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ABSTRACT

The condition of the heart muscle tissue can be inferred by
analyzing the time-intensity curves obtained with myocardial
perfusion MRI. Specifically, identifying tissue that is under-
supplied with blood is important when choosing a suitable
therapy for patients with coronary heart disease. Before an
analysis can be carried out, the images must be registered
to compensate for cardiac and respiratory motion. This is a
difficult problem, as the motion is non-rigid and because the
image contrast varies strongly over time due to the injection
of a contrast agent into the blood stream. To address these
problems, an automatic non-rigid registration approach is pre-
sented that utilizes local phase instead of intensity or gradient
information.

Index Terms— perfusion, registration, local phase

1. INTRODUCTION

In a medical context, the term perfusion means the through-
flow of blood in biological tissue. When an arterial blood
vessel is partially or completely blocked, the supported tissue
becomes underperfused and may die from a lack of oxygen.
The situation is especially critical when a coronary artery is
blocked, as this may cause a heart infarction and lead to sud-
den death. Myocardial perfusion MRI is an imaging tech-
nique with which the blood supply to the heart muscle, the
myocardium, can be assessed. Such an examination is per-
formed to identify underperfused muscle tissue that is still
alive but at risk of dying. This tissue, and the patient, may be
saved through revascularization, i.e., an intervention which
removes or bypasses the blockage in the vessel. The myocar-
dial perfusion is measured by injecting a bolus of contrast
agent into the blood stream followed by a continuous MRI
acquisition during the contrast agent’s first pass through the
heart. Typically, around 40 time frames are acquired, see
Fig. 1 for example images. The local delivery of blood to
the myocardium can be quantified by examining the time-
intensity curve in each voxel, see Fig. 3. Healthy muscle tis-
sue exhibits a characteristic perfusion curve, whereas under-
perfused and dead tissue have abnormal curves, i.e., the tissue
state can be inferred based on the perfusion curves. However,
before such an analysis can be carried out, the images must
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Fig. 1. Example cardiac perfusion MRI images at three differ-
ent time points in the cardiac cycle. Note the varying contrast
as the contrast agent flows through the heart.

be registered to compensate for cardiac and respiratory mo-
tion to insure that a voxel represents the same tissue location
throughout the image sequence. The image deformations are
non-rigid, and the registration problem is further complicated
by the varying image intensity caused by the contrast agent,
see Fig. 1. Moreover, to attain the necessary temporal reso-
lution, spatial coverage of the heart must be sacrificed so that
only a few sparsely distributed 2D slices are acquired.

Image registration has long been an active research area,
and a comprehensive review of proposed methods is outside
the scope of this work. The special problem of aligning my-
ocardial perfusion MRI sequences has also been addressed
before, overviews can be found in [1, 2, 3]. As noted by
Milles et al. [2], the proposed methods are limited when
dealing with the contrast variations in the image sequences.
Clearly, an image similarity measure based on voxel differ-
ences or correlation is suboptimal in the presence of contrast
variations. Alternative features for registration include, for
example, landmarks [1] and mutual information [3]. As a
basis for registration in this work, we instead propose to use
local phase, which represents image features such edges and
lines but is invariant to their magnitude. Seminal work on
phase-based displacement estimation was presented by Fleet
and Jepson [4], and more recent work on this subject was
presented by Mellor and Brady [5]. The algorithm presented
in this work also draws on the Demons algorithm by Thirion
[6]. A similar algorithm, known as the Morphon [7], has
previously been applied in other contexts.
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2. PHASE-BASED NON-RIGID REGISTRATION

Phase-based image registration is directly related to the
Fourier Shift Theorem, which states that the Fourier trans-
forms of a signal f(z) and a globally shifted signal f(z — d)
are related via a phase factor F{f(r—d)} = e 7% F{f(x)}.
That is, for two signals f1(x) = f(x) and fa(z) = f(z — d),

we have d x arg (]:{fl(l')}]:{fg (x)}), where the — de-

notes the complex conjugate. By using the local (or instan-
taneous) phase ¢(x), derived from the complex analytical
signal f,(z) = A(x)el?®) of f(x), the above approach can
be extended to estimate non-stationary or non-rigid shifts in
1D. In practice, the analytic signal is estimated by applying a
quadrature filter ¢(x), f,(z) = (f * ¢)(x), which has a band-
pass characteristic that determines the scale of the structures
of interest [8].

