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A B S T R A C T

Preterm birth (PTB) is one of the most important complications in pregnancy. Reliable diagnosis means are
lacking and the underlying physiological mechanisms are unclear. Determining the location of various correlated
and simultaneously active uterus sources from abdominal ElectroHysterogram (EHG) recordings and extracting
the corresponding uterus signals is a challenging problem. The use of the EHG for imaging the sources of the
uterine electrical activity could be a new and powerful diagnosis technique. In this paper we compare the ability
of six distributed source localization methods to recover extended sources of uterus activity from abdominal
EHG. As no gold standard to evaluate source localization methods, exists, we perform our evaluation by using a
well-controlled realistic simulations of EHG signals, involving several locations. Simulated data were corrupted
by physiological EHG noise. The performance of several state-of-the-art techniques for extended source locali-
zation is evaluated using a detection accuracy index using the Dipole Localization Error, the Area Under the
Receiver Operating Characteristic (ROC) Curve AUC, and the Correlation Coefficient.

1. Introduction

Uterine contractility is a straightforward consequence of the un-
derlying electrical activity in the myometrial cells [1]. The electrical
activity of the uterus is one of the most promising tools for the detection
of preterm labor signs [2–4]. Electrohysterography (EHG) measures
uterine electrical activity (Uterine electromyogram, uEMG) generated
by the underlying activity in the myometrial cells using a few number
of sensors uniformly distributed on the mothers abdominal skin [5]. It is
a long-standing technique for the analysis of uterine activity. Due to its
good temporal resolution, the EHG is used to monitor uterine con-
traction and has proven to be useful in the clinical evaluation of uterine
activity as early as 18 weeks of pregnancy [6–11]. It have been more
recently used as a noninvasive technique to identify uterus activation
patterns, which plays a crucial role as it is the only technique with the
Magnetomyography (MMG) providing information directly linked to

