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Abstract

This paperdescribesBM3D: a methodfor the analysisof motion
in time dependentolumedata. Fromthe sequencef volumedata
setsasequencef vectordatasetsrepresentinghe movementof the
datais computed A blockmatchingiechniques usedfor therecon-
structionof datamovement. The derived vector eld canbe used
for thevisualizationof time dependentolumedata. The methodis
illustratedin two applications.

CR Categories and Subject Descriptors: 1.3.3 [Computer
Graphics]: Picture/ImageGeneration;.3.6 [ComputerGraphics]:
Methodologyand Techniques

Keywords: featuretracking, vector elds, volume visualization,
biomedicalimaging.

1 Introduction

Visualizationandanalysisof time dependentolumedatais of key
importancefor understandingf mary scienti ¢ problemssuchas
confocalmicroscoy andmaterialtransportsimulations,e.g. uid
mixing, convection and comhustion. An importantaspectin all
problemsis movementor transportof data. However, in the vol-
ume dataitself no explicit information aboutmovementis avail-
able. Animatedvolumerenderingtechniquesarenot sufcient for
understandingomplex movementpatternsn the data.

We presentBM3D: a generalmethodfor motion estimationin
time dependentolumedata.Our objective is to estimatea velocity
for all positionsin avolume.We assumeahatmotioncanberecon-
structedfrom patternchangedocal to thesepositions.BM3D can
be appliedto ary time dependentolumedata. It is usefulin vol-
umeswherecomplex movementsoccur suchasreoganizationor
mixing, andwhereno knowvledgeaboutthe movementis available
from othersources.

The outputof BM3D is atime dependentector eld. Standard
vector eld visualizationtechniquescan be usedto visualizethe
vector eld. Streamlinesor texturetechniquesanbeusedto shav
velocity ata particularmoment.Particle pathscanbe usedto shav
movementpathsof objectsof interest. In addition, the resulting
vector eld cansene asabasisfor dataanalysis.The trackingof
afeaturein the original volumedatais reducedo the computation
of a particlepathin the generatedrector eld. Also, material ux
throughanarbitrarysurfacecanbe easilydetermined.

2 Related work

The derivation of a vector eld from two dimensionaimagedata
wasintroducedasoptical o w by Gibson[1]. Optical ow is the
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distribution of apparentelocitiesof mavementof brightnesgat-
ternsin animage. It givesinformationaboutthe spatialarrange-
mentof the objectsin theimageandthe rate of changeof this ar

rangement.The computationof anoptical ow eld from digital

imagesequencesvas addressedby Horn et al. [2] and Nagel[3].

Thesealgorithmsuseintensity gradientsin the spatialandtempo-
ral domainincombinationwith additionalconstraintgo obtainthe
velocity. Onechoicefor additionalconstraintss the minimization
of the velocity gradientsto ensurethe smoothnessf the velocity

eld. However othercriteria dependingon the applicationcanbe
used.

Anotherapplicationareais video processing..For example,in
MPEG encodingmotionis estimatedusing predictionvectors[4].
The primary goalsin video processingare compressiorand pro-
cessingaskssuchasde-interlacingandframerateinterpolation.

A populartechniquefor implementingvideotransmissions the
block-matching(BM) algorithm[5]. The underlyingidea of the
BM-algorithmis thateachimageframeis dividedinto a x ednum-
ber of squareblocks of pixels. For eachblock, a searchis made
in a referenceframe for a matchingblock. The searchis for the
'‘best' matchingblock. Bestcanbe de ned as minimizing either
meansquaredifferencesor meanabsolutedifferenceof pixelsin
the matchingblocks (see gure 1). Typical block sizesarein the
orderof 16x16pixels,andthemaximumdisplacementnightbe 64
pixels from a block's original position. Several searchstrateies
are possible,rangingfrom exhaustve searchto varioussampling
mechanismgs6].

Figure 1: Block matchingalgorithm: movementis computedby
determiningthe bestmatchusing a block of pixels. From left to
right: dataat time step , dataat time step , bestmatching
blocks (stippled boxs) and displacementectors(arravs) for two
blocksin thedata.

