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Abstract—Three-dimensional (3-D) stress echocardiography is
a novel technique for diagnosing cardiac dysfunction. It involves
evaluating wall motion of the left ventricle, by visually analyzing
ultrasound images obtained in rest and in different stages of stress.
Since the acquisitions are performed minutes apart, variabilities
may exist in the visualized cross-sections. To improve anatomical
correspondence between rest and stress, aligning the images is es-
sential. We developed a new intensity-based, sparse registration
method to retrieve standard anatomical views from 3-D stress im-
ages that were equivalent to the manually selected views in the
rest images. Using sparse image planes, the influence of common
image artifacts could be reduced. We investigated different sim-
ilarity measures and different levels of sparsity. The registration
was tested using data of 20 patients and quantitatively evaluated
based on manually defined anatomical landmarks. Alignment was
best using sparse registration with two long-axis and two short-axis
views; registration errors were reduced significantly, to the range
of interobserver variabilities. In 91% of the cases, the registra-
tion result was qualitatively assessed as better than or equal to the
manual alignment. In conclusion, sparse registration improves the
alignment of rest and stress images, with a performance similar
to manual alignment. This is an important step towards objective
quantification in 3-D stress echocardiography.

Index Terms—Image registration, stress echocardiography,
three-dimensional ultrasound imaging.

I. INTRODUCTION

A. Three-Dimensional Stress Echocardiography

C ARDIOVASCULAR diseases are a major cause of death
in the western world. A commonly used method for de-

tecting myocardial dysfunction and underlying coronary artery
disease is stress echocardiography [1]–[5]. This technique is
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used to evaluate wall motion of the left ventricle (LV), usually by
visual examination of ultrasound images that are obtained in rest
and in different stages of exercise or pharmacological stress. Re-
cent advances in real-time 3-D echocardiography [6], [7] show
great potential in overcoming major limitations of traditional
2-D stress echocardiography, such as variabilities in the visual-
ized LV cross sections and high subjectivity of visual wall-mo-
tion scoring. Our long-term goal is to develop more objective
and quantitative analysis methods for 3-D stress echocardiog-
raphy, by automating the image analysis.

We have decided to tackle the automation in three steps: 1)
alignment of images acquired in rest and in stress stages, 2) seg-
mentation of the myocardial wall and quantification of wall mo-
tion, and 3) automatic classification of wall-motion abnormal-
ities. This paper describes the first step. The alignment of the
rest and stress images is necessary because the rest and stress
images are acquired several minutes apart, and therefore vari-
ations may exist in the visualized cross sections of the LV [8].
Possible sources of misalignment between rest and stress are
placement and tilting of the ultrasound probe, as well as pa-
tient breathing [9], both of which may lead to inaccuracies when
comparing wall motion in the rest and stress stages. We start
with image alignment for two reasons. First, registration will
greatly assist the segmentation of the myocardial wall by pro-
viding a high-quality initialization for the segmentation in the
rest image [10]–[12] or the stress image. Second, misalignment
will impair the diagnostic quality of the wall-motion differences
found in rest and stress, whether by visual scoring or by auto-
matic segmentation. Registration will improve the anatomical
correspondence of the LV segments, and will therefore result
in a better-quality wall-motion comparison between rest and
stress.

B. Registration Research and Related Work

Intensity-based image registration is widely used for aligning
two or more images [13]–[16]. Although most registration work
is performed on computed tomography (CT) and magnetic res-
onance (MR) images, ultrasound image registration has gained
considerable interest in recent years [17]. Among the early ex-
amples of 3-D ultrasound intensity-based registration are spa-
tial compounding of gall bladder images [18] and registration
of breast images [19], [20]. More recent examples include reg-
istration of liver images using attribute vectors [21] and tracking
brain deformations in intraoperative time series [22]. Registra-
tion of ultrasound images with images from other modalities
has also been investigated. For example, ultrasound to CT reg-
istration was explored by Penney et al. for alignment of images
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of the femur and pelvis [23]. Ultrasound to MR registration is
mainly used in the context of aligning intraoperative ultrasound
images to preoperative MR images of e.g., the liver [24] and the
brain [25], [26].

Several papers have been published recently on 2-D and 3-D
ultrasound cardiac registration. Using a phase-based similarity
measure, Grau et al. registered 3-D images acquired from the
parasternal and the apical echocardiographic windows [27],
[28]. A similar approach was used by Zhang et al. to register
3-D cardiac ultrasound images to 2-D MR images [29]. Non-
rigid registration with spatial and temporal constraints was
used by Ledesma-Carbayo et al. to determine cardiac motion
in 2-D ultrasound sequences [30], [31]. In the cardiac domain,
registration of ultrasound and single photon emission computed
tomography (SPECT) images was described by Walimbe et al.
[32].

Registration of rest and stress images has also been investi-
gated. To study differences in myocardial perfusion between rest
and stress, Declerck et al. registered SPECT images by aligning
myocardial feature points with an adapted iterative closest point
algorithm [33]. Delzescaux et al. used a surface-based regis-
tration algorithm involving geometrical models of the left and
right ventricles to align rest and stress MR images [34]. An in-
tensity-based approach using rest and stress templates was pro-
posed by Slomka et al. for SPECT images [35]. This method
was later augmented with an intensity normalization factor, to
account for differences in doses and isotopes used between rest
and stress [36]. More recently, Juslin et al. studied registration
with the mutual information metric to PET images [37]. Inde-
pendent component analysis was applied to the images before
registration to extract the voxels representing cardiac tissues.

