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Abstract

Accurate assessment of ventricular function is clinically imptant. Tagged magnetic
resonance imaging (MRI) is the modality of choice for calcuiag parameters such as torsion,
rotation and strain that characterize regional myocardial dinction. In this dissertation, a
method for reconstructing three-dimensional strain over timdrom unwrapped harmonic
phase measurements obtained from tagged MRI is presented. Thegedure involved the
placement of branch cuts before unwrapping the phase images temove inconsistencies
and obtaining displacement measurements. An a ne prolate spheidal B-spline (APSB)
model was then used to reconstruct strain from the estimated diggement measurements.
Initially, this method was implemented to obtain strain and rsion in the left ventricle (LV)
by the manual placement of branch cuts through a graphical usénterface (GUI) before
unwrapping. This procedure is known as manual Strain from Umapped Phase (mSUP).
The strain obtained was compared to 3D strain obtained from a &ure-based method and
2D strain obtained from harmonic phase strain measurements.

A method called the biventricular strain from unwrapped phaséBiSUP) for reconstruct-
ing three-dimensional plus time (3D+t) biventricular strain maps from unwrapped harmonic
phase (HARP) images was then introduced. This is an extension ofS0P to obtain 3D+t
strain in the right ventricle (RV). Accurate assessment of RV functin is clinically important.
Compared to LV, however, analysis of RV function is relativelgi cult because of a lack of
geometric symmetry and the comparatively thinner myocardiom. Displacement estimates
were obtained from unwrapped harmonic phase measurements, irpecedure similar to
the mSUP, and were then used to reconstruct 3D strain using a disceemodel free (DMF)
approach. The DMF method of reconstruction does not requirdneé model to have geometric

symmetry and so performed e ciently to produce accurate straia. The BiSUP strain and



displacements were compared to those estimated by a 3D featlr&sed (FB) technique and
a 2D+t HARP technique.

A computer-assisted Strain from Unwrapped Phase (caSUP) proce@uio automatically
place branch cuts was then devised. A combination of simulatethnealing and exhaustive
search methods were used to obtain the optimal branch cut corugation. The energy
function that was minimized in the search methods aimed to matain spatial and temporal
continuity. This process reduced the manual intervention iguired to obtain 3D+t strain to
nearly one-third of that of the GUI-based approach. The strain latained was compared to
3D strain obtained from mSUP.

To summarize, these works included validation and detailed sgarisons of strains,
torsion and rotation parameters of both the LV and the RV in hunan subjects of di erent

pathologies and morphologies.
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Chapter 1

Introduction

Image processing has found a number of applications in medigakging. It has been an
essential tool for diagnostic purposes. It has been observed thaognetric and mechanical
properties of the heart are key parameters in the predictioof the condition of the heart
and the e cacy of therapies. Magnetic resonance imaging (MRIj)n particular has a lot of
advantages over other modalities. First, it uses non-ionizingadiation, unlike CT or PET,
and therefore has no known harmful e ect on the body. Second,has good image quality
and provides for 3D imaging. Cine MRI captures slices of the &g at various angles that
can then be put together to form a 3D geometric model. It is cable of providing a series of
such images over the entire cycle of the heart. Most importantitagged MR imaging helps
in calculating key mechanical properties of the heart. In afition, non-invasive analysis of
cardiac motion is possible through MR imaging. It is, however, atessary that the image
analysis be both e cient and accurate for the purpose of clinal use. In this dissertation,
we are concerned with tracking cardiac tissue and modeling tlieformation of the cardiac
LV from tagged MR images.

This chapter starts o by introducing the structure and functioning of the heart. It is
followed by an overview of cine MR imaging and tagged MR imagg. Chapter[2 reviews the
current techniques in analysis of tagged MR images and in patlar the harmonic phase
method (HARP). Chapter[3 gives an overview of the latest techniges being developed for 3D
imaging. Chapter[4 lists the objectives and contributions othe current research. Chapter
lists some of the common phase unwrapping algorithms that wenmplemented to test
their performance on phase images from tagged MRI. Chapféer 8pains the formulation of

a procedure to obtain 3D strain from tagged MR images by using aaphical user interface



(GUI) approach to the phase unwrapping problem (mSUP). Chaptérl compares 2D (HARP
strains) and 3D (mSUP) strains and explores the advantages of thabtained 3D strains.
Chapter[8 extends the mSUP method to obtain strain in the right entricle (BiSUP). Chapter
details a method (caSUP) to reduce the manual interventiomvolved in the mSUP method.
In chapter[10, an explanation of the energy mechanics of thedrt using commonly measured

parameters is explored. Chapter 11 lists suggestions for fueuwork.

1.1 Structure and Functioning of the Heart

1.1.1 Structure of the Heart

The heart is a hollow muscular organ situated between the lungsd the ribcage, and
is surrounded by a brous sac called the pericardium [1],][2].t Is about the size of a st
and is located underneath the sternum.

The human heart consists of four chambers (Figufe 1.1): two a& and two ventricles.
The right side of the heart (the right atrium and the right ventricle) is in charge of circulation
of blood through the lungs or pulmonary circulation. The ldfside (the left atrium and the
left ventricle) is in charge of pumping blood to the rest of thdody or systemic circulation.
There are two sets of vessels connected to the heart: arteriesdaveins. There are two
arteries connected to the heart: the aorta that takes oxygeed blood away from the left
ventricle; and the pulmonary artery that takes deoxygenai blood from the right ventricle
to the lungs. There are two sets of veins connected to the heathe superior and inferior
vena cavae return deoxygenated blood to the right atrium; ahthe pulmonary veins return
oxygenated blood from the lungs to the left atrium.

The septum divides the right and left sides of the heart, prevéing passage of blood from
one side to the other. The heart has four valves: pulmonary, aar, mitral and tricuspid,
that allow for blood ow within the heart and throughout the body. Cusps are segments
in the valve that regulate the blood ow. Valves are either btuspid or tricuspid. The

pulmonary valve guards the opening of the right ventricle tdahe pulmonary artery. The
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aortic valve helps blood ow to the aorta from the left ventricle and prevents it from owing

back. The mitral and tricuspid valves regulate blood ow fromthe atria to the respective
ventricles. They are connected to the ventricular walls thnagh brous strands called chordae
tendinae.The papillary muscles limit the movement of the twatrio-ventricular valves and

prevent them from inverting.

The wall of the heart consists of three layers. The myocardium ihe thick muscular
layer of the heart responsible for the contraction and relaxain of the heart. To the outside
of the myocardium is the epicardium, which consists mostly ofdsue and fat. The inner
lining of the heart is made of smooth membrane and is called tedocardium.

The cells that comprise cardiac muscle are called cardiomyeey [3]. The cardiac my-
ocyte is a specialized muscle cell that is approximately 25n diameter and about 100
in length. The myocyte is composed of bundles of myo brils thacontain myo laments.
The myo brils have distinct, repeating microanatomical unts, termed sarcomeres, which

represent the basic contractile units of the myocyte.

1.1.2 Functioning of the Heart

The heart contracts rhythmically to move blood throughout he body through the circu-
latory system. Each beat of the heart encompasses a cardiac cydecardiac cycle consists
of three phases: the atrial systole, the ventricular systole and ¢hcomplete cardiac diastole.
Figure[1.2 explains the complete cardiac cycle. Atrial sys®@linvolves contraction of atrial
walls to pump blood to the ventricles. Ventricular systole inviwes contraction of ventricu-
lar walls to pump blood out to the aorta and the pulmonary arteies. The atrioventricular
valves close, preventing blood owing back to the atria, whd the pulmonary and aortic
valves open. The beating sound of the heart is from the openiagd closing of these valves.
The complete cardiac diastole involves relaxation of the @n¢ heart. Blood lIs up from the

vena cavae and the pulmonary veins into the right and left ata respectively.



Inferior Vena Cava

Figure 1.1: The anterior view of the human heart’]4].
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Figure 1.2: The cardiac cycle’[2]. The arrows indicate the mdiction of blood ow.

The systematic and rhythmic beating of the heart is controllecby electrical impulses.
These electrical impulses are provided by two electrical nostethe sinoatrial node and the
atrioventricular node. During diastole, there are no elecital signals traveling through the
heart. The sinoatrial node sends out an electrical signal, wicstarts the contraction of
atria leading to atrial systole. At the end of the atrial systole hese signals reach the atri-

oventricular valve, which then triggers ventricular systole

1.1.3 Cardiovascular Diseases

There are many diseases that a ect the heart, but we shall now taka look at a few we

presently study [5].



Ischemia is a restriction in blood supply, generally due to facts in the blood vessels,
with resultant damage or dysfunction of tissue. Myocardial infiction is a disease state
that occurs when blood supply to a part of the heart is interruped or severely reduced.
This happens when one of the coronary arteries is blocked. &Mblockage is caused by the
building up of plaque inside the arteries; this is called athesclerosis. When the plaque
deposits disintegrate at once, a blood clot forms and blocksehow of blood. This leads to
a heart attack. By looking at strain maps, the area of infarctio can be identi ed, and the
progress observed.

Mitral regurgitation, also known as mitral insu ciency, is th e abnormal leaking of blood
through the mitral valve, from left ventricle into the left atrium. The mitral valve is com-
posed of valve lea ets, the mitral valve annulus (which forms ang around the valve lea ets),
papillary muscles and chordae tendinae. A dysfunction of anyf these can cause mitral re-
gurgitation. Long-standing mitral regurgitation may show ewdence of left atrial enlargement
and left ventricular hypertrophy. Di erent phases of the disase show di erent symptoms.

Hypertension or High Blood Pressure is de ned in an adult as a systolpressure in
excess of 140 mm Hg and/or a diastolic pressure in excess of 90 mm Hge hart has to
work harder to maintain blood pressure, and thus, would be morergne to injuries. This
leads to ventricular remodeling and other heart diseases. By slying the increase in volume
of the heart, progress of the hypertensive heart can be monieat.

Ventricular remodeling refers to changes in size, shape andhétion of the heart after
injury to the left ventricle. It might be because of any numberof causes, acute myocardial
infarction, chronic hypertension, and valvular heart diseaseincluded. Left ventricular hy-
pertrophy is the thickening of the myocardium of the left vetricle. There are two types of
hypertrophy. Concentric hypertrophy is caused by increased stplic loads (pressure over-
load), leading to an increase in the mass of the chamber. Sarcenes are added in parallel
and the myo bers get fatter. Eccentric hypertrophy is causedby increased diastolic volume

(volume overload), leading to an increase in myocardial massarSomeres increase in series



Concentric Eccentric

Normal s ertrophy Hypertrophy

Figure 1.3: lllustration of the change in size and shape of thefleventricular wall for con-

centric and eccentric hypertrophy compared to normal heafe].

and the myo bers get longer. The thickness of the a ected chaber walls may be the same

as in a healthy heart or thinner. An illustration of hypertrophy is shown in Figure1.B.
Diabetes is a disease where the body does not produce enoughlinsor when the

insulin is not utilized properly (insulin resistance). Insulin esistance is associated with

fatty buildups in arteries (atherosclerosis) and blood vessels#iase, even before diabetes is

diagnosed. Therefore, diabetes raises the risk of heart attacknd strokes.

1.2 Cardiac Imaging

Many imaging modalities like Computed Tomography (CT), Magetic Resonance Imag-
ing (MRI), X-rays, Echocardiography (ultrasound) can be used tamage the heart, but we
shall limit our discussion to cardiac MR imaging. This report cocentrates on images ob-
tained by the method described in Prince and Links [6]. As memtned earlier, MRI provides
many advantages over other imaging modalities and is espdlyiauseful for some applica-
tions. It is non-ionizing, non-invasive, allows for 3-D imagig and tagged MR imaging has
the ability to measure tissue motion. We shall take a look at the tss for MR imaging and

how cardiac MR imaging is performed in this section.

1.2.1 MR Imaging

Standard MRI is based on exciting the protons in hydrogen atosa The tissues in

the human body consist mostly of molecules of water and fat, wihicare the source of
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hydrogen atoms. The protons possess a spin, and when a magnetid 8, is introduced,
these spins align themselves with the main eld. These spin at a fjgency known as the
Larmor frequency,! = B o, which is proportional to the magnetic eld applied. is the
gyromagnetic ratio, which is 42.58 MHz/T for protons.

This magnetization is then excited by the application of a rdio-frequency (RF) pulse
such that it introduces a second magnetic eldB; perpendicular to the main eld. This
eld introduces a transverse magnetization vectorM,, = Mgsin( ), orthogonal to the main
eld and a vector, M, = Mg cos( ), parallel to it. Mg is the initial equilibrium longitudinal
magnetization, and = R B 1dt is the ip angle. The proton precesses around the main
eld at the Larmor frequency and the rotating transverse signaproduces a current in an
RF coil placed near the signal. This is the signal measured by anRvkscanner.

After the excitation, M, recovers exponentially toM, with a rate constant of T;, and
M,, decays exponentially with a rate constant off,. T; and T, are a result of spin-lattice
and spin-spin interactions respectively. These parameters dapl on the tissue and provide
a source of contrast for imaging. If each region experiencesraque magnetic eld, then we
can image the position of the region. This is accomplished by sf@ly varying the magnetic
eld.

The second step of spatial localization is called phase encodingy magnetic gradient
eld is applied brie y in one of the directions (y). As the change in frequency is very brief,
when the gradient is switched o, it causes a change in phase tha proportional to the
distance. The protons in thex direction have similar phase. The protons in the direction
have di erent phases. In a standard spin echo, the number of phasacoding steps is equal
to the number of lines in the matrix. Each step is performed wit an incremental change in
the strength of the phase-encoding gradient. The last step of sptlocalization is frequency
encoding, applied in the direction perpendicular to the pree-encoding direction ). The
precessional frequency of columns of nuclear spins varies i ttlirection of the frequency-

encoding gradient. This gradient is applied during data acgsition.



The MR signal is a mix of all these frequencies (encoding in thee§uency-encoding di-
rection) and phase shifts (encoding in the phase-encoding diten). The Fourier Transform
(FT) of the obtained signal gives describes the frequency spaan. This is sampled for each
row of the slice to obtain the entire Fourier space for the imageAn inverse FT then yields
the image. Back-projection techniques can be used when potashemes are used to obtain

the signals.

1.2.2 Cardiac Cine MR Imaging

The technique in Sectior_1.2]1 describes how to obtain cardiamages known as cine
images. Generally, the images are obtained for an entire c&ad cycle. Images are obtained
as a series of short-axis (SA) images that cut across the lengthtioé heart, from the base to
the apex. The left ventricle appears circular in these image# long-axis (LA) slice would
be orthogonal to the SA slices. It can be prescribed either as a s#tradial slices, or as
2-chambered and 4-chambered LA images. Figure 1.4 illustrat@ow slices are prescribed.
Cine images are used to measure parameters such as wall thickgnstroke volume, ejection
fraction and wall thickness. In this research, we are concernedth the measurement of
strain, for which tagged MR images are used. The next section dimses how MR tagging

is done.

1.2.3 Cardiac MR Tagging

One of the major advantages of using MRI for cardiac imaging that it can measure
heart motion [8{10]. There are many ways for estimating hearnotion using MR, like phase
contrast MRI (PCMRY), tagged MRI (TMRI) and displacement encading with stimulated
echoes (DENSE). In this dissertation, we are concerned only alicextracting information
from tagged MR images.

Tags or temporary ducial markers that change with the undelying tissue can be placed

in the image. The tag patterns can be of many types, but the two ost popular ones are the
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Figure 1.4: Slice prescriptions in cardiac MR imaging. RightThe slice prescriptions. The
bold lines indicate the plane of the slices. Left: The correspdimg cardiac MR images([7].
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(a) (b)

Figure 1.5: A midventricular slice for two di erent tag patterns: parallel taglines (a) and
grid tags (b).

parallel stripe pattern (Figure ), and the grid pattein with perpendicular tag planes
(Figure [1.5(b)).

These tags are generated by a procedure known as SPAtial Moalitbn of Magnetization
(SPAMM) tagging procedure [11]. Tags are created by dephasitige magnetizing gradient
by the application of a spoiler gradient perpendicular to théags. The tags are introduced
at the initial time frame, usually at end-diastole, and are traked for an entire cycle. The
tags fade over time due toT; relaxation. The tags cut across as planes across the entire
cross-section of the slice, and the planes deform with time as shoim Figure [1.6.

The tags are encoded onto the tissue and can be considered as matg@oints. They
are a measure of the displacement of the underlying tissuel[12]agE, though, can measure
displacement only in the direction perpendicular to them as shwn in Figure[I.7. To obtain
a 3D displacement eld, tags in three orthogonal directionsra required [13]. In the next
chapter, a discussion of the present methods for extracting imfoation from tagged images

is presented.
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Figure 1.6: lllustration of tag planes([7]. Left: Tag planesitroduced at end-diastole. Right:
Deformation of the planes observed at end-systole.

Image Plane

Referenqgf

Tag Plane Deformed

Tag Plane

Figure 1.7: lllustration of displacement measurement using tag[14]. As observed in the
gure, the point r originates from point p but the only displacement in the direction per-
pendicular to the tag plane can be measured.
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1.3 Applications of Tagged MRI

Tagged MRI facilitates the capture of regional function oflte heart [15,16]. Measures of
function can be obtained transmurally, at several levels beten the base and the apex, and
along the di erent segments of the heart wall. These measures foinction include strain,

strain rate, shear, rotation and torsion.

1.3.1 Strain

Strain de nes the amount of stretch or compression along a maiaf line or elements of
bers, i.e. normal strain, and the amount of distortion associate with the sliding of plane
layers over each other, i.e. shear strain [17]. Strain, in geaédepends on the particular
direction being considered. During systole, typically, the rat wall may be thickening in
the radial direction, leading to increased radial straink,, ), and simultaneously shortening
in the circumferential and longitudinal directions, leadilg to decreased strainsE.. and E
respectively). Also, the angle between two material directianin the wall will generally
change due to shear strainsH; E,; Eq). Figure [1.8 shows the three normal strains and
three shear strains usually measured for a given 3D displacememid [18]. Strain can also
be characterized in a direction based on the orientation of é&s in the heart. Figure[L.8
illustrates both the above characterizations. Alternatively strain can also be characterized
in a coordinated system-independent way through the correspding eigenvectors and eigen-
values. This way of characterization gives maximal stretchq(E max ) and shortening Emin )
strains. The time derivative of the strain gives the strain rate.

The LV is segmented to represent the obtained regional strains an arrangement that
makes it easy to compare the results in di erent conditions or é&tween patients. Figuréd 1.9

illustrate the segmentation in more detail.
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Figure 1.8: Strain characterization in two di erent coordnate systems/[[18].

1.3.2 Torsion

Torsion measures the twisting of an object due to an applied toug. The LV undergoes
a wringing motion to pump blood during systole, and subsequentlyras torsion associated
with it. Figure illustrates the measurement of torsion in /. The apex and the base
both undergo rotation with respect to their position at end-dastole; the di erence between
these rotational components gives the torsion. Twist is the rai of the measured torsion
and the distance between the apex and base.

Torsion has been traditionally computed in a 2D sense. A basal arah apical slice
are captured using tagged MRI. The points are then tracked tlmugh the time frames using
either one of the mesh tracking methods [20{22] or the HARP metlo[23]. The rotation
is calculated in each of the two slices through the cycle. Tha erence in the rotational
components between the apex and the base gives the desired tmrgineasurement.

2D torsion measurements can be erroneous because there usualfylongitudinal short-
ening of the LV which results in a change in the position of the Isal slice through the cycle.

As a result, 3D methods to compute the true torsion have been proped [[24{27].
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Figure 1.9: The muscle and cavity of the left ventricle can beidded into a variable number
of segments[[19]. Based on autopsy data the AHA recommends a divisioto 17 segments
for the regional analysis of left ventricular function or myoardial perfusion. The left ventricle
is divided into equal thirds perpendicular to the long axis bthe heart. This generates three
circular sections of the left ventricle: basal, mid-cavity, ad apical. Only slices containing
myocardium in all 360 are included. The basal part is divided into six segments of 6@ach.
Similarly the mid-cavity part is divided into six 60°segments Only four segments of 90
each are used for the apex because of the myocardial taperingheTapical cap represents
the true muscle at the extreme tip of the ventricle where therés no longer cavity present.
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Figure 1.10: Schematic depiction of basal and apical rotatioduring systole in the normal
LV [23]. Arrowheads indicate the direction and magnitude ofatation.

1.3.3 Applications

The regional measures of function help us better understandemormal functioning of
the heart [15/28{30]. The normal motion of the heart is compk and encompasses regional
non-uniformities. The di erences in the measures of functioare not only time-dependent,
but also transmural. They can also be used as a means to characterdi erent cardiovas-
cular diseases such as valve diseasel [31], hypertension [32], arghal infarction [33] and
cardiomyopathy [34{37].

