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b INRA, Unité de Recherche de Géochimie des Sols et des Eaux, BP 80, 13545 Aix-en-Provence, Cedex 4, France
c INRA, Laboratoire d’Etude des Interactions entre Sol, Agrosystème et Hydrosystème, UMR AgroM-INRA-IRD, Montpellier,
France
Received 15 March 2006; received in revised form 4 August 2006; accepted 30 September 2006
00
do
KEYWORDS
Self-potential;
Bayesian methods;
Data fusion;
Water table;
Catchment
characterization
22-1694/$ - see front matte
i:10.1016/j.jhydrol.2006.09

* Corresponding author. Tel.
E-mail address: linde@cere
r ª 200
.027

: +33 4
ge.fr (N
Summary Information about spatial variations of the water table that occur throughout
catchments is useful to infer large scale flow patterns, but conventional mapping using
piezometric data is invasive, slow, and expensive. Water flow in the subsurface generates
an electrical current called the streaming current. The resulting self-potential (SP) (elec-
trostatic) signals can be measured non-intrusively, quickly, and inexpensively at the
ground surface. We considered two conceptual models to relate SP signals to the water
table. The ‘‘infiltration model’’ relates SP signals to the thickness of the vadose zone,
while the ‘‘water table model’’ relates SP signals to the distribution of the water table
in unconfined aquifers. These models are first calibrated against field data before a Bayes-
ian method is applied to update a kriged map of the water table obtained from piezomet-
ric observations using a kriged SP map. The estimated water tables based on the two
conceptual models were combined into one final model using concepts from Bayesian
Model Averaging. The method was applied to a small agricultural catchment (�1 km2)
in southern France. The posterior water table estimates were improved mainly on the
slopes surrounding the basin. Understanding the variations in the water table on these
slopes is important because infiltration in these areas feed the basin with groundwater
flow. The Bayesian framework is useful to avoid overconfident predictions when using
SP data in hydrogeological estimation because it provides realistic uncertainty estimates.
ª 2006 Elsevier B.V. All rights reserved.
6 Elsevier B.V. All rights reserved.
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Introduction

Piezometric data are typically scarce and additional data
sources, like non-intrusive geophysical measurements, that
provide cheap and reliable information about the water ta-
ble are in demand (e.g., McLaughlin and Townley, 1996).
This is actually one of the five community objectives identi-
fied by the International Association of Hydrological Sci-
ences (IAHS) decade on Predictions in Ungauged Basins
(PUB), namely ‘‘Demonstrate the value of data for hydro-
logical data acquisitions, including alternative data sources,
by quantifying the links between data and predictive uncer-
tainty (IAHS, 2003)’’. In this study, we estimated the posi-
tion of the water table and the uncertainty associated
with this estimate over a catchment area by combining
self-potential (SP) and piezometric data.

In the last decades, new quantitative methods using SP
signals have been developed to solve different problems in
environmental geosciences. Examples include: the determi-
nation of the shape of contaminant plumes (e.g., Naudet
et al., 2004); the geometry of ground water flow (e.g.,
Titov et al., 2000); the interpretation of pumping tests
(Rizzo et al., 2004); the determination of the geometry of
buried paleochannels (e.g., Revil et al., 2005b); studies
of landslides (Perrone et al., 2004); ground water flow in
active volcanoes (e.g., Finizola et al., 2002); and glaciology
(Kulessa et al., 2003).

The self-potential or spontaneous polarization (SP)
method is a passive geophysical method that measures the
electrical potential distribution at the ground surface (and
possibly in boreholes). The mapping of self-potentials is usu-
ally carried out with two non-polarisable electrodes; one is
used as a reference, while the other is used to scan varia-
tions in the electrical potential at the ground surface. The
recorded signals are the superposition of in situ signals
and telluric currents, which correspond to the main source
of noise in addition to cultural activity (50 Hz and harmon-
ics). New methodologies for the acquisition of field data
have been developed to improve the signal-to-noise ratio
of the recorded data (e.g., Perrier and Raj Pant, 2005).
Once the noise is removed, there are two main sources of
signals. One source of SP signals is associated with ground
water flow through the so-called streaming potential or
hydroelectric coupling (e.g., Revil et al., 2005a). The other
source is associated with redox potentials (e.g., Naudet
et al., 2004).

