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he estimation of morphological changes of biological tissues over time is an
T ubiquitous problem in medical imaging. Image registration methods are suit-
able to solve this kind of problems since they allow to establ ish dense point cor-
respondences between images, which in turn can be used to quantify deforma-
tion. Given a discrete image sequence I(x,t) = 1(x,0),(x,1) J(GN 1), in
the context of this thesis, sequence registration means to nd a transformation
T(x,t) : (x,00 ! (x%t) that puts into correspondence points belonging to the
same sequence. This term must not be confused with its meaning in the context
of intersubject sequence registration [1], where the objective is to nd a transforma-
tion T12(X1,t7) 1 (X1,t1) ! (x2,12) that establishes correspondences between points
of different sequences I1(x1,t1) and Ix(x2,t2). In this thesis we have focused on
two challenging applications such as wall motion estimatio n in cerebral aneurysms
from Digital Subtraction Angiography (DSA), and deformati on estimation of the
heart from Tagged Magnetic Resonance Imaging (T-MRI) [2,3]. Figures[ and [
show examples of the images used in this thesis.

The quanti cation of pulsation in cerebral aneurysms is imp ortant for studying
the connection between haemodynamics and rupture. One of th e hypothesis that
explain the rupture of aneurysms is the stress concentratio n on the vessel wall. This
can be quanti ed by computing wall shear stress values from ¢ omputational uid
dynamics (CFD) simulations. Wall motion information can be used in this context
to impose boundary conditions in CFD simulations performed on non-rigid models
as described in Chapter[ll.

Wall motion estimation in cerebral aneurysms is also import ant since the po-
tential connection between pulsation and risk of rupture, a s reported in [4—6]. The
underlying hypothesis is that rupture owes to a weakness of t he vessel wall, which
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should change the pulsation amplitude of the aneurysm. To st udy the interrela-
tionships between rupture and pulsation it is necessary to q uantify this pulsation,
which can be performed by measuring displacements of the vessel wall over the
cardiac cycle.

Most of wall motion values reported in the literature corres pond to experiments
with phantoms [5, 7], simulated images [8], or experimental models [9]. Only a
few attempts of in-vivo quanti cation have been reported in  human beings [4, 10].
In this thesis we have developed an automatic method to quant ify wall motion in
cerebral aneurysms from DSA sequences. This method was thenapplied to study
the relationship between rupture status and pulsation (Cha pter B).

Methods for cardiac deformation estimation are important f or studying the be-
havior of the heart under normal, pathological, and simulat ed conditions. Among
other applications, these methods are useful for studying t he mechanical effects of
cardiac diseases [11] and for the development of electro-mechanical models. Pair-
wise registration maximizing the Mutual Information (MI) b etween component vol-
umes of T-MRI sequences has been successfully applied for re&eovering displacement
elds of the heart [12,13]. This motivated us to study extens ions of methods based
on information theory both for inclusion of spatial and temp oral information.

Normally, the similarity metrics used in image registratio n methods are based
on pixel intensity information. Such metrics ignore spatia | information in the pixel
neighborhood that could provide valuable information for g uiding the registration
process. We have explored the use of metrics based on waveles transforms for non
rigid registration of 2D T-MRI sequences (Chapter §].

Joint sequence registration refers to the simultaneous alignment of all the frames
in the sequence, opposite to the pairwise approach in which all frames are succes-
sively registered (one by one) to the rst (or previous) one o fthe sequence. We have
developed a novel method for recovering cardiac displaceme nt elds by joint align-
ment of T-MRI sequences (Chapter[4), and applied it for study ing regional strain
differences between patients with myocardial infarction a nd a group of healthy
subjects (Chapter[3).

The results of this research have been presented in several onferences, and
submitted to scienti ¢ journals for their publication. Ali st of these publications can
be found after the Chapter Bl In the same list, we have added other publications
resulting from colaborations with external groups, to whic h we have contributed
with the experience obtained during these years in the eld o fimage registration.
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Figure 1: Example of a DSA sequence showing an aneurysm along the cardiac cycle.
Time is expressed as a percent of the cardiac cycle.

apex long.

Figure 2. Example of T-MRI sequences of the heart. From left to right: basal, medial,
apical, and longitudinal planes. Top row corresponds to End -of-Diastole (ED) and bot-
tom row to End-of-Systole (ES).
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Ml 4 Alpha mutual information
3D-RA 3D rotational angiography
4D-CTA 4D computed tomography angiography
kKNNG k -Nearest Neighbors Graph
ACA Anterior cerebral artery
ACom Anterior communicating artery
AMI Acute myocardial infarction
AR Aspect ratio
BA Basilar artery
C-MRI Cine magnetic resonance imaging
CC Cardiac catheterization
CCA Common carotid artery
CF Concentration factor
CFD Computational uid dynamics
CoW Circle of Willis

CSPAMM Complimentary spatial modulation of magnetization
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Abstract - Haemodynamics, and in particular wall shear stress, is giduo play a crit-
ical role in the progression and rupture of intracranial anessms. A novel method is
presented that combines image-based wall motion estimahtained through non-rigid
registration with computational uid dynamics (CFD) simations in order to provide re-
alistic intra-aneurysmal ow patterns and understand thieets of deforming walls on the
haemodynamic patterns. In contrast to previous approackiegh assume rigid walls or
ad hoc elastic parameters to perform the CFD simulationd, aeapliance has been in-
cluded in this study through the imposition of measured watitions. This circumvents
the dif culties in estimating personalized elasticity jperties. Although variations in the
aneurysmal haemodynamics were observed when incorpptagnwvall motion, the overall
characteristics of the wall shear stress distribution dosaem to change considerably. Fur-
ther experiments with more cases will be required to estalfie clinical signi cance of the
observed variations.

Adapted from L. Dempere-Marco, E. Oubel, M. Castro, C. Putma n, A. F. Frangi, and J. R. Cebral.
CFD Analysis Incorporating the In uence of Wall Motion: App lication to Intracranial Aneurysms. In
R. Larsen, M. Nielsen, and J. Sporring, editors, 8th International Conference on Medical Image Computind an
Computer-Assisted Intervention (MICCAI'06)Copenhagen, Denmark: Springer, October 2006, pp. 438-45.
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1.1 Introduction

ntracranial aneurysms are pathological dilations of cereb ral arteries, which tend
to occur at or near arterial bifurcations, mostly in the circ le of Willis. The opti-
mal management of unruptured aneurysms is controversial an d current decision-
making is mainly based on considering their size and locatio n, as derived from
the International Study of Unruptured Intracranial Aneury sms (ISUIA) [14]. How-
ever, it is thought that the interaction between haemodynam ics and wall mechanics
plays a critical role in the formation, growth and rupture of aneurysms. Although
there is little doubt that arterial and aneurysmal walls do m ove under the physi-
ologic pulsatile ow conditions [4], there is no accurate in formation on the mag-
nitude and other motion characteristics required for under standing the interaction
between the haemodynamics and the wall biomechanics. Visualization of aneurys-
mal pulsation seems to have become possible with the advent of 4D-CTA imaging
techniques [15, 16]. Confounding these observations, a number of imaging artifacts
were present related to motion of bony structures [4]. Since there are no reliable
techniques for measuring ow patterns in vivo, various mode ling approaches were
considered in the past [17, 18]. Hitherto, most computation al uid dynamics (CFD)
methods assume rigid walls due to a lack of information regar ding both wall elas-
ticity and thickness. Moreover, in order to perform simulat ions that account for the
uid-structure interaction, it is also necessary to prescr ibe the intra-arterial pres-
sure waveform, which is not normally acquired during routin e clinical exams. In
this paper, wall motion is quanti ed by applying image regis tration techniques to
dynamic X-ray images. To study the effects of wall complianc e on the aneurysmal
haemodynamics, the obtained wall motion is directly impose d to the 3D model
derived from the medical images.

1.2 Method

1.2.1 Dataset

Three case studies have been considered in this paper. Each ptient underwent

conventional transfemoral catheterization and cerebral a ngiography using a Philips

Integris Biplane angiography unit. As part of this examinat ion, a rotational ac-
quisition was performed using a six seconds constant injection of contrast agent
and a 180 degrees rotation at 15 frames per second over 8 secoss. These im-
ages were transferred to the Philips Integris Workstation a nd reconstructed into 3D

voxel data using the standard proprietary software, which w as used for generating
a 3D anatomical model. Biplanar dynamic angiogram at 2 Hz was subsequently
performed using a six second contrast injection for a period of at least 6 seconds.
In addition, an expert neuroradiologist measured the diame ters D1 and D2 (maxi-
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mum height and width, respectively) on these projection vie ws. This information
was then used to establish the pixel size and to quantify the w all motion.

1.2.2 Wall motion estimation

In order to estimate the wall motion, image registration, wh ich establishes corre-
spondences between points in two different images, was appl ied to the series of 2D
images. To this end, a 2D version of the non-rigid registrati on algorithm proposed
by Rueckert et al [19] was applied. This method is based on free-form deforma -
tions, which are modeled through the 2D tensor product of 1D ¢ ubic B-splines. By
moving a set of control points originally distributed into a  regular lattice, a smooth
and continuous transformation is obtained that is subseque ntly used for deform-
ing one image into the other. The control points are moved in o rder to maximize
the similarity between the two images. The similarity metri ¢ used in this study
to characterize the alignment between the two images is the N ormalized Mutual
Information (NMI) [20].

For each series of sequential X-ray projection images, a setof landmarks were
manually delineated in the rst frame, and subsequently pro pagated by using the
transformations derived from the image registration proce dure. The complete se-
ries was registered to the initial reference frame. Thus, wall motion was estimated
from the propagated landmarks by calculating the distance b etween corresponding
points. A distribution of displacement vectors was obtaine d for the complete set
of landmarks. The wall motion was estimated by using two assu mptions: differ-
ential motion (i.e. different amplitude for different regi ons), and uniform motion
(i.e. same amplitude for all regions). Thus, the statistical characterization of the
displacement eld was performed on the whole aneurysm and al so on several dif-
ferent anatomical regions. In order to characterize the behavior of each region, both
the median and the 90" percentile of the displacement vector modulus were cal-
culated. By considering the 90" percentile, an upper boundary to the wall motion
amplitude in the simulations is obtained while excluding ou tliers.

1.2.3 Compliant model

In order to compute the intra-aneurysmal ow patterns, pers onalized models of
blood vessels were constructed from 3D rotational angiogra phy (3DRA) images.
The segmentation procedure was based upon the use of deformable models by rst
smoothing the image through a combination of blurring and sh arpening opera-
tions, followed by a region growing segmentation and isosur face extraction. This
surface was then used to initialize a deformable model under the action of inter-
nal smoothing forces and external forces from the gradients of the original unpro-
cessed images [17]. The anatomical model was subsequently sed as a support
surface to generate a nite element grid with an advancing fr ont method that rst
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re-triangulates the surface and then marches into the domain generating tetrahe-
dral elements [21]. The blood ow was mathematically modele d by the unsteady
Navier-Stokes equations for an incompressible uid:

rrv=20,r %+vrv =r p+r t (1.2)
where r is the density, v is the velocity eld, pisthe pressure, andt is the deviatoric
stress tensor. The uid was assumed Newtonian with a viscosi ty of m= 4 cPoise
and a density of r = 1.0 g/cm3. The blood ow boundary conditions were derived
from PC-MR images of the main branches of the circle of Willis obtained from a
normal volunteer. Traction free boundary conditions were i mposed at the model
out ows. At the vessel walls, no-slip boundary conditions w ere applied. Since the
velocity of the wall was estimated through imaging techniqu es, wall compliance is
implicitly included in the simulation process. As it was not possible to determine
the shape of the distension waveform at low sampling rates, i t was assumed as
a rst order approximation, that it followed the ow wavefor = m. Such waveform
was scaled locally to achieve the measured displacement amplitude in each of the
regions considered. The walls were assumed to move in the normal direction, and
such motion was directly imposed to the 3D mesh derived from t he volumetric
medical images. The grid was updated at each time step by a non-linear smoothing
of the wall velocity into the interior of the computational d omain [22].

1.3 Results

In Figure 7], the results from the segmentation of the 3DRA m edical images for
the three cases considered in this study are displayed. To edablish whether the
detected motion could be discriminated from the intra-obse rver variability in de-
lineating contours, a manual segmentation was performed by an expert observer in
the rst frame by selecting closely located points on the bou ndary of the aneurysm
and subsequently tting a spline to the series of points. By ¢ onsidering also the in-
dependently selected landmarks for this same frame, the dis tributions of distances
derived from: a) original landmarks to the spline, and b) pro pagated landmarks
and original landmarks, were compared. To this end, Student paired t-test and
ranked sum Wilcoxon tests were performed. As established be fore, the landmarks
were tracked in the complete series in order to quantify the w all motion. Figure L2]
illustrates the landmarks propagation from which wall defo rmation estimates fol-
low. The amplitude of the motion is characterized in Figure 1.3 by both the median
and the 90" percentile.

For patient #1, statistically signi cant differences were found between the two
distributions for 8/11 frames ( prrest < 0.04, pw ;. < 0.02). In all of these cases,
the average distance between propagated landmarks and original landmarks was
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Figure 1.1: Segmented models corresponding to the 3DRA medical images considered
in this study (from left to right: patient #1, patient #2, and patient #3).

Figure 1.2: lllustration of the propagation of the landmarks between di fferent frames.
[left] patient #1-frame #1, [middle] zoom corresponding to region containing the lobule,
[right] patient #1-frame #2.
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Figure 1.3: Estimation of wall deformation discriminated from intra-o  bserver variability.
(a) median of the modulus of the displacement vectors, and (b) 90" percentile of the
modulus of the displacement vectors for patient #1. The sign of the wall deformation
indicates whether dilation (+) or contraction (-) is obtain ed, and a null deformation has
been imposed to those frames for which wall deformation cann ot be discriminated from
intra-observer variability.
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larger than that due to intra-observer variability. Thus, a Ithough small deformation
elds are obtained for all the images within the temporal ser ies (see Figure[LDR),
these differ in a statistically meaningful way from the erro r made in the manual de-
lineation of the contours. Pairwise one-way ANOVA analyses were also performed
on the series de ned by the median of the displacement of the | andmarks for all the
frames and statistically meaningful differences ( p < 0.004) were found between the
distribution corresponding to the lobule and the rest of dis tributions.

For patient #2, the deformations recovered by the registration algorithm required
subpixel accuracy to be detected. In fact, statistically signi cant differences were
found between the two distributions for 3/6 frames (  prtest < 0.02,pw,. < 0.04),
however, the intra-observer variability was found to be lar ger than the average wall
motion detected. Thus, it was concluded that the deformatio n eld was so small
that could not be reliably quanti ed given the available ima ge resolution (i.e. max-
imum mean wall deformation of 0.07 mm in the temporal series) .

For patient #3, the deformation elds obtained yielded stat istically signi cant
differences for 6/9 ( prrest < 0.04, pw;. < 0.03) frames, with the average wall
deformation larger than the error due to intra-observer var iation. The amplitude of
the maximum displacement observed was 0.25 mm, i.e. about 3% of the aneurysm
diameter, with no signi cant differences between regions.

A total of ve simulations were carried out for patient #1, us ing different vessel
wall velocity conditions: 1) maximum displacement (i.e. 90 ™ percentile), differen-
tial motion, 2) maximum displacement, uniform motion, 3) me dian displacement,
differential motion, 4) median displacement, uniform moti on, and 5) rigid walls.
For patients #2 and #3, a compliant and a rigid simulation wer e carried out. Since
for patient #2 it was not possible to detect a signi cant wall deformation, a uniform
wall motion with amplitude just below the resolution of thet echnique was used for
the compliant model. For patient #3, only the maximum unifor m wall motion was
imposed in the elastic model to assess the maximum effect that wall motion would
have. In order to compare the results obtained with the diffe rent vessel wall move-
ments, the following characterization of the wall shear str ess (WSS) was used: the
necks of the aneurysms were manually selected on the anatomical models, and a
region of approximately 1 cm of the parent vessel (denoted pr oximal parent vessel)
from the neck of the aneurysm was identi ed (see Figure ILZ)]l At each time instant,
the average WSS magnitude was computed in the proximal parent vessel region
and used to normalize the instantaneous WSS in the aneurysm and to identify re-
gions of elevated WSS (NWSS>1). Tabld_T]1 shows the area of tbse regions, the
percent of the total aneurysm shear force applied over these regions, and a “shear
force concentration” factor (percentage of the shear force applied in these regions
divided by the percent area of the regions), for each of the wa Il motion regimes
considered and for each of the three patients.

