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Abstract

Electrocardiographic Imaging (ECGI) is a promising
tool to non-invasively map the electrical activity of the
heart using body surface potentials (BSPs) and the patient
specific anatomical data. One of the first steps of ECGI is
the segmentation of the heart and torso geometries. In the
clinical practice, the segmentation procedure is not fully-
automated yet and is in consequence operator-dependent.
We expect that the inter-operator variation in cardiac seg-
mentation would influence the ECGI solution. This effect
remains however non quantified.

In the present work, we study the effect of segmentation
variability on the ECGI estimation of the cardiac activity
with 262 shape models generated from fifteen different seg-
mentations. Therefore, we designed two test cases: with
and without shape model uncertainty. Moreover, we used
four cases for ectopic ventricular excitation and compared
the ECGI results in terms of reconstructed activation times
and excitation origins.

The preliminary results indicate that a small variation of
the activation maps can be observed with a model uncer-
tainty but no significant effect on the source localization is
observed.

Introduction

The inverse problem in cardiac electrophysiology, also
known as electrocardiographic imaging (ECGI), has been
a research topic for decades as it may be a powerful tool
for the treatment and diagnosis of cardiac arrhythmia.

ECGI non-invasively estimates electrical activity of the

heart using body surface potential measurements obtained
are combined with a specific CT/MRI based anatomical
models and defined electrode positions. However, the
problem is known to be ill-posed; the uncertainty of the
mathematical model mainly due to the different hypothe-
ses stated and its parameters generate modeling errors and
uncertainty in the inverse solution.

Moreover, ECGI relies on image segmentation for ge-
ometry creation. Since the process is operator dependent,
it also introduces more uncertainty into the solution as it
has shown that the segmentation variability affects esti-
mated ventricular potentials [1]. Despite the previously
studies conducted on the statistical shape analysis of ven-
tricular segmentation variability the effect of this variation
on ECGI remains unexplored [2, 3].

More sources of uncertainties likely affects the ECGI
solutions including the position of the heart within the
torso mainly affected by respiration or changes in body po-
sition.

Therefore, in this study, we focus on the effect of seg-
mentation variability on ECGI estimations of cardiac acti-
vation.

Methods

1. Anatomical Data

Fifteen different cardiac segmentations from the same
single subject CT-scans were created by different re-
searchers within the consortium for ECG Imaging (CEI,
ecg-imaging.org). Then, these segmentations were ana-
lyzed using ShapeWorks to study the variability in segmen-
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tation [4]. Therefore, 1024 control points were obtained
which were evenly distributed over the surface. From the
derived statistical model, 262 cardiac shape models were
obtained as previously described in [2].

Figure 1. Representative example of one cardiac shape
model with the control points.

2. Forward problem

To study solely the effect of segmentation variability on
the inverse problem, body surface potentials (BSP) were
computed using all 262 cardiac models using one torso
model with 120 electrodes [5]. Specifically, the mon-
odomain model was used to simulate the electrical wave
propagation. In each of the 262 cardiac model we used
four stimulation protocols of ventricular focal excitation :
left ventricular (LV), right ventricular (RV), left ventricular
septum, and apex as shown in Figure 2. On the torso sur-
face, the electrical potential is computed using the pseudo-
ECG approximation and is described by a Laplace equa-
tion and satisfies

BSP(x, y, z) =
1

4π

∫
ΩH

∇Vm.∇
(

1

r(x, y, z)

)
,

where Vm stands for the trans-membrane potential, ΩH the
heart domain and r is the Euclidean distance between the
electrode at position (x, y, z) and a point of the heart.

LV RV Septal Apex

Figure 2. Ventricular stimulation protocols.

3. Inverse problem : MFS

We used the simulated BSP to estimate the cardiac ac-
tivation sequence using the Method of Fundamental Solu-
tions (MFS). We approach the solution of the elliptic prob-
lem given by the Laplace equation by a linear combina-
tion of fundamental solutions of the differential operator

which is, in our case, the Laplacian. These solutions will
be located on a set of points called virtual source points
yj , j = 1 . . .M over an auxiliary surface of Ω̂T located
outside of the domain of interest ΩT as described in [6].

The potentials are expressed as u(x) = a0 +∑M
i=1 f(x, yj)aj , where x ∈ ΩT , yj are the virtual source

points and aj , j = 1 . . .M are their corresponding coeffi-
cients. Here, f stands for the Laplace fundamental solution
defined as f(r) = 1

4πr with r = |x− y| is the euclidean
distance between two points x and y.

When using Dirichlet and Neumann conditions we ob-
tain the linear system Ax = b, with A being the transfer
matrix and:

x = (a0, a1, · · · , aM )T

b = (ux1
, · · · , uxN

, 0, · · · , 0)T

To find the unknown coefficients (ai ∈ RM+1) and com-
pute the potential on the heart, we solve the following
least-square optimization problem with a Tikhonov regu-
larization,

‖Ax− b‖2 + λ‖Lx‖2, (1)

where L the regularization operator is an identity matrix
for the zero-order Tikhonov and λ is the regularization pa-
rameter to be identified.

4. Data-analysis

In order to assess the error related to the geometry vari-
ability from the error related to the inverse problem method
we designed two test cases, with and without model uncer-
tainty. In the first test case (Test A), the BSP computed
using the ith shape model (BSPi) is used for the ECGI es-
timation only for the ith shape model. As the second test
case (Test B), the BSP ∗ generated using a reference car-
diac shape model was used for the ECGI estimation for all
262 shape models.

