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Abstract
Arid and semi-arid regions are faced on soil salinization’s problem causing land degradation that’s why
studies are focused on the prevention and the mitigation of this parameter in these environments. It
degrades soil, limits plant growth and reduces crop productivity. Recently, the demand for rapid and
economic detection of soil salinization has been rising. Remote sensing and multispectral data
Sentinel_2 are used to predict and mapping soil salinity in southern Tunisia. In this study, 80 samples
were collected from the soil surface (the upper 10 cm). A predictive model was constructed based on the
measured soil electrical conductivity (EC) and spectral indices developed from satellite image. The results
revealed that salinity index SI1, SI2 and band 3 have the highest correlation with EC. Multiple regression
analysis showed a moderate accuracy with R2 = 0.42 and an RMSE = 18.3.

This predictive model, special to arid and semi-arid environments, can be applied to other satellite data
(Landsat 8…).

1. Introduction
Arid and semi-arid regions are characterized by low rainfall high evaporation, and restricted leaching.
They are also characterized by degraded soils due to high salinity which decline soil quality and a lack of
their fertility (Sidike et al., 2014; Makinde & Oyelade, 2019).

So the quality of soils of these regions mainly depends on the presence of the amount and types of salts
such as anhydrite (CaSO4), calcite (CaCO3), gypsum(CaSO4.2H2O), Halite (NaCl), and dolomite
(CaMg(CO3)2).

Land degradation caused by soil salinity has been a global issue in dry regions (Qadir et al., 2006) either
in Tunisia. However, more than 8% of the Tunisia surface is already affected by salinization to different
degrees (Antipolis, 2003).

So it seems important to characterize and monitor the evolution of affected soils, in order to control the
new saline distributions that these various interventions may induce and preserve these particularly
sensitive environments from possible degradation.

The soil salinization is manifested as one of the main factors limiting the development of plants,
reduction of arable land and degradation of soil quality by deteriorating the physico-chemical and
biological properties of soil and groundwater, which threatens the Food balance” mainly in arid to semi-
arid regions.

However, the physico-chemical parameters of the soil are characterized by their evolution both in time
and in space. This evolution of the landscape poses a large number of problems and di�culties for soil
scientists in monitoring the parameters. But, the use of the traditional tools (laboratory analysis, �eld)
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doesn’t allow the monitoring of the speed of spatial and temporal evolution of this parameter causing the
land degradation.

This has led us in recent years to explore more rapid and fairly reliable investigation methods such as
spatial remote sensing which is of paramount importance for the mapping and monitoring of
environmental problems. This approach, based on the study of natural surfaces by satellite images,
through the intermediary of spectral surface properties, mainly linked to soil properties.

Remote sensing techniques using intelligent algorithms can predict surface salinity at various time
intervals in large-scale regions (Metternicht & Zinck, 2003; Bouaziz et al., 2011; Sidike et al., 2014) such
as arti�cial neural network (Seyam & Mogheir, 2011; Phonphan et al., 2014; Naderi et al., 2017; Ghimire et
al., 2019; Li & Wang, 2019; Wang et al., 2018)., classi�cation and regression tree, fuzzy logic, Bayesian
analysis, geostatistics, multivariate statistical technique (Principal Components Analysis (PCA), cluster
analysis) (bouaziz et al., 2018), were studied to map soil salinity in the past decades (Hihi et al., 2019).

In southern Tunisia, many studies were developed. Bouaziz et al. (2018) showed that in the arid region we
can apply the regression model because it is characterized by its e�ciency and rapidity on predicting soil
salinity. Hihi et al (2019), developed a multiple regression model relate electrical conductivity, sentinel_2
bands and salinity index. The objective of this study is to highlight the relationship between the results of
soil analysis by traditional means (laboratory analysis) and those given from satellite images (spectral
indices), in order to extract spatial variability of soil salinity in Tataouine region which is characterized as
extremely arid zone, in the majority basins, the soils are covered by calcareous and / or gypsum crusts.
So it’s threatened by salinity.

