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Abstract

The quartitativ e estimation of regional cardiac deformation from 3D image se-
guenceshas important clinical implications for the assessmeanof viability in the
heart wall. Such estimates have so far beenobtained almost exclusively from Mag-
netic Resonancg MR) images,speci cally MR tagging. In this paper we describe a
methodology for estimating cardiac deformations from 3D ecocardiography (3DE).
The images are segmered interactively and then initial correspondenceis estab-
lished using a shape-tracking approach. A dense motion eld is then estimated
using an anisotropic linear elastic model, which accourts for the b er directions in
the left vertricle. The densemotion eld is in turn usedto calculate the deforma-
tion of the heart wall in terms of strain in cardiac speci ¢ directions. The strains
obtained using this approad in open-chest dogs before and after coronary occlu-
sion, shav good agreemem with previously published results in the literature. They
also exhibit a high correlation with strains producedin the sameanimals using im-
planted sonomicrometers.This proposedmethod provides quantitativ e regional 3D
estimates of heart deformation from ultrasound images.

1 Intro duction

A fundamernal goal of many e®ortsin the cardiacimaging and imageanalysis
communities is to assesshe regional function of the left vertricle (LV) of the
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heart. The generalconsensuss that the analysis of heart wall deformation
providesquartitativ e estimatesof the location and extert of ischemic myocar-
dial injury. Regionalleft vertricular deformation can be determinedusing all

of the principal imaging modalities, including cortrast angiograpty, edocar-
diography, radionuclide imaging, cine computedtomography (CT), and mag-
netic resonance(MR) imaging. There have been considerablee®ortswithin

the medical image analysiscomnunity aimed at estimating this deformation
from eat of theseimaging modalities. Much of the e®orthas beencon ned
to analysisof two-dimensionalimagesor projections of the heart. Although,

recerily signi cant e®orthasbeendirected at a more comprehensie analysis
of left vertricular deformationin all three dimensions.

Left vertricular deformation can be assessedn three-dimensionalspaceus-
ing ECG-gated single photon emissioncomputedtomography (SPECT) [1{7]
or positron emissiontomography (PET) [8{10]. Howewer, both of these ra-
dionuclide methods have a restricted ability to assesdeft ventricular defor-
mation, secondaryto the limited spatial and temporal resolution of theseap-
proadies. Theseradionuclide methods have involved both count-based|[1,4,7]
and geometry-basedapproades|2,3,6].

Cine MR imaging has emergedas a more comprehensie approat to assess
myocardial deformation in three-dimensionalspace[11]. MR imaging o®ers
improved spatial resolution. Unique to cine MR imagingis the ability to track
deformation of myocardial tissuewithin the wall aswell ason the endacardial
and epicardial surfacesHowewer, the analysisof mid-wall myocardial deforma-
tion requiresspecial cine MR imaging sequencesncluding MR tissuetagging
[12{17]and others,or MR phasecortrast velocity imaging[18{21]. While these
newer MR approaheso®era comprehensie analysisof regional left vertric-
ular deformation, wide application of MR imaging remains limited by cost
and the dizcult y in routinely applying these MR approadesto critically ill
cardiac patients.

Echocardiograply o®erssigni cant advantagesover both radionuclide imag-
ing and MR imaging. Echocardiographicimagescan be acquiredon critically
ill patients in an emergencyroom or at the patient's bedsidein the inten-
sive care unit, and this can be accomplishedat a reducedcost. Comprehen-
sive analysisof left vertricular deformation is now feasibleusing echocardio-
graphy, with the advent of newer three-dimensionalacquisition systems[22].
Recenly, commercial software has becomeavailable to automatically assess
global and regional left vertricular function [23]. Howewer, these newer au-
tomated echocardiographic approadieshave not beenfully validated. Hence,
dewelopmen of automated analysisof ecdhocardiographicimagesis attracting
an increasingamourt of attention in the literature [24{31]. Howewer, none of
these methods is capableof estimating densemaps of three-dimensionalde-
formation from edocardiographicimagescomparableto those obtained from



the analysisof MR tagging images.