Closely related to this study is the work of Shekhar et al.
on registration of cardiac ultrasound 3-D images, either in the
same time sequence [38] or in rest and in stress [9]. Rigid and
affine registration using the mutual information similarity mea-
sure was investigated. The approach was also used as a first step
in cardiac segmentation by Zagrodsky et al. [11] and Walimbe
et al. [12]. However, this full-3-D registration method was eval-
uated only qualitatively.

C. Sparse Registration

In this study, a new method was developed to align rest and
stress images. The key feature of this method is sparsity: only
anatomical four-chamber, two-chamber, and short-axis planes
of the rest image are used for the registration. A big advantage
of using only sparse image information is that it allows us to de-
fine the structures contributing most to correct alignment explic-
itly. In practice, these anatomical views are usually the starting
point for further visual assessment of cardiac motion. Selecting
and aligning these rest and stress views consistently are there-
fore essential steps in wall-motion comparison. An additional
advantage of using only sparse views for registration is that the
influence of common ultrasound anomalies, such as near-field
artifacts and echo reverberations, can be limited. These artifacts
can dominate large regions of the image, which distort the calcu-
lation of the registration metric. Furthermore, less computation
effort is needed than in full-3-D registration.

The focus on sparsity and the quantitative evaluation using
a manual gold standard distinguishes this study from the work
of Shekhar et al. [9], who investigated full-3-D mutual-infor-
mation registration. Our method bears more resemblance to the
slice-to-volume registration as reported by Fei et al. [39], rather
than to the 3-D to 2-D registration methods where 2-D projec-
tions of the 3-D image are registered in 2-D [40].

To reduce the variability in visualized cross sections in 3-D
stress echocardiography, an intensity-based, sparse registration
method was used to retrieve four-chamber, two-chamber, and
short-axis views from 3-D stress images that were equivalent
to the manually selected views in the rest images. The focus is
on spatial alignment of 3-D rest and stress images, rather than
temporal alignment within a single time-sequence. Four sim-
ilarity measures, the level of sparsity, and optimal resolution
levels were investigated. The registration was evaluated quanti-
tatively using 20 end-diastolic and end-systolic patient data sets,
with manually annotated points as the gold standard. The reg-
istration results were compared with interobserver and intraob-
server variabilities in manual alignment. A visual, qualitative
assessment of the registration performance was also performed.

II. METHODS

The alignment of rest and stress images was accomplished as
follows. First, the anatomical coordinate system, which consists
of the major axis (i.e., long axis) of the left ventricle (LV) and
the direction of the four-chamber view, was manually defined in
the 3-D rest image. Next, the four-chamber (4C), two-chamber
(2C), and short-axis (SAX) views were constructed on the basis
of this coordinate system. These are standard anatomical views
used in echocardiography [41]. Finally, these anatomical views
were automatically registered to the 3-D stress image, thus
providing the anatomical coordinates in the stress stage. The
registration was denoted as sparse, because only the voxels on
these anatomical views contributed to the metric calculation.
We tested different levels of sparsity by varying the number
of SAX planes. The sparse registration was compared with
full-3-D registration that used all voxels in the 3-D image.

A. Manual Selection

For this study, we propose a new method for extracting the
anatomical coordinate system from a 3-D image of the left ven-
tricle. The method is reminiscent of cardiac MR image-planning
protocols [42] and in agreement with current standards [41]. Re-
cent studies have stressed the importance of selecting nonfore-
shortened apical views [43], [44], as this is the basis for correct
comparison of wall motion. In practice, the clinical expert nav-
igates rather randomly through both rest and stress images at
end-diastole, until the anatomical views are sufficiently aligned.
Here we present a methodology for consistently annotating key
landmarks and deriving consistent views in both rest and stress.

The long axis was determined iteratively. Three points were
annotated in an initial vertical, approximately apical long-axis,
2-D plane of the 3-D image: the endocardial apex, which was de-
fined as the highest point in the LV cavity, and two points where
the mitral valve leaflets were attached to the mitral valve ring.
The new estimate of the long axis was the line through the apex
and the center of the two mitral valve points. Next, the plane
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Fig. 1. Orthogonal four-chamber (4C), two-chamber (2C), and short-axis
(SAX) views of an ED image. The right column shows the orientation of the
orthogonal planes in 3-D space.

perpendicular to the initial vertical plane and coinciding with
the long axis was reconstructed. The annotation and the plane
reconstruction were repeated, until the long axis was correct in
both perpendicular planes. By annotating the points iteratively,
the indicated points converged in the true positions. In practice,
this takes only three to four iterations and is quite fast to per-
form.

The 4C direction was determined by examining several candi-
date long-axis planes 4 apart, 50 counter-clockwise from the
aorta outflow tract, which was indicated manually on the short-
axis plane at the height of the mitral valve center. This 50 angle
was an initial guess, the observer could correct the angle manu-
ally afterwards by indicating the desired direction in the short-
axis plane. The 4C plane was defined as transecting the long axis
and the centre of the tricuspid valve. As an additional anatomical
landmark for evaluating registration, the posterior attachment of
the right ventricular wall, RV-attachment for short, was also an-
notated. This was indicated in the short-axis plane between the
mid and basal section of the LV, at two-thirds of the apex-to-mi-
tral-valve distance.

