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Abstract

Image registration has been proposed as an automatic method for recov-
ering cardiac displacement fields from Tagged Magnetic Resonance Imaging
(tMRI) sequences. Initially performed as a set of pairwise registrations, these
techniques have evolved to the use of 3D+t deformation models, requiring
metrics of joint image alignment (JA). However, only linear combinations
of cost functions defined with respect to the first frame have been used. In
this paper, we have applied k-Nearest Neighbors Graphs (kNNG) estimators
of the a-entropy (H,) to measure the joint similarity between frames, and
to combine the information provided by different cardiac views in an uni-
fied metric. Experiments performed on six subjects showed a significantly
higher accuracy (p < 0.05) with respect to a standard pairwise alignment
(PA) approach in terms of mean positional error and variance with respect
to manually placed landmarks. The developed method was used to study
strains in patients with myocardial infarction, showing a consistency between
strain, infarction location, and coronary occlusion. This paper also presents
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Figure 1: Example of the tMRI images of the heart. From left to right: basal, medial,
apical, and longitudinal planes of the left ventricle (LV). The top row corresponds to
End-of-Diastole (ED) and the bottom row to End-of-Systole (ED).

an interesting clinical application of graph-based metric estimators, showing
their value for solving practical problems found in medical imaging.

1. Introduction

Tagged Magnetic Resonance Imaging (tMRI) is currently the reference
modality for obtaining regional information on myocardial deformation. Since
its introduction by Zerhouni et al. (1988) for cardiac function assessment, this
technique has rapidly evolved due to advances in image acquisition, image
processing, and clinical applications. Figure 1 shows an example of images
of the heart obtained with tMRI. The continuous efforts of researchers to
obtain a completely automatic and reliable method for recovering cardiac
motion and deformation, have generated interest in this modality. Pai and
Axel (2006) have presented a review of technical and clinical advances in this
arena.

The estimation of cardiac displacement fields from tMRI sequences can be
formulated as an image registration problem (Chandrashekara et al., 2004a;
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Ledesma-Carbayo et al., 2005; Petitjean et al., 2003; Radeva et al., 1997,
Shen et al., 2005), since it requires finding a point correspondence between
component frames of the sequence. The application of registration techniques
based on information theory (IT) (Chandrashekara et al., 2004a; Petitjean
et al., 2003) is an interesting approach to cope with the non linear changes
in tag intensity along the cardiac cycle. However, the evolution of trans-
formation models towards the use of 3D + t models (Chandrashekara et al.,
2004b; Ledesma-Carbayo et al., 2005) needs the definition of a metric of joint
alignment to optimize simultaneously the transformation parameters. This
problem can be circumvented by using a linear combination of the pairwise
metrics between each phase and the reference (Chandrashekara et al., 2004b;
Ledesma-Carbayo et al., 2005), but this approach still measures the image
similarity with respect to the first phase and fails to exploit the temporal
correlation between phases.

In this paper, we have explored an extension of ['T-based registration tech-
niques that finds the optimal transformation parameters of a 3D+t model by
maximization of a metric of joint frame alignment. The main challenge in
computing such metrics is the estimation of the probability density function
(PDF) from a set of samples in a high-dimensional space (in our case, the
sequence length). Neemuchwala et al. (2007) have recently presented estima-
tors of a-Mutual Information M1, based on kNNG when high dimensional
features are employed, and the use of histograms is not possible due to the
curse of dimensionality (Bellman, 2003). Ma et al. (2007) have applied these
estimators for computing deformations in a synthetic sequence of tumor im-
ages, and introduced joint similarity extensions of M1,. More recently, Leo-
nenko et al. (2008) have presented a class of estimators of H, based on the
k" nearest-neighbor distances computed from a sample of N i.i.d. vectors
with distribution f. In this article, we have extended KNNG estimators of
H,, to quantify the joint alignment of multiview sequences, and applied it to
tMRI sequences to recover cardiac displacement fields. For quantitative eval-
uation of our method, a comparison was run against the method proposed by
Chandrashekara et al. (2004a) for 6 healthy subjects. Results show a signifi-
cant decrease in positional error with respect to manually placed landmarks.
The estimated strains were compared with those obtained by cine harmonic
phase (HARP) magnetic resonance imaging as the ground truth. For as-
sessing consistency with other modalities, we have studied two patients with
myocardial infarction and compared the strain maps with the information
provided by delayed-enhancement MRI of Gadolinium (deMRI) and cardiac
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2. Method