A well known visualizationmethodfor gaininginsightinto time
dependentlatais featuretracking, [7, 8]. Thesealgorithmscon-
siderfeaturetrackingasa two stepprocess.First, in the detection
phasefeaturesextractedfrom eachtime stepin the data. Features
aredescribedy featureattributes. Then,in thetrackingphasethe
correspondencef featuresn successie time stepsis usedfor the
determinatiorof tracks.Correspondendeetweerfeaturess deter
minedby thresholdson the featureattributes. Often the notion of
evolutionaryevents,suchassplit, mege, birth anddeatheventsare
usedto describethe evolution of features. Additional correspon-
dencecriteriamaybeformulatedin caseof evolutionaryevents.

Our work differs from the previous work on block matchingin
two ways. First, the two dimensionaBM algorithmis generalized



to threedimensions Insteadof pixelsvoxels areused,insteadof a
2D searchwindow a 3D spaceds searcheda 3D matchingblock of
voxelsis used etc. Secondijn contrasto videotransmissiorwhere
the goal is imagecompressionpur goal is to accuratelyestimate
motion in the volume datasets. The goal of video transmission
algorithmsisto searctfor (large)blockdisplacements asequence
of images.In contrastBM3D computesvelocitiesatlocations.

Comparedo featuretracking,the BM3D generatedrector eld
doesnot rely on the de nition of a featureandfeaturecorrespon-
dences.Instead motion vectorsare computedoy matchingblocks
of data. A matchingoperatoris usedto computecorrespondences
in theraw data.

3 BM3D Method

The objective is to computea motionvector ataposition for a
particulartime step . Thisis achieved by comparinga datablock
atposition attimestep with anumberof displaceddatablocks
in thevicinity of attime step . The motion vector will
bechoserto bethedisplacementectorof the'bestmatching'data
block.

Statedmoreformally, the objectveisto nd athemotionvector

whichdisplaceshedataatposition attime toaposition

attime . Thedisplacement is thenthesoughtmotionvector
A minimizationproceduras usedto computeddisplacement.

We rst dene  as being a data block matching operator

. The block matchingoperatoris a metric

whichis usedto comparewo datablocksbasedon voxel valuesin
theblock.. Two blocksarede nedto bematchif  resultsin alow
valueandarede ned not to matchif  returnsa high value. We

denote as:

(1)
in which is adatablock in the datasetattime centered
aroundposition , is adatablockin the datasetat time

centeredaroundposition . Both blockshave the samesize.

Finding the displacement is realizedby computingthe mini-
mum of the setof block matchedn the vicinity of ; i.e. thedis-

placement for thesmallestelemenbf theset
@

in whichthe displacementectors arechoserfrom a searchwin-
dow positionin thevicinity of

This processs repeatedor all positions in thevolumeto con-
structavector eld for onetime step.To constructitime dependent
vector eld, theprocesss repeatedor all time steps.

We illustratethe methodin 2D (see gure 2). A datablock
aroundposition is matchedwith 4 datablocksdisplacedht differ-
entpositionsattime . Eachblockis highlightedwith aunique
color. For clarity, only four blocksaredravn; however, all blocks
in the searchwindow will be tested. The resultof the matching
operatoris shavn in the lower partof the gure. In this example
we choosematchingoperatorto be the sumof the absolutediffer-
encesthe voxel valuesin the block. The right mostblock hasthe
minimumvalue.

The pseudoC-code for the block matching algorithm is as
follows:

void BM3D (timestep T)
voxel X dataset (T))

SEARCHWINDOWand GRANULARITY

-
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Figure2: BM3D illustratedin 2D : ablock positionedat attime

is matchedwith 4 datablocksdisplacechat differentpositionsat
time . Theresultof thematchingoperatorfor eachdisplaced
blockis shavn in thelower partof the gure.

value =
if (value < minval)
minval = value;
motion  vector ;

The BM3D algorithmsweepsover all voxels andappliesthe
block matchingoperatorto blockspositionedat  with blockspo-
sitioneda in which is chosenfrom a searchwindow. The
methodof choosingthe displacementector from a searchwin-
dow depend®nthe searchstratgyy andits granularity

A numberof parametersccurin the algorithm. Here,thein u-
enceof parametersn thealgorithmandtheresultis discussed:

matchingoperator

The matchingoperatorusually found in 2D block matching
algorithmsis thesumof theabsolutepixel differenceghedata
blocks.

In the currentBM3D implementationthe absolutevoxel dif-
ferencescaledwith aGaussianweightingfunctioncenteredat
thepointof interestis used;j.e.

@)

Themotivationis that,in contrastto the 2D algorithmsused
for video compressionBM3D is interestedn the motion at
a particularposition. The datavariationcloseto this position
is moreimportantthanvariationsfurther avay. Therefore,a
Gaussiamweightingfunctioncenteredat the positionof inter-

estis usedto scalethevoxel differences.

sizeof thematchingblock.