the generation of the uterine activity. Performing an accurate locali-
zation of EHG sources is thus of particular interest leading to recognize
their generation and propagation. One of the most recent processing
techniques introduced is the imaging of the source of the electrical
activity based on source localization from the EHGs [12–16]. This
technique allows a noninvasive reconstruction of the electrical poten-
tial on the uterine surface based on electrical potential measurement on
the body surface and anatomical data related to the abdominal con-
ducting volume. This non-invasive modality is used in this study to
localize uterus regions involved during the generation of burst of con-
tractile activity. Uterine activity originates from excitability and syn-
chronization of myometrial cells. This synchronization could be the
result of two phenomena: a) raised connectivity in the myometrial cells,
due to the appearance of Gap Junctions, which results in an increase in
the local diffusion of the action potentials [5]; b) increased sensitivity
to mechanotransduction, at the cell level, that permits a longer distance
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activation of the uterine muscle due to its stretching [17]. Caldeyro-
Barcia described their model of uterine function as a wave-like con-
traction which starts at the fundus, spreads down the uterus, and de-
creases in strength and duration as it progresses [18]. Wolfs and van
Leeuwen [19] estimated a linear propagation. However, there is a sig-
nificant doubt that myometrial action potentials travel in straight paths.
Furthermore the amplitude of Magnetomyography (MMG) signals for
physiological uterine activity is expected to range from pico ( −10 12) to
femto ( −10 15) Tesla (T), depending on the approach of measurement
[20]. As mentioned in Ref. [21]; uterine burst activity give rise to a
relatively large amplitude (4.5 pT). This implies that MMG signals are
likely to arise from large spatially extended regions of active uterus.
Thus uEMG are detectable on EHG/MMG recordings only when asso-
ciated with a spatially extended uterus generator of several square
centimeters. Therefore it is necessary to rate the capacity of source
localization methods to recover such spatial extent of the sources.
Therefore, not only it is important to localize the origin of uEMG but
also to recover their spatial extent and estimate the temporal course of
their activity. This task can become particularly challenging when
several distributed regions with highly synchronized activity are si-
multaneously active or are involved during a propagation process.
Source localization methods may facilitate to define the regions of the
uterus where the activity are generated [13]. Studying the underlying
mechanisms and anatomical areas involved in the generation and the
propagation of uEMG constitutes a key issue toward a better under-
standing of the uterus. This method is mostly referred to source imaging
and permits to identify the uterus regions that are involved in gen-
erating characteristic activity patterns, which is of clinical relevance.
Inferring the source location within the uterus from a signal acquired on
the abdominal skin, i.e., the EHG inverse problem, is an ill-posed pro-
blem since there is a large number of source configurations that can
turn out the same potential at the surface of the abdominal skin. Ad-
ditional constraints should then be added to obtain a unique solution.
Two types of approaches have been proposed [22,23]. (1) The
equivalent current dipole methods assume that the potentials are gen-
erated by a few dipolar sources [24,25]. (2) The distributed source
methods assume that surface potentials are generated by a large
number of dipolar sources distributed within source space [26]. Dis-
tributed source methods seem appropriate to estimate spatially ex-
tended sources. They aim at localizing myocyte activation on a large
number of sources (around 5000) given few sensors (around 64 or less).
The problem is then highly underdetermined and requires additional
constraints in the form of a regularization technique. In this study we
add a priori knowledge or constraints by fixing the position of the
sources along the uterus surface to achieve linearity in the inverse
problem. However, the problem is still under-determined due to the
small number of electrodes. In order to get a unique solution, further
constraints in the form of a regularization are required. Some mathe-
matical constraints were proposed, such as the solution with the
minimum energy (Minimum Norm Estimate) [27] or The solution with
the highest spatial smoothness [28]. Statistical frameworks, based on
Bayesian inference [29] or entropy [30,31]; were proposed in the state
of the art to provide a flexible way of introducing prior information.
Abdominal EHG performance is limited as the uterus often demon-
strates several simultaneously active regions and as EHGs present low
signal-to-noise ratios. Indeed, this interpretation is not straightforward
as signals are severely impacted by the effects of volume conduction. To
overcome these difficulties, we need to make the analysis on the tem-
poral dynamics of uterus sources reconstructed from surface EHG. Our
objective here was to carefully compare different methods, to assess
their detection accuracy when extended uterus areas were activated. To
do so, we used a common ground-truth fully controlled simulation
environment. This environment involves different patterns of source
configurations in particular with respect to the number of sources, their
spatial properties, and their level of synchronization. It also takes into
account an equivalent number of channels, realistically shaped uterus

model and simultaneous recordings. All simulated data were corrupted
by averaged physiological EHG noise. Six source localization methods
were evaluated and compared, namely: the Standardized low resolution
brain electromagnetic tomography (sloreta) [32]; the Standard Max-
imum Entropy on the Mean (cMEM) [33]; STWV-DA and STF-DA [34];
the Sparse, variation-based source imaging approaches [35]. We
quantified the performance of each method using the Dipole Localiza-
tion Error, the Area Under the Receiver Operating Characteristic (ROC)
Curve AUC, and the Correlation Coefficient. To overcome the accuracy
issues when using Boundary Element solutions due to the high con-
ductivity ratio between neighboring tissues (muscle/fat conductivity
ratio), we solved the forward problem using Symmetric Boundary
Element [36] which belong to the Green representation theorem [37].
Finally, we applied the source localization method to actual EHG re-
cordings, where linear propagation of activity is not seen and the
electrical propagation demonstrates complex patterns. Thus the action
potentials are found to not travel linearly. The organization of this
paper is as follows. First, we present the data model on which the ex-
amined methods are based, then, introduction of the source localization
method is proposed, followed by the description of the realistic simu-
lation dataset. Then, an explanation of the evaluation process and the
performance criteria is given. Then the results, discussion and conclu-
sion are provided.

