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ABSTRACTWe present in this paper a local force model and its integration to a hierarchical analysis in the estimation ofthe left ventricle motion over a cardiac cycle. The local force model is derived from the dynamics of independentpoint masses driven by local constant forces over a short time period. A force �eld is assumed to remain constantover short periods of time driving independent point masses within a regional patch of the left ventricle surfacefrom one time instant to another. The trajectory that minimizes the energy required to move the point mass fromone surface to another is considered as the local displacement vector. This estimated trajectory takes into accountsurface constraints and previous estimations derived from the volumetric image sequences so that the point massestravel along smooth trajectories resembling the realistic left ventricle surface dynamics. This proposed model isable to recover the point correspondences of the nonrigid motions between consecutive frames when the surfaces andthe initial conditions of left ventricle at consecutive time frames are given. The local force model is incorporatedto a hierarchical analysis scheme1 providing us a complete global and local dynamics of the left ventricle comparedto only local kinematics analysis of previous approaches. Experimental results based on synthetic and real leftventricle CT volumetric images show that the proposed scheme is very promising for cardiac analysis.1 INTRODUCTIONThe techniques for acquiring images of beating heart have been advanced steadily for the last two decades.2,3As a result, left ventricle dynamics analysis based on various image sequences has received increasing attention forthe last few years. In particular, the estimation of regional dynamics of the left ventricle surface can provide crucialinformation for heart decease diagnosis and monitoring. Although modern Cine CT scanners provide us with highresolution four dimensional data, the problem is very challenging because they are unable to o�er regional featuresthat can be tracked over the cardiac cycle. Furthermore, since the heart is a nonrigid object a complete descriptionof its motion over a cardiac cycle requires the displacement information of each localized material element,4 andthe quantitative measurements of the local motion and deformation are often di�cult due to the simultaneouspresence of both global and local deformations for a beating heart. Such mixing of global and local motion anddeformations have been observed by Potel and his colleagues.5 Their observations suggested that, in addition tothe widely believed regional motion and deformations, global movement of the left ventricle is also an integral partof the cardiac dynamics.�This research is supported by a Whitaker Foundation Biomedical Engineering Research Grant, NSF Grant EEC-92{09615, a NewYork State Science and Technology Foundation Grant to the Center for Electronic Imaging Systems at the University of Rochester,and by a Fulbright Scholarship from the U.S.-Mexico Fulbright- CONACYT Commission, Mexico.1



There have been some success in applying image analysis-based approaches to the estimation of the left ventricledynamics. The surface-based approaches6{11 have attempted to characterize mainly the localized deformations ofthe left ventricle. Other nonrigid motion models potentially applicable to cardiac motion analysis include: �niteelement analysis12{14 and deformable superquadrics.15{17 However, most of these approaches based on nonrigidmotion models have assumed that a set of corresponding landmarks are given or can be obtained. Some approachesovercome this problem by estimating the corresponding landmarks.10,18,19,9 Duncan, et al.18 proposes a bendingenergy model in the modelation of the left ventricle wall is a thin plate. The estimated plate bending energy is usedto compute the best point correspondences between consecutive frames. One disadvantage of this approach is thatthe bending energy estimated via the surface curvature is sensitive to the parameterization of the surface, whichchange from frame to frame due noise and the nonrigid motion involved. Kambhamettu and Goldgof19 used theGaussian curvature as a surface descriptor in the recovery of the point correspondence under conformal nonrigidmotion assumption. They choice of the Gaussian curvature as a surface descriptor, because it is invariant to thesurface parameterization, allowing a more robust point estimation. However, the conformal motion assumptionis a restrictive constraint and it is not appropriate for the analysis of non conformal motion like the one presentin the left ventricle wall. Furthermore, both the bending energy and the Gaussian curvature assumptions arekinematics constraints limited to the estimation of very smooth motion vectors or small displacements