2.1. Dataset

The database used for the experiments consisted of 6 healthy subjects
(3 females and 3 males between 24 and 33 years old) and 2 patients (males,
54 and 70 years old) with transmural infarction of the myocardium. For
all subjects, cine MRI (cMRI), tMRI, and deMRI images were acquired in
breath-hold by using a General Electric Signa CV /i, 1.5 T scanner (General
Electric, Milwaukee, USA). Healthy subjects were also imaged with deMRI
to have a proof of their clinical status. The values of acquisition parameters
were: slice thickness = 8mm, in-plane resolution = 0.78mm x 0.78mm, gap
between slices = Omm, TR=7.99ms, TE=4.43ms, flip angle = 20 degrees,
and FOV=40cmx40cm. c¢MRI and tMRI sequences were acquired at 30
phases per cardiac cycle. tMRI images with a grid pattern of bmm (tag
spacing) were acquired by applying a Spatial Modulation of Magnetization
(SPAMM) sequence. An expert clinician assessed the presence of infarction
from deMRI images, and classified the 17 standard segments (Cerqueira et al.,
2002) according to the transmurality of necrosis in the myocardial wall into
four categories: 1) 0% (healthy segment) ii) <50%, iii) 50-75% and iv) >
75%. For patients with myocardial infarction, cardiac catheterization was
also performed to assess coronary occlusion.

2.2. Deformation model

Figure 2 presents a diagram of the method of joint alignment. This figure
shows that the deformation of the heart is modeled by a set of transformations
defined relative to its undeformed state (ED), which simplifies the compu-
tation of metric derivatives and Lagrangian strains. The use of Lagrangian
strains is more common than natural strains' in most of current imaging
techniques (US, MR, SPECT, angiography) (Sutherland et al., 2006).

Typically, a tMRI study consists of two acquisitions performed in short
axis (SA) and long axis (LA), which provide complementary information
about the cardiac deformation. This results in two image sequences Ig4(x,t)

!The natural strain e is defined as the integral over time of the instantaneous strain,

. t2 41,
l1.e. EN = 1 L
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Figure 2: Cardiac motion estimation method. Transformations Ty; mapping points in ED
(top) to phase i (bottom) are optimized simultaneously to minimize the H,, of all phases.
The inputs to the optimizer are the set of transformations 7" and the metric of similarity.
This metric takes in turn all images of the sequence as input.

and I 4(x,t) of P phases, which provide the voxel intensity at spatial po-
sition x and time ¢t. Cardiac deformation was modeled as a set of P — 1
B-Splines 7 (x) = {7;(x)},_,.p_, transformations defined on /g4(x,0). The
corresponding deformations in LA can be obtained from 7 (x) by composi-
tion of 7 (x) with the rigid transformations defining the relationship between
both coordinate systems, as described in Section 2.6.

2.3. Joint vs pairwise alignment

We explain the advantage of joint registration over pairwise registration
by adopting a generative model representation of the image registration prob-
lem. A generative model for the image registration problem is obtained by
expressing the log posterior probability of the deformation (B-spline param-
eters B) given the image sequence (Learned-Miller, 2006):

Inp(B|Z) = — H(Z|B)N + lnp(B) (1)
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where N is the total number of pixels, Z is a random vector of dimension P,
called a pixel stack, whose realizations are the time series of grey levels at a
specified pixel location over successive image volumes in the time sequence.
Each realization z ranges over the set {0,29}F where @Q is the number of bits
quantifying image intensities. In Equation 1, p(B) is a prior on the deforma-
tion, which can be discarded by assuming a uniform probability distribution
of the transformation parameters.

The conditional entropy on the right hand side of Equation 1 can be em-
pirically estimated from Shannon entropy using (Cover and Thomas, 1991):

H(Z/B) = 3 p(Z(x) = 2/B) n p(Z(x) = 2/B)

(2)
s —N‘lzNilnNi +InN

where N; = ) jZ(x;)=z; 15 the number of pixel locations where the associated
vector Z(x;) equals grey level z; and satisfies ), V; = N.

The problem, of course, is that there are too few samples to reliably
estimate the log posterior (1) due to the curse of dimensionality. Further-
more, even if one wanted to compute the log posterior, the required memory
explodes as P increases (memory scales as 27°9). This is the justification
of alternative direct methods of estimating the entropy. The MST/ENNG
alpha-entropy estimators converge in probability to H(Z|B) for large N and
P. This is because for large N the alpha-entropy estimator converges to the
alpha-entropy, by the law of large numbers, and for large P, « = (P—1)/P =~
1, and the alpha-entropy is approximately equal to the Shannon entropy.

