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Resumen 

Uno de los retos más importantes desde hace años en el análisis de las imágenes 
médicas es la estimación del movimiento cardiaco, debido a que los parámetros hallados 
pueden ser indicadores de un mal funcionamiento del corazón. Visualizar y cuantificar el 
movimiento del corazón constituye un avance muy importante a la hora de realizar un 
buen diagnóstico en las enfermedades cardiacas. Entre los métodos de imagen 
disponibles, la resonancia magnética cardiaca (CMR) es uno de los métodos de referencia 
para la exploración de la función cardiaca. Sin embargo, la mayor limitación de las 
secuencias de CINE de CMR es la ausencia de marcas dentro de la pared miocárdica. 
Esto impide la obtención de un campo de movimiento dentro de la pared cardiaca. Hoy en 
día, el método más utilizado para evaluar cuantitativamente la función contráctil 
intramiocárdica es la  resonancia magnética marcada (tagged MRI). La resonancia 
magnética marcada utiliza una secuencia espacial de pulsos para modular espacialmente 
la magnetización longitudinal de los objetos, con lo que se crean unas marcas temporales 
en el miocardio llamadas “marcas” (tags).  Los métodos propuestos hasta el momento 
para la extracción de movimiento en MR marcada se han basado en la utilización de 
distintos aspectos de la heterogeneidad de la intensidad del miocardio, como realizar el 
seguimiento de líneas siguiendo mínimos de intensidad, empleando métodos de flujo 
óptico o utilizando métodos de fase harmónica (HARP). 

En esta tesis se ha contribuido con nuevos algoritmos de estimación de movimiento 
para secuencias de resonancia magnética cardiaca, basados en flujo óptico. Los 
algoritmos desarrollados se basan en los métodos frecuenciales de inspiración biológica, 
y los métodos diferenciales, basados en aproximaciones variacionales.  

El primero de los métodos propuestos está basado en una aproximación espacio-
temporal-frecuencial (STF). Más específicamente, se basa en la obtención de la 
distribución de Wigner-Ville (WVD) de secuencias en movimiento y la transformada 
Hough (HT) de su espectro espacio-temporal-frecuencial. Este último es un conocido 
método de detección de líneas y formas altamente robusto contra datos incompletos y 
ruido. En este contexto, la HT se utiliza para hallar el valor del campo de desplazamiento 
obtenido de la representación STF. Además, se ha implementado una aproximación 
probabilística para mejorar la precisión del campo de desplazamiento. Resultados 
experimentales en el caso de secuencias sintéticas simples se han comparado con una 
implementación de la técnica variacional para estimaciones de movimiento globales y 
locales, donde se muestra que los resultados son precisos y robustos frente al ruido. El 
método se ha probado también en secuencias CMR, donde se puede comprobar que con 
secuencias con un buena resolución temporal, los resultados son precisos. Sin embargo, la 
baja resolución temporal de las secuencias y el alto coste computacional han motivado 
que se consideren otros métodos para la estimación de movimiento en este tipo de 
secuencias. 

La aproximación variacional de los métodos diferenciales de estimación de 
movimiento se basa en la utilización de la variación total en el término regularizador. En 
este caso se ha realizado una implementación matricial del algoritmo. Este método se ha 
mejorado añadiendo un nuevo término en la ecuación de flujo óptico, que incorpora el 
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seguimiento robusto de un conjunto de puntos de alta estabilidad de fase. Los resultados 
se han validado en secuencias de resonancia magnética cardiaca simuladas y reales, y se 
han comparado con un método de referencia. El error obtenido con el método variacional 
propuesto es menor que el obtenido con el método de referencia, y requiere un menor 
coste computacional. Se han probado la robustez y precisión de los resultados.  

Por otra parte se ha desarrollado un método híbrido de segmentación miocárdica 
que aprovecha la información de la estimación del movimiento variacional. Este método 
de segmentación se basa en una aproximación variacional del conocido método de “level 
sets”. El método consigue reducir el coste computacional en comparación con el método 
level sets convencional. Esta aproximación híbrida se ha probado en las secuencias reales 
duales de CINE + MR marcada con respecto a segmentaciones manuales, y se ha podido 
comprobar la exactitud de los resultados. Esta aproximación aprovecha las ventajas de 
cada uno de los tipos de imágenes (resolución detallada de las imágenes de CINE y 
estimación de movimiento en imágenes de MR marcada), y además constituye un marco 
de trabajo interesante para medidas funcionales globales y locales. 
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Abstract 

The motion estimation of cardiac tissue and its deformation has been an area of 
continuous major interest in medical image analysis. Non-invasive estimation of 
myocardial contractility is of great interest in order to detect regions with abnormal 
contraction or suspicion of failing arteries, allowing to make a better diagnosis. Among 
all the available imaging methods, Cardiac Magnetic Resonance (CMR) is one of the 
reference methods to examine cardiac function. Nevertheless, the main drawback of 
conventional CINE CMR images is the absence of reliable identifiable landmarks within 
the heart wall, which limits the assessment of the intramural motion. Nowadays, the most 
common method to quantitatively assess intra-myocardial contractile function is to make 
use of tagged CMR images.  MR tagging uses a special pulse sequence preparation to 
spatially modulate the longitudinal magnetization of the objects to create temporary 
fiducial markers, called tags, in the myocardium. The methods proposed for the extraction 
of motion data from tagged images have relied on using different aspects of the 
myocardial intensity heterogeneity, including tracking the dark tag lines as intensity 
minima, employing optical flow or using harmonic phase (HARP). 

The current thesis aims to contribute with new algorithms for motion estimation of 
cardiac magnetic resonance imaging sequences, based on optical flow techniques. The 
starting point has been the frequency-based methods biologically inspired and the 
differential methods based on a variational approach. 

The first method proposed is based on a spatiotemporal-frequency (STF) approach. 
More specifically it relies on the computation of the Wigner–Ville distribution (WVD) of 
the motion sequences and the Hough Transform (HT) of the spatio-temporal-frequential 
spectrum. The Hough Transform is a well-known line and shape detection method that is 
highly robust against incomplete data and noise. The rationale of using the HT in this 
context is that it provides a value of the displacement field from the STF representation. 
In addition, a probabilistic approach based on Gaussian mixtures has been implemented 
in order to improve the accuracy of the motion detection. Experimental results in the case 
of synthetic sequences are compared with an implementation of the variational technique 
for local and global motion estimation, where it is shown that the results are accurate and 
robust to noise degradations. The method has been also tested on CMR sequences. 
Qualitative results show that when the sequences have a good temporal resolution, results 
are accurate. Nevertheless, the low temporal resolution of the sequences together with the 
high computational cost motivate to consider other options for estimating motion on 
CMR sequences. 

The variational method for motion estimation is based on the total variation 
approach following an efficient matrix implementation and it has been applied to tagged 
CMR data. The total variational method has been improved by adding a new term in the 
optical flow equation that incorporates the robust tracking of points of high phase 
stability. Results have been validated in simulated sequences and real data, and they have 
been compared with a reference method. The error obtained with the proposed variational 
method is smaller than the one achieved by the reference method, and it requires a lower 
computational cost. The robustness and accuracy of the results have been proved.  
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On the other hand, a method for segmentation of the myocardium based on level 
set and variational techniques has been presented. The segmentation method uses a level 
set method with a variational formulation, which has been integrated with the motion 
estimation algorithm. The segmentation has been proved to be feasible in real images, 
having a low computational cost. The accuracy of the segmentation has been tested in 
dual CINE + Tagged MR sequences in comparison to manual. This approach applied to 
the dual sequences takes advantage of the interesting features from both types of images 
(detail resolution from CINE CMR and motion estimation from Tagged MR), but it also 
provides a very interesting framework for the measurement of global and regional 
functional parameters from both types of data.  
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111...      MMMOOOTTTIIIVVVAAATTTIIIOOONNN,,,   OOOBBBJJJEEECCCTTTIIIVVVEEESSS   AAANNNDDD   

MMMEEETTTHHHOOODDDOOOLLLOOOGGGYYY      

1.1 MOTIVATION 

One of the more important challenges of the last few years in the medical imaging 
analysis field has been automatic cardiac motion estimation. This is due to the fact that 
the parameters obtained can be indicators of heart disease. The visualization and 
quantification of the heart motion is an important aid for a good diagnosis of heart 
pathologies (Santos and Ledesma-Carbayo 2006).  

In the last few years, there have been numerous technological progresses in non-
invasive cardiac imaging methods (Axel and Dougherty 1989; McVeigh and Atalar 1992; 
Fischer, McKinnon et al. 1993; Atalar and McVeigh 1994; Fischer, McKinnon et al. 
1994; Zerhouni, Parish et al. 1998). Therefore, there are new clinic options of cardiac 
illnesses diagnosis (Thomson, Kim et al. 2004). Coronary angiography, nuclear imaging, 
echocardiography and computerized tomography provide most of the information 
required from the cardiologist and cardiovascular surgeon (Sinitsyn 2001). In the 80s, 
magnetic resonance was only used for the evaluation of the heart through time. 
Nevertheless, great advances have been obtained in this modality, which have totally 
changed the possibilities of the diagnosis in this area (de Roos, Kunz et al. 1999; Pohost, 
Biederman et al. 2000). Some of the facts that have made the magnetic resonance 
imaging a modality functional and flexible are the increment in the temporal and spatial 
resolution, the improvement in the signal to noise ratio and the removal of artefacts due to 
motion. Currently, cardiac magnetic resonance is considered the reference standard to 
evaluate ventricular function. This technique is non-invasive and uses non-ionizing 
radiation. Tissues can be clearly defined without the use of contrast agents, and like in 
tomographic techniques, it can provide images in the desired plane without limitations 
due to the body anatomy (Keenan and Pennell 2007). 
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Nevertheless, there are still limitations obtaining cardiac function measurements 
because the myocardial tracking is hindered as there are not salient features inside it 
(Axel, Montillo et al. 2005). With conventional MRI or ultrasound imaging a qualitative 
estimation of the local cardiac motion can be done. Nevertheless, it is quite difficult to 
compare the results obtained among several sequences or experts. The reference 
technique to evaluate quantitatively the contractile myocardial function is tagged 
magnetic resonance imaging dubbed tagged MRI (Axel and Dougherty 1989; Prince and 
McVeigh 1992; Zerhouni, Parish et al. 1998; Dornier, Somsen et al. 2004; Sampath and 
Prince 2007). Changing locally the tissue magnetization, a lineal grid can be applied to 
the myocardium, defining a coordinate frame in the material. As the grid is deforming 
during the cardiac cycle, the material coordinates can be tracked and quantified inside the 
myocardium. The measurements obtained post-processing the tracking pattern, such as 
strain are very interesting for the diagnosis of different pathologies (Lelieveldt, Van der 
Geest et al. 2004). 

The most important clinical application in the local functional analysis is the 
assessment of the affected but recoverable regions of an ischemic heart (Picano, Lattanzi 
et al. 1991; Nagel, Lehmkuhl et al. 1999). This is usually made measuring the width of 
the cardiac wall from the strain images of the myocardium (Lieberman, Weiss et al. 1981; 
Götte, van Rossum et al. 2001). However, the myocardial strain measurement implies the 
accurate evaluation of the displacement of the tissues and myocardial motion.  

In order to obtain an accurate reconstruction of the myocardial motion, tracking the 
tagged grid must be accomplished. As the tracking is restricted to an image plane, only a 
limited number of components of the 3D motion can be extracted from a set of points of 
2D images. The methods proposed for motion estimation from tagged images are based in 
the use of different aspects of the heterogeneity of the myocardium intensity (Axel, 
Montillo et al. 2005). These methods include: tracking of lines of the lowest intensities as 
minimum of intensity (Guttman, Prince et al. 1994; Chen and Amini 2001; Quian, 
Montillo et al. 2003), optical flow (Prince and McVeigh 1992; Denney and Prince 1994; 
Dougherty, Asmuth et al. 1999) or harmonic phase methods (HARP) (Osman, Kerwin et 
al. 1999). 

The first group of methods is based on the development of an intensity profile 
model of a grid line. It is time dependent, and it usually depends on a user which 
manually starts to identify the location of the lines. Afterwards, the most probable 
location is searched, or a segmentation using approximations as morphologic operations 
(Guttman, Prince et al. 1994), tuned filters (Young 1998; Chen and Amini 2001), Gabor 
filters (Quian, Montillo et al. 2003),  deformable grids (Kumar and Goldof 1993) and 
manually identified points (Young and Axel 1992) can be accomplished. Although the 
techniques using tuned filters and Gabor filters are relatively robust to the loss intensity 
of lines, the limitation of the methods which perform the tracking of lines is that the 
temporal correspondences are only valid for those pixels belonging to the lines and not 
for those in between them (Axel, Montillo et al. 2005). 

The advantage of the optical flow methods is that they provide a dense estimation 
of the motion field in two dimensions, and not only a sparse set of data. Technical details 
about this type of methods will be explained later. Nevertheless, there have been several 
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strategies to perform the tracking of lines of the myocardium using such techniques 
(Prince and McVeigh 1992; Denney and Prince 1994; Gupta and Prince 1995; Gupta, 
Prince et al. 1997; Dougherty, Asmuth et al. 1999). The main limitation of these methods 
is the difficulty to follow big displacements. 

Phase harmonic methods are based in the fact that tagged magnetic resonance 
imaging has a set of different spectral peaks in the Fourier domain, where each peak 
contains information about the motion on each direction (Zhang, Douglas et al. 1996). 
The inverse Fourier transform of one of those peaks is a complex image whose phase is 
directly related to a directional component of the real motion (Osman, Kerwin et al. 1999; 
Osman, McVeigh et al. 2000). 

Other methods already used for motion estimation of ultrasound sequences 
(Ledesma-Carbayo, Kybic et al. 2005; Ledesma-Carbayo, Mahía-Casado et al. 2006) are 
methods based on non-rigid registration (Petitjean, Rougon et al. 2004; Ledesma-
Carbayo, Derbyshire et al. 2008). They allow the automatic extraction of global and local 
deformation parameters, at a pixel and segment level of myocardium scale. 

1.1.1 OPTICAL FLOW METHODS 

Several theoretical and practical studies on optical flow estimation from image 
sequences have been carried out (Horn and Schunk 1981; Horn 1986; Nagel 1992; Cohen 
1993; Heitz and Bouthemy 1993; Barron, Fleet et al. 1994; Otte and Nagel 1994; 
Proesmans, Van Gool et al. 1994; Beauchemin and Barron 1995). These methods can be 
classified into three main categories: 

� Differential techniques: these approximations compute the image velocity 
from spatiotemporal derivatives of the image intensity (Longuet-Higgins and 
Prazdny 1980; Horn and Schunk 1981; Lucas and Kanade 1981; Nagel 1983; 
Tretiak and Pastor 1984; Enkelmann 1986; Glazer 1987; Nagel 1987; Uras, 
Girosi et al. 1988; Aisbett 1989; Nagel 1989; Tistarelli and Sandini 1990; 
Schnorr 1991; Simoncelli, Adelson et al. 1991; Sobey and Srinivasan 1991; 
Bergen, Burt et al. 1992; Black 1992; Schnörr 1992; Beauchemin and Barron 
1995; Fleet and Langley 1995; Haussecker and Fleet 2001; Bruhn, Weickert et 
al. 2005). 

� Matching techniques: these approximations define a displacement as the 
change producing the best fit among regions of two consecutive images of a 
sequence (Barnard and Thompson 1980; Sutton, Walters et al. 1983; Kories 
and Zimmerman 1986; Anandan 1989; Singh 1990; Kalivas and Sawchuk 
1991; Simoncelli, Adelson et al. 1991; Barron, Fleet et al. 1994). 

� Frequency-based techniques: they are based on the use of frequency and 
phase information, by means of tools such as the Fourier transform to estimate 
the optical flow (Watson and Ahumada 1985; Heeger 1988; Grzywacz and 
Yuille 1990; Fleet 1992; Arredondo, Lebart et al. 2004). 
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Each technique has pros and cons. The computation of the derivative of the image 
intensity sometimes is not practical, because of a poor signal to noise ratio or a poor 
temporal support. In those cases, matching-based techniques are usually considered. 
Among the advantages of the frequency-based methods, we should highlight their 
sensitiveness to motion mechanisms which operates on the spatial-temporal oriented 
energy in the Fourier domain. For this reason, they can estimate the motion in images 
where matching techniques would fail. For instance, the motion of random dots would be 
difficult to estimate with matching-based techniques, while in the Fourier domain, the 
oriented energy can be better extracted to compute the motion (Beauchemin and Barron 
1995). 

The differential technique has an important disadvantage in the estimation of the 
first and second intensity derivative, mainly when dealing with noisy images. To enhance 
the noise robustness, a common strategy is to include a regularization based on 
variational techniques. As an alternative, methods based on the frequency have been 
demonstrated to be quite robust to noise (Meyering, Gutierrez et al. 2000). 

1.1.1.1 Differential and Variational Techniques 

Differential techniques compute optical flow from spatiotemporal derivatives of 
the image intensities. All of them are based on the optical flow constraint equation 
(OFCE). Nevertheless, the OFCE is scalar and it is not enough to find both components 
of the velocity. This produces the well-known aperture problem (Barron, Fleet et al. 
1994). To solve it, several options have been studied, as using second order derivatives 
(Tretiak and Pastor 1984; Nagel 1987; Uras, Girosi et al. 1988), choosing a model of 
velocity (Lucas and Kanade 1981; Kearney, Thompson et al. 1987; Singh 1990; 
Simoncelli, Adelson et al. 1991) or regularizing the velocity field (Horn and Schunk 
1981; Aubert 1999; Bruhn, Weickert et al. 2005; Aubert and Kornprobst 2006). 

Horn & Schunk (Horn and Schunk 1981) were one of the first who proposed the 
resolution of the above mentioned problem, adding a regularization term to the OFCE. 
However, that term smoothes isotropically and does not take into account the optical flow 
discontinuities (Aubert and Kornprobst 2006). To take into account the discontinuities, 
more robust norms have been inserted, which allow the noise removal and border 
preservation. Among the different functions proposed (Deriche, Kornprobst et al. 1995), 
the norm L1 (also called total variation) must be distinguished. In several occasions it has 
been demonstrated its properties for the anisotropic noise removal of the seminorm of 
total variation (Sroubek and Flusser 2005). Nevertheless, the energy function based on 
the variational integral is highly non-linear. To avoid this problem the half-quadratic 
scheme must be adopted, which introduces an auxiliary variable (Charbonnier, 
BlancFeraud et al. 1997).  

1.1.1.2 Frequency-based techniques 

These methods are based on the use of velocity tuned filters (Adelson and Bergen 
1985; Heeger 1988; Fleet and Jepson 1990; Bigun, Granlund et al. 1991). The motion 
estimation in the frequency domain is based on a fundamental property of the Fourier 
transform (translation property), which can be achieved analysing a video sequence by 
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means of a 3D Fourier transform (Simoncelli 1993). Objects in movement must be 
assumed to move with uniform velocity and have constant illumination. If the temporal 
and spatial transform of the sequence is computed, it can be observed that it is only non-
zero in a plane called motion plane (Pingault and Pellerin 2004). This plane crosses the 
frequency origin. 

Heeger developed a method formulated as the minimum square fit of the 
spatiotemporal energy of the motion plane (Heeger 1987; Heeger 1988), where the energy 
is extracted with Gabor filters. Adelson and Bergen (Adelson and Bergen 1985) also 
extracted the spatiotemporal energy with Gabor filters. Jähne (Jähne 1990) showed that 
the detection of the spatiotemporal orientation is analogue to the tensor analysis of the 
tensor eigenvalues. Sometimes, these frequency-based techniques are presented as 
biological models of human vision (Watson and Ahumada 1985; Grzywacz and Yuille 
1990; Bayerl and Neumann 2007). This is the main motivation to consider the use of the 
spatio-temporal-frequential (STF) representations as a base to estimate the optical flow. 
That comes from the literature related to mammalian vision. In particular, several 
researchers have demonstrated that many neurons in different cortical areas of the brain 
behave as bandpass spatio-temporal-frequential filters (Laplante and Stoyenko 1996). In 
the field of non-stationary signal analysis, the Wigner-Ville distribution (WVD) has been 
used in order to represent images and voice signals. Jacobson and Wechsler (Jacobson 
and Wechsler 1987; Jacobson and Wechsler 1998) suggested the use of the WVD to 
represent information of texture and shape in images. In particular, they formulated a 
theory to recognise invariant visual patterns, where the WVD plays in important role 
(Meyering and Gutierrez 2001). 

1.2 OBJECTIVES 

The current thesis aims to contribute with new algorithms for motion estimation of 
cardiac magnetic resonance imaging sequences. The starting point has been the 
frequency-based methods and the variational methods. 

Firstly, our purpose is to evaluate the feasibility of a motion estimation method 
based on a spatio-temporal-frequential (STF) approach. It gives a simultaneous 
representation of a signal both in space and spatial frequency (Jacobson and Wechsler 
1987) using the Wigner-Ville distribution and the Hough transform (Marques 1998). 
Using this distribution, the following objectives are set: 

� Proposal of a new motion estimation method based on biologically inspired 
techniques, using the Wigner-Ville distribution and Hough transform. 

� Proposal of a multiresolution method, and evaluation of the influence of the 
window size. 
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� Comparison and evaluation of results with the established methods, as the 
variational method which is considered one with the best results in synthetic 
sequences. 

�  Evaluation of the results obtained with real sequences and deformable 
objects, in particular, cardiac magnetic resonance imaging and tagged cardiac 
magnetic resonance imaging. 

In order or importance, the following items will be evaluated: 

� Motion error estimate  

� Computational cost 

� Algorithm complexity 

Regarding the variational techniques, the goal of this thesis is not the evaluation of 
its efficiency because this issue has already been tested (Barron, Fleet et al. 1994). New 
objectives have been considered, which are oriented to enhance its efficiency when 
dealing with cardiac resonance images. The new objectives are the following ones: 

� Matrix implementation of a new and efficient motion estimation method. 
Comparison between the developed method and the Wigner-Ville distribution. 

� Evaluation of the variational method with tagged cardiac magnetic resonance 
sequences. Possible enhancements (type of derivatives, filters, homogenization 
term, etc). 

� Proposal of a new variational method adapted to the image type of tagged 
magnetic resonance, incorporating a new regularization term. 

� Comparison of the results obtained to those obtained with the original 
variational method, and also with the already established method of harmonic 
phase (HARP). 

� Proposal of a new hybrid technique incorporating the motion estimation 
method together with a segmentation method. 

1.3 METHODOLOGY 

The reasons that motivate the use of the Wigner-Ville distribution as STF method 
for optical flow estimation can be enumerated as: 

� It is real, both for real signals as for complex ones. 
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� Displacements in spatial and frequency variables provide identical 
displacements in the WVD. 

� Marginal distributions. The WVD integration in the spatial variable for a 
given frequency determines the spectral density of energy for that frequency, 
and the integration of the WVD in the variable frequency for a given point 
gives the local power on that point. 

� It is invertible. There is an inverse transformation because, in spite of being 
real, it implicitly contains information of the signal phase in the change of 
sign. 

� It obtains a much higher resolution than other type of representations as the 
wavelet transform. Therefore, it is a basic tool for the signal analysis with 
small window. Because it has higher resolution in frequency, the size of the 
temporal window can be reduced and consequently, it can have higher 
temporal resolution. 

� It can be proved that, for a given instant, the average frequency of the WVD 
of a complex signal coincides with the instantaneous frequency of the signal, 
that is to say that, the derivative of the signal phase in that instant of time. 
Extending the concept of instantaneous frequency of a signal to real signals 
through the analytic signal (original signal but without negative frequencies), 
the WVD allows to calculate the instantaneous frequency of the signal. 

� The WVD implementation opens its scope of use to new motion estimation 
applications with noisy sequences. 

To validate the method based on the STF, some experiments will be made on a 
synthetic sequence in order to evaluate globally and locally the motion estimation. The 
local estimation will be compared with the variational method, which provides a 
displacement field for each pixel of the image. Afterwards, the algorithm will be 
evaluated in synthetic sequences whose ground truth is known. 

On the other hand, variational methods have recently been used and have evolved 
as powerful tools to solve problems in the field of analysis of image sequences 
(Kornprobst, Deriche et al. 1999), image restoration (Chambolle and Lions 1997), 
sequence’s segmentation and superresolution of images (Sroubek and Flusser 2005; 
Sroubek and Flusser 2006). In the field of optical flow estimation, several reviews have 
been made (Barron, Fleet et al. 1994; Orkisz and Clarysse 1996). They explain the 
differences among the main techniques. To compare them, some performance studies 
have been accomplished. In the comparison implemented in (Barron, Fleet et al. 1994), 
the variational method is proved to be among the best ones. Nevertheless, if we look to 
state of the art, the variational methods have not been so exploited as the registration 
methods or phase harmonic based methods. Only in (Prince and McVeigh 1992), a 
method based on variational technique for motion estimation in tagged magnetic 
resonance sequences was considered. The reasons to evaluate in this thesis the feasibility 
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of the variational techniques for motion estimation in tagged magnetic resonance 
sequences are the following ones: 

� It is a technique which has been evaluated in a multitude of image 
applications with very satisfactory results. 

� It has been proved in (Barron, Fleet et al. 1994) that they are among the best 
motion estimation techniques. 

� It provides a dense optical flow and not a sparse dots result as the HARP 
method provides. 

� In the last few years, methods based on variational techniques to estimate 
motion in tagged magnetic resonance imaging have not been studied. 

For the implementation of the variational method adapted to tagged MRI, a 
synthetic sequence simulating the cardiac motion will be used. Afterwards, the 
implementation will be tried on a set of real sequences, and will be compared with the 
reference method HARP. Due to the fact that real sequences do not provide a real 
displacement field to quantify the error, we will track manually twenty-four points 
localized in different regions of the myocardium (Cerqueira, Weissman et al. 2002). 

The programming language proposed for both implementations is the interpreted 
language MATLAB, because it is adapted to matrix programming. In both algorithms 
proposed, the programming methodology for both algorithms used matrix operations 
instead of iterative processes. Thereby, the computation time has been optimized. 

1.4 STRUCTURE OF THIS DOCUMENT 

Once exposed the motivation, methodology and objectives, in chapter 2 the 
medical context is described. Firstly, the anatomy and physiology of the heart is 
presented, together with main cardiopathies. After that, a description of the cardiac 
imaging technique is exposed, to finish with a review of the Magnetic Resonance 
Imaging (MRI) technique.   

In chapter 3, the scientific background about motion estimation is presented. The 
concept of optical flow is explained, and a review of the most relevant techniques of 
motion estimation is mentioned, emphasizing the frequency-based and variational 
techniques. 

Afterwards in chapter 4, the method based on the Wigner-Ville distribution and 
Hough transform is explained. The results on synthetic and real cardiac MRI sequences 
are presented.  
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Chapter 5 presents the proposed method based on variational techniques. The 
validation method is explained, along with the results obtained in comparison to a 
reference method. The application implemented for motion estimation and segmentation 
is described.  