The streaming potential dominates over the redox poten-
tial in most environments that are not heavily contaminated
or contain ore bodies. The microscopic origin of the stream-
ing potential signals lies in ionic processes occurring in the
vicinity of the surface of minerals in contact with water. In-
deed, the electrical double layer coating the surface of min-
erals implies the existence of a net excess of electrical
charge in the pore water (e.g., Revil et al., 2005a). The drag
of this—typically positive—excess of charge by the flow of the
ground water creates a polarisation of charge at the pore-
scale, i.e., the streaming potential, which is one of the
cross-coupling effects existing in charged porous materials
(Revil et al., 2005a). When redox potentials and man-made
signals can be neglected or eliminated, the distribution of
the measured electrical potentials provides an electrical
signature of water flow in the sub-surface (e.g., Fournier,
1989; Aubert and Yéné Atangana, 1996).

In this work, we used the first-order approximations of
two conceptual models that relate SP signals and the water
table. Aubert and Yéné Atangana (1996) assumed that SP
signals are mainly due to infiltration of water through the
vadose zone. Fournier (1989) and Revil et al. (2003) showed
that the variation of the streaming potential coupling coef-
ficient through the water table is also responsible for self-
potential signals.

The objectives of this work were: (1) to illustrate that SP
data provide an inexpensive and useful data source in hydro-
logical studies at the catchment scale; (2) to apply a Bayes-
ian estimation method, which uses geostatistical
techniques, to integrate SP and piezometric data in order
to estimate the water table throughout a catchment. Even
though SP data have been used in hydrogeological studies
(e.g., Fournier, 1989; Aubert and Yéné Atangana, 1996; Re-
vil et al., 2002, 2003, 2005b; Zhang and Aubert, 2003; Rizzo
et al., 2004), there have been no attempts: (1) to use a
Bayesian estimation method to estimate the elevation of
the water table by integrating SP and piezometric data;
(2) to estimate prediction uncertainties arising from mea-
surement errors, sparse sampling of data, and uncertainties
about the relationship between SP signals and the elevation
of the water table; and consequently (3) to use SP and pie-
zometric data to map the water table throughout a
catchment.
Self-potential signals and their relation to the
water table

In the last two decades, two potential sources of SP signals
associated with ground water flow have been identified. The
first conceptual model corresponds to slow infiltration of
water through the vadose zone (Zablocki, 1978; Jackson
and Kauahikaua, 1987; Aubert and Yéné Atangana, 1996).
These authors assumed that SP signals are mainly related
to the distance along which water percolates vertically
through the vadose zone before reaching the water table.
This model will be referred to in the text as the infiltration
model. The second conceptual model is related to ground
water flow in unconfined aquifers (Fournier, 1989; Revil
et al., 2002; Revil et al., 2003; Rizzo et al., 2004). According
to this model, the strengths of the observed SP signals de-
pend on the contrast of the streaming potential coupling
coefficient through the water table (Fournier, 1989) and/
or on the contrast of electrical resistivity through the water
table (Revil et al., 2003). This model will be referred to in
the text as the water table model.
The infiltration model

Given that the vadose zone is uniformly polarized, where
each point in space act as a vertically oriented dipole, and
that the electrical conductivity distribution in the vadose
zone is homogeneous, the resulting self-potential is propor-
tional to the thickness of the vadose zone (Zablocki, 1978;
Jackson and Kauahikaua, 1987). Zhang and Aubert (2003)
demonstrated that, to the first-order, the following simple
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formula can be used to relate SP signals to the thickness of
the vadose zone,

uðx; y; zÞ � u0ðx0; y0; z0Þ ¼ cVf½zðx; yÞ � hðx; yÞ�
� ½z0ðx0; y0Þ � h0ðx0; y0Þ�g; ð1Þ

where u(x,y,z) is the electrical potential at a SP station lo-
cated at the ground surface; cV is an apparent streaming po-
tential coupling coefficient; z(x,y) and z0(x0,y0) are the
elevation of the self-potential station and the reference sta-
tion, respectively; h(x,y) and h0(x0,y0) are the correspond-
ing elevations of the groundwater table. This model predicts
negative self-potentials at the ground surface if the self-po-
tential reference station is located at the water table. The
predicted elevation of the water table (or the elevation of
the first impermeable formation) can be obtained from
Eq. (1) (Aubert and Yéné Atangana, 1996) as

hðx; yÞ ¼ zðx; yÞ � ½z0ðx0; y0Þ � h0ðx0; y0Þ� � ½uðx; y; zÞ
� u0ðx0; y0; z0Þ�=cV : ð2Þ