Therefore, in light of the representation (1) of the log posterior density,
the PA approach corresponds to making an approximation to the entropy
function defining the log posterior H(Z|B) ~ Zf;ol H(1l;,1;11|B) where I;
denotes the j-th image volume in the sequence. Such approximation to the
full joint entropy is expected to be poor when a frame of the image sequence
is correlated to more than just its neighboring frames, or more generally
when pairwise independence of the sequence does not imply joint indepen-
dence. When the decomposition of the joint distribution into pairwise suc-
cessive products gives a poor approximation to the true log posterior (1),
the PA method will perform poorly. For example, using standard arguments
of mathematical statistics, it can be shown that in the limit as N becomes
large, minimization of the pairwise entropy will give a biased estimator of
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the deformation parameters B, equal to the least false estimate of B (Ripley,
1996).

2.4. kNNG entropy estimator

Given a random vector Z = [Z; - - Zp|T in RY| the Rényi entropy H, of
order v of Z is defined as (Rényi, 1961):

1
a—1

H,(Z) = log/fo‘(Zl, ey Zp)dZy...dZp (3)
where f(Zy,..., Zp) is the PDF of Z.

If Z = {z,...,zn} are the observed data (realizations of Z), a kNNG
can be formed by all points z;—1., and the edges e;; = z; — z;; with their k
nearest points NV (z;) = {Z1, ..., 2} An interesting property of this type of
graph is the existence of a relationship between its length and the H, of its
component points:

N—oo N«

lim log (M) o Ho(Z) + cenne (4)

where L, ;(Z) is the length of the graph defined as:
Ly(2)=)_ Y llz—2| (5)
z€Z 2eN(z)

and v = Px (1 —«). In Equation 4, cinvve = (1 —a) tlog B4k, where B4k
is a known constant that depends only on d, v, and k (Yukich, 1998).
Equation 4 suggests the following estimator of H,(Z):

. 1 1 .
Ho(Z) = —— | log 2 S llz—2|" — logBaqi (6)

(6%
2€Z 5N (z)

The demonstration of the convergence properties of kNNG estimators of
entropy is out of the scope of this paper, but the reader is referred to Leonenko
et al. (2008), Redmond and Yukich (1996), and Hero et al. (2003) for further
reading.

There is a difference between the entropy estimation approach taken
by Learned-Miller (2006) and the approach adopted in this paper. Learned-
Miller assumes that intensities are independently and identically distributed

7



149

150

151

152

153

154

156

157

158

159

160

161

162

163

164

165

166

167

171

172

173

174

175

176

177

178

179

180

181

182

184

(i.i.d.) both over all pixel locations and over all images inside each pixel
stack. Using these two assumptions, the problem is reduced to the compu-
tation of the entropy of a scalar random variable. While the assumption
of independent images inside the pixel stack Z is reasonable in the case of
independent subjects, it can not be maintained in our case since we focus
on temporal sequences where consecutive images are expected to be highly
dependent. As a consequence, entropy must be estimated in a space of high
dimensionality without any constraint about component independence in Z.
The estimator in Equation 6 only assumes i.i.d realizations of Z, and there-
fore is suitable for our application.

A drawback of the estimator given by Equation 6 is the high computa-
tional cost of the graph construction, which hampers the parameter opti-
mization. In the Appendix 6, we present an analytical expression for the
gradient of Equation 6 reducing significantly the calculation time.

2.5. Self matches

Equation 6 is numerically unstable when any of the distances ||z — z| is
equal to zero, i.e. in case of self matches. If Z was continuous, their realiza-
tions would cover the whole range of possible values, without any repetition.
However, digital images are quantized and represented by a finite number of
bits, and there exists the possibility of finding multiple occurrences of a spe-
cific value z* in Z. To circumvent this problem, Neemuchwala et al. (2007)
added uniform noise to each realization, thus dispersing features inside a
radius-limited neighborhood. Even when this approach effectively solves the
problem, it might generate arbitrarily large values in the estimated PDF, and
introduces a stochastic component in the cost function that could interfere
with the optimization process.

In this paper, we have solved the problem of multiple occurrences by
searching for nearest neighbors at a distance strictly positive, and divid-
ing the distance ||z — z|| by the number of occurrences 0z(z) of z in Z.
This corrects the approximation of the probabilities by using the volume
of the Voronoi cell proposed by Neemuchwala and Hero (2005) in case of
self matches. Even when this requires a second nearest neighbor search, the
additional computational cost is negligible (Mount, 2006).