Visualizations of the instantaneous WSS distribution at v e selected instants
during the cardiac cycle and for all the wall motion conditio ns of patient #1 are
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Figure 1.4: (a) Aneurysm subdivision for differential wall motion esti mation (vessel, sac
and lobulation), and (b) ow waveform used to prescribe puls atile velocity conditions
at the inlet boundary of the models. The dots indicate the ins tants during the cardiac
cycle at which ow visualizations are presented.

Table 1.1: Percent of the area of the aneurysm under elevated wall shear stress, percent
of the shear force applied in this region, and concentration factor (CF) for each patient
under different wall motion conditions. The values shown ar e time averages over the
cardiac cycle.

Patient (#)  Conditions Area (%) Force (%) CF

1 max diff 1.31 7.46 5.8
1 max unif 1.40 8.06 6.0
1 med diff 1.44 8.34 6.0
1 med unif 1.41 8.11 5.9
1 rigid 1.12 6.09 5.7
2 elastic 2.04 6.37 3.3
2 rigid 1.37 471 3.5
3 elastic 2.16 19.48 9.4
3 rigid 1.82 18.86 10.4
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presented in Figure 3. These visualizations and the data presented in Table [T
reveal a region of elevated WSS in the dome of the aneurysm. Although this region
covers a small area of the aneurysm ( 1.4%), it contributes to a signi cant fraction of
the total shear force ( 8%), i.e. it is subject to a “concentraed shear force”. A graph
of the WSS obtained with the rigid wall model and the complian t model with max-
imum differential wall motion is shown in Figure 1.Z_This g ure shows that rigid
models tend to overestimate the WSS compared to the compliant models. However,
the overall WSS distributions obtained with the different w all models have similar
appearances and characteristics in spite of small local deviations. Visualizations
of the instantaneous WSS distributions at the ve selected i nstants during the car-
diac cycle for patients #2 and #3 are presented in Figure[L®. The results obtained
with both compliant (maximum uniform wall deformation) and rigid models are
shown. The visualizations reveal a stable region of elevated WSS in the dome of the
aneurysm for patient #2. For patient #3, the region of elevated WSS expands from
the neck to the dome of the aneurysm.

The regions of elevated WSS (i.e. WSS larger than the average/NSS over the
proximal parent vessel) cover approximately 2% of the area of the aneurysms for
both patients #2 and #3. It is interesting to note that compli ant models tend to yield
slightly larger areas of elevated WSS. This may be due to lower WSS values in the
proximal parent artery for distending vessels.

1.4 Discussion and conclusions

The purpose of this study was to introduce a novel way to combi ne image-based
motion estimation with CFD analysis to better understand th e effects of aneurysm
wall compliance on intra-aneurysmal blood ow patterns. It has been proven that
it is possible to determine wall motion from X-ray dynamic im aging through image

registration. Furthermore, the reported global or regiona | estimates provide a basis
for potentially more accurate compliant wall CFD simulatio ns. This study adds
further evidence to the results reported by [15, 16] where wa Il motion was observed

and found to be different in the bleb.

The methodology for wall motion estimation can be improved i n a number of
ways such as image acquisition at higher frame rates, use of larger catheters and
higher contrast injection rates. Also, ideally the images could be gated to heart
rate or temporally registered with arterial pressure wavef orms. In this study, only
low frame rate acquisitions were available. However, it is e xpected that with higher
frame rates, the complete distension waveform will be repro duced, thus avoiding
the need to assume any particular temporal function. Moreov er, the structural dif-
ferences between frames due to the passage of the bolus will be minimized. In
fact, a potential limitation of this technique is that homog eneous mixing of the con-
trast cannot be assured at the current injection rates and catheter sizes. It is also
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Figure 1.5: Instantaneous WSS distri-
butions obtained with different wall
motions. From top to bottom: 90 " per-
centile differential, 90t percentile uni-
form, median differential, median uni-
form, and rigid walls. Each column cor-
responds to a time instant indicated in
Figure A4 (b).

Figure 1.6: Instantaneous WSS distri-
butions obtained for patient #2 (top
panel) and #3 (bottom panel), using
compliant walls (top row) and rigid
walls (bottom row). Each column cor-
respond to the time instants indicated
in Figure L4 (b).

08+

Compliant Model

02 04 08 08 1
Rigid Model

Figure 1.7: WSS obtained with different
wall motions (rigid vs compliant walls)
when 90t percentile uniform motion is
prescribed for patient #1.
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expected that with the advent of new technological advances, an improvement in
spatial resolution will follow and more subtle variations w ill therefore be detected.

When assessing the in uence of wall motion on the haemodynam ics, relatively
small changes in the distribution of WSS were observed when i mposing different
wall motions. Point-wise comparisons of the WSS magnitudes obtained with the
rigid and compliant models were carried out and it was observ ed that rigid mod-
els tended to over estimate the WSS magnitude. This effect was less pronounced
when the wall motion was small. This result is in agreement wi th those reported
by Shojima et al.[23]. In contrast, a number of haemodynamic characteristics did
not exhibit substantial variations. For all patients, the ¢ ompliant and rigid mod-
els provided consistent estimations of the location and siz e of the ow impaction
zone. In particular, the area of the aneurysm that is under el evated wall shear stress
with respect to the average WSS in the proximal parent vessel, the contribution to
the total shear force of this region, and the shear force concentration factor were
relatively unaffected by the wall motion. In addition, chan ging the amplitude of
the wall motion or imposing differential rather than unifor m deformations did not
have a considerable effect on these variables either.

Although WSS is thought to play an important role on the mecha nobiology
of the arterial wall, further investigation is required to d etermine which haemody-
namic variables are clinically relevant and the effect of wa Il motion on them. Finally,
it is widely believed that aneurysmal wall is always complia nt to some extent, how-
ever,the range of variability of wall motion among patients is still unknown. Studies
with larger numbers of aneurysms are required to determine h ow common mea-
surable wall motions are in the population at large and if dif ferences in compliance
can be related to clinical outcomes such as aneurysmal growth and rupture.



Abstract - The quanti cation of wall motion in cerebral aneurysms i€d@ing important
owing to its potential connection to rupture and its impontze for computational uid dy-
namics (CFD) simulations. Most of papers report values ioleth with experimental phan-
toms, simulated images, or animal models, but the inforoméfor real patients is limited. In
this chapter, we have combined non-rigid registration (\&h signal processing techniques
to measure pulsation in real patients from high frame raggtdi subtraction angiography
(DSA). We have obtained physiological meaningful wavesorith amplitudes in the range
0mm-0.3mm for a population of 18 patients including ruptdrend unruptured aneurysms.
Statistically signi cant differences in pulsation wereufod according to the rupture status,
in agreement with differences in biomechanical properéipsrted in the literature. To our
knowledge, this is the rst time that wall motion is quantidein intracranial aneurysms,
and that a potential connection with rupture status is editged.

Adapted from E. Oubel, J. R. Cebral, M. De Craene, R. Blanc, JBlasco, J. Macho, C. M. Putman, and
A. F. Frangi. Wall Motion Estimation of Intracranial Aneury sms From DSA SequencesUnder review.
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2.1 Introduction

ntracranial aneurysms are pathological dilations of cereb ral arteries, which tend
to occur at or near arterial bifurcations, mostly in the Circ le of Willis (CoWw).
The optimal management of unruptured aneurysms is controve rsial and current
decision-making is mainly based on considering their size a nd location, as derived
from the International Study of Unruptured Intracranial An  eurysms (ISUIA) [14]. It
is thought that the interaction between haemodynamics and w all mechanics plays a
critical role in the formation, growth and rupture of aneury sms. The quanti cation
of wall motion in aneurysms is becoming important since its | ikely connection with
rupture risk [4—6] and its importance for incorporating pat ient speci ¢ boundary
conditions in CFD simulations [24].

Many of the reported values in the literature correspond to e xperiments with
phantoms, simulated images, or experimental models [5, 7-9]. Only a few attempts
of in-vivo quanti cation have been reported. Wardlaw et al. [10] have measured
pulsation in vivo by using Power Doppler Ultrasound (PD-US), and validated th eir
method using phantoms [25]. However, many conclusions of th e study with phan-
toms are valid for the large changes in size considered (42% o the cross section), but
not necessary extendable for the small changes occurring inintracranial aneurysms.
Meyer et al.[4] have measured aneurysmal volume changes by using Phase-Contrast
Magnetic Resonance Angiography (PC-MRA). For ruptured ane urysms they ob-
tained values of 51%  10%, which are quite large in comparison to the visual
changes observed in our clinical experience. With the advent of ECG-gated 4D
Computed Tomography Angiography (4D-CTA), the visualizat ion of aneurysmal
pulsation seems to have become feasible [6,15,16]. Howeverthis technique presents
helical motion artifacts resulting from the lack of cone bea m correction during im-
age reconstruction [26], which are visualized as a wavelike motion and produce the
apparent movement of bony structures [15]. This observatio n and other inconsis-
tencies about the presence of bleb pulsation have been pointed out by Matsumoto
et al.[27]. These problems seem to be corrected with 64-slice CT sanners, but so
far only studies of feasibility have been carried out with ph antoms [7]. Recently,
Zhang et al.[8] have presented a method to recover pulsation by deformin g the 3D
Rotational Angiography (3D-RA) rendered volume to match it s projections to the
2D acquisitions used for the volumetric reconstruction. Ho wever, this technique has
been tested only with phantom data and its application in hum an beings must still
be proven. Table 2.1 summarizes the previous work.

Recently, we have presented preliminary results of the appl ication of non rigid
registration techniques to recover in vivo wall motion from Digital Subtraction An-
giography (DSA) sequences [28]. In this chapter, we present an improved version
of the method that solves some drawbacks of the initial appro ach. We have applied
the technique to quantify wall motion in 15 patients and foun d a correlation be-
tween rupture and regional differences in pulsation. To our knowledge, this is the
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Table 2.1: Previous work on wall motion quantication in cerebral aneu rysms.
R=Ruptured, U=Unruptured; WMO = Wall motion occurrence; WM Q = Wall motion
guanti cation.

Authors Modality Data Status WMO 2  WMQ
Hayakawa et al.[16] 4D-CTA in vivo AllR 4/23 no
Kato et al.[6] 4D-CTA in vivo All U 2/15 no
Yaghmai et al.[7] 4D-CTA phantom - - yes
Boecher-Schwarzet al® [9] - animal model - 5/8 yes
Wardlaw et al.[10] PD-US in vivo AllR 15/16 yes
Ueno et al.[5] PD-US phantom - - yes
Meyer et al.[4] PC-MRI in vivo 6R/10U 15/16 yes
Zhang et al.[8] 3D-RA phantom - - yes

awall motion occurrence is the ratio between the number of cas es that present pulsation and the total
number of cases.

bThe modality is not speci ed since the authors used an experi mental system in which the aneurysmal
pulsation is measured by a laser displacement sensor.

rst time that the pulsation of intracranial aneurysms is qu anti ed over time, and
that a connection with rupture is established.

2.2 Method

2.2.1 Dataset

Figure 2.1 shows the DSA sequences used in this paper. These squences were ac-
quired in three clinical centers: 1) Department of Interven tional Neuroradiology, In-
ova Fairfax Hospital, 2) Department of Vascular Radiology, Hospital Clinic i Provin-
cial de Barcelona, and 3) Department of Interventional Neur oradiology, Rothschild
Foundation. At each center, an expert clinician measured neck, depth, and width
of the aneurysms in the rst frame using standard measuring t ools of angiography
scanners. To know the image resolution, the same magnitudes were measured in
the 3D-RA image to avoid errors due to geometric magni catio n. Table 2.2 provides
detailed information about each sequence.
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#1 #2 #3
#4 #5 #6
#7 #8 #9
#10 #11 #12
#13 #14 #15
#16 #17 #18

Figure 2.1: First frames of the DSA sequences used in this chapter. When available, the
3D-RA reconstruction is shown at right.



Table 2.2: Table summarizing relevant information about the sequence s used in this chapter. M=Male, F=Female; FPS=Frames
Per Second; ICA=Internal Carotid Artery, ACA=Anterior Cer ebral Artery, BA=Basilar Artery, PCom=Posterior Commu-
nicating Artery, ACom=Anterior Communicating Artery, MCA =Middle Cerebral Artery; AR=Aspect Ratio; R=Ruptured,
U=Unruptured; LAT=Lateral, TER=Terminal; Y=Yes, N=No, n/ a = not available

Patient Gender Age Location Size AR  Status Type Injection FR Pulsation
Dome Bleb
# M/F years D W N(mm) R/U cc @ ccls FPS Y /N
1 F 60 ICA 85 6.6 5.0 1.7 U LAT 9cc @ 3ccls 30 Y n/a
2 M 50 ACA 72 7.8 7.8 0.9 U LAT 9cc @ 3 ccls 30 Y n/a
3 F 47 BA 11.3 9.7 338 3.0 R TER 9cc @ 3ccls 30 Y Y
4 F 78 ACM 100 7.7 5.2 1.9 U TER 9cc @ 3 ccls 10 N N
5 F 56 ICA 40 40 20 2.0 R LAT 9cc @ 3 ccls 30 N N
6 F 47 BA 13.0 83 54 2.4 R TER 24 cc @ 4 ccls 7.5 N N
7 F 46 ICA 19.8 189 35 5.7 R LAT 24 cc @ 4 ccls 3 Y Y
8 M 28 ICA 9.0 88 nla n/a U TER 24 cc@ 4ccls 2 Y n/a
9 F 71 ICA 122 92 29 4.2 R TER 24 cc @ 4 ccls 7.5 Y Y
10 F 41 ICA 17.1 19.8 9.9 1.7 ] LAT 15 cc @ 4 ccls 30 Y n/a
11 F 51 ICA 42 35 3.0 1.4 U LAT 15cc @ 4 ccls 30 N n/a
12 F 37 PCom 7.2 6.2 24 3.0 R TER 15cc @ 4 ccls 60 Y Y
13 F 37 MCA 20 29 28 0.7 U TER 15cc @ 4 ccls 60 N n/a
14 M 54 ACom 7.1 3.3 2.2 R LAT 15cc @ 4 ccls 30 Y n/a
15 M 21 PCom 52 5.0 1.9 2.7 U LAT 15cc @ 4 ccls 60 N n/a
16 F 75 ICA 276 30.0 106 2.6 U LAT 15cc @ 4ccls 30 Y n/a
17 F 44 ICA 82 10.2 6.6 1.2 U LAT 15 cc @ 4 ccls 30 N n/a
18 M 46 ICA 42 40 25 1.7 U TER 15cc @ 4 ccls 60 N n/a

poysN "¢'¢

LE
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2.2.2 Wall motion estimation

The method applied for quantifying pulsation consists of th ree main steps described
next (Figure 2.2).

Image registration

A DSA study consists of an image sequence I(x,t) = Ig(x) I, 1(x) of n phases
that provides the voxel intensity at spatial position x and time t. To quantify tem-

poral changes in the magnitude of interest, it is necessary to establish a dense point
correspondence between images. This was performed by registering each frame
I1(x) to the rst one Ig(X), yielding a set of transformations T = fT;(x)gj=1.n that
provide such correspondence. In a previous paper [28], we applied an Optical

Flow (OF) method [29] for IR since this type of methods are pre ferred for recov-
ering small magnitude changes [30]. However, OF methods are quite sensitive to
variations in intensity due to quantum noise [31] and inhomo geneities in the con-
trast distribution, and non-smooth deformation elds are o btained. To obtain a
smoother deformation eld, in this chapter we have used Free -Form Deformations
with B-Spline interpolation functions [32,33], and Mutual Information (Ml) [34, 35]

as metric.

