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Abstract Electrical resistivity tomography (ERT) can be used to constrain seawater intrusion models
because of its high sensitivity to total dissolved solid contents (TDS) in groundwater and its relatively high
lateral coverage. However, the spatial variability of resolution in electrical imaging may prevent the correct
recovery of the desired hydrochemical properties such as salt mass fraction. This paper presents a sequen-
tial approach to evaluate the feasibility of identifying hydraulic conductivity and dispersivity in density-
dependent flow and transport models from surface ERT-derived mass fraction. In the course of this study,
geophysical inversion was performed by using a smoothness constraint Tikhonov approach, whereas the
hydrological inversion was performed using a gradient-based Levenberg-Marquardt algorithm. Two syn-
thetic benchmarks were tested. They represent a pumping experiment in a homogeneous and heterogene-
ous coastal aquifer, respectively. These simulations demonstrated that only the lower salt mass fraction of
the seawater-freshwater transition zone can be recovered for different times. This ability has here been
quantified in terms of cumulative sensitivity and our study has further demonstrated that the mismatch
between the targeted and the recovered salt mass fraction occurs from a certain threshold. We were addi-
tionally able to explore the capability of sensitivity-filtered ERT images using ground surface data only to
recover (in both synthetic cases) the hydraulic conductivity while the dispersivity is more difficult to esti-
mate. We attribute the latter mainly to the lack of ERT-derived data at depth (where resolution is poorer) as
well as to the smoothing effect of the ERT inversion.

1. Introduction

Along coastal regions, groundwater quality and coastal ecosystems are threatened by excessive ground-
water withdrawals, sea level rise, and storm events [e.g., Bear et al., 1999; Michael et al., 2005; Vandenbohede
et al., 2010; Werner et al., 2012]. To study the occurrence of seawater intrusion and to investigate ground-
water resources management problems, a combination of robust measuring technologies and reliable pre-
dictions based on numerical models are necessary.

One key aspect in the calibration of seawater intrusion (SWI) models involves reproducing measured chlo-
ride concentrations or TDS in groundwater [e.g., Bear et al., 1999; Cheng and Ouazar, 2004], a key diagnostic
of seawater contamination. In arid and semiarid environments, chloride has the advantages of being one of
the major anions in seawater, chemically stable, and a suitable tracer that moves at the same rate as intrud-
ing seawater [Gupta, 2010]. The most important hydraulic parameters in SWI models are hydraulic conduc-
tivity and dispersivity [Shoemaker, 2004; Sanz and Voss, 2006]. The hydraulic conductivity of an aquifer can
be estimated based on either field-scale or laboratory tests. Dispersivity values are usually estimated by
tracer tests [e.g., Mallants et al., 1999] or, more commonly, by modeling the observed distributions of sea-
water. The anisotropy ratio of hydraulic parameters also plays a significant role in SWI modeling. This is a
key characteristic of real aquifers, affecting the steepness of the interface (i.e., the SWI toe and the flux of
seawater that enters the aquifer through the seaside boundary), while the longitudinal and transversal dis-
persion control the width of the mixing zone [Abarca, 2006]. Dispersion generates a transition zone across
which the concentration of salt varies between freshwater and seawater. Vertical transversal dispersion is
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the primary mechanism
responsible for seawater circu-
lation and is important since it
generates the transition zone,
indicative of the salinity of
pumped water [Dagan, 2006].
Salinity generally derives from
chloride concentration, and
may compromise drinking
water standards. In coastal
aquifers where continuous
overexploitation disturbs the
groundwater balance and
reduces the freshwater sub-
marine groundwater discharge,
groundwater levels are low-
ered and SWI results in a salin-
ity breakthrough. Both
horizontal and vertical trans-
versal dispersion are also
important when the
freshwater-seawater interface
deviates from a conventional
interface shape. Other configu-
rations may also result from
nonsteady state conditions,
dissolution of salt beds, or a
larger-scale multiple-aquifer
system [e.g., Yechieli et al.,
2001].

Inverse calibration of coupled flow and transport models started a few decades ago [e.g., Wagner and Gore-
lick, 1987; Sun et al., 1995]. More recently, Carrera et al. [2005] presented a thorough comparison between
existing inverse calibration methods used for general aquifer characterization. Despite the fact that various
inversion tools have been developed (e.g., PEST [Doherty, 2004] or UCODE [Poeter et al., 2005]) there is still a
limited body of literature regarding inverse calibration of SWI models [e.g., Van Meir and Lebbe, 2005; Car-
rera et al., 2009].

Concentration measurements collected in a well are often spatially scarce and strongly dependent on the
heterogeneity of the model [Hill and Tiedeman, 2007]. The use of wells is challenging since the location of
the seawater intrusion is, a priori, unknown. Moreover, existing wells may present defects, e.g., a well with a
corroded casing or screened through multiple geological units with confined and unconfined layers, poten-
tially leading to direct preferential entryways for seawater and hydraulic connection between aquifers zones
[Carrera et al., 2009; Herckenrath et al., 2012]. Concentration measurements are indeed very sensitive to flow
within open boreholes [Shalev et al., 2009]. While a multiscreen well equipped with sealed screens can be
constructed without short-circuiting water, such wells are both expensive and difficult to achieve [Guhl
et al., 2006; Ogilvy et al., 2009].

Geophysical methods constrained with geochemical data have been used for mapping and delineating SWI
[e.g., Nguyen et al., 2009; Hermans et al., 2012]. Water electrical conductivity (EC) varies from <500 lS/cm for
freshwater to >25,000 lS/cm for seawater, making SWI tracking a good target for electrical and electromag-
netic methods [Goldman and Kafri, 2006]. Currently, geophysical techniques are increasingly being used for
hydrological model parameterization and calibration [e.g., Binley et al., 2002; Ferr�e et al., 2009; Herckenrath
et al., 2012]. The most typical approach for integrating hydrogeophysical data is referred to as ‘‘uncoupled
hydrogeophysical’’ inversion (Figure 1). This technique involves constraining hydraulic parameters using
geophysically derived data and generally first requires a geophysical inversion, in which geophysical

Figure 1. Flowchart of SWI model calibration using geophysical ERT data and a petrophysi-
cal relationship linking bulk electrical conductivity to salt mass fraction. The hydrogeophysi-
cal inversion methodology consists of two separate steps (so-called uncoupled approach):
(1) ERT inversion to determine the bulk electrical conductivity distribution, which is filtered
using an image appraisal tool and (2) inverse parameter estimation (calibration loop) is per-
formed to estimate the SWI model parameters using the ERT-derived salt mass fraction
data.
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properties (e.g., true resistivity) are converted to hydrological data (e.g., concentration of a contaminant)
through a petrophysical relationship. The inverse hydrological calibration is then performed on the inferred
hydrological data. Lebbe [1999] studied SWI in a shallow shore environment and calibrated a density-
dependent flow and solute transport model using head measurements and borehole resistivity logs. This
procedure included estimation of flow and solute transport parameters of a numerical model and parame-
ters related to the resistivity-salinity relation. The study illustrated that it was possible to identify horizontal
and vertical hydraulic conductivities, longitudinal and transversal dispersivities, and effective porosity in a
homogeneous case. In Compte and Banton [2007], groundwater and geoelectrical models were cross vali-
dated, first by visually comparing field electrical images and simulated chloride concentrations and second
by measuring electrical data with synthetic data calculated using a site-specific petrophysical relationship.
In Koukadaki et al. [2007], the Ghyben-Herzberg approximation was used to calibrate a groundwater model
based on hydraulic heads, by converting electrical resistivity to hydraulic conductivity. In this context, geo-
physical models are related to hydraulic parameters and/or simulated hydrological data through a model
equation [Hill and Tiedeman, 2007]. Inherent geophysical limitations, such as resolution loss or petrophysical
uncertainty are usually not addressed in SWI studies. Whereas the former should be addressed using image
appraisal tools, uncertainties in the petrophysical model are more challenging to address [Day-Lewis et al.,
2005; Linde et al., 2006].