It has been observed that in patients with mitral regurgitaton, the rate of untwisting
in early-diastole reduces when compared to normal voluntee31,38]. Patients with hyper-
tension tend to have hearts that experience higher amount obitsion [39] and nonuniform
circumferential shortening([32] to compensate for the incread blood pressure. Infarcted ar-
eas of the myocardium tend to experience lower strains than moeal myocardial tissue [[33].
The e ect of age, sex and size on the functioning of the heart hadso been studied us-
ing tagged MRI [18/40]. As a clinical tool, tagged MRI provide a detailed functional and

guantitative assessment of the function of the heart.
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Chapter 2

Tagged Image Analysis

Tagged MR images provide the ability to track tissue in the hear Tracking the heart
tissue helps us derive regional parameters such as strain, andsion. Tagged image analysis
is the process of extraction of this information from tagged M images.

Tag tracking involves extracting displacement estimates fro the tag lines in the image.
Various methods have been proposed for this procedure. We shake a look at a few of
the most widely used methods | optical ow-based methods [41{43, feature-based data
extraction methods [14],44{47] and the harmonic phase (HARP) sad methods[[27,48{52].

This procedure is complicated because of the complex and naiform motion of the
heart, the through-plane motion (i.e. the movement of the bee of the heart towards the apex
as the heart contracts), the fading of the tag lines through th cardiac cycle, and various
artifacts found in images due to incorrect imaging. It is imprtant that the process be quick
and accurate and involve the least amount of manual interveian, in spite of the di culties,

to be clinically viable. In this chapter, each procedure isufther discussed.

2.1 Feature-based Methods
Tagged image analysis using feature-based methods involveeeth steps:
1. Segmentation of the myocardium.
2. Tag tracking.

3. 3D motion reconstruction.
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2.1.1 Segmentation

Delineating the endocardial and epicardial boundaries ohé heart is important for a
number of reasons. Firstly, from the myocardial boundary contos, global functional pa-
rameters such as ejection fraction, volume, mass, etc, can benputed. Secondly, regional
myocardial functional parameters are computed in segmentdthin the myocardial bound-
aries. The 17-segment AHA model is normally used for this purposehifdly, data outside
the myocardium is generally noisy and may interfere in trackig of points within the heart
wall in most techniques. Finally, the contour data helps in regtration of the SA and LA
images, and eventually, in the development of the 3D deformath model.

Automatic methods for myocardial segmentation in tagged imag have to overcome
problems of high noise, intensity inhomogeneities and compleackgrounds. Morphological
image processing [44,53] was rst used for automated tagged MR owardial segmentation.
It involves a morphological closing operation to remove theag lines found in the tissue,
before using intensity-based thresholding. Markov random ekl [45/54] have been used
too. These methods involve the modeling of the background tissutagged tissue and the
myocardial tissue as random variables and then using a MAP decisioule to identify the
myocardial boundaries. Gabor Iter [55] based methods invodévthe removal of the tag lines
using Gabor Iters and using deformable models to obtain the al segmentation. These
methods though are not adequately accurate.

Manual input is normally used to segment the myocardium in at kst one image of
the sequence. This is normally the end-diastolic time-framenage. This contour is then
propagated to the rest of the image sequence using deformabledeais |56, 57] and non-rigid
registration [58]. Once the myocardial boundaries have beeegmented, the next procedure

is tag tracking.
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Figure 2.1: Aresult of myocardial segmentation in a SA slice tbugh the cycle. The contours
at ED and ES were manually drawn and then propagated using naigid registration.
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2.1.2 Tag Tracking

This method involves the use of tag lines as dark intensity lise To reconstruct motion,
the tag lines are to be tracked over time. In most methods, tagrles are detected either
manually or semi-automatically [59]. The tags for image frags are obtained by matching a
template of the tags obtained in the previous time or a user-ded template for the most
probable tags. The tag lines themselves can be detected usingieas ways | template
matching [44] and Iters [46/54,60,61]. Methods that do natequire user-de ned myocardial
contours [45] have also been suggested. Once the displacementore are obtained for
the tag lines, data is interpolated to obtain the full- eld displacement data. The major
disadvantage in these methods is that interpolation is requed to obtain a dense displacement

eld. Manual intervention to correct the tracked tag lines s often required.

Template Matching

Guttman et al. used morphological image processing [44] to detdag lines in radial
tagged images. The rst step is the detection of myocardial bowaries detected after pro-
cessing a morphologically closed image to remove the tags. Theg lames are next detected
in the initial image of the sequence. To detect the tags in theaxt image of the sequence, an
a priori position is rst determined based on the expected rotabn and the previous position
of the tags. A search window is then devised around the determaha priori point to nd a
point in the image with a tag pro le closest to the tag pro le of the applied tag lines. This
method of tag tracking is a very basic method; more complicaleand accurate algorithms

have since been developed.

ML/MAP Estimation of Tag Lines

Denney explained a procedure for automated tag identi catin and tracking in [45].
This technique does not require user-de ned segmentation ofig myocardium. The user

needs to specify a region of interest (ROI) enclosing the myocum at the rst time frame.
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The tags at the rst image are obtained from the imaging paranters. This method, called
the ML/MAP method, consists of three stages.

First, a set of candidate tag line centers are estimated acrosstlentire region of interest
(ROI) with a snake algorithm. The initial snake is determined lased on tags from the
previous time frame. This snake is then deformed to minimizenaenergy function consisting

of four terms:
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The rst term consists of image forces applied to each snake poidetermined from a maxi-
mum likelihood (ML) estimate of the tag center . j is thei™ tag center on thej ™ tag line.
N. is the number of centers in each tag linew is a set of image pixels along a line perpen-
dicular to the tag line. L( j;w; ) is the log-likelihood function that is to be minimized to
match the template of the estimated tag center with the expeed tag template. This forces
the snake to converge to the dark intensity lines in the image§ is a normalizing function
that prevents the weight of the rst term in the overall function from being too large.

The second term enforces a constraint to maintain separation taeen adjacent tag

lines. 8

EO; for X dsep
Esep(X) = 5 (2.2)

' l(dse X)?; for x <dsge
2 p p

where dse, is the minimum distance between tag points. j; is the weght of the separation
constraint and is set to zero if j is outside the myocardium.

The third and fourth terms are constraints on the snake to contl the stretching and
bending of the snake.v; is the displacement of the tag line ; from its initial undeformed

position p; such that ; = p; + v;.
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After optimization, the tag centers for the present time frameare obtained. Once the tag
centers in the ROI are obtained, next it is determined if thedg center is in the myocardium
or not. The tag center estimation algorithm above is not complely accurate, which may
lead to points in the myocardium that are not part of the tag tssue to be a candidate tag
center. Two MAP tests are applied to test if the tag centers are paof a tag line. Three

mutually exclusive hypotheses are considered:

Hypothesis T: The neighborhood contains tagged myocardium.h€ signal model under
hypothesis T depends on the tag pattern, proton densityl;, T,, the imaging protocol

and noise.

Hypothesis M: The neighborhood contains untagged bright tissugresumably, but
not necessarily myocardium). The signal model under hypothedisdepends on signal

samples of the myocardium and noise.

Hypothesis B: The tissue contains untagged dark tissue such as satexh blood (in
black blood images) and air. The signal model under hypothesisd&pends on signal

samples of tissue outside the myocardium and noise.

In the rst MAP test, a candidate tag centre is considered to be parof the myocardium
if it is more likely to be part of a tag line (Ht) or in untagged myocardium {),) than in
the background tissue Kg). In the second MAP test, a candidate tag centre is considered
to be part of a tag line if it is more likely to be part of a tag lire (Ht) than in untagged
myocardium (Hy ) or in the background tissue Hg). In the nal step, a pruning algorithm
is used to remove small, isolated clusters of points that appeand disappear with time.
This pruning step removes points that are not persistently tagegd and isolated tag points
created as a result of noise in the image.

A pre-processing step of computing image statistics necessary foe tML/MAP method

is performed. Parameters such as noise variance and mean ang@of the background pixels
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Figure 2.2: Results of the ML/MAP tag tracking algorithm for a midventricular slice for
two di erent tag angles (0 and 90 degrees) [45].
and myocardium pixels were calculated. Figurds 2.2{a) afnd2Zb)| show the results of the

ML/MAP estimator for two di erent tag angles for a mid-ventric ular slice.

Combined Tag Tracking and Strain Reconstruction

In [47], a method for computing three-dimensional (3D) myocdial strain from tagged
cardiac magnetic resonance (MR) images called the COmbinedd Tracking and strain (E)
Reconstruction (COTTER) algorithm is presented. This algothm ts a deformation model
directly to the image data, thus combining the tag tracking ad deformation reconstruction
into one step. The deformation model ensures that the tag lindadenti ed in the image
data are consistent from slice to slice. The initial geometry ofhe deformation model is
determined from user-selected, end-diastolic elliptical rems of interest (ROI). The COT-
TER algorithm then optimizes the control points of the cylirdrical B-spline model so that
tag planes deformed by the model match the tag lines in the imga data. The myocardium
motion eld and strains can be reconstructed directly from theresults of the combined tag
tracking procedure without intermediate steps, such as inversand forward motion eld

tting.
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Figure 2.3: Results of couple B-snake tracker on a simulated ig@sequence [63].

Analysis of Tagged MR Cardiac Images with B-splines

In [62], tag lines are tracked with dynamically programmed Bnakes. Oriented tag
templates were rst constructed by simulating the MR imaging pocess. The templates are
subsequently correlated with the image data, giving rise to amergy landscape, which is
optimized over with dynamic programming. Tracking the vakys of the energy landscape
with snakes allows for measurement of MR tag deformations due tissue motion.

In [63,[64], coupled B-snake grids and constrained thin-pla&plines are used for anal-
ysis of 2-D tissue deformations. Coupled snake grids are a sequeatespatially ordered
deformable curves represented by B-spline bases, which respoadmage forces, and track
non-rigid tissue deformations from SPAMM data. The spline gridare constructed by hav-
ing the horizontal and vertical grid lines share control poits. By moving a spline control
point, the corresponding vertical and horizontal snakes defo. This representation involves
shared control points. B-spline bases provide local control ofagie, compact representation,
and parametric continuity. E cient spline warps are proposedwhich warp an area in the
plane such that two embedded snake grids obtained from two taggd frames are brought
into registration, interpolating a dense displacement vectorld. The reconstructed vector
eld adheres to the known displacement information at the intrsections, forces correspond-
ing snakes to be warped into one another, and for all other pasin the plane, where no

information is available, aC? continuous vector eld is interpolated (thin-plate splines)
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Figure 2.4: (a) Tag grids formed from implicit snakes determe a B-solid. (b) Heart volu-
metric model located in a B-solid[|65].

In [65], an approach for 3D tag localization and tracking of FAMM data by a deformable
B-solid is described. The solid is designed in terms of a 3D tensapguct B-spline. The iso-
parametric curves of the B-spline solid (termed implicit snal®) deform under image forces
from tag lines in di erent image slices. The localization andracking of tag lines is performed
under constraints of continuity and smoothness of the B-solid. Aé framework uni es the
problems of localization, and displacement tting and intepolation into the same procedure
utilizing B-spline bases for interpolation. To track motion fom boundaries and restrict image
forces to the myocardium, a volumetric model is employed aspair of coupled endocardial
and epicardial B-spline surfaces. To recover deformations ihg LV, an energy-minimization
strategy is used where both tag and LV boundary data are used.

In [66], tags are tracked using surfaces represented by thirap# splines. These surfaces
represent tags in one direction and are obtained using a stochiastptimality criterion. These
surfaces are estimated using tags in both past and present imageaimaining temporal con-

tinuity (temporal Iter). A continuous representation of each tag surface is also maintained
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Figure 2.5: (a) 3 sets of tag surfaces are assembled into a deforgnBD grid; (b) the
intersections of the grid within the LV wall mark material points of tissue (c) these markers
move with the tissue, depicting 3D contraction[[66].

(spatial lter). The method generates a continuous three-anensional reconstruction of de-
formed tag planes. Tag plane movement is modeled as a time upelg@rocess, where each

update consists of a quadratic component that describes the Buinotion of the tag planes

plus a stochastic component that characterizes the ne-scal@anation in the motion.

Model Tags

A method is described for the reconstruction of 3-D heart wall otion directly from
tagged magnetic resonance images, without prior identi cabh of ventricular boundaries or
tag stripe locations in [67,68]. The method utilizes a niteelement model to describe the

shape and motion of the heart. Initially, the model geometrysi determined at the time of
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Figure 2.6: (a) Model tags at the time of creation [67]. The ta lighter tags are from short-
axis images while the dark tag is from a long-axis image. (b) ddlel t to guide points
at ED [67]. Endocardial surface shaded, guided data as +. Coggonding model locations
(joined to each guide point with a line) are shown with cross-hes.

tag creation by tting a small number of guide points which areplaced interactively on the
images. Model tags are then created within the model as matarisurfaces which de ne
the location of the image tags. An objective function is derivce to measure the degree
of match between the model tags and the image stripes. The objee is minimized by
allowing the model to deform directly under the in uence of he images, utilizing an e cient

method for calculating image-derived motion constraints. Té model deformation can also

be manipulated interactively by guide points.

2.1.3 3D Motion Reconstruction

Once the myocardium has been segmented and the points trackéte 2D motion vectors
are combined to obtain a 3D deformation eld. The most common ethod involves tting a
model to the calculated 2D displacement estimates. This methalso involves optimization
and smoothing of the deformation eld, for both interpolating missing data points and to

compensate for erroneously tracked points. Many 3-D LV deforman models have been
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proposed, including methods based on prolate-spheroidal bafiactions [69], nite elements

[67], nite di erences , free-form deformations[[70, 71],r&d B-spline functions [47, 65, 712{74].
Combined tag tracking and deformation eld tting algorith ms have been proposed that
t the deformation eld directly to the image data [47]54]. This alleviates the need for

smoothing, but this method is sensitive to registration errors é&tween slices.

TEA: Tag Strain(E) Analysis

For the 3D reconstruction of the displacement eld, a series egpsion is expressed in a
dimensionless prolate spheroidal coordinate system {; ]. represents wall depth and
has values of zero at mid-wall, -0.5 at the endocardial suriacand 0.5 at the epicardial
surface. ';  represent azimuthal and circumferential angles, respectiyel Displacement

in the radial coordinate direction can be represented using assated Legendre poly-
nomial functions and a;, , the unknown coe cients. The number of terms included in
the series expression is given by the parametans and n,. Similar expressions are used to

model the angular displacement in the longitudinal and ciramferential directions, ' and
The measured displacements iXX, Y and Z directions are projected onto the local
prolate spheroidal coordinate unit vectors, and the , ' and  series coe cients are de-
termined simultaneously. The backward displacement eld is werted at the points where
the strain is computed using a gradient descent approach. Itdrans are stopped when an
arbitrary precision is reached. The t to the prolate spheroi@l coordinate-based model is
preceded by a correction for the bulk motions of the ventriel This is necessary because the
origin and long axis of the prolate spheroidal coordinate systeare singularity points which
should be kept out of the myocardium. This 3D kinematic modeluhctions to interpolate

the myocardial motion between samples in space, to lter out nse in the sampled data and

to facilitate the computation of the local displacement gragnts used for strain calculation.
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DMF: Discrete Model-Free

The discrete model-free (DMF) algorithm [[14] uses nite-di @ence analysis to recon-
struct displacement and strain from tag lines and user-de ned nocardial contours. For each
imaged time frame, the DMF rst constructs a 3D segmentation offte LV wall on a regularly
spaced discrete grid of points from the user-de ned endocartlend epicardial contours. The
grid spacing is equal to the pixel size in the MR image. A displaceent vector is estimated
for each grid point in the LV segmentation that maps the grid pmt back to its end-diastolic
position. The displacement vectors to be estimated at a certaitime are obtained from
the one-dimensional constraints obtained from the tag line da Since the grid spacing
is small compared with the tag line spacing, there are many mortsmknown displacement
vectors than tag line constraints, and a smoothness constraint isquired. The smoothness
constraint minimizes the spatial variation of the displacemeneld. This is imposed by set-
ting the di erences between pairs of displacement vectors dhe spatial point grid equal to
zero-mean random variables. The linear minimum mean-squarstienate from the tag line
and smoothness constraints is then obtained by solving a system gjuations containing a
sum of the two constraints. A weighting parameter controls theasulting smoothness and
the spatial resolution of the reconstructed displacement eld.Strain is computed by rst
converting the reconstructed displacement eld to material gordinates using linear inter-
polation. The displacement gradient is then computed using anite-di erence derivative
approximation averaged over a 3 3 3 point neighborhood. Finally, the Lagrangian strain

tensor is computed from the displacement gradient.

TTT: Tag Tissue Tracking

Initially, for each short axis image plane, time frame and shb@axis tag stack, a two-
dimensional B-spline eld is formulated to approximate the oa-dimensional displacement
of a tag surface. Once displacement elds of both tag stacks at avgn short-axis image

plane and time frame are calculated, two components of the §tatotal trajectory of any tag
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point can be determined. The nal inverse motion eld gives fo each point the 3D vector
pointing to its reference material point at the undeformed stte. The missing component,
the SA through-plane motion, is computed from LA images as lfows: (a) a 2D BO-spline
eld is t for the displacement on each long-axis imaging plase; (b) this parametric eld
is then evaluated at each SA image plane intersection line;)(through-plane displacement
information coming from all LA images is used to t a second eldin each SA plane. The
same region of interest in both SA tag displacement eld tting and the last step of long-axis
analysis is used, and a single formula for a B-spline inverse defation eld is de ned. The
forward deformation at the corresponding point at tagging tne should be the inverse. The
forward deformation is also formulated as a three-dimensiohB-spline tensor product for
a given time frame. After the 3D forward deformation eld is castructed for each time
frame, a 1D time smoothing is performed on control points. The ation of the heart is then

described as a four-dimensional B-spline forward motion eld.

FTEA: Four-D Tag Strain(E) Analysis

The backward transformations deform a poink onto a point for which the coordinates
are de ned as a tensor product of B-spline curves, as for the B-gbtle ned in [65] or for the
forward transformation in TTT. The transformation is estimated by minimizing a criterion
which is the weighted sum of a data term, which is the sum of squatalistances of each
deformed tag points from its tagging plane, and a smoothingne, which is the integral of the
square of the second derivatives of the backward transformati®. The criterion is minimized
with a conjugate gradient method. The transformations are eshated sequentially, using
the deformation eld at the previous time as the initial transformation for the conjugate
gradient. With all the backward transformations obtained, a4D planispheric transformation
is computed. Displacements in the planispheric coordinateart be de ned using a B-spline
tensor product in time and space. To compute the forward transfmation at a particular

time, a least-squares criterion is estimated that minimizes #hdi erence in the distance
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between a tag point position and its position after performinghe corresponding backward

and forward transformations at that point.

Summary

These methods were found to yield noticeable di erences ingtdisplacement and strain
[13]. DMF uses the least smoothing and was found to have the highespatial resolution,
but it was also the most noise sensitive. FTEA uses the most smoothingidh hence was
least noise sensitive but had the lowest spatial resolution. The TEAnd TTT methods were
found to fall somewhere in the middle. It was also found that althe methods produced
strain maps that were useful for characterizing myocardial fiction with high precision. The

method chosen thus is a trade o between smoothing and noise sensiy.

2.2 Harmonic Phase (HARP) MRI

HARP analysis concentrates on the Fourier transform of tagged MRnages. Figure
shows a grid-tagged MR image and its Fourier transfornf{gure [2.7(b)). One DC
peak at the center of Fourier space, and the harmonic spectraé@ks can be seen in Figure
[2.7(b). A bandpass lter is applied to isolate a spectral peak, kich can be identi ed by the

index k. The inverse Fourier transform of thek™ peak produces the complex image

li(y;t) = Di(y;t)e <O (2.3)

wherey is the location of a pixel on the image planet is the time sampled in discrete
steps and corresponding to one of the time frameBy is called the harmonic magnitude
image, and  is called the harmonic phase image. Since phase angles can delyneasured

modulo 2 , however, only a "wrapped" value of harmonic phase in the rge of [ ; ]can
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be obtained, which can be denoted as

k(y: 1) = W( «(y; 1) (2.4)

where W is a nonlinear wrapping function and is the HARP angle image. The HARP

angle image is shown in Figurg 2.7(c). The main properties di¢ HARP image are:

The locations of the wrapping transitions on the HARP angle imag are closely coin-

cident with the locations of the tag lines during myocardiamotion.

The phase values on the HARP image are dense, providing more imf@tion than just

the locations of tags lines.

