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Abstract

The 3D visual presentatiorof biodynamiceventsof humanjoints is a challenging
task. Although the8D reconstructiorof high contraststructuresrom CT datahasbeen
widely explored,then thereis much less experiencein reconstructingthe small low
contrastsoft tissue structuresfrom inhomogeneousand sometimesnoisy MR data.
Further,thereareno algorithmsfor trackingthe motion of moving anatomicstructures
through MR data. We represent a comprehensive approach to 3D musculoskeletal imagery
that addresses these challenges. Speuifigying protocols,segmentatioralgorithmsand
renderingtechniquesare developedand applied to rendercomplex 3D musculoskeletal
systems for their 4D visual presentation. Applications of our approach include aoélysis
rotationalmotion of the shoulderthe knee flexion, and other colplex musculoskeletal
motions, and the development of interative virtual human joints.

1. Introduction

Evaluationof the motion patternof joints andsoft tissuesn the living human beings
difficult. Understandingof motion patternand the biodynamic eventsof supportingsoft
tissues structures of joints would be important in determining the reasons forthe
development of various joirttisorders.The lack of meansto noninvasivelyevaluatethe 3D
motion pattern in vivo has been hindering the development of methods to prevesitadotyl
treat these disorders. The shoulder joint is one of the most complex joints in the human body.
Since the evaluationof its motion patternduring complextasks isvery importantfor the
understanding of the above mentioned reasons in the living pérgmportantto develop
high resolution 3D n vivo techniques to evaluate them.

MRI has been shown to be an ideal imaging modality due to its soft tissue
characterizationcapability for evaluation of soft tissue and bone structures of the
musculoskeletal system. Thischnologyprovides,besidesexquisitespatialresolution,also
volumetric datafor 3D tissue analysis. Although the 3D reconstructionof high contrast
anatomical structures from CT ddtasbeenwidely used,3D volumerenderingof complex
of soft tissue structures from MR datiueto its complexity,is muchless explored[1]The
reasons fodifficulties are the low contrastresolution,grossinhomogeneitiesof receiver
coils, and to a certain extent the detailed infrastructural information.

Image segmentation is the standard technique used to differentiate anatomical structures in
high contrastimages.However, so far there are no unsupervisedlgorithms available to
reliably segmenall the soft tissuecomponent®f musculoskeletagystemand bones.Also,
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there is no unsupervised algorithmsiegmenthe soft tissuestructuresof the moving joints
for their 3D/4D visual presentation and virtual manipulation.

The anatomicalstructuresof the analyzedjoints, including tendons,cartilageand even
musclesare relatively small. Their visualizationrequiresa use of specialreceiver surface
coils, which induce field inhomogeneity and shading into the acquired data. This shadliing
inhomogeneity causes problems in the tissue segmentation. Another problem is cdbsed by
propertiesof the soft tissuestructureghemselvesgspeciallyby the tendonsand cartilage.
Several 3D segmentation algorithms have been proposed for volumetric medical
images[2][3][4][5][6][7]. However, most of them are supervisedand rely on the expert
knowledge of the operator.[3],[4] Treipervisionlimits their rangeof applicationsto some
specific anatomicalstructuresand organswhich have relatively simple shapes,including
bones, hearts, hippocampi, kidneys, etc. The supertesbdiquecould be appliedto more
complex structures; however, that is not practical. The unsupervised segmeatdtiogues
asthey exist arelimited in the rangeof structuresthey can segmentand imaging modality
they canhandle[2][5]. Other successfutechniquesare basedon the creationof anatomical
atlases. In theory, once an anatomical atlas has been created, it can be dafevarpddto
match the image to be segmented [6],[7]. The main drawback of this methadability to
handle abnormal humamatomy.The region growing basedsegmentatioralgorithm could,
at leastin theory, be mostusefulfor this task[8]. However,just a few of themhavein the
pastbeenappliedto the segmentatiorof 3D structures.To eliminate that drawback, we
developedour own 3D segmentatioralgorithm basedon the accurateestimationof local
statistical propertiesof the tissues. To handle the data acquired during a motion, we
developed an accurate motion tracking algorithm which is used to pass the segmieotation
volume to the next.

2. Purpose

The purpose ofthis study was to developa spatially adaptiveand time adaptive 3D
segmentatioralgorithmand 4D display of the motion of soft tissuestructuresandbones of
the joints using 3D GRE MRI data and apply that methothanalysisof a seriesof MRI
volumes which were acquired during shoulder motion.