2. Materials and methods

2.1. Data model

The electrical potential that can be seen at the surface of the ab-
dominal skin originates mostly from myometrium cells that are pri-
marily located in the middle layer of the uterine wall, consisting mainly
of uterine smooth muscle cells (also called myocytes). In order to get a
signal of appropriate amplitude to be measurable at the skin surface, a
certain number of simultaneously active myocyte populations is re-
quired. We used in this study an electrical model of these populations
developed by our team, based on an Hodgkin-Huxley approach. All
details can be found in Ref. [38]. The variables of the electrical model
are described by the following equations:

= − − − −
dV
dt C

I I I I I1 ( )m

m
stim ca k kCa L (1)

= ∞−dnk
dt

h
τ

k nk

nk (2)

= − −
+

+d Ca
dt

fc αI k Ca[ ] [ [ ] ]Ca Ca i

2
2

(3)

where Vm is the transmembrane potential, nK is the potassium activa-
tion variable, kCa is the Calcium extraction factor and +Ca[ ]i

2 the in-
tracellular calcium concentration. The ionic currents are ICa for the
voltage dependent calcium channel current, IK for the voltage depen-
dent potassium channel current, IkCa for the calcium dependent po-
tassium channel current and Il for the leakage current. The electric
potential at the surface of the skin is the summation of signals origi-
nating from all over the uterus. In our simulations, we define a source
space made of D dipoles located on the uterus surface with a fixed or-
ientation perpendicular to the surface. More particularly, the dipoles
are positioned at the vertex of the triangles of the mesh of the uterus
surface. The shape of the uterus has been segmented from a standard 3D
MR data set by the FEMONUM project [39] that offers the scientific
community 3D fetal, uterine and abdominal triangulated meshes. The
triangle vertices will later become the source locations. In the same
fashion, the compartment borders of skin, fat, and muscle are seg-
mented, subsampled, and triangulated. The lists of some hundred tri-
angles serve as the geometric model for the Symmetric Boundary Ele-
ment Method used in the forward calculations [40]. The EHG
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measurements (X ∈ ×t N T ) recorded by N electrodes for T time sam-
ples, contain a linear mixture of the sources (S ∈ ×RD T) in the presence
of noise (N ∈ ×RN T), such that:

= +X GS N (4)

where (G∈ ×RN D) is the lead field matrix that represent the propagation
in the volume conductor and depends on spatial parameters of the
model, such as the geometry of the uterus, muscle, fat and abdominal
skin as well as their conductivities, and D denotes the number of di-
poles. For a given model, a Symmetric Boundary Element Method [40]
method is used to calculate the lead field matrix. To develop our al-
gorithms, we further assume that the dipoles of the source space are
located on the uterus surface with orientations perpendicular to this
surface. The EHG inverse problem then consists in reconstructing the
sources S based on the surface measurements X for a given lead field
matrix G. However, as the number of dipoles (several thousands) gen-
erally exceeds the number of sensors (several tenths), this problem is ill-
posed. In order to restore identifiability of the ill-posed linear inverse
problem, further assumption concerning the sources have been made.
We applied a spatial prewhitening step by the multiplication of the data
and the lead field matrix with the prewhitening matrix = +P K , where K
can be computed from the background activity thaking the square root
of its covariance matrix. The goal of this pre-whitening is to decorrelate
the source signals, in order to facilitate the separation of the compo-
nents.

2.2. Source localization and extraction

In this work, we compared six different methods, to assess their
detection accuracy when extended uterus areas were activated.

2.2.1. Standardized low resolution brain electromagnetic tomography
(sLORETA)

The idea of the conventional sLORETA algorithm [32] consists in
standardizing the Minimum Norm Estimte (MNE) solution, by
weighting the current dipoles estimated on a voxel grid. We adapted
this method to our situation by replacing the voxel grid by a surface
grid that considers only dipoles on the uterus surface with an orienta-
tion perpendicular to this surface [32].

