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Abstract: This study aims to model soil salinity spatial distribution using ordinary
kriging and Inverse Distance Weighted interpolation methods. Soil samples were
collected from the irrigated perimeter of Zelba of the region of Mahdia (Eastern
Tunisia). Electrical conductivity (EC 155) measurement were interpolated with the
Gaussian semi-variogram model using ordinary kriging. Variogram parameters showed
that the nugget effect values are relatively low (Co<10). The nugget effect/sill ratio is
less than 25%, the correlation coefficient (r?) is close to 1 and the range values varied
between 607 and 1520 m. Cross validation was adopted to validate the semi-variogram.
Results showed that the correlation coefficient values are close to 1 and the regression
coefficient (R) values ranged between 0.85 and 0.99 indicating that ECys spatial
autocorrelation between sampled values is strongly positive. Obtained soil salinity maps
using two interpolation methods showed similar distribution patterns. The southern and
the southwestern parts of the perimeter are the most affected by salinity, especially in
depth. The low salinity recorded in the northern section of the area may be linked to its
closeness to the water well. This area receives a greater water supply, due to overflow
from the nearby basins, which enhances the salts leaching in depth.

1. Introduction

Soil is a fundamental component of our planet and plays an important role in promoting sustainable

development (Caglar and Dengiz, 2025). It is a crucial life supporter and nutriment provider (Gama,
2023). However, soil salinization is a significant global issue that affects soil functions, especially in
arid and semi-arid regions, where evaporation outweigh precipitation. As reported by (Bartels et al.,
2005; Shrivastava et al., 2015; Fu et al., 2021; Chetouani et al., 2023; Laita et al., 2024a) soil
salinization is one of the most critical environmental problems and a serious land degradation factor
limiting productivity worldwide. According to (Shrivastava et al., 2015), (Bartels et al., 2005), (Fu et
al., (2021) more than 8x10® hm? of land worldwide is affected by salinization, accounting for more
than 6% of the total. As reported by (Setia et al., 2013) soil salinization affects about 3.1% (397 million
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hectares) of the total global land area. Moreover, soil salinization is expected to increase to an alarming
rate exceeding 50% by 2025 (Jamil et al., 2011). Indeed, there are two forms of salinization. Primary
salinization originates from parent material weathering and secondary salinization is induced by human
activities (Uri, 2018).

Irrigation with saline water is considered a form of secondary salinization. As reported by (Haj
Amor et al., 2022) frequent irrigation using saline water can accelerate the soil salinization process,
seriously degrading the agricultural soil quality in different ways. Besides, a high concentration of
soluble salts in the soil, can cause physico-chemical deterioration of the soil which leads to the
dispersion of the clay particles and structural damage (Awedat et al., 2021; Laita et al., 2024b). Soluble
salts accumulation in soil profile can also reduce soil fertility making then a difficulty for crops to grow
(Yu et al., 2014). Electrical conductivity (EC) of soil irrigated with saline water reflects the actual
situation of the soil salinity (Yang et al., 2016). According to (Wang et al., 2024) higher values of (EC)
indicate a risk of soil salinization. The measurements of (EC) can be converted to soil salinity values
by linear equations, then soil salinization can be obtained (Wang et al., 2022). Thus, understanding the
spatial soil salinity variation behavior is crucial for natural resources management to maintain
sustainability.