of the leftventricle surface.To overcome these problems, we propose in this paper a local force model. This model is a physics-basedapproach derived from the dynamics of independent point masses driven by local constant force over a shorttime period. A space variant force �eld is assumed to remain constant over short periods of time in a objet-centered coordinate system. The object-centered coordinate system allows the decomposition of the global andlocal motions, which make the local wall analysis simple and robust. This local force �eld drives the point masseswithin a regional patch of the left ventricle surface from one time instant to another. The trajectory that minimizesthe kinetic energy required to move a point mass from one surface to another is considered as the local displacementvector. The estimated trajectory takes into account surface constraints and previous estimations derived from thevolumetric image sequences so that the point masses travel along smooth trajectories resembling the realistic leftventricle surface dynamics. This proposed model is able to recover the point correspondences of the nonrigidmotions between consecutive frames when the surfaces and the initial conditions of left ventricle at consecutivetime frames are given.In this research the hierarchical analysis approach, described at Tamez-Pena and Chen,20 is used to obtaina coarse estimation of the left ventricle surface and to estimate the global motion. The parameterization of theestimated surface is used to guide the point correspondence recovery. Furthermore, the decomposition of themotion in global and local motions makes the approach more robust to local surface variations. Thus, the forcemodel incorporated to the hierarchical analysis provides us with a complete global and local dynamics of theleft ventricle compared to only local kinematics analysis of previous approaches. Furthermore, our approach isindependent of the surface parameterization and curvature making it is more robust and simple to compute.The paper organization is as follows. First, we are going to present the local force model and its application tothe point correspondence recovery, based in the minimization of the kinetic energy. Then, our implementation ofthe hierarchical analysis, and the incorporation of the local force model to it, related to the left ventricular analysis,will be presented. Finally, initial experimental results based on synthetic and real left ventricle CT volumetricimages will be presented to show the advantages of the local constant force model over existing approaches.2 LOCAL FORCE MODELThe point correspondence recovery developed in this paper is based in the dynamics of a point mass drivenby a constant force over short periods of time. This section describes and justi�es the local force model for anysurface patch subject to external and internal forces and its application to the tracking of non-rigid motion, basedon its kinetic energy.
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Figure 1: Local Force ModelFirst consider a time varying deformable object boundary S(t), and an in�nitesimal surface patch at S(t), asillustrated in Fig. 1. This patch is subject to local time-varying internal (Fint(t)) and external forces (Fext(t)).The sum of the internal an external forces along the patch mass (m) de�ne its trajectory (R(t)). The dynamicequation that describe the in�nitesimal patch behavior isXFint(t) +XFext(t) = md2R(t)dt2 : (1)Now, assume that the total force, given by sum of the internal and external forces, varies slowly over time.Then, a good approximation for the total force can be given by piecewise sum of constant forces. That is, thetotal force is assumed constant over a short period of time T . Then equation (1) is transformed to a piecewiseapproximation of the mass point dynamics. Thus, for any time interval the particle dynamics is,K(n) = md2R(t)dt2 ; nT < t < (n+ 1)T; (2)where n is an integer. Finally, the solution to this equation has a quadratic form between the nT < t < (n+ 1)Tinterval, and it is given by R(t) = A(n) +B(n)t+ C(n)t2; nT < t < (n+ 1)T : (3)The above development represents a quadratic spline approximation of the real trajectory of a material patchR in a non-rigid object boundary. Although the constant vectors A(n); B(n)andC(n) can be determined from theboundary conditions its interpretation is not straight forward. However, rewriting equation (3) as:R(t) = A0(n) +B0(n)�t+ C 0(n)�t2; nT < t < (n+ 1)T ; (4)where �t = t � nT . The new parameters A0; B0 and C 0 have a clear meaning. At sample points t = nT , �t = 0therefore A0(n) = R(nT ), and B0(n) = dR(nT )dt , the sampled position and the estimated velocity respectively.While, at t = (n+ 1)T , �t = T thusC 0(n) = Ri((n+ 1)T )�A0i(n)�B0i(n)TT, so C 0(n) is function of the next sample position, the actual sample position and the estimated velocity.



