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Abstract

The3Dreconstructionofhighcontrastanatomicalstruc-
tures has beenwidely explored. However, a classof im-
portantclinical problemsinvolvesthemotionof verycom-
plex musculoskeletalstructuresincluding the joints, hence
a 4D reconstructionis desired. Practical difficultieswith
4D reconstructionwith MRI includethe time required for
data acquisition,the resolutionrequired for visualization
of small but critical structures, the grossinhomogeneities
of field coil response, the degreeof noisepresentwith the
signal and the extremelow-contrast detailsbetweensome
distinctanatomicalstructures.Wepresenta comprehensive
approach to 4D musculoskeletal imagery that addressthe
abovechallenges.SpecificMRI imagingprotocols;segmen-
tation, motionestimationand motion tracking algorithms
are developedand applied to rendercomplex 4D muscu-
loskeletalsystems.Applicationsof theapproach 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 articulatingbonesand the
changesin the relationshipsbetweensoft tissuestructures
of the joints during motion. Improvementsin theseareas
wouldgreatlyincreaseourunderstandingof thenormalpa-
tientandthedevelopmentandstagingof osteoarthrosisand
a wide of varietyof clinical conditions.Whole-volumeCT
andMRI imagingwhich provides3D data,would in the-
ory, give us theability to evaluateandalsovisualizestatic
phenomena.Although therearesomevolumeandsurface
renderingtechniquesthat canbe usedto visualizethe raw
dataof simpleanatomicalstructures[17], thesetechniques
have limited successwith volumetric imagesof complex

anatomicalstructureslike thejoints. Imagesegmentationis
a standardtechniqueusedto differentiateanatomicalstruc-
turesfrom the imageand then usethe information to get
a bettervisualizationof thevolumetricdata. Furthermore,
segmentationcan, in theory, provide a completedescrip-
tion of theanatomicalsurfacesmakingthemsuitableinput
for virtual reality environments.However, so far thereare
no unsupervisedalgorithmsavailable to reliably segment
soft tissuestructuresof a moving musculoskeletalsystem
for their 3D and4D visual presentation,or virtual manip-
ulation. The purposeof this studywas to develop a time
adaptive 3D segmentationalgorithmand4D displayof the
motionof soft tissuestructuresandbonesof jointsusing3D
MRI dataandapplythatmethodfor theanalysisof a series
of MR volumeswhichwereacquiredduringjoint motion.

Our analysisof musculoskeletalstructuresis based,but
not limited, on MR volumetric images. The anatomical
structuresof theanalyzedjointsareverycomplex. Further-
more,thesmallstructuresliketendonsandcartilageneedto
besegmentedfor a full appreciationof themotion. To get
the desiredresolutionlocal coils wereusedfor imageac-
quisition,thusfield inhomogeneitieswerepresent.Besides
thesefield inhomogeneitiesthetendons’propertiesarevery
complex, makingthemvery difficult to segment.Like oth-
ersvolumetric imagemodalities,MR imagessuffers from
low contrastbetweensomeanatomicalstructures;limited
iter-slice resolution;noise; and spatiallyvarying sensitiv-
ity. Thesegmentationof low contraststructuresrepresents,
perhaps,thegreatestchallengeto many segmentationalgo-
rithms. This problemhaspromotedthe creationand use
of active contourmodels[6] (snakes) and their 3D exten-
sion (balloons)[1]. However, thesetechniqueshave to be
initializedproperlyandthey canonly segmentoneanatom-
ical structureat time thus limiting their applicability. Re-
gion growing algorithmsarebestsuitedfor the segmenta-
tion of slowly varyingnon-uniformities.They arebasedon
the local pixel propertiesto segmentan image[5]. Among
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themorecommonaretheedge-basedpixel approachesthat
look for closecontoursto distinguishdifferentregions.An-
otherinterestingregion-basedtechniqueis basedon water-
shedanalysiswhich hasbeenusedlately in thesegmenta-
tion of medicalimages[14, 4]. Theadvantageof searching
the imagelocally is that they aremorerobust to spatially
variationslike contrastagentsinducedintensityvariations
or field inhomogeneities.On the otherhand,they tendto
over-segmenttheimageif they arenotproperlyadjusted.

Althoughtherearemany 2D regiongrowing algorithms,
just a few of them have beensuccessfullyappliedto the
segmentationof 3D structures[18, 16]. On theotherhand,
we followedrecentadvanceson line-preservingandedge-
preservingimagerestorationtechniques[3, 10], to develop
a novel 3D local voxel statisticalparameterestimator. This
voxel estimatorsallow theuseof simple3D regiongrowing
algorithmsfor theestimationof theiter-voxel connectivity,
whichin combinationwith standardregionmergingandre-
laxationlabelingalgorithmsallows goodsegmentationsof
standardMR images.

Ontheotherhand,thetimeanalysisof themusculoskele-
tal systemrequiresthe tracking of several rigid and non-
rigid structures.Although thereareseveral successfulap-
proachesfor deformableandrigid motiontrackingthatcan
be usedfor the tracking of single structures[8, 7], using
themfor trackingall the structuresof the musculoskeletal
systemproblemin not practical. Therefore,we developed
anovel trackingapproachbasedonasimplephysicalbased
modelof thewholevolumeimage.Themodeltakesinto ac-
countoura-priori knowledgeof thehumananatomywhich
is codedon thesegmentationof thefirst volumeof theset,
asa simplefinite elementmesh,which deformsaccording
to theimagedifferencesbetweenvolumesin thesequence.
Ourwholeimageapproachallowsagoodandrelatively fast
motion flow estimationthat is usedto propagatethe seg-
mentationof thefirst volumeto thenext in theseries.