Spatial mapping of soil salinity has considerably improved our understanding of soil salinization
processes. It provides valuable information for land reclamation and restoration in making effective
site-specific management decisions. According to (Hassani et al., 2021) digital mapping of EC is
essential in order to comprehend changes about soil salinization. Many interpolation methods have
been used for the spatial predictions and mapping of soil salinity including geostatistical methods like
ordinary kriging (OK) and the method of Inverse Distance Weighted method (IDW). Ordinary kriging
(OK) is a geostatistical method that is widely used for spatial interpolation. It was applied by (Panday
et al., 2018), to determine soil chemical distribution over agricultural lands of the Bara district (Nepal).
It was also used by (Sahbeni and Székely, 2021) to map salinity spatial distribution in the great
Hungarian Plain and to compare the predictive performance of four kriging methods including ordinary
kriging. (Abdennour et al., 2019) used ordinary kriging for salinity levels analysis in the irrigated
perimeter of EL Ghrous in south-castern Algeria. The ‘Spatial analyst’ tool is an add-on module for
ArcView GIS 3.2 software for performing powerful spatial modeling and complex analysis. This
module was used to create a continuous salinity map from sampling points. It was applied by many
researchers, including (Gribb et al., 2005) who applied the ArcView ‘spatial analyst’ in order to
determine the potential habitat for seven endangered, threatened or candidate species in Albany
County, Wyoming, USA. IDW interpolation method is a mathematical technique which assumes a
closer value and shows more similarity than the further value with its characteristics (Tomaszewski,
2021). As reported by (Abdelrrahman et al., 2021) the IDW method had a higher prediction efficiency
than other methods including kriging and cokriging methods.

In this paper, both interpolation methods ordinary kriging using GS+ software version 10 and
Inverse Distance Weighted method (IDW) in ArcView GIS ‘spatial analyst’ module were used to
estimate the soil salinity spatial distribution in the irrigated perimeter of ‘Zelba 1’ of the region of
Mahdia (Eastern Tunisia). The choice of methods was based on accuracy and suitability in analyzing
and predicting the spatial distribution of soil salinity. In fact, the electrical conductivity (ECis)
measurements obtained from the five soil layers within the irrigated perimeter, as reported by (Louati
et al., 2018) were subsequently interpolated in this study. They were geo-statistically analyzed by GS+
software version 10 program and then interpolated by ordinary kriging. The same (EC 15) data were
also analyzed using IDW tool in the ArcView GIS 3.2 ‘spatial analyst’ extension. The performances
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of interpolation were evaluated and compared. Then, the obtained maps from both methods were
interpreted and discussed.

2. Methodology
2.1 Study area

The irrigated perimeter Zelba is located in the Zelba area, covering 2800000 m?, south of Sidi
Alouane in the region of Mahdia of eastern Tunisia (Figurela and Figure 1b). The research area covers
approximately 600000 m?, divided into twenty plots of 30000 m? each (Figure 1c), all supplied with
saline water pumped from a well topping into a deep aquifer of the Sahel of Sfax 1. This area is
coordinated between 35°14°08.76°” North.10251°39.51"" East. It has a geomorphological plane with a
low-angle slopes of less than 3% grade, indicating a relatively flat land. In addition, the study area
experiences a semi-arid and arid climate. The average temperature is 19°C and the mean annual
precipitation is 289 mm. The soil type is deep isohumic according to the World Reference Base for
Soil Resources (Fu et al., 2021). This soil presents a silty texture at the surface to silty-clay texture in
the deep layers (Ben hassine et al., 1988). The soil sampling points and the electrical conductivity
(ECy5) measurements locations are shown in Figure 1c, as reported by (Louati et al., 2018). The total
dissolved (solids) TDS in the water well of the perimeter is estimated at 5000 mg/l (Hachicha, 1994).
According to (Lentz, 2021), irrigation water with TDS greater than 5000 mg/l may interact with
accumulated salts in soils and negatively influence soils and even groundwater quality and crop
productivity.
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Figure 1. Locations of the study area and sampling points

2.2 Geostatistical analysis and interpolation methods
2.2.1 Ordinary kriging interpolation using GS+ software

A high-resolution satellite image was extracted from Google Earth. The coordinates of each
sampling point of the soil (X, Y and Z) were then, identified. The obtained coordinates and EC1/s data
measured in five soil layers of the irrigated perimeter were geo-statistically analyzed using GS+
software version 10 program. Calculated semi-variograms were obtained and maps of EC1s were
interpolated by ordinary kriging (OK).
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Semi-variogram

The prime mechanism in geostatistics is the semi-variogram, which defines the local dependence
between neighboring datasets. Semi-variograms were used to identify soil sampling locations (Webster
and Oliver, 2001). They are a key tool in the theory of regionalized variables and are formed by three
basic parameters: nugget, which is the unexplained variability at zero distance. The range, which is the
distance beyond which there is no spatial correlation and the sill that represents the variability of
spatially independent samples (Karnieli and Gilead, 2009). Together, these parameters describe the
spatial structure as the following Eqn.1 (Muhammad Saleh, 2018):

y(h)=Co+C Eqgn.1
y (h) : semi-variance for the distance interval class h, Co: Nugget effect, C: Structured variance.