2.1 Point Correspondence RecoveryThe local force model can be used to justify a spline trajectory of any known point between the sampledsurfaces S(nT ), but usually the point correspondence between sampled surfaces is unknown. That is, we don'tknow the next sample position R((n + 1)T ) at S((n + 1)T ). Thus, the real problem is to �nd the best point inthe next surface S((n + 1)T ) that meets some criterion. Duncan21,22 and Goldgof19 have proposed some shapebased approach to �nd the best point correspondence between surfaces, but this require the computation of somelocal surface properties, which are prone to noise making them not very realiable. Here we propose to use thelocal force model to estimate some trajectories and select the one which minimize the energy required to movethe point from one surface to the other. This new approach does not require the estimation of some local surfaceproperties, making it less sensitive to computational errors.2.1.1 Kinetic EnergyThe kinetic energy change used to move one point mass m from point r1 to point r2 is given byU = Z r2r1 F � dr = 12m(v22 � v21); (5)where v1 and v2 are the initial and �nal velocities of the mass m, and F is the total force. Thus, the pointcorrespondence recovery is given by selecting the trajectory which requires a minimum change in the particlekinetic energy, which is equivalent to the minimization the absolute di�erence on the square velocities. For thelocal force model, i.e. min jV ((n+ 1)T )2 � V (nT )2j; (6)where V (nT ) = B0(n) and V ((n + 1)T ) = B0(n) + C 0(n)T . Thus, the search of the point with minimum energyinvolves the evaluation of a very simple equation, where C 0(n) is the only parameter who is function of the pointin the next surface. Therefore the energy minimization is function o the initial velocity and the �nal posiiton,which simpli�es the search of the point with minimum energy.3 Left Ventricular AnalysisThe application of the local force model to the analysis of the left ventricular motion, requires an accurate de-scription of the left ventricle surface and overall an appropriate reference frame. A correct selection of the referenceframe is very important for the proposed point tracking algorithm because it is not a shape matching scheme, thusall global motion should be estimated and removed prior any attempt to recover the point correspondence betweenframes. The shape description and and the selection of the reference frame are accomplished by a hierarchicalanalysis23,20; but �rst, the left ventricle must be extracted from 3D image sequences. This section describes theleft ventricle extraction, the application of the hierarchical analysis and the incorporation of the local force modelto the functional description of the left ventricle.3.1 CT images and the left ventricle wall segmentationOur left ventricular motion analysis is based on the tracking of the left ventricle surface. Furthermore, our localforce model requires, that the left ventricle surface, be sampled in a balanced spatial and temporal resolutions.Among all imaging modalities of the heart, CT volumetric image sequences of heart have been considered ableto meet these standards. The volumetric image sequence used in this research was obtained from the uniqueDynamic Spatial Reconstructor (DSR) operated by Mayo Clinics.2 Compared with the commercially available



Picker Fastrac, or Imatron scanners, the DSR scanner has functional 
exibility in that spatial, temporal, andcontrast resolution can be adjusted to favor one aspect of resolution over the other. This 
exibility facilitates basicresearch applications.In a typical volume of the DSR, the left ventricle is included in a high intensity region which would also includesthe left atrial chamber and aorta. Although there are valves separating the left ventricle chamber from the leftatrial chamber and aorta, the valves of canine heart, which has been used in this basic research rather that thehuman heart, are only of the order of 1 mm thick and their visibility in the volume is diminished by the partialvolume e�ect and resolution limitation of DSR scanner.24 Furthermore, the valves open and close alternativelyduring a cardiac so that whether or not they appear in an acquired image would also depend on the timing ofimage acquisition. Therefore the left ventricle often appears connected with the left atrial chamber and aorta inthe acquired volumetric