For both test A and B and for each stimulation proto-
col, we computed 262 inverse solutions. Per solution, we
calculated the corresponding activation times and the esti-
mated site of initial activation. Afterwards, we computed
the correspondence between the reconstructed and true ac-
tivation maps by means of Pearson’s correlation coeffi-
cients (CCs). Finally, we computed the Euclidean distance
between the true pacing sites and the ECGI based earliest
activation sites (EAS) obtained from the inverse solutions
we denote as the Localization Error (LE).

Results

In Figure 3, the mean cardiac shape model with average
activation times obtained from the ECGI based solutions
from 262 shape models. The columns correspond to the
true activation maps (left column in Figure 3) as used to
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compute BSP, the mean activation maps for test A (middle
column) and test B (right column). The rows correspond to
the four stimulation protocols.Visually, there are no signif-
icant difference between the true activation sequence and
the ECGI estimation in case of LV, RV and apical pac-
ing. In the case of septal paced beats, we observe from the
representation of the average activation map that, for both
tests A and B, zones of low activation times in the RV and
LV cavities. This finding would eventually be evidenced in
the lower coefficient correlations and source location accu-
racy.

Activation times

minmax

LV

RV

Apex

Septal

Simulation Test A Test B

Figure 3. Comparison of activation times (from left to
right): true activation times on the mean heart with green
dots representing the average of the simulated excitation
origin and reconstructed activation times on the average
heart (test A & B) with red dots representing the average
earliest activation sites calculated by MFS.

The box plots for spatial CCS of the activation maps for
all models are provided in Figure 4. In the four stimulation
protocols, we remark a small decrease of the CC values
from 0.959 ± 0.006 (in Test A) to 0.950 ± 0.007 (in Test
B) for LV paced beat, from 0.951± 0.014 to 0.943± 0.018
for RV paced beat,from 0.935 ± 0.014 to 0.911 ± 0.016
for apical paced beat and from 0.819 ± 0.045 to 0.797 ±
0.071 for septal paced beat.

From the obtained ATs we compute the earliest activa-
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Figure 4. Correlation coefficients of the reconstructed ac-
tivation maps in the four stimulations protocols.
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Figure 5. Pacing sites with green dots. MFS based earliest
activation sites with red dots.

tion sites. These latter are projected on the average cardiac
shape model and depicted in Figure 5. Qualitatively, the
distribution of EAS based on the MFS is not different in
tests A and B with a few exceptions which mainly concern
the Endo/Epi localization of the EAS. The Euclidean dis-
tances between the true pacing sites and the ECGI based
earliest activation sites (EAS) for the four stimulation pro-
tocols are reported in the box plots in Figure 6. If no model
uncertainty (Test A), the errors (mean ± standard devia-
tion) for LV, RV, apex and septal pacing are 11.3 ± 5.1,
7.0 ± 3.5, 14.6 ± 2.5 and 14.0 ± 5.5mm, respectively.
Whereas under model uncertainty (Test B), the errors for
LV, RV, apex and septal pacing are 11.6 ± 5.4, 5.0 ± 1.9,
12.2 ± 4.2 and 15.8 ± 5.5mm, respectively.

Discussion and Conclusion

With a focus on segmentation uncertainty, we used com-
puted BSP with the same or a reference heart shape to es-
timate the activation sequence. In fact, we performed two
tests A and B. In test A, we solved the inverse problem for
each cardiac shape model given the corresponding BSP.
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Figure 6. Box plots of the localization error of the pacing
site using Euclidean distance.

In test B, we solved the inverse problem for the different
shape models starting from one single BSP. Afterwards,
we evaluated, for both tests A and B per stimulation proto-
col, the correlation coefficients between the reconstructed
and true activation maps as well as the localization errors
of the ectopic ventricular sites given the position of ECGI
based excitation origins. The obtained results indicate that
the segmentation uncertainty affected the resulting activa-
tion maps for all the stimulation sites but this was not ob-
served on the source localization, particularly for the RV
and Apex stimulation. This could be explained by the low
variability across the 262 cardiac shape models of the cho-
sen stimulation sites. In fact, an analysis of the computed
BSPs for these cases shows the effect of the segmentation
on the amplitude of the signals but rarely on the morphol-
ogy which is more likely to affect the ECGI results.

As the results from Test A indicate, there remain addi-
tional sources of uncertainty which likely affects the ECGI
estimations. During real-life BSP measurements, beat-
to-beat differences occur due to respiration. The respi-
ratory directly affects the position of the heart within the
torso and consequently the obtained BSP. Furthermore, as
patient-specific images are however obtained at one res-
piratory state during CT/MRI imaging procedures; either
end-respiratory or end-excretory. To partially reduce this
error mathematical models have been proposed [7]. An-
other part of uncertainty is expected for the repolarization
due the contraction of the heart as we only use the end of
diastolic phase from the imaging for the segmentation.

In future work, we will extend our study to different
stimulation sites in areas of the heart more affected by seg-
mentation variability. As it has shown that the largest vari-
ation was found at the base of the heart we may observe
that also earliest site of activation may be significantly af-
fected by cardiac shape model differences if we specifi-

cally assess stimulation protocols in these areas.
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