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Spatiotemporal geostatistical modelling of groundwater
level variations at basin scale: a case study at Crete’s
Mires Basin
Emmanouil A. Varouchakis

ABSTRACT
Spatiotemporal geostatistical analysis of groundwater levels is a signiﬁcant tool for groundwater
resources management. This work presents a valid spatiotemporal geostatistical model for the
groundwater level variations of an aquifer in Crete, Greece. The goal of this approach is to accurately
map the aquifer level at variable time-steps using joint space–time information. The proposed model
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Chania,
Greece
E-mail: varuhaki@mred.tuc.gr

applies the space–time ordinary kriging (STOK) methodology using joint space–time covariance
functions. A space–time experimental variogram is determined from the monthly groundwater level
time-series between the hydrological years 2009 and 2014 at 11 sampling stations. The experimental
spatiotemporal variogram is successfully ﬁtted by the product–sum model using a Matérn spatial and
temporal function. STOK was used to predict the monthly groundwater level at each sampling station
from January to May 2015. Validation results show low prediction errors that range from 0.95 to
1.45 m, while the kriging variance accurately determines the variability of predictions. Maps of
groundwater level predictions and uncertainty are developed for signiﬁcant months of the validation
period to assess the aquifer spatiotemporal variability. This work demonstrates that space–time
geostatistics can successfully model the spatial dynamic behaviour of an aquifer when the space–
time dependencies are appropriately modelled, even for a sparse dataset.
Key words

| groundwater, Messara, modelling, space–time ordinary kriging, space–time variogram,
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INTRODUCTION
Geostatistical analyses usually deal with the spatial distri-

ignore the spatial and temporal nature of the involved

bution and variability of measured data. In areas with

dependencies. A major advantage of space–time distributed

spatial and temporal data availability, the application of

data, especially when they are sparse, is that a larger number

space–time models can improve the reliability of predictions

of data points are applied to support model parameter esti-

by incorporating space–time correlations instead of purely

mation and prediction.

spatial ones (Lee et al. ). Spatiotemporal continuity pro-

In a statistical context, these data points can be con-

vides a more stable base for exploring dynamic processes

sidered random ﬁelds spread out in space and evolving in

that evolve in time and space, since temporal neighbours

time (space–time random ﬁelds or S/TRF). Space–time geo-

can be as informative and useful as spatial neighbours. A

statistical analysis is based on the joint spatial and temporal

spatial-only analysis would be less advantageous than a

dependence between observations. There are two ways to

space–time analysis of such processes because it would

represent space–time random variables (Christakos ):
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(1) full space–time models using separable or non-separable

Space-time kriging has also been used in a wide range of

space–time covariance functions or variograms and (2) vec-

scientiﬁc ﬁelds and areas, such as agriculture (Stein et al.

tors of temporally correlated spatial random ﬁelds (SRFs)

; Heuvelink & Egmond ), atmospheric data (De

Z(s, t) ¼ Zt (s), t ¼ 1 . . . T, where T is the number of tem-

Iaco et al. ; Nunes & Soares ), soil science/water

porally correlated SRFs or vectors of spatially correlated

content (Snepvangers et al. ; Jost et al. ), surface

time series Z(s, t) ¼ Zs (t), s ¼ 1 . . . n, where n is the

temperature data (Hengl et al. ), wind data (Gneiting

number of locations. The representation depends on the

), gamma radiation data (Heuvelink & Griffith ),

domain density (space or time).

epidemiology (Gething et al. ) and forecasting munici-

Usually, spatiotemporal interpolation is performed by

pal water demand (Lee et al. ).

applying the standard kriging algorithms extended in a

Sparsely monitored watersheds are not regularly moni-

space–time frame. The space–time kriging method employs

tored through space and time, and therefore data

the ﬁrst type of model previously described. The two main

availability is a factor limiting purely spatial or temporal

tasks of space–time analysis are interpolation and extrapol-

analysis. This problem, and the associated challenges

ation. The ﬁrst refers to the estimation of variable values at

around uncertainty of boundary conditions, means that it

unmeasured locations inside the spatial extent of the study

is difﬁcult to set up a dynamic numerical model. However,

area, while the latter extends the estimations ahead of the

the combination of measured data can create a very useful

boundaries of the observations in space or time. The

dataset for spatiotemporal modelling and analysis by incor-

main assumption used in interpolation and extrapolation

porating joint spatiotemporal correlations.

