedor segmenteddata.Thispartitiondatawasusedto synthesizevarioustwo-dimensionalexamples.

WeexpandupontheImageAnalogiesframework andtailor ourmodelto segmentvolumetricdataby learning
therelationshipin atrainingpairandapplyingthatknowledgeto deriveanew segmentedvolume.Essentially,
wewill beattemptingto �gure out thesenumbers(thesegmentationlabels)from avolume,ratherthanusing
thelabelsto generateanimage.

3 VolumeAnalogy

De�nitions and Data Structur es

As input, our algorithmtakesa setof threevolumes,theunsegmentedsourceraw MRI/CT datavolumeA,
the sourcesegmentedvolumeA0 andthe unsegmentedtarget raw MRI/CT datavolumeB. The framework
producesthesegmentedtargetvolumeB0asits outputasillustratedin Figure1.

Our approachassumesthatthetwo sourcevolumesareregistered,meaningthattheraw MRI/CT dataat any
givenvoxel at index p in A correspondsto thesegmenteddataat thevoxel locatedat index p in A0. Thisalso

2



holdstruefor theB andB0pair. For clarity, index p will beusedfor sourcevolumesA andA0, while index q
will specifyavoxel in thetargetB andB0pair.

Sincethispaperdealswith segmentationof volumetricdata,theA0andB0volumesbothcontainsegmentation
labels. However with this model,theassociateddatain A0 andB0 is not limited to segmentationlabels,but
rathercanbeany arbitrarydata.Otherpossibilitiesfor suchdataarediscussedlaterin Section6.

In summary, ouralgorithmmaintainsthefollowing datastructures.Raw MRI/CT datavolumesconsistingof
densitiesmeasurementsof A(p) andB(q) areinputs.A segmentedvolumecomprisedof segmentationlabels
of A0(p) arealsoinput. Lastly, thesegmentedvolumeB0(q) is theoutput:

A(p) arrayp 2 SourcePoint of Feature
A0(p) arrayp 2 SourcePoint of Feature
B(q) arrayq 2 TargetPoint of Feature
B0(q) arrayq 2 TargetPoint of Feature

whereSourcePoint and TargetPoint are threedimensionalvoxel locationsin the sourceand target pairs,
respectively.

The Algorithm

Given this notation,thevolumeanalogiesalgorithmis presentedbelow. For every target voxel q in B0 that
is beingcomputed,we take thecorrespondingvoxel neighborhoodcenteredaboutq in B and�nd theclosest
matchingvoxel neighborhoodcenteredaboutp in A. Oncetheclosestmatchingneighborhoodcenteredover
p is foundin A, thecorrespondingsegmentationlabelin A0[p] is assignedinto B[q].

Thisalgorithmcanmorepreciselybedescribedin thefollowing pseudo-code:

VOLUME-ANALOGY(A; A0; B; B0)
1 for eachq 2 B
2 do p  FIND-BEST-MATCH(A; B; q)
3 B0[q]  A0[p]

The FIND-BEST-MATCH function takestwo MRI/CT datavolumesA andB, aswell as the currentq for
which thebestmatchis to befound.

Thisfunctionmaintainsseverallocalvariables.A temporaryscalarvariabledi f f erencecurr is usedtostorethe
currentdifferenceasreturnedby theCALC-DIFFERENCE function(outlinedbelow). Thescalardi f f erencebest
maintainsthebestdifferenceseenthusfarasreturnedby CALC-DIFFERENCE. Initially, thisvariableis setto
positivein�nity andis continuallyre�ned. Also maintainedis closestMatch whichis theindex corresponding
centerof thebestmatchingneighborhood.

Basically, this function searchedthroughthe entirevolumeA andcalculatesthe differencebetweenneigh-
boringvoxelsaroundA(p) andthevoxelsaroundB(q). If thecurrentdifferencebetweenthesetwo setsof
neighboringvoxels is better(lessthan)whathasbeenseenthusfar, thenthis currentdifferenceis recorded
asthenew bestdifference,andthecorrespondingvoxel is alsorecorded.Otherwise,thereis alreadya better
match.In eithercase,processingcontinueswith thenext voxel in A.

Morepreciseoutlineof thisalgorithmis asfollows:

FIND-BEST-MATCH(A; B; q)
1 di f f erencebest  ¥
2 for eachp 2 A
3 do di f f erencecurrent  CALC-DIFFERENCE(A; B; p; q)
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Figure2: A sampleGaussian�lter kerneloveronedimensionalspace.