In this paper, we proposeanhierarchicalapplicationof
our automaticregion basedsegmentationalgorithm, mo-
tion estimationtechniquesto the analysisof the dynamics
of musculoskeletalstructures.First, we performan auto-
matic segmentationof the first MRI volume in a 4D se-
quence.Thesegmentedimageandour a-priori knowledge
of thetissueelasticityareinput to ourmotiontrackingalgo-
rithm which usethis informationto estimatethemotionof
the differentanatomicalcomponentspresentin the image.
Oncethemotionhasbeenestimatedweproceedto passthe
segmentedimagefrom the first volumeto the next. This
processis repeateduntil we have a completesegmentation
setof thewholesequence.After that, thesegmenteddata,
the raw dataand someuserparameters,like tissuecolor,
areusedto constructrealisticsurfacesof all theanatomical
components.Theserealisticsurfacesincludesometexture
informationthat enhancethe visualizationof the different

bone-tendonsattachmentpoints.

1.1. Imagemodel

A temporalvolumetricdigital image�������
	����
����� ismod-
eledasa sampledversionof a continuous3D temporalim-
age�����������
	����������
�
� , wherea discretepoint ���������
	���� � in
thevolumetricdigital imageis calledvoxel. This imagecan
be assumedto be createdafter illuminating a 3D complex
dynamicalobject !"�������
�
� with somesortof time invariant
illuminationfield #$����� . ! is assumedto becomposedof %
distinctregions &('���&*)+��,-,.,-��&*/ , &10324&65*�87 , for 9;:�=< . If
we assumethat the image �>�������
�
� is corruptedby additive
independentGaussiannoise ? , then the observed discrete
valueat thevoxel �A@4� at time �B�C� D is givenby:�>���E�
�
�F�G#3���IHJ���
	KHJ	����(HL�M��!"���NHJ���
	KHJ	����*HL�
��� D1�O ?>���NHJ����	KHK	����*HL�$��� D1�P�

(1)
where �QHJ����HJ	RHL� � arethesamplingspacingintervals.Our
specificgoalis to analyzethemotionof the % regionsthat
compromise! . To addressthisproblem,wehaveto beable
to segmentandtrackthoseregionsfrom theobservedimage� .

2. 3D segmentation

The4D analysisof thetemporalvolumedatasetsis done
by a hierarchicalimplementationof volumesegmentation
and motion estimationand tracking. In thesesectionwe
presenthow weaddressedthe3D segmentationproblem

2.1. Regiongrowing

Our 3D segmentationis basedin a hybrid linkage re-
gion growing scheme,whereevery voxel in the volumeis
regardedasa nodein a graph. Neighboringvoxelswhose
propertiesaresimilarenougharejoinedby anarc. Theim-
agesegments& 0 aremaximalsetsof voxelsall belonging
to the sameconnectedcomponents[5]. If we assumethat
our imageis composedof stochasticregions,thenwe can
assignto every voxel ����� in the imagetwo local statisti-
cal properties: the local region meanvalue SB����� and lo-
cal region varianceT ) ����� . Thusaccordingto this scheme
two voxels are connectedby an arc if their meanvalue
and varianceare similar enough. If thesetwo properties
wereknown, thenonecantestthevoxel similarity accord-
ing their Gaussiancumulative distribution function. On
the otherhand,if we canonly estimatethemwith certain
confidence,then we can usecomparative statisticaltests.
Beforecontinuing, let us statethe definitionsof a neigh-
borhoodsystemanda clique in a threedimensionalspace.
Let U 0 �����V�WUX�����ZY3�[@\& 0 be a neighborhoodsystemon



1998IEEEWorkshoponBiomedicalImageAnalysis 3&10 , meaningany collectionof subsetsof &*0 for which 1)�]:@^U30������ and2) ��_\@`U30����35��a��bc�35=@�U$0�����_d� . ThusU$0������ is a setof neighborsof � . A subseteX0������Nfg&10 is
a clique if every pair of sitesin eF0������ areneighbors,andh 0������ is thesetof cliques[3]. Noticethatvoxelsat or near
theboundaryof a region &*0 have fewer neighborsthando
interior voxels,this is very importantin the formulationof
thesegmentationalgorithm.Figure1a)showsthe3Dneigh-
borhoodsystemadoptedin our research.

2.2. Parameter estimation

Now, our problemis to derive estimationsof the local
region meanand local variancein the presenceof noise.
Theoretically, the meanandvariancecanbe estimatedus-
ing standardimagerestorationtechniques;but thesedon’t
properlyaddressthe regions’ boundaries.If the estimated
parametersarefunctionof thelocalconnectedvoxel values,
thenthey canbemodeledby aMarkov randomfield, where
a Gibbs RandomField (GRF) is specialcase. Assumea
GibbsRandomField modelfor thethejoint distribution of
theestimatedmeanvalueimage,S , andtheinput image,� ,
thereforetheprobability functionfor the input outputrela-
tionshipis in theform[10]:i ��SE�
�R�B�j�XkPlRm�n-o1pV��SE�
�R�rq (2)

where � is just a normalizationconstant.(GRFdetailscan
be found in [3, 10]). The exponent pV��SE�s��� , is calledthe
energy of the input-outputimagepair underthe specified
model.It is known thattheenergy functionassociatedwith
theinput-outputpair canbedecomposedandwrittenasthe
sumof cliquepotentials,as:pV��SE�
�R�B�utv�wEx�yBz w (3)

wheree is acliquein theneighborhood,andthesummation
is over the set of all cliquesin the neighborhoodU . For
simplicity, many of thepossiblecliquepotentialsaresetto
zero. Therefore,the energy p is a sumof a small setof
cliqueswith nonzeropotentials.

