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Abstract
Soil is one of the most important natural resources covering a large area of the land
surface. Soil plays a vital role in biosphere processes, such as energy balance,
hydrology, biochemistry, and biological productivity. It supports plants that supply
foods, fibers, drugs, and some other human needs. Conversely, desert regions include
about one third of earth lands and these regions have increased caused by
desertification, which is one of the main three world challenges in 21st century in
global scale. Thus, it is important to monitor and map soils (especially in desert
regions) and understand how these resources should be utilized, managed, and
conserved properly to aim at implementing ecological role. Remote sensing has
improved from traditional methods for assessing soils to informative and professional
rapid assessment techniques to monitor and map soils. Previous studies have shown
the utility of digital aircraft and satellite remote sensor data in the pedologic and
geologic mapping process. Remote sensing offers a potential to provide information
about soil characteristics over large regions. However, the intent of this paper is to
focus on discussion about remote sensing applications to study desert regions. In this
review, at first, we would discuss about the remote sensing applications to research
on soil properties including soil salinization, crusting, moisture, texture, mineralogy,
approaches, and techniques used to classify soils. In second section, we would argue
about constraints tied on remote sensing applications data gathering usually
conducted about investigation on soil characteristics in arid and semi-arid regions.

Keywords
desert areas, remote sensing, soil evaluation.


Corresponding Author Email: salavipa@ut.ac.ir

2

Natural Environment Change, Vol. 2, No. 1, Winter & Spring 2016

1. Introduction
Information about soils is needed for politicians to make decisions about land resources
management, and monitoring the environmental impacts of development. Soil is a natural body
consisting of layers (soil horizons) that are primarily composed of minerals, mixed with at least
some organic matter, which differ from their parent materials in their texture, structure,
consistency, color, chemistry, biology, and other characteristics. It is unconsolidated or loose
covering of fine rock particles that covers surface of the earth (Birkeland, 1999).
Soil formation or genesis is strongly dependent on the environmental conditions of both
atmosphere and lithosphere components. Soil mass is a product of wide, various factors first
observed by Dokuchaev (1883) and afterwards presented by Jenny (1941) in format of Jenny’s
equation. These factors can be described by soil-forming factors equation that considers climate,
time, organisms, topography, and parent materials factors (Ben-Dor et al., 2009). Many soil
constituents, including mineral composition, soil moisture, soil texture, surface roughness,
organic matter content and many other properties affect soil reflectance in a complex way
(Goetz, 1992; Lillesand et al., 2004). In the case of saline soils, the presence of evaporates
affects the overall soil spectral reflectance (Melendez-Pastor et al., 2010). Therefore, surface
and subsurface characteristics complicate soil spectral measurements and make some constraints
to study about soil by remote sensing technique. Global, regional, and local models that address
climate change, land degradation, and hydrological processes need soil input parameters with
complete area coverage, but currently there are only few spatially exhaustive datasets available
about soil properties in a lot of studied regions (Bastiaanssen et al., 2005; Anderson, 2008;
Mulder et al., 2011).
In arid and semi-arid environments that include more than 40% area of land surface in global
scale (Deichmann and Eklundh, 1991), low vegetation cover, special soil features, and scant
water resources are major characteristics. Because of special ecological conditions, arid and
semi-arid soils have unique attributes that exclude them from other ecosystems. Soils in arid
regions are much more closely implicated in geomorphic factor than they are in humid climates.
This is partly a consequence of greater exposure of soils in humid climates, but it is also a result
of subsurface soil horizons toughness (Cooke et a1., 1993). Based on these conditions, research
about arid and semi-arid soils is different from other regions.
Remote sensing techniques and technologies, known as time and cost-efficient methods, are
likely to propose best opportunity for researchers to study changes detection and monitoring in
these regions (Okin et al., 2001; Lam et al., 2011). It can be used to collect data to many
different parameters that have multi-disciplinary use at various spatial and temporal scales that
can be combined with digitized paper maps in geographic information systems (GIS) to allow
efficient characterization and analysis of a wide amount of data (Scull et al., 2003). Imaging
spectrometry provides large amounts of high spectral resolution data, which can be useful to
detect soil properties (Farifteh and Farshad, 2003). In desert regions, remotely-sensed images
are utilized to collect data covering both the natural and artificial characteristics of different
desert surfaces (Tansey et al., 1998). Remote sensing of the earth is known as a discipline tool
to explore large regions in a short time using either solar or artificial radiation. However, there
are many challenges involved in terrestrial remote sensing.
This paper aims to review some of the key issues related to applications of remote sensing
data to mapping and monitoring of important properties of soil in arid and semi-arid regions by
a set of recent papers selected. In other words, the motivation for this review is increasing
demand for desert-related information to address a wide range of societal issues (for example
water scarcity, food security, dust storm, soil degradation, and economic sustainability), the
availability of unique earth observations from many new satellite-based remote sensing
instruments, and the advancement of analysis and modeling techniques.
Collectively, the convergence of these factors has resulted in unprecedented new satellitebased estimates of evapotranspiration, subsurface moisture, and vegetation condition over large
geographic regions that can support research on arid and semi-arid regions. The first part of this
paper discusses the implementation of remote sensing to research the most important properties
of arid regions soils. These properties obviously discriminate the differences between soil of
arid and semi-arid ecosystem and other ecosystems. The second part highlights constraints of
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remote sensing applications to investigate soil properties in arid and semi-arid regions. Because
of unique ecosystem of arid and semi-arid regions, there are a lot of constraints that each of
them is an important issue when we are going to use remote sensing data to study them.

