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Abstract. We present a fully automatic framework for cardiac motion
tracking based on non-rigid image registration for the analysis of myocardial motion using both untagged and 3D tagged MR images. We
detect and track anatomical landmarks in the heart and combine this
with intensity-based motion tracking to allow accurately model cardiac
motion while significantly reduce the computational complexity. A collaborative similarity measure simultaneously computed in three LA views
is employed to register a sequence of images taken during the cardiac cycle to a reference image taken at end-diastole. We then integrate a valve
plane tracker into the framework which uses short-axis and long-axis
untagged MR images as well as 3D tagged images to estimate a fully
four-dimensional motion field of the left ventricle.

1

Introduction

In this paper, we make two contributions: First, we propose a fully automatic
approach to identify and track important cardiac landmarks throughout the cardiac cycle. In particular we use a machine learning approach to detect landmarks
such as the valve plane simultaneously in three LA views and then track the motion throughout the cardiac cycle. The second contribution is the combination
of complementary information from tagged and ungagged MR images using a
spatially adaptive weighting and a valve plane constraint to build an accurate
and realistic cardiac motion analysis framework.

2

Spatial and temporal correction

The analysis of cardiac motion information from different MR images requires a
common spatial and temporal reference space. However, there are three major
difficulties: (i) the presence of tags in 3D tagged images obscuring the anatomy,
(ii) differences in position caused by respiratory and patient motion within sequences and across sequences and (iii) variable temporal resolution of the different image sequences. Camara et al. [1] presented a registration algorithm
to correct the spatial misalignment between SSFP MR image sequences and
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CSPAMM MR image sequences, but temporal misalignment is not included. We
extend this framework for the combination of information derived from untagged
and 3D tagged MR image sequences which accounts for spatial misalignment as
well as differences in temporal resolution.
2.1

Temporal alignment

Each frame of a MR image sequence contains a DICOM meta-tag describing
the trigger time. We define T s and T e as the trigger time of the first and last
phase respectively and N as number of frames. Hence each image sequence,
e.g. short-axis (SA), horizontal long axis (HLA), vertical long axis (VLA), 3chamber (3CH) untagged and 3D tagged images has such a pair of trigger times.
s
e
We define Tref
and Tref
as the maximum value of the trigger times respectively
and Nref as minimum value of the number of frames in each sequence. The
e
s
common temporal resolution is then defined as ∆t = (Tref
− Tref
)/Nref . All
image sequences are resampled to this common temporal resolution using nearest
neighbour interpolation.
2.2

Spatial alignment

The 3D tagged MR images are free from respiratory motion artifacts since respiratory navigators are used during the acquisition. They contain complete 3D
motion information with isotropic sampling in all 3 directions. Thus, it provides
an ideal common spatial coordinate system. The only difficulty is the presence
of tags in the image that obscure the anatomical information which is needed to
align to the untagged MR images.

(a)

(b)

Fig. 1. This figure shows the 3D tagged pseudo-anatomical image overlaid with isolines
from the SA and LA images: (a) before alignment and (b) after alignment. Misalignments are pointed out by red arrows.

Removal of tags from 3D tagged MR Several techniques for tag removal
exist[6, 7, 1], yet none of these provided satisfactory results due to the fact that
the 3D tagged MR images used here are dominated by tag patterns and show
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little of the underlying anatomy. However, one can easily extract the low frequency band by applying a FFT, band-pass filtering and inverse FFT. We have
performed this naive but effective approach for tag removal and then averaged
the three 3D detagged MR images to generate the 3D pseudo-anatomical image. We then align the untagged MR images to the 3D pseudo-anatomical image
using registration by normalized mutual information [10].
Spatial registration Images from multiple cardiac MR image sequences may
be misaligned due to patient motion and different breath-hold positions during
acquisition. For short-axis untagged MR images this misalignment can also occur
between slices [1, 2] as Figure 1 demonstrates. To correct these artifacts, we
extract the middle phase in the reference temporal resolution from both the
SA and LA untagged MR images. We then register all available SA and LA
untagged MR image sequences to the 3D pseudo-anatomical MR image using
rigid registration. In contrast to the work in [2] the transformation is modeled as
a 3D rigid transformation rather than a 2D rigid transformation. The resulting
transformation of each slice in the middle phase is then applied to the same slice
in all other phases of the untagged MR image data.