4 if di f f erencecurrent < di f f erencebest
5 then di f f erencebest  di f f erencecurrent
6 closestMatch  p
7 return closestMatch

Thus,the coreof the algorithmlies in the CALC-DIFFERENCE function. This function takestwo MRI/CT
datavolumesA andB, aswell asthecurrentindicesp andq for which thedifferenceis to becalculated.

In orderto �nd theclosestmatchfor any givenneighborhoodof voxels, theoverall differencebetweenany
two setsof voxelsneedsto becomputed.A threedimensional�lter kernelis appliedto bothneighborhoods
to weightingeachsurroundingvoxel basedon its distanceandimportance.For this paper, wechoseto apply
a threedimensionalGaussianpyramidover bothsetsof voxels.

Theoverall differenceis thedifferencebetweeneachcorrespondingsetof voxels(in A andB) in eachneigh-
borhoodandscaledby theassociated�lter kernelweight. Thesummationof all of theweighteddifferences
underthekernelis returnedastheoverall differencebetweenbothneighborhoodsof voxels.

Again,morepreciselythepseudo-codewouldbeasfollows:

CALC-DIFFERENCE(A; B; p; q)
1 TotalDi f f  0
2 for eachvoxel 2 neighborhood
3 do TotalDi f f  TotalDi f f + jB� Aj � f il terKernel[voxel]
4 return TotalDi f f

Filter Kernel

A Gaussian�lter kernelwasusedto weight the cells that arein the voxel neighborhoodduring difference
computations.A Gaussiankernelwaschosenasit hasprovento work well in othervariousotherreconstruc-
tion works.A one-dimensionversionis shown in Figure2. Thiskernelallows thecellsthatareclosestto the
centerto have themostweight in determiningwhich voxel neighborhoodis theclosestmatch.As cellsget
fartherfrom thecenter, they hold lessandlessweight. In orderto obtaina reasonableruntime,this kernel
wasreducedto consideragivenvoxel andits immediateneighborsonly.

A summaryof the full algorithmis shown in Figure3. It takesin two RAW MRI/CT datavolumesA and
B, anda segmentedversionof A calledA0. A newly segmentedvolumeB0 is generatedin scanline order,
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Figure3: HeretheneighborhoodaroundB[q] mostcloselymatchestheneighborhoodaroundA[p] andthus
A0[p] is recordedinto B0[q] as the bestmatch. In this diagramthe CerebralCortex labeledinformation is
shown in redin theA0andB0set.

by looking at the bestsetof matchingvoxels centeredaboutp in A for eachq in B, andcarryingover the
segmenteddatathatis locatedin A0. In thisexample,thebestmatchingsetof voxelsfor theareaaroundB(q)
is locatedat the highlightedvoxels shown at A(p). The associatedlabel at A0(p), in this casethe cerebral
cortex, is thencarriedover into B(q).

4 SourceData sets

Thedatasetsthatareusedin this paperarederivedfrom theStanfordvolumedataarchive [15]. To limit run
time,bothdatasetshave beendown-sampledfrom theiroriginal size.

TheMRbraindatasethasbeendown-sampledfrom 109slicesof 256� 256pixelsto 54 slicesat 128� 128
pixels. The segmenteddatausedin the MRbrain setwascourtesyof [13]. The CTheaddatasethasbeen
down-sampledfrom 113slicesof 256� 256pixelsto 56slicesat128� 128pixels.

TheMRbraindatasetis segmentedinto four differentcategories:

� CerebralCortex

� Cerebellum

� SpinalCord

� and“other” which is thecatch-allfor everythingthatis notpartof thecentralnervoussystem.
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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 segmentationcanbeseenin Figure5A, wherethevariouspartsof thebrainarerendered
in differentcolors,andany voxelslabeled“other” arerenderedtransparent.

5 Results

Thereareseveralwaysto measuretheresultsof this analogybasedsegmentationtechnique.This paperwill
presentbothquantitative resultsaswell as�gures of renderedsynthesizedsegmentedvolumes.

5.1 MR Brain

Sinceboth raw MRI dataand the segmenteddatawereavailable for the MRbrain set, this setprovidesa
meansto checkthealgorithm.

