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Abstract
This study is the first attempt to characterize the suitability of the Grombalia phreatic aquifer for irrigation use by combining 
traditional classification diagrams with different geostatistical interpolation methods. The Wilcox and USSL diagrams sug-
gest that only 20% of the groundwater samples satisfy the recommended sodium standards, whereas 50% of the groundwater 
samples are classified as unsuitable for irrigation because of salinity constraints. The spatial interpolation of four parameters, 
particularly electrical conductivity (EC), chemical oxygen demand (COD), chloride, and piezometric levels, is performed via 
ordinary kriging (OK). The results reveal the presence of high values of EC in the central and northern parts of the aquifer, 
and that chloride concentrations exceed the recommended irrigation standards in a large portion of the aquifer, mainly due 
to the presence of excessive industrial discharge. High levels of COD are observed in the northwestern part, probably due 
to anthropogenic sources. Indicator kriging (IK) revealed that a large portion of the northern part is likely to experience 
salinity and toxicity adversities, whereas the majority of the southern part is considered to be suitable for irrigation use. In 
particular, 38% of the study area is expected to be suitable for irrigation use concerning salinity (i.e., electrical conductivity 
and total dissolved solids (TDS)), whereas an even lower portion (16%) is expected with respect to chloride.
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Introduction

Tunisia exhibits a diverse range of bioclimatic regions, cov-
ered by mountainous terrain in the northern part, North-
Saharan steppe in the central area, and desert in the southern 
area. The northwestern areas experience an annual average 
rainfall of more than 1500 mm, whereas the southern region 
receives less than 100 mm annually (Henia 2008). Moreo-
ver, strong temporal variability in the precipitation rates has 
also been observed during the last half-century (Besbes et al. 
2014).

Groundwater constitutes a major component of the water 
supply, particularly 44% of conventional water resources in 
Tunisia, and plays an essential role in the agricultural sector 
(Amwele et al. 2021). However, ensuring that groundwater 
quality is sufficient for use in agriculture is a challenging 
task because of the numerous potential sources of con-
tamination that are present, such as urban run-off, domestic 
wastewater, and intensive use of fertilizers (Delbari et al. 
2016; Khelifi et al. 2022; Panagiotou et al. 2022b).
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Previous studies revealed the presence of highly contami-
nated wastewater in the hydrological system near industrial 
complexes and large cities because the concentrations of 
water quality indicators exceed the recommended values 
(Taoufik et al. 2017; Gasmi et al. 2016). For example, water 
samples have been collected from different locations along 
the national river network, revealing the presence of high 
concentrations of salinity, chemical oxygen demand (COD), 
organic pollutants, biochemical oxygen demand (BOD), 
microbiological parameters, and heavy metals (Khadhar 
et al. 2013; Gasmi et al. 2016; Khouni et al. 2021). Further-
more, groundwater is experiencing a decline in both quan-
tity and quality due to climate change, extended drought 
conditions, and human activities throughout this century, 
leading to increasing restrictions on its use for irrigation 
(Jarray et al. 2025).

Graphical methods are commonly used to classify water 
samples concerning irrigation quality indicators (Machiwal 
et al. 2018; Güler et al. 2002; Khawla and Mohamed 2020; 
Ncibi et al. 2023), along with statistical methods to under-
stand the complex behavior of aquifer processes, identify 
the origins of contaminants, and correlate these processes 
with hydrochemical characteristics (Neophytides et al. 2024; 
Güler et al. 2012; Panagiotou et al. 2024a, b; Panagiotou, 
Konstantinou, Chekirbane 2024b; Güler et al. 2002).

Most traditional graphical approaches display the relative 
proportion of major ions and the total dissolved solid con-
centration in the sample; thus, these methods are usually lim-
ited to a subset of the available dataset. The Piper diagram 
(Piper 1944) is the most commonly used graphical method, 
displaying the relative concentrations of major anions and 
cations on two distinct trilinear diagrams. Other methods 
exist that are often used to classify samples, such as the Stiff 
pattern diagram (Stiff 1951), US Salinity Laboratory charts 
(Richards 1954), Wilcox diagram (Wilcox 1948), and Schoe-
ller diagram (Schoeller 1938). Some graphical methods are 
designed to display a single sample (or average) per diagram 
(e.g., Collins bar, Stiff), whereas other methods can show the 
entire dataset (e.g., Wilcox, USSL, Piper). However, none 
of these diagrams can produce distinct groups of datasets 
because of the lack of objective means (e.g., dissimilarity 
metrics).

An alternative approach to interpret the chemical state 
of water samples while producing distinct hydrochemical 
groups is to explore statistical associations among attrib-
utes via multivariate statistical methods (Güler et al. 2012; 
Machiwal et al. 2018; Panagiotou et al. 2024a). Although 
these methods do not guarantee the identification of cause-
effect patterns, they provide a compact representation of 
the available information and can contribute to the inves-
tigation of hydrochemical mechanisms (Güler et al. 2002). 
Clustering analysis (CA) is an illustrative example of a 
powerful statistical tool that is commonly used to classify 

hydrochemical information by grouping the water samples 
into distinct populations (Güler et al. 2002; Mirzavand 
and Walter 2024; Ni et al. 2024). Principal component 
analysis (PCA) and factor analysis (FA) are multivariate 
techniques that are also commonly used to detect patterns 
in water samples. PCA is used mainly for reducing the 
dimensionality of the dataset (Panagiotou et al. 2024a, b), 
whereas FA is often used to identify structural dependen-
cies among the quality factors (Tziritis et al. 2024). Unlike 
graphical methods, these techniques can use any combi-
nation of chemical and physical attributes, whereas the 
efficiency and semiobjective nature of these techniques 
make them superior to graphical methods for grouping 
the sampling data based on the available information. On 
the other hand, graphical methods can provide valuable 
insights into the chemical nature of statistical groups. The 
spatiotemporal patterns of these attributes exhibit high 
heterogeneity, requiring large and high-dimensional data-
sets to provide estimations with sufficient accuracy beyond 
the sampling locations. Consequently, interpolation tech-
niques are widely used to capture the spatial patterns and 
the interrelations among relevant attributes beyond the 
sampling locations.