3

Comprehensive motion tracking

During the cardiac cycle, the left ventricle undergoes a number of different deformations including circumferential, radial and longitudinal motion. While the 3D
tagged MR images provide good information about all aspects of the motion, the
SA images may provide more information of radial motion and the LA images
may provide some extra information about the radial and longitudinal motion.
Consider a material point in the myocardium at a position p = (x, y, z)T at
time t0 = 0 that moves to another position p0 = (x0 , y 0 , z 0 )T at time ti = i∆t
where ∆t is the time interval between two consecutive phases and i corresponds
to the time frame. The goal of the motion tracking is to find the transformation
T for all time phases i such that T(p, ti ) = p0 . In this work we represent T
using a series of free-form deformations [8] as described in [3].
The estimation of the deformation field T proceeds in a sequence of registration steps. Using the spatial and temporal alignment described in section 2, all
image sequences have been mapped into a common spatial and temporal coordinate system. We label the myocardium of the left ventricle at the end diastolic
(ED) phase of the untagged MR images using an automatic segmentation tool[9].
The segmentation tool propagate an probabilistic atlas to unseen image using
affine, LARM [13] and non-rigid registration [8], and using the propagated atlas
to constrain the MCEM [9] segmentation.
In addition, a gradient detector is used to highlight the epicardial and endocardial contours on untagged MR images. The information from both segmentation and the gradient-detector is combined into a spatially varying weighting
function which moderates the influence of the tagged and untagged images on
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the motion tracking. We then register the images taken at time t1 to the reference image at time t0 and obtain a transformation representing the motion of
the myocardium at time t1 [8]. We use the resulting transformation as an input
for the next time frame and continue this process until all the time frames in
the sequence are registered to the first phase[3].

3.1

Weighted similarity measure

To exploit the complementary nature of the tagged and untagged MR images we
have developed a spatially adaptive weighting function that accounts for the different types of information available: The 3D tagged images characterise well the
motion inside the myocardium while untagged SA and LA images characterize
the motion well at the epi- and endocardial borders of the myocardium. Outside
of the myocardium there is no useful information for cardiac motion tracking
apart from papillary muscles. Thus, we would like to generate a weighting function that is zero outside the myocardial region, that maximizes the weighting of
the tagged images within the myocardium and increases the influence of the untagged images at the myocardial border. The spatial weights for the tagged and
untagged images are generated for the reference image used for the registration.
The weighting for the untagged images, W u (p), is generated by multiplication the gradient of the segmentation with the gradient of the image intensity. Higher weighting indicates possible presents of myocardial edge which
is critical to estimation of radial motion. Let L denote the manual segmentation of the short-axis MR image I. This segmentation assigns a label Λ =
{Lbg , Lmyo , Lblood } to every voxel. The probability for myocardium P (p, Lmyo )
can be derived from myocardium segmentation’s intensity distribution by applying a Gaussian model. Furthermore assume that ∇Iσ denotes the gradient of
image I after convolution with a Gaussian kernel G with standard deviation σ.
The weights for the untagged MR image are defined as
W u (p) =

||∇Iσ (p)||||∇Pσ (p, Lmyo )||
max (||∇Iσ (p)||) max (||∇Pσ (p, Lmyo )||)

(1)

where ||∇Iσ (p)|| and ||∇Pσ (p, Lmyo )|| are the gradient of intensity and the
gradient of myocardium probability at location p after convolution with a Gaussian kernel G with standard deviation σ = 10mm respectively.
The weights for the 3D tagged image are defined as

W t (p) =


 1 − W u (p)


0

if L(p) = Lmyo
(2)
otherwise

Given a weight map, we define the similarity between two images IA , IB as
the weighted normalized cross-correlation between the image intensities:
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S(IA ; IB ; W, T) =
P
W (p)(IA (p) − µA )(IB (T(p)) − µB )
pP
W 2 (p)(IA (p) − µA )2 (IB (T(p)) − µB )2

