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ABSTRACT

In this study, we investigate the ability to combine a multivariate statistical analysis with the
cokriging method to point out the groundwater salinization in the coastal Sfax aquifer
(eastern Tunisia). First, multivariate statistical analysis such as principal component analysis
(PCA) and cluster analysis were performed on 75 water samples. PCA identifies three main
processes influencing groundwater chemistry which are seawater intrusion, water-rock
interaction, and contamination by nitrates, these three factors accounted for 76% of total
variance of the groundwater. Furthermore, cokriging is applied to take into account spatial
dependence between the studied variables. Five variables were processed: concentration of
sulfates, chlorides, sodium and the sodium adsorption ratio, as primary variables, and the
more numerous data for total dissolved solid, as auxiliary variables. The generated spatial
variability maps highlighted the high-risk zone of groundwater contamination of the superfi-
cial aquifer of Sfax. The effectiveness of the high estimation capability of the cokriging is
demonstrated by cross-validation. Compared with ordinary kriging for a single variable,
cokriging can provide an improvement of the uncertainty in terms of reducing the
mean-squared error and mean error.

Keywords: Groundwater quality; Principal component analysis; Cluster analysis; Geostatistics;
Cokriging; Cross-validation.
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1. Introduction

Groundwater is the principal source of fresh water
in arid areas to meet the demands of domestic, agri-
cultural, and industrial needs [1]. However, excessive
use of groundwater aquifers may result in low-quality
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groundwater [2,3]. In recent years, groundwater qual-
ity analysis gained importance regarding the under-
standing of the processes contributing to pollution.
The factors behind this contamination may be natural
or anthropogenic. Important natural processes contrib-
uting to pollution in groundwater are rock-water
interactions, dissolution, precipitation, sorption, and
geochemical reactions. Anthropogenic activities such
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as waste disposals, leaching of salts, fertilizers, pesti-
cide from the agricultural fields, and salt intrusion
due to over exploitation contribute to groundwater
pollution [4].

The early characterization of groundwater facies
utilized graphical representations of the major compo-
sitions of groundwater. These classical classification
techniques such as Stiff and Piper diagrams only con-
sider selected major water constituents in determining
the groundwater type [5]. In recent years, with the
increasing number of chemical and physical variables
of groundwater, a wide range of statistical methods
such as principal component analysis (PCA), factor
analysis (FA), cluster analysis (CA), and discriminate
analysis (DA) are applied for the interpretation of com-
plex monitoring data matrices. They offer a better
understanding of water quality of the studied systems,
allow identification of the possible factors/sources that
influence the water systems and present a valuable
tool for reliable management of water resources as
well as rapid solutions to improve water quality [6-9].
These methods of cluster analysis and principle
component were used with remarkable success to eval-
uate the temporal and spatial characteristics of
groundwater salinization in the coastal areas [10-14].

Geostatistics offer a variety of techniques to make
optimal use of measurement information for interpo-
lating groundwater chemistry and pollutant concen-
tration levels in space [15]. Kriging has been applied
to quantify variability of groundwater quality vari-
ables [16-19]. For example, Nas [18] applied ordinary
kriging to determine spatial distribution of groundwa-
ter quality parameters in Konya (Turkey). Dash et al.
[19] assessed the risk of pollutant concentrations in
shallow groundwater exceeding anthropogenic limits
and found that the indicator kriging was better than
ordinary kriging estimation to study deterioration
level of groundwater. Whereas kriging is used to eval-
uate the spatial distribution of a variable based on
sampled data of the variable itself, cokriging is
applied to improve estimation of undersampled
variables by taking into account their spatial cross-cor-
relation with better sampled ones [20]. As cokriging
has been shown to be successful in constructing more
precise maps of transmissivities and other aquifer
parameters [21,22], it is consequently expected to be a
more convenient tool for mapping groundwater qual-
ity variables [23-26]. Istok et al. [25] applied cokriging
to estimate pesticide concentrations with the auxiliary
data of nitrates. Mehrjardi et al. [26] studied spatial
variability of some groundwater quality indices, using
inverse distance weighting (IDW), kriging, and
cokriging. Their results showed that cokriging is the
best method to estimate groundwater quality indices.
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Castrignano et al. [23] used multivariate geostatistics
and GIS to delineate the zones at high risk of ground-
water contamination in Apulia region. Jang [27]
compared two nonparametric multivariate kriging
methods (multiplying indicator variables and averag-
ing indicator variables) to probabilistically determine
extents of pollutants in groundwater.

