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Abstract
In Hydrogeology, the analysis of groundwater features is based on multiple data related to correlated variables recorded over 
a spatio-temporal domain. Thus, multivariate geostatistical tools are fundamental for assessment of the data variability in 
space and time, as well as for parametric and nonparametric modeling. In this work, three key hydrological indicators of the 
quality of groundwater—sodium adsorption ratio, chloride and electrical conductivity—as well as the phreatic level, in the 
unconfined aquifer of the central area of Veneto Region (Italy) are investigated and modeled for prediction purposes. By using 
a new geostatistical approach, probability maps of groundwater resource deterioration are computed, and some areas where 
the aquifer needs strong attention are identified in the north-east part of the study region. The proposed analytical methodol-
ogy and the findings can support policy makers in planning actions aimed at sustainable water management, which should 
enable better monitoring of groundwater used for drinking and also ensure high quality of water for irrigation purposes.

Keywords Geostatistics · Parameter estimation · Spatio-temporal coregionalization model · Spatio-temporal cokriging · 
Indicator kriging

Introduction

Groundwater is a very important worldwide resource that 
is used for domestic, industrial and agricultural purposes. 
Nowadays, several aquifers show evidence of overexploita-
tion or pollution, often associated with changes in the cli-
mate and the water balance. Such changes, together with 
the impacts of other anthropic activities, can affect the soil 
physicochemical properties and induce negative implications 
for human health and development, e.g., decreasing crop 
yield. As a consequence, it is crucial to monitor and assess 
the groundwater’s qualitative and quantitative status.

Within this context, the present work aims to investi-
gate the spatio-temporal correlation among three variables, 

i.e. sodium adsorption ratio (SAR), chloride and electrical 
conductivity (EC), which can be considered as benchmark 
indicators of groundwater quality for irrigation, affecting 
the water salinity and many natural processes related to 
the growth and development of plants and to the wildlife 
in general.

Multivariate geostatistics provides useful tools for man-
aging and processing multivariate spatial and spatio-tem-
poral data, which are characterized by complex patterns in 
space and in space-time, such as those including climatic 
and hydrogeological data. For this reason, the direct and 
cross linear correlation among variables with a spatial and 
temporal evolution are examined and modelled.

The first studies of multivariate space-time data can be 
traced back to the early 1990s (Rouhani and Wackernagel 
1990; Goovearts and Sonneth 1993; Myers 1995; Xie et al. 
1995). Nevertheless, spatio-temporal covariance models 
among variables were later proposed by De Iaco et al. (2001, 
2003); Choi et al. (2009); Berrocal et al. (2010); De Iaco 
et al. (2019); Krupskii and Genton (2017). In addition, Fassó 
and Finazzi (2011) applied a spatial linear coregionalization 
model (LCM) by including a dynamic component in time. 
Indeed, among the various methods available in the literature 
for fitting the spatio-temporal multivariate dependence, the 
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space-time linear coregionalization model (ST-LCM) still 
finds several applications for its accuracy, efficiency and 
above all for its flexibility (Li et al. 2008; Babak and Deutsch 
2009; Gneiting et al. 2010; Emery 2010; Bevilacqua et al. 
2015; Genton and Kleiber 2015; De Iaco et al. 2023).

In the past 15 years, many contributions concerning both 
spatial and temporal correlation among variables describing 
groundwater quality have been published all over the world. 
Most studies analyse time and space separately (Goovaerts 
et al. 2005; Sun et al. 2009; Hooshmand et al. 2011; Arslan 
2012; Karami et al. 2018; Khorrami 2019; Kiy and Arslan 
2021; Said et al. 2021; Slama and Sebei 2020; Yilmaz et al. 
2020). More specifically, in Delbari et al. (2016) the spa-
tial variability of some groundwater quality indicators—
EC, SAR, sodium, chloride, bicarbonate and pH—in Fasa 
County (southern Iran) was investigated by means of the 
indicator kriging method, in order to assess the adequacy 
of the available groundwater for sprinkler irrigation. Mahdi 
(2017) proposed a space-time model (i.e. a product-sum 
model) suitable to quantify the risk derived from the large 
SAR values in the groundwater across Gaza (Palestine); this 
model was applied for forecasting purposes, by using spatio-
temporal ordinary kriging. In Jeihouni et al. (2018) the water 
quality of the aquifers in a region near the Urmia Lake (Iran) 
were investigated by estimating some groundwater quality 
variables (EC, sodium and chloride) and the piezometric 
levels over 11 years through use of geographical informa-
tion systems (GIS), geostatistics and three-dimensional (3D) 
modeling methods.

Furthermore, Boufekane and Saighi (2019) applied the 
cokriging method in comparison with two univariate geo-
statistical techniques (such as kriging and inverse distance 
weighted) to explore the spatial correlation of the ground-
water quality indicators (including EC and SAR) measured 
in wadi Nil Plain (Jijel, north-east Algeria) and to identify 
the appropriate and suitable areas for agricultural purposes. 
Finally, more recently, the work by Bradai et al. (2022) 
combined some classical multivariate techniques (princi-
pal component analysis and hierarchical cluster analysis) 
and a geostatistical interpolation method (ordinary krig-
ing), together with a dedicated hydrogeochemical study, to 
estimate groundwater sources suitable for irrigation in the 
western Middle Cheliff (Algeria); this was performed by 
analyzing the groundwater quality indicators (EC, sodium 
and SAR) measured in the period from April to July 2017.

However, spatio-temporal multivariate analysis, among 
the main variables characterizing the groundwater qual-
ity, was applied only in a few works—for example, in Jang 
et al. (2012) a multivariate indicator kriging was applied to 
describe the spatial variability of 13 hydrochemical param-
eters (EC, chloride, SAR and the residual sodium carbonate 
among others) measured in the Pingtung Plain (in south-
ern Taiwan, China) between 1995 and 2008. Yazdanpanah 

(2016) used geostatistical analysis combined with a linear 
regression approach, in order to estimate the spatio-tem-
poral variations of groundwater quality variables (such as 
sodium, calcium, bicarbonate, EC, SAR) in the aquifer that 
supplies Kerman (Iran) in the period from 1999 to 2010. 
Mastrocicco et al. (2021) proposed a multivariate statisti-
cal approach based on factor analysis, in order to pick out 
all the hydrogeochemical processes existing in the coastal 
aquifer of the Campania Plain (southern Italy) for two dif-
ferent years (2006 and 2016) and to estimate the trend of 
salinization over time, by analyzing chloride, sodium, EC, 
SAR and other groundwater quality parameters.

It is worth pointing out that none of these studies pro-
vide a multivariate analysis of the joint spatial and temporal 
evolution of significant hydrogeological variables. Thus, 
differently from the previously mentioned works, the pre-
sent paper proposes a thorough spatio-temporal multivariate 
study of four relevant variables referring to water quality 
(chemical properties) and water quantity of an unconfined 
aquifer. In particular, three indicators of groundwater qual-
ity (SAR, chloride and EC) and one variable related to the 
quantity of available water (the phreatic level) are investi-
gated in the central area of Veneto Region (north-eastern 
part of Italy). The three aforementioned indicators are meas-
ured every 6 months, i.e. in spring (April–May) and autumn 
(October–November) for each year from 2003 to 2021, at 69 
hydrogeological stations, out of which 34 stations provide 
the unconfined groundwater levels, which were recorded 
every quarter from 1999 to 2021. The inclusion of ground-
water level in the set of studied variables is justified by the 
dual goal of analyzing the main water parameters from the 
point of view of both qualitative and quantitative conditions 
of the aquifer.