is that the speciﬁc patterns extracted from the available

Space–time geostatistical analysis could therefore be

data analysis deliver sufﬁcient information to capture

used as a surrogate to model the aquifer behaviour in

the spatiotemporal dynamics of the observed data (Lee

space and time and to identify basin locations of signiﬁcant

et al. ).

interest to aid the water resources management of the area.

Space–time geostatistical approaches have been suc-

In this work, space–time geostatistical approaches in terms

cessfully applied to model hydrological data variability.

of STOK for the spatiotemporal monitoring and prediction

Rouhani & Hall () applied space-time kriging in geohy-

of the groundwater level in a sparsely gauged basin were

drology, using intrinsic random functions (polynomial

applied. Space–time dependencies were determined by cal-

spatiotemporal covariance) for the space–time geostatistical

culating a space–time experimental variogram from a

analyses of piezometric data. Rouhani & Myers () dis-

monthly groundwater level time series between the years

cussed

2009 and 2014 at 11 sampling stations that was ﬁtted to

potential

drawbacks

of

the

space–time

geostatistical analysis of geohydrological data (piezometric

an

data). More recently, space-time kriging was applied to esti-

model. The purpose of this work was therefore to model

appropriate

theoretical

spatiotemporal

variogram

mate the water level of the Queretaro-Obrajuelo aquifer

the dynamic behaviour of the aquifer and to predict the

(Mexico) using a product–sum model with spherical com-

water-table spatial variation at selected time steps (Janu-

ponents on a large space–time dataset ( Júnez-Ferreira &

ary–May 2015) by exploiting the available space–time

Herrera ) and to map the seasonal ﬂuctuation of

information. The efﬁciency of the approach is evaluated in

water-table depths in Dutch nature conservation areas

a real case study.

using a metric space–time exponential variogram model
(Hoogland et al. ). Furthermore, the space–time ordinary kriging (STOK) method was used to design rainfall

STUDY AREA AND DATA

networks and analyse precipitation variations in space
and time (Rodriguez-Iturbe & Mejia ; Biondi ;

The Mires Basin of the Messara Valley is located on the

Raja et al. ), and it was tested in a comparison study

island of Crete in Greece. The basin has an area of almost

for estimating runoff time series in ungauged locations

50 km2, and is crossed by a river of intermediate ﬂow.

(Skøien & Blöschl ).

The
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homogeneously distributed alluvial deposits. Although it is

This work employs a data-driven approach that com-

the largest of the island, it is sparsely monitored. Since

bines space–time groundwater level data, estimating their

1981, the groundwater resources have been signiﬁcantly

interdependence to predict the aquifer level at unvisited

reduced due to over-pumping (Varouchakis a). Between

locations and different time steps. This study is important,

2003 and 2009 the basin was rarely monitored, but from

as by developing an appropriate geostatistical space–time

2009 to 2015 (until May), the local authorities and owners

model, future aquifer level spatiotemporal variations can

performed monthly monitoring at 11 wells (Figure 1). How-

be estimated and used in groundwater resources manage-

ever, gaps were present in the time series, and these were

ment plans. In addition, the model can be used to

substituted by applying an autoregressive exogenous vari-

continuously process new space–time data to improve the

able (ARX) model to each well that used the precipitation

spatial and temporal predictions.

surplus as an exogenous variable (Varouchakis b). The

Using spatiotemporal geostatistics, the groundwater

accuracy of the ARX results was evaluated in comparison

level dataset can be usefully exploited in order to identify

to reported basin averages to validate the proposed spatio-

the spatiotemporal behaviour of the aquifer and to obtain

temporal model.

useful information regarding the space–time data corre-

Several different techniques have previously been

lations for more accurate space–time predictions. Space–

applied at the case study site. Groundwater ﬂow modelling

time geostatistical analysis involved the following steps: (1)

and aquifer level estimation were performed using the

space–time variogram calculation, (2) application of STOK

MODFLOW code focussing on the early 2000s (Kritsotakis

for prediction, and (3) estimation of prediction accuracy.

