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Abstract Patient-speci ¢ cardiac modelling can help Filtering on Regional VolumesThis personalization
in understanding pathophysiology and therapy planstrategy was validated synthetically and tested success-
ning. However it requires to combine functional andfully on eight healthy and three pathological cases.
anatomical data in order to build accurate models an€Computer Model - Cardiac Mechanics - Medical Im-
to personalize the model geometry, kinematics, elecages - Patient-Speci ¢ Models - Regional Volumes -
trophysiology and mechanics. Personalizing the elecReduced Order Unscented Kalman Filtering
tromechanical coupling from medical images is a chal-
lenging task. We use the Bestelé@ient-Sorine (BCS) .

. . .1 Introduction
electromechanical model of the heart, which provides
reasonable accuracy with a reasonable number of PYnderstanding pathologies, planning a therapy, train-
rameters (14 for each ventricle) compared to the avai ing for a surgery or selecting suitable patients for a

able c_:hmgal data at the organ level. We PTOPOSE & PTG o 5iment are challenges that cardiologists face every-
sonalization strategy from cine MRI data in two steps.

. . _‘day. For instance, Cardiac Resynchronization Therapy
We rst estimate global parameters with an automatic

: . . CRT), which releases heart failure with a pacemaker,
calibration algorithm based on the Unscented Trans.g ) P

. o . Is still dif cult to predict in spite of many advances
form which allows to initialize the parameters while P P y

tching th | d | (Chung et al, 2008; Cazeau et al, 2001), and fails in
matching e VOIUME and pressureé curves. 'n a S€Gyqg, ot e treated cases. To ease their tasks, a signi -

ond step we locally personalize the contractilities of a”cant amount of image data is now available. One goal

AHA (American Heart Association) zones of the left of computational cardiology is to use cardiac imaging

ventricle using the Reduced Order Unscented Kalmaly,, 4 yyiq patient-speci ¢ electromechanical mod-

els of the heart that can then be used to better analyze

%F';’I'Zrcgeslse‘?‘u .  Proiect. Soofia Antinolic. F and simulate cardiac function (Smith et al, 2011; Ser-
, ASCIepIos rResearc roject, sopnia Antipolis, France mesant et al, 2012)

Tel.: +334-92-387151
E-mail: Stephanie.Marchesseau@inria.fr In order to reach such a goal, several components

N. Ayache R. Cabrera-LozoyaH. Delingette M. Sermesant are mandatory. Firstly, an acc_urate anatomical model
INRIA, Asclepios Research Project, Sophia Antipolis, France has to be extracted from the image data to represent
the heart geometry. Recently, various approaches have

C. Tobon-Gomez R.M Figueras i Ventura K. Lekadir

AF. Frangi been proposed to automatically segment cardiac im-
CISTIB, Universitat Pompeu Fabra, Barcelona, Spain ages from different modalities, such as echocardiog-
K.Rhode C.A.Rinaldi S.G.Duckett R.Razavi raphy (Butakoff et al, 2011; Zhu et al, 2010), com-

King's College London, Division of Imaging Sciences & puted tomography (CT) (Ecabert et al, 2011; Zheng
Biomedical Engineering, St. Thomas' HOSpItaI, London, UK et al, 2008) and magnetlc resonance |mag|ng (MR')

C. Leclercq E anal A. Hernandez M. Garreau (Petitiean and Dacher, 2011; Schaerer et al, 2010).
INSERM, Universie de Rennes, FRANCE In particular, MRI has the advantage of providing a
P. Moireau D. Chapelle good image quality noninvasively and without radia-

INRIA, MACS PrOjeCt-Team, SaClay”e-de-FranCe, France tlon In thls paper, we extract personallzed geomet_



rical models from MRI by using a 3D Active Shape regional volumes has the advantage of ltering regis-
Model approach by Tobon-Gomez et al (2012). Thetration errors by only considering displacements or-
estimated motion of the myocardium is also neededhogonal to the surface thus accounting for the aper-
to build patient-speci ¢ simulations. This motion can ture problem. Moreover, automatic estimation of re-
be estimated from sequences of MRI data using vargional volumes is already available in commercial soft-
ious algorithms (McLeod et al, 2012; Mansi et al, ware which may help to streamline the personalization
2011; De Craene et al, 2012a). Then, an electrophygrocess. We apply this strategy on a database consist-
iological model has to be considered in order to sim-ing of eight healthy subjects and three heart failure
ulate the electrical wave propagation within the my-patients. To this end, we rst calibrate the mechani-
ocardium which leads afterwards to the contraction ofcal model using the Unscented Transform method pro-
the muscle cells. Since Hodgkin and Huxley (1952),posed in (Marchesseau et al, 2012a) from the left vol-
several approaches have been developed to describe thme curve that we extract from the motion registered
electrophysiology, from biophysical models that sim-from cine MRI data. Then we apply the Reduced Order
ulate ionic interaction (Noble, 1962), to phenomeno-Unscented Kalman Filtering (Moireau and Chapelle,
logical models based on reaction-diffusion equation2011) - using the Verdandi libraty on the regional
(FitzHugh, 1961; Aliev and Pan lov, 1996) and recent volumes measured on the LV endocardium. This strat-
adaptations of those (Clayton et al, 2011; Pashaei et abgy was successfully tested synthetically for contrac-
2011; Relan et al, 2011). They differ in the scale theytility estimation and scar tissue detection, and on real
use and their complexity in terms of computation timescases. Therefore, the use of regional volumes to per-
and number of parameters. These models have to sonalize the regional contractilities proved to be ef-
personalized from endocardial mappings and electrocient and robust and testing the full pipeline on 8
cardiograms (Relan et al, 2011) before serving as inputealthy and 3 pathological cases enabled to draw pre-
to the mechanical simulation. liminary conclusions on parameter speci city. In this
respect and to the best of our knowledge, this study

Finally, the electromechanical coupling itself hasa "~ .
high impact on the resulting simulation. For the pastexh|b|ts the largest cohort of healthy and pathological

20 years, the creation of such models has been the fGASes for persanalized cardiac models to date.

cus of many research teams and various models have

been proposed (Humphrey et al, 1990; Hunter et aly \1aterials and Methods

1997; Nash, 1998; Bestel et al, 2001; Sachse, 2004).

