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Abstract

The3D reconstructiorof highcontrastanatomicalktruc-
tures has beenwidely explored. However, a classof im-
portantclinical problemsinvolvesthe motionof very com-
plex musculoskletal structuesincluding the joints, hence
a 4D reconstructionis desied. Practical difficultieswith
4D reconstructiorwith MRI include the time required for
data acquisition, the resolutionrequited for visualization
of small but critical structues, the grossinhomaeneities
of field coil responsgthe degree of noisepresentwith the
signal and the extremelow-contiast details betweensome
distinctanatomicalstructues.We presenta compehensive
appmoad to 4D musculoskletal imagery that addressthe
abovechallenges.SpecifidMRI imaging protocols;segmen-
tation, motion estimationand motion tracking algorithms
are developedand applied to rendercomplex 4D muscu-
losleletalsystemsApplicationsof theappmoad includethe
analysisof the rotation of the upperarm and the kneeex-
tension.

1. Intr oduction

With currentimaging technologyit is difficult to eval-
uatethe motion patternsof the articulatingbonesandthe
changesdn the relationshipbetweensoft tissuestructures
of the joints during motion. Improvementsin theseareas
would greatlyincreaseour understandingf the normalpa-
tientandthe developmentandstagingof osteoarthrosiand
awide of variety of clinical conditions.Whole-volumeCT
and MRI imagingwhich provides 3D data,would in the-
ory, give usthe ability to evaluateandalsovisualizestatic
phenomenaAlthoughthereare somevolumeandsurface
renderingtechniqueghat canbe usedto visualizethe raw
dataof simpleanatomicalstructures[1]] thesetechniques
have limited successwith volumetricimagesof comple
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anatomicaktructuredik e thejoints. Imagesegmentatioris

a standardechniqueusedto differentiateanatomicaktruc-
turesfrom the imageand then usethe informationto get

a bettervisualizationof the volumetricdata. Furthermore,
segmentationcan, in theory provide a completedescrip-
tion of the anatomicaburfacesmakingthemsuitableinput

for virtual reality environments.However, sofar thereare
no unsupervisedilgorithmsavailable to reliably segment
soft tissuestructuresof a moving musculoskletal system
for their 3D and 4D visual presentationgr virtual manip-
ulation. The purposeof this studywasto develop a time

adaptve 3D segmentatioralgorithmand4D displayof the

motionof softtissuestructureandbonesof jointsusing3D

MRI dataandapplythatmethodfor theanalysisof a series
of MR volumeswhich wereacquiredduringjoint motion.

Our analysisof musculoskletalstructureds basedput
not limited, on MR volumetric images. The anatomical
structuref theanalyzedoints arevery comple. Further
more,thesmallstructuredik e tendonsandcartilageneedto
be sgmentedor a full appreciatiorof the motion. To get
the desiredresolutionlocal coils were usedfor imageac-
quisition,thusfield inhomogeneitiesverepresent Besides
thesefield inhomogeneitiethetendons’propertiesarevery
comple, makingthemvery difficult to segment. Lik e oth-
ersvolumetricimagemodalities,MR imagessuffers from
low contrastbetweensomeanatomicalstructures;imited
iter-slice resolution; noise; and spatially varying sensitv-
ity. Thesggmentatiorof low contraststructuresepresents,
perhapsthe greatesthallengeo mary segmentatioralgo-
rithms. This problemhaspromotedthe creationand use
of active contourmodels[§ (snhales) andtheir 3D exten-
sion (balloons)[1]. However, thesetechniquesave to be
initialized properlyandthey canonly segmentoneanatom-
ical structureat time thuslimiting their applicability Re-
gion growing algorithmsare bestsuitedfor the sgmenta-
tion of slowly varyingnon-uniformities.They arebasedn
thelocal pixel propertiesto segmentanimage[§. Among
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themorecommonarethe edge-basegixel approachethat
look for closecontourgo distinguishdifferentregions.An-
otherinterestingregion-basedechniquds basedon water
shedanalysiswhich hasbeenusedlately in the sgmenta-
tion of medicalimageq14, 4]. Theadwantageof searching
the imagelocally is thatthey are morerobustto spatially
variationslike contrastagentsinducedintensity variations
or field inhomogeneities On the otherhand,they tendto
oversgmenttheimageif they arenot properlyadjusted.

Althoughtherearemary 2D region growing algorithms,
just a few of them have beensuccessfullyappliedto the
segmentatiorof 3D structureg18, 16]. Ontheotherhand,
we followed recentadvanceson line-preservingand edge-
preservingmagerestorationtechniques[310], to develop
anovel 3D local voxel statisticalparameteestimator This
voxel estimatorsllow the useof simple3D region growing
algorithmsfor the estimationof the iter-voxel connectvity,
whichin combinationwith standardegionmemgingandre-
laxationlabelingalgorithmsallows good segmentationf
standardMR images.

Ontheotherhand thetime analysiof themusculoskle-
tal systemrequiresthe tracking of several rigid and non-
rigid structures.Althoughthereare several successfulp-
proachegor deformableandrigid motiontrackingthatcan
be usedfor the tracking of single structures[87], using
themfor trackingall the structuresof the musculoskletal
systemproblemin not practical. Therefore we developed
anovel trackingapproactbasednasimplephysicalbased
modelof thewholevolumeimage.Themodeltakesinto ac-
countour a-priori knowledgeof thehumananatomywhich
is codedon the segmentatiorof the first volumeof the set,
asa simplefinite elementmesh,which deformsaccording

to theimagedifferencedbetweenvolumesin the sequence.