Point propagation and feature quanti cation

We have analyzed temporal changes in aneurysm depth (d(t)), aneurysm width

(w(t)), and artery diameter (a(t)). These variables were measured by taking the
euclidean distance between pair of points placed in the rst frame, and propagated
over time with the set of transformations T . The points used to calculate the artery
diameter were placed far away from the aneurysm to ensure the healthy state of
the artery at the measurement point, and to avoid the inuenc e of aneurysmal
deformations. For the spacing between control points emplo yed in this chapter,

the spatial support of each B-Spline was in the order of the aneurysm size, and
landmarks placed close to the aneurysm could be modi ed even in the absence of
artery deformation. The points used to de ne the depth and wi th of the aneurysm
were placed as shown in Figure 2.2.

Post-processing analysis

If changes in image intensity during the contrast lling wer e modeled linearly as
lt(x) = alg(x) + ¢, with a and c constant values, the use of Ml-based IR would
account for these changes in intensity. This is because MI-based IR is robust to
changes in intensity scale! as shown in Figure 2.3. However, intensity changes that

INote that this does not mean invariance of M, in fact MI (A,aA) = H(A)+ logkak [36]
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Figure 2.2: Wall motion estimation method. (1) image registration, (2) point propagation
and feature quanti cation, and 3) post-processing. Crosses ( ), circles ( ), and squares
(), show the points used to measure changes in the artery (a(t)), depth (d(t)), and
width ( w(t)) of the aneurysm. IR = image registration; SP = signal processing.

occur during the contrast injection cannot be described accurately by this model,

probably because of complex blood lling patterns. We have n ot found in the liter-

ature models of intensity changes due to contrast agent distribution to assess their
in uence on the IR, but a visual inspection of intensity pro  les over time reveals
that an exponential dependency of time is a reasonable approximation. Figure 2.4
shows that, even when the size of the aneurysm does not change, the optimizer
will tries to match the intensity pro les by scaling the movi ng image. This over-
estimation of the aneurysmal size results in an increase in the mean value of the
dilation curves over time. Fortunately, this change has low frequency with respect
to pulsation, and can be removed by applying high-pass lter s (Figure 2.5).

2.2.3 Differential pulsation index

As mentioned in the introduction, measuring pulsation is im portant to investigate
the potential connection between regional differences in p ulsation and rupture sta-
tus. This is supported by the apparent concensus in the liter ature about a weakness
of the vessel wall induced by a de cit in collagen and elastin e [37-42]. What is
more, collagenase and elastase activities seem to be incresed in ruptured cerebral
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Figure 2.3: Robustness of MI to intensity scaling. In this example, the p ixel intensity
of the xed image I¢(x) (a) is half the intensity of moving image Im(x) (b) (Im(x) =
0.5*¢(x)). (c) MI (1, Tis(Im)) as a function of the scaling factor for an isotropic scaling
transformation Tig. Ml has a maximum at 1.
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Figure 2.4: Overestimation of dilation when considering a non-linear r elationship of
intensities. In this example, the xed image 1¢(x) (a) presents a quadratic intensity pro-
le, whereas the moving Image In(x) (b) presents a quartic prole. (¢) MI(l¢, Tis(Im))
as a function of the scaling factor for an isotropic scaling t ransformation Tis. Ml has a
maximum at a value higher than 1.
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Figure 2.5: Distension waveform before (a) and after (b) Itering.
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aneurysms versus unruptured aneurysms [37]. Assuming that this de cit is higher
in the aneurysm than in the parent artery, a difference in pul sation should be ob-
served. To quantify the differential pulsation, we have de ned the following index:

= jmax D,W Aj
Cart

where D, W, A represent the peak-to-peak amplitude of d(t), w(t), a(t) respectively,
and dyt is the artery diameter.

2.3 Results

Figure 2.6 shows d(t), w(t), and a(t) for sequences exhibiting wall motion. To
distinguish curves carrying information about wall motion  from those containing
just measurement noise, we have compared them to the model in Figure 2.9, and
the presence/absence of wall motion was assessed based on tke similarity. Since
contrast injection times depend on the speci c protocols of each clinical center, we
show deformations for a single cardiac cycle for normalizat ion purposes. As a
consequence of the image acquisition issues mentioned Sedbn 2.4, curves present
distortions in some time intervals. This occurs in particul ar at the beginning and at
the end of the contrast injection, where the largest changes in the image take place.
Therefore, when information was available for several card iac cycles, we selected the
central part of the acquisition window to minimize distorti ons. Table 2.3 presents
parameters extracted from d(t), w(t), and a(t) for all sequences in Figure 2.6

Figure 2.7 (a) shows the distribution of the differential pu Isation mde ned in
Section 2.2.3 with respect to the rupture status. As shown in the Figure, the dis-
tribution of mfor ruptured aneurysms presents a higher mean value than the dis-
tribution for unruptured aneurysms ( M = 6.1% vs. M, = 1.3%). As the standard
deviations are not small, a statistical analysis was perfor med to assess the statistical
signi cance of these differences. The result of a t-test showed that the null hypoth-
esis of equal means is rejected forp = 0.05, i.e. the differences are signi cant at a
level of 5 %.

We have also investigated variations in the pulsation magni tude according to
type and size. Figure 2.7 (b) shows that terminal aneurysms present a higher pulsa-
tion amplitude than lateral aneurysms, but this difference is not signi cant accord-
ing to a t-test. Figure 2.8 shows a linear correlation between m Ddmay, and the log-
arithm of the aneurysm volume log(vol.). This is in agreement with the difference
in mean volume between ruptured ( Vg = 0.91cnm®) and unruptured ( Vy = 0.5&nT)
aneurysms.

To study the consistency between measurednd observegbulsation, the presence
of visual pulsation was assessed by two observers in two sessons separated by
one week. According to the Kappa statistics, the intra-observer accuracy is 0.76 for
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Figure 2.6: Distention curves a(t), d(t), and w(t) over the cardiac cycle for sequences
showing wall motion. Time is expressed as percent of the card iac cycle. w(t) is omitted
for sequence #16, since it could not be estimated because of éfects in contrast lling.
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Table 2.3: Parameters extracted from curves a(t), d(t), and w(t) for sequences showing
wall motion. R=Ruptured, U=Unruptured; ~m= differential pulsation; D, W, A = peak-
to-peak amplitude of d(t),w(t),a(t) respectively; f 44 f gw, f wa = phase difference d(t)-
a(t), d(t)-w(t), and w(t)-a(t), expressed as percent of the cardiac cycle.

Patient ~ Status m D W A faga f

wa f dw

# R/U % mm mm mm % % %

1 U 226 015 0.14 0.074 0 -16 20
2 U 240 0.07 0.06 0.023 7 13 -7
3 R 1597 0.29 0.04 0.042 -25 6 -34
6 R 5.16 0.08 0.03 0.005 33 0 33
7 R 8.02 0.26 0.07 0.018 31 31 0
8 U 0.17 0.01 0.01 0.005 0 0 0
9 R 353 0.14 011 0.013 -16 -16 0
10 U 2.34 0.12 0.07 0.017 -47 13 28
12 R 371 009 0.02 0.017 46 46 0
15 U 284 0.16 0.06 0.262 40 9 31
16° U 8.25 0.45 - 0.077 39 - -
18 U 0.52 0.19 0.17 0.204 38 38 0

2 It was not possible to estimate w(t) for patient #16 because of defects in the contrast lling.
Therefore, measurements involving this curve are omitted i n this table.

both observers (substantial agreement according to Landis and Koch's paper [43])
and the interobserver accuracy of 0.41 (moderate agreemen). The reason why a
perfect agreement was not achieved is most likely due to the f act that the wall mo-

tion amplitudes are quite small, and in many cases close to the image resolution.
Figure 2.7 (c) shows the distribution of pulsation amplitud es according to pres-
ence of visual motion as assessed by the observers mentionedin Section 2.4. As
expected, aneurysms classi ed as “pulsating” presented a h igher pulsation ampli-

tude in mean than “non-pulsating” aneurysms.

2.4 Discussion

In previous work [24,28], we described temporal changes in a neurysms by measur-
ing the displacements of points on the vessel wall. This appr oach requires a previ-
ous segmentation to assess the sign of the displacement, i.e whether points move
inwards or outwards the aneurysm at the reference point. Bes ides adding an extra
step in the pipeline, (according to our experience) the segmentation of DSA images
is extremely dif cult since this modality does not provide a  proper de nition of the
vessel lumen. As the wall displacement is in the order of the i mage resolution, even
small segmentation errors can make the method fail to recover pulsation. In this
chapter we have circumvented this drawback by measuring the euclidean distance
between pairs of points, which avoids the need for a previous image segmentation.
In some cases, we have founded a rigid motion associated to the global pulsa-
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Figure 2.7: Pulsation of aneurysms according to (a) rupture status, (b) type, and (c)
visual motion. Note that the y axes units are different for all gures: the mindex is
plotted in (a), the maximal deformation (relative to the art ery diameter) in (b), and
image pixels in (c). Bars show the standard deviations of dis tributions. The mvalue for
sequence #16 was considered as an outlier, and excluded in (3.
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Figure 2.8: Variations in the magnitude of pulsation with the size of the aneurysm. (a)
myvs volume, (b) Maximum displacement vs. volume. The size of t he aneurysms was
measured as the volume of the prolate ellipsoid with minor ra dii a = b = with and
major radius ¢ = depth The volume is represented by using a logarithmic scale, since
this is more appropriate for the distribution of volumes in o  ur database.
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tion of the intracranial vasculature that should be correct ed before estimating the
deformation. Fortunately, this motion was very small 2 and was captured by the
non-rigid transformation. Therefore, the rigid motion was corrected automatically
without adding an extra step.

It is important to make some remarks with respect to image acq uisition. The
Nyquist theorem establishes that the minimum sampling freq uency fsmin that al-
lows recovering the aneurysmal pulsation is twice the signa | bandwidth (BW) [44].
To our knowledge, there are no measurements of temporal changes of intracranial
aneurysms in the literature to estimate BW, and we have used simulated pressure
data [45] for the Common Carotid Artery (CCA) (Figure 2.9) to estimate it. Two
important assumptions are made here. 1) The wall displacement and pressure
waveforms are the same (except for a scale factor): this is tue if linear elasticity
of the vessel wall is assumed, but both waveforms could diffe r slightly if a vis-
coelastic model and large mass-effects are considered. 2) he pressure waveform
does not change from the CCA to the location of the aneurysm. Figure 2.9 shows
that the most important frequency components are comprised in the range 0-4 Hz,
and therefore we can establish a fsmi”:8 Hz as the minimum fs to recover aneurys-
mal pulsation. Even when this estimation is based on simulat ed data, it allowed
obtaining curves resembling the typical arterial pressure waveform [46] (see for ex-
ample sequences #1, #2, #9, #10, #12, #15 in Figure 2.6 ). ThEsnilarity supports the
assumption that the recovered deformations effectively qu antify the wall displace-
ments of the vessel, and do not come from sources of variations like image noise,
intensity changes, or movement artifacts. As shown in Table 2.2, some sequences
were acquired at lower sampling frequency than this inferio r limit. Sometimes,
low fs values are preferred to obtain a higher image quality, and va lues as low as
2Hz can be found. Figure 2.6 shows the result when fs does not meet the require-
ments imposed by the Nyquist's theorem (sequences #7 and #8) As the sampling
frequency for these sequences (s = 3Hz and fs = 2Hz, respectively), distension
waveforms cannot be completely recovered.

The dependency of the method on the contrast injection param eters (e.g. injec-
tion rate, total volume) is critical, since they must ensure a complete and homoge-
neous lling of the aneurysm for at least one cardiac cycle. | tis very dif cult to
select a xed set of parameters to satisfy these requirements in all aneurysms, since
the lling depends strongly on factors like size, shape, and type of the aneurysm.
The in uence of type is well illustrated by terminal aneurys ms of the basilar artery
(Figure 2.1, patients #3 and #6). In these cases, the aneurya receives the blood
jet directly from the parent artery which produces a strong w ashout of contrast
medium. A large size may be also problematic, since the llin g is slower and some-
times the injected contrast is not suf cient to Il the aneur ysm (Figure 2.1, patients
#7 and #10). These problems are related to the upper limits imposed by the cel-

2Note that the aneurysmal pulsation is also very small, and th erefore any rigid motion must be
completely compensated to have an accurate estimation
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Figure 2.9: (a) Simulated pressure at the Common Carotid Artery (CCA) [4 5] (b) Mag-
nitude of its DFT (spacing of samples in the Fourier domain 1/ T = 1, where T is the
period of the signal). The continuous component ( f = 0) was removed from the DFT
for better visualization of high frequency components. Fre quencies higher than 20 Hz
were also omitted because of their small amplitude.

lular effects of contrast media [47], and their connection t o nephropathies [48]. If
there were no such limits, the amount of contrast could be mad e big enough to
compensate the effects of size and type.

Figure 2.6 shows that in some cases the recovered curves are ot-of-phase. This
cannot be attributed to the Iters used for postprocessing, since the phase difference
persists when lters are not applied (see patient # 6 for exam ple). A possible expla-
nation to this phenomenon is the asymmetric deformation of t he aneurysm owing
to speci c blood ow patterns. Consider for example the same patient (# 6). As can
be seen from Figure 2.1 this is a basilar aneurysm that receives a direct impingement
of the blood ow coming from the basilar artery. As the direct ion of the jet is par-
allel to the longitudinal axis of the aneurysm, it increases its depth at the expense
of a decrease in width as shown in Figure 2.10. This explanation predicts a phase
difference of 180 degrees, which in fact was the difference of phase found in the ex-
ample. A similar analysis of other aneurysmal con guration s should be performed
to understand the regional differences in pulsation, and a C FD analysis could be
necessary for complex cases. Another explanation for these phase differences is
the pulsation of extravascular structures (like the brain) , which could pulsate syn-
chronously with the artery and modify in uence the expected deformation pattern
of the aneurysm.

Lateral and terminal aneurysms showed slight non signi can t differences in

wall motion. However, terminal aneurysms receive a direct i mpact of the blood
jet coming from the parent artery which should produce a larg er deformations. A
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Figure 2.10: Relationship between blood ow and wall motion for a basilar  aneurysm.
Figures (a)-(d) show the deformation of the aneurysm for fou r temporal points of the
cardiac cycle (shown as an empty circle at bottom left of each gure). Empty arrows
in the parent artery represent the blood blow (their length i s proportional to the ow
magnitude). The small black arrows represent the wall displ acement with respect to the
previous time instant.

possible explanation are the differences in location of the considered aneurysms,
which should be normalized to ensure similar haemodynamic ¢ onditions. Larger
aneurysms exhibited a higher differential pulsation index , and wall motion ampli-
tude. However, other papers have reported no relationship b etween aneurysm size
and volume increases [4].

The method presented in this chapter allows obtaining defor mations in the im-
age plane. This information could be complemented by a second acquisition in an
orthogonal projection. However, according to our experien ce, the neighboring ves-
sels make extremely dif cult to obtain two orthogonal views  showing the aneurysm
without an overlapping with other vessels. The presence of n eighboring can also
perturb the recovered displacement elds: at the beginning of the contrast lling,
the aneurysm appears isolated from the rest of the vasculature and its boundary
is well de ned. As the contrast injection progresses, dista | vessels start appear-
ing in the image (Figure 2.11) and a local misregistration oc curs due to the lack of
correspondence [49].
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Figure 2.11: In uence of neighboring vessels: at the beginning of the con trast lling the
boundary of the aneurysm is free (a). As the contrast injecti on progresses, distal vessels
start appearing in the image causing local misregistration occurs due to lack of point

correspondence.
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2.5 Conclusions

In this chapter we have combined non-rigid registration met hods with signal pro-
cessing techniques to quantify wall motion of intracranial aneurysms from dynamic
DSA sequences. To our knowledge, this is the rst time that pu Isation of is quan-
ti ed over the cardiac cycle. We applied the presented metho dology to a series of
intracranial aneurysms and found a higher index of differen tial pulsation for rup-
tured aneurysms. These measurements and observations may telp us better stratify
aneurysm rupture risk and understand the wall motion effect s on aneurysm haemo-
dynamics and their evolution.
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Abstract - Tagged Magnetic Resonance Imaging (T-MRI) is currentlysidared the refer-
ence modality for myocardial motion estimation and straialgsis. Non-rigid registration
based on Mutual Information (MI) has been proposed as amaatic method for recovering
cardiac displacement elds. However, the use of MI of vaxelnisity ignores the spatial
information provided by the tags, whose inclusion in theikinty metric could increase
the accuracy and robustness. In this chapter, we have usedipha-MI (Mly) of features
vectors derived from the Complex Wavelet Transform (CWTickv add high frequency
information along six equally spaced directions in the dsay domain. To cope with the
problem of estimating the Ml of high-dimensional featuves have used estimators based on
k-Nearest Neighbors Graphs (KNNG), which allow a direcinestion of the metric without
estimating probability density functions. Experimentsfeemed on a series of 2D T-MRI
sequences showed an increase in accuracy with respectriosnbetsed on image intensity,
but the computational cost of the investigated techniquédctimit its extension to deal
with real 4D sequences.