In this paper, the Bestel-@ent-Sorine cardiac model 2 1 pata Acquisition

(Bestel et al, 2001), further improved by (Chapelle

et al, 2012b) is used. It shows a good compromiserhe proposed study was performed on 3 pathological
between complexity and accuracy (Marchesseau et ahnd 8 healthy cases. Data were acquired either at IN-
2012b), and a good predictive power for CRT underSERM (Institut National de la Sa@et de la Recherche
different pacing conditions (Sermesant et al, 2012)Meédicale, Universé de Rennes 1, France), or at the
The personalization of such mechanical models hajvision of Imaging Sciences & Biomedical Engineer-
been tackled by different approaches. Variational asing at King's College London, UK, as part of studies
similation methods (Delingette et al, 2012; Sainte-that were ethically approved. Written informed con-
Marie et al, 2006) were used to locally estimate thesent was obtained from all human subjects and the
active parameters (contractility, contraction and relaxstudies were performed with all appropriate institu-
ation rates), Sequential Quadratic Programming (Wangional human subjects approvals. All datasets consist
et al, 2009) to estimate the passive material stiff-of sequences of cine SSFP MRI with a spatial reso-
ness, while Reduced Order Unscented Kalman Filterution of 1:5x1:5x7 mn? for the healthy subjects and
ing was aimed at estimating the contractility param-1:25x1:25x108 mnr for the pathological cases. More-
eters (Chabiniok et al, 2011; Moireau and Chapellegver, an intra-operative electrophysiological stubigi{
2011). Site) was performed on all pathological cases.

These methods have already led to promising re-
sults to estimate some model parameters from head:1.1 Real cases study

motion and therefore open the possibility to help car- ] ] .
diologists in planning their therapy. In this paper weAll heart failure patients were selected for Cardiac

chose to tackle this issue in a different way. We pro_Resynchronization Therapy based on criteria from the

pose to estimate the regional contractilities of the left 1 \ergandiis an opensource data assimilation library available
ventricle based on measurBeagional VolumedJsing  at http://verdandi.gforge.inria.fr/. (Chapelle et al, 2012a)




New York Heart Association (NYHA) class IlI-IV. Pa- the myocardium, the angle was interpolated using the
tients had a small ejection fraction (E€)35% and a distance from the selected node to the closest surface.
prolonged QRS on electrocardiogranml20ms Alternatively, a way of creating the bres could be to
This study also includes extensive multi-modality map a statistical atlas of human cardiac bres such as
imaging of volunteers from which 8 healthy cases werglLombaert et al, 2011) onto the patient geometry. This
used. Volunteers were aged 28 + 5 years, without clinwould allow to include real patient data better than
ical history of cardiac diseases. This database wawith prede ned synthetic angles. However, statistical
made available to the research community for 1st Car-bre models have not yet been validated for cardiac
diac Motion Analysis (cMAC) challenge held at STA- simulation.
COM'2011, see (Tobon-Gomez et al, In Press) for de-
tails regarding the data acquisition of this study. Motion Estimation
Motion estimation was performed from cine MRI data
using an automatic registration algorithm: the Time
Diffeomorphic Free Form Deformation (TDFFD) al-

Three different steps are needed before any mechanicgPrithm, which has been tested on 3DUS datasets (De
personalization can be performed: extraction of the~raene et al, 2012a) and 3DTAG MRI datasets (De
myocardium geometry, estimation of the patientsCraene et al, 2012b). The TDFFD algorithm opti-
cardiac motion and personalization of the electrophysMizes & 4D velocity eld parametrized by B-Spline

iological propagation. spatiotemporal kernels.
With the transformation obtained from the regis-

tration, the static volumetric mesh was deformed and

We rst extract a biventricular anatomy from SSFp local or regional indices were computed. Due to its
MRI datasets using the segmentation algorithm imtemporal consistency, this technique computes smooth
plemented in (Tobon-Gomez et al, 2012). This Semi_volumetric meshes which is highly desirable for our
automatic segmentation technique is based on a dé@Pplication. _
formable model and allows manual deformations if -~ Résulting meshes were compared to the images

nal corrections are needed. We generate a volumel? Fi9-2 at end-diastolic phase (frame used for the
ric binary image from this biventricular surface (seeS€dmentation) and end-systolic phase. We noticed

Fig. 1) after interpolation and resampling on the z-axis
for a higher resolution mesh. The Marching Cubes al-
gorithm (Lorensen and Cline, 1987) is then used to ex-
tract a polygonal surface. ReMesh (Attene and Falci-
dieno, 2006) enables to smooth and ensure a manifol(
triangular mesh while Tetgérand Netged generate @
the tetrahedral meshes (see Fig. 1) with approximatel
14 000 nodes. The sensitivity of the mesh resolution on i
the resulting motion was studied and enabled to con-
clude that this resolution is a good trade-off between
computation times and accuracy with respect to the
available data.