For this reason, the novelty of this work is represented by 
(1) the innovative implementation of a multivariate space-
time model for the hydrological variables which characterise 
the groundwater quality, (2) the development of a univariate 
space-time model for the phreatic level which determines 
the groundwater quantity, and (3) the construction of prob-
ability risk maps of aquifer depletion. In other terms, the 
proposed spatio-temporal geostatistical approach involv-
ing the analysis of some parameters related to the quality 
and the quantity of groundwater combines, in a unified and 
integrated way, multivariate and univariate spatio-temporal 
modeling together with parametric prediction (referring to 
the expected value of the variables of interest) and nonpara-
metric estimation (referring to the probability of the occur-
rence of some critical hydrogeological conditions). In addi-
tion, differently from the existing multivariate procedure in 
De Iaco et al. (2019), the approach proposed in this study 
exploits the simultaneous diagonalization of the covariance 
matrices estimated on the standardized variables in order to 
easy detect the basic components of the ST-LCM. Thus, an 
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ST-LCM with suitable models regarding the latent compo-
nents of these groundwater qualitative parameters, is pro-
posed for space-time prediction purposes. Then indicator 
kriging is applied for producing a joint probability deterio-
ration map of the aquifer system in 2022, in terms of both 
qualitative and quantitative profiles, with respect to 12 years 
before.

In this paper, after a short theoretical discussion on some 
concepts of multivariate spatio-temporal geostatistics and 
the revised ST-LCM selection procedure (section ‘The ST-
LCM and its fitting procedure’), the analysis focusing on the 
three water quality parameters combined with the ground-
water level measurements from Veneto Region, is detailed 
(section ‘Hydrogeological framework’). The appropriate 
covariance models, in compliance with the main features 
of the sample covariances, are detected; then an assessment 
of the performance of the selected models, also compared 
with alternative models, is described (section ‘Estimation 
and modeling of hydrogeological features’). The spatio-
temporal predictions of SAR values are computed (section 
‘Prediction maps of SAR values and phreatic levels’) and 
the risk maps of groundwater deterioration based on a non-
parametric approach are given in section ‘Probability map of 
groundwater deterioration’. Finally, the most original aspects 
of the paper are discussed in section ‘Discussion’.

In conclusion, the results of the proposed analysis will 
contribute on one hand to enrich the literature of the Hydro-
sciences and explore a new area that, to the best of the 
authors’ knowledge, deserves further investigation. On the 
other hand, the results will support policymakers in achiev-
ing sustainable water management and careful utilization 
of water in agriculture to protect catchment areas from 
overexploitation.

The ST‑LCM and its fitting procedure

The observations for a given vector of variables taken for 
different sample locations and time points can be consid-
ered as a realization of a multivariate space-time random 
function (MSTRF) {X(s, t), (s, t) ∈ D ×T⊆ ℝ

d ×ℝ} where 
X(s, t) = [X1(s, t),… ,Xm(s, t)]

T, m ≥ 2, and (s, t) is the point 
in the spatio-temporal domain D × T ⊆ ℝ

d ×ℝ, with d ≤ 3.
The first and second order moments of the aforemen-

tioned MSTRF, under the second-order stationarity, are 
defined as follows:

where �i = E (Xi), i = 1,… ,m, and

(1)� = [�1,… ,�m]
T

(2)C(u, v) = [Cij(u, v)]

with

• (u, v) ∈ ℝ
d ×ℝ , with u = (s − s�) and v = (t − t�) , for any 

(s, t) and (s�, t�) in D ×T;
• Cij(u, v) = E [(Xi(s + u, t + v) ⋅ Xj(s, t))] − �i �j , that is, for 

any Xi and Xj, i, j = 1,… ,m, with i ≠ j , it is the cross-
covariance function, or for i = j , it is the direct covari-
ance function of the Xi.

In geostatistical analysis, modeling the matrix-valued covar-
iance function in Eq. (2) is essential when prediction pur-
poses are of interest for the study. Towards this aim, many 
space-time multivariate applications use cokriging based on 
the ST-LCM, since this model is computationally flexible, 
as highlighted in Cappello et al. (2021).

The ST-LCM is constructed by the linear combination of 
basic scalar covariance functions; in particular, the covari-
ance matrix C is modeled as follows:

where cl(u, v) are the aforementioned basic scalar covari-
ances associated with the uncorrelated components underly-
ing the phenomenon under study and Bl = [bl

ij
], l = 1,… , L, 

are the (m × m) posi t ive def ini te  matr ices of 
coregionalization.

The model in Eq. (3) can be fitted on the basis of the steps 
given in the following: 

1. Selection of basic uncorrelated components and compu-
tation of the empirical basic covariance function based 
on the covariance matrices estimated on the standard-
ized observations;

2. Modeling the empirical basic covariances through 
appropriate classes of models (according to the empiri-
cal characteristics of each basic component);

3. Computation of admissible coregionalization matrices.

The first step starts with estimation of the matrix-valued 
covariance function, that is the m direct covariances and 
m(m − 1)∕2 symmetric cross-covariances for K-selected 
space-time lags. Thus, a symmetric (m × m) matrix 
Ĉ(u, v)k = [Ĉij(u, v)k] , with u = (s − s�) and v = (t − t�) , is 
obtained for each lag k, with k = 1,… ,K . Similarly, the 
matrices Ĉ

�
(u, v)k = [Ĉ�

ij
(u, v)k] , with k = 1,… ,K , are com-

puted by using the standardized values of the variables under 
study.

Successively, the simultaneous diagonalization (Cardoso 
and Souloumiac 1996) is applied to the sample covariance 
matrices Ĉ

′
 of the standardized variables, with the aim of 

detecting the latent components:

(3)C(u, v) =

L∑
l=1

Bl cl(u, v)
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where � is a (m × m) orthogonal matrix and �k are the 
diagonal (m × m) matrices. For this purpose, package Jade 
developed for R environment (Miettinen et al. 2017), can be 
very useful. From the K diagonal matrices, the sample basic 
uncorrelated components ĉl which correspond to the esti-
mates of cl , l = 1,… ,m , can be obtained by extracting all 
the diagonal entries across the K matrices (Xie et al. 1995; 
Myers 1995).

A joint visual inspection of all ĉl, l = 1,… ,m, is useful to 
detect the L ≤ m distinct basic components characterized by 
different scales of variability; in other words, by the 3D plots 
of all the covariance surfaces and the respective marginals 
in space and in time it is easy to find the different lags where 
the surfaces of the basic covariances decay, i.e. the scales of 
spatio-temporal variability.

Note that the number of basic structures obtained from 
this step is denoted with L ( L ≤ m ), since only L spatio-
temporal scales of variability (the lags where the surface 
decays) are used in the following step.

After diagonalization, the performance is evalu-
ated by computing some relative indices, constructed 
to compare the diagonal and the off-diagonal entries 
of the diagonalized matrices. In particular, given the 
�ij,k, i, j = 1,… ,m, k = 1,… ,K, elements of the nearly diag-
onalized matrices �k at the K spatio-temporal lags fixed by 
the analyst, the following index

can be computed. The closer to zero, the better the perfor-
mance of the diagonalization.

Once the basic components cl, l = 1,… , L , are estimated, 
it is necessary to proceed with their modeling (second step). 
The choice of a reasonable class of models to be fitted to 
each empirical component ĉl can be supported by analyzing 
the type of nonseparability (De Iaco et al. 2016).

