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ABSTRACT
Soil salinity is a serious environmental problem especially in arid and semiarid areas. It either occurs naturally or is
human-induced. High levels of soil salinity negatively affect crop growth and productivity leading land degradation
ultimately. Thus, it is important to monitor and map soil salinity at an early stage to enact effective soil reclamation program that helps lessen or prevent future increase in soil salinity. Remote sensing has outperformed the traditional
method for assessing soil salinity offering more informative and professional rapid assessment techniques for monitoring and mapping soil salinity. Soil salinity can be identified from remote sensing data obtained by different sensors by
way of direct indicators that refer to salt features that are visible at the soil surface as well as indirect indicators such as
the presence of halophytic plant and assessing the performance level of salt-tolerant crops. The purposes of this paper
are to 1) discuss some soil salinity indicators; 2) review the satellite sensors and methods used for remote monitoring,
detecting and mapping of soil salinity, particularly in arid and semi-arid regions; 3) review various spectral vegetation
and salinity indices that have been developed and proposed for soil salinity detection and mapping, with an emphasis on
soil salinity mapping and assessment in arid and semi-arid regions; and 4) highlight the most important issues limiting
the use of remote sensing for soil salinity mapping, particularly in arid and semi-arid regions.
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1. Introduction
According to the US Salinity Staff Laboratory, soils with
conductivity of the saturation extract (EC) > 4 deciSiemens per meter (dS/m) at 25˚C, Exchangeable Sodium
Percentage (ESP) < 15 and pH (soil reaction) < 8.5 are
referred to saline soils [1]. Salt in the soil mostly derives
from the weathering of rocks and primary minerals,
which formed in situ or transported by water or wind [2].
Other causes of soil salinity are topography, irrigation
and dryland salinity, which occur due to forest clearance,
overgrazing, and cutting bushes that cause water-tables
to rise and bring saline groundwater close to the land
surface. Thus, soil salinity categories are either primary
salinity which is naturally occurring or secondary salinity
which is human-induced.
Soil salinity is a prevalent environmental hazard in
arid and semiarid regions around the world [3]. The United Nations Food and Agriculture Organization (FAO)
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has estimated that saline soil covered 397 million hectares of the total land area of the world [4]. Africa, Asia,
Australia, Europe, Latin America, Near East and North
America are the most affected areas [4]. According to the
most recent estimates from a survey of farmers, about 2
million hectares and 20,000 farms across Australia alone
showed some signs of salinity [5]. A recent study conducted by McFarlane et al. [6] has estimated that, in
Western Australia alone, secondary salinity covers about
10% of the land, and could reach 23% if action is not
taken to stop its spread.
Soil salinity adversely affects plant growth, crop production, soil and water quality, and it eventually results in
soil erosion and land degradation [7-9]. Soil salinity impacts are not limited only to the environment but also
extend to the economy. For instance, the economic losses
due to secondary salinisation in Batinah region in Oman
have been estimated at US$ 1604 ha−1 (28%) when the
salinity increases from low to medium level and US$
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4352 ha−1 (76%) if it jumps from low to high level [10].
Basically, soil salinity is a dynamic process with severe consequences for the soil, hydrological, climatic,
geochemical, agricultural, social, and economic aspects.
Therefore, for greater development and implementation
of sufficient soil reclamation programs and preventing
any further salinization to sustain agricultural lands and
natural ecosystems, information on the spatial extent,
nature and distribution of soil salinity is becoming very
essential. Thus, timely detection of soil salinity, monitoring and assessment of its severity level and extent become very important in its beginning at local and regional scales.
Conventionally, soil salinity has been measured by
collecting in situ soil samples and analyzing those samples in the laboratory to determine their solute concentrations or electrical conductivity. However, these methods
are time-consuming and costly since dense sampling is
required to adequately characterize the spatial variability
of an area [11-14]. Ghabour & Daels [15] agreed that
detection soil salinity traditionally is time consuming, but
remote sensing data and techniques offer more efficiently
and economically rapid tools and techniques for monitoring and mapping soil salinity.
Remote sensing data and techniques have been progressively applied to monitor and map soil salinity since
1960s when black-and-white and color aerial photographs
are used to delineate salt-affected soils [16]. Multispectral data such as Landsat, Satellite Pour l’Observation de
la Terre (SPOT), IKONOS, QuickBird and the Indian
Remote Sensing (IRS) series of satellites, as well as hyperspectrl data such as EO-1 Hyperion and HyMap, have
been found to be useful in detecting, mapping, and
monitoring soil salinity [17-23]. Generally, remote sensing uses the electromagnetic energy reflected from targets to obtain information about the Earth’s surface with
different levels of detail. So based on this concept, the
spectral reflectance of the salt features at the soil surface
has been widely studied using remote sensing and used
as a direct indicator for soil salinity detection and mapping. However, when the soil moisture is high or the
crust salt is invisible on the soil surface or mixed with
other soil constituents, this direct approach becomes
complicated and may yield unreliable results since these
factors influence the soil spectral reflectance. But, the
present scattered vegetation or halophytes on the soil
surfaces can serve as a sign of the salinity problem,
making it possible to indirectly detect and map areas that
are affected by soil salinity using the reflectance from
vegetation. Normally, unhealthy vegetation has a lower
photosynthetic activity, causing increased visible reflectance and the reduced near-infrared reflectance (NIR)
from the vegetation [24]. This pattern has been found in
various plants subjected to salinity stress [25]. Therefore,
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based on this finding, several vegetation indices (VIs)
such as Normalized Differential Vegetation Index (NDVI)
and Soil Adjusted Vegetation Index (SAVI) have been
used as indirect indicators assess and map soil salinity.
Similarly, a number of researchers have developed different salinity indices to detect and map soil salinity such
as Normalized Difference Salinity Index (NDSI) and
Salinity Index (SI).
This review concentrates on the problem of soil salinity and discusses some soil salinity indicators and how
remote sensing data and technologies are used for monitoring and mapping soil salinity. Additionally, it will
discuss the most current vegetation and salinity indices
used for soil salinity detecting and mapping, and it highlights some of the limitations and problems of using remote sensing for monitoring and mapping this hazard
with an emphasis on soil salinity mapping and monitoring techniques for arid and semi-arid regions.