& Tsanis ). At that time, extensive ﬁeldwork was performed in the area due to the preparation of the island’s
ﬁrst water resources management plan. Another study in

SPATIOTEMPORAL GEOSTATISTICS

the area estimated the annual groundwater withdrawal
based on the surface and groundwater hydrological balance,

The main goal of space–time analysis is to model multiple

providing the groundwater level temporal variation in the

time series of data at spatial locations where a distinct

basin (Tsanis & Apostolaki ). Artiﬁcial neural networks

time series is allocated. The time variable is considered an

have also been applied for the temporal modelling of the

additional dimension in geostatistical prediction. A spatio-

basin’s groundwater level (Tsanis et al. ), while for the

temporal stochastic process can be represented by Z(s, t)

same purpose but using more recent data, an ARX model

where the variable of interest of random ﬁeld Z is observed

using a Kalman ﬁlter has been used as well (Varouchakis

at N space–time coordinates (si , ti ), . . . , (sN , tN ), while the

b). In addition, projections of surface water resources

optimal prediction of the variable in space and time is

availability have been studied based on climate scenarios

based on Z(si , ti ), . . . , Z(sN , tN ) (Christakos ; Cressie &

predicting a decreasing trend during the next decades, con-

Huang ).

necting these results to lower recharge rates and,
therefore, reduced aquifer levels (Koutroulis et al. ).
Spatial analysis of aquifer levels using geostatistical techniques and auxiliary information providing locations of
signiﬁcant importance for water resources management purposes has also been applied in the area for different
hydrological years (Varouchakis & Hristopulos ; Varouchakis et al. ). All the aforementioned studies have
provided the aquifer status temporally or spatially. Only
the numerical approach that used the MODFLOW model
has studied the aquifer in a space–time context but based
on hydrogeological data.
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Spatiotemporal two-point function
Set Z(s, t), (s, t) ∈ D × T a second-order stationary space–
time random ﬁeld. D ⊆ Rd is the spatial domain (d is the
space dimension), and T ⊆ R is the temporal domain, with
expected

value

(Myers

et

al.

):

E[Z(s, t)] ¼ 0,

∀(s, t) ∈ D × T and covariance function:


CST (rs , rt ) ¼ E Z(sj þ rs , tj þ rt )Z(si , ti )


 E Z(sj þ rs , tj þ rt ) E½Z(si , ti ),

(1)
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Topographic map showing locations of 11 monitored wells (triangles) in Mires Basin along with corresponding surface elevations and river path.





where rs ¼ si  sj , rt ¼ ti  tj , i, j ¼ 1, . . . , N. The covari-

Τhe S/TRF Z(s, t) is characterised as second-order

ance function depends only on the lag vector r ¼ ðrs , rt Þ and

stationary. Spatial and spatiotemporal geostatistical predic-

not on location or time, while it must satisfy the positive-deﬁ-

tion

niteness condition in order to be a valid covariance function.

(stationary mean and covariance or variogram). In addition,

Hence, for any (si , ti ) ∈ D × T, any real ai , i ¼ 1, . . . , N and

the ﬁeld is isotropic if:

methodologies

generally

rely

on

stationarity

any positive integer N, CST must satisfy the following inequality:
CST ðrs , rt Þ ¼ CST ðkrs k, jrt jÞ,
N X
N
X

ai aj CST (si  sj , ti  tj ) > 0:

meaning that the covariance function depends only on the

i¼1 j¼1

length of the lag.