Adapted from E. Oubel, A. O. Hero, and A. F. Frangi Complex Wav elets for Registration of tagged
MRI sequences. In J. Kovaevit and E. Meijering, editors, Third IEEE International Symposium on Biomedical
Imaging: From Nano to Macro (ISBI'06Arlington, VA, USA, April 2006.
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3.1 Introduction

-I-agged magnetic resonance imaging (T-MRI) is a well established technique for
obtaining regional information on the left ventricle (LV) d eformation [2], and
therefore it is potentially valuable for the diagnosis of ca rdiovascular diseases [11].
Basically, this technique consists in perturbing the magne tization of the myocardium
in a speci c spatial pattern at end-of-diastole (ED). These perturbations appear as
dark straight stripes (tags) when imaged immediately after application of the mag-
netic eld. Since the myocardial tissue retains its magneti zation properties, tags
undergo the same deformation as the heart. This allows tracking material points
along the cardiac cycle.

Several methods have been proposed to retrieve LV displacement elds: opti-
cal ow [50-53], Harmonic Phase (HARP) MRI [54-56], tag dete ction and track-
ing [57-60], and image registration [12,13]. Non-rigid reg istration based on Mutual
Information (MI) has been proposed as an automatic method fo r recovering cardiac
displacement elds. However, the use of Ml of voxel intensit y ignores the spatial in-
formation provided by the tags [61], whose inclusion in the s imilarity metric could
increase the method accuracy and robustness according to results reported in the
literature [61-63].

In this chapter, we have investigated the use of Ml of feature vectors obtained
from the Complex Wavelet Transform (CWT). In a previous pape r [64], we have
shown that cardiac motion estimation was feasible by using a similar framework
based on the Discrete Wavelet Transform (DWT). The CWT is an attractive image
representation since it is shift invariant, and it provides better discrimination of
directionality with respect to the DWT [65,66]. The CWT has a Iready been ap-
plied to motion estimation since its phase depends almost li nearly from displace-
ments in the image [67]. As the features derived from the CWT are in a high di-
mensional space, we used anMI 4 estimator based on k-Nearest Neighbors Graphs
(KNNG) [68]. This estimator permits estimating the M1 5 without computing a prob-
ability density function (pdf) of the feature vectors.

3.2 Method

3.2.1 Dataset

We have used four 2D T-MRI sequences in short-axis acquired in breath-hold by
using a General Electric Signa CV/i, 1.5 T scanner (General Hectric, Milwaukee,
USA). The values of acquisition parameters were: slice thickness = 8mm, in-plane
resolution = 1.56mm  1.56mm, TR=7.99ms, TE=4.43ms, ip angle = 20 degrees,
and FOV=40cm 40cm. 16 phases per cardiac cycle were acquired. T-MRI imags
with a grid pattern of 8mm (tag spacing) were acquired by appl ying a Spatial Mod-
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ulation of Magnetization (SPAMM) sequence. The method was a pplied only to
images in systole, because of the tag fading effect of SPAMM sequences.

3.2.2 Motion estimation

Let I(x,t) be a 2D T-MRI sequence ofn, phases, which provides the voxel intensity
at spatial position x and time t. Cardiac displacement elds can be represented by
asetofny 1 transformations T (x) = f Ti(x)g;- 1np 1 [69]. The estimation of T (x)
starts registering 1(x, 1) to 1(x, 0), which provides Ti(x). Then, I(x, 2) is registered
to Isa(x,0) using T1(x) as initialization, and T,(x) is obtained. This process is
repeated for the remaining frames. The transformation mode | employed in [69] are
Free-Form Deformations with B-Splines as interpolation fu nctions. First proposed
by Lee et al.[32,32] for computer graphics applications, this model was then applied
by Rueckert et al.[19] for detection of cancerous lesions in contrast enhanced MR
breast images.

3.2.3 Complex wavelet transform

The DWT of a discrete signal x(n) is obtained by applying a low pass lIter with
impulse response g(n), and a high pass lIter with impulse response h(n). The
output of g(n) is called the approximation coef cientsand the output of h(n) are
the detail coef cients To remove redundancy in the signal representation, the It er
outputs are subsampled by a factor 2 (Figure 3.1). The DWT of an image is obtained
by applying the Iters separately to rows and columns. Thisd ecomposes the image
into four images called LL, HL, LH, and HH according to the ord er of application
of lters.

The DWT presents two main drawbacks:

1. Lack of shift invariance this means that the energy of the DWT coef cients
changes with image shifts.

2. Poor directional selectivityThe LH and HL Itering provides high horizontal
and vertical frequencies respectively, and there is no ambiguity in the infor-
mation. However, the HH Itering provides information on di  agonal features
in both directions (it does not differentiate between an edg e at 45° and 135°
degrees, for example).

To overcome these problems, Kingsbury [65] introduced the C WT. This trans-
form can be represented by the same block diagram in Figure 3.1, but in this case
the Iters have complex coef cients and generate a complex o utput. Despite being
implemented separately, the complex Iters provide true di rectional selectivity as
they separate all parts of the frequency space. For 2D imagesthe CWT produces
an approximation image H, and six bandpass subimages Gy- o5 oriented at  15°,



54 Chapter 3. CM estimation by using CWT

Figure 3.1: Filter bank to implement three levels of the unidimensional DWT. x(n):
input signal; h(n): low pass lter; g(n): high pass lter. A subsampling by a factor 2 is
applied to the Iter output.

45°,  75°. A comprehensive explanation and more details on CWT can be found
in the paper by Kingsbury [66]. Figure 3.2 shows an example of CWT.

3.2.4 MIl, estimation using kKNNG

Given a setZ = fzy,...,zng of n vectors in RY, a kNNG is formed by all points
zi- 1.n and the edges with their k nearest points Ny ;(Z) = fZ,...,z{g. Figure 3.3
shows examples of KNNGs for two different point distributions.

Let I{(x) and In(x) be the images to register, and Z¢ = fz¢q,...,Z2¢n0, Zm =

fzmi1,...,Zmng N realizations of a random vector Z (the matching feature) in each
image. The Ml 4 of the feature Z can be estimated as [70]:
0 1 o4
— 1 1 cp o @n erm,p(mei) A
Mla—ﬁlogﬁg a %« : (3.1)

1p=1 er,p(Zfi)eZm,p(Zmi)

where €& (z;) is the distance from the point z; to its p-nearest neighbor z;g; in Z,

and Z¢m = fZtmp - --2Zfmnd IS the set of joint features z¢y = [Z¢zm] in R?9, and
g=d(1 a).

3.2.5 Feature vectors

The method proceeds by an initial registration by using the C WT approximation co-
ef cients, followed by a second registration using the feat ure vectors de ned below.
If all the CWT coef cients were joined in the same feature vec tor, the registration
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(a) (b)

Figure 3.2: De nition of the feature vector Z. (a) First level of the CWT for Lena,
whose subimages provide details of the original image orien ted at 15, 45, and

75 . Crosses show spatially corresponding coef cients, which are grouped to form
the vector Z. As the coef cients are complex, each subimage provides two components
to Z. (b) Colormap used for representing complex values.

process could be dominated by approximation coef cients, s ince their magnitude is
much higher than the detail coef cients. The second step is w here high frequency
information in tags is introduced into the registration pro cess.

The feature vector Z = [ Z4, ...,Z4] was formed by the detail coef cients of the
rst level of CWT decomposition (Figure 3.2 ). Since there ar e six high-frequency

images of complex coef cients at each level, Z is a vector in R1? whose components
are de ned as:

ReGy(x)), ifiiseven

i = . (3.2)
Im(Gy(x)), ifiisodd

where k = bic, and Gy is the kih image of details .



56 Chapter 3. CM estimation by using CWT

(a) (b)

Figure 3.3: Examples of KNNGs (k=5) for a set of 200 points in the plane with (a) uniform
and (b) Gaussian distributions.

t=0% t=25% t=50% t=75% t=100%

Figure 3.4: Gold standard points L; for each frame i from ED to ES of sequence #1.
Time is expressed relative to the systole duration.

3.2.6 Evaluation

Tag intersection points (18 in average) were marked manually in each frame by
two observers in two independent sessions. The intraobserver errors were 0.01
0.35mmand 0.06 0.3Imm, and the interobserver error was 0.03 0.29mm. A set
of gold standard landmarks for the image i (L;) was obtained by averaging the
measurements made by both observers. The set of transformaions T was then
used to propagate Lo to each phase, producing estimations Ib; of L;. As the mean
square error (MSE) between Ib; and L ; increases from end-of-diastole (ED) to end-
of-systole (ES), we computed the average over all phases. Fyure 3.4 shows the gold
standard landmarks for each frame in sequence #1.
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Figure 3.5: Mean MSE over systole for all sequences and metrics used in this chapter.
A-MI , of CWT-based features; BMI ; of DWT-based features; C-MI 5 of pixel intensity;
D-Shannon M1 of pixel intensity estimated by histograms.

3.3 Results and discussion
Four methods were applied to the dataset described in Section 3.2.1. They were
identical except for the metric:

A- Ml 4 of CWT-based features (the method described in Section 3.2)

B- Ml , of DWT-based features (Haar wavelets [71] were used) [64]
C- Ml of pixel intensity (an unidimensional feature).

D- Shannon MI of pixel intensity estimated by histograms.

Figure 3.5 shows that the method A provided the lowest errors for sequences #1,
#3, and #4. An interesting result is the order of performance of methods A-C, which
suggests an increase in accuracy with the amount of high frequency information
employed. The use of the same MI, estimator in these three cases, allowed to
study the isolated effect of the feature type on the whole met hod. The effect of the
estimator type is well illustrated also in Figure 3.5: when p ixel intensity is used as
feature, the use of histograms provides lower errors than KNNG. This could be a
consequence of the higher smoothness and wider region of capture of histograms
with respect to kNNGs [72].

The results for sequence #2 are also interesting. For this squence, intensity-
based methods provided lower errors than wavelet-based met hods. An examination
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of sequence #2 revealed the presence of high-frequency coilartifacts which could
have misguided the registration step based on details coef cients.

One drawback of the presented method is its high computation al cost. When
using gradient-based optimizers, and the gradient is estim ated by nite differences,
it is necessary to resample the moving image and calculate its CWT twice for each
degree of freedom of the transformation. This becomes criti cal for FFDs because of
their high number of parameters: even a coarse bidimensional grid of 8 8 control
points would require the computation of 256 CWTs to estimate the gradient. An-
other factor that makes the method computationally expensi ve is the use of KNNGs
to estimate Ml,. This requires the construction of a kd-tree (O(nlog(n))) and k
queries for each feature.

One possible way of improving the obtained results is the use of CWT phase
information, since it depends almost linearly on displacem ents in the image [67].
Other ideas are the selection of coef cients based on noise level estimation, and to
take advantage of the multiresolution nature of wavelet tra nsform to implement an
intrinsically multiresolution method. The use of gradient -based optimizers may be
not the best choice, since the smoothness of theMI 5 cannot be guaranteed in our
context. Experiments with other optimizers like the Nelder -Mead method should
be carried out.

3.4 Conclusions

Spatial information present in tags has been introduced int o a registration-based
method for cardiac motion estimation. This has been accomplished by using fea-
ture vectors formed with CWT coef cients. CWT offers shifti nvariance, good direc-
tional selectivity, and intrinsically multiresolution im age representation, properties
that make the transform quite suitable for registration pur poses. This has been
demonstrated by obtaining lower errors with respect to the u se of Haar wavelet
transform and pixel intensity to form feature vectors. Howe ver, a drawback of the
presented methodology is its high computational cost, whic h could limit its practi-
cal application (specially in 3D datasets).



Abstract - Tagged Magnetic Resonance Imaging (T-MRI) is one of theerede modalities
for obtaining regional information on myocardial deforinat and it is considered a valu-
able tool for the diagnosis of cardiovascular diseasesgelmeyistration techniques have
been proposed as an automatic method for recovering calididacement elds. Initially
performed as a set of pairwise registrations, these tesbsigave evolved to the use of 3D+t
deformation models, requiring metrics of joint image atigmt. However, only linear com-
binations of cost functions de ned with respect to the rsarhe have been used. In this
chapter, we have applied k- Nearest Neighbors Graphs (kN#st@pators of tha-entropy
(Ha) to measure the joint similarity between frames. To copé thie high computational
cost of these estimators, an analytical expression for atingpthe metric gradient was
obtained. Experiments performed on six subjects showegnacsintly higher accuracy
(p < 0.095 with respect to a pairwise approach in terms of mean positierror and vari-
ance with respect to manually placed landmarks. The des@lmethod was used to compare
strains in patients with myocardial infarction with respgeto healthy subjects, showing a
consistency between strain, infarction location, and carg occlusion.

Adapted E. Oubel, M. De Craene, A. O. Hero, M. Huguet, G. Avegl iano, B. H. Bijnens and A F.
Frangi. Cardiac Motion Estimation by Joint Alignment of Tag ged MRI Sequences.Under review.
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base mid apex long

Figure 4.1: Example of the T-MRI images used in this chapter. From left to right: basal,
medial, apical, and longitudinal planes of the LV are shown. Top row corresponds to
End-of-Diastole (ED) and bottom row to End-of-Systole (ED) .

4.1 Introduction

agged Magnetic Resonance Imaging (T-MRI) is currently the r eference modal-
T ity in clinical practice to obtain regional information on | eft ventricular (LV)
myocardial deformation. Since its introduction by Zerhoun i et al. [3] for cardiac
function assessment, this technique has rapidly evolved du e to advances in im-
age acquisition, image processing, and clinical applications. The continuous efforts
of researchers to obtain a completely automatic and reliable method for recover-
ing cardiac motion and deformation, have generated interes t in this modality. Re-
cently, Axel et al. have presented a review of technical and clinical advances in this
area [11,73]. Figure 4.1 shows an example of the images usedn this chapter.

Non-rigid registration has been applied for recovering car diac displacement
elds from T-MRI sequences. Radeva et al. [74] have tracked the LV motion by
minimizing the energy of a B-Solid. Other authors [12,75], b uilding upon the initial
approach of Rueckert et al. [19], applied pairwise registrations between the cur-
rent phase and the rst [12] (previous [75]) phase in the sequ ence. All of them
proposed to maximize Mutual Information (MI) as similarity  metric between both
images [34, 35]. Subsequently, 3D + t transformation models were applied for mod-
eling cardiac motion [76, 77], aiming at exploiting the temp oral correlation between
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phases. The use of these models immediately raised the issueof de ning a metric
of the joint alignment of all phases in order to optimize simu Itaneously all trans-
formation parameters. This problem was rst addressed by a | inear combination
of pairwise metrics between each phase and the rst one [76,77]. However, this
approach still measures the image similarity with respectt o the rst phase and fails
to exploit inter-phase correlation. Shen et al.[78] applied the HAMMER [79] algo-
rithm for simultaneous registration of all phases in a cine M RI (C-MRI) sequence
by matching attribute vectors at corresponding points. In o rder to exploit temporal
correlation, they included an energy term comparing attrib ute vectors within a 4D
neighborhood in the total energy functional.

Metrics based on information theory have been successfully applied for regis-
tration of T-MRI images [12, 75], owing to their capability t o account for non-linear
intensity changes introduced by the tag fading effect. Ther efore, it is worthwhile
to study extensions of such metrics for measuring the joint a lignment of an image
sequence. The main challenge is the accurate estimation of he probability density
function (PDF) from a set of samples in a high-dimensional sp ace. Neemuchwala et
al. [72] have recently presented estimators of a- Mutual Information M| 5 based on
kKNNG when high dimensional features are employed, and the use of histograms
is not possible due to the curse of dimensionality [80]. Ma et al.[81] have applied
these estimators for computing deformations in a synthetic sequence of tumor im-
ages, and introduced joint similarity extensions of Ml 4. More recently, Leonenko et
al. [82] have presented a class of estimators ofH, based on the k-th nearest-neighbor
distances computed from a sample of N i.i.d. vectors with distribution f.