2. Soil Salinity and Remote Sensing
2.1. Soil Salinity Symptoms
Soil salinity can be detected directly from remotely
sensed data through salt features that are visible at the
soil surface, such as bare soil with white salt crusts on
the surface [19,26] or indirectly from indicators such as
the presence of halophytic plant, the performance level of
salt-tolerant crops [27-30].
2.1.1. Salt Features at the Soil Surface
The dynamic processes at the surface of saline soil limit
the monitoring and assessment of the salinization process
because they influence the spectral, spatial and temporal
behavior of the salt features [31]. Via the physicochemical properties of soil such as soil moisture content,
organic matter, soil texture, types of clay color and surface roughness soil spectral reflectance is determined
[32-36]. Due to salinity these soil properties change
which affect the spectral reflectance of features that occur at the soil surface, including salt crusts and efflorescence besides variations in surface texture and structure
[37,38]. For example, Schmid et al. [37]found that
crusted saline soil reflects strongly in the visible and
near-infrared (NIR) bands; moreover, Rao Singh and
Sirohi [39] noted that a crusted saline soil surface is generally smoother than a non-saline surface and exhibits
high reflectance in the visible and NIR bands, which has
been confirmed by Rao et al. [40]. On the other hand,
Metternicht and Zinck [41] found that the reflectance in
the visible and NIR bands is highly affected by both the
crust color and surface roughness factors.
Despite the effects of salt features on the soil surface
on the spectral reflectance, they have been considered
good direct indicators of soil salinity. For example, FerARS
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nandez-Buces et al. [42] used surface features to predict
soil salinity. They found that the correlation coefficient
between surface colors, EC and the sodium adsorption
ratio (SAR) were statistically significant, which suggested that efflorescence color is a promising surface
indicator with which to estimate soil salinity.
2.1.2. Presence of Halophytic Plants
Halophytic plants (salt-tolerant plants) are plants that
tolerate high salt concentrations of the soil and can be
grown on a salt affected land [43]. Although halophytic
plants are common in saline areas, not all have been
found to be good remote sensing indicators of soil salinity.For instance, Metternicht [44] found the spectral reflectance curve with high absorption in the visible range
and high reflectance in the NIR range of halophyte
Chenopodiaceae in Bolivia, to be equivalent to that of
chlorophyll-rich vegetation. In contrast, due to lower
chlorophyll content the spectral reflectance curve of C.
dactylon, also a halophyte, increased continuously in the
visible and NIR bands. This study concluded that halophytic plants were promise indicator to distinguish saline
areas from non-affected ones.
2.1.3. Crop Performance
The performance of some crops that can be grown on
saline soils, such as alfalfa, barley, and cotton, reflect the
severity of soil salinity. Cotton is largely cultivated on
irrigated land, is therefore considered an ideal indirect
indicator for soil salinity, so it has been used as salinity
indicators in a variety of studies [31]. For example, based
on the high correlations between the Normalized Difference Vegetation Index (NDVI) values of cotton, sugarcane crops and the EC, Wiegand et al. [45,46] successfully assessed the severity and extent of soil salinity in
terms of the economic impact on crop production and
also distinguished saline soils from non-affected soils.
This strong relationship most likely exists only where
salinity is the major factor that causes crop yield variability; lands that suffer from soil salinity are likely to
have other factors that affect yields as much or more than
salinity, such as high or low temperatures, topography
and land management. Therefore, deduction of the relationship between a number of saline fields and an entire
landscape is likely to result in large errors, so the possible use of this indicator for determining the level of soil
salinity must be checked carefully. To overcome this
issue, some researchers have proposed using average
crop production over a series of years to mask out the
noise from non-soil factors that differ from year to year.
For example, Lobell et al. [47,48] warn of the use of inter-annual changes on crop yield as an indirect indicator
of soil salinity at regional scales because yield mapping
that is limited to only one year does not always give a
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reliable estimator of soil salinity, particularly when
strongly saline soils are scarce. Thus, through the use of
a 6-year temporal series of satellite images of yield, they
obtained a strong correlation between yield losses and
soil salinity; they highlighted that yield loss in agricultural regions could be primarily due to several factors,
including soil salinity.

