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Abstract 

Temporal abnormalities in heart wall motion are 
important diagnostic indicators of cardiac disease. 
Limitations in cardiac image quality and resolution 
necessitate the guidance of an experienced user or 
clinician to define the inside and outside boundaries of the 
heart. We describe methods for reconstructing the spatio- 
temporal behavior of the heart from magnetic resonance 
cine images in an interactive setting. A jinite element 
model of the time-varying geometry, incorporating both 
spatial and temporal coherence constraints, was fitted to 
image-derived data by minimising an objective function. 
Interaction was facilitated by a small number of user- 
controlled "guide points" included in the objective 
function. A frame-based solution procedure was 
developed, allowing the user to interact with the solution 
via the position of the guide points. The method was 
applied to patients imaged shortly after a heart attack 
(myocardial infarction). The inclusion of temporal 
coherence in the model allowed the influence of spatial 
smoothing constraints to be reduced, enabling more 
accurate description of time-dependent regional 
variations. 

1. Introduction 

The heart has a complex geometry and undergoes 
large, nonrigid deformations as it fulfils its function of 
pumping blood around the body and lungs. Diagnostic 
analysis of cardiac performance is primarily based on 
geometric and kinematic measurements of the muscle 
mass making up the heart wall. Global measures such as 
the end-diastolic and end-systolic volumes, stroke volume 
and ejection fraction are commonly used to indicate 
overall contractile state, whereas regional wall motion 
measures such as wall thickening and radial contraction 
are indicative of the type and severity of local disease [ 11. 

Magnetic resonance imaging (MRI) is increasingly 
being used to visualize the heart, as recent advances now 
allow the acquisition of stacked tomographic slices 
spanning the heart with good spatial (1xlxlO mm3 per 
voxel, 8-10 slices per series) and temporal (20-50 
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msedframe, 10-25 frames per cycle) resolution within 
clinically acceptable imaging times [2]. These studies 
typically result in large data sets containing hundreds of 
images. The major bottleneck in the analysis of these 
images is the identification of the endocardial (inside) and 
epicardial (outside) boundaries on each image, and several 
automated procedures have been proposed for this task [3- 
81. The definition of the boundaries is influenced by the 
following sources of error: 

a) Errors due to limitations in the MR imaging method, 
including limited spatial and temporal resolution, the need 
to integrate information over several (15-20) heartbeats 
into each frame, and a lack of contrast between blood and 
muscle due to flow artefacts. 

b) Errors due to patient movement, including breathing 
in "non-breathold" imaging, misregistration between 
breatholds in "breathold" imaging, and irregularities in 
heart rate resulting in long or short heartbeats. 

c) Other sources of error, including those due to the 
rough, trabeculated inner surface of the heart and operator 
error. 

Unfortunately, the image intensities are usually not 
sufficient to define the precise location of the endocardial 
and epicardial surfaces and several solutions may look 
equally feasible. Automated methods therefore require 
substantial user interaction and editing, usually performed 
by experienced operators to obtain a "physiologically 
reasonable" solution. 

Small errors in the position of the boundaries are 
unlikely to have a significant effect on global measures of 
cardiac performance, such as wall mass, ventricular 
volumes and ejection fraction, since unbiased errors will 
tend to average out when summed over many images. 
However, the functional indices relying on "difference" 
measurements such as regional wall thickening, 
displacement and wall strain will be much more sensitive 
to these variations. To obtain robust estimates of these 
parameters, it is necessary to apply some form of 
smoothing approximation within and between images. 

An efficient, robust and flexible approach has been to 
utilize a mathematical model to estimate the time-varying 
geometry of the heart. The clinical utility of the model 
depends on the quantification of regional wall motion 
abnormalities, ie. locally consistent frame-to-frame 
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motions which may vary significantly between 
neighboring regions. A number of model-based methods 
have been proposed [3-6, 9-16]. To date these have been 
applied to domains of three dimensions or less, eg. quasi- 
static models [9, 11-13, 15, 161 or time varying surfaces 
[5, 10, 141. Recent imaging techniques provide a denser 
temporal sampling and thus allow temporal smoothing to 
aid model fitting. If available, information from previous 
and subsequent frames in time as well as adjacent slices in 
space should aid the determination of the geometry in any 
given image. Generalization of model-based methods to 
4D analyses (ie. time varying 3D solid models) is 
theoretically straightforward but remains difficult in 
practice, due to the increased computational complexity 
and the need for fast and intuitive user guidance and 
interaction. 

