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Abstract
Inversion of the spatial variability of transmissivity (T) in groundwater models can be handled using either stochastic
or deterministic (i.e., geology-based zonation) approaches. While stochastic methods predominate in scientific literature, they have never been formally compared to deterministic approaches, preferred by practitioners, for regional
aquifer models. We use both approaches to model groundwater flow and solute transport in the Mar del Plata aquifer,
where seawater intrusion is a major threat to freshwater resources. The relative performance of the two approaches
is evaluated in terms of (i) model fits to head and concentration data (available for nearly a century), (ii) geological plausibility of the estimated T fields, and (iii) their ability to predict transport. We also address the impact of
conditioning the estimated fields on T data coming from either pumping tests interpreted with the Theis method or
specific capacity values from step-drawdown tests. We find that stochastic models, based upon conditional estimation
and simulation techniques, identify some of the geological features (river deposit channels and low transmissivity
regions associated to quartzite outcrops) and yield better fits to calibration data than the much simpler geology-based
deterministic model, which cannot properly address model structure uncertainty. However, the latter demonstrates
much greater robustness for predicting sea water intrusion and for incorporating concentrations as calibration data.
We attribute the poor performance, and underestimated uncertainty, of the stochastic simulations to estimation bias
introduced by model errors. Qualitative geological information is extremely rich in identifying large-scale variability
patterns, which are identified by stochastic models only in data rich areas, and should be explicitly included in the
calibration process.
Keywords: Real regional aquifer, deterministic-stochastic approaches, pilot points, plausible calibration.

1. Introduction
Groundwater model parameters are usually heterogeneous and uncertain. Fortunately, a large number of measurements of model outputs (most often heads and concentrations) are usually available, which favors formulating models
in an inverse problem framework. The availability of model independent tools for inversion (Doherty et al., 1994;
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Poeter and Hill, 1998) has fostered its common use in hydrological practice. Still, groundwater inversion suffers from
a number of problems (non-uniqueness, instability, computational cost, etc.), as illustrated by the periodic reviews
of the topic (Yeh, 1986; Carrera, 1987; McLaughlin and Townley, 1996; Zimmerman et al., 1998; de Marsily et al.,
1999; Carrera et al., 2005; Franssen et al., 2009; Zhou et al., 2014). Amongst them, spatial variability is likely the
most difficult problem to address. This work focusses on the characterization of spatial variability of transmissivity
(T).
Two sets of approaches can be identified in dealing with spatial variability and the conceptual prior information:
deterministic and stochastic. Stochastic approaches rely on treating T as a random field and estimating its properties
from prior estimates of T (and/or other model parameters) and available state variables (i.e., heads (h) and concentrations (ω) measurements). Initially, the problem was formulated as finding the ’best field’, in the sense of minimum
variance or the expected field conditioned to measurements (Clifton and Neuman, 1982; Kitanidis and Vomvoris,
1983; Rubin and Dagan, 1987b). Estimation uncertainties derived from these solutions were too optimistic (Carrera
and Glorioso, 1991). This prompted the development of conditional simulation methods (Gómez-Hernández et al.,
1997), and more recently moment equations approaches (Hernández et al., 2003, 2006). All these methods assume
stationarity of the T field. That is, they all assume that, prior to measurements, nothing is known about variability
patterns, so that they effectively disregard geological knowledge. Although much work has been done on geologically
based geostatistics (e.g., Winter and Tartakovsky, 2002; Winter et al., 2003; Riva et al., 2006), most applications of
geostatistical inversion are based on this assumption of stationarity.
The deterministic approach relies on the assumption that the patterns of spatial variability are known from geological or geophysical information, so that the whole unknown field can be expressed in terms of a limited number of
uncertain parameters. The process of expressing the field as a function of parameters is called parametrization. The
most widely used parametrization method is zonation, which consists of subdividing the model domain into a number
of regions (zones). Zones are typically (though not necessarily) homogeneous with a single effective parameter value
(e.g., Carrera and Neuman, 1986; Barlebo et al., 2004). Therefore, in contrast to stochastic methods, the spatial zonation pattern, normally inferred from the available geological information, is prescribed explicitly in the deterministic
approach. The main advantage of zonation is its flexibility to incorporate geological or geophysical data available in
the form of maps (sedimentary deposits, paleochannels, water conducting features, etc). However, the identification of
zones is a subjective and hard-to-systematize task. In fact, an inappropriate definition of zones is transmitted to errors
in the model structure and is often a main cause of failure in actual applications (Sun et al., 1998). Some efforts have
been devoted to alleviate the effect of errors in the geometry of zones (e.g., Gaganis and Smith, 2006; Roggero and
Hu, 1998). However, no well-defined approach has emerged as generally accepted. Another disadvantage of the de2