One way of generalizing the analytic signal, which is in-
herently a 1D construct, to images of higher dimensions, is
to apply a set of quadrature filters ¢(*) (x) with different ori-
entations n;. The generalized analytic signal in direction n;
for an image I(x) is then obtained as 1) (x) = (I +qW)(x).
Assume now that we have a deformed image J(x) = I(x +
d(x)), where d(x) is an unknown dense deformation field
that we wish to estimate. Following the 1D procedure above,
the displacement d; (x) along the orientation 1n; can be esti-
mated by the local phase difference of the complex product

P (x) = 10 (x) I (x). (1)

Specifically, d;(x) o arg (p?}(x)) For each oriented

quadrature filter ¢()(x), a dense displacement estimate is
obtained. A confidence measure ¢;(x) for the displacement
estimate in each filter direction, as well as a combined confi-
dence measure ¢(x), can be formulated as

a(x) =/ [pf) 60| [+ cos (arg () (x)))]| @

and

c(x) = Z ci(x). 3)
The rationale behind this confidence measure is that the mag-
nitude of p(;} (x) is large when there is a strong structure seen
by the filter ¢*)(x) in both images, indicating a higher con-
fidence in the estimate. If the phase of p% (x), i.e, the phase
difference between I, L(f) (x) and Jéi) (x), is large, the quadra-
ture filter has likely locked on different structures and we
should have less confidence in such an estimate. Taking the
confidence measures into account, a first estimate of the com-
plete deformation field is the weighted sum

> Gi(x)di(x)ny
doicilx)

In the medical imaging context, the deformation field
d(x) is generally smooth, and a spatial regularization should

d(x) = @)
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be applied to reflect this prior knowledge. In this work, we
adopt a non-parametric approach and smooth with a Gaussian
kernel g(x; (72) to the desired smoothness [6]. The confidence
measure in Eq. 2 should also be taken into account in the reg-
ularization process, and a so-called normalized averaging is
used to produce a regularized deformation field

[d(x)e(x)] * g(x:07)
c(x) * g(x;0%)

dreg (X) = (5)

where the division is taken voxel-wise. The result of Eq. 5
is a weighted average displacement vector in each voxel, the
weight being the product of the confidence and the Gaussian
kernel.

Finally, to estimate large non-rigid deformations, the dis-
placement estimation outlined above must be implemented in
a scale space, and it may also be necessary to iterate the es-
timation several times on each scale to refine the estimation.
To avoid repeated resampling and interpolation of the images
I(x) and J(x), the deformation estimates are instead accu-
mulated in d¢ot (%) as

c(x)

dior (x) = dior(x) + Cror (%) + ¢(x)

dreg(x),  (6)

where c;¢(x) is an accumulated confidence measure that is
updated for each iteration as

Cior (%) + (%)

Ctot (X) + C(X) ’ (7)

Ctot (X) <—

After convergence, d;,:(x) is the final estimate of the true
deformation field d(x).

3. METHOD

This section provides implementation-specific details of the
phase-based non-rigid registration of perfusion MRI se-
quences. Due to the sparse 3D information, the registration is
performed slice-wise (2D). High quality quadrature filters are
important for estimating the analytic signal and the ensuing
1D displacements. In this work, log-normal quadrature filters
are used, which in the Fourier domain are expressed as polar
separable functions:

Qi(u) = R(|[ul[) D;(1) (®)
with
4

— O (lull/uo) - _
R(ul) = e C=Fnm

(€))

R(||ul|) is a Gaussian function on a logarithmic scale (hence
the name log-normal) and gives the filters a bandpass char-
acteristic. ug is the center frequency and B is the width of
the passband in octaves. We use two different ug to capture
different scales, and the bandwidth is fixed to B = 2 octaves.
D; (1) in Eq. 8 gives the filters a direction and the quadrature



property by setting one half of the Fourier domain to zero as
follows:

e AT
if a n? > 0, (10)
0 otherwise,

where n; is the filter direction. We use four 2D directions
n; = [cos(¢),sin(¢;)]T with ¢; € {0°,45°,90°,135°}. A
filter optimization procedure was applied to obtain finite fil-
ter kernels with good spatial localization and a frequency re-
sponse that closely match the ideal shape given by Eq. 8.

A coarse-to-fine dyadic scale-space approach over 3 oc-
taves is adopted to capture large deformations and to increase
efficiency. In addition, on each scale, two different quadrature
sets with center frequencies ug of 7 and 2”%’ respectively, are
used, so that, effectively, structures over six different scales
are considered in total. 3 registration iterations (cf. Eq. 6) are
carried out on each scale. The deformation field regulariza-
tion in Eq. 5 is performed with a Gaussian kernel with o = 3
pixels.

To align a perfusion MRI sequence, the registration must
be repeated for successive images in the temporal sequence.
To this end, the middle slice I;(x) of the sequence is taken
as reference image. Ij_1(x) (and I;41(x)) is then regis-
tered to Ix(x) yielding the deformation field dy_;(x). To
avoid unnecessary resampling and loss of detail in the im-
ages, I_o(x) is then registered to I)_1(x), yielding an in-
termediate deformation field dy_» (x). The final deformation
field that aligns Ij,_o(x) with the reference Ij(x) is then ob-
tained as dj_o(x) = c~1;€,2(x) + dj_1(x). This procedure is
repeated until the ends of the temporal sequence are reached.