We have extended previous finite element modelling 
techniques in order to interactively estimate the spatio- 
temporal behavior of the heart from 4D image data. 
Information from all slices and frames is therefore 
incorporated into a single coherent model. In this paper, 
the image derived data took the form of inner and outer 
boundaries obtained from an automatic segmentation 
algorithm; however, image features such as edges could 
be used directly in the modeling process. The 4D solution 
was interactively controlled using a small number of guide 
points placed on the original images. The model tried to 
approximate the position of the guide points, as well as 
maintain spatial and temporal coherence and fidelity to the 
image derived data. The guide points were manipulated 
until the intersections of the model with the image planes 
matched the user's perception of the motion of the inner 
and outer boundaries of the heart. A frame-based solution 
procedure was developed to provide user interaction at 
reasonable rates (eg. a few seconds or less per update). 
This procedure exploits the structure of the solution 
matrices arising from the least squares problem 
formulation and allows interaction on a frame-by-frame 
basis. The problem was regularized by penalizing the 
displacement from an a priori target shape and motion. 

The method was applied to patients imaged after recent 
myocardial infarction using two models: a "lower order" 
model with 134 parameters and a "higher order" model 
with 332 parameters (per frame). The two models were 
chosen to investigate the effect of the model complexity 
on the time required for solution and speed of interaction. 

2. Methods: 

2.1 Finite Element Models 

Two 3D finite element models were constructed to 
describe the geometry of the left ventricle (LV) using 
previously reported methods [12, 17, 181. One (lower 
order) comprised 16 elements (4 in the circumferential 
direction and 4 in the longitudinal direction, see Figure 1), 
and the other (higher order) comprised 40 elements (10 in 
the circumferential direction and 4 in the longitudinal 

direction). Bicubic Hermite interpolation was used in the 
circumferential and longitudinal directions and linear 
interpolation in the radial direction. Within each element, 
the geometric field x was given by a weighted average of 
nodal values: 

where (pn are element basis functions, 5 = (51, 52, 53) 
are element coordinates (ti€ [O,l]) and xn are the nodal 
values. Nodal values were shared between elements, eg. 
the cubic Hermite basis shared the nodal position and 
slope between adjacent elements, giving C' continuity 
[181. 

Figure 1. The 16 element model. Element 
coordinates 51, 5 2, 5 3 are in the 
circumferential, longitudinal and radial 
directions respectively. Rectangular 
Cartesian (x, y, z) and prolate spheroidal (A, 
p, e) coordinate systems are also shown. 

One way of adding time dependence to the model is to 
include basis functions in time, $k(t): 

A natural choice for $k(t) are Fourier series basis 
functions [lo, 191. These have advantages in that they are 
orthogonal, implicitly periodic, and the number of terms in 
the series can be determined from the power spectrum of 
the motion. However, the nodal values associated with 
Fourier basis functions have global support (so guide 
points in one frame influence all frames). The temporal 
smoothing is globally applied through the inclusion of a 
finite number of terms. Also, the dependence of model 
position in each frame on the nodal values is complex 
(unlike Hermite or spline basis functions, which are 
essentially convex combinations), thus making user 
interaction difficult. In this paper, each frame is stored as a 
separate model: 
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(3) 

where t is an index spanning the number of frames in 
the image sequence. This approach makes the calculation 
of the model at any frame trivial, and allows the user to 
interact with a small subset of frames (eg. a single frame) 
at a time, keeping the others constant. The relative 
weighting of temporal smoothing can be changed on a 
regional basis, allowing rapid temporal variations in a 
particular region if desired. 

It is convenient to define the fitting problem in terms 
of a displacement or deviation field ut(€,) from an U 

priori target or template time-varying shape it (5): 

We assume such a prior is always available: in this 
paper we use regular geometries (ellipsoids) or previously 
fitted geometries. Any time-varying geometry may be 
used as a prior, provided it is described as a weighted 
average of nodal values f i fn as in Eq. 3. The prior is used 
in the smoothing terms of the objective function to act as a 
target shape to which the model will conform in the 
absence of other information. 

As done previously [17, 201, the model was defined in 
a polar (prolate spheroidal) coordinate system and the 
radial coordinate only was fitted to the image data (the 
two angular coordinates were fixed functions of 5). Model 
element coordinates for each spatial data point were found 
by projection along radial lines. This reduces the 
computational complexity of the fit considerably by 
reducing the number of unknown parameters and results in 
a linear least squares minimization [17]. 