Ourwholeimageapproactallows agoodandrelatively fast
motion flow estimationthatis usedto propagatethe sey-
mentatiorof thefirst volumeto thenext in theseries.

In this paper we proposean hierarchicalapplicationof
our automaticregion basedsegmentationalgorithm, mo-
tion estimationtechniquedo the analysisof the dynamics
of musculoskletalstructures. First, we performan auto-
matic segmentationof the first MRI volumein a 4D se-
guence.The sgmentedmageandour a-priori knowledge
of thetissueelasticityareinputto our motiontrackingalgo-
rithm which usethis informationto estimatethe motion of
the differentanatomicakcomponentgpresentin the image.
Oncethe motionhasbheenestimatedve proceedo passhe
segmentedimagefrom the first volumeto the next. This
processs repeatedintil we have a completesggmentation
setof thewhole sequenceAfter that, the sgmenteddata,
the raw dataand someuser parameterslike tissuecolor,
areusedto constructealisticsurfacesof all theanatomical
componentsTheserealisticsurfacesinclude sometexture
informationthat enhancehe visualizationof the different

bone-tendonattachmenpoints.
1.1 Image model

A temporalolumetricdigitalimageg(z, v, 2, k) ismod-
eledasa sampledversionof a continuous3D temporalim-
ageg. (¢, e, 2¢, t), Whereadiscretepointx = (z,y, z) in
thevolumetricdigital imageis calledvoxel. Thisimagecan
be assumedo be createdafterilluminating a 3D comple&
dynamicalobject f (x., t) with somesortof time invariant
iluminationfield I(x). f is assumedo becomposedf M
distinctregionsRy, Ry, ..., Ry, Ri N R; = 0, fori # j. If
we assumehattheimageg(x., t) is corruptedby additve
independenGaussiamoiser, thenthe obsened discrete
valueatthevoxel x € g attimet = kT is givenby:

g(x,t) = I(x Az,y Ay, z Az) f(x Az, y Ay, z Az, kT)
+n(z Az,y Ay, 2z Az, kT),

1)
where(Az, AyAz) arethesamplingspacingntervals. Our
specificgoalis to analyzethe motion of the M regionsthat
compromisef. To addresshis problemwe haveto beable
to sggmentandtrackthoseregionsfrom theobsenedimage

g.
2.3D segmentation

The4D analysiof thetemporalolumedatasetsis done
by a hierarchicalimplementatiorof volume segmentation
and motion estimationand tracking. In thesesectionwe
presenhow we addressethe 3D segmentatiorproblem

2.1 Regiongrowing

Our 3D segmentationis basedin a hybrid linkage re-
gion growing schemewhereevery voxel in the volumeis
regardedasa nodein a graph. Neighboringvoxelswhose
propertiesaresimilar enougharejoinedby anarc. Theim-
agesggmentsR; aremaximalsetsof voxelsall belonging
to the sameconnecteccomponentg5]. If we assumehat
our imageis composedf stochastiaegions,thenwe can
assignto every voxel (x) in the imagetwo local statisti-
cal properties: the local region meanvalue u(x) and lo-
cal region variances?(x). Thusaccordingto this scheme
two voxels are connectedby an arc if their meanvalue
and varianceare similar enough. If thesetwo properties
wereknown, thenone cantestthe voxel similarity accord-
ing their Gaussiancumulative distribution function. On
the otherhand,if we canonly estimatethemwith certain
confidence thenwe can use comparatie statisticaltests.
Before continuing, let us statethe definitionsof a neigh-
borhoodsystemanda cliquein athreedimensionakpace.
Let G;(x) = G(x)Vx € R; beaneighborhoodsystemon
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R;, meaningary collectionof subsetf R; for which 1)
X € g,(x) and2) Xi € gi(Xj),<:> X; € g,(xk) Thus
Gi(x) is asetof neighborsof x. A subsetC;(x) C R; is
acliqueif every pair of sitesin C;(x) areneighborsand
Ci(x) is thesetof cliques[3]. Noticethatvoxelsator near
the boundaryof aregion R; have fewer neighborghando
interior voxels, this is very importantin the formulationof
thesegmentatioralgorithm.Figurela)shavsthe3D neigh-
borhoodsystemadoptedn our research.

2.2 Parameter estimation

Now, our problemis to derive estimationsof the local
region meanand local variancein the presenceof noise.
Theoretically the meanand variancecan be estimatedus-
ing standardmagerestorationtechniquesput thesedon't
properlyaddresghe regions’ boundaries.If the estimated
parameterarefunctionof thelocal connectedioxel values,
thenthey canbe modeledby a Markov randomfield, where
a Gibbs RandomField (GRF) is specialcase. Assumea
GibbsRandomField modelfor the thejoint distribution of
the estimatedneanvalueimage,u, andtheinputimage,g,
thereforethe probability functionfor the input outputrela-
tionshipis in theform[1Q]:

P(u,g) = kexp[-U(u, 9)] 2

wherek is just a normalizationconstant.(GRFletailscan
be foundin [3, 10]). The exponentU(u, g), is calledthe
enegy of the input-outputimage pair underthe specified
model.lt is known thatthe enegy functionassociateavith

theinput-outputpair canbe decomposedndwritten asthe
sumof cliqguepotentialsas:

Ulwg)= Y Vo 3

vCeG

whereC' is acliquein theneighborhoodandthesummation
is over the setof all cliquesin the neighborhoodj. For
simplicity, mary of the possibleclique potentialsaresetto
zero. Thereforethe enegy U is a sumof a small setof
cligueswith nonzeragpotentials.