The phase value of a material point is xed from the tagging ingtnt and does not
change, i.e., the HARP value is a material property of the undbing tagged tissue.
This phase invariance property is the basis of HARP tracking [24S[75]. The slope of

the phase is used to compute the local tissue strain [50] (76, 77].

Due to the fact that the phase is wrapped, an assumption of small mon between two
adjacent time frames is needed to guarantee that the pointae be uniquely associated. In
particular, if a point has a displacement of greater than onkalf tag spacing in any of the tag
directions, HARP analysis does not guarantee correct displacemestimates. To be clear,
the HARP tracking algorithm will converge in all cases, but in thecase of large motion, it
will converge to a point having the same pair of HARP values but isne or more tag periods

away from the true corresponding point[[48].

2.2.1 HARP Re nement

In [48], a method called the HARP re nement method based on seedezfjion-growing is
introduced. Starting from a seed point, de ned by the user, to & tracked correctly through

the entire sequence, this method tracks the motion of the enéi tissue. Once the seed point
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Figure 2.7: (a) a tagged short-axis image acquired near endstyle in a normal human; (b)
the Fourier transform log-magnitude of (a); (c) HARP image obtaed by bandpass lItering
around one of the peaks in (b).

is tracked, its neighbors are added to a sequentially sortedti(SSL). These points are known
as boundary points. The rst point on the SSL is then tracked wih the initial guess for
HARP tracking being provided by the displacement of the seed pdinAfter tracking, this
point is added to the list of seed points and its neighbors added the SSL. The points in the
SSL are sorted based on a cost function. The cost function is dedhas the wrapped phase
di erence between the boundary point in the reference timerdme and the initial guess
provided for HARP tracking in the target time frame. lIllustration of the region-growing
method is shown in Figure$ 2.8(#)-2.8(f). This method was afied on tagged MR images of
the tongue. It was seen that some points that were mistracked usjrihe traditional HARP
tracking method were corrected using the HARP re nement proceade. This method thus

makes it possible for more accurate HARP tracking.

2.2.2 Extended HARP Tracking

Due to the combination of the conical shape of the heart and itongitudinal motion,
new tissues appear during the systolic phase near the epicardiahtour and other tissues
disappear near the endocardial contour. Since these new tissus not present during

the time frame with the undeformed tag pattern, their angle &lues are not available and,
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Figure 2.8: lllustration of the region-growing process$ [48]a) is the checkerboard image at
the rst time frame by overlaying two perpendicularly oriented tagged images. (b) is the
checker board image at the second time frame. The red dot in (&)the manually placed seed
point. (c-f) shows how the region grows. The green color meamadked points, brown means
boundary points, and blue means points that are not tracked ahnot boundary points.
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consequently, these points are not tracked. However, disregarg these points can lead to
systematic errors in the strain results, due to the transmural gradnt in the strain. In [[77],

an extended HARP tracking method is described, which tracks theew points that enter
into the image plane during the systolic phase and recovers theipts that reappear at the
endocardial contour during the diastolic phase. With this exénded method, the authors aim
to track all parts of the myocardium completely during all ptases of the cardiac cycle.

First, the myocardial contours for the target and referenceirne frames are computed.
All points inside a square region encompassing the myocardial ¢aurs and points within
an additional distance of two tag lines from the contours in ta reference time are tracked.
The resulting tracked points are then classi ed into active andnactive points. Active points
are those that fall inside the myocardial contours in the targetime and also satisfy a set
of conditions relating to the topology. HARP tracking can be aoneous in areas of large
displacements; the topology-based conditions remove thesergsio the active list. After
tracking all active points, the absolute displacement eld is amputed and used to estimate
the displacement of the inactive neighbors. If a point is currgly inactive but one or more of
its near neighbors is active, the displacement of this inag® point is set equal to the averaged
displacement of its active neighbors. The resulting estimatedgplacement is applied to the
inactive point. If the estimated position falls inside the curent contours, the point is made
active and it is tracked. This procedure is continued for althe time frames. Figure[2.9(b)
demonstrates the increased myocardial coverage as a resulttod extended version of HARP
tracking.

Comparing the strain results obtained with both HARP tracking vesions, it was ob-
served that, on average, the extended version leads to less winderential shortening. The
decrease is expected, since the myocardium points near the ecardium have higher cir-
cumferential shortening and the original HARP tracking versions biased toward this region.
Therefore, in comparison with the original HARP tracking versio, this extended version

leads to strain results that represent more of the myocardium.
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(a) (b)

Figure 2.9: Visualization of the rectangular region of trackig encompassing the left ventric-
ular short-axis image at end-systole |[77]. The red curves repent the myocardial contours,

the blue marks the inactive points and the yellow marks the @e@e points. Since the en-

docardial contour is di cult to delineate, a point that is successfully tracked and falls less
than two pixels in distance outside the endocardial contour igbeled as active. (a) Original

HARP tracking version. (b) Extended HARP tracking version.

2.2.3 3D HARP

3D-HARP [27] is a fast, semiautomatic method for tracking threelimensional (3-D)
cardiac motion from a temporal sequence of short-axis and loagis tagged MR images.
This method extends the HARP approach, previously described ftwo-dimensional (2-D)
tag analysis, to 3-D. A 3-D material mesh model is built to represig a collection of material
points inside the left ventricle (LV) wall at a reference time. Harmonic phase, a material
property that is time-invariant, is used to track the motion d the mesh and deform the mesh
along with an additional constraint to control the internal properties of the mesh.

The basic algorithm is as follows. The user initializes the 3D nerial mesh (Figure
[Z.10) at the initial time frame. In the next time frame, intersection points of the mesh with
the image are determined. If the phase-time invariance is neatis ed, the in-plane motion is
determined using 2D HARP tracking. Based on the tracking, the matial mesh is deformed.
This is illustrated in Figure [Z711. In (a), the material mesh itersects with an SA image
plane S. The intersection pointy( ) is located on both the image plane and the material

mesh. y° is the closest point to the intersection pointy( ) on the image planeS that has
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Figure 2.10: A material mesh built at the reference time [27]S is an SA image plane and
L is an LA image plane.M is the material mesh. The material mesls initialized as latitude

circles and longitude lines.
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Figure 2.11: Diagram of the intersection of the material mesmd image planes, as well as a
description of the in-plane motion of intersection points ing) SA case and (b) LA case [27].
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the same 2-D phase value as the initial phase value, of The displacement vector between
y and y° describes the in-plane 2-D motion of the intersection poirg( ). Similarly, in (b),
the material mesh intersects with an LA image plané& at the intersection point y(m), and
ylis the closest point to the intersection pointy(m) on the image planel that has the same
1-D phase value as the initial phase value ofi. The displacement vector betweery and y°
describes the in-plane 1D motion of the intersection point. Tik procedure is repeated till
the phase-time invariance is satis ed to obtain the material mgh at that time. This material
mesh is then used as the initial mesh for the next time to be tracle

Various motion-related functional properties of the myoaalium, such as circumferential
strain and left ventricular twist, are computed from the tracked mesh. This method though
is less robust to large interframe deformations and can trackation only in the middle third

of the myocardium.

2.3 Optical-Flow Methods

Optical- ow methods have been developed for the analysis addged cardiac MR images
[41{43]. These methods use low-frequency tag patterns, modklas sinusoidal brightness
patterns. Dense motion estimates can be obtained using gradidrdsed optical ow motion
estimation techniques. The brightness constraint equation (Emtion (2.5)) is the basis for

this method. The equation is

U+ yw+ =0; (2.5)

where denotes the pixel intensity and (1; v) are the velocity components to be determined.
This method involves estimating the spatial gradient of the itensity image, using nite
di erences of the intensities at neighboring pixels, as wellsaa temporal intensity derivative
which is estimated by subtracting the intensity at a pixel from me time frame to the next in

a cine acquisition. The resulting formulation requires the sotion of a pair of coupled partial
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di erential equations (PDEs) to nd the velocity eld estimat e. This method assumes that
a material point possesses the same brightness throughout the emtcycle, but tags fade
over time in MR images, and this assumption fails. Variable-brlgness optical- ow methods
have been suggested that model the tag fading over the time segoe and produce more
accurate displacement elds[[43]. One problem with these mails is that, to measure large
motions, like the ones between end-diastole and end-systoleg thotion between intermediate

time-frame images has to be measured, and tracking is necesdarybtain total motion.

2.4 Non-rigid Registration Techniques

Non-rigid registration methods use a similarity criterion and tansformation models to
estimate the deformation in a sequence of images. Chandrashekat al. [70] rst developed
a method for computing myocardial motion using non-rigid regtration. Recently, robust
methods for computing displacement elds in tagged MRI[78] sawell as from cine MR
images [[58] have been developed.

Chandrashekhara et al.[[70] used normalized mutual informain as the similarity mea-
sure to obtain the displacement eld. This procedure involvethe combined nonrigid regis-
tration of SA and LA images. Initially one volume is built fromthe SA stack and another
from the LA stack of images. Mutual information is then used to dfain the local a ne
deformation eld between two volumes from adjacent time franes. The similarity measure
used is a summation of the mutual information from the registrabn of the SA stack vol-
ume and the LA stack volume. The a ne transformation obtained ketween successive time
frames is then aggregated to obtain the displacement eld bldo end-diastole.

Ledesma-Carbayo et al/[78] use a multi-source nonrigid regastion algorithm to com-
pute the displacement eld from vertical and horizontal taggd images. A series of trans-
formations between successive pairs of images is de ned. Thartsformation eld was then
optimized based on an energy term comprising two terms. The rstefm (data term) com-

putes the sum of squared di erences between the reference iraaand the deformed image
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from the two sources. The second term (regularization term) wahiosen as the vector Lapla-
cian of the resulting transformation. This scheme also used mufisolution to improve the

speed and robustness of the process.

2.5 Conclusion

All of the above methods are ill posed: thermal noise and imagetiéacts can cause
ambiguities in the tracking of tag, optical ow or phase featues. The above tracking methods
tend to be problematic near the boundary, where the epicamai and endocardial surfaces
often appear as dark lines and thus can be confused as tag feats The myocardium
near the boundary is also particularly di cult to characterize because tag lines can appear
or disappear due to through-plane motion of the myocardium. Aese conditions near the

boundaries can cause failures for all the algorithms in sevérays:

1. The intensity template used by the feature-based methods méyck onto the boundary

instead of a tag.

2. The boundaries can occlude tags and can act as spurious nh&g that confound the

optical- ow solution and the non-rigid registration techniques.

3. The boundaries can introduce apparent shifts of the taggypattern in subendocardial
and subepicardial tissue, which can cause inaccuracies in thetmo recovered from

harmonic phase method.

As a result, researchers have used regularization methods to ramotion eld which bal-
ances delity to tag features with a smoothness constraint imped on the overall motion
eld.

Tag tracking based on feature extraction has an advantage owhe optical- ow, HARP
and non-rigid registration techniques, in that the tracked tgs can be manually corrected.
The tag points that are detected using feature-based techniga can be moved around by

the user to the correct location after manual inspection. HARP ah non-rigid registration
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though produce denser displacement estimates and hence abéwithe need for interpolation.
2D HARP strain (without tracking) is the preferred method for canputing 2D strain maps
as there is no need for tracking the material points. This metid though can be erroneous;
moreover, 3D strain maps can be more bene cial for diagnostiaiposes.

We have studied the procedures generally followed in the agais of tagged MR images.
Many di erent techniques can be applied in the segmentationfadhe myocardium and the
tracking of tissue. All of these methods are plagued by inaccuias as a result of various
imaging factors. The obtained displacement eld is smoothed talleviate the inconsistency
in the obtained deformation eld. The scope of improvement imnalysis techniques is limited
to the quality of images obtained. In the next chapter, we Idoat a few MR imaging methods
that seek to improve upon the MR tagging technique both in term of ease of analysis and

the accuracy of measurements.
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Chapter 3

Other MR Imaging Methods to Compute Myocardial Function

MR imaging methods based on MR taggind [11,179], phase-contrastlocity imaging
[80[81] and stimulated-echo imaging [82{84] have been usedstady the regional functional
characteristics of the heart. Recent advances in imaging nietds [27, 85{87] have improved
the clinical viability of MR imaging techniques. Most of these dvances are nascent and have

not yet found their way into regular clinical use.

3.1 3D Myocardial Tagging

The 3D-CSPAMM [79] tagging preparation is an extension of the(2CSPAMM se-
quence. CSPAMM is based on the subtraction of two images with cghementary signed
tagging modulation. The subtraction technique reduces tagle intensity fading and con-
sequently allows observation of the heart motion throughouthe heart cycle. The 3D-
CSPAMM tagging preparation generates a 3D tagging grid on thewyocardium. Two 90
block pulses, interspersed by a dephasing gradient, produce a sioigal modulation of z-
magnetization and thus a line-shaped tag pattern. To generata 3D tagging grid, the
modulation is repeated in all three spatial directions. 3D-CBAMM is a valuable technique
to register the 3D motion of the myocardium. It overcomes the atching problems that
may arise when combining short-axis and long-axis tagging imes to generate 3D tagging
images. The major disadvantage is that the scan duration is 40 mites which is almost

double that of SPAMM tagged MR images.

43



Figure 3.1: SF HARRP illustration. A thin slice is selectively taggd while imaging a larger
slab that encompasses the moving tagged sli¢el[87].

3.2 Slice Following HARP

The slice following (SF) CSPAMM technique[87], selectively g a thin slice at an early
time frame A while imaging a large slab that always encompassdsetmoving tagged slice
even at a later time frame B (Figure[3.1l). After subtracting thecomplementarily signed
tag-modulated images, the reconstructed images represent teame material slice at all
time points irrespective of where it has moved in the througiplane direction. Therefore,
performing 2D HARP point tracking on these SF images vyields a teu2D displacement of
the material point. Now consider two orthogonal SF tagged slise both of which have two
tag orientations, and consider a point lying on the intersectio of the original tag planes of
these slices. Such points have two projected pathlines that cae computed using 2D HARP
tracking on orthogonal planes (Figuré_3]2), and these projex pathlines can be combined
into a single 3D pathline representing the 3D motion of an MR mé&er. This can be done

on any such intersection point and can be computed automatidsl

3.3 zHARP

zHARP [86] is a novel method for calculating cardiac 3D strain usg a stack of two or

more images acquired in only one orientation. The zZHARP pulse segnce encodes in-plane
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Figure 3.2: SF HARP Planes lllustration. Points common to SA and.A slices would have
two pathlines tracked using 2D HARP. These are combined to give &3pathline [87].

motion using MR tagging and out-of-plane motion using phase eoding, and is capable of
computing 3D displacement within a single image plane. Here, @afrom two adjacent image
planes are combined to yield a 3D strain tensor at each pixel; st of zZHARP images can
be used to derive stacked arrays of 3D strain tensors without imiag multiple orientations
and without numerical interpolation.

The proposed technique, zHARP, is similar to the standard sliceffowing CSPAMM
(SF-CSPAMM), except that during the imaging sequence, a smallencoding gradient is
applied immediately before the readout and again with oppdsi polarity to the second or-
thogonal CSPAMM acquisition. This gradient adds a z-position ependent phase , to every
material point in the acquired slice. This additional phase isinearly related to the distance
of the point from the iso-center. Unfortunately, susceptibily and general eld inhomo-
geneities lead to an additional and artifactual phase accuration. This erroneous phase
is identical in both the horizontally and vertically taggedimages, which can be exploited
to separately compute the in-plane and through-plane displaments. The algorithm runs
on the two orthogonally tagged data. First, k-space data are pcessed using HARP, upon
extracting both the positive and negative harmonic peaks. Sewd, the harmonic phase maps

"x;'yand' ., inthe x;y and z directions are computed. Third, material points are tracke
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in 3-D. Given an arbitrary material point, a tracking procedire is introduced to track the
in-plane motion using HARP on the' , and ', maps, from which the z-position can be
extracted using the' ; map.

The zHARP technique is a modi cation of SF-CSPAMM, where encodg gradients
add a through-plane motion-dependent phase to every matekipoint in the acquired slice.
Data acquisition for zZHARP requires no extra time over a convemnal CSPAMM acquisi-
tion; however, the spatial resolution and accuracy of this mebd have yet to be carefully

evaluated.

3.4 Combined Harmonic Phase and Strain Encoded MRI

HARP-SENC MRI [85] is a method to measure the dynamic evolution dhree normal
components of myocardial strain within a six-heartbeat acgsition per imaging slice using a
HARP-SENC MRI pulse sequence. The calculation of the true 3-D straitensor cannot be
obtained using this technique described, as longitudinal sheeomponents are not measured.
The post-processing of the datasets acquired from a six-heartbd&aeath-hold provides full
guanti cation and visualization of three-component myocadlial strains with good temporal
resolution in a single SA slice. For a stack of contiguous SA slices prescribed in the
left ventricle, these images are acquired in a single breattold lasting 6n heartbeats. This

method is still under development, as some artifacts have beebserved in the SENC images.

3.5 DENSE

Displacement encoding with stimulated echoes (DENSE) is a qu#ative MRI tech-
nique that encodes tissue displacement into the phase of the cdmpMRI images [83,84,88].
Cine DENSE provides a time series of these images, thus facilitey the non-invasive study
of myocardial kinematics. DENSE images are used for the quantiation of regional dis-

placement and strain as a function of time.
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Spottiswoode et al. [[82], developed a method for analyzing DISE image sequences
using a 3D ood- Il phase unwrapping method. To achieve enhamd motion sensitivity,
relatively high displacement encoding frequencies are usea ¢apture DENSE images and
phase wrapping typically occurs. Algorithms to phase unwrap artie series of cine-DENSE
images, thus enabling the computation of absolute myocardiaiotion trajectories are devel-
oped. The unwrapping was implemented by extending a 2D quigtguided path following
phase unwrapping method[89] to unwrap phase through time as MWas space.

Let ' (i;j ) be the wrapped phase and (i;j ) be the true, unwrapped phase. The coor-
dinatesi andj de ne the pixel position within the image. Phase wrapping can & de ned
as (i;j)="40;5)+2 k (i;j ), wherek(i;j ) are integers that force' (i;j ) to lie between
and radians. Phase unwrapping entails determining all values &fi;j ), and it can be done
along a particular path by integrating the wrapped phase di eences of the initially wrapped
phases.

The 2D quality-guided phase unwrapping method uses a measurepifase \quality"
to guide the path of unwrapping. A good measure of phase quality a root-mean-square
measure of the variances of the spatial partial derivatives thin an n  n pixel region. The
unwrapping path is guided by a region-growing algorithm, with oods into regions of high-
quality phase before those with lower quality. Figuré=313 captes six steps of the 2D quality-
guided ood- Il procedure commencing from an arbitrary seegboint in the myocardium, and
using the phase quality map shown in Figurg 3.4(c).

To obtain absolute phase measurements, it is necessary that the uapping path be
initiated on a portion of tissue with known absolute phase. Venyittle cardiac motion takes
place between the displacement encoding and the acquisitidrtioe rst frame of cine-DENSE
data. It is therefore characteristic that no phase wrapping Wihave occurred on the rst
frame, and that all phase measurements in the myocardium willgabsolute. Unwrapping the
phase through time will thus result in measurements of absolutenpse for all frames. This

implicitly assumes that the true motion magnitude between franes for each pixel separated
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in time amounts to less thany j radians. This will always be the case given practical values of
pixel size and displacement encoding frequencies. If the phasgligy maps for a cine series
are stacked on top of each other, then the quality-guided algthm can easily be adapted to
unwrap in 3D (one temporal and two spatial dimensions).

The following algorithm for unwrapping cine DENSE phase imagewas implemented:
1. Calculate phase quality maps for all frames.
2. Manually place a seed point anywhere in the myocardium on¢hrst frame.

3. Perform 3D quality-guided phase unwrapping, limiting thespatial unwrapping to a
speci ed radius per frame. As soon as an unwrapped pixel appeams a particular

frame, disallow all unwrapping for all previous frames.

4. Once unwrapped pixels are present on all frames, perform 2Daljty-guided phase
unwrapping for each frame independently, starting at the coectly unwrapped reference

pixels.

Step 2 serves to force the unwrapping through time using onlydh phase quality. If the
3D quality-guided ood- Il is used for the entire unwrapping process, phase inconsistencies
are introduced at the later stages of the procedure due to teropal unwrapping between
isolated regions of high-quality phase in the noisy areas (lus@nd ventricular cavities) and
regions within the myocardium. The radius size is set based ondhrame rate and the
maximum expected amount of cardiac displacement per framet ghould be large enough
to allow the 3D unwrapping to migrate spatially with the ventricle as it moves, but small
enough to restrict the 3D unwrapping to relatively high valus of phase. A radius of 2 pixels
was used here.