The 2C view was defined as orthogonal to the 4C plane and
also passing through the long axis. Short-axis planes orthogonal
to 4C and 2C were defined at different points along the long axis.
An example of manual annotation is given in Fig. 1, showing the
large difference in spatial location between the sparse planes and
the original, unselected views.

B. Rest to Stress Registration

The anatomical views of the rest image were registered to
the 3-D stress image using a similarity transform. We investi-
gated sparse image registration using different configurations of
planes. The three-plane configuration consisted of the 4C, 2C,
and one basal short-axis plane at two-thirds of the apex-to-mi-
tral-valve distance. The four-plane configuration consisted of
three-plane plus an additional short-axis plane at the mitral valve
height. The five-plane configuration is four-plane plus the apical
short-axis plane at one-third of the apex-to-mitral-valve dis-
tance. These configurations are shown in Fig. 2.

Although nonrigid registration is often applied to achieve
very precise image alignment, a relatively simple similarity
transform was used in this study. The most important reason
for this choice was that we intended to compensate global
misalignment of the anatomical coordinates in the rest and

Fig. 2. Registration using different levels of sparsity: configurations with four-
chamber, two-chamber, and varying number of short-axis planes.

Fig. 3. Schematic of registration framework. The sparse rest image is registered
to the stress image in 3-D.

stress images, and not local, stress induced, misalignment of
all LV wall segments. In a later stage, nonrigid registration
might be applied to examine local wall-motion abnormalities
more precisely [30]. Furthermore, nonrigid registration usually
needs a good initialization, which can be provided by rigid
registration [45]. In addition, nonrigid registration is generally
very slow and computationally intensive. To limit any nonrigid
motion which may be caused by breathing [46], the images
were acquired during one breathhold, after full exhalation.

The main components of registration are the optimizer,
the transform, the interpolator, and the similarity metric. A
schematic representation is given in Fig. 3. In this study, the
transform consisted of rotation, translation,
and uniform scaling. Rotation and translation were needed to
compensate for 1) patient breathing, which causes displacement
of the heart within the thorax; 2) differences in placement of
the probe on the patient’s body, and 3) for differences in the
probe’s tilt angle which were often needed to capture the whole
LV in the image optimally. Uniform scaling was intended to
account for the possible volume differences between rest and
stress [9].

The parameters of the transform were optimized using the
Nelder-Mead downhill Simplex algorithm [47]. This optimizer
has been used in other registration problems as well [9], [20],
[35], [38], [39]. The method involves constructing an enclosing
shape, or simplex, in the -dimensional parameter space from

vertexes. In a 2-D parameter space, this would be a
triangle, in 3-D a tetrahedron, etc. In our 7-D parameter space
these eight vertexes represent combinations of the rotation,
translation and scaling parameters. During optimization, the
metric is calculated at all vertexes of the simplex and the
vertexes are reflected, expanded, or contracted accordingly,
until the simplex is small enough and has therefore converged
to a solution [48]. This optimization method distinguishes itself
from gradient-based techniques that are more sensitive to local
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minima in the parameter space. Local minima may often occur
in the case of ultrasound images, due to the highly anisotropic
image formation and speckle noise [49]. The simplex method
does not require computation of partial derivatives and may
therefore be more robust in a complicated parameter space.
Other advantages are that it is easy to implement and provides
a good compromise between robustness and convergence time
[49].

Normalized parameters were used during optimization in
simplex space. One unit simplex parameter corresponded to
1.1 mm translation, 0.4 rotation, 0.5 rotation, and
0.7% scaling. The parameters’ normalization factors were
determined on the basis of the physical displacement of the
image voxel furthest away from the origin of the transform.
As an example, an rotation of 0.4 performed on the voxel
furthest away from the rotation origin, i.e., in the lowest corner
of the image, will lead to a physical displacement of 1.1 mm
(calculated on a typical data set of 160 144 208 voxels of
1.1 mm 1.1 mm 0.7 mm). To correct for the tilt angle of
the ultrasound probe easily, the centre of the transducer was
chosen as the origin of rotation. To preserve the position of the
LV as much as possible, the origin of scaling coincided with
the centre of the image. The initial size of the simplex was 3
units along each parameter axis. Registration was considered to
be converged when the simplex hypervolume was smaller than
0.01 and when the differences in metric value at the simplex
vertexes were less than . Trilinear interpolation was used
because of computational efficiency.

In our sparse registration setup, we tested several similarity
metrics which are commonly used in registration [13], [16],
[50]: sum-of-absolute-differences (SAD), sum-of-squared-dif-
ferences (SSD), normalized cross correlation (NCC), and nor-
malized mutual information (NMI). NMI was calculated with
the histogram method [51]. A bin size of 2 was used for the
8-bit data; this was found empirically. Voxels outside the trans-
ducer’s scan sector did not contribute to the metric calculation.
Registration was carried out on four separate resolution levels
of a Gaussian image pyramid [52]; from full resolution at level
0 to 8 times downsampled at level 3. A multiresolution scheme
was also tested.

The sparse image grid was initialized in the stress image, at
the same spatial coordinates as the rest image. At each registra-
tion iteration, the spatial transform was applied to the coordi-
nates of the sparse rest-image grid. The stress image was then
resampled at those coordinates using trilinear interpolation. The
metric was calculated using only the voxels on the sparse grid. In
this manner, anomalies such as near-field artifacts and echo re-
verberations, which may dominate the metric calculation, could
be avoided as much as possible.