2. Materials And Methods

2.1 Study area
The studied region of BeniBlel and Bessiouf watersheds was extending from longitudes 10°35'53.34"E
and latitudes 32°52'14.31"N in Tatawin governorate (Fig. 1). It covers an area of 421 Km2. The geological
deposits are aged from Triassic and middle Jurassic (Chandoul et al., 1993).

Tataouine is located in the presaharian part of Tunisia (35°256’ N, 10°227’ E), which is a part of the
Jeffara region. It is characterized by an arid climate; with a mean annual rainfall about 120 mm. And an
annual average air temperature about 20.2°C. Were temperatures are high in summer and relatively low in
winter.

In Tataouine governorate, soils are rich in salts such (as chlorides, sulphates and carbonates) which
given place to a rare vegetation. Escadafal (1987) showed that soils are composed by calcareous loam,
stones and crusts, red quartzic sand and gypsiferous crusts. Reliefs are dominated by tabular one and
wide plains which are mainly used for extensive ranging.

2.2 Methodology
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The methodology adopted in this study is based on two phases; the �rst one, data were collected.
Actually, two groups of datasets were used; �eld measurements and spectral data obtained from satellite
image (sentinel_2). In the second one, the calibration of general regression models from the analysis of
these data was applied

2.3. Soil sampling
The soil samples were collected in June and July 2019 from total of 80 sites, within the upper 10cm from
the soil surface. The choice of the sampling points does not respect a precise grid (Fig. 1), but it was
based on many criteria such as the good distribution of the points in the study area, the variability of the
soil types as well as the mode of occupation and accessibility of the land.

To locate the sampling points, we used a GPS (note that the geospatial reference system used is the UTM
(Universal Transverse Mercator) in the WGS84 geodetic system North area 32).

Soil salinity is expressed as electrical conductivity (EC), which is measured using 1/5 soil/water diluted
extracts.

2.4. Remote sensing data used
To predict soil salinity, we used the satellite image Sentinel-2 downloaded from the United States
Geological Survey (USGS). This image was acquired in June 2019 in order to match the same date of soil
sampling camping. Actually, in this period the arid regions are marked with a decrease in the vegetation
cover, so the spectral signature measured from the soil can be badly recorded and must be adjusted
(Palacios-Orueta et al., 1999; Bartholomeus et al., 2010). In addition, in this period, the signal of salty soil
is easier to detect from the optical sensors (Dutkiewicz et al., 2009).

The sentinel-2 image is composed by 13 spectral bands which are represented by a spectrum of wave
lengths varying from the blue band (443 nm) to the SWIR band (2190 nm). It is characterized also by a
spatial resolution varying from 10 to 60 meters.

To predict soil salinity from satellite images, we based on the spectral response characteristics, because,
saline soil are characterized by high re�ection in the visible and near-infrared spectral (Gao et al., 2011).

Spectral analysis by means of radiometric indices is the classic and e�cient method which allows giving
exact descriptions of soil surface (Houssa, 1997). This lasts are calculated basing on different bands
(blue, green, red and near infra-red). Therefore, 9 indices were examined in this study (Table 2).
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Table 1
Pedological potentiel of Tataouine soil’s

Fertility class Area %

Fertile 137412 28.8

Moderately fertile 139159 29.1

Not very fertile 70354 14.7

Very infertile 53742 11.3

Soil Complex : associations ranging from fertile to very fertile 73360 15.4

Urban 3429 0.7

Total 477456 100

Table 2
Indices formula used

Spectral indices Equation References

Brightness index
BI =

√B2+G2+R2

√3

Zhuo Luoa et al. 2008

Color index CI =
( R −G)
( R +G)

ZhuoLuoaet al 2008

Hue index HI =
( 2R −G−B )

( G−B )
ZhuoLuoaet al 2008

Redness index
RI =

R2

B∗ G3

ZhuoLuoaet al 2008

Salinity index 1 SI =√B ∗ R Khan et al 2005

Salinity index 2 SI =√G ∗ R Khan et al 2005

Salinity index 3 SI =√G2 + R2 + NIR2 Douaoui et al 2006

Salinity index 4 SI =√G2 + R2 Douaoui et al 2006

Salinity index 9 SI =
NIR ∗ R

G
Abass et Khan 2007

2.5. Statistical analyses
After completing the collection of analytical data, and the data extracted from the satellite image, a linear
regression model based on the Pearson correlation between spectral data and EC values obtained from
laboratory was developed.

