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Abstract

This paperdescribesBM3D: a methodfor the analysisof motion
in time dependentvolumedata.Fromthesequenceof volumedata
setsasequenceof vectordatasetsrepresentingthemovementof the
datais computed.A blockmatchingtechniqueisusedfor therecon-
structionof datamovement. The derived vector �eld canbe used
for thevisualizationof timedependentvolumedata.Themethodis
illustratedin two applications.
CR Categories and Subject Descriptors: I.3.3 [Computer
Graphics]:Picture/ImageGeneration;I.3.6 [ComputerGraphics]:
MethodologyandTechniques
Keywords: featuretracking, vector �elds, volume visualization,
biomedicalimaging.

1 Intr oduction

Visualizationandanalysisof time dependentvolumedatais of key
importancefor understandingof many scienti�c problemssuchas
confocalmicroscopy andmaterialtransportsimulations,e.g. �uid
mixing, convection and combustion. An importantaspectin all
problemsis movementor transportof data. However, in the vol-
ume dataitself no explicit information aboutmovementis avail-
able. Animatedvolumerenderingtechniquesarenot suf�cient for
understandingcomplex movementpatternsin thedata.

We presentBM3D: a generalmethodfor motion estimationin
timedependentvolumedata.Ourobjective is to estimateavelocity
for all positionsin a volume.We assumethatmotioncanberecon-
structedfrom patternchangeslocal to thesepositions.BM3D can
beappliedto any time dependentvolumedata. It is useful in vol-
umeswherecomplex movementsoccur, suchasreorganizationor
mixing, andwhereno knowledgeaboutthemovementis available
from othersources.

Theoutputof BM3D is a time dependentvector�eld. Standard
vector �eld visualizationtechniquescan be usedto visualizethe
vector�eld. Streamlinesor texturetechniquescanbeusedto show
velocity ata particularmoment.Particlepathscanbeusedto show
movementpathsof objectsof interest. In addition, the resulting
vector�eld canserve asa basisfor dataanalysis.The trackingof
a featurein theoriginal volumedatais reducedto thecomputation
of a particlepathin thegeneratedvector�eld. Also, material�ux
throughanarbitrarysurfacecanbeeasilydetermined.

2 Related work

The derivation of a vector �eld from two dimensionalimagedata
wasintroducedasoptical �o w by Gibson[1]. Optical �o w is the
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distribution of apparentvelocitiesof movementof brightnesspat-
ternsin an image. It gives informationaboutthe spatialarrange-
mentof theobjectsin the imageandthe rateof changeof this ar-
rangement.The computationof an optical �o w �eld from digital
imagesequenceswasaddressedby Horn et al. [2] andNagel [3].
Thesealgorithmsuseintensitygradientsin thespatialandtempo-
ral domainincombinationwith additionalconstraintsto obtainthe
velocity. Onechoicefor additionalconstraintsis theminimization
of the velocity gradientsto ensurethe smoothnessof the velocity
�eld. However othercriteria dependingon the applicationcanbe
used.

Anotherapplicationareais video processing..For example,in
MPEGencodingmotion is estimatedusingpredictionvectors[4].
The primary goalsin video processingare compressionand pro-
cessingtaskssuchasde-interlacingandframerateinterpolation.

A populartechniquefor implementingvideotransmissionis the
block-matching(BM) algorithm [5]. The underlyingidea of the
BM-algorithmis thateachimageframeis dividedinto a�x ednum-
ber of squareblocksof pixels. For eachblock, a searchis made
in a referenceframefor a matchingblock. The searchis for the
'best' matchingblock. Best can be de�ned asminimizing either
meansquaredifferencesor meanabsolutedifferenceof pixels in
the matchingblocks(see�gure 1). Typical block sizesarein the
orderof 16x16pixels,andthemaximumdisplacementmightbe64
pixels from a block's original position. Several searchstrategies
arepossible,rangingfrom exhaustive searchto varioussampling
mechanisms,[6].
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Figure1: Block matchingalgorithm: movementis computedby
determiningthe bestmatchusinga block of pixels. From left to
right: dataat time step � , dataat time step ����� , bestmatching
blocks(stippledboxs)anddisplacementvectors(arrows) for two
blocksin thedata.