Once the images were unwrapped and the trajectories trackea fth-order Fourier series
curve is tted to the tracked trajectories. This improves theaccuracy of measurements for

noisy image data.
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Figure 3.3: Progression of the guided ood- Il operation usinghe quality map in Figure
3.4(c). The calculation intervals are arbitrary.

)5

@) (b) (©) (d)

Figure 3.4: (a) Short-axis DENSE magnitude image. (b) WrappeDENSE phase image for
horizontal motion. (c) Variance of the derivatives of the loally unwrapped phase for the
four neighboring pixels. (d) Unwrapped image with LV endocaiidl and epicardial contours
superimposed. [82]

A useful method for estimating where phase-unwrapping errorsay have occurred in-
volves combining a map of unwrapped phase discontinuities Wwitthe phase quality map.
The discontinuity map speci es the locations of pixels that der from a neighbor by more
than radians. Unwrapping errors are likely to have occurred withimegions isolated by the
combined map. The combined maps were used to aid a visual inspewtof the left ventricle
(LV) for unwrapping errors. If a single error was encountered hen the image was deemed
incorrectly unwrapped. It was shown that this method corredy unwrapped 786 out of the
800 images analyzed (98.3%).

The only manual interaction required was the placement of a ed point and the my-

ocardial contours. The rest of the algorithm is automated. It ws shown that the strain

measurements obtained were comparable to those obtained freagged image data.
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3.6 Conclusion

MR tagging of the myocardium is a powerful method for assessmernt i@gional my-
ocardial deformation. It has permitted new insights into namal physiology and myocardial
diseases. Applications of MR tagging in a routine clinical settmare yet to be commonplace
due to the long imaging times and expensive and time-consumimpst-processing proce-
dures. Automated tagged image analysis procedures are an aetiesearch area. Many of
the concepts developed in the analysis of tagged images carubeful in the analysis of images
obtained from newer and faster imaging methods. With e ectivesolutions in both analy-
sis procedures and imaging methods, tagged MR imaging is Ikéb become an important

technique for clinical assessment of cardiovascular function.
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Chapter 4

Objectives

This chapter discusses the objectives and contributions of thdissertation. As discussed
in Chapter[2, there are several problems with the existing cai@t motion tracking methods
in tagged MRI. The feature-based methods involve tracking dégs as dark intensity lines.
Mistracking of tags is a big problem and there is a need for exisive manual intervention to
correct for the errors in tracking. This procedure is tediosiand cumbersome when a series of
images have to be processed. Interpolation is also necessary todouce dense displacement
elds. The phase-based methods overcome the need for intergaa. They do not require
any manual intervention but, this is a disadvantage as it doegsot allow for correction of
errors after tracking. HARP tracking produces incorrect resté when the displacement of
the tracked tissue between consecutive time frames is more thane-half the tag-spacing
(because of phase ambiguity). The 3D imaging methods discussedGhapter [3, require
lesser analysis time but need twice the amount of time to acquigeslice.

The objective of this research was to develop a method to compu4D strain in the

human heart using tagged MR images. The method:
1. must require minimal user intervention.
2. should be capable of measuring strain through to mid/end diasie.
3. should include a way to recognize and x the errors from theusiomatic algorithm.
4. should produce dense displacement measurements.

5. should be robust to large inter-frame motion.
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First, the phase ambiguity problem in HARP tracking was solved by mwrapping the
HARP phase image. Dierent methods of phase unwrapping were expéd and a suit-
able procedure for unwrapping a sequence of HARP images was ided. The residue-
compensation procedure (see Chaptéf 5), where inconsistendgieshe phase image are re-
moved using branch cuts was chosen. A graphical user interfaae help the users place
branch cuts was developed and a procedure to e ciently and aarately compute displace-
ments by unwrapping a sequence of images was devised. The pdoce developed was faster
to compute 3D displacement over time and produced denser dispéament elds compared
to the feature-based methods. It was more accurate compared tttee HARP tracking pro-
cedure. Since it used SPAMM tagged MR images, the acquistion of &slwas twice as fast
compared to other recent 3D MR imaging methods.

Secondly, the phase unwrapping method was extended to obtad strain in the RV.
Obtaining 4D strain in the RV has been problematic because of ¢hthin myocardium and
the lack of geometric symmetry in the RV. The thin myocardium cases problems in tissue-
tracking in feature-based (too few tag points to reconstruct eformation eld) and phase-
based methods (interference from myocardial borders is gteg. Using the phase unwrap-
ping procedure developed for the LV (Chapt€&i6), a dense defioation eld with no tracking
errors was obtained. The DMF method (see Chaptéi 2) is then usén compute 3D strain
from the unwrapped-phase-derived displacement measuremenithie DMF method has the
advantage of not requiring the object being modeled to haveegmetric symmetry and hence
produces accurate biventricular strains.

Thirdly, a computer-assisted approach was developed for thegakement of the branch
cuts and unwrap a sequence of images. Here, branch cuts are awtoally placed using ei-
ther a simulated annealing procedure or an exhaustive searctopedure. An energy function
was proposed to impose temporal continuity of the unwrapped pkes between time frames.

If errors were detected after the automated placement of bmah cuts, the user corrected the
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branch cut con guration. This procedure reduced the time tken for manual intervention to
about one-third of that of the procedure where all branch cstwere manually placed.

Fourthly, An explanation of the energy mechanics in the heausing commonly measured
parameters is explored. Parameters that are measured easilglas volume, area, strain and
torsion are used to develop a framework to classify hearts basedtbair energy consumption
through a cycle.

Chapter[3 reviews the problems and current techniques assde with phase unwrap-
ping. Chapter[@ presents a method to manually correct the prééms and then unwrap HARP
images to obtain strain (this work was published in JMRI 2010 [¥ and ISBI 2008 [[91]).
Chapter [1 compares 2D and 3D torsion measured from tagged MR iges and explains
the e ect of through-plane motion on obtained measurementshis work was published in
ISMRM 2009 [92]). Chapte8 extends the concept of phase unywming to the right ventricle
(RV) to obtain 4D biventricular strain (this work was published in ISMRM 2010 [93] and
ISMRM 2008 [94]). Chaptei D describes a computer-assisted teque for phase unwrapping
HARP images (this work was published in ISBI 2009 [95]). Chapt&Q explains the energy

mechanics in the heart using commonly measured parameters.
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Chapter 5

Phase Unwrapping
5.1 Introduction

This chapter starts out with an introduction to phase unwrappng followed by a com-
parison of the results to determine the best method. Other impheentation issues specic
to the geometry of the heart are also discussed.

Phase unwrapping is a well established eld in other forms of inggng such as SAR
interferometry [9€], optics [[97] and brain MRI imaging [98]It is a well-researched problem.
Our aim here is to unwrap the HARP images’[49]. As we shall see thrduthis chapter, it
is a di cult procedure as it is sensitive to noise and phase aliasgn

When continuous phase is wrapped, it lies between and + . This is normally so
because phase is obtained using the arctangent function. Theopedure of making the dis-
crete wrapped phase continuous to give the continuous unwiagd phase that lies from1
to +1 is called phase unwrapping. It is important to understand the gpects involved in
one-dimensional phase unwrapping before we proceed to twoaénsional (images) phase un-
wrapping. Let us look at a simple example of a one-dimensiondigse unwrapping problem.

Consider a complex signal,

s(t)y=€%'; 0 t 1 (5.1)

We wish to reconstruct the continuous phase(t) =5 t from s(t). We can only obtain
the wrapped phase estimate (t) by using the arctangent function of the imaginary phase

(=(s(1))) over the real phase €(s(t))) to extract phase.
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Figure 5.1: lllustration of one-dimensional phase unwrapping

=(s(1)
<(s(1)

(t) = arctan (5.2)

An illustration of one-dimensional phase unwrapping is given ikigure[5.1. The phase
wraps at and 3 can be clearly seen. It is also clear that by adding 2at the rst phase
wrap and to every subsequent point thereafter until the next wap occurs, the wrapped and
the unwrapped phase would match. By adding 2every time the phase wraps (drops by)
2 , we can reconstruct the continuous phase. The phase wraps theiass are detected by

observing the phase di erences. A simple unwrapping operatioram be de ned as follows:

(n (1 ) (m= () 2
(n) (1 ) (nN)= (n)+2 (5.3)
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There are many problems associated with one-dimensional phasevuapping that are
of interest to us. First is the problem of phase aliasing [99]. If thdata is sampled at a
lower rate such that one of the phase wraps is completely missebden the phase calculated
thereafter is all wrong. This is a particular problem that weexperienced in tagged cardiac
MRI. For example, in Figure[5.3(a), we can see two tag lines nge (at 4 'o clock). This
would amount to missing of a phase wrap while unwrapping. Anothgsroblem is the noise
associated with the signal. If the signal is noisy and a phase wrapnst detected in the
unwrapping procedure, the unwrapped phase would be faulty. hEse are two of the most
important factors that ultimately decide the applicability of phase unwrapping to a given
problem.

The easiest way one can think of implementing phase unwrappingrimages is to extend
the one-dimensional algorithm to the two-dimensional case, binere are some problems that
are introduced when we want to use phase unwrapping in imagesathmake it ine ective.
Shearing of the phase plane is one of the problems. This giveserto both problems of phase
aliasing and introduction of singularities in the wrapped phse. Singularities are undesired
points of discontinuity. Rotation of the phase plane too is a mblem as it introduces phase
aliasing. These are two of the more di cult ones to deal with beause of the shearing and
rotation the heart undergoes at and near end-systole. In the g®ns of blood ow and air
in the image obtained, the MR signal is corrupted leading to aaisy phase. This noise in
the phase obtained at points outside the myocardium makes thdgarithm highly sensitive
to the myocardial segmentation. It is important to realize ttat any algorithm designed
should deal with all these problems in a satisfactory way. With tis introduction, we shall
look at the two-dimensional unwrapping terminology and the arious methods that were
implemented [89]. Phase unwrapping has already been used footion estimation using

CINE DENSE [82]; here we try to use it for SPAMM-tagged images.
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5.2 Two-dimensional Phase Unwrapping Terminology

5.2.1 Residues

Residues arise out of singularities in the wrapped phase or zemoshe complex function
used to derive the wrapped phase. They are the cause for incongisies in the image. A
simple method for identifying the residues is by unwrapping aund a small 2 2 block

around a pixel.

res = r (5.4)

This is the smallest loop one can obtain in an image. The sum of tiphase di erences
around the 2 2 block should be zero. If the result of the unwrappingies, is not zero,
then a residue is said to be present. Residues in general add up tther +2 or 2
and are respectively known as positive or negative residues. Rless are a major problem
in phase unwrapping and the presence of residues implies thaetlinwrapping is no more
path-independent. Removal of residues is essential to obtaimwrapped phase without any

discontinuities.

5.2.2 Dipoles

It is common to see positive and negative residues next to eachhet in the image.
These are known as dipoles and are removed from the image. Thasic concept of residue
removal is the neutralization of the charges on the residuesyrinecting a positive residue to

a negative residue and vice versa. A dipole is already balanced

5.2.3 Branch Cuts

The connection of a positive and a negative residue in an imagekinown as a branch cut.

A decision must be made as to which positive and negative residubg branch cut should
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@) (b)

Figure 5.2: (a) The original MRI image; (b) The residues are miked black and white for
negative and positive residues respectively. The number of réges is clearly larger in the
outer areas where there is air and areas of the image with largnotion compared to the
areas with tissues as seen in the original MRI image.

connect. In general, every image has an equal number of pogtand negative residues. The

two most popular and widely used methods for balancing the resids are:
minimizing the aggregate length of the branch cuts
choosing the shortest branch cut available every time
In our algorithms, the objectives are:
to obtain the unwrapped phase only inside the myocardium
not to isolate any portion of the myocardium
keep the myocardium on a whole connected

These objectives are important when using path-following mledds to do the unwrapping.

5.2.4 Quality Maps and Masks

In the path-following methods of phase unwrapping, it is nessary to base the inte-

gration on a certain quantity that will improve accuracy. This is done by the use of phase
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quality maps [100]. The two most common quantities used to dedee the quality are the
phase derivative and the phase derivative variance. In the pka derivative quality map, the
wrapped phase derivative at each point represents the qualitpap. The phase derivative

variance mapz was obtained as follows:

q9p — dp —
( IX] )rsn;n )2 + ( ?/J ym§n )2
Zmin = 2 (5.5)

where for each suni;j varies over thek k window centered at the pixel (n; n). The terms

i and }’J are the wrapped phase derivatives, anm and %, are the average of the
derivatives in thek k window. Normally, 3 3 window is used. Both the methods were
tested and it was found that the phase variance performed bettbut had a longer execution
time by a factor of 20 times. The phase derivative quality map waless accurate but faster.
Quality maps can be thresholded and the resulting binary imaggsed as a mask in both
the path-following methods and the least-squares methods. Tésholded quality maps are

also used to segment the myocardium when only the myocardial @®is of interest.

5.3 Two-dimensional Phase-Unwrapping Algorithms

Phase unwrapping algorithms can be classi ed into two main cageries, the path fol-
lowing methods and the least-squares methods. Several di etaigorithms from each type
were implemented and their performance studied, [96,1018J0 We shall only take a look
at the basic ones and those that were implemented here.

5.3.1 Path-Following Algorithms

The path-following algorithms are a set of algorithms that pgorm phase integration so

as to cover all the pixels in the image. They can be classi ed intthree groups:

path-dependent algorithms
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guality-guided algorithms

residue-compensation algorithms

Path-Dependent Algorithms

These are the simplest algorithms and perform integration over xed path. They use
a prede ned strategy to do the unwrapping such as linear scanmgn spiral scanning and
multi-directional scanning. These algorithms follow a xed ader where unwrapping starts
from a seed point and follows to a pixel in the prede ned path. fis continues till all the
pixels are unwrapped. This strategy implies that if unwrappig of one of the initial pixels
is wrong, all the pixels unwrapped henceforth are wrong. Meover, the xed order implies

that it does not have the ability to avoid residues present in th path.

Quality-guided Algorithms

The quality-guided algorithms are a very robust set of algorditms as far as dealing
with noisy phase data is concerned, but, since they are pathdmhing methods, they fail
to unwrap correctly when there are residues in the image. Thenderlying logic in every
guality-guided method is simple, and they are generally fast@thods. These characteristics
make them popular methods to use once it has been veri ed thabére are no residues in the
image. For all the algorithms, a seed point is chosen initiallyThe choice of the seed point
is random in most applications. From the seed point, the algohim travels to a pixel of
highest quality among its neighbors ( a 4-pixel neighborhood ususally considered) and so
on till all the pixels in the image have been traversed. The glity being assessed is derived
from the quality maps. It can be the pixel of lowest phase-derivi@e variance or the lowest
phase derivative with respect to the present pixel or any other sh measure. In our case,
the variance map is chosen, as it is the most accurate and fairgbust in its unwrapping. It
has to be used in conjunction with some other method to remove yaresidues or unbalanced

charges that remain in the unwrapping path. This is exploredh detail in the next chapter.
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Residue-Compensation Algorithms

These algorithms place branch cuts to balance the residual chgas. The branch cuts
are placed, the unwrapping is path independent and any pathan be chosen to unwrap the
images. In reality, the criterion to choose a branch cut is not seasy, and one cannot be
totally sure that the resulting phase is correct[106]. In our s it is even more di cult, as we
want all the areas inside the myocardium to be connected andehefore avoid all branch cuts
from passing through the myocardium. We prefer to unwrap the gels in the myocardium
only because the pixels outside are generally too noisy. The diulty is choosing the right
branch cut with respect to the wrapped phase observed in the hearThis is explained in
detail in future chapters.

We can look at an example where we look to unwrap the wrapped age from Figure
[5.3(a), which has already been segmented. The point of residugearly are the places where
the two phase (wraps) lines meet (4 o' clock) and the prematurending of the phase (wrap)
line near the epicardium (10 o' clock). It can be clearly notied that, without branch cuts,
the phase is discontinuously unwrapped as in Figufe 5.3[b). Rige[5.3(c) shows the result
that is unwrapped with branch cuts. The unwrapped phase appessmooth and would seem
to be the right phase when in actuality it is not. By rearrangirg the branch cuts as in
Figure[5.3(d), we again obtain a smooth phase but this time it isorrect as compared to the
expected phase.

It is a fact that branch cuts may lead to smoothly unwrapped phse, but the unwrapped
phase is not necessarily correct. Therefore the residue-comgaion methods must be used
with care. While they make the process on the whole slightly meraccurate, they also make
it unpredictable. A procedure for placing correct branch ds to obtain correctly unwrapped

phase is explained in Chaptel]6.
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(©) (d)

Figure 5.3: (a) The wrapped HARP phase to be unwrapped; (b) Unwrgpng done without
branch cuts and using the Quality-guided method; (c) Unwrappig done by introducing
wrong branch cuts; (d) Correctly unwrapped image by introduag the correct branch cuts.
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5.3.2 Least-squares Methods

The second major approach to phase unwrapping is the applicati of a mathematical
formalism to reduce the problem to a least-squares methad [97]here are both weighted and
unweighted procedures for achieving the same. In the least-sges methods, the gradient
eld is determined from the wrapped phase di erences of the vapped phase data and is
then integrated subject to the constraint of a smooth eld. Thiscalls for the minimization

of

kr W[ K (5.6)

where is the unwrapped phase. It can be shown that the minimizer in Equion (5.6) is

the solution to a Poisson equation

r2 =r W[ ] on (5.7)

with appropriate boundary conditions . Hunt's matrix formu lation [107] is used to convert

Equation (5.7) to a discretized Poisson equation of the form

(ivrg 245+ i)+ C g 20+ 4 )= i, (5.8)

g =0 )T Ch D

and % and ,yj are wrapped phase di erences i. e. discretized versiion of tkeand y com-

ponents of the gradients at pixel ij ). The discrete cosine transform (DCT) is the most
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Figure 5.4: (a) The wrapped HARP phase to be unwrapped; (b) The pise after unwrapping
using the DCT method; (c) The unwrapped phase image using the Rmenditioned Conju-
gate Gradient method of unwrapping. The PCG algorithm uses wghts to mask out the
myocardium unlike the DCT algorithm.

popular method used to solve the discrete Poisson equation of E¢joa (B.8). It is computa-

tionally e cient since it is based on the DCT algorithm which is both memory e cient and

very fast. It is also easy to implement as it does not require anyripr information (quality

map, identify residues etc.). The DCT algorithm can be descréd as follows:
1. Compute the array of values for ;j as in Equation (5.8)
2. Compute the two-dimensional DCT of ; to get ;

3. Replace the values in;f to obtain Ai;j as in Equation (5.9). This makes it memory

e cient.
N .
N _ 1;]
= : : 5.9
Y 2cos(i=M )+2cos(j=N ) 4 (5-9)
4. Compute the two-dimensional inverse DCT Of\i;j to get j;, the unwrapped phase

The preconditioned conjugate gradient (PCG) method is an iprovement over the DCT
method in that it allows the user to give a weight matrix so that he user can supply the
quality map that describes the areas with high signal-to-nosetio. The algorithm works

iteratively by use of the full-lattice solution [89] as the preonditioner in the conjugate

64



gradient algorithm. The full-lattice problem is solved evey iteration using the DCT method.
In our case, the segmented myocardial pixels were designatee tralue of highest quality of
one, and the others were designated to zero.

The results for the two implementations of the least-squares r@ds using the DCT
and PCG methods are as shown in Figure 5.4(b) and Figufe 5.4(fr a wrapped phase
given in Figure[5.4(a). The data points only inside the myocaium have been shown for
the sake of easier analysis. It is clear that the PCG method perfos better than the DCT
method. The PCG method is fast and is a good choice compared toet DCT method, as
it gives a more accurate solution. The problem is that this atyyithm is sensitive to large
inconsistencies in the data (large amount of residues) and doest always provide a solution
that allows for pixel-accurate measurements. It was tested ormagged MR images, and it
showed artifacts in the unwrapped phase images that reduce itsefulness.

A signi cant problem experienced with the least-squares methis is that an integral
multiple of 2 is not necessarily added to ensure smoothness and this may lead tevanted
smoothing and increased di erences between the original antitained results. Least-squares
methods show better performance than path-following methesdwhen the data to be used
is very noisy and shows little or no aliasing. The data used in thiesearch generally has
high SNR inside the area of interest (the myocardium) and the maj problem as opposed to
noise is aliasing. The unwrapped phase data that we require alseeads to be highly precise
to get pixel-accurate displacement measurements. Least-squaigproaches are therefore

not pursued.