A generalestimatorbasedon the GRF approachis an
operatorwhich maximizeshe probabilityfunctionwith re-
spectto i givenafixedinputg

P(p,9)
P(g) )

fo = max, P(u|g) = max,

But for a giveninputimageg, P(g) is constanttherefore,
this maximizationproblemreducego the minimizationof
theenegy function:

o = min, U (p, g). )
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Figure 1. a) 3D 18 neighborhood system b) 2D
lines segments in a 2D 3x3 region

Lettheenegy functionbegivenas:

Upg) = >, Y, (ux)—aigx;))” (6)

Vxi€g Vx;EG(x;)

In this case the solutionto theminimizationbecomes,

po(xi) = E[xi] = Y ai;jg(x;), (7
ij'Gg(xi)
where X
] % €G(x) 8
w={ o 2500 ®

andN is thenumberof pointsin the neighborhoodj (x;).
Thisis simply alinearestimator This filtering operationis
equivalentto the optimal estimationproblemwherethe ob-
senationg is corruptedversionof theoriginal f with Gaus-
siannoise,suchthat u(x) — g(x) is a zero-mearGaussian
randomvariablefor all voxelsin theimage.lIt is well known
thatthebest(ML) estimateof u giventheobsenationsisthe
linearcombinationof the obsenations.

Usingthe estimatolinearproperty a varianceestimator
is just:
o’ (xi) = El(xi—p(x))’) = Y aiig(x))—p(xi)’.
Vx; €G(x:)

(9)

Equations(7) and (9) are not simple to compute. The
weightsa; ; are unknavn. If we assumethat the image
is a singleregion, then our problemis reducedto find the
weightsthat meetthe following requirement:to provide
a reliable parameterestimationseven at the true region’s
boundaries. To accomplishthis, we proposean adaptve
weight estimatorthat adjustthe weightsvaluesin sucha
way to presere theregions’ boundaries.

From geometrywe know that a discreteregion R is a
finite setof lines sggments. Thus, if we had a line sey-
ment detectorthen we can useit to estimateregion pa-
rameterseven at the boundaries.We say that two "oppo-
site” neighborvoxels of x belongto the samelocal line
segmentif they sharethe sameproperty where "oppo-
site”, in a 3x3x3 neighborhoodsystem,can be written as
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(xi,%;) € G(x) but x; ¢ G(x;). Figurel shavs sim-
ple 2D local line sgmentsin a 3x3 neighborhoodsystem.
Althoughtherearedifferentwaysto testthis similarity, we
optedfor this simpletest: A neighborvoxel propertyp(x;)

is similarto p(x) if |p(x;) — p(x)| < Too,(x), x;i € G(x),

whereT, is anconstangreatethatzeroando,(x) is alocal

dispersiommeasurayivenby:

1

=0+ Y. (pGxx)—px)),  (10)

Vx,E€G(x)

op(x)

whereN is the numberof neighborpoints,ande, thecur
rentestimatedvariancefrom (9). From the former defini-
tions,ourline sggmentdetectorcanbedefinedas:

(1 if|p(x) — p(xi)| < Toop(x),
x; € G(x), x; € G(x;)
and
Ip(x) — p(x;)| < Toop(x),
x; € G(x), x; & G(x;)

Lp{x,%i,%; } = <

L 0 otherwise

(11)
Whichsaysthat{x, x;, x; } belongto thesamdine sggment
if Lp{x,x;,%x;}=1.

For mostmedicalimagegheestimatedoxel meanvalue
and the estimatedvariancecan be usedas voxel proper
tiesin the line sgmentdetector The only problemis that
thesepropertiesare uncertainat the beginning; but they
canbe estimatedteratively, using(7) and(9) andthe ini-
tial conditionsare uo(x;) = g(x), the voxel value, and
so(x;) = g%(x;), thevoxel squarevalue.

Voxels belongingto the sameline segmentare con-
nectedthusthosevoxelscanbe usedin the parameteesti-
mation. Using the line detectorwe have away to estimate
aconnectvity. Thereforewe usethis estimatecconnectv-
ity informationto enhancehe weightsa}’; of thosevoxels
connectedo x;:

ai,j = k'z Qo +

VX €G(X)

ai; =ki' | ao + Z Z

VX€G(X) VX€eG(X)

(Wu L (w3, Tj, Tk) P4
+wo Loz (zi, g 2x) | #J
(12)

(Wp Ly, (25,5, Tk)
+w0"caﬁ (xiv Zj, xk))v

where a, is the initial weight, w,,w, are the weight
gainsrelatedto the local dispersionw,, = 1.0/(|f(z;) —
f(z;)| + op(x)), and k; the normalizationconstantsuch
thatk? =1/ Z;.V:l a;,j, andN thenumberof pointsin the
neighborhoodIn otherwords,we increasethe weighta?’;

if x; andx; whereestimateaconnectedby theline sggment
detectoffor eachparameterThisprocesss repeatedeveral
timesuntil thelocal dispersion(10)is closeto zero.