Valley-like depressions of the predicted elevations corre-
spond to preferential ground water flow pathways, whereas
ridges correspond to water divides. The infiltration model
has been successfully applied to several case studies (e.g.,
Aubert and Yéné Atangana, 1996; Zhang and Aubert, 2003)
in which the shape of the piezometric surface was con-
firmed by borehole data. However, Fournier (1989) de-
scribed several field observations that cannot be correctly
explained by Eq. (2).

The streaming potential coupling coefficient can be mea-
sured in the laboratory (e.g., Revil et al., 2005a and refer-
ences therein), but its dependence on water saturation is
not well understood (Revil and Cerepi, 2004). The apparent
streaming potential coupling coefficient cV in Eqs. (1) and
(2) is in field applications best determined by calibrating
the measured SP data against piezometric data.

The water table model

According to the water table model, SP signals originate
from contrasts in the coupling coefficient across the water
table (e.g., Fournier, 1989; Revil et al., 2003). A first order
approximation that relates SP signals to the water table is
(Revil et al., 2003),

hðx; yÞ ¼ h0ðx; yÞ þ ½uðx; y; zÞ � u0ðx; y; zÞ�=cW ; ð3Þ

where cW = (C2 � C1) is an apparent streaming potential
coefficient, where C1 and C2 are the streaming potential
coupling coefficients in the vadose zone and the saturated
zone, respectively. Consequently, according to the water
table model, the self-potential is linearly related to the pie-
zometric head. In the case where there are capillary
fringes, it is possible that there is an insignificant contrast
of the coupling coefficient between the aquifer and the va-
dose zone, so cW � 0.

Bayesian model

In Section ‘‘Self-potential signals and their relation to the
water table’’, we have reviewed two alternative conceptual
models relating the shape of the water table to self-poten-
tial data (Eqs. (2) and (3)). In this section, we describe how
to use these conceptual models to update prior estimates of
the water table obtained from kriged piezometric data. The
resulting models provide uncertainty estimates that incor-
porate the number of data points, the measurement errors,
the accuracy of the conceptual models, as well as the con-
sistency between different conceptual models.

Bayes’ theorem is an appealing framework for integra-
tion of different data types and a priori information (e.g.,
Rubin, 2003). A Bayesian formulation of data integration is
more general than co-kriging (Deutsch and Journel, 1998)
because a Bayesian formulation allows arbitrary prior distri-
butions and non-linear relationships between primary and
secondary variables. Chen et al. (2001) combined collocated
geophysical estimates of ground penetrating radar (GPR)
velocity, GPR attenuation, and seismic velocity with perme-
ability estimates from flowmeter data to estimate the like-
lihood of observing a given permeability value given known
values of the three geophysical data types. The associated
likelihood functions were determined with a normal linear
regression method. The prior was a kriged estimate of the
permeability structure based on flowmeter data, where
the correlation structure had been estimated using avail-
able geophysical models and permeability data. The method
of Chen et al. (2001) was used to estimate the permeability
structure at the South Oyster Bacterial Transport Site, Vir-
ginia (Hubbard et al., 2001). Scheibe and Chien (2003) mod-
eled the flow and transport of tracer test data from this
fairly homogeneous site and showed that the permeability
structure determined by Hubbard et al. (2001) significantly
improved transport predictions compared to estimates
based on flowmeter data only.

We adapted the method of Chen et al. (2001) to the
problem of estimating the geometry of the water table gi-
ven piezometric and self-potential data by incorporating:
(1) likelihood functions that have space-varying variance;
(2) likelihood functions where the parameter structure is
based on conceptual models (Eqs. (2) and (3)); (3) geophys-
ical data (i.e., the SP data) that are kriged (not inverted) to
ensure estimates at all locations of interest; (4) concepts
from Bayesian Model Averaging (BMA) to include the uncer-
tainty arising from different possible conceptual models.