The positive-deﬁniteness condition is often presented as
the non-negative deﬁniteness condition (i.e.  0). If E[Z(s, t)]
is constant and CST (rs , rt ) depends only on the lag vector
r ¼ (rs , rt ):
Cov(Z(si , sj ; ti , tj )) ¼ CST (si  sj , ti  tj ) ¼ CST (rs , rt ):
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(3)

Under the weaker intrinsic stationarity assumption, the


increment
Z(sj þ rs , tj þ rt )  Z(si , ti )
is second-order
stationary for every lag vector rs , rt instead of the random
ﬁeld. Then, Z(s, t) is called an intrinsic random function
and is characterised by:

(2)



E Z(sj þ rs , tj þ rt )  Z(si , ti ) ¼ 0,

(4)
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however, may suffer from unrealistic assumptions and prop-

and

erties (Snepvangers et al. ; Hengl et al. ). Both space–
γ ST (rs , rt ) ¼



1
var Z(sj þ rs , tj þ rt )  Z(si , ti )
2

(5)

where the term var denotes the variance. The function
γ ST (rs , rt ) only depends on the lag vector r ¼ ðrs , rt Þ. The


quantity (1=2)var Z(sj þ rs , tj þ rt )  Z(si , ti ) is called the
semi-variance at lag r ¼ ðrs , rt Þ.

time covariance models are valid (Cressie & Huang ; De
Iaco et al. , ). In this work, pure non-separable
covariance functions are not examined, as those developed
so far for space–time use do not concern the topic of groundwater (Cressie & Huang ; De Iaco et al. ; Gneiting
; Kolovos et al. ; Porcu et al. ).

The random ﬁeld Z(s, t) has an intrinsically stationary
variogram if it is intrinsically stationary with respect to

Spatiotemporal covariance or variogram models

both the space and time dimensions. The Z(s, t) has a
spatially intrinsically stationary variogram if the variogram

This work examines the efﬁciency of two well-known space–

depends only on the spatial separation vector rs for every

time variogram functions in groundwater level data, and a

pair of time instants ti , tj , and it has a temporally intrinsically

comprehensive description of them follows.

stationary variogram if it depends only on the temporal lag

The product model (Rodriguez-Iturbe & Mejia )

rt . Equation (5) provides the space–time stationary vario-

belongs to the separate space–time model category and is

gram function. Under the stronger assumption of second-

one of the most simple ways to model a covariance or vario-

order stationarity, the semi-variance is deﬁned as:

gram in space–time. The product of a space variogram and a
time variogram is generally not a valid variogram; on the

γ ST (rs , rt ) ¼ CST (0, 0)  CST (rs , rt ):

(6)

other hand, the product of a space covariance and a time
covariance leads to a valid model. A variogram structure

The primary concern when modelling space–time structures is to ensure that the chosen model is valid and that the
model is suitable for the data. The space–time kriging estimator can be applied if the space–time covariance
function satisﬁes the positive deﬁniteness condition,

can then be determined by the product covariance model.
Valid spatial and temporal covariance models can be used
in the product form below to create spatiotemporal models
CST (rs , rt ) ¼ CS (rs )CT (rt ):

(7)

CST > 0, explained above (Cressie & Huang ). The
model’s suitability is ensured by testing a series of available

If both components CS (rs ), CT (rt ) are strictly positive

structures on the data. The variogram function must be con-

deﬁnite, then CST (rs , rt ) is strictly positive deﬁnite on

ditionally negative deﬁnite to ensure that the space–time

Rd × T . The covariance equation can be expressed in terms

kriging equations have valid unique solutions (Myers et al.

of the variogram as:

; De Iaco ).
The STOK method is a well-established method for

γ ST ðrs , rt Þ ¼ CT (0)γ S (rs ) þ CS (0)γ T (rt )  γ S (rs )γ T (rt ),

(8)

space–time interpolation, and the signiﬁcant part in the
space–time process is the choice of the variogram or covari-

where γ S , γ T are purely spatial and temporal variogram

ance model and the estimation of its parameters (Christakos

models. CS (0) and CT (0) are the sills of the spatial and tem-

et al. ; De Cesare et al. ). Two categories of models

poral variograms, respectively.

are used for variogram or covariance modelling. The ﬁrst

The product–sum space–time model (De Cesare et al.

includes separable models whose covariance function is a

, ) is a generalisation of the product and the sum

combination of a spatial and a temporal covariance func-

model, while it constitutes the starting point for its inte-

tion; the second includes non-separable models, usually

grated product–sum versions. It is deﬁned as:

physically based, in which a single function models the
spatiotemporal

data

dependence.