2. Application of Remote Sensing to Study Arid and Semi-Arid Soils
Using remote sensing technology in arid and semi-arid regions, particularly when researcher
aims to study soils, is very common and has been started since the beginning of remote sensing
technology (Tansey et al., 1998). However, it is in early stages and it might be hoped that, with
technological advancements, this technology plays a more important role. Therefore, to study
soil properties in these regions, we should pay attention to findings of previous studies. With
regard to studies accomplished until now, it can be concluded that many properties of arid and
semi-arid regions soil such as coarse texture, shallow soils, and soluble substances can be
studied and determined using remote sensing. We divided these properties in two groups
including surface and sub-surface properties that will be discussed in the following.

2.1. Surface properties
2.1.1. Soil salinity
Soil salinization is a world-wide land degradation process that occurs in arid and semi-arid regions
(Mashimbye et al., 2012; Weng et al., 2010). Salt-affected soils cover about 6% of earth’s land
surface (Zorrig et al., 2012) and are located mostly in arid and semiarid regions (Munns and Tester,
2008). Soil salinity can be detected by remotely sensed data either directly on bare soils, with salt
efflorescence and crust, or indirectly via vegetation type and growth that are controlled by salinity
(Mougenot et al., 1993; Metternicht and Zink, 2003). A major constraint to using proximal and
remote sensing data to mapping salinity is related to the fact that there is a strong vertical, spatial,
and temporal variability of salinity in soil profile (Mulder et al., 2011). A variety of remote
sensing algorithms and techniques have been applied successfully to determine and monitor soil
salinization (Farifteh et al., 2006; Metternicht and Zinck, 2003). Both radar and optical remote
sensing data have been used to map soil salinity (Mulder et al., 2011).
Despite soil reflectance complexity, several spectral ranges can be used to detect soil
salinity. Visible (550–770 nm), near-infrared (NIR) (900–1030 nm, 1270–1520 nm), and middle
infrared (1940–2150 nm, 2150–2310 nm, 2330–2400 nm) portions of the electromagnetic
ranges are very important to soil salinity assessment (Csillag et al., 1993). Farifteh et al. (2008)
suggested that study of salt-affected soils in the spectral reflectance regions of NIR and
shortwave infrared should be focused on spectral variations rather than diagnostic absorption
features. Furthermore, use of derivative approaches to identify spectral diagnostic bands has
achieved acceptable results in quantifying soil salinity (Melendez-Pastor et al., 2010), For
example, effects of salts on air-dried soil reflectance spectra has been shown in Figure 1.
Most of the studies have only focused on mapping severely saline regions or distinction
between saline and non-saline soils using multispectral images (Weng et al., 2010). Using
thermal and optical bands of Thematic Mapper (TM) as complementary information can be
useful in salinity studies and also detecting gypsiferous soils in desert regions (Alavipanah et al.,
2001). Soil characteristic features, specially salinity, mostly occurs in narrow wavelength
regions. But multispectral satellite imagery has limitations including low spectral and spatial
resolution, which can lead to false classification, obscuring of salt‐affected surfaces with salt
tolerant vegetation, and misclassification of bare, bright, sandy soils as salt affected
(Metternicht and Zinck, 2003; Farifteh et al., 2008). Also, spectral signatures are masked out
when bandwidths are wide and/or the spectral bands are limited (Wang et al., 2012) that make it
difficult to diagnose between the low and the non-saline soils.
Quantification of salt abundances and salts identification in soils with remote sensing is still
not sufficiently researched (Farifteh et al., 2008). Multispectral images have been used to
classify soil salinity; however, there are some weaknesses tied with them. In order to overcome
these weaknesses, we need extensive field work, and hyper-spectral remotely sensed data as
complementary tools (Matinfar et al., 2013). Hyperspectral data make it possible to establish
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models to quantitative estimation of soil salinity (Ben-Dor et al., 2002; Farifteha et al., 2006;
Wang et al., 2012; Weng et al., 2010).
Physical characteristics of different features in desert regions have been affected by severe
thermal and climatic conditions. Diurnal surface temperature changes patterns of important
surface features in Lut desert were studied and relationship among different surfaces analyzed
(Alavipanah et al., 2007a). Diurnal trend in surface temperature of surface types, marl, dark
sand, light sand, salt-affected soil, soil at 10 cm depth, as well as dry and wet air temperature
within 15 days were recorded in 2 hour intervals in the margin of Lut yardangs while
correlations among these surface features and its significance level were investigated
(Alavipanah et al., 2007b). The knowledge of diurnal temperature pattern among features can
conduct us to have better understanding about behavioral patterns and the trend of surfaces
temperature (Fig. 2).

