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ABSTRACT

Considering the importance of studying the movement of certain cardiac structures such as left ventricle and
myocardial wall for better medical diagnosis, we propose a method for motion estimation and image segmentation
in sequential Computed Tomography images. Two main tasks are tackled. The first one consists of a method to
estimate the heart’s motion based on a bio-inspired image representation model. Our proposal for optical flow
estimation incorporates image structure information extracted from the steered Hermite transform coefficients
that is later used as local motion constraints in a differential estimation approach. The second task deals with
cardiac structure segmentation in time series of cardiac images based on deformable models. The goal is to extend
active shape models (ASM) of 2D objects to the problem of 3D (2D + time) cardiac CT image modeling. The
segmentation is achieved by constructing a point distribution model (PDM) that encodes the spatio–temporal
variability of a training set. Combination of both motion estimation and image segmentation allows isolating
motion in cardiac structures of medical interest such as ventricle walls.

Keywords: Optical flow, variational methods, active shape models, image segmentation, Hermite transform,
steerable filters, 4D cardiac CT images

1. INTRODUCTION

Cardiac computed tomography is one of the main types of radiological images for heart analysis and detection
of abnormalities. It provides image slices or tomograms of the heart1 showing its structural composition. Since
the heart is constantly in motion, analysis with cardiac Computed Tomography (CT) can be used to analyze
temporal behavior as well, which consists of assessing the heart structures in one cardiac cycle. These studies are
commonly used by specialists to evaluate the heart mechanical function. The left ventricle is the principal part
of analysis for cardiac images due to the fact that it presents the most vital function of this important organ.
Segmentation and motion estimation of the left ventricle have become some of the most important tasks for the
heart mechanical evaluation.

Generally speaking, segmentation of medical images is one of the principal tasks that must be carried out
before applying other high-level processes such as image interpretation, or the construction of models for diagnosis
and medical evaluation. However, manual delineation is extremely tedious, time consuming and depends on the
final users. During decades, several algorithms for image segmentation in the field of medical applications have
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been developed.2–5 Cootes et al.6 proposed a method that is able to constrain in the range specified by a training
set. They called it “Active Shape Models - ASM“ and it has been employed by researchers in modeling 2D and
3D structures in medical images.7–10 As ASM algorithms have the ability of representing specific shapes inside
an image, we opted for this technique in our work.

The main problem of segmenting medical images is that the structures of the organs that are being represented
may vary considerably from one patient to other. These variations are expressed as changes of contrast, size
and shape of the cardiac structures. Dongwoo Kang et al.11 and Caroline Petitjean et al.12 have provided a
useful and extensive review of segmentation techniques that have substantially contributed in the field of cardiac
image applications. We employed these works as a reference for identifying the most relevant approaches focused
to segment images of the heart taken from non invasive modalities. Many researchers have been encouraged
to use active shape models for several applications of cardiac image analysis.9,13 One of the main advantages
of these methods is that ASM provides a powerful technique to handle the problems of contrast and shape
variability in applications of cardiac image segmentation. Oliver Ecabert et al.14 implemented a deformable
model, which includes an ASM for the automatic segmentation of the whole heart. Modified ASM methods
have also been created for improving the segmentation performance when the training samples are scarce.9

Active appearance model (AAM) is another important method to represent shapes in medical images. Steven C.
Mitchell et al.8 introduced an extended version of the active appearance model proposed by Cootes et al.15 in
order to analyze 3D cardiac MRI and echocardiographic temporal image sequences. Given the dynamic nature
of the heart, algorithms for image tracking can be easily extended to the case of cardiac images. Montagnat
et al.16 attempted to model sequences of objects using temporal constraints; they built a geometrical method
based on the trajectory of corresponding vertexes of the time-series represented by simplex meshes. Joël Schaerer
et al.17 proposed a dynamic elastic model for segmentation and tracking of the heart in MR image sequences.
Combination of methods is another recurrent way to find solutions to the segmentation issue.18

On the other hand, understanding the movement of certain structures such as left ventricle and myocardial
wall is fundamental for better medical diagnosis. As a complement of the segmentation, we propose an approach
to estimate the heart’s motion in computed tomography images. We define a differential approach to optical
flow estimation using the Hermite transform, which is a tool that performs a decomposition of the images into
visual patterns that are relevant to the human vision system (HVS), such as directional edges, textures, etc. The
Hermite transform19,20 is an image representation model that mimics some of the more important properties of
early vision such as local processing and the Gaussian derivative models of receptive fields.19–21 A rotated version
of the Hermite transform provides a very efficient representation of oriented patterns which enables an adaptation
to local orientation content at each window position over the image, indicating the direction of one-dimensional
pattern. We propose an approach for optical flow estimation22 that involves several of the constraints seen in
the current differential methods, which allows obtaining an accurate optical flow. We use local image constraints
as mentioned and assume that the flow is piecewise smooth, the proposed optimization function is robust to
outliers and a multiresolution strategy was implemented to handle large displacements.