A generalestimatorbasedon the GRF approachis an
operatorwhichmaximizestheprobabilityfunctionwith re-
spectto S givena fixedinput �

S�{6�G|N}�l�~ i ��S�� �R���G|N}�l�~ i ��SE�s���i ���R� (4)

But for a giveninput image � ,
i ����� is constant,therefore,

this maximizationproblemreducesto the minimizationof
theenergy function:S { �\|L�.� ~ pV��SE�s���a, (5)

a) b)

Figure 1. a) 3D 18 neighborhood system b) 2D
lines segments in a 2D 3x3 region

Let theenergy functionbegivenas:pV��SE�
�R�E��tv��+�rx+� tv�����x�y������
� ��SB����0��"o�� 0�� 5P�����35��
� ) (6)

In thiscase,thesolutionto theminimizationbecomes,S�{+����0Z�B�j�In ��0�q>� tv�����x�yR�-� � � � 0�� 5P�>���35��P� (7)

where � 0�� 5 ������ ��� �� � 5 @�U _ ��� 0 �� � 5 :@�U _ ��� 0 � � (8)

and � is thenumberof pointsin theneighborhoodU _ ��� 0 � .
This is simply a linearestimator. This filtering operationis
equivalentto theoptimalestimationproblemwheretheob-
servation � is corruptedversionof theoriginal ! with Gaus-
siannoise,suchthat SB�����Fo��>����� is a zero-meanGaussian
randomvariablefor all voxelsin theimage.It is well known
thatthebest(ML) estimateof S giventheobservationsis the
linearcombinationof theobservations.

Usingtheestimatorlinearproperty, a varianceestimator
is just:T ) ����0Z�B�j�In.����0�o6SB����0Z��� ) q�� tv�� � x�y����+��� � 0�� 5P����� )5 ��o6SB����0r� ) ,

(9)
Equations(7) and (9) are not simple to compute. The
weights � 0�� 5 are unknown. If we assumethat the image
is a singleregion, thenour problemis reducedto find the
weights that meet the following requirement: to provide
a reliable parameterestimationseven at the true region’s
boundaries.To accomplishthis, we proposean adaptive
weight estimatorthat adjustthe weightsvaluesin sucha
way to preservetheregions’boundaries.

From geometrywe know that a discreteregion & is a
finite set of lines segments. Thus, if we had a line seg-
ment detectorthen we can use it to estimateregion pa-
rameterseven at the boundaries.We say that two ”oppo-
site” neighborvoxels of � belongto the samelocal line
segment if they sharethe sameproperty, where ”oppo-
site”, in a 3x3x3 neighborhoodsystem,can be written as
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�35���@�UF�����*���R� ��0�:@�UF���35�� . Figure 1 shows sim-
ple 2D local line segmentsin a 3x3 neighborhoodsystem.
Althoughtherearedifferentwaysto testthis similarity, we
optedfor this simpletest:A neighborvoxel property¡¢����0��
is similar to ¡������ if � ¡�����0��$oK¡¢�������R£=D�{aTR¤������a�I��0B@¥UX����� ,
whereD�{ is anconstantgreaterthatzeroandTR¤
����� is alocal
dispersionmeasuregivenby:T ¤ �������jT { O§¦� tv��d¨�x�yR���+� ��� ¡���� _ �¢o4¡¢������� �P� (10)

where � is thenumberof neighborpoints,and T3{ thecur-
rent estimatedvariancefrom (9). From the former defini-
tions,our line segmentdetectorcanbedefinedas:

© ¤ ª��E����0
���35d«1�
¬­­­­­­­® ­­­­­­­¯
¦ �-°�� ¡������"o4¡¢��� 0 ����£±D { T ¤ �����a���0E@¥UX�����a�"��0²:@�UX���35��}d�
³� ¡������Eo4¡¢���35�����£±D�{PTR¤
�����a��35(@�UX�����P�"�35L:@�UX����0��� ´ ��µ�k�¶�·¸�º¹�k

,
(11)

Whichsaysthat ª��E����0
���35+« belongto thesamelinesegment
if
© ¤Rª��E����0
���35+«1� ¦ .
For mostmedicalimagestheestimatedvoxelmeanvalue

and the estimatedvariancecan be usedas voxel proper-
ties in the line segmentdetector. Theonly problemis that
thesepropertiesare uncertainat the beginning; but they
canbe estimatediteratively, using(7) and(9) andthe ini-
tial conditionsare S>»M��� 0 �¼�½������� , the voxel value, and¾ » ����0��B�¿� ) ����0Z� , thevoxel squarevalue.

Voxels belonging to the sameline segment are con-
nected,thusthosevoxelscanbeusedin theparameteresti-
mation. Using the line detectorwe have a way to estimate
a connectivity. Therefore,we usethis estimatedconnectiv-
ity informationto enhancetheweights � À0�� 5 of thosevoxels
connectedto ��0 :
ÁdÂÃ�Ä Å²ÆÈÇ�ÂÃ�ÉÊ�ÁdË�Ì tÍaÎ ¨�Ï�ÐMÑ Î ��ÒÔÓ�ÕBÖ+×"Ö�Ø�Ó�Ù ÃZÚ Ù Å�Ú Ù�Û�ÜÌ ÕEÝd× Ý�ÞØ Ó�Ù Ã Ú Ù Å Ú Ù�Û�ÜrÜ

ßàcáBâÆäã
(12)ÁdÂÃ�Ä Ã Æ¼ÇdÂÃ ÉÊ Á+Ë¢Ì tÍaÎ � Ï�ÐMÑ Î �åÒ tÍaÎ ¨�Ï�ÐMÑ Î ��Ò Ó�ÕBÖ�×"Ö�Ø>Ó�Ù ÃZÚ Ù Å�Ú Ù Û ÜÌ ÕEÝ+× Ý�ÞØ Ó�Ù Ã Ú Ù Å Ú ÙRÛ�ÜrÜ Ú

ßà
where �R{ is the initial weight, æ¸~��
æ¸ç are the weight

gainsrelatedto the local dispersionæ¸~¿� ¦ , �Mè ��� !"���30Q�¸o!"���R5���� O T ¤
�����
� , and ��0 the normalizationconstantsuch
that �RÀ0 � ¦ èBé �5�ê�' � 0�� 5 , and � thenumberof pointsin the
neighborhood.In otherwords,we increasetheweight � À0�� 5
if � 0 and � 5 whereestimatedconnectedby theline segment
detectorfor eachparameter. Thisprocessis repeatedseveral
timesuntil thelocal dispersion(10) is closeto zero.