In this chapter, we have extended kNNG estimators of Hg to quantify the joint
alignment of multiview sequences, and applied it to T-MRI se quences to recover
cardiac displacement elds. For quantitative assessment of our method, a com-
parison was run against the method proposed by Chandrashekara et al [12] for a
population of 6 healthy subjects. Results show a signi cant decrease in positional
error with respect to manually placed landmarks. For assessing the performances
of our method in quantifying heart failure, we illustrate fo r 2 patients with myocar-
dial infarction consistency between strain maps as recovered by our algorithm and
DE-MRI and catheterization information. In the context of t his chapter, joint align-
ment (JA) refers to the simultaneous alignment of all phases as proposed in [81],
whereas pairwise alignmen{PA)joint alignment(JA) refers to the technique proposed
in [76]. Sometimes the term sequence alignmeig also used in the sense of JA, and
confusion with methods for intersubject sequence alignmen t like the one presented
by Perperidis et al.[1] must be avoided.
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4.2 Method

4.2.1 Dataset

The database used for the experiments consisted of 6 healthy subjects (3 females
and 3 males between 24 and 33 years old) and 2 patients with transmural infarction
of the myocardium. For all subjects, C-MRI, T-MRI, and Delay ed-Enhancement MRI
of Gadolinium (DE-MRI) images were acquired in breath-hold by using a General
Electric Signa CV/i, 1.5 T scanner (General Electric, Milwa ukee, USA). Healthy vol-
unteers were also imaged with DE-MRI to have a proof of their ¢ linical status. The
values of acquisition parameters were: slice thickness = 8mm, in-plane resolution =
0.78mm  0.78mm, gap between slices = 0mm, TR=7.99ms, TE=4.43ms, ipangle
= 20 degrees, and FOV=40cm 40cm. C-MRI and T-MRI sequences were acquired
at 30 phases per cardiac cycle. T-MRI images with a grid pattern of 5mm (tag spac-
ing) were acquired by applying a Spatial Modulation of Magne tization (SPAMM)
sequence. An expert clinician assessed the presence of infection from DE-MRI im-
ages, and classi ed the 17 standard segments [83] accordingto the transmurality
of necrosis in the myocardial wall into four categories: i) 0 % (healthy segment) ii)
<50%, iii) 50-75% and iv) > 75%. For patients with myocardial infarction, cardiac
catheterization was also performed in order to assess coronary occlusion.

4.2.2 Deformation model

Figure 4.2 presents a block diagram of the method. Transformations are de ned
relative to the coordinate system of the rst frame to simpli fy the computation of
Lagrangian strains (referred to ED) and metric derivatives . The use of Lagrangian
strains is more common than natural strains 1 in most current imaging techniques
(US, MR, SPECT, angiography) [84]. Similarly to [81], the a-entropy Ha was used to
measure the joint similarity of all phases.

Typically, a T-MRI study consists of two acquisitions perfo rmed in SA and LA.
This results in two image sequences Isa(x,t) and I a(x,t) of np phases which pro-
vide the voxel intensity at spatial position x and time t. Cardiac deformation was
modeled as a set ofnp, 1 B-Splines T (x) = fTi(X)g=1,,, , transformations de-

ned on Iga(x,0). The corresponding deformations in LA can be obtained from
T (x) by composition of T (x) with the rigid transformations de ning the relation-
ship between both coordinate systems, as described in Secton 4.2.5.

4.2.3 Joint vs pairwise alignment

We explain the advantage of the simultaneous multi-image re gistration and the
pairwise registration by adopting the generative model rep resentation of the image

Re2 dL
dL

1The natural strain #y is de ned as the integral over time of the instantaneous stra in, i.e. #y = T
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Figure 4.2: Cardiac motion estimation method. Transformations Tp mapping points in
ED (top) to phase i (bottom) are optimized simultaneously to minimize the Hj of all
phases. The inputs to the optimizer are the set of transformations T and the metric of
similarity. This metric takes in turn all images of the seque nce as input.



64 Chapter 4. CM estimation by using joint IR

registration problem. A generative model for the image regi stration problem is
obtained by expressing the log posterior probability of the deformation (B-spline
parameters B) given the image sequence [85]:

In p(Bjz) = H(ZjB)N + In p(B) 4.1)

where N is the total number of pixels, Z is a random vector of dimension ny, called
a pixel stack, whose realizations are the time series of grey levels at a specied
pixel location over successive image volumes in the time sequence. Each realization
z ranges over the setf0, Z"qg”P where n9 is the number of bits quantifying image
intensities. In Equation 4.1, p(B) is a prior on the deformation that in uences how
the estimated deformations interpolate between features i n the images [86].

The conditional entropy on the right hand side of Equation 4. 1 can be empirically
estimated from Shannon entropy using [36]:

H(zZjB) = & P(Z(x) = ziB) In p(Z(x) = zjB)
e 4.2)
u N g NjInNj+InN

where N; = éj:Z(xj)z 2, Is the number of pixel locations where the associated vector
Z(x;) equals grey level z; and satises &; N; = N.

The problem of course is that the log posterior (4.1) is not computable due to
the fact that required memory explodes as np increases (memory scales as 2» "d).
This is the justi cation of alternative direct methods of es timating the entropy. The
MST/ kKNNG alpha-entropy estimators converge in probability to H(ZjB) for large
N and np. This is because for large N the alpha-entropy estimator converges to the
alpha-entropy, by the law of large numbers, and for large np,a=(np 1)/ np 1,
and the alpha-entropy is approximately equal to the Shannon entropy.

Therefore, in light of the representation (4.1) of the log po sterior density, the PA
approach corresponds to making an approximation to the entr opy function de n-
ing the log posterior H(ZjB) é?jol H(l;,1;+1)B) where I; denotes the j-th image
volume in the sequence. Such approximation to the full joint entropy is expected
to be poor when a frame of the image sequence is correlated to more than just
its neighboring frames, or more generally when pairwise ind ependence of the se-
quence does not imply joint independence. When the decomposition of the joint
distribution into pairwise successive products gives a poo r approximation to the
true log posterior (4.1) the PA method will perform poorly. F or example, using
standard arguments of mathematical statistics it can be shown that in the limit as N
becomes large, maximization of the pairwise entropy will gi ve a biased estimator
of the deformation parameters B, equal to the least false estima{87] of B.

Classical estimators of entropy use plug-in estimation, i. e. estimate the PDF
p(ZjZ ) from observed data Z . In this chapter, a kKNNG estimator for Hj is proposed
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based on the paper by Neemuchwala et al.[72]. For random vector Z = [Z; an]T
the Rényi entropy Hj, of order a of Z is de ned as [88]:
1 z
Ha(Z) = 71 log  f(Z1,....Zn)%dZ;..dZ,, (4.3)

If f; is a consistent estimator of the PDF, i.e. if it converges in probability to fz
as the number of samples grows, then Equation 4.3 can be appraximated by

! oglsy f ot 4.4
a 1ogn—siz_;1 z(zj) (4.4)

R.(2) =

where the z; = (1(x,0 : np 1)) 2 R"r denote realizations of the multivariate

random variable Z and ns is the number of realizations (number of samples).
Finally, the application of a kNNG-Voronoi partitioning heuristic [68] allows

substituting fz with 1/ (nsg(Z)), for obtaining the kNNG estimator of Ha:

Ns 1 a
Ra(2) = ﬁ log n_lgél & (z) (4.5)
where €7 (z)) = kz; Zjk is the euclidean distance from the point z; to its nearest
neighbor Zj in Z.

There is a difference between the entropy estimation approach taken by Learned-
Miller [85] and the approach adopted in this chapter. Learne d-Miller assumes that
intensities are independently and identically distribute d (i.i.d.) both over all pixel
locations and over all images inside each pixel stack. Using these two assump-
tions, the problem is reduced to the computation of the entro py of a scalar random
variable. While the assumption of independent images insid e the pixel stack Z is
reasonable in the case of independent subjects, it can not bemaintained in our case
since we focus on temporal sequences where consecutive imags are expected to
be highly dependent. As consequence, entropy must be estimated in a space of
high dimensionality without any constraint about componen t independency in Z.
The estimator in Equation 4.5 only assumes i.i.d realizations of Z, and therefore is
suitable for our application .

In the Appendix 4.A we present an analytical expression for ¢ omputing the
gradient r R4(B) of the estimator in Equation 4.5.

4.2.4 Self matches

The estimator de ned in Equation 4.5 is numerically unstabl e when any of the dis-
tances ez () is equal to zero, i.e. in case of self matches in the nearest nehbors
(NN) query. If Z was effectively continuous, it would produce realizations through
the whole range of possible values, without any repetition. However, digital im-

ages are quantized and represented by a nite number of bits, and there exists the
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possibility of nding multiple occurrences of a specic val ue z in Z. In order to
solve this problem, Neemuchwala et al.[72] added uniform noise to each realiza-
tion, thus dispersing features inside a radius-limited np-hypersphere. Even when
this approach effectively solves the problem, it might gene rate arbitrarily large val-
ues in the PDF estimation. A small change in a point z results in a small Voronoi
cell and therefore, in an elevated probability value for z . Another drawback of
noise addition is the introduction of unnecessary stochast ic component in the cost
function, which in turn could interfere with the optimizati  on process.

In this chapter, a different approach was adopted for the sel f-matching problem.
In Equation 4.5 we multiplied the distance €7 (z;) by the number of occurrences
oz (zj) of zj in Z. Even when this requires a second NN search, the additional
computational cost is negligible [89].

425 Combination of views

A T-MRI study typically contains SA and LA views of the heart.  The information
about radial and circumferential contraction is provided b y the SA and LA 2 views,
whereas the information about longitudinal deformation co mes only from the LA
view. Therefore, it is necessary to include the information provided by both views
in the registration process. Chandrashekara et al.[12] circumvented this problem
by linearly combining the similarity metrics measured inde pendently for each view.
In order to obtain a uni ed metric considering multiple viewsand multiple time points
each view was considered as realizations of the same random vector Z. This means
that pixel stacks zS2and z'2 taken from SA and LA are modeled as realizations of
the same variable Z, and can thus be mixed into a single set of samples Z. Under
this hypothesis, Equation 4.3 remains unchanged for registration of multiple view
sequences, integrating in this way information from differ ent time points and views
into the same uni ed framework.

By convention, SA has been taken as the reference space for deing the trans-
formation. Thus, the coordinates of samples in LA must be map ped to SA in order
to be transformed. These transformed coordinates need then to be mapped back to
LA for computing the pixel stack z'2. Therefore, it is necessary to know the trans-
formations from SA to LA ( Tg) and from LA to SA ( T\s). These transformations
are provided by the DICOM format in the form of image origin 032 and orientation
D$a=[is2js2ksq (ol2 and D!2 = [i'2 j'2 k'a]) with respect to the coordinate system
of the scanner. Two generic points x7%and x!a in image coordinates can be expressed
in world coordinates as :

X$A= 032+ DA (4.6)

2In this chapter, a grid tag pattern was employed instead of un idirectional tags. Therefore, the
longitudinal images also contain information about the rad ial contraction



4.2. Method 67

X2 = ol2+ plax/a (4.7)

When Equations 4.6 and 4.7 refer to the same physical point, we can equate the
right sides and obtain the following transformations betwe en views:

T T

To:x xB= D@ D&+ D2 of o (4.8)
T T

Tis: X x¢%= (D) Dyix®+ (D))" o of? (4.9)

4.2.6 Strain estimation

The mechanical effects and evolution over time of myocardia | infarction are an
important issue to study with T-MRI [11]. The infarcted regi on of diseased my-
ocardium permanently loses its ability to contract, and thi s is manifested in al-
tered motion during the cardiac cycle. Therefore, there should be a correlation be-
tween infarction location and local strains. To study this ¢ orrespondence, strain was
computed from the recovered displacements elds to discrim inate between active
healthy myocardium and passively moving infarcted tissue.

The set of transformations T allows to compute the displacement eld u(x) as
function of position x at ED and time t. Since the assumption of small deformations
is too strong for cardiac deformations, the Green strain ten sor cannot be applied,
and the Green-Lagrange strain tensor must be used instead. The Green-Lagrange
strain tensor is de ned as [90]

E=Z ru+ru'+ru'ru (4.10)

1
2
Diagonal elements #; of E are normal strains, i.e. strains along each direction in
the rectangular coordinate system. Given the geometry of th e heart, this coordinate
system is not appropriate for analysis. Instead, it is prefe rable the use of a local
coordinate system composed by radial, circumferential, an d longitudinal directions
(rcl system) on the basis of the epicardial surface orientation at the reference (un-
deformed) geometry. This coordinate system is illustrated in Figure 4.3. In order
to estimate the epicardial surface, a manual segmentation of the SA image at ED
was performed and, after resampling and smoothing, a varian t [91] of the original
marching cubes algorithm [92] was applied to extract the epi cardial and endocardial
surfaces.

The normal strain along an arbitrary direction d can be then obtained from
Equation 5.1 as [93]:
t#q= d"Ed (4.11)

Radial (#;), circumferential (#.), and longitudinal ( #;) normal strains can be ob-
tained by replacing d with directions r, c, and |, respectively.
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Figure 4.3: Local coordinate system used for strain analysis. Radial (r), circumferential
(c), and longitudinal ( I) directions for the point p are shown in the longitudinal (a)
and transverse (b) views of the LV. (c) Radial directions obt ained from the extracted
epicardial and endocardial surfaces of the LV.

The radial direction is outward and perpendicular to the epi cardial surface. The
circumferential direction is in the short-axis plane (perp endicular to the long axis),
parallel to the epicardial surface, and counterclock wise, as viewed from the base.
The longitudinal direction is obtained as the cross product of radial and circum-
ferential directions, tangent to the epicardial surface. | n this way, directions were
de ned to create a right-handed system.

4.3 Results

4.3.1 Entropy

After registration, Hja should be minimum, and the pixel stack distribution ( Z)
should be more compact. Since the pixel stacksz; are np-dimensional points, a re-
duction of dimensionality is necessary for visual represen tation of changes in distri-
bution. A Principal Components Analysis (PCA) [94] was perf ormed to accomplish
a projection of Z in the subspace spanned by the rst three principal componen ts
| j=1.3 was used to visualize point distributions in this space. Fig ure 4.4 shows
that the point distribution before registration presents a larger variance than after
registration, equivalent to a state of higher entropy, as ex pected.
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Figure 4.4: Distributions of the pixel stack Z in the subspace spanned by the rst three
principal component directions ¢i=1.3. (a) Before registration. (b) After registration. El-

lipsoids have semi-axis lengths equal to the standard deviation along the corresponding
principal vectors q.
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Figure 4.5: Example of displacement eld at ES (relative to ED) for a heal thy volunteer
at (a) base, (b) mid, and (c) apex. The displacement eld is pl otted on the SA images at
ED.

4.3.2 Error analysis

Figure 4.5 shows the displacement eld for a healthy volunte er. In order to compute
accuracy, tag intersections were marked in the systolic phases of 6 sequences. Only
systolic phases were marked since the images were acquired ky using SPAMM, and
the strong fading effect of this sequence makes the tags dif cult to identify beyond
ES. The resulting transformations T were used to propagate the points in ED to
the remaining phases, which were compared to manual measure ments extracted by
an expert clinician. Tag intersections were marked in SA at b ase, mid, and apex,
whereas only the central plane was used in LA. On average, 24 tag intersections
were tracked along the systole.

Figure 4.6 displays the Mean Square Error (MSE) error along the systole of the
JA method as compared to the PA method 3. Figure 4.6 shows a lower MSE error
for JA for 37 out of the 39 phases. The MSE error is higher only for phase #5 of
sequence #5, and phase #2 of sequence #4. It is important to aess the statistical
signi cances of these errors and a Mann-Whitney test [96] wa s implemented to
extract p-values for each of the deformations. Normality was veried at level 0.05
by using a Lilliefors test [97], and the Independence of popu lation was ensured by
applying each method to a different set of sequences. Table 41 shows rejection
of the null hypothesis at 5% signi cance level for almost all phases, showing an
improvement in favor of the JA method.