In contrast to deterministic interpolation techniques, 
geostatistical approaches provide predictions of attributes 
at unsampled locations by fitting spatial models to the avail-
able data (Chilès and Delfiner 2012). Examples of these 
approaches are the kriging methods, which provide two 
outputs at any unsampled location: (i) an estimate of the 
unknown geochemical variable value and (ii) a measure of 
uncertainty regarding that estimate. These outputs can be 
used to define a distribution of possible values at any unsam-
pled location; the mean of that distribution is the kriging 
estimate and its variance is the kriging variance. Another 
advantage of kriging methods is their ability to provide the 
best linear unbiased prediction (BLUE) of an attribute at 
a target location by minimizing the prediction error vari-
ance, assuming that a variogram or covariogram model is 
available. Consequently, kriging estimations can be used 
by policymakers in probabilistic decision-making. Differ-
ent kriging variants have been developed, depending on the 
assumptions adopted regarding the expected attribute value 
(average) at unsampled locations. Ordinary kriging (OK) 
and indicator kriging (IK) are among the most widely used 
kriging methods in groundwater applications (Ncibi et al. 
2022; Karami et al. 2018; Hu et al. 2005; Dash et al. 2010; 
Arslan 2012; Bradaï et al. 2016; Islam et al. 2017; Panagio-
tou et al. 2022a, b).

For example, Al Kuisi et al. (2009) investigated the con-
tamination risks in the Amman-Zarqa Basin with respect to 
nitrate and salinity concentrations. The OK and IK methods 
were combined to evaluate the spatial variability in pollut-
ants during different periods and were used to assess the 



14022	 Environmental Science and Pollution Research (2025) 32:14020–14036

impact of anthropogenic activities on the chemical status 
of the groundwater system. Dash et al. (2010) applied OK 
to estimate the spatial patterns of groundwater depth and 
several chemical properties of an aquifer located in the 
National Capital Territory of Delhi (India). Additionally, IK 
was used to identify areas at high risk of pollution accord-
ing to national guidelines. Arslan (2012) investigated the 
spatiotemporal evolution of groundwater salinity in irrigated 
areas, located in the Kizilirmak Delta (northern Turkey). OK 
showed a decreasing trend in the salinity levels, whereas 
indicator kriging suggested that the northernmost region 
of the plain is vulnerable to salinity hazards. Delbari et al. 
(2016) used IK to map several water quality parameters, 
leading to the identification of areas where sprinkler irriga-
tion practices are expected to be efficient. On the basis of 
their results, the authors suggested the usefulness of inte-
grating geostatistical tools with geographical information 
systems (GIS) in probabilistic decision-making for water 
resource management.

The objective of the present study is to assess the suit-
ability of the Grombalia phreatic aquifer for irrigation via 
the combination of traditional classification diagrams and 
geostatistical modeling via a relatively small dataset (i.e., 20 
sampling locations). OK is used to assess the spatial vari-
ability of piezometric levels and major chemical parameters, 
whereas IK is used to generate probability maps exceeding 
critical thresholds for water quality indicators according to 
agricultural standards. The remainder of this paper proceeds 
as follows: After the study area and the details of the statis-
tical analysis are presented in the “Material and methods” 
section, the spatial distributions of the geochemical param-
eters, along with the probabilities of major quality indica-
tors exceeding the recommended values, are discussed in the 
“Results and discussion” section. Conclusions are given in 
the “Conclusion” section.

Material and methods

Description of the study area

The Grombalia region, covering approximately 363 km2, is 
situated in the southwestern part of the Cap Bon Peninsula 
in Tunisia (Fig. 1a). It is bordered by the Gulf of Tunis to 
the north, the Takelsa Syncline to the northeast, the Abder-
rahman Mountain and the eastern coastal plain to the east, 
the plain of Hammamet to the south, and the Bouchoucha 
and Halloufa reliefs. During the period of 1956–2005, the 
region experienced a semiarid to Mediterranean subhumid 
climate with an average annual rainfall of approximately 
488 mm (Kammoun et al. 2021; Re et al. 2017), whereas 
the highest precipitation rates occurred between October 
and January (Fig. 1b). Between 2003 and 2013, the average 

annual temperature was approximately 18 °C, with a maxi-
mum of 28.9 °C in July and a minimum of 8.6 °C in January 
(INM 2014). Furthermore, the average monthly potential 
evapotranspiration recorded is 76.8 mm, with the lowest 
amount measured in January (40.7 mm) and the highest in 
July (134.5 mm) (INM 2014). The region is also character-
ized by several ephemeral rivers or wadis that collect surface 
runoff from the surrounding highlands and flow toward the 
Gulf of Tunis.

Groundwater resources in Grombalia have historically 
been essential for drinking water, agriculture, and industrial 
purposes because of their high quality. However, excessive 
exploitation, improper waste disposal practices, and acci-
dental spills of hazardous chemicals have led to a worry-
ing decline in water quantity and quality. According to the 
land use map (Fig. 1a), the Grombalia region is dedicated 
to mixed agriculture, mainly citrus and grape production. It 
is also known for horticulture, particularly for the produc-
tion of tomatoes, strawberries, and legumes (Re et al. 2017). 
Additionally, the industrial sector in the region is expanding 
rapidly with more than 300 factories, including the agrifood, 
textile, and leather sectors, located in surrounding areas such 
as Grombalia, Soliman, Menzel Bouzelfa, Beni Khaled, and 
Bouargoub.