2.2 Objective Function 

Following the standard deformable model formulation 
1211, the model was fitted by minimizing the following 
error function: 

with respect to the nodal values xnt, where Eimage and 
E,,,, denote image and user-derived terms respectively, 
and ESmooth contains smoothing giving the model spatial 
and temporal coherence as well as fidelity to the prior. 

The image-derived terms must be designed to attract 
the model towards desirable features or locations in the 
image. We used the output of an automatic segmentation 
algorithm [8] since this provided a good initial estimate of 
the location of the inner and outer boundaries. The data 
consisted of a densely sampled set of points xdt along the 
LV boundaries in each image in each frame t. The image 

term in Eq. 5 therefore measured the agreement between 
the model and the segmented boundaries: 

where Odr are weights associated with the boundary 
points and 5 d t  are the associated model element 
coordinates. 

Smoothness is imposed in a similar manner to previous 
formulations [12, 211. These terms give the model 
coherence in space and time, as well as a tendency to 
conform to an U priori target shape: 

Esmooth = Eprior + Espace -k %me (7) 

All smoothing terms operate on the displacement from 
the target shape. The prior term gives the model a fidelity 
to the target shape S t & ) :  

where pt(5)  is a weighting function which may be 
under user control, allowing the user to essentially fix 
.regions of the model with a large weight. Following 
previous work [12, 211, the spatial and temporal 
smoothing terms took the form of weighted spline kernels: 

(9) 

where a and p are weights which control the tension 
and curvature of surfaces in the circumferential/ 
longitudinal plane (Figure 1) and y is a weight controlling 
the "twist" of surfaces through the model. Similarly, p 
controls the viscosity or damping of the model, and v 
controls the inertia of the model. These terms were chosen 
so that each weight had a clear meaning in terms of the 
mechanics of the model. 
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Interaction with the model solution was implemented 
via a small number of "guide points" gjt. In practice, these 
points act like LV boundary points, in that the model will 
approximate their position by minimizing the distances 
between the guide points and the associated model points: 

However, the guide point weights (q j t )  and positions 
(g j t )  are under interactive control. Each guide point is 
associated with a particular surface (eg. endocardial or 
epicardial) in a particular image at a particular frame and 
can be moved around the image with a pointing device. 

2.3 Solution Procedure 

Since all the terms in the objective function are 
quadratic in the unknown nodal values unt of the single 
(radial) component displacement field, it is possible to 
minimize Eq. 5 by linear least squares, requiring the 
solution of a large, sparse system of linear equations: 

where q is the solution vector, made up of all the 
unknown nodal values unt for all frames, b is a vector 
derived from the image and guide points at each frame, 
and the S are "stiffness matrices" arising from the 
differentiation of Eq.s 6,  8-1 1 with respect to the unknown 
nodal values. The time derivatives arising from Eq.  10 
were calculated using central differences, with circular 
boundary conditions. These constrained the temporal 
behavior to be approximately periodic. The integrations 
over the model domain were calculated using an exact 
Gaussian quadrature scheme. 

A problem with the solution of Eq. 12 is that, given N 
nodal values in the model per frame and T frames in the 
sequence, the number of unknowns is N.T (6640 for the 
40 element model with a 20 frame sequence). Such large 
systems of equations cannot be solved easily by standard 
direct methods (such as sparse matrix factorization 
techniques) and iterative solution techniques are 
preferable [22]. We chose to exploit the frame structure of 
the S matrices, noting that most of the terms in the 
objective function ( E i m g e ,  EUser, Expace, Eprior) are 
uncoupled in time. The time coupling comes solely from 
the Erime term, due to the presence of the time derivatives 
which are approximated by finite differences. We partition 
each S matrix into TxT submatrices, each of dimension 
NxN, and denote the ( i j )  block of S as SG, and the ith 
block row of S as Si:. The vector of unknowns is also 
partitioned into T vectors qi, each with N elements which 
are the unknown nodal values for that frame. Similarly bi 
is a partition of b. Since S l m g e ,  Suser, Sspace, SpriorXe 

uncoupled in time, they are block diagonal matrices, ie. 

= O  for  i#j. The  S L a g e -  user prior-  space 
-sii =sij -sii 

structure of Stime is mostly block pentadiagonal, as each 
frame is coupled to the two preceding and two following 
frames. For each frame: 

The submatrix can be further partitioned into 
two terms, one relating to q t ,  and the other relating to 
neighboring frames qt-2, qt-1, q t + l ,  and qt+2: 

st! q =  s .  tt q +stimeqr -t: - 
time time t 

where qt is a partition of q containing nodal values 
from the four frames surrounding t (for circular boundary 
conditions the motion is constrained to be periodic and 
frames at the beginning and end of the sequence are 
considered adjacent). 