Our general purpose is to build a tool for the heart mechanical evaluation in which we design an ASM–based
segmentation method and a Hermite–based optical flow estimation approach. Due to the fact that we want to
assess the motion of specific parts of the heart, we have to make a segmentation at first. The work is entirely
focused on analyzing sequences of cardiac CT images. We present preliminary results of the algorithms applied
specifically on the left ventricle. As mentioned, the left ventricle presents the most vital function of the heart.
That is the principal reason by which most of the researches, including us, are interested in developing tools
to evaluate this chamber. In this work, the tomographic studies are analyzed using the original axial view of
the heart; Nevertheless, the methods can be extended without major problems to other views. We also selected
sequences of slices where the left ventricle is visualized. Although the algorithms (segmentation and optical flow
estimation) are built and validated separately, our further objective is to strengthen the image motion analysis
with the segmentation approach.

The rest of the paper is organized as follows. Section 2 presents a description of the segmentation algorithm.
Section 3 is dedicated to introduce the Hermite transform theory which is the base of the optical flow algorithm.
In section 4, the optical flow estimation method is described. Finally, in section 5 and 6 we summarize the results
of the methods and we conclude respectively.
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Figure 1. Shape representation in the sequences of cardiac CT images. For each image of the temporal tomography
is selected the slices that are highly significant for heart evaluation. Slices are marked indicating the boundary of the
left ventricle. The annotation starts at the first image of the sequence and ends in the last image. The landmarks are
distributed to cover the boundary of the left ventricle.

2. SHAPE MODELING

Active shape models have demonstrated being a powerful segmentation tool for medical applications. The key
point of this method is that instances of the models may suffer deformations limited by a training set.6 As a
requisite for ASM algorithms, a set of shapes represented by a set of discrete points in the spatial domain must
exist. When the points are used to describe anatomical structures, they are called landmarks. Depending on the
applications, landmarks are selected in such way that they describe specific areas of the objects. A particular
classification of the landmarks when they are used to represent shapes of biological structures is explained
in.23 According to this categorization, three types of landmarks can be used: anatomical, mathematical and
pseudo-landmarks. In this work, we employed the two last types of landmarks for our shape description.

In ASM algorithms, we can identify two main processes: the first of them is to capture the statistics of the
training set by building a point distribution model for each landmark (gray level statistics is also computed);
the second process corresponds to the application of the obtained model for the segmentation of new images.

2.1 Spatio–temporal Point Distribution Model - STPDM

The construction of the point distribution model starts by using a vector representation of the shapes. Computing
the PDM implies that we have N training samples represented by r points each one. Let Si be the vector
describing the shape i of the training set; using the general definition of active shape model, Si is obtained from
the concatenation of the Pij landmarks that sample the contours of the structure:

Si = (Pi0, Pi1, . . . Pi,r−1)
>

(1)

with i = 1, 2, . . . , N and j = 0, 1, . . . , r − 1. In our data set, the vector is built in such a way that encompasses
the total number of images of the cardiac CT sequences. The idea of this representation is to have a unique
model capable of representing the shapes of the image sequences. In our application, we have selected cardiac
images where the left ventricle is visible. The principal motivation in this image selection process is that we need
a tool to evaluate the heart mechanical function by analyzing synchronization problems in the heart chambers.