5.4 Conclusion

The chapter reviewed the basics of phase unwrapping and how tbheerent methods
work on HARP images[[108]. It has been recognized that residuesmused mostly by phase
aliasing are the major hurdle facing unwrapping the HARP imagest is important to realize

that the residues occur when one can notice two wrapped phaseels (those that occur when
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thereis  to shift) merge together or when a wrapped phase line ends premedly. This
is an important concept that shall be utilized later.

It has been shown that the path-following methods are a bettechoice than the least-
squares methods at least when the input phase has a fairly high SNRhe quality-guided
method did not account for any residues present in the image. €hresidue-compensation
method, while being more unpredictable, also produces morecarate unwrapped phase
maps in the presence of residues when the branch cuts are placedectly. In Chapter[g,
we explore the placement of branch cuts in harmonic phase inegyand in Chapter ® we

automate this procedure.
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Chapter 6

3D Left Ventricular Strain from Unwrapped Phase: A GUI-based apmach

6.1 Introduction

Parameters of cardiac left-ventricular (LV) mechanical fuation are important for di-
agnosing and managing patients with heart disease and assessing ¢leacy of therapies
over time. Imaging methods based on magnetic resonance (MR)gtang [11,79] and dis-
placement encoding with stimulated-echoes (DENSE) [82,88a%e been used to study the
regional functional characteristics of the heart. While reent advances in imaging meth-
ods [27,85¢{87] and post-processing techniqués!|[49, 77] haveriomed the clinical viability
of these techniques, the ability to provide dense 3-D strain masd torsion measurements
throughout the cardiac cycle in a reasonable amount of time gill an active area of research.

Tagged MRI is an established method for measuring parameterslaf deformation and
strain. Tagged MRI spatially modulates the longitudinal magetization of the underlying
tissue before image acquisition. The result is a periodic tag patn that deforms with the
tissue as shown in Figuré€ 6lla. Several techniques have beenetigped to measure LV de-
formation and strain from the deformation of the tag pattern. These techniques include
feature-based (FB) methods [14,44{47] , optical- ow and norigid registration based meth-
ods [43,70, 78,109] , and HARP-based methods][27[49,51,52].

In HARP analysis, the tag pattern deformation is measured by the tmal change in phase
of the tag pattern. The tag pattern modulates the signal intesity of the image, producing
a series of peaks in the Fourier domain as shown in Figurel6.1b.n@®of these peaks is
Itered out and inverse Fourier transformed to produce a HARP phsae image as shown in
Figures[6.1c and6]1d. The HARP phase at a point in the image is a teaal property of

the underlying tissue and can be tracked through the image seaque or used to compute

67



2-D strain [49/50] or 3D strain in the middle third of the LV wall[27]. The HARP phase,
however, is wrapped because it can only be measured modulo Zhis wrapping can cause
tracking problems if a region of the tissue deforms more than erhalf tag spacing i.e. a phase
shift of more than between time frames. Deformations of this magnitude are poskatin
both healthy and diseased heatrts.

In DENSE imaging [83/110], myocardial tissue displacement is@ded into the phase
of the MR image during acquisition. To reconstruct myocardiatlisplacement from the phase
data, the phase must be unwrapped [82,83,110], which involvadding integer multiples of
2 to the wrapped phase so that the unwrapped phase is continuous. Beiand imaging
artifacts, however, can cause phase inconsistencies where neger multiple of 2 can yield
a continuous unwrapped phase map. While DENSE phase unwrappiogntinues to improve
[88/110], it is still possible for phase errors to occur, whichrtaesult in errors in deformation
and strain estimates.

In this chapter, a new method is presented for measuring 3D defaation and strain from
tagged MRI data based on unwrapping HARP images called Straindm Unwrapped Phase
(mSUP). In contrast to a recently-proposed 3D wrapped-phase bakenethod in [27], the
mSUP algorithm can measure strains in the entire LV. The mSUP algithm can also easily
measure 3D strains in the entire LV wall over multiple time frares. The mSUP approach is
more robust to inter-frame motion than techniques such a5 [2%jat are based on tracking
wrapped phase. With unwrapped phase, points can be tracked thugh an image sequence
as long as the average inter-frame deformation over the ergimyocardium is less than one-
half tag spacing. Compared to methods based on tracking tag & [14, 111], displacement
measurements from unwrapped HARP phase images are dense, potlytiresulting in more

accurate estimates of strain.
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6.2 Materials and Methods

6.2.1 Human Subjects

The mSUP algorithm was validated on a cohort of 40 human subjex{10 normal volun-
teers, 10 patients with myocardial infarction, 10 patients wh mitral regurgitation, and 10
patients with hypertension). All human studies were approvedibthe Institutional Review
Boards of both institutions (Auburn University and University of Alabama at Birmingham)

and informed consent was obtained from all participants.

6.2.2 Data Acquisition

All participants underwent MRI on a 1.5T MRI scanner (GE, Milwaukee, WI) optimized
for cardiac application. Tagged images were acquired in st@ard views (2-chamber and 4-
chamber long-axis and short-axis) with a fast gradient-echor@ sequence with the following
parameters: FOV = 300 mm, image matrix = 224x256, ip angle = 45 TE = 1.82ms,
TR = 5.2ms, number of cardiac phases = 20, slice thickness = 8 mm. AD2fast gradient
recalled spatial modulation of magnetization (FGR-SPAMM) t@gging preparation was done
with a tag spacing of 7 pixels. This protocol resulted in 2 longxés slices and on average,

12 short-axis slices per study.

6.2.3 Unwrapping HARP Phase

HARP images [49] were obtained by Itering out a single spectralgak in a tagged image
and computing the phase in each pixel of the resulting complez&lued image. These phase
images are wrapped because phase can only be computed modulo Rhase unwrapping

involves adding integer multiples of 2 to each pixel in the wrapped image so that:
1. The unwrapped phase is continuous.

2. If the unwrapped phase is re-wrapped, the result is equivaleto the original wrapped

image.
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Figure 6.1: (a) A tagged short-axis image acquired near endssgle in a normal human; (b)
the Fourier transform log-magnitude of (a); (c) HARP image obtaned by bandpass Itering
the lower circle in (b); (d) HARP image obtained by bandpass Iteing the upper circle in

(b).
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The relationship between the wrapped phase and the unwrappetigse may be stated as
(x;y)= mod f[ + (xy)];29 < (xy)< (6.1)

where W is the wrapping operator. In this research, phase waswrapped only inside the
LV wall. Pixels outside the myocardium were not processed.

Several phase-unwrapping algorithms have been proposed foRMand other applica-
tions [89] (see Chaptell]5). In particular, DENSE post-processingvolves unwrapping the
DENSE phase maps’[82,84,88]. In this research, a path-follogimethod was used that
is similar to the one used for DENSE in[82,89], where phase was uapped along a path
in the image from one pixel to another. If the phase is unwrappgecorrectly, the phase of
the destination pixel is independent of the path taken. Two mia issues arise with this ap-
proach: how to choose the path and how to handle regions of imsistent phase. The path
was chosen by the quality-guided method described below. Phaseonsistencies are called
residues. These were handled by introducing branch cuts. Thesethws are described in

detail in the following sections.

6.2.4 Quality-Guided Phase Unwrapping

In path-following methods, it is necessary to determine a pathhat visits each pixel of
interest. The phase is unwrapped along this path. Quality-gded algorithms [100] use a
quality map, which indicates the reliability of the wrappedphase map at each pixel, to guide
the integration path. A starting point was arbitrarily chosen and the next pixel visited was
the neighbor with the highest quality. This process was repead until all pixels of interest
were processed. Similar to DENSE [82] algorithms, quality in thiresearch was de ned as

the reciprocal of the phase di erence variancé [112], whichk given by

ap — ap —
i);(j ;(n;n)2 + ij %;n )2
Zomin = 5 (6.2)
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where each sum is over a 3 3 window, centered at the pixel (1; n). The terms  and lyj
are the wrapped phase derivatives, andt,,, and . are the average of the derivatives in

the 3 3 window.

6.2.5 Residues and Branch Cuts

A fundamental assumption in phase unwrapping algorithms is thidhe unwrapped phase
is smooth and that any large changes in phase between pixels atee to phase wrapping.
Noise and artifacts, however, can cause inconsistencies in the phanap where the phase
di erence between pixels is large and cannot be corrected lylding an integer multiple of
2 . Tag fading, myocardial motion, and the presence of boundas can also cause phase
inconsistencies. Examples of phase inconsistencies are shown guiE[6.2. +45 degree tag
lines disappear before they reach the endocardium at 12 o'dkoand 5 o'clock in Figurd 6.Pc.
Also the tag-like phase wrap near the epicardium at 4 o'clock inigure[6.2c is caused by the
epicardial boundary. Figure[6.2d shows a \double wrap" artéfct where two tag lines merge
(7 o'clock).

Phase inconsistencies can cause any phase-unwrapping algorittinfail. Figure 6.3a
shows an example of a phase image with inconsistencies. Figurdo&GBows the unwrapped
phase image obtained with the technique described above. Thegse inconsistencies result
in discontinuities in the unwrapped phase. In this section we psent a method for detecting
and correcting for phase inconsistencies using residues and lmtacuts.

Phase inconsistencies were detected using the principle thatettwrapped phase dif-
ference around any closed path is equal to zero if the wrappethgse is consistent [89].
Consequently, these phase inconsistencies were localized by simgrthe wrapped phase dif-
ferences around a 2 2 neighborhood of each pixel in the myocardium. It can be shoWag]
that this sum is either G +2 ; or 2 . If the sum is zero, then no phase inconsistency exists.
Otherwise, either a positive residue (+2) or a negative residue (2 ) is present at that

pixel. Examples of residues can be seen in Figufes]6.2e andl.6.2f
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Figure 6.2: (a-b) Tagged short-axis images acquired near esgstole in two di erent human

subjects; (c-d) HARP images obtained from a and b. Arrows indicat@oints of phase
discontinuity. Cyan contours delineate the myocardium; (¢} negative (black) and positive
(white) residues in the HARP images in (c-d); (g-h) the correspating HARP phase image
with branch cuts drawn (yellow lines).
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Figure 6.3: Phase Unwrapping example in a short-axis slice of arm@l human left ventricle:
(a) wrapped HARP phase from Figure 2c; (b) unwrapped HARP image wibut branch cuts;
(c) HARP image with branch cuts shown in red (d) unwrapped HARP imag with branch

cuts.
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In this research, phase inconsistencies were corrected using thsidue compensation
method [89], where residues were removed by connecting resslwith branch cuts. Branch
cuts are lines in the image where an unwrapping path is not alved to cross. In our
implementation, pixels that touch the branch cut line were emoved from the myocardium
segmentation. Note that the number of pixels removed due to bmah cuts is negligible
compared to the total number of pixels used in the 3D deformatn model t described
below.

Branch cuts either connect a positive to a negative residue af,only a region of the
image is unwrapped, a residue is connected to a point outsidestimyocardium segmentation.
The problem, of course, is which residues to connect. It is coromto see positive and
negative residues next to each other in the image (see Figur&®). These residues are
known as dipoles and can be automatically connected by a br@ncut.

Connecting non-dipole residues (called monopoles), howevisra di cult problem. In
cases where there are an equal number of positive and negatiesidues, automated methods
have been proposed that, for example, minimize the averageabch cut length [89, 106].
Minimizing branch-cut length, however, does not always Vié the best unwrapped phase.
As a result, the user must place the branch cuts interactively. Tie was done quickly with a
graphical user interface (GUI).

Figures 6.2g and 6.2h show branch cut placement examples. Thieape wraps in the
second row of Figure 6.2 correspond to the +45 direction tag ks. If the phase inconsistency
was caused by a prematurely ending tag line (11 o'clock and =lwck in Figure 6.2c¢) or tag
line merging (7 o'clock in Figure 6.2d), the branch cuts werplaced along the missing or
merged tag line. If a phase wrap occurred where there was no tawe (4 o'clock in Figure
6.2c) the branch cut was placed to remove the spurious phase writom the myocardium
segmentation.

Once branch cuts were placed, the phase unwrapping technigiescribed above resulted

in a smooth unwrapped phase map as shown in Figure 6.3d. Note thdtea branch cuts
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Figure 6.4: (a) HARP image; (b) negative (black) and positive (Wite) residues in the HARP
image in (a); (c) the corresponding demodulated HARP phase imagél) residues in the
demodulated HARP image in (c).

are placed, the unwrapped phase is independent of the path &k during the unwrapping

process.

6.2.6 Demodulated HARP Phase

Instead of unwrapping the HARP phase image, one could unwrap thesghodulated
HARP phase image. The demodulated HARP phase image is computed byfshg the
Itered HARP peak to the center of k-space before computing thenverse Fourier transform.
Figures 6.4a and 6.4c show the HARP phase and demodulated HARP phasages of the
tagged image in Figure 6.2a. The demodulated HARP phase is simita the phase obtained

with DENSE imaging [113]. At rst, it might appear that the demodulated phase is easier
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to unwrap than the modulated HARP phase because there are fewergde wraps. Phase
wraps, however, are usually not a problem for phase unwrappintgarithms. The challenge
in phase unwrapping is how to handle phase inconsistencies. Sipbase inconsistencies are
mainly caused by tag lines disappearing, tag lines merging, ogardial boundaries and other
inherent properties of the tissue being imaged, they appear both the HARP phase and
demodulated HARP phase images. For example, Figures 6.4b anddshow the residues for
both the HARP phase and demodulated HARP phase images. The residuesioth images
are almost identical. While either the HARP phase or demodulatetHARP phase image
could be unwrapped, the HARP phase image was used in this researdtause the phase
wraps correspond to tag lines and provide visual cues that makieeasier for the user to

place branch cuts as seen in Figure 6.3c.

6.2.7 Inter-frame Phase Consistency

Each image was unwrapped independently, and the starting paifor phase unwrapping
may correspond to a di erent material point in each image. As aesult, the unwrapped
phases in two adjacent time frames may di er by an integer muiple of 2 . This di erence
was corrected by adding the integer multiple of 2to all unwrapped phases in the current time
frame. In this research, the multiple was chosen to minimize &L 1 norm of all displacements
between the current and previous time frames. Note that this ceection assumes that the
average deformation of the heart between consecutive framsdess than one-half of the tag
spacing. Inter-frame deformation of more than one-half tag aping in a localized region or
regions will not a ect the unwrapped phase as long as the aveya deformation is less than

one-half tag spacing.
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6.2.8 Motion and Strain Estimation
Calculating 1-D Displacement Measurements

Once the phases were unwrapped, 1-D displacements were meakidrem each pixel
in the myocardium similar to those measured from tag-line trackg data [14]. Each 1-
D displacement measurement is the displacement of a materialipbback to its reference
position in the direction normal to the tag plane. As in [13,14114], we de ne the reference
time to be the time the tag pattern was applied. Note that this tme is several milliseconds
before the rst image is acquired.

To compute the 1-D displacements, an estimate of the referenchgse plane must be
computed. The reference phase plane was estimated by tting dgme to the unwrapped
phase plane in the rst time frame in a given slice. This computabn is analogous to the
one performed in [13,14,114] to determine the tag line centand spacing. There can be
some motion between the time the tags are applied and the acqition of the rst image,
but this is usually small. Since tag lines are parallel when tlyeare applied, the reference

phase plane was speci ed by the 1-D linear equation

r=ms+b (6.3)

wheres is a parameter that sweeps out a line perpendicular to the tagne andm and b are
parameters of the reference plane t to the rst time frame unwapped phase.

To compute the 1-D displacement measurements, lety correspond to a point in a
deformed image with phase 4(sq). From Equation (6.3), the point in the reference image
with the same phase iss, = ( 4(Sq) b)=m. The displacement measurement is thed =
Sq¢ Sr. Figure 6.5 shows an example of displacement estimates measured a short-axis
slice of a normal human volunteer at end-systole. Note that due tiwrough-plane motion

a 1-D displacement does not establish a one-to-one corresporaebetween points at the
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Figure 6.5: 1-D displacement vectors superimposed for (a) thels and (b) -45 tag directions.
The arrows point to the position of the points at the time of tagline imposition.
reference and deformed times. Rather, it is a 1-D constraint adhe 3-D displacement of a

material point back to its position in the reference time [1314,114].

Segmentation

Segmentation of the myocardium is the rst step in most cardiacnnage analysis proce-
dures [44,50,82]. Both the phase unwrapping and displacemeneasurement steps require
that the LV wall be segmented in each slice and time of interest.nlthis algorithm, LV
contours were drawn semi-automatically by the user at end-dstole (ED) and end-systole
(ES). Non-rigid registration [115] was then used to propagatel®Eand ES contours to all the
time frames. ED contours are used in almost all tagged MRI analgsalgorithms to de ne
a material-point mesh or other set of points of interest. ES coatirs were included because
they improve the ability of the propagated contours to distiguish between papillary muscles

and the LV wall.

Strain Calculation

The 1-D displacement measurements and a material-point mesh tamatically con-

structed from the ED contours were used to compute 3-D LV deforation and strain in
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each time frame. The deformation and strain were reconstruateusing the A ne Prolate

Spheroidal B-Spline (APSB) method in [116], which ts a B-sphe deformation model de-
ned in prolate-spheroidal coordinates to the displacement sasurements. First, a backward
t was performed in each time frame that maps each point backa its undeformed position.
A series of forward ts were then performed to compute the defimed position of each point
in the undeformed mesh of the initial time frame. The trajectoy of each point in the
material-point mesh through the cardiac cycle is thus obtaed. 3-D strain was computed

by spatially di erentiating the deformation model.

Validation Experiments

The mSUP technique was validated on the cohort of 40 human sulsjs described above.
In each subject, 3D strain was computed in all imaged time framseusing the mSUP tech-
nique. 3D strain was computed at end-systole (ES) with the feate-based (FB) technique
in [116]. Both the FB and mSUP methods use the APSB deformation rdel described
in [116]. The tags were tracked using the FB technique and thenanually corrected by an
expert. 2D strain in each time frame was computed using HARP analis [117].

To assess the accuracy of 1D displacement measurements obtainednfunwrapped
phase images, 1D displacement measurements were computed fragn ltnes tracked in the
FB method and compared to 1D measurements computed from thewrapped phase images
at the tracked tag line points. The accuracy of 3D strains at endystole was assessed by
comparing mSUP strains and FB strains with a paired t-test. The awracy of strains versus
time was assessed by comparing peak strains and strain rates conggutising mSUP and
HARP with paired t-tests. In all statistical comparisons, a P value of0.05 or less was

considered statistically signi cant.
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6.3 Results

6.3.1 Computation Time

All studies were processed using the mSUP technique described abaviich was im-
plemented in MATLAB (The Mathworks Inc, Natick, MA). Unwrapping all images in a
study took less than a minute on a 2.6GHz Core2 Duo processor with B®f memory.
Approximately 30 minutes per study of user interaction were regred to resolve residues.
Strain reconstruction took approximately 15 minutes per stug The total time required to

analyze 20 time frames of a typical study was 45 minutes.

6.3.2 Quantitative Comparisons
Comparison of Displacement Estimates with Feature-Based T echnique

Table 6.1 shows statistics of the di erences between 1D displawent measurements
computed from unwrapped phase images and tracked tag lines eitid-systole. The mSUP
and tag line methods showed excellent agreement on long-axisges and short-axis images
in the proximal and middle thirds of the LV (relative to the base). The mean di erences are
a few hundredths of a pixel, which means there is no bias tovehunder- or overestimation
of displacement. The di erence standard deviation is around=B of a pixel, which is close
to the tag line tracking accuracy [114,118]. In three sliceg ar next to the apex, (out of a
total of 429 processed) the maximum di erence was large (8 pixels) due to partial volume
e ects that severely diminished the contrast-to-noise ratio (BIR). These slices were removed
from the dierences in Table 6.1, but left in for the comparisa of strains in subsequent

comparisons.

Comparison of End-Systolic Strains with Feature-Based Tec hnique

Figure 6.6 shows the maps of 3D circumferential strain (Ecc) ia representative normal

human volunteer computed using mSUP and the FB method. The sameaterial-point mesh
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Table 6.1: Comparison of displacement measurements computeonh mSUP at tracked tag
lines at end-systole. Proximal, middle, and distal refer to th&V base. Di erence = mSUP
- tag line. All measurements are in pixels. RMSE = root mean squadtearror.

Slices Mean Di. Std. Dev. Max. Di.

All slices 0.0012 0.3963
4-Chamber -0.0263 0.3364 2.0479
2-Chamber 0.0052 0.3349 2.7517
Short-axis Proximal 3rd -0.017 0.3572 2.5694
Short-axis - Middle 3rd -0.0217 0.3299 2.4348
Short-axis Distal 3rd 0.0787 0.5625 2.9898

and deformation model were used to reconstruct strain in both rtfeods. Note that strain
is computed in the entire LV except the apex, which is typicdy not included in this type of
analysis. The strain maps are similar.