The study area is characterized by a well-developed drain-
age network, with streams connected to the Belli, El Melah, 
Bezrik, Bou Argoub, and El Bey rivers. Interestingly, this 
stream network serves as the primary natural resource for 
recharging the aquifer system within the region, function-
ing as an infiltration basin (Slama and Sebei 2020). Water 
percolates through the soil, moving from the land surface to 
the aquifer. This process is particularly advantageous because 
of the dense network of streams, abundant annual rainfall, 
and comparatively low yearly evapotranspiration in the stud-
ied basin. Consequently, managed aquifer recharge (MAR) 
schemes were installed within the study area from 1990 to 
2015, involving the collection of water from dams and subse-
quent discharge into more than 100 infiltration basins, target-
ing the augmentation of groundwater reservoirs to mitigate 
pollution risks (Ben Saad et al. 2023; Kammoun et al. 2021), 
and covering the water needs of multiple sectors. The annual 
amount of water that is allocated for MAR is reported to 
reach up to 1 million cubic meters. However, the operation 
of the MAR scheme was suspended in 2015 (Ben Saad et al. 
2023) because of damage to critical infrastructure (basins).

The geological outcrops of the study area (Fig. 2a) range 
from Tertiary to Quaternary (Chihi 1995). The Tertiary for-
mations contain four units including limestone, sandstone, 
and clay; gritty marl; and gritty limestone and sandstone 
(Tlili-Zrelli et al. 2013). The Grombalia Basin is character-
ized as a graben filled with 500 m of fine to coarse-grained 
sands, clayey sands, sandstone, and abundant evaporite 
deposits from the Quaternary period (Ben Moussa et al. 
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Fig. 1   a Land use map of the Grombalia phreatic aquifer. b Monthly precipitation1 rates based on measurements from nearby rainfall stations, 
averaged over the period 1956–2005
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Fig. 2   a Geologic map of Grombalia phreatic aquifer. b Cross section modified (Ben Moussa et al. 2009). c Piezometric map of Grombalia aqui-
fer based on data collected in 2020 (Kammoun et al. 2021)



14025Environmental Science and Pollution Research (2025) 32:14020–14036	

2009; Re et al. 2017). The Quaternary sequences are primar-
ily continental and affected by complex tectonic structures 
(Chihi 1995; Slama and Sebei 2020). The basin is delin-
eated by two prominent normal faults known as the Borj 
Cedria NNW–SSE fault and the Hammamet NE–SW fault 
(Ben Moussa et al. 2009, 2010; Chihi 1995; Hadj Sassi et al. 
2006), which were activated during the middle Miocene and 
the Quaternary (Tlili-Zrelli et al. 2013). The Beglia (Mio-
cene) and Segui formations (Mio-Plio-Quaternary) are char-
acterized by strong subsidence with variable depths (Chihi 
1995; Hadj Sassi et al. 2006), ranging from 227 to 1000 m.

The basin comprises a multilayer aquifer system consist-
ing of the following layers, from top to bottom: a shallow 
unconfined aquifer (the focus of this study) with a thickness 
of 50 m logged in sandstones, fine to coarse-grained sands 
and clayey sands of Quaternary continental deposits, an 
overlying confined aquifer with a thickness of 100 m, and a 
deep confined aquifer with a thickness of 200 m contained in 
Miocene sandstones (Ennabli 1980) (Fig. 2b). The shallow 
aquifer is recharged through pediments originating from the 
surrounding mountains and the central portion of the basin 
(Ben Moussa et al. 2010). The primary direction of ground-
water flow is from southeast to northwest, flowing toward 
Sebkhet El Melleh (Fig. 2c) and subsequently into the Medi-
terranean Sea with piezometric values fluctuating from 60 
m in Beni Kalled to 5 m in the Soliman region (Kammoun 
et al. 2021). Despite artificial recharge operations via sur-
face infiltration basins, installed at the Mejerda–Cap Bon 
canal between 1990 and 2015, the piezometric level (PL) of 
the Grombalia aquifer, particularly in the Belli region, has 
generally decreased by approximately 10 m since 1972 due 
to overexploitation (Baccouche et al. 2024). The presence 
of many exploitation wells, reaching approximately 8800 in 
2015, led to an increase in the exploitation rates of the shal-
low aquifer from 54 Mm3/year in 1980 to 106 Mm3/year in 
2015. Over the past two decades, the Grombalia aquifer has 
experienced significant degradation in both water quality 
and quantity (Kammoun et al. 2021; Re et al. 2017).

Data collection, analytical procedures, 
and irrigation water quality parameters

Groundwater samples were collected from 20 shallow moni-
toring wells located in the Grombalia aquifer, ranging from 
15 to 50 m below the ground surface (Fig. 3), during a single 
sampling campaign in April 2021.

All the samples were analyzed by the Wastewater 
and Environment Laboratory of the CERTE (LabEUE-
CERTE, Tunisia). The concentration values of the meas-
ured parameters at all the sampling locations, together 
with the piezometric levels, are shown in the Supplemen-
tary Material (SM) (Table SM1). The analysis of phys-
icochemical parameters was conducted simultaneously 

via ion chromatography (940 Professional IC Vario 
METROHM for anions and 861 Professional IC Vario 
METROHM for cations), particularly for major ele-
ments Cl−,Mg2+, K+, Ca2+, NO−

3
 , and Na+, according to 

the standard method (ISO 10304–1:2007). The IC system 
was equipped with an anion-exchange column (AS4 A-SC, 
150 mm × 4 mm) coupled with a conductivity detector and 
controlled by IC NET software. The ion standard solu-
tions used for calibration were prepared in ultrapure water 
via class A volumetric glasses. The samples were filtered 
(0.45-μm-pore diameter membrane filters) before ionic 
HPLC analysis to remove particles. COD was analyzed 
according to the standard dichromate titrimetric method 
(Rodier 1975), and electrical conductivity (EC) was meas-
ured with a calibrated conductivity meter (Adwa, AD300). 
TDS are measured via the standard method defined by 
Rodier (1975).