( )
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Globally, in studies used remote sensing in the monitoring of soil parameters, a linear regression was set
between spectral indices and chemical properties measured in the laboratory (Baugh et al, 1998; Crouvi &
Ben-Dor, 2006). The multiple regression model is commonly used to correlate data and develop a model
that could estimate soil salinity from spectral data (Albed et al., 2013). In this work, we use the tool ‘SPSS’
for the statistical analysis.

The evaluation of the model performance is realized by the calculation of the coe�cient of determination
(R²) and the root mean square error (RMSE) where;

R² is de�ned as the squared value of the correlation coe�cient; it is a measure of the quality of the linear
regression models; the highest values marked the optimal calibrated model. Although the smallest value
of the root mean square error (Eq. 1) indicates the most accurate prediction.

RMSE=
1
N ∑N

1 Z ∗ xi − Z xi 2 (1)

Where:

N: Points number,

Z*(x i ) is the estimated value at point x i

and Z (x i ) is the observation value at point x i .

3. Results

3.1. Soil properties
Based on soils analyses and according to Brown et al. (1954), soil salinity classi�cation, the investigation
area is considered as highly affected by salinity with basic pH value. It is characterized also by a gypsic
soil and moderately high values of calcareous.

The granulometric analyses showed that the study area soils are mainly sandy to sandy loam.

The distribution of salinity, calcareous and gypsum values are shown in Fig. 2.

3.2. Statistical descriptive analyses
The experimental results indicate that the EC varies spatially around the medium (8.73 dS/m)
signi�cantly (Table 3). It deviates between 0.16 dS/m as a minimum and 103 dS /m as a maximum.

 

√ [ ( ) ( ) ]
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Table 3
Descriptive statistics on EC.

  Max Min Average

EC (dS/m) 103 0.16 8.73

3.3. Measured EC and spectral indices correlation
In this study, a correlation analyzes between the measured EC and the spectral indices proposed in Table
2 were carried out. These correlations are based on r of the Pearson function. The correlation between the
EC and the spectral indices is given by Table 4. In absolute value, it is clear that the spectral indices most
correlated with the EC values are the salinity index SI1 with (| r | = 0.26), and SI2 with (|r |=0.24).
Furthermore color indices are low correlated with the EC measured in the laboratory. Also, the sentinel-2
bands more correlated are band 2 and band 3 (Table 5).
 

Table 4
Correlation matrix between salinity indices and EC values

  EC SI1 SI2 SI3 SI4 SI9 HI CI BI

EC 1                

SI1 0.26 1              

SI2 0.24 0.99 1            

SI3 0.23 0.96 0.97 1          

SI4 0.22 0.98 1.00 0.98 1        

SI9 0.10 0.74 0.79 0.88 0.83 1      

HI -0.14 -0.14 -0.17 -0.14 -0.12 0.13 1    

CI -0.12 0.33 0.39 0.46 0.46 0.78 0.50 1  

BI 0.23 0.99 1.00 0.98 1.00 0.79 -0.16 0.39 1
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Table 5
Correlation matrix between sentinel-2 bands and EC values

  CE b4 b3 b2 b8 b11 b12

CE 1            

b4 0.20 1          

b3 0.29 0.90 1        

b2 0.33 0.80 0.96 1      

b8 0.24 0.91 0.83 0.72 1    

b11 0.08 0.85 0.66 0.50 0.75 1  

b12 0.00 0.67 0.37 0.18 0.58 0.91 1

3.4. Quantitative mapping of soil salinity
Based on Sentinel-2 bands and the spectral indices, a multiple regression model was established (Table
6). This model is associated with the identi�cation of 6 variables. 