Using numerical benchmarks, this paper demonstrates that density-dependent flow and transport models
can be calibrated with surface ERT-derived data only if the spatial variability of sensitivity within the geo-
physical model is taken into account. We also seek to assess an optimal geophysical data collection strategy
and to compare different approaches to hydrogeological calibration.

2. Seawater Intrusion Benchmark Models

Geologic systems are not homogeneous or uniform. Nevertheless, benchmark models which are homoge-
neous allow us to define a reference ideal case on which to test new developments and to assess their limi-
tations. Moreover, within the context of SWI, the toe penetration and the width of the mixing zone are
susceptible to reproduction by an ‘‘equivalent’’ homogeneous and anisotropic medium instead of a random
heterogeneous porous medium. In the case of large-scale contrasting heterogeneities, for example, at the
regional scale, heterogeneity has to be explicitly represented in the models [Abarca, 2006]. In this study, we
investigate the ability of ERT to calibrate a simple yet insightful and representative homogeneous media,
and a more complex dipping structure, which provides a heterogeneous example for realistic geophysical
ERT and hydrogeological data acquisition [Ogilvy et al., 2009].

2.1. Homogeneous Case
The groundwater model domain has a length of 4389 m and a depth of 61 m (Figure 2a, top), similar to
Huyakorn et al. [1987]. It is a 2.5-D SWI problem (assuming a 3-D sink such as pumping in a 2-D medium) in
a phreatic aquifer subject to pumping from a shallow well, screened in the upper 12 m and placed at
2194 m from the ocean, assumed to be uniformly distributed along the coastline. For that reason, an aver-
age value of water withdrawal rate per unit length of the coast was set to 8.6 m3/d/m and a uniformly dis-
tributed recharge of 0.3 m/yr/m is set on the top of the aquifer. This situation is representative of aquifers
where shallow coastal well collectors are installed along a line parallel to the coast, as found in Israel, for
example [Bear et al., 1999].

Freshwater enters the aquifer from the left side, and the coastal side corresponds to the right side. A con-
stant hydraulic head value of 1.5 m was assigned to the left side while an equivalent freshwater head value
of 0 m linearly increasing to 1.5 m was assigned to the right (seaward) boundary from the top to the bottom
of the aquifer. Dynamic equilibrium and hydrostatic pressure distribution were assumed with stationary sea-
water. No-flow condition was prescribed to the bottom boundary and flow was assumed parallel to the
cross section, neglecting the groundwater flow parallel to the coast in the vicinity of the pumping well (Fig-
ure 2a). For solute transport, associated concentrations as scaled salt mass fraction (SMF) were used for
both sea and inland boundaries. A prescribed value of 1 was assigned in the deeper part of the aquifer
(261 m< y<212 m). To allow advective mass transport out of the system, the normal SMF gradient was
set equal to zero over the upper part (212 m< y< 0 m). This leads to realistic concentrations at shallow
depths, where freshwater discharge occurs. A scaled SMF of zero was assigned over the entire thickness of
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the aquifer at the inland boundary. Initially, the simulation ran for 50 years with a maximum time step of 5.4
h, thereby avoiding numerical instability due to poor temporal discretization. A time step multiplier was
used to control the maximum allowed absolute change of 0.01 (expressed as SMF) in nodal concentration
during any time step. As the simulation ended, no changes over time were observed in concentration and
hydraulic head or in the intruding part of the seawater wedge. A simulation time of 50 years was necessary
to produce an upconing (Figure 2a). Simulations of SWI were performed using the finite element numerical
model HydroGeoSphere (HGS) [Therrien et al., 2010]. Here model development was undertaken at the scale
of a few kilometers, although SWI investigation can also be undertaken at the scale of tens of meters [e.g.,
Van Meir, 2001]. Altering the scale in this way would result in both a significantly faster hydrodynamics for
which our methodological developments would still be applicable.

The 2-D vertical cross-sectional model was discretized with a nodal spacing of 25 m in the longitudinal direc-
tion and 6.1 m in vertical direction. This nodal spacing was selected with specific considerations in mind: (1)
the Peclet number should be less than 1 to minimize the risk of instability, especially in the portion of the
aquifer near the well and the coastal interface; and (2) the mesh matches a uniform corresponding grid used
in the geophysical model. The model parameters used in the benchmark simulation are homogeneous hori-
zontal and vertical hydraulic conductivities, Kh57:0631023 m=s and Kv57:0631024 m=s, and longitudinal
and transversal dispersivities, aL545:7 m and aT 59:1 m. According to Huyakorn et al. [1987], these hydraulic
parameters are similar to those found in coastal aquifers in Florida, and the hydraulic conductivity anisotropy
ratio is typical of aquifers in interbedded sandstone and carbonate rocks. The chosen dispersivity values are
relatively high but not unrealistic. They promote an extensive transition (mixture) zone between freshwater
and seawater while avoiding convergence difficulties. Horizontal-to-vertical hydraulic conductivity ratios
between 50 and 100 have been used to model many coastal aquifers [Huyakorn et al., 1987; Pandit et al.,
1991]. Dagan [2006] calculated a ratio of 10 for dispersivity in sandy coastal aquifers whereas values up to 10
to 100 were used in other studies [e.g., Abarca, 2006; Herckenrath et al., 2012].

Bulk electrical conductivity values rb (lS/cm; or its inverse, bulk resistivity qb (X m)) were computed from
scaled SMF and water electrical conductivity, rw ðlS=cmÞ, through a transformation similar to equation (11)

Figure 2. (a) Domain geometry with boundary conditions for the homogeneous SWI model and results of the simulation after 1, 10, and 50 years (from bottom to top). (b) ERT-derived
SMF models for the corresponding times.
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in Nguyen et al. [2009]. Here rwf (2000 lS/cm) and rws (50,000 lS/cm) are the assumed electrical conductiv-
ities of freshwater and seawater, and Archie’s law at saturation was used, with pure sodium chloride being
the only considered salt species and with the formation factor F 5 4.8 [see, e.g., Lebbe, 1999; Nguyen et al.,
2009; Henderson et al., 2010; Herckenrath et al., 2012], proportionality constant a 5 1 and sedimentation
exponent m between 1.1 and 1.3 for unconsolidated sediments [Sch€on, 2004]. Here Archie’s empirical
parameters are representative of high hydraulic conductivity values for unconsolidated sediments.

A temperature dependence formulation of rw is theoretically required if large temperature gradients are consid-
ered [e.g., Hayley, 2010]; however, here in this case, the effect of temperature with depth has been neglected.

Once the bulk electrical conductivities were determined from the saline water distribution, we proceeded
with forward modeling of the electrical resistances of the considered ERT survey. ERT modeling and imaging
was performed using the finite element code CRTOMO developed by Kemna [2000].

The chosen electrode layout consisted of a 4400 m long surface line equipped with electrodes every 25 m. Dif-
ferent configurations exhibit different sensitivity patterns and signal-to-noise ratios [e.g., Dahlin and Zhou,
2004]. Dipole-dipole (DD) possesses a higher resolution but a weaker signal-to-noise ratio compared to other
configurations, e.g., Wenner array, and was successfully used in the framework of SWI [e.g., Ogilvy et al., 2009;
Nguyen et al., 2009; Hermans et al., 2012]. The tested measurement protocols in this study were a DD scheme
comprising 3525 measurements, a similar scheme where one electrode out of the two were skipped (refers to
as DD1/2), a Wenner Schlumberger scheme (refers to as WS) and a Gradient array one (refers to as GD). For
the homogeneous case, uncorrelated Gaussian random noise with a standard deviation equal to 5% of the
mean value of the modeled resistance values was added to the data to account for uncertainty in measure-
ments and discretization. This is a typical error level found in field studies [e.g., Ogilvy et al., 2009] and is
expected to be representative of an average noise level observed in coastal environments.