terministic approach results from implicitly neglecting the effect of small scale heterogeneity on flow and, especially,
on solute transport. Thus, the calibration process using the geostatistical approach captures the structural fine detail
better than that which can be captured using a limited number of zones. However, despite of these problems, zonation
remains the method of choice in hydrological practice, especially in regional or basin-scale groundwater models (e.g.,
Senger and Fogg, 1987; Guymon and Yen, 1990; Castro et al., 1998; Walvoord et al., 1999; Shavit and Furman, 2001;
Best and Lowry, 2014; Ala-aho et al., 2015; Nocchi and Salleolini, 2013, etc).
The geostatistical approach has been applied successfully to cases where geological information is not strong
enough to allow predefining patterns of spatial variability. This is certainly the case in synthetic aquifers (e.g., Yeh
and Liu, 2000; Kowalsky et al., 2004; Zhu and Yeh, 2005, 2006; Alcolea et al., 2006b; Hao et al., 2008; Franssen
et al., 2009; Riva et al., 2010, 2011) and laboratory sandboxes (e.g., Liu et al., 2002, 2007; Illman et al., 2007, 2009).
Field applications are restricted to relatively small scale problems, where geology is not very binding, with well
defined stresses and responses. These include hydraulic test interpretation (e.g., Meier et al., 2001; Vesselinov and
Neuman, 2001; Li et al., 2005; Hernández et al., 2006; Rubin et al., 2010; Murakami et al., 2010; Janetti et al., 2010;
Bianchi Janetti et al., 2010; Berg and Illman, 2011, 2013, 2015), well capture zone delineation (e.g., Vassolo et al.,
1998; Kunstmann et al., 2002; Harrar et al., 2003; Riva et al., 2006), river-aquifer interaction (e.g., Rötting et al.,
2006), or coastal aquifers (Alcolea et al., 2007, 2009) and others (Barlebo et al., 2004; Franssen and Kinzelbach,
2008; Vesselinov et al., 2001a,b; Chen et al., 2012).
Few stochastic studies have been carried out for large-scale problems. Clifton and Neuman (1982) and Rubin and
Dagan (1987a,b) used a stochastic inversion approach to model the Avra Valley aquifers under steady-state conditions.
Rubin and Dagan (1988) and Rubin et al. (1990) demonstrated the applicability of the geostatistical approach in the
Israeli Coastal Aquifer and the Rio Maior aquifer, respectively. These examples proved useful in advancing the
method during its early stages. However, they did not really demonstrate its validity, which is usually the case in
real-word large scale applications because little data are available to test independently the model. In fact, to date,
there is a very important lack of real-world applications of stochastic theories and approaches at large scale (Dagan,
2002; Neuman, 2004; Renard, 2007). Recent exceptions include the works of Jardani et al. (2012) and Dausman
et al. (2015). This lack is much more marked when it comes to stochastic inversion of flow and transport data. We
argue that the problem lies in ignoring geological information, which is much richer at large than at small scale. That
is, patterns of geological variability (and, therefore, hydraulic variability) are usually well known at regional scale.
Ignoring them would be poor practice. Thus, when facing a regional-scale model, professionals find that the easily
accessible stochastic approaches fail to incorporate the geological information and prefer deterministic approaches.
Instead, geological information at the local scale (<1km) is usually much less specific, and patterns of variability
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cannot be stated a priori. In such cases, parsimony justifies stationarity as the prior model, which explains the broad
use and success of small scale stochastic models.
Much effort has been dedicated to overcome this limitation of stochastic approaches. Perhaps, the most successful
attempts are based on categorizing heterogeneity in terms of hydrogeological facies. Models of transition probabilities
based on Markov chains (TPMC) analyze spatial variability and generate equally-likely realizations of geological units
or facies. TPMC methods are a powerful geostatistical approach to estimate the spatial distribution of geological units
using categorical indicator variables (e.g., Carle and Fogg, 1996, 1997; Fogg and Carle, 1998; Ritzi, 2000; Elfeki
and Dekking, 2001; Park et al., 2004; Ritzi et al., 2004; Zhang et al., 2006; Li, 2007a,b; Dai et al., 2007; Zhang
and Li, 2008; Ye and Khaleel, 2008; Khaninezhad et al., 2012a,b). These approaches have been generalized using
multiple-point geostatistics and connectivity concepts (see Renard and Allard (2013) for a recent review). In practice,
these approaches involve generating a large number of lithofacies distributions and/or hydraulic conductivity fields
and rejecting those that fail to honor observed heads (e.g., Sakaki et al., 2009; Zhou et al., 2012; Alcolea and Renard,
2010; Berg and Illman, 2011; Khodabakhshi and Jafarpour, 2013). Other approaches aimed at reproducing actual
variability patterns are based on geophysical data to compensate for the scarcity of in situ hydrological measurements
and to improve the accuracy of spatial heterogeneity characterization (e.g., Rubin et al., 1992; Copty et al., 1993;
Hyndman et al., 1994; Hubbard et al., 1997; Ezzedine et al., 1999; Hubbard and Rubin, 2000; Chen et al., 2001;
Doro et al., 2013). Although all these techniques look promising, their application to real regional systems is still in
developmental stages.
In light of the above considerations, the first relevant question is whether the geostatistical approach is suitable
for modeling real regional aquifers or whether in these cases the inverse problem is best handled in a deterministic
framework.
A complementary key question when using geostatistical inversion approaches is the source of T data. These are
generally obtained from long-term pumping tests, which are expensive (and thus scarce). Alternatively, additional T
data can be derived from specific capacity (pumping rate, Q, divided by drawdown, s). Specific capacity (SC) is the
parameter most often provided by drillers from step-drawdown tests to characterize the performance of a well. Hence,
SC data are often much more abundant than T data. Clifton and Neuman (1982) and Ahmed and Marsily (1987)
argued that the estimation of a T field is improved by using both pumping test and specific capacity data. On the
other hand, Meier et al. (1999) demonstrated that these two types of measurements usually represent different scales.
Specific capacity measurements strongly depend on the transmissivity at the closest vicinity of the well whereas T
values inferred from pumping test are sensitive to the test duration and tend towards the effective transmissivity with
time. Therefore, a major challenge faced by hydrogeologists is the upscaling of T data from well-scale to aquifer4

scale, while taking into account the geological context. This prompts us to question the suitability of these two types
of T measurements to model regional aquifers.
This study is aimed at addressing the two above questions. First, what are the relative merits of deterministic and
geostatistical approaches for the modeling of flow and transport in real regional aquifers?, and second, are pumping
and specific capacity measurements appropriate for the modeling of regional groundwater models?. In an attempt to
answer these questions, we apply the two approaches and use both types of T data for the modeling of the Mar del
Plata aquifer where data are available for nearly a century.