Finally, in chapter 6 the main conclusions and future topics of research are 
presented. Some other applications of the variational method are also mentioned.





222...         IIINNNTTTRRROOODDDUUUCCCTTTIIIOOONNN   

This chapter resumes the main aspects of the anatomy, physiology and function of 
the heart, together with the most important cardiopathies. Cardiac imaging techniques are 
briefly exposed, to finish with a complete review of the cardiac magnetic resonance 
imaging. 

2.1 THE HEART 

The heart is the hardest working muscle in the human body. Located almost in the 
center of the chest, the adult human heart is about the size of two fists held side-by-side. 
At an average rate of 80 times a minute, the heart beats about 115000 times in one day or 
42 million times in a year. During an average lifetime, the human heart will beat more 
than 3 billion times - pumping an amount of blood that equals about 1 million barrels. 
Even when a person is at rest, the heart continuously works hard. 

2.1.1 ANATOMY AND PHYSIOLOGY 

The cardiovascular system, composed of the heart and blood vessels, is responsible 
for circulating blood throughout the body to supply the tissues with oxygen and nutrients. 
The heart is the muscle that pumps blood filled with oxygen and nutrients through the 
blood vessels to the body tissues. It is made up of (see Figure 2-1): 

� Four chambers (two atria and two ventricles) that receive blood from the 
body and pump out blood to it.  

� The atria receive blood coming back to the heart. 

� The ventricles pump the blood out of the heart. 
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� Blood vessels, which compose a network of arteries and veins that carry 
blood throughout the body.  

� Arteries transport blood from the heart to the body tissues. 

� Veins carry blood back to the heart. 

� Four valves to prevent backward flow of blood (Jaffe and Lynch). Each 
valve is designed to allow the forward flow of blood and prevent backward 
flow. 

� An electrical system of the heart that stimulates contraction of the heart 
muscle. 

Figure 2-1 shows a detailed image of the different parts of the heart. 
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Figure 2-1. Anatomy of the human heart. Figure taken from (Jaffe and Lynch). 

2.1.2 STRUCTURE OF THE HEART 

The heart comprises of three layers, epicardium, myocardium, and endocardium 
surrounding the inner chambers and is enclosed in a fourth protective layer known as the 
pericardium.  

The epicardium (or visceral pericardium) forms the outer covering of the heart and 
has an external layer of flat mesothelial cells. These cells lie on a stroma of 
fibrocollagenous support tissue, which contains elastic fibres, as well as the large arteries 
supplying blood to the heart wall, and the larger venous tributaries carrying blood from 
the heart wall. The large arteries (coronary arteries) and veins are surrounded by adipose 
tissue, which expands the epicardium. 
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The coronary arteries originate from the first part of the aorta just above the aortic 
valve ring and pass over the surface of the heart in the epicardium, sending branches deep 
into the myocardium. This superficial location of the arteries is of great practical 
importance since it permits surgical bypass grafting of blocked arteries. 

The bulk of the heart is myocardium, which is the contractile element composed of 
specialised striated muscle fibres also called cardiac muscle. The amount of myocardium 
and the diameter of muscle fibres in the chambers of the heart varies according to the 
workload of the chamber. The left and right atria push blood into empty ventricles against 
minimal resistance during diastole and therefore have a thin wall composed of cells of 
small diameter. 

The internal lining of all four heart chambers is the endocardium, which is 
composed of three layers 

�  a layer in direct contact with the myocardium 

�  a middle layer 

�  an innermost layer. 

2.1.3 FUNCTION OF THE HEART 

The pumping action starts with the simultaneous contraction of the two atria. This 
contraction serves to give an added push to get the blood into the ventricles at the end of 
the slow-filling portion of the pumping cycle called "diastole." Shortly after that, the 
ventricles contract, marking the beginning of "systole." The aortic and pulmonary valves 
open and blood is forcibly ejected from the ventricles, while the mitral and tricuspid 
valves close to prevent backflow. At the same time, the atria start to fill with blood again. 
After a while, the ventricles relax, the aortic and pulmonary valves close, and the mitral 
and tricuspid valves open and the ventricles start to fill with blood again, marking the end 
of systole and the beginning of diastole (see Figure 2-2). It should be noted that even 
though equal volumes are ejected from the right and the left heart, the left ventricle 
generates a much higher pressure than does the right ventricle.  
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Figure 2-2. Direction of the blood flow  

2.1.3.1 Heart main cycles 

Diastole: During this phase blood flows into the heart. Blood comes into the atria 
through the pulmonary veins (left atrium) and the superior and inferior vena cava (right 
atrium). From the left and right atria the blood flows directly into both ventricles because 
both the mitral and tricuspid valves are open. The ventricles accept this blood and 
passively dilate (expand). By the end of the diastole the ventricles are filled to about 80%. 
All cardiac muscle is relaxed throughout this phase. The aortic and pulmonary valves are 
closed during this phase to prevent the reverse flow of blood from the aorta and 
pulmonary artery. 

Atrial Systole: This is a relatively short phase. During this phase the blood from 
the left and right atria (approximately 20%) is pumped into the ventricles. 

Ventricular Systole: During this phase the ventricles contract. As they begin to 
contract the mitral and tricuspid valves close to prevent any backflow into the atria. At 
the end of this phase the pulmonary and aortic valves close and diastole begins again. 

Figure 2-3 shows a timeline of the cardiac cycle which indicated the relative and 
approximate absolute lengths of each phase of the cycle. 

 

Figure 2-3. Timeline of the cardiac cycle 

2.1.3.2 Heart pressure cycles 

The pressure changes in the major blood vessels and the four chambers cause the 
valves to open and close and directly affect the flow of blood through the heart. Figure 
2-4 shows the atrial, ventricular, and aortic pressure over time (one cycle). 
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Figure 2-4. Atrial, ventricular, and aortic pressure over time 

Atrial Systole: The contraction of the atrium causes a rise in pressure in the atria. 
This pressure rise is called the atrial pressure wave (marked 'a' on the graph); it pushes 
any blood left in the atria into the ventricles. 

Ventricular Systole: As the ventricles contract the ventricular pressure begins to 
rise. As soon as the ventricular pressure surpasses the atrial pressure the A-V valves close 
(marked '1' on the graph). The rapid closing of the valves causes a rise in pressure in the 
atria which is known as the ‘c’ atrial pressure wave (marked 'c' on the graph). What 
follows is a short period of time called isovolumic (or isometric) contraction, during 
which all four valves of the heart are closed. During this short phase (approximately .025 
seconds) the volume in the ventricle remains unchanged (hence the term isovolumic) but 
the tension in the muscle and the pressure in the ventricle is increasing rapidly. The 
pressure quickly rises to a point above that of aortic and pulmonary pressures (marked '2' 
on the graph); when this occurs the aortic and pulmonary valves are forced to open and 
blood flows into the aorta and pulmonary artery. Both pressures begin to fall to a point 
when the ventricular pressures are lower than the aortic and pulmonary pressures. At this 
point (marked '3' on the graph) the pressure difference causes the aortic and pulmonary 
valves to close. The rapid closing of the valves causes a pressure rise in the aorta and 
isovolumic (or isometric) relaxation, during which all four valves of the heart are closed. 
During this phase, again, the volume of the ventricles remains unchanged even though the 
muscle relaxes and the pressure in the ventricle rapidly drops. 

Diastole: At the point when the ventricular pressure drops below that of atrial 
pressure (marked '4' on the graph) the A-V valves open. The blood pressure which has 
slowly built up in the atrium during ventricular contraction causes blood to quickly flow 
into the ventricle (this is known as rapid inflow). The pressure builds up and release in the 
atrium during ventricular contraction can be seen as a wave and is called the v atrial 
pressure wave (marked 'v' on the graph). 
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2.1.3.3 Electrical Activity of the Heart 

When vertebrate muscles are excited, an electrical signal (called an "action 
potential") is produced and spreads out to the rest of the muscle cell, causing an increase 
in the level of calcium ions inside the cell. The calcium ions bind and interact with 
molecules associated with the cell's contractile machinery, the end result being a 
mechanical contraction. Even though the heart is a specialized muscle, this fundamental 
principle still applies.  

One thing that distinguishes the heart from other muscles is that the heart muscle is 
a "syncytium," meaning a meshwork of muscle cells interconnected by contiguous 
cytoplasmic bridges. Thus, an electrical excitation occurring in one cell can spread to 
neighboring cells. Another defining characteristic is the presence of pacemaker cells. 
These are specialized muscle cells that can generate action potentials rhythmically. 

Under normal circumstances, a wave of electrical excitation originates in the 
pacemaker cells in the sinoatrial (S-A) node, located on top of the right atrium. 
Specialized muscle fibers transmit this excitation throughout the atria and initiate a 
coordinated contraction of the atrial walls. Meanwhile, some of these fibers excite a 
group of cells located at the border of the left atrium and ventricle known as the 
atrioventricular (A-V) node (see Figure 2-5). The A-V node is responsible for spreading 
the excitation throughout the two ventricles and causing a coordinated ventricular 
contraction. 

 

Figure 2-5. Course of the electrical impulse of the heart. 

2.1.4 DESCRIPTORS OF CARDIAC FUNCTION 

In this section, the main parameters that regulate both the morphology and function 
of the myocardium, and the cardiac valves and coronary arteries are described. In order to 
obtain some of these parameters, an image analysis or postprocessing is required. 

Some cardiac diseases modify the myocardial morphology, leading to increased 
thickness of the myocardium or enlarged ventricular volume. The most common indexes 
to assess changes in myocardial morphology are left ventricle (LV) volume, LV mass and 
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RV volume. They can be obtained with most of the imaging modalities, although the 
most accurate measures are achieved with tomographic modalities, such as MR or CT 
(Santos and Ledesma-Carbayo 2006). 

Myocardial global function refers to the capacity of the heart to perform correctly 
as a blood pump. These descriptors are important for evaluating late stages of cardiac 
diseases. The main clinical indexes of global function are stroke volume (SV), ejection 
fraction (EF) and cardiac output (CO). 

On the other hand, for evaluating the severity of some cardiac diseases at an early 
stage it is important the assessment of the function of different myocardial regions or 
segments. This assessment can be performed by means of the evaluation of motion or 
perfusion patterns. It is very important for an early diagnosis of important diseases as 
ischemia. Enhanced regional function assessment is one of the main areas of focus in new 
cardiac imaging modalities and postprocessing tools (Santos and Ledesma-Carbayo 
2006).  

The motion and contraction of the myocardial segments is important for the 
evaluation of segmental function. This is commonly assessed using mainly ultrasound 
and MRI. Quantifying motion and contraction is usually performed with processing 
techniques as optical flow, wall-tracking or landmark-tracking. The estimation of the 
myocardial motion, wall thickening and strain are the most important parameters. 

Regarding the capacity of coronary arteries, a good indicator is the regional 
myocardial perfusion. Segmental perfusions and metabolism together with its motion and 
contraction determines the viability of the myocardium after an ischemic event. For 
diseases in valves as stenosis or regurgitation, the valvular function is assessed(Santos 
and Ledesma-Carbayo 2006). 

2.2 CARDIOPATHY 

2.2.1 CARDIOMYOPATHY 

Cardiomyopathy, which literally means "heart muscle disease", is the deterioration 
of the function of the myocardium (i.e., the actual heart muscle) for any reason. People 
with cardiomyopathy are often at risk of arrhythmia or sudden cardiac death or both. 
Cardiomyopathies can generally be categorized into two groups, based on World Health 
Organization guidelines: extrinsic cardiomyopathies and intrinsic cardiomyopathies (Jaffe 
and Lynch). 

Extrinsic cardiomyopathies 

These are cardiomyopathies where the primary pathology is outside the 
myocardium itself. Most cardiomyopathies are extrinsic, because by far the most common 
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cause of a cardiomyopathy is ischemia. The World Health Organization calls these 
specific cardiomyopathies (Jaffe and Lynch): 

� Coronary artery disease 

� Congenital heart disease 

� Nutritional diseases 

� Ischemic (or ischaemic) cardiomyopathy 

� Hypertensive cardiomyopathy 

� Valvular cardiomyopathy 

� Inflammatory cardiomyopathy 

� Cardiomyopathy secondary to a systemic metabolic disease 

� Alcoholic cardiomyopathy 

Ischemic cardiomyopathy 

Ischemic cardiomyopathy is a weakness in the muscle of the heart due to 
inadequate oxygen delivery to the myocardium with coronary artery disease being the 
most common cause. Anemia and sleep apnea are relatively common conditions that can 
contribute to ischemic myocardium and hyperthyroidism can cause a 'relative' ischemia 
secondary to high output heart failure. Individuals with ischemic cardiomyopathy 
typically have a history of myocardial infarction (heart attack), although longstanding 
ischemia can cause enough damage to the myocardium to precipitate a clinically 
significant cardiomyopathy even in the absence of myocardial infarction. In a typical 
presentation, the area of the heart affected by a myocardial infarction will initially 
become necrotic as it dies, and will then be replaced by scar tissue (fibrosis). This fibrotic 
tissue is akinetic; it is no longer muscle and cannot contribute to the heart's function as a 
pump. If the akinetic region of the heart is substantial enough, the affected side of the 
heart (i.e. the left or right side) will go into failure, and this failure is the functional result 
of an ischemic cardiomyopathy. 

Symptoms of stable ischaemic heart disease (IHD) include angina (characteristic 
chest pain on exertion) and decreased exercise tolerance. Unstable IHD presents itself as 
chest pain or other symptoms at rest, or rapidly worsening angina. Diagnosis of IHD is 
with an electrocardiogram, blood tests (cardiac markers), cardiac stress testing or a 
coronary angiogram. Depending on the symptoms and risk, treatment may be with 
medication, percutaneous coronary intervention (angioplasty) or coronary artery bypass 
surgery (CABG). 

It is the most common cause of death in most western countries, and a major cause 
of hospital admissions. There is limited evidence for population screening, but prevention 
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(with a healthy diet and sometimes medication for diabetes, cholesterol and high blood 
pressure) is used both to prevent IHD and to decrease the risk of complications. 

Cardiomyopathy due to systemic diseases 

Many diseases can result in cardiomyopathy. These include diseases like 
hemochromatosis, (an abnormal accumulation of iron in the liver and other organs), 
amyloidosis (an abnormal accumulation of the amyloid protein), diabetes, 
hyperthyroidism, lysosomal storage diseases and the muscular dystrophies. 

Intrinsic cardiomyopathies 

An intrinsic cardiomyopathy is weakness in the muscle of the heart that is not due 
to an identifiable external cause. To make a diagnosis of an intrinsic cardiomyopathy, 
significant coronary artery disease should be ruled out (amongst other things). The term 
intrinsic cardiomyopathy does not describe the specific etiology of weakened heart 
muscle. The intrinsic cardiomyopathies are a mixed-bag of disease states, each with their 
own causes. They are generally classified into four types (Jaffe and Lynch) but additional 
types are also recognized: 

� Dilated cardiomyopathy (DCM), the most common form, and one of the 
leading indications for heart transplantation. In DCM the heart (especially the 
left ventricle) is enlarged and the pumping function is diminished (see Figure 
2-6).  

 

Figure 2-6. Image of a normal heart and a heart with dilated cardiomyopathy  

� Hypertrophic cardiomyopathy (HCM or HOCM), a genetic disorder caused 
by various mutations in genes encoding sarcomeric proteins. In HCM the heart 
muscle is thickened, which can obstruct blood flow and prevent the heart from 
functioning properly (see Figure 2-7). 
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Figure 2-7. Hypertrophic cardiomyopathy (asymmetric septal hypertrophy with 
obstruction). 

� Arrhythmogenic right ventricular cardiomyopathy (ARVC) arises from an 
electrical disturbance of the heart in which heart muscle is replaced by fibrous 
scar tissue. The right ventricle is generally most affected. 

� Restrictive cardiomyopathy (RCM) is an uncommon cardiomyopathy. The 
walls of the ventricles are stiff, but may not be thickened, and resist the normal 
filling of the heart with blood. A rare form of restrictive cardiomyopathy is the 
obliterative cardiomyopathy, seen in the hypereosinophilic syndrome. In this 
type of cardiomyopathy, the myocardium in the apices of the left and right 
ventricles becomes thickened and fibrotic, causing a decrease in the volumes 
of the ventricles and a type of restrictive cardiomyopathy. 

� Noncompaction cardiomyopathy has been recognized as a separate type 
since the 1980s. The term refers to a cardiomyopathy where the left ventricle 
wall has failed to grow properly from birth and has a spongy appearance when 
viewed during an echocardiogram (see Figure 2-8). 

 

Figure 2-8. Noncompaction cardiomyopathy. 
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2.3 CARDIAC IMAGING 

Many methods are used clinically and in research to assess left ventricular 
function. Clinical examination, while routinely practiced on all patients, is unreliable for 
this purpose (Marantz, Tobin et al. 1988). Electrocardiography (ECG) is non-specific, 
although a normal ECG gives a 95% likelihood of normal systolic function (Keenan and 
Pennell 2007). The physical properties on the basis of which the imaging device 
reconstructs an image are intimately related to some specific functional aspects of the 
heart.  

Cardiac imaging constitutes a significant technological challenge because the heart 
has an intricate 3D shape, and a fast and complex periodic movement. Several non-
invasive imaging techniques exist that provide qualitative and quantitative information 
about the state of the heart and great vessels. Continuous improvement in the spatial and 
temporal resolution of these imaging techniques, as well as their increasing potential to 
visualize not only anatomy, but also function and metabolism, make cardiac imaging a 
powerful tool for clinical diagnosis. This tool also allows the assessment of different 
disease stages, which is essential in therapy evaluation and the follow-up of cardiac 
diseases (Santos and Ledesma-Carbayo 2006).  

2.3.1 IONIZING VERSUS NON-IONIZING RADIATION 

Medical imaging techniques can be broadly grouped into those which use ionizing 
radiation versus those that do not. The ionizing radiation group consists of those images 
created by the use of x-rays or gamma rays. Both x-rays and gamma rays are high energy, 
short wavelength (less than one angstrom) electromagnetic radiation that is capable of 
penetrating and passing through most tissues. Gamma rays arise from the nuclear decays 
of radioactive tracers introduced into the body, while x-rays arise from an x-ray tube 
where high speed electrons bombard a small spot on a tungsten anode target. 

 

Figure 2-9. Electromagnetic spectrum referred to different imaging techniques. Figure taken 
from (Jaffe and Lynch). 
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Ionizing radiation, as it passes through the body is differentially absorbed by 
tissues of greater thickness or higher atomic mass (e.g. calcium has a higher atomic 
weight than hydrogen which is a major component of tissue water). Different portions of 
the body tissues attenuate differing amounts of the incident radiation. One mechanism of 
that attenuation is ionization of the tissue atoms which make them chemically reactive 
and potentially capable of cell damage. Ionizing radiation is therefore only used when 
medically indicated. X-rays are nonetheless highly useful diagnostically and are a 
backbone of medical imaging by both computed tomography and film.  

It is the locally differential pattern of x-ray radiation escaping the body that creates 
the "shadowgram" on an x-ray film. That escaping radiation strikes a fluorescent screen 
inside a film cassette, and fluorescent light from those screens expose the film emulsion 
(that is if x-ray film was actually only sensitive to exposure by x-rays, we wouldn't need 
darkrooms for handling those films). 

Non-ionizing radiation techniques mainly use either acoustic pulses (ultrasound) 
for echo-ranging imaging (somewhat like radar) or radio-waves combined with high-field 
magnets, in the case of magnetic resonance imaging. 

  

Figure 2-10. Example of techniques using ionizing and non-ionizing radiation. Figure taken 
from (Jaffe and Lynch). 

2.3.2 CARDIAC IMAGING MODALITIES 

In this section, the main cardiac imaging modalities are going to be explained. 

X-ray technology 

X-ray imaging is a method of illuminating the body with a penetrating high energy 
ionizing radiation. The differential absorption of this radiation by the various tissues of 
the body creates on film an inverse shadow of the body. Less dense, lower atomic weight 
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structures, such as the lung, allow transmission of more radiation flux producing greater 
fluorescence on an absorbing screen which exposes an adjacent film more densely, 
making those areas black. Higher atomic weight structures (bone) absorb and block the 
radiation thus do not result in the exposure of the silver halide grains in the film emulsion, 
and so bony structures such as the ribs appear white (transparent). 

The heart, as a large, mainly water-like density, absorbs much of the incident 
radiation, so it looks light on the film. The main limitation of X-ray is that because it is a 
projection technique, body structures overlap one another and thus often at least two 
views (e.g. PA and lateral) are required. The x-ray absorption difference between blood 
and surrounding tissue can be increased by injecting contrast agents. In cine angiography, 
proposed initially in 1966, a radio-opaque dye is injected via a catheter directly into the 
structures to be visualized, while the patient is exposed to x-rays. As the dye fills the 
heart chambers or the vessels, delineation of heart and vessel anatomy can be obtained, as 
well as moving images of the ventricular contraction (Santos and Ledesma-Carbayo 
2006). This modality is usually good for anatomic delineation of lesions (see Figure 
2-11), but much less satisfactory in determining their severity and the degree of 
hemodynamic disturbance that they have produced. 

 

Figure 2-11. Left coronary x-ray angiography, showing a severe lesion in the left anterior 
descending coronary artery. Figure taken from (Santos and Ledesma-Carbayo 2006). 

Echocardiography 

The medical imaging portion of the sound spectrum begins in the megahertz range, 
well above the maximum audible frequency of 15 kilohertz. In the 2 to 7 megahertz range 
used by ultrasound imaging, the wavelength of the acoustic pulses are less than a 
millimeter and are therefore capable of resolving fine anatomic structures. 

Now, it is a modality well established in clinical practice, showing cardiac anatomy 
and function in real time, both in rest and under stress. One of the main advantages of 
acoustic medical imaging is its minimal disturbance of normal tissue physiology. This 
allows ready use and repeated reuse of this technique for assessing tissues and organs, 
such as its use in fetal imaging during pregnancy. Acoustic imaging, however, has 
limitations since it works best with soft tissues and the imaging is very adversely affected 
by interposed bone or air such as the lungs. 
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Two echocardiographic acquisition modes are widely available: M-mode and 2-D 
B-mode. M-mode (motion mode) is a useful acquisition technique to explore moving 
objects providing a convenient representation of localized motion. This acquisition mode  
continuously explores the object along a single fixed scan line. The acquired data is 
displayed as a 2-D image, with depth in the vertical axis and time in the horizontal one 
(see Figure 2-12). Its main advantage is that the temporal resolution is very high in 
comparison with 2-D echocardiographic sequences. However, it only provides 
information about the region explored by the scan line. Even with this restriction, the 
method is widely used in practice to assess valvular and myocardial function. It is often 
employed in combination with Doppler techniques, providing a very good representation 
to extract quantitative measurements in time.  

2-D B-Mode imaging displays an anatomical section of the heart by sweeping the 
object along a series of angles (Figure 2-12). This acquisition can be continuously 
repeated to obtain an image sequence, showing movement in real time. Myocardial and 
valvular function can be therefore assessed simultaneously, taking into account the 
different myocardial segments, valvular leaflets, and Doppler measurements (Santos and 
Ledesma-Carbayo 2006). 

  

Figure 2-12. Echocardiography images. (Left) M-mode. (Right) B-mode image from a four-
chamber sequence, at end-systole. Figure taken from (Santos and Ledesma-Carbayo 2006). 

Nuclear Imaging 

Nuclear imaging, also called isotope imaging, is based on the detection of an 
injected radio-labeled drug that is taken up by the perfused heart. Two acquisition 
techniques are possible: first-pass and gated equilibrium studies. In the former, the first 
passage of an injected radio-label bolus through the heart and great vessels is imaged in 
two dimensions. In gated equilibrium studies, the tracer is mixed with the blood pool to 
assess function during the cardiac cycle. ECG-gated images of the moving heart can be 
obtained by accumulating gamma-counts over several minutes and assigning the counts to 
specific heart views along the ECG cycle (Santos and Ledesma-Carbayo 2006). 

SPECT perfusion imaging 

Another imaging modality is the SPECT imaging, which is a 3D reconstruction 
obtained with a rotating gamma camera. The SPECT camera is a large scintillation crystal 
connected to multiple photo-multiplier tubes which detect radiation emanating from the 
body. The technology of single photon emission tomography arises from positioning the 
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camera head at multiple angles around the body accumulating as many as 180° of views 
at specific angular intervals. A certain number of counts are obtained from each view. 
Software then allows integration of all individual projection views into a composite data 
set which can be re-displayed as tomographic slices. Obviously, patient or organ motion, 
as well as variations in attenuation from different viewpoints can have a profound effect 
on the quality of the tomographic view. 

Most of the myocardial wall activity arises from the left ventricular myocardium 
since it is considerably thicker (11 mm) than the right ventricular free wall (3 mm). The 
short axis tomogram shows the left ventricular myocardium as a donut shape while the 
vertical long axis and horizontal long axis tomograms display the myocardial wall as U-
shaped structures (Figure 2-13). 

 

Figure 2-13. Views of the heart obtained with SPECT perfusion imaging. Figure taken from 
(Jaffe and Lynch). 

PET (Positron Emission Tomography) 

PET is another radionuclide imaging technique that uses different short-lived 
radionuclides that decay producing positrons. These positrons interact with nearby 
electrons, producing two annihilation photons. These photons can be efficiently detected 
by opposing detectors, resulting in a technique that is more sensitive than SPECT and is 
also less susceptible to attenuation. Although its higher cost has meant that PET has had 
limited use in cardiology until now, it can quantify regional myocardial metabolism and 
perfusion (Santos and Ledesma-Carbayo 2006). PET is a technique with potentially better 
resolution than SPECT. In PET, attenuation can be compensated for, although the 
resolution can still be degraded by respiratory and cardiac wall movement. Emerging 
techniques like PET-CT combine PET and CT in a single scanner. Their use is two-fold. 
First, CT can be used for attenuation correction. Second, as both techniques are 
complementary, the information provided by CT about anatomy, coronary angiography, 
and plaque characterization can be complemented with the perfusion and metabolism 
information provided by PET (Santos and Ledesma-Carbayo 2006). 
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Molecular-Imaging.  

Molecular imaging can be defined as the in vivo characterization of biological 
processes at the cellular and molecular level. It can be achieved with different imaging 
modalities, mostly PET and SPECT, but also MRI and US, and even others, such as 
biofluorescence or bioluminiscence. Molecular imaging has received increasing attention 
in recent years because imaging the distribution of targeted molecules allows the tracking 
of biochemical processes before their physiological consequences appear. In the 
cardiovascular system, several applications for molecular imaging exist. The most 
important ones are imaging of angiogenesis and imaging of apoptosis (Dobrucky and 
Sinusas 2005). 