For this aim, given the basic covariances cl(u, v) , their 
spatial and temporal marginals, cl(u, 0) and cl(0, v) respec-
tively, as well as the values at the origin cl(0, 0) , the nonsepa-
rability ratios, as in De Iaco and Posa (2013):

have to be inferred by considering the sample basic covari-
ances ĉl . The values of these ratios imply:

(4)� Ĉ
�
(u, v)

k
�

T = �(u, v)
k
, k = 1,… ,K,

(5)�k =

m∑
i=1

m∑
j=1;j≠i

�2
ij,k

m∑
i=1

�2
ii,k

, k = 1,… ,K,

(6)rl(u, v) = cl(0, 0)
cl(u, v)

cl(u, 0)cl(0, v)
, l = 1,… , L,

• A uniform positive nonseparability, if they are much 
greater than 1 for all lags;

• A uniform negative nonseparability, if they are much 
smaller than 1 for all lags.

In all other cases, a nonuniform nonseparability can be 
assumed.

As underscored in De Iaco et al. (2013), the kind of non-
separability depends on the interaction in space-time and 
thus on the divergence between a nonseparable covariance 
function and the product of the associated marginals (which 
represents the separable case with no interaction). In particu-
lar, the estimated ratios in Eq. (6) are represented through 
the construction of box plots, for the spatial and the temporal 
lags.

At the end, the coregionalization matrices Bl, l = 1,… , L, 
of the model in Eq. (3) can be estimated (third step). Starting 
from the sample covariances Ĉij(u, v) , i, j = 1,… ,m, the ele-
ments bl

ij
 of Bl, l = 1,… , L, can be computed by the follow-

ing ratio

where Ĉij(u, v)0 = Ĉij(0, 0), with i, j = 1,… ,m, i ≤ j.

However, since the basic covariances are defined as unit-
sill components, with [cl(0, 0)] = 1 , the values bl

ij
 corre-

sponds just to the contributions of Ĉij at the lth scale of vari-
ability, i.e.

The positive definiteness condition of Bl, l = 1,… , L, is 
verified by checking that their eigenvalues are non-negative. 
Then, by performing the following spectral decomposition

and computing the corresponding eigenvector matrix Vl and 
eigenvalues’ diagonal matrix �l , it is enough to check if 
there are some negative eigenvalues and set them to zero. 
In this case, the transformed coregionalization matrix B′

l
 is 

derived through the following expression

where the diagonal matrix of the eigenvalues �′
l
 is modified 

with respect to the original �l since zeros are in place of the 
negative eigenvalues.

In section ‘Estimation and modeling of hydrogeologi-
cal features’, the choice of an adequate ST-LCM, which 
could explain the direct and cross-correlation among the 

(7)bl
ij
=

[Ĉij(u, v)l−1] − [Ĉij(u, v)l]

[cl(0, 0)]
, l = 1,… , L,

(8)bl
ij
= [Ĉij(u, v)l−1] − [Ĉij(u, v)l], l = 1,… , L.

(9)Bl = Vl�lV
T

l
, l = 1,… , L,

(10)B
�
l
= Vl�

�
l
V

T

l
, l = 1,… , L,
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investigated water quality features, will be based on the 
aforementioned innovative procedure. This procedure helps 
to identify an ST-LCM, which is not strictly connected with 
the application of the product-sum model for the basic com-
ponents, as originally developed by De Iaco et al. (2003). 
It is also crucial to highlight that the introduction of ex 
ante hypotheses on the classes of covariance models is not 
needed to describe the basic components.

Remarks:
• Performing the standardization is advisable in the pres-

ence of different magnitudes of the values taken for the 
variables under study. Moreover, the extracted basic 
covariances cl(u, v) are such that they are unit-sill com-
ponents; in this way, the coregionalization matrices Bl 
can better explain the contributions, in terms of variance, 
of the latent components.

• Once the aforementioned (1, 2 and 3) steps are com-
pleted, the defined ST-LCM is subsequently applied for 
prediction purposes by using cokriging.

Hydrogeological framework

In this section, the geographical area under study, the 
hydrogeological variables and the corresponding data are 
presented.

The investigated area

The Veneto Region is one of the four regions located in 
the north-east of Italy; in particular, it borders on the Ital-
ian regions of Friuli Venezia Giulia (to the north-east), 

Trentino-Alto Adige (to the north-west), Lombardy (to the 
west), Emilia-Romagna (to the south) and on the Austrian 
border (to the north) as shown in Fig. 1a,b. It is also the 
eighth largest region in Italy, with an extension of approx-
imately 18,400 km2 , out of which 55% is covered by the 
Venetian Plain, including the subarea of interest (Fig. 1c).

This densely inhabited plain, characterized by intensive 
agricultural production, does not exceed an elevation of 
100 m above sea level (m asl). Moreover, as recalled in Dal 
Ferro et al. (2016), the Venetian Plain was originated by 
the sedimentary action of the Po and Adige rivers (in the 
south-west), Brenta river (in the center-north) and Piave and 
Tagliamento rivers (in the north-east).

For what concerns the hydrogeological features, the Vene-
tian Plain lies over two different alluvial aquifers: an uncon-
fined aquifer which extends for 15–20 km in the upper area 
of the plain from the foot of the Prealps, and another aquifer 
system which is confined and multi-layered extending in the 
middle-lower area of the Venetian Plain (Dalla Libera et al. 
2017). These two aquifer systems, with their huge amount 
of water, represent a very important hydrogeological basin 
and the main source of drinking and irrigation water  to the 
Veneto Region. Moreover, in the transition subarea, namely 
in the area between the high and the low plains, the shal-
low water table meets the land surface and emerges in the 
most depressed zones, known as fontanili (i.e. resurgences 
and spring wells). Most of the investigated Venetian Plain 
is composed of gravelly and sandy alluvial layers (Fig. 2).

Moving northwards, the hilly areas between 15 and 300 
m asl are made up of calcareous, skeletal clayey and clayey 
soils. The mountain areas generally include sandy/clayey lay-
ers, with slightly differentiated profiles together with deeper 
Cambisols (valleys), as illustrated in Dal Ferro et al. (2016).
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Fig. 1  Maps of a northern and central Italy and its adjacent countries; b Veneto Region with altitude and its adjacent regions; c the study area 
and sample points, yellow circles for the stations of groundwater quality parameters and red circles for the phreatic level stations
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Focusing on the geolithological setting of the area 
under study, it emerges that the Province of Vicenza is 
characterized by two hydrogeological basins: the main one 
between the Retrone and Tesina rivers and a smaller one 
between the Tesina and Brenta rivers. The Vicenza Upper 
Plain is dominated by a high-permeability and undiffer-
entiated sandy-gravelly alluvial bed (with a depth varying 
from 200 m in the northern area of Vicenza up to approxi-
mately 400 m in the eastern area, towards the Province of 
Padua). It includes one unconfined aquifer which extends 
from the upper plain to the springs line.

In the Province of Treviso there are a total of four hydro-
geological basins: one between the Muson dei Sassi Creek 
and the Sile River, one between the Sile and Piave rivers, 
another between the Piave and Monticano rivers and the last 
one between the Monticano and Livenza rivers. The high 
and middle plains of Treviso represent an alluvial unit, pre-
dominantly composed of gravelly and sandy layers, with a 
remarkable continuity in depth until the bedrock. The low 
plain is characterized by a major alluvial aquifer with coarse-
grained, fluvio-glacial deposits (Vorlicek et al. 2004).