Table 6.2 shows statistics of the di erence between the mSUP andBFmnethods. In all
strains in Table 6.2, the standard deviation of the di erences less than 5% of the average
of the two methods. The correlation between the methods is stigest in circumferential
strain. Only two long-axis images were acquired, so the coraébn in longitudinal strain
(Ell) and torsion is lower but still good. In fact, the mSUP metha may provide more
accurate measurements of Ell, torsion and other strains than ¢hFB method, but further
investigation is needed to support this claim.

Table 6.2: Comparison of 3D, end-systolic strains computed frostrain from unwrapped
phase (MSUP) and feature-based (FB) methods. Dierences = mSUPBE Di erences =
Mean Standard Error. = Correlation coe cient. CV = coe cient of variation. Ecc =

Circumferential shortening strain. Ell = Longitudinal shortening strain. Emin = Maximal
shortening strain.

Strain Di erences p p Cv

Ecc 0.0009 0.0017 0.9105 0.9613<0.001 2.04%

Ell -0.0022 0.0019 0.7752 0.9351<0.001 2.88%
Emin -0.0028 0.0019 0.6717 0.9201<0.001 1.59%
Torsion  -0.3498 0.2251 0.5757 0.8697<0.001 3.66%
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Figure 6.6: Maps of circumferential strain (Ecc) using featw-based (left) and unwrapped
phase (right) methods. Strains are mapped from blue = -30% to ew = +30%. The green
balls denote the basal mid septum.

Comparison with HARP Strains

Table 6.3 shows statistics of the di erence between the 3D strarcalculated from mSUP
and the 2D strains from the HARP method [117]. 2D LV torsion using HARRvas measured
using the procedure described in [51]. One slice each at the basatl apical levels was
used to compute torsion. The basal slice chosen was the slice closesand below the
mitral valve at the end-systolic (ES) phase. The apical slice cken was the slice closest
to the apex where the blood pool could be identied. A mesh corsting of 3 concentric
rings and 24 circumferential points was de ned in each slicé and-diastole (ED) from semi-
automatically-drawn contours. Each mesh was tracked throughll time frames using the
improved harmonic phase (HARP) method for motion tracking [52]

The peak strain and systolic strain rate of the measured circumfemtial strain show
a high correlation. Correlation in longitudinal strain is laver because the mSUP method
uses 3D deformation model tting to compute longitudinal stran from the motion of all tag

points, whereas HARP computes strain from two long-axis images. 4, the tag line CNR
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decreases through the cycle due 6, decay of the tag pattern, so early diastolic correlations
are lower than correlations for peak strain and systolic strainate. It was seen that HARP
in general underestimated the strains as compared to the mSUP thed. This could be
attributed to the improved accuracy of tracking using the mSUPmethod as a result of
removal of inconsistencies in the HARP image using branch cuts.

A few degrees of di erence was seen in comparison of peak torsiokhe 3D method
corrects for the through-plane motion, but the 2D method traks points in a given slice
through time. In the 2D method, the tracked points in the basaklice start out near mid-
ventricle and become more basal through systole. Since the baggit¢ally rotates more than
the mid-ventricle, though-plane motion can distort the 2D reation and torsion curves.
Table 6.3: Comparison of strains and torsion using the strain fronmwrapped phase (MSUP)
and HARP methods. Dierence = mSUP - HARP. Di erences = Mean Standard Error.

= Correlation coe cient. CV = coe cient of variation. Ecc = C ircumferential shortening
strain. Ell = Longitudinal shortening strain.

Strain Di erences p p CVv

Ecc
Peak Strain -0.0223 0.0005 0.004 0.8361<0.001 3.91%
Systolic Rate -0.1004 0.0024 0.011 0.8387<0.001 3.49%
Early-Diastolic Rate -0.0494 0.0068 0.502 0.6615<0.001 8.10%
Ell
Peak Strain -0.0217 0.0005 <0.001 0.7023 <0.001 4.93%
Systolic Rate  0.0657 0.0042 0.132 0.624 <0.001 6.41%
Early-Diastolic Rate -0.2091 0.0111 0.052 0.5739<0.001 12.77%
Torsion
Peak Torsion -0.0036 0.1092 0.998 0.6567<0.001 7.00%
Systolic Rate -9.4941 0.5079 0.069 0.649 <0.001 7.053
Early-Diastolic Rate 3.9996 0.8812 0.533 0.2578 0.108 10.41%

6.3.3 mSUP Strains in Normals and Patients

Figure 6.7 shows plots of torsion versus time averaged over 10mal human volunteers,
10 patients with myocardial infarction, 10 patients with hypertension and 10 patients with

mitral regurgitation. The hypertensive patients showed an iarease in torsion, which has
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Figure 6.7: Torsion angle (rotation of the apex relative to th base) versus % systolic inter-

val averaged over 10 normal human volunteers, 10 patients Wwitmyocardial infarction, 10

patients with hypertension and 10 patients with mitral regugitation. Error bars represent
one standard error.

been reported in the clinical literature [39]. The untwistig in early-diastole was slower

for patients with mitral regurgitation as compared to norma human volunteers, which is

consistent with previously reported results [119].

6.4 Discussion

The mSUP method was presented for measuring 3D strain from tagg®&tRI. Strains
computed using mSUP demonstrate excellent agreement with a preusly published feature
based method. Some user interaction is also required to resolNgape-unwrapping residues
(especially later in the cycle), but the mSUP method can compatstrains in the entire LV

instead of just the middle third.

85



The time required for the mSUP-measured 3D strains in the entirV over 20 time
frames is approximately 45 minutes per study. The same analysising the feature-based
method would require approximately 3 hours.

While the tagged imaging protocol used in this research is conemtially available and is
widely used clinically, advanced tagged imaging techniqueach as Complementary SPAMM,
can yield a higher tag CNR throughout the cardiac cycle. HigheCNR images will result in
fewer phase inconsistencies, and less user interaction will beuiegd to correct them.

The use of residues to automatically detect phase inconsisterxim wrapped phase
images and the use of branch cuts to correct them can also be usedimwrapping the phase
in DENSE imaging.

Spottiswoode et al. [82] used a spatio-temporal method of phasawrapping to maintain
inter-frame phase consistency in DENSE images, where a group ofgté are selected in the
rst time frame and these pixels are sequentially unwrapped inaeh successive time frame.
This technique works well in DENSE images because there areyalfew phase wraps across
the myocardium. The mSUP method, however, is based on HARP imagesghich make it
easier to place branch cuts. HARP images have 6-10 phase wraps ssrthe myocardium.
Temporal phase unwrapping in HARP images is sensitive to large @ater than one-half tag
spacing) interframe displacements. Therefore, we used a methibalsed on the phase of the
entire myocardium over time to maintain phase consistency. Taiallows for local tissue to
have displacements greater than one-half tag-spacing betwettme frames as long as the
average deformation of tissue between time frames is less tharedhalf tag-spacing.

The mSUP technique reconstructs full 3-D strain maps from taggeMR images through
the cardiac cycle and takes into account the through-plane otion of the heart. Slice-
following DENSE [83], zHARP [86] and HARP-SENC [85] can account fahrough-plane
motion, but these techniques require two breath-holds per s&. In contrast, tagged images
can be acquired with multiple slices per breath-hold, whichllaws the entire LV to be imaged

in signi cantly less time.
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In conclusion, the strain from unwrapped phase (mSUP) method cacompute 3-D
strains in the LV through the cardiac cycle in a reasonable amatof time and user inter-

action compared to other 3D analysis methods.
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Chapter 7
Comparison Of 2D And 3D Torsion Measured From Tagged MRI

7.1 Introduction

Cardiac left ventricular (LV) torsion is the di erence between rotation of the apex and
base (see Chapter 1). LV torsion can provide important inform&n about both systolic
and diastolic myocardial function [120]. In MRI data, torsionis typically measured by
tracking an annular mesh in an apical and a basal slice with twokdensional (2D) HARP
analysis [51,52]. 2D-techniques may not take into account éhthrough-plane myocardial
motion that may signi cantly a ect the torsion measurements. In Chapter 6, a method for
computing 3D torsion was presented [90]. The purpose of this raseh is to quantitatively

compare 2D and 3D LV rotation and torsion measurements computdrom tagged MRI.

7.2 Methods

A group of 40 subjects were imaged consisting of 10 normal volaets (NRM), 10
diabetics with myocardial infarction (DMI), 9 patients with mitral regurgitation (MRR),
and 10 patients with hypertension (HTN). All participants undemwent MRI on a 1.5T MRI
scanner (GE, Milwaukee, WI) optimized for cardiac applicatn. Both cine and tagged
images were acquired in standard views (2 and 4 chamber longsaand short axis) with
a fast gradient-echo cine sequence with the following pararees: FOV = 300 mm, image
matrix = 224x256, ip angle = 45, TE = 1.82ms, TR = 5.2ms, number d cardiac phases =
20, slice thickness = 10 mm. A 2D spatial modulation of magnetigan tagging preparation

was done with a tag spacing of 7 pixels.
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2D LV torsion was measured using the procedure described in [50ne slice each at
the basal and apical levels was used to compute torsion. The bas#ite chosen was the
slice closest to and below the mitral valve at the end-systolic (E$hase. The apical slice
chosen was the slice closest to the apex where the blood pool cduddidenti ed. A mesh
consisting of 3 concentric rings and 24 circumferential postvas de ned in each slice at end-
diastole (ED) from semi-automatically-drawn contours. Each msh was tracked through all
time frames using the improved harmonic phase (HARP) method for otion tracking [52].
Drawing contours and mesh tracking took approximately 5min @r study.

3D LV torsion was measured using the method described in chapte[d]. Myocardial
contours were semi-automatically drawn at ED and end-systoli(ES) time frames for all
slices and then propagated to all time frames [115]. 3D LV defoation in each time frame
was computed by tting the 1D displacement measurements derd from unwrapping the
HARP phase in each image to the a ne prolate spheroidal B-spline ntleod in [116]. Drawing
contours and other processing took approximately 30min per sty

Displacement of the mitral annulus toward the apex during syste was measured by
tracking a user-speci ed point on the mitral annulus through ach frame of a 4-chamber view

using non-rigid registration [115].

7.3 Results and Discussion

Figure 7.1 shows rotation and torsion versus time curves aveeyover the studies in
each of the four patient groups. Di erences between 2D and 3uwes can be attributed to
two factors. First, a few degrees of rotation occur between tggattern application and the
rst images. The 3D method corrects for this initial deformaton, but the 2D method does
not because it is based on tracking points identi ed in the rst mage. This factor shifts the
3D curves by a constant angle through time. The second factor tisrough-plane motion |
primarily motion of the base toward the apex during systole anddxrk again during diastole.

The 3D method corrects for this motion, but the 2D method traks points in a given slice
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Figure 7.1: Plots of average base and apex rotation, and torsi@btained from 2D (black)
and 3D (red) methods through 70% of the cardiac cycle. Erroros represent one standard
error. All angles are in degrees

Figure 7.2: Peak mitral annulus displacement.
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Table 7.1: Comparison of di erences between 3D and 2D rotatoand torsion (3D-2D).
p < 0:05 relative to 3D.

Peak (deg)  Sys Rate (deg/s) Early Dia Rate (deg/s)

Base Rotation

NRM 4.3 08 74 4.8 -47.1 18.8*
HTN 3.1 1.3 7.4 6.3 -23.1 11.5
DMI 3.1 1.1 6.1 6 -1.1 14.5
MRR 3.9 1.4 11.3 7.8 -34.6 7.4*
Apex Rotation
NRM 1.9 0.4* 6.6 2.4 -6.8 2.8
HTN 1.3 0.8 7.6 2.5 -14.4 3.8*
DMI -0.9 1 -3.1 4.4 2.7 3.4
MRR -2.1 09 -79 5.1 6.2 4.8
Torsion
NRM 1.8 1 -3.6 6.2 -36.3 18.2
HTN 1.2 1.8 -0.9 6.8 -8 15.2
DMI 4 0.9 9 6.3 -7.6 135
MRR 5.8 1.6 21 5.5* -43.5 6.1*

through time. In the 2D method, the tracked points in the basaklice start out near mid-
ventricle and become more basal through systole. Since the baggit¢ally rotates more than
the mid-ventricle, through-plane motion can distort the roation and torsion curves.

The e ect of through-plane motion can be seen by comparing thmeasurements of
mitral annulus displacement (MAD) in Figure 7.2 with the curves in Figure 7.1. The DMI
patients have the lowest amount of MAD, and the 3D rotation andarsion curves are shifted
versions of the 2D curves. Normals and MR patients have thr largeamount of MAD, and
2D curves are more distorted relative to 3D. Table 7.1 shows ttig erence between 2D and
3D peak torsion/rotation and peak torsion/rotation rates. The signi cant di erences are
primarily in the normal and MR patient groups because of the tatively high through-plane

motion.
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7.4 Conclusion

While 2D and 3D rotation and torsion measurements are similar isubjects with low
base-to-apex motion such as patients with MI, the 3D method mseares larger and probably
more accurate rotation and torsion in subjects with normal orlevated base-to-apex motion.
This may allow improved assessment of cardiac mechanics in pate with a variety of

myocardial diseases.
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Chapter 8
3D+t Bi-Ventricular Strain using Phase Unwrapped HARP

8.1 Introduction

Accurate measurement of cardiac ventricular mechanical futien is important for di-
agnosing and managing patients with heart disease and assessing ¢leacy of therapies
over time. The right ventricle (RV) plays a vital role in cardiac function and is adversely
a ected by many cardiac and pulmonary diseases. Compared to theft ventricle (LV), RV
functional analysis is relatively di cult due to its lack of geometric symmetry and relatively
thin wall.

Accurate assessment of right ventricular (RV) function is particlarly important in pa-
tients with pulmonary hypertension (PHTN) and congestive hearfailure. Also, in PHTN,
relatively higher systolic pressure in the RV can cause excursiofitbe inter-ventricular sep-
tum into the LV cavity (see Figure 8.1a). As a result, the LV caviy can also lose its geometric
symmetry, which is assumed in many 3D LV deformation models [R 25,69, 121].

In Chapter 6, the strain from unwrapped phase (mMSUP) method wasrg@sented for
computing three-dimensional plus time (3D+t) strain in the LV [90]. The mSUP method
is based on unwrapping 2D harmonic phase (HARP) images [49] froragged MRI and
a prolate-spheroidal deformation model [7]. The mSUP strain©ompared well with strains
from 3D feature-based methods [7] and (wrapped) 2D HARP [49], bithe prolate-spheroidal
deformation model does not t the RV geometry and is di cult t o extend to a biventricular
model. The discrete model free (DMF) model proposed by Dennewd McVeigh [114],
however, is geometry independent and can be easily adaptedHtiventricular morphology.
Also, the unwrapped HARP produces displacement measurements atckgixel, which is

useful when estimating the deformation of the thin-walled RV.
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Figure 8.1: (a) Basal short-axis slice of a PHTN patient near enslystole showing RV excur-
sion. (b) Same image with the radially-oriented long axis pseriptions shown.

In this chapter, myocardial displacements from unwrapped HARh both the RV and
LV were used with DMF deformation to reconstruct 3D+t biventricular strain in each im-
aged time frame through systole and early diastole. We refer this method as the biven-
tricular strain unwrapped phase (BiSUP) technique. The BiSUP tehnique produces 3D+t
biventricular displacements and strains with minimal manuaintervention and with high spa-
tial resolution. Results are presented in normal volunteers, pants with LV hypertension

(HTN), patients with PHTN, and diabetic patients with myocardial infarction (DMI).

8.2 Materials and Methods

8.2.1 Human Subjects

The BiSUP algorithm was validated on a cohort of 30 human subjec(10 normal volun-
teers, 7 patients with pulmonary hypertension, 8 patients wit hypertension, and 5 diabetics
with myocardial infarction). All human studies were approvedoy the Institutional Review
Board of both institutions (Auburn University and University of Alabama at Birmingham)

and informed consent was obtained from all participants.
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8.2.2 Materials

All participants underwent MRI on a 1.5T MRI scanner (GE Healthare, Milwaukee,
WI) optimized for cardiac application. Standard short-axiscardiac views were obtained,
yielding on average 12 short-axis slices. Six equally-spaceat]ially-oriented long-axis views
(see Figure 8.1b) were obtained, which resulted in 2-3 longisuslices through the RV free
wall, with a fast gradient-echo cine sequence with the follong parameters: FOV = 300 mm,
image matrix = 224x256, ip angle = 45, TE = 1.82ms, TR = 5.2ms, nunber of cardiac
phases = 20, slice thickness = 8 mm. A 2D fast gradient-recalled d@d modulation of

magnetization (FGR-SPAMM) tagging preparation was done wh a tag spacing of 7 pixels.

8.2.3 Segmentation

Myocardial contours modeled using active contours were semiomatically drawn at
end-diastole (ED) and end-systole (ES) time frames for all slisgsee Figure 8.2). In the
short-axis images, two closed contours (LV endo-contour and L¥pi-contour) were drawn
for the left ventricle, and two open contours (RV endo-contar and RV epi-contour) were
drawn for the right ventricle. In the long-axis images, all far were open contours. The RV
contours connected to the LV epi-contour at the insertion pots. These contours were then

propagated to all time frames [115].

8.2.4 Displacement Estimation

3D displacement was measured from the unwrapped HARP phase methdescribed
in [90] and in Chapter 6. Phase unwrapping involves adding ieger multiples of 2 to the
wrapped phase so that the unwrapped phase is continuous. A qugjuided path-following
method, also used by Spottiswoode et al. [82] to unwrap wrappedENSE images, is used

to unwrap the wrapped HARP phase images.
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Figure 8.2: A short-axis slice in a normal volunteer at end-sydt® showing user-input RV
and LV contours for the segmentation of the myocardium.

The unwrapped-phase method described uses residues [89] to ceiteconsistencies in
the wrapped HARP phase. Residues were computed by locally unwmpg a 2 2 neigh-
borhood of each pixel in the region of interest. Phase inconsistges were corrected using
the residue compensation method [89], where residues were reaabby connecting residues
with branch cuts. Branch cuts are lines in the image where an wmapping path is not
allowed to cross. Branch cuts are speci ed by the user with a grajgal user interface (GUI).
Branch-cut placement in the RV is an extension of the method uddor the LV in [90]. Since
the LV and RV contours are connected at the RV insertion pointsthe two ventricles are
unwrapped as a single entity.

Figure 8.3 shows the e ect of branch cuts and the resulting unapped phase maps in
a short-axis and a long-axis image. Once branch cuts were @dc¢ the phase unwrapping
technique described above resulted in a smooth unwrapped phasagmas shown in Figure 8.3
(8.3g and 8.3h). Note that after branch cuts are placed, the wrapped phase is independent
of the path taken during the unwrapping process.

Once the phases were unwrapped, 1-D displacements were meakinaem each pixel in

the myocardium similar to those measured from tag-line tracko data [14].
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Figure 8.3: Phase Unwrapping example in a short-axis slice (leblumn) and a long-axis slice
(right column) of a patient with pulmonary hypertension: (ab) Tagged short-axis images
acquired near end-systole; (c-d) HARP images obtained from (apd (b) with branch cuts
drawn(red lines). White contours delineate the myocardium; (e-f) HARP negative (black)
and positive (white) residues in the HARP images in (c-d); (g-h) mwrapped HARP image
with branch cuts.
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8.2.5 Strain Computation

The DMF technique [114] was used to reconstruct 3D biventricat strains at each
imaged time frame from 1D displacement measurements. The DMFctanique makes no
assumptions about the geometry of the object being analyzed, both LV and RV strains
can be reconstructed as a single object. In addition, becauseetBMF technique uses nite
di erence analysis, it does not require a speci ¢ coordinate syatn for the reconstruction [13].

The method proceeds as follows to reconstruct displacementdastrain from tag lines
and user-de ned myocardial contours. For each imaged time frae, the DMF rst constructs
a 3D segmentation of the LV wall on a regularly spaced discreteigof points from the user-
de ned endocardial and epicardial contours. The grid spacing equal to the pixel size in the
MR image. A displacement vector is estimated for each grid pdim the LV segmentation
that maps the grid point back to its end-diastolic position usig nite-di erence analysis. A
smoothness constraint minimizes the spatial variation of the splacement gradient across the
myocardium. The displacement gradient is then computed usiragy nite-di erence derivative
approximation averaged over a 3 3 3 point neighborhood. Finally, the Lagrangian strain
tensor is computed from the displacement gradient.

The strains were computed in the circumferential directionEcc), longitudinal direction
(Ell), and in the direction of maximum principal shortening stain (Emin) in the LV. In the
RV, strains were computed in the tangential direction along ta short axis of the LV (EttRV),
the longitudinal direction (EIIRV) and the direction of maximum principal shortening strain

(EminRV). In addition, 3D torsion in degrees was computed forhe LV.