2.3 Connectivity computation

At this pointwe have associate@n estimateof thelocal
meanvalue andlocal varianceto eachvoxel in the image
with specialconsiderationsf boundarieto avoid blurring
acrossthem. Using theseestimateghe voxel connectvity
computationis just a simple detectionproblem,wherewe
wantto establistfor everyvoxelin theimageif theirneigh-
bor voxelsareconnectedo them. AssumingGaussiariex-
turesandnoise,the maximumlik elihoodlevel detectorcan
bewritten asa quadratidViahalanobiglistancecriterion[3.
Thequadratiovlahalanobiglistances givenby:

7 (u(x;)) = [p(xs) — u(x;)]"C; Hul(xi) — p(x;)], (13)

where C; is the correlationmatrix, where for the scalar
caseC;=0?(x;). For uniformintensityilluminatedregions,
we establishconnectity betweenneighborvoxels if the
obsened Mahalanobigdistancebetweenthemis lessthan
somethresholdi,,;,,. Thiscriterionis sensitveto illumina-
tions variations;but for illuminateddegradedregions,like
thosecommonin medicalimagesa simplecriterioncanbe
establistfor the scalarcase.Let the obseredscalarMaha-
lanobisdistancebetweenvoxelsbewritten as:

ey = 1O = g(xy)]
Thereforetheconnectvity estimatiorcanbemoreaccurate
if we areableto expressthe the Mahalanobidistancebe-
tweenthe non-dgradedvoxelsd; (f(x;)). Assumethatthe
localintensityfield functionis givenby

I(x; + Ap) = (1 — ag)I(x3), (15)

whereA, is justasmalldisplacement&anda, thefield cor

rectionin thatdirection,whichmodelsalocally exponential
field distribution. Thereforefrom ourimagemodel(1),(14)
and(15); two neighborvoxelsareconnectedi:

dig(x)) — a0 & 4 (1)) < din (16

o(x;)

Althoughe, is directionallydependentn this studywe are

assuminghata is isotropicat neighborvoxels.
Oneindependenstatisticaltestthatcanbe performedat

texturedregionsis theratio of thevariances

P - oy (%) o} (xi) + (07) /1% (x:)

7T 52(x;) 02 (xp) + (02T (x;)
Thisratiofollowsa f distribution,andis robustto thenoise
7, if the squarefield intensity function is greaterthanthe
noisevariance J2(x) >> a%. If we usesimilar numberof
samplepointswe saythatbotho?(x;) anda?(x;) estimate

(17)
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the samevarianceif this ratio is lessthana given thresh-
old, t,. Thatis, if F;; < tj, wheret, > 1 thenthere
is anarc thatjoins the neighborvoxel x; € G(x;) to the
voxel x; € G(x;). In this studywe decidedto implement
bothtestsover theimages. This allows usto discriminate
betweerregionswith similar meanvaluebut differenttex-

ture propertiesjike somestructuregpresentn the muscu-
loskeletalsystem.

Once we have huilt the connectvity graph, the sey-
mentedmageis justthe maximalsetsof voxelsall belong-
ing to the sameconnectedcomponentsiput there can be
someleakageamongthe segmentedregions, dueto noise
and someinaccuratemeanand varianceestimations. To
avoid that, a simple 3D morphologicalclosing operation
canbeappliedto connectvity graphwhichwill helpto split
loose connectedregions by removing all isolatedjoining
arcs.A bettersolutionis theuseof hysteresisvith theselec-
tion of two differentthresholdsAfter thatthefinal connec-
tivity mapis formedby the connecwity of the high thresh-
old plustheneighborcomponentérom thelowerthreshold.

2.4. Relaxationlabeling and merging

Realimagesdo not follow our basicimagemodel,thus
the sgmentatiorresultingfrom the formerapproachs not
freefrom misclassificatiorof the volumeimage. The prob-
lem of isolatedmiss-sgmentedvoxels and noisy regions’
boundariesxcan be addressedy assuminga Markov ran-
domfield modelof thelabeledmage wherethevoxel label
probabilityis a function of the neighborlabels. Following
thework of GemarandGeman3] we adopteca Gibbsran-
domfield for theestimatiorof thevoxelsprobabilitieggiven
thedistribution of the neighborabelsthenwe relaxthela-
belingto correcterrorsin the sggmentatiorby minimizing
thea posterioriprobability Althoughfinding a globalmin-
imum of it is possiblethis processs very time consuming.
A usualapproachs to rely ontheiteratedconditionalmode
(ICM)[12]. This techniqueiteratively minimizesthe func-
tion by usingthe previoussolutionto estimatehe Gaussian
PDF andthe probabilitiesat every step. Although this is
no guaranteat will reacha global minimum, given good
initial conditionsit will corvergeto a mean-optimalocal
minimum.

Furthermoreanincorrectselectiorof thethresholdvalue
(dmin oOrty) will causeanincorrectsegmentatiorof theim-
age.A highthresholdwill causesomeregionsto bemeiged
anda low thresholdwill resultin multiple brokenregions.
If animageregion hasbeenbroken into several contigu-
ouspatchesthentheproblemcanbeaddressetdy memging
thosepatches.Following our imagemodel, we determine
thatneighboringmagepatchesvhosemeansareequalbe-
long to the sameregion. A simple statisticalt-testcanbe
usedto comparehetwo patchesmeansanddecideif they

areequal. Thus,two patchesP;, P; arememgedif thet-test
confirmsthat their local meansat their boundariesarethe
samewith a confidenceof . This simplecriterionis able
to memge mostof the small, but with similar mean.into the
big segments.