Computed tomography techniques 

Computed tomography is a digitally based X-ray technique. Like X-ray, the 
resulting images arise from differential X-ray absorption of tissue, a feature that rests 
primarily on atomic weight (and thus the electron density) of the various tissues. The 
technique uses a narrowly collimated X-ray beam to irradiate a slice of the body. The 
amount of radiation transmitted along each projection line is collected by photo-multiplier 
tubes and counted digitally. By rapidly acquiring views from numerous different 
projections, achieved by quickly rotating the tube and detectors around the body, the 
transmissivity of the body from different angles can be externally established. 

Since the image is digital and represents a slice, multiple slices can be obtained and 
a volume estimated and displayed as a three-dimensional structure on a video display tube 
or film. Computed tomography has the advantage of rapid acquisition of images, but 
employs ionizing X-ray radiation which must be used conservatively to avoid harmful 
cumulative biologic effect. 

Magnetic resonance imaging.  

Magnetic resonance imaging is another important modality of imaging. It will be 
explained in detail in the following section.  

2.3.3 CARDIAC MAGNETIC RESONANCE (CMR) 
IMAGING  

Magnetic resonance imaging is a nonionizing modality that produces very good 
imaging of soft tissues. It can produce detailed high-resolution 3-D images of the heart’s 
chambers and large vessels without interference from adjacent bone or air, in arbitrary 
imaging planes. Its high contrast discrimination between blood and myocardium avoids 
the need for contrast agents. ECG-gated images of the moving heart (around 20—30 
images per cardiac cycle) can be obtained and, presently, the acquisition of a single slice 
along the cardiac cycle can be fast enough for patients to hold their breath during the 
procedure, so that artifacts caused by breathing movement are avoided in 2-D 
acquisitions. Volumes can be obtained with good accuracy (avoiding the simplifying 
assumptions typical of 2-D imaging) by integrating the area from contiguous slices. In 
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this way, the derived parameters, including ejection fraction, stroke volume, and wall-
thickening, can also be computed accurately. MRI can also be used to obtain additional 
information, such as tissue or blood motion and perfusion. 

Three examples of CMR images in different views are shown in Figure 2-14. 

 

Figure 2-14. Images of magnetic resonance, saggital, coronal and axial view. Figure taken 
from (Jaffe and Lynch). 

2.3.3.1 Basics of MRI 

MRI is based on exciting magnetic dipoles, mainly protons of water molecules 
within the body, and observing the subsequent effects. In MRI, the subject is first 
introduced into a high magnetic field B0 with a commonly used field strength of 1.5 T for 
clinical imaging (compare it to earth’s magnetic field strength of 40–70 µT). Ensembles 
of protons align themselves very quickly with the main field. In the semiclassical vector 
model, the ensembles can be regarded as magnetization vectors that behave like spinning 
tops rotating with a frequency proportional to the strength of the local magnetic field 

B⋅= γω , known as the Larmor frequency. The constant γ is known as the gyromagnetic 
ratio and is approximately 42.58 MHz/T for protons. 

The magnetization can be disturbed (excited, tipped, or flipped) from its aligned 
equilibrium state by the brief application of a second magnetic field B1 perpendicularly 
oriented to the main field and tuned to the Larmor frequency. Since this frequency is 
approximately 64 MHz for protons at 1.5 T, the applied pulse is often referred to as a 
radio frequency (RF) pulse and can be generated using a tuned coil driven by an RF 
amplifier. The effect of the RF pulse is to tip the magnetization vectors out of alignment 
with the main field, providing a transverse component ( )αsin0MM xy =  orthogonal to 

the main field and a longitudinal component ( )αcos0MM z =  parallel to it, where M0 is 

the initial equilibrium longitudinal magnetization and is the flip angle given by 

∫= dtB1γα . The excited magnetization precesses, rotating around the main field at the 

Larmor frequency like a spinning top rotates around the vertical gravitational field. The 
rotating transverse component of the magnetization Mxy induces electromotive force 
(EMF) in a conducting RF receiver coil placed near the subject (this could be the same 
coil as used for the B1 excitation pulse), which is measured as the MR signal by the MRI 
scanner (see Figure 2-15). 



 

 

 

INTRODUCTION                                                                                                                                                                29 

 

 

 

 

 

Figure 2-15. Diagram of the MR camera and magnetic fields. Figure taken from (Jaffe and 
Lynch). 

After excitation, the magnetization vectors gradually return to their equilibrium 
positions, aligned with the main magnetic field B0 by processes which can be 
characterized using simple first-order kinetics of the two orthogonal components of 
magnetization. The longitudinal magnetization component Mz recovers exponentially 
with a rate constant of T1, known as the longitudinal or spin-lattice relaxation time, 
toward the equilibrium state magnetization M0 according to 

( ) ( )( ) ( ) ( )111 /
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//
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( 2-1) 

The transverse magnetization component Mxy decays exponentially with a rate 
constant of T2, known as the transverse or spin-spin relaxation time, according to 

( ) ( ) 2/0 Tt
xyxy eMtM

−=
 

( 2-2) 

Various types of tissues (e.g., muscle, fat, blood) often have different relaxation 
times, providing a source of contrast in MR images. Generally, T2<T1, but in practice, the 
MR signal appears to decay with an even shorter rate constant of T2. This latter decay 
time constant arises primarily from the dephasing effects of magnetic field 
inhomogeneities (for example, due to susceptibility differences between tissues) over the 
region of interest. These cause the various magnetization vectors to dephase with respect 
to each other, resulting in signal attenuation due to destructive interference. Some 
techniques exist for generating the so-called spin echoes and stimulated echoes that can 
reverse much of the effects of this inhomogeneous decay, in which case the more 
fundamental decay rate T2 is revealed. The T1 and T2 relaxation parameters are effective 
measures of the ability of the magnetization to act as a memory and retain information. 
Patterns (such as tags for motion tracking) encoded at t=t0 in the longitudinal Mz(t0) and 
transverse magnetization Mxy(t0) are lost with rate constants T1 and T2, respectively. 

MR imaging systems also use three sets of spatially-varying magnetic fields Gx, Gy 
and Gz. Each of these fields add a linear component to B0, such that the magnetic field in 
the z-direction at coordinates (x,y,z) is given by  
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( 2-3) 

Note that the values Gx, Gy and Gz refer to the gradient of the linear dependence of 
the field on x, y and z respectively. Thus, the frequency at which the spins process 
becomes a function of position according to the Larmor equation 

( ) ( ) ( ) ( zGyGxGzGyGxGBzyxBzyxB zyxzyx +++=+++== γωγγγ 00,,,, (2-4) 

In the presence of spatially-dependent gradient fields Gx(t) and Gz(t), after the 
selective-excitation of a slice of tissue, the signal received s(t) can be modelled as 
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where ( )yx,ρ  is the spin density and ( )tkx  and ( )tk y  are given by 

( )∫=
t

xx dGk

0

ττγ  and ( )∫=
t

yy dGk

0

ττγ   (2-6) 

Thus, the signal received is the two-dimensional Fourier Transform of the spin 
density with frequency variables ( )tkx  and ( )tk y . The equation  (2-6) indicates that the 

application of gradient magnetic fields up to time t after an excitation pulse corresponds 
to a particular location in k-space. For example, if a constant gradient magnetic Gx is 
applied for 1τ  seconds following the RF pulse and a constant gradient magnetic field Gy 

is applied for 2τ  seconds following the RF pulse, the corresponding position in k-space 

would be ( 1τγ xx Gk = , 2τγ yy Gk = ). In addition to the application magnetic gradient 

fields changing the k-space trajectory, the application of a refocusing pulse (i.e, a 180 
degree RF pulse) causes a jump in the k-space trajectory about the origin. 

In conventional MR imaging techniques, the magnetic field gradients are applied 
such that k-space is filled in a rectangular fashion, as depicted in Figure 2-16. This allows 
the inverse Fourier Transform to be directly used on the collected k-space data to 
reconstruct the image. 
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Figure 2-16. Conventional trajectory through k-space 

2.3.3.2 Conventional MR Techniques 

MR techniques are often schematically shown in the form of pulse sequence 
diagrams (PSD) that depict the sequence of RF pulses and gradients used in the 
acquisition of the k-space data. A commonly used technique is the gradient echo pulse 
sequence, as depicted in the PSD of Figure 2-17. 

 

Figure 2-17. Convencional gradient echo pulse sequence diagram. Figure taken from 
(Haeker 2004). 

As shown in Figure 2-17, each repetition of the conventional gradient echo pulse 
sequence is composed of three major steps: 

1. Slice selection. The Gz (also called GS) gradient field is turned on such that the 
precession frequency is a function of the z-position. Spins wobble (or precess) about the 
axis of the B0 field so as to describe a cone. This is called precession. Spinning protons 
are like dreidles spinning about their axis. Precession corresponds to the gyration of the 
rotating axis of a spinning body about an intersecting axis. At the same time, a RF pulse 
(typically, 90 degrees for conventional gradient echo pulse sequences) is applied to excite 
only those spins precessing in a range of frequencies determined by the bandwidth of the 
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RF pulse. This ends up in only a slice of spins in the object being excited. The gradient is 
then reversed and turned on for half of the duration that the RF pulse was applied to 
remove the accumulated z-dependent phase in the spins. 

2. Phase encoding. The Gy (also called GP) gradient field is turned on for a duration 
τ. This corresponds to setting the ky value in k-space to be τγ yG . The value of Gy is 

changed in each repetition of the pulse sequence in order to collect all the lines of k-
space. 

3. Frequency encoding. At the same time the Gy gradient field is turned on, the Gx 
(also called GR) gradient field is turned on with a value of −Gx. This corresponds to 
setting the kx value in k-space to be τγ xG− . Then the Gx gradient field is turned on for a 

duration τ2  at the same time that the data is sampled. This corresponds to filling one line 
of k-space. 

Because one line of k-space is acquired following each RF pulse, the above three 
steps are repeated Np (the number of phase encode steps) times in order to acquire all the 
lines of k-space. An example trajectory through k-space for this pulse sequence is shown 
in Figure 2-18. This makes the total scan time for one slice Np·TR, where TR is the 
repetition time for the pulse sequence. If Ns slices are acquired to produce a 3D image, 
the total acquisition time becomes Ns·Np·TR. In addition, multiple acquisitions may be 
acquired in order to increase the SNR due to averaging effects, making the total scan time 
NAC·Ns·Np·TR, where NAC is the number of acquisitions desired. 

 

Figure 2-18. Gradient echo pulse sequence and corresponding k-space trajectory. Figure 
taken from (Haeker 2004). 

The spin echo pulse sequence is another conventionally used MR technique. The 
PSD for this technique is shown in Figure 2-19. The major contrast between it and the 
gradient echo pulse sequence is the use of a 180 degree refocusing pulse to create the 
“echo” in the received signal at time TE/2 after the 180 degree RF pulse and time TE 
after the 90 degree RF pulse. This effectively removes the effect of T2* decay, however 
T2 decay is still present. The trajectory through k-space is the same as in the gradient echo 
pulse sequence, with one line of k-space being acquired during each TR interval (time 
between one 90 degree excitation pulse and the next 90 degree excitation pulse). Note 
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also that the reversed Gx gradient field is not required because of the 180 degree 
refocusing pulse. 

 

Figure 2-19. Conventional spin echo pulse sequence diagram. Figure taken from (Haeker 
2004). 

2.3.3.3 Fast MR Techniques 

As described in section 2.3.3.2, the total scan time Tscan required using a 
conventional MR imaging technique is given by 

TRNNNACT psscan ⋅⋅⋅=
 

(2-7) 

where NAC is the number of acquisitions to be averaged, Ns is the number of slices 
acquired, Np is the number of phase-encode steps (i.e., number of lines of k-space), and 
TR is the repetition time.  

The fact that the scanning time is proportional to the number of phase-encode steps 
in equation (2-7) is a direct consequence of the fact that only one line of k-space is 
acquired during each TR interval for conventional MR techniques. If, however, multiple 
lines could be acquired in each TR interval, the total scan time would then be given by 

TL

TRNNNAC
T

ps
scan

⋅⋅⋅
=

 

(2-8) 

where TL is the number of lines acquired per TR interval. This is the basis of fast scan 
MR techniques such as fast spin echo. 

Imaging the heart presents the additional challenge of dealing with cardiac motion 
during the image acquisition process. One approach to meet this challenge is to acquire 
consecutive images as rapidly as possible, by using as short TR as possible (Ozturk, 
Derbyshire et al. 2003). The repetition time TR must be long enough such that the net 
magnetization has a chance to reappear along the z-axis. Using a smaller flip angle in 
combination with gradient echo techniques can result in a reduced scan time because of 
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the ability to use a short TR. Images acquired in this fashion generally have limited 
spatial resolution (due to the limited number of k-space lines that can be acquired), and 
poor temporal resolution (150–300 ms). Improvements can be achieved by using echo-
planar techniques (i.e., collecting several k-space lines per TR by modulating the 
gradients) (Ljunggren 1983; Epstein, Wolff et al. 1999) or by using longer k-space 
readout trajectories in each TR (Ahn, Kim et al. 1986; Meyer, Hu et al. 1992). More 
recently, techniques known as parallel imaging have provided the possibility for 
accelerating the imaging process further via the use of multiple receiver coils (Sodickson 
and Manning 1997; Pruessmann, Weiger et al. 1999), albeit with some SNR penalty. The 
adoption of these techniques may make the direct acquisition of cardiac images with high 
spatial and temporal resolution feasible in the near future. 

Segmented k-space imaging is an alternative approach permitting the acquisition of 
a set of images at multiple cardiac phases over the course of several heartbeats in a single 
ECG-gated, breathheld scan. This is achieved by partitioning the k-space data matrix into 
several so-called segments. The region corresponding to each k-space segment is acquired 
repeatedly for the duration of a heartbeat, providing multiple cardiac phases, and the 
successive segments are acquired in successive heartbeats. The set of segments for each 
cardiac phase is then assembled and reconstructed into an image. The temporal resolution 
can be improved by reducing the segment size (i.e., by reducing the number of k-space 
lines in a segment), but note that this is at the price of an increased total imaging and, 
therefore, breath-hold time. Segmented k-space imaging techniques can be improved by 
using interpolation techniques to adjust for slight variations in the cardiac cycle 
(Feinstein, Epstein et al. 1997). The acquisition times for segmented k-space imaging can 
also be reduced through the use of echo-planar, spiral, and parallel imaging techniques.  

2.3.3.4 Myocardial Tagging Techniques 

Myocardial tagging is a technique whereby, via the application of RF pulses and 
gradients, a saturation band pattern (commonly a polar or rectangular grid) is placed over 
the myocardium. This is immediately followed by the application of a cine or real-time 
imaging sequence (Sodickson 2002). Because the saturated magnetization pattern 
“moves” with the atoms of the tissue, any cardiac motion shows up as deformations in the 
grid pattern in the resulting imaging sequence. Quantitative estimates of the wall motion 
may be obtained by tracking the movements of individual grid elements (Bluemke and 
Boxerman 1999; Sodickson 2002). The actual tagging process is considered a 
“preconditioning” pulse sequence, and thus it can be used as a precursor to almost any 
imaging method (Axel 2002). 

Some of the techniques used for the creation of the saturation grid patterns are: 1) 
TMRI (tagged MRI); 2) PCMRI (phase contrast magnetic resonance imaging); and 3) 
pulse field gradient-based MRI methods (HARP (harmonic phase imaging) and DENSE 
(displacement encoding with stimulated echoes)). TMRI modulates the underlying image 
intensity with the help of a specific pre-saturation technique. This essentially produces a 
pattern of dark lines, or so-called tags, on the image. Deformation of these temporary 
lines is analyzed to derive a motion model of the underlying tissue. In contrast, PCMRI 
uses phase shifts induced in the transverse magnetization with “instantaneous” velocity 
encoding pulses for measuring motion; the phase of the signal is directly related to the 



 

 

 

INTRODUCTION                                                                                                                                                                35 

 

 

 

 

velocity of the material within each voxel at the time of velocity encoding. The velocity 
field can then be integrated to get the displacement. In DENSE and HARP, a uniform 
pattern of phase modulation is encoded into the tissue at a chosen time, and the 
deformation of that pattern is detected at a later time and utilized to estimate the motion. 

A number of preparation modules have been developed to perform the tagging 
operation. While some highly specialized tagging methods have been developed to effect 
arbitrary spatial tagging patterns, we limit the discussion here to the generation of tagging 
patterns that comprise regularly spaced parallel lines or grids, and that use the FT (Fourier 
Transform) approximation to model the effects of RF pulses. The DANTE RF pulse 
scheme, which comprises a train of very short RF pulses, is a useful basis upon which 
MRI tagging procedures can be developed. Tagging using the DANTE pulse sequence is 
effective on small (e.g., animal) imaging systems, where relatively short high-amplitude 
RF pulses can be achieved. On larger, whole body systems, however, the ability to play 
arbitrarily short but intense RF pulses is limited. For these systems, it is more common to 
turn the gradient off during the transmission of each RF pulse in the comb of RF pulses, 
yielding the SPAtial Modulation of Magnetization (SPAMM) tagging procedure (Axel 
and Dougherty 1989). This modification renders the individual RF excitations 
nonspatially selective, eliminating the requirement that the RF pulses to be short. 

The HARP technique (Osman, Kerwin et al. 1999; Osman, McVeigh et al. 2000) 
was originally proposed as a post-processing method to quantify in-plane motion from 
tagged MR images. The HARP method involved the acquisition of conventional SPAMM 
tagged images from which a single spectral peak corresponding to the fundamental 
tagging spatial frequency was isolated by band-pass filtering. The FastHARP pulse 
sequence (Sampath, Derbyshire et al. 2001) is intended to directly acquire the small 
region of k-space data required for HARP processing rather than acquiring a full k-space 
dataset. 

2.4 SUMMARY 

Cardiovascular diseases are the main causes of death. Myocardial ischemia is a 
frequently encountered pathological problem, which is caused by a locally reduced blood 
flow due to the obstruction of the coronary arteries. The mechanical properties of 
ischemic myocardium are altered and, thus, the injured tissue contracts irregularly. 
Therefore, non-invasive estimation of myocardial contractility is of great interest in order 
to detect regions with abnormal contraction and suspected failing arteries. The degree of 
abnormality is also of importance to determine the potential of the injured region to 
recover contractile function after reperfusion therapy.  

Among all the available imaging methods, CMR is one of the reference methods to 
perform the dynamic exploration of the cardiac function non-invasively. This imaging 
method is not only used to study the motion of the myocardial wall but also other 
functional parameters such as perfusion or viability. Therefore, it is a very valuable 
imaging technique to assess the diagnostics of different cardiovascular diseases.  
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Nevertheless, the main drawback of conventional CINE CMR images is their 
inability to follow the motion of individual portions of the heart wall as the absence of 
reliable identifiable landmarks within the heart wall, which limits the assessment of the 
intramural motion. Nowadays, the most reliable method to quantitatively assess intra-
myocardial contractile function is to make use of tagged images. MR tagging, available in 
most clinical scanners, uses a special preparation pulse to spatially modulate the 
longitudinal magnetization of the objects in order to create temporary fiducial markers, 
called tags, in the myocardium 

In this context, this Thesis aims to contribute in the quantification of regional 
myocardial motion, developing automatic techniques for cardiac motion estimation in 
cardiac magnetic resonance sequences. 

 



333...      MMMOOOTTTIIIOOONNN   EEESSSTTTIIIMMMAAATTTIIIOOONNN   

TTTEEECCCHHHNNNIIIQQQUUUEEESSS   

This chapter describes the main techniques for motion estimation, focused on the 
differential and frequency-based techniques. Main methods for cardiac motion estimation 
are also described. 

3.1 INTRODUCTION 

A fundamental problem in processing sequences of images is the computation of 
optical flow, an approximation to image motion defined as the projection of velocities of 
3D surface points onto the imaging plane of a visual sensor. Optical flow is often a 
convenient and useful image motion representation. However, other motion descriptors, 
sometimes more general than optical flow, have been described such as parametric 
models of motion or descriptors adapted to restricted contexts, for example when 
elements of the geometry of the scene or the motion of the visual sensor are partially or 
completely pre-determined. 

The importance of motion in visual processing cannot be understated: 
approximations to image motion may be used to estimate 3D scene properties and motion 
parameters from a moving visual sensor, to perform motion segmentation, to compute the 
focus of expansion and time-to-collision, to perform motion-compensated image 
encoding, to compute stereo disparity, to measure blood flow and heart-wall motion in 
medical imagery and, recently, to measure minute amounts of growth in corn seedlings 
(Beauchemin and Barron 1995; Aubert, Deriche et al. 1999). 
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3.2 OPTICAL FLOW 

The initial hypothesis in measuring image motion is that the intensity structures of 
local time-varying image regions are approximately constant under motion for at least a 
short duration (Horn and Schunk 1981). Formally, if ( )txI ,  represents the image intensity 

function, then 

),(),( ttItI δδ ++= xxx  (3-1) 

where xδ  is the displacement of the local image region at ( )t,x after time xδ . Expanding 

the left-hand side of this equation in a Taylor series yields 

2·),(),( OtIItItI t +⋅+∇+= δδxxx  (3-2) 

where ( )yx III ,=∇  and tI  are the 1st order partial derivatives of ),( tI x  and 2O , the 

2nd and higher order terms, which are assumed negligible. Subtracting ),( tI x  on both 

sides, ignoring 2O  and dividing by tδ  yields 

0=+⋅∇ tII v  (3-3) 

where ( )yx III ,=∇  is the spatial intensity gradient and ( )21,vvv =  is the image velocity 

(Beauchemin and Barron 1995). Equation (3-3) is known as the optical flow constraint 
equation, and defines a single local constraint on image motion (see Figure 3-1). 

 

 

Figure 3-1. Line defined in the velocity space. The normal velocity is defined as the vector 
perpendicular to the constraint line. 

However, this constraint is not sufficient to compute both components of the 
velocity as the optical flow constraint equation is ill-posed. It is only one linear equation 
with two unknowns. That means that only the motion component in the direction of the 
local gradient of the image intensity function may be estimated. This phenomenon is 
known as the “aperture problem” (Aubert and Kornprobst 2006). Only in those image 
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locations where there is sufficient intensity structure the motion can be fully estimated 
with the use of the optical flow constraint equation. This means that the velocity of a 
surface that is homogeneous can not be recovered optically. The normal image velocity 
can be written as 
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(3-4) 

as it is in the direction of the spatial gradient. Therefore, the computation of 
spatiotemporal derivatives allows the recovery of the normal velocity. Looking at 
equation (3-4), it becomes clear that the optical flow can provide an estimate of image 
motion only if some conditions are satisfied such as uniform illumination, lambertian 
surface reflectance and pure translation parallel to the image plane. Actually, these 
conditions are not usually satisfied, and frequently they only are locally fulfilled. 

3.2.1 THE APERTURE PROBLEM 

If motion estimation is related with changes in grey values, both spatially and 
temporarily, it is easy to find these changes with time and space derivative local 
operators. Let assume that we have the following image sequence, which consists of a 
vertical bar moving to the left (see Figure 3-1). 

 

 

Figure 3-1 Representation of the aperture problem 

The motion of the line is described by a displacement vector, which joints each 
point of the object in the first image with its correspondent in the second image. 
Nevertheless, which is the displacement vector in this case? It is unknown which point in 
the second image corresponds to a point in the first one. This effect is known in the 
literature as the aperture problem. Only the normal component of the displacement vector 
at the object surface can be determined, as the local operator only sees a small region of 
the image. However, if a corner would appear in the moving figure, it would be possible 
to characterize the motion. 

The aperture problem is a particular case of the correspondence problem, which is, 
the problem to find the same point in two consecutive images of a sequence. This 
problem can be found in objects deforming with time, objects with a periodic form or 
simply an image which has several and identical objects which can not be distinguished, 
and therefore it is impossible to know the correspondence of the objects among different 
images of a sequence. 
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Figure 3-2 Representation of the correspondence problem. In this figure, green circles 
represent pixels corresponding to the sequence in time t, and yellow circles to the sequence in 

time t+1. 

These basic examples show the problem of the motion analysis. It can be 
concluded that the physical correspondence of the objects is not the same to the visual 
correspondence in the image. 

3.3 OPTICAL FLOW TECHNIQUES 

Numerous theoretical and practical studies on the optical flow estimation from 
image sequences and on the useful information it contains have been performed (Horn 
and Schunk 1981; Lucas and Kanade 1981; Adelson and Bergen 1985; Horn 1986; Glazer 
1987; Glazer 1987; Heeger 1987; Jacobson and Wechsler 1987; Uras, Girosi et al. 1988; 
Anandan 1989; Fleet and Jepson 1990; Jähne 1990; Schnorr 1991; Simoncelli, Adelson et 
al. 1991; Bergen, Burt et al. 1992; Black 1992; Fleet 1992; Nagel 1992; Cohen 1993; 
Simoncelli 1993; Beauchemin and Barron 1995; Deriche, Kornprobst et al. 1995; Fleet 
and Langley 1995; Gupta and Prince 1995; Guichard and Rudin 1996; Gupta and Prince 
1996; Gupta, Prince et al. 1997; Aubert, Deriche et al. 1999; Kornprobst, Deriche et al. 
1999; Haussecker and Fleet 2001; Arredondo, Lebart et al. 2004; Bruhn, Weickert et al. 
2005; Aubert and Kornprobst 2006). Despite this wide variety of approaches, algorithms 
for computing optical flow are usually divided into three categories:  

� Differential techniques: also known as “gradient” techniques. They estimate 
optical flow vectors from the derivatives of image intensity over space and 
time. These are typically derived directly by considering the total temporal 
derivative of a ’preserved’ quantity such as the brightness. 

� Matching techniques: They operate by matching small regions of image 
intensity or specific “features” from one frame to the next. The matching 
criterion is usually a least squares or normalized correlation measure. 

� Frequency-based or filter-based techniques: They are based on spatio-
temporally oriented filters (i.e., velocity-sensitive), and they are typically 
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motivated and analyzed by considering the motion problem in the Fourier 
domain. They fall into two categories, energy-based and phase-based. 

Each technique has several advantages and disadvantages. Numerical 
differentiation is sometimes impractical because of small temporal support or poor signal-
to-noise ratio. In these cases, it is natural to consider correlation techniques. Among the 
advantages brought by the frequency-based methods, it is found that motion-sensitive 
mechanisms operating on spatiotemporally oriented energy in Fourier space can estimate 
motion in image signals for which matching approaches would fail. One example is the 
motion of random dot patterns. 