C. Data Description and Algorithm Evaluation

Full-cycle 3-D data sets were acquired at the Thoraxcenter
(Erasmus MC, Rotterdam, The Netherlands) on 20 patients
in sinus rhythm with chest pain referred for stress testing.
A Dobutamine-Atropine stress protocol was used [53]. All
data sets were obtained in the apical position; each image
sequence was obtained during one breathhold. Patients were

imaged at rest and at peak-dose. The data sets for three patients
were acquired with the Fast Rotating Ultrasound transducer
[54] developed at the department of Biomedical Engineering
(Thoraxcenter, Erasmus MC, Rotterdam, The Netherlands).
The spatial dimension of the images were 128 128 388,
at 1.4 mm 1.4 0.3 mm (length width depth). The
remaining 17 patients were examined using the commercially
available Philips Sonos 7500 machine equipped with the X4
matrix-array transducer (both from Philips Medical Systems,
Andover, MA). These images contained 160 144 208
voxels of 1.1 mm 1.1 mm 0.7 mm. Registration was tested
on 3-D rest-and-stress image pairs at end-diastole (ED) and
end-systole (ES) separately, because the left ventricle may
move differently under stress conditions. We chose to evaluate
the registration on ED and ES time points because these could
be clearly identified for each sequence. ED and ES time points
were defined, respectively, by the ECG R-peak and by the
mitral valve opening.

To get an overall idea of image quality, the visibility of the
17 LV wall segments [41] was judged visually by an expert ob-
server, blinded from the registration results. Each segment was
given a score: optimal, good, moderate, poor,

invisible [53]. This was done for all rest and stress image
sequences. The average of the 17 scores was then calculated for
each patient.

Interobserver and intraobserver variabilities were also ana-
lyzed. Two independent observers indicated the long axis and
4C direction, as well as the aorta, and the RV-attachment in
end-diastole and end-systole. The first observer annotated each
data set twice, at an interval of at least one day. The second ob-
server indicated 11 rest and 11 stress data sets twice, and the
remaining data sets once. The intraobserver variability in the
apex, mitral valve centre, aorta and RV positions was defined as
the average of Euclidean distances between annotated points.
The intraobserver variability in the 4C angle was defined as the
average of absolute differences in angle. Mean and standard de-
viations were calculated over all indicated data sets. The inter-
observer variability was defined similarly, as the average of dif-
ferences in the mean annotation of each observer.

Since we were interested in aligning only the anatomical
views, a natural choice of landmarks for quantitative evaluation
of the registration were the landmarks on the sparse planes. The
following landmarks were chosen because they were adequately
salient structures in the images: the apex and mitral valve points,
the direction of the four-chamber, the aorta outflow tract, and
the posterior attachment of the right ventricular wall. Although
only these landmarks were evaluated, the rest-to-stress point
correspondence of the whole myocardial border should also
benefit from a good initial alignment. Further comparison of
3-D wall-motion might be hampered if the global anatomical
coordinate system was not well defined.

The average over all annotations (three to four per data set)
was used as the anatomical coordinate system for the registra-
tion, thus providing a gold standard. The registration errors for
each image-pair were defined as the point-to-point Euclidean
distances between the gold standard and the registered land-
marks. The initial error was defined as the point-to-point dis-
tances between the gold standard and the initial position of the
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Fig. 4. Orthogonal four-chamber, two-chamber, and short-axis views. Before registration, the anatomical landmarks are misaligned in the stress images. The
results of registration are in good agreement with manual annotation. The circles indicate improvement in alignment.

landmarks (the same spatial coordinates as the manual anno-
tation in the rest image). The errors were calculated for each
anatomical landmark and for each rest-stress image pair sepa-
rately. The registration error was then compared with the initial
error using the paired -test [55]. The registration errors were
also compared with the interobserver and intraobserver variabil-
ities in manual annotation.

In addition to the quantitative evaluation, a qualitative as-
sessment was performed by an independent observer, blinded
from the registration results. The observer was presented four-
chamber, two-chamber, and short-axis views of 1) the manually
annotated rest image, 2) the manually annotated stress image, 3)
the stress image before alignment (initialized by the landmarks
indicated in the rest image), and 4) the stress image after regis-
tration, similar to Fig. 4. The observer did not know whether set
3) or set 4) corresponded with images before or after registra-
tion. First of all, to determine whether the registration resulted
in better rest-to-stress alignment, the observer judged if set 3)
or 4) was better aligned with set 1), or if there was no visible
difference, or if visual assessment was impossible due to poor
image quality. A set was considered better aligned if the posi-
tion of the long-axis and the direction of the four-chamber view
in the stress image showed a better correspondence with the rest

image. Second, the observer judged whether the set that was se-
lected in the first part of the experiment was worse, equally, or
better aligned with the rest image than the manually indicated
stress image, again on the basis of the long-axis position and
four-chamber view.