3. Motion estimationand tracking

Our goal is the sgmentationand motion analysisof a
seriesof MRI scanof thejoints. Thereareseseralanatom-
ical componentsn the joints whosemotionis very impor-
tantto analyze. Joint motion is very complex dueto the
non-rigid motion of the soft tissuesnvolved, like tendons,
ligamentsmuscle etc. Thesedeformationsauseaopologi-
cal changeghatmale the applicationof automatic4D seg-
mentationdifficult. Althoughthe segmentatiorof the next
volumein the sequenc&anbe doneby applyingthe same
segmentationalgorithm, thereare certainproblemsin us-
ing this approach. First, the boundarybetweenlow con-
traststructureds not well definedthusnoiseandsampling
makesthe boundariesoundby the sgmentatiorto change
betweenseries. The secondproblemresidesin the region
labelingof theimage. Thereareso mary structureshata
consistentabelingat eachvolumein the sequencés diffi-
cult. Third, the sggmentatioralgorithmis computationally
demandinghusseggmentingeachvolumeusingthis process
is not practical. Giving thesethreeobjectionswe decided
to usean alternatve approachfor the segmentationof the
remainingvolumesin the series.

A motionestimatiorandtrackingalgorithmwill provide
the informationneededo passthe sgmentedmagefrom
oneframeto theother Sincetheregionshave bothrigid and
nonrigidcomponentghishasto betakeninto accountvhen
performingthe estimationof the 3D motion. Basicallyour
algorithm estimateghe motion vector of eachvoxel after
theregistrationof selectedeaturepointsin theimage.

Althoughtherehave beensomeresearchn this areaof
deformablemotion trackingandanalysis[8, 13, 15, 7, 9],
mostof themconcentraten the time evolution of a single
structurein the imageor a simple parametricdeformable
models.Theanalysisof thejoint kinematicinvolve the mo-
tion of mary structuresmakingthe currentapproachesn-
suitable. Thereforewe decidedto develop a moregeneral
approach. This takesinto accountthe local deformations
of the soft tissuesby using the a-priori knowledgeof the
materialpropertiesof the differentstructuresound at the
segmentatiorstep.Also, this knowledgeallows usto apply
two differentstratgies;onefor recoveringtherigid motion
andotherfor the softtissues Oncethe selectegointshave
beenregistered,the motion vectorsof every voxel in the
imageare computedby interpolatingthe motion vector of
theseselecteghoints. Oncethemotionvectorfor eachvoxel
hasbeenestimatedhe sggmentatiorof the secondvolume
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is just the propagatiorof the sggmenteddataof theformer
volume. Theseprocesds repeateduntil all the volumesin
thesequencaresegmented.

3.1 Motion estimation

Researcherhiave proposedthe use of finite element
models(FEM) for the analysisof imageg6] aswell its ap-
plicationto thetime evolutionanalysig8, 15, 9]. Following
a similar approachpur algorithmrecoversthe point corre-
spondencédyy minimizing the "total enegy” of a meshof
massand springssystemwhich modelsthe physicalprop-
ertiesof theanatomy The maindifferences thatour mesh
is not constrainedo a single structurein the image,but it
modelsthe whole volumetricimagewhich topology prop-
ertiesaredriven by the original dataandits physicalprop-
ertiesby our a-priori knowledgeandthe sgmenteddata.
Basicallyour motion estimationapproachs a FEM-based
pointcorrespondencescovery algorithmbetweernwo con-
secutve framesin the sequence.In our modeleachnode
of themeshis anautomaticallyselectedeaturepoint of the
imagewe wantto track,andthespringstiffnesss computed
usingthe segmentedmageandour a priori knowledgeof
thehumananatomy

Many deformablenodelsassuméhatavectorforcefield
can be extractedfrom the image which drives spring at-
tachedpoint masses. Most of them usethis approachto
build semi-automatideature extraction algorithms. Us-
ing a similar approachJet us assumehat the imagesam-
pledatt = n is a setof three dynamicalscalarfields:
(x,1) = {gn(x),||Vgn(X)||, V2gn(x)} (Thegrayvalue,
themagnitudeof theimagegradientanda Laplacianof the
image),sothatachangen thefield ®(x) causesquadratic
changein the scalarfield enegy Us(x) o« (A®(x))2.
Furthermore assumehat the image underlyingstructures
aremodeledasa meshof springattachedointmassesn a
stateof equilibriumwith thesescalarfields. Althoughequi-
librium impliesthatthereis anexternalforcefield, its shape
is notimportantin ouranalysis Let usassumehatthepoint
distribution changesn time, thusthetotal enegy changan
(At), is:

a(gn(x) = gnt1(x + Ax))?
+B(IVgn(x)|| — [|Vgn+1(x + Ax)|])?
+Y(V2gn(x) + V2 gnt1(x + Ax))*
+n2 AXTKAX]

AUL(AX) = >
VXEgn

(18)

wherea, 3,y weightsthe contritution of every individual
field change,andn weightsthe gain in the strain enegy.
K representhe FEM stiffnessmatrix, and AX the FEM
nodedisplacemeninatrix. Analyzing (18) we seethatary
changen theimagefieldsor in the meshpoint distribution
will increasehe systemtotal enegy. Thereforeusingthe
aboveenegy definitionwe statewithout proofthatthepoint
correspondenc®rm g, to g,+1 IS givenby themeshcon-
figurationwhosetotal enegy variationis minimum. That

6
meansthe pointcorrespondends givenby:
X =X +AX (19)
where
AX = minpx AU, (AX) (20)

3.2 Feature points extraction

Although (19) canbe usedto estimatehe motion (point
correspondencea)f every voxel in the image,the number
of voxel points> 10% andthe complex natureof the equa-
tion makesits globalminimizationdifficult. To simplify the
problemwe optedto constructa coarseFEM meshusing
selectegointsfrom theimage. Thereforetheenegy mini-
mizationwill give ustheestimategointcorrespondencaf
them.

