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Abstract
Soil salinity undergoes significant spatial and temporal variations; therefore, salinity mapping is difficult,
expensive, and time consuming. However, researchers have mainly focused on arid soils (bare) and less attention
has been paid to halophyte plants and their role as salinity indicators. Accordingly, this paper aimed to investigate
the relationship between soil properties, such as electrical conductivity of the saturation extract (ECe) and the
spectral reflectance of vegetation species and bare soil, to offer a method for providing salinity map using remote
sensing. Various vegetation species and bare soil reflectance were measured. Spectral Response Index (SRI) for
bare soil and soil with vegetation was measured via the Normalized Difference Vegetation Index (NDVI), Soil
Adjusted Vegetation Index (SAVI), and salinity indexes. The electrical conductivity of the saturated extract, texture,
and organic matter of soil samples were determined. The correlation coefficient of soil salinity with SRI, SAVI, and
salinity indexes were obtained, and a model was presented for soil salinity prediction. EC map was estimated using
the proposed model. The correlation between SRI and EC was higher than other models (0.97). The results showed
that the salinity map obtained from the model had the highest compliance (0.96) with field findings. In general, in
this area and similar areas, the SRI index is an acceptable indicator of salinity and soil salinity mapping.
Keywords: Spectral indices; Soil salinity; SRI; Vegetation index

1. Introduction
The traditional method of salinity deduction
from other soil properties as well as visual
interpretation of aerial photographs have been
employed to monitor and collect data to show
salinity. Mapping salinity with aerial photo
interpretation is limited to distinctive signs of
visually-identifiable salinity. Interpretation of
aerial photographs together with soil landscape
map has resulted in the identification of soil
salinity among different soil properties, soil
landscape map location, and a number of field
samples. Each map unit may comprise various
soil properties and salinity, but the exact location
and extent of salinity in the map units is not
perceptible (Nasir khan et al., 2005).
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Indices employing Green, Red and NearInfrared bands of Landsat TM and OLI have been
showed agood correlation with the measured EC
value in Ethiopia and Saudi Arabia [(Elhag,
2016. Asfaw et al, 2016)]. Morshed et al. (2016)
studied the potential of Landsat ETM+ for
detecting soil salinity of the coastal region of
Bangladesh. In that study. Thirteen indices have
been employed to find out the relationship
between indices and salinity values collected
from the field. A regression equation has been
developed from the analysis which is capable of
mapping the saline affected areas from Landsat
ETM+ images (Morshed et al, 2016). But there
is a research gap in case of soil salinity mapping
for Bangladesh using Landsat TM.
Over the past two decades, multispectral
satellite images have been used for mapping and
monitoring surface salinity in several studies
(Hick and Russell, 1988; Furby et al., 1995,
1998; Metternicht and Zinck, 2003). Preparation
of direct saline soil maps using broadband
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satellite images is associated with major issues in
saline soil areas covered by salt-tolerant species
(Howari, 2003; Furby et al., 1995). The same
problem was also observed in soils without salt
crusts (Howari, 2003). Furby et al. (1995)
observed that non-saline sandy soil surfaces,
sometimes severely incorrectly interpreted with
affected by areas of saline free of vegetation; in
other words, there was spectral interference.
Most studies have attempted to overcome the
limitations of spectral-spatial images by
combining multitemporal images with auxiliary
information such as soil data and land properties
(Furby et al., 1995, 1996; Kiiveri and Caccetta
1998; Caccetta et al., 2000; Thomas 2001,
Fernandez-Buces et al., 2006).
When the soil is bare, land surface salinity can
be directly distinguished using remote sensing
data whilein vegetated lands, it can be specified
by the type of vegetation and the growth
conditions controlled by salinity (Mougenot et
al., 1994). Surface salinity is an active process
affecting the spectral and spatial information
extracted from conventional data. Identification
of saline soils by remote sensing data is largely
dependent on humidity, salinity rate, crust type,
and the contrast of saline spectral reflectance
with other surfaces. In general, areas with
medium and high salinity have been more
successfully identified compared to those with
low salinity or in the early stages of salinization.
For example, McGowen and Mallyon (1996),
using TM data and maximum likelihood
classification algorithm, provide more saline
areas estimation more than expected, which was
due to the land management, vegetation
conditions, and soil type of the studied area.
However, the remote sensing approach to
mapping at regional scales still requires
development for the purposes of global
agricultural salinization. One substantial
challenge is to resolve a large mismatch between
the scales of the ground and satellite
measurements. In addition, the direct assessment
of soil salinity from bare soil reflectance is
limited in regard to a salinity of lower than 20
dSm−1 (Metternicht and Zinck, 2003; Allbed et
al., 2018).
On the contrary, remote sensing can minimize
the time and cost for broad sampling and salinity
mapping because salinity levels are assessed by
various band reflectances and satellite imagery
ratios (Tamلs and Lénلrt, 2006; Eldeiry and
Garcia, 2008).
This problem is solved combining
multitemporal images. On the other hand, the
salinity level estimated lower than expected, by
remote sensing, is due to the mixture of saline