2.6. Combination of views

A tMRI study typically contains SA and LA views of the heart that
provide complimentary information about the cardiac deformation. An al-
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ternative to include both views in the registration process is a linear combi-
nation of the similarity metrics measured independently for each view (Chan-
drashekara et al., 2004a). However, the application of this strategy would be
in conflict with the underlying ideas of this paper, which studies a manner
of quantifying the alignment of a sequence as a whole. To obtain an unique
metric valid for multiple views and multiple frames, each view can be consid-
ered a source of realizations of the same random vector Z. This means that
pixel stacks z** and z'® taken from SA and LA are considered as realizations
of the same variable Z, and can thus be mixed into a single set of samples
Z. Under this hypothesis, Equation 3 remains unchanged for registration of
multiple view sequences, integrating in this way information from different
time points and views into the same unified framework.

By convention, SA has been taken as the reference space for defining the
transformation. Thus, the coordinates of samples in LA must be mapped
to SA to be transformed. These transformed coordinates need then to be
mapped back to LA for computing the pixel stack z'*. Therefore, it is nec-
essary to know the transformations from SA to LA (7y) and from LA to
SA (T)s). These transformations are provided by the DICOM format in
the form of image origin 0% and orientation D3* = [i*® j** k*¢] (o!¢ and
D! = [ile jle k!]) with respect to the coordinate system of the scanner. Two
generic points xi* and x! in image coordinates can be expressed in world
coordinates as :

sa __ _.sa sa., sa
Xy = Ow + Dw X; (7)

la _ _la lala
Xy = Ow + Din (8)

When Equations 7 and 8 refer to the same physical point, we can equate
the right sides and obtain the following transformations between views:

Ty x* — xi* = (D) Dixs® + (D) (05 — ol2) (9)
T x" — x = (D) Dyxi + (D) (ol — o) (10)

2.7. Strain estimation

The mechanical impairment induced over time due to myocardial infarc-
tion is an important issue that can be assessed through tMRI (Axel et al.,
2005). The infarcted region of diseased myocardium permanently loses its
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ability to contract, and this is manifested in an altered motion during the
cardiac cycle. Therefore, there should be a correlation between the local-
ization of the infarction and corresponding local strains. To study this cor-
respondence, strain was computed from the recovered displacements fields
to discriminate between active healthy myocardium and passively moving
infarcted tissue.

The set of transformations 7 allows to compute the displacement field
u(x,t) as a function of position x at ED and time ¢. Since the assumption of
small deformations is too strong for cardiac deformations, the Green strain
tensor cannot be applied, and the Green-Lagrange strain tensor must be used
instead. The Green-Lagrange strain tensor is defined as (Belytschko et al.,
2001)

1
E=c(Vu+ Vu” + Vu’Vu) (11)

Diagonal elements F;; of E are normal strains, i.e. strains along each direction
in the rectangular coordinate system. Given the geometry of the heart, it is
preferable to use a local coordinate system composed by radial, circumferen-
tial, and longitudinal directions (Figure 3). To estimate the epicardial surface
necessary to obtain the radial direction, a manual segmentation of the SA im-
age at ED was performed followed by the application of a variant (Schroeder
et al., 1998) of the original marching cubes algorithm (Lorensen and Cline,
1987).

The normal strain along an arbitrary direction d can be obtained from
Equation 11 as (Petitjean et al., 2005):

E, = dTEd (12)

Radial (E,,), circumferential (E,.), and longitudinal (FEj) normal strains can
be obtained by replacing d with directions r, c, and 1, respectively.

The radial direction is defined outward and perpendicular to the epicar-
dial surface. The circumferential direction is in the short-axis plane (perpen-
dicular to the long axis), parallel to the epicardial surface, and counterclock
wise, as viewed from the base. The longitudinal direction is obtained as the
cross product of radial and circumferential directions, tangent to the epicar-
dial surface. In this way, directions were defined to create a right-handed
system.

10
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Figure 3: Local coordinate system used for strain analysis. Radial (r), circumferential
(c), and longitudinal (1) directions for the point p are shown in the longitudinal (a) and
transverse (b) views of the LV. (¢) Example of radial directions obtained from the epicardial
and endocardial surfaces of the LV.

2.8. Implementation issues

A registration-based method is composed by a transform, a metric, an
interpolator, and an optimizer. In the following we describe the parameters
used for each of these components in this paper. Unless the contrary is
specified, the implementation of the method was performed by using the
Insight Toolkit (Ibanez et al., 2008), and its component classes.