The differential method has a major drawback in the estimation of the first and 
second derivatives of the pixel intensity, mainly in the case of noisy images. To improve 
noise robustness, a common strategy is to use regularization methods based on variational 
integrals. On the contrary, frequency-based methods are in general more robust to noise. 
Due to the fact that cardiac images are quite noisy, a frequency-based approach has been 
chosen for the implementation of our algorithm  

Despite their differences, many of these techniques can be conceptually viewed in 
terms of three stages of processing: 

1. pre-filtering or smoothing with low-pass filters in order to extract signal structure of 
interest and to enhance the signal-to-noise ratio 

2. the extraction of some basic measurements, such as spatiotemporal derivatives (to 
measure normal components of velocity) or local correlation surfaces and 

3. the integration of these measurements to produce a 2D flow field, which often 
involves assumptions about the smoothness of the underlying flow field. 

3.3.1 DIFFERENTIAL METHODS 

Differential techniques compute image velocity from spatiotemporal derivatives of 
image intensities. The image domain is therefore assumed to be continuous or 
differentiable in space and time. There are global and local methods of first and second 
order, all based in equation (3-3). Global methods use equation (3-3) and an additional 
global constraint, usually a smoothness regularization term, to compute dense optical 
flows over large image regions. Local methods use normal velocity information in local 
neighbourhoods to perform a least-squares minimization to find the best fit for v. The size 
of the neighbourhood for obtaining a velocity estimate determines whether each 
individual technique is local or global (Beauchemin and Barron 1995). Recent extensions 
to global methods include robust penalty functions (for data and smoothness terms), the 
use of coarse-to-fine search for optimization, and the incorporation of stronger local 
constraints on the motion (Bruhn, Weickert et al. 2005).  

Differential techniques compute velocity from spatiotemporal derivatives of image 
intensity or filtered versions of the image (using low-pass or band-pass filters). Their 
common point is the consistency intensity hypothesis of a point during its movement, 
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where it can be assumed that the intensity of a point keeps constant along its trajectory. 
The hypothesis is called the optical flow constraint (OFC). The displacements can be 
considered small for which changes of light sources are small.  

Mathematically, let ( )tyxI ,,  denote the intensity of the pixel ( )yx,  at time t . 

Starting in the point ( )00 , yx  at the time 0t , we have 

( ) ( )( ) ( )000 ,,,, tyxIttytxI =  (3-5) 

where ( ) ( )( ) ( )000000 ,,,, tyxttytx = . If we differentiate with respect to t , at 0t , we have 
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(3-6) 

So we search the optical flow as the velocity field 
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(3-7) 

and the final equation yields as 

( ) ( ) ( ) 0,,,,, 00 =+∇⋅ tyxItyxIyx tv  ( 3-8)  

Unfortunately (as explained before), this equation is scalar and is not enough to 
find both components of the velocity field. This is the aperture problem. Further 
constraints are therefore necessary to solve for both components of velocity (Barron, 
Fleet et al. 1994). 

Second-order differential methods use second-order derivatives to constrain 2-D 
velocity (Nagel 1983; Tretiak and Pastor 1984; Nagel 1987; Uras, Girosi et al. 1988). The 
conservation of ( )tyxI ,,∇  along the trajectories could be imposed, which is 

( ) 0,, =
∇

tyx
dt

Id

 
(3-9) 

These conditions can be rewritten in the following form 
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(3-10) 
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Strictly speaking, the conservation of ( )tI ,x∇  implies that first-order deformations 

of intensity (e.g. rotation or dilation) should not be present. This kind of method is often 
sensitive because we need to compute second order derivatives. 

Another way to constrain ( )xv  is to combine local estimates of one component of 

the velocity and/or 2-d velocity through space and time, thereby producing more robust 
estimates of ( )xv  (Singh 1990). There are two common methods to accomplish this. The 
first method fits the measurements in each neighbour to a local model for 2-d velocity 
(e.g. a low-order polynomial model), using least-squares minimization or a Hough 
transform. The second approach uses global smoothness constraints (regularization) in 
which the velocity field is defined implicitly in terms of the minimum of a functional 
defined over the image (Barron, Fleet et al. 1994). 

3.3.1.1 Regularizing the velocity field 

Horn & Schunk (Horn and Schunk 1981) combined the gradient constraint (3-3) 
with a global smoothness term to constrain the estimated velocity field 

( ) ( ) ( )( )tvtvtv ,,,, 21 xxx = , minimizing 

( ) ( )∫ ∫ ∇+∇++⋅∇
D D

BA

t dxvvII
44 344 214434421

2

22
2

21
22 λv

 
(3-11) 

defined over a domain D, where the magnitude of λ  reflects the influence of the 
smoothness term and ⋅  is the usual Eucledian norm. In this case, we search for the 

velocity field σ  fitting best the optical flow constraint (term A) and at the same time that 
the derivatives are low (term B). Tikhonov & Arsenin (Tikhonov and Arsenin 1977) 
introduced this penalty term, that isotropically smooths without taking into account the 
discontinuities of the flow field. 

Since then, much research has been performed to deal with discontinuous optical 
flow field. The most significant work has been done modifying the term B, as the 
following examples: 

� Black was the pioneer modifying more robust norms (Black 1992). The idea 
is to change the regularization term into 

( ) ( )∫∫
ΩΩ

∇+∇ dxvdxv 21 φφ

 
(3-12) 

where functions φ  permit noise removal and edge conservation. Cohen or 
Kumar, Tannenbaum and Balas use the L1 norm, or the Total Variation 
( ( ) tt =φ ) (Cohen 1993; Kumar, Tannenbaum et al. 1996). Other approaches 
were adopted by Deriche, Kornprobst and Aubert (Deriche, Kornprobst et al. 
1995), who adopted more general functions to preserve discontinuities. 
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� Gupta and Prince (Gupta and Prince 1996) or Guichard and Rudin (Guichard 
and Rudin 1996) added some penalty terms based on the divergence or the 
rotational of the flow field. In this case, the idea is to note that rigid 2D objects 
in 2D motions have a divergence free motion. The divergence is non zero only 
at the boundaries of occlusions, where it looks like a concentrated measure. 

� Nagel and Enkelmann (Nagel and Enkelmann 1986; Nagel 1987) proposed 
an oriented smoothness constraint. In this case, the smoothness is not imposed 
across steep intensity gradients in an attempt to handle occlusions. 

3.3.1.2 The regularization term 

To solve the regularization part, we consider the corresponding term in the Euler-

Lagrange equation. If we replace 
2

ω∇  in (3-11) (where ω  is 1v  or 2v ) by ( )ωφ ∇  

where ( )⋅φ  having desired properties. To define and identify such functions, we consider 
the term in the Euler-Lagrange equations, 

ωω ∆→∇ 2
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(3-13) 

If we develop the divergence term, denoting 
ω

ω
η

∇

∇
=  and ξ  the normal 

direction to η , the divergence term has the following form (Aubert, Deriche et al. 1999),  
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(3-14) 

where ηηω  is the second order directional derivative of ω  in the direction η , and ξξω  is 

the second order directional derivative of ω  in the direction ξ . 

In order to regularize the solution and preserve optical flow discontinuities, we 
would like to smooth isotropically the optical flow field inside homogeneous regions and 
preserve the flow discontinuities in the inhomogeneous regions. Assuming that the 
function ( )⋅''φ  exists, the isotropic smoothing condition inside homogeneous regions can 
be achieved by imposing the following conditions (Aubert, Deriche et al. 1999),  
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At points where ω∇  is small, the divergence term becomes 

( )
( )( ) ( ) ωφωωφω
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ηηξξ ∆=+≈
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div

 
(3-16) 

In order to preserve the flow discontinuities near inhomogeneous regions 
presenting a strong flow gradient, one would like to smooth along the curve with constant 
flow and not across them. This leads to stopping the diffusion in the gradient directionη , 

which is setting the weight ( )ωφ ∇''  equal to zero, while keeping a stable diffusions 

along the orthogonal directionξ , setting the weight 
( )

ω

ωφ

∇

∇'
 equal to some positive 

constant 
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(3-17) 

Therefore, at the points where the flow gradient is strong, 1v  and 2v  will be the 
solutions of the following equations (Deriche, Kornprobst et al. 1995) 
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(3-18) 

Note that the positiveness of the β  coefficient is also required to generate a stable 

smoothing process in the ξ  direction. Unfortunately, the two conditions of (3-17) can not 

be simultaneously satisfied by a function ( )Zm∇φ . However, the effects of the diffusion 

along the gradient can be decreased more rapidly than those associated with the diffusion 
along the isophotes (intensity curve level) by imposing the following conditions (Aubert, 
Deriche et al. 1999) 
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(3-19) 

The conditions given by (3-15) and (3-17) are those which have to be imposed in 
order to deal with a regularization process which preserves the discontinuities. As shown 
in (Aubert, Deriche et al. 1999), these conditions are also sufficient to prove that the 
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model is mathematically well posed and the existence and uniqueness of a solution is also 
guaranteed by these conditions. 

Several functions have been proposed in literature (see Table 3-1). Among 
discontinuities preserving functions ( )⋅φ , there are convex and non-convex functions. 

Author ( )sφ  ( )
s

s'φ
 

Geman and Reynolds 
(Geman and Reynoleds 

1993) 
2

2

1 s

s

+
 

( )221

2

s+
 

Malik and Perona (Perona 
and Malik 1990) 

( )21log s+  
( )21

2

s+
 

Green (Aubert, Deriche et 
al. 1999) 

( )[ ]scoshlog2  
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0tanh2
02
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Aubert (Aubert, Deriche et 
al. 1999) 

212 2 −+ s  
( )21

2
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Total Variation norm 
(Aubert, Deriche et al. 

1999) 

s  
s

1  

Table 3-1. Some preserving discontinuities functions φ  

3.3.1.3 The Total Variation (TV) norm and Half quadratic 
regularization 

The very good anisotropic denoising properties of the total variation seminorm 

( ) ( )∫= dxxDvTV v  have been proved many times (Rudin, Osher et al. 1992). Dv  

denotes the distributional gradient of v . The total variation seminorm is finite only in the 
bounded variation (BV) space. Since TV is highly nonlinear and not continuous at 

( ) 0=xDv , a special attention must be paid to its discretization and several relaxed 

linearization schemes were proposed. We have followed the half-quadratic regularization 
scheme (Deriche, Kornprobst et al. 1995) that introduces an auxiliary variable. 

Let us recall the theorem inspired from Geman and Reynolds (Geman and 

Reynoleds 1993). For every ( ) ( )
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The variable xb  is called an auxiliary variable associated to x . One can check that 

this theorem can be applied to all the ( )⋅φ  functions proposed for discontinuities 

preservations. So, introducing two dual variables 
1v

b  and 
2v

b  associated to 1v∇  and 

2v∇ , the problem reduces to minimize the resulting augmented energy with respect to b  

and v ,  
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(3-20) 
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(3-21) 

There are two stages of minimization, which are repeated until convergence: 

( )
( )

1

,minarg

,minarg
1*1

*1

+=

=

=

++

+

nn

FV

VF

n
V

n

n
b

n

bv

bb

 

(3-22) 

The two variables 
1v

b  and 
2v

b  are independent, and show the minimum reached at 
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Now, the associated Euler-Lagrange equations can be written as follows 
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(3-23) 

3.3.1.4 The homogeneous term 

When having a homogeneous region characterized by low image gradients 
magnitude, no visible motion should be locally detected. This can be enforced by adding 
a term of the form 

( ) dxxc
2

v∫
Ω  

(3-24) 

where ( )xc  is a given penalizing function for homogeneous regions. Typically, ( )xc  is 

high for low spatial gradients of the velocity field (hence penalizing velocities in poor 
information zones) and low for high spatial gradients of the velocity (no intervention). 
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3.3.2 FREQUENCY DOMAIN TECHNIQUES 

Many important insights about the estimation of motion may be explained in a 
straightforward manner by considering the problem in the Fourier domain. This is easily 
appreciated by considering the motion of a one-dimensional signal. We can represent 
such a signal as an intensity image in which the intensity of each pixel corresponds to the 
value of the signal at a particular location and time. A translating one-dimensional signal 
has the appearance of a striped pattern, where the stripes are oriented at an angle of 

( )v/1arctan=α , where v  is the velocity of the signal (Simoncelli 1993). Clearly, the 

Fourier decomposition of this signal is a set of sinusoids of this same orientation, and 
varying wave number (spatial frequency magnitude). Thus, the power spectrum of the 
Fourier transform will be located along a line that passes through the origin at angle α, as 
illustrated in Figure 3-2.  

                

 

Figure 3-2. a) Sinc function translating (v=1 pixel/sec).  b) Fourier transform of the signal a).  

The case in two dimensions, although it is more difficult to illustrate, is very 
similar. A translating two-dimensional pattern has the appearance of oriented “bundles of 
fibers” in a 3D space-time ( )tyx ,, . The Fourier transform spectrum of an image 

undergoing rigid translation lies in a plane in the spatio-temporal frequency domain. 

For analyzing a video sequence through a three-dimensional Fourier transform let 
us assume again that we can represent an image sequence through a function ( )yxi ,0  

such as 

( ) ( )tvytvxityxi yx −−= ,,, 0  (3-25) 

where the main assumption here is that moving objects must move with a uniform 
velocity vector ( )yx vv ,  and must have a constant illumination. Now, by calculating the 

spatial and temporal Fourier transform of the sequence ( )tyxi ,, , we obtain 

( ) ( ) ( )
tyyxxyxtyx ffvfvffIfffI ++= δ,,, 0  (3-26) 

where I0 represents spatial Fourier transform of i0 and δ is the Dirac delta function. 
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Thus, ( )
tyx fffI ,,  is nonzero only on a plane, which is called the motion plane 

(Pingault and Pellerin 2004). This plane passes through the frequency origin. Its equation 
is given by 

0=++ tyyxx ffvfv
 (3-27) 

Estimating parameters of this plane leads to estimate the velocity vector 
components ( )yx vv ,  of the moving object. Therefore, equation (3-27) can also be viewed 

as the Fourier transform of the optical flow constraint equation (OFCE). 
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(3-28) 

3.3.2.1 Orientation Selective  Filtering 

Adelson and Bergen (Adelson and Bergen 1985) propose several computational 
schemes, where detecting image motion is equivalent to extracting spatiotemporal 
orientation. Gabor filtering is presented as a technique for extracting spatiotemporal 
energy. A Gabor filter is a Gaussian function multiplied by a sine or cosine wave. For 
example, the function in (3-29) is a 3D sine Gabor filter,  
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(3-29) 

where ( )ω,k  is the central frequency at which the response presents the amplitude peaks. 

Jahne in (Jähne 1990) demonstrated that detection in spatiotemporal orientation is 
analogous to eigenvalue analysis of inertia tensor. 

3.3.2.2 STF approach   

Among the different techniques for computing optical flow using frequency-based 
methods, the spatiotemporal-frequency approach (STF) has been proposed, which gives a 
simultaneous representation of a signal in space and spatial frequency variables (Jacobson 
and Wechsler 1987). One implementation of the STF approach employs the Wigner-Ville 
distribution (WVD) as an underlying STF image representation. 

The major motivation for considering the use of STF image representation 
approach as a basis for computing optical flow comes from the literature on mammalian 
vision. In particular, some investigations have demonstrated that many neurons in various 
cortical areas of the brain behave as spatiotemporal-frequency bandpass filters (Laplante 
and Stoyenko 1996). In the field of non-stationary signal analysis, the WVD has been 
used for the representation of speech and image. Jacobson and Wechsler (Jacobson and 
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Wechsler 1987; Jacobson and Wechsler 1998) were the first to suggest the use of the 
WVD for the optical flow estimation. 

The Wigner Distribution was introduced by Wigner as a phase space representation 
in Quantum Mechanics, and it gives a simultaneous representation of a signal in space 
and spatial frequency variables (Wigner 1932). Later, in the area of signal processing, 
Ville derived the same distribution that Wigner proposed several years before (Ville 
1948). The WVD can be considered as a particular occurrence of a complex spectrogram 
in which the shifting window function is the function itself (Hormigo and Cristóbal 
2003). 

The WVD distribution of a moving sequence is a 6-dimensional function defined 
by  

( ) ( ) ( )
∫∫∫

++−
= τβατβα

τβα
dddetyxRwwwtyxW tyx wwwj

ityxi ,,,,,,,,,,
 

(3-30) 

where  

( ) ( ) ( )τβατβατβα −−−+++= tyxityxityxRi ,,,,,,,,, *

 
(3-31) 

and where * denotes complex conjugation.  

Again, for the case where a time-varying image ( )tyxi ,,  is uniformly translating at 

some constant velocity, the WVD of this image is 

( ) ( ) ( )yxyxityyxxtyxi wwtvytvxWwwvwvwwwtyxW ,,,,,,,, −−++= δ
 

(3-32) 

From (3-32), the WVD of a linearly translating image with velocity ( )yx vv ,  is 

everywhere zero except in the plane defined by  

( ) }{ 0:,,,,, =++ tyyxxtyx wwvwvwwwtyx
 

(3-33) 

Equivalently, for an arbitrary pixel at tyx ,, , each local STF spectrum of the WVD 

is zero everywhere except on the plane defined in (3-33). For this reason, if a procedure 
for estimating the velocity associated with a given STF spectrum is found, we will obtain 
a space and time varying optical flow function.  

3.3.3 MATCHING TECHNIQUES 

Accurate numerical differentiation may be impractical because of noise, because a 
small number of frames exist or because of aliasing in the image acquisition process. In 
these cases, differential approaches may be inappropriate and it is natural to turn to 
region-based matching (Barron, Fleet et al. 1994). Such approaches define velocity v  as 
the shift ( )yx dd ,=d  that yields the best fit between image regions at different times. 
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Finding the best match implies to maximizing a similarity measure (over d ), such as the 
normalized cross-correlation or minimizing a distance measure, such as the sum-of-
squared difference (SSD): 
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(3-34) 

where W denotes a discrete 2-d window function, and ( )yx dd ,=d  take only integer 

values. 

There is a close relationship between the SSD distance measure, the cross-
correlation similarity measure and the differential techniques. Minimizing the SSD 
distance implies to maximizing the integral of product term ( ) ( )dxx +21 II . Also, the 
difference in (3-34) can be interpreted as a window-weighted average of a first-order 
approximation to the temporal derivative of ( )tI ,x  (Barron, Fleet et al. 1994). 

There are many ways to measure similarity between grey patterns. The most 
common are based on the sum of differences between pixels, with some modifications to 
include the effect of global variations of grey level. The minimization of an intensity 
distance can be replaced by the maximization of some correlation measure between 
regions. The cross correlation standard is sensible to noise, and is usually replaced by the 
normalized correlation or the correlation with zero mean. 

3.4 MOTION ESTIMATION TECHNIQUES 

APPLIED TO CARDIAC IMAGES 

Ecocardiography is in fact, one of the imaging methods most commonly used to 
assess cardiac function. This is due to its wide availability in the medical centers and its 
low cost. The continuous development of new technologies of ultrasound imaging 
acquisition has induced an improvement in the quality of the images, promoting the 
development of algorithms for cardiac motion estimation (Nastar and Ayache 1996; 
Yeung, Levinson et al. 1998; Jacob, Noble et al. 1999; Papademetris, Sinusas et al. 2001). 

In conventional echocardiography, tracking of temporal patterns of speckle through 
optical flow techniques is an alternative to the Doppler methods (Hein and O'Brian 1993). 
These techniques work directly through the ultrasound signal received. Time-domain 
techniques, based on the computation of optical flow through information of the 
reconstructed image, allow the evaluation of the myocardial deformation (Mailloux, 
Langlois et al. 1989). These techniques have also been used to guide segmentation 
algorithms (Gianchetti, Gigli et al. 1996). They are usually applied to classic algorithms, 
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without adapting them to echocardiography. Each author employs a particular optical 
flow algorithm. Giachetti and Mikic (Gianchetti, Gigli et al. 1996; Mikic, Krucinski et al. 
1998) employ for the same goal algorithms of block correspondence and differential 
algorithms, respectively. Recently, a model of computation of optical flow adapted to the 
signal model present in conventional ecocardiographic imaging has been proposed 
(Cohen and Dinstein 2002). It is a simple model of multiplicative Raleigh noise, and it 
obtains the expression of the maximum likelihood for this noise. 

Nuclear imaging techniques as PET as SPECT have been also use for motion 
estimation (Brigger, Bacharach et al. 1999), in spite of the low spatial and temporal 
resolution, and the high cost equipment required (Declerck, Feldmar et al. 1998; Thirion 
and Benayoun 2000). Left ventricular deformation has been assessed in three-dimensional 
space using ECG-gated single photon emission computed tomography (SPECT) (Cooke, 
Garcia et al. 1994; Germano, Kiat et al. 1995; Berman and Germano 1997; Calnon, 
Kastner et al. 1997; Cwajg, Cwajg et al. 1999; Faber, Cooke et al. 1999; Shen, Liu et al. 
1999) and positron emission tomography (PET) (Yamashita, Tamaki et al. 1989; Miller, 
Wallis et al. 1994; Buvat, Bartlett et al. 1997). In (Gorce, Fibroulet et al. 1996), an optical 
flow method for the estimation of the 3D endocardial wall motion from CT data based on 
the optical flow, the divergence-free and the smoothness constraints is presented. 

Over the last years, tagged MR imaging has become an established technique in 
cardiac imaging (Osman, McVeigh et al. 2000), especially for motion estimation. Some 
of the methods proposed in the literature for the estimation of displacement fields include 
tracking intensity spatial modulation on the magnitude images (using segmentation of 
minimum intensity lines, optical flow, registration, etc…) or tracking the harmonic phase 
(HARP) (Aubert, Deriche et al. 1999).  

Tracking intensity minima is normally based on the development of an intensity 
profile model of a grid line. It is time dependent, and it usually depends on a user which 
manually starts to identify the location of the lines. Afterwards, the most probable 
location is searched, or a segmentation using approximations morphological operations to 
locate dark lines in the image (Guttman, Prince et al. 1994), matched filters (Young 1998; 
Chen and Amini 2001), Gabor filters (Quian, Montillo et al. 2003), deformable grids 
(Kumar and Goldof 1993) and manually identified points (Young and Axel 1992) can be 
accomplished. The advantage of the optical flow methods is that they provide a dense 
estimation of the motion field in two dimensions, and not only a sparse set of data. There 
have been several strategies to perform the tracking of lines of the myocardium using 
such techniques (Denney and Prince 1994; Gupta and Prince 1995; Gupta, Prince et al. 
1997), some of them trying to suppress the effects of the tag fading (Prince and McVeigh 
1992; Dougherty, Asmuth et al. 1999) or using registration techniques (Ledesma-
Carbayo, Derbyshire et al. 2008). On the other hand, the HARP technique uses such an 
approach to track the phase of the tissue tagging pattern in ‘‘angle’’ images (Osman, 
Kerwin et al. 1999; Osman, McVeigh et al. 2000; Ledesma-Carbayo, Derbyshire et al. 
2008). 

Although the use of the HARP technique is widely spread, it is not commonly used 
for obtaining dense motion fields because of the calculation time required for computing 
each point and the vulnerability of the method in the presence of noise. On the other 
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hand, optical flow techniques allow motion fields estimation from image sequences with 
reasonable computation cost, and provide valuable information to process video 
sequences.  

3.5 STATE OF THE ART 

In this chapter, the main techniques for motion estimation have been described, to 
finish with the main methods for cardiac motion estimation. The main techniques used for 
echocardiography, nuclear imaging and specially CMR are mentioned, because it is the 
imaging technique chosen for this Thesis. 

As it has been commented, there are several motion estimation techniques for 
CMR. Nevertheless, the variational approach, considered one of the best motion 
estimation techniques, has not been widely developed for this purpose. The most 
developed techniques are based on phase tracking as HARP, but they do not provide a 
dense optical flow with low computational cost. On the other hand, spatiotemporal 
techniques have not been adopted either for this purpose, which could be useful in the 
case of noisy images as the CMR images. 

This thesis aims to contribute with these techniques to the CMR motion estimation 
to facilitate cardiac functional analysis. 





 

 

444...      WWWIIIGGGNNNEEERRR---VVVIIILLLLLLEEE   DDDIIISSSTTTRRRIIIBBBUUUTTTIIIOOONNN   

AAANNNDDD   HHHOOOUUUGGGHHH   TTTRRRAAANNNSSSFFFOOORRRMMM   AAAPPPPPPLLLIIIEEEDDD   

TTTOOO   MMMOOOTTTIIIOOONNN   EEESSSTTTIIIMMMAAATTTIIIOOONNN   OOOFFF   

CCCAAARRRDDDIIIAAACCC   MMMRRRIII      

This chapter describes, and details a new approach for motion estimation from 
sequences that take advantage of the properties of the Hough Transform and the Wigner-
Ville distribution. The method is validated in synthetic data and real data from Cine MR 
sequences. For the sake of completeness a brief introduction to Hough Transform is 
described in first place.  

4.1 THE HOUGH TRANSFORM 

HT and the least square method (LS) are two known methods to estimate the 
position of objects. The LS method is based on the minimization of an objective function, 
the square sum of the distance between the points of the image and the model. Hough 
Transform (HT) is an important technique in image processing to search lines among a 
great amount of data. In the simplest case, a figure will consist of a number of points. The 
problem deals with detecting the presence of a group of points belonging to the same line. 

The HT is the classical approach for finding the parameters of lines in a binary 
image, and maps each image point to all points in the parameter space, which could have 
possibly produced the image point. Thus, each image point votes for the shape parameters 
that could have produced it. The points in the parameter space that accumulate the 
greatest number of votes, which appear as peaks, are the most likely to have produced the 
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shapes in the true image. Its main advantages are the ability to discard features belonging 
to other objects and its robustness  to deal with incomplete data and noise (Marques 
1998).  

To understand the HT is important to know what the Hough space is. Each point 
(ρ, θ) of the Hough space (Figure 4-1-b) corresponds to a line which forms an angle θ and 
is at a distance of ρ to the origin in the space of original data (Figure 4-1-a). 

 

 

Figure 4-1 a) Original data space. b) Hough plane 

Therefore, a parameterization to transform each line of the original space into a 
point of the Hough space can be defined as 

ρθθ =+ sincos yx  (4-1) 

If θ is restricted to the interval (0,π), normal parameters for a line are unique. With 
this restriction, each line of the plane x-y only corresponds to a unique point of the plane 
ρ-θ. 

Let us suppose that we have a collection of points and we want to find a collection 
of straight lines passing over them. To perform this, the points (xi, yi) will be transformed 
into the sinusoidal curves of the ρ-θ plane, defined by 

ρθθ =+ sincos ii yx  (4-2) 

Now it is easy to guess that the curves corresponding to points which have a 
common line will have an intersection point. This point of the plane ρ-θ (ρ0, θ0) will 
define the line which passes through this set of points. Therefore, the problem of 
searching points belonging to the same line becomes now searching the intersection point 
between the curves of the plane ρ-θ. 

Moreover, a dual property of the transformation point-curve can be established. If 
an aggregate of points are included in the ρ-θ space, all belonging to the same curve, 

ρθθ =+ senyx 00 cos  (4-3) 

) ) 
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it is easy to check how all these points correspond to lines in the plane x-y, which pass 
through the point x0, y0. 

