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Abstract. In this paper, we evaluate the iLogDemons algorithm for
the STACOM 2012 cardiac motion tracking challenge. This algorithm
was previously applied to the STACOM 2011 cardiac motion challenge
to track the left-ventricle heart tissue in a data-set of volunteers. Even
though the previous application showed reasonable results with respect
to quality of the registration and computed strain curves; quantitative
evaluation of the algorithm in an objective manner is still not trivial.
Applying the algorithm to the STACOM 2012 synthetic ultrasound sequence helps to objectively evaluate the algorithm since the ground truth
motion is provided. Different configurations of the iLogDemons parameters are used and the estimated left ventricle motion is compared to
the ground truth motion. Using this application, quantitative measurements of the motion error are calculated and optimal parameters of the
algorithm can be found.

1

Introduction

Understanding cardiac motion dynamics through the heart beat is fundamental
for providing useful insights into cardiac diseases. Analyzing medical images is
one way to better understand the complex dynamics of the heart and in recent
years, cardiac motion tracking algorithms have been developed to attempt to
estimate the observed motion. We refer the reader to [2] for the state of the
art on cardiac motion tracking. A cardiac motion tracking challenge was introduced in the STACOM 2011 MICCAI workshop which allowed participants to
apply algorithms to a given data-set of healthy volunteers with cine-magnetic
resonance, ultrasound, and tagged-magnetic resonance image sequences. In this
work we describe the application of the incompressible log-domain demons algorithm (iLogDemons for short) to a set of synthetic ultrasound image sequences
for which the ground truth deformation is known and provided for training within
the STACOM 2012 MICCAI cardiac motion tracking challenge. From this we
are able to compute the error between the ground truth and the estimated deformation for the training data.

2

Methodology

The iLogDemons algorithm is a consistent and efficient framework for tracking
left-ventricle heart tissue through the cardiac cycle using an elastic, incompressible non-linear registration algorithm based on the LogDemons algorithm [3,
2]. Applying a non-linear registration to pairs of medical images is a common
method to estimate the motion and the deformation of the tissue in the image.
2.1

LogDemons

The LogDemons [6] non-linear registration aligns a template image T (x) to a reference image R(x) by estimating a dense non-linear transformation φ(x), where
x ∈ R3 is the space coordinate. This transformation φ(x) is associated with the
displacement vector field u(x) and is parameterized by the stationary velocity
vector field v(x), φ(x) = x + u(x) = exp(v(x)). This ensures the invertibility of
the deformation. The LogDemons algorithm contains two steps, which are the
optimization and the regularization step. The optimization step finds the intermediate correspondence transformation φc (x) = exp(vc (x)) = φ(x)◦exp(δv(x)))
by minimizing the LogDemons energy

ε(v, vc ) =

k log(exp(−v) ◦ exp(vc )) k2L2
k R − T ◦ exp(vc ) k2L2
k ∇v k2
+
+
2
λi
λ2x
λ2d

with respect to vc (x), where λ2i is the parameter that estimates the noise in
the image λ2i (x) = |R(x) − T ◦ φ(x)|2 , λ2x is the parameter that controls the
uncertainty of the correspondences and λ2d is the parameter that controls the
regularization strength. vc parameterizes the intermediate transformation φc (x)
which models the voxel correspondences of the two images without considering
the regularity of the transformation. The optimal update velocity writes
δv(x) = −

R(x) − T ◦ φ(x)
J(x),
k J(x) k2 +λ2i /λ2x

where J(x) is the symmetric gradient J(x) = (∇R(x) + ∇(T ◦ φ(x)))/2. The
correspondence velocity vc is updated using the the Baker-Campbell-Hausdorff
(BCH) formula vc = Z(vc , δv) [6]. Finally, the optimal regularized transformation φ(x) is estimated in the regularization step by minimizing the LogDemons
energy with respect to v, which is approximated by smoothing the correspondence velocity vc with a Gaussian kernel Gσ .
2.2

iLogDemons

iLogDemons adds physiological constraints; elasticity and incompressibility, to
the LogDemons algorithm. It proposes an elastic regularizer
to filter the

 correσ2 κ
spondence velocities by the elastic-like kernel: v = Gσ Id + 1+κ HGσ ? vc =
Gσ,κ ? vc , where HGσ is the Hessian of the Gaussian kernel Gσ and Gσ,κ is the
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Fig. 1. The concatenation of the velocity field vTi →Ti−1 and vTi−1 →R using the BCH
formula is used to initiate the registration of the template image Ti (x) to the reference
image R(x).

elastic-like vector filter. Incompressibility is achieved by constraining the stationary velocity field v(x) to be divergence-free. The complete algorithm of the
iLogDemons is described in Algorithm 1.