Sequences of cardiac CT images describe spatial characteristics of the heart for several phases of the cardiac
cycle. In this work, the ASM representation is extended to characterize this type of data. Here, we model the
structures by including the complete set of two-dimensional data. This shape representation was firstly presented
in,24.25 In Fig. 1 is illustrated a schematic diagram that outline the points distribution used to portray the left
ventricle boundaries.
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The idea is to find a model for the set of images composing the sequence of cardiac CT images. Because the
temporal information cannot be represented in any space, all the points are distributed in a 2D coordinate system.
A model that encompasses temporal and spatial information are normally called spatio–temporal shape.24 We
adopted this nomenclature to address the segmentation solution presented in this paper. As was described in
Eq. (1), shapes are modeled by a concatenation of discrete and consecutive points. Here, the shape vector is
accommodated by selecting the points in the sequence depicted in Fig. 1: the first point of the vector is extracted
from the first image of the sequence acquired in time t0. The process continues by completing the first image of
the time–sequence and ends in the last image at the time t9. Therefore, the shape vector is expressed by:

Si =
(
xi0t0 , yi0t0 , xi1t0 , yi1t0 , . . . xi(n−1)t0 , yi(n−1)t0 , . . . xi0t9 , yi0t9 , xi19 , yi1t9 . . . xi(n−1)t9 , yi(n−1)t9

)>
(2)

where tf (with f = 0, 1, . . . 9) indicates a specific image of the sequence taken at a specific phase of the cardiac
cycle; ximtf , yimtf are the coordinates for the landmarks in the two-dimensional space and > suggests a transpose
vector. Having a shape representation allows working out a model that is able to capture the common variations
found in this type of applications. Cootes et al.,6 resolved the problem by proposing a statistical model which
is built from a training set. Since we are dealing with 3D (2D + time) information, the statistical model used
in this work is referred as STPDM (Spatio–temporal Point Distribution Model) whose construction is obtained
with the method explained in,6.25 If the condition of correspondence between shapes is perfectly accomplished,
alignment may then be achieved and a final mean shape S̄ has to be computed from the aligned shapes Xi:

S̄ =
1

N

∑
i

Xi (3)

The advantage of using the spatio–temporal shape representation expressed by equation 2 is that the computed
pose parameters (rotation angle, scaling factor and translation vector) are the same to align all corresponding
images of the time sequences, i.e. image 1 and image 2 of the first sequence can be aligned with their corresponding
images of the second one through the same parameters of transformation. Principal Component Analysis is finally
applied in order to find all the necessary parameters to assemble the STPDM of the data. This is achieved by
computing the eigenvectors ei and eigenvalues λi from the covariance matrix calculated through equations 2
and 3. Since PCA reduces the data dimensionality, only q eigenvectors corresponding to the most significant
eigenvalues are selected. Hence, we finally compute the STPDM as:

S = S̄ + Pb (4)

where P is a matrix whose columns are the set of q eigenvectors given by the higher eigenvalues, and b is a
weight vector with components that can vary from −3(λ)1/2 to 3(λ)1/2 as explained in.6 The built statistical
model can be used to generate new shapes by simply varying the values b.

2.2 Computation of the landmark statistical parameters for ASM adaptation

One of the principal issues included in ASM–based segmentation algorithms is to have an efficient appearance
model to assist in this classification process. In this approach, the training step ends with the construction of a
model that encodes the gray level variations of the landmarks. Appearance information is coded by computing
their first and second order statistics. This is shortly explained below.

2.2.1 Statistics of the gray profiles

Since point distribution models are strictly used for image search and segmentation, models of the gray level
information raised from the neighborhood of the landmarks are required. Models have to be constructed by
using the original images that contain the spatio–temporal shape. They are based on the calculation of the first
and second statistical moments. Because shapes are described by points enclosing a contour, gray level profiles
normal to each point are recommended for edges modeling. Recalling that our left ventricle representation in the
sequence of cardiac CT images is made by marking the contours of each slice, the normal vectors of the points
in this model are limited to the same image of the sequence in which the landmarks are located. Assuming that
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Pj,tf is the j-th landmark for the f-th image of the sequence, a profile normal to the contour in that point can
be written as:

gj,tf =
{
(P − l)j,tf , (P − l + 1)j,tf , . . . Pj,tf . . . (P + l − 1)j,tf , (P + l)j,tf

}>
(5)

where l defines both extremes of the gray profile the normal direction. The size of the profile is a parameter
that must be defined as well. Most of the time, medical image applications have to deal with problems of image
contrast and poor definition of edges. Working with the normalized derivative of the profile is a good option to
handle these kinds of problems. The mean profile dgj,tf and its mean normalized derivative gj,tf and its mean

normalized derivative dgj,tf for the j-th landmark are also calculated from the samples of the training set. Finally,
the gray level training is completed for each landmark of the spatio–temporal shape with the computing of the
covariance matrices Yj,tf and dYj,tf for both the profile and its derivative respectively.