(3)

For simultaneous registration of the untagged and 3D tagged images, the
correlation is computed separately across tagged images and untagged images
and combined into a single similarity measure:
Cs = {

X



|Ωs | S(Itt,s
, Itt,s
, W t,s , T)
0
i

s∈T

+

X

X


|Ωs | S(Itu,s
, Itu,s
, W u,s , T) }/
|Ωs |
0
i

s∈U

(4)

s∈U,T

Here |Ωs | denote the sum of weights in the image. Note, that the similarity
measure takes into account that different images have usually a different number
of voxels and therefore the correlation must be weighted accordingly.
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Detection and tracking of cardiac landmarks

We propose a fully automatic approach to localise and track landmarks of the
heart in LA views to provide essential information for myocardial motion tracking and segmentation. This approach is illustrated in Figure 2 for detection of
the mitral valve points heart across three LA views. A-priori knowledge about
the position of the landmarks is obtained based on a statistical analysis of the
location of landmarks. We use an approach akin to the marginal space learning
proposed in [12] to identify regions which are likely to contain the landmarks
of interest and then apply machine learning based landmark detector to voxels
within this region. Landmarks such as the valve annulus are tracked simultaneously in three LA views using template matching.
4.1

Valve Annulus Modelling and Detection

During the cardiac cycle, the mitral valve annulus undergoes mostly longitudinal
motion along with a number of other types of deformations including circumferential and radial motion. In a LV view, the valve plane can be modelled by a
line between two valve points in each LA view. However, due the large variations
in cardiac anatomy across subjects, its position, orientation and appearance can
differ significantly across subjects. Lu et al. [5] presented a joint context method
for landmark detection, but only one LA view was considered hence generated
relatively large errors. For any machine learning based approach, a meaningful
feature set which can distinguish the object from other anatomical structures efficiently is crucial for the success of the detector. In this work a set of Haar-like
features [11] as well as steerable features[12] are used.
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Fig. 2. This figure shows the work flow of valve plane tracking.

(a)

(b)

Fig. 3. Automatic detection of valve points. (a) An example shows a bounding box (4
blue points) for the valve plane containing the possible candidate point pairs and. (b)
some of the Haar-like features used for detection.

In addition, a-priori knowledge about the position of the valve points can
be exploited. As illustrated in Figure 3a, the line of the intersection between
the top stack of the SA view and VLA, and the line of the intersection between
HLA and VLA intersect at point O. This point O is usually approximately
half way from the valve annulus to apex and therefore can be used to roughly
anchor the valve plane. A bounding box can be generated relative to the point
O indicating the likely location of the valve plane. A Gaussian mixture model
is applied to classify the voxels in the LA images into air, soft tissue or blood.
Only those voxels labelled as soft tissue are considered as candidate valve points.
For each candidate valve point pi its normalised distance to the border of the
bounding box can be used to model the likelihood for a valve point at this
location. In addition, the SA view is usually planned at 90◦ relative to the LA
of the left ventricle that intersects the apex and the centre of the mitral valve
plane. Therefore, the orientation of the LA can be derived from the intersection
line of SA and any LA view. Ideally, if a point pi is a valve plane point, then
a second valve point qi should be present in the direction perpendicular to the
LA direction. Thus, the valve plane can be found by detecting a pair of points
{pi , qi } and no dedicated feature extraction is needed for orientation estimation,
thus reducing the computational complexity significantly. However, in practice
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due the fact that the valve annulus deforms and scan planes may not be planned
in the ideal orientation, the correct orientation of the valve plane may sometimes
differ by a small angle θ . We therefore test every point pi with every point in the
neighbourhood of qj so that the set of candidate valve-planes points becomes
{pi , qj |∀i; j = i + k}.
4.2

Simultaneous Valve Plane Detection in Multiple Views

Most clinical cardiac MR acquistions include multiple LA views such as VLA,
HLA and 3CH views. All three views can provide useful complementary information. We therefore construct three different detectors for the three LA views
to detect a pair of valve points in VLA and HLA views, as well as the valve
point in the bottom border in 3CH (the valve point in the upper border in 3CH
varies too much across samples due to larger variability in the acquisition of 3CH
views, and hence is not used as landmark). Two layers of Adaboost [11] are cascaded for each detector to avoid the training to be biased by negative samples,
which are 10 times more likely than positive samples. As different features sets
are used for the two layers, the hypotheses from the first layer are maintained
to be combined with the result from the last layer.
4.3