2.3. Connectivity computation

At this pointwe haveassociatedanestimateof thelocal
meanvalueandlocal varianceto eachvoxel in the image
with specialconsiderationsof boundariesto avoid blurring
acrossthem. Using theseestimatesthe voxel connectivity
computationis just a simpledetectionproblem,wherewe
wantto establishfor everyvoxel in theimageif theirneigh-
bor voxelsareconnectedto them.AssumingGaussiantex-
turesandnoise,themaximumlikelihoodlevel detectorcan
bewrittenasaquadraticMahalanobisdistancecriterion[2].
ThequadraticMahalanobisdistanceis givenby:ë )0 ��SB���35����B�ìn SB����0��3o4SB���35���q�í¢îIï '0 n SB����0��3o4SB���35���q�� (13)

where î 0 is the correlationmatrix, where for the scalar
caseî 0 = T ) ��� 0 � . For uniformintensityilluminatedregions,
we establishconnectivity betweenneighborvoxels if the
observed Mahalanobisdistancebetweenthemis lessthan
somethreshold

ëMð 0 À . Thiscriterionis sensitiveto illumina-
tions variations;but for illuminateddegradedregions,like
thosecommonin medicalimages,asimplecriterioncanbe
establishfor thescalarcase.Let theobservedscalarMaha-
lanobisdistancebetweenvoxelsbewrittenas:ë 0 ������� 5 �
��� � SB����� 0 oä�>��� 5 ���TE����0�� , (14)

Therefore,theconnectivity estimationcanbemoreaccurate
if we areableto expressthe the Mahalanobisdistancebe-
tweenthenon-degradedvoxels

ë 0��Q!"����0Z��� . Assumethatthe
local intensityfield functionis givenby#$��� 0 O HJñM�B�ì� ¦ o�ò¢ñ��
#$��� 0 �a� (15)

whereHLñ is justasmalldisplacement,and ò¢ñ thefield cor-
rectionin thatdirection,whichmodelsalocallyexponential
field distribution. Thereforefrom our imagemodel(1),(14)
and(15); two neighborvoxelsareconnectedif:ë 0 ���>��� 5 �
�Eo�ò¢ñ SB��� 0 �TE����0��ôó ë 0 �Z!"��� 5 �
�¸õ ë ð 0 À (16)

Although ò¢ñ is directionallydependent;in thisstudyweare
assumingthat ò is isotropicatneighborvoxels.

Oneindependentstatisticaltestthatcanbeperformedat
texturedregionsis theratioof thevariancesö 0�� 51� T )� ����0r�T )� ��� 5 � ó T )÷ ��� 0 � O �QT )ø � è # ) ��� 0 �T )5 ��� 5 � O ��T )ø � è # ) ��� 5 � � (17)

Thisratio followsa ! distribution,andis robustto thenoise? , if the squarefield intensity function is greaterthanthe
noisevariance,# ) �����*ù ùCT )ø . If we usesimilar numberof
samplepointswesaythatboth T ) ��� 0 � and T ) ��� 5 � estimate



1998IEEEWorkshoponBiomedicalImageAnalysis 5

the samevarianceif this ratio is lessthana given thresh-
old, �
ú . That is, if

ö 0�� 5G£û�
ú , where �
úýü ¦ then there
is an arc that joins the neighborvoxel �35È@ìUX����0�� to the
voxel ��0(@GUF���35�� . In this studywe decidedto implement
both testsover the images.This allows us to discriminate
betweenregionswith similar meanvaluebut differenttex-
tureproperties,like somestructurespresentin the muscu-
loskeletalsystem.

Once we have built the connectivity graph, the seg-
mentedimageis just themaximalsetsof voxelsall belong-
ing to the sameconnectedcomponents;but therecan be
someleakageamongthe segmentedregions,dueto noise
and someinaccuratemeanand varianceestimations. To
avoid that, a simple 3D morphologicalclosing operation
canbeappliedto connectivity graphwhichwill helpto split
looseconnectedregions by removing all isolatedjoining
arcs.A bettersolutionis theuseof hysteresiswith theselec-
tion of two differentthresholds.After thatthefinal connec-
tivity mapis formedby theconnectivity of thehigh thresh-
old plustheneighborcomponentsfrom thelowerthreshold.

2.4. Relaxation labeling and merging

Realimagesdo not follow our basicimagemodel,thus
thesegmentationresultingfrom theformerapproachis not
freefrom misclassificationof thevolumeimage.Theprob-
lem of isolatedmiss-segmentedvoxels andnoisy regions’
boundariescan be addressedby assuminga Markov ran-
domfield modelof thelabeledimage,wherethevoxel label
probability is a functionof theneighborlabels. Following
thework of GemanandGeman[3] weadoptedaGibbsran-
domfield for theestimationof thevoxelsprobabilitiesgiven
thedistribution of theneighborlabelsthenwe relaxthela-
belingto correcterrorsin thesegmentationby minimizing
thea posterioriprobability. Althoughfindinga globalmin-
imumof it is possible,thisprocessis very timeconsuming.
A usualapproachis to rely ontheiteratedconditionalmode
(ICM)[12]. This techniqueiteratively minimizesthe func-
tion by usingtheprevioussolutionto estimatetheGaussian
PDF and the probabilitiesat every step. Although this is
no guaranteeit will reacha global minimum, given good
initial conditionsit will converge to a mean-optimallocal
minimum.