= −{ }D D V Dˆ ˆ | | ˆsLORETA MNE
T

D MNE,1 ˆ 1
,1 (5)

where −V| |D̂
1 defined as + −G GG λI[ ]T T 1 ∈ ×RN Nd r is the Tikhonov-reg-

ularized inverse matrix of G and I stand for the identity matrix.

2.2.2. Transform-based tensor methods
This transform-based tensor method has been used here, as a pro-

cessimg step to reduce to reduce the noise on the lead field matrix when
several extended sources are used. The 3-dimensional data tensor to be
treated by the CP decomposition, can either be computed as a transform
over time of the electric potential measurements, which leads to the
Space-Time-Frequency (STF) analysis, or as transform over space,
leading to Space-Time-Wave-Vector (STWV) data.

2.2.3. Space-Time-Frequency (STF) analysis
This method utilized for the time-frequency analysis consists in

employing the wavelet transform of the time signals x r t( , ) of the di-
verse channels [41]. The resulting three dimension data can then be
stored into the data tensor. To decompose the tensor W by using the CP
decomposition, time and frequency are considered as separate vari-
ables, leading to a trilinear tensor.

∫=

≈ ∑

−∞

∞

=

W r t f x r t α τ t dτ

a r p b t p c f p

( , , ) ( , )Ψ( , , )
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where ri, tj and fk represent the space, time, and frequency variables and
a r p( ; )i , b t p( ; )j , c f p( ; )k the elements of the loading matrices A, B, and C

are the space, time, and frequency characteristics, respectively. The
loading matrix A, that contains the spatial characteristics, gives a good
estimate of the spatial mixing matrix Ĥ e( ). Pseudoinverse of the esti-
mated spatial mixing matrix Ĥ e( ) is used to obtain an improved estimate
of the signal matrix Ŝ e( ):

=
+S H Xˆ ˆe e( ) ( ) (7)

2.2.4. Space-Time-Wave-Vector (STWV) analysis
Space-Time-Wave-Vector (STWV) is acquired by a Fourier transform

over space accomplished on the measured data. The spatial Fourier
transform is calculated within a certain region on the uterus, selected
by the spherical window function ′w r( -r) centered at a sensor position r,
the STWV tensor

∫= ′ − ′ ′
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R

r k r l r m1
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T
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is obtained [42]; where variable km is the wave vector which indicate
the direction of the changes of electric potential. Here, ′ −w r r( )k is a
window function that selects data to the sensor with position rk for the
local transform and a r b t( ), ( )r k r l , and c k( )r m , denote the space, time, and
wave vector characteristics, which are obtained by the CP decomposi-
tion of the tensor. This analysis requires knowledge of the sensor po-
sitions, specified by the matrix r, and of the number of expected sources
(corresponding to the number of CP components) R. The tensor is de-
composed by using the DIAG algorithm [43,44]. The results of the
tensor decomposition yield an estimate of the signal matrix

= …S b bˆ [ , , ]R1 , describing the temporal dynamics of each source. An
estimate of the so-called spatial mixing matrix = …H h h[ , , ]R1 , which
characterizes the spatial distribution of each source at the sensor level,
is obtained as = +H XS eˆ ˆ ( )e( ) , where +Ŝ e( ) denotes the pseudo-inverse of
Ŝ e( ).

=
+H XSˆ ˆe e( ) ( ) (9)

2.2.5. Disk algorithm (DA)
We then used the Disk Algorithm to localize the extended sources

from the estimated spatial mixing matrix obtained after the application
of the STWV and STF methodes, [34]. The Disk Algorithm aims to re-
cover preciselly the extended source by using small circular-shaped
patches of dipoles, called the disks. The localization of the extended
sources is done for each component separately by comparing the spatial
mixing vectors = …h r Rˆ , [1, , ]r , estimated in the first step, to the spatial
mixing vectors associated with a number of potential distributed
sources contained in a dictionary. We used this DA, for patch locali-
zation, combined with the STF and STWV preprocessing steps. De-
pending on the used preprocessing method, we thus obtain two
methods referred to as STF-DA and STWV-DA.