A set of parameters was considered to assess the suit-
ability of groundwater for irrigation. In the original work, 
Richards (1954) noted that the most important character-
istics in determining the quality of irrigation water are the 
total concentration of soluble salts, the relative proportion 
of sodium to other cations (e.g., Ca2+, Mg2+and K+) and the 
concentration of boron or other elements that may be toxic 
(e.g., Cl−), and under certain conditions, the bicarbonate 
concentration is related to the 275 concentration of calcium 
plus magnesium. Several indices and chemical parameters 
that influence groundwater chemistry are used to investigate 
the suitability of groundwater for irrigation.

Fig. 3   Spatial distribution of the sampling locations (filled red cir-
cles) in Grombalia phreatic aquifer
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The first parameter is the sodium absorption ratio 
(SAR), which represents the relative abundance of sodium 
ions with respect to calcium and magnesium concentra-
tions and is given by:

where the subscript [.] denotes the concentration expressed 
in milliequivalents per liter (meq/L). A high SAR value 
indicates the presence of excessive sodium ions in the 
water, which might reduce the soil permeability and 
infiltration capacity. The infiltration rate increases with 
increasing EC for a given SAR value, and high salinity 
negatively affects the quantity of water available for plants 
(Ayers and Westcot 1985). The soluble sodium percent-
age (Na%) is also a widely used parameter for classifying 
irrigation water and is associated with the interaction of 
sodium with soil:

High values of Na% indicate low concentrations of 
magnesium and calcium ions, thus reducing the capac-
ity for water movement. However, there are no univer-
sal threshold values above which the water is considered 
unsuitable for irrigation purposes (Ayers and Westcot 
1985). Wilcox categorized irrigation water with respect 
to the sodium percentage as excellent if the sodium per-
centage is less than 20%, good if the Na% is between 20% 
and 40%, permissible in the 40–60% range, doubtful if it is 
in the 60–80% interval, and unsuitable if it is greater than 
80% (Wilcox 1948). In the present study, sodium percent-
ages less than 60% are considered permissible for irriga-
tion on the basis of the Wilcox classification. Kelly’s ratio 
(KR) (Kelley 1941) is used to assess the salinity levels in 
terms of the sodium, calcium, and magnesium concentra-
tions in the irrigated waters, expressed as follows:

(1)SAR =
[Na+]

√

[Ca2+]+[Mg2+]

2

,

(2)Na% = 100 ×

[

Na+ + K+
]

[Ca2+ +Mg2+ + Na+ + K+]
.

KR values higher than unity indicate a surplus of sodium, 
thus affecting plant growth and yield, and are generally 
considered unsuitable for irrigation use (Hamzaoui-Azaza 
et al. 2020). Table 1 below lists the threshold limits for each 
parameter considered in this study to assess the suitability 
of groundwater for irrigation.

Statistical analysis

Although the Gaussian assumption is not strictly required 
for geostatistical estimations, a significant deviation has an 
adverse effect on the spatial autocorrelation of the sampling 
points (Goovaerts 1997; Pardo-Igúzquiza and Dowd 2005), 
the structural behavior of the variogram, and the reliability 
of the kriging estimations (Gringarten and Deutsch 2001; 
Ouyang et al. 2006; Varouchakis et al. 2012). Consequently, 
the Shapiro‒Wilk test has been used to assess whether the 
attributes approximate a normal distribution. Logarithmic 
and square-root transformations were applied to mitigate 
the skewness of the outliers in cases where the normality 
assumption (p-values of the normality test are found to be 
less than 0.05) was not met. The resulting dataset is then 
used to quantify the spatial association of attribute values 
through structure functions, called experimental semivari-
ograms. These functions measure how the dissimilarity of 
a variable evolves with the separation distance h, expressed 
as follows:

where γ(h) is the omnidirectional experimental semivari-
ogram, N(h) denotes the number of pairwise locations 
separated by a distance h, and Z

(

xi

)

 is the attribute value 
at location xi . Fitting methods are used to model the semi-
variogram, allowing the prediction of variogram values for 
any separation distance. Three widely used semivariogram 

(3)KR =
[Na+]

[Ca2+ +Mg2+]
.

(4)�(h) =
1

2N(h)

N(h)
∑

i=1

[Z
(

xi + h
)

− Z
(

xi

)

]
2
,

Table 1   Threshold values for irrigation water quality parameters

Irrigation issue Parameter Type Threshold limit Guidelines Refs

Salinity Electric conductivity (EC)
Total dissolved solids (TDS)

Value 3.0 mS∕cm

2000 mg/L
FAO-UN (Ayers and Westcot 1985)

Oxidization Chemical oxygen demand (COD) Value 120 mg O2∕L Tunisian (JORP 2018)
Toxicity Chloride (Cl−) Value 700 mg L Tunisian (JORP 2018)
Eutrophication Nitrate ( NO−

3
) Value 30 mg/L FAO-UN (Ayers and Westcot 1985)

Infiltration capacity Sodium adsorption ratio (SAR) Diagram Wilcox classification Wilcox (Wilcox 1948)
Sodicity Sodium percentage (Na%) Diagram Wilcox classification Wilcox (Wilcox 1948)

Kelly’s ratio (KR) Value 1.0 Kelly (Kelley 1941)
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models, namely the spherical, exponential, and Gauss-
ian models, are considered during the regression analysis 
to model the behavior of the spatial correlation structures, 
which are then used as inputs to kriging variants.