Differences in error variance were also studied in order to a ssess uniformity of
the registration error across regions. It is desirable that registration accuracy be
independent of the displacement magnitude, which varies ac ross the myocardium
during the cardiac cycle. The error uniformity can be measur ed by computing its

3An own implementation of the method by Chandrashekara et al. (using the Insight Toolkit [95]) was
employed, instead of their original software.



4.3. Results 71
25 seq. #1 2
—~ 2r —~
£ € 1.5
£ 51.5
S15 5
@ 5]
E E 1
1,
0.5 0.5 oPA
"0 20 40 60 80 100 0 20 40 60 80 100
time (% systole) time (% systole)
2 seq. #3 seq. #4
E 15 ] E 1.5
él.S §1.5
S S
© 5]
£ 1 £ 1
-0-JA
-o-PA O PA
0.5 ‘ ‘ 0.5 ‘ ‘
0 20 40 60 80 100 0 20 40 60 80 100
time (% systole) time (% systole)
2 2 seq. #6
E 15 E 1.5
él.S §1.5
S S
5} 5]
g 1} g 1}
05 -O-PA 05 -0-PA
0 20 80 100 0 20 80 100

40 60
time (% systole)

40 60
time (% systole)

Figure 4.6: MSE errors between manually placed landmarks at tag interse ctions, and
propagated landmarks for six healthy volunteers. JA = joint alignment; PA = pairwise
alignment.
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Table 4.1: p-values obtained from the Mann-Whitney test performed on th e MSE errors
for JA and PA methods. Results are provided for equally spaced time instants along

systole. Bold values mean rejection of the null hypothesis at 5% signi cance level. Note

that the null hypothesis is rejected for all phases at 10% signi cance level.

t (relative to systole) 14% 28%  43% 57% 71%  86% 100%
p-value 0.02% 13% 02% 13% 9.6% 0.8% 0.03%

Table 4.2: p-values obtained with a F-test performed on error variances for JA and PA
methods. Bold values mean rejection of the null hypothesis o f equal variances (p=0.05).

t (relative to systole) 14%  28% 43% 57% 71% 86%  100%
p-value 29% 4.2% 0.0006% 0.1% 0.0043% 4.3% 0.8%

variance. Table 4.2 shows the p-values obtained from a F-test [96] performed on
the variances for each phase. As in the previous Mann-Whitney test for mean error
values, each method was applied on different sequences to ensure independence.
The same values are represented in form of box plots in Figure 4.7.

Finally, the JA method was compared to manual measurements in order to as-
sess dependencies of the registration error on the displacement magnitude. The
Bland-Altman plots [96] presented in Figure 4.9 show a negli gible bias, and a sym-
metric error distribution around it.

4.3.3 Computational complexity and speed

Registration using plug-in estimators of probability dens ity functions suffers from
increasingly high computation as the number of features inc reases. On the other
hand, registration based on graphs suffers from high comput ational cost that in-
creases in the number of feature realizations. Analytical computation of the gradi-
ent of the cost function can reduce this complexity. This red uction in complexity
is especially advantageous when using transformations wit h high number of pa-
rameters. For example, if B-Splines are employed, even a coase grid with control
points every 20 mm over the LV contains 8 8 8 3 = 1,536 parameters, and the
gradient estimation requires 3,072 function evaluations, i.e. building 3,072 graphs.
The use of analytical expressions resulted in an average conputation time of 45 min
for a PC with a 64 bits processor Intel Itanium at 1.5 GHz runni ng Linux Suse 9.2.
Figure 4.8 shows a linear increase in computation time with t he number of points
used to estimate H, (the size of Z).

4.3.4 Strain in healthy subjects

Strain analysis along systole was performed by dividing the LV into the standard
16 segments of the American Heart Association (AHA) [83] (th e 17" segment is
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optional). The average and standard deviation of radial, ci rcumferential, and lon-
gitudinal strain were computed for the 6 healthy subjects. T he strain analysis was
constrained to systole because of the same data acquisitionissues mentioned in
Section 4.3.2. Figures 4.10, 4.11, and 4.12 show these valsalong systole. Radial
strain presented the highest variability in agreement with  previous reports [98, 99].
The strain sign is consistent with the heart physiology: dur ing systole there is radial
thickening (positive strain), and circumferential and lon gitudinal shortening (nega-
tive strain). Tables 4.3, 4.4, and 4.5 show average radial a circumferential peak
strains and standard deviations compared to values reporte d in the literature.

4.3.5 Strain in myocardial infarction

In order to test the method in pathological cases, a strain analysis was performed on
two patients with myocardial infarction. Figure 4.13 shows the infarction location,

regions at risk, and circumferential strains for these pati ents. This analysis con-
sisted in a segment-to-segment comparison of circumferential strain with respect

to the normal subjects. The choice of circumferential strain for comparison is due
to the small intersubject variability of healthy subjects a s compared to radial and
longitudinal strain. This makes the detection of any deviat ion in strain easier with

respect to normal values. Figure 4.13 shows that for patient #1 the largest devia-
tions with respect to normality are found in segments BI, MIl, and Al. These lower
strains fully correlate with the infarction location at the inferior area of the LV. Seg-
ments BA, MA, and BAS showed an increased strain on the opposite side of the
infarction, which could be explained as a compensatory mech anism of healthy seg-
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Figure 4.9: Bland-Altman plots of displacements along x (a), y (b), and z (c) axes
(Dux,Duy, and Du). Solid and dashed lines show respectively the mean value and
the 95% con dence interval of point displacements.
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Table 4.3: Comparison of average peak radial strains E;; and standard deviations sy
with values reported in the literature. Non-available valu es are marked asn/ a

Region Moore Bistoquet ~ Our method
etal. [98] etal. [100]

septum  basal 0.45 0.12 0.20 n/a 0.21 0.10
mid 0.42 019 021 n/fa 0.26 0.08
apical 0.36 0.22 n/ a 0.10 0.07

anterior  basal 042 021 021 n/a 0.27 0.08
mid 052 025 0.25 n/a 0.26 0.08
apical 0.67 0.31 n/ a 0.13 0.05

lateral basal 0.52 0.19 022 n/fa 0.26 0.09
mid 0.38 018 0.21 n/a 0.23 0.07
apical 0.49 0.29 n/ a 0.15 0.09

inferior  basal 0.41 0.17 0.23 n/la 0.26 0.06
mid 035 022 023 n/a 0.19 0.05
apical 0.39 0.38 n/ a 0.10 0.05

Table 4.4: Comparison of average peak circumferential strains Ecc and standard devi-
ations s¢c with values reported in the literature. Non-available valu es are marked as

n/ a
Region Moore Korosoglou Petitjean Bistoquet Our method
et al. [98] et al. [101] et al. [99] et al. [100]

septum  basal 0.17 0.03 0.18 n/a 0.18 0.09 0.10 n/a 0.13 0.03
mid 0.16 0.03 0.19 n/a 0.27 0.18 0.12 n/a 0.14 0.03
apical 0.18 0.03 0.19 n/a 0.27 0.27 n/ a 0.08 0.02

anterior  basal 0.20 0.03 n/ a 0.36 0.27 0.12 n/a 0.07 o0.01
mid 0.23 0.04 n/ a 0.45 0.13 0.10 n/a 0.08 0.03
apical 0.24 0.06 n/ a 0.49 0.27 n/ a 0.06 0.03

lateral basal 0.21 0.03 0.19 n/a 0.45 0.13 0.12 n/a 0.10 0.03
mid 0.22 0.03 0.19 n/a 0.45 0.13 0.11 n/a 0.14 0.02
apical 0.24 0.04 0.19 n/a 0.27 0.27 n/ a 0.12 0.04

inferior  basal 0.16 0.03 n/ a 0.36 0.13 0.10 n/a 0.12 0.03
mid 0.16 0.05 n/ a 0.49 0.18 0.11 n/a 0.14 0.01
apical 0.23 0.04 n/ a 0.45 0.27 n/ a 0.14 0.02
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Figure 4.10: Radial strain along systole for healthy subjects. BA=basal anterior;
BAS=basal anteroseptal; BlS=basal inferoseptal; Bl=bashinferior; BlL=basal inferolat-
eral; BAL=basal anterolateral; MA=mid anterior; MAS=mid a nteroseptal; MIS=mid in-
feroseptal; MI=mid inferior; MIL=mid inferolateral; MAL=  mid anterolateral; AA=apical
anterior; AS=apical septal; Al=apical inferior; AL=apica | lateral.
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Figure 4.11: Circumferential strain along systole for healthy subjects . BA=basal anterior;
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feroseptal; MI=mid inferior; MIL=mid inferolateral; MAL=
anterior; AS=apical septal; Al=apical inferior; AL=apica | lateral.
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Figure 4.12: Longitudinal strain along systole for healthy subjects. BA =basal anterior;
BAS=basal anteroseptal; BlS=basal inferoseptal; Bl=bashinferior; BIL=basal inferolat-
eral; BAL=basal anterolateral; MA=mid anterior; MAS=mid a nteroseptal; MIS=mid in-

feroseptal; MI=mid inferior; MIL=mid inferolateral; MAL=

anterior; AS=apical septal; Al=apical inferior; AL=apica | lateral.

mid anterolateral; AA=apical
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Table 4.5: Comparison of average peak longitudinal strains E;; and standard deviations
s;; with values reported in the literature.

Region Moore etal. [98]  Our method
septum  basal 0.14 0.03 0.09 0.02
mid 0.15 0.03 0.10 0.02
apical 0.18 0.04 0.12 0.04
anterior  basal 0.15 0.03 0.05 0.05
mid 0.15 0.03 0.09 0.04
apical 0.19 0.03 0.08 0.02
lateral basal 0.15 0.03 0.10 0.09
mid 0.14 0.04 0.09 0.04
apical 0.19 0.03 0.08 0.03
inferior  basal 0.15 0.03 0.04 0.04
mid 0.15 0.03 0.11 0.07
apical 0.18 0.04 0.07 0.04

ments to maintain the systolic function close to normal leve I. In patient #2, again,
all infarcted segments presented a lower strain with respect to the control group.
Even when the lateral wall had no evidence of infarction acco rding to DE-MRI, the
circum ex artery presented a 75% of occlusion, which could e xplain the low strains
obtained for this region.

4.4 Discussion

The MSE error with respect to manual measurements obtained by JA was shown to
be signi cantly lower than for the PA approach at ES. The p-values obtained from
the Mann-Whitney test (Table 4.1) show signi cant differen ces at 5% level between
the errors obtained with PA and JA for most of the analyzed tim e points. If a 10 %
level were considered, this difference would become signi cant for all time points.

The errors with respect to the manual landmarks are computed inside the same
image plane, since the acquisition slice by slice does not alow to track tag intersec-
tions in the space. This is a limitation imposed by the way of a cquiring volumes,
and can be solved only with the design of new MRI sequences to p roduce 3D tag
patterns [102].

Figure 4.6 shows an increase in the MSE error over time. However, an uniform
error distribution along time was expected, because of the simultaneous parame-
ter optimization and the use of a joint metric. In order to nd an explanation to
these results, manual measurements were repeated by the sane observer, and the
intraobserver error was evaluated over time. Figure 4.14, shows an increase in this
error over time, meaning that intersections are more dif cu It to de ne for phases
close to ES. These tag distortions (Figure 4.15 ) can be causkby the non-linear
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(a) (b) c

Figure 4.13: Relationship between infarction location, coronary occlu sion at risk, and
circumferential strains for the patients with MIA. (a) Tran smurality of necrosis classi-
ed into four categories: i) 0% (healthy segment) ii) <50%, iii) 50-75% and iv) > 75%.
(b) Percent of occlusion of the corresponding coronary artery. (c) Highest difference
in circumferential strain with respect to the mean of the con trol group along systole.
Differences lower than the standard deviations were arbitr arily set to zero.
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Figure 4.15: Tag distortion and its in uence on the intraobserver error. A magni cation
of tags shows an ambiguity in point correspondence between E D (left) and ES (right)
images. For the cross and circle at ED, there are two possiblecorresponding points at
ES.

deformations undergone by the myocardium during contracti on. Another source
of registration error is out-of-plane motion, causing some tag intersections to van-
ish or dissapear. Therefore, there are some points in the myocardium for which a
correspondence cannot be found for all time points. This is a well known registra-

tion problem [49,103] that can hamper an accurate deformation recovery. Again,
the availability of real 3D acquisitions could contribute t o atten out the error over

time, since out-of-plane motion would not affect the tag pat tern in this case.

In this chapter, the strain analysis was constrained to systole only because the
tag fading precludes an accurately strain estimation beyond ES. The tag fading
effect is quite strong in images acquired by using SPAMM, and other sequences like
CSPAMM have been developed to reduce this problem [104]. A priori, there are no
apparent problems preventing the application of the presen ted to the whole cardiac
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cycle. Similar data acquisition issues explain the exclusion of the right ventricle
(RV) of the analysis. The minimum tag spacing provided by the scanner used in
this chapter was not suf cient to calculate strains accurat ely in the RV, but it could
be included in the analysis in case of suitable image data.

There is an underestimation of the strain values reported in this chapter. The
rst frame of the sequence is usually discarded since the blo od is still magnetized
in ED, and because of the presence of artifacts similar to those produced by off-
resonance and velocity-induced phase discontinuities [105]. In some cases even the
second frame had to be discarded. As a consequence, the estimted strain values
are lower than the real ones, and this could partially explai n the differences found
with the reported values in the literature. In our data, ther e are 10 frames during
systole (in average), and therefore the descanted frames rgresent a loss of 10% to
20%.

A comparison of strain values to reported results in the lite rature revealed a
large variability. This variability has several sources be sides (of course) the em-
ployed method. The use of different datasets, segmentation algorithms, radial
direction de nitions, and ways of dividing the myocardium (  the AHA standard
division [83] has contributed a lot to normalize results), a re some causes of these
differences. Despite these problems, some common points were found. Radial
strain presents always the highest values, and also the largest variability. Probably,
this high variability is a consequence of its high dependenc e on the segmentation
method and respiration artifacts. Even when sequences with severe artifacts were
not used, this problem is present to some degree in all sequences, producing ran-
dom local changes in the surface curvature (and therefore in the radial direction).
On the contrary, circumferential direction is always in the plane of image acquisi-
tion, and does not change among subjects, which could explain the low variability
of strain in this direction. Some methods to remove respirat ion artifacts in C-MRI
have been proposed [106, 107], but they need to be modied for T-MRI images.
A possibility is to apply tag removal methods [108], before u sing the mentioned
techniques.

Preliminary tests on patients with myocardial infarction s howed an agreement
between the recovered and expected strain. Full correspondence between infarcted
regions and low strain values was found, in agreement with pr evious results from
studies with 2D US [109-114] and MRI [101,115-117]. Of cours, these experiments
are only illustrative, and show consistent low strain value s in infarction compared
to other imaging and diagnostic modalities.

4.5 Conclusions

In this chapter, JA of T-MRI sequences was used for cardiac mation estimation.
Since the success of similarity metrics based on information theory, H; was em-
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ployed to measure joint similarity. The use of this metric wa s justi ed from a prob-
abilistic point of view in Section 4.2.3. In order to cope wit h the high computational
cost of the KNNG estimators of Hg, an analytical expression for metric derivatives
was obtained, resulting in a O(nslog ns) complexity, which drastically reduces the
registration time. The strategy to combine different views performed correctly, re-
sulting in a simple way of integrating their information int 0 a uni ed metric that
measures multiphase and multiview similarity in image sequ ences. Results showed
signi cantly lower mean errors and variances when compared to PA. Even when an
uniform error distribution was expected, mean errors and va riances increased over
time. These observations can be attributed to image acquisition issues, which can
be overcome with the advent of higher resolution scanners, and the possibility of
performing 3D T-MRI [102]. Strain values corresponding to h ealthy subjects were
in the order of magnitude reported in the literature. Howeve r, the lack of standard-
ization, and the high number of sources of variability, make a direct comparison
dif cult. Strain values for patients with myocardial infar  ction showed an excellent
visual correlation with infarction location and territori  es at risk. Even when these
results are encouraging, experiments need to be extended toa larger population to
con rm and generalize clinical conclusions.