images.Overall, the intensity of the left ventricle is much brighter than the myocardium. However, the intensitydistribution of the left ventricle chamber is not uniform due to the uneven distribution of the contrast agent.The nonuniform distribution of the contrast agent along with the problem of the atrial chamber and aorta makesthe extraction of the left ventricle from DSR data a very di�cult problem. Although, there have been someattempts25,26 to automatically or semi automatic extract the left ventricle form the volumetric data they are notvery reliable. Therefore in this study, we used the 3D volume data obtained via a manual extraction of the leftventricle from the DSR original data because it is reliable and it allows us to concentrate on the motion analysisof the left ventricle.3.2 Hierarchical AnalysisThe left ventricle motion estimation can be simpli�ed by following the hierarchical analysis proposed by Chen.23This hierarchical analysis is an e�cient global to local scheme, which helps to simplify the study of complex objectssuch as the left ventricle. The hierarchical analysis starts with the selection of an appropriate coordinate systemand an analysis of the rigid global properties of the left ventricle, follow by a coarse shape description. Finally alocal shape and motion analysis is performed.3.2.1 Global transformationThe left ventricle shape is not symmetric but can be coarsely modeled by a simple bended tapered ellipsoid.The origin of the tapered geometric objects di�ers from its mass centroid. Then, the estimation of the object-centered coordinate system must be independent of tapering deformations. In the left ventricle case, we observethat the long axis, which is a curve in the 3D space that lies approximately in a plane that joins the base withthe apex, could be used to estimate this centroid because it is free of tapering deformations. Another advantageof using the long axis is that its bending plane would give us information of the left ventricle global rotation.Furthermore, the long axis can be �tted to a bending function which is used to unbend the left ventricle surfacepoints. The estimation of the bending plane, and the bending function, requires the estimation of the long axis.In our case of left ventricle chamber, represented by the digital surface obtained from manual segmentation, thisaxis is estimated by using the slice centroids24xiyizi 35 = 24 1=NiPNij=1 xi;j1=NiPNij=1 yi;jzi 35 ; (7)where Ni are the number of boundary points on slice i.The ellipsoid parameters and the rest of the global transformations can be easily estimated if we use the longaxis centroid,. The main axis centroid do not carry information over the shape volume so it is a better estimator



of the model origin. Thus, the origin of the new reference system is given by:24xyz 35 = 24 1=MPMi=1 xi1=MPMi=1 yi1=MPMi=1 zi 35 ; (8)where M is the number of slice centroids in the long axis.The long axis is bended in a plane. This plane can be estimated from the the slice centroids via the computationof the scattering matrix.23 The scatter matrix is computed using the distance of the long axis points to the leftventricle centroid: Pi = 24xi � xyi � yzi � z 35 ; (9)and the scattering matrix is de�ned as: [S] = MXi=1 PiP Ti : (10)Now the orientation of the normal of the best �tting plane is given by the eigenvector associated with thesmallest eigenvalue of the scatter matrix. At this point we have all the information to transform the surface pointsfrom the world coordinate system to the object-centered coordinate system. The new origin is given by the longaxis centroid and the orientation is computed using the eigenvectors of the scatter matrix. Where the x-axis isde�ned as the normal to the best �tting plane and the y and z axis are estimated by the other two eigenvectorsof the scatter matrix which are orthonormal to each other.The centroid and the scattering matrix can be used to compute the global motion parameters. The centroidof each slice is used to compute the translation vector:T = 24xmymzm 35� 24xm+1ym+1zm+1 35 :where (xm; ym; zm) are the centroids at frame m. The eigenvectors of the scattering matrix (10) are used toestimate the rotation matrix between frames m and m+ 1 via:R = [ ex;m ey;m ez;m ] [ ex;m+1 ey;m+1 ez;m+1 ] (11)where (ex;m; ey;m; ez;m) are the eigenvectors of the scattering matrix at m.3.2.2 Unbending transformationThe left ventricle