2.3. Variation-based

The variation-based algorithm [35] is a source imaging method
based on structured sparsity, which improves the Variation-Based
Sparse Cortical Current Density (VB-SCCD) method. More particularly,
it imposes sparsity on the variational map and in the original source
domain by solving the following optimization problem:

− + +λ f αfX GS VS S‖ ‖ ( ( ) ( ))F
2 (10)

where the regularizing function f is either the L1-norm (for SVB-SCCD)
or the L1,2-norm (for L1,2-SVBSCCD). VB-SCCD optimization problem
assumes a piece-wise constant spatial source distribution, and can be
regarded as a particular case of (10) where =α 0.
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2.4. Standard Maximum Entropy on the mean (cMEM)

The Maximum Entropy on the Mean solver is established on a
probabilistic algorithm where deduction on the current source densities
is estimated from the data. The central characteristic of this technique is
its capacity to regain the spatial extent of the implied sources. Its so-
lution is rated by returns the distribution of source densities to a point
out distribution in which source densities are systematic into partitions
displaying identical activation state. Furthermore a constraint of spatial
smoothness in each partition can be introduced [33].

2.5. Evaluation

2.5.1. Area Under the Receiver Operating Characteristic(ROC) curve, AUC
AUC was proposed in Ref. [45] as a detection precision index (be-

tween 0 and 1), to assess the sensitivity of a source localization method
to the spatial extent of the underlying generator. An AUC value greater
than 0.8 was considered a good detection accuracy. The AUC index is
assessing towards a Ground Truth the normalized energy of a source
map at a specific time sample.

2.5.2. Dipole Localization Error (DLE)
The Distance of Localization Error (DLE) [46]; which describes, the

variation between the original and the estimated source configurations,
is defined as follows:

∑ ∑= − + −
∈

∈
∈

∈
DLE

Q
r r

Q
r r1

2
min ‖ ‖ 1

2 ˆ min ‖ ‖
k I l I

k l
l I l I

k lˆ ˆ ˆ (11)

where Q and Q̂ are the numbers of original and estimated active dipoles
i.e., =Q I# , =Q Iˆ #ˆ, and rk denotes the placement of the −k th source
dipole.

2.5.3. Correlation coefficients
In order to analyze the quality of the extracted signals of the dif-

ferent methods, we compute the correlation coefficients between the
original and the estimated signals of the uterine activity components.
The quality of the extracted sources is evaluated by calculating this
correlation coefficients between the estimated patch signal and the
averaged signal of all dipoles pertinence to a patch. We then calculate
the mean of the correlation coefficients for all patches.

3. Results

We compare the performance of SVB-SCCD, VB-SCCD, STWV-DA,
STF-DA, cMEM and sLORETA based on computer simulations. To this
end, EHG data are generated for N=30 electrodes using a realistic
uterus and abdomen model with four compartments that represent the
uterus, the muscle, the fat and the skin. To generate the extended
sources, a number of patches each of which consists of 20 adjacent
dipoles was considered. Highly-correlated uEMG signals comprising
200 time samples with a sampling rate of 200 Hz are created for all
dipoles of one patch. The central interest of the techniques consists in
their capability to extract several simultaneously active patches. To
study the influence of the patch distance on the source localization
results, we consider in this study three configurations of two surface
patches with different distances, amounting to approximately 15 cm,
10 cm, and 5 cm, respectively. This will permit us to test the spatial
resolution of the methods. We used 2 patches with highly synchronized
activities but delayed by a number of time samples depending on the
distance between the two patches. Indeed, assuming that in the uterus,
the different sources are activated due to a propagation of uEMG, the
same signals for the dipoles was used for the second patch but introduce
a delay. For small distances, a random delay of 5ms is used for each
signal. For medium distances the signals are shifted 13ms and for large
distances, a signal delay of 20ms is employed. The performance ac-
complished with the different source imaging algorithms for the three