Separable
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CS , CT are purely spatial and temporal covariance models

estimated as half the mean squared difference between

with k1 > 0, k2  0 and k3  0. In terms of the variogram,

data separated by a given spatial and temporal lag (rs , rt ).

the above equation is expressed as:

Geostatistical prediction is then achieved using STOK
(Christakos ; Goovaerts ). The STOK estimator is

γ ST (rs , rt ) ¼ ðk1 CS ð0Þ þ k3 Þγ T (rt )
þ ðk1 CT (0) þ k2 Þγ S (rs )  k1 γ S (rs )γ T (rt ):

given below:
(10)
^ 0 (s0 , t0 ) ¼
Z

gram structure can be expressed alternatively as follows

λi Z0 ðsi , ti Þ,

where S0 is the set of sampling points in the search neigh^ 0 (s0 , t0 ) is the
bourhood of the prediction point, Z

(De Iaco et al. ):

unsampled

γ ST (rs , rt ) ¼ γ ST (rs , 0) þ γ ST ð0, rt Þ

space–time kriging weights.

 Kγ ST (rs , 0)γ ST (0, rt ),

(13)

{i:si ,ti ∈S0 }

Each space–time model (sum, product) separately has
limitations that their combination does not have. The vario-

X

location/time,

Z0 (si , ti )

are

the

sampled

location/time neighbours and λi are the corresponding
(11)

where 0 < K  1= max ðsill γ ST ðrs , 0Þ, sill γ ST ð0, rt ÞÞ.

X



λi γ Z0 si , sj ; ti , tj þ μ ¼ γ Z0 (sj , s0 ; tj , t0 ),

{i:si ,ti ∈S0 }

(14)

j ¼ 1, . . . , N0 ,
Summary of spatiotemporal models’ characteristics
X
The product model and the product–sum model are produced

λi ¼ 1,

(15)

{i:si ,ti ∈S0 }

by separate space and time functions. The main advantage of
such models is their ease of use in modelling and estimation.
The product model is separable and integrable, while the product–sum model is non-integrable with respect to rs and rt
and non-separable. The space–time variogram models

where N0 is the number of points within the search neigh

bourhood of s0 , γ Z0 si , sj ; ti , tj is the variogram between
two sampled points si and sj at times ti and tj ,


γ Z0 sj , s0 ; tj , t0 is the variogram between sj , tj and the esti-

described above are typically used to model space–time

mation point s0 , t0 and μ is the Lagrange multiplier

experimental variograms, because an arbitrary space–time

enforcing the zero bias constraint.

metric is not required and the ﬁtting process is similar to

The STOK estimation variance is given by the following

that for spatial variograms (Gething et al. ; De Iaco ).

equation, with the Lagrange coefﬁcient μ compensating for
the uncertainty of the mean value:

Spatiotemporal geostatistical analysis and prediction
σ 2E (s0 , t0 ) ¼

X



λi γ Z0 sj , s0 ; tj , t0 þ μ:

(16)

{i:si ,ti ∈S0 }

Under the second-order stationarity hypothesis, the variogram and the covariance function are equivalent. For
reasons of convenience, the variogram structure is preferred.

The prediction is also described in matrix notation

The appropriate variogram structure is ﬁtted to the exper-

below where the system Γλ ¼ c is solved to estimate the

imental spatiotemporal model given by:

spatiotemporal weights λ:

γ^Z (rs , rt ) ¼

X 
2
1
Z(si , ti )  Z(sj þ rs , tj þ rt ) ,
2N(rs , rt ) N(r ,r )

(12)

s t

where rs ¼ ||si –sj||, rt ¼ |ti – tj| and N(rs , rt ) is the number of
pairs in N(rs , rt ). The space–time experimental variogram is
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(19)

is the smoothness parameter, Γ is the gamma function, Κ is

1

the modiﬁed Bessel function of the second kind of order ν, rs

γ^Z0 ðs0  s1 , t0  t1 Þ
C
B
..
C
B
.
c¼B
C
@ γ^ 0 ðs  s , t  t Þ A
0

|

where σ 2Z > 0 is the variance, ξ is the range parameter, ν > 0

0

Z

Hydrology Research

N0

0

is the space lag vector and rt is the time lag. The Matérn variogram is a bounded model that reaches the sill