Fig. 1. Effects of salts on air-dried soil reflectance spectra: (a) different salt types (averaged spectra
from all seven levels of salt contents); (b) change of reflectance spectra with different levels of
Na2SO4 content (Farifteh et al., 2008).

Fig. 2. Daily trend pattern of correlation coefficient of temperature between all under-study
surfaces (Alavipanah et al., 2007b).

Microwave C-, P-, and especially L-bands are considered adequate to detect salinity in
different levels (Mulder et al., 2011). Because of various behaviors of the real and imaginary
parts of the dielectric constant, microwaves are efficient in detecting soil salinity. While the real
part is independent of soil salinity and alkalinity, the imaginary part is highly sensitive to
variations in soil electrical conductivity, but with no bearing on variations in alkalinity
(Metternicht and Zinck, 2003).
Several techniques like unsupervised and supervised classification, fuzzy clustering, expert
systems (Metternicht, 2001; Kirkby, 1996), and layer classification have been used to delineate
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salt‐affected soils at regional level (Metternicht and Zinck, 1997; Abbas et al., 2013). In
addition, various approaches such as visual interpretation of false‐color composites (Rao et al.,
1991; Joshi and Sahai, 1993), principal component analysis (Dwivedi, 1996), matched filtering
(MF), mixture tuned matched filtering (MTMF), and decision tree analysis (Elnaggar and
Noller, 2010) have been used to map soil salinity (Setia et al., 2011). Multivariate statistical
techniques such as multiple linear regression (MLR), polynomial regression (PR), principle
component regression (PCR), partial least square regression (PLSR), artificial neural networks
(ANN), multiple adaptive regression splines (MARS) (Chang et al., 2001), and other data
mining techniques (Brown et al., 2006) have been applied to interpret the relationships between
soil reflectance spectra and various soil properties including salinity (Wang et al., 2012).

2.1.2. Soil texture
Texture of soil surface controls many important ecological soil and geomorphological processes
in arid and semi-arid regions, including infiltration physical crusting, pavement formation, and
erosion by wind and water. The effect of soil texture in desert regions can be described
following as the water maintains capacity of soil (Cooke et al., 1993). Detailed knowledge of
soil surface texture would dramatically improve our ability to model wind erosion and dust
emission in desert soil where wind erosion is strongly controlled by surface grain size (Okin et
al., 2001; Mahowald et al., 2003).
Remote sensing tools that can produce quantitative information on soil surface texture would
be useful supplements to traditional soil maps for planning purposes. Such tools would also
prove their valuable effects in the emerging field of predictive soil mapping (Scull et al., 2003).
As an example, images gathered over bare soil by airborne MIVIS and space-borne CHRISPROBA were used to explore methods for the quantitative estimation of soil texture. For
calibrating prediction models for estimation of clay, silt and sand through PLSR Laboratory
spectra were used. Tests with remote sensing data show a suitable accuracy of prediction to clay
and sand content using both MIVIS and CHRIS-PROBA data, but results vary in response to
modality of setting up calibration and validation sets (Casa et al., 2013).
Apan et al. (2002) used bands 2 (visible red), 8 (SWIR) of ASTER image, and first PC1
selected to determine discriminating soil texture. They concluded that VNIR bands have high
potential for mapping within field soil variability at relatively broad attribute classes. AVHRR
data has been used for mapping the spatial extent of clay content by means of multivariate
prediction models (Odeh and McBratney, 2000). Liu et al. (2012) present an approach to mapping
soil texture using environmental covariates derived from temporal responses of the land surface to
single rainfall event collected through remote sensing techniques. The approach was applied to
produce soil texture maps in a low relief region. Differences between the results of multiple linear
regression analysis without and with the MODIS derived variables further demonstrated
effectiveness of the variables at separation patterns of soil texture. Chang (2003) studied
application of ANN models and brightness temperature to classify soil into different textures.
Hyper spectral data can be useful in mapping texture property. For example, a HYMAP
image and field spectral measurement was used in a semi-arid region to identify surface features
like soil texture. Spectral angle mapper was used to compare field data with remote sensing data
and to classify soil properties (Margate and Shrestha, 2001; Shrestha et al., 2005). Furthermore,
there are some studies that show the use of passive remote sensing to retrieve soil texture in arid
regions. Zribi et al. (2012) used TERRASAR-X data to analyze and estimate soil surface texture
over a semi-arid region. A strong correlation is observed between soil texture and a processed
signal from two radar images, the first acquired just after single rain event and the second,
corresponding to dry soil conditions, acquired three weeks later. Baghdadi et al. (2008) and
Anguela et al. (2010) observed TerraSAR-X SAR data variations due to soil texture within
agricultural plots.