The main objective of the present study is to exam-
ine and estimate the spatial variability of groundwater
salinization in the coastal Sfax aquifer. For this
purpose, multivariate statistical approaches in con-
junction with a geostatistical method of cokriging are
performed. The CA and PCA techniques are used to
understand the interrelation of the groundwater qual-
ity parameters and to identify the underlying major
factors that are responsible for groundwater pollution.

Afterward, ordinary kriging and cokriging are
used to estimate the spatial variability and distribu-
tion of the groundwater quality, and finally, their
efficiency was assessed and the superior choice was
determined.

2. Materials and methods
2.1. Study area

The study area, located in eastern Tunisia around
Sfax city (Fig. 1(a)), shows a semi-arid climate with an
annual precipitation mean of 230mm, an average
annual temperature of 20°C and a potential evapo-
transpiration of 328mm/yr [28]. This region has
shown in recent decades a significant development of
agricultural and industrial activities, associated with
high population growth [29].

In general, the aquifers of the study area are
divided into two main systems: the deep confined
aquifer and the shallow aquifer [28]. The superficial
aquifer, object of this study, covers an area of 8,500
Km? (Fig. 1(b)). It is limited east by the Mediterranean
Sea, the N-S Axis mountain chain west, the Korj,
Bouthadi, Chorbane, Zeramdine and Djemmel Hills
north, and Mezzouna Mountain south. A number of
sebkhas (salt plain) are spread west. The geologic
formations of the studied aquifer belong to the Mio-
Pliocene and Quaternary layer system, and they are
composed of alternations of sandy clay and sandy lay-
ers. These deposits present several productive layers
separated by semi-permeable layers. The thickness of
the reservoir is ranging from 20m to 140m; the trans-
missivity varies from 2 107* m*/s to 5 107° m? /s,
and the storativity from 7 107> to 0.3 10~°. The annual
pumping flux increased from 36.5 Mm® in 2000 to
56.6Mm” in 2005 through 9,547 pumping wells [12].
The piezometric maps built up by groundwater
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Fig. 1. Locations of study area in the eastern Tunisia (a), sampling sites (b) and piezometric maps of the superficial

aquifer of Sfax measured in December 2004 (c).

levelling survey during December 2004 (Fig. 1 (c))
show a recharge area located in the middle of the
study area and a high groundwater discharge in the
Mediterranean Sea. In the northern part of the aquifer,
the groundwater flows towards the zone of topo-
graphic depressions occupied by sebkhas El Ghorra
and Sebkhat El Jem. The mean hydraulic gradient of
the aquifer is ranging from 0.4% in the eastern part to
0.15% in the septentrional part of the basin [28].

2.2. Groundwater sampling and measurement

In this study, 75 representative groundwater sam-
ples were collected during December 2004 from farm,
monitoring and public supply wells in the Sfax basin
and were analyzed for major chemical constituents
(Fig. 1 (b)).

Unstable parameters such as pH and electrical
conductivity (EC) were measured in situ and the
hydrochemical parameters were measured in labora-
tory. The analyses of K and SO, were undertaken by
gravimetry, those of HCO;, Cl, NO3, and Ca by the
titrimetry, whereas Mg and Na were analyzed by
atomic adsorption spectrometry.

An important chemical parameter for judging the
degree of suitability of water for irrigation is sodium
adsorption ratio (SAR), which can be calculated by
Eq. (1) given by the author [30], where all the ions are
expressed in me/L.

.
SAR—___Na (1)
(Ca“ +Mg2+)
2

Available information regarding the salinity of
groundwater in the study area consisted of data from
37 monitoring wells measured in October 2004 (Fig. 1
(b)). The reported data by the local authorities were
used as auxiliary variables in geostatistical estimation.

Basic statistics of major ions concentrations, EC,
pH, TDS, and SAR are presented in Table 1.