N0

asymptotically. For ν ¼ 0:5, the exponential model is recov-

1

ered, whereas the Gaussian model is obtained for ν tending
where Γ is the matrix of the spatiotemporal variogram

to inﬁnity. The case ν ¼ 1 was introduced by Whittle (Pardo-

between the observed space–time data locations, λ are the

Iguzquiza & Chica-Olmo ). The functions above are

spatiotemporal weights and c is the matrix of the spatiotem-

inserted in the product (8) and product–sum (10) space–

poral variogram between the observed space–time data

time variogram structures.
Next, the STOK methodology is applied, performing

locations and the space–time estimation location.
Space–time predictions are usually based on a space–

cross-validation to examine the efﬁciency of the proposed

time neighbourhood that encloses observations inside a

model. Cross-validation of the estimates was performed at

search radius in space and time; the search radii depend

the 11 observation wells for the ﬁrst ﬁve months of 2015.

on the space and time correlation lengths xs, xt estimated

The geostatistical analysis was performed using originally

from the variogram ﬁtting process. For small datasets, the

developed codes in the Matlab® programming environment

entire dataset is used for predictions.

(Matlab v.7.10), while standardised coordinates in the inter-

Spatiotemporal prediction of groundwater level data

val [0,1] were used to avoid numerical instabilities.

in Mires Basin
First, the experimental variogram is determined. Then, it is

RESULTS AND DISCUSSION

modelled with theoretical spatiotemporal variogram functions. The product sum and the product models were

Spatiotemporal geostatistical analysis of Mires Basin

applied here, as they have been successfully applied in

groundwater level data was applied in order to identify the

other space–time studies, providing better results than

monthly spatiotemporal behaviour of the aquifer since

their counterparts (Gething et al. ; De Iaco ).

2009 and to undertake predictions based on the space–

Their main characteristic is their ﬂexibility in modelling

time data correlations. The space–time experimental vario-

and estimation. The Matérn variogram model was chosen

gram was determined from the monthly groundwater level

to simulate the spatial and temporal continuity of the data

time series at the 11 sampling stations for the period

within the space–time models. The purely spatial geostatisti-

2009–2014.

cal analysis of groundwater level data in previous works at

The theoretical space–time variogram model ﬁtted using

different time periods has shown that the Matérn model

the product–sum and the product variogram structures on

describes the spatial correlation of the observed data very

the experimental space–time variogram obtained from the

well (Varouchakis & Hristopulos ).

observed data are presented in Figure 2. The separate spatial

The separable spatial and temporal Matérn variograms
are presented below (Matérn ):

γ Z (rs ) ¼ σ 2Z

 ν 1
 
2
jrs j
jrs j
,
1
Kν 1
ξ1
Γ(ν 1 ) ξ1

averages of the data series are also presented. It can be
observed that the Matérn function ﬁts the experimental var-

1ν 1
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and temporal variograms of the spatial and temporal

(18)

iograms very well, proving that it is appropriate for the joint
space–time

modelling

of

the

data

interdependence.
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Space–time variogram ﬁt (stars) using the product–sum (a) and the product (b) models with the Matérn structure on the space–time experimental variogram of groundwater
level data. Temporal (c) and spatial (d) variograms of spatial and temporal data averages ﬁtted by the Matérn variogram structure. The upper space interval is 0.33 in normalised
units corresponding to 4 km in real units, while the upper limit of the annual time interval is 3.2 years.