soils with nonsaline ones (Zinck, J. A. 2001).
However, the identification of saline soils can be
improved by combining multi-spectral data with
field studies and GIS. El Hafyani (2019) modeled
and mapped soil salinity in Tafilalet plain,
Morocco, based on Landsat 8 OLI satellite data
in combination with ground field data. His results
showed that the coefficient of determination (R2)
varied from 0.53 to 0.75 and the Root Mean
Square Error (RMSE) ranged between 0.62 and
0.80 dS/m.
Yan et al. (2019) used proximal sensor data for
soil salinity management and mapping and
reported that there was limited information
concerning spatio-temporal variations of soil
salinity in the study areas. Such information is
necessary for mapping changes in saline areas
and identifying appropriate strategies for soil
salinity management. Yan et al. (2019) Stated,
EM38 data were used for digital soil mapping of
spatio-temporal variations in different regions.
The results showed that the soil salinity
distribution was heterogeneous in the middle,
and salt leaching was significant at its edges.
Mougenot (1993) holds that broadband multispectral satellite images (Landsat, SPOT) have
limited ability to check for saline-affected areas,
especially when the amount of salt in the soil is
less than 10-15%. Farifteh et al. (2006)
determinedthree types of variables, called
measurable, hidden, and computational, for the
zoning of saline soils based on remote sensing.
Other complications as well as vegetation
interference in reflectance production create
errors in identifying the salinity (Alavi Panah et
al., 1999, 2001). They believe that the
contribution of remote sensing tools depends on
the number of hidden variables compared to the
other tools. Furthermore, if the behavior of the
system under study completely follows hidden
variables, it is less likely that the remote sensing
data can provide useful information. Spatial
resolution of images is another factor affecting
the zoning accuracy. Broadband satellite sensors
utilized in identifying saline soils are TM, MSS,
SPOT XS, Terra-ASTER, and LISS-II/III.
Dwivedi et al. (1998) performed zoning in
Indo-Gangetic saline land plains using LISS_III
sensor images of IRS-1C satellites and a color
transfer function of intensity, hue, and saturation
with a zoning accuracy of more than 85%.
Ahmed and Andriana Solo (1997) compared
the performance of Landsat TM and SPOT XS
for the saline soil zoning in a semi-comparative
level. They observed that SPOT XS had a better
performance compared with Landsat TM
whilethe distinction between areas with
moderate salinity levels and high eroded levels
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with relaxants was difficult due to the same
spectral reflectance. Verma et al. (1994)
demonstrated that the combination of thermal
bands such as TM6 or ETM6 with NIR-VIS
bands was effective in reducing the similarity
between Spectral properties of saline soils. Shaya
et al. (2005) identified salt-affected areas with
dominated sodium chloride salts and sodium
sulfate on Aibi lake area in China using ASTER
image. They reported a good correlation between
the concentration of surface salts and band 1
(green) ASTER images, followed by red and
infrared bands.
Remote sensing uses the electromagnetic
energy reflected from targets to obtain
information on the earth's surface (Khorram et
al., 2012). Because soil salinity impacts
vegetation,
remotely
sensed
vegetation
reflectance can be used as an indirect indicator of
soil salinity (Metternicht and Zinck, 2008; Zhang
et al., 2011).
Similar results were obtained by Brunner et
al. (2004) on preparing non-calibrated salinity
mapping using atmospheric multispectral
ASTER images correction. Non-calibrated
salinity maps generated via spectral correction
are comparable to the average conductance
values
obtained
from
ground-based
measurements. Dwivedi et al.(2001)conducted a
comparative study on the performance of
IKONOS multispectral images and LISS-III
sensor of IRS-1D satellite data with
panchromatic (spatial resolution of 5.8 m) and
multi-spectral (spatial resolution of 23.5 m) for
the zoning of saline soils.
Using different classification methods and
image conversion while employing IKONOS
data, a total accuracy of 92.4% was obtained. In
contrast, using the multi-spectral LISS-III data
and the combination of multi-spectral data and
panchromatic LISS-III, the total accuracy were
78.4% and 84.3%, respectively. Lands covered
with vegetation and agricultural crops are among
the limitations of mapping salt-affected soils.
Some
physiological
and
environmental
responses of plants to the electromagnetic
spectrum cause the use of spectral behavior of
plants in the study of vegetation.
Moreover, Normalized Difference Vegetation
Index (NDVI) derived from the plant reflects red
and near-infrared wavelengths can represent
spectral behavior of plants (Nagler et al., 2001).
This index shows a positive correlation with
plant photosynthesis activities, plant biomass,
and leaf area index (LAI);on the other hand, they
have been proven effective in determining the
distribution pattern of plants and their response
to environmental factors such as salinity.
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The spatial resolution of satellite imagery is an
important factor that should be considered when
mapping and assessing soil salinity (Ben-Dor et
al., 2008; Schmid et al., 2008).
Reflection spectrum of bare soil and plant
species vary in their salinity conditions. Thus, It
must be possible for soil mapping algorithm
using spectral reflectance of bare soil and
vegetation as an indicator. In this study, spectral
indices derived from Landsat TM and field
studies were integrated, and soil salinity map
was then prepared based on the fitted model on
spectral and field data.
2. Materials and Methods
2.1. Study area
The study area was the Ravand plain (Figure
1) with hot and relatively long summers and mild
winters. Based on the metrological data of 30
years, the mean annual precipitation is 138.8 mm
with annual evapotranspiration potentials above
2000 mm. Rainy time’s start from November and
end in June. Based on meteorological data, soil
temperature regime is thermic with an aridic
moisture regime. According to previous studies
and surveys, the soils of this region are classified
into Entisols and Aridisols.
2.2. Data
Landsat TM image bands on July 3, 2016,
included the visible spectrum (blue, green, and
red), reflected infrared (NIR and MIR), and
thermal infrared. Topographic maps, soil, and
salinity map at the scale of 1:50000, ENVI5.3,
ArcGIS10, and SPSS18 software were used.
2.3. Field data
Based on the visual interpretation of TM432
false color composite, areas of image with
homogeneous color, texture, and uniformity
were selected as a unit. Afterwards, 5 to 10
random samples were selected within each
homogeneous unit with a depth of zero to 30 cm,
with at least one profile per unit. Dried and
sieved samples, mmeasuring salinity values, soil
reaction, lime, soil color, and organic matter
according to standard laboratory methods. Plants
in each homogeneous region were identified, and
the frequency and types were also determined.
Native plants in the study area comprise
Petropyron sp., Hultemia sp., Launaed sp.,
Alhagi comelorum, Euphorubia sp., Salsola
tomentosa, and Heltemia sp. Dominant crops are
corn, cotton, and barley.
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Fig. 1. Location of the study area, Iran