The coefficient of variance (CV) shows the degree
of variability of each ion concentration in the ground-
water [31]. It is noteworthy that the CV value reflects a
moderate to high variability among samples of the
variables. The highest variability was for NOs;,
followed by Cl, and K, with a coefficient of variation
values above 80%, reflecting spatial variation of
groundwater quality in the Sfax superficial aquifer.
Furthermore, most of the coefficients of kurtosis and
skewness are respectively close to 3 and 0 indicating a
normal distribution of data. In contrast, the distribution
of pH values and K and NOj; concentrations are most
skewed and showed some shifting from normality.

In the present study, the R-mode hierarchical CA
was adopted to the standardized data using Ward’s
method, with squared Euclidean distance as a mea-
sure of similarity.

2.3. Theory of cokriging

In this study, a brief description of cokriging is
presented below and further details are given in
textbooks [32-35] or papers [36-39]. All geostatistical
analyses were conducted using geostatistical software
package ISATIS.
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Table 1
Statistics of hydrochemical parameters in groundwater and the irrigation water quality standard

Units Number of samples Min Max Mean CV (%) Skewness Kurtosis
pH 73 6.5 11 8 75 24 11
EC mS/cm 72 0.5 13.8 5.86 58 0.54 2.5
K* mg/L 72 1.2 47 12.5 81 1.41 4.7
HCO; mg/L 71 25 450 174.3 47 0.6 3.7
Mg** mg/L 75 0.56 455 140 65 0.79 34
Ca** mg/L 75 40 1,042 517 46 -0.13 2.4
NO; mg/L 66 0.79 360 48.9 110 3.2 17.76
SO3~ mg/L 75 183 3,700 1933 43 -0.12 2.66
Na* mg/L 75 21 2,110 709 68 0.8 3.1
SAR 75 0.14 13.95 5.6 58 0.5 2.5
Ccl mg/L 75 19.5 3,000 883.1 87 1.1 3.4
TDS g/L 113 0.46 11.4 422 55 0.69 3.13

Note: Min: minimum; Max: maximum; CV: coefficient of variance.

The first step in multivariate geostatistics is to
establish a suitable model for cross-continuity and
dependency between two or more variables. This
positive correlation between variables is called cross-
regionalization or co-regionalization and it can be esti-
mated by cross-covariance and cross-variogram [39].
These models are used to describe and interpret the
cross-continuity and dependency between two or
more variables. As an example, let Z;(x) and Z;(x) be
two random variables. Hence, under the second-order
stationarity, the cross-variogram as:

1) = SE(Z G+ ) ~ ZNIZ G+ ) - 2]} (@)

For modeling the co-regionalization a possible
model is the so-called linear model of co-regionaliza-
tion (LMC) [32]. In this model, all direct (y;(h)) and
cross-variograms (y;(h)) are expressed as a linear com-
bination of the same basic structures. In the situation
of three basic structures,

y1(h), y»(h), and y3(h), the MLC is written as:

vii(h) = byy' (h) + 0372 (h) + b (h)

() = B9 (1) + B2 () + B2 () ®)

where the coefficients b are the contributions to the sill
from each structure.

All these structures must be modeled simulta-
neously and should be adequate to all experimental,
direct, and cross-variograms, to guarantee positive
definiteness and proper regionalized correlation coeffi-
cients [22].

Cokriging extends the principle of optimal estima-
tion using regionalized variable theory from that of a
single property to situations where there are two or
more co-regionalized properties. In other words,
co-kriging takes advantages of intervariable correla-
tion. Cokriging is more efficiently used where one
variable may not have been sampled sufficiently
(owing to experimental difficulties, high costs, etc.) to
provide estimates of acceptable precision. Estimation
precision can be improved by utilizing the spatial cor-
relation between the under-sampled (primary) vari-
able and other, more frequently sampled co-variables.
The concepts of co-kriging discussed here assume
only one co-variable, but the equations are readily
expanded to include additional co-variables [24].

The co-kriged value of the undersampled, or pri-
mary, variable Z,, is computed as a weighted average
of the observed values of the co-variable, Z;, and Z,
occurring in the estimation neighborhood of each kri-
ged point. The co-kriged value z; at point zero is [21]:

Z(0) = z]: WiiZy (i) + zz: WaiZs () (4)
i=1 j=1

where Wy; and W,; are the weights associated with Z,
and Z,, respectively, and n; and n, are the number of
neighbors of Z; and Z, involved in estimating zat
point of interest zero, respectively.