Finally, the Province of Padua contains three water catch-
ment areas: one between the Brenta River and Muson dei 
Sassi Creek, one between the Tesina and Brenta rivers, and 
the last one between the Muson dei Sassi Creek and Sile 
River. The superficial layers of the subsoil are composed by 
a greater concentration of fine sediments (silts and clays), 
while the sands on the surface are concentrated in small 
areas (Mozzi et al. 2010).

In general, for the purpose of the present study, the par-
ent material of the soil plays an important role: layers in 
soils made of sandy or gravelly parent materials are relevant 
for the capillary dispersion of the water in the soil. Moreo-
ver, many other natural variables such as soil permeability, 

rainfall, temperature, and relative humidity affect the quality 
and quantity of the groundwater available for human and 
agricultural needs. Indeed, due to the high soil permeabil-
ity, which is typical of the Venetian Plain, the aquifers are 
very vulnerable to pollution and in the last few decades, the 
enormous water withdrawals have caused a decrease in the 
quantity of available water.

Many European directives issued over the years have 
focused on environmental impact reduction and water qual-
ity protection (Directive 2000/60 and Directive 2006/118). In 
particular, these European directives were transposed in Italy 
by Legislative decree 152/2006, which promotes the efficiency 
and reuse of water. In accordance with such legislation, water 
resources have to be sustainably managed both to defend the 
environment and the ecosystem and to take care of the social 
and economic growth of a territory.

In the present case study, analysis of the qualitative and 
quantitative status of the unconfined aquifer of the subarea 
across the Provinces of Vicenza, Treviso and Padua, in the 
center-north of Veneto Region (Fig. 1c), focuses on three 
key hydrological indicators of groundwater quality for irri-
gation, in combination with the phreatic level, in order to 
support the water management of the Veneto Region towards 
a sustainable use of groundwater resources.

Space‑time multivariate hydrological data

The data set under study consists of half-year values of sodium 
(Na+ ), calcium (Ca++ ), magnesium (Mg++ ) and chloride, 
expressed in mg/l, as well as EC at 20 ◦ C ( μS/cm), measured 
at 69 hydrogeological stations located over the Venetian foot-
hills from Vicenza to Treviso and Padua (Italy), as illustrated 
in Fig. 1c. These observations were collected by the Regional 
Agency for the Environmental Protection (Regional Agency 

Fig. 2  Maps of: a the karst areas; b the lithological composition
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for the Prevention and Environmental Protection of Veneto, 
ARPAV 2022) and refer to the period from the 1st semes-
ter 2003 to the 2nd semester 2021, where the term semester 
stands for half-year (the first 6 months for the first semester 
and the second 6 months for the second semester). Sampling 
takes place every 6 months, i.e. in spring (April–May) and 
autumn (October–November), in correspondence with the 
periods of maximum outflow of groundwater for the hydro-
geological basins characterized by the pre-Alpine regime.

By using the measured values of Na+ , Ca++ and Mg++ , 
the SAR has been computed, as proposed by Richards 
(1954), i.e.

Note that SAR, chloride and EC at 20 ◦ C can be considered as 
the most meaningful groundwater quality indicators. Indeed, 
SAR is a parameter commonly used to evaluate water suit-
ability for irrigation: the higher the SAR value, the worse the 
soil texture and the irrigation performance due to a decrease 
in the hydraulic conductivity (Bilali and Taleb 2020). Chlo-
ride concentration in groundwater is a typical indicator of 
slow water circulation and long paths, as well as of the pres-
ence of large dissolution surfaces. Sometimes, high chloride 
values are also a symptom of groundwater pollution, caused 
by civil or industrial sewage. EC is linked to the overall con-
centration of ions present in the water; therefore, it represents 
an indirect measure of the water’s salt content.

Groundwater level elevation (or depth), also called phreatic 
level, was recorded by the Agency for the Environmental Pro-
tection of the Veneto Region and has been considered as an 
index of the water quantity. These measurements, expressed in 
m, are available only at 34 sample points out of the 69 stations 
previously mentioned (Fig. 1c), and they were collected quar-
terly for the period 1999–2021 by the Agency for the Environ-
mental Protection of the Veneto Region. Note that the depths 
of the wells considered in this study range from 20 to 150 m.

Estimation and modeling of hydrogeological 
features

A space-time multivariate study of SAR, chloride and EC 
is presented, in combination with the groundwater level, 
measured in the unconfined aquifer of the central area of 
the Veneto Region. Such comprehensive analysis will be 
executed by means of the following procedural steps: 

1. The structural analysis of SAR, chloride and EC will be 
performed by estimating the direct and cross-covariance 

(11)
SAR =

Na+(
Ca++ + Mg++

2

)0.5

functions and then by modeling the sample covariance 
functions through the ST-LCM, fitted according to a 
revised procedure specified in section ‘The ST-LCM and 
its fitting procedure’;

2. The quarterly seasonal trend will be removed from the 
phreatic levels and the corresponding residuals (desea-
sonalized data) will be studied, after which their spatio-
temporal covariance function will be estimated and mod-
elled;

3. The performance of the selected models versus alternative 
models will be tested by means of the computation of two 
error metrics (the root average error and the relative mean 
absolute error), then the leave-one-out cross-validation 
of the chosen models will be carried out to check the 
adequacy of the fitted multivariate and univariate models;

4. The prediction maps concerning SAR values will be 
obtained through cokriging, based on the fitted ST-
LCM, at the 1st and the 2nd semester of 2022 over 
the area under study; similarly, for the four quarters of 
2022, the quarterly residuals of the phreatic levels will 
be predicted through the spatio-temporal kriging based 
on the chosen covariance model, and then the seasonal 
components added to the residuals in order to obtain 
predictions of the phreatic levels for 2022;

5. The probability maps of groundwater deterioration, 
assessed in terms of both increased SAR values and 
reduction of groundwater levels in 2022 with respect 
to 2010’s measurements, will be computed by applying 
spatial indicator kriging, identifying vulnerability areas 
with a contaminated aquifer system. Note that, for this 
aim, both the predicted data of SAR and phreatic level 
are first averaged for 2022 and then compared with the 
corresponding mean values recorded in 2010, in order 
to catch possible sites of groundwater depletion.

Spatio‑temporal correlation of the groundwater 
quality parameters

The direct and cross-correlations among the three variables 
SAR, chloride and EC have been modelled through the ST-
LCM which has been fitted by performing the steps previously 
presented (section ‘The ST-LCM and its fitting procedure’).

Covariance matrices estimation and simultaneous 
diagonalization

As first stage of the fitting procedure, the structural analy-
sis of the aforementioned variables and the standardized 
ones has been developed. In particular, three space-time 
direct covariance, as well as three symmetric cross-covar-
iance functions have been computed for a fixed number 
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of spatio-temporal lags chosen by taking into account 
the geometry of the sample points over the domain under 
study. In this case, for eight spatial lags and eleven tem-
poral lags, in other words for 88 spatio-temporal lags, 
(K = 88) the direct and cross-covariance functions have 
been estimated. Figure 3 shows the covariance surfaces of 
SAR, chloride and EC and their respective cross-covari-
ance surfaces Ĉij , i, j = 1,… ,m , with m = 3.

Then, all 88 sample (3 × 3) covariance matrices com-
puted on the standardized values have been simultaneously 
diagonalized by the R package Jade (Miettinen et al. 
2017; Cardoso and Souloumiac 1996), in order to identify 
the basic uncorrelated components characterizing the phe-
nomenon under study. The diagonalization performance 
has been assessed by the indices expressed in (5). Very low 
index values have been registered for several spatio-tem-
poral lags: more than 87.5% of the computed indices have 
been less than the mean value, which is equal to 0.012; 
hence, confirming the diagonalization’s goodness.