III. RESULTS

A. Annotation of Landmarks

Two independent observers indicated the apex, the mi-
tral valve, the RV-attachment on the short-axis view of the
three-plane configuration, the aorta center in the short-axis
view at mitral-valve height, and the four-chamber direction.
Typically, four three-point annotations were needed to indicate
the long-axis correctly in both perpendicular long-axis views.
The annotation was carried out in Matlab [56], which took a
few minutes per dataset. Later, we developed dedicated visu-
alization software in C++. Using this program, the annotation
time was reduced to less than half a minute for each 3-D image.
The interobserver and intraobserver variabilities are shown in
Table I. Of the five landmarks, the mitral valve was the easiest
to annotate, because it was usually a clear salient structure in
the image.
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TABLE I
EFFECT OF USING DIFFERENT REGISTRATION SPARSITY. REGISTRATION ERRORS IN FIVE ANATOMICAL LANDMARKS USING NCC METRIC AND FULL-RESOLUTION

DATA. INTEROBSERVER AND INTRAOBSERVER VARIABILITIES ARE ALSO GIVEN. � MEANS STATISTICALLY SIGNIFICANTLY LOWER ERROR THAN BEFORE

REGISTRATION (� � ����, PAIRED �-TEST)

Fig. 5. Checkerboard images of rest (cyan (c); top left patch in all images) and stress (yellow (y)). Alignment improvement is clearly visible after registration,
especially in the four-chamber view and in the short-axis view. The circles indicate improvement in alignment.

B. Image Quality Assessment

Using the image-quality scoring system described in the
methods section, we found that the overall image quality was
moderate, with a mean score of on a scale of 0
(invisible) to 4 (optimal), averaged over the 20 rest and 20
stress time-sequences. The maximum score was 4, the min-
imum score was 0.46, and the median was 1.85. Not only the
image quality itself, but also the difference in image quality
between rest and stress could compromise the registration. The
absolute difference between rest and stress, averaged over the
20 patients, was , the maximum score was 2.1, the
minimum was 0, and the median was 0.76. This shows the large

difference in image quality between rest and stress. The image
quality in the rest images was generally better than in the stress
images (16 out of 20 patients).

C. Qualitative Assessment of Registration

Fig. 4 shows an example of registration using a Philips
data set. The set of orthogonal four-chamber, two-chamber,
and short-axis views of the rest image is shown, along with
the nonregistered, registered, and manually selected views of
the stress image. The registered views correspond well with
the manual selection. An example of the results using a FRU
data set is presented in Fig. 5. There did not seem to be any
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Fig. 6. Registration errors in five landmarks, using different levels of sparsity. The boxes indicate the 25%, 50% and 75% percentiles; the whiskers represent 10%
and 90% percentiles. Outliers are shown as red plus signs. Registration using the four-plane configuration appears most robust.

TABLE II
QUALITATIVE ASSESSMENT OF SPARSE REGISTRATION (SPARSE

FOUR-PLANE CONFIGURATION, NCC METRIC, FULL-RESOLUTION DATA),
20 ED AND 20 ES IMAGES

noticeable differences in registration accuracy between the
FRU and the Philips data sets; however, since only 3 FRU data
sets are available, no clear conclusion can be drawn.

The registration using the four-plane configuration, the NCC
metric, and full resolution images resulted in the lowest mean
registration errors. Therefore, these registrations were assessed
qualitatively by the independent observer, in all 20 ED and 20
ES image pairs. The results are shown in Table II. In the majority
of the cases (29/40) the observer selected the registered stress
image as the image best aligned with the rest image, while in 9
out of 40 cases the registered image was either equal to the non-
registered image or could not be judged because of poor image
quality. Remarkably, in 30 out of the 33 cases (91%) where the
registered image was better than or equal to the nonregistered

image, the registration was better than or equal to the manual
annotation.

D. Quantitative Assessment of Registration

1) Sparsity: Fig. 6 and Table I show the results of registra-
tion using the normalized cross-correlation metric and full-reso-
lution data for different levels of sparsity. The registration errors
over 20 ED and 20 ES image-pairs are presented for each of the
five landmarks. Minimal differences in errors were found be-
tween ED and ES image-pairs. Lower median errors were found
in most cases, for both sparse and full-3-D registration. The
25%–75% percentile range of registration errors is quite close
to the interobserver range (Fig. 6). In particular, the mean er-
rors of the sparse registration with the four-plane configuration
were the lowest, and comparable with the interobserver vari-
ability (Table I). A closer inspection revealed that the mean er-
rors of full-3-D were distorted because of outliers of some image
pairs (Fig. 6). For each landmark, the registration of a rest-stress
image pair was considered failed if the registration error was
higher than the maximum initial error encountered in all 20 ED
and 20 ES image pairs. These maximum initial errors were 18.6
mm for the apex, 20.4 mm for the mitral valve, 22.8 for the
four-chamber direction, 24.6 mm for the RV-attachment, and
30.4 mm for the aorta.

Although the differences between the different levels of spar-
sity were small, registration using the four-plane configuration
appeared to be most robust (Fig. 6). Therefore, we will show
registration results using this four-plane configuration in the fol-
lowing.