A well known visualizationmethodfor gaininginsightinto time
dependentdatais featuretracking, [7, 8]. Thesealgorithmscon-
siderfeaturetrackingasa two stepprocess.First, in thedetection
phase,featuresextractedfrom eachtime stepin thedata.Features
aredescribedby featureattributes.Then,in thetrackingphase,the
correspondenceof featuresin successive time stepsis usedfor the
determinationof tracks.Correspondencebetweenfeaturesis deter-
minedby thresholdson the featureattributes. Often thenotion of
evolutionaryevents,suchassplit, merge,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, thetwo dimensionalBM algorithmis generalized



to threedimensions.Insteadof pixelsvoxelsareused,insteadof a
2D searchwindow a 3D spaceis searched,a 3D matchingblock of
voxelsis used,etc.Second,in contrastto videotransmissionwhere
the goal is imagecompression,our goal is to accuratelyestimate
motion in the volume datasets. The goal of video transmission
algorithmsis tosearchfor (large)blockdisplacementsin asequence
of images.In contrast,BM3D computesvelocitiesat locations.

Comparedto featuretracking,theBM3D generatedvector�eld
doesnot rely on the de�nition of a featureandfeaturecorrespon-
dences.Instead,motionvectorsarecomputedby matchingblocks
of data. A matchingoperatoris usedto computecorrespondences
in theraw data.

3 BM3D Method

Theobjective is to computea motionvector �

� at a position �

� for a
particulartime step� . This is achievedby comparinga datablock
atposition �

� at time step� with a numberof displaceddatablocks
in the vicinity of �

� at time step ����� . The motion vector �

� will
bechosento bethedisplacementvectorof the'bestmatching'data
block.

Statedmoreformally, theobjective is to �nd a themotionvector
�

� whichdisplacesthedataatposition �

� attime � to aposition �

�

�

�

�

at time ����� . Thedisplacement�

�

is thenthesoughtmotionvector.
A minimizationprocedureis usedto computeddisplacement�

�

.
We �rst de�ne � as being a data block matching operator

���! #"%$& '")(* . The block matchingoperatoris a metric
which is usedto comparetwo datablocksbasedon voxel valuesin
theblock.. Two blocksarede�ned to bematchif � resultsin a low
valueandarede�ned not to matchif � returnsa high value. We
denote� as: +-,/.

�

�10

�

+-,32546.

�

780 (1)

in which
+#,�.

�

�90 is a datablock in the datasetat time � centered
aroundposition �

� ,
+

,32:4
.

�

780 is a datablock in thedatasetat time
�;��� centeredaroundposition �

7 . Bothblockshave thesamesize.
Finding the displacement �

�

is realizedby computingthe mini-
mum of thesetof block matchesin thevicinity of �

� ; i.e. thedis-
placement �

�

for thesmallestelementof theset

<

+
,

.

�

�30

�

+
,3254

.

�

�

�

�

�

0>=

�

�%?)@BADC

(2)

in which thedisplacementvectors �

�

arechosenfrom a searchwin-
dow

@BA

positionin thevicinity of �

� .
Thisprocessis repeatedfor all positions �

� in thevolumeto con-
structavector�eld for onetimestep.To constructatimedependent
vector�eld, theprocessis repeatedfor all timesteps.

We illustratethe methodin 2D (see�gure 2). A datablock
+

aroundposition �

� is matchedwith 4 datablocksdisplacedatdiffer-
entpositionsat time �E�F� . Eachblock is highlightedwith aunique
color. For clarity, only four blocksaredrawn; however, all blocks
in the searchwindow will be tested. The result of the matching
operatoris shown in the lower part of the �gure. In this example
we choosematchingoperatorto bethesumof theabsolutediffer-
encesthevoxel valuesin theblock. The right mostblock hasthe
minimumvalue.

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

void BM3D (timestep T)
<HG

voxel x
?

dataset (T))
<

G

�

�%?