2.3 Objective function for the active search

Once the STPDM is obtained, we can use it to segment new images. The active search starts by putting an
initial instance close to the object that will be segmented. Since ASM is a local method, we must ensure that the
initialization is good enough to reach an acceptable solution. Several interesting algorithms for ASM initialization
have been proposed by researches in multiple applications.7,26 The following step is to look for the strongest
edge in the normal direction of the points in order to find a better position for each initial landmark. For this
purpose, there must be an objective function that is minimized when it is evaluated on this edge profile and
which must contain similar gray level characteristics of the landmarks of the training set. The most common used
objective function is the Mahalanobis distance, though it has the problem that covariance matrices have to be
inverted. To overcome the problems giving for the differences of contrast and shape, and the noise, we proposed
a weighted summation of Mahalanobis distances that combines the gray profile and its normalized derivative as
objective functions for each point:

fi,Pj,tf
= σ1

(
gi,Pj,tf

−gk

)
Y −1
Pj,tf

(
gi,Pj,tf

−dgPj,tf

)>
+ σ2

(
dgi,Pj,tf

−dgPj,tf

)
dY −1

Pj,tf

(
gi,Pj,tf

−dgPj,tf

)>
(6)

where σm (m = 1, 2) is the assigned weight for each term of the objective function; Pj,tf (j = 1, 2, . . . , n) indicates
the respective landmark and i represents a specific position for each point along its normal profile. Consequently,
the new positions of the landmarks are finally chosen according to the minimal value obtained for the function
fi,Pj,tf

evaluated in the normal direction of Pj,tf . When new positions for the landmarks are found, an aligning

process must be computed to adjust the shape. Pose parameters (rotation, translation and scaling) are then
obtained and used to calculate final deformations or shape parameters that move the current estimate to the
new position. The process is iterative and it continues until either reaching a specific number of iterations or
significant changes are not obtained.6

3. THE HERMITE TRANSFORM

The Hermite transform is a special case of polynomial transform, it can be considered as an image description
model.19,20 The original image L(x, y) is located at various positions multiplying L(x, y) by the window function

v2(x, y), where v(x, y) = 1
σ
√
π
exp

(
− (x2+y2)

2σ2

)
is a Gaussian function.

The local information is expanded in terms of a family of orthogonal polynomials Gm,n−m(x, y) at every
window position. This expansion can be computed by a convolution of the image L(x, y) with the filter functions
Dm,n−m(x, y) obtaining the Hermite coefficients Lm,n−m(x, y):

Lm,n−m(x0, y0) = L(x, y)~Dm,n−m(x, y) =

∫ ∞

−∞

∫ ∞

−∞
L(x, y)Dm,n−m(x0 − x, y0 − y)dxdy (7)

where Dm,n−m(x, y) = Gm,n−m(−x,−y)v2(−x,−y) and n = 0, 1, . . . ,∞, m = 0, 1, · · · , n. Here m and (n −m)
denote the analysis order in x and y direction respectively.
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The associated polynomials Gm,n−m(x, y) orthogonal with respect to the window function are:

Gm,n−m(x, y) =
1√

2nm!(n−m)!
Hm

(x
σ

)
Hn−m

( y
σ

)
(8)

where Hn

(
x
σ

)
represents the generalized Hermite polynomials27 with respect to the Gaussian function (with

variance σ2) given by Rodrigues’ formula:

Hn

(x
σ

)
= (−1)n exp

(
−x2

σ2

)
dn

dxn exp

(
−x2

σ2

)
(9)

The filter functions Dm,n−m(x, y) = Dm(x)Dn−m(y) are separable because the Gaussian window is rotation-
ally symmetric. The Hermite filters can be computed by:

Dn(x) =
(−1)n√
2nn!

1

σ
√
π
Hn

(x
σ

)
exp

(
−x2

σ2

)
(10)

Fig. 2 (left) shows the cartesian decomposition of the Hermite transform for N = 2 (n = 0, 1, 2) for the slice
52 of the CT sequence at 20% of the cardiac cycle.