3. Mapping and Monitoring Soil Salinity
Using Remote Sensing Data
Advantages of using remote sensing technology include
saving time, wide coverage (satellite remote sensing provides the only source when data is required over large
areas or regions), are faster than ground methods, and
facilitate long term monitoring. These techniques provide
multispectral image with resolutions that can be ranged
from medium to high, as well as hyperspctral image.
These remotely sensed data have been successfully used
for monitoring and mapping soil salinity for decades with
mixed results. Many researchers have used different
techniques to monitor and map soil salinity using remote
sensing data, as discussed below.

3.1. Multispectral Satellite Sensors for Mapping
and Monitoring Soil Salinity
Extensive research using satellite imagery for mapping
and monitoring soil salinity has been conducted over the
last three decades, mostly with multispectral sensors.
These include Landsat Thematic Mapper (TM), Landsat
Multispectral Scanner System (MSS), Landsat Enhanced
Thematic Mapper Plus (ETM+), SPOT, Advanced
Spaceborne Thermal Emission and Reflection Radiometer (Terra-ASTER), Linear imaging self-scanning sensor
(LISS-III) and IKONOS [23,49,50]. For example, in the
United States of America (USA), Elnaggar and Noller
[51] used Landsat TM imagery integrated with decision-tree analysis (DTA) to map soil salinity in central
Malheur County. They found that there was a significant
relationship between EC values and reflectance in Landsat bands 1, 2, 3 and 4 as well as the Brightness (BI) and
Wetness (WI) indices. Maximum likelihood supervised
classification was used to classify the image into nonsaline soils (EC < 4 dS/m) and saline soils, with accuracies of 97% and 60% respectively, whereas DTA predicted five classes of soil salinity with an overall accuracy of approximately 99%. Their results indicated that
the use of Landsat TM imagery effectively identified
bare soils that were characterized by high spectral reflectance due to a high salt content on the surface, and the
approach of integrating DTA with remote sensing data
was more accurate and effective compared to using remote sensing analysis alone.
Many researchers, including Katawatin and Kotrapat
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[52], Mehrjardi [53] and Yu et al. [54] have investigated
the utility and effectiveness of ETM+ data for soil salinity mapping and monitoring. For example, in Thailand,
Katawatin and Kotrapat [52] investigated the use of
Landsat-7 ETM+ with different combinations of three
sources of ancillary data (topography, geology, and underground water quality) for soil salinity mapping. A
maximum likelihood classification method was employed in this study. Their results showed that the use of
Landsat ETM+ data bands 4, 5 and 7 in combination with
all three types of ancillary data yielded the most accurate
soil salinity map, with 83.6% overall accuracy. Additionally, Douaoui et al. [55], Farifteh et al. [56] and
Eldeiry and Garcia[57] agreed that an integrated approach using remote sensing techniques in addition to
ancillary data such as field data, topography and spatial
models geophysical surveys can improve the development of high quality soil salinity maps.
Using multispectral sensors for soil salinity research
has also been studied by Goossens et al. [58]. Their study
examined and compared the accuracy of Landsat TM,
MSS, and SPOT XS imagery for soil salinity mapping.
They found that Landsat TM was optimal for soil salinity
mapping. Another comparative assessment of the suitability of multisensor data for soil salinity studies was
conducted in Pakistan by Ahmed and Andrianasolo[59].
They compared the performance of Landsat TM and
SPOT XS in mapping salinity at a semi-detailed level.
Their results were completely opposite to that of
Goossens et al. [58]. They found that the SPOT XS data
were more helpful than Landsat TM as it provided finer
details of various thematic variables.
Thermal band has proven to be a useful tool in soil salinity studies. It has a key role in differentiating saline
soils, especially in areas of bare soil or sparse and similar
vegetation. For example, Verma et al. [50] demonstrated that the addition of the thermal band of Landsat
TM to the visible-NIR bands helped overcome spectral
similarity issues with saline soils. Furthermore, thermal
band was used to discriminate salt- and sodium-affected
soils by Metternicht and Zinck [41]. They found that the
incorporation of the thermal band allowed for better salt
and sodium detection. Furthermore, in a case study in
Iran, AlaviPanah and Goossens [60] found that the addition of the thermal band to the best Landsat TM visible-NIR band combination had great potential for separating saline soil from gypsiferous soil. This study confirmed the result obtained by Goossens et al. [61], who
