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Salinity is a critical feature for the management of
agricultural soil, particularly in arid and semi-arid
areas. The present study was conducted to develop an
effective soil salinity prediction model using Sentinel2A (S2) satellite data. Initially, the collected soil samples
were analysed for soil salinity (ECe). Subsequently,
multiple linear regression analysis was carried out
between the obtained ECe values and S2 data, for the
prediction of soil salinity models. The relationship
between ECe and S2 data, including individual bands,
band ratios and spectral indices showed moderate to
highly significant correlations (R2 = 0.43–0.83). A
combination of SWIR-1 band and the simplified
brightness index was found to be the most appropriate
(R2 = 0.65; P < 0.001) for prediction of soil salinity.
The results of this study demonstrate the ability to
obtain reliable estimates of EC using S2 data.
Keywords: Agricultural lands, multiple linear regression, satellite data simplified brightness index, soil salinity.
SOIL salinity is considered as one of the major soil
characteristics affecting the interaction between plants
and soil in addition to its significant impact on the availability of soil nutrients and thus affecting crop production1,2. Salinity is also an important factor with respect to
sustainable agriculture and soil management, especially
in arid and semi-arid regions. However, some agricultural
practices contribute significantly to the salinization of
agricultural lands such as irregular irrigation, use of saltwater and application of agrichemicals3. Corwin and
Lesch4 reported that about 50% (250 million hectares;
m ha) of the irrigated soil around the world is adversely
affected by soil salinity; of which, about 20 m ha is
severely affected.
Electrical conductivity (EC) is closely related to the
composition and concentration of dissolved salts in soil
solution, and therefore EC of the soil saturation extract
(ECe) is used as a standard measure of soil salinity (expressed in mS/cm or dS/m)5,6. The commonly accepted
range of soil salinity indicates that a soil with ECe greater
than 4 dS/m at 25°C is defined as saline soil and that with
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ECe greater than 15 dS/m as strongly saline soil7.
Although soil salinity mapping by conventional methods,
such as field surveys and laboratory analysis is accurate,
such methods are time-consuming, costly and labourintensive, especially for large-scale measurements. However, advanced technologies such as proximal sensing
(EM38 survey, Geonics Limited, Canada) and remote
sensing (satellite images) methods, support EC mapping
and provide accurate information regarding salt-affected
areas. In this context, the potential satellite datasets and
image analysis techniques have contributed to the accurate and economic mapping of soil salinity8,9 and multispectral satellite images such as MODIS10, Landsat TM11,
Landsat ETM+ (refs 12, 13), Landsat-8 (refs 14, 15),
IKONOS16,17, WorldView18, and Sentinel-2 (ref. 19) have
been widely used for mapping soil salinity.
Various salinity indicators have been derived from
satellite imagery and used to identify salt-affected agricultural areas20–22. The basis of these indicators is the
spectral behaviour of saline soils captured by multispectral images23. As direct salinity indicators, indices such
as brightness index (BI), normalized difference salinity
index (NDSI) and salinity index (SI) have been developed
and commonly used to identify salt-affected areas24. As
indirect salinity indicators, however, vegetation indices
(VIs) such as the normalized difference vegetation index
(NDVI), enhanced vegetation index (EVI), soil adjusted
vegetation index (SAVI) and green diﬀerence vegetation
index (GDVI) have been widely used for soil salinity assessment and mapping21,25,26. A wide range of regression
models such as linear and exponential regression2, ordinary
least square and spatial regression27, and partial least square
regression28 have been used as tools to retrieve soil salinity.
Given the negative impact of saline soils on agricultural practices and ultimately on crop production, it is necessary to maintain soil quality and reclaim saline soils,
particularly in arid regions such as Saudi Arabia16. In this
regard, continuous monitoring of soil salinity in agricultural fields is important. Therefore, the main objective of
the present study was to develop satellite-based models
for monitoring soil salinity in agricultural fields under
arid climatic conditions of Saudi Arabia, using remotely
sensed Sentinel-2A (S2) multispectral data.
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Figure 1.

Location map of the study site: (a) Kingdom of Saudi Arabia, (b) Tawdeehiya Farms, and (c) Experimental field-ID: N8.