According to Figure 2, the product–sum model clearly proﬁt,

As presented in Table 1, STOK using the product–sum

the

variogram structure delivers more accurate results overall

experimental variogram’s trend. The respective parameters

compared to the product variogram function. Speciﬁcally,

vides

a

better

as

it

completely

captures

2

¼ 44.22 m ,

for the ﬁve-month validation period in absolute terms, it

ξ1 ¼ 0.25 (≈3 km), ν 1 ¼ 1.51, ξ2 ≈ 5 months and ν 2 ¼ 0.81

delivers 22% less mean absolute prediction error, leading

with k1 ¼ 0:45, k2 ¼ 1:5 and k3 ¼ 1:25.

to a closer agreement with the reported values. Another

for the product–sum variogram type are

σ 2z

The prediction involves STOK application to estimate

metric to assess the prediction efﬁciency of STOK in terms

the groundwater level at the speciﬁed location and time

of the two variogram models applied is the root mean

during the period January–May 2015. The validation results

square standardised error (RMSSE). It is used to assess the

for the spatial monthly average using both the examined

adequacy of the kriging variance as an estimate of the pre-

space–time variogram models are presented in Tables 1

diction uncertainty. The RMSSE is close to one if the

and 2 in terms of well-known statistical measures, such as

kriging variance accurately estimates the variability of the

the mean error, mean absolute error, mean absolute relative

predictions, but if it is greater or less than one, then the pre-

error,

diction variability is underestimated or overestimated,

root

mean

square

error

and

coefﬁcient

determination.
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STOK prediction statistical measures for January–May 2015 using the product
space–time variogram

Month

MAE (m)

ME/BIAS (m)

MARE

RMSE (m)

R2

Month

MAE (m)

ME/BIAS (m)

MARE

RMSE (m)

R2

January

1.10

0.18

0.12

2.75

0.90

January

1.42

0.26

0.16

3.15

0.89

February

0.95

0.08

0.11

2.14

0.91

February

1.37

0.19

0.16

3.34

0.90

March

1.25

0.25

0.13

3.41

0.88

March

1.54

0.34

0.18

3.74

0.88

April

1.45

0.32

0.15

3.80

0.88

April

1.72

0.41

0.19

4.05

0.87

May

1.24

0.20

0.13

3.34

0.88

May

1.62

0.31

0.18

3.91

0.88

ME, mean error; MAE, mean absolute error; MARE, mean absolute relative error; RMSE,

ME, mean error; MAE, mean absolute error; MARE, mean absolute relative error; RMSE,

root mean square error; R2, coefﬁcient of determination.

root mean square error; R2, coefﬁcient of determination.

the ﬁve-month validation period when the product–sum var-

compared to the extensive datasets used in similar works.

iogram type is applied is equal to 0.91, while it is equal to

The delivered cross-validation results and the standard devi-

1.35 when the product type is applied. Thus, STOK with

ation error are directly comparable with those of the two

the product–sum model better captures the prediction varia-

works most closely related to this study (Hoogland et al.

bility, providing results very close to the measurement

; Júnez-Ferreira & Herrera ). Speciﬁcally, the pro-

values. The RMSSE indicator further supports the predic-

posed space–time model delivers lower error values

tion efﬁciency of the product–sum variogram structure

compared to the similar studies. The Matérn function has

compared to the product one.

a third shape parameter that leads to the better modelling

The aquifer level map is then derived using STOK with

of the experimental variogram. Thus, the estimated par-

the product–sum spatiotemporal variogram structure for

ameters are more reliable, and the space–time kriging

February, March, April and May of 2015, the last month

estimator provides more accurate results. Compared to simi-

of available data and the most recent to date. The January

lar works (Hoogland et al. ; Júnez-Ferreira & Herrera

map is very similar to that of February, as at those time

), this study extends the applicability of space-time kri-

periods, the aquifer levels in the basin are usually similar

ging to relatively small space-time datasets without

due to the gradual recharge of the aquifer. Thus, to avoid

involving auxiliary information. In addition, it addresses a

redundancy, only the February map is presented. In

drawback regarding the functions that can be used as spatial

March, the highest levels are recorded, because the recharge

and temporal components of a space-time variogram struc-

from the winter period has been completed. In April and

ture to model efﬁciently both space and time variability

May, the pumping period starts, with signiﬁcant pumping

(Rouhani & Myers ). It shows that if a ﬂexible com-

rates in the area. The contour maps of groundwater level

ponent is chosen as the Matérn function, the space-time

spatial variability and uncertainty in physical space are

kriging method is reliable to be applied to sparse space-

shown in Figures 3 and 4. The maps are constructed using

time datasets. The Matérn model controls the degree of

estimates only at points inside the convex hull of the moni-

smoothness of the examined dataset introducing ﬁtting ﬂexi-

toring locations. The estimation uncertainty depends on the

bility (Pardo-Iguzquiza & Chica-Olmo ).