The following iterative solution scheme was 
developed: 

or 

where atk is derived from the kth iteration solution q t .  
In effect, each frame is solved assuming the other frames 
are constant. This is a form of block Jacobi iteration, and 
is guaranteed to converge if the are positive definite 
[22]. Convergence may be improved by using the latest 
available solution for each frame in the at vector 
( atlatest) at each iteration (Gauss-Seidel iteration), and by 
using successive over-relaxation techniques: 

where w2l  is the relaxation parameter. Eq 16 was 
solved for each frame at each iteration using a sparse LU 
factorization of the S;Atal matrices. For a given data set 
and smoothing weights, the factorizations are computed 
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once and each iteration only requires a forward and 
backward substitution for each frame. 

2.4 Model-Image Intersections 

At many stages in the model fitting process, it is 
necessary to view the location of the intersections of the 
endocardial and epicardial surfaces of the model on the 
original images. These model-image intersections are 
drawn as curves on each image and are calculated using a 
variation of the marching cubes algorithm [23]. The finite 
element representation of each surface was subdivided 
into a rectangular array (or grid), typically of 5 points in 
each of the circumferential and longitudinal directions per 
element. The intersections of the image planes with the 
surfaces were then calculated assuming a linear 
interpolation between subdivision points in the grid. 
Intersection points were then ordered into continuous 
curves for each image and transformed to image 
coordinates for display. 

2.5 Experiments 

The method was applied to images provided by Dr 
Louis Dell'Ttalia of the University of Alabama in 
Birmingham of patients with recent myocardial infarction 
caused by a right coronary artery occlusion. A standard 
multislice multiphase non-breathold cine magnetic 
resonance imaging technique was used, typically resulting 
in 9 short axis slices spaced 9 mm apart (in-plane 
resolution of 1.9 mdpixel)  and 11-22 time frames in the 
sequence. An additional long axis slice in the four 
chamber view (1.7 mdpixel)  was included in the study. 
The images were transferred to a custom analysis package 
and the inner and outer boundaries of the LV were 
determined using a region-based segmentation algorithm 
[SI. The model was fitted in two stages: first, a fit to the 
segmented boundaries was performed; second, the model 
was interactively manipulated with user-controlled guide 
points on the original images. 

Solutions were obtained for a variety of temporal 
smoothing weights from zero (uncoupled in time) to very 
high values in order to determine the effect of temporal 
smoothing on wall motion estimates. In this paper we 
calculated wall thickness as a function of time through the 
sequence, since this parameter is commonly used to 
evaluate regional wall motion. A sampling of points 
covering the endocardial surface of the LV was performed 
and the wall thickness at each point was determined by 
finding the closest epicardial point using a quasi-Newton 
iteration. The wall thickening values were averaged into 
16 spatial regions, with three levels (apex, midventricle 
and base) each divided into several regions in the 
circumferential direction in accordance with the American 
Society of Echocardiography Committee on Standards 
recommendation [24]. These standard regions are defined 
on the basis of anatomy and relationship to known 
coronary arterial supply and are commonly used in clinical 

practice. 

3. Results: 

The automated segmentation algorithm suffered from 
the errors listed in the Introduction, and had no coherence 
from frame to frame. However, it provided a good initial 
estimate of the inner and outer boundaries for the model. 
Figure 2 shows a short axis slice at end-diastole (left) and 
end-systole (right) together with the segmented 
boundaries. 

Figure 2. Short axis images at end-diastole 
(left) and end-systole (right) together with 
the boundaries found with the automated 
region growing algorithm. 

A fit to each frame with zero temporal (p, v)  and 
displacement (p) weighting produced spatially reasonable 
but temporally incoherent motions. We found that a ratio 
of a:P:y of 1 : l O : l  gave good results with spatially 
coherent geometries for each frame. The template shape 
for this fit was a regular ellipsoid. 

Figure 3. Intersections of the fitted model 
(including temporal constraints) on short 
axis images at end-diastole (left) and end- 
systole (right). 