In addition, bre directions were created syn-
thetically as proposed by Streeter (Streeter, 1979).
It is derived from both histological and DTI stud-
ies (Streeter, 1979; Hsu and Henriquez, 2001) and
it has been extensively validated for cardiac simu-
lation (Bayer et al, 2012). The elevation angle was
varied (with respect to the short axis plane) across the
myocardium wall from -70° on the epicardium to 0° at rig. 2. Estimation of the motion of Volunteer #1 (from left to
mid-wall to +70° on the endocardium. This choice right): end-diastolic frame, end-systolic frame.
in uences the global motion of the myocardium and

was therefore set after a trial and error approach. | . . . .
PP ri!rom Fig.1 and Fig.2 that information on the basal area
2 http:/itetgen.berlios.de is very incomplete. Since we cannot estimate thor-
8 http://www.hpfem.jku.at/netgen oughly the real movement in this area, we ignored the

2.1.2 Clinical Data Pre-Processing

Geometry Personalization




Fig. 1. Modeling the anatomy of patient Case #1 (from left to right): extracting geometry from MR datasets, generating volumetric
meshes.

observations extracted from the registration related to The solution of this electrophysiological model
this area when personalizing the model. This results invas found using a Multi-Front Fast Marching
smaller regional volume zones (see Section 2.2.3) bu¥lethod (Sermesant et al, 2007). For healthy cases
this does not alter the convergence of the algorithmno subject specic electrophysiological data were
Moreover this prevents unrealistic parameters to becquired and therefore standard values were assumed
estimated without in uencing the motion drastically.  (conduction velocity of 90cm/s and anisotropic ratio
of 0.1). The personalization of this model requires to
Electrophysiology Personalization specify the onset of the electrical propagation (manu-
A large number of electrophysiological models for car-ally de ned as areas corresponding to the extremities
diac cell action potential have been developed, rangingf the Purkinje network, on both endocardiums close
from models at the cellular to those at the sub-cellulato the apex).
scale. They can be divided into three categories: For pathological cases, intracardiac non contact
mappings allowed to estimate the time and localiza-

— Biophysical modelsAre the most complete be- o .
cause they model ionic currents. Nonetheless theifion of the onset of depolarization as well as electrical

high complexity, computational cost and lack of conductivities (see (Relan et al, 2011)). For the person-

observability of their parameters make them IeSSalization, the Mitchell-Schaeffer (Mitchell and Schaef-
suitable for parameter estimation from clinical fer, 2003) biophysical model is used. It simulates the
data evolution of the transmembrane potential as a function
_ Pherlmmenological modelare based on PDEs and of simpli ed inward and outward currents. An example
present an intermediate level of complexity andof personalized electrophysiology is given in Fig.3 for
computational cost a LBBB case (depolarization wave starting on the right
_ Generic modelsAre.the least complex set of mod- ventricle) after registration and interpolation of the En-
els and represent simpli ed action potentials or de_site non contact mapping data available only on the left

polarization times. Eikonal models belong to this ventricle.
category and model the propagation of the time at

which a given point is depolarized.

] ) ] 2.2 Mechanical Personalization Strategy
To simulate the electrophysiological pattern of ac-

tivity, an Eikonal equation was used. The model was, +this paper, a SOFA* implementation of the
then solved for the depolarization tiriig at each point  gastel-Cement-Sorine  electromechanical model
o(f}the mesh: (Marchesseau et al, 2012a,b), rst introduced by
v RTIDRTg= 1 1) Beste.l gt al (2001), was used '(see Appendix A f0.r a
description of the model and its parameters). Using
The local electrical conduction velocity isandD is ~ SOFA allows ef cient computation, modularity and

the anisotropic conductivity tensor de ned as interactivity which are strong assets for further therapy
planning. This model includes several passive and
D=(1 nf f+rl (2)  active terms, as well as some boundary constraints that

wheref is the bre orientationy the anisotropy ratio 4 soFa is an open source medical simulation software (avail-
andl the identity matrix. able at www.sofa-framework.org)
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Fig. 4: Personalization pipeline: combining the electromechanical model and the data to calibrate then personalize the parameters.

towards a relevant solution. In (Marchesseau et al,
2012a), we showed that this can be performed in a fast
and ef cient way using the Unscented Transform al-
gorithm to match indices on the volume and pressure
curves (if available) leading therefore to the calibra-
tion of 4 to 7 parameters. This algorithm, represented
in Fig.5, builds a covariance matGov(q; Z) between
the relevant parameters which are spread around some
initial parameter seq® and the observatiori -in our
case the minimum of the LV (Left Ventricle) volume
Fig. 3: Personalized electrophysiology simulation obtained afte@Nd the minimum and the maximum of its derivative.
registration and interpolation of tHenSiteDepolarization Time ~ The new parameteig™" are then found to minimize
isochrones available on the Left Ventricle. (For interpretation of

the color map in this gure, the reader is referred to the web
version of this article.)

2n +1
simulations

representthe uid ow that circulates inside the ventri-
cles during the four cardiac phases (Marchesseau et al,
2012a). This model depends on 14 global parameters
that need to be estimated. To this end, we propose to
rst assess global values for the parameters using the
Unscented Transform algorithm (Julier and Uhlmann, Set of parameters Observations

1997) from global observed quantities (endocardial

volume and pressure) as described in (Marchessedtig. 5: Schematic representation of the Unscented Transform al-
et al, 2012b); and then to use the ROUKF (Reduced°rithm.