In this study, semi-variograms were calculated for ECys measured in five layers in the irrigated
perimeter. These semi-variograms were adjusted by a Gaussian model based on the highest coefficient
of determination r? and the lowest variance in order to improve the spatial analysis of the salinity in
the irrigated perimeter.

Cross validation

Cross validation is a suitable tool for testing interpolation methods (Dubrule, 1981) cited by
(Dellino et al., 2012). It involves omitting one data point at a time and determining how well this point
can be estimated from the other data. According to INERIS report, cross validation is a statistical
method. It is used to select the best variogram model and the most appropriate kriging type by
comparing estimated and true values to find the model with highest correlation (LCSQA, 2003). In this
study, cross validation was calculated to validate the semi-variogram model and evaluate the
performance of ordinary kriging. The analyzed parameters are Regression coefficient (R) and
correlation coefficient (r?) between measured and estimated values. r?> was applied to determine
goodness of fit (Robertson, 2008).

Ordinary kriging (OK)

Ordinary kriging (OK) is a commonly used method in spatial interpolation for environmental data
(Emery, 2005), (Afzal et al., 2011), (Li et al., 2022). This method gives the local correlations between
scores to estimate a mean level at a non-sampled site (Kasmaee et al., 2010). Some studies, such as
(Rakotonirina et al., 2024), (Raghuvanshi and Tiwari, 2023) have used ordinary kriging to perform
spatial interpolation of soil salinity. These studies have received higher ratings. (Matheron, 1967),
(Abed et al., 2014) suggest that the ordinary kriging methods produced more homogeneous results than
the other interpolation methods in predicting and mapping saline soil and proved to be the best
estimator. In this study, soil salinity spatial prediction maps were produced by the ordinary kriging
procedure obtained by GS+ software version 10, using semi-variograms. Besides, the ordinary kriging
was used for data generation from small scale mapping.

2.2.2 Inverse Distance Weighted (IDW) in ArcView GIS ‘Spatial analyst’ module

ArcView GIS ‘Spatial analyst’ module was used by many researchers for various purposes. For
instance, (Lemenkova, 2015) used this application to predict and map chemical pollution of the water.
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ArcView GIS ‘Spatial analyst’” module was also used by (Dakhinat, 2007) to predict the spatial
variation of irrigated soil properties of the region of Biskra (Algeria). In this study, the satellite image
extracted from Google Earth was georeferenced using (Georeferencing and transformation tool). In
this image, soil sampling points were located and the ECys measurements were introduced. Then,
thematic maps of ECys were created using Inverse Distance Weighted method (IDW) in ArcView GIS
‘spatial analyst’ extension.

Inverse Distance Weighted method (IDW)

IDW is a spatial estimation method (Liu et al., 2014). It estimates the value at an unmeasured
locations as a weighted average of a nearby sampling values. The weight assigned to each sample is
proportional to the inverse of the distance. The IDW method is expressed by the following Eqn :

Z'(x) = Y. wiZ(xi) Eqn.2

Z*(x) is the estimated value at unknown location; Z (x;) represents the known value; n is the number
of observations near the interpolated points; wi is the weight assigned to each known point.

3. Results and discussion
3.1 Geostatistical analysis of the soil ECy/5

Table 1 shows the electrical conductivity (EC15) measurements obtained from the five soil layers
within the irrigated perimeter, as reported by (Louati et al., 2018). The obtained results were then
interpolated in this study.