When temporal weighting was included the spatial 
weights could be decreased by an order of magnitude from 
the values used for the temporally uncoupled fit. We 
found that a ratio of p:v of 1 : l O  produced good results, 
with p:v set to 1: lOO.  Note that the ratio between the 
spatial and temporal weights will depend on the spacing 
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between frames and relative size of the elements. The 
displacement weighting (p) for this fit was also set to zero 
and the template shape was a regular ellipsoid. Figure 3 
shows the intersections of the fitted model on short axis 
images at end-diastole (left) and end-systole (right). 

The fit to the boundaries was then manipulated by 
placing guide points on the original images and deforming 
the solution to fit the position of the guide points. The 
boundaries were not included as data points in this fit; 
rather, the prior was set to the previous solution and the 
displacement from this solution was penalized by setting p 
> 0. A ratio of p:p of 1:l produced good results, with the 
model deforming smoothly in regions where guide points 
were present and remaining unchanged in regions remote 
from the guide points. Since the number of guide points 
was small (typically < IO), the magnitude of the spatial 
and temporal weights were decreased by at least an order 
of magnitude over the values used for the fit to the 
boundary segmentation data. 

1 

Frame Number 

Harmonic 
(cycles per period) 

. 6 . J  

Figure 4. Top: Wall thickening estimates for 
a single region (mid inferior septum) vs time 
and degree of smoothing. Bottom: 
Amplitude of temporal frequency 
components vs degree of smoothing. 

Wall thickening results were averaged into regions 
using the methods described above. Figure 4 shows wall 
thickening curves for the mid inferior septal regions with 
increasing levels of smoothing (decreasing p:v), together 
with the corresponding temporal frequency amplitudes. It 
can be seen that smoothing decreases the temporal "jitter" 
but excessive smoothing produces substantially reduced 

wall thickening. 
One method to determine the appropriate level of 

temporal smoothing is to evaluate its effect on global wall 
function. If the temporal noise is randomly distributed 
over the model at any frame, the global average of a 
functional quantity such as wall thickening or ventricular 
volume should average out the random noise effects. 
Figure 5 is a plot of wall thickening globally averaged 
over the entire model at each frame. It can be seen that 
temporal smoothing weights higher than a certain value 
start to have an appreciable effect on the global function 
curves. The optimum ratio in this case is the third trace 
(P:v = 1:lOO). 

m m  = Frame Number 

Figure 5. Wall thickening estimate globally 
averaged over the whole model vs time and 
degree of smoothing. 

16 elements 40 elements I 
new data and 
smoothing I 18.2 1.8 27.3 10.5 

change 
smoothing 1 1.4 1.4 6.8 6.8 

I change data 

iterate 

NA 

0.3 

1.4 

0.3 

NA 

0.64 

6.8 

0.64 

Table 1. Time required (sedframe) to 
perform the solution for the 16 and 40 
element models. B: boundary data fit; G: 
guide point fit. 

Table 1 shows the time required to perform the 
solution procedure for the 40 element model and the 16 
element model. All experiments were performed on a 16 
Mflop workstation (Silicon Graphics Indigo). Initially, 
with new data and smoothing weights, time must be spent 
on the generation of the stiffness matrices and their LU 
factorizations. Changing the data or smoothing weights 
requires a refactorization. The iteration requires only a 
forward and backward substitution. No attempt was made 
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to optimize the code for speed of execution. The 40 
element model took 23 iterations to converge to the 
boundary data and 42 iterations to converge to the guide 
points. 

4. Discussion: 

A number of model-based techniques have been 
proposed to estimate heart wall motion from cardiac 
images [3-6, 9-14, 161. Previous active finite element 
methods for estimating heart wall motion from cardiac 
images have focused on 2D models (quasi-static surface 
models) [9, 111. It is desirable to include information from 
the surrounding frames in the solution to each frame, as 
this gives a better constrained fit, produces temporally 
consistent motion and allows the influence of the spatial 
smoothing to be reduced. The present application is the 
quantification of regional wall motion abnormalities, ie. 
locally consistent frame-to-frame motions which may vary 
between neighboring regions. Spatial coherence 
constraints alone are therefore insufficient and will tend to 
blur regional differences. Recently, techniques which 
explicitly incorporate temporal behavior in order to better 
characterize the motion have been proposed [4, 5, 101. 
Chalana et al .  [4] extended the active contour models of 
Kass et al. [21] into the time domain to detect epicardial 
and endocardial  boundaries on short  axis 
echocardiographic sequences. They used similar spatial 
and temporal smoothing terms as in Eq.s 9 and 10. 
McEachen et al. [5] describe a recursive filter based on 
2D Fourier basis functions to model the motion of a 
contour through time. The contour shape in each frame 
was described as a Fourier series, and the periodic motion 
was determined using Fourier basis functions in time by 
successive applications of a Kalman filter. Matheny and 
Goldgof [lo] used surface harmonic functions with either 
Fourier basis functions in time or an extension of the 
harmonic functions into the time dimension. The models 
were 3D in the sense that they were time-varying surfaces. 
Harmonic and Fourier basis functions are orthogonal but 
have global support and the model parameters have a 
complex relationship to the model shape. Sclaroff and 
Pentland [ 161 describe the use of an object's free vibration 
modes for the reconstruction of shape. Nastar and Ayache 
[14] have also used this technique to characterize 
deformations in terms of modal amplitudes, using Fourier 
basis functions in time. Although this provides an efficient 
representation of the deformation, it is difficult to relate 
the global vibration modes to the mechanics of regional 
heart wall motion, since the latter is an active contractile 
process of an anisotropic biological material and the 
former is the passive response of an isotropic linear 
material. There is a complex relationship between the 
number of terms included in the model (ie. degree of 
smoothing) and the final shape. Few of the above methods 
allow a simple mechanism for user interaction. 