The weights on observed values of Z; and Z, are
chosen so that the estimate is unbiased with minimum
variance.

Like kriging, solution of the co-kriging system also
yields the co-kriging estimation variance for interpo-
lated location zero. The equations of co-kriging system
have been presented in full by authors [21,38,39].
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3. Results and discussion
3.1. Principal component analysis

Variables for PCA analysis in this study were pH,
EC, HCO;, Ca**, Mg**, Na*, K*, SO;~, NO;, Cl~, TDS,
and SAR. By applying the Pearson’s correlation matrix
for the 12 variables (Table 2), there are significant posi-
tive correlations between TDS with EC, Mg2+, Cl, Na?*,
and SO4>~ which indicate that such ions in the ground-
water were likely from the same sources.

Based on the eigen values (>1), the first three
factors are selected to represent the hydrogeochemical
processes of the groundwater, without the loss of
significant information. The analysis generated three
factors which together account for 76% of variance.
The rotated loading, eigen values, percentage of vari-
ance, and cumulative percentage of variance of all the
three factors are given in Table 3.

The first eigen value is 5.9 which accounts for
49.7% of the total variance and this constitutes the
first and main factor. The second and third eigen val-
ues are 1.67 and 147 and these accounts 14 and
12.25%, respectively, of the total variance. Factor 1 is
mainly associated with very high loading of Na, TDS,
EC, SAR, Cl, SO,, and Mg. This factor can be associ-
ated with the seawater intrusion affecting the studied
aquifer, which is considered to be an important con-
tamination process affecting the quality of groundwa-
ter. The second factor, accounting for 14% of total
variance, is mainly associated with negative loading
(=0.7) for HCO; and positive loading for pH and K.
PC, is assumed to be indicative of the natural pro-
cesses and water-rock interaction. The third factor
explains 12.25% of the variance and is mainly related
to NO;. The contribution of NO; to the groundwater
quality likely originated from the excessive application
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of agricultural fertilizers associated with infiltration of
irrigation return waters.

3.2. Cluster analysis

The R-mode hierarchical cluster analysis was per-
formed for the set of 75 samples and 12 variables. It
yielded a dendrogram (Fig. 2), grouping all of the 12
descriptors into two statistically significant clusters.

From this dendrogram, one can find the relationship
between different variables, the dendrogram shows a
high correlation between major ions (Na%*, SAR, EC,
TDS, and C17), which indicated the processes of marine
intrusion. The second cluster shows the similarity
between, nitrate, bicarbonate, and pH as one group,
which probably indicate surface water recharge, water—
rock interaction in addition of agriculture fertilizers.

Overall, the CA result confirms the PCA classifica-
tion, but the second cluster corresponded to relatively
non-marine origin variables.

3.3. Geostatistical estimation of groundwater quality

In order to highlight the importance of the ground-
water salinization in Sfax coastal aquifer, the geostatis-
tical method of cokriging is applied to take into
account spatial dependence of ground water quality
parameters.

In this method, the parameters of groundwater
quality with the highest correlation coefficients in the
correlation matrix were selected [23]. Hence, a signifi-
cant correlation between TDS, Cl, Na, SO,4, and SAR is
evidenced. However, Mg** shows weak correlations
with SAR (r=0.43). In such a way, only five ground-
water quality variables, including, Cl, Na, TDS, SO4,
are considered as primary variables and TDS as
auxiliary variable for conducting cokriging.