2.2. Heterogeneous Case
The second synthetic case study presents a layered coastal aquifer with an intrinsic permeability field char-
acterized by a two-facies system. The first features a high-permeability facies (log10 (k) (m2)) that varies
smoothly from 210 to 27.8. The style of heterogeneity is seemingly random heterogeneous porous media
such as that found in, for example, Hughes et al. [2010]. A value of 213 for log10 (k) is prescribed for the sec-
ond facies. In the latter, the variability of k is not of interest because of its low sensitivity in the groundwater
model and the inability of ERT to detect such formations in a highly conductive medium. Given the perme-
ability values, we computed a reference hydraulic conductivity field taking the density of freshwater into
account. In HGS, the constitutive equations in variable-density flow are expressed in terms of freshwater
properties (i.e., equivalent freshwater heads). For this reason, we also considered the freshwater hydraulic
conductivity. It is also assumed, for the purposes of this study, that the viscosity of saltwater is the same as
that of freshwater.

The model was refined in the vertical direction to 1.35 m in order to better account for heterogeneity,
but kept unchanged in the x direction to save time when rendering out a big mesh. Boundary condi-
tions were similar to the homogeneous case study. The pumping well was screened in the upper 12 m
and placed at 1200 m from the ocean, with an average value of 14.5 m3/d/m and a uniformly distrib-
uted recharge of 0.3 m/yr/m on the top of the aquifer. The model parameters used in the benchmark
simulation were heterogeneous horizontal and vertical hydraulic conductivities, Kh59:0931023 m=s and
Kv59:0931024 m=s for facies 2, Kh59:1831027 m=s and Kv59:1831029 m=s, for facies 1, and longitudi-
nal and transversal dispersivities aL54:57 m and aT 50:91 m, for facies 2, aL545:71 m and aT 59:14 m, for
facies 1, respectively. The simulation ran for 50 years in transient conditions from time zero up to reach-
ing steady state. As the simulation ended, no changes were observed in concentration or hydraulic
head, or in the intruding part of the seawater wedge. A simulation time of 50 years was necessary to
produce an upconing (Figure 3a).

An empirical relationship [Koukadaki et al., 2007] was used to relate the simulated permeability, k (m2), to
bulk electrical conductivity, rb. Huntley [1986] emphasizes that this kind of relationship should be used with
some caution because of its restricted applicability under the following circumstances: (1) when the geo-
logic environment slightly changes and if the fluid salinity is not constant; (2) if any clays are present; or (3)
if the apparent formation factor varies with fluid salinity. In this study, we have assumed a near-constant
fluid salinity, a clay-free porous media and an effective formation factor which is independent of pore
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water-related electrical conductivity and surface electrical conduction on water conductivity. According to
several authors [e.g., Archie, 1942; Schlumberger, 1989], the permeability, k, and the porosity U may be
related through an empirical relationship given by equation (1):

k5a2U
b2 (1)

where a2 and b2 (dimensionless) are experimental coefficients that depend on the rock type. We set a2 to 1
and b2 is set to 20 as suggested by Barnab�e et al. [2003] for sandstone facies.

Using equation (1) together with Archie’s law, we obtain a relationship that relates bulk electrical conductiv-
ity to permeability:

rb5
k

a2

� �m
b2 rw

a
(2)

Here surface conductivity was not specifically considered when converting permeability into bulk electrical
conductivity but it should be taken into account when the role of sediment surface electrical conductivity is
not negligible.

Figure 3. (a) Domain geometry with boundary conditions for the true heterogeneous SWI model and results of the simulation at steady state, after 1, 10, and 50 years (from top to bot-
tom). (b) ERT-derived SMF model for the corresponding times.
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Once the bulk electrical conductivities had been determined from the saline water distribution, we pro-
ceeded with forward modeling of the electrical resistances. The tested measurement protocols in this study
were a DD scheme comprising 2977 measurements, a similar scheme where one electrode out two were
skipped (DD1/2), a WS scheme and a GD array one. An uncorrelated Gaussian random noise (as described
for the homogeneous case) was used.

3. Uncoupled Hydrogeophysical Inversion

3.1. Geophysical Imaging and Appraisal
The geophysical inversion process (Figure 1) was based on a smoothness-constrained inversion algorithm
[e.g., LaBrecque et al., 1996] in which the objective function contains a measure of error-weighted data misfit
and a measure of first-order model roughness, balanced by a regularization parameter. The inversion prob-
lem was solved using an iterative Gauss-Newton scheme. The iteration process was stopped when the final
root-mean-square (RMS) value of error-weighted data misfit was equal to 1 for a maximum value of the reg-
ularization parameter.

To calculate the ERT-derived SMF (Figure 1), we assumed the petrophysical relation to be known and used
the Archie’s law only. Different formation factors could be used if ERT is supposed to image different hydro-
geologic structures (e.g., clay lenses). The results of this conversion are illustrated in Figures 2b and 3b for
the considered homogeneous and heterogeneous aquifer cases, respectively.

In geophysical inversion, images suffer from variable resolution. In order to include this variation of resolu-
tion in the hydrogeophysical uncoupled inversion, we chose to use cumulative sensitivity as an indicator of
ERT-derived SMF reliability. Cassiani et al. [1998] demonstrated that sensitivity could be used as an image
appraisal tool to delineate well-recovered areas. More recently, Caterina et al. [2013] and Hermans et al.
[2012] suggested that the cumulative sensitivity matrix can be used instead of the parameter resolution
matrix. As an illustrative example, Nguyen et al. [2009] showed that electrical imaging can be used to charac-
terize SWI if image appraisal tools, such as the cumulative sensitivity matrix, are appropriately used to
account for the spatial variation of sensitivity, and thus resolution. This alternative is computationally inex-
pensive and provides a valuable insight into the resolution issue. It is based on the data error-weighted
cumulative sensitivity vector, where the spatially distributed sensitivity of all individual measurements is
lumped into absolute (squared) terms, S, according to Kemna [2000]. Hereafter this measure will be referred
to simply as ‘‘the sensitivity’’:

S5
Xn

i51

ðJÞij
�i

� �2

5diagðJT WT
d WdJÞ (3)

with

Jij5
@di

@mj
(4)

where S is based on the derivative with respect to the block resistivity (resistivity parameter mj5logðqiÞ)
and �i is the individual (uncorrelated) data error.

Following the approach of Nguyen et al. [2009], a threshold value may be identified below which param-
eters are not sufficiently resolved. This threshold value refers to the sensitivity in equation (4) normalized
to the maximum occurring value to range sensitivity from 0 to 1. More recently, Caterina et al. [2013]
highlighted the possible difficulty in defining such a threshold when the discrepancy between the true
and inverted models (e.g., SMF and ERT-derived SMF) does not show a significantly sharp increase along
with the appraisal indicator. In this case, the threshold was determined on the mean normalized abso-
lute error curve as being the most significant breakdown limit characterized by a general sharply growth
trend in Figures 4a and 4c. We observed that the mean normalized absolute error on the recovered
SMF increased more rapidly from the chosen threshold value. This threshold is chosen to validate the
sensitivity-filtered ERT-derived SMF with enough reliability (low desired level of confidence) and to pre-
vent, as far as possible, the selection of ERT-derived SMF with too large an individual normalized abso-
lute error (i.e., poorly resolved parameters). We used a constant threshold value of 1022:5 and 1023 for
the homogeneous and the heterogeneous case study, although a common value of 1022:5 would have
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been acceptable as well (Figure 4). Indeed, the region of acceptable parameter recovery does not nota-
bly change as we move from 1022:5 to 1023. Beyond these chosen thresholds, recovered SMF values are
deviating from the true SMF values. In the homogeneous case, the chosen electrode configuration
allowed the recovery of mass fractions up to about 0.2 correctly, and up to 0.45 for the heterogeneous
case (where the seawater interface is more affected by the pumping well). The relative number of satis-
fying recovered parameters is somewhat less than that observed by Nguyen et al. [2009], who used
additional borehole electrical data while here this study focuses on surface data only. Indeed, the use of
ERT data in boreholes (e.g., cross-hole measurements) provides higher resolution and increase sensitivity
with depth [see, e.g., Henderson et al., 2010]. The differences in the recovery emphasize that the selec-
tion of ERT-derived data is not trivial since sensitivity depends on both case-specific conditions (given
resistivity distribution) and the chosen electrode configuration. For real data, calibrating an appraisal sen-
sitivity indicator is discussed in section 5.2 in further details.