reported the key role of the TM thermal band in separating gypsiferous soil from saline soils. In China, Huang et
al. [62] used Terra ASTER imagery to identified saline
areas dominated by sodium chlorides and sodium sulfates.
Their results showed a good correlation between surface
salt concentrations and band 1 of the ASTER sensor,
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followed by bands 2 and 3.
It cannot be denied that medium or low spatial resolution of the satellite images can limit the mapping and
detection of saline regions, particularly when the affected
areas are smaller than the pixel size. Thus, high resolution multispectral sensors with pixel size of less than 5 m
are becoming an essential for soil salinity studies [23].
However, only limited attempts have been made to identify and map soil salinity problems using fine spatial
resolution (0.6 m - 4 m) images that are available from
IKONOS (4 bands) and Quickbird (4 bands) satellites, as
well as WorldView-2, which has 8 multispectral bands at
1.84 m spatial resolution and one panchromatic band at
0.5 m spatial resolution [63]. This is most likely due to
the higher cost of this higher-resolution imagery and
these sensors being more recently developed systems.
Elhaddad and Garcia [64] have used IKONOS satellite
imagery and crop reflectance to identify the severity
level of soil salinity and its effect on crop yield in Arkansas River Basin, Colorado. Image enhancement was
used to separate the crop condition into several classes,
and supervised classification was applied to delineate the
different levels of soil salinity. They concluded that the
superior effectiveness of their approach was primarily
due to the use of high spatial resolution imagery. On the
other hand, Dwivedi et al. [23] conducted a comparative
study on the performance of IKONOS imagery and imagery from the IRS-ID LISS-III sensor for mapping
salt-affected soils. Different image classification and
transformation techniques were used in their study, and
an overall accuracy of 92.4% was gained when using
IKONOS data compared to an overall accuracy of 78.4%
and 84.3% obtained when using the IRS-ID LISS-III
multispectral sensor, which indicates the great potential
of high spatial resolution IKONOS images for soil salinity mapping and detection. In South Australia, Setia et al.
[22] detected and mapped soil salinity in an agricultural
area using QuickBird imagery. They found that 99% of
the variation in spectral values occurred in bands 2 and 4.
Furthermore, they found that by dividing the image into
hundreds of paddocks (small fields) and performing an
unsupervised classification using a paddock-by-paddock
approach, which is a procedure where each individual
paddock is classified and mapped separately, they were
able to map soil salinity severity levels more accurately.
Thus, they concluded that a paddock-by-paddock classification approach for QuickBird imagery is a promising
method for detecting degrees of salinity severity at a
farm level. However, in spite of these promising results,
it should be noted that it would extremely difficult to
assess the validity and reliability of this approach at regional scales because it is a time-consuming and labor-intensive procedure. Thus, further investigations will
help to elucidate whether and how a paddock-by-paddock
ARS

A. ALLBED, L. KUMAR

classification approach will work at regional scales.

3.2. Limitations of Multispectral Satellite
Sensors in Soil Salinity Mapping and
Monitoring
Multispectral satellite sensors have been and still are the
preferred method for mapping and monitoring soil salinity. This is primarily due to the low cost of the imagery
(e.g., Landsat, SPOT) and the ability to map extreme
surface expressions of salinity. Nevertheless, multispectral data has limited diagnostic capability because of its
coarse spatial and spectral resolutions [65]. For example,
Furby et al. [66] and Howari [67] reported that direct
mapping of soil salinity with multispectral imagery had
major limitations that arise, especially where there are no
salt features on the soil surface and where saline soils are
dominated by halophyte plants. Additionally, Furby et al.
[66] stated that multispectral satellite sensors caused
confusing reflectance, as they found that non-saline soils
were confused with bare, extremely saline areas. In the
case of Landsat imagery, Fraser and Joseph [68] reported
that the spectral resolution of Landsat was insufficient
due to the difference between the spectra of saline land
and waterlogged land not being sufficient to allow spectral separation, as well as the variable spectral response
of saline soil. Additionally, Hick & Russell [69] state that
the ability of discriminating plant species and plant
health conditions is challenging with Landsat imagery
due to the absence of narrow bands in the range of 700 730 nm, 730 - 760 nm and 900 - 1100 nm.