SEARCHWINDOWand GRANULARITY
<

x

B

= 0.3= 0.3 = 0.02= 0.4

T+1T

x

Figure2: BM3D illustratedin 2D : ablock
+

positionedat �

� attime
� is matchedwith 4 datablocksdisplacedat differentpositionsat
time �;�I� . Theresultof thematchingoperatorfor eachdisplaced
block is shown in thelowerpartof the�gure.

value =
+#,/.

�10

�

+#,32:46.

�

�

�

0J0

if (value < minval)
<

minval = value;
�

�LKNMPORQ

�

�

;
C

C

motion vector �

�

Q

�

�LKNMSO

;
C

C

TheBM3D algorithmsweepsover all voxels �

� andappliesthe
block matchingoperatorto blockspositionedat �

� with blockspo-
sitioneda �

�

�

�

�

in which �

�

is chosenfrom a searchwindow. The
methodof choosingthedisplacementvector �

�

from a searchwin-
dow dependson thesearchstrategy andits granularity.

A numberof parametersoccurin thealgorithm.Here,thein�u-
enceof parameterson thealgorithmandtheresultis discussed:

T matchingoperator�

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

In thecurrentBM3D implementation,theabsolutevoxel dif-
ferencescaledwith aGaussianweightingfunctioncenteredat
thepointof interestis used;i.e.

=

+
,

.

�

�305U

+
,9254

.

�

�

�

�

�

0V= WYX3ZB[S\

]

[ (3)

Themotivation is that, in contrastto the2D algorithmsused
for video compression,BM3D is interestedin the motion at
a particularposition.Thedatavariationcloseto this position
is moreimportantthanvariationsfurtheraway. Therefore,a
Gaussianweightingfunctioncenteredat thepositionof inter-
estis usedto scalethevoxel differences.

T sizeof thematchingblock.

The block matchingoperatorcomparesall voxel valuesof a
datablock at a particularpoint with voxelsof a datablock at
a displacedpoint. The larger thesizeof theblock, the larger
theregion is usedto determinethemotion.

The block sizehasan optimumwhich dependson the char-
acteristicsof the data. Oneonehand,matchingsinglevox-
elswill allow thesameor almostthesamevoxel valueto be



matched.On theotherhand,if theblock sizeis too largethe
averagemovementof aregion is calculatedandnot themove-
mentat a particularposition.Theoptimumblock sizewill be
the onethat matchesthe voxel patternsin the neighborhood
of thepositionof theblock.

In our implementation,thescalefactor( ^ in equation3) used
in thematchingoperatoris proportionalto theblocksize.

T searchwindow

Thesearchwindow is theareawhich is searchedfor thedis-
placementvector. The sizeof the searchwindow shouldbe
at leastaslargeasthelargestdatadisplacementbetweentwo
timesteps.For example,if datarepresentsfastmoving media
a largesearchwindow mustbechosen.

T displacementvectorgranularity

Until now, we have assumedthatthesizeof thedisplacement
vector is a multiple of voxels in the volume. However, data
movementis not restrictedto only completevoxels.By using
tri-linear interpolation,datablockscanbe comparedat sub-
voxel resolution.Hence,theblock matchingoperatorcanbe
computedfor arbitrarysizeddisplacementvectors.

Granularityis a metric that is usedto restrict the numberof
displacementvectorsin thesearchwindow. It de�nes thepo-
tential displacementof a vectorwith respectto the sizeof a
voxel. For example,a granularityof 1.0 relatesto displace-
mentvectormeasuredin entirevoxels. A granularityof 0.5
relatesto displacementsathalf thesizeof a voxel.

Figure3 illustratesthe notion of displacementvectorgranu-
larity. In theleft image,thedisplacementvectorgranularityis
equalto thesizeof avoxel. In theright image,thegranularity
is equalto half the sizeof a voxel. Hence,thedisplacement
vectorgranularityis 0.5.

Figure3: Displacementvectorgranularity: Thegranularityin the
left imageis 1.0. The granularityin the right imageis 0.5. Dots
show positionsof blocks, arrows show somepossibledisplace-
ments.