2) Registration Metric: Table III shows the results of reg-
istration with the four-plane configuration, for the SAD, SSD,
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TABLE III
EFFECT OF USING DIFFERENT REGISTRATION METRICS. REGISTRATION ERRORS

IN FIVE ANATOMICAL LANDMARKS USING FOUR-PLANE CONFIGURATION

AND FULL RESOLUTION DATA. INTEROBSERVER AND INTRAOBSERVER

VARIABILITIES ARE ALSO GIVEN. MEAN � STANDARD DEVIATION OF

REGISTRATION ERRORS. � MEANS STATISTICALLY SIGNIFICANTLY LOWER

ERROR THAN BEFORE REGISTRATION (� � ����, PAIRED �-TEST)

TABLE IV
EFFECT OF USING IMAGE DATA AT DIFFERENT RESOLUTIONS, FROM FULL

RESOLUTION (0) TO EIGHT TIMES (3) DOWNSAMPLED DATA, AS WELL AS

MULTIRESOLUTION (1-0). REGISTRATION ERRORS IN FIVE ANATOMICAL

LANDMARKS USING THE NCC METRIC AND FOUR-PLANE CONFIGURATION.
� MEANAS STATISTICALLY SIGNIFICANTLY LOWER ERROR THAN BEFORE

REGISTRATION (� � ����, PAIRED �-TEST). STATISTICAL TESTING WAS NOT

PERFORMED AFTER OUTLIER REMOVAL

NCC, and NMI metrics. Registration using the NCC metric im-
proved the alignment in all five landmarks statistically signifi-
cantly.

3) Image Resolution: Table IV shows the registration results
for different image resolutions. Registration on full resolution
data performed better than registration on downsampled data.
We also tested a multiresolution scheme, starting at resolution
level 1, and finishing at level 0. In 4 out of 40 cases, the regis-
tration in level 1 resulted in an outlier for at least one landmark.
In those cases, further registration on level 0 resulted in min-
imal improvement. Therefore, these cases were not taken into
account in the reported multilevel results. In this subset of reg-
istration image pairs, minimal differences in results were found
between the multilevel approach and the single level 0 approach.

4) Registration Time: The registration time was calculated
for the NCC metric, for different resolution levels and for the
different levels of sparsity. This is reported in Table V. The
times were calculated using a Matlab implementation [56]
and a 2.8-GHz Intel Pentium 4 processor. The implementation
was not optimized for speed. The sparse registration using
four-plane configuration at resolution level 1 is on average
thirteen times faster than full-3-D registration. Due to memory
limitations, the full-3-D registration at resolution level 0 had to
be implemented differently, and those times are not reported

TABLE V
MEAN � STANDARD DEVIATION OF REGISTRATION TIMES (MIN), NCC METRIC

here. The multilevel method using the four-plane configuration
took on average min per registration.

IV. DISCUSSION

This study shows that the variability in visualized cross
sections in 3-D stress echocardiography can be reduced by
using sparse image registration. Registration leads to visually
better-aligned rest and stress images, in some cases better than
the manual alignment. The quantitative registration errors were
comparable with the interobserver variabilities in the manual
selection of the anatomical coordinates. Given the moderate
image quality and the large differences in appearance between
rest and stress images, this is a promising result.

A. Annotation of Landmarks and Image Quality

The annotation of landmarks was a fairly easy task which re-
quired little user interaction. Typically, three to four iterations
(9–12 mouse clicks) were required to locate the long-axis, with
additional one or two clicks to identify the four-chamber direc-
tion. The overall image quality was comparable to that found
in a larger study with 36 consecutive patients referred for stress
echocardiography (image quality score: 2.0 in this study, versus
2.2 in [53], scored by the same observer in both studies). Al-
though the annotation protocol was fixed and should lead to con-
sistent results, in some cases, the precise location of the land-
marks were unclear due to poor image quality. This is reflected
in the rather large interobserver and intraobserver variabilities
(Table I). Moderate image quality remains a great challenge in
the clinical practice of echocardiography, especially in 3-D [57].
In the near future, significant improvements can be expected
in ultrasound imaging technology, and these improvements will
also positively affect image analysis. Although the definition of
the gold standard was hampered by the limited image quality, we
can still draw some conclusions on the effectiveness of sparse
registration based on average values over all data sets.

B. Qualitative Assessment

Qualitative assessment of the registration paints a positive
picture: in the majority of the cases, sparse registration was able
to achieve equally good rest-to-stress alignment. More impor-
tantly, in several cases, the alignment was considered even better
than the manually aligned data sets. Since the rest and stress
images were not manually annotated next to each other, differ-
ences could occur between the landmark annotation and the ac-
tual landmark position. This is especially the case for landmarks
which were difficult to define because of poor image quality.
This may explain why the registered stress image was consid-
ered better in terms of landmark placement in 7/40 cases.
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C. Sparse Registration

The poor image quality affected the definition of the gold
standard, which in turn may have influenced the determination
of registration success. We showed that the registration error
was comparable to the interobserver variabilities of several key
landmarks. However, due to the definition of the gold standard,
results may not seem outstanding compared to subvoxel pre-
cision reported in some papers. However, the qualitative as-
sessment suggests that the registration method is actually quite
good, and that rest-to-stress alignment can be achieved in most
cases. The sparse registration method is qualitatively assessed
as comparable to manual alignment, and will therefore benefit
the analysis of rest and stress.

