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Abstract. This paper describes a method for estimating the defor-
mation field of the Left Ventricle (LV) walls from a 4–D Multi Slice
Computerized Tomography (MSCT) database. The approach is com-
posed of two stages: in the first, a 2–D non–rigid correspondence algo-
rithm matches a set of contours on the LV at consecutive time instants.
In the second, a 3–D curvature–based correspondence algorithm is used
to optimize the initial approximate correspondence. The dense displace-
ment field is obtained based on the optimized correspondence. Parame-
ters like LV volume, radial contraction and torsion are estimated. The
algorithm is validated on synthetic objects and tested using a 4–D MSCT
database. Results are promising as the error of the displacement vectors
is 2.69 ± 1.38 mm using synthetic objects and, when tested in real data,
local parameters extracted agree with values obtained using tagged mag-
netic resonance imaging.

1 Introduction

Heart motion studies are a sensitive indicator of heart disease, in consequence,
the estimation of cardiac motion and wall deformation are important parameters
for understanding the cardiac function. In particular, the evidence of reduced
transmural strain and left ventricle (LV) torsion are both important indicators
of myocardial ischemia [1,2]. The detailed deformation analysis of the heart has
been performed using highly invasive approaches based either on radiopaque or
sonomicrometer markers implanted in the myocardium [3,4]. In these approaches,
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implantation of markers may by themselves alter the pattern of deformation [5].
More recently, non-invasive techniques based on tagged Magnetic Resonance
Imaging (MRI) has been used to provide accurate estimations [6,7].

Several methodologies have been proposed for image analysis and for extract-
ing parameters describing the ventricular dynamics, thus increasing the frontiers
of clinical diagnoses and research on cardiovascular diseases [8]. The complete
modeling of mechanical properties of cardiac structures is a problem that re-
mains open, however, several approaches have been proposed for the description
of motion and deformations of the myocardial structure based in different car-
diac imaging modalities [8,9,10,11]. Clinical and research applications of cardiac
image analysis are considerably extensive [12]. However, these applications still
have to overcome problems like robustness, computational complexity, 3–D in-
teraction and clinical validation.

Different techniques have been used for describing and quantifying the non–
rigid motion of the heart. Non–rigid motion analysis is a difficult problem because
the motion implies a varying shape and possibly a varying topological structure.
Optical flow has been used for detecting the endocardial motion by analysis of
changes in intensity in MRI images [6]. However, the displacement field is usually
estimated from 2–D projections of a 3–D object, hence it is approximate. A set
of physics–based models have been proposed recently, based in the space-time
analysis (3–D + time) of images, which have provided a more realistic representa-
tion of cardiac chambers shape [7,11,13]. These models use geometry, kinematics,
dynamics and material properties in order to model physical objects and their
interactions with the physical world. The success of these approaches relies in
considering a priori-knowledge about the LV, shape and motion, to predict ven-
tricular dynamics. Simon et. al. introduced two approaches: one is based on a
surface matching process [9] and the other is based on a 3–D surface/volume
matching process [14]. The first approach provides 3–D displacement vectors
between two surfaces for consecutive time instants. The matching procedure be-
tween surfaces is performed according to an energy function composed of two
terms: a data term and a regularization term. A simulated annealing is used to
perform a global optimization of correspondences. The estimated displacement
field can represent accurate information related to LV motion.

In this paper, a method for estimating the deformation field for the left
ventricle walls from sequences of three-dimensional cardiac images is presented.
An efficient non–rigid shape–based correspondence algorithm is applied to the
left ventricular surfaces extracted from 4–D imaging databases. The obtained
correspondence maps enable the accurate estimation of functional local wall
motion indexes.

2 Left Ventricle Geometrical Representation

Our geometrical representation of the left ventricle is constructed from 3–D data
points located in the endocardial and epicardial walls of the left ventricle. These
points p(x, y, z) are detected from the 4–D image dataset during the segmen-
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tation stage. Endocardial and epicardial walls are manually segmented in each
slice of a 4–D MSCT database. Each segmented contour, is parameterized using
a 2–D b–spline which is sampled to generate a discrete set of evenly distributed
points that are considered as primary contours.

An interpolation algorithm is used with the objective of generating an iso-
sampled set of points in three dimensions. This interpolation process is necessary
because the resolution along the longitudinal axis (z) is lower than resolution
in axial plane (x-y) of the MSCT database. Each 3-D point p(x, y, z) in the LV
wall is located with respect to the coordinate system Γ (Fig. 1.a). The LV wall
is a surface that can be represented in the intrinsic reference system Π known as
the material coordinate system where each point p(u, v) is defined in the domain
Ω= [0, 1]. In this reference system the u axis goes from the apex to the base of
the LV while the v axis begins in a point located in the ventricular septum and
goes along the equatorial line of the shape arriving to the departing point (Fig.
1.b). Using this representation each point of the LV surface can be expressed in
the coordinate system Γ as p (x(u, v), y(u, v), z(u, v)).