Order Unscented Kalman Filter) personalization

algorithm (Moireau and Chapelle, 2011) |mplementedthe difference between the mean simulated observa-
in Verdandi (Chapelle et al, 2012a) from local mea- tionsZ and the measured observatig#®¥s with
surements to assess more precisely the contractility per

region (see Fig.4 for a representation of this pipeline). g™ q° = Cow(q:Z) Cov(Z;Z)  z°s Z
3

In one simulation, this algorithm enables to cali-
The initialization of the parameters is a crucial pre-brate the main parameters chosen from a sensitivity
requisite for the personalization algorithm to convergeanalysis on the volume curve (and the pressure curve

Unscented Transform

2.2.1 Calibration based on the Unscented Transform



when available). We adjusted the initial sgt after ~ Chapelle, 2011) since we only estimate the parameters.
a trial and error approach on a healthy volunteer and

then used the same initializatiaqy® for all studied Unscented Kalman Filtering

cases (healthy and heart failure). Using the saffe The Unscented Kalman Filter can be seen as an it-
and range of parameter values for all cases makes therative Unscented Transform described in 2.2.1. It is
calibration automatic. In this respect, we have alreadyased on three steps at each discrete timior the
presented consistent results for healthy controls as wedltate vectoX which consists in the state values (posi-
as pathological cases in (Marchesseau et al, 2012c). tions, velocities, ...) and the parametqts

— Sampling Creates the sigma-points (minimal set
2.2.2 ROUKF Personalization Algorithm of sample points around the mean) given an inter-

polation rule leading tb, using a state error covari-
Once initialized, the parameters can be locally (re- ance matrixP:

gionally) estimated using a more advanced algorithm A o
that deals with much larger dimensional systems. We Xn~ = X+ P10 (6)
use in this paper a type of Kalman Iter which belongs

to the sequential data assimilation methods. were X() is theith sigma-points associated with

vectorX.
— Prediction: Estimates the next state as the mean
of the states simulated with the sigma-points, and
the next covariance as the covariance of the states
simulated with the sigma-points:

Data Assimilation Principles
Data assimilation methods intend to estimate state vari-
ables of the considered system using measurements.
State variables usually consist of the trajectory (posi-
tions, velocities ,...) but can in fgct include model pa- Kne1= Ea Anegjn X
rameters or other dynamical variables such as regional P, .=Cov Apgpn XoF (7)
strains for instance. A model is therefore represented e o
by a dynamical system governing the state variable where the meaik; and the covarianc€ov, are
that includes the parameters of the model: calculated with the weights; of the sigma-points,
and notingX the concatenation of the vectot§).
X=A (X;t) @)
X(0) = Xo+ Xx — Correction: Updates the state vector and its covari-
ance given the new sigma-points and correspond-

whereA is a non-linear operatoX thea priori value ing observations using the new observation opera-

for initial conditions andkx the uncertainties in the ini- tor H and the covariance of the noi¥é through
tial conditions. the following calculations:
The available measurements are described through a
linear observation operatdd. The observations are U q PO
therefore modeled by the application of this operator: % 8;1 n+l- 0 n+1
Zpi1 = HnetXpiy

Z=HX+c (5) P;fz =Cova X p1:Zpe1

. . . % Pg = Wne1t CO)/a ~Zn+1;zn+1
wherec is the obgeryat_|on noise. . >‘<;+1: )‘<n + PXZ(PZYy 1 701 Ea Zoi1
Two types of assimilation methods exist: the sequen- - pt = p PXZ(PZ) 1(PX2)T
tial and the variational approaches. In the variational ntlo tnelo ta ta a
approach, a cost function is iteratively minimized after ®)

gathering measurements over a period of time. In the Reduced Order Unscented Kalman Filtering

sequential approqch, a new estimation of t.he stgte iSve aim, in this paper, at estimating only thearam-
performed each time a new measurement is availablgters of the model (in our case the 17 regional contrac-
through statistical analysis. Both approaches havgjities from the 17 AHA zones of the left ventricle).
shown promising results in cardiac personalization:therefore. we only generatep? 1 sigma-points and
(Billet, 2010; Delingette et al, 2012; Sainte-Marie the covariance® is reduced to the parametric space of
et al, 2006) that use the variational approach tQqimensionp. Its rank is thereforg, much smaller that
estimate the contractility parameters or (Xi et al, 2011;ne dimension of the spack We suppose that we can

Chabiniok et al, 2011) that preferred the sequentiajlyanipylate covariance matrices in the factorized form:
approach). We use in this paper the Unscented Kalman

Filter in its reduced form, derived in (Moireau and P= LU LT (9)



whereU is an invertible matrix of rank and represents and the barycenter of the LV endocardium over time.
the main uncertainties of the system. A new derivatiorNot only does this method allow to capture the motion
of the algorithm can therefore be performed withoutof the surface locally without smoothing tracking er-
computing the full covariance matri®, as shown in rors, but it also leads to a small number of observations
(Moireau and Chapelle, 2011; Moireau et al, 2008). to match, decreasing this way the computation time.

Note that a possible drawback could be a loss of ob-
2.2.3 Observation Extraction from the Images servability (or identi ability here) due to the reduction

of the observation space. However, regional volumes
We suppose in this paper that the deformed meshegre used by clinicians as a pathological index (Baxley
registered from the cine-MRI as explained in Sec.2.1.2nd Joseph Reeves, 1971) and therefore may contain

are the only available measurements. Several types @uf cient information on the investigated pathology.
observations can then be extracted from these meshes.

Since the registration method focuses only on the
visible contours in the image, we cannot expect the
trajectory of all the points in the myocardium to be
accurate. We will therefore only consider the points on
the endocardial surfaces. Three types of observations
can be derived directly from this:

Volume curve
First, for the calibration, the volume of the Left Ven-
tricle is computed over time, giving the three required
observations \(nin; dV=dtmin and dV=dtnay. These
observations are easily computed using the topology
of the endocardium as explained in (Marchesseau
et al, 2012a). However it is not suf cient to recover the
motion of the whole myocardium.

