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Abstract: The modeling of hydrogeological processes often involves a quantitative description of
complex systems in which a limited dataset is available, bringing about the formulation of conceptual
models able to describe them in a simplified framework. In order to evaluate the reliability of these
conceptual models, a statistical description of the elements composing the system can be useful,
especially with reference to their mutual interactions. This study shows, through some applicative
examples in the hydrogeological field, that the statistical analysis of characterizing the parameters
and cause–effect relations arising from time series monitoring data can give useful information about
the system dynamic, thus contributing to updating the conceptual model and therefore improving
the results of following numerical modeling. Indeed, this dynamic description of the system, with
the introduction of the verification and validation processes of the conceptual model, allows the
correction of possible errors due to a lack of data or the phenomenon’s complexity. This leads to
many hydrogeological issues, such as the identification of the most productive aquifer or the one that
has the highest vulnerability to pollution, as well as zones of interest in groundwater flow that can
trigger slope instability.

Keywords: conceptual model; hydrogeological issues; monitoring data; numerical modeling; time
series analysis

1. Introduction

Numerical modeling is often used for describing and forecasting the behavior of
complex hydrogeological systems, and has several purposes, from water resources man-
agement [1], to pollution analysis and related remediation design [2], as well as in slope
stability problems [3].

Nevertheless, in mathematical modeling, not all geological and hydrogeological issues
can be fully investigated. In fact, most geological phenomena cannot be described by
simple predictable quantities (due to cause–effect relationships) on the basis of boundary
conditions or as a function of the values obtained from other variables. On the contrary,
many typical hydrogeological parameters can be considered as random variables due to:

• the intrinsic variability of natural processes;
• an inability to understand the physical system in its complexity;
• a lack of sufficient data, both in terms of quality and/or quantity [4].

In the applicative field, the hydrogeological complexity of both the system and the
processes, and their limited knowledge, can involve unexpected risk, bringing about the
need for a different approach in the system characterization [5].

Consequently, when dealing with hydrogeological risk assessment, a statistics-based
conceptual model should be considered in order to take into account the different risk
scenarios, and therefore to identify the proper mitigation measures.

Conceptual models are simplified descriptions of complex natural-anthropic systems,
involving the identification of geomaterials, the reconstruction of their distribution in space,
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as well as their physical and technical characterization; this characterization is aimed at
forecasting the system behavior, by taking into account the main processes which rule it. In
fact, based on the conceptual model, the numerical or analytical model can be implemented
and afterwards validated; the validation process often involves an improvement in the
conceptual model, by means of a refinement in available data or an increasing complexity
in the processes description. Regardless, the need for such an improvement must be
quantitatively assessed, and this assessment can be efficiently based on time series analysis
(i.e., by comparing time series of different parameters, or time series of simulated vs.
observed parameters).

This paper proposes some typical hydrogeological situations in which a statistical
approach to the conceptual model definition was essential for the reliability of the results of
subsequent numerical modeling. With this aim, the hydrogeological system is represented
through quantitative conceptual models, in which some elements, and their mutual interac-
tions, are analyzed from a statistical point of view, endeavoring to reproduce the system
evolution in a dynamic framework and involving back-analysis upgrading.

2. Conceptual Model Update: From Monitoring Data to Error Detection

In order to implement a statistical framework in which the conceptual model can
be dynamically improved, it is necessary to quantify the effect of the modeling error
on the forecasting and, therefore, proceed with checks and updates of the model itself,
based on monitoring data [6]; the goal is to establish if, and to what extent, the model can
explain and predict the observed phenomena, and detect any inconsistencies that require
model refinement [7]. Indeed, the mismatch in between the time series of observed values
compared to modeling results (values obtained by simulating the system behavior based
on the defined conceptual model) should be minimized [8], by taking into account the fact
that possible errors can arise from:

• modeling errors—because of incorrect hypotheses in the conceptual model, the model
fails in reproducing some processes or some cause–effect relationships;

• parametric errors—due to an insufficient knowledge of the parameters describing
the system behavior (i.e., connected to measurement errors, system heterogeneity or
incorrect working scale).