(a) (b)

Fig. 1. Reference systems used in the geometrical representation of the LV shape. (a)
Γ coordinate reference system. (b) Material coordinate system Π.

The LV is represented as a continuous surface s(u, v) using interpolation
based in a set of contour points (uk, vl) included in a given neighborhood. The
resulting parametric surface is given as the convolution of the discrete samples
with a B-spline 2-D interpolation kernel h(u, v) [15]. Such surface is represented
as:

s(u, v) =
∑

k

∑

l

s(uk, vl) · h(u − uk, v − vl) , (1)

where k, l define a neighborhood of 7×7 points. The continuous surface obtained
is resampled at the desired sampling distance with the objective of generating
new contours (secondary contours) between the given primary contours. The
left ventricle endocardial and epicardial surfaces are represented by the set of
original and interpolated contours. The primary and secondary contours for the
endocardial wall are shown in Fig. 2.
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Fig. 2. Endocardial contour stacks. Left figure: the segmented contours. Rigth figure:
the complete contours set (including both primary and secondary contours).

3 Shape–Based Correspondence Algorithm

Since the LV is in motion, points p(x, y, z) at time t will move to a new position
p′(x′, y′, z′) at time t + 1. Thus, for non–rigid motion analysis, the problem of
shape–based correspondence is to find the Euclidean transformation Q that for
all time instants converts the point p into point p′:

Q(p, t) = p′ . (2)

The shape–based correspondence algorithm has two stages: the first stage
corresponds to the generation of an initial estimate of correspondence based on
a set of critical points [16], where the local curvature is maximum, extracted
from the primary LV contours at consecutive time instants. Then, in the second
stage the algorithm optimizes the initial correspondence in the 3–D space using
both primary and secondary contours.

3.1 2–D Non–rigid Correspondence Algorithm

In the first stage we use a 2–D approach based on tracking a set of Critical
Points in the primary contours of the LV geometrical representation, using the
non–rigid correspondence algorithm proposed by Hill et al. [17]. This algorithm
transforms a discretized contour A = {Ai; 1 ≤ i ≤ nA} (a primary LV contour
at time t), onto some other contour B = {Bi; 1 ≤ i ≤ nB} (a primary LV
contour at time t + 1), where nA and nB are the number of points in contours
A and B respectively. The algorithm produces two new shapes A′ = {Aαi ; 1 ≤
i ≤ nΦ} and B′ = {Bβi ; 1 ≤ i ≤ nΦ} that are in correspondence and represent
sparse subpolygons of A and B respectively. The sparseness is related to the fact
that each contour has less points than the original thus increasing the distance
between each pair of points. The correspondence is defined by a set of ordered
pairs Φ = {φi = (αi, βi); 1 ≤ i ≤ nΦ}, where integer values {αi} index the points
of A and {βi} index points of B that are in correspondence.

The Hill’s non–rigid correspondence algorithm comprises three parts:
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1. Generation of shape approximations to both A and B, (A′′ and B′′ respec-
tively). These approximate shapes only contain nA′′ critical points of A and
nB′′ critical points of B (usually nA′′ �= nB′′). In this stage no correspon-
dence is established. The critical point detection (CPD) algorithm described
by Zhu and Chirlian [18] is used. This CPD algorithm does not require
explicit curvature estimation, the algorithm is also reproducible, reliable,
invariant, and symmetric.

2. Generation of an initial correspondence between A′ and B′. The path–
matching algorithm is used. A reference of correspondence is established
(α0 = 1, βi = i). The path–length spacing of the points defining A′′ (with
respect to A1) are projected onto B (with respect to Bi) and also the path–
length spacing of the points defining B′′ (with respect to Bi) are projected
onto A (with respect to A1). This process generates [(nA′′ + nB′′) ∗ nB]
possible sets of correspondences. The best correspondence will be reached
when the pixel Bi that matches the pixel A1 is identified by minimizing the
following cost function:

min E2
i =

nA′′+nB′′∑

j=1

‖Aαj − Q
(
Bβj

) ‖2, (3)

where Q represent the Euclidean transformation Q(p) = sRp+t, s is a scale
factor, R is a rotation matrix, and t is a traslation. This patch–matching
algorithm produces a set of correspondences Φ = {φi; 1 ≤ i ≤ (nA′′ +nB′′)}.
For each pair of correspondence points (Aαi ,Bβi), the value Ti is calculated:

Ti = max
(
Area(Aαi−1 ,Aαi ,Aαi+1), Area(Bαi−1 ,Bαi ,Bαi+1)

)
, (4)

where Area(·) computes the area of a triangle whose vertices are three con-
secutive points (for instance, Aαi−1 ,Aαi ,Aαi+1). The φi for which Ti is
minimum is deleted repeatedly until nΦ = (nA′′ + nB′′) /2 correspondences
are obtained.