scenarios, averaged over 20 realizations with different patch signals (by
introducing small variations in amplitude and delay) and noise, is
summarized in Tables 1 and 2. Fig. 1, shows the AUC boxplot obtained
for the different source localization methods for both raw and pre-
whitened EHG data for the three scenarios (three configurations of
patch), averaged over 20 realizations with different patch signals.

When the source imaging algorithms are applied to the raw EHG
recordings, for all three patch configurations, the AUC boxplot, the DLE
and the correlation coefficient values show that both VB-SCCD and
SVB-SCCD clearly outperform all other extended source localization
approaches. For two patches (scenario 3), one can observe that SVB-
SCCD approach clearly leads to better results than VB-SCCD. The SVB-
SCCD method gives a superior separation of the sources than the VB-
SCCD approach. cMEM and STWV-DA achieves comparable perfor-
mances for all three source configurations. They does not permit to
recover the patches as accurately as variation-based source imaging
methods but perform better than sLORETA. STF-DA exhibiting high
DLEs. The localization accuracy diminishes with decreasing source
distance. The application of the source imaging algorithms to the pre-
whitened data improves the performance for all methods. In particular,
the cMEM reaches the same performance as STWV-DA. STF-DA permits
to recover both patches. Furthermore, the AUC results presented for
each distance are comparable, indicating that the patch distance does
not influence the source localization performance when using a pre-
whitened step for the data.

In Fig. 2 we applied the best method (SVB-SCCD) obtained from
results in Table 1, Table 2 and Fig. 1 to real EHG signals in order to
estimate the electrical activity on the surface of myometrium and how
they are propagating in successive time windows. We used a standard
protocol, to record the electrical activity of the uterine muscle. This
protocol uses a grid of 16 monopolar electrodes (4×4 matrix) placed
on the woman's abdominal skin, with two reference electrodes on each
of her hips. The standardized system uses Ag/AgCl electrodes (8mm
diameter, with 17.5mm distance between the centers of two adjacent
electrodes). Each window in Fig. 2 represents 20 s of averaged data
overlaps with the previous and subsequent windows by 10 s. Fig. 2

Table 1
Representation of source imaging methods in terms of DLE (in cm) and signal
correlation for the considered scenarios with large patch distance (1), medium
patch distance (2), and small patch distance (3), applied to raw EHG data.

Scenario DLE Correlation coefficient %

1 2 3 1 2 3

SVB-SCCD 0.12 2.12 3.01 96.6 93.2 90.09
VB-SCCD 0.14 2.9 5.9 95.1 91.2 80.9
cMEM 4.2 5.34 6.3 75.3 73.4 72.3
STWV-DA 6.43 8.3 12.4 71.44 68.11 60
STF-DA 25.16 20.67 17.4 47.5 52.6 55.67
sLORETA 10.56 12.54 17.8 65.43 59.8 54.89

Table 2
Representation of source imaging methods in terms of DLE (in cm) and signal
correlation for the considered scenarios with large patch distance (1), medium
patch distance (2), and small patch distance (3), applied to spatially pre-
whitened EHG data.

Scenario DLE Correlation coefficient %

1 2 3 1 2 3

SVB-SCCD 0.98 1.4 2.59 97.65 95.41 92.5
VB-SCCD 0.99 1.9 3.2 96.4 94.7 90.52
cMEM 3.4 4.01 4.55 85.4 83.34 81.6
STWV-DA 3.3 4.23 4.7 85.7 83.23 81.17
STF-DA 13.16 12.67 10.15 56.9 59.4 65.88
sLORETA 5.67 8.9 11.12 76.45 75.6 72.42
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evidence the presence of hot spots of myometrial activity. Islands of
activity appear without activation of neighboring muscle.