The phase-based registration algorithm was implemented
in C++ and made available as a module in the free software
package MeVisLab (http://www.mevislab.de) for easy incor-
poration in software applications and future evaluation.

4. COMPARISON METHOD

The aforementioned local phase registration method was
compared with a recently published registration method for
cardiac perfusion MRI [3]. In [3], an affine registration step
is followed by a non-rigid registration based on B-splines and
a Normalized Mutual Information (NMI) similarity measure.
Additional manual steps are required in this method for ro-
bustness: a ROI around the heart must be manually defined
in one slice for each data set, and outliers (large movements)
should be removed before registration.

5. IMAGE DATA

Cardiac perfusion MRI data sets from 8 patients were used
for validation and comparison. Each data set consisted of
three 2D short-axis slices of the heart, i.e., 24 sequences in
total. The perfusion images were acquired after an injection
of Gadolinium contrast agent bolus and show the first pass
of the contrast agent through the heart and myocardium. The
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Fig. 2. To evaluate the registration, the left ventricle was man-
ually segmented, and its center of gravity for each time frame
was calculated before (green spheres) and after registration
(red spheres). As a measure of motion, the standard deviation
of the center of gravity is used.

image slices have 8§ mm thickness, an in-plane resolution of
1.7 mm X 1.7 mm and a sequence of 40 time frames. The data
sets were acquired with parallel imaging (GRAPPA 2) with a
balanced SSFP technique and ECG-triggering. The imaging
parameters were: TR 2.8 s, TE 1.08 ms, FOV 340 mm x 300
mm and matrix size 160 pixels x 192 pixels.

6. RESULTS

The local-phase based and NMI-based registration algo-
rithms were applied to all 24 perfusion MRI sequences. For
the local-phase based algorithm, no pre-processing or pre-
segmentation were made - the registration is fully automatic.
For the NMlI-based algorithm, ROIs covering the heart were
defined manually, and for three data sets (number 1, 4 and 8),
a few slices had to be excluded due to large movements. To
quantify the performance of the methods, the left ventricle
(cf. Fig. 1) was manually delineated in all 24 x 40 = 960
images. The center of gravity of the left ventricle was then
calculated before and after registration, see Fig. 2 for an ex-
ample. As a measure of motion, the standard deviation (in
pixels) of the center of gravity over the time frames in the
sequences was calculated. Table 1 shows the motion quan-
tification before and after registration for the 8 perfusion data
sets (the results for the 3 image slices within each data set
have been averaged for clarity). The average motion across
all sequences before registration is 3.04 pixels. After the NMI
registration, the average is 2.20 pixels, which is significantly
better than the motion in the uncorrected images (paired ¢-
test significance < 10’4). Note, however, that for data set 6,
the displacement is larger after the registration. With the pro-
posed local-phase registration, the residual standard deviation
averages 1.66 pixels, which in turn is significantly better than



Data set
Method #1 #2 #3 #4 #5
None 322 351 262 386 2.18
NMI 1.92* 287 243 1.53* 1.87
Local phase 2.22 2.04 148 1.46 1.46
Method #5 #6 #7 #8 Average
None 218 299 334 261 3.04
NMI 1.87 3.18 221 1.59* 2.20

Local phase 146 146 1.65 1.49 1.66

Table 1. Standard deviation (in pixels) of the center of gravity
of the left ventricle. An average of the 3 slices within each
data set is presented. For the data sets marked with a *, outlier
images were manually removed prior to the registration.

the NMI method (paired ¢-test significance < 1073). The
residual displacement error is also significantly lower than
in the original images for all data sets. The computational
time to register two image slices was approximately 1.5 sec-
onds with the NMI-based algorithm and 5 seconds with the
phase-based algorithm.

Example perfusion curves after registration are shown in
Fig. 3c. A map of the blood inflow can be calculated by es-
timating the slope of the curve in each voxel. Fig. 3b shows
such a map before registration and Fig. 3d after registration
using the proposed phase based registration. An infarcted
area, denoted by the yellow arrow, can clearly be seen in this
image, whereas the up-slope parameter gives no reliable in-
formation for the unregistered images in Fig. 3b.

7. DISCUSSION

Local phase is a magnitude-insensitive measure of image
structure and thus a good fit for registering cardiac perfusion
MRI images, in which in the image intensity is not a reliable
feature. Future avenues of research include the incorporation
of anatomical information in the displacement field esti-
mation, to combine the confidence-weighted displacement
field smoothing with more advanced regularization methods
and criteria such as diffeomorphic transformations, and to
make use of the weak, but still existent, 3D information, e.g.,
through a 3D displacement field regularization and removal
of images with strong out-of-plane motion.
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Fig. 3. a) A cardiac perfusion MRI sequence. b) Up-slope
parameter map of the perfusion curves before registration. c)
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area of the myocardium. The up-slope parameter shows the
inflow rate of contrast agent. d) Up-slope parameter map
of the perfusion curves affer registration with the proposed
method.
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