3. An iterative local optimization scheme is used to refine the initial set of cor-
respondence by minimizing a cost function. The cost function E is expressed
as:

E = λES + (1 − λ)ER , (5)

where the first term ES measures the difference in shape between A′ and its
corresponding polygon B′, represented as a mean distance error. The second
term ER ensures that the manner in which A′ differs from A is as similar
as possible to the manner in which B′ differs from B and it is expressed as
a mean distance error. The parameter λ expresses the relative contribution
of each of the terms included in the cost function and their value is taken
based in the experimental results obtained by Hill et al. [17].

The method for non–rigid correspondence proposed by Hill, is used in the
framework for automatic landmark identification in a set of 2-D shapes rep-
resenting an object. Within this framework the objective is to obtain a mean
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shape that represents the set of 2-D shapes based on the information provided by
the method of non–rigid correspondence. With this purpose, Hill et al. [17] pro-
posed an algorithm that constructs a binary tree whose root is the mean shape.
In our application the goal is to establish the correspondence between primary
contours, at consecutive time instants, describing the 4-D LV shape. Thus, the
correspondence during the entire cardiac cycle could be modeled as a transfor-
mation defined by the composition of several time-consecutive transformations
as the LV motion is small and varies between two consecutive time instants [7].
The algorithm proposed by Hill et al. for constructing the binary tree is modi-
fied. In this application the construction of the matrix of correspondence values,
considers only pairs of contours that are consecutive in time. The rest of steps of
the algorithm are followed to arrive to the mean representative shape located in
the root of the tree. In the mean shape the critical point detection algorithm is
applied and then, these critical points are projected back along the tree towards
the leaves to arrive to the optimal correspondence between primary contours.

3.2 Curvature Based Correspondence Optimization

The non–rigid correspondence algorithm described in the previous section, gives
a set of correspondences for all primary contours extracted from the MSCT
database. If p1(x1, y1, z1) is a point on a primary contour of the LV surface s1

at time t1 and p2(x2, y2, z2) its corresponding point on the LV surface s2 at time
t2, then the displacement vector for the point p1, v(p1) is given by:

v(p1) = p2 − p1 . (6)

Since all points of a primary contour are on the same axial plane, the non–rigid
correspondence method does not consider the through–plane component of the
3–D motion field. Considering that the motion of the heart is sufficiently small
between consecutive 3–D images (10–18 images acquired for a cardiac cycle) [7],
we can track the evolution of curvature in selected regions or patches of the
LV geometrical representation [13]. We use the shape–based tracking algorithm
proposed by Shi [19]. This algorithm tries to match points on successive surfaces
using a shape similarity metric. Such a metric (ε) is based on the difference in
principal curvatures k1 and k2.

ε =
[k1(p1) − k1(p2)]

2 + [k2(p1) − k2(p2)]
2

2
. (7)

The shape–based tracking verifies if a point near p2 (p̂2) exists, where the
shape similarity metric achieves a minimum. The set of neighbor points {p̂2,i},
consist of all points on s2 that have a distance less than a threshold δ from p2

on s2. The euclidean distance metric is used and δ is fixed at 0.3125mm. The
geometrical representation of the LV s2 at time t2, considers the primary and
secondary contours. The shape similarity metric (7), measures the difference
between the principal curvatures of a single point p1 on s1 and the neighbor
points to p2 on s2. Then the point p̂2 ∈ {p̂2,i} which has the minimum value
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Fig. 3. Search of the new point in correspondence

of ε (most similar shape-properties to p1) is selected as the new correspondence
point. This is illustrated in Fig. 3. Principal curvatures are estimated using the
method proposed by Sander and Zucker [20].

4 Results

4.1 Validation Using Synthetic Data

An ellipsoidal model is used for validation of the algorithm of motion estima-
tion. With this purpose a 3-D ellipsoidal model is deformed considering five types
of motion: translation, radial contraction, longitudinal shortening and torsion.
An algorithm based on Free Form Deformations (FFD) [21,22] is used for de-
forming the initial shape leading to a deformed shape according to a predefined
set of motion parameters. In each deformation stage using the FFD algorithm,
the points p1(x1, y1, z1) before the transformation, and p2(x2, y2, z2) after the
transformation are known, thus the displacement field is accurately obtained us-
ing (6). This motion field is compared with the motion field obtained using the
algorithm of motion estimation. In this case the distance between vector end-
points is considered as a measure of errors in the motion estimation. The error
obtained (mean ± standard deviation) using a population of 42 deformations
is 2.69 ± 1.38mm with a minimum value of 1.06mm and a maximum value of
5.54mm. This is close to the value of 2.00mm obtained by Chandrashekara et
al. [7] using 2-D slices in tagged MRI.