Table 6
Multiple regression model between spectral indices and measured EC

Regression model R2 RMSE

EC=-109.92-0.1b4 + 0.08b2-0.03b3-0.03SI2 + 0.07b8-0.05b6 + 0.03SI1 42% 18.3ds/m

The correlation curve between estimated and measured EC values shows that the values from ground
truth are often higher than the estimated values (Fig. 3).

4. Discussion
From year to year, Soil salinity varied greatly, and being the important factor affecting plant growth
especially in arid zone where second salinization occurred frequently also the pedological potential is
very low. In this paper, soil salinity was investigated by linear regression model between EC value
measured in the laboratory and salinity indexes extracted from Sentinel-2 image.

According to the results obtained, it can be said that the model is acceptable, having a coe�cient of
determination R² equal to 0.42. And a standard error RMSE is about 18.3 ds/m. This error is proportional
to the salinity of the soil. Thus, to ensure the accuracy between the predicted conductivity and the ground
truth measurement, it is necessary to have a low electrical conductivity.

This value suggests that the data �ts the model well. Therefore, salinity can be mapped based on this
model.
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In the literature, several authors have worked on the theme dealt with in our work, and the results illustrate
R² value differs from a study to another (Table 7). These studies showed that each region has its own
models, and there is no speci�c index that can predict salinity in all regions. In fact the performance of
each model is according to physical and environmental characteristics and the spatial extent of the study
area.

Table 7
Examples of remote sensing applications for soil salinity prediction

Study area R2 Reference

France (Beauce) 0.4 0.82 Berthier et al, 2008

Iran (Urmia lake) 0.87 Rahmati and Hamzehpour, 2017

USA (north Carolina) 0.54 0.67 Davis et al, 2019

Abu Dhabi, United Arab Emirates 0.71 Abuelgasim and ammad, 2019

Cairo Egypt 0.94 Morgan et al, 2018

Tunisia (Gabes-Ghannouch) 0.48 Hihi et al, 2019

Tunisia (Gabes-Ghannouch) 0.72 Bouaziz et al, 2018

5. Conclusion
This study is interested in the estimation of soil salinity by remote sensing in the region of Tataouine. The
estimation of soil salinity is carried out through the calibration of a regression model relate the salinity
indexes extracted from Sentinel-2 image and EC values from grand truth. This model is validate with a
coe�cient of determination R² =42%.

This current study and other similar case studies showed that it is possible to detect soil salinity and
quantitatively estimate its spatial distribution, thinks to this regression equation.

The advantage of this method is that it saves a lot of time and is less expensive, since the large evolution
of soil salinity both in time and in space. Conversely, the disadvantage of this approach lies in the low
precision, compared to conventional laboratory analyzes associated with speci�c sites.

It is therefore clear that remote sensing is useful in determining soil salinity, that is why the scienti�c
community should move on to using this tool not only to predect salinity, but also we can apply this
method in the monitoring of soil organic matter (Wang et al., 2018), gypsum content, soil texture
(Shahriari et al., 2019), soil total nitrogen (Zhang et al., 2019), and clay (Paul et al., 2020)…

Declarations
No Con�icts of interests.
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Statements 

If we consider all the knowledge obtained on this subject, it is clear that the scienti�c community should
use remote sensing, develop this tool and determine standards and models (for each region) for
predicting physico-chemical parameters of the soil such salinity.

The traditional ways of sampling and routine soil analyses are expensive especially in the case of graet
areas, so, through this work we learned that the mapping of perennial soil proporties obtained by remote
sensing is not only a product and therefore an end but can in turn become “basic data”.
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Figures

Figure 1

Study area and sampling location
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Figure 2

Spatial distribution of soil properties: (a) Spatial distribution of electrical conductivity values; (b) Spatial
distribution of limestone content; (c) Spatial distribution of gypsum content

Figure 3

Correlation curve between estimated and measured EC