In this paper we descrile, test and presen prelinary validation for an ap-
proad to estimatethe regionalthree-dimensionaldeformation of the left ven-
tricle using edhocardiograply. We usea biomedanical model to descrike the
myocardium and shape-basedracking displacemen estimateson the endccar-
dial and epicardial walls to generatethe initial displacemen estimates.These
are integrated in a Bayesianestimation framework and the overall problem is
solved usingthe nite elemen method. This method producesquantitative re-
gional 3D cardiac deformation estimatesfrom ultrasound imageswhich up-to
now wasthought to be only possibleusing magneticresonanceand especially
MR tagging. We validate theseestimatesby comparingthem to invasive mea-
suremertts performed simultaneously using implanted sonomicrometers.The
fast improving quality of ultrasound imageswith the introduction of harmonic
imaging [32] and cortrast agerts [33] should make it possibleto obtain even
more accurate estimatesof 3D left vertricular deformationin the future.

2 Our Approac h

We estimate a densedisplacemen eld within a Bayesianestimation frame-
work which consistsof a data term and a model term. Theseare descriked in
sections2.1 and 2.2 respectively. The data term capturesthe image-deried
information about the problem. We segmen the imagesinteractively and then
proceedto extract initial displacemen estimatesusing a shape-tracing ap-
proadh. We then model the noisein these estimatesusing a Gaussiannoise
model. The model term captures our prior beliefs about the nature of the
displacemen eld. Sincethe left vertricle is a single deforming body, we ex-
pect the displacemets of neighboring points to be related. We capture this
relationship using a biomedanical model which is, in turn, usedto generate
a prior probability density function for the displacemen eld. Our approadh
that incorporatesa biomedanical model has the advantagesof having no ar-
bitrarily setweights and of allowing usto take advantage of forward modeling
e®ortsin the biomedanicsliterature, seefor examplethe collectionsin [34,35].

2.1 Obtaining Initial Displacment Data

2.1.1 Image Acquisition

The imageswere acquired using an HP Sonos5500 Ultrasound Systemwith
a 3D transducer (Transthoracic OmniPlane 21349A(R5012)). The 3D-probe
was placedat the apex of the left-vertricle of an open-cestdog usinga small
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Fig. 1. Image acquisition geometry.

ultrasound gelpad (Agqua®ex) asa stando®as shawvn in gure 1. Each acquisi-
tion consistedof 13{17 framesper cardiac cycle depending on the heart rate.

The angular slice spacingwas 5 degreesresulting in 36 image slicesfor eah

frame. For validation purposeswe also implanted arrays of sonomicrometer
crystals [36,37]at two positionsin the left vertricle.

2.1.2 Image Seggmentation

The endccardial and epicardial surfaceswere extracted interactively using a
software platform [38] originally dewloped for MR image data and subse-
guertly modi ed to allow for the di®erern geometryand image characteristics
of ultrasound. For the automated part of the segmetation, for ead image
slice, we usedan integrated deformableboundary method whoseexternal en-
ergy function consistedof a standard intensity gradiert term and a texture-
basedterm similar to that proposedby Chakraborty [39]. In our approad,
howewer, the cortours were parameterizedusing B-splines [40] to allow for
easyinteraction. Clearly detecting the epicardium is the hardest of the two
tasks. At this point we are relying on operator intervention and correction of
the automatic algorithm to ensureaccurate segmetation.