When different models are consistent with the available
data, it may not be justifiable to rely on a single model. In-
stead, it might be better to weight the predictions of the
various models with weights based on estimated model
probabilities. We used concepts from BMA to condition the
posterior probabilities to the two conceptual model types
M = (M1,M2), where M1 corresponds to the infiltration model
and M2 corresponds to the water table model.

The estimation method is described in detail in the fol-
lowing section.

Bayesian model

An estimate of the water table h(x,y) using model Mk can be
obtained with Bayes theorem as follows:

p½hðx; yÞjuðx; yÞ;Mk� ¼ AL½uðx; yÞjhðx; yÞ;Mk�p½hðx; yÞ�; ð4Þ

where A is a normalizing coefficient, u(x,y) is obtained by
kriging the SP data, L[u(x,y)jh(x,y),Mk] is the likelihood
of observing u(x,y) given h(x,y) and Mk, p[h(x,y)ju(x,y),Mk]
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and p[h(x,y)] are the posterior and prior probability density
functions (pdfs) of the water table, respectively. It should
be noted that only collocated estimates are used in Eq.
(4), which simplifies the computations without significantly
affecting the resulting models.

The prior pdf p[h(x,y)] is obtained by kriging the
available piezometric data. The likelihood functions
L[u(x,y)jh(x,y),Mk] are first estimated at the locations
where we have collocated SP data ucol and piezometric data
hcol, where the parameters cv (Eq. (2)) and cw (Eq. (3)) can be
estimated using linear regression. The likelihood functions
are assumed to have a Gaussian distribution where the esti-
mation variances ðrreg

k Þ
2 from regressions of the collocated

data are used to estimate the variance of the likelihood
functions at the collocated locations. The variance of the
likelihood functions at other locations ðrest

k ðx; yÞÞ
2 are esti-

mated by adding an additional error term that reflect the
uncertainty associated with the estimation variance of the
kriged SP estimates away from the SP stations, as follows:

ðrest
k ðx; yÞÞ

2 ¼ ðrreg
k Þ

2 þ ðrkrige
u ðx; yÞÞ2 � C0; ð5Þ

where ðrkrige
u ðx; yÞÞ2 is the estimation variance obtained from

ordinary kriging of the SP data and C0 is the corresponding
nugget (i.e., the uncorrelated contribution to the total kri-
ging variance). The contribution of C0 is already incorpo-
rated into ðrreg

k Þ
2 because the collocated SP and

piezometric data are in practice separated by a short dis-
tance. Eq. (4) is solved numerically by discretization.

The posterior probability that a model Mk is correct is
estimated from Bayes theorem as follows:

p½Mkjucol� ¼ A1L½ucoljMk�p½Mk�; ð6Þ

where A1 is a normalizing coefficient, p[Mk] is the prior
probability that Mk is the correct model type and the likeli-
hood function L[ucoljMk] describes the likelihood that the
observed collocated SP data ucol are observed given that
model type Mk is the correct model. It is assumed that the
data errors in ucol are normally distributed with a variance
that corresponds to the nugget C0 of the kriged SP data.
The likelihood function L[ucoljMk] is given by

L½ucoljMk� ¼
1ffiffiffiffiffiffi
2p
p

C0

exp � r2
col

2C0

� �
ð7Þ

where r2
col is the variance of the differences between the

predicted and measured SP data at the collocated locations
and where we have assumed that the errors in the head
observations are negligible. In Bayesian Model Averaging,
the likelihood is evaluated for all possible sets of model
parameters that the parameterization of the model type
can take (Draper, 1995), however, we only calculate the
likelihood function (Eq. (7)) for the least-squares estimates
of model Mk.