2. Study area
Mar del Plata is located in the northeastern coast of Argentina. The city grew at a rate of 10000 new inhabitants per
year during the second half of the 20th century. This population growth caused an increase in groundwater pumping,
the main source of freshwater. Intensive groundwater exploitation led to seawater intrusion. As a result, pumping was
extended to the north. The original goal of the model was to assess the consequences of further increasing in pumping.
The aquifer extends over some 1000 km2 and is traversed by several rivers; the Vivorat, the Cueros, the Seco,
the Santa Elena and the Tapera from north to south, respectively (Figure 1). The main aquifer comprises Quaternary
loess-like sediments that conformably overlie the quartzitic Palaeozoic bedrock at the south of the domain, and the
Miocene clayey-sandy sediments at the north. Aquifer deposits were formed in response to the combined forcing of
wind-deposited accumulation sediments, basement subsidence and fluvial processes.
Loess deposits are usually homogeneous, which is indeed the case at the north of the system, where the aquifer
is unconfined. However, at the south, where the city is located, the local quartzitic hills acted as a barrier to wind
transport and as a source for fluvial sediments. Therefore, the urban zone presents a number of discontinuous levels
of silt and sand which are interbedded with thin layers of clayey silt. Thus, the main aquifer in Mar del Plata city is
semi-confined and consists largely of sandy or silt-sandy sediments. It is assumed that the natural drainage network
has not undergone dramatic changes during the past. Relict fluvial channels were infilled with sediments, as sea
level rose, producing paleochannels. To the north, the Cueros and the Santa Elena paleochannels were infilled with
high permeability sediments because these channels were sourced from eolian sands. These paleochannels act as
preferential pathways for groundwater flow and solute transport, and are separated by the interfluves which contain
sequences of silt clayey sediments. To the south, the Tapera and Chacra paleochannels were infilled with lower
permeability sediments because they could have been derived from the Los Padres hills. The main aquifer in the
southern portion is a semi-confined unit with a maximum thickness of 40 meters, separated from a shallow aquifer
by an aquitard consisting of silt clayey sediments. The thickness of this aquitard decreases towards north, where the
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aquifer becomes unconfined with a thickness of about 80 meters.
Infiltration from rain and irrigation return flow are the main inputs to the aquifer. The average annual recharge due
to local rainfall has increased from 55.6 hm3 per year in 1913 to 90.6 hm3 per year in 2005. The increase concentrates
in recent years, which may reflect climate change. A significant proportion of recharge in the urban area comes from
losses of the water supply and sewer networks. Some lateral recharge enters the aquifer from the quartzitic hills.
Pumping is the main discharge.
Groundwater flows mostly south-eastwards from the north-western hills toward the coast. Part of the recharge is
pumped, leading to depressed heads in the central part of the aquifer. The remainder flows to the sea, with a small
proportion discharging to rivers. A summary of the main inflows/outflows in the Mar del Plata aquifer from 1913 to
2005 is displayed in Table 1.
Transmissivity measurements (m2 /d) from long-term pumping tests are available at 109 locations. Furthermore,
we estimated the transmissivity at the same locations from step-drawdown tests using a linear relation from the specific
capacity values (SC). This type of measurement has been used for conditioning in the past (Ahmed and Marsily, 1987)
and yields better information about the local value of T than pumping tests (Meier et al., 1999). Available data also
include storage coefficient values estimated from long-term pumping tests at 21 locations, pumping records at 315
wells, monthly head records at 315 wells and 148 piezometers from 1913 to 2005, 7293 hydrochemical data, 3190
annual rainfall data, drillers’ textural descriptions and geophysical data at 100 wells.

3. Methodology
We compare the performance of deterministic, geology based, and stochastic, head data based, models on the
Mar del Plata aquifer. In the stochastic approach, we carry out both conditional estimations (CE) and conditional
simulations (CS), using the regularized pilot points approach of Alcolea et al. (2006b). For each approach, we carry
out two exercises. First, we use head and T data (from either pumping tests or specific capacity) for the calibration.
The calibrated models are then used to simulate seawater intrusion to test the prediction capabilities of each approach.
Second, we calibrate against both head and concentration data to test the robustness of each approach to the inclusion
of new data.
3.1. Model set-up
The model domain is bounded by (1) a no-flow water divide to the north, (2) a prescribed flow boundary at
the southern and western boundaries representing the contact with the quartzitic hills, where flow is assumed to be
controlled by recharge, and (3) prescribed head at the coast.
6

A two-dimensional horizontal model is used because regional flow is essentially horizontal as the aquifer thickness
(40-80 m) is small compared with the horizontal extent (some 1000 km2 ) and because all available data come from
wells screened throughout the aquifer thickness (vertically integrated). The aquifer is divided in two layers at the
urban area because (1) the deep portions of the aquifers are separated from shallow levels by silty deposits, and (2)
wells pump only at the deepest portions to prevent pollution from shallow groundwater. As a result of deep pumping,
head differences along the vertical are sizeable in the urban area, and modeling salinization of pumping wells at the
city requires extending the aquifer below the sea. The finite element grid consists of 7814 nodes, arranged in 17363
triangular elements of variable size, and it is divided into two horizontal layers. The upper layer depicts the shallower
aquifer (only in the urban area) and the lower layer represents the main aquifer. These two layers are connected by 1D
elements representing the aquitard. Note that a full three dimensional grid could be used to model the aquitard, but it
would have been more CPU consuming (see, e.g., Bredehoeft and Pinder, 1970; Neuman et al., 1982). The submerged
portion of the main (deep) aquifer is modeled by extending the lower layer 5 km seawards in the urban area. The mesh
is refined in the urban area and near the main pumping areas to ensure accuracy (average size 60m x 60m). The element
size increases to the north where few data are available (average size 1000m x 1000m). Transmissivity was treated as
spatially variable as discussed in the following sections. Storage coefficient was assumed spatially constant because
significant spatial variability of this aquifer property is not expected in this kind of sediments. Two different values
for the storage coefficient (S ) have been adopted: S =0.1 for the shallow aquifer and for the main aquifer at the north
where the aquifer becomes unconfined, and S =7 ·103 for the main aquifer in the urban area.
Recharge from precipitation was calculated from a root zone mass balance, with potential evapotranspiration
evaluated according to the Penman-Monteith equation, using meteorological data from the stations Mar del Plata
and La Serrana, situated in the urban area and Los Padres hills, respectively. Five zones of recharge are defined:
the plain area (recharge due to rainfall), the irrigated zone (recharge due to rainfall and irrigation return flow), and
three urban zones that account for losses of the water supply and sewer networks. While these zones can be defined
deterministically, variability within each zone should be restricted to scales much smaller than the model (e.g., roads)
and was neglected here. Although the aquifer receives lateral inflow from the quartzitic hills Los Padres, the actual
amount is small, see Table 1.
Groundwater pumping from 1913 to 2005 is simulated as a prescribed time dependent sink term at each well
(total of 107 nodes representing pumping wells) or incorporated into the model over sets of nodes (a total of 27 zones
were considered), where pumping wells are closely spaced. All wells are screened in the main aquifer. Surface groundwater interactions at rivers and Los Padres lake are simulated as drains using Cauchy boundary conditions,
with mean river elevation as external heads. Preliminary runs showed that models results were not very sensitive to
7