The texture model tries to classify ead pixel in one of three classegblood
pool, myocardium, regionoutsidethe epicardium) by modeling ead classusing
texture parametersderived from the work of Manjunath [41]. The meanvalues
of these parametersfor eat classare set interactively by having the user
click on one point in ead of the three regions. Then the variability of these
parametersin ead classis modeled as a normal distribution assumingequal
variancesfor all the classes.A rst-order GaussianMarkov Random Field
(GMRF) model is usedto model the class-lakel for ead pixel. The GMRF
combines the likelihood of belongingto a classas speci ed by the texture
parameterswith a degreeof regional smaoothnessin the classi cation. A more
detailed description can be found in [42].

The overall framework producedreasonableresults as shovn in gures 2 and
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Fig. 2. External Energy Functions for intensity and intensity+texture snakes.Note
that the intensity only energy function is very noisy inside the left-vertricular
blood-pool which createsmany local minima for the deformable contour. The use
of the texture eliminates most of these minima.
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Fig. 3. Left: Imagesand superimposed extracted cortours. Only two of the eight
frames are shown. Right: 3D rendering showing all the wire-frame contours super-
imposedon a long axis (original) and a short-axis (interpolated) image slices.

3. There is clearly room for improvemern in this approad, aswe are not yet
taking advantage of the temporal coherencyin the spatial position of surfaces
acrosstimes. The potertial bene ts of using suc constrairts is demonstrated
in a number of papers, including [28,29,31].We are also currertly looking
into more sophisticatedtechniquesfor generatingthe external energy maps,
including those suggestedby Mulet-Parada [43].



Fig. 4. Example of the shape-tracking approad. The goal here is to map points
on the original surfaceto points on the nal surface.For a point p; on the origi-
nal surface, we de ne a seard window W on the nal surface which cortains all
plausible corresponding points. Then the point p, in W which has the most sim-
ilar shape-properties to p; is selectedas the candidate match point. The distance
function for shape-similarity is basedon the di®erencein principal curvatures.

2.1.3 Shape-Tracking Displaement Estimates

In this work, the original displacemeis on the surfacesof the myocardium
were obtained by using the shape-tracking algorithm whosedetails were pre-
serted in [44,42].The method tries to track points on successig surfacesusing
a shape similarity metric which tries to minimize the di®erencen principal
curvatures and was validated using implanted markers[44].

For example,considerpoint p; on a surfaceat time t; which is to be mapped
to a point p, on the deformedsurfaceat time t,, asshowvn in gure 4. First, a
seart is performedin a physically plausibleregionW on the deformedsurface
and the point p, which has the local shape properties closestto those p; is
selected.The shape properties hereare capturedin terms of the principal cur-
vatures - ; and - ,. The distancemeasureusedis the bending energyrequired
to bend a curved plate or surfacepatch to a newly deformedstate. This is
labeled as dye and is de ned as:

Calp) i )2+ Cap) i - 2p2)? (1)
2

dbe( pl; p2) =

The displacemen estimate vector for eat point p;, uy’ is given by

argminh [
UM = Pi P . Pa= o9 (Pl p2)

;2 W



Con dence Measures in the match: The bendingenergymeasuredor all

the points inside the seard regionW are recordedasthe basisto measurethe

gadnessand uniquenessof the matching choice. The value of the minimum

bendingenergyin the seart region betweenthe matched points indicatesthe

goodnessof the match. Denotethis valueasmg, we have the following measure
for matching goodness:

Mg(P1) = dbe(p1; P2) (2)

On the other hand, it is desirablethat the chosenmatching point is a unique
choice among the candidate points within the sear& window. Ideally, the
bending energyvalue of the chosenpoint should be an outlier (much smaller
value) comparedto the valuesof the rest of the points. If we denotethe mean
values of the bending energy measuresof all the points inside window W
exceptthe chosenpoint as dye and the standard deviation as Y3 we de ne
the uniguenesaneasureas:

be(P1;
m(pn) = P ©

This uniquenessmeasurehas a high value if the bending energy of the cho-
sen point is small comparedto some smaller value (mean minus standard
deviation) of the remaining bending energy measures.Combining these two
measuregogether,we arrive at onecon dence measure c™(p;) for the matched
point P, of point p;:

1 1

" (py) = £
(o) kig + kagMg(Pr) — Kyu + Kzumu(pa)

(4)

whereki.q; K2.9; K1.u, @and kz,, are scalingconstarts for normalization purposes.
We normalize the con dencesto lie in the range0 to 1.