2.4. Data processing
Using 14 ground control points, next, the
parameters of UTM projection, zone 39, WGS 84
spheroid, and datum were defined. Radiometric
correction was performed using least histograms.
The color of several plants and bare soil was
determined at 104 sampling points. NDVI was
calculated for all samples using TM images of
dereferenced pixel size 30 m. Three bands (blue
(1), green (2), and red (3)) and a fourth band, near
infrared (NIR), were extracted. After that,
Pearson correlation coefficient (r) was calculated
for the relationship between NDVI and EC.
Several algorithms of bands 4-1 in combination
with NDVI were tested to extract bare soil
reflection and find the most optimal correlation
with soil EC. Data integration algorithm, called
Spectral Response Index (SRI), determines a
combination of bare soil and vegetation spectral
responses (Fernandez Bosez et al., 2006).
Regression relationships were studied to obtain

an equation able to predict EC from spectral
indices such as SI, BI, and SRI (Table2). When a
significant relationship was found between SI,
BI, SRI and soil EC. Statistical analysis was
performed by means of Minitab16 and SPSS 18
software.
3. Results and Discussion
The results of analysis showed that
soilsalinity varied from 2 to 105 dS / m with a pH
of 7.1 to 8.7 (Table 1). Soil salinity class ranged
from S0 to S6, indicating the variety of
vegetation and soils on one hand and the variety
of plant species on the other. Soil texture varied
from loam to sandy loam, confirming medium to
high permeability and low water storage
capacity. Arid climate can cause sparse
vegetation and the growth of drought and
salinity-resistant plants in the area. The results of
field studies confirmed the sparseness of pasture
vegetation, which were salt-tolerant species.