The most interesting properties of the point-curve transformation can be 
summarized as 

� A point in the initial plane corresponds to a sinusoidal curve in the 
parameterized plane. 

� A point in the parameterized plane corresponds to a straight line in the initial 
plane. 

� Points belonging to the same straight line in the initial plane correspond to 
curves with a common point in the parameterized plane. 

� Points belonging to the same curve in the parameterized plane correspond to 
lines passing through the same point in the initial plane. 

In practice, many times it is not necessary to determine the lines with high 
accuracy, and an error in ρ and θ can be accepted. In that case, the plane ρ-θ can be 
divided into a grid. The quantification can be confined in the region 

RR ≤≤−≤≤ ρπθ ,0 , where R is the size of the grid. The points outside this rectangle 
correspond to lines in the original plane that do not cross the grid. This quantified region 
is treated as a bidimensional array of accumulators. 

For each point of the original plane, the corresponding curve is introduced in the 
accumulator’s array, incrementing the value in each cell passing through the curve. 
Therefore, a cell in the bidimensional accumulator stores the total number of curves 
passing through it. Once all the points of the figure have been processed, the cells 
presenting maximum values are searched. 

4.2 PROPOSED ALGORITHM 

4.2.1 WVD-HT MOTION ESTIMATION 

This section describes a WVD-HT global motion estimation approach. It is based 
on a spatio-temporal-frequential (STF) approach, which gives a simultaneous 
representation of a signal in space and spatial frequency variables. The implementation of 
the STF approach has been the Wigner-Ville distribution, as explained in section 3.3.2.2.  

The WVD of a moving object with constant velocity and constant illumination is 
nonzero only on a plane (see equation 3-33). As it can be inferred from this equation, the 
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gradient of the plane will be the velocity of the object. Nevertheless, the WVD can 
produce also cross-terms which could interfere in the estimation of the correct velocity.  

The method chosen for estimating this plane has been the HT, because of its ability 
to discard features belonging to other objects and its robustness to deal with incomplete 
data and noise. These characteristics are very important in our problem, due to the 
presence of cross terms in the Wigner-Ville distribution. 

As it was seen in the previous section, a line can be completely characterized in the 
Hough plane, as well as a plane. This feature has been used to determine the velocity by 
means of the HT applied to the STF spectrum. 

Our first approach was based on the use of the HT on the whole spectrum in order 
to find the plane. In this way, each pixel of the spectrum with a nonzero value was 
represented in the Hough plane. Let see an example in a simple sequence.  

Figure 4-2. a) Four representative frames of a synthetic sequence. b) WVD of the sequence 
shown in a) 

Following the equation of the plane shown in eq. 3-33, we can clear the 
components of the velocity,  
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(4-4) 

Giving values to one of the components, we can clear the other one. These two 
values will set a position in the Hough plane, where it will be summed the value 
encountered in the spectrum for that position. This procedure will be performed for each 
pixel of the WVD, summing accumulatively in the Hough plane. The Hough plane of the 
example presented above is shown in Figure 4-3. The maximum of this Hough plane will 
be the estimated velocity. 
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Figure 4-3. Hough plane 

Nevertheless, with more complicated sequences, the cross terms encountered in the 
WVD are going to complicate the Hough plane. The difference can be seen, for instance, 
in the example on Figure 4-4-a), where with the same moving figure of the previous 
example but an oblique motion, there are cross terms present in all the frames of the 
spectrum. The maximum found on it could be caused by the cross terms and not by the 
real gradient of the plane, and sometimes can produce incorrect solutions. For this reason, 
we have though about another design based on the HT computation for each of the frames 
of the spectrum in order to detect a line on each of them and in this way discarding the 
information from cross-terms pixels. Furthermore, this method is computationally less 
demanding. 

At the end, our problem can be reduced to finding one straight line in each 
temporal frame. Furthermore, we already know that the spectrum contains the frequency 
origin, and we can observe that the lines in different temporal frames are parallel. Taking 
into account these facts and by means of applying the HT, the plane will be detected.  

The main scheme of the technique for motion estimation is represented in Figure 
4-4. We will illustrate our new algorithm with an example. In Figure 4-4, the block 
diagram of the implementation of the plane detection stage is shown. We started with a 
simplistic testing sequence, composed by a circular object moving with a oblique velocity 
along the coordinates X and Y. By performing the WVD we will find a plane which is 
represented in each temporal-frequency frame by a line. In Figure 4-4-a several frames of 
the spectrum are shown.  
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Figure 4-4. General block diagram of the method proposed. 

The next step of the algorithm is performing the HT for each of the frames of the 
spectrum (see Figure 4-4-b). One example of the result obtained after this stage is shown 
in Figure 4-4-g. Taking the maximum value of this HT (Figure 4-4-c), the information of 
the position for each line is provided. As every straight line found in one frame is parallel 
to the others, the maxima found in all the HT lie all along a line, which means that every 
line of the spectrum has the same angle θ. Summing up all the HT transform of the 
frames of the spectrum (Figure 4-4-d), it is straightforward to find that all these maxima 
belong to one line (see Figure 4-4-h). 

Actually, the information provided by the angle of one of the peaks would be 
enough for estimating the direction of the velocity. But most of the times, ideal conditions 
are not met (for example, the presence of cross-terms induced by the WVD), and in some 
cases, by considering only one of the frames we can end up with an erroneous solution, 
due to noise or other external factors. In order to estimate the direction of the velocity, we 
propose to use the redundant information of all the frames and the property shown in the 
Figure 4-4-h, where all the maxima form a straight line and by applying the HT to the 
summation of all the peaks (Figure 4-4-e), erroneous peaks can be easily discarded. 

In order to estimate the magnitude of the velocity, the values of the different ρ 
obtained have been used (i.e. the distance from the lines to the origin), so as to estimate 
the gradient of the plane. As Figure 4-4-i shows how the values of ρ lie along a line, 
which slope can be measured by means of another HT (Figure 4-4-f). 
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4.2.2 WDV-HT: LOCAL MOTION ESTIMATION 

This implementation should be used when the a priori information of assuming 
only one object in the sequence is unknown. Thus, a small window is assigned to each 
pixel of the sequence, and the algorithm presented in the previous section is executed for 
each of the windows. However, using only one fixed size of window can lead to several 
problems such as aliasing effects. For this reason, the technique described above has been 
modified in a hierarchical coarse-to-fine framework.  

A hierarchical scheme allows the images to be decomposed in different scales of 
resolution in the form of Gaussian or Laplacian pyramids. Because of a low-frequency 
representation at coarser resolutions, the optical flow constraint equation becomes 
applicable in the case of large image motions. In addition to handling fast motions, 
hierarchical processing also offers increased computational efficiency (Beauchemin and 
Barron 1995). With only one scale of resolution, because of low sampling rates and 
aliasing effects, the optical flow constraint equation (OFCE) becomes inappropriate. 

The main problem of the hierarchical approach is choosing the best size of 
window. If the window size is very small, the aperture problem can appear easily in any 
window. Even worse, using a bigger size window could have the problem of including 
more than one object (moving with different velocities) inside the same window. To 
avoid these problems, a multiresolution implementation has been developed. The 
sequence is windowed for different window sizes, estimating an optical flow for each 
window. Later, for each pixel the best estimation will be chosen, according to a criterion 
based on the comparison of the maximum values of the HT among the different window 
sizes. The HT maximum values are normalized in order to perform a fair comparison 
among them. As the HT is an accumulative method, the maximum value of the different 
HT for different window sizes is going to give us the best estimation of the plane 
gradient. The value of velocity corresponding to that window size for which the 
maximum HT has been found is going to be set for that pixel. 

In the case of our design, the problems which have been solved with the 
hierarchical implementation are the aliasing effect, the aperture effect and the problem of 
measuring large or too small image motions. For easier comprehension we can consider 
the 1-D example of a sinc signal translating at 1 pixel/sec shown in Figure 4-5. Let us 
suppose a decrease in the velocity to 0.5 pixels per second (see Figure 4-5-c). Its 
spectrum is shown in Figure 4-5-d), where the aliasing is clearly visible. With a coarse 
resolution in space, taking only one pixel out of two, the velocity is increased a factor of 
two (Figure 4-5-e), and consequently, the aliasing is eliminated (Figure 4-5-f). With this 
hierarchical implementation, the most accurate velocity is chosen after having obtained 
the results for all the scales of resolution. The decision about the velocity measurement is 
made taking into account the accuracy of the HT.  
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Figure 4-5.  a) Sinc function translating (v=1 pixel/sec).  b) Fourier transform of the signal 
a). c) Sinc function translating (v=0.5 pixel/sec). d) Spectrum of the signal c. Note the presence 

of aliasing. e) Signal downsampled in space. f) Spectrum of the signal e. 
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4.3 EVALUATION 

4.3.1 EXPERIMENTS AND RESULTS USING 

SYNTHETIC SEQUENCES 

4.3.1.1 Synthetic Sequences 

The new methodology proposed here was applied for evaluation purposes to 
synthetic images of a moving circular object with constant intensity, which can be 
described as: 
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where ρ represents the radius of the circle with a constant grey level, θ varies from 0 to 
2π, (x0, y0) is the initial point, t corresponds to the variation of the position with the time 
and finally, vx and vy are the velocity components of the circle. Figure 4-6 shows three 
images of the sequence, for vx =1 and vx =-1. 

 

Figure 4-6. Images of the synthetic sequence for vx = 1 and vy = -1 

4.3.1.2 Global Motion Estimation Experiments 

In order to estimate the global motion, we have obtained a smoothed 3D frequency 
spectrum by means of a Hanning filter which has been previously introduced (Meyering, 
Gutierrez et al. 2000). 

The method was applied to distinct values of ρ, (x0, y0) and (vx, vy). Some results 
are shown on Table 4-1. For these simple sequences, when we consider a moving object 
with a uniform velocity and we calculate a global motion, accurate information about the 
optical flow can be obtained by means of the method based on WVD-HT.  
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Table 4-1. Translations in pixels/frame for several examples. 

For these simple sequences, a quite accurate value of optical flow is obtained with 
the WVD-HT method when we consider an object moving with a uniform velocity and 
the global motion is calculated. 

4.3.1.3 Local Motion Estimation Experiments. Comparison 
with Variational Techniques 

Besides the global estimation of the optical flow, a further step has been done 
estimating motion locally. This implementation should be used when the assumption of a 
unique object inside the sequence is not valid. For this reason, a small window is assigned 
to each pixel of the sequence, and the global method is then run for every window.  

To test the influence on the window size and the proposed multiresolution scheme, 
an example with two hierarchical levels has been performed. Results are shown in Figure 
4-7-a, where the image size is 128x128x25 pixels, and the window sizes applied are 
25x25 and 50x50 pixels respectively. For these window sizes, we can observe that the 
estimated optical flow in the regions near to the border of the circle is very accurate. Only 
the regions inside the circle present uncertainty due to the aperture problem, and therefore 
their optical flow values are less accurate.  

We have applied the variational method to the same simple sequence used before. 
We can observe the results for an arbitrary frame obtained for vx=1 and vy=0 in the Figure 
4-7-b, where it is shown the optical flow obtained after regularization. We can see that the 
values of optical flow are about 1 pixel per frame, but the optical flow doesn’t always fit 
the right positions being less accurate inside the circle due to the aperture problem. This 
uncertainty of the optical flow in the homogeneous areas has been partially corrected by 
means of the regularization process. 

Actual translation Estimated translation 

Vx Vy vx vy 

1 0 1.0000 
-9.4941e-

016 

1 -1 0.9717 -0.9748 

-0.7 0.5 -0.6773 0.5203 

0.7 -1 0.6935 -0.9434 

-1.2 -0.7 -1.1973 -0.6790 
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Figure 4-7. a) Optical flow with local estimation using the method based on WVD-HT; b) 
Optical flow obtained using variational methods. 

Differential methods provide an optical flow for each pixel of the sequence, so it 
can be a tough task to perform a direct comparison with the global motion estimation 
method based on WVD-HT, but we can make a comparison through the local motion 
estimation. Figure 4-7-a and Figure 4-7-b show that results obtained with our method are 
comparable with the variational technique and the motion field obtained with our method 
fits better at the homogeneous positions.    

4.3.1.4 Robustness against Noise 

Finally, to test the robustness against noise of the new methods proposed, several 
experiments have been conducted adding different types of noise to the sequence. Table 
4-2 shows results of estimated translation for our sequence with added noise, when the 
actual translation is Vx = 1 pixel/frame and Vy = -1 pixel/frame. The Gaussian and Speckle 
added noise are characterized by its variance and the Salt & Pepper noise by its density.  

 Gaussian Speckle   Salt & Pepper 

Variance/Density vx vy vx vy vx vy 

0.05 0.97 -0.97 0.97 -0.97 0.96 -0.98 

0.1 0.98 -0.95 0.97 -0.97 0.96 -0.98 

0.2 0.95 -0.95 0.98 -0.96 0.98 -0.97 

0.4 1 0 0.97 -0.98 0 -1 

Table 4-2. Estimated translations provided by WVD-HT method in pixels/frame for actual 
translation Vx=1 and Vy=-1 for different additive noise variances. 

In the case of the variational method, the added noise of each pixel has influence 
on the estimation of first and second derivatives of the pixel intensity. Therefore the 
optical flow gets worse as the noise increases for the variational method.  

a) b) 
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4.3.2 MOTION ESTIMATION FOR CMR 

SEQUENCES 

4.3.2.1 CMR Sequences 

The method proposed has been applied to real CMR sequences in order to estimate 
the myocardial displacement, and its performance has been evaluated for these non ideal 
cases. All the scans were performed in a Philips Intera 1.5 T (Philips Medical Systems, 
The Netherlands) and with a five elements phased-array coil dedicated to cardiac 
imaging. The scans were performed using a breath hold Balance Fast Field Echo (B-FFE) 
sequence. Parallel imaging was used to be able to acquire a higher number of frames per 
sequence needed for the proposed techniques. More than 60 frames per cycle were 
actually acquired. An example of an image belonging to one of the sequences of the study 
is shown in Figure 4-8. 

 

Figure 4-8. Image of one of the CMR sequences of study. 

4.3.2.2 Application of Local Motion Estimation to CMR 

A local analysis of motion has been carried out, assigning a small window to each 
pixel of the sequence, and executing the algorithm for each of the windows. Thus, an 
optical flow for all the pixels of the sequence is obtained.  

In this case, the analysis is more complex because the ideal conditions are not met. 
The first condition is that objects must move under a uniform velocity. In a real sequence, 
a uniform velocity cannot be guaranteed. So the size of the sequence along the temporal 
axis must be small enough for assuming uniform movements. Moreover, the number of 
images must be enough to obtain reliable information about the gradient of the plane 
contained on the 3D Wigner-Ville distribution. 

In Figure 4-9, a simulation of the left ventricular contraction through the cardiac 
cycle is shown. We can see as in the systolic period there is a set of frames where a 
uniform velocity can be supposed. That is why we have chosen this period in the 
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sequences tested to take a set of frames with enough temporal support assuming uniform 
movement for the WVD-HT motion estimation technique. 

 

Figure 4-9. Simulation of the left ventricular contraction through the cardiac cycle. 

On the other hand, the main problem of these sequences is the presence of a 
deformable cardiac wall instead of a rigid moving object. Because of this reason, some 
cross-terms are found in the spectrum and, in some cases, these terms can mask the plane 
detection. In order to make uniform these small changes between the images of the 
sequence, a previous segmentation stage has been applied for extracting the myocardium. 
Such segmentation turns to be difficult due to the low contrast of the frames and it has 
been attained by simply subtracting each frame with its corresponding negative frame and 
then by applying a simple image thresholding. Apart from that, a pre-processing stage of 
the sequence has been performed, filtering the image with a Hanning filter of five 
elements. An intensity threshold has been established setting the threshold manually, in 
order to delete all the non-relevant parts of the image. Nevertheless, the problem of the 
presence of a deformable object is going to be the main one. 

The results corresponding to different windows are going to be shown in the next 
pages, where it is easy to find the main examples of the problems faced, and how they 
have been solved. For these sequences, we have applied a multiresolution technique of 4 
sizes of windows of 7, 12, 15 and 18 pixels each. The original sequence consists of 21 
images, and the window size used was 31x31 pixels. This size of window was chosen 
after several trials and it was probed to give good results. Due to the cross terms 
appearing because of the Wigner-Ville distribution, it is not feasible to use a smaller 
window size as the main information appears in the centre of the window. In the first 
example (shown in Figure 4-10), seven small windows of the images of the sequence 
which are equally separated in time are shown. Together with them, seven images 
corresponding to the correlation and the Wigner-Ville distribution obtained are shown. As 
it can be observed, the plane to be detected is masked. It is only visible in three of the 
seven images shown, belonging to the middle of the temporal sequence. This is due to the 
non-uniform correlation obtained. 

Time 
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Figure 4-10. Example (I) of the method applied to a window 

Applying the Hough Transform on this spectrum, it is easy to guess that results are 
not going to be very accurate. In Figure 4-11 it can be observed how neither the direction 
nor the velocity has been correctly estimated (left figure) or the gradient of the plane 
(right figure). In this last figure, points show the distance to the centre of each detected 
line. Red line shows the estimation of the gradient of the plane with the HT and green line 
shows the estimation made with the minimum square method. Lines detected are not 
perfectly aligned, and the distance to the centre is not equally spaced, so we can see that 
the HT has some problems to estimate the gradient of the plane. 

 

Figure 4-11. Result (I) of the HT. In the figure of the right, the red line indicates the 
estimation of the gradient of the plane obtained with the HT, and the green line the gradient 

obtained by the minimum square method. 

Another example where we can see the previously detailed problems more 
noticeable is shown in Figure 4-12. The velocity can be estimated at first sight, both the 
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direction and the module. Nevertheless, with the correlation obtained, the Wigner-Ville 
distribution can not offer relevant information, and the HT will not estimate the velocity 
accurately. 

 

 

 

 

 

 

 

 

Figure 4-12. Example (II) of the method applied on a window 

 

4.3.2.3 Adjusting the Method to Better Estimate Velocity 
from CMR Sequences 

Once the problems occurred have been analysed, the main concern was to make the 
correlation uniform, both in terms of its shape and orientation. The first approximation 
was made locating the maximum point of that correlation in each of the images. 
Nevertheless, that approximation is not very accurate. For this reason, we adopted a 
probabilistic approach, calculating the average point of that correlation. The main 
objective is obtaining relevant information from the correlation to approximate it to ideal 
initial conditions.  

An example of the original correlation for a window and the uniform 
corresponding correlation can be seen in Figure 4-13. An example of the result of the 
plane achieved with this method to make the correlation will be shown in the following 
section. 
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Figure 4-13. Example of a uniform correlation 

Nevertheless, to achieve an accurate solution it is also important to estimate 
correctly the multiresolution strategy, choosing adequately the number of scales and the 
size of window for each scale. This analysis is going to be explained in the following 
section. 

4.3.2.4 Benefits of the Multiresolution Strategy 

Once the problem of estimating velocities from a deformable object has been 
solved, we have analysed another kind of problem. In spite of the fact that we have 
implemented a hierarchical multiresolution method, we have observed clearly the 
problem of the temporal aliasing. This is a very interesting problem to study in these 
sequences. In the synthetic sequences previously generated, a value of velocity was 
established. Based on this value, the size of the window was adapted, and also the number 
of scales of the multiresolution implementation. Nevertheless, in the magnetic resonance 
sequences, there is no a priori estimation of the range of values where the optical field 
will lie, essentially because it depends to a large degree on the number of images taken in 
a cardiac cycle, actually dependent on the heart rate of the subject and the MR imaging 
parameters. 

Because of this reason, several cases with temporal aliasing have been detected. 
This problem is produced when the input of a motion estimation system is sampled in 
time, as in our case where we have a sequence composed of several images. In this case, 
velocities of great magnitude can be difficult to estimate. 

As previously explained, if an object is moving with uniform velocity, we will 
obtain a spectrum with energy lying only on a plane. The normal vector of it will have the 
same magnitude and direction as the velocity of the object in movement. Usually, the 
spatial sampling is supposed to be enough dense so as not to present aliasing. That means 
that images are limited in spatial band, and the sampling frequency is above the Nyquist 
limit. The temporal sampling of the sequence originates the replication of the signal 
spectrum, in temporal frequency intervals of 2π/T radians, where T is the time among 
different images that make the sequence (Meyering, Gutierrez et al. 2000) (see Figure 
4-14). 

 

Uniform correlation 

Original correlation 
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Figure 4-14. Example of temporal aliasing  

An example in the cardiac magnetic resonance sequence is shown in Figure 4-15, 
where it can be observed that there are two planes in those images corresponding to the 
extremes of the sequence. 

 

Figure 4-15. Example of temporal aliasing in CMR 

In this case, the HT result has not been influenced too much because the main 
plane has more energy than the others. Nevertheless, a slight displacement on the angle 
can be seen (see Figure 4-16), caused by the erroneous values. 
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Figure 4-16. Result of the HT. In the right image, red line indicates the estimation of the 
gradient of the plane found with the HT, and green line those obtained with the minimum 

square roots method. 

It has been already analysed how the presence of too high velocities leads to an 
erroneous estimation of the optical flow. Nevertheless, too small velocities may also be 
difficult to detect. An example is shown in Figure 4-17, where we can see as the gradient 
of the plane is small. 

 

 

 

 

 

 

 

Figure 4-17. Example of the plane with low velocities 

In Figure 4-18 a real CMR case of low velocities can be seen. The main problem 
here is that the main plane has a very small gradient. This means that only a few slices 
have information to estimate the gradient. What is more, more than half of the slices 
present spurious terms which will lead to an erroneous estimation of the velocity. 
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Figure 4-18. Example of the method with low velocities in CMR 

The estimation of the gradient of the plane with this example has been influenced 
by these slices corresponding to the extremes of the spectrum, as shown in Figure 4-19. 

 

Figure 4-19. Result of the HT with low velocities. In the figure of the right, red line indicates 
the estimation of the gradient of the plane of the HT and green line those obtained with 

minimum square root. 

A method to avoid that the velocity estimation becomes incorrect by the temporal 
aliasing (or the contribution of the borders of the spectrum with low velocities) is 
implementing a hierarchical multiresolution system. This method solves both the aperture 
problem and the aliasing.  
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If we enlarge the image resolution, we can multiply the velocity by a factor 
proportional to the increment applied to the size of the image. On the other hand, the 
temporal aliasing is corrected in the same way, but using the inverse method. The 
resolution is divided by a known factor that we will apply in the same way to the velocity 
(see Figure 4-20). 

 

 

 

 

 

 

Figure 4-20. Multiresolution technique 

Results obtained with the example of Figure 4-21 are going to be shown, where the 
accuracy of the velocities obtained can be proved. In this example, we can see how the 
adequate window size has been chosen, as the spectrum draws perfectly the lines of the 
plane. Again, for this sequence, we have applied a multiresolution technique of 4 window 
sizes of 7, 12, 15 and 18 pixels each. Again, for each pixel the best estimation will be 
chosen, according to a criterion based on the comparison of the maximum values of the 
HT among the different window sizes.  

The original sequence consists of 21 images, where the velocity is supposed to be 
uniform. 
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Figure 4-21. Example of the enhanced method applied on a window for CMR sequences. The 
Wigner-Ville distribution is shown, followed by the uniform correlation obtained with the 

enhanced method, the original correlation and the original sequence. 

In Figure 4-22 the result of the HT can be observed. In the image of the right, we 
can see as every slice of the spectrum but two of them (probably belonging to the sides of 
it) determine the direction of the velocity with great accuracy. In the image of the right, 
the HT is applied on the displacements of the lines which form the plane. This determines 
the gradient of the plane. Furthermore, it can be observed how the HT provides a better 
estimate because the erroneous information is not taken into account. The velocities 
obtained for this window have been vx=   0.3868 pixels/slice and vy=-0.5807 pixels/slice. 
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Figure 4-22. Result of the HT with the enhanced method. In the figure of the right, red line 
indicates the estimation of the gradient of the plane of the HT and green line those obtained 

with minimum square root. 

4.3.2.5 QUANTITATIVE EVALUATION 

Unfortunately, the ground truth is not available in these real sequences. In order to 
make a quantitative estimation of the method proposed, we have picked several points of 
the sequence to track them manually and therefore obtain a quantitative estimate of the 
result.  

The sequences were acquired with a Philips Intera 1.5 T (Philips Medical Systems, 
The Netherlands) using a five element phased-array coil dedicated to cardiac imaging. 
CINE MR scans were performed using a breath hold Balance Fast Field Echo (B-FEE) 
sequence, obtaining images with a pixel size between 1mm and 1.3 mm. Only in one 
sequence, the maximum number of images was maximized. 

The first sequence evaluated has 29 frames, so we can suppose than at least in a 
small set of 10 or 12 frames of the systolic phase the motion is uniform. For this 
sequence, a multiresolution approach of 4 scales has been adopted, with sizes of windows 
of 7, 12, 15 and 18 pixels. The algorithm has taken 13 frames, in which the motion field 
is supposed to be uniform. Six different points have been chosen along the border of the 
myocardium to be tracked. As the images are CINE sequences without salient elements 
inside the myocardium, the only reference to track the points are the ones located at the 
border. The reference points tracking have been performed three times, evaluating a 
displacement of 5 central frames (for the displacement from frame 4 to 9, frame 5 to 10 
and frame 6 to 11). With this procedure, the error due to the manual tracking will be 
reduced as if the displacement is taken frame to frame because it is very difficult to 
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estimate correctly small displacements. For the evaluation, the mean of these manually 
obtained results has been computed, together with its standard deviation. 

The second sequence evaluated has 130 frames, so in this case we have supposed 
than at least in a set of 20 frames of the systolic phase the motion is uniform. For this 
sequence, a multiresolution approach of 4 scales has been adopted, with sizes of windows 
of 7, 12, 15 and 18 pixels. The algorithm has taken 21 frames, in which the motion field 
is supposed to be uniform. Six different points have been chosen along the border of the 
myocardium to be tracked. The reference points tracking has been obtained from 3 
measurements, as previously described for the other sequence. 

The mean displacement per frame obtained manually for each sequence at each 
point has been compared with the displacement obtained with the proposed WDV-HT 
technique. The root mean squared (rms) error has been computed for each point. In table 
4-3, the mean ± SD results obtained for each sequence are shown. 

Sequence         RMS error (pixels) 

                M ± SD 

     1 1.4493 ± 0.7880 

     2 0.5900 ± 0.3023 

Table 4-3. RMS error provided by WVD-HT method in pixels/frame for two different 
sequences. 

The optical flow obtained with the first sequence reported above is shown in Figure 
4-23. A qualitatively assessment of the direction of the optical flow obtained confirms the 
contraction of the myocardium during systole. 