Mo deling the initial displacement estimates: Given a set of displace-
mert vector measuremets u™ and con dence measuresc™ we model these
estimatesprobabilistically by assumingthat the noisein the individual mea-
suremeits is normally distributed with zero mean and a variance ¥# = C%
In addition, we assumethat the measuremets are uncorrelated. Given these
assumptionswe can write the measuremet probability for ead point as:

i (uium)?

. 1
p(u™ju) = F’me 292 (5)




Fig. 5. Fiber direction in the left vertricle asde ned in Guccione[45].

2.2 Modeling the myocardium

The left-vertricular myocardiumis modeledusingusinga transverselyisotropic
linear elasticmodel which allows usto incorporate information about the pref-
erertial sti®neswf the tissuealong b er directions from Guccione[45]. These
“b er directions are shovn in gure 5. The model described in terms of an
internal or strain energyfunction of the form:

W = €'Ce (6)

where e is the vector form of the strain tensor 2 (seenext section), €' is the
transposeof e and C is the 6£ 6 matrix cortaining the elastic constarts which
de ne the material properties. This is describedin moredetailedin cortinuum
medanicstextb ooks sud as Malvern [46].

Deformation and Strain:  Considera body B (0) which after time t moves
and deformsto body B(t) asshavn in gure 6. A point X on B(0) goesto a
point x on B(t) and the transformation gradiert F is de ned asdx = FdX.
The deformation is expressedin terms of the strain tensor 2. Becausethe
deformationsto be estimatedin this work are larger than 5%, we usea nite

strain forr%llation implemerted using a logarithmic strain 2t, which is de ned
as:2- = In" F:F!. Sincethe strain tensoris a 3£ 3 symmetric 2nd-rank tensor
(matrix), we canre-write it in vector form as,e = [211 2,5 233 21, 213 253]'. This
enablesus to expressthe tensorequationsin a more familiar matrix notation.

Strain Energy Function: The medanical model can be de ned in terms
of a strain energy function. The simplest useful continuum model in solid
medanicsis the linear elastic one which is of the form: W = e'Ce whereC is
a 6£ 6 matrix and de nesthe material properties of the deformingbody and
e is the vector form of the strain tensor. The simplest model is the isotropic
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Fig. 6. Geometry of deformation. In this casea body B (0) goesto a body B (t). The
deformation operator F is de ned asdx = FdX.

linear elasticmodel usedwidely in the imageanalysisliterature [19,13].In this
casethe matrix C takesthe form:

2 3
1i°i° 0 0 0
i 1i° o0 0 0
. 18i°7°1 0 0 0
c'l-E' ' (7)
0 0 021+°) 0 0
000 0 21+° 0
000 O 0 2(1+°)

where E is the Young's modulus that is a measureof the sti®nessof the
material and °© is the Poisson'sratio which is a measureof incompressibility.

In this work, the left vertricle of the heart is speci cally modeled as a trans-
versely elastic material to account for the preferenial sti®nessin the ber
direction. This is an extensionof the isotropic linear elastic model which al-
lows for one of the three material axis to have a di®erent sti®nessfrom the
other two. In this casethe matrix C takesthe form:

2 . e 3
£ & &> 0 00
e & e 0 00
o E & 0 0 .
0 o o Xz o o
0 0 0 0 &0
0 o 0 0 04

where E¢ is the b er sti®ness,E, is cross- ber sti®nessand °;;°, are the
correspnding Poisson'sratios and G; is the shear modulus across b ers.
(Gt Ya Ex=2(1 + %yp)). If Er = Ep and °, = 9, this model reducesto



the more common isotropic linear elastic model. The b er sti®nesswas set
to be 3:5 times greaterthan the cross- ber sti®nesq45]. The Poisson'sratios
were both setto 0:4 to model approximate incompressibility. °®

In using a linear elastic model we losethe ability to capture the progressie
hardeningof the left vertricular myocardium asthe strain increasesunlike for
examplethe non-linear modelsusedby Guccioneet al [45]. This is mitigated
by the fact that the estimation is done on a frame by frame basishencethe
degreeof the hardeningwould be small.

