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Abstract. Accurate and robust estimation of the three-dimensional left
ventricular geometry and deformation has important clinical implications
for better diagnosis and understanding of ischemic heart diseases. So far,
most image analysis efforts have performed the shape recovery and the
motion tracking tasks in separate steps, typically in sequential fashion. In
this paper, we present a continuum biomechanics model based framework
that performs simultaneous segmentation and motion analysis of the
left ventricle from 3D image sequences, achieved through the tracking
of the spatiotemporal evolution of a 3D active region model driven by
imaging data, statistical priors of the left ventricular boundaries, and
cyclic motion models of the myocardial tissue elements. Experiments on
3D canine and human MR image sequences have shown the superiority
of the strategy.
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Introduction

With the rapid development of medical imaging technology, 3D images of the
moving heart have become increasingly available from several different imaging
modalities such as MR tagging, phase contrast MRI, and cine CT. These images
provide the spatiotemporal tomographic insights of the cardiac states of health,
and the computer assisted analysis of these images offers quantitative tools for
the diagnosis of ischemic cardiomyopathy, the leading fatal disease in the world.
Since ischemic heart diseases often manifest as abnormalities of ventricular
geometry, wall kinematics, and myocardial mechanics, there have been many
image analysis efforts over the last twenty years devoted to the shape and motion
recovery of the heart [1–3]. While it has been argued that there are advantages
to treat the spatial boundary finding and the spatiotemporal motion tracking
as a coherent and unified process to reduce the possibility of error propagation
from one step to another, most of the existing efforts do not attempt to tackle
the segmentation and motion problems simultaneously, but rather sequentially.

Fig. 1. From left to right: the constructed endocardial and epicardial surface meshes,
the dense and coarse volumetric mesh representations of the left ventricle. We use the
coarse model here to save computational time.

In this paper, we put forward a method of simultaneous segmentation and
motion recovery of the left ventricle from 3D image sequences. This variational
strategy extends the active region model (ARM) [7] to 3D, where each ARM
node spatiotemporally evolves under the influences of the internal and external
forces towards apparent boundary and structures in the image. Based upon the
finite element representation, we adopt the physically meaningful continuum
biomechanical model of the myocardium to regularize the intrinsic behavior of
the ARM, while node-dependent imaging data, the temporal consistency models
of the tissue geometry and kinematics, and the statistical priors of the myocardial
tissue distributions are used as driving forces. Experiments on canine and human
MR images are used to demonstrate the usefulness of the method.

2

Methodology

The simultaneous segmentation and motion recovery framework is built upon the
3D active region model, which consists of three integral components: a volumetric
representation of the left ventricle, a material constitutive law which constrains
the intrinsic behavior of the myocardium, and the data- and model-driven external forces which move and deform the left ventricle towards image-defined
equilibrium of simultaneous boundary recovery and motion correspondence.
2.1

Finite Element Representation

The left ventricle is represented by a finite element mesh of sampling nodal
points, bounded by the endo- and epi-cardial boundaries. To ensure desired
computation stability and accuracy, it is very important to have the same resolution in x−, y−, and z− directions. Thus, for certain images which have coarser
inter-plane resolution, the shape based interpolation method is used to create
additional between-slice boundary contours from contours of the original slices,
rather than interpolating image slices directly [5].1 After segmentation of the
first image frame, we create the Delaunay triangular surface meshes of the endo1

However, when using phase contrast velocity MR images, we do need to interpolate
the images for consequent calculations of image forces.

Fig. 2. Segmentation result of the 3D canine MR image sequences at frame #8, left:
slice #6, right: slice #10.

and epicardium first, and then construct the volumetric tetrahedra mesh of the
left ventricle. Such meshes, as shown in Fig. 1, are reconstructed from canine
MR images with original image resolution of 1.64 × 1.64 × 5.00 mm/pixel. After
contour interpolation, the meshes has 1.64mm in-plane resolution and 1.66mm
inter-plane resolution (the left volumetric model in Fig. 1), then we got 9540
points and 43200 tetrahedrons, which may spend more than 10 hours to get the
motion result using our method. To save computational cost, we have re-sampled
the mesh to 4.92mm in-plane and 5.00mm inter-plane resolution (the right volumetric model in Fig. 1), thus we got 1800 points and 7850 tetrahedrons, which
only need about 4000s to run.
2.2