leakage factors, which were fixed to 0.2 m2 /d per unit length of river. In practice, this implies that rivers acted close
to prescribed head. It is assumed that river bed shapes did not change over time.
Density variations have been neglected because the aquifer bottom is essentially flat and the thickness small.
Under these conditions, buoyancy forces are small compared to viscous forces which are large for regional aquifers.
Therefore, we have adopted an approach similar to that of Iribar et al. (1997) and Vázquez-Suñé et al. (2006). That is,
the shore is represented by imposing a freshwater head equivalent to a zero saltwater head for flow and an advective
flux condition for transport. This implies that the salt mass fraction equals that of seawater for inflowing portions of
the boundary or the resident mass fraction for outflowing portions (see, e.g., Voss and Souza, 1987; Frind, 1982).
The transmissivity field was calibrated for the period from 1913 to 2005, with a monthly temporal discretization.
3.2. Calibration Procedure
Transmissivity was calibrated by transient inverse modeling. Following Medina and Carrera (2003), the optimum
set of model parameters minimizes an objective function that penalizes (1) the differences between measured and
calculated heads and/or concentrations and (2) the offsets of calibrated model parameters from their corresponding
prior estimates. In this study the objective function was defined as
F = Fh + βω Fω + µ j F j

(1)

with
∗
Fh = (h − h∗ )t V−1
h (h − h ) (OBJHEAD)

(1.1)

∗
Fω = (ω − ω∗ )t V−1
ω (ω − ω ) (OBJCON)

(1.2)

∗
F j = (p j − p∗j )t V−1
p j (p j − p j )

(1.3)

In these equations x (h, ω or p j ) represents the vector of computed values, with measurements (or prior estimates) x∗
and covariance matrix Vx with x = h for heads, x = ω for concentrations and x = j for estimated model parameters,
where the subscript j = 1 denotes pilot points linked to transmissivities, j = 2 to storage coefficients, etc. In the
present study, only transmissivity values were calibrated ( j = 1). Thus this subscript is omitted hereinafter. βω and µ
are weighting scalars correcting errors in the specification of Vx . The objective function is minimized with respect to
8

model parameters for given values of βω and µ. We assumed that the standard deviation of head residuals is 1 m (3.5%
maximum drawdown). Therefore, Vh = I. Concentration residuals were assumed heteroscedastic, with standard
deviation equal to max (10% ω, ωmin mg/L) where ωmin = 100 mg/L (except for the observation wells TP8 and TP32
where ωmin = 500 mg/L). The covariance matrix of transmissivities depends on the heterogeneity assumptions and is
described in the next section. Maximum likelihood estimation, MLE, is used to find the optimum values of βω and µ,
as described by Alcolea et al. (2006b). Eight values of µ were tested, ranging from 5 · 103 to 10−2 (lower values were
discarded due to convergence and stability problems). High values of µ result in a poor identification of heterogeneity
because the objective function (1) is controlled by the by the plausibility term (1.3) and the calibrated parameters
tend towards the prior information which is usually smooth. On the contrary, small values of µ tend to disregard the
plausibility term, thus risking instability. The optimum value of µ was chosen as the one yielding the maximum of the
expected likelihood of the parameters given the data, equivalent to the minimum of the support function S 2 defined
by Medina and Carrera (2003), which reads as

S 2 = N + ln|H| + N ln

ntypar
X
F
− nω ln βω −
k j ln µ j
N
j=1

(2)

where, N is the total number of data, nω and k j are the number of concentration measurements and parameter type
j data (up to the number of types of model parameters being optimized, ’ntypar’, equal to 1 in this case, as only T
was estimated), respectively, and H is the first order approximation of the Hessian matrix of the objective function at
the end of the optimization process. Using this criterion, we chose µ=1 and βω =1 as optimal, which are the values
to be expected if the covariance matrices are appropriate. Figure 3 displays the support function S 2 obtained by
conditional estimation with Theis and SC data versus the weighting factors µ and βω . When only head data are used,
S 2 is minimum for µ=1. Using this plausibility weight, the optimal βω is 0.1 for SC data and 1 for Theis data. We
chose βω =1 for consistency and because the difference between 0.1 and 1 in the SC case is small. Actually, even
larger weights for concentration data could be obtained when adopting larger values of µ (not shown here).
Two different cases are considered regarding conditioning data. First, the transmissivity fields are conditioned
to transmissivity and heads. We evaluate these fields by comparing actual concentration measurements to blind predictions of solute transport from 1913 to 2005. Second, we added concentration data to the calibration. That is, the
transmissivity fields were conditioned to transmissivity, head and concentration data. Although we could not assess
independently the validity of this calibration because we were using all available data, we evaluated the quality of the
fits to available concentration variation measurements and the conceptual validity of the resulting T fields.
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3.3. Handling of spatial variability
3.3.1. Deterministic approach
The transmissivity zonation chosen in the deterministic model is based on data integration and geological review.
That is, we base our zonation upon (1) drillers’ textural descriptions, (2) geophysical logs, and (3) a sedimentation
concept that suggests EW lineations. Zone boundaries are chosen to separate areas of significantly different transmissivity as observed in the true field. The actual delineation of the paleochannels was based on sedimentological
columns of the wells coming from drillers descriptions and geophysical logs.
Eight transmissivity zones are defined: four paleochannels representing the relict fluvial channels; the interfluves
zone; the main aquifer in the urban area, which is confined; the shallow aquifer, upper layer in the urban area and
the piedmont zone, which corresponds to coarse piedmont deposits. Prior estimates of these eight parameters were
obtained from pumping tests and geological information. Additionally, the vertical conductivity of the aquitard in the
urban zone is also estimated.
3.3.2. Geostatistical approach
The regularized pilot points method (PPM) (Alcolea et al., 2006b) was used for solving inverse problems with
stochastically variable T fields. The PPM has been the subject of some criticism (Huang et al., 2011) on the basis that
it does not provide sufficient flexibility to accommodate all the fluctuations required to fit the data. This argument
might be valid in the original PPM, where only a few pilot points were used in order to ensure stability (de Marsily
et al., 1984; Ramarao et al., 1995). To avoid this limitation, Alcolea et al. (2006a,b) suggest using as large a number
of pilot points as computationally feasible. A rule of thumb is to use two or three pilot points per correlation range
(Gómez-Hernández et al., 1997), which can be relaxed in areas where few data are available. The fact is that the
numerous methods available for inversion yield very similar results in comparison tests (Zimmerman et al., 1998;
Franssen et al., 2009).
Actual inversion can be performed to obtain conditional estimation (CE) or conditional simulation (CS) of T fields.
The chosen method depends on whether one is interested in seeking a single ’best’ model (i.e., CE, or expected value
of logT conditioned to measurements), which may be the most appropriate for comparison with the deterministic
approach, or in obtaining an ensemble of T fields that reproduce small scale variability and honor measurements,
which may be most appropriate for performing uncertainty analyses based on Monte Carlo methods. T at every
element is obtained through kriging (CE), or through conditional simulation. These fields are then perturbed by
estimating T at pilot points so as to minimize (1) (see Alcolea et al., 2006a,b, for details). The CE is the best
estimate in the sense of minimum variance of T, whereas each CS yields an equally likely random T field. As such,
10