Valve Plane Motion Tracking

As described above (section 4.1), it is reasonable to make the assumption that
the valve annulus mainly undergoes deformation in the long-axis direction during
the cardiac cycle and accompanied shrinking and expanding perpendicular to the
long-axis. To track the motion of the valve annulus we conduct template tracking
based 2D collaborative tracking simultaneously on three LA views. To perform
template tracking we define two regions encompassing the valve end points in
each LA view and use cross-correlation to track these two valve end points
location in the next time frame. In total six regions are tracked simultaneously
in three LA view.
4.4

Constrained Myocardial Motion Tracking Using Tagged and
Untagged MR Images

The valve plane is an important landmark for accurate cardiac motion estimation
but is not clearly visible in untagged SA images and tagged SA images. From
the LA views, we have tracked the valve annulus using the collabrative tracker
described in section 4.3 and construct a valve plane surface Vt for each time
frame using Delaunay triangulation.
To estimate the motion within the myocardium, a weighted similarity measure described in section 3 is used. The constructed valve surface V is applied as
one of the constraints in non-rigid image registration to correlate the myocardial
motion to the tracked valve plane in form of a penalty term:
P
p∈Vt0 D(T(p), Vti )
(5)
Cv = −
|Vt0 |
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where Vti denotes the valve plane surface at time ti and D is the surface distance
operator (symmetric closest points).
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Fig. 4. Automatice motion tracking results. Tracking errors are estimated as distances
between tracked valve positions and ground truth positions for 10 patients through the
cardiac cycle. The edges of the blue box are 25th and 75th percentiles.

We collected three LA views and SA sequences from each of the 50 patients.
For valve annulus detection, 40 sets of images are randomly chosen for learning
and 10 sets are used for testing. The collaborative tracker is then applied on the
10 test cases. The accuracy of the motion tracking is computed as the Euclidean
distance between the detected valve points and points manually marked in each
time frame for 10 cases in the test set, which is reported in Figure 4. The relative
large error from patient 2 is due to the fact that patient 2 is actually a healthy
volunteer, hence its feature set is very different from that of the most samples
from the training set (38 patients plus 2 volunteers).
A transformed synthetic tagging grid is often used to access the accuracy of
tag tracking in addition to numerical result. Figure 5 shows a deformed grid at
the end systolic phase (subject v4). A full movie has been submitted to the challenge data base. A realistic estimation of cardiac motion should include radial,
circumferential and longitudinal motion. An accurate tracking of the endocardial and epicardial boundaries on short-axis MR images indicates good radial
motion estimation. Similarly, the accurate tracking of the endocardial and epicardial boundaries on the long-axis MR images indicates good longitudinal motion
estimation. An example of the motion in different direction from subject v4 is
shown in Figure 6.
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Fig. 5. This figure shows a synthetic grid propagated to end systolic phase and overlaid
with 3D tagged image of subject v4.

Fig. 6. This figure shows respectively radial longitudinal and circumferential motion
at end systolic phase and myocardial segmentation of subject v4.
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Conclusion and Future Work

In this paper we have presented a fully automatic approach to identify and track
a sparse set of landmarks throughout the cardiac cycle and conduct cardiac motion tracking using both 3D tagged as well as untagged image sequences from
short-axis and long-axis views simultaneously. The key advantage of the proposed
method is the simultaneous use of complementary motion information contained
in the tagged and untagged images. By combining complementary information
using a spatially adaptive weighting and valve plane constraint, we have successfully build an accurate and realistic cardiac motion analysis framework. Future
work will investigate continuous transformation model in the temporal direction
to avoid temporal alignment and small errors introduced by [4]. We will also
work on the automatic detection and tracking of a larger number of generic car-
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diac landmarks. This will enable better hybrid sparse and dense motion tracking
with a view to improve speed and accuracy of the motion tracking.
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