The selectionof thosepoints, is not trivial. First, for
practical purposeshe numberof points have to be very
small~ 10%, thereforethe selectedpointsmustbe enough
to describethe whole image motion. Region boundaries
arevery importantfeatureshecausefor our motion track-
ing proposesboundarytrackingis enoughfor anaccurate
region motion description.Furthermoreat regionsbound-
ariesthe magnitudeof the gradientis high andthe Lapla-
cianis a zerocrossingpoint, makingthemeasyfeatureso
track. Thesefacts,compelghe selectiorsggmentedound-
ary pointsin the constructiorof our FEM.

Although boundarypoints representa small subsetof
theimagepoints,they arestill too mary for practicalpro-
poses. To reducethe numberof pointswe decidedto use
constrainedandomsamplingof theboundarypointsfor the
pointextractionstep.Theconstraintonsistof avoidingthe
selectionof a point too closeto the onesalreadyselected.
This constraintllow amoreuniform selectiorof thepoints
aroundthe boundaries.Finally, to reducethe motion esti-
mationerroratregioninternalpoints,we randomlyselected
a few morepointsfrom theimageusingthe samedistance
constraint Experimentatesultsshov usthatbetweerb000
and 10000pointsare enoughto estimateand describethe
motionon a typical volumetricimageof 256x256x34vox-
els, from wherewe arbitrary choose75 % of the total as
boundarypointsandtheremaining25 % asinterior points.

3.3 FEM meshconstruction

Once we have selectedan appropriateset of feature
pointsto track, the next stepis the constructionof a FEM
meshfrom thosepoints. This meshconstrainghe kind of
motion allowed by codingthe materialpropertiesandthe
differentregions iterationsin its topology The first step
in the meshconstructionis to find for every nodal point,
the neighboringnodalpoint. This correspond$o build the
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Ehm Humeral | muscle | tendon | cartilage
head

Humeralhead| 10* 0.15 0.7 0.01

muscle 0.15 0.1 0.7 0.6

tendon 0.7 0.7 10! 0.01

cartilage 0.01 0.6 0.01 102

Table 1. Relative stiffness and bounding stiff-
ness of selected anatomical structures in the
shoulder .

Voronoi diagramof the mesh. Its dual, the Delaunaytri-
angulationrepresentshe bestpossibletetrahedrdinite el-
ementfor a given nodal configuration[1]. Although we
cancomputethe Voronoimapfor a N nodesmeshwith a
O(N Log(N)) algorithm,we alsoneedto know the clos-
estnodepoint for every voxel in theimage. Thereforewe
usedinsteada simple dilation approachfor the construc-
tion of the Voronoidigram. The dilatationapproactdilates
every nodalpointin the discretevolumeandtestingwhere
it contactsotherdilatedfeature this procedureat the same
time labelsevery voxel in the imagewith the correspond-
ing closestnodal point of the finite elementmesh. Once
every point x; hasfound its neighborx; a springits at-
tachedto the point pair with constantk’ ;“ which defines
andaveragelteratlonstrengtrbetweermatenall andmate-
rial m. Thesprlngstlffnesskw is definedby the material
iterationpropertiesof the connectedointsthatare prede-
finedby theuser If theconnecteqbointsbelongto thesame
region; thenthesnffnessconstanﬂs: is relatedto the ma-

terial elasticitypropertieswhile kl m for differentmaterial
codesthe averageiteration force betweenboth at bound-
aries. Table| shaws a typical input matrix which defines
the iterationbetweencomponents Althoughin theorywe

mustdefineall the iteration betweenall adjacentregions,
in practicewe just definetheinteractionbetweerthe major
anatomicalcomponentsn the image,andthe restare left

asanarbitraryconstantThis arbitraryselectionmakesthe
motionestimationlessaccurateput theintroducederroris

not significantcomparedo othersinducederrorsin our as-
sumptions.

3.4. Energy minimization

The problemof minimizing U canbe addressedy di-
viding the problemin two: Rigid motion estimationand
deformablemotion estimation. Both usethe sameenegy
function; but we usedifferentstratgies. Therigid motion
estimatiorminimizationstratgly useghefactthatthemesh
deformatiorenegy (AXT K AX)/2 is very closeto zero.
Fromthe segmentationandour a-priori knowledgeof the

anatomywe know which pointsbelongarigid body If we
selectthosepointsfor everyindividual rigid regionthenthe
rigid motionenegy minimizationproblemis equalto find-
ing therigid motionrotationR,; andtranslatioril’; thatmin-
imize every region own enegy:

AX,igia = minaxUpigia (21)
= ) (AXi=minax,Un(AXy)),
Vierigid
where
AX; =R;X; +T; — X; (22)

andAX; is the optimumdisplacementatrix of the points
thatbelongto arigid body R;. This minimizationproblem
hasonly 6 degreesof freedomfor every rigid body: 3 in

the rotationmatrix and 3 in the translationmatrix. There-
fore, the 12 coeficients (9 rotation parameters3 transla-
tions)canbefoundvia a6 dimensionasteepestiecentech-
nigueif thedifferencebetweereverytwo sequenceis small
enough.