Since we were interested in alignment of the anatomical
views, we chose salient landmarks on these sparse planes
for evaluating both sparse and full-3-D registration. For an
accurate comparison between rest and stress, it is important
to first achieve global image alignment before more detailed
registration. From this study, we can conclude that for ini-
tialization purposes, sparse registration is a better and a more
robust choice than full 3-D registration of echocardiographic
images. Naturally, since sparse registration does not take into
account areas of the left ventricle outside the sparse planes, no
conclusions can be drawn with respect to alignment in those
areas. However, the nonrigid, full-3-D registration of the whole
left ventricle requires a good, robust initialization, which can
be achieved using sparse registration. Ultrasound images tend
to contain many anomalies, such as near-field artifacts, echo
dropouts, and acoustic shadowing and noise, all of which can
easily mislead full-3-D registration. In fact, one of the advan-
tages of using a sparse approach is to avoid such artifacts, as
mentioned in the introduction. Ultrasound artifact suppression
is neither trivial nor easy to do. A robust, automated method for
detecting such artifacts warrants further study.

Our results demonstrated that when sparsity changes from the
three-plane to the four-plane configuration, better alignment is
achieved in all manually annotated landmarks. Similar results
have been shown in sparsity experiments for other applications.
Using a sparse active shape model for segmenting cardiac MR
images, Van Assen et al. [58] showed that a higher number of
short-axis planes reduced segmentation errors. However, no sig-
nificant improvement was found using six planes or more. In
a slightly different application, Pang showed that accurate vol-
umetric measurements of phantoms with complex geometries
could be achieved using a limited number of ultrasound image
planes [59]. These findings are in good agreement with the re-
sults reported by Voormolen et al. in an in vivo cardiac setting
[60]. These reports show that only eight planes in 3-D images
are sufficient for adequate volume analysis. In our case, using
the five-plane instead of four-plane configuration had a negative
effect on the alignment in the mitral valve region. This may be a
consequence of adding an extra short-axis plane in the apical re-
gion, thus reducing the relative contribution of the mitral plane
to the metric calculation. However, a slight improvement can be
seen in the alignment of the four-chamber direction, probably
because a small part of the right ventricular wall can be seen in
the extra short-axis plane at the apical level. The fact that the

results are very close to the interobserver variabilities suggests
that a better gold standard is needed to determine whether other
configurations of planes lead to better results. This is a subject
of further investigation.

Better alignment was achieved in the mitral valve region than
in the apical region. Several factors may have contributed to this.
First of all, the apex is quite often obscured by near-field ar-
tifacts or is partly outside the scan sector, while on the other
hand, the mitral valve region usually contains more structural
information such as the aortic and tricuspid valve, which helps
alignment in the four-chamber direction. Second, due to our
choice of image planes, the number of voxels contributing to
the metric calculation was higher at the mitral valve region. In
an earlier registration experiment, we tried to register only the
apex, using just the top third of the long-axis planes and one
short-axis plane in the apical region. However, the near-field ar-
tifacts caused misalignment in a considerable number of cases.
We expect that suppressing these stationary signals will lead to
better alignment in the apical area, for example using harmonic
imaging techniques [61].

D. Registration Metric

The best results were obtained using the NCC metric.
Whereas SSD implicitly assume that images differ only in
terms of Gaussian noise, the NCC makes a less strict as-
sumption of linear relationship between the intensity values
[13], [16]. This assumption is more valid in our case, because
ultrasonic image formation is highly anisotropic and posi-
tion-dependent across the different rest and stress acquisitions.
Global brightness variations caused by differences in gain
settings may exist between the rest and stress images, which
can be more adequately handled with normalized metrics [50].

SAD performed slightly better than SSD in our study, prob-
ably because SAD is less sensitive to outliers [13]. This is in ac-
cordance with the results reported by Cohen and Dinstein [62],
and in the closely related field of speckle tracking in ultrasound
images [63], [64]. Although SAD performed better than SSD
in our study, it cannot be interpreted as a general finding. The
choice for metrics remains very much modality and application
dependent.

NMI on the other hand performed slightly worse, probably
because the number of voxels in the sparse planes was not large
enough for computing the joint histogram reliably [15]. Otte
reached the same conclusion when comparing NCC with NMI
in registering subsets of functional MR images [65]. One solu-
tion to this problem may be to combine the probability distribu-
tion of the whole image with the local distribution of the sparse
planes, as proposed by Likar and Pernuš [66].

Sophisticated metrics that are specially designed to deal with
the complicated noise distribution in ultrasound data, may lead
to small improvements in registration accuracy. For example,
Cohen and Dinstein proposed new maximum likelihood metrics
for ultrasound images, contaminated by Rayleigh distributed
multiplicative noise [62]. Their results on simulated and in vivo
images showed that the new metrics outperformed SAD and
SSD. In our images, however, we suspect that the influence of
the acquisition-related artifacts (echo dropouts, acoustic shad-
owing) is stronger than speckle-related artifacts. Phase-based
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measures may therefore be a more suitable alternative, and their
effectiveness has been demonstrated in registering global struc-
tures in ultrasound images [28]. However, this is beyond the
scope of our study.

E. Image Resolution

Registration was best at finer resolutions, despite the
Gaussian filtering in coarser resolution levels. Although
Gaussian filtering can remove speckle noise, it may also blur
the edges of the myocardial wall, resulting in lower registration
accuracy. Also, at the coarser resolutions, most of the salient
structures had disappeared due to filtering. Anisotropic filtering
should be able to preserve these structures while removing
speckle noise [67]. Furthermore, since only sparse image
planes were used in the registration, it is more important to
preserve the amount of information in the sparse planes. This
also explains the slightly better results of the single level regis-
tration at full resolution than those of the multilevel registration.
In particular, in the apical region, downsampling might have
removed too much image information, as can be seen in the
registration errors (Table IV). In the case of such sparse planes,
it is best to always use the full resolution data which contains
the full image information. The multilevel registration did not
seem to contribute to more robust results, probably because the
initialization of the landmarks was already pretty close to the
optimum.