We have extended finite element modeling methods to 
estimate the 4D geometry of the LV (a solid in 3D space 

plus time) from an extended series of cardiac images. The 
finite element description has advantages in that the basis 
function have local support, the nodal values have a 
simple geometric meaning (position and slope), and the 
model can be used in more complete finite element 
models of stress and activation [18]. A solid model in 3D 
space had advantages over a collection of surfaces, in that 
the fit was better determined, it was more difficult for the 
inner surface to inadvertently pass through the outer 
surface, and the object was constrained to move as a 3D 
solid rather than as independent surfaces. In the future, the 
model will be extended to estimate the RVLV 
biventricular unit [20]. This requires a solid model since 
the right ventricle has a complex geometry which is joined 
to the left ventricle at the apex and anterior and posterior 
margins. 

A frame-based iterative solution procedure was 
developed in order to give fast updates to the user in an 
interactive environment. Frames can be worked on 
individually (keeping the others constant) or as a group. 
The fastest mode of interaction at present is on a frame by 
frame basis, ie. changing each frame sequentially keeping 
the others constant. In this mode only one iteration is 
required to update the solution each time a guide point 
changes. However, the model should be allowed to iterate 
to a global solution at the end of the interaction process, in 
order to obtain a converged solution. User interaction was 
provided by means of guide points defined and placed by 
the user. These act like the interactive spring forces used 
previously in deformable modeling environments [ 11, 12, 
211. However, the guide points were treated implicitly 
rather than explicitly as done previously. This leads to a 
more robust solution procedure requiring fewer iterations, 
at the cost of requiring an LU refactorization each time a 
guide point is changed. This cost was perhaps justified for 
the 16 element model as the refactorization time was only 
1.4 sec/frame but not for the 40 element model (6.8 
sec/frame, see Table 1). Errors in the placement of guide 
points will have a detrimental effect on the model. 
However, image intensities are insufficient to adequately 
constrain the solution and some user guidance is required 
for the system to be clinically useful. We therefore assume 
the guide points are correctly placed in locations 
consistent with an experienced user's perception of the 
true heart wall motion. 

A limitation of the method is the need to specify a 
priori spatial (a, B, y), temporal (p, v) and displacement 
(p) smoothing weights. As the method is applied to more 
cases, it may be possible to define fixed ratios a$:y, p:v, 
p:v, and p:p which are applicable to all heart MRI studies. 
A single parameter may then be varied relative to the 
image derived forces to obtain different levels of 
smoothing, keeping all the others in proportion. We found 
that appropriate ratios of temporal to spatial smoothing 
could be determined by examining globally averaged wall 
motion or function curves. The highest value of temporal 
smoothing which did not substantially alter the global wall 
thickening vs time curve was chosen on the basis that 
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random fluctuations are averaged out and smoothing 
should not greatly effect the global function curves. A 
regional approach (as opposed to a global approach as for 
modal harmonics [14]) allows the flexibility to change the 
effect of smoothing on a regional basis in time and space. 
Although we make no attempt to model the complex 
nonlinear activation of the heart, all the smoothing 
weights have simple mechanical effects on the model, and 
can be adjusted to approximate the material behaviour of 
the heart as this becomes more determined. Additional 
future work includes the addition of direct image forces, 
such as edge or motion cues, and investigation into faster 
iterative solution procedures. 
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