3.3. Hyperspectral Remote Sensing Data
Most of the studies discussed above have attempted to
map and monitor soil salinity using different multispectral satellite sensors. However, the use of such sensors is
restrictive, as their spectral resolution influences the quality and quantity of the information they provide. The
development of airborne and satellite-based hyperspectral sensors has overcome some of the spatial and spectral limitations of multispectral satellite imagery for
monitoring and mapping soil salinity, both regionally and
locally. Hyperspectral sensors offer a large number of
spectral bands with high spatial resolution that allow the
discrimination of halophyte plants from non-halophyte
plants as well as the identification of surface salt features
in more detail than the multispectral sensors [70,71].
Taylor et al. [72] demonstrated the possibility of using
airborne hyperspectral data to map salinity in the soil.
They described the use of visible-NIR and shortwave
infrared (SWIR) hyperspectral data that were collected
with airborne Geoscan sensor to map soil salinity at
Pyramid Hill, Victoria, Australia. The found that differentiation of salt-affected soils based on the mapping of
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halophytic plants simply achieved via the employing of
the principal component analysis of Geoscan imagery.
The potential of the HyMap airborne hyperspectral sensor, which captures images within a spectral range of 450
- 2500 nm in 128 bands, for soil salinity studies has been
tested by Dehaan and Taylor [73,74]. They concluded
that HyMap has considerable potential for mapping saline areas that characterize the variety of salinity levels
and scattered halophyte plants. Likewise, Farifteh et al.
[75] measured reflectance spectra from multiple sources
(experimental, field, and airborne datasets) to predict salt
concentrations with Partial Least Squares Regression
(PLSR) and Artificial Neural Networks (ANN) and maped soil salinity using airborne hyperspectral data acquired
with HyMap. Their results indicated that both PLSR and
ANN enabled good mapping of soil salinity.
After the year 2000, two experimental hyperspectral
sensors were launched, CHRIS and Hyperion [76]. Compared to airborne hyperspectral remote sensing, very limited numbers of studies on soil salinity have been conducted with these space-borne hyperspectral data. In
Turkey, soil salinity was assessed by Satir et al. [77] using CHRIS PROBA sensor imagery and the spectral
characteristics of indicator crops. Their study showed a
strong correlation between the spectral wavebands of
CHRIS PROBA and the reflected signals of cotton and
wheat for detecting soil salinity, which confirmed that
the condition of cotton and wheat crops is a good indirect
indicator of soil salinity. On the other hand, a study by
Dutkiewicz [71] evaluated the performance of Hyperion
imagery for mapping surface symptoms of dryland salinity using mixture-tuned matched filtering in southern
Australia. She found that the hyperspectral imagery
wasunable to distinguish halophytic samphire vegetation
at slight or moderate levels of salinity; however, it could
be used to map high to very high and extremely high
salinity. In China, Weng et al. [18] have investigated the
potential of data from the spaceborne Earth Observing 1
(EO-1) Hyperion sensor for the prediction of soil salinity.
Partial Least-Squares Regression (PLSR) and Stepwise
Linear Regression (SWR) were used as prediction models. Their results indicated that the PLSR model produced more accurate estimations of soil salt content than
SWR and could overcome the difficulties that were
caused by high dimensionality and strong correlation
among input variables as well as noisy data. Thus, they
concluded that PLSR was a promising approach for the
quantitative mapping of soil salinity with Hyperion data
over a large area. These results suggest that further studies need to be conducted to examine prediction models
based on nonlinear regression methods, and the spectral
noise of hyperspectral data should be taken into consideration to increase the accuracy of soil salinity mapping.
In addition, a more recent study was conducted in Iran by
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Hamzeh et al. [78] to investigate the ability of Hyperion
spaceborne hyperspectral data for mapping salinity stress
in sugarcane fields. Different classifications such as Support Vector Machine (SVM), Spectral Angle Mapper
(SAM), Minimum Distance (MD) and Maximum Likelihood (ML) were used with different band combinations
to classify soil salinity into three classes (low, moderate
and high salinity). Their results indicated that SVM classification using all bands as input data yielded a salinity
map with good accuracy, with an overall accuracy and
kappa coefficient of 78.7% and 0.68, respectively.