Furthermoreanincorrectselectionof thethresholdvalue
(
ëMð 0 À or �
ú ) will causeanincorrectsegmentationof theim-

age.A highthresholdwill causesomeregionsto bemerged
anda low thresholdwill resultin multiple brokenregions.
If an imageregion hasbeenbroken into several contigu-
ouspatches,thentheproblemcanbeaddressedby merging
thosepatches.Following our imagemodel,we determine
thatneighboringimagepatcheswhosemeansareequalbe-
long to the sameregion. A simplestatistical� -testcanbe
usedto comparethetwo patches’meansanddecideif they

areequal.Thus,two patches
i 0�� i 5 aremergedif the � -test

confirmsthat their local meansat their boundariesarethe
samewith a confidenceof ò . This simplecriterion is able
to mergemostof thesmall,but with similar mean,into the
big segments.

3. Motion estimationand tracking

Our goal is the segmentationandmotion analysisof a
seriesof MRI scanof thejoints. Thereareseveralanatom-
ical componentsin the joints whosemotion is very impor-
tant to analyze. Joint motion is very complex due to the
non-rigidmotionof thesoft tissuesinvolved,like tendons,
ligaments,muscle,etc.Thesedeformationscausetopologi-
cal changesthatmake theapplicationof automatic4D seg-
mentationdifficult. Althoughthesegmentationof thenext
volumein thesequencecanbedoneby applyingthesame
segmentationalgorithm, therearecertainproblemsin us-
ing this approach. First, the boundarybetweenlow con-
traststructuresis not well definedthusnoiseandsampling
makestheboundariesfoundby thesegmentationto change
betweenseries.The secondproblemresidesin the region
labelingof the image. Therearesomany structuresthata
consistentlabelingat eachvolumein thesequenceis diffi-
cult. Third, thesegmentationalgorithmis computationally
demandingthussegmentingeachvolumeusingthisprocess
is not practical. Giving thesethreeobjectionswe decided
to usean alternative approachfor the segmentationof the
remainingvolumesin theseries.

A motionestimationandtrackingalgorithmwill provide
the informationneededto passthe segmentedimagefrom
oneframeto theother. Sincetheregionshavebothrigid and
nonrigidcomponents,thishastobetakeninto accountwhen
performingtheestimationof the3D motion. Basicallyour
algorithmestimatesthe motion vectorof eachvoxel after
theregistrationof selectedfeaturepointsin theimage.

Although therehave beensomeresearchin this areaof
deformablemotion trackingandanalysis[8, 13, 15, 7, 9],
mostof themconcentratein the time evolution of a single
structurein the imageor a simpleparametricdeformable
models.Theanalysisof thejoint kinematicinvolvethemo-
tion of many structuresmakingthecurrentapproachesun-
suitable. Thereforewe decidedto developa moregeneral
approach.This takes into accountthe local deformations
of the soft tissuesby using the a-priori knowledgeof the
materialpropertiesof the differentstructuresfound at the
segmentationstep.Also, thisknowledgeallowsusto apply
two differentstrategies;onefor recoveringtherigid motion
andotherfor thesoft tissues.Oncetheselectedpointshave
beenregistered,the motion vectorsof every voxel in the
imagearecomputedby interpolatingthe motion vectorof
theseselectedpoints.Oncethemotionvectorfor eachvoxel
hasbeenestimatedthesegmentationof thesecondvolume
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is just thepropagationof thesegmenteddataof theformer
volume. Theseprocessis repeateduntil all thevolumesin
thesequencearesegmented.

3.1. Motion estimation

Researchershave proposedthe use of finite element
models(FEM) for theanalysisof images[6] aswell its ap-
plicationto thetimeevolutionanalysis[8, 15, 9]. Following
a similar approach,our algorithmrecoversthepoint corre-
spondenceby minimizing the ”total energy” of a meshof
massandspringssystemwhich modelsthe physicalprop-
ertiesof theanatomy. Themaindifferenceis thatourmesh
is not constrainedto a singlestructurein the image,but it
modelsthe wholevolumetricimagewhich topologyprop-
ertiesaredrivenby theoriginal dataandits physicalprop-
ertiesby our a-priori knowledgeandthe segmenteddata.
Basicallyour motionestimationapproachis a FEM-based
pointcorrespondencerecoveryalgorithmbetweentwo con-
secutive framesin the sequence.In our modeleachnode
of themeshis anautomaticallyselectedfeaturepointof the
imagewewantto track,andthespringstiffnessis computed
usingthe segmentedimageandour a priori knowledgeof
thehumananatomy.

Many deformablemodelsassumethatavectorforcefield
can be extractedfrom the imagewhich drives spring at-
tachedpoint masses.Most of them usethis approachto
build semi-automaticfeatureextraction algorithms. Us-
ing a similar approach,let us assumethat the imagesam-
pled at �¿�§þ is a set of threedynamicalscalarfields:ÿ ���E�
�
�(� ª�� À �����a���.� � � À �������.��� � ) � À ������« (Thegrayvalue,
themagnitudeof theimagegradient,andaLaplacianof the
image),sothatachangein thefield

ÿ ����� causesaquadratic
changein the scalarfield energy p���������� �QH ÿ �����
� ) .
Furthermore,assumethat the imageunderlyingstructures
aremodeledasa meshof springattachedpointmassesin a
stateof equilibriumwith thesescalarfields.Althoughequi-
librium impliesthatthereis anexternalforcefield, its shape
is notimportantin ouranalysis.Let usassumethatthepoint
distributionchangesin time,thusthetotalenergy changein
( HJ� ), is:

��� Â Ó �
	 Ü Æ tÍaÎ Ï�� Ø

���� Ó�� Â Ó��3Ü���� Â���� Ó�� Ì � �3ÜrÜ��Ì�� Ó �!� "#� Â Ó��3Ü$�%�&�'�!� "#� Â���� Ó�� Ì � �3Ü$�%� Ü��Ì�( Ó)" � � Â Ó��3Ü Ì " � � Â���� Ó�� Ì � �3ÜrÜ �Ì+* ��

�
	-,/.0�
	21
3%45

(18)
where ò��76B� 8 weightsthecontribution of every individual
field change,and ? weightsthe gain in the strain energy.9

representthe FEM stiffnessmatrix, and H;: the FEM
nodedisplacementmatrix. Analyzing(18) we seethatany
changein theimagefieldsor in themeshpoint distribution
will increasethesystemtotal energy. Therefore,usingthe
aboveenergydefinitionwestatewithoutproofthatthepoint
correspondenceform � À to � À=< ' is givenby themeshcon-
figurationwhosetotal energy variationis minimum. That

means,thepointcorrespondenceis givenby:>:W�?: O H >: (19)

where H >: �\|V�-�A@�B6HNp À �QHC:4� (20)

3.2. Featurepoints extraction

Although(19) canbeusedto estimatethemotion(point
correspondence)of every voxel in the image,the number
of voxel points ü ¦ �ED andthecomplex natureof theequa-
tion makesits globalminimizationdifficult. To simplify the
problemwe optedto constructa coarseFEM meshusing
selectedpointsfrom theimage.Therefore,theenergy mini-
mizationwill giveustheestimatedpointcorrespondenceof
them.

The selectionof thosepoints, is not trivial. First, for
practicalpurposesthe numberof points have to be very
small ó ¦ �=F , thereforetheselectedpointsmustbeenough
to describethe whole imagemotion. Region boundaries
arevery importantfeaturesbecause,for our motion track-
ing proposes,boundarytrackingis enoughfor anaccurate
region motiondescription.Furthermore,at regionsbound-
ariesthe magnitudeof the gradientis high andthe Lapla-
cian is a zerocrossingpoint, makingthemeasyfeaturesto
track.Thesefacts,compelstheselectionsegmentedbound-
arypointsin theconstructionof ourFEM.

Although boundarypoints representa small subsetof
the imagepoints,they arestill too many for practicalpro-
poses.To reducethe numberof pointswe decidedto use
constrainedrandomsamplingof theboundarypointsfor the
pointextractionstep.Theconstraintconsistsof avoidingthe
selectionof a point too closeto the onesalreadyselected.
Thisconstraintallow amoreuniformselectionof thepoints
aroundthe boundaries.Finally, to reducethe motion esti-
mationerroratregioninternalpoints,werandomlyselected
a few morepointsfrom the imageusingthesamedistance
constraint.Experimentalresultsshow usthatbetween5000
and10000pointsareenoughto estimateanddescribethe
motionon a typical volumetricimageof 256x256x34vox-
els, from wherewe arbitrarychoose75 % of the total as
boundarypointsandtheremaining25% asinteriorpoints.

3.3. FEM meshconstruction

Once we have selectedan appropriateset of feature
pointsto track, the next stepis the constructionof a FEM
meshfrom thosepoints. This meshconstrainsthe kind of
motion allowed by codingthe materialpropertiesandthe
different regions iterationsin its topology. The first step
in the meshconstructionis to find for every nodal point,
theneighboringnodalpoint. This correspondsto build the
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ÇHG Ä I Humeral muscle tendon cartilage
head

Humeralhead JLKNM 0.15 0.7 0.01
muscle 0.15 0.1 0.7 0.6
tendon 0.7 0.7 J$K � 0.01
cartilage 0.01 0.6 0.01 J$K �
Table 1. Relative stiffness and bounding stiff-
ness of selected anatomical structures in the
shoulder .

Voronoi diagramof the mesh. Its dual, the Delaunaytri-
angulation,representsthebestpossibletetrahedrafinite el-
ementfor a given nodal configuration[11]. Although we
cancomputethe Voronoi mapfor a � nodesmeshwith aO ���QP�R����Q�ä�
� algorithm,we alsoneedto know the clos-
estnodepoint for every voxel in the image. Thereforewe
usedinsteada simple dilation approachfor the construc-
tion of theVoronoidigram.Thedilatationapproachdilates
every nodalpoint in thediscretevolumeandtestingwhere
it contactsotherdilatedfeature,this procedureat thesame
time labelsevery voxel in the imagewith the correspond-
ing closestnodal point of the finite elementmesh. Once
every point � 0 hasfound its neighbor � 5 a spring its at-
tachedto the point pair with constant�TS � ð0�� 5 , which defines
andaverageiterationstrengthbetweenmaterialU andmate-
rial V . Thespringstiffness�WS � ð0�� 5 is definedby thematerial
iterationpropertiesof the connectedpointsthat areprede-
finedby theuser. If theconnectedpointsbelongto thesame
region; thenthestiffnessconstant�TS � S0�� 5 is relatedto thema-

terial elasticityproperties;while �WS � ð0�� 5 for differentmaterial
codesthe averageiteration force betweenboth at bound-
aries. Table I shows a typical input matrix which defines
the iterationbetweencomponents.Although in theorywe
mustdefineall the iterationbetweenall adjacentregions,
in practicewe just definetheinteractionbetweenthemajor
anatomicalcomponentsin the image,andthe restare left
asanarbitraryconstant.Thisarbitraryselection,makesthe
motionestimationlessaccurate;but theintroducederror is
notsignificantcomparedto othersinducederrorsin our as-
sumptions.