3.1 Search strategies

Theperformanceof theBM3D algorithmis dependentonthenum-
ber of block matchesthat areperformed. In general,a searchof
thecompletedatasetmustbeperformedin orderto determinethe
displacementvector for the block matchingoperator. This results
in _`"

U

� block matchesin which _ is theresolutionof thedata
set.A standardmethodof decreasing_ is by introducinga search
window positionedaroundthepointof interest.In practice,thesize
of thesearchwindow is chosento besmallerthan _ .

The current BM3D implementationusestwo different search
strategiesto determinethe displacementvector in the searchwin-
dow. The �rst strategy is a straightforward exhaustive search.

Blocksarecenteredaroundadisplacementvectorin thesearchwin-
dow.

The secondstrategy usesa two level steepestascentmethodto
guidethe searchalonga pathto the bestblock match. Insteadof
theexhaustive searchof all thedisplacementvectorsin thesearch
window, only the26 blocksadjacentto thecurrentpositionareex-
amined.Theblock with theminimumblock matchingvaluefound
is taken asthe new currentposition. The processis repeatedun-
til no lower valueis found amongadjacentblocks. The �rst pass
of thesteepestascentusesdisplacementvectorgranularityof 1.0.
This is followedby asecondpassin which thedisplacementvector
granularityis setto thegranularity.

3.2 Test Results

Arti�cial datasetsweregeneratedto studytheaccuracy andperfor-
manceof BM3D. Themovementof thedatain thesedatasetssim-
ulatethemovementof a paramterizedGaussianfunction a ; i.e. a
blobwith aninitial position,velocityanddiffusionrate.Theparam-
etersof theGaussianare:initial position b5c , initial sized

c , velocity
e , intensity f , anddiffusionrate g . Diffusionwasusedbecauseit
is anoftenoccurringphenomenonin volumedata.Diffusionis ap-
proximatedby decreasingthe maximumintensity in combination
with anincreasingblob sizesuchthattheintegral over all intensity
valuesremainconstant.The following equationwasusedfor the
Gaussianfunction:

a

.ih

0

Q

fkj

d

c

d

c

�lgm�Ln

"

W

XNo8p qsrutLvswyx8z{p
|

r}t�~1w€•‚•

(4)

Eachgeneratedtestdatasethasa resolutionof 64x64x64.32 time
stepswerecomputed.

Figure4: Vectorplotsof onetime stepfrom themoving Gaussian
testdatasets.Imageon theleft representstheGaussianwith initial
translationspeedand a diffusion rate of 0.0. Imageon the right
representstheGaussianwith initial speedof ƒ anda diffusionrate
of 0.05.

A numberof testswith varyinginputdataandparametersettings
were performedto gain insight in the accuracy and performance
of the algorithm. Figure 4 shows two vector plots of a 2D slice
of theBM3D generatedvector�elds. In the left image,the initial
parametersof a

.ih

0 wereset to e

Q „

�‚… †8‡ˆ�‰… Š8‡-ŠL… ŠŒ‹ and
g

Q

Š8… Š . In this case,the Gaussianmovesat a uniform speed
in thedirectionof theinitial velocity. In theright imagethe initial
parametersof a

.ih

0 wereset to e

Q „

ŠL… Š8‡-Š8… Š8‡-ŠL… ŠŒ‹ and
g

Q

ŠL… ŠŽ• . In this case,themotion is completelydeterminedby
thechangeof shapeof theGaussian.Theradiusincreasesovertime
basedon diffusionrate.

In thecasethat thediffusion rateis equalto 0, the input veloc-
ity canbecomparedto theBM3D computedvelocity in thevector



�eld. Theerror is taken to be theaveragelengthof thedifference
betweentheinputvelocityandBM3D vectorat every voxel;

�

_

•

•

MP‘

4

={e

.i’

0:U”“ e

.i’

0>= (5)

in which e

.i’

0 is the input velocity at voxel
’

and “e

.i’

0 is the
speedBM3D computedspeedat voxel

’

. Table1 tabulatestheer-
ror for threedifferentblock sizes,two searchstrategiesandthree
displacementvector granularities,for the test data set in which

e

Q „

�‰… †L‡s�‰… Š8‡}Š8… Š;‹ and g

Q

Š8… Š . From the datait can
beseenthatdecreasingthedisplacementvectorgranularityalsode-
creasestheaverageerror. Also, increasingtheblock matchingsize
decreasethe averageerror. Finally, the error causedby usinghill
climbing searchis negligible comparedto the error madeby the
exhaustive searchstrategy.