Oriented filters are a class of filters that are rotated copies of each filter, constructed as a linear combination
of a set of basis filters.28 The orientation feature of the Hermite filters explains why they are products of
polynomials with a radially symmetric window function (Gaussian function). The N +1 Hermite filters of order
n form a steerable basis for each individual filter of order n. Because of this characteristic, Hermite filters at
each position in the image are adapted to local content.29 The resulting filters can be interpreted as directional
derivatives of a Gaussian function. In this way, a more general expression of the Lm,n−m cartesian Hermite
coefficients can be written in terms of the orientation selectivity:

lm,n−m,θ(x0, y0) =

n∑
k=0

(
Lk,n−k(x0, y0)

)(
gk,n−k(θ)

)
(11)

where lm,n−m,θ(x0, y0) are the steered Hermite coefficients and gm,n−m(θ) are the cartesian angular functions of
order n that expresses the directional selectivity of the filter:

gm,n−m(θ) =

√( n

m

)(
cosm (θ)

)(
sinn−m (θ)

)
(12)

For patterns that are locally 1D, steering over θ results in a compaction of energy into the coefficients
l0,n,θ(x, y) = ln,θ(x, y), while all other coefficients are set to zero. This means that a steered Hermite transform
offers a way to describe 1D patterns explicitly on the basis of their orientation and profile.29

In Fig. 2 (right) we steer the cartesian Hermite coefficients according to maximum energy direction, the angle
θ was estimated using the phase of the gradient, which is a good indicator of the direction of the edges, for this
we use the coefficients L01 and L10 which are a good approach to optimal edge detectors in the horizontal and
vertical directions respectively.

The free parameters of the Hermite transform are the maximum derivative order N , the subsampling factor
and the scale σ which must be related to the spatial scale of the image structures to be analyzed. Small windows
are better to detect fine details and large windows allow analyzing low resolution objects. The Hermite transform
has a multiresolution extension that allows analyzing objects at different scales.30,31
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Figure 2. Cartesian (left) and steered (right) Hermite coefficients for N = 2 (n = 0, 1, . . . , N and m = 0, 1, · · · , n) of slice
52 of the CT sequence at 20% of the cardiac cycle.[
L0,0 L1,0 L2,0

L0,1 L1,1

L0,2

]
(x, y)

[
L0,0 l1,0,θ l2,0,θ
l0,1,θ l1,1,θ
l0,2,θ

]
(x, y)

4. OPTICAL FLOW ESTIMATION

The optical flow (OF ) can be defined as 2D distribution of apparent velocities that can be associated with a
variation of brightness patterns in a sequence of images.32,33 It can be represented by a vector field induced
by the motion of objects (or camera), which encodes the displacement of each pixel in the image. In cardiac
CT images taken at different times of the cardiac cycle, we consider that the movement is due to the change in
position of different cardiac structures and not due to the relative motion between the observer and the scene or
to the variations in scene illumination as in real and synthetic images.

Differential methods and phase–based methods of optical flow estimation are the techniques with better
performance according to Barron et al.34 and Galvin et al.35 where a detailed review of computational method-
ologies for motion analysis is presented. Differential methods are based on the work of Horn and Schunck36

and Lucas and Kanade37 both of 1981, which incorporated certain constraints in order to handle the Ill–posed
Aperture Problem. In recent years, novel differential approaches have emerged that have suggested some addi-
tional constraints to overcome the aperture problem and to improve robustness to noise such as: local image
constraints, spatial coherence, combining local and global methods, statistical robust optimization functions and
multiresolution strategy.38–41

Let L(X, t) be a image sequence, where X = (x, y, 1)> represents the location within a rectangular image
domain Ω, and t ∈ [0, τ ] denotes time. Let u and v be the displacement of a pixel at position (x, y) within the
sequence of images at a time t to a time (t+ 1) in the directions x and y respectively.

Horn and Schunck36 proposed the Constant Intensity Constraint assuming that the intensities of the pixels
of the objects remain constant: L(X +W, t+ 1)− L(X, t) = 0, where W := (u, v, 1)

>
.

Considering linear displacements, we can expand the Constant Intensity Constraint by Taylor’s series obtain-
ing the Optical Flow Constraint equation:

W> (∇3L) = 0 (13)

where ∇3L := (Lx, Ly, Lt)
>

and L ∗ := ∂L
∂ ∗ .
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In order to minimize Eq. (13), Lucas and Kanade37 considers the flow constant within a neighborhood ρ
(Gaussian function Kρ of standard deviation ρ), and determine the two constants u and v at a point (x, y, t)
using a weighted least squares approach:

ELK (W ) = W>
[
Kρ ~

(
∇3L∇3L

>
)]

W = W> [Jρ(∇3L)]W (14)

Eq. (14) does not allow obtaining dense flows and Eq. (13) is not sufficient to determine the two unknown
functions u ans v uniquely. In order to recover a unique flow field, an additional constraint is therefore required.
Regularization based optic flow methods additionally assume that the optical flow field should be smooth (or at
least piecewise smooth). The basic idea is to recover the optical flow as a minimizer of some energy functional
of type:42

E(W ) =

∫
Ω

(
W> (∇3L∇3L

>)W + αU(∇L,∇u,∇v)
)
dX (15)

The first term in Eq. (15) is a data term requiring that the Optical Flow Constraint equation be fulfilled,
while the second term penalizes deviations from (piecewise) smoothness. The smoothness term U(∇L,∇u,∇v)
is called regularizer and the positive smoothness weight α is the regularization parameter. One would expect
that the specific choice of the regularizer has a strong influence on the result.