Materials and methods
Study area
The experiment was conducted on a 27 ha bare soil field
(pivot ID: N8) of Tawdeehiya Farms in the Al-Kharj
region of Saudi Arabia between lat. 24°10′22.77″–
24°12′37.25″N and the long. 47°56′14.60″–48°05′08.56″E
(Figure 1). The soil in the experimental farm is mainly
characterized as sandy loam and the major crops cultivated were alfalfa, Rhodes grass and carrot. The average
annual minimum and maximum temperature was 12°C
(winter) and 42°C (summer) respectively. The average
annual rainfall was ~98 mm, distributed mainly between
November and February.

Soil sampling and laboratory analysis of soil salinity
One-quarter (≈6.75 ha) of field N8 (Figure 1 c) was
allocated as an experimental section for the development
CURRENT SCIENCE, VOL. 121, NO. 3, 10 AUGUST 2021

of soil salinity prediction model. In the first phase of the
experiment, a total of 113 composite soil samples were
randomly collected from the topsoil (0–25 cm depth) of
the field. Selection of soil sampling depth was based on
the fact that plant roots, biological and nutrient activities
occur mainly in the topsoil (0–25 cm), and hence crop
response is high within this layer29–32.
The samples were randomly collected from the experimental field and analysed in the laboratory for soil ECe
and used for the calibration/testing of prediction models.
While 65% of the collected soil samples (i.e. 73 samples)
was used for calibration, the remaining 35% (i.e. 40
samples) was earmarked for accuracy assessment of the
developed soil salinity prediction models (Figure 1 c). A
hand-held GPS receiver (Trimble GeoXH) was used for
geographical attribution of the sampling locations. Five
soil sub-samples were taken around each sampling point
within a circle of 10 m radius from the centre (i.e. the
stored GPS location) with a sample size of 10 m
pixel, corresponding to S2 visible-band resolution. These
385
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Table 1.

Spectral and vegetation indices used in soil salinity mapping

Index

Formula

Reference
33

Salinity index1

SI1 = ρGreen × ρ Red

Salinity index2

2
2
2
SI2 = ρGreen
× ρ Red
+ RNIR

Salinity index3

2
2
SI3 = ρGreen
× ρRed

Salinity index4

SI 4 = ρ Red /ρ NIR

Salinity index11

SI11 = ρ SWIR1 /ρSWIR2

34

Intensity1

INT1 = ( ρ Green + ρ Red )/2

33

Intensity2

INT2 = ( ρ Green + ρ Red + ρ NIR )/2

Simplified brightness index

2
2
SBI = ρGreen
+ ρ NIR

24

Normalized difference

NDSI = ( ρ Red − ρ NIR )/( ρ Red − ρ NIR )

24

Salinity index
Vegetation soil salinity

VSSI = 2 × ρ Green − (5 × ( ρ Red + ρ NIR ))

38

Index
NIR SWIR salinity index
Soil adjusted vegetation index; L = 0.5

NSI =

33

( ρSWIR1 − ρSWIR2 )
( ρSWIR1 − ρ NIR )

⎛ ρ NIR − ρ Red ⎞
SAVI = (1 + L) × ⎜
⎟
⎝ L + ρ NIR + ρ Red ⎠

39
40

Note: ρ is the soil reflectance. Subscripts Blue, Green, Red, NIR, SWIR1 and SWIR2 represent
the Sentinel-2A bands.

sub-samples were then mixed, air-dried, ground, passed
through a 2-mm sieve and analysed in the laboratory for
ECe (dS/m).

Remote sensing data
Sentinel-2A image scene (ID: T38QRM of 9/12/2018)
was downloaded from the USGS Earth Explorer
(https://earthexplorer.usgs.gov) coinciding with the field
samples. Sentinel Application Platform (SNAP) developed by the European Space Agency (https://step.esa.int/
main/download/snap-download/) was used for image
analysis. The SNAP is a free software program especially
designed for the analysis of Sentinel images. The images
were geo-rectified to the Universal Transverse Mercator
(UTM) coordinate system using the World Geodetic System (WGS) 1984 datum assigned to the north UTM zone
38. The region of interest (ROI), pertaining to the experimental field was extracted for further analysis. The raw
image was processed for bottom-of-reflectance, clipped to
the study area and was subsequently used in conjunction
with a set of spectral bands to calculate the salinity index
(SI), intensity index (INT) and simplified brightness
index (BI) as illustrated in Table 1.