Ordinary kriging is the most widely used kriging vari-
ant, which assumes the existence of an unknown expected 
attribute value within each search neighborhood, which is 
different from one neighborhood to another. The ordinary 
kriging estimator is designed as the best linear unbiased 
estimator (BLUE) (Journel 1978). It is “linear” because 
it contains a weighted linear combination of the available 
data:

where n denotes the total number of nearby samples con-
tributing to the estimation at location x0, the subscript OK 
denotes ordinary kriging estimation, and �i,OK denotes the 
weight coefficient assigned to Z

(

xi

)

 at location xi , I
(

xi;zk
)

 , 
which is summed to one to ensure the unbiasedness of the 
estimated value. Finally, the OK estimator is the best because 
it aims to minimize the variance of the errors (Isaaks and 
Srivastava 1989). More details regarding the calculation of 
these weights and the kriging equations can be found in rel-
evant works (Chilès and Delfiner 2012).

Different numbers of neighboring data points are con-
sidered during the interpolation process to determine the 
spatial extent of the search neighborhood. The leave-one-out 
cross-validation process is used to evaluate the performance 
of the interpolation method. The deviation of the estimated 
values from the measured data is quantified by the root-
mean-square error (RMSE), expressed as follows:

where nt is the total number of samples and where CVerr,i 
denotes the error obtained through the leave-one-out cross-
validation process. The optimum kriging estimates for each 
parameter are then back-transformed to the original units of 
measurement. For log-transformed data, the following back-
transform expressions are applied at every grid cell (Laurent 
1963; Yamamoto 2007):

where the subscript OK,i refers to kriging estimates at the 
ith grid cell, the hat symbol refers to the variables at the 
original scale of measurement, rm is the ratio between the 
sample mean and the back-transformed mean, and σ denotes 
the standard deviation of the attribute. For square-root-trans-
formed kriging predictions, the back-transform expression is 

(5)ZOK(x0) =

n
∑

i=1

�i,OKZ(xi), with

n
∑

i=1

�i,OK = 1

(6)RMSE =

√

√

√

√

1

nt

n
∑

i=1

CV
2
er,i

, CVer,i = ZOK

(

xi

)

− Z
(

xi

)

,

(7)ẐOK,i = rmexp
[

loge
(

ZOK,i

)

+ �2
ZOK,i

]

,

given by the square of the kriging estimations at the unsam-
pled locations:

Indicator kriging (IK) refers to the application of the ordi-
nary kriging method to estimate an indicator at a predefined 
threshold value, resulting in the prediction of the probability 
of these threshold values at locations on the basis of nearby 
samples. In particular, IK is a nonparametric kriging vari-
ant since it does not aim at predicting the actual attribute 
values but rather converts these values into binary data. The 
transformed dataset is then used to estimate the cumulative 
distribution function of an attribute at unknown locations, 
which is conditioned to the attribute values of the neighbor-
ing sampling points. First, the indicator variable, I, is defined 
via the following equation (Goovaerts 1997):

where zk denotes the kth cutoff and where K is the total 
number of cutoffs. Consequently, variogram models need to 
be constructed that reflect the spatial association of a par-
ticular cutoff. With respect to the empirical indicator semi-
variogram, �I(h) , every dataset of indicators at each cutoff 
zk is described by the following expression:

Consequently, kriging estimations of the indicator vari-
ables beyond the sampling locations are obtained with the 
use of the IK estimator, expressed as follows:

where �i,IK denotes the weight assigned to the known indi-
cator value I

(

xi;zk
)

, which is summed to one to ensure the 
unbiasedness of the estimated value. More details regarding 
the calculation of these weights and the mathematical formu-
lation of this kriging variant can be found in relevant works 
(Chilès and Delfiner 2012; Isaaks and Srivastava 1989). To 
represent probabilities, the kriging estimations of the water 
classes are bounded between zero and one and then normal-
ized to ensure that their sum equals one at each grid cell.

In addition, different numbers of neighboring data points 
are considered during the interpolation process to deter-
mine the spatial extent of the search neighborhood, which 
is determined through a leave-one-out cross-validation pro-
cess. Finally, the accuracy of the predictions is evaluated on 
the basis of statistical metrics (i.e., root-mean-square error, 
median error, median absolute deviation) of the kriging 

(8)ẐOK,i = ZOK,i
2.

(9)I
(

xi;zk
)

=

{

1 if Z
(

xi

)

≤ zk, k = 1,… ,K

0 otherwise
,

(10)�I(h) =
1

2N(h)

N(h)
∑

i=1

[

I(xi;zk) − I(xi + h;zk)
]2
.

(11)ZIK(x0;zk) =

n
∑

i=1

�i,IK I(xi;zk),
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estimations. Additionally, histograms and spatial distribu-
tion maps of the quality indicators using OK and IK are 
constructed to provide a comprehensive view of the degree 
of uncertainty, which can help the practitioners to evaluate 
the potential for bias and smoothing effects due to the lim-
ited sample size.

The geostatistical analysis is performed via the R pro-
gramming language, particularly with the usage of gstat and 
sf packages (Pebesma 2004). Overall, R-4.3.2 open-source 
software, together with R-Studio 2023.09.1 integrated devel-
opment software (IDE), was used to perform all the statisti-
cal and graphical computations.