3.2. Hydrogeological Parameter Estimation
Calibration of the SWI model was undertaken targeting longitudinal dispersivity and horizontal hydraulic
conductivity. It was performed by using the ERT-derived saline distribution within the software PEST [Doh-
erty, 2004], which numerically computes the Jacobian of HGS by finite differences. The inversion algorithm
is a standard gradient-based solver, which minimizes the following objective function using a Levenberg-
Marquardt approach:

/5ðc2ci2Jðb2biÞÞT Qðc2ci2Jðb2biÞÞ (5)

where c is the data vector (conventional SMF data from wells and ERT-derived SMF), ci is the model-
calculated observations, b the parameter vector (hydraulic conductivity and dispersivity) with (b-bi) the
parameter upgrade vector, Q a diagonal weighting matrix associated with the data uncertainty, and J the
Jacobian matrix. The index i refers to the ith model iteration.

In equation (5), each weight should be inversely proportional to the standard deviation of the associated
observation [Doherty, 2004]. In order to compute a standard deviation that can be used to calculate the

Figure 4. Mean normalized absolute errors on recovered SMF against the cumulative sensitivity distribution for the (a and b) homogeneous and (c and d) heterogeneous case study.
The highlighted contour line corresponds with the chosen threshold (red arrow) of 1022:5 and 1023.
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weights, we used a simple statistical framework [see, e.g.,
Hill and Tiedeman, 2007, chapter 11]. We assumed that the
SMF well data are accurate within 0.5%, and ERT-derived
SMF are accurate within 3%, corresponding to an average
error level given the chosen threshold (Figure 4). The
errors were assumed to be independent and normally dis-
tributed. Based on a 95% confidence interval (CI), two
standard deviations of 0.0026 and 0.0153 were calculated
corresponding for the entries of Q (weights) to 392 and
65, respectively. Although this way of calculating weights
is approximate, regression results are not highly sensitive
to moderate changes in the weighting [Hill and Tiedeman,
2007].

In this study, transversal dispersivity and vertical hydrau-
lic conductivity do not play a part in the parameter esti-
mation process. We fixed the ratio of dispersion
anisotropy to 5 and horizontal-to-vertical hydraulic con-

ductivity anisotropy to 10 (100 for facies 1). The initial estimates for the PEST objective function are
given in Table 1.

3.3. Conceptual Models and Temporal Sampling
A number of different conceptual models can be defined, simplifying the domain with a minimum number
of homogeneous representative hydrological units characterized by parameters, which are sensitive to the
dynamic of the hydrogeophysical process. For the homogeneous case, a homogeneous hydrological model
was used. For the heterogeneous case, four simplified hydrological models were built:

1. The low K facies is identified on the basis of the geophysical resistivity model as illustrated in Figure 5. It
is data dependent and hence it may be different for another measurement protocol. More importantly, it
helps to detect the presence and the lateral continuity of heterogeneities more accurately than borehole
data generally do. Selection of a two-facies system was based on the expected resistivity values and con-
trast of buried structure depending on the ERT image resolution/sensitivity.

2. The low K facies was identified on
the basis of the synthetic borehole
data and available a priori informa-
tion (e.g., dipping structure) assum-
ing that a well logging was carried
out over the depth of the aquifer
during drilling (Figure 8g). This facies
matches the reference low K facies
but arbitrarily thins and pinches as it
extends reasonably far from the well.

3. The two models described above
were combined to mimic a represen-
tative conceptual model (Figure 8j).

4. Finally, a reconstructable SWI
benchmark model was based on the
ERT-derived conceptual model (Fig-
ure 8l). This model is geophysically
and hydrogeologically acceptable in
that the reference and the ERT-
derived low K facies are the same.
Hereafter we will refer to it simply as
the ‘‘no model error’’ scenario.

Table 1. Fixed and Free Hydraulic Parameters for
Cases 1 and 2a

Value

Fixed Parameters
/ 0.35
Kh=Kv 10
aL=aT 5
QSMF 392
QERT2derived SMF 65
Free/Initial Parameters
Kh ðm=sÞ 6 3 1023

Kh1ðm=sÞ 8 3 1027

Kh2ðm=sÞ 3 3 1023

aL (m) 50
aL1ðmÞ 5
aL2ðmÞ 50

a/: effective porosity; Kh, Kv: horizontal and verti-
cal hydraulic conductivity; aL, aT: longitudinal and
transversal dispersivity; Q: data weights.

Figure 5. (a) Inverted resistivity model that corresponds with the SWI model after 50
years of pumping. (b) Conceptual model definition based on ERT.
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Indeed, parameterization based on geophysical data alone may inevitably produce model errors if complete
information about the groundwater system is not available [Hill and Tiedeman, 2007]. Here geophysical data
are used to support prior information and to build the most representative conceptual model possible.

The observations used for the calibration derive first from steady state and subsequently from time-lapse
data (1 and 5 months, 1, 5, 10, 15, 20, 25, 50 years) and span over 50 years. Herckenrath et al. [2012] consid-
ered a semisynthetic case study and calibrated a SWI model stressed by a pumping well over 67 years,
equivalent to the period between the establishment of a water supply well and the time in which TDEM
(time domain electromagnetic method) data were collected. Cheng and Ouazar [2004] emphasize strongly
that the development and testing of SWI hydrogeological models depend on long-term pumping records,
as the response time of SWI interface is slow and might well be decades, or even a century or more. Some
authors [e.g., Werner and Simmons, 2009] predict that the dynamics of the saline interface may be affected
by sea level rise over the next hundred years. Other authors [e.g., Morrow et al., 2010] increasingly suggest
that geophysical methods such ERT or cross-borehole resistivity tomography may be successfully used
within the context of climate change. In the present study, selection of transient data was motivated by
their representativeness in terms of seawater/freshwater interface dynamics. In practice, a pumping and
upconing (pumping into the freshwater) or downconing (pumping into the seawater) tests in a coastal aqui-
fer could be performed over a relatively short (but sufficiently long) time period [e.g., Van Meir and Lebbe,
2005] at a smaller scale. For practical applications, the installation and maintenance of long-term hydrogeo-
physical observatories will remain a challenge.

4. Calibration Results

Seeking an optimal method for data acquisition involves finding the best way to retrieve the correct estima-
tion of the SMF as well as the transition zone geometry and hydrogeological parameters. This assessment
should be based on different scenarios both in terms of spatial and temporal sampling. In the present case,
we started by investigating the temporal sampling as this is the main concern when calibrating a transient
SWI hydrogeological model. Following this, we tested different data acquisition procedures based on spatial
sampling alone, using three different protocols as discussed in sections 2.1 and 2.2.

To test our first approach, we considered six different scenarios for calibrating the SWI models:

� In scenario 1, we considered salt concentration measurements at 10 different depths in the well.

� In scenario 2, we used ERT-derived SMF with no thresholding on the sensitivity (i.e., the entire ERT
image) to calibrate the SWI models.
� In scenario 3, we used a threshold on the ERT-derived SMF, and calibration was performed on these

sensitivity-filtered ERT images.
� In scenario 4, both sensitivity-filtered ERT images and salt concentration measurements in the well

were included in the parameter estimation process.
� In scenario 5, we compared scenario 3 with the use of steady state data only. The latter was reached

after 50 years of simulation in both cases.
� In scenario 6 (similarly to scenario 3), we used a threshold on a much noisier ERT-derived SMF data

set, particularly for the homogeneous case. For the heterogeneous case, we used a conceptual model
known a priori with the same noise level than in scenario 3.