4. Using Vegetation and Soil Indices in Soil
Salinity Studies
4.1. Vegetation and Soil Indices
As mentioned previously, halophytic plants grow naturally in saline soil, and can be adapted to high soil salinity. Therefore, vegetation has been used as an indirect
indicator to predict and map soil salinity. Accordingly,
numerous researchers have conducted studies on the
mapping and delineation of soil salinity using different
Spectral Vegetation Indices (SVI). Among the vegetation
indices, NDVI, SAVI, Ratio Vegetation Index (RVI) and
Tasseled Cap Transformation that consisted of the Soil
Brightness Index (SBI), the Green Vegetation Index
(GVI), and the Wetness Index (WI) have been used in
soil salinity studies [26,29,30,57,79-81].
Due to absorption in the visible range and high reflectance in the NIR range of the electromagnetic spectrum,
the NDVI (Table 1) has been widely used to map soil
salinity by monitoring halophytic plants [42,51,79]. The
difference in reflectance between the visible and NIR
bands is divided by the sum of the two bands’ reflectance
(Table 1). This normalizes differences in the amount of
incoming light and produces a number from −1 to 1; the
range of actual values is approximately 0.1 for bare soils
to 0.9 for healthy vegetation [82]. In Mexico, FernandezBuces et al. [42] found a significant correlation between
NDVI, EC and SAR. Moreover, Pérez González et al.
[83] have correlated the NDVI of halophytic vegetation
with the spatial variability of the chemical and physical
properties of a transect to identify saline hydromorphic
soils. Their results showed the NDVI to be very proper in
detecting halophytic plant and relating it to saline soils.
Additionally, Bannari et al. [84] have stated that because
plant growth declines due to soil salinity, salt stress could
be predicted using the NDVI. However, researchers such
as Metternicht and Zinck [76] and Zhang, et al. [29] argue that detecting soil salinity using the NDVI is challenging because the presence of vegetation could cause
spectral confusion with the reflectance properties of salt
and also because the NDVI is considered an unreliable
indicator, as it is also correlated to other yield variables
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such as chlorophyll content, biomass and leaf area. Liu
and Huete [85] have developed a modification of the
NDVI to reduce the atmospheric and canopy background
noise, the enhanced soil and atmosphere resistant vegetation index (EVI) (Table 1). A comparison study of the
efficiency of the EVI and NDVI calculated from Multiyear Moderate Resolution Imaging Spectroradiometer
(MODIS) imagery for assessing soil salinity in the Red
River Valley, United States has been conducted by Lobell et al. [48]. They found that the EVI is a more reliable indicator of salinity than the NDVI. The use of the
RVI (Table 1) to measure the spectral reflectance of
soybean canopy and elephant grass under different salinity and irrigation treatments was investigated by [80] and
[86]. In both studies, the results showed that the canopy
spectral reflectance in the NIR region was reduced as
salinity level increase.
Furthermore, SAVI (Table 1) was developed by Huete
[87] to eliminate soil-induced variation and for use in
areas where soil backgrounds differed and the low canopy cover was present. Depending on the crop density,
the L factor generally ranges from 0 for higher densities
and 1 for lower densities [87]. The resulting SAVI values
in the classified image are either positive, negative or
zero. A positive SAVI value indicates that there is a decrease in the vegetation, while a negative value indicates
an increase in vegetation. A zero value indicates no
change in vegetation. The effectiveness of this index for
soil salinity detection and mapping has been studied by
several researchers, including Zhang et al. [29], Alhammadi [88], Koshal [89], Elnaggar & Noller [51] and
Masoud & Koike [90]. For example, in the United Arab
Emirates (UAE) Alhammadi and Glenn [27] used the
SAVI index for detecting date palm health under soil
salinity. They found that the SAVI values decreased with
increasing soil salinity; for instance, the SAVI value was
0.155 at the lowest salinity level of 6900 parts per million (ppm), whereas the value decreased to 0.104 at the
very high salinity of 41,000 ppm. These results showed
the potential of using the date palm, which is a halophytic plant, as an indirect indicator of soil salinity as
well as the effectiveness of the SAVI in detecting plant
stress related to severe salinity and thus permitting the
identification and mapping of saline areas indirectly.
Recently, Zhang et al. [29] have proposed four Soil-adjusted Salinity Indices (SASIs) through the most sensitive bands in a SAVI form. For halophyte plants, SASIs
produced better results compared to other selected vegetation indices such as the NDVI and SAVI. These results
indicate that in highly saline areas that are covered
mainly by halophyte plants, SASIs would give superior
results, whereas VIs such as NDVI and SAVI would only
be proper to assess salinity in low saline areas covered by
salt-sensitive plants.
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Table 1. Vegetation and soil salinity indices that have been proposed and used for soil salinity monitoring and mapping.
Indices

Equation

References

NDVI   NIR  R   NIR  R 

[82]

EVI  2.5  NIR  R   NIR  6R  7.5BLUE  1

[85]

Soil Adjusted Vegetation Index

SAVI   NIR  R   NIR  R  L   1  L 

[87]

4

Ratio Vegetation Index

RVI  NIR R

[91]