Once we have found the rigid motion parametersye
proceedo estimatedeformablenotionthroughouthe min-
imization of the total systemenegy U. This problemcan
notbesimplifiedasmuchastherigid motioncaseandwith-
outfurtherconsiderationthenumberof degreesof freedom
in a 3D deformableobjectis M = 3 « N whereN is the
numberof nodepointsin all the mesh. The natureof the
problemallows the useof a simple gradientdecenttech-
niguefor eachnodein the mesh whichis derivedfrom the
physicsof the problem. Fromthe potentialandkinetic en-
ergiesthe Lagrangianof the systemcan be usedto found
the EulerLagrangesquationdor every nodeof the system
wherethe driving local force s just the gradientof the en-
ergy field. For every nodein the meshits local enegy is
givenby:

(Ax) = [a(gn(xi + A%) = gnt1(x:))”
+B(IIV gn (xi + Ax)]| = ||V gn41(x:)][)*
+Y(V2gn(xi + Ax) — V2 gnp1(x:)])?
105 Xoxe0m %) kT (x5 — xi — Ax)?]

(23)
whereg,, representa neighborhoodn the Voronoi dia-
gram.

Therefore, every process handles a 3-dggrees-of-
freedomproblemwhoseminimizationis performedusing
a simple gradientdecenttechniquethat iteratively reduces
thelocalnodeenegy. Thelocal nodegradientdecenequa-
tionis

Ux).n

Xi (n + 1) =X (n) - VVU(x,(n),n) (AX), (24)

wherethe gradientof the meshenegy is analyticallycom-
putableandthe gradientof the field enegy is numerically
estimatedrom the imageat two differentresolutionsand
x(n + 1) is thenext nodeposition,andrv weightsthegradi-
entcontrikbution.
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At every stepin the minimization, eachprocesstakes
into accountthe neighboringnodesformer displacement
found for every othernodein the mesh. The processis
repeateduntil the total enegy getsinto a local minimum,
which for small deformationss closeto (or is) the global
minima. Thedisplacementectorfoundrepresentshe esti-
matedmotionatthenodepoints.

3.5. Dense motion field estimation and motion
tracking

The sampleddisplacementield AX foundin the mini-
mizationprocesss usedto estimatehe densemotionfield
neededto track the sgmentationfrom one frame to the
next. The densemotion estimationis found by weight-
ing the contribution of every neighbornodein the mesh.
Assuminga constantvelocity model,let us call v(x,t) =
Ax(t)/At the estimatedrelocity at voxel x attime ¢, then
thedensemotionfield is estimatedy:

v(x,t) = % Z

VAX;E€EGm (z;i)

kl’mAXj
Ix — x;]

(25)

where
-1

kl,m
2 Px—x;|| 7

VAXJ' €Gm (:Cl)

(26)

c(x) =

kb™ the stiffnessbetweenmateriall andm associatedo
voxel x andvoxel x; respectrely, AT the time between
successie samples| - | is asimpleEuclideandistanceand
the interpolationis doneusing the neighbornodesof the
closesiodeto thevoxel x, wherex € V,,(z;). Thisinter
polationweightsthe contribution of everyneighbomodeby
its materialpropertykﬁ:;" thusthe estimatevoxel motionis
similar for every homogeneousegion even at the region’s
boundary

To fill thenext volumein the serieswith the sgmented
dataat time (¢ + At), we needthe estimatedvelocity for
every voxel in the next volume. That meansthat we need
areversemappingof the estimatednotion, which is given

by:
1
v(x,t + At) = T v(x;,t). (27)
Vix;+v(x;,t)]€S(x)

whereH isthenumberof pointsthatfall into thesamevoxel
spaceS(x)in the next volume. This mapping,doesnot fill
all thespaceatt + At; but a simpleinterpolationbetween
mappedneighborvoxels canbe usedto fill out thatspace.
Oncewe have anestimationof the velocity for every voxel
in the next frame,its segmentatioris simply:

L(x,t+At) = L(x —v(x,t + At),t)  (28)

Figure 2. Single slice of segmentation of the
3D shoulder image. Left to right, top to bot-
tom: original raw data, target segmentation,
statistical region growing result, final result

whereL(x, t) is thelabelat voxel x from the previousim-
age.andL(x, t+At) isthevoxellabelatthenew sggmented
image.

4. Results

Our4D analysisapproacthasbeertestedn severalMRI
volumetricimagessequencesin thesesectionwe present
the sgmentatiorandmotiontrackingresultsfor arotating
shouldersequenc@anda kneeextensionsequenceln both
caseghe MRI imageparametergor 3D GRE and3D PS-
GREsequencewereoptimizedfor contrastnoiseandfield
coil placemenusingfive volunteers.