For each scenario, all the data were of the same type, i.e., ERT-derived SMF or well-based SMF. Nevertheless,
the data may be prone to different experimental errors. Indeed, the more certain measurements (salt con-
centration measurements, SMF) and those associated to a higher (but still acceptable) uncertainty (ERT-
derived SMF) are associated with different weights in the parameter estimation process.

The results of the inverse calibration for the two benchmarks were assessed in terms of root mean square
error (RMS):

RMSðbÞ5
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
/ðbÞ=ðND1NPR2NPÞ

p
(6)

where / is the global data misfit defined in equation (5), ND is the number of ERT-derived SMF and/or well-
based SMF used for inverse calibration (i.e., observations with nonzero weight), NPR is the number of prior
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information values with nonzero weight, NP is the number of estimated (adjustable) parameters, and b is
the parameter vector comprising hydraulic conductivity (K) and dispersivity (a) values.

In addition, the parameter correlation coefficient (pcc) and a composite scaled sensitivity (css) are used to
investigate the uniqueness of the results:

pccij5ðCovðbijÞ=ðVarðbiiÞ1=2 � VarðbjjÞ1=2Þ (7)

where pccij coefficients are calculated as the covariance between two parameters divided by the product of
their standard deviations, and:

cssj5ðQðJJT ÞÞ1=2
jj =ND (8)

where cssj is the composite scaled sensitivity for the jth parameter calculated for ND observations, Q and J
are defined in equation (5).

Finally, individual linear 95% CI along with reasonable ranges are calculated to evaluate uncertainty of the
parameter estimates:

95%CI5bj6tðn; 1:02a=2Þ � sbj (9)

where bj is the unknown jth parameter, t(n, 1.0 2 a/2) is the Student t-statistic for n degrees of freedom at a
significant level of a; n is the degree of freedom, here equal to ND 1 NPR 2 NP, a is equal to 0.05; and sbj is
the standard deviation of the jth parameter.

More accurate nonlinear intervals [e.g., Vecchia and Cooley, 1987] can be calculated for these numerical
models but they would require substantial execution time [Doherty, 2004; Hill and Tiedeman, 2007]. Compar-
ison between the 95% CI, the true value, and the reasonable range is useful in that it may obviate an
unnecessary search for model errors. For the homogeneous model, the range for the hydraulic conductivity
was chosen between 2:7431024 and 1:1431022 m=s. For the longitudinal dispersivity, the range was taken
from 15.24 to 50 m [Huyakorn et al., 1987]. For the heterogeneous model, the same ranges were chosen for
facies 2. For facies 1, the range for the hydraulic conductivity was chosen between 131028 and
131026 m=s. For the longitudinal dispersivity, it was chosen 10 times smaller than used for facies 2.

4.1. Sensitivity Analysis
In scenario 1, sensitivity analysis showed that most of parameters are more likely to be closely estimated
with a low 95% CI (Figure 6). For all other scenarios in the homogeneous case study, sensitivity analysis gen-
erally highlighted the largest values for parameters Kh and parameters aL as often being insufficiently

Figure 6. Composite scaled sensitivities for (a) the homogeneous case scenarios and (b) the heterogeneous case scenarios.
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sensitive to the ERT-derived SMF (Figure 6a). In the heterogeneous case study, parameters of facies 2 are
the most sensitive while parameters of facies 1 remain poorly sensitive (Figure 6b). Here css was used in a
comparative manner within each scenario, but should not be used to draw comparisons between scenarios.

Figure 7 illustrates the calculated parameter correlation coefficients for the heterogeneous case study. Any
combination between hydraulic conductivity and dispersivity for scenarios 1–6 and three extra scenarios
(see section 4.4) are considered. This figure clearly shows that ERT-derived SMF could uniquely estimate all
of the parameters, except for scenario 2. In scenario 3, the calculated high parameter correlation coefficient
between Kh1 and Kh2 may make any conclusions difficult (Figure 7c) while it is not the case for scenario 5.
For the latter, correlations remain very low. However, we note that the high parameter correlation coeffi-
cient in scenario 3 is lower than the critical value 0.95. All other scenarios show relatively low parameter cor-
relation coefficients.

4.2. Calibration Results for the Homogeneous Case
In scenario 1 (borehole only, see Table 2), PEST recovered Kh and aL accurately. Both interfaces coincide per-
fectly, indicating that borehole data alone would be sufficient to control the problem (Figure 8a).

Without thresholding the ERT-derived data (scenario 2), the recovered hydrogeological values within the
95% CI did not match the true values for either the hydraulic conductivity or the dispersivity (Table 2). The
interface differs significantly from the true one (Figure 8b). In particular, neither the interface toe nor the
transition zone, nor even the upconing, were well retrieved.

In scenario 3, we used a threshold on the sensitivity. The PEST inversion recovered Kh accurately and under-
estimated aL (Table 2). In accordance with the aL and aT estimation, the estimated transition zone was found
to be vertically slightly sharper than the simulated interface (Figure 8c). However, some SMF isolines were
close to the simulated ones at the interface toe and seepage face.

In scenario 4, we used both surface sensitivity-filtered ERT and borehole data (Figure 8d). The correlation
observed between the sensitivity above a certain threshold and the residuals between the ERT-derived and
true SMF values allowed us to appropriately combine the two data sets. For the transient state, the results
of the inversion are reasonably close to the true values with lower uncertainty on the parameters (Table 2).
As expected, the interface closely matched the true values, as for the first scenario.

Figure 7. Parameter correlation coefficient for the heterogeneous scenarios. (a) Scenario 1: borehole data only, (b) scenario 2: all the ERT image—no threshold, (c) scenario 3: threshold-
ing of the ERT surface only data (transient), (d) scenario 4: thresholding of the ERT surface only data and borehole data, (e) scenario 5: thresholding of the ERT surface only data (steady
state), scenario 6: (f) thresholding of the ERT surface only data (transient, reconstructable conceptual model), (g) thresholding of the ERT surface only data (transient, DD1/2), (h) thresh-
olding of the ERT surface only data (transient, WS), (i) thresholding of the ERT surface only data (transient, GD).
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In scenario 5, we compared scenario 3
with the use of a threshold on the sensi-
tivity for steady state conditions. For the
latter, the PEST inversion recovered Kh

accurately, and underestimated aL

(Table 2). Even if static ERT-derived SMF
are considered, the interface was almost
entirely retrieved, both in terms of inter-
face toe and transition zone (Figure 8e).

Finally, in scenario 6 (similar to scenario
3), we assumed a noisier resistance data
set with an average noise level of 10%,
i.e., uncorrelated Gaussian random
noise with a standard deviation equal of
0.9X or 17% of the mean value of the
modeled resistance values. The PEST
inversion recovered Kh close to the true
value and underestimated aL (Table 2).
Both estimations fall into a correct
range around the true values in com-
parison to scenario 3, and the impact
on the calculated interface is not visible
(Figure 8f).

Figure 9 illustrates the comparison of parameter estimates and 95% CI with the reasonable range of
parameter values, in order of appearance, for scenarios 3, 5, 6, and an extra scenario (see section 4.4 for
the latter). The numerical values of the 95% CI can be found in Table 2. These scenarios emphasize the
ability of ERT surface data alone to retrieve parameter values. In these scenarios (Figures 9a–9c), most of
the ERT-derived SMF were underestimated, making the calculated interface sharper than expected. In
Figures 9e–9g, the Kh parameter estimate and entire 95% CI lay within the reasonable range of values.
In Figures 9e and 9g, the aL parameter estimate was close to its reasonable range but the 95% CI partly
lay in the reasonable values. In Figure 9f, half of the 95% CI lies within the reasonable range for the dis-
persivity parameter.

4.3. Calibration Results for the Heterogeneous Case
For scenario 1 (Table 3), PEST recovered Kh1 for facies 1 at 131025 m=s (parameter upper bound) but Kh2 for
facies 2 was estimated accurately. The corresponding dispersivity values aL1 and aL2 were both underesti-
mated within the 95% CI. However, both interfaces closely match each other as a whole with the exception
of the interface toe where the transition zone is sharper (Figure 8g).