A probabilistic description of the model: As previously demonstrated
by Gemanand Geman [48] and applied to medical image analysis problems
[49,50] there is a corresppndencebetween an internal energy function and
a Gibbs probability density function. If the medanical model is described in
terms of an internal energyfunction W (C; u), whereC represeis the material
properties and u the displacemen eld, then we canwrite an equivalert prior
probability density function p(u) (seeequation 10) of the Gibbs form [48]:

p(u) = kyexp(i W(C;u)) 9)

wherek; is a normalization constart.

The Markov random eld (MRF) then can be thought of asthe probabilistic
analog of the cortinuum medanical model. There are two interesting simi-
larities: (i) Both can be de ned using energy functions and (ii) the energy
functions at any given point are functions only of the values of that points
and its immediate neighbors. In the caseof the MRF point (i) comesfrom
the fact that the the Gibbs probability density function is often de ned on
‘rst and/or secondorder cliqgueswhich are very local neighborhoods of the
point. Soif the displacemen eld is modeled as a MRF, the probability of
the displacemen of a given point p e®ectiely only dependson the displace-
ment of its neighbors. In the caseof the medanical model descriked using
a strain energyfunction, the value of the internal energyfunction, which via
exponertiation in equation (9) becomesthe probability density function, at
a given point dependsonly on the local strains. Theselocal strains are only
dependernt on the displacemets of the neighbors of the point and not on the
displacemets of the whole volume.

The expressionof the medanical model as a MRF allows us to solwe the
problemwithin the Bayesianestimation framework. This hasthe advantage of

5 The value of 0:4 was chosento model approximate incompressibility. Experience
shows that using values greater than 0:4 often causesnumerical problems sudc as
meshlocking [47]. Also the myocardium is only approximately incompressible.
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allowing us to model the noisein the displacemen estimatesprobabilistically
and still maintaining the descriptionof the modelin the languageof cortinuum
medanics.

2.3 Integrating the Data and Model Terms

Having de ned both the data term (equation 5) and the model term (equa-
tion 9) as probability density functions we naturally proceedto write the
overall problem in a Bayesianestimation framework. Given a set of noisy in-
put displacemen vectorsu™, the assaiated noisemodel p(u™ju) (data term)
and a prior probability density function p(u) (model term), nd the best out-
put displacemets & which maximize the posterior probability p(uju™). Using
Bayes' rule we can write.

argmax _, . .. _ argmax’ p(umju)p(u)’
gmax  jymy = &9 p(u™ju)p(u)

0= u u p(um)

(10)

The prior probability of the measuremets p(u™) is a constart once these
measuremets have been made and therefore drops out of the minimization
process.In this expressionwe also note that there is an unde ned constan.
This is the scalingfactor that translatesthe sti®nessof the medanical model
to the e®ectie variance of its equivalert probability density function p(u).
This constart essetially translates sti®nesswhich is measuredin Pascalsto
con dencein the model which is measuredn pixels. The value of this constarn
sets the relative weight of the data term to the model term. We set this
adaptively to be aslarge as possible(which pushesthe optimum towards the
data side) subject to solution convergenceln this way we make the following
assumption: the best solution is the one which adheresas much as possible
to initial estimate of the displacemen eld but still results in a connected
solid. Convergencefails whenthe Jacobianof the deformation "eld ® becomes
singular. In this casewe lower the value of this weight to producea smaother
displacemen eld.