3.4. Energy minimization

The problemof minimizing p canbe addressedby di-
viding the problemin two: Rigid motion estimationand
deformablemotion estimation. Both usethe sameenergy
function; but we usedifferentstrategies. The rigid motion
estimationminimizationstrategy usesthefactthatthemesh
deformationenergy �QHC: í 9 HC:4� èHX is verycloseto zero.
Fromthesegmentation,andour a-priori knowledgeof the

anatomywe know which pointsbelonga rigid body. If we
selectthosepointsfor everyindividual rigid regionthenthe
rigid motionenergy minimizationproblemis equalto find-
ing therigid motionrotationY 0 andtranslationZô0 thatmin-
imizeevery regionown energy:H >:\[ 0 � 0�] � |V�-� @�B p�[ 0 � 0�] (21)� tv 0 x=^`_ ab_ c �QH >: 9E�¿|V�.� @�B � p À �QHC: 0 �
�P�
where HC: 0��dY 0e: 0 O Zô0�of:40 (22)

and H >: 0 is theoptimumdisplacementmatrix of thepoints
thatbelongto a rigid body & 0 . This minimizationproblem
hasonly 6 degreesof freedomfor every rigid body: 3 in
the rotationmatrix and3 in the translationmatrix. There-
fore, the 12 coefficients(9 rotationparameters,3 transla-
tions)canbefoundviaa6 dimensionalsteepestdecenttech-
niqueif thedifferencebetweeneverytwo sequencesis small
enough.

Oncewe have found the rigid motion parameters,we
proceedto estimatedeformablemotionthroughoutthemin-
imizationof the total systemenergy p . This problemcan
notbesimplifiedasmuchastherigid motioncase,andwith-
outfurtherconsiderationsthenumberof degreesof freedom
in a 3D deformableobjectis % �hg2i*� where � is the
numberof nodepoints in all the mesh. The natureof the
problemallows the useof a simple gradientdecenttech-
niquefor eachnodein themesh,which is derivedfrom the
physicsof theproblem.Fromthepotentialandkinetic en-
ergiesthe Lagrangianof the systemcanbe usedto found
theEuler-Lagrangeequationsfor every nodeof thesystem
wherethedriving local force is just thegradientof theen-
ergy field. For every nodein the meshits local energy is
givenby:� Ñ Î �åÒ Ä Â Ó � �3Ü Æ j � Ó�� Â Ó�� Ã Ì � �3Ü���� Â���� Ó�� Ã ÜrÜ��Ì�� Ó �!� "#� Â Ó�� Ã Ì � ��Ü$�!�N�k�!� "#� Â���� Ó�� Ã Ü$�!� Ü �Ì�( Ó)" � � Â Ó�� Ã Ì � �3Ül�m" � � Â���� Ó�� Ã Ü$� Ü �Ì+* ��

é Î � Ï�ÐonXÑ Î �åÒ Ç G Ä IÃ�Ä Å Ó�� Å ��� Ã � � ��Ü�� 1(23)
where U ð representsa neighborhoodin the Voronoi dia-

gram.
Therefore, every process handles a 3-degrees-of-

freedomproblemwhoseminimization is performedusing
a simplegradientdecenttechniquethat iteratively reduces
thelocalnodeenergy. Thelocalnodegradientdecentequa-
tion is ��0���þ O ¦ �B�G��0���þ��Eo'p � p ���+��� À � � À � �QHJ���a� (24)

wherethegradientof themeshenergy is analyticallycom-
putableandthegradientof the field energy is numerically
estimatedfrom the imageat two differentresolutions,and�B��þ O ¦ � is thenext nodeposition,and p weightsthegradi-
entcontribution.
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At every step in the minimization, eachprocesstakes
into accountthe neighboringnodesformer displacement
found for every other nodein the mesh. The processis
repeateduntil the total energy getsinto a local minimum,
which for small deformationsis closeto (or is) the global
minima.Thedisplacementvectorfoundrepresentstheesti-
matedmotionat thenodepoints.

3.5. Dense motion field estimation and motion
tracking

Thesampleddisplacementfield H;q found in themini-
mizationprocessis usedto estimatethedensemotionfield
neededto track the segmentationfrom 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 r����E���
�L�HK�B���
� è HK� theestimatedvelocity at voxel � at time � , then
thedensemotionfield is estimatedby:

r����E���
�F�ts �����HJ� tv @ ����x�y n � ñ � � � S �
ð HJ� 5� �¥oA�35M� (25)

where

s ������� 
� tv @ ����x�y n � ñ � � � S � ð� �¥o��35 � 35 ï ' � (26)

� S � ð the stiffnessbetweenmaterial U and V associatedto
voxel � and voxel � 5 respectively, HKD the time between
successivesamples,�vu � is a simpleEuclideandistance,and
the interpolationis doneusing the neighbornodesof the
closestnodeto thevoxel � , where�È@Qw ð ��� 0 � . This inter-
polationweightsthecontributionof everyneighbornodeby
its materialproperty �TS � ð0�� 5 thustheestimatevoxel motionis
similar for every homogeneousregion evenat the region’s
boundary.

To fill thenext volumein theserieswith thesegmented
dataat time ��� O HJ�
� , we needthe estimatedvelocity for
every voxel in the next volume. That meansthat we need
a reversemappingof theestimatedmotion,which is given
by: x ���E��� O HJ�
��� ¦y tv{z � � <}| ��� � � ~ ���.x=���-�+�

x ��� 5 ���
�a, (27)

where
y

is thenumberof pointsthatfall into thesamevoxel
space�1����� in thenext volume. This mapping,doesnot fill
all thespaceat � O HJ� ; but a simpleinterpolationbetween
mappedneighborvoxelscanbeusedto fill out thatspace.
Oncewe have anestimationof thevelocity for every voxel
in thenext frame,its segmentationis simply:P;���E�
� O HJ�
�B�dP;��� o x ���E�
� O HJ�
�a�
�
� (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

where P;���E�
�
� is the labelat voxel � from thepreviousim-
age,andP1���E��� O HK�
� is thevoxel labelatthenew segmented
image.

4. Results

Our4Danalysisapproachhasbeentestedin severalMRI
volumetricimagessequences.In thesesectionwe present
thesegmentationandmotiontrackingresultsfor a rotating
shouldersequenceanda kneeextensionsequence.In both
casesthe MRI imageparametersfor 3D GRE and3D PS-
GREsequenceswereoptimizedfor contrast,noiseandfield
coil placementusingfivevolunteers.