2.1.3. Surface moisture
Surface soil moisture is a critical factor that interacts with the atmosphere. Surface soil moisture
is defined as content of water that is stored in the upper 10 cm of soil (Wang and QU, 2009).
Having some difficulties with large-scaled measurements of soil moisture using ground-based
networks prompted researchers to look for new and easier methods, like remote sensing. Studies
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about soil moisture by remote sensing began in mid-1970s. Passive microwave (Bindlish et al.,
2006; Jackson, 1993), active microwave (Wagner et al., 1999), thermal (Anderson et al., 2007a;
Anderson et al., 2007b; Jackson et al., 1981; Jackson, 1982) or optical (Wang and QU, 2009:
43) remote sensing retrieval techniques (Li et al., 2010) have been used in surface moisture
studies. The primary difference among these techniques is the wavelength region of the
electromagnetic spectrum used, source of the electromagnetic energy, response measured by the
sensor, and physical relation between response and soil moisture content (Wang and QU, 2009).
Microwave data is the most important technique used to study surface soil moisture.
Accuracy of active microwave surface soil moisture estimation depends on bare soil types, its
vegetation type, fractional vegetation cover, and land surface roughness which also negatively
impact the accuracy of soil moisture estimation (Cashion et al., 2005). Coarse scale soil
moisture dynamics are often observed using passive microwave systems. Soil moisture
estimation at a finer spatial resolution can be obtained through downscaling time series of
coarse resolution observations (Wagner et al., 2008). Alternatively, Synthetic Aperture Radar
(SAR) systems are renowned based on their abilities to estimate soil moisture content at scales
less than 1 km. Major problem tied with SAR is the large sensitivity of backscattered signal to
soil surface roughness (Lievens and Verhoest, 2012).
A surface energy balance model is an approach that is used to estimate soil moisture. Most
widely used models are the soil energy balance (SEBAL) (Bastiaanssen et al., 2005), the twosource energy balance (TSEB) modelling approach (Aly et al., 2007), and the surface energy
balance system (SEBS) (Su, 2005; Van der Kwast, 2009). The main difficulties using surface
energy balance models are obtaining all necessary data in a suitable spatial resolution and then
calibration of the model. Currently, most advanced index about soil moisture is the soil water
index (SWI) (Wagner et al., 2007; Mulder et al., 2011). ASTER and MODIS images have been
used to retrieve the surface variables required as inputs for energy balance modelling (French et
al., 2005; Su, 2005).

2.1.4. Surface crust
Presence of surface crust is an obvious phenomenon in many deserts all around the world. In a
study in West Africa, Stoops (1984) notes crust formation on loamy sand and sandy loam
topsoil. Effect of soil on the soil water household is described as reducing infiltration, increasing
run off, and increasing water erosion. Desert crusts in Ardakaan region (Iran) have mainly a
bright surface that is usually up to 3 to 5 mm thickness. The Desert crusts have a very smooth
surface which underly a darker soil (Fig. 3).