The sum of the prior probabilities p(Mk) is one:

XK
k¼1

pðMkÞ ¼ 1: ð8Þ

We have no strong evidence a priori about which model type
is preferable and we make the neutral choice that all mod-
els are a priori equally likely (Draper, 1995):

pðM1Þ ¼ pðM2Þ ¼ 1=2: ð9Þ
The posterior mean E[h(x,y)ju(x,y)] and variance
var[h(x,y)ju(x,y)] of the BMA model are (Draper, 1995),

E½hðx; yÞjuðx; yÞ� ¼
XK
k¼1

E½hðx; yÞjuðx; yÞ;Mk�pðMkjucolÞ; ð10Þ

var½hðx; yÞjuðx; yÞ� ¼
XK
k¼1

var½hðx; yÞjuðx; yÞ;Mk�pðMkjucolÞ

þ
XK
k¼1
fE½hðx; yÞjuðx; yÞ;Mk�

� E½hðx; yÞjuðx; yÞ�g2pðMkjucolÞ: ð11Þ

The posterior mean is simply a weighted mean of the differ-
ent model predictions, but the posterior variance includes
an additional term that quantifies the deviations of the indi-
vidual models from the posterior mean.
Application to the Roujan catchment

Study site

The Roujan catchment is located in southern France (Fig. 1).
It covers a surface area of approximately 91 ha. This catch-
ment was chosen because it is a test site where research on
vadose zone and ground water flow has been performed over
the last fifteen years (e.g., Voltz et al., 1997; Ribolzi et al.,
2000; Louchart et al., 2001). It belongs to the Long Term
Environmental Research Laboratory OMERE (Observatoire
Méditerranéen de l’Environnement rural et de l’Eau) (Voltz
and Albergel, 2002). The site has been strongly altered by
human activity, with terraced slopes and a major network
of ditches collecting the runoff water. Its land use consists
mainly of vineyards and shrubs. In geological terms, the sub-
strata derive from marine, lacustrine or fluvial sediments.
The soils of the catchment range from clayey to loamy. Most
parts of the basin exhibit water tables whose depth fluctu-
ates largely both in space and time. The vadose zone can
reach thicknesses of more than 10 m. The Miocene marine
deposits form a layer of marls which can be considered
impervious and corresponds to the lower boundary of most
groundwaters of the catchment. Presently, 28 piezometers
have been installed and the piezometric levels are recorded
every week. The electrical conductivity of the ground water
varies between 0 and 0.30 S/m (at 25 �C). The soil is quite
rich in clay minerals and its cation exchange capacity varies
between 5 and 17 meq/g. High resolution electrical resistiv-
ity tomographies (not shown here) show a mean resistivity of
20 ± 5 Xm with no resistivity contrasts between the vadose
zone and the unconfined aquifer in agreement with labora-
tory measurements (see Table 1 in Suski et al. (2006)). How-
ever, the electrical resistivity distribution in the first 50 cm
of the soil appears to be highly heterogeneous during the
summer.

The self-potential survey

The SP survey was conducted during two days in June 2005
using Metrix MX-20 multimeters and Cu/CuSO4 non-polarisa-
ble electrodes.

In order to get some understanding of the scatter of the
data due to near-surface effects, we first performed ten to



Figure 1 Elevation map with positions of piezometers (*) and SP stations (+). The location of Roujan is indicated in the upper right
part of the figure.
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thirteen self-potential measurements around each piezome-
ter. We determined the mean and then we removed the
mean from the data set. Finally, we summed up all the mea-
Figure 2 Probability distribution of the self-potential mea-
surements. The measurement of the self-potential at a given
station appears to be the realization of a random process given
by a Gaussian distribution. A total of 286 measurements are
used to determine this distribution.
surements (286 measurements in total) and averaged the
data per classes. The result is reported Fig. 2. It supports
the idea that the distribution of the self-potential measure-
ments around a measurement station is described by a
Gaussian probability distribution,

pðuÞ ¼ 1

ð2pÞ1=2ru

exp �ðu� �uÞ2

2r2
u

" #
; ð12Þ

where �u is the mean of the distribution (�u ¼ 0 here) and r2
u

is the associated variance. For the self-potential measure-
ments made at Roujan, we obtained ru = 1.1 mV (Fig. 2).
We believe that this variability mainly originates from the
heterogeneity of the electrical resistivity in the upper
50 cm of the ground.