Table 1. Mean values of soil ECys (Louati et al., 2018)

Soil ECys (S/m)
Layer (cm)
Min Max Mean Standard deviation
0-30 0.07 0.13 0.097 0.018
30-60 0.08 0.15 0.116 0.023
60-90 0.09 0.16 0.132 0.020
90-120 0.13 0.165 0.147 0.012
120-150 0.135 0.18 0.157 0.009

S/m : Siemens per meter

Variography model parameters are presented in Table 2. In fact, the considered soil salinity
exhibits a clear nugget effect in five layers of the irrigated perimeter. Values are relatively low (Co<
10 implying low errors in measurements, because of small distance between sampling points. This
also could be due to the land geomorphology of the studied area, characterized by mild slopes of less
than 3%. The nugget effect/sill ratio calculated for five layers of the irrigated soil is less than 25% and
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the correlation coefficient (r?) is close to 1 (Table 2). These results indicate that the spatial variation in
soil properties is strongly structured and the spatial autocorrelation of EC15 between sampled values is
strongly positive. (Hamzaoui and Baghdadin 2021) used the nugget/sill ratio value as the criterion of
spatial dependences and also demonstrated that the nugget/sill ratio value less than 25% was regarded
as highly spatially dependent. The range values of different soil layers ranged between 607 and 1520
m throughout the perimeter (Table 2). These values are low compared to those obtained by (Samper-
Calvete and Carrera-Ramirez, 1996), who showed that a great range value demonstrated that the soil
property values are influenced by other values of these properties over longer distances than soil
properties with lower ranges. The very high values of range could be also affected by natural and
anthropogenic factors over great distances (Lopez-Granados et al., 2002).

Table 2. Variography model parameters and cross validation model for soil ECys

C lidati
Variography model parameters ross validation

Layer parameters
(cm)
2 2 Co/P A 2 2
+
Co(m") P (m?) %) (m) C/(Cyt+0O) r R r
0-30 2.310° 4210° 0.054 915 0.945 0.855 0.99 0.805

30-60 59107 8.2 107 0.0720 1130 0.929 0.925 0.97 0.785

60-90 10* 0.157 61(‘;)? 1520 0.999 0.970 0.94 0.865
90-120 10° 0.022 0.045 950 0.952 0.785 0.92 0.722
120-150 107 8107 0.125 607 0.87 0.722 0.850 0.650

Co: Nugget effect; P: Cot+ C, Sill ; Co/P : Nugget effect/ Sill ; A: range ; r?: Correlation coefficient ; R :
Regression coefficient

Thus, the findings reveal that the modeled Gaussian semi-variograms highlight a well-defined
spatial structure of soil salinity across the irrigated perimeter. These results are similar to those found
by (Zhao et al., 2016). These authors used a sequential Gaussian simulation to assess the uncertainly
of the spatial distribution of soil salinity in arid regions of Northwest China by applying the
experimental semi-variograms obtained by GS+ 9.0 software package. These semi-variograms showed
the existence of a good spatial structure in soil salinity. (Bhunia et al., 2018) demonstrated that
spherical, exponential and stable semi-variogram model was found to be best fit for groundwater
quality, where the nugget effect values were very low.

Cross validation was adopted to validate the semi-variogram model and to evaluate the
performance of ordinary kriging interpolation method. Results showed that the correlation coefficient
(r?) values are close to 1 and the regression coefficient values (R) ranged between 0.85 and 0.99 in the
irrigated soil, suggesting low cross validation errors (Table 2). Hence, cross validation indicates that
the semi-variogram model is a good and satisfactorily fit. Many investigators also employed cross
validation method to choose the best model for interpretation, using the kriging model (Behera and
Shukla, 2015, Behera et al., 2016).
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3.2 Spatial distribution of the soil salinity using two interpolation methods

The general trends of the spatial distributions of the soil salinity obtained using the two
interpolation methods were similar. Spatial interpolation maps established by the ordinary kriging
(Figure 2a) and Inverse Distance Weighted method (IDW) (Figure 2b) showed a slight spatial
variation in ECys in five soil layers of the irrigated perimeter. Repartition of maps showed also that
this salinity increased slightly with depth.