In 1981 Horn and Schunck36 proposed the regularizer UHS (∇L,∇u,∇v) := |∇u|2+ |∇v|2 where it is assumed
that the apparent speed of the intensity pattern in the image varies smoothly, that is, neighboring points of the
objects have similar velocities (Smoothness Constraint), leading to the following energy functional:

EHS (W ) =

∫
Ω

(
W> (∇3L∇3L

>)W + α|∇W |2
)
dX (16)

The intensity does not always remain constant from one image to another, therefore an independent intensity
change measure is required. In43,44 a Constant Gradient Constraint (generally used in local methods to handle
the aperture problem) is proposed: ∇L(x+ u, y + v, t+ 1)−∇L(x, y, t) = 0

In order to reduce smoothing at motion boundaries, one may consider using a flow–driven regularizer:42

UIF (∇L,∇u,∇v) := Ψ
(
|∇u|2 + |∇v|2

)
, where Ψ

(
s2
)
is a differentiable and increasing smooth function that is

convex in s.

Using the linearized data term of Eq. (15) and the flow–driven regularizer42 the energy functional to minimize
is:

EIF (W ) =

∫
Ω

(
W> (∇3L∇3L

>)W + αΨ
(
|∇u|2 + |∇v|2

))
dX (17)

In order to improve robustness to noise of the local differential approaches,37 obtain dense flow fields of
global differential methods36,43 and considering soft flows in the temporal direction a space–time formulation,
performing a convolution with a three–dimensional Gaussian function and defining a non–linear approach was
made by:45

ECLG3−N (W ) =

∫
f

(
Ψ1

(
W>Jρ(∇3L)W

)
+ αΨ2

(
|∇3W |2

))
dX (18)

where Ψi(s
2) (i = 1, 2) is an optimization function more lenient with respect to outliers and with influence

function∗ tending to zero40 and f = Ω× [0, τ ] is the spatio–temporal integration domain.

∗The influence function characterizes deviations of a particular measurement in the solution and is proportional to the
derivative of the optimization function.
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The equation of Optical Flow Constraint (Eq. 13) is valid when the displacements are relatively small. In
order to handle large displacements multiresolution strategies are used.46 In this regard Papenberg et al.41 pro-
poses a functional that combines Constant Intensity Constraint, Constant Gradient Constraint, Spatio–temporal
Smoothness Constraint and a multiscale (warping) non–linear approach:

EWarp(W ) =

∫
f
Ψ
(
|L(X +W )− L(X)|2 + γ|∇L(X +W )−∇L(X)|2

)
dX + α

∫
f
Ψ
(
|∇3u|2 + |∇3v|2

)
dX

(19)

where Ψ
(
s2
)
=
√
(s2 + ε2) which yields the total variation regularizer and γ is a weight between the Constant

Intensity Constraint and the Constant Gradient Constraint.

4.1 Approach using the steered Hermite transform

In22 we proposed a functional that included local image constraints using the Hermite transform, our proposal is
based on the polynomial decomposition of each of the images using the steered Hermite transform as a represen-
tation of the local characteristics of images from an perceptual approach within a multiresolution scheme. Using
the steered Hermite coefficients we obtain rotation invariance as demonstrated in.47 This allows defining local
image constraints considering constancy in the polynomial decomposition of images and identifying perceptually
relevant visual patterns that represent the most important characteristics of the image.

We use the coefficient of order 0 L0,0 that contains a smoothed version of the original image and the steered
Hermite coefficients ln,θ up to order N where a global change of intensity of the images on two consecutive
times violates the Constant Intensity Constraint, which also allows dealing with various movements, such as
translational and rotational motions.