Modelling and soil EC mapping
Figure 2 shows the methodology adopted in this study.
The acquired S2 images were analysed and used for com386

putation of salinity and vegetation indices. Regression
analysis was performed for the development of soil EC
prediction models using the laboratory analysed soil EC
(i.e. ECe) against multiple variables, including the individual S2 bands and spectral indices as given in Table 1.
Simple and multiple linear regression methods were
applied to develop relationships between the laboratorydetermined soil ECe (as a dependent variable) and the S2
extracted datasets, including individual spectral bands,
band ratios and spectral indices (as independent variables).
Linear regression (multivariate and stepwise) analysis
was carried out using the SPSS statistical software program (Ver. 20). The performance of the developed models
was tested using R2 values, standard errors, and P-values.
The best-performed regression model was chosen for
prediction and mapping of soil EC in the agricultural
fields of the experimental farm.

Cross-validation of the developed soil salinity
prediction models
Statistical performance indicators, including coefficient
of determination (R2), mean bias error (MBE), and root
mean square error (RMSE) were used to examine how
accurately the models predict soil salinity (ECP) compared to ECe values. In this regard, 40 soil samples were
randomly allocated for accuracy assessment of the developed salinity models and analysed in the laboratory for
CURRENT SCIENCE, VOL. 121, NO. 3, 10 AUGUST 2021
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ECe. The three performance indicators used were computed according to eqs (1)–(3) below.
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where yˆ i is the observed EC, yi the predicted EC and yi
is the mean value of observed EC.

Results and discussion
Table 2 summarizes field observations of the experiment.
The recorded EC ranged between 2.88 and 3.97 dS/m,
with a mean value of 3.12 dS/m. During the time of soil
sampling, soil pH ranged between 7.15 and 7.29 and the
mean soil moisture was 9.77%.

Table 2.

Field ID
N8

Summary of observations from the experimental field

Soil type

Electrical
conductivity
(dS m–1)

pH

Soil
moisture (%)

Sandy loam

3.12

7.22

9.77

Figure 2.

Flowchart of soil salinity modelling and mapping.
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Soil EC prediction models: regression analysis and
selection of variables
Table 3 shows regression analysis results describing the
relationship between soil EC as an independent variable
and the dependent variables (individual bands of S2 and
spectral indices of S2 products). Although there was
some heterogeneity at different locations, the SWIR-1
band of the S2 image and SBI were considered as the
most useful variables for prediction of soil EC in the experimental field. Based on the obtained regression results
(Table 3), the S2 SWIR1 band and SBI variables were
used in the development of ECP models. On the basis of
multiple linear regression results, the obtained three
soil EC prediction models are given in eqs (4)–(6)
representing model-1, model-2 and model-3 respectively.
Table 4 shows the performance of the three developed
models as indicated by the accuracy of the results.

ECP = [2.961* SWIR1 + 2.070],

(4)

ECP = [3.076 * SBI + 1.797],

(5)

ECP = [(2.148 * SBI) + (0.912 * SWIR1) + 1.872].

(6)

The statistical analysis results presented in Table 4 reveal
that model-3 is robust for the prediction of ECP with an
R2 value of 0.67 and P < 0.001, compared to the other
two models. Although model-3 shows the highest R2 value (0.67), the testing results of the models indicate that
the MBE value for model-3 (–0.19 dS m–1) is slightly
high compared to model-1 (–0.16 dS m–1). For model-1
and model-2, the relationship is found to be moderate
with an R2 value of 0.65 in training the model. However,
model-2 shows low performance during cross-validation
(R2 = 0.54; P = 0.002). A similar trend has been reported
in earlier studies. For example, Douaoui et al.33 evaluated
the correlation between the measured soil EC and salinity
indices (SI1, SI2 and SI3), and obtained low correlation
with R2 value of 0.50, 0.44 and 0.49 respectively. Bannari
et al.34 also found low correlation with SI1 (R2 = 0.47),
SI2 (R2 = 0.36) and SI3 (R2 = 0.47). The results of model3, however, indicate that a combination of the SWIR-1
band and SBI as predictor variables resulted in better
prediction accuracy. The same conclusion was drawn by
Meti et al.35, with R2 value in the range 0.48–0.49.
Taghadosi et al.19 reported an R2 value of 87.42% for the
combination of all S2 bands along with salinity indicators. Hihi et al.36 reported R2 value of 48% with the
combination of multiband and SI in the prediction of soil
EC. Allbed et al.16 reported a relatively good relationship
(R2 = 0.65) in predicting soil EC using multiple bands of
IKONOS data. In a study by Samra and Ali37, the accuracy
of the ECP models was enhanced (R2 = 0.73) by a combination of the reflectance bands and spectral indices.
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Table 3.