Results and discussion

Descriptive statistics and threshold limits

The basic statistics of the groundwater quality parameters 
are shown in Table 2. Half of the EC concentration val-
ues exceeded the threshold limit (3 mS/cm), with the high-
est salinity levels measured around the Sebkha region in 
the northern part of the aquifer (Fig. 4). Similar mean and 
median values are also observed, together with weak skew-
ness, suggesting a nearly symmetric distribution for EC. 
Identical patterns are observed for TDS, whereas the major-
ity of the sampling locations (70%) are found to satisfy the 
quality standards.

The lowest piezometric levels are observed in the 
northern part of the study area, whereas the highest val-
ues are observed in the central region. Except for one, 
all the sampling locations exceeded the quality stand-
ards for nitrate, with the highest and lowest nitrate val-
ues occurring in the northern and southern parts of the 
study area respectively. With respect to chloride, most 
groundwater samples (65%) do not satisfy the Tunisian 
standards, revealing that the highest concentrations are 
observed in small-scale regions around hot spots located 
in the northern part of the study area. A strong deviation 

is observed between the mean and median values, thus 
exhibiting high skewness (2.65), whereas the maximum 
value of the COD data is measured in the northwestern 
part of the region.

As shown in Table 2, Na% values ranged from 14 to 
80%, with a median of 42%, whereas all the samples 
(except one) presented values below 60% (permissible 
status for irrigation). The Wilcox diagram (Fig. 5) is used 
to display the combined effects of the sodium percent-
age and electrical conductivity on the soils and plants, 
revealing that only four groundwater samples (20% of 
the total number of wells) exist in the “Excellent-Good” 
and “Good-permissible” categories. Five samples (25%) 
are characterized as “Doubtful-Unsuitable,” whereas 
the remaining samples belong to the “Unsuitable” area, 
in which the EC values exceed the threshold limit of 3 
mS/cm. Overall, half of the samples were shown to be 
unsuitable for irrigation purposes due to high salinity 
levels, whereas 20% of the samples were classified as 
permissible.

The SAR values vary from 0.91 to 14.95 with a median 
of 4.64, indicating moderate skewness. The USSL dia-
gram (Richards 1954) is also used to display the com-
bined effects of SAR and EC on soils. In particular, the 
sampling dataset is partitioned into four distinct catego-
ries in terms of salinity hazard: C1 (low, EC < 0.250 
mS/cm), C2 (moderate, 0.250 < EC < 0.750 mS/cm), C3 
(high, 0.750 < EC < 2.250 mS/cm), and C4 (very high, 
EC > 2.250 mS/cm). In terms of sodium hazards, the 
USSL diagram is partitioned into four distinct categories: 
S1 (low), S2 (moderate), S3 (high), and S4 (very high). 
As shown in Fig. 6, the majority of the samples (55%) 
fall within the S2C4 class, whereas five samples (20%) 
fall within the high and very high sodium areas. Three 
samples are classified as S1C3, which are assumed to be 
suitable for irrigation use in the presence of good soil 
leaching conditions. Therefore, the majority of the sam-
ples are not suitable for irrigation use, mainly because 
of high salinity risks.

Table 2   Descriptive statistics 
of the groundwater quality 
parameters considered in the 
present study

Parameter Minimum Median Mean Maximum Skewness % below limit

EC (mS/cm) 0.52 3.11 3.16 6.04  − 0.004 50
TDS (mg/L) 259 1555 1580 3020  − 0.004 70
COD (mg O2/L) 4.00 44.0 66.20 328 2.65 90
Cl−(mg/L) 142.80 1065.35 1133.49 3323.35 1.32 35
NO−

3
(mg/L) 7.2 140.7 149.6 569.7 2.3 5

Piezo. Levels (m) 1.6 23.6 19.36 33.83  − 0.29 -
SAR (-) 0.91 4.64 5.53 14.95 1.35 -
Sodium Perce. (%) 13.92 42.34 42.54 80.07 0.78 -
KR (-) 0.15 0.72 0.84 3.51 3.30 85
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Spatial distribution of the quality parameters 
beyond the sampling locations via ordinary kriging

OK is used to estimate the quality parameters beyond the 
sampling locations. According to Shapiro‒Wiki normality 

tests (not shown), suitable transformations are applied to 
both COD and Cl− to reduce skewness and enhance nor-
mality of the distributions prior to performing the kriging 
estimations (Table 2).

Fig. 4   Spatial distributions of 
electrical conductivity (mS/cm), 
total dissolved solids (mg/L), 
nitrates (mg/L), chemical 
oxygen demand (mg O

2
/L), and 

piezometric levels (m) at the 
sampling locations

(a) EC (b) TDS

(c) (d) COD

(e) Piezometric levels
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Table 3 lists the types and optimized values of the fitting 
parameters of the variogram models, namely, the nugget, 
sill, and range, used for estimating the spatial distributions of 
the geochemical parameters, via linear regression analysis. 
As the table indicates, Gaussian models have been selected 
as the best fit for all the parameters, along with a nugget 
function to represent the small-scale variability of the data 
(Isaaks and Srivastava 1989).

As described in the “Statistical analysis” section, different 
numbers of neighboring data points are considered during 
the interpolation process to determine the spatial extent of 
the search neighborhood (Table 4). Comparing the cross-
validation errors, a minimum of 6 and a maximum of 14 
nearby samples, denoted as (6,14), are used for EC, Cl− , 
piezometric levels, and KR, whereas the usage of all data 
points in the interpolation processes, denoted as global, was 
found to provide the lowest errors for COD and EC.