Distribution of the coupling coefficient

We performed laboratory measurements of the streaming
potential coupling coefficient for a set of samples extracted
from the basin of Roujan. The samples were taken at differ-
ent depths, sampling both the vadose zone and the aquifer.
All the experiments were performed at saturation using
water from the aquifer of Roujan (�0.1 S/m at 25 �C). The
streaming potential coupling coefficient varies from �5.6
to �3.2 mV/m (see Table 1 in Suski et al. (2006)). These val-
ues are representative of field conditions because the
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streaming potential coupling coefficient is only very weakly
dependent on temperature (e.g., see Fig. 9 in Revil et al.
(2005a)).
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Kriging of piezometric and SP data

We mapped the self-potential signals over the entire catch-
ment area with 140 SP stations, where four to six self-poten-
tial measurements have been performed around each SP
station. The experimental and theoretical semi-variograms
of the detrended piezometric data in the north–south
direction, and the experimental and theoretical semi-vario-
grams of the detrended SP data in the north–south (b) and
east–west (b) directions are shown in Fig. 3a–c, respec-
tively. The trend model used has a cone shape with its apex
at the northernmost piezometer (see Fig. 1). The slope of
the trend model for the heads were found by linear regres-
sion and was 1.4%. An isotropic spherical semi-variogram
model with a sill of 0.8 m2 and an effective range of
600 m was used to fit the residual piezometric data. The dis-
tribution of the piezometers (see Fig. 1) did not allow reli-
able estimates of the semi-variogram of the piezometric
data in the east–west direction and the range was assumed
to be the same as in the north–south direction.

The residual SP data were fitted with a nugget of 6 (mV)2

and a spherical semi-variogram model with an effective
range of 400 m in the north–south direction and 175 m in
the east–west direction.

Ordinary kriging (Deutsch and Journel, 1998) of the detr-
ended SP and piezometric data were performed to obtain
maps of the SP signals (Fig. 4a) and water table (Fig. 5a).
The trend model is commonly assumed to be perfectly
known and this is a good assumption in the north–south
direction in the central part of the study area, but there
is no reason to assume that the cone shape used to repre-
sent the head data is correct far away from available head
data (i.e., on the western and eastern slopes surrounding
the catchment). We believe that the choice of the type of
trend model is rather arbitrary, for example, a linear trend
model with only a north–south component would essentially
provide the same size of the head residuals. We assumed
that the difference between the trend model that assumed
a cone shape and a linear trend model in the north–south
direction corresponded to the largest possible error in the
choice of the trend model. This difference was assumed
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to correspond to two standard deviations of the assumed
normally distributed error of the cone shaped trend model.
We can thus add an additional term to the kriging errors in
order to provide error estimates that are more reasonable
away from the available head data. This additional variance
term is scaled by the kriging variance divided by the sill in
order to keep the estimation errors low close to the piezom-
eters. The corresponding kriging errors are shown in Figs. 4b
and 6a, respectively.

Likelihood functions

The likelihood functions L[u(x,y)jh(x,y),Mk] (see Eq. (4))
were determined by linear regression. A scatter plot be-
tween the measured thickness of the vadose zone and the
collocated kriged SP estimates (Fig. 7a) reveals a linear
trend with a correlation coefficient of �0.86, where cv is
�0.95 mV/m (see Eq. (2)). A scatter plot between the ele-
vation of the water table and the collocated kriged SP esti-
mates (Fig. 7b) reveals a weaker linear trend with a
correlation coefficient of �0.58, where cw is �0.29 mV/m
(see Eq. (3)). The apparent coupling coefficients cv and cw
are unusually low. For example, Revil et al. (2003) and Nau-
det et al. (2004) reported values of cw of �3.2 mV/m and
�10.6 mV/m, respectively. The low values of cv and cw
are also indicated by the low values of the streaming poten-
tial coupling coefficient C (see Table 1) with a mean value of
�4.3 mV/m, which is inversely related to the electrical con-
ductivity of the pore water (Fig. 8). The low values of the
apparent coupling coefficients are attributed both to the
relatively high conductivity of the pore water (0.1 S/m),
which results in a relatively low streaming potential cou-
pling coefficient and to the low electrical conductivity of
the aquifer materials (i.e., approximately 20 Xm) that re-
sults in lower electrical potentials at the ground surface
compared with more resistive aquifer materials.

The resistivity of the ground (vadose zone and aquifer),
determined from a geoelectric survey, is rather uniform
�20 ± 5 Xm in agreement with the petrophysical measure-
ments reported by Suski et al. (2006) in their Table 1. It fol-
lows that we can apply the Bayesian estimation method
(Section ‘‘Bayesian model’’) to update the prior water table
map with the SP map.