each simulation reproduces small scale variability and the ensemble of them quantifies uncertainty. We obtained 15
simulations conditioned to all T and head measurements and another 15 conditioned additionally to concentration
measurements.
Three non-regular networks of pilot points were tested, containing 133, 304 and 403 pilot points. Calibration
errors decrease substantially when using more than 133 pilot points. However, little improvement was obtained with
403 points. Therefore, we used 304 pilot points, which leads to enough accurate characterizations of the T field
while keeping the CPU effort tolerable. This choice was also supported by the expected likelihood (Medina and
Carrera, 2003). Pilot point locations are depicted by dots in Figure 5. Note that their locations do not coincide with
T measurement points. This choice will cause all T fields to honor T measurements, which are implicitly assumed to
be error free, but which is the best option given that the experimental variograms did not display a nugget effect (see
Figure 2).
3.3.3. Theis vs specific capacity data
T measurements arising from the Theis interpretation of pumping tests (Theis) and from specific capacity (SC)
using a linear relation (T= 1.4 Q/s, Razack and Huntley (1991)), are available at 109 locations. The probability
density function of both sets of measurements is close to lognormal. This is in agreement with results from other
aquifers (see, e.g., Delhomme, 1976; Ahmed and Marsily, 1987). However, contrary to these, our T and SC values
were not significantly correlated (Figure 2). Also, contrary to most applications, our Theis and SC measurements
are co-located. While conventional wisdom would call for ignoring SC data, we opted for testing the use of SC data
instead of Theis data on the assumption that they may represent better the local variability (Meier et al., 1999). In
short, we carry out our calculations twice, first, with Theis data and, second, with SC data.
Note that Theis T values are higher than SC T values (log T means of 2.98 and 2.53, respectively). We attribute
this to the scale dependent growth of T (see, e.g., Sánchez-Vila et al., 1996; Martinez-Landa and Carrera, 2005) and
to the fact that long-term pumping test T values are representative of a region much larger than SC T values. Both
sets of measurements show a very low variance, which facilitates parameter estimation (Yeh, 1986), and reflects the
geological nature of the aquifer. This little variability can be observed in the estimated variograms of both data sets
(actually, of their log10 transformations), see Figure 2. Both of them are exponential with low sill (0.034 and 0.036
for T from Theis and and SC, respectively). The ranges are 4770 and 3510 m for Theis and SC, respectively.

4. Results
The water balance obtained from the deterministic model is displayed in Table 1. Similar outputs were obtained
from all the stochastic simulations. Note that Santa Elena and La Tapera rivers changed from losing to gaining
11