Basic components detection and modeling

Then, by using the following orthogonal matrix found 
through the simultaneous diagonalization

and the diagonalized matrices �(u, v)k , as in Eq. (4), three 
uncorrelated latent components have been obtained. In Fig. 4 

(12)� =

⎡
⎢⎢⎣

0.4375874 0.8223424 0.3636897

−0.7892052 0.1574239 0.5936101

0.4308973 − 0.5467821 0.7178836

⎤⎥⎥⎦

the unit-sill sample covariance surfaces of the uncorrelated 
components cl , as well as the respective spatial and tem-
poral marginals are illustrated. Note that in modeling the 
covariance function, one of the aspects to be analyzed is 
the behavior near the origin (parabolic or linear), since the 
smoothness at the origin of the covariance model depends 
on this feature. In this case, it is evident the linear behavior 
at the origin of the spatial and temporal marginals, and the 
spatial and temporal distances at which each sample covari-
ance decays (De Iaco et al. 2013).

In addition, it has been considered reasonable to keep 
all the detected basic components since they have shown 
distinct behaviors in space and time, in terms of the distance 
at which they became stable. By looking at the marginals of 
Fig. 4, the following scales of spatio-temporal variability 
have been fixed: 

1. 2 km in space, 16.5 semester in time;
2. 3.5 km in space, 18.5 semester in time;
3. 12.5 km in space, 2.5 semester in time.

Thus, given that the ST-LCM is characterized by three basic 
components ( L = 3 ), they have to be modelled and the cor-
responding coregionalization matrices have to be identified.

By computing the nonseparability ratios, as indicated in 
Eq. (6), a nonuniform nonseparability has been found for 
each basic component (De Iaco et al. 2013). In this case, one 
of the most apt classes of models to be fitted is the integrated 
product-sum. In particular, as in Eq. (28) of De Iaco and 
Posa (2013), the following integrated product-sum covari-
ance function has been adopted for each basic component:

(13)c
l
(�, v) = k1l

1

||u||
b
l

+
|v|
a
l

+ 1

+ k2l

1

||u||
b
l

+ 1

+ k3l

1

|v|
a
l

+ 1

, l = 1, 2, 3,

where k1l > 0, k2l > 0, k3l > 0, while b
l
> 0 and a

l
> 0 are 

scaling parameters in space and time, respectively.  
By using the nonlinear regression method implemented in the 

SPSS package, the Statistical Package for Social Science (IBM 
2015, SPSS Statistics for Windows, Version 23.0.), the models’ 
parameters have been estimated and their values are reported in 
Table 1.

Note that the parameters bl and al (with l = 1, 2, 3 ) in 
Table 1 are consistent with the scales of spatio-temporal vari-
ability previously mentioned.

At this stage of the ST-LCM, the coregionalization matri-
ces B1 , B2 and B3 have to be computed; in particular, the com-
putation of the entr ies bl

ij
, in Eq.  (8),  with 

i, j = 1, 2, 3, l = 1, 2, 3 , of the (3 × 3) coregionalization matri-
ces, is provided in the Appendix. Finally, given the matrices 
B1 , B2 , B3 and c1, c2 and c3 , the resulting ST-LCM in Eq. (3) 
is given in Eq. (14):
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where c1, c2 and c3 are the basic covariance models defined 
in Eq. (13) whose parameters are reported in Table 1.

(14)

C(u, v) =

⎡
⎢⎢⎢⎢⎢⎣

0.0871 0.6570 10.7733

0.6570 10.6902 174.1067

10.7733 174.1067 8371.4088

⎤
⎥⎥⎥⎥⎥⎦

c1(u, v) +

⎡
⎢⎢⎢⎢⎢⎣

0.0026 0.0567 1.8522

0.0567 1.5649 38.8109

1.8522 38.8109 1713.5202

⎤
⎥⎥⎥⎥⎥⎦

c2(�, v) +

+

⎡⎢⎢⎢⎢⎢⎣

0.0046 0.0643 3

0.0643 2.3 170

3 170 9200

⎤⎥⎥⎥⎥⎥⎦

c3(u, v),

Fig. 3  Empirical covariance surfaces of: a SAR ( ̂C11 ); d chloride ( ̂C22 ); f EC ( ̂C33 ). Empirical cross-covariance surfaces of: b SAR vs chloride 
( ̂C12 ); c SAR vs EC ( ̂C13 ); e chloride vs EC ( ̂C23)

It is worth pointing out that the obtained coregionalization 
matrices are positive definite (the eigenvalues associated with 
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Fig. 4  Empirical spatio-temporal covariance surfaces of the basic components (on the left) with the corresponding spatial (in the center) and 
temporal (on the right) marginals, computed on the standardized values

Table 1  Covariance models’ 
parameters estimated for basic 
components in Eq. (13)

Model parameters at l = 1 Model parameters at l = 2 Model parameters at l = 3

k11
= 0.6276 k12

= 0.8578 k13
= 0.0405

k21
= 0.3686 k22

= 0.1278 k23
= 0.9450

k31
= 0.0038 k32

= 0.0144 k33
= 0.0145

b1 = 0.342 km b2 = 0.421 km b3 = 2.368 km
a1 = 3.158 half-year a2 = 3.388 half-year a3 = 0.368 half-year
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Note that this matrix essentially leaves unchanged the covar-
iance matrices Ĉ(u, v)k = [Ĉij(u, v)k] ( k = 1,… ,K ) at the K 
fixed lags, since it is very close to the identity matrix. This 
result is avoided when the standardized values are consid-
ered, as specified in section ‘Basic components detection 
and modeling’.

Spatio‑temporal correlation of the groundwater 
level

As previously discussed, a thorough description of the 
groundwater conditions needs to take into account water 

(15)� =

⎡
⎢⎢⎣

0.9989262 0.0463189 0.0010369

−0.0463304 0.9987136 0.0206077

−0.0000811 − 0.0206336 0.9997871

⎤
⎥⎥⎦
.

ba) ) Temporal lags (quarter)Temporal lags (quarter)
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Legend
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Fig. 5  ACF computed for the time series measured at two monitored stations: a Montebelluna; b Villorba belonging to Treviso Province

Fig. 6  Empirical spatio-temporal covariance surface of the phreatic layer’s residuals (on the left) with the corresponding spatial (in the center) 
and temporal (on the right) marginals

B1 , B2 and B3 are all non-negative), as required for the admis-
sibility of the fitted ST-LCM. Model Eq. (14) will be used in 
cokriging to obtain spatio-temporal predictions of the SAR 
values, as detailed in section ‘Prediction maps of SAR values 
and phreatic levels’.

Discussion on the use of transformed data

For comparative purposes, it is worth pointing out the 
effect of the simultaneous diagonalization of the covari-
ance matrices computed on the original observations. 
In particular, it has been shown how the performance 
is affected by this choice. With this aim, it is crucial to 
analyze the following matrix � based on the nontrans-
formed data:
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chemical parameters and water quantity. With this aim, the 
preceding spatio-temporal analysis of the selected informative 
variables on water quality has been combined with a spa-
tio-temporal analysis of the unconfined groundwater level, 
namely the phreatic level (P), which evidently well represents 
the quantitative status of the underground water resource. In 
particular, the quarterly measurements of the phreatic level 
recorded at 34 stations of the monitoring network over the 
Venetian foothills (a subset of the 69 stations previously ana-
lyzed) for the period 1999–2021, have been examined. It is 
worth pointing out that the quarterly quantitative monitoring 
is considered sufficient to verify the behavior of the ground-
water in the various seasons. Moreover, at some locations of 
the study area, the quarterly time series of the phreatic layer 
have shown a quarterly seasonal component. In Fig. 5, the 
auto-correlation functions (ACF) estimated for the time series 
collected at two different monitored stations clearly show a 
periodic component with length equal to 4. For this reason, 
the quarterly averages have been computed for the time span, 
station by station, and removed from the observed values, 
then the residuals (deseasonalized data) have been considered 
in the next steps of the spatio-temporal correlation analysis.