data density and the variogram function. For all the maps

Figures 3 and 4 present the spatial variability of the

produced here, the same variogram function and its par-

groundwater level for February–May, estimated based on

ameters were used, and the data density was also the

the space–time correlations of the data that consider the

same. Therefore, the STOK standard deviation maps (esti-

dynamic aquifer behaviour. It shows that the groundwater

mation uncertainty) are similar for all the prediction

level changes from the eastern part of the basin towards

periods. Hence, the uncertainty of estimations for May

the western part following the ground surface elevation.

expresses the uncertainty for other periods as well.

Figure 4 also presents the uncertainty (STOK standard devi-

The cross-validation results can be characterised as very

ation) of estimations and provides the basin locations

satisfactory, as the examined dataset was very small

where further sampling is needed, mainly at the central
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Maps of estimated groundwater level and associated uncertainty (standard
deviation) for May 2015 in Mires Basin using STOK and non-separable space–
time product–sum variogram.

length was determined to be almost 3 km, and the temporal
Figure 3

|

Maps of estimated groundwater level for February–April 2015 in Mires Basin

length was determined to be almost ﬁve months. This

using STOK and non-separable space–time product–sum variogram.

explains the accurate estimates, as the spatiotemporal correlations were reliably represented inside the ﬁve-month

eastern part of the aquifer, to obtain more accurate esti-

estimation window.

mations. Estimation variances take the highest values

Finally, the aquifer level maps (Figures 3 and 4) show

when the density of data is poor and the lowest values

that around a quarter of the examined basin area (western

when the data distribution is good (Hohn ). In

part), which corresponds to a signiﬁcant part of the pro-

addition, the variance range depends on the optimal ﬁtting

ductive agricultural land, has a decreased aquifer level

of the theoretical variogram model to the experimental one

compared to the basin’s groundwater level presented

(Chiles & Delfiner ), as is performed here (Figure 2).

in previous works during previous hydrological years

Therefore, the spatiotemporal properties of the data are

(Varouchakis & Hristopulos ; Varouchakis a;

optimally determined, leading to accurate estimates with

Varouchakis et al. ).

low error variances.
The scope of this work was to model spatiotemporally
the Mires Basin aquifer response since 2009. Reliable mod-

CONCLUSIONS

elling provides the grounds for spatiotemporal predictions
with the highest possible accuracy. A novel goal of this

Reliable space–time estimates are important for ground-

study was to assess the application of the product–sum var-

water resources management. This work examined the

iogram model to sparse groundwater level data. The model

spatiotemporal modelling of groundwater levels in a hydro-

delivered an excellent variogram ﬁt and very accurate esti-

logical basin where the groundwater resources had

mates. After the variogram ﬁtting, the spatial correlation

presented a signiﬁcant reduction in the past 30 years. The

Downloaded from https://iwaponline.com/hr/article-pdf/49/4/1131/538049/nh0491131.pdf
by guest

1141

E. A. Varouchakis

|

Spatiotemporal geostatistical analysis of groundwater level

spatiotemporal approach involves the application of the product–sum variogram function, which has been applied
successfully in other disciplines areas, adapting the ﬂexible
Matérn function. This non-separable spatiotemporal structure ﬁts the experimental space–time variogram of the
groundwater level very well, capturing the space–time correlations of the available data. The STOK estimates accurately
present the groundwater level variability for the examined
validation period and provide the spatial distribution of
the aquifer level at ungauged locations. The approach is
shown to provide a reliable alternative in the spatiotemporal
modelling of aquifer levels that requires less data than a
numerical model to represent the head ﬁeld and in less computational time.
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