Positions on the Surface
The most complete observation include the positions
of all the points on the endocardial surface. The esti- Y/
mation tries therefore to match the motion point-wise. reg
The advantage of what we call the Surface-Points
Estimation is that the observation operathr is
straightforward, lled with 1 values on each coordi- LV
nate of the surface nodes and 0 values otherwise. The barycenter
main drawback is that there is no guarantee that the
registration tracks displacements of material pointsgig. 6: (Top) Bull's eye plots of the AHA 17 segment division
but rather apparent displacements of the contourgyiew from the apex). (Bottom) Example of Regional Volume.
inducing therefore errors on the observations (well
known aperture problem in Computer Vision where
several deformations would lead to the same visible
contours). There exist observation operators Chabiniok
et al (2011) that lIter this aperture issue taking into 2.2.4 Error Measurements
account distances between the surface contours. Thane order to evaluate the errors between the estimated
methods give promising results but are not directly
applicable for clinical context due to their computation
times.

motion from the registration and the simulated motion,
several error measurements are used. First, the result
of the calibration algorithm compares the simulated
volume curveVsiMYt) to the registered volume curve

Regional Volumes ) .
g S\/ObS(t) using the standard root mean square difference:

Alternatively, we suggest to use regional volumes a
observations. To this end, we project the 17 AHA vol- S
umetric segments (Fig.6) on the LV endocardium sur-— ét'\'j‘gps(VSimU(t) VObS(t))2
face, and calculate the volume formed by this surfacéV =

10
Nsteps (19)



whereNgtepsis the number of images in the MRI se-

guence. Then, after personalizing the model from re-

gional volumes, we compare the simulated regional

volumesVSMYt) to the registered on&®°PYt) normal- i
ized by the are& of the AHA surface (for an estima- i
tion of the distance between the surfaces) to obtain a

mean square difference for each regional volumes that

we average: » :
S N
_ 1 <r’\l 1 é’\l_sleps VSimU(t) VObS(t) 2
€RegVol= N ac t=0 ' N ' : Fig. 7: Division of the myocardium into 6 regions for the left
i=0 S steps ventricle and 1 for the right ventricle, combining the standard

(11) AHA zones. (View from apex)

It is also interesting to record the distance error be-
tween the regional volumes at end-systole where it is
maximal:

i éN, ViSimu(Tmax) ViObS(TmaX) .
NiZo S

These errors give a good indication on how well the
simulated motion match the registered one on the left
endocardium. For a more global index that takes all the
surfaces into account (including epicardium and right

endocardium), we de ne a symmetric distance on the_, _ . .
Fig. 8: Comparison of the personalized motion at end-systole on
contoursw as:

short axis view from the base (left) and long axis (right) plane.
o Npoi . ;
1 akz”%'”‘s dist(Ws'mu P‘lzb'°)

Eregvol= (12)

Grey surfaces represent the ground truth, green contours the ini-
tial simulation, pink the estimated contours using regional vol-

2 Npoims umes and blue the estimated contours using surface points. Since
o Npoints 1 bs  msim (13) o clear difference can be made from the pink and blue contours,
+ 14,2y dist(We>s  PRm™) we conclude that both techniques give similar results and man-
2 Npoints age to match the ground truth. (For interpretation of the refer-

ences to color in this gure legend, the reader is referred to the
with a mean value over time noteg and a value at Wweb version of this article.)
end-diastoléec.

3 Results
and compared with the reference value. We can see

3.1 Selection of Adequate Observations that surprisingly the parameters are better estimated
with the regional volumes. To understand why observ-

In order to select the most appropriate type of observaing regional volumes leads to better parameters in this
tions (surface points vs LV endocardium regional vol-case than observing all the points of the surface, we
umes), we performed a synthetic study. We created avaluated the errors on these two types of observa-
sequence of deformed meshes with a forward simulations (Surface Point erra@: and Regional Volumes er-
tion of the model using different values of the contrac-ror eregvo) While varying the contractility of one zone
tility for each of the 6 zones of the left ventricle (com- around its ground truth value. Fig.10 gives the resulting
bining the AHA segments as shown in Fig.7). We thenmean errors. We can see that the Regional Volumes er-
estimated these 6 contractilities with the ROUKF per-ror ERegvmhas only one minimum whereas the Surface
sonalization algorithm using either the surface pointsPoints errorec has a non-smooth variation leading to
as observations or the regional volumes. several local minima in which the estimated parameters

The resulting deformed meshes after personalizamay be "trapped” in the Itering process. Of course,
tion are compared with the ground truth (simulatedobservability is enhanced when using pointwise dis-
data) on Fig.8 where we can see that both methodplacements, hence we conjecture that a ner tuning of
give an excellent match. The resulting estimated pathe Itering method would overcome this dif culty, see
rameters are given in Fig.9 for the two estimationsimperiale et al (2011).



Fig. 9: (a) Regional contractility estimation using observations on all the surface points. (b)(d) Reference values of the contractility.
(c) Regional contractility estimation using observations on the regional volumes in the LV endocardium.

vations closer to what would be observed with real
data. Resulting volumes curves (with 10% noise) com-
pared to synthetic ones (0% noise) are shown in Fig.11.
Moreover, to calibrate the ROUKF personalization al-
gorithm, the expected maximum error must be set. To
make this test realistic, an error of 0.5mm was allowed.
This explains why the initial relative contractility of 0.3
cannot be reached.

The estimated contractilities obtained for the scars

Fig. 10: Comparison of the errors using the two types of obser-
vations, for various contractilities.