Estimation of the water table

For each model (Eqs. (2) and (3)) and location, we deter-
mine the position of the water table (Fig. 5b and c) and
the uncertainty of the estimates using Eq. (4) (Fig. 6b and
c). Finally, the posterior mean of the position of the water
table incorporating both models is estimated from Eq. (10)
(Fig. 5d). The updated models estimate steep gradients
associated with the slopes of the catchment (see elevation
map (Fig. 1)), gradients that were not resolved in the prior
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model (Fig. 5a) because of the distribution of the piezome-
ters. The estimated spatial variations in the water table are
larger in the model based on the infiltration model com-
pared with the model based on the water table model,
something that can be explained by the higher sensitivity
of the self-potential data to changes in the thickness of
the vadose zone (see Fig. 7a) compared with changes in
the elevation of the water table (see Fig. 7b). The weighted



Table 1 Measurements of the streaming potential coupling coefficient C and electrical resistivity q

Samples Depth interval (cm) T (�C) rf (25 �C) (S m�1) C (mV/m) C (2) (mV/m) q (X m)

A0 80–100 24 0.115 �4.79 ± 1.38 �5.5 ± 1.4 16.83
A2 110–130 26 0.086 �4.24 ± 0.58 �3.6 ± 0.5 17.23
A3 140–160 25 0.117 �2.83 ± 0.06 �3.3 ± 0.1 19.31
A4 160–180 25 0.116 �4.82 ± 0.75 �5.6 ± 0.8 20.69
A5 180–190 26 0.116 �4.00 ± 0.14 �4.6 ± 0.1 18.77
A6 190–210 24 0.110 �2.93 ± 0.18 �3.2 ± 0.2 23.28

Measurements of C were obtained by imposing a known hydraulic gradient across the samples while measuring the resulting differences in
electrical potential. Electrical resistivity was measured with the samples saturated by ground water from the study area. All the samples
were extracted from a drillhole located in the vicinity of piezometer #6.
(1) Corrected at rf = 0.100 S m�1.
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estimates give a large weight to the infiltration model be-
cause of its higher probability of being the correct model.

The estimation uncertainties of the prior model (Fig. 6a),
posterior model based on the infiltration model (Fig. 6b),
posterior model based on the water table model (Fig. 6c),
and the total uncertainty estimated from Eq. (11) (Fig. 6d)
are shown. The improvements in the estimation errors for
the updated models are most significant away from the
piezometers, e.g., the maximum estimation error of the
model based on the infiltration model is 2 m compared with
more than 4 m for the prior model. The estimation errors
are smaller for the models based on the infiltration model
compared with the water table model because of the lower
variances of the associated likelihood functions. The
weighted models have larger estimation errors because
uncertainties regarding the proper model type are included.
Areas in the weighted models with much higher estimation
errors compared with the individual models indicate areas
where the two individual models deviate significantly. It
should be noted that the uncertainty arising from applying
the calibrated conceptual models outside of the area sam-
pled by the piezometers is not included in the estimation
method and these errors might be considerable.

Further improvements in estimating the water
table with self-potential data

The estimation error of using the self-potential data only to
estimate the elevation of the water table is approximately
two meters at Roujan when using the infiltration model
(see Fig. 6b) and the question arises if future surveys can
be conducted such that the estimation errors decrease sub-
stantially, say to one meter. Adding more self-potential
data will improve the estimates as seen by the SP semi-vari-
ograms (see Fig. 3b–c), but just to a certain extent (i.e., to
the estimation error at a given SP station). There are three
obvious ways to improve the estimates presented in this
work: (1) estimate the electrical conductivity of the pore
water at each SP station; (2) measure the temperature of
the electrolyte in the electrodes; (3) monitor the SP stations
at high-frequencies and transform the signals into the fre-
quency domain to remove distortions from telluric currents
and cultural activity.

1. The electrokinetic coupling coefficient is inversely pro-
portional to the electrical conductivity of the pore water
(e.g., Revil et al., 2003). Variations in the electrical con-
ductivity of the pore water are therefore partly respon-
sible for the scatter in the estimated likelihood
functions and for the nugget in the semi-variograms of
the SP signals (see Fig. 3b–c). Variations in the electrical
conductivity of the pore water could be incorporated in
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the estimation, but it would then be necessary to sample
the electrical conductivity of the pore water at the SP
stations.