 

Figure 4-23. a) Optical flow obtained during a period of systole superimposed on the first 
image of the sequence.  b) Same optical flow obtained 

As we can see in the results in table 4-3, for the second sequence the error 
decreases. This is due to the fact that the sequence has 130 frames, so the assumption of 
uniform velocity in 20 frames can be true in this case. On the other hand, the first 
sequence only has 30 frames for all the cardiac cycle. In this case, the performance of the 
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method is worse as the motion is probably non-uniform, compared with the second 
sequence. 

The limitation of CMR sequences with a large number of frames (as the second 
sequence has) has restricted the number of experiments to evaluate quantitatively the 
performance of the method. The main drawback of conventional CINE CMR images is 
their inability to follow the motion of individual portions of the heart wall as the absence 
of reliable identifiable landmarks within the heart wall, which limits the assessment of the 
intramural motion. For this reason, the number of manually tracked points had to be 
restricted, due to the difficulty to make an accurate evaluation of them.  

On the other hand, the use of tagged CMR sequences is not advisable for 
estimating motion with this method, as the availability of tagged CMR sequences with a 
large number of frames is still very limited. 

4.4 DISCUSSION AND CONCLUSIONS 

In this chapter, a new method based on a spatio-temporal-frequential representation 
has been proposed. A new technique to extract the information of the spectrum based on a 
new algorithm based on the Hough Transform has been presented. The method has been 
tried on synthetic sequences of known motion, probing its accuracy even in presence of 
noise. Results have been compared with a variational approach, which is considered one 
of the best methods, and results are comparable, and they fit better to the shape of the 
moving object. 

The feasibility of this method has been analysed for more complicated sequences, 
as it is the case of real cardiac magnetic resonance images. It has been probed that 
choosing an adequate hierarchical approach and making the correlation uniform, accurate 
results can be obtained especially if good temporal resolution is present. 

Nevertheless, although the feasibility of this method has been proved both for 
synthetic and real data, there are some disadvantages that must be analysed for cardiac 
magnetic resonance imaging. As this method requires taking several images of a 
sequence, it is important that the sequence has a good temporal resolution. Unfortunately, 
cardiac magnetic resonance sequences usually have a maximum of 30 images for each 
sequence (a heart beat), which becomes a bit tight for our purpose. For tagged magnetic 
resonance sequences, this number is even lower (15 to 20 images per sequence). Apart 
from that, the optical flow can not be obtained from the images belonging to the extremes 
of the sequence. 

About the computational time, for sequences similar to that one shown in Figure 
4-23, it can take about 2 or 3 hours to compute the optical flow for each pixel, with a 
hierarchical architecture of 3 sizes of window with a standard computer (3GHz processor, 
2GB of RAM memory).  
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For such reasons, although the robustness against noise is a good advantage of the 
described method, other options based on differential techniques have been analysed to 
compute optical flow in tagged cardiac magnetic resonance sequences as they will be 
described in the next chapter.  
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555...      MMMOOOTTTIIIOOONNN   EEESSSTTTIIIMMMAAATTTIIIOOONNN   OOOFFF   

TTTAAAGGGGGGEEEDDD   CCCAAARRRDDDIIIAAACCC   MMMAAAGGGNNNEEETTTIIICCC   

RRREEESSSOOONNNAAANNNCCCEEE   IIIMMMAAAGGGEEESSS   UUUSSSIIINNNGGG   

VVVAAARRRIIIAAATTTIIIOOONNNAAALLL   TTTEEECCCHHHNNNIIIQQQUUUEEESSS...   
AAAPPPPPPLLLIIICCCAAATTTIIIOOONNN   TTTOOO   MMMYYYOOOCCCAAARRRDDDIIIAAALLL   

SSSEEEGGGMMMEEENNNTTTAAATTTIIIOOONNN...   

This chapter describes, and details a new approach for motion estimation from 
sequences that take advantage of the properties of the tagged cardiac magnetic resonance 
sequences and the variational methods for computing optical flow. The method is 
validated in synthetic and real data from tagged MR sequences. A hybrid method for 
segmentation and motion estimation technique is also presented and evaluated. 

5.1 MOTION ESTIMATION OF TAGGED 

CMR 

5.1.1 PROPOSED METHOD 

The method proposed for the study of the motion in Tagged Cardiac Magnetic 
Resonance is one of the well-known differential techniques, explained before in chapter 
3. The basis of these methods is the constancy of the intensity structures of local time-
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varying image regions under motion, at least for a short duration (Horn and Schunk 
1981). The use of this method actually assumes intensity conservation between 
consecutive frames  that can be admitted in the case of tagged MR image frames 
separated by short time intervals as compared with T1 recovery (Ledesma-Carbayo, 
Derbyshire et al. 2008). However, if required, the T1 signal modulation could also be 
included in the criterion (Ledesma-Carbayo, Derbyshire et al. 2008).  

Let us remember the optical flow constraint equation (eq. 1.3) 

( ) ( ) ( ) 0,,,,, 02102121 =+∇⋅ txxItxxIxx tv  (5-1) 
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2  are the velocity fields. This 

equation needs an additional constraint, as the problem is undetermined (ill posed). The 
one adopted here is based on the regularization of the velocity fields (Aubert 1999). 

The problem proposed has to deal with the following minimization of energy, 
proposed by Horn & Schunk in (Horn and Schunk 1981)  

( ) ( )∫ ∫
Ω Ω

∇+∇++∇⋅ dxvvdxII r
t

v

2
2

2
1
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(5-2) 

and modified later with more robust norms to cope with optical flow discontinuities 
(Aubert and Kornprobst 2006).  

( ) ( )∫∫
ΩΩ

∇+∇ dxvdxv 21 φφ

 
(5-3) 

where functions φ  allow noise removal and edge preservation. Among the different φ  

functions (Deriche, Kornprobst et al. 1995), in this approach the norm L1 has been 
chosen. It is also called Total Variation (TV), ( ) tt =φ . Very good anisotropic denoising 

properties of the TV semi-norm are well known (Sroubek and Flusser 2005). Since TV is 
highly nonlinear and non continuous, a special attention must be paid to its discretization. 
Several relaxed linearization schemes were proposed. We follow the half-quadratic 
regularization scheme in (Charbonnier, BlancFeraud et al. 1997) that introduces an 
auxiliary variable, also explained in chapter 3.  

On the other hand in homogeneous areas characterized by low image gradients 
magnitude, no visible motion can be locally detected. To minimize this undesirable 
motion, an extra term is added to equation (5-2) such as 

( ) dxvxc
Ω

∫
2

2

 
(5-4) 

where 
2
 is the Euclidean norm, and 
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(5-5) 

represents a penalizing function, which is small for high image gradients and big for low 
image gradients. 

Finally, including the different terms, the energy minimization equation that we 
propose to use has the following form: 

( ) ( ) ( ) dxxcdxdxII cr
t

v
∫∫ ∫
ΩΩ Ω

+∇++∇⋅
2

2
2min vvv αφα

 
(5-6) 

In the same way that the homogeneous term has been added, it is easy to add other 
terms in order to adapt the algorithm to the problem.  The main idea of the improved 
version described here has been introducing a regularization term in order to find a more 
accurate optical flow based on prior robust estimates in given control points. The new 
term is going to have information of the displacement of several points inside the 
myocardium with a very low error (estimated below 10-3). For the sequel, we will call 
these points as control points. The term has the following form,  

( )∑ −
i

ii pvβ
 

(5-7) 

where pi is the set of control points. The parameter β  is a mask, with non-zero values 
only for the control point position. The final equation yields as 

( ) ( ) ( ) ( )22

2
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ii

cr
t

v
dxxcdxdxII pvvvv βαφα

 
(5-8) 

With this equation, a solution of compromise is going to be obtained. The 
regularization term is going to provide a more accurate optical flow in the neighbourhood 
of the control points. In those regions without any control point, this term does not have 
any effect. 

5.1.1.1 Obtaining the Control Points 

Although the equation (5-8) seems to have an easy implementation, obtaining the 
control points is a difficult task. Nevertheless, the tags of the image are an essential 
property which will allow obtaining such points. There are some papers which propose 
tracking the dark lines as finding points of minimum intensity (Guttman, Prince et al. 
1994; Young 1998; Chen and Amini 2001). In this case, several points could be chosen 
between the pixels of the tags lines as control points. Nevertheless, the tag fading is a 
limitation for these techniques, as the error allowed in the displacement estimation of 
those points has to be very small.  
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In contrast, techniques using the phase of the images (for instance, the HARP 
technique reported in (Osman, Kerwin et al. 1999; Osman, McVeigh et al. 2000) turn out 
to be very accurate for tracking a few set of selected points: in those points whose phases 
are not affected by noise and where tag jumping is avoided. As we only need a set of 
points and not a dense optical flow for these control points, the control points will be a set 
of points with high stability of phase. 

In 1-1 SPAMM (spatial modulation of magnetization) tagging pulse sequences, 
tags are created with a sinusoidal cross-sectional intensity profile. At any point on or 
between the tags, the tissue has both a magnetization intensity and a spatial phase of the 
periodic tag magnetization pattern, which are dependent on position (Axel, Montillo et al. 
2005). So, when the heart moves, a particular piece of tissue has the same phase in the 
deformed state as it has in the reference state. The phase of those images is an intrinsic 
property that can be tracked.  

As the phase of the tagged images is restricted to be in the range [ ]π,+π− , the 
control points are going to be selected among a set of points in the myocardium having a 
certain phase. We are going to select one point per tag intersection, forming a grid of 
selected points in the myocardium. An example can be seen in Figure 5-1.  

 

Figure 5-1. Example of the control points chosen in one of the sequences tested. 

From those points, a similar procedure as reported in (Osman, Kerwin et al. 1999) 
and (Osman, McVeigh et al. 2000) is established for tracking the points, using the 
Newton-Raphson method. The Newton-Raphson method is a well-known technique to 
find the root of a function. We are going to apply it in a small region centered in the 
interest point, to find the roots in the difference of phase images. To avoid tag jumping, 
the Newton-Raphson method is only run in a small window around each point, taking 
into account tag spacing. In addition to that, those points whose difference of phases has 
an error higher than 10-3 have been rejected.  Therefore, only points with very good phase 
stability have been chosen as control points. This automatic selection provides control 
points with robust tracking estimates including prior information very valid to enhance 
the method. In principle it does not matter which points are selected, although it is 
desirable that they are evenly distributed. It is also important to note that the 
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computational time does not increase very much as only a few points are going to be 
selected. 

Another important point is that the points are chosen randomly for each pair of 
images. Thus, the errors which could have been made in previous images of the sequence 
are not going to be kept. 

 

5.1.1.2 Details of the Implementation 

To solve the energy minimization in (5-8), a matrix implementation has been 
chosen to be implemented in MATLAB. Let us name each term 
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Let us decompose the equation (5-8) for the variables 1v  and 2v  and take the 

derivative of the equation with respect to them. The term corresponding to the OFCE 
yields as 
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The regularization term would be approached by 

( ) ( )2Lvvv TS α=  
(5-11) 

whose derivatives are 
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(5-12) 

In the same way, the derivatives of the homogenization term and the control points 
term are computed as follows 
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If we group the similar terms together, we have 
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(5-14) 

The problem has been reduced to one equation built by matrices, whose unknowns 
are the velocity fields 1v  and 2v .  
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The regularization term has been inserted as a discretization in the form 111 )( vzLv
T  

and 222 )( vzLv
T  (Sroubek 2006), where z  is the auxiliary variable introduced by the 

half-quadratic scheme, which is calculated as 
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Matrices ( )zL1  and ( )zL2  are Toeplitz matrixes, positive semidefinite constructed 

by z , and they perform shift-variant convolution with z . To avoid division by zero, z  is 
defined for the (Total Variation) TV case as,   
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(5-17) 

where ε  is the relaxation parameter, set experimentally on values around 10-5, depending 
on each sequence (Sroubek and Flusser 2005). Note that in the relatively flat regions, 
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( ) ε≤xDv  ( vD  denotes the distributional gradient of v ), ( )zL  becomes the Laplacian 

operator. In regions with high image gradient, ( ) ε≥xDv , vv )(zLT  approximates the 

TV semi-norm of the velocity v . 

Thinking in a more intuitive way to implement these L(z) terms in a programming 
language, let us approximate the ( )v∇div  as a Laplacian in the way vv ∆=∇∇ . This 
Laplacian would be implemented as the following convolution expression 
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(5-18) 

where * represents the convolution operator. In our case, we want to calculate the term 















∇

∇

v

v
div , which can be implemented as the following convolution 
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(5-19) 

To implement the convolution in Matlab, a set of sparse matrices has been 
implemented. The convolution will be converted into a matrix multiplication, providing 
that the terms are correctly placed, as it will be later explained. Let us start with the 
variational method without the control points. The equation that will be implemented is 
the following 
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 (5-20) 

This equation will be converted into the next multiplication of matrices (see Figure 
5-2). 

 

Figure 5-2. Example of the matrix implementation of the variational method 
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where the multiplication of derivatives of the image are converted into column vectors 
and then inserted as main diagonals of the sparse matrix. The velocities v1 and v2 are also 
converted into column vectors, forming part of the equation. 

The explanation of the construction of the L matrix is more complex. The set of z  
terms of the equation (5-17) are computed. Afterwards, they are also converted into 
column vectors and each term is properly placed as a diagonal in the sparse matrix. Thus, 
each term of the L matrix will be correctly multiplied by the term of the velocity vector, 
and in this way the matrix convolution can be avoided. With this method, the 
computational cost using Matlab will be considerably reduced. 

Once the main equation of the variational method has been explained, the whole 
algorithm of the program will be described. Although the main equation is given by 
equation (1-8), every step in the algorithm is very important for obtaining a good result. A 
brief flow diagram is shown in Figure 5-3.  
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Figure 5-3. Block Diagram of the program to determine the optical flow 

 

Take 2 consecutive images 

Preprocessing 

Compute initial velocities 

Set parameters 

iter < max 
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initial velocities 

Built main matrix 

Solve equation 
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initial_velocity= velocity 

iter=iter+1 



 

 

 

90                                                                                                                   MOTION ESTIMATION OF TAGGED CMR 

 

 

 

The pre-processing stage has several operations. The first one is setting an external 
contour to the images of 2 pixels width, by doubling the pixels of the original contour. 
With this operation, we avoid getting a wrong result of the derivatives at the border of the 
image, and thus, propagating this wrong result over the pixels in the neighbourhood. 

The next step lies in obtaining the derivatives in all the axes. For the x and y axes, 
another derivative operator has been chosen instead of the standard S = [-1 0 1] to 
convolve with the image. The derivative operator has been searched in order to fit better 
the kind of images we are working with. In this case, the tags of the CMR images are sins 
in the x and y direction, so the discrete derivative operator chosen is S=-[0.0833 -0.6667 
0 0.6667 -0.0833], which has been proven to give more accurate computational results 
(see Figure 5-4). This derivative operator has been obtained through a polynomial 
interpolation filter (in our case, of order 3), which computes the pseudoinverse of the 
Vandermonde matrix. The rows of this matrix are filters for the derivatives of each order. 
We have taken the second row, which corresponds to the first derivative.  

1 1.5 2 2.5 3 3.5 4 4.5 5
-0.8

-0.6

-0.4

-0.2

0

0.2

0.4
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0.8

 

Figure 5-4. Derivative operator 

For the temporal axis, the conventional derivative operator [-1 1] has been used. 
The final step in the pre-processing stage deals with the blurring of the images. First, a 
1D Gaussian filter of 3 elements has been chosen to smooth the first derivatives of the 
image in each direction. After that, a 1D Gaussian filter of 12 elements filters the 
multiplication of the derivatives. This step is very important in order to obtain good 
results in the evaluation of the initial velocities. 

The initial velocities are computed are given by the following eq. (5-23), which 
comes to solve the optical flow equation. In this case, we have to solve 

( )∫ ++ 2
21min tyx IvIvI

v  
(5-21) 

Taking the derivatives with respect to 1v and 2v  

( )
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(5-22) 
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Clearing the variables 1v and 2v , se obtain the initial velocities 
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(5-23) 

Regarding the parameters involved in the equation, an initial value has been 
chosen. After several trials, it has been modified in order to achieve an optimum solution, 
increasing or decreasing a decimal in each of them. 

After this step, a loop is started. The loop will be executed a previously selected 
number, in this case, five iterations are going to be made. This number of iteration has 
been set finding a compromise between the error obtained and the computational cost. In 
the first iterations, the error decreases quite much but afterwards, the error decreases only 
a few decimals. That is why the compromise between the computational time and 
iterations, in this case, has been set in five iterations. 

Regarding the extra parameter containing the control points, the matrix 
implementation yields as  

 

Figure 5-5. Example of the matrix implementation with the control points 

The β value represents another parameter to be fixed. In this case, the value of the 
other parameters will be probably modified even for the same sequence to fit all the 
parameters and obtain the best result. p1 and p2 are the control points, that is a matrix with 
non-zero values only in the places where the control points have been computed. 

The control points will be obtained following the next block diagram  
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Figure 5-6. Block diagram of the stage for obtaining the control points 

The algorithm has been implemented following a similar procedure as reported in 
(Osman, Kerwin et al. 1999; Osman, McVeigh et al. 2000), using the Newton-Raphson 
method. To avoid tag jumping, the algorithm does not work with the whole image but 
with a small window around each point, approximately the size of one tag. This is 
feasible because we know that the motion is not going to be bigger than such value. If the 
algorithm computes a displacement bigger than the size of the window, the value of the 
displacement of that point will be rejected. Besides that, if the difference of phases of any 
point when computing the Newton-Raphson algorithm has an error higher than 10-3, the 
contribution of that point will be also rejected. By means of this system, we can assure 
that the contribution of the extra term is going to work in a proper way. 

5.1.2 EXPERIMENTS 

In this section, the experiments performed are going to be explained, as well as its 
evaluation. Two different experiments have been performed, the first one with synthetic 
data and the second one with five different real datasets. The methods shown in the 
previous section have been compared both with a reference method (HARP, see Annex 1) 
and with the manual tracking of structures. 

5.1.2.1 Experiments with Synthetic Data 

To begin with, the first experiments were done with synthetic data. The simulated 
sequence has been generated from a real magnetic resonance CINE CMR image, with a 
pixel size of 1.17 x 1.17mm, a spatial resolution of 176 x 204 pixels and a slice thickness 

Obtain phase images 

Obtain a grid of points 

Get a window around each 

point 

Algorithm for selecting 

points with high stability 

of phase 



 

 

 
MOTION ESTIMATION OF TAGGED CMR IMAGES USING VARIATIONAL TECHNIQUES                                 93   

 

 

of 8 mm (Bajo, Ledesma-Carbayo et al. 2006). The tags have been simulated from a 
sinusoidal function in both directions (see Figure 5-7). 

 

Figure 5-7. First image of the sequence of the simulated data 

The image has been deformed using a separable model in time and space using 
polar coordinates as follows 

( ) ( ) ( )trx ςχ ⋅=,0 tg  (5-24) 

where ( )rχ  represents the spatial deformation, and ( )tς  simulates the left ventricular 

contraction through the cardiac cycle. The objective of the spatial deformation is to 
simulate the myocardial contraction, causing more radial movement at the endocardium 
than at the epicardium. Therefore, the myocardial thickness changes when the temporal 
function is applied (Ledesma-Carbayo, Kybic et al. 2005). It is composed of a 
circumferential term that rotates the whole image to simulate circumferential movement 
of the heart, and it only depends on the distance of each point to the centre of the 
ventricle. 
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(5-25) 

where  cr  is the endocardium radius, extr  the pericardium radius and k a constant to 

change the amplitude of the displacement. 
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The equation of the temporal evolution function ( )tς  is defined using a continuous 

pulse function ( )1, +Π ii tt  in the range [ ]1, +ii tt based on hyperbolic tangents; 

( ) ( ) ( ) ( )tbatt
T

t
sinttt ∗+⋅Π+
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2
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2

,
π
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(5-26) 

where t0 = 0.0·T, t 1= 0.446·T, t2  = 0.960·T, a = 0.431, b = -0.007 and  T = 33 

( ) ( )( )( ) ( )( )( )tttttt iiii −+−+=Π −+ 11 tanh1tanh1
4

1
, αα

 
(5-27) 

The algorithms presented in section 5.1 have been tested with this synthetic 
sequence of tagged cardiac magnetic resonance images. To run the experiments on these 
synthetic data, the myocardium was divided into six regions, according to the 
standardized myocardial division of segments (Cerqueira, Weissman et al. 2002),(see 
Figure 5-8). 

 

Figure 5-8. Standarized myocardial division of segments. Figure taken from (Jaffe and 
Lynch) 

In each region, four points were selected and tracked manually along each 
sequence. Overall, 24 points have been selected along each sequence. Results obtained 
with the variational and the enhanced variational methods have been compared with those 
obtained with HARP. The error for the three implementations has been computed, as a 
root mean squared (rms) error. 
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The values of the parameters used in the program have been selected manually, 
choosing the parameters which give better results. In this case, for the variational method 

the following values have been chosen: 710−=cα ,  510−=rα  . For the enhanced 

variational method, 610−=cα , 610−=rα  and 610−=β . For both implementations, the 

number of iterations has been set to 5 (a compromise between the computational time and 
the number of iterations made had to be achieved). The motion field has been initialized, 
solving only the OFCE. The OFCE has been solved setting the second derivatives of the 
equation with respect to v to zero, and clearing the terms 1v  and 2v . 

The same experiments have been repeated with the same synthetic sequence with 
four different levels of additive noise, with SNR of 34 dB, 26 dB, 23 dB and 20 dB. The 
noise has been added in the frequency domain. The real and imaginary parts of each 
image have been computed, and a Gaussian distribution has been added to each part. 
Results obtained with each technique in the noisy images have been compared. In Figure 
5-9, two frames of the synthetic sequence corresponding with two levels of noise are 
represented. 

 

 

Figure 5-9. a) and b) First and tenth images of the synthetic sequence with SNR=34 dB. c) and d) 
and tenth images of the synthetic sequence with SNR=20 dB 

5.1.2.2 Experiments with Real Data 

The algorithms presented in section 5.1.2.1 have been also tested with five real 
magnetic resonance sequences. Tagged MR images were acquired using an optimized 
tagging sequence on a Philips Intera 1.5 T (Philips Medical Systems, The Netherlands) 
and with a five elements phased-array coil dedicated to cardiac imaging (Ledesma-

a) b) 

c) d) 
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Carbayo, Bajo et al. 2006). Five healthy volunteers were examined acquiring short axis 
images with a frame rate of 13 frames per cycle. The tagging sequence used was an 
enhanced version of the free breathing SPAtial Modulation of Magnetization (SPAMM) 
sequence provided by the manufacturer for our Philips Intera scanner (Santa-Marta, 
Ledesma-Carbayo et al. 2006). The proposed sequence makes use of cartesian k-space 
filling, turbo gradient echo (GE) pulses and both ECG and respiration gating. The main 
parameters of the sequence are: matrix size = 192*192 (phase*frequency), 4 NSA, 
rectangular FOV = 100%, acquisition percentage = 100%, echo time (TE) = 1.9 ms, 
repetition time (TR) = shortest (5.5 ms for 80 bpm), flip angle = 13º, turbo factor = 8, 
slice thickness = 8 mm, orthogonal grid lines spacing = 8 mm, respiratory 
synchronization = gating, acquisition time = 1’12’’, 13 phases for 80 bpm. The main 
advantage of this sequence is that the tag contrast is very well maintained through the 
whole sequence (Santa-Marta, Ledesma-Carbayo et al. 2006). 

Again, according to the standardized myocardial division of segments (Cerqueira, 
Weissman et al. 2002), the myocardium has been divided into six regions, and four points 
of each region have been tracked manually. Overall, 24 points have been selected along 
each sequence. The experiments have been made with the variational method, the 
enhanced variational method and the reference method HARP. The results obtained with 
each method have been compared with the points tracked manually. The error for the 
three implementations has been computed, as the average root mean square error for each 
segment  

The values of the parameters used in the program are 610−=cα ,  710−=rα . For 

the enhanced variational method, 810−=cα , 710−=rα  and 710−=β . In both 
implementations and for the same reasons indicated for the synthetic data, the number of 
iterations has been set in 5. The motion field has been initialized in the same way as 
explained for synthetic sequences. 

5.1.3 RESULTS 

In this section, the results obtained with synthetic and real data are shown.  

5.1.3.1 Results with simulated data 

In Figure 5-10, results obtained for the simulated data are going to be shown. In the 
first row, a comparison among the manually tracked points (triangles in blue colour), the 
HARP method (circles in magenta colour) and the enhanced variational method 
(diamonds in green colour) is shown. Three significant frames of the sequence are 
represented. In order to show the figures with more clarity, only one point per region has 
been shown.  In the second row, the optical flow obtained in this sequence with the 
variational enhanced method (for the same frames represented in the first row) is shown. 
After that, the error of the HARP method (magenta colour), the classical variational 
method (red colour) and the variational method enhanced (green colour) compared to the 
manually tracked points is displayed. 
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Figure 5-10. a) First frame b) Fourth frame and c) Eighth frame of the sequence of the 
simulated data. Triangles in blue colour are manually tracked points., circles in magenta 

colour are the points obtained with the HARP method and the diamonds in green colour are 
the points obtained by the variational method enhanced. Note that blue triangles are barely 
distinguishable from the green diamonds due to the accuracy of the motion tracking. d-f) 

Optical flow for the same frames. g) Tracking error at each region in time respectively of the 
HARP method (magenta colour), the variational method (red colour) and variational 

enhanced method (green colour) compared to the points tracked manually. 
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As it is shown, the results obtained with the enhanced variational method are very 
accurate and close to those tracked manually. Compared with the HARP method, our 
results are more stable and accurate, due to the tag jumping suffered for some of the 
points when this method is used. Nevertheless, we can see that when the HARP method 
does not fail, it fits completely with the points manually tracked and also with those 
obtained with the enhanced variational technique. According to the error obtained, it can 
be seen that the variational method fits better with the expected results and it can be 
observed that the error of the variational method is smaller in general. 

The same simulated experiments have been done after adding Gaussian noise with 
four different densities. The same reference points of the experiment shown above have 
been taken. These results are shown in Figure 5-11, Figure 5-12, Figure 5-13 and Figure 
5-14. Again, triangles in blue colour are the manually tracked points, circles in magenta 
colour are the points obtained with the HARP method and diamonds in green colour are 
the points obtained by the enhanced variational method.  
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Figure 5-11. a) First frame b) Fourth frame and c) Eighth frame of the sequence of the 
simulated data with noise of SNR=34 dB. Triangles in blue colour are manually tracked 
points, circles in magenta colour are the points obtained with the HARP method and the 

diamonds in green colour are the points obtained by the variational method enhanced. Note 
that blue triangles are barely distinguishable from the green diamonds due to the accuracy of 
the motion tracking. d-f) Optical flow for the same frames. g) Tracking error at each region in 
time respectively of the HARP method (magenta colour), the variational method (red colour) 
and variational enhanced method (green colour) compared to the points tracked manually. 
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Figure 5-12. a) First frame b) Fourth frame and c) Eighth frame of the sequence of the 
simulated data with noise of SNR=26 dB. Triangles in blue colour are manually tracked 
points, circles in magenta colour are the points obtained with the HARP method and the 

diamonds in green colour are the points obtained by the variational method enhanced. Note 
that blue triangles are barely distinguishable from the green diamonds due to the accuracy of 
the motion tracking. d-f) Optical flow for the same frames. g) Tracking error at each region in 
time respectively of the HARP method (magenta colour), the variational method (red colour) 
and variational enhanced method (green colour) compared to the points tracked manually. 