In scenario 2, we used no threshold on the sensitivity. The recovered hydrogeological values within the
95% CI did not match the true values for either the hydraulic conductivity or the dispersivity (Table 3). In
Figure 8h, the estimated interface moves away from the simulated one and shows artifacts on both sides of
the interface.

In scenario 3, PEST recovered Kh1 within 2 orders of magnitude, but poorly recovered Kh2 at 131027 m=s
(parameter lower bound) with failed 95% CI (Table 3). The latter parameter was strongly underestimated,
possibly due to the absence of the embedded facies 1 within the seawater wedge (Figure 8i). The corre-
sponding dispersivity value aL1 and aL2 were both overestimated. Figure 8i illustrates that the interface
seems to be retrieved both in terms of transition zone and interface toe.

In scenario 4, we used borehole data in addition to surface ERT data for the transient condition. The embed-
ded facies 1 within the seawater wedge is still not taken into account except the two lowest lenses that
intercept the well (Figure 8j). The PEST inversion recovered Kh1 at 131025 m=s (parameter upper bound)
and Kh2 within the correct order of magnitude. The corresponding dispersivity value aL1 was limited at
400 m (parameter upper bound) while aL2 was estimated accurately (Table 3).

Table 2. PEST Results for the Homogeneous Case Studya

True Estimated 95% CI

Borehole Data
Transient (RMS:0.3)
Kh ðm=sÞ ð3 1023Þ 7.06 7.06 7.05–7.07
aL ðmÞ 45.71 46.10 45.70–46.49
ERT Data
Transient (RMS:23.8)
Kh ðm=sÞ ð3 1023Þ 7.06 3.34 2.78–4.02
aL ðmÞ 45.71 281.30 210.54–375.83
Transient (threshold) (RMS:3.2)
Kh ðm=sÞ ð3 1023Þ 7.06 9.77 8.91–10.71
aL ðmÞ 45.71 10.58 4.68–23.89
ERT and Borehole Data
Transient (RMS:10.9)
Kh ðm=sÞ ð3 1023Þ 7.06 7.09 6.98–7.20
aL ðmÞ 45.71 17.91 9.91–32.34
ERT Data
Steady state (threshold; RMS:1.8)
Kh ðm=sÞ ð3 1023Þ 7.06 8.87 8.00–9.83
aL ðmÞ 45.71 12.13 1.64–89.28
Transient 10% (threshold) (RMS:3.2)
Kh ðm=sÞ ð3 1023Þ 7.06 9.22 7.96–10.68
aL ðmÞ 45.71 8.26 2.51–27.16

aKh: horizontal hydraulic conductivity; aL: longitudinal dispersivity; CI: confi-
dence interval; RMS: Root Mean Square Error.
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In scenario 5, we compared the use of a threshold on the sensitivity both for steady state and transient con-
ditions. For the former, PEST underestimated Kh1 with large 95% CI and the dispersivity value aL1 was esti-
mated at 0.5 m (parameter upper bound; Figure 8k). Parameters for facies 2 were much better retrieved
with steady state data alone than with transient data (Table 3). PEST failed to properly estimate the parame-
ters for facies 1 in scenario 3, although the transient data were expected to improve the inverse calibration
results significantly.

Figure 8. Calibrated results: The gray lines represent the true isolines. The colored lines represent the results of the calibration. (left) Homo-
geneous case. (right) Heterogeneous case. From top to bottom: (a and g) scenario 1, borehole data only; (b and h) scenario 2, all the ERT
image—no threshold; (c and i) scenario 3, thresholding of the ERT surface only data (transient); (d and j) scenario 4, thresholding of the
ERT surface only data and borehole data; (e and k) scenario 5, thresholding of the ERT surface only data (steady state); scenario 6, (f) thresh-
olding of the ERT surface only data (transient, 10% of noise) and (l) thresholding of the ERT surface only data (transient, reconstructable
conceptual model).
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In scenario 6, the conceptual model was
built identically to the SWI benchmark
(‘‘no model error’’). All recovered param-
eters were found to be close to the true
values, although parameters of facies 2
remained poor in terms of sensitivity
(Table 3 and Figure 8l).

Figure 10 illustrates the comparison of
parameter estimates and 95% CI with
the reasonable range of parameter val-
ues for scenarios 3, 5, 6, and an extra
scenario (see section 4.4 for the latter).
The numerical values of the 95% CI can
be found in Table 3. In scenarios 3 and
5 (Figures 10a and 10b), the simulated
interface is sharper than expected but
results in slightly overestimated disper-
sivity values. In scenario 3, the Kh2

parameter estimate and entire 95% CI
lie outside the reasonable interval, while
95% CI of aL1 partly lies in the range of
reasonable values (Figure 10e). In sce-
nario 5, a comparison with steady state
conditions shows that the Kh1 parame-
ter estimate is consistent having 95% CI
within the reasonable range of values
(Figure 10f). In scenario 6, the simulated
interface is wider than expected, result-
ing in overestimated dispersivity values
(Figure 10c). Figure 10g shows a good

Figure 9. (top) ERT-derived SMF in function of the simulated SMF (calibration observations). (bottom) Starting (empty square), estimate (empty circle), true parameter values (black
circle), linear individual 95% confidence interval (black bars), and limits of the parameters reasonable range (gray boxes), expressed as percentage of the estimated values. (a and e) Sce-
nario 3: thresholding of the ERT surface only data (transient), (b and f) scenario 5: thresholding of the ERT surface only data (steady state), (c and g) scenario 6: thresholding of the ERT
surface only data (transient, 10% of noise), (d and h) scenario DD1/2: thresholding of the ERT surface only data (transient, DD1/2).

Table 3. PEST Results for the Heterogeneous Case Studya

True Estimated 95% CI

Borehole Data
Transient (RMS:30.6)
Kh1 ðm=sÞ ð3 1027Þ 9.18 100 78.6–127.2
Kh2 ðm=sÞ ð3 1023Þ 9.09 1.23 1.06–1.44
aL1 ðmÞ 4.571 2.53 0.96–6.69
aL2 ðmÞ 45.71 33.66 27.90–40.61
ERT Data
Transient (RMS:27.56)
Kh1 ðm=sÞ ð3 1027Þ 9.18 100 12.7–782.3
Kh2 ðm=sÞ ð3 1023Þ 9.09 0.10 0.03–0.35
aL1 ðmÞ 4.571 400 Failed
aL2 ðmÞ 45.71 400 352–454
Transient (threshold) (RMS:12.03)
Kh1 ðm=sÞ ð3 1027Þ 9.18 0.25 0.12–0.52
Kh2 ðm=sÞ ð3 1023Þ 9.09 0.0001 Failed
aL1 ðmÞ 4.571 29.82 1.9–468.9
aL2 ðmÞ 45.71 67.54 61.47–74.20
ERT and Borehole Data
Transient (RMS:30.88)
Kh1 ðm=sÞ ð3 1027Þ 9.18 100 39.26–254.65
Kh2 ðm=sÞ ð3 1023Þ 9.09 9.27 8.78–9.79
aL1 ðmÞ 4.571 400 53.69–2979.57
aL2 ðmÞ 45.71 40.01 31.37–51.02
ERT Data
Steady state (threshold) (RMS:11.74)
Kh1 ðm=sÞ ð3 1027Þ 9.18 0.21 Failed
Kh2 ðm=sÞ ð3 1023Þ 9.09 0.49 0.41–0.58
aL1 ðmÞ 4.571 0.5 Failed
aL2 ðmÞ 45.71 59.64 46.55–76.40
Transient DD reconstructable (threshold) (RMS:4.09)
Kh1 ðm=sÞ ð3 1027Þ 9.18 79.84 9.32–683.97
Kh2 ðm=sÞ ð3 1023Þ 9.09 8.32 8.01–8.65
aL1 ðmÞ 4.571 43.67 24.90–76.58
aL2 ðmÞ 45.71 175.70 161.80–190.78

aKh1; Kh2: horizontal hydraulic conductivity for facies 1 and facies 2; aL1; aL2:
longitudinal dispersivity for facies 1 and facies 2.
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correspondence between hydraulic conductivity parameter estimates in terms of range and 95% CI. How-
ever, the same is not the case for dispersivity.