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

Table1: Averageerrorof varyingblocksizes,searchstrategies,and
displacementvectorgranularities.

Table2 shows the performanceof the BM3D methodfor three
differentblock sizesandtwo searchstrategies.Theperformanceis
measuredasthetimespent(in milliseconds)to computethemotion
of thedataateachvoxel. Thetotal timeof BM3D canbecomputed
by multiplying thisvaluewith thenumberof voxelsandthenumber
of time steps. The table shows that for both strategies the time
neededis linearover thenumberof voxels in the matchingblock.
In addition,usingthehill climbingsearchstrategy is approximately
a factor100fasterthantheexhaustive searchstrategy.

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

Table2: Performance(in millisecondspervoxel) with varyingthree
block matchingsizesandtwo searchstrategies.

4 Applications

4.1 Convection

A time dependentdatasetof convection�o w – thecirculatorymo-
tion that occursin a �uid at a nonuniformtemperatureowing to
thevariationof its densityandtheactionof gravity – in theearth's
crustwasobtainedfrom a numericalsimulation1 doneby Dr. Jörg
Schmalzl,Instituteof Geophysics,MünsterUniversity. Thedataset
consistsof 30 time stepsat a resolutionof 128x128x64.Figure5
show four volumerenderingsof thedataset.Regionsof high tem-
peraturemove upwardsfrom the bottomto the top, while regions
of low temperaturemove downwardsfrom thetop to bottom.

1Thedatawaskindly providedby KlausEngel,Universityof Stuttgart

t=0 t=10

t=20 t=30

Figure5: Four time stepsof theconvectiondataset. Volumeren-
deringis usedto show thescalar�eld.

BM3D wasappliedto theconvectiondataset.Thehill climbing
searchstrategy with ablockmatchingsizeof 5x5x5andadisplace-
mentvectorgranularityof 0.05wasused.Equation3 wasusedfor
theblockmatchingoperator. A widepaletteof vectorvisualization
techniqueshave beenimplementedto visualizethe BM3D gener-
atedvector�eld.

Figure6: Particlepaths,arrow plots,andvectormagnitudeareused
to depictvariousaspectsof thevector�eld.

Figure6 illustratesthreetechniques.A slice of thevector�eld
is taken at •

Q—–Ž˜

at time �

Q

Š . Red,blue andgray regions
aredrawn on a planeto representthemagnitudeof themotionper-
pendicularto the plane. Red denotesupward �o w, blue denotes
downward�o w, graydenoteslimited �o w.

An arrow plot (drawn assmall yellow arrows) is drawn from a
dataslice taken at ™

Q

�Vš at time �

Q

Š . Arrows representthe
�o w magnitudeanddirectionat eachvoxel in theslice.

Particlepathsareshown asred/whitesegmentedtubestaken at
a numberseedpoints(shown assmallbluespheres).Smallarrows
aredrawn at endpoint of particlepathto indicatedirection. Each
segmentof theparticlecorrespondswith two timestepsin thedata.
Seedpointsarechosenon a grid-like patternon thecuttingplane.
Particlepathsrepresentthemotionof theseedpoint throughoutthe
time steps.Note that the lengthsof theparticlepathsandthepath
segmentsvary.



4.2 Chromatin decondensation

We have usedBM3D to analyzethe movementof chromatindur-
ing formationof thecell nucleusof a newly formeddaughtercell.
Chromatinwas visualizedin living cells andmovementwas fol-
lowed using 3D confocalmicroscopy. Denselypacked areasof
chromatinare usedto analysethe movementof the entire chro-
matin. Thedenselypacked areasarerepresentedashigh intensity
levelsin thedata.

t=0 t=40 t=60

t=80 t=100 t=135

Figure7: Six volumerenderingsshow movementof compactchro-
matindomainsasconcentrationvariationsover time.