Algorithm 1 iLogDemons: Incompressible Elastic LogDemons Registration
Require: Stationary velocity field v0 . Usually v0 = 0 i.e. φ0 = Id.
1: loop {over n until convergence}
2:
Compute the update velocity: δvn (see [2]).
3:
Fluid-like regularization: δvn ← Gσf ? δvn , Gσf is a Gaussian kernel.
4:
Update the correspondence velocity using the Baker-Campbell-Hausdorff (BCH)
formula: vn ← Z(vn−1 , δvn ) (see [6]).
5:
Elastic-like regularization: vn ← Gσ,κ ? vn (see [2]).
6:
Solve: ∆p = ∇ · vn with 0-Dirichlet boundary conditions. This is done in order
to achieve the incompressibility.
7:
Project the velocity field: vn ← vn − ∇p.
8:
Update the warped image T ◦ φn = T ◦ exp(vn ).
9: return v, φ = exp(v) and φ−1 = exp(−v).

2.3

Cardiac Motion Tracking Strategy

We initialize the registration of the template image Ti (x) at frame i to the
reference image R(x) with the concatenation of the previous frame (i − 1) to
reference velocity field vTi−1 →R and the current-to-previous frame velocity field
vTi →Ti−1 by Z(vTi−1 →R , vTi →Ti−1 ) with Z is the BCH operation, as a strategy to
track the myocardium (cf. Fig. 1) [2]. The final registration is always calculated
to the same end diastolic reference image R(x).

3

Application to Challenge Data

3.1

Algorithm Parameter Setting

We used the standard parameters that were used previously in [3]. However,
since the ground truth motion is available for the synthetic ultrasound sequence
provided, we also tested different parameters of the iLogDemons as described in
Table 3.1.
Input parameters:
Value
Multi-resolution levels (frame-by-frame registration)
3
Multi-resolution levels (refinement step)
2
Number of iterations / level
100
σf update field in mm
0.5
κf update field in mm
0
σ stationary velocity field in mm
1 or 1.5 or 2
κ stationary velocity field in mm
1
Incompressibility update field (0-Disable,1-Enable)
0
Incompressibility velocity field (0-Disable,1-Enable)
1 or 0
Table 1. iLogDemons parameters used in the application

iLogDemons non-rigid registration was previously applied to the STACOM
2011 challenge data-set [5, 3]. It showed reasonable results in term of the alignment of the registered frames in the cardiac sequence with the reference end
diastolic image. Using the estimated transformations, it could also track the
myocardium along the cardiac cycle. The calculated strain curve was also comparable to literature for healthy strain values [4].
3.2

Simulated ultrasound cardiac sequence data

The simulated data-set consisted of 10 synthetic ultrasound sequences with 23
frames per case, with image spatial resolution of 267×355×355, and isotropic
voxel size of 0.33 mm. For each sequence, the left ventricle (LV) is almost fully
visible while the right ventricle is only partially visible in the ultrasound acquisition cone. To compensate for the part of the LV which is out-of-window
region, we artificially expanded the acquisition pyramid. The boundary voxels
were copied to fill this region and additional noise was also added. The dataset contains different motion and deformation patterns (normal, LBBB, RBBB,
pacing) with the ground truth deformation provided as the deformation of volumetric meshes in a cardiac cycle (See [1] for further details on the synthetic
data-set).
3.3

Application to the synthetic data

In order to find the optimal parameters of the algorithm that are able to handle
large deformations, we processed the first case of the ultrasound synthetic data-

set since it simulates normal heart motion with large contraction. We launched
the parameters that were used previously in [3] to the full resolution data-set. We
also applied our algorithm on down-sampled images to reduce the computational
time. We down-sampled the data to a resolution of 88×117×117 with isotropic
voxel size of 1.02 mm The computation time of the whole sequence processing
was reduced from the order of days to hours. The current implementation can
be optimized to handle large volumes by improving the memory access scheme
since the addition of computation time of current implementation is not caused
by the addition of computational complexity. One configuration of parameters
was tested for both the full and down-sampled data to verify the accuracy of
the down-sampled registration compared to the full-resolution registration and
found very small differences in the results (cf. Fig. 2). Other configurations of
the key parameters were tested on the down-sampled data.
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Fig. 2. The registration error (calculated using the method described in Section. 3.4 )
of the full resolution and down-sampled dataset of the first case are compared. They
show relatively small difference. .