The block matchingoperatorcomparesll voxel valuesof a
datablock at a particularpoint with voxels of a datablock at
adisplacedpoint. The largerthe sizeof the block, the larger
theregionis usedto determinethe motion.

The block size hasan optimumwhich dependsn the char
acteristicsof the data. One one hand, matchingsingle vox-
elswill allow the sameor almostthe samevoxel valueto be



matched.On the otherhand,if theblock sizeis too largethe
averagemovementof aregionis calculatecandnotthe move-
mentat a particularposition. The optimumblock sizewill be
the onethat matcheghe voxel patternsin the neighborhood
of the positionof the block.

In ourimplementationthescalefactor(  in equatior3) used
in the matchingoperatoris proportionalto the block size.

searchwindow

The searchwindow is the areawhich is searchedor the dis-
placementvector The size of the searchwindow shouldbe
atleastaslarge asthelargestdatadisplacemenbetweertwo
time steps.For example,if datarepresentéastmoving media
alarge searchwindow mustbechosen.

displacementectorgranularity

Until now, we have assumedhatthe sizeof the displacement
vectoris a multiple of voxelsin the volume. However, data
movementis notrestrictedto only completevoxels. By using
tri-linear interpolation,datablocks can be comparedat sub-
voxel resolution.Hence the block matchingoperatorcanbe
computedor arbitrarysizeddisplacementectors.

Granularityis a metric thatis usedto restrictthe numberof
displacementectorsin the searchwindow. It de nesthepo-
tential displacemenbf a vectorwith respecto the size of a
voxel. For example,a granularityof 1.0 relatesto displace-
mentvectormeasuredn entirevoxels. A granularityof 0.5
relatesto displacementat half the sizeof avoxel.

Figure 3 illustratesthe notion of displacementectorgranu-
larity. In theleft image the displacementectorgranularityis
equalto thesizeof avoxel. In therightimage thegranularity
is equalto half the sizeof a voxel. Hence,the displacement
vectorgranularityis 0.5.

Figure3: Displacemenvectorgranularity: The granularityin the
left imageis 1.0. The granularityin the right imageis 0.5. Dots
shav positionsof blocks, arravs shav some possibledisplace-
ments.

3.1 Search strategies

Theperformancef the BM3D algorithmis dependenbn thenum-
ber of block matcheshat are performed. In general,a searchof
the completedatasetmustbe performedin orderto determinethe
displacemenvectorfor the block matchingoperator This results
in block matchesn which s theresolutionof the data
set. A standardnethodof decreasing is by introducinga search
window positionedaroundthe pointof interest.In practice thesize
of thesearchwindow is choserto be smallerthan

The currentBM3D implementationusestwo different search
stratgiesto determinethe displacemenvectorin the searchwin-
dowv. The rst strat@y is a straightforvard exhaustve search.

Blocksarecenteredroundadisplacementectorin thesearchwin-
dow.

The secondstratgy usesa two level steepesascenimethodto
guidethe searchalonga pathto the bestblock match. Insteadof
the exhaustve searchof all the displacemenvectorsin the search
window, only the 26 blocksadjacento the currentpositionareex-
amined.Theblock with the minimum block matchingvaluefound
is taken asthe new currentposition. The processs repeatedin-
til no lower valueis found amongadjacentblocks. The rst pass
of the steepestascentusesdisplacementector granularityof 1.0.
Thisis followedby a secondbassin which thedisplacementector
granularityis setto the granularity

3.2 Test Results

Arti cial datasetsweregeneratedo studytheaccurag andperfor
manceof BM3D. Themovementof thedatain thesedatasetssim-
ulatethe movementof a paramterizedsaussiarfunction ;i.e. a
blobwith aninitial position,velocity anddiffusionrate. Theparam-
etersof theGaussiarare:initial position , initial size , velocity
, intensity , anddiffusionrate . Diffusionwasusedbecausét
is anoftenoccurringphenomenoin volumedata.Diffusionis ap-
proximatedby decreasinghe maximumintensityin combination
with anincreasingolob sizesuchthattheintegral over all intensity
valuesremainconstant. The following equationwas usedfor the
Gaussiarfunction:

(4)

Eachgeneratedestdatasethasa resolutionof 64x64x64.32 time
stepswerecomputed.
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Figure4: Vectorplots of onetime stepfrom the moving Gaussian
testdatasets.Imageon theleft representshe Gaussiarwith initial
translationspeedand a diffusion rate of 0.0. Imageon the right
representshe Gaussiarwith initial speedof andadiffusionrate
of 0.05.

