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ABSTRACT
4D Transesophageal Echocardiography (TEE) is a newly developed tool to visualize the morphology and dynamics of
the mitral valve for diagnosis and treatment planning. Quantitative patient-specific modeling of the mitral valve is demanded since it allows for the reliable predictive simulation
of medical intervention. State-of-the-art image-based and
biomechanical models with generic material parameters have
limited predictive power as they are only partially fitted to
patient-data. As a step closer to a fully personalized model, an
estimation algorithm is presented in this paper. The method
combines image-derived mitral valve dynamics with a biomechanical model to estimate regional patient-specific material
parameters in-vivo. In particular, the extended Kalman filter
(EKF) is adopted in a way that it becomes flexible to integrate
any biomechanical model and more parameters of interest in
the estimation. The algorithm was verified on synthetic data
with known Young’s modulus and shear modulus, yielding
less than 5% error. The algorithm was also evaluated on 4D
TEE images of five patients. Estimated Young’s moduli agree
with the clinical observation that material parameters vary
regionally and among the population. The estimated material
parameters can be used in patient-specific modeling as well
as the detection and evaluation of diseased areas.
Index Terms— TEE, mitral valve, biomechanical model,
material parameters, extended Kalman filter
1. INTRODUCTION
Transesophageal Echocardiography (TEE) uses a special
probe in the esophagus to obtain images of cardiovascular
structures. TEE offers clearer images of the cardiac morphology compared to traditional echocardiography since the
signal is not obstructed by ribs, obesity or emphysema. Newly
developed 4D TEE provides a fast and easy tool for advanced
visualization of the mitral valve. The mitral valve regulates
blood flow from the left atrium to the ventricle through rapid
opening and closing. Mitral valve dysfunction, including
mitral stenosis and regurgitation where the valve cannot open

or close properly, causes cardiac inefficiency or even lifethreatening conditions. Surgical intervention is necessary to
repair or replace the diseased valve. A detailed preoperative
plan is essential to choose a suitable treatment strategy and
bring an optimized outcome [1]. Quantitative patient-specific
modeling of the mitral valve is a challenging problem but
can improve understanding of mitral valve function and assist
clinicians during treatment planning.
Several approaches have been proposed to model mitral
valve geometry and dynamics, including image-based and
biomechanical methods. The image-based methods focus
on estimating the mitral apparatus and dynamics from medical images. Schneider et al. [2] proposed a semi-automatic
method to segment and track mitral valve annulus and leaflets
during the cardiac cycle from 4D ultrasound images. Ionasec
et al. [3] proposed a learning based fully automatic method
that extracts the mitral valve dynamics from 4D cadiac computed tomography or TEE. These methods can provide accurate morphological and functional quantification of the mitral
valve but do not explain the underlying mechanisms of the
pathology. Voigt et al. [4] proposed a similar learning based
method but incorporated the leaflets’ biomechanics to ensure temporal and physiological consistency. However, those
methods above do not use personalized material properties
therefore lack predictive power in guiding the preoperative
treatment plan. In the last decade, several computational mechanical models of the mitral valve have been proposed since
the pioneering work of Kunzelman et al. [5]. Patient-specific
mechanical models are built from medical images [6,7] where
the mitral apparatus is estimated from the images while the
material parameters of the mitral leaflet tissues are obtained
from experimental results and generalized to all the patients.
However, studies on sheep data [8] show that the material
properties vary both among individuals as well as regionally.
Material properties vary among patients especially in the diseased area due to pathological changes. Hence personalized
material parameters are important to accurately model the
mitral valve and predicatively plan appropriate therapy.
In this paper an estimation framework is presented com-