The simplest method in order to detect conceptual model errors consists of a graphical
comparison between the calculated and observed data [9]; for quantifying the capability of
the model to fit the observed data, a goodness-of-fit test can be carried out. More specifically,
an analysis of the deviations (i.e., the differences between the observed and simulated data)
makes it possible to identify errors together with their typology. In fact, conceptual model
errors are systematic and their effects on the modeling results depends on the spatial and
temporal scale of the simulation. Consequently, a correlation between residuals over time
or space means that a trend exists and, therefore, the model is affected by errors [10]. In
more detail, if the residual deviation is constant but not null, the parameters have not been
properly calibrated whereas, if it shows a trend, the model setting should be improved;
only when it is null can the model be considered acceptable.

This approach has been implemented in a dynamic framework for hydrogeological
risk assessment, which accounts for a conceptual model to be updated based on the time
series analysis of the residuals (Figure 1). A similar approach had already given quite
good results in managing the geological risk in civil engineering design [11] and built
heritage [12]. In the present study, this framework has been applied in some applicative
problems typical of the hydrogeological field, resulting in a significant improvement in risk
mitigation and management.



Eng. Proc. 2023, 39, 44 3 of 7

Eng. Proc. 2023, 39, x  3  of  8 
 

 

typical  of  the  hydrogeological  field,  resulting  in  a  significant  improvement  in  risk 

mitigation and management. 

 

Figure 1. Framework for hydrogeological risk assessment with dynamic conceptual modeling. 

3. Examples of Time Series Analysis in Hydrogeological Modeling Improvement 

3.1. Hydrogeological Risk in Tunneling 

The hydrogeological risk in tunneling [13–15] consists in an inflow risk for the tunnel 

[16,17], and a water table drawdown with spring depletion for the environment [18–20]; 

these risks can be analyzed by considering, as a performance function, the water balance 

over a control volume, and  the corresponding elements  (i.e., rainfall and permeability) 

can  be  statistically  described,  leading  to  a  stochastic modeling  approach.  Therefore, 

modeling results can be compared to monitoring data, typically with references to time 

series of water table drawdown or spring flow rate; for instance, the differences in between 

the  simulated  and  observed  values  of  water  table  (residuals)  can  be  analyzed;  if 

differences are detected, specifically an increasing deviation in residuals (purple line in 

Figure 2), it means that the conceptual model, based on which the numerical one has been 

implemented, was too simplified. When dealing with hydrogeological problems, a quite 

typical  error  consists  in  considering  the  presence  of  a  single  aquifer,  instead  of  two 

different  aquifers  locally  interconnected.  In  such  a  case,  the  performance  function 

describing  the  conceptual model  has  to  be  improved  for  taking  into  account  the  two 

aquifers and their interaction; nevertheless, some parametrical errors could still be present 

(blue line in Figure 2 exhibits a constant not zero value), and a further calibration of the 

modeling parameters is still required. 

Figure 1. Framework for hydrogeological risk assessment with dynamic conceptual modeling.

3. Examples of Time Series Analysis in Hydrogeological Modeling Improvement
3.1. Hydrogeological Risk in Tunneling

The hydrogeological risk in tunneling [13–15] consists in an inflow risk for the tun-
nel [16,17], and a water table drawdown with spring depletion for the environment [18–20];
these risks can be analyzed by considering, as a performance function, the water balance
over a control volume, and the corresponding elements (i.e., rainfall and permeability) can
be statistically described, leading to a stochastic modeling approach. Therefore, modeling
results can be compared to monitoring data, typically with references to time series of
water table drawdown or spring flow rate; for instance, the differences in between the
simulated and observed values of water table (residuals) can be analyzed; if differences
are detected, specifically an increasing deviation in residuals (purple line in Figure 2), it
means that the conceptual model, based on which the numerical one has been implemented,
was too simplified. When dealing with hydrogeological problems, a quite typical error
consists in considering the presence of a single aquifer, instead of two different aquifers
locally interconnected. In such a case, the performance function describing the conceptual
model has to be improved for taking into account the two aquifers and their interaction;
nevertheless, some parametrical errors could still be present (blue line in Figure 2 ex-
hibits a constant not zero value), and a further calibration of the modeling parameters is
still required.