Fig. 3. Some land cover/land use types in Ardakan region: K) Salt crust in the east of the Chah
Afzal region, L) Desert crust with a bright surface underlying a gray to brown color soil, M)
Sealing and cracks, N) Tamarix plantation project in the Chah Afzal region, O) Atriplex plantation
in the very severe saline soil conditions.
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Due to global extend of deserts and their effects on increasing surface reflection, further
research can be useful to identify various types of crusts. Gossens and Van Ranst (1996)
reported that places with intact desert crust are characterized by a very high reflection and these
correspond with a lower reflection.
Jong et al. (2009) tried to determine spectral and physical properties of surface crusts in field
and investigated potentials of hyperspectral airborne imagery in mapping soil crusts and
identifying various crusts types. They showed that differences in some physical properties
between crusted and non-crusted surfaces are significant while others showed only marginal
variation. Infiltration capacity is largely reduced by crusting. No consistent changes are found in
absorption features in the spectra of crusts and non-crusted surfaces. Some of the crusts show
stronger absorption features in clay mineral absorption bands at 2200 nm. Spectral feature
fitting and linear spectral unmixing algorithms were applied to HyMap images to evaluate
mapping of surface crusts.
One of the important soil surface characteristics of severe saline soil in arid lands is coverage
of salts due to high evaporation demand and capillary movement. Salts accumulate on the soil
surface. Characteristics of salt crust layer and sub-surface soil have a significant impact on the
amount of energy absorbed, scattered, and reflected from this surficial portion of the soil. It is
likely that the main reflected energy from the soil will be representative of the salt crust. As the
salt crust is leached and inorganic salt with the related whitish color is diminished, the surface
reflectance will be more representative of the horizon characteristics.
Mougenot et al. (1993) mentioned reflectance variations according to variable terrain surface
conditions including crusts with or without low salt evidence, salt crust less than 1mm to 1m
thick, puffy structures containing soil aggregates and salt crystals (0.5-5mm) derived from salty
clays and sometimes from salt crusts, and wind erosion of puffy structure layers. Karnieli et al.
(1999) analyzed (systematically throughout the VIS, NIR, and the SWIR regions of the
spectrum) the unique spectral features of cyanobacteria crust relative to bare sands and under
different moisture conditions. Based on their findings, using remote sensing data along with
laboratory data can be very useful in studying soil crust.
Biological Soil Crusts (BSC) are very common phenomenon in arid and semiarid regions.
The BSC covers have a tightly structured surface with a 2 mm variant thickness, relatively
homogeneous cyanobacterial crusts, to complicate crusts with different composition of mosses,
lichens, algae, fungi, and cyanobacteria of about 15 mm thickness that have different spectral
characteristics. Therefore, remote sensing of biological crusts may be useful in digital soil
mapping as environmental covariates and in soil and environmental assessments.
In the past two decades, as a result of increasing recognition related to ecological importance
of biological soil crusts in desert regions, some studies have been conducted to investigate
spectral characteristics of biological soil crusts or its species components and use of remotelysensed data to classify or map biological soil crusts (Ager & Milton, 1987; Graetz & Gentle,
1982; Jacobberger, 1989; Karnieli & Sarafis, 1996; Karnieli & Tsoar, 1995; Karnieli et al.,
1999; Karnieli et al., 1997; Karnieli et al., 1996; O’Neill, 1994; Pinker & Karnieli, 1995; Rollin
et al., 1994; Karnieli et al., 1996; Green, 1986; Karnieli, 1997; Lewis et al., 2001; Wessels &
Van Vuuren, 1986; Chena et al., 2005).
Yamano et al. (2006) measured the reflectance spectra and photosynthesis of the crusts that
have been conducted separately and estimated primary productivity of the crusts in large-scale
using remotely sensed data. Moreover, spectrally detected differences in water content between
BSC and bare soil can be used to determine extension of BSC cover (Whiting and Ustin, 2004).
They used AVIRIS images and K-means classification method to classify BSC cover in an
ecological research site called Mojave Global Change Facility. Karnieli et al. (1999) analyzed
(systematically throughout the VIS, NIR, and the SWIR regions of the spectrum) the unique
spectral features of cyanobacteria crust relative to bare sands and under different moisture
conditions.
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Fig. 4. Spectral characteristics of the different crust types as compared to bare soil and flowering
plants (Ruschia cyathiformis). Curves represent mean values of 5 replicates each (Weber et al., 2008).