3. Methods

For the acquisitionof the 3D volumetric datatwo female volunteers,aged21 and 23
yearswere imagedusing chemicalshift GRE imaging sequencewith optimized imaging
parameters. The right shoulders of both volunteers w@agedfirst in neutralpositionthen
when they rotatedtheir right arm stepwisefrom neutral position to the maximal external
rotation. A total of eight series of images were acquired on both volunteers.

3.1 Segmentation

The first image on the seriesis segmentedusing a region growing algorithm which
basically performs the segmentationvia the estimation of the connectivity between
neighboringvoxels. Although there are many ways to estimatethe connectivity, the best
approach requires an accurate estimation of the mean and variance of every voxel
neighborhoodFigure 1 shows our 6 local neighborsas well as the possibleconnectivity
basedon the voxel statistics.Using thesestatistics,the connectivitybetweernvoxels can be
established. The problemasidesin thatthe meanand variancearerelatedto the sum ofthe
locally connectedvoxel values ando the sum of the squarevalues of the samelocally
connected voxels, and this connectivity information is what we are trying to estimate.

To overcome the circular problem, we hav@toposea setof hypothesesegardingthe
possible connectivitpetweernvoxels. Our main hypothesids basedon the assumptiorthat
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thereare only threepossiblelocal orthogonaledgeprocesses oevery voxel in the image.
These edge processes are shown in Figure 2 .
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Figure 1. 3D six neighbor system, and graph representation

By constraining the edge processes to only three orthogonal edge processes waureduce
search space to six local connected neighborhood systems, as seen in Figure 2b. Refinaments
including lines and diagonals are also possible.

Having only six possibleconnectecheighborsallows us the estimationof six possible
means andariancedor everyvoxel in the image,andnow the problemis to definewhich
one is the best, which mot trivial. To simplify our problemfurther, we decidedto apply a
different approachinsteadof estimatingsix possiblemeansandsix possiblevarianceswe
proposethe use ofa standardimage restorationtechniquefor the estimationof the voxel
group mean value[9]. ; This reduces our problem to an estimatibe efriancewhich now
is equivalentto find the neighborhoodhat providesthe minimum variance.Oncewe have
estimated thearianceand the neighborhoodsystemto whom it belongsthe connectivityis
estimated by performing drestto the otherestimatedvariancesandlooking for thosethat
aresimilar[10]. If they are similar thentheseneighborhoodsystemsare connectedln that
way we estimate the connectivity of every voxel in the image.

Once the inter voxel connectivity has besstimated thsegmentedmageis just a setof
all the independentregions whose voxels are connectedto each other. Although the
segmentatiorbasedon the connectivityis fairly good it hasto be refined on the regions
boundariesdue our edge processassumption.Furthermore,certain complex anatomical
structures do not follow our model, thus they are goirgetmiss-segmentedr brokeninto
many independent patches. dddresghe boundaryproblemwe useda standardelaxation
labeling approachbasedon a Gibbsrandomfield model of the image segmentd11]. The
broken region problem is solvday usinga region mergingalgorithmbasedon a standard
test betweenlocal region means.Thesetwo additional stepsallow us to get a detailed
segmentedsolume, which will be usedto generateour 3D surfacesand by our motion
tracking algorithm.

3.2 Motion tracking

Oncewe havesegmentedhe first volumeimage, we can label eachregion andassign
generalmaterialpropertiesto eachone of the segmentedanatomicalstructureslike relative
elasticity, color, etc. Now, the segmentation of the nekimein the sequenceanbe done
by applying the samesegmentatioralgorithm, but there are certain problemsin using this
approach.First, the boundarybetweenlow contraststructuresis not well defined, thus
althoughwe are applying the samealgorithms, noise causeshe boundariesfound by the
segmentation to change between series. The second problem iresidaggion labeling of
the image. There are so many structures that labelingd¢basistantlyat eachvolumein the
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sequence is not trivial. Third, the segmentation algorithm is very demanding computationally,
thus segmentingeach volume using this process isalso impractical. Given these three
objectionswe decidedto usean alternativeapproachor the segmentatiorof the remaining
volumes in the series.
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Figure 2. Arbitrary edges and 3D local orthogonal edge processes in a 3x3x3 neighboring
systems

The motion estimation and tracking will give us information neededto pass the
segmented image from one frame to the other[12]. Now, the probkbat ghouldermotion
has a rigid and non-rigid componetttat hasto be takeninto accountwhen performingthe
estimationof 3D motion. Our algorithm estimateghe motion vectorof eachvoxel after the
registrationof the edgesat two consecutivemageswhich are extractedfrom the raw data
using a Canny edge detector[13]. The registration takes into account the local deformations of
soft tissues by using @riori knowledgeof the materialpropertiesof the different structures
found at the segmentatiorstep. Also, this knowledgeallows us to apply two different
strategies. One for recovering the rigid motion of bones and the other for the soft tissues.