A smallersub-portionof theoriginal MRbraindatasetfor both theMRI andsegmenteddatais usedasthe
A andA0 volumesrespectively. Then,usingthe original MRbrain datasetas the B volume,we attemptto
generatevolumeB0. Sincethe correctsolution to B0 is alreadyknown (the original segmenteddata),it is
possibleto determinehow accurateof a reconstructionwasaccomplished.

The overall correctnesscan be computedby countingthe numberof matcheswhereB0[q] = Oseg[q],and
dividing thethenumberof callsin thevolume,whereOseg[q] is theoriginalsegmentedversionof theMRbrain
dataset.

Figure4 shows theresultingpercentageof voxels thatwerecorrectlyreconstructedgiventhespeci�edsub-
sampleof theoriginalMRI andsegmentationvolumesthatmadeupA andA0. Thepercentageof thevolume
sampledcamefrom consideringtheGaussianpyramidcenteredat every nth slice,at every nth row, at every
nth column. As the �gure illustrates,fairly accuratereconstructionoccursevenwhensamplingfairly small
sub-sectionsof theoriginalMRbraindata.

Whenusinga large volumeasthe training pair, this algorithmcanbe fairly slow. For the down-sampled
datasets,wheren = 2, it takesapproximatelyeighthoursto generatea new segmentedvolume.However, if
youincreasen, thealgorithmspeedsupdramatically. It takesaboutoneandahalf hourswhenn = 4 andonly
about�fteen minuteswhenn = 8. It is worthy to notethatthesespeedupsarenotdirectlyproportionalto the
quality. A forty fold increasein speedonly resultsin abouta oneanda half percentdropin accuracy. These
runtimeswereobtainedona600MHzIntel PentiumIII.

TheoriginalsegmentedMRbraindata,aswell astheresultingvolumesfor eachof theaforementionedanalo-
giesis shown renderedin Figure5. TheoriginalMRbrainsegmenteddatais shown in Figure5A, andFigures
5B-D aretherenderedimagesfrom n = 2 down to n = 8. In these�gures, thecerebralcortex is renderedred,
thecerebellumis renderedgreenandthespinalcordis renderedblue.

In theserenderedimages,theareasof thebrainarestill relatively segmentedandcoloredappropriatelyeven
astheportionof theoriginalvolumegreatlydecreasesto underonepercent.Takenoteof theartifactsaround
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Figure5: A) Theoriginalsegmenteddata,B-D) arerenderedimagesfrom theMRbrainanalogiesin descend-
ing sub-samplesize.

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
Analogy Other 10,886 2,374 564 801,087

Figure6: Matrix showing detailedanalysisof learnedsegmentationlabels(taken from learnedsegmented
volumewheren = 2).

the restof theskull andfacial tissue.Therearea numberof cells thathave beenmistakenly categorizedas
partsof thecentralnervoussystem.Webelieve thatthesefalseidenti�cationscanbefurtherreducedor even
eliminatedwith a larger�lter kernel(asdiscussedin Section6 ).

Figure6 shows, in moredetail, the resultsof a learnedvolumesegmentation.The columnsrepresentthe
actualdatatakenfrom theoriginalMRbrainsegmentation,andtherowsin eachcolumnrepresentthenumber
of occurrencesthat particulartissuewasclassi�ed with the associatedlabel. The bold-facedentrieson the
diagonalrepresentthe numberof voxels with correctlylearnedsegmentationlabels. For example,the �rst
column would read: for the voxels that make up the Cortex, 43,125of them were correctly classi�ed as
Cortex, with 2,541incorrectlymarked asCerebellum,946 incorrectlymarked asSpinalCord, and10,886
incorrectlymarkedasOther. Thepercentageof correctvoxelspresentedin Figure4 is actuallycalculatedby
takingthesumof thesebold faceentriesanddividing by thenumberof voxelsin thevolume.