Karnieli et al. (1999) calculated Normalized Difference Vegetation Index (NDVI) based on
BSC’s spectra under various wetting conditions and found that when crusts were dried, the
NDVI values were low (0.08– 0.13), a level also typical to dry soil/sand and rock. However,
under wetting conditions, crusts showed relatively high NDVI values (0.18–0.3). Biggest
changes in the NDVI values occurred a few minutes after the crusts were wetted, while, as the
crust dried out, NDVI values decreased. Karnieli et al. (1999) found that chlorophyll content of
crusts was much higher during 7 days of growth after wetting. Moreover, a correlation was
found between NDVI values and chlorophyll content. Furthermore, direct relationships were
also found between NDVI values and organic matter content, polysaccharides content, protein
content, and crust thickness. Hence, NDVI can serve as an indicator to evaluate many
physiological and ecological parameters of the BSC and can help draw conclusions on crust
photosynthesis activity (Karnieli et al., 1999).
Karnieli et al. (1996) and Karnieli and Tsoar (1995) point out that high NDVI values in arid
regions can lead to false interpretation of higher vegetation biomass or productivity. Previous
studies have shown that when vegetation cover is less than 30%, the soil background contributes
significantly to spectral signal (Huete et al., 1985; Huete and Tucker, 1991). Hence, satellite
images that are taken from regions that are dominated by a wet and active BSC will exhibit high
NDVI values with dominant contributions by crusts and not by higher plants.
Other works in this field mainly focus on application of remotely sensed data to classify or
map biological soil crusts (Green, 1986; Karnieli, 1997; Lewis et al., 2001; Wessels and Van
Vuuren, 1986). Although these studies revealed unique spectral features of biological soil
crusts, few studies have made use of their spectral features to develop a robust method to map
biological soil crusts based on remotely sensed data. One exception is crust index proposed by
Karnieli (1997), who employed remotely sensed data in mapping cyanobacteria, dominated
biological soil crusts. However, the index is not suitable about lichen-dominated biological soil
crusts, which cover large regions in cool and cold deserts (Belnap, 2003) since cyanobacteria
are not dominant species in such crusts (Jin et al., 2005).

2.1.5. Mineralogy
The analysis of mineralogy with spectral remote sensing has made great progress over the past
years. In recent years, several institutes have provided spectral libraries with comprehensive
collections of a wide variety of materials. For example, the ASTER spectral library version 2.0,
which is a collection of contributions from the Jet Propulsion Laboratory, Johns Hopkins
University, and the United States Geological Survey, is a widely used spectral library which
contains over 2400 spectra of a wide variety of minerals, rocks, vegetation, and manmade
materials covering the wavelength range 0.4–15.4 μm (Baldridge et al., 2008). Methods such as
partial least square regression (PLSR) can be used to match collected spectral samples with
those in the spectral libraries (Viscarra Rossel, 2008; Viscarra Rossel et al., 2009). With remote
sensing, mineralogy can be determined from the spectral signature of rock outcrops or from the
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mineral composition of bare in-situ soils. In order to discriminate between different minerals,
subtle differences in the spectral signature throughout the VNIR (Visible and Near Infra-Red)–
TIR (Thermal Infrared) are used.
Therefore, satellite data with a fine spectral resolution are needed, as only with a fine
spectral resolution can subtle spectral differences be detected in the signal. Additionally, fine
spatial resolution is beneficial, as it reduces the number of elements represented within a pixel,
which enhances the unmixing results and thereby the detection of minerals. The spatial and
spectral resolutions of Landsat TM and MODIS have been found to be too coarse for
determining mineral composition (Dobos et al., 2000; Kettles et al., 2000; Teruiya et al., 2008).
However, the combination of Landsat TM data and ASTER data has been useful because the
general lithological variability is mapped with Landsat TM whereas ASTER maps the different
mineral groups. Several methods relying on remotely sensed spectral data have been developed
for geological mapping. For example, the Tetracorder tool is consisted of a set of algorithms
within an expert system decision-making framework for soil and terrain mapping. The expert
system rules are implemented in a decision tree in which multiple algorithms are applied to the
spectral data. The system contains a large spectral library with soil mineral properties and land
cover types from all over the world. The results obtained with the Tetracorder show that many
different minerals can be identified as has been shown in Figure 5 (Clark et al., 2003).

Fig. 5. (Left) True colour composite of Cuprite, Nevada and (right) the corresponding, mineral map
derived from AVIRIS data (Clark et al., 2003)