4.A  Appendix: analytical derivatives

Many optimizers need to estimate the gradient of the cost fun ction. To this pur-
pose, the use of nite difference approximation to the gradi ent is impractical for
transformations with high number of parameters, since it re quires computing a kd-
tree for each perturbation of the set of parameters. This is especially problematic
for high-dimensional feature spaces as the number of pertur bations requires for the
nite difference estimator is D. This problem of graph-base d estimators has been
addressed by Sabuncuet al.[118] for Minimum Spanning Tree (MST) estimators of
Ha. Here we develop a similar analytical approximation.

Using Equation 4.5, the derivative with respect to the param eter m of the trans-
formation is

g
g Al g@)’

g, = . (4.12)
Tom (a DaMk, &(z) *
3Ns 2 i (% ) ¢ i
ﬂiﬂqaz odi=1 Zn(z) Tor % (@) (4.13)
Pm 28 &(z) ?

where g = np(1 a), as de ned in [119].
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The problem has been reduced to computation of derivatives e% (z;). By assum-
ing no changes in correspondence between a point zj and its nearest neighbor Z;
for in nitesimal changes in the transformation parameters , these derivatives can be
computed as:

Np
%%(Zi) = élz(zij Zi)(IFx) Tr z (4.14)
J:

where r z;; is the intensity gradient at the point x; = T(x;), and J{"is the mt" column
of the parametric jacobian of the transformation [95]:

2 X Ixg Ixg 8
Tpr fp2 1Pm
X2 fixz Ixz.
=g T e fpm 4 (4.15)
Ixn o Ixn
P Tp2 Tpm

Finally, by including Equations 4.14 into Equation 4.13, th e following expression
is obtained for the derivative of the Ha:

9
1 npal, &(z) 2 a2z 7)(3k(x)Tr z
—WR, = - (4.16)
T 250, &(z) *

It is important to highlight at this point, that Equation 4.1 3 is a completely
general expression and can be used for any type of matching features. If z; are
concatenations of features in R9 for each time point j, Equation 4.14 turns into

Np d
ie%(zi): a 4 2zik  Zjpr zIr (%) (4.17)
Pm j=1k=1

where r z;, represents the spatial gradient of the kih feature coef cient at time |,
and its computation depends on the feature de nition.

By applying Equation 4.16 for computing derivatives, the ti me complexity is
reduced to O(nslog ns) as compared to the O(nZlog ns) time complexity required
for nite differences.



Abstract - In this chapter we have studied the relationship betweeairsy infarction lo-
cation, and coronary occlusion in patients with acute mydizd infarction (AMI). Even
when the strain in AMI has been extensively studied with bidnsional ultrasonography,
its study with MR is of great interest due to the relative ahtages of this modality. In this
chapter, we have estimated strains by applying the regdistranethod described in Chap-
ter 4 to tagged magnetic resonance (T-MRI) sequences. nStedues were subsequently
correlated to the infarction location assessed from DetdnaBcement MRI (DE-MRI), and
to regions at risk (low perfused) obtained from Cardiac €attization (CC). The strain in 7
patients with myocardial infarction was regionally comedmwith respect to a control group
of 10 healthy subjects, and the observed differences wedainexl based on the information
provided by DE-MRI and CC. As expected, infarcted regiorespnted lower strain values
with respect to healthy subjects, but an interesting ndimgs the lower strain in regions
at risk which suggests a potential use of strain as a predaftmyocardial infarction.

Adapted from E. Oubel, G. Avegliano, M. Huguet, B. H. Bijnens , M. De Craene, A. O. Hero, and
A. F. Frangi. Automatic strain analysis in myocardial infar ction: comparison with delayed enhancement
and cardiac catheterization. To be submitted.
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5.1 Introduction

Magnetic Resonance Imaging (MRI) allows studying differen t aspects of the heart
anatomy and function depending on the speci c sequence appl ied. Thus, Cine (C-
MRI), tagged (T-MRI), and delay-enhancement of Gadolinium (DE-MRI) MR pro-
vide the necessary and complementary information required to perform cardiac
function analysis. In this context, T-MRI provides tagged i mages of the myocardium
that allow estimating cardiac displacement elds and strai ns. A promising area of
study with T-MRI are the mechanical effects and evolution ov er time of the acute
myocardial infarction (AMI) [11], since an infarcted regio n permanently loses its
ability to contract. From a mathematical point of view, the ¢ ardiac contraction can
be modeled as a transformation that establishes a dense poirt correspondence over
time. The strain values derived from this transformation sh ould be low in infarcted
regions since the displacement eld is expected to be almost constant inside. Simi-
larly, regions at risk should present an altered motion as a ¢ onsequence of a reduced
blood supply.

The strain in AMI has been extensively studied with bidimens ional ultrasonog-
raphy (2D-US) [109-114]. Even when the drawbacks of 2D modalities seemed to
be solved with the availability of 3D-US scanners, the appli cation of strain estima-
tion methods developed for 3D-US [120] has been limited to gl obal cardiac function
assessment [121-125]. MRI is an alternative modality to 3D-US since it provides
images with higher signal to noise ratio (SNR), there is no mi ssing information due
to acoustic window issues, and the strain estimation is more accurate as material
points can be tracked over the cardiac cycle. Therefore, the study of strain in AMI
by using MRI is of great interest despite the extensive research already performed
with US modalities. However, the information found in the li terature is limited.
Geskin et al. [115] have applied T-MRI for quantifying the response to dob utamine
in patients after AMI. This was measured by using the percent of radial shorten-
ing obtained by a 1-dimensional strain analysis. Korosoglo u et al.[101] have used
Strain-Encoded MRI (SE-MRI) to study the correlation betwe en strain and infarc-
tion in patients with heart failure, but only the circumfere ntial strain was analyzed.
Garot et al.[116] have shown a correlation between SE-MRI and DE-MRI. Finally,
Spottiswoode et al.[117] have proposed a method to recover cardiac motion from
2D DENSE images, and shown its consistency in two patients wi th AMI.

In this chapter we have applied the method described in Chapt er 4 to study
differences in strain between a group of patients with AMI, a nd a group of healthy
subjects. We have applied a regional approach, by comparing the strain values
over the affected regions as assessed by DE-MRI. Differently from other articles
in the literature [101, 115-117], we have also analyzed stran values according to
the occlusion of coronary arteries quanti ed by cardiac cat heterization (CC). This
analysis was motivated by ndings of low strain values in hea Ithy regions according
to DE-MRI.
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#1 #2 #3 #4

#5 #6 #7

Figure 5.1: Transmurality of necrosis for then patient group classied into four cate-
gories: i) 0% (healthy segment) ii) <50%, iii) 50-75% and iv) > 75%.

5.2 Method

5.2.1 Study group

The database used for the experiments consisted of 10 healtly subjects (between
24 and 33 years old) and 7 patients with transmural infarctio n of the myocardium.
For all subjects, C-MRI, T-MRI, and DE-MRI images were acquired in breath-hold
by using a General Electric Signa CV/i, 1.5 T scanner (General Electric, Milwaukee,
USA). Healthy volunteers were also imaged with DE-MRI to hav e a proof of their
clinical status. The values of acquisition parameters were: slice thickness = 8mm,
in-plane resolution = 0.78mm  0.78mm, gap between slices = Omm, TR=7.99ms,
TE=4.43ms, ip angle = 20 degrees, and FOV=40cm 40cm. C-MRI and T-MRI se-
quences were acquired at 30 phases per cardiac cycle. T-MRI inages with a grid
pattern of 5mm (tag spacing) were acquired by applying a Spat ial Modulation of
Magnetization (SPAMM) sequence. For each patient, an expett clinician assessed
the presence of infarction from DE-MRI images, and classi e d the 16 standard seg-
ments [83] according to the transmurality of necrosis in the myocardium wall into 3
categories: a) < 50 %, b) 50-75 % and c) > 75 %. These measuremtsnmare presented
as Bull's-eye plots in Figure 5.1. For infarcted patients, CC was also performed to
assess the degree of coronary occlusion. Figure 5.2 preserst the percent of coro-
nary occlusion and the affected territories. Table 5.1 summarizes relevant clinical
information for the patient group.
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#1 #2 #3 #4

#5 #6 #7

Figure 5.2: Maps of coronary occlusion assessed by cardiac catheterismaccording to the
affected territories. Segments in red present a normal irri gation, and segments in white
have a de ciency in irrigation due to complete occlusion of t he associated coronary
artery.

5.2.2 Strain estimation

The set of transformations T allows computing the displacement eld u(x,t) for
a position x at ED and time t. Since the assumption of small deformations is too
strong for cardiac deformations, the Green-Lagrange strain tensor must be used
instead of the Green strain tensor. The Green-Lagrange strdn tensor is de ned
as [90]

E:% ru+ru'+ru'ru (5.1)

Diagonal elements E;; of E are normal strains, i.e. strains along each direction in
a rectangular coordinate system. Given the geometry of the heart, this coordinate
system is not appropriate for analysis. Instead, it is prefe rable the use of a local
coordinate system composed by radial, circumferential, an d longitudinal directions
(rcl system) on the basis of the epicardial surface orientation at the reference (un-
deformed) geometry. In order to estimate the epicardial sur face, we performed
a manual segmentation of the SA image at ED and applied a variant [91] of the
original marching cubes algorithm [92] to extract the epica rdial and endocardial
contours. The normal strain along a gin arbitrary direction d can be then obtained
from the E as [93]:
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Table 5.1: Relevant clinical information about each patient. EF = Ejection fraction from

C-MRI studies; Dilated = Dilated LV evaluated by C-MRI studi es; Y = Yes; N = No;
LAD= Left anterior descending artery; CX = Circum ex corona ry artery; RCA = Right

coronary artery; Obst = Obstruction percentage of vessel.

Patient Gender Age EF Dilated Catheterism
LAD CX RCA
# M/F years (%) Y/N (%) obst
1 M 59 23 Y 100 100 50
2 M 54 55 Y 0 90 50
3 M 70 40 N 90 75 0
4 M 71 52 N 0 85 100
5 M 53 34 Y 85 80 90
6 M 77 54 N 80 0 100
7 M 55 52 N 0 0 40
Edd =d TEd (52)

5.2.3 Strain analysis

Strain analysis along systole was performed by dividing the Left Ventricle (LV) into
the 16 standard segments [83]. For a patient p, each segment was classi ed as
“infarcted”, “at risk”, or “normal”, depending on the infor =~ mation provided by DE-
MRI and cardiac catheterization. We de ned the infarcted region\/\/i'?]f as the volume
of myocardium composed by all segments marked as “infarcted ”. Similarly, the
region at risk erisk was de ned as the volume of myocardium composed by all
non-infarcted segments marked as “at risk”. More exactly:

e .
Wi =" S L(SP)= inf (5.3)
i=1
e 5
erisk:A Sle(Slp):riskANDL(Slp):inf (5.4)

i=1

where Slp is the i segment of patient p, and L(Slp) is a function that assigns labels
to each segment.

For each patient, we computed peak systolic strain values over regions Wi?]f and

Wi, along radial (En', Erisk), circumferential ( Efe , EUSY), and longitudinal direc-
tions (El'lnf, Elrlis"). These values were subsequently compared to the peak systdic

strain values of healthy subjects for the same regionsepresented by their average
—=norm —norm —=norm
value (EI’I' s ECC s E|| )
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Table 5.2: Means (Err, Ece, E;) and standard deviations (syr, Sce, S)) of peak systolic
strains for each standard segment in the control group.

Segment (#)  En (Sr) (%)  Ecc(Scd (%)  Ey (sy) (%)

1 27.3 83 7.2 0.7 46 53
2 215 9.9 10.2 1.4 6,9 1.7
3 17.0 6.8 125 34 8.7 1.8
4 25.7 5.7 12.3 3.1 3.7 38
5 26.1 8.9 10.1 3.1 3.9 3.6
6 20.0 10.9 9.4 1.7 9.9 9.0
7 26.3 7.8 9.0 1.8 89 4.1
8 154 85 111 1.6 8.6 24
9 10.6 6.4 135 3.0 9.6 1.5
10 19.2 45 142 15 10.7 6.7
11 227 71 139 21 79 27
12 15.7 4.4 11.3 1.9 8.5 3.6
13 128 5.4 6.6 3.5 8.4 1.7
14 105 7.6 83 19 12.3 43
15 114 5.1 141 21 6.5 3.8
16 14.7 9.3 124 48 76 2.7

5.3 Results and discussion

Table 5.2 presents the peak systolic strain values for the healthy subjects. As can be
observed, the strain sign is consistent with the current kno wledge of heart physi-
ology: during systole there is a thickening of the myocardiu m (#, > 0), a circum-
ferential shortening (#.c < 0), and a longitudinal shortening ( #;, < 0) characterized
by a displacement of the heart base towards the apex. Table 52 shows a remark-
ably lower variance of circumferential strain with respect to radial and longitudinal
strains, in agreement with other results reported in the lit erature [98]. A plausi-
ble explanation can be found in the estimation of radial dire ction, which depends
strongly on a good estimation of the local curvature of the he art wall along the
z-axis. An accurate curvature estimation is quite dif cultt o achieve because of the
low image resolution in the long axis. On the contrary, the ci rcumferential direc-
tion is tangent to the segmentation of epicardium in the xy plane, where the image
resolution is much higher (10 times in our case).

It is important to comment on the strain underestimation eff ects induced by
blood magnetization. At the beginning of image acquisition , the blood is mag-
netized and presents a tag pattern as all tissues in the image. This tag pattern
disappears 60 ms later approximately as a consequence of blad mixing. The miss-
ing information creates a problem for image registration me thods, since a point
correspondence cannot be established between images. To slve this problem, we
removed the rst phase of the sequence to improve the registr ation accuracy. How-
ever, the suppression of the rst phase produces an underestimation of strain, since
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Table 5.3: Means of peak systolic strains (E;r, Ecc, E)j) over infarcted (Wi,¢) and at risk
(Wisk) regions for each patient. Values between brackets are the mean of peak systolic
strains for the same region in the control group.

\Ninf Wrisk
Patient  Eq (Sir) (%)  Ecc(Sco) (%) Ei(sn) (%) En (sir) (%) Ecc(scd (%)  Ey (si) (%)

1 5.1 (14.5) 0.8 (-9.7) 0.2 (-4.4) - - -
2 7.5 (13.1) 5.3(9.8) -7.2(4.3) 11.2(-19.7) -10.8(-10.1) -8.3(-4.2)
3 115 (12.0)  -6.4(-10.1)  -1.0(-5.4)  17.6(-19.7) 2.8 (X0 -2.7 (-4.2)
4 3.1(9.4) 7.7 (-104)  -2.2(-5.4) 9.9 (-19.7)  -0.9(-10.1) 0.4 (-4.2)

5 7.0 (11.2) -2.0(-10.8)  -2.3(-5.8) - - -

6 13.2 (13.3) -4.4 (-9.6) 0.9 (-3.9) 12.4 (-16.4)  -5.1(-8.4) -5.7 (-3.5)

7 7.4 (10.2) -5.7 (-10.2) 4.4(-5.7) - - -

the rst considered phase corresponds to the heart in an alre ady deformed state.

Table 5.3 shows the peak systolic values for the patient group compared to the
control values. Except for an increased longitudinal strai n for patient #2, the strain
in infarcted regions was below the controls. The same trend w as found for regions
at risk. The same table also shows that the longitudinal strain presents the lowest
correlation with presence on infarction and coronary occlu sion. This can be ex-
plained from an image acquisition point of view. Standard ca rdiac MRI acquisition
protocols use the same interslice spacing in the base-apex drection for the SA ac-
quisition, than in the lateral direction for LA. Given the LV  shape, this results in
a lower number of LA images (and therefore less information) with respect to SA.
The differential information provided by both views is in fa ct higher, since there is
a difference (in favor of SA) in the cross sectional area of the myocardium and the
out-of-plane motion is larger for LA.

In this chapter we have classi ed categorically each segment as infarcted if an
infarction was present in at least one slice, and regardless its degree of transmural-
ity. However, if the extention of the infarction is small, th e segment could remain
functional and there could be a disagreement between between strain values and
the segment classi cation. The strain analysis could be imp roved by segmenting
the scar to restrict the region of interest to the volume of my ocardium affected by
the infarction.