The spatio-temporal covariance has been estimated for a 
selected set of lags, in particular, 10 spatial lags and 11 tem-
poral lags have been chosen on the basis of the geometry of 
the sample points over the domain under study. The empiri-
cal spatio-temporal covariance surface of the phreatic layer, 
ĉP , with the corresponding marginals in space and time are 
illustrated in Fig. 6. The marginals show a linear behaviour 
at the origin and decay at very large spatial scale (~10 km) 
and at the 8th quarter. The nonseparability ratios computed 
for the sample covariance of the residuals of the phreatic layer 
have been positive for all the spatio-temporal lags; hence, the 
following integrated product-sum covariance function

can be considered the most appropriate class of covariance 
model and has been adopted to describe the spatio-temporal 
correlation of the study variable. Note that the subscript P 
has been introduced to specify the model of the phreatic 
level variable.

Through the SPSS’s nonlinear regression method, the 
parameters of the model in Eq. (16) have been estimated 
and the following values have been found:

• k1P= 4.384 m 2 ,   k2P= 0.00013 m 2 ,   k3P = 0.14 m 2,
• bP= 4.105 km, aP=1.263 quarter.

Before using the models in Eqs. (14) and (16), to make 
predictions of the qualitative and quantitative features of 

(16)

cP(�, v) = k1P

1

||u||
bP

+
|v|
aP

+ 1

+ k2P

1

||u||
bP

+ 1

+ k3P

1

|v|
aP

+ 1

the groundwater at unsampled locations and for future 
time points, the adequacy of both the multivariate Eq. (14) 
and univariate Eq.  (16) models have been checked, as 
described in the next section.

Models’ performance assessment

The most used statistical error metrics developed to measure 
the goodness of fit are based on the errors computed between 
the fitted covariance model and the sample covariance sur-
face: evidently the higher their discrepancy, the worse the 
accuracy of the fitted models. Among the error metrics pro-
posed in the literature for the previously mentioned aim, the 
following have been considered in the case study:

• The root average error (RAE) proposed by Theil (1958) 
and computed as the square root of the ratio between the 
sum of the squared errors and the sum of the squared 
empirical values;

• The relative mean absolute error (RMAE) computed as 
the ratio between the sum of the absolute errors and the 
sum of the absolute empirical values.

Let ̂c(�, v)k and c(�, v)k be, respectively, the sample covariance 
value and the theoretical value of the covariance computed with 
the fitted model at the kth spatio-temporal lag ( k = 1,… ,K ). 
Hence, RAE and RMAE can be expressed as follows:

Note that in the case of assessing the performance of the ST-
LCM fitted to the sample covariance function, ĉ(�, v)k denotes 
the value ĉij(�, v)k of the direct (if i = j ) or the cross (if i ≠ j ) 
covariance at the kth user-selected spatio-temporal lag; while 
c(�, v)k denotes the value cij(�, v)k of the covariance computed 
with the fitted model at the kth lag. On the other hand, in the 
calculation of RAE and RMAE for the covariance model fitted 
to the residuals of the phreatic layer, ĉ(�, v)k corresponds to 
the value ĉ

P
(�, v)k of the sample covariance at the kth spatio-

temporal lag, and c(�, v)k to the value c
P
(�, v)k of the covari-

ance computed with the fitted model at the kth lag.

(17)RAE =

⎧⎪⎪⎨⎪⎪⎩

K�
k=1

�
ĉ(�, v)k − c(�, v)k

�2

K�
k=1

ĉ 2(�, v)k

⎫⎪⎪⎬⎪⎪⎭

0.5

,

(18)RMAE =

K∑
k=1

||| ĉ(�, v)k − c(�, v)k
|||

K∑
k=1

||| ĉ(�, v)k
|||

.
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At this point, the goodness of the fitted model Eq. (14) 
has been evaluated by performing a comparative analysis 
with respect to another ST-LCM, whose basic components 
are modelled without taking into account the type of nonsep-
arability of the uncorrelated components. In particular, the 
basic components of the contender ST-LCM are modelled 
through the following product-sum covariance functions:

with Csl
 the spatial exponential covariance model in ℝd , Ctl

 
the temporal exponential covariance model in ℝ , with practi-
cal ranges bl and al , respectively and parameters k1l , k2l and 
k3l , l = 1, 2, 3, as indicated in Table 2. This kind of covari-
ance model is widely used not only in environmental sci-
ences but also in other scientific fields, such as demogra-
phy (De Iaco et al. 2015). These estimates ensure the strict 
positive definiteness of the basic models (De Iaco and Posa 
2018). It is worth pointing out that the notation c∗

l
 is adopted 

in order to distinguish the product-sum covariance model 
with respect to the integrated product-sum model defined 
in Eq. (13).

On the other hand, for the residuals of the phreatic level 
the following product-sum covariance model

with

(19)c
∗
l
(�, v) = k1l

Csl
(�)Ctl

(v) + k2l
Csl

(�) + k3l
Ctl

(v), l = 1, 2, 3,

(20)cP
∗(�, v) = k1P

CsP
(�)CtP

(v) + k2P
CsP

(�) + k3P
CtP

(v),

• Cs
P
 the spatial exponential covariance model in ℝd , Ct

P

 
the temporal exponential covariance model in ℝ , with 
practical ranges b

P
= 14 km and a

P
= 12 quarter, respec-

tively,
• k1P = 3.705m2, k2P = 0.0041m2, k3P = 0.815m2,  

has been fitted and compared to the model in Eq. (16) by 
using the preceding error metrics RAE and RMAE.

Note that the comparative analyses to assess the fitting 
goodness have been performed by focusing on small spatial 
and temporal lags where the correlation is stronger and not 
for all selected lags. In particular, the two different ST-LCMs 
have been compared by computing errors (Eqs. 17 and 18) 
for the first five spatial lags and the first seven temporal lags; 
while for the comparison of two space-time covariance mod-
els fitted for the groundwater levels’ residuals, the first five 
spatial and five temporal lags have been considered.