3.4

Quantitative Evaluation

Displacement Error To evaluate quantitatively the performance of each set of
the parameters used for the iLogDemons with incompressibility on the velocity
field set to 0 or 1, we calculated the ground truth displacement vector field from
the deformation of the provided simulated meshes. We rasterized the displacement vectors to the image uGT (x) in order to be able to compare them to the
iLogDemons estimated displacement field ue (x). The norm of the difference of
the two vector fields ||uGT (x) − ue (x)|| is calculated. The global mean of this
values over the whole left ventricle are calculated for each time frame in the
cardiac cycle (cf. Fig. 3). Based on Fig. 3, the parameter σ = 1.5 without the
incompressibility constraint gives the lowest maximum error for the first case.
We calculated the LV volume of the ground truth deformed meshes in a cardiac

cycle and we observed that the current electromechanical model is not incompressible. Fig. 4 shows the mean and standard deviation of the LV myocardium
volume change in a cardiac cycle for the whole data-set. There is a 10% change
of volume during the maximum contraction. In Fig. 5, we compare the ground
truth displacement vector for each American Heart Association (AHA) region
of the left ventricle. We compare it to the iLogDemons estimated displacement
vector and calculated the difference for each AHA segment. Fig. 5 also shows the
error for the basal (regions 1-6), mid (regions 7-12) and apical (regions 13-17)
regions. More error is observed in the apical region since the longitudinal motion
of the apex toward the base changes the intensity of the apical region.
The result for the whole data-set processing is shown in Fig. 6. As also shown
in Fig. 5 for the first case, the registration of each frame to its previous frame
gives small error which is less than one voxel size. For the frame to reference
result, we observe that there is an error accumulation during the maximum
contraction.

Fig. 3. The mean and standard deviation of the displacement error calculated on the
whole left ventricle for varying values of σ for the first case.
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Fig. 4. The mean and standard deviation of the LV volume change of the ground
truth deformed meshes during a cardiac cycle. Current electromechanical model is not
incompressible since there is a 10% of volume change during the maximum contraction.

Strain Estimation From the iLogDemons estimated displacement field u(x),
we computed the strain tensor and projected it to the local radial, circumferential and longitudinal directions. The strain tensor was calculated using the 3D
1
Lagrangian finite strain tensor E(x) = [∇u(x) + ∇uT (x) + ∇uT (x)∇u(x)].
2
The mean and standard deviation of the strain estimation of the whole data-set
is shown in Fig. 7. The result using incompressibility has more realistic range of
value (from -15% to 25%) of the estimated strain compared to the one without
incompressibility (from 150% to 300%).
3.5

Myocardium Tracking

Qualitative evaluation of the algorithm is done by comparing the contour of the
simulated mesh at the frame with maximum contraction with the deformation
of the end diastolic mesh using the iLogDemons estimated displacement field at
the same frame for the first case. Reasonable agreement of the contours can be
observed in Fig. 8, which indicated that the algorithm is able to capture realistic
deformations, even in the case of a synthetically simulated sequence.

4

Discussion

This evaluation shows that the iLogDemons with and without the incompressibility constraint were able to recover the simulated motion in the ultrasound
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Fig. 5. The comparison of the ground truth, incompressible and non-incompressible
iLogDemons estimated LV displacement norm for the first case on each American Heart
Association (AHA) region. In both cases, σ = 1.5 was used. The mean displacement
error is also calculated on each AHA region.

synthetic sequence with reasonable accuracy. It is worth noting that the current
electromechanical model is not incompressible, therefore enforcing incompressibility in the registration algorithm naturally does not improve the results, in
comparison to the iLogDemons method without the incompressibility constraint.
Furthermore, we also found that increasing or decreasing the sigma value does
not always improve the result since the best value that we found here is σu =
1.5 while σu = 1 and σu = 2 do not yield significantly better results.

5

Conclusion

The iLogDemons algorithm was applied to a data-set of synthetic ultrasound
sequence with different motion and deformation pattern. The algorithm was
able to reasonably estimate the ground truth deformation of the model. Since
the provided data-set were created using an electromechanical model which is
not incompressible, the incompressibility constraint does not improve the result.
However, the incompressibility constraint gives more realistic range of estimated
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Incompressibility
without
withoutIncompressibility
Incompressibility
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Fig. 6. The displacement error of the whole training data-set
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Fig. 7. The mean and standard deviation of the estimated strain for the whole training data-set with and without incompressibility constrain. Incompressibility constraint
gives more realistic range of value of the estimated strain (from -15% to 25%). This
range is shown as black horizontal lines on the result without incompressibility.

Time
frame 1

Time
frame 8

Fig. 8. Myocardium tracking result for the first case is shown (red for iLogDemons
and purple for iLogDemons without incompressibility) and compared to the simulated
ground truth (blue) at the time frame 8 which is at the maximum contraction. The
tracking result follow the contour of the ground truth, indicating that the algorithm is
able to capture reasonably well the dynamics of the motion.

strain value. Future work is needed to deal with the error accumulation during
the maximum of contraction.
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