These�ndings supportwhatis seenin therenderedvolumes(Figure5). For theCerebralCortex, thenumbers
indicatethat most of the Cortex tissuehasbeencorrectly identi�ed. However, thereis also a signi�cant
portionof theCerebralCortex thatwasclassi�edasOther. Thelighter coloredredCortex is consistentwith
portionsbeingsegmentedasair, andthussubtractingfrom thebrightness.TheCerebellumwasalsomostly
correct,however, signi�cant portionsweremistakenlyclassi�edasCortex andOther. This is consistentwith
the lighter greenCerebellumcausedby theadditionalair, aswell asa hint of red from the incorrectCortex
labellings.TheSpinalCordwasthe leastcorrectlyguessedof the four classi�cations.Thehigh amountof
incorrectCortex andOtherguesses,servesto bothlightenthebluefrom theBrain Stem,andalsoaddsmore
redinto theregion. Finally, theOthercategorywasthemostcorrectlygeneratedlabel.A smallportionof the
OthercategorywasincorrectlylabeledasCortex, whichexplainstheadditionalredat thebottomof thehead.

Therearetwo observationsthatwe would like to make regardingthis dataandtherenderedvolumes.First,
we believe that part of the high level of inaccuracy for the Brain Stemis causedby poor sampling. The
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Figure7: Illustrationof symmetryandtwo voxel neighborhoodswith exampledatalabels.

Brain Stemis the smallesttissuein the original volume,andsamplingoneout of every eight voxels only
considersa very smallsub-section.Second,regardingtheportionof Otherthatwasincorrectlyclassi�edas
Cortex, we believe thatthis is partiallydueto inconsistenciesin thevolume.Lookingcloselyat Figure5, all
of the renderingshave a slightly lighter color (especiallynoticeableon theblackbackground)on the lower
third of theimage.At this point in thevolume,theaverageMRI/CT databecomesslightly moredense.The
amountof rednessbelow this line signi�cantly increases,asa resultof the incorrectCortex labelingdueto
theinconsistency.

Considernow that the segmentationdataprovided asthe learningpair is not distributedevenly acrossthe
entirevolumeasin the left portionof theheadthat is given in A andA0 asshown in Figure1. Thehuman
brainautomaticallyseesthatthevolumerepresentedin thesourcepair is theotherhalf of theheadthatis the
targetvolumeB. However, this requiresspecialconsiderationwhengeneratingnew volumes.

For example,Figure7 illustratesa crosssectionof this problem.Assumethateverythingon the left sideof
thesymmetryaxisis givenasasourcevolumeA andeverythingontheright sideis givenasthetargetvolume
B0. So let us considerthecasewherethevoxel neighborhoodon the right sidearoundq is beingmatched,
andCALC-DIFFERENCE is beingcalledto comparetheneighborhoodsaroundA(p) andB(q).

If this symmetryis not considered,thenthedifferencewill becomputedas,

jbrainb � airaj � c1 + jskullb � skullaj � c2 + jairb � brainaj � c3,

wherecn is the appropriatescalarconstant.In this case,the �rst andthird differenceswill be ratherhigh
sincebothof thesearetaking thedifferencebetweentwo differentmaterials(brainandair). This resultsin
a high differencebetweenthese2 neighborhoods.Whereas,if this symmetryis consideredwhenexamining
the neighborhoodin A aroundp, the neighborhoodcanbe mirroredto mimic the missingright sideof the
head.Thusthedifferencewill bemorecloselycalculatedas,

jbrainb � brainaj � c1 + jskullb � skullaj � c2 + jairb � airaj � c3,

again wherecn is the appropriatescalarconstant.The resultof this secondcomputationwill yield a much
closermatch,asall of theindividualdifferencesarebetweenlikematerials.Obviously, thisassumptionis not
appropriatefor all data,suchasthehumanmidsectionwheretheorganstructureis asymmetric,however, it
canimprove synthesisof symmetricorganssuchastheheadandextremities.

Sincethehumanbody is symmetrical,for themostpart, this fact canbeexploited to our advantage.If we
further take into accountthis fact, we essentiallyobtainextra dataout of the A andA0 datasets,by also

8



Figure8: An examplerenderingwheretheknown symmetryof thedatais alsoconsidered.

takingthemirror of thesedatasetsaboutthemajoraxis. A compositedimageof sucha generatedvolumeis
illustratedin Figure8.

5.2 CT Head

Oneof our original goalswasto automaticallysegmenttheCTheaddatasetfrom theexamplelearnedfrom
theMRbraindataset,whichhadbeenmanuallysegmentedby hand.Attemptsto segmenttheCTheaddataset
werenotmetwith thesamesuccessastheMRbraindataset.Weattributethis lackof successto thefailureto
producea high-qualityA' for the learningset. We performedthreevariousmethodsof runningtheCThead
datathroughouranalogiesmodel:

Initial dataset.Theinitial segmentationattemptfor theCTheaddatasetfailedcompletelywith no apparent
connectionbetweenheador brain structure. Sincethesevolumeswereacquiredfrom different recording
devices,therangeof datafor thetwo volumeswasnot consistent.Sincethedifferencebetweensimilar cells
couldbevery high andthedifferencebetweendistinctcellscouldbe low, theresultingsegmenteddatawas
notcorrect.