By analyzing the statistics reported in Table 3, it is evi-
dent that the selection of the product-sum covariance model 
for all the latent components has determined the worst fit-
ting, since the values of Eqs. (17) and (18) are almost always 
greater with respect to the case where the fitted covariance 
models are the integrated product-sum for all the basic com-
ponents: the only exception is for the SAR, where both the 
aforementioned errors are smaller when three product-sum 
covariance basic models have been adopted. However, in 

Table 2  Covariance models’ 
parameters estimated for basic 
components in Eq. (19)

Model parameters at l = 1 Model parameters at l = 2 Model parameters at l = 3

k11
= 0.5079 k12

= 0.7923 k13
= 0.0026

k21
= 0.4022 k22

= 0.1920 k23
= 0.9455

k31
= 0.0899 k32

= 0.0157 k33
= 0.0519

b1        km b2           km b3             km
a1             half-year a2             half-year a3           half-year

Table 3  Statistics for models’ 
performance assessment

Model Variable RAE RMAE

ST-LCM with basic models (Eq. 13) SAR 0.341 0.537
SAR vs chloride 0.293 0.360
SAR vs EC 0.236 0.214
Chloride 0.118 0.112
Chloride vs EC 0.235 0.239
EC 0.347 0.349

ST-LCM with basic models (Eq. 19) SAR 0.296 0.441
SAR vs chloride 0.295 0.333
SAR vs EC 0.247 0.230
Chloride 0.165 0.170
Chloride vs EC 0.275 0.272
EC 0.381 0.374

Covariance model (Eq. 16) Phreatic layer’s residuals 0.256 0.230
Covariance model (Eq. 20) Phreatic layer’s residuals 0.266 0.259

= 2

= 16.5

= 3.5

= 18.5

= 12.5

= 2.5
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general, the ST-LCM (14) with three basic integrated prod-
uct-sum models is the most appropriate one for the data 
under study. Similarly, the adoption of model Eq. (16) for 
the residuals of the phreatic level represents the better choice 
with respect to model Eq. (20).

These results are due to the fact that Eqs. (19) and (20) 
are suitable in the presence of uniform negative nonsepa-
rability (De Iaco et al. 2013), thus they do not honor the 
type of nonseparability of the sample covariances (a nonu-
niform nonseparability for the basic components of the 
ST-LCM, and a uniform positive nonseparability for the 
residuals of the phreatic level).

A final check of the suitability of the fitted models, 
both the ST-LCM in Eq. (14) for the investigated water 
chemical features, and the model in Eq. (16) for the phre-
atic level, has been made through the leave-one-out cross-
validation procedure, which has been performed twice, i.e. 

1. On the basis of the ST-LCM in Eq. (14) and the available 
data for SAR, chloride and EC;

2. On the basis of the spatio-temporal covariance model 
in Eq. (16) and the computed residuals of the phreatic 
level.

Then, the estimates of SAR obtained from the cross-val-
idation as indicated in (1) have been compared with the 
recorded values and their correlation coefficient was 0.87; 
on the other hand, the correlation coefficient between the 
residuals of the phreatic level and their estimates from the 
cross-validation mentioned in (2) was 0.80. Hence, the 
high values of the correlation coefficients (significant at 1% 
level) have confirmed the suitability of the fitted models in 
Eqs. (14) and (16), which can be used in the next steps of 
the case study, for prediction purposes.

Prediction maps of SAR values and phreatic 
levels

In this stage of the analysis, the models in Eqs. (14) and 
(16) previously defined for the multivariate and univariate 
cases, have been used to forecast the SAR values and phre-
atic levels, respectively, for 2022 over the study area. In par-
ticular, the fitted ST-LCM in Eq. (14) has been adopted to 
make cokriging predictions for SAR values for the 1st and 
the 2nd semester of 2022 (two time points after the last one 
available in the analyzed data set), over the investigated area. 
With this aim, the routine “COK2ST” of the GSLib package, 
proposed in De Iaco et al. (2010), has been used after prop-
erly implementing the parameter file with an ST-LCM based 
on three basic components modelled through the integrated 
product-sum covariance functions. On the other hand, the 

spatio-temporal covariance model in Eq. (16) has been con-
sidered to make quarterly kriging predictions of the residuals 
of the phreatic level in 2022; then, the quarterly mean val-
ues previously computed for all sample stations (see section 
‘Spatio-temporal correlation of the groundwater level’) have 
been added to the estimated residuals in order to determine 
the phreatic levels for the four quarters of 2022. Thus, the 
estimated values for SAR and phreatic levels, as well as the 
relative error standard deviation associated to their estimates, 
are displayed by the contour plots shown in Fig. 7. Note that, 
in the case of the phreatic levels, two different quarters, the 
first and the third ones of 2022 (one during the winter period 
and the other one referring to the summer season) have been 
selected to show the corresponding prediction maps.

As regards the SAR values, Fig. 7a,b exhibits the high-
est SAR values in the central-western part of the study area, 
which corresponds to the high plain of Vicenza, character-
ized by a gravelly sandy alluvial stratum (Fig. 2b) and high 
permeability levels; this area represents an important site of 
aquifer recharge. During the last few decades, the high plain 
of Vicenza has been affected by the development of several 
urban centres and industrial activities. Similarly, the estimated 
SAR values are high, especially during the second semester 
of 2022, in the north-eastern part of the study area (the high 
plain of Piave in the Province of Treviso) which hosts several 
urban centres as well as various industrial plants specialized in 
the production of household appliances, electrical equipment 
and stainless-steel processing, as well as wine production.

Figure 7e,f shows the kriging estimates of the phreatic levels 
in the two selected quarters, the first and the third ones, of 2022. 
It is evident that the two subareas with the highest estimated SAR 
values exhibit low values of water quantity: as already known, 
the socio-economic growth of a territory is one of the main rea-
sons for water withdrawals increasing—for civil, agricultural 
and industrial purposes, as well as water quality deterioration. 
Moreover, the lowest phreatic levels have been estimated in the 
south-east of the study area while the highest phreatic levels are 
in the central-northern part, close to the boundaries of Vicenza 
and Treviso. This last area can be considered as an area of dis-
charge of the water from the Alps, and this determines the rate 
of increasing groundwater level. Note that cokriging and kriging 
prediction uncertainties, which have been measured by the rela-
tive error standard deviation associated to all predicted values, are 
displayed through the maps in Fig. 7c,d, for the SAR cokriging 
predictions, and in Fig. 7g,h for the phreatic levels kriging pre-
dictions. These uncertainty maps show very low values all over 
the study area, highlighting the capability of the spatio-temporal 
prediction procedures to determine levels of uncertainty of low 
magnitude, with respect to the predicted values.

Finally, it is worth highlighting that all prediction maps 
show very slight variations in space and time: this result is 
due to the fact that alteration of the water quality and quantity 
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parameters, without any accidental and extraordinary events 
that affect the aquifer, is a process that could occur over 
several years. On the basis of this consideration, the SAR 
values and the phreatic levels that have been predicted for 
2022, have been compared with the data recorded in 2010, 
and some impressive results are discussed in the next section.

Probability map of groundwater 
deterioration

In this stage of the case study, the research aims to under-
stand the probability of a deterioration of the aquifer system 
in 2022, in terms of both qualitative and quantitative pro-
files, with respect to the 12 years before. For this purpose, 
by using the results in the previous section, the analyses have 
been performed through the following steps: 

1. Averaging SAR and phreatic layer predictions over the 
year 2022 at the sample points and defining a spatial 
indicator variable that is equal to 1 in case of deterio-
ration of both qualitative and quantitative aquifer con-
ditions for 2022, i.e. in case the yearly SAR predicted 
values for 2022 are greater than those measured twelve 
years before (2010), and yearly groundwater levels for 
2022 are smaller than those measured in 2010;

2. Performing spatial indicator kriging over the study area 
in order to obtain a risk map of groundwater deteriora-
tion in 2022 with respect to 2010.

Given the spatial indicator random field I for the year 2022, 
which is equal to 1 in case of worsening aquifer, and equal 
to 0 otherwise, i.e.

(21)I(s, t; SAR2010; P2010) =

⎧
⎪⎨⎪⎩

1 if SAR2022 > SAR2010, P2022 < P2010

0 otherwise

with s ∈ D, and t = 2022, the indicator kriging allows for the 
estimation of the probability of exceeding specific threshold 
values over the domain under study. At an unsampled point, 
the probability that the variable of interest is not greater (or 
not smaller) than the fixed threshold can be estimated using 
a linear combination of neighbouring indicator variables.