8.2.6 Validation Experiments

The BiSUP technique was validated on the cohort of 30 human sudjts described
above. In each subject, 3D strain was computed in all imaged terframes using the BiSUP
technique. To validate 3D strain reconstruction, 3D strain wasomputed at end-systole (ES)

with the feature-based (FB) technique in [114], which also us#se DMF strain reconstruction
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technique. The tags were tracked using the FB technique ande&h manually corrected by
an expert.

To assess the accuracy of 1D displacement measurements obtaineanf unwrapped
phase images, 1D displacement measurements were computed fragn ltnes tracked in the
FB method and compared to 1D measurements computed from thewrapped phase images
at the tracked tag line points. The accuracy of 3D strains at endystole was assessed by
comparing BiSUP strains and FB strains with paired t-tests, measurg the coe cient of
variation and Bland-Altman plots.

To validate the evolution of strains over time, BiSUP strains wee compared to 2D strain
in each time frame computed using HARP analysis [49]. 2D LV torsionsing HARP was
measured using the procedure described in [51]. One slice eacthatbasal and apical levels
was used to compute torsion. The basal slice chosen was the slicsedt to and below the
mitral valve at the end-systolic (ES) phase. The apical slice cken was the slice closest
to the apex where the blood pool could be identied. A mesh corsing of 3 concentric
rings and 24 circumferential points was de ned in each slicé and-diastole (ED) from semi-
automatically-drawn contours. Each mesh was tracked throughll time frames using the
improved harmonic phase (HARP) method for motion tracking [52]The accuracy of strains
versus time was assessed by comparing peak strains and strain ra@®guted using BiSUP
and HARP with paired t-tests. In all statistical comparisons, a p-vale of 0.05 or less was

considered statistically signi cant.

8.3 Results

8.3.1 Computation time

All studies were processed using the BiSUP technique described admowhich was im-
plemented in MATLAB (The Mathworks Inc, Natick, MA). Unwrapping all images in a
study took less than a minute on a 2.6GHz Core2 Duo processor with B&Gf memory.

Approximately 60 minutes per study of user interaction were redred to resolve residues.
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Strain reconstruction took approximately 30 minutes per stug of automatic computation.

The total time required to analyze 20 time frames of a typicastudy was 90 minutes.

8.3.2 Comparison of Displacement Estimates with FB Techniq ue

Table 8.1 shows statistics of the di erences between 1D displawent measurements
computed from unwrapped phase images and tracked tag lines extd-systole. The BiSUP
and tag line methods showed excellent agreement on long-axigges and short-axis images
in the proximal and middle thirds of the LV (relative to the base). The mean di erences are
a few hundredths of pixel, which means there is no bias towatchder or over estimation of
displacement. The di erence standard deviation is around 1/2f a pixel, which is close to
the tag line tracking accuracy [114,118]. A small number of érences (< 1%) were in the
range of 2-5 pixels. Most of these were near the apex in both the lahd RV where partial
volume e ects diminished the contrast-to-noise ratio (CNR). Howver, these measurements
were small in number and isolated and had little e ect on the redting strain map due to
the smoothness constraints used in the reconstruction.

Table 8.1: Comparison of displacement measurements computeani BiSUP at tracked tag

lines at end-systole. Proximal, middle, and distal refer to th&V base. Di erence = BiSUP
- Tagline

Slices Mean Di. Std. Dev. Di >2 px
All slices 0.03 0.51 0.73%
Long-axis 0.03 0.44 0.75%
Short-axis Proximal 3rd 0.00 0.44 0.38%
Short-axis - Middle 3rd 0.06 0.55 0.79%
Short-axis Distal 3rd 0.10 0.69 1.46%
8.3.3 Comparison of End-Systolic Strains with Feature-Bas ed Technique

Figure 8.4 shows the maps of 3D maximal shortening strain (Eminf) a representative
normal human volunteer computed using BiSUP method and the FB ethod. The same

DMF reconstruction method was used to reconstruct strain in bothmethods. Note that
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strain is computed in the entire LV and RV, except the apex whiclis typically not included
in this type of analysis. The strains maps are similar. Table 8.2 stvs statistics of the
di erence between the BiSUP and FB methods. In all strains in Tale 8.2, the standard
deviation of the di erence is less than 4% of the average of tio methods. The correlation
between the methods is strongest in longitudinal strain. Six f@-axis images were acquired,
allowing more comparisons so the correlation in longitudinakrain (Ell) and torsion is higher,
but the other strains measured showed a high correlation as weComparisons between the
two sets of strains are displayed in Bland-Altman and correlatio plots shown in Figure 8.5
and Figure 8.6. The di erences between the computed straingeasmall with no signi cant
di erence found in the LV as shown in Table 8.2. The tangentiastrain in the RV was found
to be signi cantly di erent between the BiSUP and FB methods, bu this could be because
of the increased number of short-axis measurements with BiSUPhieh would have a larger
e ect on the relatively sparsely sampled RV.

Table 8.2: Comparison of 3D, end-systolic strains computed frostrain from unwrapped
phase (BiSUP) and feature-based (FB) methods. Di erences = Mearstandard Error. =
Correlation coe cient. CV = coe cient of variation. Ecc = LV  Circumferential shortening
strain. EIll = LV Longitudinal shortening strain. Emin = LV Maxim al shortening strain.

EttRV = RV Tangential shortening strain. EIIRV = RV Longitudin al shortening strain.
EminRV = RV Maximal shortening strain.

Strain Di erences p p Cv

Ecc 0.0095 0.0019 0.18 0.93<0.001 2.01%

Ell  -0.0046 0.0018 0.63 0.97<0.001 1.62%

Emin -0.0048 0.0022 0.56 0.93<0.001 1.59%
Torsion -1.8019 0.2461 0.10 0.97<0.001 3.01%
EttRV 0.0212 0.0026 0.03 0.93<0.001 3.11%
EIIRV ~ 0.0151 0.0025 0.15 0.95<0.001 2.31%
EminRv ~ 0.0154 0.0021 0.13 0.96<0.001 1.51%

8.3.4 Comparison with HARP Strains

Table 8.3 shows statistics of the di erence between the 3D strarcalculated from BiSUP

and the 2D strains from the HARP method [49]. Signi cant di ererces were found between
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Figure 8.4: Maps of maximum shortening strain (Emin) using feare-based (left) and BiSUP
(right) methods for a normal volunteer (NL), and patients with pulmonary hypertension
(PHTN), LV hypertension (HTN) and diabetics with myocardial infarction (DMI). Strains

are mapped from blue = -25% to yellow = +25%. The anterior LV wd is at the bottom of

each strain map.
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Figure 8.5: Bland-Altman (left) and correlation (right) plots for comparing BiSUP and FB
strain measurements in the LV. In the Bland-Altman plots, lines abve and below the zero-
di erence line represent 2 SD of the dierence. In the corretoon plots, the dashed line

represents perfect agreement.
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Figure 8.6: Bland-Altman (left) and correlation (right) plots for comparing BiSUP and FB
strain measurements in the RV. In the Bland-Altman plots, lines abve and below the zero-
di erence line represent 2 SD of the dierence. In the corretoon plots, the dashed line

represents perfect agreement.
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the two techniques in maximum shortening strains (Emin), pealsystolic torsion rate and
EminRV rate, but the coe cients of variation for these parameers were all less than 10%.
Peak strains showed the strongest correlations between the twechniques. Weakest correla-
tions and largest coe cients of variation were found in earlydiastolic rates due to tag fading
in late diastole. Tag fading causes phase inconsistencies, whick eorrected in BiSUP with
branch cuts. HARP does not provide a mechanism for correcting pb@ inconsistencies.
Figure 8.7 shows strain and torsion curves for both BiSUP and HARP avaged over
the studies for each of the four patient groups showing good agment between BiSUP and

HARP in the temporal evolution of strain.

Table 8.3: Comparison of strains and torsion using the strain froomwrapped phase (BiSUP)
and HARP methods. Dierences = Mean Standard Error. = Correlation coe cient. CV
= coe cient of variation. Ecc = LV Circumferential shortenin g strain. Emin = LV Maximal
shortening strain. EttRV = RV Tangential shortening strain. EminRV = RV Maximal
shortening strain.

Strain Di erences p p Ccv

Ecc
Peak Strain -0.0066 0.0009 0.39 0.61<0.001 5.35%
Systolic Rate -0.0659 0.0045 0.10 0.61<0.001 5.06%
Early-Diastolic Rate -0.0604 0.0127 0.52 0.53<0.001 13.27%
Emin
Peak Strain  -0.0224 0.0006 0.01 0.83<0.001 2.64%
Systolic Rate -0.2604 0.0057 0.00 0.66<0.001 5.99%
Early-Diastolic Rate  0.1328 0.0063 0.01 0.58<0.001 8.81%
Torsion
Peak Torsion -1.5122 0.1322 0.23 0.70<0.001 7.35%
Systolic Rate -16.1142 0.7465 0.01 0.58<0.001 8.49
Early-Diastolic Rate 13.0258 0.8720 0.07 0.55 0.0018 9.48%
EttRV
Peak Strain  0.0011 0.0010 0.90 0.61<0.001 6.86%
Systolic Rate  0.0934 0.0105 0.16 0.24 0.2031 10.81%
Early-Diastolic Rate -0.3137 0.0248 0.07 0.39 0.0315 20.08%
EminRV
Peak Strain  -0.0119 0.0008 0.21 0.80<0.001 3.13%
Systolic Rate -0.1659 0.0076 0.01 0.60<0.001 7.47%
Early-Diastolic Rate  0.0150 0.0094 0.83 0.48 0.0069 11.44%
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Figure 8.7: Plots of average mid-ventricular strain and torsin obtained from 2D HARP
(black) and 3D BiSUP (red) methods for normal volunteers (NL) ad, patients with pul-

monary hypertension (PHTN), LV hypertension (HTN) and diabetics vith myocardial in-

farction (DMI). X-axis represents in percentage systolic inteal. Error bars represent one
standard error.
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Figure 8.8 shows maximal shortening strain for a normal volungée and patients with
pulmonary hypertension, left ventricular hypertension and aliabetic with myocardial in-
farction at di erent phases of the cardiac cycle. It is clearhat the shortening in the RV is
depressed in patients with pulmonary hypertension relative tthe normal volunteers (also

see Figure 8.7). Also, note the excursion of the RV into the LV at # septum.

8.4 Discussion

The application of tagged MRI to the RV has various di culties; the thin wall of
the normal RV limits the number of tag lines, which may hinder acurate quanti cation
[122]. Several myocardial tagging studies have been perfeanon the RV to investigate and
characterize mechanical deformation. Klein et al. [123] useneasures of percent segmental
shortening of the RV free wall. Zahi et al. [122] designed a specbreath hold imaging
sequence with 1-D tag lines for RV tagging acquisition and thusere able to characterize the
RV regional deformation. Young et al. [124] used a nite-eleent model for 3D reconstruction
of the in-plane deformations of the RV free wall as a surface. bler et al. [29] also used
a nite-element model to obtain 3D strains in the RV. Using this malel, they were able
to quantify components of the in-plane strain tensor in the RVree wall. Tustison et al.
[74] computed biventricular strains using volumetric deformble models with a non-uniform
rational B-splines (NURBS) basis. All the 3D methods [29, 74, 124édture tag tracking to
obtain displacements.

In this chapter, an unwrapped phase technique to compute 3D Jgntricular strain in
about three-fourths of the cardiac cycle using tagged cardidMR images has been described
and validated. The BiSUP technique consists of an unwrapped pé&technigue to compute
the 1D displacements followed by a discrete model-free recanstion method to obtain 3D
strain measurements.

We demonstrated on human subjects of di erent pathologies thiahe circumferential,

longitudinal and maximal shortening strains measured using BB are similar to those
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Figure 8.8: Maps of maximum shortening strain (Emin) using the BBUP method for a
normal volunteer (NL), and patients with pulmonary hypertersion (PHTN), LV hypertension
(HTN) and diabetics with myocardial infarction (DMI) from early-diastole through mid-
diastole of a cardiac cycle. Strains are mapped from blue = Z6to yellow = +25%. The
anterior LV wall is at the bottom of each strain map.
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obtained from a feature-based method that uses tag tracking tobtain the displacement
measurements. The time required for the BiSUP measured strains the entire LV and

RV combined over 20 time frames is less than 1.5 hours per studythvless than an hour
of manual intervention. The same analysis using the feature-bad method would require
approximately 4 hours with signi cantly higher manual intervention. Compared to methods
based on tracking tag lines [29,122,124], displacement mea&suents from the BiSUP method
are dense, potentially resulting in more accurate estimates sffrain.

The strains from the BiSUP method were also compared to the stranfrom HARP.
BiSUP-HARP agreement was not as strong as BiSUP-FB agreement basa the BiSUP
computes 3D strain, while HARP computes 2D strain. Also, the tag le CNR decreases
through the cycle due toT; decay of the tag pattern, so early diastolic correlations are
lower than correlations for peak strain and systolic strain ratelt was seen that HARP in
general underestimated the maximal shortening strains as coamed to the BiSUP method.
This could be attributed to the improved accuracy of trackig using the BiSUP method as
a result of removal of inconsistencies in the HARP image using brdancuts. Also, HARP
analysis does not correct for motion through the stationary ksl and apical image planes,
whereas BiSUP reconstructs 3D deformation and strain in eachme frame, which corrects
for through-plane motion. With HARP, torsion is computed with HARP tracking, and large
deformations between time frames can cause errors. The unwpap phase technique used in
BiSUP is more robust than HARP to large interframe deformations90]. With unwrapped
phase, points can be tracked through an image sequence as loagle average inter-frame
deformation over the entire myocardium is less than one-hatig spacing.

The DMF method has advantages that are utilized for the recatruction of strain in
the RV and in the LV in patients with pulmonary hypertension. The DMF method does
not need a speci c coordinate system to do the LV reconstructionnal uses less smoothing

than other reconstruction methods [13]. Therefore, the lackf a consistent geometry does
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not a ect the performance of the DMF method as opposed to niteelement methods and
prolate-spheroidal methods.

In conclusion, the BiISUP method can compute accurate 3D bivantular strains through
the cardiac cycle in a reasonable amount of time and user inteteon compared to other 3D

analysis methods.
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Chapter 9

Computer-Assisted Strain from Unwrapped Phase

9.1 Introduction

The unwrapped-phase (mMSUP) [90] method previously described @hapter 6 uses
residues [89] to detect inconsistencies in the wrapped HARP phastesidues were computed
by locally unwrapping a 2 2 neighborhood of each pixel in the region of interest. Phase
inconsistencies were corrected by a technique called branats; which removed certain
pixels from the region of interest. Branch cuts are speci ed bthe user with a graphical user
interface (GUI). With unwrapped phase, points can be trackedhrough an image sequence
as long as the deformation between time frames is less than fhaltag spacing. Compared
to other feature-based methods, displacement measurementsnfiranwrapped HARP phase
images are denser than those obtained from tracking tag linestag intersections, potentially
resulting in more accurate estimates of strain. It can computestins in the entire LV and is
also more robust to interframe motion compared to methods basea tracking the wrapped
phase. This method still requires user interaction to place thieranch cuts.

In this chapter, a computer-assisted branch-cut placement in elt-axis HARP images
is presented to compute the strain from unwrapped phase (caSUPI)his method is based
on branch-cut placement using simulated annealing, which hdwseen proposed for general-
purpose phase unwrapping [125]. The method in [125], howevatinimizes the branch cut
length, which is a reasonable criterion in single-image unwsping. In cardiac imaging, we
wish to unwrap a sequence of images. We propose a new energy famcfior simulated
annealing-based phase unwrapping that is based on temporal tionity of the unwrapped

phase. An energy term is proposed that enables the applicatio the phase unwrapping
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method to a sequence of images. The caSUP method described heqgiires user interac-
tion other than segmentation of the myocardium, to correct floany detected errors in the
unwrapping. It saves about one-third of the time involved in ranual branch-cut placement.
To compute 3D LV strain, the caSUP method is used to unwrap shortxés images and the
manual branch-cut method [90] is used to unwrap long-axis irges.

This chapter is organized as follows. The caSUP method and stmaieconstruction is
presented in Section 2. Experimental validation results on 4@uman studies and conclusions

are presented in Sections 3 and 4.

9.2 Materials and Methods

9.2.1 Human Subjects

A cohort of 40 studies consisting of 10 normal volunteers, 10 digtics with myocardial
infarction, 10 patients with mitral regurgitation, and 10 patients with hypertension was used
to validate the caSUP method. All human studies were approved lilie Institutional Review
Board of both institutions (Auburn University and University of Alabama at Birmingham)

and informed consent was obtained from all participants.

9.2.2 Data Acquisition

All participants underwent MRI on a 1.5T MRI scanner (GE, Milwaukee, WI) optimized
for cardiac application. Tagged images were acquired in sidard views (2-chamber and 4-
chamber long-axis and short-axis) with a fast gradient-echor@ sequence with the following
parameters: FOV = 300 mm, image matrix = 224x256, ip angle = 45TE = 1.82ms, TR
= 5.2ms, number of cardiac phases = 20, slice thickness = 8 mm. A 2@st gradient-
recalled spatial modulation of magnetization (FGR-SPAMM) t@gging preparation was done
with a tag spacing of 7 pixels. This protocol resulted in 2 longxés slices and on average 12

short-axis slices per study.
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9.2.3 Phase Unwrapping

In the unwrapped-phase (MSUP) method previously described indR branch cuts are
speci ed by the user with a graphical user interface (GUI). In thé chapter we explore the
possibility of an automated branch-cut placement method. Iddly, given a set of positive
and negative residues, the surest way of nding the correct brahecut con guration is to
explore every possible combination (exhaustive search). Thenoguration that minimizes a
de ned energy function is chosen as the best t.

A new energy function is proposed for phase unwrapping that mmizes the di erence

in unwrapped phase between successive time frames. The energ\cfiom E; is de ned as,

E = K ¢ t 1K; (9.1)

where  is the unwrapped phase at time framd. In the phase unwrapping literature,
algorithms seek to minimize the aggregate branch-cut lengtlvhich is a reasonable criterion
in single-image unwrapping. In cardiac imaging, we wish to umap a sequence of images.
The proposed energy function allows us to maintain temporabatinuity of the unwrapped
phase, enabling its application to unwrap a sequence of imagebhe unwrapped phase

is obtained by unwrapping the HARP phase (wrapped) using ood- Il quality-guided phase
unwrapping [89, 90] after the application of the present bras-cut con guration.

The exhaustive search method is adequate when the number of dess is low, but as the
number of resiudes increases, exploration of all combinatioissimpractical as the number of
possible con gurations becomes prohibitively large (see Figru9.1). In such cases, it is more
economical to use a method such as the simulated-annealing-twhdeanch-cut (SABrCut)

placement method described below.
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Figure 9.1: A logarithmic (log,) plot showing the number of possible branch cut con gura-
tions given the number of residues in the image.

9.2.4 Simulated Annealing

This method is based on branch-cut placement using simulated ragaling, which has
been proposed for general-purpose phase unwrapping [125]. Tirethod in [125], however,
minimizes the branch-cut length, while we minimize energyedned in Equation (9.1).

Simulated annealing based branch cut placement [125] consisfs

1. An initial random con guration of branch cuts, which can be adressed as a proposed
solution to the branch-cut placement problem. In this reseah; the initial branch-cut
con guration is chosen by nearest-neighbor method, but any ammatic algorithm can be
used. In the nearest-neighbor method, each residue is connelcte the closest residue of

opposite polarity or the border, whichever is the nearest.

2. An energy functionE that describes the quality of a proposed solution. In this resegtr,

we minimize energy de ned in Equation (9.1).