For the transformation (Section 2.2), the only parameters to specify are
the spacings between control points in z, y, and 2z directions. We have set
these spacings equal to the tag spacing (5-7mm for our dataset). A larger
spacing could be insufficient to describe the deformations provided for all
tags (for example, if the spacing was twice the tag spacing there would be
two control points to fit three tags). On the other hand, finer grids add
unnecessary degrees of freedom to the transform (there are not material
points to track between two adjacent tags) and make the optimization process
more difficult. This was confirmed experimentally.

Regarding the metric (Equation 6), the value of « was set to 0.9, which
implies a v value of 1.0 when considering 10 frames as the length of systole.
The number N of points z (i.e. #2) was set to 0.2 X Npaz, Niae being the
number of points in the region of interest. The construction of the kd-tree
and the nearest neighbor search was performed by using the approximate
nearest neighbors (ANN) library (Mount, 2006). The use of low k-values (for

11
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example k£ = 1) led to misregistration of the sequences used in this paper,
probably a consequence of a noisy estimation of the entropy. The use of
several neighbors makes the entropy estimator more robust to noise, since
the addition of the distances to the considered point in in Equation 6 tends to
cancel the noise in the measurements. A number k = 20 of nearest neighbors
yielded satisfying results.

For interpolation, we have used a linear interpolator. For optimization,
we have used a gradient descent method with learning rate n = 1mm and
a maximum number of iterations N; = 200. The range of variation of
the transformation parameters typically increases from end-systole to end-
diastole, which creates optimization problems when starting from an identity
transform. This type of problem may be solved by setting different scales
to the parameters according to a priori information about the specific prob-
lem (Ibanez et al., 2008), but this solution led to a sequence misregistration.
Therefore we reduced the range of variation of the parameters for all frames
by initializing the optimizer with the result of a pairwise registration of each
frame with respect to the first one (P = 2). This solution allowed us to ob-
tain good results after joint registration, and it does not assumes any priors
on the deformation.

3. Results

3.1. Entropy evolution

As the H, is minimized during the registration process, the distribution
of the pixel stack Z after registration should be more compact with respect to
the original data. To visualize this expected change in distribution, we have
performed a reduction of dimensionality by applying a Principal Components
Analysis (PCA) (Rao, 2002) and projected Z in the subspace spanned by the
first three principal directions q;—1.3. Figure 4 shows that the point distri-
bution before registration presents a larger variance than after registration,
equivalent to a state of higher entropy, as expected.

3.2. Error analysis

Figure 5 presents an example of the deformation fields obtained by joint
image registration, showing consistency with cardiac physiology. To compute
accuracy, tag intersections were marked in the systolic phases of 6 healthy
subjects by an expert clinician. Only systolic phases were marked since the

12
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Figure 4: Distributions of the pixel stack Z in the subspace spanned by the first three
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Ellipsoids have semi-axis lengths equal to the standard deviation along the corresponding
principal vectors q.
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Figure 5: Example of displacement field at ES (relative to ED) for a healthy volunteer at
(a) base, (b) mid, and (c) apex. The displacement field is plotted on the SA images at
ED.

Table 1: p-values obtained from the Mann-Whitney test performed on the MSE errors for
JA and PA methods. Results are provided for equally spaced time instants along systole.
Bold values mean rejection of the null hypothesis at 5% significance level.
time (relative to systole)  14%  28%  43%  57% T71% 86%  100%
p-value <0.01 0.01 <0.01 0.01 001 0.01 <o0.01

images were acquired by using SPAMM, and the strong fading effect of this
sequence makes difficult to identify tags beyond ES. The resulting transfor-
mations 7* were used to propagate the points in ED to the remaining phases,
and compare to manual measurements. Tag intersections were marked in SA
at base, mid, and apex, whereas only the central plane was used in LA. On
average, 24 tag intersections were tracked from ED through systole.

To study the differences with respect to pairwise methods, we have im-
plemented the method proposed by Chandrashekara et al. (2004a) by using
the Insight Toolkit (Ibanez et al., 2008), and compared the Mean Square Er-
rors (MSE) along systole (Figure 6). A lower MSE was obtained for almost
all cardiac phases, and a Mann-Whitney test (Altman, 1997) was performed
to assess the statistical significances of these differences. The normality of
the distribution was verified at level 0.05 by using a Lilliefors test (Lilliefors,
1967), and the independence of population ensured by applying each method
to a different set of three sequences. Table 1 shows rejection of the null
hypothesis at 5% significance level for almost all phases, meaning that the
differences in MSE are statistically significant.