Figure 8 shows the probability maps of the deterioration 
in 2022 of the aquifer system in Venetian Region, in terms of 
high SAR values (Fig. 8a), low phreatic levels (Fig. 8b), and 
jointly high SAR values and a low phreatic level (Fig. 8c), with 
respect to 2010. As regards the water quality, there is a high 
probability that in the north-east (in the Province of Treviso) 
and in the centre of the investigated area, the SAR values in 
2022 are higher than those observed in 2010. In addition, the 
analyses herein performed have highlighted a high probability 
of aquifer depletion in 2022, expressed in terms of low phreatic 
levels with respect to 2010, over the whole study area, with 
the exception of a few sites in the north and in the central-east. 
Finally, Fig. 8c shows the probability map of both quality and 
quantity groundwater deterioration: it appears that in the east-
ern area of Vicenza Province, close to the border with Treviso 
and Padua, and in the north-eastern part of the analyzed area 
there is a high probability of worsening in 2022. On the other 
hand, in the south-western part of Treviso Province, above the 
area covered by fontanili (see section ‘The investigated area’), 
i.e. special water sources located between the high and the low 
Venetian Plain, the probability of groundwater deterioration 
is very low: in this part of the study area the prediction maps 
(Fig. 7) have shown quite small SAR values and modest levels 
for water quantity, especially during the second period of 2022.

It is clear that the probability map obtained with the pro-
posed application represents an effective tool for detecting areas 
where the groundwater needs strong controls, since it is more 

a) b) c)
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ues; b low phreatic level; c high SAR values and low phreatic level



1459Hydrogeology Journal (2023) 31:1443–1461 

1 3

likely that the groundwater could suffer a degradation, in terms 
of quality and quantity parameters, with respect to the past.

Discussion

In this paper, a geostatistical analysis of the joint spatial and tem-
poral behaviour of four key hydrogeological variables, concern-
ing the water quality (chemical properties, i.e. SAR, chloride 
and EC) and water quantity (phreatic levels) of an unconfined 
aquifer, was thoroughly investigated. An ST-LCM composed 
of three basic integrated product-sum covariance models was 
constructed to describe the direct and cross-covariance in space-
time among the selected chemical parameters and to predict 
SAR values; moreover, the integrated product-sum covariance 
model was also chosen to fit the spatio-temporal covariance 
function of the phreatic level and to forecast this last variable.

The most original aspects of the research proposed in 
this paper concerned: (1) the spatio-temporal modeling of 
some crucial factors referenced in the scientific literature 
(Karami et al. 2018; Dal Ferro et al. 2016; Dalla Libera et al. 
2017; Boufekane and Saighi 2019) to analyze the status of 
an unconfined aquifer, and (2) the spatio-temporal indica-
tor kriging (as a nonparametric spatio-temporal prediction 
method) carried out to determine the probability of deterio-
ration of the unconfined aquifer over a long period.

The performed analysis allowed the identification of two 
sub-areas of the Veneto Region, one in the eastern part of 
Vicenza Province and the other one in the north-eastern part 
of the study area in the Treviso Province, where there is 
a high probability that in 2022 the SAR values are higher 
and the phreatic levels are smaller with respect to the cor-
responding values measured during 2010. These subareas 
of the domain under study need particular attention, since 
there is a very high probability that the status of the aquifer 
system could be damaged qualitatively and quantitatively.

Predictions of groundwater quality and quantity could help 
to identify appropriate areas for agriculture and avoid exces-
sive water exploitation where the sodium concentration in 
the water with respect to calcium and magnesium content 
could dramatically increase (Boufekane and Saighi 2019). As 
already known, SAR affects the normal water infiltration rate 
in the soil; hence, water with high SAR values will decrease 
infiltration. Note that sodium also contributes directly to the 
total salinity of the water and may be toxic to sensitive crops, 
such as fruit trees (Ogunfowokan et al. 2013).

Evidently, various factors could affect the groundwater 
quality and quantity parameters. These parameters are the 
so-called geogenic activities, i.e., host rock, rock and water 
interaction, climatic effects, the hydrogeological influences, 
e.g., high water level, soil composition, and anthropogenic fac-
tors, reflecting the human, agricultural and industrial activities 
(Gautam et al. 2023). Therefore, it is extremely important for 

environmental sustainability to monitor the groundwater sta-
tus in order to prevent serious damage to the health of people 
and the Earth. Further developments of the analysis method 
proposed in this paper will consider also important climatic 
variables, such as rainfall, soil and air temperature, and solar 
radiation, which could influence the aquifer conditions and 
determine the depletion and deterioration of the groundwater.

Appendix

The entries bl
ij
, with i, j = 1, 2, 3, of Bl , defined in Eq. (8) as 

bl
ij
= [Ĉij(u, v)l−1] − [Ĉij(u, v)l], l = 1,… , L, are determined 

by using:

• Ĉij(0, 0), i, j = 1, 2, 3, of the sample direct and cross-
covariances of the variables under study (where i = 1 
refers to SAR, i = 2 to chloride and i = 3 to EC);

• The values of the sample direct and cross-covariances at 
the three scales of spatio-temporal variability.

In particular, the entries b1
ij
, with i, j = 1, 2, 3, of B1 are calcu-

lated as follows:

the entries b2
ij
, with i, j = 1, 2, 3, of B2 are computed as follows:

∙ b1
11

= 0.0943 − 0.0072 = 0.0871 (mg∕l)2,

∙ b1
12

= 0.7780 − 0.1210 = 0.6570 (mg∕l)2,

∙ b1
13

= 15.6255 − 4.8522 = 10.7733 (mg∕l×μS∕cm),

∙ b1
21

= b
1

12
,

∙ b1
22

= 14.5551 − 3.8649 = 10.6902 (mg∕l)2,

∙ b1
23

= 382.9176 − 208.8109 = 174.1067 (mg∕l×μS∕cm),

∙ b1
31

= b
1

13
,

∙ b1
32

= b
1

23
,

∙ b1
33

= 19284.929 − 10913.5202 = 8371.4088 (μS∕cm)2,

∙ b2
11

= 0.0072 − 0.0046 = 0.0026 (mg∕l)2,

∙ b2
12

= 0.1210 − 0.0643 = 0.0567 (mg∕l)2,

∙ b2
13

= 4.8522 − 3 = 1.8522 (mg∕l×μS∕cm),

∙ b2
21

= b
2

12
,

∙ b2
22

= 3.8649 − 2.3 = 1.5649 (mg∕l)2,

∙ b2
23

= 208.8109 − 170 = 38.8109 (mg∕l×μS∕cm),

∙ b2
31

= b
2

13
,

∙ b2
32

= b
2

23
,

∙ b2
33

= 10913.5202 − 9200 = 1713.5202 (μS∕cm)2,
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and the entries b3
ij
, with i, j = 1, 2, 3, of B3 are found out 

through the following calculation:

Hence, the obtained coregionalization matrices Bl, l = 1, 2, 3 , 
are the following:
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∙ b3
11

= 0.0046 − 0 = 0.0046 (mg∕l)2,

∙ b3
12

= 0.0643 − 0 = 0.06443 (mg∕l)2,
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13

= 3 − 0 = 3 (mg∕l×μS∕cm),
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3

12
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3
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= b
3
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,
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⎡
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0.0871 0.6570 10.7733

0.6570 10.6902 174.1067

10.7733 174.1067 8371.4088

⎤
⎥⎥⎥⎥⎥⎦
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