A numberof testswith varyinginputdataandparametesettings
were performedto gain insightin the accurag and performance
of the algorithm. Figure 4 shavs two vector plots of a 2D slice
of the BM3D generatediector elds. In theleft image,theinitial
parametersf were setto and

. In this case the Gaussiamrmoves at a uniform speed
in the directionof theinitial velocity. In theright imagethe initial
parametersf weresetto and

. In this case the motionis completelydeterminechy
thechangeof shapeof the GaussianTheradiusincreasesvertime
basedn diffusionrate.

In the casethatthe diffusionrateis equalto O, theinput veloc-
ity canbe comparedo the BM3D computedvelocity in the vector



eld. Theerroris takento bethe averagelengthof the difference
betweertheinput velocity andBM3D vectorat every voxel;

— ()

in which is the input velocity at voxel and is the
speedBM3D computedspeedat voxel . Tablel takulatesthe er
ror for threedifferentblock sizes,two searchstratgiesandthree
displacementvector granularities,for the test datasetin which

and . Fromthe datait can
beseerthatdecreasinghedisplacementectorgranularityalsode-
creaseshe averageerror. Also, increasinghe block matchingsize
decreasehe averageerror. Finally, the error causedby using hill
climbing searchis negligible comparedo the error madeby the
exhaustve searclstrat@y.

granularity=0.05 | 3x3x3 | 5x5x5 | 9x9x9
exhaustve 0.055 | 0.016 | 0.0013
hill climbing 0.061 | 0.016 | 0.0013
granularity=0.3 | 3x3x3 | 5x5x5 | 9x9x9
exhaustve 0.11 0.11 0.10
hill climbing 0.12 0.11 0.10
granularity=1.0 | 3x3x3 | 5x5x5 [ 9x9x9
exhaustve 0.20 0.21 0.20
hill climbing 0.20 0.21 0.20

Tablel: Averageerrorof varyingblock sizes searchstratgies,and
displacementectorgranularities.

Table 2 shaws the performanceof the BM3D methodfor three
differentblock sizesandtwo searchstratgjies. The performances
measure@sthetime spent(in milliseconds)o computethemotion
of thedataateachvoxel. Thetotaltime of BM3D canbecomputed
by multiplying this valuewith thenumberof voxelsandthenumber
of time steps. The table shavs that for both strateies the time
neededs linear over the numberof voxelsin the matchingblock.
In addition,usingthehill climbing searchstratey is approximately
afactorl00fasterthanthe exhaustve searclstratayy.

3x3x3 | 5x5x5 | 9x9x9
exhaustve search 58.1 | 222.1 | 796.3
hill climbingsearch| 0.56 2.3 9.0

Table2: Performancéin millisecondspervoxel) with varyingthree
block matchingsizesandtwo searchstratgyies.

4 Applications

4.1 Convection

A time dependentiatasetof corvection o w —thecirculatorymo-
tion that occursin a uid at a nonuniformtemperatureowing to
thevariationof its densityandthe actionof gravity — in the earths
crustwasobtainedrom a numericalsimulation* doneby Dr. Jorg
Schmalzl Instituteof GeophysicsMiinsterUniversity Thedataset
consistsof 30 time stepsat a resolutionof 128x128x64.Figure5
shaw four volumerenderingof the dataset. Regionsof hightem-
peraturemove upwardsfrom the bottomto the top, while regions
of low temperaturenove downwardsfrom thetop to bottom.

1Thedatawaskindly provided by Klaus Engel,University of Stuttgart

Figure5: Fourtime stepsof the corvectiondataset. Volumeren-
deringis usedto shav thescalar eld.

BM3D wasappliedto the convectiondataset. Thehill climbing
searchstratgy with ablock matchingsizeof 5x5x5andadisplace-
mentvectorgranularityof 0.05wasused.Equation3 wasusedfor
theblock matchingoperator A wide paletteof vectorvisualization
techniqgueshave beenimplementedo visualizethe BM3D gener
atedvector eld.

Figure6: Particlepathsarrav plots,andvectormagnitudeareused
to depictvariousaspect®f thevector eld.