complex bended shape will be modeled by a bended tapered ellipsoid. Therefore, the recoveryof the tapered ellipsoid parameters can done by �nding a transformation that unbends the left ventricle shape. Wefollow an extension of a simple 2D conformal bending deformation as shown in �gure 2, where only one line on the2D space su�ers an isometric deformation, i.e. it preserves it length, while the other points follows a conformalmapping according the a deformation function. This conformal bending can be extended to the 3D world, wherenow a single a plane is isometrically bended to a bending function, and the inner and outer points follow theconformal mapping.If the long axis is modeled by a function fu(z) that lies in the y; z plane, then the conformal transformation ofeach point (x; y; z) in the object centered left ventricle surface to a point (x0; y0; z0) in the unbended space can be
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Figure 2: Bending modelwritten as: z0(zi) = Z zi0 s1 +�dfu(z)dz �2dz (12)and y0 =p(y � fu(zi))2 + (z � zi)2; (13)x0 = x (14)where (fu(zi); zi) is the intersection point of the shortest line connecting a surface point to the long axis planefu(z), and it is the root of the following equation:h(zi) = �ys � �dfu(z)dz ��1z=zi(zs � zi) + fu(zi) = 0 (15)This transformation maps each surface point (x; y; z) from the isometric coordinate system to (x0; y0; z0) in theunbended coordinate system, and the x coordinate is una�ected by such transformation. Such transformationconverts the original left ventricle surface data into a new reference system in which the modeling primitives canbe directly �tted to the left ventricle surface data. Without such transformation, the original surface data derivedfrom the left ventricle chamber may not �t well a tapered ellipsoid, since the modeling primitives are a familyof symmetric surfaces while the real left ventricle surfaces exhibit some bended characteristics. In our study weassume a simple polynomial, i.e. fu(z) = ao + a1x+ a2x2 + a3x3 + : : : :for the bending function fu(z). Figure 3 shows the left ventricle surface before and after the unbending transfor-mation.3.2.3 Tapered ellipsoid spaceOnce we have transformed each surface point to the unbended surface points we can proceed to �t these pointsto a tapered ellipsoid. An ellipsoid can be de�ned in vector form as follows:S(�; �) = 24x0y0z0 35 = 24 ax cos(�) cos(�)ay cos(�) sin(�)azsin(�) 35 ; (16)where ��2 � � � �2 and �� � � � �. Parameters � and � correspond to the latitude and longitude angles,respectively, expressed in the unbended object-centered spherical coordinate system. Angle � lies in the x � y



Figure 3: Left, original left ventricle surface for frame 1 of the DSR data set. Right, left ventricle surface after theunbending transformationplane, while � is the angle between the vector S(�; �) and the x � y plane. Scale parameters ax; ay; az de�ne thesize of the ellipsoid in the x; y and z directions, respectively. We can extend the ellipsoid abilities to model theleft ventricle shape by introducing a tapering deformation. The tapering deformation represent a scale change inone axis. For a z-axis tapering deformation:X = fx(z0)x0; Y = fy(z0)y0; Z = z0; (17)where fx(z0) and fy(z0), the tapering functions, are usually piecewise linear functions of z0 according toa prioriknowledge of the left ventricle. In general, the tapering deformation for left ventricle modeling can be a simplelinear function of z0, i.e. fx(z0) = kxz0 + 1; fy(z0) = kyz0 + 1;where kx and ky are the tapering constants along the x0 and y0 axes, respectively.With the addition of the tapering deformation to the ellipsoid model, our coarse shape model is now completewhich is now de�ned as:. s0(�; �) = 24x0y0z0 35 = 24 fx(z)ax cos(�) cos(�)fy(z)ay cos(�) sin(�)azsin(�) 35 : (18)The tapered ellipsoid �tting can be stated as a non-linear optimization problem, using the inside-outsidefunction, derived from the ellipsoid shape primitives, and can be written as:f(x; y; z) =  � xfx(z)ax�2 +� yfy(z)ay�2!+� zaz�2 ; (19)where if f(xo; yo; zo) = 1, then (xo; yo; zo) is on the surface; if f(xo; yo; zo) < 1, the point is inside the surface, andif f(xo; yo; zo) > 1, the point lies outside the superquadric surface. The objective function for the optimizationproblem can be de�ned as: minimize : nXi=1 jf(x; y; z)� 1j2; (20)where the summation is over all the surface points.