Table 2

Correlation matrix of groundwater quality parameters of Sfax superficial aquifer
EC TDS pH Cl™ NO3;~

EC 1

TDS 0.87 1

pH —-2.21 -1.15 1

Cl™ 0.85 0.83 —0.02 1

NO; 0.11 0.12 —0.04 0.14 1

50421_ 0.65 0.79 -0.18 0.5

K* 04 0.52 0.04 0.44 -0.12

HCO3; —0.13 -0.18 -0.14 -0.17 0.03

Na* 0.85 0.9 -0.18 0.79 —0.03

Ca®* 0.52 0.58 —0.03 0.59 0.35

Mg?* 0.7 0.8 0.03 0.69 0.1

SAR 0.71 0.73 —0.23 0.6 -0.13

so,”  K* HCO;~ Na* Ca** Mg®* SAR
1

0.56 1

-029 035 1

0.73 044  —0.08 1

0.55 044  —044 033 1

0.76 053  —0.13 065 051 1

0.57 0.3 0.07 093 004 043 1
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Table 3
Rotated factor pattern of three factors after varimax rotation
Factor 1 Factor 2 Factor 3

Na* 0.96 -0.1 -94x102
TDS 0.95 ~7.2x 1072 0.16
EC 0.91 —-5.2x 1072 0.17
SAR 0.84 —0.31 -0.29
Ccl 0.84 8.4x 102 0.23
SO 0.81 0.24 572 x 1072
Mg** 0.78 0.24 0.17
HCO; -0.12 -0.77 -9.38x 102
K* 0.55 0.56 —0.11
pH —0.22 0.52 —0.11
NO; -1072 -0.16 0.89
Ca* 0.47 0.47 0.62
Eigen value 5.97 1.67 1.47
% total variance 49.75 13.96 12.25
Cumulative% variance 49.75 63.72 76
Bold values indicate strong loading (>0.75).

I 3 20 = s Fig. 3 shows the simple and cross-experimental

N:
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Ca _ Cluster 2

HCO3 l

Fig. 2. Dendrogram generated from hydrochemical data
showing relations between variables.

To study the cross-correlation effect between the
five variables, the experimental variograms for each of
the variables as well as the cross-variogram were
computed. In total, variogram functions were esti-
mated. In the co-regionalization analysis, the structure
of spatial correlation was assumed to be independent
from direction. Therefore, the omnidirectional vario-
grams were used for analyses.

The next step consists of fitting to the experimental
variograms and cross-variograms analytical models.
The best-fit variogram models of these five groundwa-
ter quality variables were displayed in Fig. 3.

Three basic structures were used: (1) a nugget-
effect; (2) an exponential model with a practical range
of 20km; (3) spherical models with ranges of 14, 14,
and 16 km, respectively.

semivariograms with the fitted models. The hulls, lim-
iting values of model that would hold if correlation
was perfect are also reported [34,40].

All direct semivariograms generally show some
spatial structure and are bounded, but most of them
have a large component of the nugget effect. Indeed,
the ratio of nugget to total variation of the variograms
models of SO, Cl, TDS, Na, and SAR was about 2.3—
62%, indicating that the spatial correlation of the stud-
ied variables was moderately dependent, except in the
case of SO4. This situation indicates that the ground-
water quality properties vary at a scale smaller than
the minimum lag distance.

The experimental cross-variograms indicated gener-
ally a positive spatial cross-correlation, whereas the
spatial correlation for the small distance was negative
for the couples SOs—Na, SO,~TDS, and SO,—SAR. The
traditional simple product-moment correlation coeffi-
cient does not reveal the real relationship among the
variables because it (1) averages out distinct changes in
the correlation structures occurring at different spatial
scales, and (2) includes the measurement errors inher-
ent in the nugget effect as reported by Sollitto et al. [41].

In addition, most of the cross-variograms models
are generally quite close to the upper dotted lines of
maximum correlation, except in the cases of CI-SAR
and Cl-SO,. The reduction of spatial cross-correlation
is related to their low correlations CI-SO4 (0.5) and
CI-SAR (0.60).

The pattern of spatial variation in groundwater
quality indices was assessed by interpolating the data
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Fig. 3. The Simple and cross-variogram and their model fit for 5 groundwater quality parameters in the Sfax superficial

aquifer.

by cokriging with a 2km x 2km cell grid, for a total of
3,600 grid nodes.