Fig. 1. Proposed framework for the mitral valve material parameter estimation
bining the image-based and biomechanical models to estimate
patient-specific material parameters of the mitral valve. It is
the first study, to the best of our knowledge, to estimate invivo material parameters of mitral leaflets based on the observed motion pattern from TEE. The method was tested on
synthetic data and five patients with promising accuracy.
2. METHOD
2.1. Overview of the method
A two step procedure is followed for the proposed method as
shown in Figure 1: First, the mitral valve geometry sequence
is estimated from TEE images. Then, the motion sequence is
treated as an observation of the outcome of the mitral valve
system and the estimation is performed to fit the image-based
observation into the biomechanical model to estimate patientspecific material parameters. The details of each step are explained in the next two subsections. The extended Kalman
filter (EKF) approach, which was proposed by Shi et al. [9]
in 2D left ventricle motion analysis, is employed for the estimation. The EKF is chosen since it provides a stable and efficient sequential least square solution to periodic mitral valve
dynamics. The standard EKF framework is adapted in way
that allows the mechanical model to be kept as a relatively independent module so that it is easy to incorporate future more
complex mechanical models.
2.2. Image-based and biomechanical model
The important anatomical components of the mitral valve are
the mitral annulus, the anterior and posterior leaflets, papillary tips and chordae. The 4D TEE images are processed
using the hierarchical discriminative learning algorithm [3]
to extract the geometry and corresponding motion. The triangulated surface mesh (Fig 2.(a)) for the leaflets and two
papillary tips are generated from the images and the algorithm ensures intra- and inter-patient point correspondence of
vertices. The mitral annulus and papillary tip motion is also
quantified from the images to be used as boundary condition
in the biomechanical model. The leaflet thickness is set to be
1.32 mm and 1.26 mm for the anterior and posterior leaflet
respectively [7] to construct the volumetric structure. Finally,
tetrahedral meshes (Fig2.(b)) are generated from the volumetric structures for the biomechanical model. The marginal and

Fig. 2. The mitral apparatus represented by (a) Triangulated
meshes (b) Tetrahedral meshes
basal chordae are attached between papillary tips and leaflets
as in [7]. In particular, the insertion points are determined by
visual inspection and identical for all patients thanks to the
point correspondence.
A finite element method is used to simulate mitral valve
biomechanics implemented in SOFA1 . The leaflets are modeled as linear, transverse isotropic and nearly incompressive
tissues. Leaflet collagen fibers are modeled as in [7], where
they are mainly parallel to the annulus while those in anterior
leaflet close to the commissures gradually rotate to become
perpendicular to the annulus. The mitral valve is governed by
the system dynamics:
M Ü + C U̇ + KU = F
where U is the displacement vector of the vertices of the mitral valve mesh, U̇ and Ü are the velocity and acceleration respectively. M is the diagonal mass matrix (a uniform mass
density ρ = 1.04g/ml is used), K is the stiffness matrix and
a function of material parameters, and C is the Raleigh damping matrix (C=0.1(M+K)). F is the total force developed by
the chordae and heart pressure. Mitral leaflet material proporties are the focus of this study therefore generic pressure profile and chordae forces are applied. However, it is noted that
chordae forces, which are related to the material properties,
morphology and elongation of the chordae, have a significant
influence on mitral valve dynamics.
2.3. Estimation framework
The material parameters of interest in this study include
Young’s modulus (E) and shear modulus (G) along and
across the leaflet collagen fibers ( EALf , EALf⊥ , GAL , EP Lf ,
1 http://www.sofa-framework.org/

EP Lf⊥ and GP L for the anterior and posterior leaflets respectively). Poisson ratio (ν) is set to be 0.488 due to the incompressive nature of the tissues. The ratio of Young’s modulus
E
along and across the fiber ( r = Eff⊥ ) is fixed and the shear
modulus is approximated by G ≈ Ef /(2(1 + ν)) to ensure
the physiological consistency in the estimation.
The dynamic equilibrium equation can be transformed
into a state space representation of the system and the system can be solved by the EKF. The state vector mk =
[m11k , m12k , ...m1Jk , ..., mI1k , mI2k , ...mIJk ] is the vector of J
number of the material parameters in I number of different regions at the kth frame. In this study mk = [EALf k , EP Lf k ] =
[m1k , m2k ] is the target of estimation and the other four parameters (EALf⊥ , GAL , EP Lf⊥ ,GP L ) can be derived from mk .
The process function f (·) is derived from the assumption that
material parameters stay constant during the cardiac cycle.
The observation vector gk = [xk1 , yk1 , zk1 , ..., xki , yki , zki , ...,
xkL , ykL , zkL ] is the geometry vector which is represented
by L number of vertices (L=3248 in this study). The observation function h (·) is derived from the specific biomechanical
model. The model described in section 2.2 is used in this
study. The formulation keeps the finite element model as an
independent module in the observation equation. The state
space representation is as follows:
mk = f (mk−1 ) + wk−1 = mk−1 + wk−1
gk = h (mk ) + vk
where wk−1 and vk are the state and process noises respectively and assumed to follow Gaussian distributions with covariance matrix Qk−1 and Rk . The estimation is initialized by
setting the value of material parameters (m0 ) and its covariance matrix (P0 ). The initial material parameters and covariance matrix are set to be the generic material parameters and
diagonal matrix (P0 = 0.01I) in this study. The EKF follows
a prediction-correction process. In the prediction step, the
material parameters mfk are predicted to be the same as last
estimates. In the correction step, the predicted material parameters mfk are used in the biomechanical model to predict
the geometry at k, and then the predicted geometry h(mfk )
is compared to the observation gk to generate new estimates
mak . The recursive filtering procedure is described in equations as follows:

Prediction:
mfk ≈ f mak−1 = mak−1


Pkf ≈ Jf mak−1 Pk−1 JfT mak−1 +Qk−1 = Pk−1 +Qk−1

Correction:
mak = mfk + Kk gk − h mfk
 
−1


Kk = Pkf JhT mfk Jh mfk Pkf JhT mfk + Rk

Pk = I − Kk Jh mfk Pkf
where Jf and Jh are the Jacobian matrices of f (·) and h (·).
Jf is an identity matrix I in this study. Jh can be calculated
from the finite element model outside the main flow. The iterative process is stopped when there is little improvement
between the two consecutive iterations.

True (MPa)
Estimation
(MPa)
Error (%)

EALf EALf⊥ GAL
6.23 2.35 2.09
6.02 2.27 2.02

EP Lf EP Lf ⊥ GP L
2.09 1.89 0.70
2.13 1.93 0.72

3.37

1.91

3.40

3.35

2.12

2.86

Table 1. Results on the synthetic data

P1
P2
P3
P4
P5

EALf
6.28
6.63
5.62
4.12
5.73

EALf⊥
2.38
2.50
2.12
1.55
2.16

GAL
2.11
2.23
1.89
1.38
1.92

EP Lf
2.61
1.60
3.03
3.81
2.87

EP Lf⊥
2.36
1.44
2.74
3.45
2.59

GP L
0.88
0.54
1.02
1.28
0.96

Table 2. Estimated material parameters of the patients
3. EXPERIMENTAL RESULTS
3.1. Verification on synthetic data
The proposed method was evaluated on synthetic dynamic
motion. The synthetic motion was generated from the
biomechnical model using the mitral valve geometry at the
open state from one patient and known material parameters
(the first row of Table 1) with time interval t = 0.01s. Only two
frames, the initial and final frame when mitral valve is at open
and closed state, were chosen as the observations since the
mitral closure is the primary goal of the study. The estimation
is initialized by m0 = [5, 3] and P0 = 0.01I. The covariance
matrices (Rk , Qk ) were all set to be 0.01 times identity matrices. The estimated material parameters were compared to
the ground truth shown in Table 1. The mean estimation error
is 2.84 ± 0.67% which is quite small. The Euclidean distance
between the estimated and observed gemetries, which was
calculated from the average pointwise euclidean distances
because of the point correspondence among the meshes, is
0.06 ± 0.07mm.
3.2. Evaluation on the patients
The presented method was also tested on five patients with
TEE images. The mitral apparatus was automatically extracted from TEE images using the method described in
2.2. Similar to 3.1, the geometries at open and closed states
derived from TEE were used as the observations for the
estimation. The estimation is initialized by the general material parameters (shown in the first row of Table 1) and
P0 = 0.01I. The covariance matrices (Rk , Qk ) were all set
to be 0.01 times identity matrices. The optimized patientspecific material parameters are estimated by minimizing the
difference between the image derived and mechanical model
derived mitral valve closure through EKF. However, it is difficult to validate the true in-vivo material properties for each

P1
P2
P3
P4
P5
(mm) (mm) (mm) (mm) (mm)
Generalized 1.50± 2.65± 2.17± 1.94± 2.43±
Parameters
0.89
1.48
1.32
1.37
1.39
Personalized 1.47± 2.25± 1.91± 1.74± 2.27±
Parameters
0.89
1.27
1.18
1.34
1.40
Table 3. The Euclidean distances between the mitral valve
closure generated from the biomechanical model and TEE
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