3D Active Region Model

For the 3D active region model, we aim to minimize the energy function, measuring the segmentation and motion tracking costs, over the entire LV:
Z
Etotal (u) =
Einternal (u) + Eexternal (u)dΩ
(1)
Ω

where u is the displacement field defined over the region of interest Ω, such
that certain measure on the final configuration of the LV shape and movement
reaches steady state of minimum energy. Einternal here composes of the internal
energy of the LV volume itself, i.e. the elastic energy of the myocardium, while
Eexternal consists of data and prior model driven energies discussed later.
Using the finite element method as the numerical framework, we arrive at
the following system dynamics equation:
KU = F

(2)

where K is the stiffness matrix, U is the nodal displacement vector, and F is
the generalized external force vector. This equation can be interpreted as that
the LV spatiotemporally evolves towards equilibrium state, under the internal
spatial constraint of K which provides the relationship between sampling nodes,
and the space-time dependent external forces F which enforce segmentation and
motion tracking.

Fig. 3. Segmentation of the 3D canine MR image sequences (mesh intersections with
a middle ventricle slice for illustration): frames #1, #3, #5, #7 and #9 (out of 16
frames).

By applying the principles from Lagrangian mechanics, we can update the
displacement vector with time step τ :
(I + τ K)U t = (U t−1 + τ F t−1 )

(3)

t

where I is an identity matrix and U is the displacement at time t. The iteration
stops when kU t − U t−1 k is below certain threshold.
2.3

Continuum Biomechanical Models

We use continuum biomechanical model of the myocardium, instead of the geometrical deformable models, to construct the stiffness matrix K. For computational feasibility, we use linear isotropic material model where the stress (σ) and
strain (²) tensors obey the constitutive law:
with:

[σ] = [C][²]

(4)
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where E and ν are material dependent parameters. The internal energy of the
linear isotropic ARM model thus can be expressed as:
ZZZ
1
Einternal =
[²]T [σ]dV
2
ZΩ
ZZ
(7)
0
0
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Ω

Fig. 4. Estimated strain maps with respect to end-diastole (canine MR images, frames
#3, #6, #9 (left to right)): radial strains (top), circumferential strains (middle), and
radial-circumferential shear strains (bottom).

which
of strain and stress tensors, and the stiffness matrix is K =
RRR is0 aT function
0
[B ] [C][B ] dV .
Ω

2.4

Image/Model Driven External Forces

The external driving force F incorporates both imaging data information and
prior modeling constraints that are needed for the simultaneous recovery of the
LV shape and motion. It has four primary components: Fedge which drags the
LV surfaces towards the boundary locations, Fshape which preserves the salient
feature coherence between image frames, Fprior which provides the statistical
prior distributions of the myocardial tissue locations, and the spatiotemporal
constraints on the myocardial behavior Ftemporal (x). If x denotes the nodal
position, then the overall external force on a boundary point is the form of:
Fboundary (x) = Fedge (x) [α(x)Fprior (x) + β(x)Ftemporal (x) + γ(x)Fshape (x)]

(8)

Here, the algorithm favors locations which are likely edge points while maintains the balance between the prior positional information, the temporal filtering/prediction results, and the salient shape coherence measures between frames.

Fig. 5. Segmentation of the 3D human MR image sequences (mesh intersections with
a middle ventricle slice for illustration): frames #1, #3, #5, #7 and #9 (out of 20
frames).

For all non-boundary nodes, there are no constraints on them being edge
points or preserving shape coherence between image frames. Hence, the force
term is simplified to:
Finternal (x) = α(x)Fprior (x) + β(x)Ftemporal (x)

(9)

All the force components above, Fedge (x), Fshape (x), Fprior (x) and Ftemporal (x),
are normalized to the range of [0, 1], and the weighting constants α(x), β(x) and
γ(x) are selected to reflect the varying data and model conditions at different
parts of the heart.
Edginess Measures For noisy grey level images, it is not appropriate to only
use image gradient as the external force since gradient has limited capture range
and poor convergence to true boundary concavities. Hence, we have also used
the Gradient Vector Flow (GVF) of the image [8], which reaches minimum value
at boundary, to construct Fedge :
Fedge (x) =

|GV F (x)|
1 + |Grad(x)|

(10)

where |Grad| is image gradient and |GV F | is the GVF magnitude.
Prior Measures In medical image analysis, prior information such as general
shape, location, and orientation are often incorporated into the deformable model
formulations in order to achieve more robust estimates during shape recovery. In
the same spirit, we have used 3D Gaussian distributions N(x(k−1), σ1 , σ2 , σ3 ) as
the spatial prior range for any nodes movement between frames, where x(k − 1)
is the node’s position at the last frame, σ1 , σ2 and σ3 are the variances. Then
the construction of Fprior becomes:
Fprior (x) = 1 − N(x(k − 1), σ1 , σ2 , σ3 )

(11)

In other words, we favor positions which are not far away from the nodal positions
at the previous frame.