Regression analysis – laboratory analysed soil EC (ECe) versus Sentinel-2A bands
and selected indices
Sentinel-2A bands

Parameter

Sentinel-2A band ratios/indices

Modelling

Accuracy

Parameter

Modelling

Accuracy

0.25NS
0.58NS
0.63*
0.65*
0.65*
0.66NS
0.64*
0.65*
0.57NS
0.18NS
0.65**
0.61**

0.05NS
0.44NS
0.58*
0.57*
0.58*
0.59*
0.57*
0.58*
0.56NS
0.05NS
0.58**
0.57**

SI-1
SI-2
SI-3
SI-4
SI-11
INT-1
INT-2
SBI
NDSI
SAVI
VSSI
NSI

0.53NS
0.46NS
0.14NS
0.63*
0.60*
0.63*
0.39NS
0.65**
0.39NS
0.64NS
0.63*
0.43NS

0.41NS
0.54NS
0.41*
0.58*
0.47*
0.56*
0.26NS
0.54**
0.26NS
0.56NS
0.58*
0.30NS

B2 (Blue)
B3 (Green)
B4 (Red)
B5 (RedEdge-1)
B6 (RedEdge-2)
B7 (RedEdge-3)
B8 (NIR)
B8A (RedEdge-4)
B9 (WA)
B10 (Cirrus)
B11 (SWIR-1)
B12 (SWIR-2)

*Significant at 0.05 level; **Significant at 0.01 level; NS, Not significant.

Table 4.
Model

Performance of developed soil EC (ECP) prediction models

Training/test

R2

Root mean square error
(RMSE; dS m–1)

Mean bias error
(MBE; dS m–1)

M1

Training
Test

0.65**
0.58**

–
0.13

–
–0.16

M2

Training
Test

0.65**
0.54**

–
0.14

–
–0.24

M3

Training
Test

0.67**
0.59**

–
0.21

–
–0.19

**Significant at 0.01 level.

Table 5.

Multiple linear regression analysis – ECp versus laboratory
analysed soil ECe
RMSE

Model
1
2
3

R

2

–1

(dS m )

0.44*
0.54*
0.62*

1.09
0.94
0.86

MBE
(%)

14.34
10.61
10.02

–1

(dS m )

(%)

1.25
1.08
0.92

–17.29
–14.22
6.66

*Significant at 0.05 level.

Table 6.

Descriptive statistics of soil EC maps

shows the statistical significance of the models. A soil
salinity map of the entire experimental farm was generated,
for the S2 image of 9 December 2018, based on the three
prediction models (Figure 3). The soil EC map of agricultural fields in the experimental farm generated based on
three models showed that the mean soil EC of the farm
ranged between 1.8 and 4.2/dS m. As observed from
Table 6, model-3 shows the best reliable soil EC values
in the experimental farm with an average value of 2.9
(± 0.08) dS/m compared to the maps from model-1
(2.3 ± 0.04 dS/m) and model-2 (2.9 ± 0.12 dS/m).

Agricultural fields – soil EC (dS m–1)
Model
M1
M2
M3

Minimum

Maximum

Mean

Standard deviation

1.8
2.0
2.1

2.9
3.6
3.7

2.3
3.2
2.9

0.04
0.12
0.08

Application of the developed models to other fields
in the experimental farm
Accuracy evaluation of the developed models was carried
out using laboratory-measured soil samples taken from
the experimental field (N8), other than the samples that
were used in the development of the models. Table 5
388

Conclusion
Salinity is an important factor for the sustainable
management of soil and water resources, especially in
arid and semi-arid areas as in Saudi Arabia. Therefore,
this study was conducted to employ multiple regression
modelling for the estimation of soil salinity using S2 satellite images. The generated models show satisfactory
results in predicting soil EC. The following are specific
conclusions:
• Multiple regression modelling permits reliable estimations of soil EC using S2 data.
CURRENT SCIENCE, VOL. 121, NO. 3, 10 AUGUST 2021
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Figure 3. Soil salinity map of the entire experimental farm generated with the obtained prediction models: (a) model-3,
(b) model-2 and (c) model-1.

• The SWIR-1 band and SBI were found to be good
indicators for the prediction of soil EC.
• Three models were found to be accurate in ECP from
S2 data. Among these, model-3, a combination of the
SWIR-1 band and SBI, exhibited the most accurate
values of soil ECP (R2 = 0.67; P < 0.001).
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