Figure®6 illustratesthreetechniques A slice of the vector eld
is taken at attime . Red, blue and gray regions
aredravn on a planeto representhe magnitudeof the motionper
pendicularto the plane. Red denotesupward o w, blue denotes
downward o w, graydenotedimited o w.

An arrow plot (drawn assmallyellow arraws) is dravn from a
dataslice taken at attime . Arrows representhe
o w magnitudeanddirectionat eachvoxel in theslice.

Particle pathsare shavn asred/whitesggmentedtubestaken at
anumberseedpoints(shavn assmallblue spheres)Smallarrovs
aredrawn at endpoint of particlepathto indicatedirection. Each
segmentof the particlecorrespondsvith two time stepsin the data.
Seedpointsarechosenon a grid-like patternon the cutting plane.
Particle pathsrepresenthe motion of the seedpointthroughouthe
time steps.Note thatthe lengthsof the particle pathsandthe path
segmentsvary.



4.2 Chromatin decondensation

We have usedBM3D to analyzethe movementof chromatindur-
ing formationof the cell nucleusof a newly formeddaughtercell.
Chromatinwas visualizedin living cells and movementwas fol-
lowed using 3D confocalmicroscoy. Denselypacled areasof
chromatinare usedto analysethe movementof the entire chro-
matin. The denselypacled areasarerepresente@shigh intensity
levelsin thedata.

Figure7: Six volumerenderingshav movementof compactchro-
matindomainsasconcentratiorvariationsover time.

The datasetconsistedf a seriesof 134 3D datasets.Eachtime
stepconsistsof a stackof 64 optical sectionsof 256 256 pixels.
Dueto physicalcharacteristicef aconfocalmicroscopeheoptical
resolutionalongthe z-axisis four timeslessthanin the x-y plane.
The 3D imagesare correctedfor this by scalingin the z-direction
duringrendering.

Figure 7 shaw six volumerenderingsof the dataset. Densely
pacled areasof chromatinarerepresentedshigh intensityvalues
in thedata.

BM3D was appliedto the decondensatiomlataset. The hill
climbing searchstratgy, a block matchingsize of 5x5x5, a dis-
placementvectorgranularityof 0.05,andequation3 wereusedas
parametersFigure8 shavs how the original datacanbe combined
with the BM3D generatediector eld. < Volumerenderingof the
original dataarecombinedwith particlepaths.Seedbointsarecho-
senby usinga featuredetectorto nd pointsof high intensitiesat
time . Thesepointswere usedasthe seedpointsfor the
particlepaths.Thecomplex movementof chromatincanbe studied
by following particlepaths.

5 Discussion

BM3D is atechniquausedto generatetime dependentector eld
thatrepresentthemovementof datain time dependentolumedata
sets. Insight into thesemovementscan be obtainedby applying
standardrector eld visualizationtechniqueso thevector eld.
Variousparametersreusedto drive BM3D. For asimplearti -
cial datasetwe have shawvn thattheerrorsmadeby BM3D depend
onthevalueof thedisplacementectorgranularity block matching
size,andsearchstratgy. In realdata,however, parametesettings
dependonthecharacteristicef thedata:

Thesizeof thematchingblock shouldbechosertore ect the
variation of velocity changesn the data. In datawith large
velocity uctuations over spacea smallblock sizeshouldbe
chosen.In datain which thevelocity is moreuniform, larger
blockscanbeapplied.

2Seealsothesupplementarf!PEG g8.mpg for ananimation.

Figure8: Combiningvolumedatawith particlepaths.

Thesizeof thesearchwindow shouldbe choserto re ect the
maximumyvelocity occurringin the data;i.e. the maximum
displacemenof the dataremainswithin the searchwindow.

The granularityof the displacemenvtectoris a trade-of be-
tweenperformanceandtheerror A ne granularityresultsin
amoreaccurateeconstructionbut will requiremorecompu-
tation.

Thematchingoperator shouldtake specialpropertieof the
datainto account. Equation3 implementsa weightedsum
of absolutedifferencesof the voxels in the datablocks. In
casesn which massconseration holds,the total massof the
comparedlockscanbeusedasa metric.

As shawvn in section3 the additionalerror dueto using hill
climbing searchis negligible for uniform data.However, data
setswith high frequenciesmay resultthat the hill climbing
algorithmwill iterateto alocalminimum. In suchdatasetsan
exhaustve searchmayleadto betterresults.