2. The Cu/CuSO4 electrodes have a temperature drift of
�0.8 mV/�C and this effect is considerable given the
low amplitudes of the SP signals at this site even if the
drift is corrected for by repeated measurements at the
reference station. A temperature reading of the electro-
lyte at each SP station and continuous readings at the
reference station would make it possible to remove this
effect. Alternatively, use of the more stable Petiau elec-
trodes should improve our measurements, according to
the supplier (SDEC, Reignac sur Indre, France), the tem-
perature drift of the Petiau electrodes are only
�0.2 mV/�C.

3. The recorded signals are composed by in situ signals and
telluric currents, which correspond to the main source of
noise in addition to cultural activity (50 Hz and harmon-
ics). For monitoring purposes, the removal of cultural
noise and telluric currents can be accomplished by filter-
ing the SP measurements using the magnetic variations
recorded with a magnetometer and a reference station
for the self-potential survey (Kawakami and Takasugi,
1994).

The first two additions to the survey procedure can be
carried out without slowing down the survey significantly,
whereas the third addition is probably too time-consuming
for this type of application. In addition, the physical models
behind the infiltration model could be improved by taking
the distribution of the water content into account, some-
thing we have not attempted in this work. The apparent
coupling coefficients in the Roujan catchment are at the
lower end of the range usually observed (�1 to �10 mV/
m). This is probably the consequence of the relatively high
electrical conductivity of the pore water and the aquifer
materials. Consequently, the signal-to-noise ratio is likely
to be higher at sites where the electrical conductivity of
the pore water and the geological formation are lower
(see also Section ‘‘Likelihood functions’’).

It should be noted that the self-potential method can be
used, with much lower estimation uncertainty, to estimate
temporal variations in the water table below a given sta-
tion. Suski et al. (2006) found in an infiltration experiment
carried out within the Roujan catchment that the relative
temporal variations of the piezometric levels could be esti-
mated with a precision of 20 cm when using a fixed network
of electrodes.

Concluding statements

In this work, we estimated the geometry of the ground
water table at a catchment scale by integrating SP and pie-
zometric data following a Bayesian approach. The method
was applied to data collected at the test site of Roujan,
Hérault, in southern France, where 140 SP measurements
and 22 piezometric observations were collected in June
2005. We found that the kriged SP data correlated better
with the thickness of the vadose zone (correlation coeffi-
cient of �0.86) than with the elevation of the water table
(correlation coefficient of �0.58); thereby, indicating that
the self-potential signal mainly originated from the vadose
zone as predicted by the infiltration model by Zhang and Au-
bert (2003). However, predictions based on both regression
models were combined into one final estimate, where the
estimation uncertainties also reflect the differences in the
predictions between the infiltration model and the water ta-
ble model by Revil et al., 2003. The apparent coupling coef-
ficients cv = �0.95 mV/m (see Eq. (2)) and cw = �0.29 mV/m
(see Eq. (3)) are unusually low at this site and applications
at other sites are likely to enjoy higher signal-to-noise ratios
and the updated head estimates would be further improved
compared with this study. This work opens the door to
cheap and routine mapping of the water table at km-scale
by combining few piezometric observations with a larger
amount of SP data.

Our proposed method is recommended in cases where lit-
tle is known about the catchment in terms of lithofacies and
their permeabilities, the infiltration rates and its spatial dis-
tribution, and so on. If a conceptual hydrogeological model is
available, it would be much more appropriate to condition
the ground water model to available hydraulic head data
through inverse modeling (e.g., McLaughlin and Townley,
1996), where the estimated hydraulic heads at the SP loca-
tions would be included in the data vector, but where the
associated data errors would be fairly large. Water table
maps that are constructed through inverse modeling repre-
sent a more physically realistic head surface (e.g., conserva-
tion of mass would be guaranteed) and the resulting head
surface would be consistent with the boundary conditions
applied and any available permeability data. The water table
models presented in this work only represent a state estima-
tion (i.e., an image) when no underlying groundwater model
is available. Despite these shortcomings, we think that water
table maps based on SP and hydraulic head data provide a
cheap, fast, and useful tool to help to understand the under-
lying hydrogeological controls in poorly characterized catch-
ments throughout the globe.
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