Mo del bias and correction: ~ We alsonote that the medanical model prior
is generatedby a passive biomedanical model, that is one which does not
capture the active deformation of the left ventricle. This model has a major
weaknessn that it penalizesall deformations.This model could be thought in
somesenseas having a meanof zerostrain and a variance proportional to the
reciprocal of the sti®nesslt will tend to underestimatethe deformation and
hencethe strain. As a certain amourt of deformationdoesoccur the useof this

6 The Jacobian of the deformation is the matrix F dened in gure 6.

11



Fig. 7. A 3D Mesh generatedby interpolating and Tling betweenthe endocardial
and epicardial boundaries.

model resultsin an underestimationof the deformationusingour approad. A
solution to this problemis to incorporate a model of active cortraction within
the prior, and this is a subject of on-goingreseart within our group (again
see[42].) At this point the problem is dealt with by forcing the nodeswhich
lie on the endccardial and epicardial surfacesat time t to lie on the segmeted
surfacesat the time t + 1. This correctsfor the bias in the estimatesof the
deformation for those componerts of the deformation which are perpendicu-
lar to the endacardial and epicardial surfaces.The bias in the estimation of
deformation parallel to the surfacesremains.

2.4 Numerical Solution

Taking logarithms in equation (10) and di®erertiating with respect to the
displacemen eld u resultsin a systemof partial di®erertial equations,which
we solve using the nite elemen method [51]. The rst step in the nite

elemenn method is the division or tessellation of the body of interest into
elemerts; theseare commonly tetrahedral or hexahedralin shape. Once this
is done,the partial di®erenial equationsare written down in integral form for
eat elemen, and then the integral of these equationsover all the elemerts
is taken to produce the nal set of equations. For more information one is
referredto standard textb ooks such as Bathe [51]. The nal set of equations
is then solved to produce the output set of displacemets. In our casethe
myocardium is divided into approximately 2,500 hexahedralelemerts, using
a custom meshgenerationalgorithm descriked in [42]. A solid meshof one of
the heartsis shavn in gure 7.

For ead frame betweenend-systole(ES) and end-diastole(ED), a two step

problem is posed: (i) solving equation (10) normally and (ii) adjusting the
position of all points on the endacardial and epicardial surfacesso they lie

12



on the endccardial and epicardial surfacesat the next frame usinga modi ed
nearest-neigbhor technique and solving equation (10) once more using this
added constrairt. This ensuresthat there is a reduction in the bias in the
estimation of the deformation.

3 Exp erimen tal Pro cedure

Animal Exp eriments: To ewaluate the excacy of using image-derived in

vivo deformation estimatesto measureregional LV function we conducted
experimerts on fasting, anesthetized,open chest, adult mongrel dogs with

approval of the Yale University Animal Care and Use Committee. In this pre-

liminary work, we report results from four animals. The 3DE imageswere
obtained either before (D1 and D2) or after occlusionof the left anterior de-
scendingcoronary artery (D3 and D4), using the proceduredescribed in sec-
tion 2.1.1.Coronary occlusioncreatedan areaof dysfunction which we call the

risk area.Also regionalblood °ow in the myocardium was determinedusing a

radio-labeled microspheretechnique. Here, radioactively labeled microspheres
were injected into the left atrium and referenceblood sampleswere drawn

from the femoral arteries. Regional myocardial blood “ow was calculated us-
ing a method previously descrited in [52]. The blood °ow measuremets are
usedto identify the risk areaand play no further role in this work. Further

we implanted sonomicrometers(Sonometrics Corporation, London Ontario,

Canada) at two regionsin the myocardium, as shovn in the schematic in

“gure 11(left). We obtain highly accurate invasive measuresof the deforma-
tion from the analysisof implanted sonomicrometersSonomicrometerderived
regional strains were consideredto be the gold standaid.