4.2 Results on Real Data

The motion estimation algoritm is also tested using real data corresponding to
a 4–D MSCT human heart database. In this database the left ventricle endocar-
dial and epicardial walls are extracted using manual segmentation from 18 3-D
images corresponding to time instants evenly spaced along the cardiac cycle. In
these images, the portion above the mitral valve is excluded because the goal,
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Fig. 4. Shape of the left ventricle for several time instants of the cardiac cycle

in this research, is to study only the Left Ventricular motion. Figure 4 shows
the resulting LV shape for six time instants of the cardiac cycle. The longitudi-
nal shortening that is one of the components of ventricular motion is apparent
in the images shown. The motion estimation algorithm is applied to the entire
4-D sequence considering the shape correspondence algorithm and the optimiza-
tion stage based in curvatures. As a result the estimated motion field for the
MSCT database is obtained. Figure 5 shows a plot of the motion vectors for
the endocardial wall considering three time instants of the cardiac cycle cor-
responding to end–diastole, 50% of diastole and end systole. Observe that the
magnitude of motion increases as the time approaches the end-systole instant,
this is due to the endocardial contraction. The torsion is also apparent in the
end-systole instant. Estimation of the motion field for the LV endocardial wall

(a) (b) (c)

Fig. 5. Displacement vectors plot. (a) End–diastole. (b) 50 % diastole. (c) End–systole
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Fig. 6. Average radial contraction of the endocardial wall

enables the calculation of several local mechanical parameters associated with
the ventricular motion. These parameters are the average radial contraction and
torsion. The average radial contraction represents the average of radial lengths
for the endocardial wall in a given axial plane. Figure 6 shows the endocardial
LV radial contraction over three axial planes as a function of time. The apex
plane is located 10mm above the actual endocardial apex, the equator axial
plane is located in the middle of the distance between the actual apex and the
base. The base plane is located 10mm below the actual base. The average radial
contraction index is expressed normalized with respect to the value obtained in
end-diastole. Results obtained for the average radial contraction are alike to the
values obtained in other research works performed in tagged magnetic resonance
imaging like these reported by Allouche et al. [10] and Sermesant [23] or in 3–D
echocardiography as reported by Gérard et al. [11]. Using the proposed method
the average radial contraction in the endocardium varies between 30.20% and
42.22% while Allouche et al. [10] obtained values between 28% and 38% using
tagged MRI. Figure 7 shows the torsion value obtained over the entire cardiac
cycle for the apex, equator and base plane. The torsion angle is defined as the
angle between a radial line traced joining the gravity center of the slice and a
endocardial contour point at time t and the radial line joining the gravity center
and the corresponding endocardial contour point for the t + 1 time instant. In
this case, the torsion value is higher in the apex than in the base of the endocar-
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Fig. 7. Endocardial wall torsion

dial wall. Additionally, the torsion angle is opposite between the base and the
apex. These features of LV motion are considered normal in healthy subjects
[24]. The torsion obtained is also alike to the results reported by Allouche et
al. [10], Sermesant [23] and by Gérard et al. [11]. Using the proposed method
the minimal torsion value (−3.60 ◦) occurs at the base and the maximal torsion
value (16.40 ◦) occurs at the apex while Allouche et al. [10], using tagged MRI,
obtained a minimum value at the base of −2.5 ◦ while the maximum value of
12 ◦ is obtained at the apex.

5 Conclusions

A method for the quantification of LV deformations have been presented. The
approach presented considers local geometrical features based in curvature anal-
ysis and the assumption that the LV motion is smooth during the entire cardiac
cycle. It uses local information of the shapes with the objective of providing an
accurate correspondence between consecutive time instants.

Validation of the method considering synthetic data provides low error values
for the distances of the vector endpoints of the estimated motion field. Test on
real data shows that LV estimated motion during the cardiac cycle is consistent
with the LV motion reported by the literature concerning normal subjects. The
estimated displacement field reproduces the contraction and relaxation of the
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normal LV accurately. Additionally, the method enables the calculation of several
global and local parameters that are useful for the assessment of cardiac motion
like the volume, the average radial contraction and the torsion index. Results
obtained on real data agree with other research works based on tagged MRI.

A more complete clinical validation including healthy subjects as well as sub-
jects cursing illnesses affecting the cardiac motion is necessary. The validation
should also compare results using other modalities like tagged MRI. Future re-
search will consider the incorporation of motion information extracted from the
gray level information of the MSCT database.
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