F. Limitations and Comparison With Other Work

Although the list of possible configurations of sparse planes
is unlimited, we have demonstrated that adequate results could
be achieved by using very sparse images.

Because our study aim was to achieve global alignment of
rest and stress images, rigid registration was used. Nonrigid reg-
istration, however, should give a more exact alignment of the
different myocardial wall segments, although it is much slower
[13]. It might also be used for comparing wall motion between
rest and stress stages. This should be investigated in future re-
search. Other issues in the registration framework which can be
further investigated are the type of optimizer, such as simulated
annealing. Although slower in convergence, it may be more ro-
bust and can also be implemented within the simplex framework
[48], [49]. For NMI, partial volume interpolation should help
make the metric function smoother [51].

Shekhar et al. [9] reported achieving visually better
aligned images using full-3-D mutual-information registra-
tion. Full-3-D registration did not give the best results in our
experiments; however, we cannot compare their results with
ours directly. First, their results on rest-to-stress registration
were evaluated only visually and their work did not relate
to sparsity. Second, their images were acquired using the
Volumetrics scanner (Durham, NC) and ours mainly using the
Philips Sonos 7500 system (Philips Medical Systems, Andover,
MA). Furthermore, the stress was induced physically using a
supine bicycle in their case, whereas a dobutamine protocol
was used in this study. Regarding their similarity measure, the
mutual-information metric was calculated on median filtered
data, using partial-volume interpolation, which should be more
robust. However, we believe that application of our sparse

method would be beneficial in the approach of Shekhar et
al. [9], provided a suitable algorithm for calculating the joint
histogram on sparse planes is used. This is a subject of further
investigation.

To fully analyze the differences in left-ventricular wall mo-
tion between rest and stress, a full 3-D examination of the align-
ment outside the sparse image planes is necessary. Since the
goal of this study was to globally align the anatomical coordi-
nate system in both images, the registration was evaluated using
only salient landmarks within the sparse planes. One way of ex-
amining the alignment outside these planes might be to com-
pare manual segmentations of the 3-D endocardial surface in
the rest and stress sequences, provided that these can be drawn
accurately. Since the images are globally aligned, the distances
between the 3-D segmentations should give a more precise mea-
surement of the motion differences between rest and stress.

Although the protocol for selecting landmarks in the 3-D im-
ages was fixed, the intraobserver and interobserver variabilities
were still large. This is inherently due to the poor image quality,
but also due to the lack of a proper tool for viewing 3-D rest
and stress images side-by-side. For this purpose, we are cur-
rently developing such a tool for analyzing 3-D rest-and-stress
echocardiograms. With this software program, rest and stress
data sets can be manually aligned using the protocol described in
this study, and then visualized side-by-side and temporally syn-
chronized. During initial tests, this tool proved to be a great help
in the manual alignment, and has shown its use in improving
the interobserver variability in wall motion analysis. The clin-
ical evaluation of this tool is a subject of ongoing research.

Although this study is focused on spatial alignment, temporal
alignment may further improve the comparison between rest and
stress wall motion. The robust sparse registration setup would be
very useful in this context, due to its low computation cost. The
sparse planes can be annotated in ED and registered to the next
time frame [30], [43], [68]. In this way, the landmarks can be
propagated through the cardiac cycle automatically. Since the
differences between two consecutive time-points are far smaller
than between rest and stress, we anticipate that the registra-
tion can be performed more quickly and more accurately. A
frame-to-frame registration within a single sequence should be
a better alternative than registration of rest-stress images per
time point, to avoid problems with temporal sampling (rest and
stress sequences differ in number of time-points because the car-
diac cycle is much shorter in stress). Investigation of the dis-
placement of the manually annotated landmarks from ED to ES
revealed that the motion of long-axis and the rotation of the
four-chamber view are rather close to the interobserver variabil-
ities. Therefore, it would be hard to show the improvement in
alignment quantitatively in this study. Nevertheless, temporal
registration may be useful to achieve more consistent views
across the whole cardiac cycle.

G. Application

We have demonstrated the effectiveness of sparse registration
in echocardiograms, and we believe that it is also applicable
to other registration problems. In any registration framework, it
is important to emphasize the structures of which alignment is
desired. This is especially true for images with many artifacts,
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as we have shown in this study. Furthermore, by reducing the
number of voxels with which the metric is calculated, the speed
of registration can be greatly increased.

We are currently looking into fully automated methods for
finding the sparse planes in the rest images. Recently, Liu and
Yang described a template-matching based method to select
the four-chamber view from 3-D echocardiograms [69]. We
ourselves have experimented with active appearance model
approaches [70]. Such methods will further facilitate wall
motion comparison in stress echocardiography.

V. CONCLUSION

In this study, sparse image registration was used for aligning
rest and stress images for 3-D stress echocardiography. Orthog-
onal four-chamber, two-chamber, and short-axis planes of the
3-D rest image were registered to the 3-D stress image. Dif-
ferent configurations of planes were investigated. Registration
using two long-axis planes and two short-axis planes was most
successful, with a performance similar to manual alignment. In
conclusion, sparse registration improves alignment of rest and
stress images, making it an important step towards automated
quantification in 3-D stress echocardiography.
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