2.2. Subsurface properties
2.2.1. Root-zone soil moisture
Root-zone soil moisture is water content that is available to plants, and is generally considered to be
in the upper 200 cm of soil (Wang and QU, 2009). It also controls surface vegetation health
conditions and coverage, especially in arid and semi-arid regions, where water content is one of the
main controlling factors to vegetation growth (Wang et al., 2007; Schnur et al., 2010).
The most advanced approaches used to estimate root zone soil moisture are based on
assimilation of remote sensing observations into soil–vegetation–atmosphere transfer (SVAT)
model. These models can be divided into thermal remote sensing and water and energy balance
(WEB) approaches. The WEB-SVAT (Water and Energy Balance- Soil Vegetation Atmosphere
Transfer Modelling) model uses measured precipitation and predicted evapotranspiration. The
model is based on forcing a prognostic root-zone water balance model with observed rainfall and
predicted evapotranspiration. In remote sensing SVAT approaches, the radiometric temperature is
derived from thermal remote sensing and combined with vegetation information obtained at the
VNIR wavelengths in order to simulate the surface energy balance; this method does not explicitly
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quantify soil moisture but uses a thermal based proxy variable to model availability of soil water
in the root-zone and the onset of vegetation water stress (Crow et al., 2008).
Varying climatic conditions at various temporal scales result in temporal deviation of soil
moisture from its long-term mean conditions. This soil moisture deviation from the mean condition
affects vegetation and causes a change in vegetation characteristics (either by leaf condition, or by
surface coverage) from the mean condition. This temporal vegetation change could be captured by
NDVI derived from optical remote sensing measurements, which is based on the spectral signature
of vegetation in near infrared band and red band, associating with vegetation status and fractional
vegetation cover. In a short timeframe (for example hourly period), the NDVI may decrease due to
sudden soil moisture increase (rainfall), since increasing top-layer soil moisture would result in a
larger decrease of near-infrared reflectance compared to the red reflectance of vegetation. However,
in a longer timeframe (such as 8 days in this study), it is expected that NDVI increases as soil
moisture increases over the growing season (Wang et al., 2007).
Combining the measurements of Synthetic Aperture Radar (SAR-ESR2) and TM images,
Wang et al. (2004) developed a regression model to estimate soil moisture content. Compared
with microwave and thermal infrared domains that have been most commonly used in soil
moisture estimation (Price, 1980; Wuthrich, 1994; Engman and Chauhan, 1995; Jackson et al.,
1995), little attention has been paid to the use of the optical region (Liu et al., 2003). However,
many investigations have shown that the solar domain also provides the capability for soil
moisture estimation (Schlesinger et al., 1996; Sommer et al., 1998; Leone and Sommer, 2000).
Table 1. Summary of retrieval methods for arid soil attributes
Soil
properties in
arid areas

Data type

Spectral range

Spatial
resolution

Methods and techniques

Objective

Reference

Biological
soil crusts

Hyper spectral
CASI data

from 426.1 up to
952 nm

1 meter

Continuum Removal Crust
Identification Algorithm
(CRCIA), MODTRAN

establish a
methodology for
mapping

Weber et al.
(2008)

ETM+

Band 2 (green):
0.52– 0.60 (Am)
Band 3 (red):
0.63– 0.69 (Am)
Band 4 (near IR):
0.76– 0.90 (Am)

30 meter

detect and map

Chen et al.
(2005)

spectral detection,

L. Ustin et al.
2009

Fischer et al.
(2012)

Soil texture

AVIRIS

2.000–2.100 μm

4m
ground
IFOV

minimum noise fraction
(MNF)
continuum removal (CR)
technique
maximum likelihood
spectral angle mapper,
ACORN

Olympus
Camedia 5000z
digital
camera equipped
with a Hoya R72
infrared filter

red (600–700 nm)
and NIR (800–
900 nm)

0.8 mm in
the field
and 0.2
mm in the
laboratory

NDVI
GNU Image Manipulation
Program I
Regression analysis,
Geostatistical analysis

field monitoring, gap
filling,

1m

Integral Equation Model

Mapping,

5 to 10 m

Spectral Angle Mapper
(SAM)

mapping

minimum distance to means
algorithm

discrimination and
mapping

Apan et al.
(2002)

Linear
Spectral Unmixing technique
(LSU)
Multiple linear regression
MLR

assessment and
monitoring
of salt-affected soil
over a large area

Bouaziz et al.
(2011)

TERRASAR-X
HYMAP
hyperspectral
image
ASTER
ETM+
DEM

Soil
salinization

BSCI index, 6S radiative
transfer
code

MODIS

400 to 2500 nm
visible and near
infrared (VNIR)
and shortwave
infrared (SWIR)
bands
1B land
bands 1, 2, 3, 4, 5,
6, and 7 (centered
at 470 nm, 555
nm,
648 nm, 858 nm,
1240 nm, 1640
nm, and 2130 nm,
respectively

Zribi et al.
(2012)
Margate and
Shrestha
(2001)
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Table 1. Summary of retrieval methods for arid soil attributes
Soil
properties
in arid
areas

Data type

Spectral range

Spatial
resolution

Methods and techniques

Objective

Reference

MF & MTMF &
LSU

Mapping

MelendezPastor et al.
(2010)

Modelling salinity
effects on soil
reflectance under
various moisture
conditions

Wang et al.
(2012)

Multispectral
ASTER
Hyperspectral
(A laboratory
experiment)