5

Normalized Differential Salinity Index

NDSI   R  NIR   R  NIR 

6

Brightness Index

7

Salinity Index

SI  BLUE R

8

Salinity Index

SI1  G R

9

Salinity Index

SI 2  G 2  R 2  NIR 2

10

Salinity Index

SI 3  G 2  R 2

11

Salinity Index

SI-1  ALI9 ALI10

12

Salinity Index

SI-2   ALI6  ALI9   ALI6  ALI9 

13

Salinity Index

SI-3   ALI9  ALI10   ALI9  ALI10 

14

Soil Salinity and Sodicity Indices

SSSI-1   ALI9  ALI10 

15

Soil Salinity and Sodicity Indices

SSSI-2   ALI9  ALI10  ALI10  ALI10  ALI9

16

Salinity Index

S1  Blue R

17

Salinity Index

S2   Blue  R   Blue  R 

19

Salinity Index

S3   G R  Blue

20

Salinity Index

S4  Blue  R

21

Salinity Index

S5   Blue  R  G

22

Salinity Index

S6   R NIR  G

2

Normalized Differential Vegetation
Index
Enhanced Vegetation Index

3

1

BI 

Similarly, various spectral salinity indices have been
developed for salt mineral detection and mapping.
Douaoui et al. [55] have proposed three salinity indices
(Table 1) produced from SPOT XS imagery to detect and
map soil salinity hazards in a semi-arid environment in
Algeria. They found that those indices were strongly
correlated with measured values, but considerably underestimated the salinity of areas with high levels of surface salt. Besides, Khan et al. [92] have proposed three
spectral salinity indices: the Brightness index (BI), Normalized Difference Salinity Index (NDSI) and Salinity
Index (SI) (Table 1) from the LISS-II sensor of the
IRS-1B satellite to assess hydrosalinized land degradation in Pakistan. Among these indices, they found that
NDSI yielded the most acceptable results in identifying
different salt classes. Another study conducted by Vidal
et al. [94] and Vincent et al. [95] looked at salinity by
differenting vegetated from non-vegetated areas using
NDVI; then the BI was computed to identify the moisture
and salinity status of fallow land and deserted fields.
Furthermore, three different salinity indices, SI-1, SI-2
Open Access

R

2

 NIR 2 

[92]

[55]

[84]

[93]

and SI-3 (Table 1) from the EO-1 ALI spectral bands,
have been proposed by Bannari et al. [84] to discriminate
slight and moderate soil salinity and sodicity in Morocco.
Although the results showed that SI-3 had the highest
correlation (46.9%), the result from this index was not
adequate to provide precise information. Therefore, they
devised another two Soils Salinity and Sodicity Indices
(SSSI) (Table 1). Their results indicated that these SSSI
indices were likely to increase the identification accuracy
in areas with low and medium salinity because they offered the most significant correlation (52.9%) with the
ground EC measurement. In Pakistan, Abbas and Khan
[93] have suggested an integrated approach based on the
spatial analysis of both ground and satellite data to assess
soil salinity. Remotely sensed data-based salinity indices
and a Principal Components Analysis (PCA) were developed to detect soil salinity. Their result showed that
out of the six salinity indices (Table 1) S3 produced the
most promising result compared to ground measurements.
Moreover, they concluded that PCA and salinity indices
are promising techniques for soil salinity prediction
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based on satellite images.
Looking at these vegetation and soil salinity indices in
the literature, a number of results stand out. Utilizing
vegetation indices in the assessment and mapping of soil
salinity in areas of densely vegetated soils will yield
promising results, whereas on bare soils, the identification of salt based on vegetation indices will not work.
Thus, soil salinity indices will be the appropriate method
in the case of bare soils or soils with very low scattered
vegetation cover, providing super results. These observations are in agreement with Bouaziz et al. [96] and Fan et
al. [97]. Bouaziz et al. [96] found that vegetation indices
such as SAVI, NDVI and EVI had a low correlation with
EC due to an insufficient density of vegetation cover,
whereas soil salinity indices indices exhibited higher
correlations with EC. Additionally, Fan et al. [97] found
that NDVI values had a significant negative relationship
with soil salinity in soils covered by vegetation, whereas
this relationship was not clear on bare soil.