3.2 Detection of Infarcted Tissue

In this section, we tested the ability of a personalized
model, using the regional volumes as observations, to
detect regions of low contractility, for instance due to _. _ _ _ )

. . Fig. 11: Regional Volumes simulated with 0% noise (smooth
presence of scars following an infarct. In order to eval—curves) and 10% noise (non-smooth curves).
uate the detection power of the proposed personaliza-
tion based on regional volumes, a set of tests were
performed using synthetic data. Forward simulationszone are presented Fig.12 for the various sizes and
with varying size of scar tissue (from 300 tetrahedranoise amplitudes. We note that the noise does not in-
to 2000 tetrahedra out of the 65 000 tetrahedra for theuence the estimation of the parameter for scars zone
full myocardium) were performed to create the obserdarger than 1300 tetrahedra (as represented in Fig.12).
vations. The relative contractility was set to 0.3 for theMoreover, since a relative contractility of 1 represents
scar zone and 1 for the rest of the myocardium. Bethe normal contractility for the myocardium, an esti-
fore using the personalization algorithm, random noisemated relative contractility too close to 1 for the scar
was added on the regional volumes to obtain obserzone means that the detection fails (which is the case



for the zones with sizes 300 tetrahedra, 650 tetrahedraeart beat on a 60 000 tetrahedral mesh) where

and 1300 tetrahedra). On the other hand, the zone dhe number of estimated parameters (here 17 regional
size 2000 tetrahedra has an estimated relative contracentractilities). However, full parallelization can be
tility much smaller than 1 which means that the de-done leading to a total computation time of twice a
tection succeeds. Therefore, the proposed personalizaimulation time (20 minutes).

tion method based on regional volumes is able to detect

zones with lower contractility as long as these zones

are large enough (here 3% of the myocardium).
3.3.1 Results for Case #1

First, volume curves resulting from the calibration are
given in Fig.13. The mean error on the volumede-
creases from 17mL to 4mL giving therefore a good ini-
tialization.

Second, the results of the full personalization are given

Fig. 12: (Left) Estimated contractilities on the scars zones for
different sizes of the zones and different noise. (Right) Repre-
sentation of a scar zone of 1300 tetrahedra.

3.3 Real Cases Personalization

Personalizing real cases requires three steps:

— Selecting the region that has the smallest displace-
ment (basal area or apex) in order to constraint this-g. 13: Case #1: Volume evolution before (green) and after (red)
region as a boundary condition. calibration compared with real value extracted from the registra-

— Performing a calibration of 4 parameters (includ-tion (blue).
ing contractility) for the left ventricle, based on the
volume curve.

— Running the ROUKF personalization algorithm us-
ing regional volumes on the LV endocardium in or-
der to estimate the 17 regional contractilities of the
LV.

in Fig.14 where we compare the deformed mesh to the
registered mesh and the images. The distance error on
the contours: is displayed in Fig.15 at end-diastole
and shows how close the model follows the registered
motion. The mean distance error on all the surface de-
This pipeline was applied on 3 pathological cases andreases from 2.8 mm to 2.1 mm which is a reasonable
8 healthy volunteers and enabled to draw preliminaryerror given the image resolution (1.25 mm x 1.25 mm)
conclusions on pathological cases versus healthgnd the fact that we only try to match the left endo-
controls. Results of the full personalization strategycardium.

are detailed here for the pathological Case #1, theRegistered and simulated regional volume curves are
error measurements and estimated contractilities areompared in Fig.16. The mean relative error on the re-
given on all cases. The observation veckbris of  gional volumes (normalized by the surface area) de-
size the number of regional volumes aKdcontains creases from?Reng: 1:1 mmwith initial parameters

all the state variables and the parameters to estimate éRegVOF 0:6 mmatfter personalization which proves
(node positions, velocities, ...). The full pipeline takesa very good improvement.

about 2+ 2= 36 times a simulation time on a single Finally, Fig.17 gives the estimated relative contractili-
CPU (one simulation lasts about 10 minutes for 1lties along the personalization steps and shows that the
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Fig. 14: Short axis and long axis view of the end-systolic phase. Comparison of direct model with the initial parameters (green), direct
model with the estimated contractilities on all left ventricle AHA zones using the regional volumes on the LV endocardium (red) and
registered mesh (cyan). (For interpretation of the references to color in this gure legend, the reader is referred to the web version of

this article.)

Fig. 16: Case #1: (Left) Registered regional volumes on the LV endocardium. (Right) Estimated regional volumes.

Fig. 15: Case #1: Evaluation of the distance error on the con-
tours of the surface at end-systolic phake)( The basal area

is cropped since we do not take the corresponding observations
into account. (For interpretation of the color map in this gure,
the reader is referred to the web version of this article.)

Fig. 17: Case #1: Evolution of the estimated relative contrac-
tilities along the personalization steps. We note a mean relative
contractility of 0.55. Contractility of zone #17 might be overes-
timated since it corresponds to the apex which is constrained by
. . ._ our boundary conditions.
estimation converges before the end of the personaliza-

tion.
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(a) éRegVo(mn) (b) ERegVo(mn') (C) 5c(mm)

Fig. 18: Errors between the simulation and the registration before (in blue) and after (in pink) personalization.

3.3.2 Error Measurements a global contractility closer to the normal range, and
a very high Bulk Modulus. Therefore, the model of
In order to evaluate the accuracy of the personalizethe myocardium muscle for this case is stiffer than the
motion, we computed the errors previously de ned onmodel describing the healthy cases but the contractil-
all the tested cases, before and after personalizatioiity is equivalent. The small ejection fraction can there-
Fig.18 presents in (a) the resulting errors on the refore be due for CBMP#3 to the high stiffness whereas
gional volumeseregvo Which is what is actually min- it can be due for CBMP#1 and CBMP#2 to a small
imized during the personalization, as well as its valuecontractility. This difference could be explained by the
at end-systole (b). Finally, as an indicator of the globalfact that this patient has a different etiology than the
motion on all the surfaces, the distance error on therst two cases (idiopathic cardiomyopathy) and, more
contoursec is given in (c). importantly, has regurgitation at both the mitral and
We can see that the personalization decreases the errasrtic valves. Furthermore, this patient presents sig-
in all the cases and that the mean error on the regionali cant atrial volumes, with an increased pulmonary
volumes is pretty low (0.7mm) which is smaller than aartery pressure. This leads to a smaller in ow than out-
pixel size. However, the error on the total surface still ow as shown in Fig.20.
needs to be improved including observations from the
right ventricle and the epicardium.