Simplescaleddataset.Thenext stepwasto scaletheB CT datainto thesamerangeastheA MRI data.This
alsoproducedpoor results. Objectsin the volumesuchasmetalrods,�llings, etc. introduceoutliersthat
throw off theanalogyandcouldskew theentiresetof results.

Statistically adjusted dataset. Finally, falling backon thestatistics,it makesthemostsenseto look at the
histogramsthatrepresentthedistribution of voxelsover therangeof possiblevalues.Overall, if considering
dataof thesamenature,it makessensethat thesehistogramsshouldlook assimilar aspossible.However,
whenexaminingthequantityanddistributionsof thepeaksin boththeMRbrainandtheCTheadhistograms,
thereseemedto bemany moreinconsistenciesbetweenthetwo humanheadsthanexpected.

Scaling,shiftingandattemptsatvariousothertechniquesto bestalignthedataall failedto producesegmented
volumesthat were believable. Without well aligneddatawe observed that the volume analogyfailed to
producereasonablysegmentedvolumes.We believe thatsucha task,if possible,is well beyondthescopeof
this paper. Anotherpossiblecauseof this disproportionatedatacouldbedueto thepartially removedskull
in oneof thedatasets.Sincea substantialportionof theskull is gone,this hastheeffect of replacingbone
with air in oneof thevolumes.This is de�nitely acontributing factorin thelargedifferencebetweenthetwo
histograms.
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5.3 Challengesand Considerations

Herewe will outlinesomeof thechallengesandspecialconsiderationsthataroseduringthecreationof our
volumeanalogiesframework.

As mentioned,the lack of properly alignedand distributed volumesproved to be a hurdle that we were
unableto easilyovercome.We suspectthatvolumescomingoff of thesamecapturedevice would have less
of aproblemwith thealignmentanddistributionof data.

In orderto bring theruntimesdown to a reasonablelevel, theGaussiankernelhadto besigni�cantly scaled
back. We had initially tried a kernel that consideredat leasta 5 � 5 � 5 neighborhoodarea. This results
in 125 voxels,eachof which would have to have its differencecomputedto its correspondingvoxel in the
comparisondataset. This amountof computationfor eachcell in our volume datasetsdid not allow for
reasonableruntimes,thusthiswasscaledbackto only considerimmediateneighbors.

In orderto allow theanalogyto run in anacceptableamountof time, a multi-scaledre�nementto segment
thedatawasalsosetaside.In thecurrentimplementation,only the�nest level is beinggenerated.

6 Discussionand Futur eWork

In this paper, we have discusseda framework for segmentinga volumeby exampleusingan analogy. We
have shown that this methodproves that analogybasedsegmentationof volumetricdatais possible. The
resultspresentedfor this modelarereasonable,andareevenmorepromising,in that future re�nementand
tuningof thisapproachmayyield evenbetterconstructedsegmentations,or evenotherapplications.

Thereis still muchwork that needsto be done,both in improving the approachdescribedhere,aswell as
experimentingandinvestigatingotherapproachesto synthesizingvolumetricdata.Hereis abrief list of some
of theareasof futurework thatwewish to pursue:

Speedingup thealgorithm. Theperformanceof thisalgorithmis fairly slow. Thetimeanalysisof thecurrent
implementationis bestdescribedastheproductof the trainingpair A, A0 sizeandthe targetpair B, B0 size.
Usingthecurrentimplementationof thisalgorithmonthesedown-sampledvolumestakesanumberof hours
to generatethe segmenteddata. Introducingan algorithmsuchasan approximate-nearest-neighborsearch
(ANN) could reducehalf of the problem,(searchingthroughA for the bestmatch)down to a logarithmic
orderandwould surelyresultin a signi�cant speedup.Anothertechniqueto speedupthematch�nding is to
usea FastFourierTransform(FFT) basedmethod.Recentwork by [11] shows speedupsof around120fold
for �nding matchesin a 150� 100� 30 videosequence,reducingthematch�nding time from 10 minutes
down to 5 seconds.Finding the bestmatchfor a particularcell in a threedimensionalvolumeand�nding
thebestmatchfor a givenpixel in a videois a very similar problem.We anticipatethatsuchgainswould be
reproduciblefor ourproblem.