Finally, the appropriateness of the representative conceptual model (scenario 6) in comparison to a nonre-
constructable conceptual model (scenario 3) is illustrated in Figure 11 in terms of calibration results. Figure
11a shows a decrease trend between the weighted residual and the weighted simulated SMF, i.e., existence
of a model bias. In Figure 11b, the model bias is nonexistent, in that the weighted residuals appear random
with respect to the weighted simulated values.

4.4. Assessment of Geophysical Data Acquisition Strategies
We selected three different protocols commonly used in a SWI environment: first, a DD1/2; second, a WS
protocol comprising 3235 measurements; and finally a GD protocol comprising 4236 measurements.

For the homogeneous case, we observe in Figure 12a that DD1/2 is generally able to retrieve much less
ERT-derived SMF in comparison to the DD protocol. The WS and GD show the same general growth trend

Figure 10. (top) ERT-derived SMF in function of the simulated SMF (calibration observations). (bottom) Starting (empty square), estimate (empty circle), true parameter values (black
circle), linear individual 95% confidence interval (black bars) and limits of the parameters reasonable range (gray boxes), expressed as percentage of the estimated values. (a and e) Sce-
nario 3: thresholding of the ERT surface only data (transient), (b and f) scenario 5: thresholding of the ERT surface only data (steady state), (c and g) scenario 6: thresholding of the ERT
surface only data (transient, reconstructable conceptual model), (d and h) scenario DD1/2: thresholding of the ERT surface only data (transient, DD1/2).

Figure 11. (a) Weighted residuals and weighted simulated values showing evidence of model bias for the third heterogeneous case scenario (model error, transient, DD) and (b)
weighted residuals and weighted simulated values showing with no model bias for the sixth heterogeneous case scenario (no model error). The mean and the standard deviations of
the weighted residuals are used to define grid lines for the weighted residuals.
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as we move from time 0 up to 50 years. They allowed us to retrieve more ERT-derived SMF than the DD as
the interface of SWI was getting close to the ground surface. For the heterogeneous case, we observe in Fig-
ure 12b that DD1/2 still shows the lower percentage of ERT-derived SMF with time except at the very begin-
ning of the simulations. The WS and GD protocols exhibited more ERT-derived SMF than the DD1/2 but the
GD protocol shows the same general decrease trend than the DD protocol. The general decreasing trend
observed in the percentage of ERT-derived SMF is due to the extend of the transition zone. The latter
became sharper in the heterogeneous case while it was wider in the homogeneous case.

The reliability of ERT-derived SMF in comparison to the simulated SMF is illustrated in Figures 12c and 12d
for the homogeneous and heterogeneous cases, respectively. For the former, we observe that ERT-derived
SMF (maximum values depicted as the upper half of a whisker) was somehow underestimated but the dis-
crepancy for the DD, DD1/2, and WS remained low. However, the bias in the ERT-derived SMF for the DD1/2
protocol, expressed in term of center of mass, is more evident than the DD, WS, and GD protocols. For the
heterogeneous case, although the center of mass of the GD is closer to the bisector, ERT-derived SMF was
lower than expected. The DD1/2 still show the most consistent ERT-derived SMF.

In all scenarios, we used a threshold on the sensitivity. Results are illustrated in Figures 9d, 9h, 10d, 10h, for
the DD1/2 protocol and Figure 13 for the DD1/2, WS,GD protocols and summarized in Tables 4.

Figure 12. ERT data quality: percentage of sensitivity-filtered ERT-derived SMF for four different protocols (DD - DD1/2 - WS - GD) versus
time (a) for the homogeneous case study, (b) for the heterogeneous case study, and scatter graph of sensitivity-filtered ERT-derived SMF
versus simulated SMF (true values) (c) for the homogeneous case study and (d) for the heterogeneous case study. Cluster of points for
each scenario is estimated with its center of mass. The maximum ERT-derived or simulated SMF is depicted by the upper half of a whisker.
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In the homogeneous case, the WS and
GD scenarios show that the calculated
interface is sharper than expected
because aL is strongly underestimated.
Although the WS and GD protocols
contain more measurements, the
DD1/2 goes deeper into the aquifer.

In the heterogeneous case, the WS
and GD scenarios show that the inter-
face toe of the seawater intrusion
wedge does not match the simulated
interface toe. This can be explained by
the discrepancy between the ERT-
derived SMF and the simulated SMF
along with the existence of a model
error deeper the aquifer.

Figure 13 suggests that skipping one
electrode out of two for DD1/2 proto-
col provides sufficient information
content to estimate the hydraulic con-
ductivity of facies 2. In the homogene-
ous case, the css of parameters Kh was
found to be over 1, while dispersivity
still remained poor in terms of sensi-
tivity for the three scenarios. More-
over, Figures 9d and 9h also suggest
the Kh parameter estimate is to be
more reasonable, although dispersiv-

ity was overestimated here. Although the latter is significantly high, the interface perfectly matched the
simulated one. In the heterogeneous case, DD1/2 protocol enhanced the most sensitive parameter esti-
mates (Figures 10d and 10h) but still suggests the need for additional deeper information when a model
error exists.

5. Discussion

5.1. General Comments
For the homogeneous case, comparison of parameter estimates and 95% CI with the reasonable range of
parameter values suggests that the estimate was acceptable (as shown by the calculated interface). Disper-
sivity parameter estimates seem unreasonable and systematically underestimated because of a likely model
bias. Indeed, the ERT-derived SMF are biased in that the difference between the ERT-derived SMF and the
high simulated ones is negative. However, we note that the calculated interface matches the simulated
interface quite closely. Discrepancy observed in aL stems from both its low css and the error level in the
ERT-derived SMF, but also—and more importantly—from the lack of ERT-derived data over the full thick-
ness of the aquifer and across the transition zone. This model error could be solved by correcting the input
data (i.e., eliminating model bias in the observations) while the reasonable range could be estimated more
precisely with additional data. Indeed, additional data and a priori information would improve the results
significantly. The use of additional borehole data (water samples) would further improve the estimated
parameters and reduce uncertainty considerably. Among the measurement protocols, the DD scheme
seems to be the best protocol configuration in terms of spatial and time sampling to recover the mass frac-
tion. The best compromise possible should be found with regard to the electrode layout and measurement
setting; it should then be tested on a representative synthetic case study prior to real-life application.

For the heterogeneous case, the ERT-derived SMF image indicates that the model is indeed heterogeneous,
whereas this can hardly be inferred from single-well data on a large scale. The calibration results points out