The use of the derivatives of a Gaussian function allows incorporating information from neighboring pixels to
determine the local image constraints, similar to local differential methods, as described in Eq. (14) which are
robust to noise.37 This feature is included in a global differential functional in order to obtain dense flow fields
as in.36,43

Our global energy functional penalizes deviations from the constancy in the polynomial decomposition of
degree N (n = 1, 2, · · · , N) of images including a Constant Intensity Constraint and Steered Hermite Coefficient
Constraint within an non–linear multiresolution approach:

E(u, v) =

∫
Ω

Ψ

(∣∣∣L0(X +W )− L0(X)
∣∣∣2 + γ

( N∑
n=1

∣∣∣ln,θ(X +W )− ln,θ(X)
∣∣∣2))dX + α

∫
Ω

Ψ
(
|∇u|2 + |∇v|2

)
dX

(20)

with Ψ
(
s2
)
is the total variation regularizer used in Eq. (19).

For the multiresolution strategy a Gaussian pyramid of the image is generated using a downsampling factor
η ∈ (0, 1), where η remains constant for each stage. The coarse grid is obtained by scaling the images L(x, y, t)
and L(x + u, y + v, t + 1) by a factor ηi for i = M − 1,M − 2, · · · , 0, where M represents the number of
decomposition levels.

Starting at the coarse level (i = M − 1) with W 0 = (0, 0, 1)T an inner iteration (l) allows obtaining the
increment duk and dvk for the outer iteration (k), where uk+1 = uk + duk,l+1 is the solution for a 1st order
Taylor expansion of the corresponding Euler–Lagrange equations that satisfy the minimization of Eq. (20) in
the current level. Then, the solution is interpolated and propagate to the next finer level (i = i− 1) where it is
employed for the initialisation of the outer iteration.

5. EXPERIMENTS AND RESULTS

Due to the very complex 3D motion pattern of the heart, the intensity of movement varies for different cardiac
anatomies and different coronary vessels, and within the cardiac cycle. We have evaluated our algorithm for
several sequences of cardiac CT images in an axial view. The structure analyzed was the left ventricle in several
slices of the tomography close to the middle part of the heart.
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Sample
Mean Euclidean Distance

(mm) of the Initial Instance
Mean Euclidean Distance
(mm) of the Final Result

Time-Series 1 5.45735 5.19752
Time-Series 2 4.47716 4.08912
Time-Series 3 3.95231 3.58310
Time-Series 4 4.12130 3.74103
Time-Series 5 2.95268 2.71527
Time-Series 6 3.60540 3.11042
Time-Series 7 3.59310 3.44656
Time-Series 8 4.93335 4.25979

Table 1. Characteristics of the samples and Euclidean distance between the automatic and manual segmentations.

Figure 3. Final segmentation of the left ventricle. We take four slices of the time-sequence in an axial view.

5.1 Segmentation results

In the ASM–based segmentation, we used the mean spatio–temporal shape for the initialization. It was manually
put very close to the object of interest. The tomographic studies were taken from different devices and patients.
The analysis was repeated for every sample by using the ”leave-one out“ method. Quantitative and qualitative
analysis were made in order to evaluate the algorithm. The assessment is addressed by comparing with the expert
segmentation which is our ground truth. We have employed sequences of cardiac CT composed by 10 images.
A total of 50 points was used per image. The spatio–temporal shape was finally built with 500 landmarks,
which means that we have a shape vector of 1000 components. A point–to–curve method was used to carry out
the quantitative comparison between the automatic segmentation and the manual one. A metric of Euclidean
distance was used for the assessment. In Table 1 segmentation results are displayed. Visual results of the
segmentation are also depicted in Fig. 3.

5.2 Optical flow estimation results

In order to test the estimation performance of our method in cardiac computed tomography sequences we ran
objective and subjective tests. Objective tests consisted of reconstructing sequential images from their adjacent
images and their motion vectors. We then measured the backward reconstruction error.

The strongest cardiac movement is present during contraction of the atria and ventricles in systole, approx-
imately between 0% and 30% of cardiac cycle. The short end–systolic rest phase is followed by a continuous
filling phase of the ventricles during diastole that slows down towards mid- and end–diastole.48

Figs. 4(a) and 4(b) show slice 52 of the CT sequence at 0% and 10% of the cardiac cycle (systole) respectively.
The resulting optical flow applying the approach of41 and the steered Hermite transform approach are shown in
Figs. 4(e) and 4(f) respectively.