 

 

 
MOTION ESTIMATION OF TAGGED CMR IMAGES USING VARIATIONAL TECHNIQUES                                 101   

 

 

 

 

5 10
0

5

10

15

Time

P
ix

e
ls

Mean Sector 1

5 10
0

5

10

15

Time

P
ix

e
ls

Mean Sector 2

5 10
0

5

10

15

Time

P
ix

e
ls

Mean Sector 3

5 10
0

5

10

15

Time

P
ix

e
ls

Mean Sector 4

5 10
0

5

10

15

Time

P
ix

e
ls

Mean Sector 5

5 10
0

5

10

15

Time

P
ix

e
ls

Mean Sector 6

 

Figure 5-13. a) First frame b) Fourth frame and c) Eighth frame of the sequence of the 
simulated data with noise of SNR=23 dB. Triangles in blue colour are manually tracked 
points, circles in magenta colour are the points obtained with the HARP method and the 

diamonds in green colour are the points obtained by the variational method enhanced. Note 
that blue triangles are barely distinguishable from the green diamonds due to the accuracy of 
the motion tracking. d-f) Optical flow for the same frames. g) Tracking error at each region in 
time respectively of the HARP method (magenta colour), the variational method (red colour) 
and variational enhanced method (green colour) compared to the points tracked manually. 
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Figure 5-14. a) First frame b) Fourth frame and c) Eighth frame of the sequence of the 
simulated data with noise of SNR=20 dB. Triangles in blue colour are manually tracked 
points, circles in magenta colour are the points obtained with the HARP method and the 

diamonds in green colour are the points obtained by the variational method enhanced. Note 
that blue triangles are barely distinguishable from the green diamonds due to the accuracy of 
the motion tracking. d-f) Optical flow for the same frames. g) Tracking error at each region in 
time respectively of the HARP method (magenta colour), the variational method (red colour) 
and variational enhanced method (green colour) compared to the points tracked manually. 
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The improvement achieved by the enhanced method can be seen looking at Table 
5-1. It shows the average error for the 24 points divided by the number of frames taken, in 
this case frames of the systolic movement.  

With noise  

Error (pixels) 

Without 
noise 

SNR=34 dB SNR=26 dB SNR=23 dB SNR=20 dB 

Variational 
method 

0.6113 0.5959 0.5659 0.5186 0.4486 

Enhanced 
variational 
method 

0.5420 0.5109 0.4682 0.4343 0.4222 

HARP method 4.9245 5.3735 5.4496 5.3645 5.6107 

Table 5-1. Results obtained for the simulated data without noise and with noise. 

As we can see in Table 5-1, the enhanced method works better than the variational 
one, and both of them perform much better than the original HARP technique. While the 
rms error increases with the noise in the HARP method, with the two variational methods 
the error decreases. This can be explained because the variational methods work well 
with smoother images. These variational methods can better track the points even with 
the presence of some noise due to the regularization term added.  

We can also see that as the error or the HARP method increases, the values 
obtained for the enhanced variational method and the variational method are getting 
closer. These numbers are coherent, as the enhanced variational method uses less reliable 
points of control, and the performance makes alike the variational method. This fact also 
shows that, even when there are only a few reliable points, the performance of the 
enhanced method will be, at least, similar as the original variational method. 

To test if there is a statistically significant difference between the variational and 
the enhanced variational method, a paired t-test has been performed on these results. The 
p value obtained for a one-tail test of significance is 0.0022, which mean that the 
difference is significant (p<0.05). 

 

5.1.3.2 Results with real data 

In Figure 5-15, Figure 5-16, Figure 5-17, Figure 5-18, and Figure 5-19 we have 
presented three representatives frames of the real sequences tested. Triangles in blue 
colour are the manually tracked points, circles in magenta colour are the points obtained 
with the HARP method and diamonds in green colour are the points obtained by the 
enhanced variational method (the variational method has not been represented because 
the density of points was too high and the representation became confusing).  
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Figure 5-15. a) First frame b) Third frame and c) Fifth frame of the first real sequence. 
Triangles in blue colour are manually tracked points, circles in magenta colour are the points 
obtained with the HARP method and the diamonds in green colour are the points obtained by 
the variational method enhanced. d-f) Optical flow for the same frames. g) Tracking error at 

each region in time respectively of the HARP method (magenta colour), the variational 
method (red colour) and variational enhanced method (green colour) compared to the points 

tracked manually. 
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Figure 5-16. a) Second frame b) Fifth frame and c) Eighth frame of the second real sequence. 
Triangles in blue colour are manually tracked points, circles in magenta colour are the points 
obtained with the HARP method and the diamonds in green colour are the points obtained by 
the variational method enhanced. d-f) Optical flow for the same frames. g) Tracking error at 

each region in time respectively of the HARP method (magenta colour), the variational 
method (red colour) and variational enhanced method (green colour) compared to the points 

tracked manually. 
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Figure 5-17. a) Second frame b) Forth frame and c) Sixth frame of the third real sequence. 
Triangles in blue colour are manually tracked points, circles in magenta colour are the points 
obtained with the HARP method and the diamonds in green colour are the points obtained by 
the variational method enhanced. d-f) Optical flow for the same frames. g) Tracking error at 

each region in time respectively of the HARP method (magenta colour), the variational 
method (red colour) and variational enhanced method (green colour) compared to the points 

tracked manually. 
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Figure 5-18. a) First frame b) Third frame and c) Fifth frame of the forth real sequence. 
Triangles in blue colour are manually tracked points, circles in magenta colour are the points 
obtained with the HARP method and the diamonds in green colour are the points obtained by 
the variational method enhanced. d-f) Optical flow for the same frames. g) Tracking error at 

each region in time respectively of the HARP method (magenta colour), the variational 
method (red colour) and variational enhanced method (green colour) compared to the points 

tracked manually. 
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Figure 5-19. a) First frame b) Third frame and c) Fifth frame of the fifth real sequence. 
Triangles in blue colour are manually tracked points, circles in magenta colour are the points 
obtained with the HARP method and the diamonds in green colour are the points obtained by 
the variational method enhanced. d-f) Optical flow for the same frames. g) Tracking error at 

each region in time respectively of the HARP method (magenta colour), the variational 
method (red colour) and variational enhanced method (green colour) compared to the points 

tracked manually. 
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Figure 5-20 shows the average tracking rms error for the five sequences tested 
using the Variational method, the Enhanced Variational method, and HARP.  

Comparison between the three methods
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Figure 5-20. Comparison of the average tracking rms error for the five sequences tested 
when the different methods, variational (red), enhanced variational (green), and HARP 

(magenta) are used.  

Only for the second sequence, the HARP method performs better than the 
variational method. But in that case, the enhanced variational method performs much 
better than the others. This is due to the regularization term, which improves the results. 
In all the cases, the variational techniques perform much better than the HARP method. 

In Figure 5-21 we can see the differences between the variational method and the 
variational enhanced method for all the sequences. In all the cases, the enhanced 
variational method decreases the tracking error. 
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Figure 5-21. Average tracking rms error for the five sequences tested with the variational 
(red) and enhanced variational (green) method.  
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As it can be seen from the figures above, the HARP method when does not suffer 
from tag jumping, gives very accurate results. This fact can be seen in the results of the 
error computed from the sector 1 and 6 in Figure 5-16. Unfortunately, the methods which 
track the phase of the images suffer from tag jumping unless a method for preventing that 
effect is implemented. Nevertheless, even in presence of noise, not all the points tracked 
with this method are always incorrect. This fact has been exploited in the enhanced 
variational method, adding a new term with the information of a set of points with high 
stability of phase. What is more, for each pair of images new control points are chosen. 
Even if some error could have been made in some points in a specific instant of time, this 
is not going to affect to the following frames. The advantages taken from the variational 
method and the property of the tagged MR sequences have been joined together to 
achieve better results than with the two methods separately. With the variational method 
we can obtain a dense optical flow, which can not be achieved with HARP unless the 
computational time increases. 

In every image shown from real sequences, it can be seen how the green diamond 
(enhanced variational method) is almost always superposed to the blue triangle (manually 
tracked points), and the average error of all the sectors keeps always below 1 pixel.  

However, the comparison of all the sequences tested has not been an easy task. As 
it can be seen, the resolution of each sequence is quite different. Sequences 2 and 5 have a 
very low resolution, and the tag period has 8 and 6 pixels respectively. The other 
sequences have better resolution, and the tag period have more than 10 pixels. This could 
be the reason that explains why the HARP method performs better for this pair of 
sequences, and as a consequence, the enhanced variational method performs better too 
because there will be more points with high stability of phase included as control points. 

In any case, we have observed with the tested sequences that the enhanced 
variational method never provides worse results than the variational method itself. Even 
without any control point, the enhanced variational method will perform as the variational 
method. It has been proved that both methods are very robust to noise degradations of 
images, as it is the case of the tagged cardiac magnetic resonance images. Even with only 
a low temporal support (sometimes we have only 6 images in the systolic period), the 
variational method is going to be able to compute an accurate optical flow for each pair of 
images.  

The disadvantages of these variational methods are the selection of the optimum 
parameters. Another problem, dealing with the sequences, is the absence of a ground truth 
sequence, which is impossible to obtain unless a manually tracking of some points is 
performed. In this case, even if a quantitative validation of the data has been made, we 
can introduce some systematic error in the manually tracking points that can not be 
estimated in any case. Anyhow, that is the best validation that can be made with real 
tagged cardiac magnetic resonance images with the data available. 

To test if there is a statistically significant difference between the variational and 
the enhanced variational method, a paired t-test has been also performed on these results. 
The p value obtained for a one-tail test of significance is 0.0017, which mean that the 
difference is significant (p<0.05). 
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5.1.3.3 Computational cost 

A study of the computational time required to run the programs implemented has 
been carried on. The programs are written in MATLAB code, and run in a PC with an 
Intel Pentium processor at 1.6 GHz, and 1.23GB RAM. In table 1-2, results for the five 
sequences tested are shown. 

 COMPUTATIONAL TIME (seconds) Ratio between 
computational time  

Seq 
Size 
(pixels) 

Variational 
method 

Enhanced 
variational 
method 

HARP, 24 
points 

Enh Var 
/Var 

Enh. Var / 
HARP 

1 123x110x7 19.518 108.857 52.14 5.518 2.088 

 2 65x63x7 13.329 49.982 10.44 3.150 4.187 

3 165x165x7 182.232 223.973 102.287 1.229 2.190 

4 126x126x7 43.623 72.915 64.233 1.621 1.135 

5 53x53x7 5.628 11.356 10.947 2.018 1.037 

Table 5-2. Computational time obtained for the five sequences tested 

As it can be observed, the size of the sequences has been included in the table, 
because the computational time depends on this factor. Comparing the computational 
time for the variational method and the enhanced variational method, it can be seen that 
for the smaller sequences, the time in the enhanced variational method is increased in a 
factor of 2 for sequence 5 and a factor of 5 for sequence 2. Nevertheless, for bigger 
sequences (sequence 4 and 3), this time is not even multiplied by a factor of 2. The 
computational time for including the control points is becoming less relevant when the 
sequences are bigger. Evidently, the computational cost for the enhanced variational 
method will be increase as long as we initially select more control points. Nevertheless, it 
is important to achieve a reasonable compromise between computational cost and results 
obtained. In our implementation, we have selected initially one control point per tag, 
which appears to be a good result. 

Regarding at the HARP method, the computational time shown in table 2 has been 
obtained for the 24 points per sequence (the ones tracked manually). It can be seen that in 
4 out of the 5 sequences tested, the time obtained for computing only 24 points it is 
between the times obtained with the variational method. That means that, for computing 
all the points of the sequence, the computational time will be much higher and not even 
comparable with the times obtained with variational methods. Comparing also with 
registration techniques, the computational time is shorter also (Ledesma-Carbayo, 
Derbyshire et al. 2008). 
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5.2 MOTION ESTIMATION AND 

SEGMENTATION 

The assessment of myocardial function not only requires the motion estimation but 
also the segmentation of the myocardium over a cardiac cycle (Chenoune, Delechelle et 
al. 2005). Cardiac segmentation is a well explored topic in medical image analysis. The 
outcome of such process can have strong diagnostic power (Paragios 2002). Identifying 
the heart chambers, the endocardium and the epicardium is of great interest for the 
physicians. Such information can be used to improve the diagnoses of cardiovascular 
diseases, to estimate the ventricular blood volume, wall mass, wall motion and wall 
thickening properties (Paragios 2002). Numerous cardiac segmentation methods have 
been developed and used to estimate the myocardial boundaries more accurately and 
efficiently. Among these, the two main approaches for cardiac segmentation are based on 
boundaries (in an explicit implementation (Montagnat and Delingette 2005) or implicit, 
with for instance, level sets (Paragios 2002; Chenoune, Delechelle et al. 2005)) and 
regions (Blekas, Likas et al. 2005). 

Active contour models have been widely used for cardiac segmentation. They are 
semiautomatic segmentation approaches, requiring an operator’s interactive guidance, 
that overcome many limitations of the traditional image processing techniques, such as 
region growing and edge detection (Cho and Benkeser 2006). The original active contour 
model, proposed by Kass et al. (Kass, Witkin et al. 1987), turned a boundary detection 
problem into an energy minimization problem using a deformable contour model. Cohen 
(Cohen 1991) modified the original active contour model to obtain more stable results 
and eliminate the shrinkage problem around strong edge points in noisy environments 
such as images from ultrasound and MRI. Xu et al. (Xu and Prince 1997) employed 
image forces to improve the detection of concave boundaries, such as the endocardial 
boundary with papillary muscles. 

Active contour models have also been very effective in segmenting and tracking 
moving objects in image sequences, such as cardiac image sequences. Leymarie et al. 
(Leymarie and Levine 1993) used the previously segmented contour as an initial seed 
contour for the current frame to track the contour through a sequence of images. Inspired 
on this, Gupta et al. (Gupta, Vonkurowski et al. 1993) proposed an automatic contour 
propagation scheme throughout the entire slices and phases in their four-dimensional 
cardiac analysis study using image sequences from MRI. Chalana et al. (Chalana, Linker 
et al. 1996) investigated the dependency of the accuracy of cardiac segmentation to the 
initial seed contour and proposed a multiple active contour model to reduce the 
propagation error in sequential segmentation of myocardial boundaries on 
echocardiographic sequences, by adding temporal smoothness and monotonic motion 
constraints to the internal and external energy formulation. Li et al (Li, Kambhamettu et 



 

 

 
MOTION ESTIMATION OF TAGGED CMR IMAGES USING VARIATIONAL TECHNIQUES                                 113   

 

 

al. 2002) also proposed a similar approach to take into account a temporal smoothness of 
the contour.  

Regarding the coupling of segmentation and motion estimation, many researchers 
have addressed this problem. In (Wang and Adelson 1994), they first estimate local 
motion and subsequently segment regions with respect to estimated motion. In (Nagel and 
Enkelmann 1986; Black and Anandan 1996; Kornprobst, Deriche et al. 1999; Weickert 
and Schnörr 2001), they propose to model motion discontinuities implicitly by non-
quadratic robust estimators. Others tackled the problem of segmenting motion by treating 
the problems of motion estimation in disjoint sets and optimization of the motion 
boundaries separately (Schnörr 1992; Black 1994; Caselles and Coll 1996; Paragios and 
Deriche 2000). Other approaches are based on Markov Random Field formulations and 
optimization schemes, such as stochastic relaxation by Gibbs sampling, split-and-merge 
techniques, deterministic relaxation, graph cuts or expectation maximization (Cremers 
and Soatto 2005). A novel variational approach for segmenting an image plane into a set 
of regions of parametric motion, based on a conditional probability for the spatio-
temporal image gradient is presented in (Cremers and Soatto 2005). In the case of 
segmentation of cardiac images, several examples can be mentioned where the optical 
flow has been included into the segmentation process (Giachetti, Gigli et al. 1996; Mikic, 
Krucinski et al. 1998). 

In this section, we have combined the advantages of the variational technique for 
motion estimation to support the process of segmentation of the endocardial and 
epicardial borders by means of the well-known level set technique. The endocardial 
border segmentation was performed in the tagged CMR sequences presented in section 
5.1.2.2. For the endocardial and epicardial border segmentation, new dual CINE and 
tagged sequences have been used. The idea was not to develop a new segmentation 
technique but to implement a hybrid approach that would benefit from the motion 
estimation of the variational technique, in order to build a more robust implementation for 
both tagged and conventional cardiac magnetic resonance imaging. With this 
implementation, the computational time will be considerably reduced compared to the 
level set technique used independently. 

5.2.1 LEVEL SET SEGMENTATION 

The level set method technique was introduced by Osher and Sethian (Osher and 
Sethian 1988), and later it has been investigated to cope with the image segmentation 
problem in several publications. The method proposed for the segmentation of the video 
sequence of tagged cardiac magnetic resonance images is a modified version of the 
variational formulation of the geometric active contours principle proposed in (Li, Xu et 
al. 2005). The main idea is to evolve the boundary C from some initial curve in the 
direction of the negative energy gradient. This is done by implementing the gradient 
descent equation (Cremers, Rousson et al. 2007): 

( )
n⋅=
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∂
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∂

∂
F
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CE

t

C

 
(5-28) 



 

 

 

114                                                                                                            MOTION ESTIMATION AND SEGMENTATION 

 

 

 

and modelling the evolution along the normal n with a speed function F. In the implicit 
contour representation theory, the contour C is represented as the zero level line of some 
embedding function φ such as  

( ) ( ) ( ){ }0,,, == yxtyxtC φ  (5-29) 

In the method proposed by Osman and Sethian in (Osher and Sethian 1988), a 
contour is propagated by evolving a time-dependent embedding function φ  according to 
an appropriate partial differential equation. Having a contour C evolving along the normal 
n with a speed F and since ( )( ) 0, =ttCφ , this equation can be derived as 
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The evolution equation of the level set function φ  can be written in the following 

general form, inserting the definition of the normal 
φ
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∂

 
(5-31) 

which is called the level set equation (Osher and Sethian 1988). Nevertheless, the level 
set function φ  can suffer of transients, very sharp and/or flat shape during the evolution. 

For this reason, it is necessary to initialize the function φ  as a signed distance function 

before the evolution starts, and then “reshape” (or “re-initialize”) the function φ  to be a 
signed distance function periodically during the evolution. Re-initialization has been 
extensively used as a numerical remedy in traditional level set methods (Caselles, Catte et 
al. 1993; Malladi, Sethian et al. 1995). The standard re-initialization method is to solve 
the following reinitialization equation 

( )( )φφ
φ

∇−=
∂

∂
10sign

t
 (5-32) 

where 0φ  is the function to be re-initialized, and ( )φsign  is the sign function. There has 
been copious literature on re-initialization methods (Peng, Merriman et al. 1999; Sussman 
and Fatemi 1999), and most of them are the variants of the above PDE-based method. 
Unfortunately, if 0φ  is not smooth or 0φ  is much steeper on one side of the interface than 

the other, the zero level set of the resulting function φ  can be moved incorrectly from 
that of the original function. Moreover, when the level set function is far away from a 
signed distance function, these methods may not be able to re-initialize the level set 
function to a signed distance function. In practice, the evolving level set function can 
deviate greatly from its value as signed distance in a small number of iteration steps, 
especially when the time step is not chosen small enough. So far, re-initialization has 
been extensively used as a numerical remedy for maintaining stable curve evolution and 
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ensuring desirable results. From the practical viewpoints, the re-initialization process can 
be quite complicated, expensive, and have subtle side effects. 

In our implementation we have used the variational approach explained in (Li, Xu 
et al. 2005), which can be easily implemented by simple finite difference scheme without 
the need of re-initialization. Provided that a signed distance function must satisfy a 
desirable property of 1=∇φ , the minimization of the following integral is proposed 

( ) ( ) dxdyP
2

1
2

1
−∇= ∫

Ω

φφ  (5-33) 

With the above defined functional ( )φP , it is proposed the following variational 
formulation 

( ) ( ) ( )ϕφµϕ mEPE +=  (5-34) 

where µ > 0 is a parameter controlling the effect of penalizing the deviation of φ from a 
signed distance function, and Em(φ ) is a certain energy that would drive the motion of the 

zero level curve of φ (Li, Xu et al. 2005). 

5.2.2 INTEGRATION OF THE MOTION ESTIMATION 

AND SEGMENTATION APPROACH 

The main idea of the integration of the two sub-systems is to minimize 
computational cost of the segmentation process together with a better accuracy of the 
segmentation. In order to segment myocardial edges in tagged images, a pre-processing 
stage is proposed. This allows to get rid of the tags of the image. This can be done very 
easily, by filtering in the Fourier domain the periodical frequency concentration and by 
taking the inverse Fourier transform. 

An example can be seen in Figure 5-22. Figure 5-22-a) represents a the original 
image (tagged frame), Figure 5-22-b) shows the magnitude of the Fourier transform of 
Figure 5-22-a), Figure 5-22-c) represents the filtered image after replacing the 
periodicities of the tagged marks and Figure 5-22-d) is the filtered image after the 
segmentation of the endocardial border with the level set technique. 
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Figure 5-22. a) Original image. b) Module image of the Fourier Transform. c) Image filtered. 
d) segmentation with level sets of the endocardium in the filtered image. 

After extracting the image module of the original sequence, the segmentation of the 
first image is performed. In order to do this, an initial contour (a curve) is set manually. 
After that, all the rest of the operations are automatically accomplished. After the first 
image is segmented, the next step is to estimate the motion field that applied to this first 
segmentation will provide the new contour in the next image of the sequence. When the 
curve for the next image is estimated, the level set technique is run only to refine the 
solution and smooth the first approach. Note that in this application, the goal is not to 
track some points but to find the best contours matching the borders of the myocardium. 
The block diagram of the system is shown in Figure 5-23. 

a) b) 

c) d) 
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Figure 5-23. Block diagram of the system of the motion estimation and segmentation for 
tagged sequences 

By means of this algorithm, the computational time of the segmentation is 
considerably reduced, because we only need to compute the segmentation for the first 
image of the sequence. For the rest, the iteration process of the segmentation is stopped 
when the evolution of the level-set implementation is below a given threshold. 

Regarding the segmentation of the dual sequences, the procedure is quite similar 
but the first pre-processing stage is avoided. The segmentation algorithm is run on the 
CINE sequences, while the motion estimation is run on the tagged sequence. The block 
diagram would be the next one: 

  

 

 

 

Show first image of the sequence 

Draw a curve in the myocardium as a 

starting contour 

Segment the first image with 

level sets 

Find motion to the following image 

Estimate segmentation using the motion 

field  

Extract the image magnitude from the 
sequence 

Refine the segmentation with level sets 
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Figure 5-24. Block diagram of the system of the motion estimation and segmentation for dual 
sequences 

As it is shown in Figure 5-25, the procedure is basically the same for dual 
sequences and tagged sequences. The first pre-processing stage is avoided, so the 
computational time will be lower. In this case, the difference is that tagged images are 
used for computing motion estimation and the images segmented are those belonging to 
the CINE sequences, therefore the best features of both types of data are exploited.   

5.2.3 EXPERIMENTS AND RESULTS  

5.2.3.1 Endocardial Border Segmentation 

In this section, an example of the segmentation of the endocardial border is going 
to be shown. This experiment was performed on the sequences tested in section 5.1.2.2. 
These tagged MR images were acquired using an optimized tagging sequence on a Philips 
Intera 1.5 T (Philips Medical Systems, The Netherlands) and with a five elements phased-
array coil dedicated to cardiac imaging (Ledesma-Carbayo, Bajo et al. 2006). Five 
healthy volunteers were examined acquiring short axis images with a frame rate of 13 
frames per cycle. The tagging sequence used was an enhanced version of the free 

Show first image of the CINE sequence 

Draw a curve in the myocardium as a 

starting contour 

Segment the first image of the 

CINE sequence with level sets 

Find motion in tagged sequence to the 

following image 

Estimate segmentation in CINE image 

using the motion field  

Refine the segmentation with level sets 
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breathing SPAtial Modulation of Magnetization (SPAMM) sequence provided by the 
manufacturer for our Philips Intera scanner (Santa-Marta, Ledesma-Carbayo et al. 2006).  

For the motion estimation, the parameters used for the tagged CMR sequences are 
the same as explained in section 5.1.2.2. For the level set algorithm, there is a parameter 
that has set individually for each sequence. It controls the number of iterations made for 
the algorithm, stopping it when the mean of the evolved area in the twenty last iterations 
has not decreased a certain number of pixels. In this case, the value of 3.8 pixels has been 
set. 

With this experiment, the feasibility of the hybrid method for segmentation using 
the motion estimation information is going to be tested. The computational time is going 
to be obtained in order to check the reduction of time compared with segmenting the 
images independently without the optical flow. The accuracy of the segmentation is going 
to be tested in the experiments for endocardial and epicardial border segmentation.  

Figure 5-25 shows the results obtained for the segmentation of the sequence 4 
shown in section 5.1.3.2. As it can be seen, results adjust very well to the endocardial 
edge, taking the limitation of details present in tagged images. The computational time 
has been tested for the program with the integration of both segmentation and motion 
estimation modules. A comparison of the proposed procedure computational cost and that 
of the independent segmentation of each image has been made. 

  

  

Figure 5-25. Segmentation of the first four images of the sequence. 

Figure 5-26 shows the comparison of the computational time for the proposed 
integrated solution and the computational time obtained segmenting each image 
separately with respect to the hybrid approach of the level set segmentation and the 
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motion estimation. As Figure 5-26 shows, the computational time obtained for this 
sequence with our integrated implementation is more than 2.5 times faster.  
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Figure 5-26. Computational time for the proposed integrated solution compared with the 
time obtained segmenting each image. 

 

5.2.4 ENDOCARDIAL AND EPICARDIAL BORDER 

SEGMENTATION 

The second experiment carried on is the segmentation of the endocardial and 
epicardial borders for two dual CINE and tagged sequences. The implementation shown 
in the previous section has been extended in order to segment also the epicardial border of 
the myocardium as well. In this case, the extension is straightforward. The initial contour 
is the same for the endocardial and epicardial border, but the tracking of the points is 
performed separately, firstly for the endocardial border and then for the epicardial border. 
In the following iterations for the next frames, the computation of the borders is done 
separately for both curves.  