4.1. 4D shoulder

Usingtheoptimizedimagingsequence,a volunteerwas
imagedwhensherotatedherarmstepwisefrom theneutral
positionto the maximalexternalrotation. A total of eight
useful imagesequenceswere acquired. Eachimagesize
were256x256x28with aspatialresolutionof 0.43x0.43x1.7
millimetersfor eachvoxel. Theleft imagein figure2,shows
a singlesliceof the shoulderimage. A manuallysegmen-
tation of selectedstructuresin the anatomyin this slice is
shown in the next figure, which representsthe target seg-
mentationat that slice of four anatomicalstructures:the
humeralhead,two differentmusclegroupsandthescapula.
The next imageshows the segmentationafter the connec-
tivity estimation.This imageshows thatour parameteres-
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timation algorithm is able to estimatethe local statistical
parametersin real imagesandusefulfor our simpleregion
growing algorithm. The third imageshows the final seg-
mentationresults,wherethedifferentgrayscalesrepresents
differentcomponentsof theshoulderanatomy. As we can
seeour segmentationapproachdid a very goodjob on the
humeralheadandmuscletissue.Althoughthetendonsand
thecartilagewerenot uniformly segmented;they werenot
confusedwith other major anatomicalcomponents. The
scapulaandfatwhereclassifiedby ouralgorithmasasingle
structureduethelackof contrastontheoriginal image.The
segmentationerrorwasmeasuredusingtherelativevolumes
differencesbetweenthe manuallyextractedhumeralhead
andit correspondingautomaticsegmentation.This relative
differencewascloseto 1.0%. The completevolumeseg-
mentationwas evaluatedby an expert radiologist. In the
future we will useknowledge-basedtechniquesto handle
thissegmentationabnormalities.

Thesegmentedimagewasusedasan input for themo-
tion estimationandtrackingalgorithm. The relative mate-
rial propertiesweredefinedfor eachoneof themajorcom-
ponentsin the imagelike bone,muscle. Oncethesepa-
rametersandthe òF��6B��8¢��? coefficientsof the energy term
weredefinedthealgorithmwasrunon theimagesequence,
wherea setof 5000pointswereautomaticallyselectedfor
the motion estimationalgorithm: 4000 at boundariesand
1000elsewhere.Thealgorithmwasableto estimatethero-
tationof thehumeralhead,aswell thedisplacementof all
thesofttissuesthatsurroundit. Finally, figure3 showsalat-
eral view of thesurfacesrenderingsof threeframesof the
sequence.Thehumeralheadis in gray, themuscletissueis
a transparentlight grays. Notice thedifferencein position
of thehumeralheadthroughoutthesequence.

4.2. 4D knee

Thekneeextensionsequencewasanalyzedin a similar
way;but we in thisexampleusedarelatively higherresolu-
tion imageasaninput for thesegmentationalgorithm.The
imagesequenceconsistedon a setof six 60x256x256vol-
umetric frameswith a spatialresolutionof 0.47x0.47x1.4
cubicmillimeters. Figure4 shows at the left a singleslice
of the first volumeof the kneesequence.The next image
is thesegmentationafterconnectivity estimation,while the
third shows thesegmentationresultsof theregion of inter-
est,whichwasa subsetof theoriginal image.Thesegmen-
tationof this imagewasnot perfectdueits lack of contrast
amongbonetissueandfat, but it wasgoodenoughfor our
purposes.Again the segmentationevaluationwas carried
outby ourexpertradiologist.

The estimatedmotion field for frame 1 to 2 is shown
on thebothright imageon figure4, where3D motionvec-
torsshow how thetibia hasa largedisplacementto theleft,

Muscles

Humeral h ead

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

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 flo w vector s from
frame 1 to 2.

FemurMuscle

Patela

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 wasmovingdown,whichcorresponds
to therealmotionpresent.Theenergy coefficientsandthe
rest of the motion parameterswere the sameas the ones
usedfor the shouldermotion. Finally, figure 5 shows the
completekneeextensionsequencewhich is visualizedasa
setof surfaces.Notice the differentpositionon the patela
(kneecap)throughoutthesequence.

The visualizationof the volumetric data includedtex-
tured surfacesrenderingsextracted from the segmented
data. The texture informationwasobtainedfrom theorig-
inal MR databy projectingthe surroundingtissuedensity
valuesinto thesurface.This approachenhancesthevisual-
ization of the tendon-boneattachmentsandbone-cartilage
contactpoints.Themotionvisualizationwasdoneby gen-
eratingaseriesof movieswhichallowedamorevivid visu-
alizationof theiterationsbetweendifferentjoint structures,
wherefigures5 and3 show someframesof two of thegen-
eratedmovies.

5. Conclusion

We have presenteda new approachto 3D segmentation
andmotion trackingwhich allows anautomaticsegmenta-
tion andtrackingof thesoft tissueandrigid structuresin a
sequenceof volumetricimages.Ourapproachwasusedfor
the4D visualanalysisof two majorjoints: theshoulderand
knee.ThesewereimagedusingandoptimalMRI pulsese-
quenceandacquiredduringstepwisemotion.Ourapproach
requiresa minimumof interactivity with theuser, eliminat-
ing theneedfor exhaustivetracingsandeditingof theimage
data. This 4D analysisis basedon the hierarchicalappli-
cationof thehierarchicalapplicationof threeunsupervised
segmentationtechniquesandasolidfinite elementmodelas
basefor the motion trackingalgorithm. This approachal-
lowedusto presentandvisualizetheinteractionof muscle-
tendon-bonewhichcanbeveryusefulin understandingthe
role of eachstructurein the kinematicsof the joints, and
will enable,in the future, the developmentof a complete
kinetic,bio-mechanicalmodelsof thehumanjoints.
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