3.2. Landslide Hydrogeological Risk

The Vajont landslide is a typical example in which several attempts were made to
frame and interpret the geological and hydrogeological setting, improving the conceptual
model from time to time.

In particular, as far as the hydrogeological conceptual model aimed at describing
the “landslide-aquifer-reservoir” is concerned, time series arising from some piezometers
of different depths were analyzed and compared to time series of reservoir level and
displacements. Based on this comparison, an inconsistency in water table data was detected;
in particular, by carrying out an analysis of the linear correlation between the data recorded
by piezometers and the reservoir level, one of the piezometers showed data uncorrelated
with respect to the others (Figure 3). The first conceptual model, which accounted for a
single-layer aquifer, was unable to explain this anomaly; this meant that it contained an
error. In fact, it was too simplified for reproducing the real system complexity. Indeed,
subsequent studies [21] reconstructed the correct conceptual model, by identifying the
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existence of a low permeability layer which separates two aquifers: one in the landslide
mass and the other one in the underlying bedrock. This updated conceptual model could
explain the trend of both shallow and deep piezometers. In fact, the two aquifers had
different flow conditions; the shallow one was strongly influenced by the reservoir level
(as shown in pz1 and pz3) whereas, in the confined aquifer (pz2), the water table was
independent of the reservoir level and strictly correlated to the total rainfall of the previous
period [21]. This updated conceptual model allowed the authors to identify a stability
threshold for the landslide, as a function of the reservoir level and rainfall in the previous
30 days, related to the measured landslide displacements.
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Figure 3. Statistical correlation between water table in piezometers of different depths (pz1 and pz3
are in the shallow aquifer, whereas pz2 is in the confined one) and the reservoir level.

3.3. Groundwater Pollution Risk

The characterization of groundwater pollution involves the statistical analysis of
monitoring data both in time and in space (i.e., multivariate analyses, association and
correlation indexes on time series, variogram analyses on special distribute data), and
it should lead to the identification of the pollution source and processes, as well as to a
description of the groundwater quality and vulnerability.

In more detail, the statistical analysis of monitoring data should concern not only
the time evolution of pollution, but also the possible relationships between the different
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contaminants (Figure 4), as well as the relationships between water table and pollution
trends. Indeed, an analysis of correlation can be carried out among the time series of
all those variables that are representative of cause–effect phenomena; for example, by
comparing the time series of water table with the time series of the concentration of
some peculiar pollutants, it is possible to verify whether the latter arises from a release of
contaminants stored into an aquitard or in non-saturated soils.

Figure 4. Correlation indexes between the concentrations of some compounds in different polluted
sites: in site 1, primary contaminants (Pi) and their degradation products (Di) are predominant and
well correlated; in site 2, the correlation between Pi and Di decreases, which involves a different
pollution source (afterwards identified with a dump).

Once the processes involved in the pollution event have been identified, a further
analysis can be carried out by using variograms in order to identify not only the most
polluted areas and their evolution though time, but the type of contamination, too (hot-spot,
plume or diffuse; Figure 5).
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Figure 5. Variograms corresponding to different types of groundwater pollution: (a) hot spots bring
about a nugget effect, such as for the CVM in an industrial site, (b) plume involves a spherical variogram
in the groundwater flow direction, such as for chlorides in the same industrial site and (c) diffuse
contamination usually shows a linear trend, such as for nitrates in a large-scale alluvial aquifer.
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4. Conclusions

Groundwater flow and transport are controlled by physical properties that are charac-
terized by a high degree of heterogeneity and by scales of variation that span several orders
of magnitude. This complexity can lead to unexpected risk in many applicative fields, from
water resources management to civil engineering design and land planning, and therefore
requires a strategy for risk mitigation. With this aim, a statistical analysis of the available
data and time series can be used in order to detect possible errors in the hydrogeological
conceptual model, thus improving its reliability.

The examples proposed in the present paper show the usefulness of this approach in
the applicative field of hydrogeology, as it allows, firstly, the upgrading of the conceptual
model of the system and then the subsequent numerical modeling results, especially when
the hydrogeological setting is very complex. In fact, this approach quantifies the relevance
of the different elements involved in the hydrogeological system and the related processes,
therefore identifying errors which can be corrected in order to update the conceptual model.
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