4.1 4D shoulder

Usingthe optimizedimagingsequencea volunteerwas
imagedwhensherotatedherarmstepwiserom the neutral
positionto the maximal externalrotation. A total of eight
usefulimage sequencesvere acquired. Eachimage size
were256x256x28vith aspatialresolutionof 0.43x0.43x1.7
millimetersfor eachvoxel. Theleftimagein figure2, shavs
a singleslice of the shoulderimage. A manuallysegmen-
tation of selectedstructuresin the anatomyin this sliceis
shavn in the next figure, which representshe target seg-
mentationat that slice of four anatomicalstructures:the
humeralheadtwo differentmusclegroupsandthescapula.
The next imageshaws the segmentationafter the connec-
tivity estimation.This imageshawvs thatour parametees-
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timation algorithmis able to estimatethe local statistical
parameterin realimagesandusefulfor our simpleregion
growing algorithm. The third imageshaws the final seg-
mentatiorresultswherethedifferentgrayscalegepresents
differentcomponent®f the shoulderanatomy As we can
seeour sggmentationapproachdid a very goodjob on the
humeralheadandmuscletissue.Althoughthetendonsand
the cartilagewerenot uniformly sggmentedthey werenot
confusedwith other major anatomicalcomponents. The
scapulaandfatwhereclassifiecby ouralgorithmasasingle
structureduethelack of contrasbntheoriginalimage.The
segmentatiorerrorwasmeasuredsingtherelativevolumes
differencesbetweenthe manuallyextractedhumeralhead
andit correspondinguutomaticsggmentation.This relative
differencewas closeto 1.0%. The completevolume sgg-
mentationwas evaluatedby an expert radiologist. In the
future we will useknowledge-basedechniquego handle
this sgmentatiommbnormalities.

The sgmentedmagewasusedasan input for the mo-
tion estimationandtrackingalgorithm. The relative mate-
rial propertiesveredefinedfor eachoneof the majorcom-
ponentsin the imagelike bone, muscle. Oncethesepa-
rametersandthe a, 3, v, n coeficientsof the enegy term
weredefinedthe algorithmwasrun ontheimagesequence,
wherea setof 5000pointswere automaticallyselectedor
the motion estimationalgorithm: 4000 at boundariesand
1000elsavhere.Thealgorithmwasableto estimatehe ro-
tation of the humeralhead,aswell the displacemenof all
thesofttissueghatsurroundt. Finally, figure3 shovsalat-
eralview of the surfacesrenderingof threeframesof the
sequenceThehumeralheadis in gray, the muscletissueis
atransparenlight grays. Notice the differencein position
of thehumeraheadthroughouthe sequence.

4.2 4D knee

The kneeextensionsequencevasanalyzedn a similar
way; but we in this exampleusedarelatively higherresolu-
tion imageasaninput for the sgmentatioralgorithm. The
imagesequenceonsistedn a setof six 60x256x256vol-
umetricframeswith a spatialresolutionof 0.47x0.47x1.4
cubic millimeters. Figure4 shows at the left a singleslice
of the first volume of the kneesequence.The next image
is the sggmentatiorafter connectvity estimationwhile the
third shavs the segmentatiorresultsof the region of inter-
est,whichwasa subsebf the originalimage.The segmen-
tation of thisimagewasnot perfectdueits lack of contrast
amongbonetissueandfat, but it wasgoodenoughfor our
purposes.Again the sggmentationevaluationwas carried
outby our expertradiologist.

The estimatedmotion field for frame 1 to 2 is shawvn
onthebothrightimageon figure 4, where3D motionvec-
torsshav how thetibia hasalarge displacemento theleft,

Muscles

A - \—(
2 vy /‘:‘f 6'(&‘,‘ / .‘w’hh
lm" / iy iy,
' 6 N @ « K
/(‘ b, / ' il

Figure 3. Rotating shoulder sequence . From
left to right: surfaces renderings of frames
1,4 and 8.

Humeral h ead

Figure 4. Single slice of segmentation of the
3D knee image. Left to right, top to bot-
tom: original raw data, initial segmentation,
final segmentation, motion flow vector s from
frame 1to 2.

Mide Femur
ﬂPmea ﬂ
Tibia

Fibula

Figure 5. Surface renderings of the knee ex-
tension sequence. From left to right, side
views of frames 1,4 and 7.
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while mostof theleg wasmoving down, which corresponds
to the realmotion present.The enegy coeficientsandthe
restof the motion parametersvere the sameasthe ones
usedfor the shouldermotion. Finally, figure 5 shavs the
completekneeextensionsequencevhichis visualizedasa
setof surfaces. Notice the differentpositionon the patela
(kneecap)throughouthe sequence.

The visualizationof the volumetric dataincludedtex-
tured surfacesrenderingsextracted from the segmented
data. The texture informationwas obtainedfrom the orig-
inal MR databy projectingthe surroundingtissuedensity
valuesinto the surface. This approactenhanceshevisual-
ization of the tendon-bonattachmentandbone-cartilage
contactpoints. The motionvisualizationwasdoneby gen-
eratinga seriesof movieswhich allowedamorevivid visu-
alizationof theiterationsbetweerdifferentjoint structures,
wherefigures5 and3 shav someframesof two of thegen-
eratedmovies.

5. Conclusion

We have presented new approacho 3D seggmentation
andmotiontrackingwhich allows an automaticsegmenta-
tion andtrackingof the softtissueandrigid structuresn a
sequencef volumetricimages.Our approactwasusedfor
the4D visualanalysisof two majorjoints: theshoulderand
knee.Thesewereimagedusingandoptimal MRI pulsese-
guenceandacquiredduringstepwisemotion. Ourapproach
requiresa minimumof interactvity with theuser eliminat-
ing theneedfor exhaustvetracingsandeditingof theimage
data. This 4D analysisis basedon the hierarchicalappli-
cationof the hierarchicalapplicationof threeunsupervised
segmentatiortechniquesindasolidfinite elemenmodelas
basefor the motion trackingalgorithm. This approachal-
lowedusto presentandvisualizetheinteractionof muscle-
tendon-boneavhich canbevery usefulin understandinghe
role of eachstructurein the kinematicsof the joints, and
will enable,in the future, the developmentof a complete
kinetic, bio-mechanicaiodelsof the humanjoints.
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