Differences in error variance (Figure 7) were also studied to assess the

14
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Figure 6: MSE errors between manually placed landmarks at tag intersections, and prop-
agated landmarks for six healthy volunteers. JA = joint alignment; PA = pairwise align-
ment.
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Table 2: p-values obtained with a F-test performed on error variances for JA and PA
methods. Bold values mean rejection of the null hypothesis of equal variances (p=0.05).
t (relative to systole) 14% 28%  43% 57% 1%  86% 100%
p-value 0.29 004 <001 <001 <0.01 0.04 o0.01

error (mm)

Ea T
0.5¢
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Figure 7: Box plots of the MSE errors showing the difference in variance between joint
alignment (JA) and pairwise alignment (PA).

uniformity of the registration error across regions. It is desirable that regis-
tration accuracy be independent of the displacement magnitude, which varies
across the myocardium during the cardiac cycle. The error uniformity can
be measured by computing its variance. Table 2 shows the p-values obtained
from a F-test (Altman, 1997) performed on the variances for each phase. As
in the previous Mann-Whitney test for mean error values, each method was
applied on different sequences to ensure independence.

Finally, the JA method was compared to manual measurements by using
Bland-Altman plots (Altman, 1997). Figure 8 shows a negligible bias, and a
symmetric error distribution around it.

3.3. Computational complexity and speed

Registration based on graphs suffers from a high computational cost that
increases with the number of feature realizations. The reduction in complex-
ity by analytical computation of the gradient of the cost function is especially
advantageous when using transformations with high number of parameters.
For example, if B-Splines are employed, even a coarse grid over the LV of
8x8x8 control points contains 1,536 parameters, and the gradient estimation
requires 3,072 function evaluations, i.e. building 3,072 graphs. The use of
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Figure 9: Average registration time as a function of the number of samples used for
estimating H, (expressed as percent of the number of voxels of the ROI containing the
LV)

analytical expressions resulted in an average computation time of 45 min for
a PC with a 64 bits processor Intel Itanium at 1.5 GHz running Linux Suse
9.2. Figure 9 shows a linear increase in computation time with the number
of points used to estimate H, (the size of Z).

3.4. Strain in healthy subjects

Strain analysis along systole was performed by dividing the LV into the
standard 16 segments of the American Heart Association (AHA) (Cerqueira
et al., 2002) (the 17%", apical segment is optional). The average and standard
deviation of radial, circumferential, and longitudinal strain were computed
for the 6 healthy subjects. The strain analysis was constrained to systole
because of the same data acquisition issues mentioned in Section 3.2. Fig-
ure 10 shows the mean strain along systole for healthy subjects. Radial strain
presented the highest variability in agreement with previous reports (Moore
et al., 2000; Petitjean et al., 2004). The strain sign is consistent with the
heart physiology: during systole there is a radial thickening (positive strain),
and circumferential and longitudinal shortening (negative strain).

Our method was compared to cine harmonic phase (HARP) magnetic
resonance imaging method (Osman et al., 1999) as the ground truth (Fig-
ure 11). The datasets were analyzed at the Johns Hopkins University using
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Figure 10: Mean strain over systole for healthy subjects estimated with our method. Top
row: radial strain; middle row: circumferential strain; bottom row: longitudinal. Time is
expressed as percent of systole.

Diagnosoft?, a state-of-the-art software for cardiac image analysis.

3.5. Strain in myocardial infarction

To assess consistency of the results with expected deformations in patho-
logical cases, a strain analysis was performed on two patients with myocardial
infarction. Figure 12 shows the infarction location, regions at risk, and cir-
cumferential strains for these patients. This analysis consisted in a segment-
to-segment comparison of circumferential strain with respect to the normal
subjects. The choice of circumferential strain for comparison is due to the
small intersubject variability of healthy subjects as compared to radial and
longitudinal strain. This makes easier the detection of any deviation in strain
with respect to normal values. Figure 12 shows that for patient #1 the largest
deviations with respect to normality are found in segments BI, MI, and Al,
coinciding with the infarction location at the inferior area of the LV. Seg-
ments BA, MA, and BAS showed an increased strain on the opposite side

http://www.diagnosoft.com
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Figure 11: Mean strain over systole for healthy subjects estimated by using HARP. Top
row: radial strain; bottom row: circumferential strain. Time is expressed as percent of
systole. Longitudinal strains are not included because Diagnosoft processes short-axis
images only.

of the infarction, which could be explained as a compensatory mechanism of
healthy segments to maintain the systolic function close to normal level. In
patient #2, all infarcted segments presented a lower strain with respect to
the control group. Even when the lateral wall had no evidence of infarction
according to deMRI, the circumflex artery (the artery feeding this region)
presented a 75% of occlusion, which could explain the low strains obtained
for this region.