It is important to comment on the age mismatch between patien t and con-
trol groups, since the found differences could be attribute d to normal age-related
changes of strain values. Unfortunately, we have not found i n the literature a full
description of such changes in the LV. Only partial aspects of aging have been re-
ported like changes in torsion [126—129], and relaxation patterns [130]. However, the
large deviations from normality shown in Table 5.3 are dif ¢ ult to explain based on
possible age-related effects. Another argument against this hypothesis is provided
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by Oxenham et al.[129], who reported an increase in the circumferential stra in with
age, whereas we have observed a lower circumferential strain with respect to con-
trols (the younger group).

5.4 Conclusions

In this paper we have applied a novel cardiac motion estimati on method to study
the interrelationships between strain, infarction, and co ronary occlusion. The method
provided consistent results with respect to the current kno wledge about physio,
and physiopathology of the heart. The recovered strains for healthy subjects were
in agreement with the basic modes of contraction of the LV dur ing systole, i. e.
radial contraction (traduced in a wall thickening), and cir cumferential and longi-
tudinal shortening. The estimated strains inside infarcte d regions were lower than
the average for healthy subjects in corresponding regions. The low intersubject
variability of circumferential strain with respect to radi al and longitudinal strains
makes it the more appropriate to perform comparisons betwee n healthy and patho-
logical subjects. Another interesting nding was the reduc ed strains in regions at
risk, which suggests a potential use of strain as a marker of r egions with high risk
of infarction and as follow up method after coronary stentin g. Even when the ap-
plied methodology of strain analysis provided satisfactor y results, it could bene t
from improvements in each step. Examples are artifact correction in T-MRI, im-
provements in the estimation of the rcl coordinate system, a nd the addition of scar
segmentation methods to constrain the region of analysis.
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a estimacién de cambios morfolégicos temporales de tejidos biolégicos es un problema
L recurrente en imaginologia. Los métodos de corregistro de imagenes resultan adecua-
dos para resolver este tipo de problemas ya que permiten establecer una correspondencia
punto a punto entre imagenes, la cual a su vez puede ser utilizada para cuanti car de-
formaciones. Dada una secuencia de imagenesl(x,t) = 1(x,0),1(x,1) J(GN 1), en
el contexto de esta tesis, corregistrar una secuencia signica encontrar una transformacion
T(x,t) : (x,00 ! (xOt) que establece una correspondencia entre sus imagenes compoentes.
En esta tesis, nos hemos enfocado en dos aplicaciones de grainterés del corregistro de se-
cuencias en imaginologia: la estimacion de movimiento de pared en aneurismas cerebrales,
y la estimacion de deformaciones cardiacas.

La cuanti cacion de la pulsacion en aneurismas es important e para estudiar la conexién
entre la hemodinamica y ruptura. Una de las hipétesis que int entan explicar la ruptura de
aneurismas es la concentracion de fuerzas sobre la pared vasular. Esta puede ser cuanti -
cada calculando el esfuerzo de corte sobre la pared a partir de simulaciones computacionales
de dinamica de uidos (CFD). En este contexto, la informacié n sobre el movimiento de pared
puede utilizarse para imponer condiciones de frontera en si mulaciones realizadas con mod-
elos no rigidos, como se describe en el Capitulo 1.

La estimacién de movimiento de pared es también de gran impor tancia debido a la
posible conexién entre pulsacion y riesgo de ruptura como se sugiere en [4—6]. La hipotesis
subyacente es que la ruptura de un aneurisma se produce como mnsecuencia de la debilidad
de la pared vascular, lo cual deberia re ejarse en un cambio en la pulsacion. Para estudiar la
relacion entre ruptura y pulsacion es necesario entonces cuanti car esta Ultima, lo cual puede
realizarse midiendo los desplazamientos de la pared vascular a lo largo del ciclo cardiaco.

La mayoria de los valores de movimiento de pared que se encuentran en la literatura cor-
responden a experimentos realizados con fantomas [5, 7], imagenes simuladas [8], o modelos
experimentales [9]. Solo unos pocos intentos de cuanti cacion in-vivo han sido realizados
en seres humanos [4, 10]. En esta tesis hemos desarrollado urmétodo automéatico para
cuanti car el movimiento de pared de aneurismas intracrane ales a partir de secuencias de
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angiografia digital. Este método fue luego aplicado para in vestigar la relacion entre estado
de ruptura y la pulsacién (Capitulo 2).

En cuanto a los métodos de estimacion de deformaciones cardacas, estos son impor-
tantes para el estudio del corazén en condiciones normales, patoldgicas, y simuladas. Entre
otras aplicaciones, estos métodos son Utiles para estudiarlos efectos mecanicos de ciertas
cardiopatias [11], y para el desarrollo de modelos electromecénicos. El corregistro de ima-
genes basado en Informacién Mutua (MI) entre volimenes comp onentes de secuencias de
T-MRI ha probado ser una buena estrategia para estimar campos de desplazamiento en el
corazon [12,13]. Esto nos ha motivado a estudiar extensiones de los métodos basados en
teoria de la informacion para incluir informacion espacial y temporal.

En general, las métricas de similaridad estan basadas en la ntensidad de la imagen, ig-
norando informacion espacial potencialmente relevante para guiar el proceso de corregistro.
Para incluir esta informacion hemos explorado el uso de métr icas basadas en transformadas
wavelets para el corregistro no rigido de secuencias de T-MRI bidimensionales. Para incluir
informacién temporal en el proceso de corregistro hemos realizado un corregistro conjunto
de los volimenes componentes de la secuencias, en lugar de um serie de corregistros entre
pares de volimenes (Capitulo 4). Esta nueva estrategia parala recuperacion de campos de
desplazamiento fue luego aplicada para estudiar diferenci as regionales de deformacion entre
pacientes con infarto agudo de miocardio y un grupo control d e sujetos sanos (Capitulo 5).

Los resultados de estas lineas de invesigacion han sido pregntados en diferentes confer-
encias, y enviados a revistas de divulgacion cienti ca para su publicacion. La correspondi-
ente lista de publicaciones se puede encontrar a continuacion del Capitulo 5. En la misma
lista se han agregado otras publicaciones fruto de colaboraciones realizadas con grupos exter-
nos, a las que hemos contribuido con la experiencia ganada durante estos afios en el ambito
de corregistro de imagenes.



Los capitulos que componen esta tesis tienen como denominador comun el procesamiento de
secuencia de imagenes, cada uno de ellos aborda problematias diferentes, mediante distintas
metodologias, y con objetivos particulares. Por lo tanto, las conclusiones se presentan de
manera independiente para cada uno de los capitulos.

Capitulo 1. Modelos distensibles para simulaciones comput acionales
de dinAmica de uidos en aneurismas intracraneales

En este estudio se ha presentado una nueva estrategia para icluir informacion de movimiento
de pared en simulaciones CFD, para poder entender la in uenc ia de paredes distensibles
sobre los patrones de ujo sanguineo dentro del aneurisma. E ste nuevo método provee
una base para simulaciones CFD potencialmente mas exactas. Se ha mostrado ademas
que es posible estimar el movimiento de pared en aneurismas aplicando técnicas de cor-
registro de imagenes a secuencias angiogra cas, y que exisen movimientos diferenciales en
el aneurisma, en concordancia con la literatura [15, 16].

El método de estimacion de movimiento de pared puede ser mejorado de diferentes
maneras, tales como el uso mayores frecuencias de muestreogl uso de catéteres de mayor
dimension, y tasas de inyeccion de contraste mayores. El usode frecuencias de muestreo
mas elevadas deberia permitir recuperar la curva de distensién completa, lo cual eliminaria
la necesidad de usar formas de onda particulares en las simulaciones. Una limitacién po-
tencial de la técnica presentada es que no se puede garantiza una distribucion homogénea
del contraste para las tasas de inyeccion y tamafios de catéte utilizados. Los avances en tec-
nologia de adquisicion de imagenes que permitan mayores resoluciones espaciales deberian
incrementar la sensibilidad del método.

En cuanto a la in uencia del movimiento de pared sobre la hemo dinamica, se observaron
pequefias diferencias en la distribucion de esfuerzos de corte obtenidas con modelos rigidos
y distensibles, pero los modelos rigidos produjeron una sob reestimacion de su magnitud.
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Sin embargo, otras caracteristicas hemodinamicas no exhileeron variaciones sustanciales (Ej:
localizacion y tamafio de la zona de impacto). la fueron condi cion

Aunque se cree que el esfuerzo de corte juega un papel importante en la mecanobi-
ologia de la pared arterial, se requiere investigacion adicional para determinar cuales son las
variables hemodinamicas relevantes, y el efecto del movimiento de pared sobre las mismas.
Finalmente, aun cuando es generalmente aceptado que la pare del aneurisma es siempre
distensible en cierto grado, el rango de variabilidad del mo vimiento de pared entre pacientes
es aun desconocido. Se requieren estudios sobre un nimero mgor de casos para determinar
las posibilidades de medicion, y si las diferencias en distensibilidad pueden ser relacionadas
a factores clinicos como crecimiento y ruptura del aneurism a.

Capitulo 2: Estimacion del movimiento de pared en aneurisma s
intracraneales

En este capitulo se han combinado métodos de corregistro no rigido con técnicas de proce-
sado de sefales para cuanti car el movimiento de pared a part ir de secuencias angiogra cas.
Hasta nuestro conocimiento, esta es la primera vez que la pulsacién es cuanti cada de man-
era continua a lo largo del ciclo cardiaco.

La metodologia presentada fue aplicada a un grupo de secuendas y se ha encontrado que
la diferencia de pulsacién entre el aneurismay la arteria es mayor en aneurismas rotos que en
aneurismas no rotos. Esta observacion es consistente con derencias histologicas de la pared
vascular encontradas en la literatura. Estas mediciones y dbservaciones pueden ayudar a
estrati car el riesgo de ruptura, y a comprender los efectos del movimiento de pared sobre
la hemodindmica y evolucion de los aneurismas.

Varios aspectos planteados en el Capitulo 1 como posibles mgoras de la técnica de medi-
cién han sido desarrollados en mayor profundidad, y conrma ndo las hipdtesis planteadas.
En particular, el uso de mayores frecuencias de muestreo para obtener una curva de dis-
tension continua, la conexién entre pulsacion y estado de ruptura, y la aplicacion de la
metodologia a un nimero mayor de casos para obtener rangos de variacion de la distension
en aneurismas cerebrales.

Capitulo 3: Estimacion de movimiento cardiaco mediante wav elets
complejas

La informacion espacial presente en imagenes de resonanciamagnética marcada fue intro-
ducida en métodos de corregistro mediante el uso de vectores de caracteristicas formados
con los coe cientes de la transformada wavelet compleja (CW T). Esta representacion de ima-
genes es invariante al desplazamiento, discrimina correctamente direcciones espaciales, y
es intrinsecamente multiresolucion. Estas propiedades resultan deseables en el contexto de
corregistro de imagenes.

El uso de la CWT ha permitido obtener errores menores con respecto a la wavelet de
Haar e intensidad de pixel, lo cual sugiere que la inclusién d e informacién espacial podria
ser relevante para guiar el proceso de corregistro. El punto débil de esta metodologia es su
elevado costo computacional debido al calculo de la CWT y al estimador de la métrica, lo
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cual podria limitar su aplicacion practica a las secuencias 3D + t disponibles en la practica
clinica.

Capitulo 4: Estimacion de movimiento cardiaco mediante cor reg-
istro conjunto de imagenes.

En este capitulo hemos estimado el movimiento cardiaco mediante el corregistro conjunto de
las imagenes componentes de secuencias de T-MRI. La utiliz&ién de H, conjunta en lugar
de métricas de nidas entre pares de imagenes fue justicado mediante desde un punto de
vista probabilistico en la Section 4.2.3. Para resolver el poblema del elevado costo computa-
cional de los estimadores basados enkNNG, se ha derivado una expresion analitica para el
gradiente de la métrica, obteniendo como resultado una drastica reduccion en el tiempo de
corregistro. La estrategia utilizada para combinar difere ntes vistas proporcioné los resulta-
dos esperados, y resulta una manera simple de integrar difer entes canales de informacion en
una métrica Unica.

Los resultados obtenidos mostraron errores signi cativam ente menores, y menores vari-
anzas con respecto al método de referencia. Aun cuando se espraba una distribucién tem-
poral uniforme del error, este presentd un incremento duran te la sistole. Estas observaciones
fueron relacionadas a artefactos y métodos de adquisicion de secuencias 3D, los cuales po-
drian ser parcialmente resueltos mediante adquisiciones 3D reales [102]. Los valores de de-
formaciones obtenidos para sujetos sanos se encuentran en korden de magnitud encontrado
en la literatura. Sin embargo, la falta de estandarizacion, y las diferentes fuentes de variabil-
idad di cultan una comparacion directa. En pacientes con in farto agudo de miocardio, se
observé una correlacion entre deformacion, localizacion d el infarto, y regiones en riesgo. Se
necesitan experimentos adicionales sobre un nimero mayor de pacientes para con rmar y
generalizar estas conclusiones clinicas.

Capitulo 5: Analisis de deformaciones en el infarto agudo de  mio-
cardio

En este estudio se ha aplicado el método presentado en el capiulo 4, para estudiar las
relaciones entre deformacion, localizacion del infarto, y oclusién coronaria. Los resultados
proporcionados por el método son consistentes con el conocimiento actual de la sioy -
siopatologia cardiaca. Las deformaciones obtenidas para ¢ grupo de control se encuentran
en concordancia con los modos basicos de contraccién del verriculo izquierdo durante la
sistole. Las deformaciones estimadas dentro de las regione con infarto de miocardio fueron
inferiores al promedio del grupo de control en la region corr  espondiente. Un hallazgo intere-
sante fue la disminucion de la deformacion en las regiones en riesgo, lo cual sugiere el uso
potencial de la deformacién como indice de riesgo de infarto, o como indicador de evolu-
cion luego de una intervencién coronaria. La metodologia pr esentada puede bene ciarse de
avances en métodos de segmentacion de camaras cardiacas y ¢ension del infarto.



114 Conclusiones




I would like to thank the following persons and institutions:

Thesis directorAlejandro F. Frangi.
Members of the jury

European reviewers/incent Noblet (Centre National de la Recherche Scienti qu €), and
Jean-Paul Armspach (Institut de Physique Biologique)

Colaborators: Laura Dempere-Marco (Pompeu Fabra University), Juan R. Cebral y
Marcelo Castro (George Mason University), Hildur Olafsdét tir (Technical University
of Denmark), Alfred O. Hero (University of Michigan), and Da vid Barber (University
of Shef eld).

Francois Rousseaspecial thanks for his unvaluable help for nishing this the sis.
Spanish Ministry of Educationfor the nancial support.

Sebastian Ordasny collegue and great friend who teached me to see the whole pi cture,
to love and enjoy the work, and to become strong in the adversi ty.

My wife Nadege, for her inconditional support, comprehension, and patienc e during
these years. And for giving me Valerio, who makes happy each s econd of my life.

My family in Argentina, who saw me leave the country looking for new horizons.
Specially my son Juan Cruz, from whom | was separed for a long t ime.



	Contents
	List of Figures
	List of Tables
	Nomenclature
	Compliant models for CFD simulations in intracranial aneurysms
	Introduction
	Method
	Dataset
	Wall motion estimation
	Compliant model

	Results
	Discussion and conclusions

	Wall motion estimation in intracranial aneurysms
	Introduction
	Method
	Dataset
	Wall motion estimation
	Differential pulsation index

	Results
	Discussion
	Conclusions

	Cardiac motion estimation by using complex wavelets
	Introduction
	Method
	Dataset
	Motion estimation
	Complex wavelet transform
	MI estimation using kNNG
	Feature vectors
	Evaluation

	Results and discussion
	Conclusions

	Cardiac motion estimation by using joint image registration
	Introduction
	Method
	Dataset
	Deformation model
	Joint vs pairwise alignment
	Self matches
	Combination of views
	Strain estimation

	Results
	Entropy
	Error analysis
	Computational complexity and speed
	Strain in healthy subjects
	Strain in myocardial infarction

	Discussion
	Conclusions
	Appendix: analytical derivatives

	Strain analysis in the acute myocardial infarction
	Introduction
	Method
	Study group
	Strain estimation
	Strain analysis

	Results and discussion
	Conclusions

	Bibliography
	Publications
	Resumen
	Conclusiones