Tuning and impr oving the algorithm. Sincethealgorithmwasworking on a ratherlargedataset,several
desirablefeatureshadto be removed or cut backin order to completethis project in a timely matter. For
example,the Gaussiankernel that wasusedin the differencecomputationshadto be scaledbackfrom its
original sizeandcomplexity. We believe that this is oneof thereasonsthatoutliersareseenin therendered
images. Sucha scaledbackkernel �lter resultsin falseguessesthat causetheseoutliers to be segmented
incorrectly. A larger �lter size would in fact be able to bettercapturethe larger scalestructure,and cut
backsuchinconsistencies.Wealsobelieve thatsuccessfulintegrationof amulti-scaledapproachwouldhelp
capturethehigh level structureaswell.

Generationof other forms of data. This paperpresentedanapproachfor analogousbasedsegmentationof
volumetricdatawherethecontentsof A0wereessentiallylabelsthatrepresentedthesegmenteddatafrom A.
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Anotherlogical choiceto segmentationlabelswould be a color model. It would be fairly straight-forward
to adaptthis algorithmto work for an RGB[A] color scheme.The Visible HumanProjectat the National
Instituteof Healthmakesavailablevery high resolutionMRI/CT andRGB datafor both maleandfemale
cadavers.This RGB datawasobtainedusingdestructive techniques(slicing andphotographingthecadaver)
andthuscouldnot be replicatedfor a living patient. However, nondestructive datagatheringsuchasMRI
or CT could be usedwith suchan approachto visualizethe inside of a patient,and could be of usefor
applicationssuchassurgical visualization.

Generation of higher order data sets.Generatingvolumetricdatawasa logical expansionuponprevious
ideasof imagesynthesisandgeneration.By takingthedimensionalityastepfurtherto four dimensions,some
otherapplicationspresentthemselves.Datasetsthatstudy�uid dynamicssuchasturbineair �o w or the�o w
of liquid throughobjectscouldbeusedto createnew analogies.For example,supposefor a givenstationary
object(A), thereexists dataabouthow some�uid �o ws aroundthis objectA0. Then,given anotherobject
(B), would it bepossibleto take theA andA0pair andconstructwhatthe�o w of some�uid would look like
(B0) over this new object?Therehasalsobeenrecentwork donein animationof theaforementionedVisible
Humandatasets,whereagain thereis astationaryobject,in thiscasetheMRI data(A). Then,giventhethree
dimensionalstreamthatis theanimateddata(A0) andanew MRI model(B), would it bepossibleto generate
anew animationstream(B0) for thenew model?

Automatic abnormality detection. In thiscurrentapproachwherethebestmatchis foundfor agivenvoxel
neighborhoodandthensynthesized,thestrengthof thematchis not used.In otherwords,even thoughthe
scoreis temporarilyrecordedwhile �nding the bestmatch,the result of that scoredoesnot propagate to
theoutputvolume,andis never seenby theend-user. This datacouldbeusedbene�cially. What if, rather
thansimply throwing away thestrengthof thematch,this informationwasrecordedasjust that,thestrength
of the match. In otherwords,how sureis the algorithmthat this particulardatashows up in the original
set?We proposethatanacceptablemaximumdifferencecouldbesetsuchthatany datathatdoesnot meet
a minimum matchscoreis �agged, perhapsfor humanreview. Considerthe following analogy: Assume
that the algorithmis given MRI or CT dataof normalhealthy tissue(A) andthe segmentedversionof that
volume(A0), whereall of thedatais accountedfor (labeledasnormalhealthy tissue).Then,imaginethatthe
algorithmis givenanothervolume(B), wherethe tissuecontainsabnormalities,suchastumorousmaterial.
Whenthealgorithmencountersthe tumorousmaterialit will struggleto �nd a stringmatchin the learning
pair. Thisareacouldthenperhapsbesegmentedinto anotherlabeldedicatedfor suspicioustissuethatshould
beexaminedmorecloselyby a medicalprofessional.We envision sucha derivationthatis capableof sucha
procedure.
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