Table 1. Results of physic-chemical properties measurements on some control sites
Site
Sand
Silt
OC
CaCO3
CaSO4.
Clay (%)
NO.
(%)
(%)
(%)
(%)
2H2O (%)
3
52.00
30.00
18.00
0.36
17.50
0.00
7
32.00
38.00
30.00
0.50
20.30
0.00
11
34.00
30.00
36.00
0.23
10.50
9.00
19
59.00
27.00
14.00
0.28
10.20
9.00
24
73.80
12.40
13.80
0.28
13.70
22.00
32
44.00
33.00
23.00
0.45
16.50
3.50
40
59.00
25.00
16.00
0.65
17.50
4.60

A two-dimensional scatter plot of image
pixels were drawn to identify the land cover
distribution. NDVI index and two-dimensional
graph properly displayed the vegetation
distribution of bare soils, pasture vegetation, and

Ec
(dS/m)
1.20
3.71
3.53
74.8
89.80
105.60
82.80

pH

SP%

8.31
8.27
8.11
7.80
7.95
8.27
7.65

24.10
30.00
44.20
33.8
40.00
32.50
30.30

Sampling
depth (cm)
0.30
0.30
0.30
0.30
0.30
0.30
0.30

irrigated agriculture in the study area (Figures 1
and 2). As shown in Figure 1, saline soils were
light to gray, and vegetation was red. The
distribution of image pixels was triangular, the
pixels around the triangle represent lush green
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vegetation and the base pixels represent bare soil.
The base pixels of the triangle near the origin
represent dark soil and the front represents light
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colored soils as saline crust and saline soil.
(Figure 2b).

Fig. 2. a) NDVI index calculated for the study area, b) scatter plot of R and NIR spectral band

As shown in Figure 2b, there was no
vegetation in the northern area, In the west and
south, scattered masses of irrigated agriculture
and rainfed agriculture and in the central region,
masses of planted trees are distributed.Spectral

indices of plant, soil, brightness, and salinity
were determined using blue, green, red, and near
infrared band of the TM sensor and their
correlation with measured salinity was
determined by laboratory method (Table 2).

Table 2. Spectral indexes and correlation with measured soil salinity
Indexes
Formula
Soil Adjusted Vegetation Index(SAVI)
(NIR-R)*L/(NIR+R+L)
Normalized Difference Salinity Index(NDSI)
(R-NIR)/(R+NIR)
√(NIR2+R2)
Brightness Index1(BI1)
Brightness Index1(BI2)
√(NIR2+G2)
Vegetation Soil Salinity Index(VSSI)
2*G-5*(R+NIR)
Salinity Index1(SI1)
√(B*R)
Salinity Index2(SI2)
√(G*R)
Salinity Index3(SI3)
√(NIR2+R2+G2)
Salinity Index4(SI4)
√(G2+R2)
Salinity Index5(SI5)
√(NIR*R)
Salinity Index6(SI6)
(B-R)/(B+R)
Salinity Index7(SI7)
(G*R)/G
Salinity Index8(SI8)
(B*R)/G
Salinity Index9(SI9)
√(G+R)
Salinity Index10(SI10)
B/R
Salinity Index11(SI11)
(R*NIR)G
Normalized Difference Vegetation Index(NDVI)
(NIR-R)/(NIR+R)
Spectral Response Index1(SRI1)
(B+G)/(R+NIR)*NDVI
Spectral Response Index2(SRI2)
(B+G)/(R+NIR)*SAVI

R2
0.29
0.36
0.43
0.38
0.39
0.41
0.39
0.45
0.42
0.39
0.48
0.36
0.37
0.32
0.37
0.38
0.19
0.96
0.71
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Table 3 .Summary of main statistical properties of soils and vegetation indices
Standard
median
maximum
minimum
mean
deviation
56.50
105
1.20
30.47
34.45
7.80
8.20
7.10
0.28
7.73
17.50
28.50
0.00
6.53
16.18
0.26
0.57
-0.40
0.33
0.17
1.23
0.45
-0.32
0.25
0.15