Once we have �tted the left ventricle to a tapered ellipsoid, we are able to transform every surface point onthe unbended space to a ellipsoidal coordinate system. The coordinate transformation is given by24 r�� 35 = 2664 px02 + y02 + z02tan�1( y0=(fy(z0)ay)x0=(fx(z0)ax))tan�1( z0=azp(y0=(fy(z0)ay))2+(x0=(fx(z0)ax))2 )3775 : (21)This transformation allows us to represent the left ventricle surface as parameters of �; �. That is, the leftventricle surface points de�ne a function S(�; �) in the ellipsoidal space. The parametric surface representation isvery helpful in the tracking of the left ventricle wall.3.3 Left ventricle local motion trackingThe hierarchical transformations maps the surface points from the world image space into a bended taperedellipsoidal space. In the case of the local motion analysis, the more important transformation is the �rst one,which is used to get a reference frame free of global motion. Therefore we can concentrate on the analysis of thelocal motions and deformations. The unbending transformation and the ellipsoidal mapping are used to transformthe 3D search space into a 2D parametric search space, which it is very simple to search.The proposed point correspondence recovery approach described in section 2 based on the local force modeland the kinetic energy constrain is the basic tool for the local motion analysis of the left ventricle. For each pointin the �rst surface S(n) at (�i; �i) a 2D small search window in the neighbor of (�i; �i) is set at the next surfaceS(n+ 1). At each point, on the next surface, the kinetic energy is computed based on the local force model andthe point with the minimum kinetic energy is selected. Some times there are more than one point with minimumenergy. In that case we decided to select all of them and choose the average position as the corresponding nextpoint in the surface. A better approach is to add more constrains in the selection of the point correspondence, likethe internal energy; but at this time we have not included any internal energy considerations.The computed kinetic energy is function of the initial velocity vector at (�o; �o), this velocity is function ofthe previous estimated velocities, but for the �rst frame we have to relay on the our a priory knowledge of theleft ventricle to set the initial velocity. Our approach was to start the analysis of the left ventricle when it is inits end-systole state. This allow us to assume that the initial velocity of any point in the surface is zero. Thisassumption, although is not true for every point in the left ventricle wall, it is close to reality.3.3.1 Velocity �eld smoothingThe constant local force assumption will produce some errors in the point correspondence and the �nal velocity.These errors will propagate to further point estimations, because the point estimation and the �nal estimatedvelocity, R((n+ 1)T ) and V ((n+ 1)T ) respectively, are functions of to the initial estimated velocity V (nT ). Theerrors in the estimated velocity will cause inconsistent motion vectors. Therefore, to make the estimations moreconsistent we decided to smooth each estimated velocity vector �eld, before the estimation of the next pointcorrespondence. Each velocity vector �eld is smoothed in the parametric space (r; �; �) following a simple averagespatial �lter: V (nT; �; �) = Z Z V (nT; � � u; �� v)h(u; v)dudv; (22)where h(u; v) is the average �lter, and V (nT; �; �) is the estimated velocity �led. The smoothing of the vector�eld will help in the generation of more consistent motion vectors.



Figure 4: Left, point trajectory from frame 1 to 2 in ellipsoid expansion. Right, point trajectories from frame 1to 4. 4 Experimental ResultsUsing the methodology described above, we performed two initial set of experiments. The �rst experimentconsisted in the point correspondence recovery in a simulated ellipsoid. The second experiment consisted in themotion analysis of real set of data from the DSR.4.1 Synthetic DataThe �rst experiment was performed over synthetic data and was designed to test the ability of the local forcemodel to recover the point correspondence. An ellipsoid was deformed unevenly and a set of four consecutiveimages was generated. Figure 4 shows the evolution of the surface at the four samples. The arrow 
ows showthe estimated points motions over time, where each error representing the one point movement between a pair offrames at n and n + 1. Note the smooth 
ow of the point through the evolution of the deformation, which it isdesired.4.2 Real DataThe real experiment was performed over a set of 4D data from the DSR. The data set consisted on 16 manuallysegmented frames over the cardiac cycle. Figure 5 shows the estimated point displacement at di�erent time instants,where the arrows show the local displacement of one point from frame n to n + 1. The real experiments showedthe limitations of the local force model at points where the surface undergoes large deformations, nevertheless theestimated displacement vectors at other points are consistent.5 CONCLUSIONSIn this paper, we have presented a physical based approach for the analysis of local deformations in nor-rigidbodies. This model was based on the dynamics of point masses subject to constant forces over short periodsof time and it is was applied to the point correspondence recovery. The point correspondence was set for the
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