Image Analysis: The imagesweresegmeted interactively and the surfaces
sampledto 0:5 voxel resolution, at which point curvatures were calculated
and the shape-tracking algorithm was usedto generateinitial displacemen

estimates.The heart wall was divided into 2500hexahedralelemerts and the

anisotropic linear elastic model was usedto regularize the displacemets. A

commercial nite elemen solver ABAQUS [53]wasusedto solwe the resulting

equations. The computational time after the segmetation was of the order
of 3-4 hrs/dog (depending on the heart rate and hencethe number of image
frames)on a Silicon Graphics Octane with an R10000195MHz processorand

128 MB RAM.

Strain Analysis:  For the purposeof analyzingthe results, the left-vertricle
of the heart was divided into 4 cross-sectionaklices,slice 1 being at the apex

13
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Fig. 8. Division of a slice of the heart for the purpose of reporting results. Each
sector consistsof approximately 75 elemerts in the nite elemert mesh.

of the ventricle and number 4 being at the baseof the vertricle towards the
valve plane. Each slice was further subdivided into 8 sectors, as shown in
“gure 8(b). A sectorwas labeled as being in the risk areaif the endccardial
microsphere’ow waslessthan 0.25ml=min=g. The normal regionwasde ned
by 5 transmural sectorslocatedin the posterior lateral wall at the baseof the
heart (sectors5,6,70f the basalsliceand sectors6,7 of the mid-basalslice). We
report the averageof radial(RR), circumferertial(CC) and longitudinal(LL)
strains for the risk areasand the normal regions.’

4 Results

The potential of our methodology is illustrated in gure 9, which shaws a
cut through our tracked 3D mesh overlaid on a slice through the original
3DE imagedata over time. This could be seenas a form of software-derived,
3DE-based\tissue tagging" somewhatin the senseof MR tagging. Note the
spreadinggrid lines near the endacardium on the right as the LV thickens
from enddiastoleto endsystole.

The quartitativ e resultsare summarizedin Table 1. Function in the risk area,
which wasindependerily de ned by microsphere®ow, was markedly reduced
comparedto non-a®ectedegionsand the cortrol normal animal. The radial
strain is notably smaller in the risk area after coronary occlusion. The cir-
cumfererial strain becomeslessnegative also indicating a loss of function.
There was a small decreasan the longitudinal strain aswell. The progressie

’ Given a strain tensor 2, in a coordinate frame c¢; (e.g. x; y;z) we canmap it to a
new coordinate frame ¢, (e.g r;c;l) by use of a rotation matrix R. If R : ¢c; 7! ¢,
then the strain transformation is doneas:2, = R2;R!. In this way we can rotate the
strain tensor to line up with directions of interest. We also note that the principal
strains are the eigervaluesof the 3£ 3 strain tensor and are invariant to changesin
the coordinate frame.
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Fig. 9. \3DE-tissue-tagging”- a slice through a 3D visualization with the algo-
rithm-driv en deforming mesh overlaid on one slice through a 3DE dataset at four
time points between ED and ES. This demonstratesthe output of the algorithm
which tries to follow (or tag) material points in time, similar to the Magnetic Reso-
nance Tagging approad. Note that thickening (or radial strain) increasesfrom the
epicardium to the endocardium as expected. There is also an infarct region in the
left half of the image which exhibits bulging instead of cortraction. Seealso the
accomparying movie le papadl.mov

Study D1 D2 | D3 | D4

Normal Radial Strain 17.7 | 13.8 | 22.4| 17.2

Normal Circumferential Strain -13.4| -13.1| -8.4 | -12.4

Normal Longitudinal Strain 43| -32 | -34| -3.1

Risk Area Radial Strain n/a na | -4.3 | -13.7

Risk Area Circumferential Strain | n/a n/a 1.9 | -7.3

Risk Area Longitudinal Strain nfa | nla | -0.7 | -2.0

Table 1
Summary of results for four animal studies. There was no risk areain studies D1
and D2 asthe 3DE images,in thesecaseswere obtained before coronary occlusion.