5. Issues in Mapping Soil Salinity in Arid
and Semi-Arid Regions Using Remote
Sensing
The spatial, temporal and vertical variability in the soil
profile are the limiting factors in the assessment and
mapping of soil salinity using remote sensing data because the spectral reflectance is unable to provide information on the whole soil profile, as it only observes the
soil surface [98,99]. Moreover, the surface characteristics
in many cases may not be representative of the deeper
soil profile [100]. However, combining remote sensing
data with geophysical surveys and simulation models can
be an alternative option [56].
The direct detection of soil salinity becomes applicable
and much easier for bare soils and/or whenever salt-related symptoms (e.g., crusts) and scattered vegetation are
visible on the surface; in these cases, information such as
salt types and quantity as well as the crust thickness can
be provided based on the soil surface spectral signatures
[67,101]. Yet, the direct deduction of soil salinity in arid
and semi-arid regions that are characterized by dense
vegetation cover would be difficult, as the vegetation will
cause spectral mixing [102,103].
On the other hand, different studies such as Tashi et al.
[104], Fernandez-Buces, et al. [42] have successfully
used indirect indicator to map soil salinity through
monitoring the vegetation condition by using NDVI.
Generally, these methods assume that soil salinity is the
only stressor decreasing and damaging the crop condition,
whereas other factors such as inappropriate soil management and water quality are neglected. Moreover, reductions in vegetation growth and vigor could be related
to a lack of necessary nutrients rather than the occurrence
of salt. Additionally, different plants generally grow in
Open Access

different levels of salinity, so that the NDVI is considered an uncertain indicator for soil salinity monitoring
and mapping. Besides, the existence of halophytic plants
may confuse soil salinity detection based on the NDVI
due to mixing with the spectral signature of salt, which
then will lead to classification errors [98]. Hence, to
overcome this issue and remove classification errors to
some degree, the SAVI index and other indices and enhancement models have helped to separate soil and
vegetation signals [105].
Additionally, low spectral resolution satellite images
limit the direct detection and mapping of soil salinity,
primarily due to their inability to detect particular absorption bands of some salt types and the frequent occurrence of problems with mixedspectral signatures that
come from a variety of surface components [74,106].
Nevertheless, the advance of hyperspectral sensors has
enabled spectral features associated to the characteristic
absorption bands of salt minerals to be mapped with
more detail [107]. The above shortcomings indicate that
detecting and mapping soil salinity in arid and semi-arid
regions using remote sensing is challenging. This is primarily attributed to the weakness of the spectral signals
from saline soils compared to the noise caused by other
factors. Obviously, there is no agreed-on best approach
to this technology for monitoring and mapping soil salinity, as many researchers have used and applied different
tools and techniques to map and monitor saline soils with
varying degrees of success. For example, in the case of
vegetation indices, some researchers like Elnaggar &
Noller [51] have found that vegetation indices (NDVI,
SAVI, and GVI) had a weak correlation with the EC
measurements, which suggests that halophytes could not
be used to identify salt-affected soils under vegetation
cover. Sethi et al. [108] in a study in India, found the
same, whereas Pérez González et al. [83] found the
NDVI to be very useful in detecting halophytic plants
and relating it to saline soils. Despite these varying results of using halophytic plants as indirect indicators for
soil salinity detection and mapping, it is ineffective to
monitor and map soil salinity through non-halophyte
plants, as they cannot live in highly saline areas. Thus,
taking into consideration the spectral reflectance of
halophytic plants is necessary for soil salinity detection
and mapping, particularly in highly saline areas.

6. Conclusions
Soil salinity, either naturally occurring or human-induced,
is a serious global environmental problem, especially in
arid and semi-arid regions. This is a complex dynamic
process with serious consequences for the soil environment as well as, geochemical, hydrological, climatic,
agricultural, and economic impacts. Being a severe environmental hazard, the frequent detection of soil salinity
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and assessment of its extent and severity at an early stage
become very important at both local and regional scales.
Traditionally, soil salinity was assessed via collecting in
situ soil samples and analyzing those samples in the
laboratory. Undertaking this method, especially over a
large area, is expensive and time consuming. Remote
sensing represents a good alternative for monitoring and
mapping changes in soil salinity.
Remote sensing data have been used extensively to
identify and map saline areas, and the potential of remote
sensing for assessing and mapping soil salinity is enormous. Multispectral satellite sensors are the preferred
method for mapping and monitoring soil salinity, largely
due to the low cost of such imagery and the ability to
map extreme surface expressions of salinity. However,
multispectral data have limited capabilities due to their
spatial and spectral resolution. Hyperspectral imagery,
with its fine spatial and spectral resolutions, allows soil
salinity mapping in greater detail and represents another
alternative.
Surface reflectance is highly affected by soil’s moisture content, salt content, color, and surface roughness.
High salt concentrations can be identified through the
existence of characteristic vegetation types and growth
patterns or by the salt efflorescence and crust that are
present on bare soils. Similar to vegetation indices, researchers have developed different salinity indices to
detect and map soil salinity. As discussed, these indices
have been applied with varying degree of success. Field
sites differ in terms of levels of salinity and the amount
of vegetation cover; hence, a single selected index may
not perform best in all cases. Each site needs to be assessed regarding the strengths and weaknesses of the
proposed indices before appropriate remote sensingbased indices are used for soil salinity mapping and assessing.
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