Cokriging estimates for Na (Fig. 4(a)), SO, (Fig. 4
(b)), TDS (Fig. 4(c)), SAR (Fig. 4(d)), and CI (Fig. 4(e)),
exhibit similar spatial patterns and reveal the zones at
high risk of groundwater contamination. The higher
values are indicated by darker colors, representing
high salinization regions, and lower values are indi-
cated by lighter colors, denoting low salinization
regions. It is noteworthy that only the recharge area
located essentially in the region of Bir Ali shows low
salinity values. However, the concentrations of TDS,

Cl, Na, SAR, and SO, exceeded the agricultural water
quality recommendation set by Tunisian Water Code
[42] in the coastal band of the study area, where the
salinity locally exceeds 5g/L and may reach 9g/L
particularly in the zone of Djebeniana (Fig. 4 (c)) due
to seawater intrusion in groundwater [12].

3.4. Performance of predicted errors in cross-validation
procedure

This study adopted a cross-validation procedure
to evaluate the accuracy of the variogram and the



I. Triki et al. | Desalination and Water Treatment 52 (2014) 1980-1989 1987

Sodlum'concan

200

Y (Km)

Fig. 4. Spatial variability maps of groundwater quality parameters generated by cokriging in the superficial aquifer of

Sfax.



1988

Table 4
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Results of the cross-validation method applied for kriging and cokriging

Variable Summary statistics of kriging Summary statistics of cokriging

ME (mg/L)  MSE (mg/L)>  MSSE  R® ME (mg/L) ~ MSE (mg/L)>  MSSE  R®
Na —5.78 235,011.5 1.05 0.14 -2.3 5,504 1.01 0.98
SO, —10.96 611,378.8 091 0.36 2.3 138,463 1.1 0.89
Cl -17.59 559,205.8 1.2 0.3 0.66 94,838.8 1.14 0.91
SAR 0.04 10.6 0.96 0.09 0.03 0.65 0.97 0.97
TDS —0.09 4.49 1.2 0.42 0.01 0.51 0.97 0.95

ME: mean error; MSE: mean-squared error; MSSE: mean-square standard error; R*: correlation coefficient between estimated and mea-

sured data.

cross-variogram models for kriging and cokriging. In
this procedure, every known point is estimated using
the values at the neighborhood around it, but not
itself [20]. The mean error (ME), mean-squared error
(MSE), and mean-square standard error (MSSE) were
adopted to evaluate the performance of predicted
errors in a cross-validation procedure for kriging and
cokriging, and defined as follows [21].

1 n .
ME = ;(zi - Z)=0 (5)
1 n . ) o
MSSE = . ;(Zi —Z;)° minimum (6)
B 1 n (ZT o Zi)z N
MSSE = Z{T} ~1 (7)

where Z' and Z; are the estimated and observed
values of the variable at the location i, and ¢; is the
associated standard deviation of the estimation error.

Additionally, crossing plot of the estimate vs. the
true value shows the correlation coefficient (R?).
The most appropriate variogram was chosen based on
the highest correlation coefficient by trial-and-error
procedure [20].

The results obtained through cross-validation
(Table 4) show that cokrigng provides much better
estimation results than kriging, because (1) the ME
and MSE predicted by cokriging are smaller than
ME and MSE predicted by kriging, (2) yhe MSSE
predicted by cokriging is closer to one than MSSE
predicted by kriging, and (3) the correlation coefficient
(R® of estimated value associated with kriging and
cokriging methods against the real groundwater qual-
ity for Na, SO4, Cl, SAR, and TDS is closer to one for
cokriging method than kriging one.

3.5. Conclusions

The purpose of this study has been to demonstrate
the use of multivariate statistical analysis and
cokriging technique for mapping groundwater quality
contamination zones.

Principal components analysis and cluster analysis
assisted the extraction and recognition of the factors
responsible for groundwater quality variations. The
ionic composition of the groundwater in the superfi-
cial aquifer of the Sfax was explained by three major
factors in which Cl, Na, SO4, SAR, and TDS represent
the higher contribution to the first factor.

Considering the high correlation between the
above mentioned parameters, the application of multi-
variate geostatistical technique appears entirely
reasonable. Thus, cokriging is used to take into
account spatial dependence between these parameters
and to delineate the zones at high risk of groundwater
contamination in coastal Sfax aquifer. Results showed
that for the studied variables, estimation can be signif-
icantly improved using cokriging.

This work illustrates the feasibility of this
approach to obtain a representative assessment of
groundwater salinization risk, which forms a basis for
sustainable management or improvement of the
quality of groundwater in agricultural fields.
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