conditions at the end of the 60s. This change reflects the decrease in pumping at the city area due to the salinization
of pumping wells and the increase of rainfall. Note also the increase in recharge in the urban area from 1950 to
2005, which is caused by the increase in leakage of the water supply and sewerage systems, and occurs in many cities
(Vázquez-Suñé et al., 2010)
Figure 4 summarizes the results obtained in terms of Fh (OBJHEAD, Eq. 1.1) and Fω (OBJCON, Eq. 1.2) to
assess the model fits for all runs with the two approaches. Only 6 out of 15 conditional simulations are shown for
each set of runs, as they are quite similar (Figure 4a,c). Results obtained when calibrating only against heads are
presented for three different values of µ (100,10 and 1). For those runs, prediction capability is assessed by means of
Fω . Results obtained when calibration to head, concentration and transmissivity data is carried out are presented for
µ=1 and βω =1. The columns with red triangles depict the scores of the deterministic approach.
The first observation that becomes apparent from Figure 4 is that a satisfactory fit between model outputs and field
measurements is obtained with all the models, even for the simulation yielding the worst fit to measured head and
concentration data.
When calibrating with heads (Figure 4a), very similar fits are obtained by the deterministic and all stochastic
models with µ=100. As expected, lower values of the weighting factor µ in the stochastic models yield better fits,
and the best fit is attained when µ=1. Note that CE and CS approaches yield very similar results regardless of the
conditioning T data. Note also that an improved fit does not mean a better model. As mentioned above, we use the
expected likelihood for selecting the optimal value of µ.
Transport predictions (Figure 4c) are generally quite accurate. However, contrary to expectations, the models that
were optimal for flow (µ=1) perform worst for transport. The best transport predictions are obtained by the models
calibrated with µ=10 when using Theis data, and comparable results are obtained for the µ=100 and µ=10 models
when using SC data.
When calibrating against h and ω data (Figure 4b,d), we would expect a slight worsening of Fh and a significant
improvement of Fω because head fits need to be slightly sacrificed to achieve accurate fits to concentration data. As
it turns out, this happens only for the stochastic models calibrated with Theis data. However, Fh for the deterministic
model is unaffected when including concentration data in the calibration, while Fω decreases considerably.
Simulation results show that the calibrated T distribution obtained from the deterministic model is geologically
realistic and consistent with the prior information embedded in the conceptual model described in section 2. The T
fields generated by all calibration runs with µ= 1 are displayed in Figures 5 and 6. Figure 5 displays the deterministic
field obtained by the zonation approach and the ’single best’ one by conditional estimation. It is worth noting that
calibrated transmissivity values in the deterministic model are not significantly different when calibrating against
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heads and when calibrating against both heads and concentrations. Figure 6 illustrate three simulations of T fields
conditioned to T and h and to T, h and ω. Overall, the stochastic fields reproduce the main patterns of the geological
model. Specifically, most models reproduce the hight T channels corresponding to Los Cueros, Seco and Santa Elena
river, and the low T channel of La Tapera river. They also tend to reproduce the high T zone of piedmont deposits.
In fact, all models but those conditioned to Theis, head and concentration data depict several features that were not
included in the deterministic model: two low T zones at the southern and north-east of the city aquifer (red squares in
Figure 5). These may be caused by outcropping quartzite deposits that were not included in the deterministic model.
The definition of these variability patterns is somewhat sharper for the models conditioned to SC data than for the
models conditioned to Theis data.
Figure 7 illustrates the effect of increasing µ on the transmissivity fields obtained by conditional estimation and
simulation. As expected, large values of the weighting factor cause the T fields to become too smooth. The general
shape of the paleochannels is reproduced by almost all stochastic simulations, and transmissivity values are adequate.
Note that the fields with µ=10, optimum value for predicting transport, vaguely capture the main features of the
geology-based model.
Model fits to measured heads and concentrations are shown in Figures 8, 9 and 10. The fits to measured heads from
the deterministic and stochastic methods using Theis T data and a plausibility weight of µ=10 are displayed in Figure
8. Satisfactory fits are obtained by both stochastic (CE and CS) and deterministic (zonation) approaches. The small
misfit (average residual is 1.3m, a 4.4% of the maximum drawdown) can be attributed to the inherent uncertainty
of pumping rate records. The corresponding transport predictions are shown in Figure 9. It can be observed that
all models tend to overestimate concentrations. The goodness of the blind predictions is most prominent at low
chloride concentrations. At high concentrations, only the shape of the measured breakthrough curves but not the
actual concentration values are reproduced. We attribute this to the fact that transport predictions depend on features
of the system beyond the level of detail that can be attained by calibrating against head data only (Moore and Doherty,
2006). Figure 10 displays the fit to concentration data when both head and concentration data (besides Theis T data)
are used for the calibration with the optimum plausibility weights (µ=1 and βω =1). Note that adding concentrations
as calibration date sets helps to improve concentration fits.