3.4 Preliminary Speci city Study

Our database consisting of 8 healthy controls and 3

pathological cases selected for the Cardiac Resyn-

chronization Therapy (with therefore a small ejection

fraction and a long QRS) allows to draw prelimi-

nary conclusions and compare each pathological case

to the controls. First, from the global volume curves,

a calibration was performed to initialize 4 parame-

ters. The resulting parameters for the healthy controls

(box plots) and each pathological case are presented

in Fig.19. We can see from this graph that the Com-

putational Biophysical Model Personalized for case

1 (CBMP#1) and case 2 (CBMP#2) exhibit a sim- Fig. 19: Estimated global parameters forthe39athological cases
. . . . compared to the healthy controls (box plots). is the global
ilar behavior with a smaller global contractility than c,qactiiity, m the friction parameteik the Bulk modulus re-
the healthy controls but normal bulk modulus, vis-lated to the stiffness of the passive myocardium Rpdhe pe-
cosity and peripheral resistance. On the other handipheral resistance in the aorta.

the Computational Biophysical Model Personalized for

the third case (CBMP#3) exhibits what seems to be

12



Fig. 21: Estimated regional contractilities for the 3 pathological cases compared to the healthy controls (box plots).

dence on the contractilities of zones 1 to 6 and zone
17 is 4 times smaller than on the other zones due to the
boundary constraints on the base and the apex that we
set.

4 Discussion
4.1 Personalization from Regional Volumes

In this paper we proposed patient-speci ¢ modelling of
the heart based on regional volumes. Tests performed
on synthetic data proved that this choice of observa-
tions was relevant to estimate regional contractilities
and detect scar tissue as long as the size of the scar

Fig. 20: Registered outward ow curves for the p_athological zone is not too small. The advantage of such an ap-

cases compared to the mean healthy curve, showing that Case . . . .

3 only has a smaller in ow than out ow. proach is to smooth the input observations in order to
match the motion of the left endocardium. This method
proved to be robust and can be used at a large scale. In-

, . . deed, although the regional volumes were rather dif-

~ A comparison of the regional contractilities 0b- tgrent for pathological cases and healthy volunteers,

tained from the personalization method that we proyye managed to estimate the regional contractilities and
pose leads to consistent observations (see Fig.21). Ifave a good nal match on the motion. Finally estimat-
deed, the personalized regional contractilities of thqng the regional volumes gives precious indices on the

rst two cases are much smaller on all the regions thar%ynchronization of the AHA zones which could be fur-
the controls. Moreover, CBMP#3 exhibits regional ineor studied for therapy planning.

contractilities closer to the contractilities of healthy

hearts for most regions. Some of the estimated contrac-

tilities however are extreme (zone 7 has a very smal4.2 Analysis of Real Case Personalizations
contractility while 17 has a very high contractility)

which could indicate local dysfunctions. The study of Our database of 3 pathological cases and 8 volunteers
the covariance on the parameters showed that our comdlows to draw preliminary conclusions. First, the per-
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sonalized computational biophysical models that in-parameters closer to the actual intrinsic tissue proper-
tend to characterize these pathological cases exhibites of this patient. Finally, a time registration between
different global contractility and/or stiffness. Our re- the real data and the simulation is necessary and in u-
sults on the calibration and on the regional personences as well the results of the personalization.
alization are consistent and show that CBMP#1 and

CBMP#2 display a similar behavior (small estimated
global and regional contractilities with normal esti-
mated stiffness), W.h".e CBMP#3 is clearly different. Our method only intends to recover the motion of the
F'.rSt’ CBMP#3 exh|b|ts a r.easona_tble gllobal contr aCteft endocardium. To improve the results of the per-
tility parameter Wh'.le showmg.a h.'gh stn‘fqess Wh'c.h sonalization, or estimate more parameters such as the
seems to explain its small ejection fraction and its

. . . regional stiffness for instance, one may include the
small ”'T‘Q. ow. Second, CMBP#3 est!mgted regional regional volumes calculated from the epicardium and
contractilities are for most of them similar to healthy

ith localized akineti . d by th intend to recover the thickening and shrinking of the
cases with locallzed akinetic reglons con rmed by e, scle or estimate the parameters related to the bound-
clinicians. In addition, this case, with a different etiol-

th ¢ dina to the CRT. O ary conditions. Using measurements on the regurgita-
gy, was the one not responding to the - DUr PeTH4n would also improve the personalization since our

sonalization pipeline therefore gives results in agree'heamodynamic model that represents the pressure con-
ment with the clinical interpretation of the images.

straint (Marchesseau et al, 2012a) can include regurgi-
tation by estimating the iso factdfiso. Alternatively,

we could couple this heamodynamic constraint with
a lumped- ow model as used by (Koon et al, 2010).