Sincethereusuallyis no a priori knowledgeaboutthe character
istics of the datawhich in uence the parametesettings.testruns
are usually required. Several approachegan be utilized to gain
insightin to quality of thevector eld: First, visualcomparisorof
animationsf theoriginal datawith pathsgeneratedrom thevector
data.Secondananalysisof the matchingerrors.High errorvalues
indicateproblemsin matching. The lower the valuethe betterthe
match. Third, usingknown propertiesof the datato validatethe
eld. Forexample,if somedatathetotal ux throughsomesurface
is knawn, this value canbe comparedo the ux calculatedfrom
thegeneratedector eld.

The BM3D generatedector eld neednotonly be usedfor the
visualizationof datamovement. Thevector eld canalsobe used



for dataanalysis.In particular we give examplesof thevector eld
canbe usedfor featuretrackingandthe modelingof physicalphe-
nomena.

In [9], we have presentedninteractve featuretrackingsystem
andits usefor the analysisof chromatindecondensationin this
method,featuresaredescribedaspointsin a multidimensionakt-
tribute spaceand distancesetweenpoints are usedas a measure
for featurecorrespondencelracksareconstructedy linking cor-
respondingeatures We have alsoappliedBM3D to the samedata
setandcomparedheresultswith our featuretrackingmethod(see
Section4.2 for a descriptionof the data). Figure 9 shavs 8 green
tracks(obtainedfrom our featuretrackingmethod)combinedwith
8 red particle paths. At time 8 features(local maximum
intensityvaluesin the data)belongingto the longestfound tracks
wereselected.The positionsof the selectedeaturesvereusedas
seedpointsfor particle pathstracedforward andbackwardin time
usingthevectordata.A volumerenderingof the chromatindataat
time is superimposedver the paths.

It would be expectedthat the computedpointsin the feature
tracksandparticlepathswould beroughlythe same Althoughthey
obviously arenot, gure 9 shavsthattheshapeanddirectionof the
tracksandpathsarevery similar. ® Therearethreepossibleexpla-
nationsfor thesedifferencesFirst, the featuretracksarenotall the
samelength. Sometracksterminatebecause correspondingea-
turecouldnotbefoundin afollowing time-step.Secondjncorrect
correspondences thefeaturematchingalgorithmmayoccur This
problemis inherentin natureof the multidimensionakpaceof our
featuretrackingsystem Finally, integrationerrorsmayaccumulate,
resultingin incorrectparticlepathcomputation.

Figure9: Featuregracks(green)andparticlepaths(red).

It canbe arguedthat BM3D hasa numberof adwantagesover
the featuretracking algorithm. First, BM3D doesnot rely on the
de nition of a feature. Instead, movementis computedusingthe
underlyingdata. Secondpy placinga seedpoint andcomputinga
particle path,movementcanbe examinedfrom ary positionin the
data. In contrast,featuretracksare only available from positions
wherea featureis detected.

Ontheotherhand featuretrackingprovidesanexplicit represen-
tation of propertiesn the datawhich areof interestto the user In
addition,BM3D resultsin a large increaseof storeddatawhereas
featuretrackingis very usefulto compresdarge volumetric data
sets.

3Seealsothesupplementarf!PEG g9.mpg for ananimation.

Thevector eld generatedby BM3D canalsobeusedfor model-
ing of physicalphenomenaln the caseof thedecondensatiodata
set,denselypacled areasof chromatinarerepresentedshigh in-
tensitylevels in the data. However, from the vector eld we also
have velocity informationandcaneasilycomputeacceleratiorand
forces. This informationcanbe usedto modelvariousaspectf
the decondensatioprocess. For example,it may be possibleto
determinegheindividual chromosome the chromatinthis way.

6 Conclusions

We have presentedBM3D, a methodto estimatemotionin a vol-
ume. The assumptions thatmotion canbereconstructedrom lo-
cal patternchangesn the data. The outputof BM3D is a time
dependentector eld. Vector eld visualizationtechniquesanbe
appliedto thevector eld.

BM3D canbe appliedto ary time dependenvolumedata. It is
usefulin volumeswherecomplex mavementsoccur suchasreor
ganizatioror mixing, andwhereno knowvledgeaboutthemovement
is availablefrom othersources.

Futurework will include further improvementsto the velocity
estimationby enhancinghe matchingprocessin additionto block
matching,moreelaboratemethodsfor 2D motion estimationhave
beenproposedsuchastriangle motion compensationand control
grid interpolation. Suchtechniquesshouldbe appliedto volume
dataaswell. Also, the derived velocity informationis useful for
volumedatacompressiopurposes.
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