5. Discussion
We have compared deterministic (zonation) and stochastic (regularized pilot points) approaches for transmissivity
(T) inversion at the Mar del Plata regional aquifer. The T zonation patterns defined in the deterministic model were
based on data integration and geological review. Spatial variability of T was characterized by the regularized pilot
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points method using two available sets of transmissivity data, i.e., from pumping test (Theis) and from specific capacity
(SC). Two different inverse problems have been considered: (1) T fields conditioned to T (either Theis or SC) and
head data, which were then used to predict transport, and (2) T fields conditioned to T, head and concentration data to
assess whether the addition of concentrations data renders a more accurate spatial characterization of the T field.
The two approaches were evaluated in terms of (1) the fit to head (Fh ) and concentration (Fω ) measurements, (2)
the plausibility of the estimated T fields, and (3) the prediction capabilities when calibrating to T and head data only.
The following observations can be made after analyzing the results:
1) Head fits were quite good and slightly better for stochastic than for deterministic runs. However, the T fields
obtained with each method are quite different. This single observation points to the high degree of non-uniqueness of
the solution to the inverse problem in that different T fields yielded similar head fits. Note that differences lie in the
modeling approach (SC versus Theis data, calibrating against heads or concentrations, value of µ), but within each
approach, differences are minimal. However, within each modeling approach, all conditional simulations look very
similar. This is somewhat disheartening in view of (1) the large number of head data, (2) the length of the calibration
period, (3) the high and well characterized forcing terms imposed on the system, and (4) the relative homogeneity
of this aquifer. In most situations, few of these conditions are met and, therefore, an even higher degree of nonuniqueness should be expected. Still, if we had been interested in using the model to assess future groundwater
management strategies or to evaluate the uncertainties on transport calculations (Renard and Jeannee, 2008), none of
the T fields should have been discarded.
2) The estimation of the weighting factor µ turned out to be critical. The optimum value of µ (µ = 1) yielded
good head fits during calibration but led to poor predictions of concentration. This suggests a certain degree of overparametrization. Indeed, stochastic T fields obtained with µ=1 (Figures 5 and 6) fluctuate much in space. These
fluctuations are dramatically smoothed out when increasing µ (Figure 7). This is not surprising because large plausibility weights tend to bias the solution towards kriging, effectively reducing degrees of freedom (Alcolea et al., 2006b).
In contrast, the deterministic model is not very sensitive to the plausibility weight. In this case, the optimum value for
the deterministic model is attained at µ=1, as it was for all stochastic models. A close analysis of all stochastically
calibrated models for a given µ reveals three observations. First, all conditional simulations (CS) yield very similar
values of Fh and the results are slightly lower than those obtained by conditional estimation (CE). Second, the fits
obtained using Theis T data are slightly but consistently better than those achieved using SC data. Third, all T fields
are quite similar. This result was also obtained by Alcolea et al. (2006a), but it is disturbing because it leads to a false
sense of certainty. Uncertainty is much larger than suggested by the set of conditional simulations.
3) Blind predictions of transport are generally quite accurate for all flow calibrated models. However, contrary
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to expectations, the best matches to concentration data were obtained with T fields obtained with high plausibility
weights. This may reflect a certain degree of instability (i.e., overfitting when µ=1) or model errors, which favors
stable calibration procedures (methods to identify µ have been tested on synthetic examples, which are free of model
errors). Instability implies large fluctuations of estimated parameters, which lead to (a) anomalously large (or low)
parameter estimates and (b) large ’jumps’ of parameter values over small distances. Instabilities may result in very
small calibrations errors, but may seriously degrade the model ability for accurate and realistic transport predictions.
4) In stark contrast to head calibrations, slightly better concentration predictions were obtained with conditional
estimations than with conditional simulations (Figure 4c). This suggests that the type of small scale variability simulated during flow calibration may not be the most appropriate for transport. Although similar transmissivity fields
are obtained using Theis and SC T data during head calibration, Theis models led to slightly but consistently better
transport predictions than SC models.
5) Theoretically, calibration against head and concentration data, should cause a slight sacrifice in head fit to
achieve a good fit to concentration data. This effect is only evident in the stochastic models using transmissivity values
from pumping tests. However, in these cases there are several noticeable differences between the transmissivity fields
obtained by calibration of heads and those by calibration of heads and concentrations. The latter loose large scale
heterogeneity patterns but lead to better match to measured concentration data. Stochastic models with transmissivity
data from specific capacity yield values for both Fh and Fω similar to those calculated when calibrating heads only.
Several reasons may explain this anomalous behavior. First, transmissivity from specific capacity represents the
local transmissivity at the closest vicinity of the well, and seawater intrusion can be more sensitive to large scale
heterogeneity patterns, which are better captured by Theis T data. Moreover, transmissivity values from specific
capacity data are smaller than those from pumping test data (Figure 2), which may be relevant when calibrating head
and concentration data. Another likely reason is that the resulting inverse problems with specific capacity data do
not have unique solutions. Thus, many different transmissivity fields may yield equally good fits to the available
measurements. By contrast, calibration of the deterministic model improves the concentration fit while maintaining
an adequate match to head data, without large changes in transmissivity values. These results clearly support that the
deterministic model is the most robust, in the sense that it was the least sensitive to calibration data, although the head
and concentration fits are not the best.
6) All calibrated transmissivity fields display some consistency with the conceptual geological model. Specifically,
the overall shape of the paleochannels is reproduced to some extent by all stochastic models. At the north, Los Cueros
and Santa Elena paleochannels were infilled with high permeability sediments, causing high transmissivity values in
these zones. On the contrary, the sediment deposition infilling La Tapera and Chacra paleochannels could have been
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derived from the Los Padres hills. Thus, these zones are attributed with low transmissivity values by all stochastic and
deterministic models. The geometry of the paleochannels produced by the stochastic models is slightly different to the
one we proposed for the deterministic model. The discussion of this last observation is subtle. The existence and roles
of paleochannels result from a geological reasoning. However, defining their shape is a very subjective task (specially
near the shore, where T and head data are scarce). On the one hand, the fact that stochastic models capture the overall
geometry of the paleochannels supports the applicability of these methods where data are abundant. Identifying the
presence of these paleochannels from noisy and highly fluctuating data is non-trivial and demonstrates that stochastic
inversion can capture features that are not evident from data. On the other hand, the fact that these paleochannels
are identified with a different connection to the coast where data are scarce points to the limitations of our simplistic
geostatistical model (stationarity of T).
The stochastic models also identify consistently two low T zones located at the NE and SE of the city (identified by
red squares in Figure 5) that were not included in the deterministic model. These coincide with underground quartzite
(it outcrops in several locations), which is known by local geologists, so that few wells are available in the area. We
could have modified the deterministic model to account for them, but would have made the comparison unfair. As it is,
it illustrates a problem with deterministic approaches. Errors in the proposed zonation will go unnoticed, underscoring
the inability of deterministic models for properly accounting for errors in model structure.
7) Most stochastic transmissivity fields obtained by conditional simulation and conditional estimation approaches
yield similar fits to h and ω measurements. But stochastic simulations look alike in all cases, which implies a clear
underestimation of uncertainty. We attribute the similarity of all simulations to biases introduced by model errors.
Model errors are unavoidable in real situations and represent simplifications of reality that may not be appropriate.
Examples include boundary conditions (e.g., the sea side boundary condition may be more complex than assumed),
the relatively simple assumption of homogeneous recharge zones might not be accurate, etc. Deterministic models,
having much less degrees of freedom, appear to be less sensitive to these simplifications. In fact, the robustness of the
deterministic model results suggests that such errors were not large.