4. Discussion

The MSE with respect to manual measurements obtained by JA was
shown to be significantly lower than for the PA approach. The p-values ob-
tained from the Mann-Whitney test (Table 1) show significant differences
at 5% level between the errors obtained with PA and JA for most of the
analyzed time points. The simultaneous parameter optimization guided by
a joint metric suggested a uniform error distribution over time, but Figure 6
shows an increase in the MSE over time. To find an explanation to these
results, manual measurements were repeated for two sequences to measure
the intraobserver error over time. Figure 13, shows an increase in this er-
ror, meaning that intersections are more difficult to define for phases close
to ES. This could be a consequence of the out-of-plane motion (tag inter-
sections disappear from a slice), and the presence of artifacts produced by
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Figure 12: Relationship between infarction location, coronary occlusion at risk, and cir-
cumferential strains for the patients with MIA. (a) Transmurality of necrosis classified into
four categories: i) 0% (healthy segment) ii) <50%, iii) 50-75% and iv) > 75%. (b) Percent
of occlusion of the corresponding coronary artery. (c¢) Highest difference in circumferential
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off-resonance and velocity-induced phase discontinuities (Kim et al., 2003)
(Figure 14). Therefore, there are some points in the myocardium for which a
correspondence cannot be found for all time points, which hampers an accu-
rate recovery of deformation. The availability of real 3D acquisitions (Rutz
et al., 2008) could contribute to flatten out the error over time, since out-of-
plane motion would not affect the tag pattern in this case.

The initial pairwise registration of our method only provides a coarse
initialization aiming to set the parameters inside the region of capture of
the joint metric. After this initialization, the mean error is approximately
25% higher than the error provided by the method by Chandrashekara et al.
(2004a) (1.32+£0.12mm. and 1.06 £ 0.12mm. respectively). After joint regis-
tration the error is 10% lower with respect to the same method of reference
(0.95 4+ 0.05mm.).

In this paper, the strain analysis was constrained to systole only because
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Figure 13: Intraobserver MSE error of manually placed landmarks at tag intersections.

Figure 14: Tag distortion and its influence on the intraobserver error. A magnification of
tags shows an ambiguity in point correspondence between ED (left) and ES (right) images.
For the cross and circle at ED, there are two possible corresponding points at ES.
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the tag fading precludes an accurate strain estimation beyond ES. Tag fad-
ing is quite strong in images acquired using SPAMM, and other sequences
like CSPAMM have been developed to reduce this problem (Fischer et al.,
1993). A priori, there are no apparent problems preventing the application
of the presented method to the whole cardiac cycle. Similar data acquisition
issues explain the exclusion of the right ventricle (RV) of the analysis. The
minimum tag spacing provided by the scanner used in this paper was not
sufficient to calculate strains accurately in the RV, but it could be included
in the analysis in case of suitable image resolution is available.

There is an underestimation of the strain values reported in this paper.
The first frame of the sequence is usually discarded since the blood is still
magnetized in ED, and because of the presence of artifacts similar to those
produced by off-resonance and velocity-induced phase discontinuities (Kim
et al., 2003). As a consequence, the estimated strain values are lower than
the real ones, and this could partially explain the differences found with the
reported values in the literature. In our data, there are 10 frames during
systole (in average), and therefore the discarded frames represent a loss of
10% approximately.

The strain values reported in the literature are very variable, which makes
difficult a direct comparison to our results. This variability is a consequence
of differences in the datasets and the estimation methods. An issue frequently
disregarded is the presence of respiration artifacts and their implications on
cardiac segmentation. Even when in this paper sequences presenting severe
artifacts of this type were discarded, this problem is still present to some de-
gree in all sequences, producing random local changes in the surface curvature
(and therefore in the radial direction). On the contrary, circumferential direc-
tion is always in the plane of image acquisition, and does not change among
subjects, which could explain the low variability of strain in this direction.
Some methods to remove respiration artifacts in cMRI have been proposed
(Chandler et al., 2006; Lotjonen et al., 2004), but they need to be modified
for tMRI images. A possibility is to apply tag removal methods (Quian et al.,
2007), before using the previously mentioned techniques.