The proposed approach includes several processirfg S Since the estimated parameters indicate a highly
and computational steps that are subject to uncertairl'cOMPressible behavior, we will address this incom-
ties. First, we relied on image segmentation and trackpress'ble behavior in the future by adopting speci ¢

ing which are challenging due to the limited intensity E'te elgmené.proc.edglrf(fas. Moreover, xve CzUId d|v:jded
contrast of the myocardium, and the aperture probI e endocardium in different zones than the standar

AHA zones in order to obtain more precise results (for

lem. Then, with the calibration, 4 global parameters e S
could be assessed (contractility, viscosity, bulk mod_!nstance taking into account known scar zone, or divid-

ulus and peripheral resistance) and the remaining 189 the actual AHA zones by 2). Applying this method

(including other stiffness parameters, contraction and" @ larger database could a}ls_o lead to better assess-
relaxation rates as well as other pressure related ngrjent of th_e parameters speci city of the personalized
rameters) were set to their standard values which wergmdel_s‘ Finally, the proposed methf’d °°“"_’ also_hel|_o
chosen after a trial and error approach on one health&p testing the ac_ute response to pacing by simulating it
case, or from the literature (see Appendix A for the " the personalized model.

full list and values). This choice of parameters to cal-

ibrate was made from a complete sensitivity analysiss Conclusion

(Marchesseau et al, 2012a) which led to conclusive re-

sults on healthy and pathological cases (Marchesseathis paper proposed a personalization strategy made
et al, 2012c). However, data on ventricular pressuref a global calibration and the application of the Re-
would help the parameter estimation compared to usduced Order Unscented Kalman Filter to estimate re-
ing literature values that can be far from the actualgional contractilities based on regional volumes using
patient condition. Second, boundary conditions play a complete model of the heart. The personalization of 3
signi cant role in the myocardium motion and hemo- pathological cases and 8 volunteers shows the robust-
dynamics, therefore they need to be assessed carefullyess of this strategy and opens up possibilities to study
Our model includes a pericardium that constrains thehe speci city of the estimated physiological parame-
outward radial motion and some elastic constraint thaters to the etiology and the response to CRT. The use
can be applied on the apex (which is either outside th@f regional volumes allows to smooth registration er-
eld of view of the images, or barely moving) and on rors and to nd a good compromise between the physi-
the basal area around the valves. However, the pre-loaglogical behavior of the model and the accuracy of the
and the after-load were not personalized in this articlepersonalization.

which probably impacts the estimation of the parame-

ters. For instance, modelling the regurgitation observed cxnowledgements This work was partially funded by the Eu-
on the third pathological case could help in obtainingropean Community's euHeart project under grant agreement

4.4 Perspectives

4.3 Limitations of the Personalization Pipeline
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224495 and by the ERC advanced Grant MedYMA 291080. Theby Huxley's lament model (Huxley, 1957). Statistical mechan-
authors warmly thank Marc Fragu from INRIA, MACS team in ics allows to describe its behavior at the macroscopic scale, re-
Saclay, for his support and advice in using Verdandi, as wellsulting in a differential equation that controls the active sttgss
as Martha L.Aguilar from UPF whose help in processing theand the sarcomere stiffnelks
data was essential to this work and Michel Sorine from INRIA,
SISYPHE team for constructive discussions. ke= (juj+ajej)ke+ nokojuj+

te= (uj+ajej)tc+ ecke+ nosojuj+

) . wherea is a constant related to the cross-bridge release due to
A The Bestel-CBment-Sorine electromechanical a high contraction ratdg ands are respectively the maximum
model stiffness and contractiomg is a reduction factor that allows to
take into accourthe Starling effecby which the maximum con-

For the sake of completeness, we provide a brief descriptiodraction depends on the bre strag. The control variables is
of the Bestel-Gdment-Sorine electromechanical model (Bestelderived from the electrical activation model and is a function of
et al, 2001) further improved by Chapelle et al (2012b) that wethe free calcium concentration only. It is modeled using electro-

used throughout this paper. This description has already beeplysiological inputs such as depolarization timgg @nd action
published in (Marchesseau et al, 2012b). potential durationsAPD) and depends on two parameteqs; p
the rate of the myosin ATPase activity controlling the contraction

The model is composed of a passive isotropic visco-fate andkgsthe rate of sarcoplasmic reticulum calcium re-uptake
hyperelastic component that accounts for the elasticity and thgontrolling the relaxation rate.

friction in the cardiac extracellular matrix surrounding the - The ventricles are lied with blood coming from the atria
bres, described as a MooneyRivlin material. The strain energnd ejected through the arteries. A valve model gives rela-
for a MooneyRivlin material is given as: tionships between the outward ow and the various pressures

(ventricular, arteria and atria). The arteria pressure is modeled
using a four-element Windkessel model (Stergiopulos et al,
1999), that depends on four parameters: the peripheral resistance

) ) Ry, the characteristic time, the characteristic resistanZgand
wherecy;c; are material parameters akdis the Bulk modu-  the total arteria inertande

lus. The quantitie$; andl, are the isochoric invariants of the

Cauchy-deformation tenses. The values of the mentioned parameters are given Table.1.
In parallel, the stress along the cardiac bre is composed of

an active part (contraction in the sarcomere) and a passive part

corresponding to the elastic bound (titin) between sarcomeres

and Z-discs, having stresg = Eses. The contractile component Table 1: Parameter values.

having stress tensar, driven by the control variablg, has a

viscous part to account for the energy dissipated in the sarcomere

W= a9+ iz I+ SO 1)

Notation Parameter Name Value

due to friction. This gives so (MP3) Max Contraction 7
ko (MPg) Max Stiffness 5
Sc=tc+ Mec: katp (s 1) Contraction Rate 15
) ) ) ) krs(s D) Relaxation Rate 35
Fig. 22 shows a rheological representation of this model. Es (MP3) Linear Modulus 10
a Cross-bridges Unfasten Rate  :50
m(MPas) Viscosity 13
c1 (kP3 Mooney Rivlin Modulus 10
c2 (kP9 Mooney Rivlin Modulus 10
K (MP3) Bulk Modulus 10
t (9 Wind. Charact. Time 1]
Rp (MPam 35  Wind. Periph. Resistance 100
Z: (MPam 3:5)  Wind. Charact. Resistance 1
L (kPas®m 3)  Wind. Total Art. Inertance 10
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