4. Discussion

A number of studies performed at the level of electrodes reported
that electrohysterogram (EHG) associated with appropriate signal
processing techniques might bring relevant information about normal
networks activated. Indeed, this problem is complex due to the effects
of volume conduction. In this paper we tackle this problem to overcome
these difficulties, by working on the temporal dynamics of uterus
sources reconstructed from surface EHG. We have conducted our ana-
lysis using a realistic uterus model and have aimed at recognizing the
spatial extent of the sources. The computer simulations have shown that
both SVB-SCCD and VB-SCCD exhibited the best performance, which
permits to simultaneously localize several highly correlated active
source regions as also shown in Ref. [13]. They appear therefore to be
of the most promising approaches for the identification of multiple
active uterus regions in the case of propagation. The SVB-SCCD tech-
nique allow to get further focal source estimates than VB-SCCD and

realize the separation of even nearer sources, which leads to better
performance in terms of signal extraction, due to the supplemental
regularization term that assess sparsity in the original source. We have
also analyzed the use of tensor-based methods which separate the
sources prior to the localization. STWV method accurately separated
the patches and exhibited good performance as also shown in Ref. [14].
This can be demonstrated by the fact that the STWV analysis correctly
break the spatial mixing vectors of the two patches and therefore allows
to localize each patch individually. The STWV-DA has proven to be
robust if applied to the raw EHG data with no prewhitening, contrary to
the other examined source imaging methods, with patches of medium
and small distances, only lead to useful results in the case of pre-
whitened data. However, the tensor-based methods do not provide
accurate results for the correlated sources in case of the STF analysis
due to the highly correlated signals of the two patches that in this case
differ by a short time delay due to the propagation of the activity
[14,34]. The STF method does not permit in that situation to separate
the sources, therefore impeding a correct source localization. This poor
sensitivity may be explained by the fact that the STF analysis is unable
to separate the different patches activities, because their time-frequency

Fig. 1. AUC obtained for different methods applied to raw EHG data (up) and to spatially prewhitened EHG data (down) for three different scenarios composed of
two patches with large distance (left), patches with medium distance (center), and patches small distance (right).

Fig. 2. EHG source imaging using SVB-SCCD inverse method of pregnant contraction recorded by 16 electrodes. Windows represent 20 s of averaged data.
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content are similar(same activity but delayed). sLORETA generally does
not give as accurate results as cMEM. We could not evidence from these
preliminary results any kind of linear propagation of the uterine elec-
trical activity as shown also in sheep [47]; rodent [48]; and human
[49,50] where the action potentials are not found to travel linearly.

5. Conclusion

We can conclude that the STF method cannot properly separate
sources when their signals are too correlated. A low correlation be-
tween signals of different sources should ease their separation. STWV-
DA gives less precise results than cMEM for the raw EHG data.
Nevertheless, the prewhitening step greatly improves the source loca-
lization results obtained by STWVD-DA. The obtained performance is
there similar to the one obtained by STWV-DA. When applying SVB-
SCCD inverse method to real signals, our analysis of the evolution of the
real sources during contraction does not evidence any linear propaga-
tion. The activity appears to propagate non linearly and slowly across
the muscle with complex pathways and noncontiguously.

6. Perspective

In future work we would like to go deeply to the clinical applica-
tions (estimating the sizes of the regions, analysing the synchronicity
between them). We would also like to improve the model used to solve
the forward problem to get a more realistic representation of the uterine
behavior. In the ideal, this model should be rendered patient specific to
face to the wide interindividual variability encountered in the clinical
practice. Indeed, to investigate the performance of this method in lo-
calizing synchronous regions from clinical measurements, we have to
assume that the electrophysiological model that will be used to con-
strain the minimization problem is sufficiently accurate.
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