This algorithm has been applyed on four sequences where both CINE and tagged 
CMR images are available (see an example in Figure 5-27). The motion field has been 
extracted for each pair of tagged CMR images. This motion field has been computed 
again with the enhanced variational method, and integrated with the segmentation 
technique.  
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Figure 5-27. Cine and tagged CMR images corresponding to the same patient. 

The four sequences were acquired with a Philips Intera 1.5 T (Philips Medical 
Systems, The Netherlands) using a five element phased-array coil dedicated to cardiac 
imaging. CINE MR scans were performed using a breath hold Balance Fast Field Echo 
(B-FEE) sequence, obtaining images with a pixel size between 1mm and 1.3 mm. As in 
the previous experiment the tagging sequence used consists of an enhanced version of the 
free breathing SPAMM sequence provided by the manufacturer for our Phillips Intera 
scanner (Santa-Marta, Ledesma-Carbayo et al. 2006). Both CINE and Tagged MR 
sequences were acquired using exactly the same acquisition geometry in order to have 
exact alignment and pixel correspondence between both datasets. Some small rigid 
misalignments due to the acquisitions in different respiratory positions have been 
corrected between both sequences before applying the segmentation approach.  

Again, for the motion estimation, the parameters used for the tagged CMR 
sequences are the same as explained in section 5.1.2.2. The parameter that controls the 
number of iteration explained in the previous section has been set as 3.8 pixels for the 
endocardium and 0.5 for the epicardium segmentation. The rest of the parameters 
employed in the algorithm are the same as stated in (Li, Xu et al. 2005). 

The computational time has been also tested in this experiment. On the other hand, 
the accuracy of the segmentation has been evaluated. For this purpose the endocardium 
and epicardium have been manually segmented, independently on each sequence. Four 
sequences have been analysed selecting the systolic period, therefore a total 46 curves 
from 23 images were manually segmented. To compare the results obtained with the 
automatic algorithm, the metrics proposed in (Chalana and Kim 1997) have been used, as 
described in the following paragraphs. 

Let us suppose that we have two curves, A being the one obtained by the 
segmentation algorithm and B is the one segmented manually. Both curves are divided 
into a set of points, ia  and ib . In our case, we have used all the points of the contour. The 



 

 

 

122                                                                                                            MOTION ESTIMATION AND SEGMENTATION 

 

 

 

minimum distance of each of the points to the other curve is computed, which is the 
distance to the closer point in the other curve. 

( ) ijji abBad −= min,
 

(5-35) 

In each image of the sequence, the following measures are obtained 

� Mean distance between curves. It is obtained from the distances of all the 
points 
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(5-36) 

� Hausdorff distance. Maximum distance to one curve to the other, measured 
as the maximum value of all the distances of all the points. 

( ) ( ){ } ( ){ }( )AbdBadBAe ijij ,max,,maxmax, =
 (5-37) 

� Overlapping. From the surfaces defined by the curves, the overlapping 
degree is the division of the number of coincident pixels in both surfaces, and 
the number of pixels belonging to one or another. 
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(5-38) 

The results obtained are visualized in Figure 5-29, where the segmentation result, 
the optical flow and the segmentation on the tagged images are shown. 

An example of the manually and automatic segmentation in two different frames is 
shown in Figure 5-28. It can be seen how the contours are smoother in the case of the 
automatic segmentation. 
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Figure 5-28. a) and b) Example of manually segmentation. c and d) Example of automatic 
segmentation.

a) b) 

c) d) 
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Figure 5-29. Segmentation results and optical flow for the first five images of the sequence.  
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As it can be seen, the results obtained adjust well to the endocardium and 
epicardium. We can see how the borders fit perfectly with the myocardium, avoiding the 
segmentation of the papillary muscles which can not be done so easily with the tagged 
images. In Figure 5-30 the results of the computational time are shown. Here, the 
difference between the integrated solution and performing only the segmentation is lower. 
This is due to the fact that with the dual sequence, there is no need to compute the module 
images. Furthermore, the number of iterations is going to be smaller, because the 
thickness of the myocardium is smaller as the papillary muscles are not included. 
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Figure 5-30. Computational time for the proposed integrated solution compared with the 
time obtained segmenting each image for the dual sequence. 

The results of the evaluation of the 46 curves tested are shown in Table 5-3. It can 
be seen that the segmentation is very accurate, according to the results obtained. 

  Mean Distance 

(pixels) 

M ± SD 

Haus Distance 

(pixels) 

M ± SD 

Overlapping 

degree (%) 

M ± SD 

Seq 1 Endocardium 0,94 ± 0,09 2,71 ± 1,44 90  ± 3,84 

 Epicardium 1,01 ± 0,04 2,80 ± 0,21 93  ± 1,85 

Seq 2 Endocardium  1,25 ± 0,16 3,75 ± 0,97 88  ± 4,04 

 Epicardium 0,96 ± 0,00 2,65 ± 0,40 94  ± 0,59 

Seq 3 Endocardium  0,87 ± 0,18 2,82 ± 0,33 87  ± 3,12 

 Epicardium 0,82 ± 0,31 2,60 ± 0,70 92  ± 2,93 
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Seq 4 Endocardium  0,88 ± 0,43 2,35 ± 1,09 90  ± 6,01 

 Epicardium 1,24 ± 0,22 3,54 ± 0,74 90  ± 1,62 

Table 5-3. Evaluation results of the segmentation 

From the table shown above, we can see that the results are very accurate. The 
mean distance in pixels is always below 1.25 pixels, and the Haus distance is less than 4 
pixels. In the first sequence, results for the endocardium and epicardium segmentation are 
similar. In the second sequence, the results obtained for the epicardium are better. This 
can be due to the fact the manually segmentation performed in the endocardium was quite 
difficult. In the second sequence, the resolution of the images was lower than in the first 
case, and error obtained with the segmentation algorithm is a bit higher than those 
obtained in the first sequence. 

5.3 DISCUSSION AND CONCLUSIONS  

In this chapter, a new method for motion estimation for tagged cardiac magnetic 
resonance images has been presented. The technique is based on a variational approach, 
but has been improved by taking into account the particular features of these types of 
images. Specifically, the variational method has been enhanced by tracking some selected 
points by means of their phase stability.  

The new method has been tested with simulated data (with and without additive 
noise) and with real data. It has been compared with the HARP method and the standard 
variational method with Total Variation. It has been also validated with manually tracked 
points. Results have shown the better performance of the proposed variational method. 

On the other hand, along with the variational implementation for motion 
estimation, a method for segmentation of the myocardium based on level set and 
variational techniques has been presented. The segmentation method uses a level set 
method with a variational formulation, which has been integrated with the motion 
estimation algorithm. The segmentation has been proved to be feasible in real images, 
having a low computational cost. On the other hand the accuracy of the segmentation has 
been tested in dual CINE + Tagged MR sequences in comparison to manual delineation 
of the endocardium and epicardium. Results show a good performance of the algorithm 
with a mean error between curves of approximately 1 pixel. This approach applied to the 
dual sequences takes advantage of the interesting features from both types of images 
(detail resolution form CINE CMR and motion estimation from Tagged MR), but it also 
provides a very interesting framework for the measurement of global and regional 
functional parameters from both type of data.  



 

 

666...      CCCOOONNNCCCLLLUUUSSSIIIOOONNNSSS   AAANNNDDD   MMMAAAIIINNN   

CCCOOONNNTTTRRRIIIBBBUUUTTTIIIOOONNNSSS...   FFFUUUTTTUUURRREEE   

RRREEESSSEEEAAARRRCCCHHH   TTTOOOPPPIIICCCSSS...   

6.1 CONCLUSIONS 

In this work, two different techniques for motion estimation have been studied. The 
ultimate goal was to apply them to the motion estimation of the myocardium in cardiac 
magnetic resonance sequences. One of the techniques studied is a biologically inspired 
frequency-based approach, with very good properties in the presence of noise. On the 
other hand, the differential approach with the variational regularization has been proved 
to give very accurate results with a low computational cost. Both techniques have been 
implemented and tested for different cardiac magnetic resonance sequences. 

First of all, a frequency-based method for the estimation of motion based on the 
computation of the Wigner–Ville distribution together with the Hough Transform (WVD-
HT) has been presented. Results from synthetic sequences have been shown, evaluated, 
and compared with an implementation based on the variational method. The estimation of 
global motion yields values of optical flow very close to the actual ones. In the case of 
simple synthetic sequences, we can say that the solution is more accurate and robust to 
noise than the one obtained with the variational method. Nevertheless, a more fair 
comparison between both methods has been performed with a local estimation of motion. 
By selecting an appropriate window size of analysis and using a hierarchical approach, 
we showed that the proposed method gives similar results to the variational approach. 
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The advantages brought by the WVD-HT method are the noise robustness and the 
accuracy of the global estimation of motion. In both the WVD-HT and variational 
methods, one of the major drawbacks is the selection of the optimal parameters for the 
algorithms. The main disadvantage for the WVD-HT method is the high computational 
cost involved, much higher than the one needed by the variational techniques. 

The algorithm has been applied to real cardiac magnetic resonance sequences. 
Results obtained have been qualitatively and qualitatively evaluated, showing that with 
sequences with good temporal resolution, results are accurate. But, because of the high 
computational cost needed, although the removal of noise is a good advantage in the 
described method, other options based on differential techniques have been analysed to 
compute optical flow in tagged cardiac magnetic resonance sequences.  

Hence, a new method based on differential techniques for motion estimation for 
cardiac magnetic resonance images has been implemented. The technique is based on a 
variational approach, but it has been improved by taking into account the particular 
features of these types of images. Specifically, the variational method has been enhanced 
by adding a term with the the robust tracking of some selected points by means of their 
harmonic phase stability.  

The new method has been tested with simulated data (with and without additive 
noise) and with real data. It has been compared with the HARP method and the standard 
variational method with Total Variation. Results show that the variational method is more 
accurate than the HARP technique. Although results with HARP methods have been 
proved to be very accurate if the phase is reliable, in some cases large myocardial motion 
or image artefacts may cause a point to converge to the wrong target (tag jumping) at 
some time frame, causing erroneous tracking in successive frames as well (Osman, 
Kerwin et al. 1999).  

The enhanced variational method never provides worse results than the variational 
method itself. If no control points with good harmonic phase stability are found, the 
enhanced variational method will perform as the variational method. It has been proved 
that both methods are very robust to noise degradations of images, as it is the case of the 
tagged cardiac magnetic resonance images. Even with a low temporal support (sometimes 
we have only 6 images in the systolic period), the variational method is able to compute 
an accurate optical flow for each pair of images.  

In the variational method, results have been improved for all the sequences, both 
for the simulated and the real sequences incorporating the robust phase tracking in 
automatically selected control points. The better accuracy achieved with the enhanced 
variational method can be relevant in the computation of secondary parameters which 
involve spatial derivatives, as for instance, the strain. In addition, with the variational 
method proposed, for each sequence a dense optical flow can be obtained, with a reduced 
computational cost. Furthermore, the computational burden of this enhancement is very 
small, whereas the results have been improved. 

Based on the motion estimation technique with variational methods, an algorithm 
for segmentation and motion estimation of the myocardium based on variational and level 
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set techniques has been implemented. For the segmentation, a level set method with a 
variational formulation has been integrated together with the motion estimation 
algorithm. The segmentation has been proved in real images, having a low computational 
cost compared with applying the level set technique on each image separately. 
Segmentation accuracy has been also confirmed with respect to manual segmentation.  

 

6.2 MAIN CONTRIBUTIONS 

The new described technique for motion estimation of sequences based on the 
Wigner-Ville distribution together with the Hough transform attempts to solve the 
problems encountered with other techniques when dealing with noisy sequences. The 
multi-resolution configuration proposed together with the implemented Hough transform 
algorithm will remove non-desired elements, which appear because of the inherent noise 
in images. The described algorithm could be considered a new contribution in the area of 
biologically inspired motion estimation methods.  

The research described in the area of motion estimation based on variational 
methods constitutes an innovative technique that can be applied into different image 
processing areas. The new regularization term added, which uses several control points of 
the image, can be extended not only for tagged magnetic resonance images but also for 
any other type of sequences. The only requirement is that, from these sequences, a set of 
representative points could be obtained easily.  This method could pave the way for new 
joint approaches for motion estimation and segmentation. This algorithm could be also 
applied to super-resolution implementations, in order to improve the registration of the set 
of images used. 

The main contributions of this work can be summarized in the following points: 

� Implementation and evaluation of a new biologically inspired motion 
estimation method, based on the Wigner-Ville distribution and Hough 
transform, robust to noise degradations. 

� New variational approach for motion estimation adapted to tagged cardiac 
magnetic resonance imaging, which provides a dense optical flow. It produces 
a low error estimation compared with state-of-the-art techniques, and it 
requires a low computational cost. 

� Extension of the variational method for motion estimation to a hybrid 
approach for motion estimation and segmentation of the myocardium for 
cardiac magnetic resonance sequences. 

During the work of this thesis, six communications in international conferences 
have been accepted (five as first author) (Carranza, Cristóbal et al. 2006; Carranza, 
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Cristóbal et al. 2006; Carranza, Sroubek et al. 2006; Cristóbal, Gabarda et al. 2006; 
Carranza, Gil et al. 2007; Carranza, Cristóbal et al. 2008). Two of them were presented as 
poster and the other four as oral presentations. Another communication (as first author) 
was accepted and presented as oral presentation in a national conference (Carranza, Bajo 
et al. 2007). Two papers in international journals have been published (Simmross-
Wattenberg, Carranza-Herrezuelo et al. 2005; Carranza, Cristóbal et al. 2007) (one as first 
author and another as second author), and another one is being written, as first author too 
(Carranza-Herrezuelo, Bajo et al. under preparation). (Carranza-Herrezuelo, Bajo et al. 
accepted for publication) has been accepted as a chapter for the book “Recent Advances 
in Signal Processing”. 

6.3 FUTURE RESEARCH TOPICS 

For the WVD-HT technique, further research could be focused on reducing the 
computational cost. This implies changing the programming language into C, C++ or 
even, making a FPGA implementation. 

For the variational technique, the most immediate research will be focus on 
adjusting the different parameters of the method, to refine the solution and achieve the 
smallest possible error. Apart from that, there are several ideas which are quite 
straightforward that can be implemented. The first one is to extend the variational 
algorithm for motion estimation for 4D sequences. The other is applying this algorithm 
for registration in super-resolution techniques. Both ideas are explained in the following 
sections. 

6.3.1 EXTENDING THE VARIATIONAL ALGORITHM 

FOR MOTION ESTIMATION TO 3D SEQUENCES 

All the sequences tested in this work, and the algorithms implemented on it are 
focused on 2D sequences (2D+T). Nowadays, some researchers have started to work with 
3D sequences (Young 1998; Fritscher, Pilgram et al. 2005; Montagnat and Delingette 
2005; Sampath and Prince 2007). By means of this analysis, a volume with the motion of 
the whole heart could be obtained. 

Unfortunately, we have not had access to 3D+T sequences to do this work. 
Nevertheless, the extension of the algorithm presented for motion estimation is quite easy 
and straightforward.  

The optical flow constraint equation for 3D images is the following  

( ) ( ) ( ) 0,,,,,,,, 00321321 =+∇⋅ tzyxItxxxIxxx tv  ( 6-1)  

The regularization term added yields as 
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(6-2) 

With the homogenization term included and the control points term, the energy 
minimization equation is 
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Developing the method in a matrix implementation, the main equation of the 
program is 
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) 

That means that the program does not need any structural change but minor 
changes, only including one more variable. In the matrix implementation, this would be 
translated into enlarging the matrix involved, adding the rows and columns related to the 
new variable. 

 

6.3.2 JOINT SOLUTION FOR SUPER-RESOLUTION, 
MOTION ESTIMATION AND SEGMENTATION 

The total variation scheme has been extensively used not only for motion 
estimation but for super-resolution (SR) image reconstruction (Capel and Zisserman 
2000; Farsiu, Robinson et al. 2004; Han and Wu 2004; Vazquez, Aly et al. 2004; Farsiu, 
Elad et al. 2006; Ng, Shen et al. 2007). Super-resolution image reconstruction refers to a 
process that produces a high-resolution (HR) image from a sequence of low-resolution 
(LR) images using the non-redundant information among them (Ng, Shen et al. 2007). 
The fundamental notion of SR is to employ either frequency domain or spatial domain 
approaches to bring together the additional information in each image provided by the 
subpixel displacements from a referenced image (Shen, Zhang et al. 2007). Nevertheless, 
before the reconstruction, the frame must be registered against a reference frame. That is 
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why motion estimation and registration are critical in SR image reconstruction. Accurate 
subpixel motion estimates are critical for SR image reconstruction. 

Some work has been carried in order to reduce the effect of registration error in SR 
(Bose, Kim et al. 1993; Tom and Katsaggelos 1995; Hardie, Barnard et al. 1997; Shah 
and Zakhor 1999; Ng and Bose 2002; Lee and Kang 2003; Segall, Molina et al. 2003; 
Woods, Galatsanos et al. 2006), but unfortunately, most of them does not take into 
account adequately the problem of the motion of multiple objects (Shen, Zhang et al. 
2007).  In this case, it is essential to preserve the motion on discontinuities and borders, as 
the total variation norm does. There are some works about super-resolution proposed 
which deal with the motion of several objects (Irani and Peleg 1993; Eren, Sezan et al. 
1997; Shen, Zhang et al. 2007), but none of them are based on a total variation 
implementation for all the problems involved. 

A possible application of the method implemented could deal with joint motion 
estimation, segmentation and super-resolution of images using variational techniques and 
the total variation norm. The flow diagram of the work could be based on the next figure 

 

 

 

 

 

 

 

Figure 6-1. Block diagram for the proposed SR system, motion estimation and segmentation 

The SR reconstruction is based in the following image observation model 

kkkk nzMDBy +=  (6-6) 

Where [ ]TNxLNLzzz
2211

,..., 21=z  is the HR image where 2211 LNNL ×  is the HR 

image size, 1L  and 2L  are the down-sampling factors, [ ]TxNNyyy
21

,..., 21=y  is the LR 

image and 21 NN × is the size of the LR image, Pk ,...2,1=   with P being the number of 

LR images, kM  is the motion (shift, rotation, zooming, etc) matrix, kB  is the blur 

(sensor blur, motion blur, atmosphere blur, etc.) matrix, D  is the decimation matrix and 

kn represents the noise vector (Ng, Shen et al. 2007; Shen, Zhang et al. 2007).  

Motion estimation / Segmentation 

            SR reconstruction 
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As we can see, it is an analogous problem as the optical flow constraint equation, 

where our goal is to find [ ]TNxLNLzzz
2211

,..., 21=z . Therefore, the same methodology can 

be applied for super-resolution problems. 





 

AAANNNNNNEEEXXX   111...   HHHAAARRRPPP   MMMEEETTTHHHOOODDD   

For the sake of completeness this annex presents a summary the harmonic phase 
tracking method HARP as proposed by Osman et al. in (Osman, Kerwin et al. 1999; 
Osman, McVeigh et al. 2000).  

The spectrum of a tagged image has a collection of distinct spectral peaks in the 
Fourier domain, and each spectral peak contains the information about the motion in a 
certain direction.  

 

Figure A1. An MR image with vertical SPAMM tags. b: Shows the magnitude of its 
Fourier transform. By extracting the spectral peak inside the circle in b, a complex image is 

produced with a magnitude (c) and a phase (d). 
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The inverse Fourier transform of just one of these peaks, extracted using a 
bandpass filter, is a complex image whose phase is linearly related to a directional 
component of true motion.  

An image can be approximated by 
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where 

( ) ( ) ( )tj
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,,, xxx φ⋅=  (A1-2) 

Dl is the value that would have been imaged without tagging and the phase is 
( )tl ,xφ  (harmonic phase image). The HARP image is calculated as the phase of ul, given 

by 
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(A1-3) 

Because of the inverse tangent operator, a HARP image is the principal value of its 
corresponding phase image, and it is restricted to lie in the range [ ]ππ +− , . Formally, a 

HARP image is related to the phase image as follows: 

( ) ( )( )tWtak ,, xx φ=  (A1-4) 

where W that represents the nonlinear warping function is given by 

( ) ( ) πππφφ −+= 2,modW  (A1-5) 

Either ka or kφ  might be called a harmonic phase (HARP) image, but we 

generally use this expression for ka  since, unlike kφ , it can be directly calculated and 

visualized from the data. Where the two might be confused, however, we refer to kφ  as 

the harmonic phase and ka  as the harmonic phase angle.  

Careful inspection of a HARP image reveals intensity ramps in the horizontal 
direction interrupted by sharp transitions caused by the wrapping artifact. The locations of 
these transitions are very nearly coincident with the tag lines, and both reflect myocardial 
motion occurring during systolic contraction. The intensity ramps in HARP images 
actually contain denser motion information than what is readily apparent in the original 
image. For example, calculated isocontours of HARP angle images can produce tag lines 
throughout the myocardium with arbitrary separation. The underlying principle is that 
both the harmonic phase and the HARP angle are material properties of tagged tissue; 
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therefore, a material point retains its HARP angle throughout its motion. This is the basis 
for HARP tracking. 

The vectors [ ]T21,φφφ = , and [ ]Taaa 21,= are defined to describe pairs of 

harmonic phase images and HARP angle images, respectively, of the harmonic images 

1I and 2I . 

HARP Tracking 

Because harmonic phase cannot be directly calculated the HARP angle is used in 
the tracking computations. An immediate consequence is that there are many points in the 
image plane having the same pair of HARP angles. For a given material point with two 
HARP angles, only one of the points sharing the same HARP angles in a later image is 
the correct match—that is, it also shares the same pair of harmonic phases. If the apparent 
motion is small from one image to the next, then it is likely that the nearest of these points 
is the correct point. Thus, our strategy is to track apparent motion through a CINE 
sequence of tagged MR images. Following paragraphs formally develop this approach. 

Consider a material point located at ym at time tm. If ym+1 is the apparent position of 
this point at time tm+1, then we must have: 

( ) ( )mmmm tt ,, 11 yy φφ =++  (A1-6) 

This relationship provides the basis for tracking ym from time tm to time tm+1. The 
goal is to find y that satisfies: 

( ) ( ) 0,, 11 =−++ mmmm tt yy φφ  (A1-7) 

and then set ym+1 = y. Finding a solution to equation (A1-7) is a multidimensional, 
nonlinear, root finding problem, which can be solved iteratively using the Newton-
Raphson technique. After simplification, the Newton-Raphson iteration is: 
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+

 
(A1-8) 

where ∇  is the gradient with respect to y. 

There are several practical problems with the direct use of equation (A1-8). The 
first problem is that φ  is not available, and a must be used in its place. Fortunately, it is 

relatively straightforward to replace the expressions involving φ  with those involving a. 

It is clear from (A1-4) that the gradient of ak is the same as that of kφ  except at a 

wrapping artifact, where the gradient magnitude is theoretically infinite—practically very 
large. Adding π to ak and rewrapping shifts, the wrapping artifact by 1/2 the spatial 
period, leaving the gradient of this result equal to that of kφ  whereever the original 

wrapping artifact occurred. Thus, the gradient of kφ  is equal to the smaller (in 

magnitude) of the gradients of ka and ( ) π+kaW . Formally, this can be written as: 
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A second problem with the use of (A1-8) is calculation of the difference 

( ) ( )mmm
n tt ,, 1 yy φφ −+ , which appears to be impossible since we do not know the phase 

itself, but only its wrapped version, the harmonic phase. However, provided that 

( ) ( ) πφφ <−+ mmm
n tt ,, 1 yy  for k = 1, 2 (small motion assumption) t is straightforward to 

show that: 

( )( ) ( ) ( ) ( )( )mmm
n

mmm
n ttWtt ,,,, 11 yayayy −=− ++ φφ  (A1-12) 

Substituting equation (A1-9) and  (A1-12) into (A1-8) provides the formal iterative 
equation: 

( ) ( ) ( )( )[ ] ( )( ) ( )( )mmm
n

m
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1
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−

+
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(A1-13) 

There are several issues to consider in the implementation of an algorithm based on 
equation (A1-13).  First, because of the phase wrapping the solution is no longer unique; 
in fact, we can expect a solution y satisfying ( ) ( )mmm tt ,, 1 yaya =+  approximately every 

tag period in both directions. Thus, it is necessary both to start with a “good” initial point 
and to restrain the step size to prevent jumping to the wrong solution. Accordingly, the 

algorithm is initialized at ( )
myy =0  and limits the step to a distance of one pixel. A 

second issue has to do with the evaluation of ( )1, +mtya  for arbitrary y. Straight bilinear 

interpolation would work ordinarily; but in this case, the wrapping artifacts in a cause 
erroneous results. To prevent these errors, a local phase unwrapping is performed of a in 
the neighborhood of y, bilinearly interpolate the unwrapped angle, and then wrap the 
result to create an interpolated HARP angle. A final consideration is the stopping 
criterion. Two criteria are used: 1) that the calculated angles are close enough to the 
desired HARP vector, or 2) that an iteration count is exceeded. 

Putting all these considerations together, an algorithm that will track a point in one 
time frame to its apparent position in the next time frame is described. It is useful to cast 
this algorithm in a more general framework in order to make it easier to define the HARP 
tracking algorithm, which tracks a point through an entire sequence of images. 
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Accordingly, yinit is considered to be an initialization from which the search is started, and 
a* to be a target HARP vector, and t to be the time at which the estimated position ŷ is 
sought. To track point ym at time tm to its apparent position in time tm+1, we set yinit = ym, 
a* = a (ym, tm), t = tm+1, pick a maximum iteration count N, and then run the following 
algorithm. The result is ŷ, so our desired result is ŷm+1 = ŷ. 

The algorithm implemented is the following one. Let n = 0 and set y(0) = yinit. 

1. If n > N or ( )( )( ) ε<∗− aa tyW n ,  then the algorithm terminates with ŷ = y(n). 

2. Compute a step direction: ( )( )[ ] ( )( )( )∗−∗∇−=
−

ayayav tWt nnn ,,
1

 

3. Using appropriate interpolation procedures. 

4. compute a step size: ( )
( )














= 1,

1
min

n

n

v
α  

5. Update the estimate: ( ) ( ) ( ) ( )nnnn vyy α+=+1  

6. Increment n and go to step 1. 

To track that point through a sequence of images and obtain also ŷm+2, ŷm+3,..., 
HARP is successively applied targeting to each image in the sequence. At time tm+2, the 
initialization used is ŷm+1, the estimated apparent position from the previous time frame; 
at subsequent time frames this recursive updating of the initialization continues. The 
target vector, on the other hand, remains the same throughout the entire sequence—given 
by a* = a(ym, tm). This strategy finds a succession of points having the same HARP 
angles, but (usually) avoids jumping to the wrong solution by keeping the initial point 
used in HARP targeting near to the desired solution.  
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