According to Fig.  7, the highest salinity levels are 
observed in the central and upstream sections of the aquifer 
in the vicinity of the coast, whereas 36% of the total study 
area is expected to meet the health standards (3 mS/cm). The 
spatial variability of the EC reveals a discernible saliniza-
tion gradient, progressing from the eastern to the western 
and from the southern to northern regions in the direction 
of Sebkhat El Maleh toward the coastal zone, which coin-
cides with the dominant groundwater flow path according 

Fig. 5   Wilcox diagram for the classification of groundwater samples on the basis of the sodium percentage (Na%) and electrical conductivity 
(EC). Note that 1000 μS/cm is equal to 1 mS/cm

Fig. 6   USSL diagram for the 
classification of groundwater 
quality in the Grombalia phre-
atic aquifer in terms of SAR and 
electrical conductivity

Table 3   Fitting coefficients of the variogram models for four quality 
parameters

Parameter Function Nugget Sill Total sill Range (m)

EC Gaussian 0.48 2.04 2.52 6793
loge(COD) Gaussian 0.11 1.03 1.14 3002
√

Cl− Gaussian 1.83 134 136 1998

PL Gaussian 4.34 36.9 41.3 3360
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to the spatial extent of the piezometric levels. This observa-
tion implies a significant influence from Sebkhat El Maleh, 
nearby saline soils, and interactions with seawater (Slama 
and Sebei 2020). This salinity phenomenon can be attributed 
to the return of irrigated water, the substantial presence of 
nitrates, and the prolonged contact duration with geological 
formations during the water circulation (Lachaal et al. 2016).

Additionally, the high EC values could be explained by 
intensified agricultural activities, excessive utilization of fer-
tilizers, the return of irrigation water, and the accumulation 
of stagnant water in wetland areas. Recent results of Bac-
couche et al. (2024) highlighted the key role that overexploi-
tation of water resources, together with surface–groundwater 
interactions, play in the evolution of groundwater quantity 
and quality degradation in the Grombalia phreatic aquifer. 
Furthermore, the results of Khezami et al. (2024) indicated 

Table 4   Cross-validation errors for different numbers of neighboring 
sampling points

Parameter Numbers of neighboring sampling 
points (nmin, nmax)

(4,8) (6,14) (1,20)

Ordinary kriging
 EC 0.94 0.83 1.13
 COD 1.71 2.56 1.27
Cl- 9.64 1.82 10.85
Piezometric levels  4.60  3.10  7.86
 Indicator kriging
 EC 0.59 0.62 0.59
 Kelly ratio (KR) 0.49 0.45 0.45
 Chloride (Cl-) 0.42 0.39 0.44

Fig. 7   Spatial distributions of a 
electrical conductivity (mS/cm), 
b chloride ( Cl− ), c piezomet-
ric levels (m), and d chemical 
oxygen demand (mg O

2
/L) with 

the use of ordinary kriging
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that three main geochemical processes, namely, the dissolu-
tion of evaporitic formations, silicate weathering, and cation 
exchange, influence the evolution of groundwater chemistry 
in the Grombalia aquifer.

According to Slama and Sebei (2020), the dissolution 
process of sodium chloride ( Na+−Cl− ) is recognized as the 
prevailing mechanism within the Grombalia aquifer. Thus, 
the presence of higher chloride ( Cl− ) concentrations can be 
attributed mainly to either the occurrence of base exchange 
phenomena or contamination resulting from human activi-
ties (Boughariou et al. 2018; Hamzaoui-Azaza et al. 2020; 
Slama and Sebei 2020; Tlili-Zrelli et al. 2013).

The enrichment of water with sodium (Na+) can be partly 
attributed to the displacement of sodium from absorbed 
complexes in rocks and soil by calcium (Ca2+) and magne-
sium (Mg2+) ions. This process contributes to an increased 
concentration of Na+ in the water. Additionally, the presence 
of high concentrations of chloride (Cl−) and sodium ions 
(Na+) in water can lead to increased water corrosiveness and 
a salty taste. The origins of Na+ and Cl− ions may be con-
nected, potentially associated with the dissolution of halite 
(Ben Moussa et al. 2009).

The elevated concentration of COD in the northwestern 
section of the aquifer could be attributed to pollution transfer 
due to anthropogenic activities in the area. These activities 
include industrial and urban effluents discharge into natural 
water media (rivers) and agricultural runoff. According to 
Slama and Sebei (2020), the proximity of this zone to the 
industrial area of Soliman, mixed agricultural lands, and 
its proximity to Sebkha (salt lake) and streams contributes 
to the increasing levels of organic pollutants in the region. 
Overall, the large majority of the study area, (close to 94%) 
is expected to meet health standards (120 mg O2∕L).

Interestingly, low chloride values and moderate salinity 
levels are observed in the northeastern part of the aquifer 
close to the sea, as a result of the sampling data collected 
from a nearby well.

Finally, Table SM2 summarizes the error analysis of the 
kriging estimations for both OK and IK, which is needed to 
assess the degree of accuracy of the predicted maps. Addi-
tionally, the histograms of the OK predictions are shown in 
Fig. SM1, whereas the spatial variation of the kriging vari-
ance of these predictions is shown in Fig. SM2.

Identification of suitable regions for irrigation 
via indicator kriging

Next, IK is applied to identify regions with a high probabil-
ity that the quality parameters will exceed the agricultural 
standards. Table 5 shows the fitted parameters of the indica-
tor variogram models for each quality parameter. Only expo-
nential and spherical models are considered in the fitting 
analysis to ensure that the linear increments of the indicator 

variogram model are satisfied (Dubrule 2017). Spherical 
functions are selected as the best fit for all irrigation param-
eters, with zero nuggets and ranges exceeding 5000 m.

The resulting variogram models were used to generate 
probabilistic maps for the irrigation suitability parameters 
(Fig.  8), allowing the identification of regions that are 
expected to satisfy the irrigation standards. Compared with 
the cross-validation errors, a minimum of 6 and a maximum 
of 14 nearby samples are selected for all the attributes.