NDVI was calculated for each sample, and the
values ranged between -0.4 and 0.57 (Table 2).
Values less than zero are related to bare soils and
those higher than zero are related to sparse
pasture vegetation, cotton crops, and barley
fields. Pearson correlation coefficient (R) was
used to determine the relationship of ECe with
NDVI, SAVI, salinity indices, brightness index,
and SRI. The correlation coefficient between
salinity and index values ranged between 0.69
and -0.97. The minimum value belonged to
normalized difference vegetation index, and the
highest amount was related to the SRI1,
combination of different vegetation indices, all
blue, green, and red and Near Infrared bands.
Different algorithms using spectral bands 1-4
were tested in combination with NDVI and
SAVI. On the other hand, bare soil combined
reflections were studied to determine the best
communication with electrical conductivity. The
correlation between salinity and NDVI index was
exponentially reverse. With the increase in
NDVI index values, the corresponding salinity
values decreased exponentially. The correlation
coefficient between soil salinity and NDVI index
was low (-0.43) as the latter was affected by
ground field reflecting. This means that ground
field reflects the changes in the plant spectral

point

variable

104
104
104
104
104

Salinity(ds/m)
Soil reaction(pH)
Calcium carbonate
NDVI
SAVI

behavior and reduces its spectral effect.
Therefore, the SAVI index was examined. The
relationship between this index and salinity
indicated a higher correlation coefficient (-0.53)
compared to that of salinity and NDVI. Various
relationships have been studied to involve plant
and soil reflection in salinity relationships and
indices. Results of this study according to the
findingsof Bouaziz et al. (2011) and Fan et al.
(2012) whofound that SAVI, NDVI, and EVI
vegetation indices were poorly correlated with
EC values due to insufficient vegetation cover
density while the soil salinity indices were more
strongly correlated with the EC values.
The final algorithm is SRI (Spectral Response
Index), which is expressed for a combination of
bare soil and vegetation spectral reflections. The
correlation coefficient between salinity and the
values of SRI1 and SRI2 indices varied from0.84 to -0.97. This shows the high capability of
these two models in estimating salinity and
providing a salinity map in scattered vegetation
areas of salty and salt-resistant plants. Studying
the relationship between salinity and various
indices, the correlation coefficients indicated a
significant relationship between SRI1 and ECe
values (Figure 3).

Fig. 3. Diagram of the relationship between salinity and the reflective composition of visible boundary and near infrared band index

Matinfar et al. / Desert 25-1 (2020) 77-85

The fitting model on salinity data exponential
distribution and SRI index in a two-dimensional
space is as follows:
EC = 21.56 - 57.53 SRI1 + 98.12 SRI1∧2

(1)

The result of implementing model 1 on SRI
index of salinity map (Fig. 4). As observed,
northern and northeastern regions had the
minimum amount of vegetation and SAVI index
with the maximum salinity values. Areas of
irrigated crops such as corn, cotton and gardens
had the minimum salinity because waterlogging
washed away the salts from soil profiles, causing
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minimum amounts of saline on the soil surface.
Therefore, the salinity in these areas is
maintained at 2 to 6 ds/m. The results of
matching salinity map of the model (1) with
measured points confirming the authenticity of
which can be measured with high reliability and
users will benefit from these results. These high
reflection characteristics of strongly saline soil
(presence of thick crust) were easily captured by
satellite remote sensing and played a vital role in
the remote monitoring of soil salinization in large
areas (Abbas et al., 2013).

Fig. 4. Salinity map resulting from the model implementation
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Fig. 5. Measured EC versus estimated EC through the best models performance

4. Conclusion
There was a good agreement between the
estimated and measured EC (Fig. 5), and the
model showed a very high correlation (R2 =
0.93). Most parameters (blue, green, red and NIR
and the vegetation index) indicateda good
perception of the remote sensing data in the
spatial mapping of soil salinity. Several works
have been carried out on this topic. They have
demonstrated the usefulness of satellite imagery
in mapping, modeling, and spatial-temporal
monitoring of soil salinity (El Hafyani et al.,
2019; Abdelrahman etal., 2019; Rahmaty M. and
Hamzepoor N., 2017). Moreover, Albed et al.
(2014) identified the NDSI and SAVI indices as
the most suitable indices for the study of soil
salinity in the Arabian Peninsula. Based on this
and other sources, it is concluded that the
accuracy of the indices for soil salinity
measurement in each region varied according to
the type and amount of soil salinity as well as the
type of satellite data, which and should be
studied and measured. Soil salinity of each area
was further measured and calibrated.
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