3. A generation mechanism that applies small changes to produa new branch-cut con g-

uration. For each iteration k, a small change to the branch-cut con guration is applied.
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A negative and a positive residue are randomly selected. Exisgirbranch cuts involving
these residues are deleted, and new branch cuts are appliedoadig to the scheme de-
scribed in Figure 9.2. This scheme is similar to the one used in §l2vith the exception
of the endocardial/epicardial con guration, which is unigqie to our algorithm. If there
is more than one possible new branch-cut con guration, one is©\@sen at random. The

energyEX*! of the new con guration is then calculated. The energy di eence is

Ef= B¢ Ef (9.2)

. An acceptance criterion to decide whether the new proposedgmn is accepted. The

new con guration is always accepted if E < 0. Accepting a new con guration only if
E < 0, though, may mean that the algorithm is trapped in a local rmimum. Therefore,

increasing values ofE are also accepted at a Boltzmann probability. The acceptance

probability p, therefore is

8
E1 o if E O

P= (9.3)
e BT . if E>0

. A control parameter T to control the acceptance probability of proposed solutionsna
a cooling schedule foflf. The Boltzmann probability is controlled by the temperature
T. For high values of T, even high increases in energy could be accepted, while fow lo
values of T the acceptance probability of these moves is close to zero. Wiha number
of transitions are applied to the system at a constant temperater;, the system reaches a
thermal equilibrium. The series of con gurations resultingfom these transitions is called
a homogeneous Markov chain. The SABrCut algorithm consists ofvezal Markov chains
that start at high values of T. Reducing the temperatureT slowly reduces the internal

energy of the system until it reaches a minimum, which is iden&d as the solution of our
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optimization problem. The values ofT are determined by a cooling schedule

Tk

Tk = T+ [T N+ )=3 k)];

(9.4)

with Equation (9.4) controlling the cooling speed and the standard deviation of the
energy during the nal Markov chain. The cooling speeds are gé low to allow the
algorithm to reach the global minimum. The valuesTiniia = 10000 and = 0:25 were

chosen empirically.

6. A stopping criterion to decide whether the algorithm has fand a nal solution. When
there is no change in the accepted energy for a number of conga@ con guration

changes, the algorithm is terminated and the nal con guraton is accepted as the solution.

9.25 caSUP

Figure 9.3 shows the time taken using the exhaustive search and glated annealing
methods to nd a suitable solution for a given number of residues the image. In this
research, we utilized the fact that the exhaustive search to datmine the best branch-cut
con guration was faster than the SABrCut when the number of resiues is small, but the
SABrCut method is faster for a greater number of residues. Therek, the exhaustive search
method was used when the number of residues is less than 6, and 8#&rCut method was
used otherwise.

As explained in [90], branch cuts are required because of preoraly ending tag lines,
tag-line merging or spurious phase wraps. The branch cuts can $een as either the contin-
uation or deletion of a tag line. Therefore, branch cuts arerdwn parallel to the tag lines
(i.e. along the tag line direction) when connecting to the nycardial borders.

A discontinuity map, similar to the one used in [82], was used to tkrt images with
incorrect unwrapping. A discontinuity map measures the gradint of the unwrapped phase,

and if the unwrapping is correct, the gradient magnitude oflte unwrapped phase does not
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Figure 9.2: Generation mechanism to apply small changes to thlexisting set of branch
cuts. Two sources of opposite sign are selected randomly. Dep&gdbn the initial situation,
branch cuts are deleted and new branch cuts are set. A bordermo®ction is a connection
to either the epicardial or the endocardial boundary, eachfavhich is chosen with equal
probability.
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Figure 9.3: The logarithm (ogyc) of the time taken in seconds using the exhaustive search
and simulated annealing methods to nd a suitable solution depeling on the number of
residues.

exceed . When discontinuity is detected in the unwrapping of a slice, ser interaction (as
in [90]) is used to manually place the branch cuts for the slic&.he entire procedure involved

is called computer-assisted strain from unwrapped phase (caSUP).

9.2.6 Motion and Strain Estimation

Each image is unwrapped independently, and the starting pdirfior phase unwrapping
may be dierent in each image. As a result, the unwrapped phases two adjacent time
frames may di er by an integer multiple of 2 . This di erence can be corrected by adding
an integer multiple of 2 to all unwrapped phases in the current time frame. The multipd
is chosen to minimize thelL; norm of all displacements between the current and previous
frames. Note that this correction assumes that thé ; norm of the actual unwrapped phase
di erence between consecutive frames is less than which corresponds to one-half of the
tag spacing. Also, interframe deformation of more than one-Halag spacing in a localized
region or regions will not a ect the unwrapped phase as long dbe average deformation is

less than one-half tag spacing.
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The caSUP method described above was used to unwrap all shortsaglices. Long-axis
slices were unwrapped using the manually placed branch-cut thed described in [90]. Once
the phases were unwrapped, 1-D displacements were measuredhfeach pixel in the my-
ocardium using the technique described in [90]. Each 1-D dispament measurement is the
displacement of the point back to its undeformed position al@na line perpendicular to the
tag plane (see [90] for details). Both the phase alignment andsgilacement measurement
steps required that the LV wall be segmented in each slice and t@of interest. This segmen-
tation was done using the automated dual-contour propagatromethod described in [126].
The 1-D displacement measurements and a material-point meshtamatically constructed
from the end-diastolic (ED) contours were used to compute 3-DM.deformation and strain
in each time frame. The deformation and strain are reconstruetl using the A ne Prolate

Spheroidal B-Spline (APSB) method described in [90].

9.3 Experiments

9.3.1 Computation Time

All studies were processed using the caSUP technique described &yavhich was im-
plemented in MATLAB (The Mathworks Inc, Natick, MA). Unwrapping all images in a
study took less than a minute on a 2.6GHz Core2 Duo processor with B®f memory.
Approximately 30 minutes per study of automated processing follved by 15 minutes of user
interaction were required to resolve residues. Strain reconsttion took approximately 5
minutes per study. The total time required to analyze 20 timerames of a typical study was

50 minutes. This saves 15-20 minutes of user interaction for thser.

9.3.2 Validation

The caSUP technique was validated on the cohort of 40 human selojs. In each subject,
3D strain was computed in all imaged time frames using the caSUR&mMSUP techniques.

Both the caSUP and mSUP methods use the APSB deformation model debed in [116].
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The mSUP method was earlier validated with and compared to HARP =sdins [50] and
3D strain from a feature-based method [45,116]. The accuracl 3D strains was assessed
by comparing caSUP strains and mSUP strains at end-systole with a ipad t-test. In all
statistical comparisons, a P value of 0.05 or less was consideredistaally signi cant.

A total of 349 short-axis slices were processed. In 338 of theseesljdhe caSUP algo-
rithm placed branch cuts correctly, and no user interaction as required. In eleven slices,
errors were detected automatically using the discontinuity @p and manually corrected.
The errors occur predominantly at the apical slices, caused bwpgtial volume e ects and low
contrast-to-noise ratio (CNR).

Table 9.1 shows statistics of the di erence in averaged mid-veitular strains between
the unwrapped phase methods caSUP and mSUP. In all strains in TabB.1, the caSUP
strains are highly correlated with mSUP strains, and the di erene standard deviation is
less than 3% of the average of the two methods. The mean di erenbetween caSUP
and mSUP methods is low across all measured quantities, showingmas toward under- or
overestimation of strain. The longitudinal strain and torsion sbw a slightly lower correlation
compared to the circumferential and maximal shortening stras, because there are 8-12
short-axis slices per study but only two long-axis images. Also, ¢htorsion measurements
show a lower correlation without corrections as most of the ars occur at the apex.

Figure 9.5 shows maps of 3D circumferential strain (Ecc) comfad from the caSUP
and the mSUP methods for a representative from all the patientrgups. Note that the same
material-point mesh and deformation model was used to reconstt strain in all methods.
The strain maps are mostly similar. Di erences, if any, are notedt the apex where the
increased through-plane motion and rotation a ects the abity of the computer-assisted

branch cut placement method to obtain the correct branch-ducon guration.
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Figure 9.4: Bland-Altman (left) and correlation (right) plots for comparing caSUP and
mSUP strain measurements. In the Bland-Altman plots, lines abovend below the zero-
di erence line represent 2 SD of the di erence. In the corretoon plots, the dashed line
represents perfect correlation.
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Figure 9.5: Maps of circumferential (Ecc) strain using compet-assisted strain from un-
wrapped phase (left) and manual strain from unwrapped phase foormal (NL), hyperten-
sive (HTN), mitral regurgitant (MRR) and myocardial infarct (D MI) hearts at end-systole.
Strains are mapped from blue = -25% to yellow = 25%. The mid-ségm is marked by the

green landmark.
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Figure 9.6: Maps of maximal shortening (Emin) strain using comyer-assisted strain from
unwrapped phase for normal (NL), hypertensive (HTN), mitral regugitant (MRR) and
myocardial infarct (DMI) hearts through the cycle. Strainsare mapped from blue = -25%
to yellow = 25%. The mid-septum is marked by the green landmark
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Table 9.1: Comparison of strains and torsion computed using caSWhd mSUP meth-
ods. Dierences are caSUP-mSUP. Di erences = Mean Standard Error. = Correlation
coe cient. For all correlation coe cients, p < 0:001. CV = coe cient of variation.
Strain Di erences p CcVv
After corrections
E.c -0.002 0.001 0.79 0.99 0.65%
E; 0.001 0.002 0.87 0.96 2.78%
Emn 0.001 0.001 0.94 0.99 0.66%
Torsion 0.321 0.227 0.72 0.94 2.33%
Without corrections
E.. -0.003 0.001 0.71 0.99 0.77%
Ey -0.001 0.001 0.97 0.97 1.72%
Emin -0.003 0.002 0.72 0.95 1.38%
Torsion 0.354 0.296 0.71 0.91 3.03%

9.3.3 caSUP in Normals and Patients

Figure 9.6 shows maps of 3D maximal shortening strain (Emin) cquted from the
caSUP method for a representative from all the patient groups. e gure demonstrates
the ability of the caSUP method to produce strains in various ghologies and with di erent

cardiac morphologies.

9.4 Discussion

A computer-assisted strain from unwrapped phase (caSUP) proceduwas presented
for measuring 3D deformation from tagged MRI. This method usedutomated branch cut
placement to resolve residues, before unwrapping HARP images. Mahintervention is used
to modify the branch-cut con guration when errors are discaered in the proposed branch
cuts. Displacement and 3D strain can then be calculated from thenwrapped phase images.
40 studies from di erent groups were used to validate the algithm. caSUP strains demon-
strated excellent agreement with the previously presented maal strain from unwrapped
phase (MSUP).

The time required for the caSUP-measured 3D strains in the enéirLV over 20 time

frames is approximately 45 minutes per study with about 10 mutes of user interaction
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required. The same analysis would require around 30-40 minatef user interaction using
the manual strain from unwrapped phase (MSUP). The feature-bagenethod [45,116] would
require approximately 3 hours of user interaction. Most of theiser interaction required is
usually later in the cycle (mid to late diastole) when the tag CNReduces rapidly. Advanced
tagged imaging techniques such as Complementary SPAMM, careld a higher tag CNR
throughout the cardiac cycle. Higher CNR images will result inewer phase inconsistencies,
and therefore, automated resolving of branch cuts is faster dmesser user interaction will be
required to correct them. Consequently, if strains are to be ogputed only through systole
as is so often the case, required user interaction would drasfigareduce.

The HARP method [50] is sensitive to large (greater than one-hathg spacing) in-
terframe displacements. Therefore, we used a method based on fitease of the entire
myocardium over time to maintain phase consistency. This allasvfor local tissue to have
displacements greater than one-half tag-spacing between gnframes as long as the average
deformation of tissue between time frames is less than one-h&df)-spacing. Moreover, it
allows the users to check for errors and correct them, unlike HAR

In conclusion, the computer assisted strain from unwrapped phaseaSUP) method can
compute parameters such as 3-D strain, strain rate and torsion the LV through the cardiac
cycle in a reasonable amount of time and with minimal user intaction compared to other

3D analysis methods.
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Chapter 10

Torsion Hysteresis

10.1 Introduction

Left ventricular (LV) diastolic dysfunction is characterizedby abnormal myocardial me-
chanical properties that include impaired diastolic distensility, impaired LV lling and slow
or delayed myocardial relaxation [127]. Up to 50% of patientwith heart failure have pre-
dominant diastolic dysfunction in the presence of preserved L\jeetion fraction (EF) [128].
Measurement of LV pressure-volume relations is perhaps theesfnce standard for diagnos-
ing diastolic dysfunction. This is based on the premise that the\M_diastolic pressure rises
excessively during ventricular lling due to impaired LV distensibility and/or compliance.
Quantifying the exponential fall of pressure during isovolunai relaxation phase by the time
constant of relaxation, , is considered a reliable, relatively load independent measuof
diastolic relaxation of the LV.

LV torsion/twist is an important mechanical property of the myocardium that promotes
more e cient cardiac function. It represents the myocardialrotation gradient from the base
to apex along a longitudinal axis [120]. Torsion is due to theiss-crossing helical orientation
of the myo brils from the subendocardium to the subepicardium Contraction of myocardial
bundles and their interaction with extracellular matrix during systole results in storage of
torsional potential energy. Torsional recoil during isovolume relaxation and early diastole
releases the potential energy stored in the deformed matrix dog systole [129,130]. Previous
work with cardiac magnetic resonance imaging (MRI) in an anial model [131] and recently
in humans [132] has shown that LV early untwist rate correlatedosely with the time constant

of LV relaxation.
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The term 'hysteresis' is used in mechanical engineering, to deiba history-dependent
stress-strain relationships in materials undergoing cyclic Idang. In these applications, the
area between stress-strain loops is related to energy loss due tigtibn [133]. Research
groups have used hysteresis in stress-strain loops to study viscoetasvsses in isolated
myocytes [134, 135], chick embryo heart [136{138] and othanimal models [139].

In the current investigation, we apply the hysteresis conceptot torsion-volume loops
obtained in normal subjects and in patients with hypertensiofHTN) and mitral regurgi-
tation (MR) patients with preserved LVEF and no evidence of caynary artery disease. We
hypothesized that the area enveloped by these curves (torsiorig/steresis) represents loss
of energy from work against viscoelastic properties of myocandh and hence will represent

global diastolic function.

10.2 Magnetic Resonance Imaging

Magnetic resonance imaging was performed on a 1.5T MRI scanii8igna GE, Milwau-
kee, Wisconsin) optimized for cardiac application. Electr@diographically gated breath-
hold steady-state free precision was used to obtain standard (2-, and 4-chamber short-axis)
views using the following parameters: slice thickness of the igiag planes 8 mm, eld of
view 44 44, scan matrix 256 128, ip angle 45, repetition/echo times 3.8/1.6 ms. The
temporal resolution of the cine MRI was< 50 ms. Tagged magnetic resonance images were
acquired on the same scanner with repetition/echo times 8/44 snand tag spacing 7 mm.
Typical temporal resolution of the tagged MRI scan was 80 ms. Ingad population included
37 normal volunteers (NL), 78 patients with hypertension (HTN) ad patients with mitral

valve disease (MR).

10.3 Geometric analysis

LV geometric parameters were measured from endocardial angi@rdial contours man-

ually traced on cine images acquired near end-diastole anddesystole. These contours were
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Figure 10.1: Volume time curve for the 3 groups. Data points arexpressed as mean
standard error. Normal is represented in black, hypertension ispresented in red and mitral
regurgitation is represented in blue. Early lling rate is sigi cantly lower in Hypertension
group compared to the other two groups.

propagated throughout the cardiac cycle using in-house softrea[115, 126] to create LV

time-volume curves 10.1.

10.4 Torsional Deformation Analysis

Two-dimensional (2D) strain rates were measured using harmorpbase (HARP) anal-
ysis [49{51]. 2D torsion and torsion rates were measured by track a circular mesh of
points in a basal and apical slice. The mesh was identi ed in therst time based on user-
de ned contours and tracked through the remaining imaged mses using improved HARP
tracking [50,52]. Because the tag lines faded with time due {6, relaxation, torsion was

only computed through systole and the rst 70% of diastole (see Rige 10.2).

10.5 Torsional Hysteresis

The torsion hysteresis area was computed with the following predure for each subject.
First, each point on the torsion-versus-time curve was dividedylpeak torsion, and each point

on the LV volume-versus-time curve was divided by EDV to give nmalized values. The

128



Figure 10.2: Torsion time curve for the 3 groups. Data points arexpressed as mean
standard error. Normal is represented in black, hypertension isepresented in red and
mitral regurgitation is represented in blue. Peak systolic t@ion is highest in Hypertension

group.
areas under the systolic and diastolic sections of the torsionfume curve were computed
numerically using the trapezoidal rule. Both areas were corafed over the volume interval
between the ESV and the volume at 70% diastole as shown in Figut8.3. The normalized
torsion hysteresis area was computed by subtracting the diastolrea from the systolic area.

Similarly non-normalized torsion hysteresis was also computed

10.6 Results and Discussion

The LV torsional hysteresis as measured by the net area di erene@as highest in HTN
compared to MR or NL (p< 0.001) (Figures 10.4 and 10.5).

In this study we demonstrate for the rst time that under distinct physiological condi-
tions, one of eccentric remodeling (MR) and the other of conaic remodeling (HTN), the
area within the torsion-volume loop (torsional hysteresis) is oreased in HTN compared to

NL or MR. We believe that the underlying mechanism for torsionahysteresis is likely due
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Figure 10.3: Schematic diagram for calculating torsional Isyeresis. Torsional hysteresis
represents the di erence in area within the systolic and diastm arms of the normalized
torsion volume (TV) curves.

to loss of stored torsional energy through ine cient myocardiarelaxation. Diastolic un-
twist/torsion is characterized by early rapid recoil with little change in LV volume, followed
by more gradual untwisting when the bulk of diastolic lling ocurs.

Hysteresis in the stress-strain relationship for a material is due foictional losses during
material motion; these stress-strain relationships may be linegstretching); shear (sliding),
or torsional (twisting), re ecting degrees of freedom in the rotion of the body. Measurement
of the torsional stress (i.e., the torque) is di cult in the heart in vivo. Therefore, we have
used the LV volume as a surrogate for torque, since a twisting f@@cting on a shape with
a larger radius will result in increased torque, compared to a ape with a smaller radius.
In the case of the LV, apart from the intrinsic passive myocardial shess, the torsion-
volume loop may also be in uenced by the rate of LV lling and tre active ATP dependent
relaxation process occurring in the myo brils. In HTN due to a stier ventricle, a greater
amount of work is expended for both active and passive relaxati and therefore greater
torsional hysteresis.

In our study we included MR as another group with a distinctly dierent remodeling

compared to HTN. This group demonstrated eccentric remodelingith a dilated LV cavity
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Figure 10.4: a) Normalized b) non-normalized torsion volumeucves for the 3 groups. Data
points are expressed as mean standard error. Normal is represented in black, hypertension
is represented in red and mitral regurgitation is representeah blue. Torsional hysteresis as
measured by the area within the systolic and diastolic arm is grés in Hypertension group
compared to the other two groups.
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Figure 10.5: a) Normalized and b) non-normalized torsional Byeresis measured as described
in Figure 10.3. Torsional hysteresis is signi cantly higher in Hgertension group compared
to Mitral Regurgitation or Normal control groups.
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but LVEF > 60%. We found no di erence in the torsional hysteresis in this gup compared
to NL. Previous investigators have demonstrated that there is #ss or at the most no net
gain of collagen in MR [140]. The present study and previous stied have also demonstrated
relatively preserved diastolic function as measured by conw@nal parameters in MR and
preserved LVEF [141].

In conclusion, torsional hysteresis may be an important globakpameter to assess both
systolic and diastolic function. To our knowledge, this is the rst study to propose the
concept of torsional hysteresis as a measure of diastolic dysfuant and its application may

provide greater insight into multiple forms of cardiac hypdrophy and heart failure.
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Chapter 11

Conclusion and Future Work

In this dissertation, a method to compute displacement measuremts from tagged MR
images is presented that depends on unwrapping the harmonibgse images. A branch-cut
placement method was used to remove inconsistencies and unwthp images. Temporal
consistency is imposed while unwrapping the images. Initiallg, GUI-based approach, called
manual Strain from Unwrapped Phase (mSUP) was designed where theer placed branch-
cuts. This was later replaced by a semi-automated method to ma branch cuts in short-
axis images, called computer-assisted Strain from Unwrapped Rea(caSUP). Using caSUP
reduced the amount of manual intervention considerably.

The viability of applying the same methods in the right ventrcle was also explored.
Computing strains in the RV has proven especially di cult, but the application of unwrapped
phase HARP to the RV (BiSUP) yielded accurate and quality 3D strairmaps. BiSUP also
demonstrated the ability to compute strains over time in heas of di erent pathologies and
morphologies.

An area of future work could be Itering techniques to obtain letter phase images
(with fewer residues). This would reduce the inconsistencies tine image, and consequently
make the caSUP method faster while also requiring lesser manudkeirvention. Conversely,
techniques such as CSPAMM could be used to obtain higher-qualitagged images, that
would lead to fewer inconsistencies in the image and also redueg fading later in the
cycle. Exploration of faster and more accurate algorithms tplace branch cuts is another
prospective area of research. It would especially be useful ifigtcould be extended to 3D

(in either time or spatial domain) in an e cient manner.
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Finally, extensive data has been collected for this researchl10 patients and volunteers
with 3D+t and 2D+t strains have been used. This could be useful istudying relationships
between 3D and 2D strains and strain rates and speci cally studyg the advantages of 3D

strain.
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