Once the edges have beegisteredthe motion vectorsof everyvoxel in the imageare
computedby interpolatingthe motion of the edgepoints. This interpolationusesonly the
point that belongs to the same anatomical structure and the material elpsbicéyties After
the estimation of the motiovectorfor eachvoxel the segmentatiorof the secondvolumeis
just the applicationof motion vector to the segmenteddata of the former volume. This
process is repeated until all the volumes in the sequence are segmented.

3.3. 3D/4D visualization

Oncewe havesegmentedhe whole setof images texturedsurfacesof eachoneof the
major structuresincluding fat, muscles,bone, tendons,and cartilagewere computed[14].
The texturedsurfaceseflectedthe major attachmentof the tendonsin the humeralhead.
Furthermore, the Canny edge detectidgorithmwas usedseparatelyto detectall the edges
which were present in the volume data, that approach rentterathjor interfacesincluding
fascial planes and tendons within the musculoskeletal structures.

Figure 3 showsa flow chartof the methodusedto segmentndvisualizeall the major
components of the shoulder.
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4. RESULTS

We ran our segmentation algorithm on two sets of MRI data, and werisséaplorerto
visualize our extracted surfaces. Image 4 a) shows three orthogonal planes frorthene of
The segmentatiormlgorithm successfullylabeledthe major component®f the shoulderlike
the humeral head, muscle, fatc. Figure4 b ) showsthe surfacerenderingof the humeral
headthat has beentexturedaccordingthe values of the raw data that touch its external
surface.While the muscletissueis shownin figure 5 a). This figure shows a composite
rendering of the muscle tissue ahé humeralhead.As we know, segmentatiorof the 3D
data provides a lot of flexibility in the visualization and manipulationof the individual
components. Figure 5 b) shows the process of the virtual extraction of the humeral head form
the shoulder.Here the muscletissuehas some transparencyhat also enablesto seethe
interior of the shoulder.Furthermorethis manipulationallows us to seethe tissuethat is
attached to the humeral head.

Using our motion tracking algorithm the segmented data from the first vol@spassed
successfully to the rest of the volumeghe sequenceFigure 6. showsthe completeupper
arm rotation sequence made of 8 frames. Here the muscle tissue hakiglvaansparency
to allow the visualization of the humeral head rotation. Also, thiswlasausedto generatea
movie of the moving shoulder which was displayed in our system and then copied to tape.
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Figure 4. a) Three orthogonal Planes. b) Surface Rendering of the humeral head

a) b)
Figure 5. a) Muscle tissue and humeral head. b) Virtual Manipulation of the humeral head.
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Figure 6. The eight frames of the rotating upper arm sequence.

The movie shows the rotation of the humeral head in different positions as walbtibe of
the tissues and the cartilage. We also included in the ntwe/iraotion of the edgesextracted
using the Canny edge operatorthat enableus to visualize the motion of the tendinous
fascicles within the muscles.

4. Conclusion

We presenteda hierarchicalapplication of an automatic, region-basedsegmentation
algorithm, motion estimationand tracking, surfacerenderingand virtual reality tools to the
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analysis of biodynamicsf the shoulderjoint. The different soft tissuestructuresjncluding
tendons, muscles,cartilage, fat and bone where separatedirom each other using the
segmentatioralgorithmandtrackedin the sequenceAfter that the segmentedissueswere

color codedand their texture surfacewas extracted.The Canny edge detectionallowed
demonstration of tendinous fascicles inside the muscles. However, the various muscles could
not be completelyseparatedrom each other due to the fat suppressionpulse sequence
employed.A-priori knowledgeof the tissue elasticity were used bythe motion tracking
algorithm to estimate the motion of different anatomical components present in the data.

The visualization of various anatomicalcomponentswas done by renderingrealistic
surfaces of them using the segmented data. Furthermore, the 3D segmapfatachused
allowedthe display of the motion patternof the humeralheadin the glenoidas well as the
motion of the tendons in an interactive environment.
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