dewelopmen of regionalradial and circumferertial strains for ‘D3' is shavn in
“gure 10.
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Fig. 10. A long-axis cut-away sectionalview of the left vertricle shawing circumfer-
ential(top) and radial(bottom) strain dewelopmert in a dog following left anterior
descendingcoronary artery occlusion (on the lower right half of the heart). Note
the normal behavior in the left half of the heart. There was positive radial strain
(thickening) and negative circumferertial strain (shortening) as we move from End
Diastole to End Systole. The lower right half of the heart where the a®ectedre-
gion was located shaved almost the opposite behavior, as expected. Seealso the
accomparying movies papad2.movand papad3.mov

Croisille [54]reported similar values(Radial=23:2 8§ 1:9%, Circum=j 1058 2:0%
and Long=j 7:58 1:0%) for strains in the normal regionsof dog hearts us-
ing three-dimensionataggedMRI. Howe\er, they obsened smallerreductions

in strains post-occlusion, which can be attributed to coronary reperfusionin
their model and signi cantly delayed imaging after the occlusion(2 days later

as opposedto 15-20minutes in our case).This probably allowed for partial
recovery of function in the risk region.

5 Validation using Implan ted Sonomicrometers.

In an e®ortto obtain an independen sourceof in vivo strain valuesfor vali-
dation of image-deri\ed strains, we have deweloped an independert approad
for strain measuremeh using cubic arrays of sonomicrometerasmplanted in
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Arrays of
Sonomicrometers

Fig. 11. 3DE Algorithm-Deriv ed Strains vs. Sonomicrometer-derived Strains. Scat-
ter plot of principal strains derived from N=3 3DE studies using the algorithm vs.
same strains derived from sonomicrometerarrays (12 crystals in ead cluster) at
two positions in the Left Vertricular wall. Note the high correlation between the
two sets of strain values(r? = :80).

the canineLV myocardium (seedetails in [36]). The excacy of this technique
wasillustrated by additional work [37]that shovedthat the distancesobtained
with sonomicrometercomparedfavorably (r = 0:992)with thoseobtained us-
ing the more establishedtechnique of tracking implanted bead displacemets
using biplane radiography.

We then comparedour image-derived strains to concurrenly-estimated so-
nomicrometer derived strains at seweral positions in the LV myocardium in
the samedogs. The sonomicrometerswere located visually from the images
and the two nearestsectorsof algorithm-derived strains were selectedfor com-
parison purposes.The comparisonof the principal strain componerts in two
separateregionsfor a set of 3 studies(the sonomicrometerdata was not avail-
able for study 'D4") showved a strong correlation (r? = 0:80). Herewe compare
the principal strains asit is dizcult to estimatethe cardiacspeci ¢ directions
in the caseof the sonomicrometerdata. A scatter plot of algorithm-derived
principal strains versussonomicrometerderived principal strains is shavn in
gure 11.

This validation is still in a preliminary stage and we hope in the future, to
alsovalidate strain patterns which are not fully averagedacrossthe wall.

6 Conclusions

In this work we have demonstratedthat estimatesof 3D cardiac deformation
canbe obtained from ultrasound images.Theseestimatesare generallyconsis-
tent with valuesreported in the literature. Further, we validate sut estimates
of regional deformation directly by comparingthem to strains measuredcon-
currently from implanted sonomicrometersWhile many problemsremain to
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be solved, sud as improving and speedingup the segmetation process,we
are con dent that this approad hasthe potential to make 3DE a potertial
sourceof imagesfor the comprehensie estimation of 3D cardiac deformation.

Mo vies

There are three moviesincluded with this paper. The rst movie, papadl.mov
correspnds to gure 9. The secondand third movies, papad2.movand pa-
pad3.moy correspnd to the top and bottom parts of gure 10 respectively.
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