6. Conclusions
The conclusions from this work are subtle. Stochastic models led to quite good head fits and reproduced some of
the connectivity patterns implicit in the geological model. However, the fitted models were frail, in the sense that they
changed dramatically in response to changes in model assumptions (value of the plausibility weight, use of head or
concentration data, use of T or SC data). The changes were generally restricted to areas where data are scarce. This
is true both at the northern portion of the model and near the coast. The latter was especially relevant for transport
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models because connectivity to the sea is what controls sea water intrusion. The deterministic models yielded almost
as good fits to heads and concentrations as the stochastic models, and estimated T fields were not very sensitive to the
incorporation of new calibration data sets. Therefore, we must conclude that the deterministic models of the Mar del
Plata aquifers are more robust and reliable than stochastic models.
It has been observed that transmissivity data inferred from pumping tests (Theis) yields better fits than those
obtained using specific capacity data (SC). However, models conditioned to SC data yielded sharper definitions of
expected variability patterns than those conditioned to Theis T data, which is consistent with the assumption that SC
data provide good estimates of local T. This observation, together with the fact that SC data will be generally much
more abundant than Theis data, definitely supports the use of SC data in regional aquifer modeling.
The most disturbing result of the stochastic calibration exercise was their misleading certainty. Stochastic simulations aim at assessing uncertainty and the range of possible model predictions under future scenarios. Yet, all
stochastic T fields simulated under a given assumption (i.e., µ value or transmissivity data type) were very similar.
This would have led modelers to a false feeling of confidence and to assume that data quality and quantity are good
enough to dramatically reduce uncertainty. As it turned out, estimated fields changed dramatically when modifying
data (SC versus Theis, h versus h and ω) or plausibility weight. This behavior must be qualified as stubborn and
jumpy. We attribute the stubbornness to model errors inherent in any real application (e.g., wrong plausibility set,
errors in data, in types of boundary conditions, etc.). We assume that stochastic methods correct the effect of model
errors by modifying the T field, but the correction will be always the same (hence the similarity of the CS T fields).
However, the effect of model errors (and the required ’correction’ in the T field) will be extremely sensitive to data
and to the simulated phenomenon, which explains the jumpy behaviour (abrupt changes in estimation in response to
small changes in assumptions).
This exercise was singular in the sense that a relatively large head data set was available over a long period of
time. Point values of T were also unusually numerous. These features should have favored stochastic calibration. The
fact that stochastic models did not perform way better than the deterministic method of zonation in this case, points to
the importance of geological information and suggests that deterministic methods will produce better overall regional
models than stationary stochastic methods whenever geological information is relevant.
This finding should not be taken as an unqualified support of deterministic models. Clearly, the main disadvantage
of deterministic models lies in their inability to produce reliable estimates of uncertainty (parameter covariances
are heavily constrained by geometry and result far too optimistic). That is, errors in the proposed zonation are not
acknowledged in the deterministic approach, and can only be inferred through careful residual analysis (large errors in
a portion of the model may suggest the need to modify zonation). Therefore, deterministic models are not the solution
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when reliable estimates of uncertainty are required.
We would like to conclude by insisting on the stochastic models ability to capture patterns of variability consistent
with geology (paleochannels, possible reduction in T at the south and northeast of the city caused by quartzitic
deposits) in areas where data are abundant. We presume that the poor performance of stochastic models was caused
by the fact that no information was provided on how to extend these features. This suggests that the future lies
in coercing stochastic models to geologically based information, so that hard data will constrain the model where
abundant and ’soft’ geological data will constrain the model elsewhere.
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Input

Recharge from rainfall
Recharge in urban area
Recharge from irrigation
Lateral inflow
Pumping

Output

Los Cueros river
Seco river
Santa Elena river
La Tapera river
Los Padres lake
Seaside shallow aquifer urban area
Seaside deep aquifer urban area
Seaside deep aquifer

1913-1950

1950-1970

1970-2005

55.6
5.2
6.86
3.7
-8.2

74.9
8.7
10.85
5.8
-50.6

90.6
29.8
17.68
7.17
-100.4

-5.51
-9.29
-2.27
-2.29
3.79
1.62
-2.51
-22.97

-11.2
-20.37
-5.46
-3.63
-1.61
1.9
1.67
-25.78

-10.78
-18.95
1.19
2.46
-0.26
1.71
-0.57
-16.37

Vivorata

LosCueros

Seco

Argentina

Table 1: Averaged water mass balance in Mar del Plata aquifer from 1913 to 2005, hm3 per year

Main inflow/outflow

MAR
DEL
PLATA

Penetration of
saline intrusion
interface

Santa
Elena

1972
1963
1958
1951

LaTapera

3 km

Figure 1: Upper right: Location of the study area. Left: model domain, main rivers (blue lines), and observation points. Dots represent pumping
wells and crosses depict piezometers. Lower right: Penetration of the seawater intrusion front between 1951 and 1972. In all maps, the origin is
set to (6415 km, 5785 km) in Lambert II extended coordinates, which corresponds to 3805’S latitude and 5800’W longitude.
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Figure 2: Location of wells with transmissivity data arising from the interpretation of pumping test (Theis) and specific capacity (SC), Log-log plot
of Theis versus SC data and calculated variograms. Note that transmissivities from Theis interpretation are consistently larger than those derived
from specific capacity.
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Figure 3: Discrimination criteria S 2 (eq.2), with respect to (left) the plausibility weight (µ) when using only head data and (right) the concentration
data weight (βω ) when using concentration and head data for µ=1.
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Figure 4: Objective function measuring the fit between calculated and measured heads (OBJHEAD, above) and concentrations (OBJCON, below)
for the calibration and prediction runs discussed in this paper. Note that models performing best during calibration (µ=1 was the optimum) did not
lead to best predictions of concentrations. The deterministic model (i.e., zonation) predictions ranked around the average of the stochastic models.
Among these, conditional estimation (CE) predictions were always slightly better than those of conditional simulations (CS), even though their
calibration errors are slightly worse.
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Figure 5: Optimum transmissivity fields (m2 /d) obtained, from left to right, from the deterministic (geologically-based) model and conditional
estimation of transmissivity fields using SC T data and Theis T data with the optimum plausibility weights (µ=βω =1), when (a, upper row) the T
fields are conditioned to T and heads, or (b, lower row) the T fields are conditioned to T, head and concentration data (lower row). In the lower right
panel, dots represent the pilot points distribution. Note that the conditional estimations honor the paleochannels (with a slightly modified geometry
and continuity, see blue ellipse for the Los cueros stream), and quatzitic outcrops (red squares).
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Figure 6: Transmissivity fields (m2 /d) conditioned to either h above or h and ω (below) data and point values of T derived from Theis test
interpretation or from specific capacity data (SC) with the optimum plausibility weights (µ=βω =1). Note that, except for the simulations considering
Theis T data, the stochastic T fields reproduced paleochannel structures and quartzitic outcrops, as in the case of conditional estimations.
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(above) or Theis (below) data for increased plausibility weights µ. Note that the paleochannels are still detected, albeit less sharply than in Figures
5 6, especially in the conditional simulation runs.
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Figure 9: Blind predictions of concentrations. Chloride concentration (mg/l) and piezometric maps (m) for December 2001 obtained from the
deterministic model. Calculated and measured concentrations at eight selected observation points (µ=10 and βω =1).
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Figure 10: calibration against both h and ω data. Chloride concentration (mg/l) and piezometric maps (m) for December 2001 obtained from the
deterministic model. Calculated and measured concentrations at eight selected observation points (µ=βω =1).
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- Modeling of flow and transport in real regional aquifers.
- Relative merits of deterministic and stochastic approaches: regional-scale calibration.
- Impact of using T data from large and small-scale tests on the calibration process.
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