From a visual evaluation we notice that our algorithm shows clearer and better defined flows especially in
areas close to the cavities, such as the left ventricle, being the study of movement of this structure of major
importance to physicians.
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Figure 4. Optical flow estimation of slice 52 of the CT sequence between 0–10% and 50–60% of the cardiac cycle. (a) 0%
of the cardiac cycle. (b) 10% of the cardiac cycle. (c) 50% of the cardiac cycle. (d) 60% of the cardiac cycle. (e) OF
algorithm of41 between 0% and 10%. (f) OF using steered Hermite transform approach between 0% and 10%. (g) OF
algorithm of41 between 50% and 60%. (h) OF using steered Hermite transform approach between 50% and 60%.

% cardiac cycle RMS error41 RMS error Hermite

0%-10% 28.6214 26.0571
20%-30% 17.5157 16.9614
50%-60% 19.5726 19.2855

Table 2. Reconstruction RMS error.

The movement of relaxation during diastole can be seen between 40% to 60% of the cardiac cycle.48 Figs.
4(g) and 4(h) show the optical flow between 50% and 60% of cardiac cycle of slice 52 shown on Figs. 4(c)
and 4(d) using both the approach of41 and the steered Hermite transform. According to48 the least amount of
movement is observed in end-systole and mid- to end-diastole of the cardiac cycle.

For the quantitative analysis of the estimation performance, we calculate the Root Mean Squared RMS of
the Backward reconstruction using the optical flow algorithm of41 and the steered Hermite coefficients in order
to provide a quantitative measure. The computed optical flow for a particular image in a sequence is used to
estimate the next image in that sequence. For the reconstruction algorithm we used the Backward reconstruction
explained in.49 Results are then depicted in Table 2. Here, we note that the RMS error is smaller in our
approach, this is because when using the coefficients of order larger than 2 the estimate is more robust to noise.
It is important to stress that in spite of the noisy nature of CT images our algorithm has shown more accuracy.

5.3 Combined results of the segmentation and motion estimation of the left ventricle

Once, we have evaluated individual results for the segmentation and optical flow estimation methods, in this
part we visualize a concatenation of the two methods applied on the left ventricle. Since our objective is to
develop an useful tool for the assessment of the heart mechanical function in cardiac CT sequences we use the
ASM–based segmentation of the left ventricle to show the optical flow field obtained using the Hermite transform
on points that outline the shape of the left ventricle. Here, we address a comparison of the optical flow field,
computed over the previously segmented left ventricle, using the approach of Papenberg et al.41 and using the
steered Hermite transform as was presented by Moya-Albor et al.22 Finally, visual results of the segmentation
and optical flow estimation of left ventricle are depicted in Fig. 5.
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(a) 0% Papenberg et
al.41

(b) 0% Hermite trans-
form.

(c) 20% Papenberg et
al.41

(d) 20% Hermite trans-
form.

(e) 50% Papenberg et
al.41

(f) 50% Hermite trans-
form.

Figure 5. Segmentation and optical flow estimation of left ventricle of slice 52 at different times of the cardiac cycle.

6. CONCLUSIONS AND FUTURE WORK

In this work, we have implemented segmentation and motion estimation methods applied to image sequences
of cardiac CT studies. An ASM–based method was employed in which spatial information was used. The
statistical model (Spatio–temporal Point Distribution Model - STPDM) in the training stage was built including
the complete set of landmarks of the image sequences. In our tests, the method was validated with eight
sequences of cardiac CT images. The algorithm was compared with manual segmentations by calculating a
Euclidean distance metric.

The motion estimation was implemented using a bio–inspired approach using the Hermite transform as model
that incorporates some of the more important properties of the first stages of the human visual system, such as
the overlapping Gaussian receptive fields, the Gaussian derivative model of early vision (Young21,50,51), and the
multiresolution analysis (Escalante-Ramı́rez,30 Silván-Cárdenas31). We use a continuous, rotationally invariant
differential approach22 which incorporates local restrictions based on steered Hermite transform, non–linear
constraints and a multiresolution strategy to handle large displacements. The proposed method was validated
using cardiac CT sequences and reconstructed sequential images from their adjacent images and their motion
vectors. We then measured the backward reconstruction error and found smaller errors in our proposal than in
competitive approaches.

As future work, we are essentially interested in analyzing not only the left ventricle but also others cardiac
structures as the left atrium. Considering that the heart is a volumetric object, we will make an extension of the
algorithms to analyze 4D (3D + time) data. Furthermore, the algorithms will be proved by using other views as
those obtained in the cardiac axis orientation (short axes, horizontal long axes and vertical long axes).
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