Thedatasetconsistedof a seriesof 1343D datasets.Eachtime
stepconsistsof a stackof 64 opticalsectionsof 256 $ 256pixels.
Dueto physicalcharacteristicsof aconfocalmicroscopetheoptical
resolutionalongthez-axisis four timeslessthanin thex-y plane.
The 3D imagesarecorrectedfor this by scalingin the z-direction
duringrendering.

Figure7 show six volumerenderingsof the dataset. Densely
packedareasof chromatinarerepresentedashigh intensityvalues
in thedata.

BM3D was applied to the decondensationdata set. The hill
climbing searchstrategy, a block matchingsize of 5x5x5, a dis-
placementvectorgranularityof 0.05,andequation3 wereusedas
parameters.Figure8 shows how theoriginal datacanbecombined
with theBM3D generatedvector�eld. 2 Volumerenderingsof the
originaldataarecombinedwith particlepaths.Seedpointsarecho-
senby usinga featuredetectorto �nd pointsof high intensitiesat
time �

Q

Š . Thesepointswereusedasthe seedpointsfor the
particlepaths.Thecomplex movementof chromatincanbestudied
by following particlepaths.

5 Discussion

BM3D is atechniqueusedto generateatimedependentvector�eld
thatrepresentsthemovementof datain timedependentvolumedata
sets. Insight into thesemovementscan be obtainedby applying
standardvector�eld visualizationtechniquesto thevector�eld.

Variousparametersareusedto drive BM3D. For a simplearti�-
cial datasetwe have shown thattheerrorsmadeby BM3D depend
onthevalueof thedisplacementvectorgranularity, blockmatching
size,andsearchstrategy. In realdata,however, parametersettings
dependon thecharacteristicsof thedata:

T Thesizeof thematchingblockshouldbechosento re�ect the
variationof velocity changesin the data. In datawith large
velocity �uctuationsover space,a smallblock sizeshouldbe
chosen.In datain which thevelocity is moreuniform, larger
blockscanbeapplied.

2SeealsothesupplementaryMPEG�g8.mpg for ananimation.

t=40

t=135

Figure8: Combiningvolumedatawith particlepaths.

T Thesizeof thesearchwindow shouldbechosento re�ect the
maximumvelocity occurringin the data; i.e. the maximum
displacementof thedataremainswithin thesearchwindow.

T The granularityof the displacementvector is a trade-off be-
tweenperformanceandtheerror. A �ne granularityresultsin
amoreaccuratereconstruction,but will requiremorecompu-
tation.

T Thematchingoperator� shouldtakespecialpropertiesof the
datainto account. Equation3 implementsa weightedsum
of absolutedifferencesof the voxels in the datablocks. In
casesin which massconservationholds,thetotal massof the
comparedblockscanbeusedasa metric.

T As shown in section3 the additionalerror due to usinghill
climbingsearchis negligible for uniformdata.However, data
setswith high frequenciesmay result that the hill climbing
algorithmwill iterateto a localminimum.In suchdatasetsan
exhaustive searchmayleadto betterresults.

Sincethereusuallyis noa priori knowledgeaboutthecharacter-
istics of the datawhich in�uence the parametersettings,testruns
are usually required. Several approachescan be utilized to gain
insight in to quality of thevector�eld: First, visualcomparisonof
animationsof theoriginaldatawith pathsgeneratedfrom thevector
data.Second,ananalysisof thematchingerrors.High errorvalues
indicateproblemsin matching.The lower thevaluethe betterthe
match. Third, usingknown propertiesof the datato validatethe
�eld. For example,if somedatathetotal �ux throughsomesurface
is known, this valuecanbe comparedto the �ux calculatedfrom
thegeneratedvector�eld.