Shape Coherence Measures It has been shown in earlier works that shape
coherence is a valid criterion in motion recovery of the left ventricular boundary [6]. Thus, we enforce geometrical consistency to establish point correspondence between image frames. Under iso-intensity assumption, we can compute
the Gaussian curvature of 3D point directly from image (one frame in the 4D
image) [4]:


fxx fxy fxz
1
(12)
κx = ¡
¢32 det fxy fyy fyz 
fx2 + fy2 + fz2
fxz fyz fzz
where fx , fy , and fz are the first derivatives of the 3D image intensity, and fxx ,
fxy , fxz , fyy , fyz , and fzz are the second derivatives. Since the construction of
Fshape is based on shape coherence, the resulting point should has close curvature
to the corresponding point at last frame:
Fshape = |κ(x+δx)(k+1) − κx(k) |

(13)

where (x + δx) indicates local search window.
Temporal Measures Temporal constraints can be put into the model since
the heart motion is periodic. A standard Kalman predictor is used to estimate
the state vector at frame k + 1 through: ẑ(k + 1|k) = C ẑ(k|k), where z = [x̄, x, ẋ]
is the state vector (position, displacement and velocity), ẑ(k +1|k)and ẑ(k|k) are
the estimated state vectors for frame k + 1 and k respectively, the construction
of C is based on the trajectory functions followed by each node, and x̄ should be
updated during each estimation. In our experiments, the velocity information
adopts the motion fields from the MR phase contrast velocity images or the
spatio-temporal intensity flow between images. The phase velocity data should
be regularized first to get rid of the noises.
The estimated possible node position x̂ is used to construct a rotated 3D
Gaussian distribution N (x̂, σi , σj , σk , θ(x̂), φ(x̂)), where σi , σj and σk are the
variances in the rotated major directions, and θ, φ are the angles of the line
formed by x(k − 1)and x̂(k) with respect to the cartesian coordinate. Then we
can get the temporal force as follow:
Ftemporal (x) = 1 − N (x̂, σi , σj , σk , θ(x̂), φ(x̂))

3

(14)

Experiments and Conclusions

We have implemented the algorithm and performed initial experiments on normal canine and human cardiac MRI data sets. For both human and canine cases,
myocardium is modeled as an isotropic linear elastic material with Young’s modulus 75,000 Pascal and Poisson ratio 0.47 [9]. The left ventricle is represented by
linear finite element mesh constructed from the Delaunay triangulation of the
sampled points, Fig. 1 shows the final model constructed from the normal canine
data.

Fig. 6. Estimated strain maps with respect to end-diastole (frame #1) (human MR
images, frames #3, #6, #9 (end-systole) (left to right)): radial strains (top), circumferential strains (middle), and longitudinal strains (bottom).

For the normal canine data, the in-plane and inter-plane image resolutions
are 1.64 mm/pixel and 5 mm/pixel respectively, with temporal resolution 40
msec/frame. Visually robust and sensible volumetric segmentation of the endoand epi-cardial boundaries are presented in Fig. 2 and Fig. 3. The recovered
cardiac-specific radial (R), circumferential (C), and R-C shear strain maps of
selected frames are depicted in Fig. 4, all with respect to the end-diastolic state.
The normal Human MRI data sets are acquired using breath-hold technique.
The image parameters of the normal human volunteer (36 year old male) shown
here LV were as following: TR 3.786ms, TE 1.584ms, flip angle 45, 256 × 256
matrix, 8mm slice thickness, pixel spacing 1.5625mm×1.5625mm. The resulting
3D image set consists of 11 2D image slices per temporal frame, and 20 temporal 3D frames per cardiac cycle. Once again, visually appropriate volumetric
segmentation results for this normal human MR data are shown in Fig. 5 for
selected frames. The top views of the cardiac-specific strain maps at frames #3,
#6, and #9 (end-systole) are shown in Fig. 6, all with respect to end-diastole.

As expected for normal heart, the magnitudes of the radial, circumferential, and
longitudinal strains increase during the cardiac deformation from ED to ES. The
longitudinal strains are relatively small compared with other strains. These indicate that the myocardium is primarily thickened in the radial direction and
shortened in the circumferential direction.
These preliminary results demonstrate that the proposed algorithm can be
used to perform 3D segmentation and motion field tracking simultaneously. With
further experiments and validations, we expect that 3D active region model will
find a valuable role for myocardial segmentation and motion analysis.
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