Figures 10 and 11 show that HARP provides similar results with respect
to the circumferential strain. However, the radial strain estimated by HARP
shows some inhomogeneities over the left ventricle, with negative values in
the inferior and inferolateral regions. In comparison, the presented method
provided a more homogeneous distribution of the radial strain over systole,
which is more consistent with the current knowledge of the cardiac physiology.
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Note that the range of variation of the strain values is similar for HARP
and our method (the color scales used in Figures 10 and 11 are exactly the
same). The inclusion of the LA view is one of the sources of the differences
obtained with respect to HARP, but it’s not the only one because our method
incorporates temporal information as well. Based on the experiments we have
performed, we are unable to attribute the differences to a single source. We
have compared both methods as a whole and a further analysis should be
performed to fully answer this question.

Preliminary tests on patients with myocardial infarction showed an agree-
ment between the recovered and expected strain. Full correspondence be-
tween infarcted regions and low strain values was found, in agreement with
previous results from studies with 2D US (Becker et al., 2006; Chan et al.,
2006; Jurcut et al., 2008; Sachdev et al., 2006; Vartdal et al., 2007; Zhang
et al., 2005) and MRI (Garot et al., 2004; Geskin et al., 1998; Korosoglou
et al., 2008; Spottiswoode et al., 2007). These experiments are only illustra-
tive, and show consistent strains values compared to other modalities.

5. Conclusions

In this paper, we have used JA of tMRI sequences for cardiac motion es-
timation, motivated by the promising results reported for methods based on
information-theoretic metrics, and from a probabilistic point of view in Sec-
tion 2.3. To cope with the high computational cost of the ENNG estimators
of H,, an analytical expression for metric derivatives was obtained, result-
ing in a O(N log N) complexity, which reduces drastically the registration
time. The strategy to combine different views performed correctly, resulting
in a simple way of integrating their information into a unified metric that
measures multiphase and multiview similarity in image sequences. Results
showed significantly lower mean errors and variances when compared to a
standard PA approach. Strain values corresponding to healthy subjects were
similar to those reported in the literature. However, the lack of standardiza-
tion, and the high number of sources of variability, make a direct comparison
difficult. Strain values for patients with myocardial infarction showed an
excellent visual correlation with infarction location and territories at risk.
Even when these results are encouraging, experiments need to be extended
to a larger population to confirm and generalize clinical conclusions. In this
paper, we have shown an interesting clinical application of graph-based met-
ric estimators, showing their value for solving practical problems found in
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medical imaging.

6. Appendix: analytical derivatives

Many optimizers need to estimate the gradient of the cost function. To
this purpose, the use of finite difference approximation to the gradient is
impractical for transformations with high number of parameters, since it
requires computing a kd-tree for each perturbation of the set of parame-
ters. This is especially problematic for high-dimensional feature spaces as
the number of perturbations requires for the finite difference estimator is D.
This problem of graph-based estimators has been addressed by Sabuncu and
Ramadge (2005) for Minimum Spanning Tree (MST) estimators of H,. Here
we develop a similar analytical approximation.

Using Equation 6, the derivative with respect to the parameter m of the
transformation is

0 = ap% (Zzez Zie/\/(z) |z — i||y>

Ipm * (1-a) D sez ZieN(z) |z — z|]
o A
- Zzez ZieN(z) ap_mq’Z_Z”Q) (13)
(1 =) ez Dsen Iz — 2|1
_ P ez aen |z — iH%Qapim (Ilz —2*)
2 ZZEZ EQGN(Z) ||Z - iHV

The problem has been reduced to computation of derivatives ||z — z]|?.
By assuming no changes in correspondence between a point z and its nearest
neighbor z for infinitesimal changes in the transformation parameters, these
derivatives can be computed as:

9
Opm

P

(2 = 2%) = >_ 20z = 2) (I (x,)) "2 (14)
=1

where Vz; is the intensity gradient at the point x; = T;(x), and J7} is the

m'" column of the parametric jacobian of the transformation (Ibanez et al.,
2008):

Oz1 Oz, Om
op op Opm
bvy ovs .. doy
E) E) E)
Jp= | O ] (15)
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Finally, by including Equations 14 into Equation 13, the following expres-
sion is obtained for the derivative of the H,:

0 P¥es Yaeni 12— 2 5071 205 — 2)(32(5) V2
ap " QZZEZ EZGN ”Z_ZHV

It is important to highlight at this point, that Equation 13 is a completely
general expression and can be used for any type of matching features. If z;
are concatenations of features in R? for each time point j, Equation 14 turns
into

(16)

v

P d
g (2= 2l%) = 303205 — ) (GG Ve (1)

=1 k=1
where Vzj; represents the spatial gradient of the k' feature coefficient at
time 7, and its computation depends on the feature definition.
By applying Equation 16 for computing derivatives, the time complexity

is reduced to O(N log N) as compared to the O(N?log N) time complexity
required for finite differences.
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