TheBM3D generatedvector�eld neednot only beusedfor the
visualizationof datamovement.Thevector�eld canalsobeused



for dataanalysis.In particular, wegiveexamplesof thevector�eld
canbeusedfor featuretrackingandthemodelingof physicalphe-
nomena.

In [9], we have presentedan interactive featuretrackingsystem
and its usefor the analysisof chromatindecondensation.In this
method,featuresaredescribedaspointsin a multidimensionalat-
tribute spaceanddistancesbetweenpointsareusedasa measure
for featurecorrespondence.Tracksareconstructedby linking cor-
respondingfeatures.We have alsoappliedBM3D to thesamedata
setandcomparedtheresultswith our featuretrackingmethod(see
Section4.2 for a descriptionof thedata). Figure9 shows 8 green
tracks(obtainedfrom our featuretrackingmethod)combinedwith
8 red particlepaths. At time �

Q

•‚Š 8 features(local maximum
intensityvaluesin the data)belongingto the longestfound tracks
wereselected.Thepositionsof theselectedfeatureswereusedas
seedpointsfor particlepathstracedforwardandbackward in time
usingthevectordata.A volumerenderingof thechromatindataat
time �

Q

•{Š is superimposedover thepaths.
It would be expectedthat the computedpoints in the feature

tracksandparticlepathswouldberoughlythesame.Althoughthey
obviouslyarenot,�gure 9 shows thattheshapeanddirectionof the
tracksandpathsarevery similar. 3 Therearethreepossibleexpla-
nationsfor thesedifferences.First, thefeaturetracksarenotall the
samelength. Sometracksterminatebecausea correspondingfea-
turecouldnot befoundin a following time-step.Second,incorrect
correspondencesin thefeaturematchingalgorithmmayoccur. This
problemis inherentin natureof themultidimensionalspaceof our
featuretrackingsystem.Finally, integrationerrorsmayaccumulate,
resultingin incorrectparticlepathcomputation.

Figure9: Featuretracks(green)andparticlepaths(red).

It canbe arguedthat BM3D hasa numberof advantagesover
the featuretrackingalgorithm. First, BM3D doesnot rely on the
de�nition of a feature. Instead,movementis computedusingthe
underlyingdata.Second,by placinga seedpoint andcomputinga
particlepath,movementcanbeexaminedfrom any positionin the
data. In contrast,featuretracksareonly available from positions
wherea featureis detected.

Ontheotherhand,featuretrackingprovidesanexplicit represen-
tationof propertiesin thedatawhich areof interestto theuser. In
addition,BM3D resultsin a large increaseof storeddatawhereas
featuretracking is very useful to compresslarge volumetric data
sets.

3SeealsothesupplementaryMPEG�g9.mpg for ananimation.

Thevector�eld generatedby BM3D canalsobeusedfor model-
ing of physicalphenomena.In thecaseof thedecondensationdata
set,denselypacked areasof chromatinarerepresentedashigh in-
tensity levels in the data. However, from the vector �eld we also
have velocity informationandcaneasilycomputeaccelerationand
forces. This informationcanbe usedto modelvariousaspectsof
the decondensationprocess. For example, it may be possibleto
determinetheindividual chromosomesin thechromatinthis way.

6 Conc lusions

We have presentedBM3D, a methodto estimatemotion in a vol-
ume. Theassumptionis thatmotioncanbereconstructedfrom lo-
cal patternchangesin the data. The output of BM3D is a time
dependentvector�eld. Vector�eld visualizationtechniquescanbe
appliedto thevector�eld.

BM3D canbeappliedto any time dependentvolumedata. It is
usefulin volumeswherecomplex movementsoccur, suchasreor-
ganizationor mixing,andwherenoknowledgeaboutthemovement
is availablefrom othersources.

Futurework will include further improvementsto the velocity
estimationby enhancingthematchingprocess.In additionto block
matching,moreelaboratemethodsfor 2D motionestimationhave
beenproposedsuchastrianglemotion compensation,andcontrol
grid interpolation. Suchtechniquesshouldbe appliedto volume
dataaswell. Also, the derived velocity information is useful for
volumedatacompressionpurposes.
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