In accordance with the kriging estimations, the majority 
of the central and northern regions of the study area are not 
expected to satisfy the irrigation standards because of the 
high EC values, whereas the eastern region has high prob-
abilities of being suitable for irrigation use. In particular, 
38% of the study area is expected to be suitable for irrigation 
use concerning salinity, particularly EC and TDS.

Additionally, IK estimations for Cl− reveal the dominance 
of low probabilities in the central and northern parts of the 
domain, except for small-scale coherent regions of high 
probabilities that exist close to the coastal interface. In con-
trast, a large portion of the southern part satisfies the thresh-
old limits. As a result, most of the study area is expected 
to be unsuitable for irrigation in terms of this parameter 
(approximately 84%). This observation can be attributed to 
the influx of irrigation water, as the majority of the region 
consists of an irrigated perimeter with intensive agricultural 
practices. The entire study area is expected to satisfy the 
irrigation standards in terms of the KR, except for three iso-
lated regions of low probability that exist in the upper region 
due to the presence of isolated sampling points, which are 
expected to exceed the threshold limits. The histograms (Fig. 
SM3) and the spatial variation of the quality indicators (Fig. 
SM4) are provided in the Supplementary Material, which 
can provide a comprehensive view of the uncertainty levels.

Limitations and future recommendations

Inevitably, the present study and other relevant works which 
are conducted in data-scarce environments are limited by 
the small size of the available datasets. This limitation hin-
ders the use of advanced statistical methods and may lead 
to significant biases in the statistical outcomes (e.g., high 
cross-validation errors of the interpolation methods and 
high uncertainties beyond the sampling locations). In this 

Table 5   Details of the indicator variogram model of the three quality 
indicators

Parameter Function Nugget Sill Total sill Range (m)

EC/Na% Exponential 0.0 0.41 0.41 4979
KR Spherical 0.0 0.17 0.17 5508
Cl− Spherical 0.0 0.19 0.19 5557
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study, the optimized values of the fitting parameters for the 
variogram model, as well as the number of neighboring data 
points that are used to predict the expected values of the 
attributes and build local models of spatial uncertainty, are 
carefully selected among several alternatives. Nevertheless, 
these predictions can serve as a starting point for the authori-
ties toward the development of a cost-effective monitoring 
program in this area of interest. Given the availability of 
sufficiently large datasets, more advanced geostatistical 
methods can be used. For example, cokriging methods 
incorporate information regarding the interaction between 
correlated attributes into the prediction process, which can 
lead to improved results, whereas geostatistical simulations 
can “generate multiple realizations of the attribute of inter-
est reproducing short-scale attribute variability” (Busico 
et al. 2024; Panagiotou et al. 2022a). Simplicial indicator 
kriging (Tolosana-Delgado et al. 2008) is a spatial interpo-
lation technique that can be used to generate probabilistic 

maps of the attributes on the basis of specific cutoffs since 
it avoids the standard drawbacks of indicator kriging, such 
as negative probabilities, probabilities greater than one, or 
the occurrence of nonmonotonic conditional cumulative dis-
tribution function. Additionally, the integration of graphical 
and multivariate statistical methods is recommended since 
it can offer a framework that retains the advantages while 
minimizing the weaknesses of these methods.

Conclusion

The present study investigated the suitability status of 
the Grombalia phreatic aquifer for irrigation via the inte-
gration of kriging variants. Predictions beyond the sam-
pling locations are obtained for major irrigation quality 
parameters, namely EC, Cl− , COD, and KR, along with 

Fig. 8   Spatial distributions of the probabilities of the sodium percent-
age, chloride, and Kelly ratio, used to satisfy the agricultural stand-
ards shown in Table  1 (top) and the classification of groundwater 

quality into suitable (green area) and unsuitable (blue area) for irriga-
tion use on the basis of the probability map (bottom)
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piezometric levels, which are used to assess the suitabil-
ity of groundwater for irrigation use. Classification on 
the basis of the Wilcox and USSL diagrams revealed that 
approximately half of the samples are unsuitable for irriga-
tion purposes because of their high salinity levels, whereas 
20% of the samples are classified as permissible.

Except for the EC and piezometric levels, suitable trans-
formations are applied to the Cl− and COD data, resulting 
in the mitigation of the impact of skewness and outliers 
prior to performing kriging estimations. OK is applied 
to the sampling data to assess the spatial distribution of 
the quality parameters. The spatial patterns of the EC are 
suggested to be highly correlated with the groundwater 
gradient and the spatial distribution of the piezometric 
levels. The greater part of the study area exceeds the rec-
ommended concentration values for Cl− , especially around 
a few sampling points located in the upper part of the aqui-
fer. A small-scale coherent region of high COD concentra-
tions is observed in the northwestern part of the aquifer 
and is associated with existing industrial activities. Low 
chloride values and moderate salinity levels are observed 
in the northeastern part of the aquifer as a result of the 
measured data at a nearby well.

IK is used to generate probability maps for three irriga-
tion suitability parameters, namely, the sodium percentage, 
chloride concentration, and Kelly ratio. The results suggest 
that the majority of the northern part is highly vulner-
able to both salinity and toxicity hazards. For example, 
approximately 84% of the study area is expected to be 
unsuitable for irrigation with respect to chloride. Thus, 
the use of groundwater for irrigation in these areas is not 
recommended since it is expected to damage crops and 
reduce yield. IK estimations suggest low probabilities 
of exceeding the threshold limits in the southern part for 
all irrigation indicators, supporting groundwater use for 
irrigation purposes. Overall, the combination of ordinary 
kriging and indicator maps can assist local authorities and 
stakeholders in identifying suitable regions for irrigation 
use in terms of quality parameters at unknown locations, 
providing insights for future research and assisting in 
the design of cost-effective monitoring practices in data-
scarce environments.
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