Indeed, the ECys values in the deep soil layer (120-150 cm) were found to be higher than at the 0-
30 cm soil layer. Mean ECys values ranged between 0.007 and 0.13 S/m at the surface (0-30 cm)
indicating a moderate saline soil and between 0.13 and 0.18 S/m in the deep layer (120-150 cm)
indicating a saline soil based on the United States Salinity Laboratory; (USSL, 1954) classification. In
fact, the increase in the soil salinity with depth is explained by the fact that the upper layer is
characterized by silty texture. Thus, it has undergone an infiltration of salts from irrigation water.
Deeper down, characterized by fine textured soil, the slow movement of salts explains the increasing
trend of ECys. Thus, the soil texture has an influence on the soil salinity and it may control the soil
salinity distribution in this perimeter.

Obtained maps also showed that the higher values of ECys were detected in the southern and
southwestern parts of the perimeter, especially in the deep layer (Figure 2a and Figure 2b). The low
salinity recorded in the northern section of the area may be linked to its closeness to the water well.
This area likely receives a greater water supply, partly due to overflow from the nearby basins, which
enhances the salts leaching into deeper layers.

Figure 3 showed a low standard deviation in maps, where values varied between 0.001 and 0.032.
This, demonstrates reliable interpolation and thus a high mapping accuracy. This study revealed that
obtaining detailed soil maps is important to provide a valuable reference for the prediction of soil
salinity, develop targeted strategies and identify problematic regions.

Although interpolation methods may have similar accuracies, many researchers argue that ordinary
kriging is more precise than other methods because it uses variograms model, cross validation
techniques and uncertainty measures to examine spatial correlation. For instance, (Emadi and
Baghernejad, 2014) demonstrated that the ordinary kriging method had the minimum error compared
with conditional simulations methods in the agricultural coastal areas of northern Iran. As reported by
(Eldeiry and Garcia, 2010) the performance of the different geostatistical models, in the southern part
of Arkanas River Basin in Colorado, USA, were as follows: ordinary kriging> regression kriging>
cokriging. In the work of (Fu et al.,2021) different interpolation methods were found to be optimal for
the different soil characteristics and layers. (Hamzaoui and Baghdadi, 2021) used ordinary kriging
techniques to estimate the spatial variability of soil characteristics in Beni Moussa irrigated perimeter
(Talba plain Morocco). The obtained maps were very useful in the selection of appropriate
interventions, in particular of conservation and rehabilitation of deteriorated soils. Meanwhile, in some
studies, ordinary kriging and Inverse Distance Weighted (IDW) have been rated equally (Antal et al.,
2021).
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Conclusion

Accurately mapping the spatial distribution pattern of soil salinity is crucial for sustainable soil
management and decision making. Ordinary kriging using GS+ software version 10 and Inverse
Distance Weighted method (IDW) in ArcView GIS ‘spatial analyst” module were applied to predict
the spatial distribution of soil salinity in the irrigated perimeter Zelba of the region of Mahdia (Eastern
Tunisia). Spatial maps of soil salinity generated by two interpolation methods showed similar
distribution pattern. Furthermore, an increase in the soil salinity with depth was observed. This increase
is primarily caused by the soil texture. Indeed, the upper soil layer is characterized by silty texture.
Thus, it has undergone an infiltration of salts from irrigation water. In deep layers, characterized by
fine textured soil, the slow movement of salts explains the increasing trend of ECys. Spatial maps
revealed a slight spatial variation in ECys in five layers of the irrigated perimeter. The highest values
of ECy5 occurred in the southern and the southwestern parts of the studied area. In fact, these parts
receive less water than the northern part which is much closer to the drilling water well. This latter
exhibited low soil salinity because it receives more water by the overflow from the existing basins
facilitating the salts leaching in depth. These findings highlight the importance of the soil quality
assessment for managing soil health, and elaborating sustainable irrigation managements and
environmental decision. The results obtained may be improved by integrating more advanced
methodologies, such as Machine Learning.
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