Table 4. PEST Results for Geophysical Data Acquisition Strategiesa

True Estimated 95% CI

Homogeneous
ERT data
Transient DD1/2 (threshold) (RMS:4.1)
Kh ðm=sÞ ð3 1023Þ 7.06 6.29 5.51–7.20
aL ðmÞ 45.71 127.6 80.64–201.88
Transient WS (threshold) (RMS:3.9)
Kh ðm=sÞ ð3 1023Þ 7.06 9.87 8.67–11.12
aL ðmÞ 45.71 5.00 1.70–14.70
Transient GD (threshold) (RMS:3.4)
Kh ðm=sÞ ð3 1023Þ 7.06 9.14 8.10–10.30
aL ðmÞ 45.71 6.11 1.54–24.13
Heterogeneous
ERT data
Transient DD1/2 (threshold) (RMS:5.58)
Kh1 ðm=sÞ ð3 1027Þ 9.18 24.50 Failed
Kh2 ðm=sÞ ð3 1023Þ 9.09 3.84 3.26–4.53
aL1 ðmÞ 4.571 391.9 Failed
aL2 ðmÞ 45.71 36.62 24.97–50.81
Transient WS (threshold) (RMS:15.02)
Kh1 ðm=sÞ ð3 1027Þ 9.18 100,000 Failed
Kh2 ðm=sÞ ð3 1023Þ 9.09 18.97 4.91–73.27
aL1 ðmÞ 4.571 0.5 Failed
aL2 ðmÞ 45.71 21.7 5.26–85.14
Transient GD (threshold) (RMS:9.47)
Kh1 ðm=sÞ ð3 1027Þ 9.18 24.69 Failed
Kh2 ðm=sÞ ð3 1023Þ 9.09 100 49–200
aL1 ðmÞ 4.571 12.86 Failed
aL2 ðmÞ 45.71 56.80 39.05–82.61

aKh: horizontal hydraulic conductivity; aL: longitudinal dispersivity; Kh1; Kh2:
horizontal hydraulic conductivity for facies 1 and facies 2; aL1; aL2: longitudinal
dispersivity for facies 1 and facies 2; CI: confidence interval; RMS: Root Mean
Square Error.
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poor estimation of parameters for facies 1 and relatively high RMS values. They show that either the data
do not contain enough reliable information or that the conceptual model cannot reproduce the transport
processes in terms of SMF isolines. Scenario 6, with a reconstructable conceptual model, shows a misfit
lower than scenario 3. In the latter, final flow model misfit reveals significant modeling error, which cannot
be accommodated by weighting or accounted for by the measurement error. DD1/2 scenario is good exam-
ple. Thus, the unrealistic optimized value for facies 2 in scenario 3 cannot be attributed to the model error
only, the evidence being that calibration results in both steady state (DD) and transient state (DD1/2) show
realistic optimized values for second facies. This suggests that ERT-derived SMF are not sufficient to explain
the existence of the model bias. Moreover, additional data would be needed to estimate the parameter of
facies 1 more precisely. This also happens when using borehole data only at transient states. The conceptual
hydrogeological model based on additional borehole data significantly improves the parameter estimates
of the facies 2, while the parameters of facies 1 remain poorly recovered. In the total absence of model bias
along with high-quality ERT-derived SMF, calibration results reveal realistic parameter estimate of facies 1
but still overestimates the dispersivity values. The latter might be overcome if the DD protocol was appro-
priately optimized, as is the case in the presence of a model error. Hydrogeologically speaking, the low sen-
sitivity of these parameters and the significant uncertainty in the estimated values make proper calibration
of this facies difficult if important model construction inaccuracies exist.

Comparison between static and dynamic approaches illustrates that both approaches allow the retrieval of
transition zone and the interface toe. They estimate the parameters and their uncertainties within the same
order of magnitude. ERT-derived transient data were not found to significantly improve the parameter esti-
mation when using surface ERT data only.

5.2. Calibrating an Appraisal Sensitivity Indicator for Field Applications
We have demonstrated that it is possible to retrieve high-quality ERT-derived SMF if a threshold is appropri-
ately set on the sensitivity indicator for a desired, but subjective, level of confidence (where the error on the
model parameters is known). In the field, estimating the error of model parameters is one of the biggest

Figure 13. Calibrated results: the gray lines represent the true isolines. The colored lines represent the results of the calibration. (left)
Homogeneous case. (right) Heterogeneous case. From top to bottom: (a and d) thresholding of the ERT surface only data (transient, DD1/
2), (b and e) thresholding of the ERT surface only data (transient, WS), and (c and f) thresholding of the ERT surface only data (transient,
GD).
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difficulties faced because the true resistivity distribution is generally unknown. An additional (and afore-
mentioned) potential difficulty in selecting a threshold value is if the mean normalized absolute error curve
does not show a general growth trend in the function of the sensitivity indicator. This threshold may be
chosen arbitrarily based on the user experience. This threshold is to be determined experimentally using
the breakdown limit observed in Figures 4a and 4c. Estimating the error model may be performed either on
the basis of ground-truth information or with the creation of a synthetic model. Calibrating the sensitivity
indicator involves using punctual 1-D information, e.g., sampled electromagnetic induction borehole log-
ging data, in-hole ERT data or water samples [e.g., Hermans et al., 2012]. Water samples might also be appro-
priately gathered using some packer and subsequently used to calibrate the appraisal indicator. However,
this option is expensive and requires a fully sampled well, which is quite rare and therefore uncommonly
used in a real-life application. When no ground-truth data exist, an innovative in situ validation-dependent
methodology derived from Caterina et al. [2013] can be used in order to quantitatively appraise an ERT
image using the sensitivity indicator. In this methodology, numerical benchmarks models representing sim-
plified cases of field ERT images can be built using available a priori information and used to define an
approximate error model. This conceptual framework offers some clues about how to appraise an ERT
image when an appraisal indicator cannot be set on the true error model.

6. Conclusions and Perspectives

This study has demonstrated that the reliability of estimated SWI model parameters with the uncoupled
hydrogeophysical inversion approach depends on ERT image appraisal as well as hydrogeological model
conceptualization. The results are only consistent if a well-defined threshold is applied on the cumulative
sensitivity. We further demonstrated that the results are improved if salt concentration data from appropri-
ately located multiscreen wells are used in addition to ERT-derived SMF. The acquisition of the latter can,
however, be challenging in practice since we often do not have good a priori information about the posi-
tion of the seawater wedge. Moreover, a fully sampled well is quite uncommon even when using packers,
and can also lead to undesired fluxes into the well. This suggests that surface-ERT should be first choice to
delineate heterogeneities and to identify appropriate positions of multiscreen wells. Subsequently, both
wells and ERT-derived data should be used together for SWI model calibration in an inverse modeling
framework.

The discrepancy observed in dispersivities stems from either the lack of ERT-derived data over the full thick-
ness of the aquifer or its low sensitivity to ERT-derived SMF data. While, for the former, additional data and
a priori information would improve the results significantly, ERT-derived SMF do not contain enough infor-
mation to further constrain the estimation of dispersivity within low-sensitivity facies.

When calibrating a heterogeneous hydrogeological model, the most important source of error is the con-
ceptualization of the hydrogeological model. This model bias was introduced by delineation of heterogene-
ities with geophysical data. Neglecting the embedded facies within the seawater wedge prevents from
representing the transport processes that the model is able to produce and the inverse calibration cannot
be properly performed (i.e., certain parameter estimates are unrealistic) with ERT-derived data alone. How-
ever, we have demonstrated, within the scope of an optimal data collection strategy, that the DD scheme is
the most efficient measurement protocol if the electrode configuration is optimized. Moreover, calibration
results suggest that the threshold should be calibrated along with time-lapse geophysical data acquisition
to eliminate possible model bias in the ERT-derived SMF. Evidently, calibration processes can also be prop-
erly performed if no model error exists, because only the error level on the high-quality ERT-derived tran-
sient data contributes to the discrepancy in the parameter estimates. In conclusions, the message is double.
If the final flow model misfit cannot be explained by the measurement errors, modeling errors may prevent
the processes to be adequately represented. Geophysics should then be used to refine the conceptual
model. On the contrary, if a priori information reveals that no model error exists, estimation of the data error
(i.e., error model) should be performed accurately. This should guarantee accurate simulated results.

In the future, long-term calibration processes based on ERT-derived properties may be considered in the
same way as those based on historic/punctual hydrogeological data. More importantly, in the context of cli-
mate change, such processes should be viewed as an opportunity to collect data during a natural event
(sea level rise) that should occur on the time scale of human lifetimes. However, long-period calibration
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processes should take into account practical problems like logistics, equipment degradation, measurement
errors, dynamic boundary conditions and changes in intrinsic properties of rocks and groundwater.

Our efforts are currently focused on coupling the forward hydrological and geophysical models; this study
has shown that electrical imaging data should be used for improved SWI model calibration, and thereby
more reliable scenario prediction, for the sustainable management and monitoring of groundwater quantity
and quality in coastal regions.
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