350-2500

Hyperspectral

350-2500

PLSR & ANN

Hyperspectral

350-2500

CR

detect
Spectral
characteristics of
salt-affected soils
Clay content,
carbonate
concentration,
organic carbon
content and iron
oxide content

Farifteh et al.
(2007)
Zhou et al.
2006
Farifteh et al.
(2008)

Hyperspectral

350-2500

Continuum-removed (CR)

Multispectral
QuickBird

450-900

PLSR

ETM+

1-7

Decision
tree classification

Hyperspectral

400 to 2500

normalized difference salinity
index (NDSI), PLSR

Quantitative
Estimation
of Soil Salinity

Mashimbye
et al. (2012)

6 band

Soil Adjusted Vegetation
Index (SAVI)
Land Surface Temperature
(LST)
Tasseled Cap
Transformations(TCT)

Change Detection

Masoud and
Koike (2006)

Multispectral
TM/ETM+

TM, MSS

Soil
moisture

Quantitative analysis

1-7 TM & 1-4
MSS (0.5-1.1)

MODIS

Thermal and
Microwave

30 and
120

30-68

correlation

NDVI, Enhanced
Vegetation Index (EVI)
soil– vegetation–atmosphere
transfer model (WEBSVAT),
Two-Source Model (TSM),
LST

Summers et
al. (2011)

Ding et al.
(2011)

correlation obtained
between the soil
salinity
and TM and MSS
DN values
estimate root zone
soil moisture

Schnur et al.
(2010)

estimation root-zone
soil moisture

Li et al.
(2010)

Alavipanah
et al. (2001)

3. Constraints and Problems
3.1. Dust and Its physical behavior in deserts
Many arid regions all around the world are characterized by the presence of fine, natural dust in the
atmosphere that has a large impact on desert ecosystem (Jones and Shachak, 1990). The erosion,
transport, and deposition of atmospheric dust are largely determined by the nature and state of
desert’s surface and the physical characteristics of the atmosphere (Gossens and Offer, 1995). Arid
desert regions tend to be fragile ecosystems where little climate perturbations may cause tremendous
changes in their landscapes. Additionally, due to their low precipitation rates, arid regions are the
world’s major source of atmospheric dust that have a significant impact on local, regional, and
global climate (Ghedira, 2009). Also, it cannot be sensed using dark targets, since the desert is
brighter and dust angular properties may be dominated by the uncertain optical effects of the particle
non sphericity (Kahn et al., 1997). Therefore, remote sensing of dust was conducted using thermal
properties (Ackerman, 1989; Legrand et al., 1989; Tanré and Legrand, 1991; Wald et al., 1998),
reduction of contrasts by dust between dusty and clear days (Tanré et al., 1988).
The physical behavior of dust during day differs from that of the night. This applies to both
the transport of the dust in the air, transportation, and the deposition of the dust on the ground
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(Alavipanah et al., 2010). In most arid regions, atmosphere is rather unstable during day and
stable during night and the accumulation rate is higher during day hours than during night
(Alavipanah et al., 2010). However, important seasonal variations are observed: atmospheric
instability by day is higher in summer than in winter, where the nights are much more stable in
winter than in summer (Ghedira, 2009). Dust also increases atmospheric scattering of
electromagnetic waves (Alavipanah et al., 2010). Offer and Goossens (2001) showed that in
Negev desert region, the wind speed during summer is more than winter. This change in wind
speed can affect the particle size distribution of the air and the amount of electromagnetic
radiation reflected from the surface. Israelevich et al. (2003) began to study the annual variation
of the desert dust aerosol. They found that the characteristics of desert dust particles have clear
changes in different mounts and showed that desert dust particles are generally larger during
summer and autumn seasons, than in spring. The real part of the refractive index of the particles
is the same between summer and autumn seasons and exceeds the real part of the refractive
index measured during the spring. Also, the heights of the dust layer are higher during summer
and autumn than in spring (Figs. 6 and 7) (Israelevich et al., 2003). Hereon, any changes in the
concentration and accumulation of dust waves can affect scattering of electromagnetic
reflectance. Due to the high potential changes of desert dusts in daily, monthly and yearly scale,
a significant impact should be expected on the received spectrum of the sensor.

Fig. 6. Dependence of real parts of the refractive index. For the desert dust aerosol loading above
the eastern Mediterranean (Solid, dashed, and dotted lines correspond to spring, summer and
autumn, respectively) (Israelevich et al., 2003)

Fig. 7. Dependencies of normalized optical thickness on the wavelength for April (solid line) and
October (dashed lines( for the desert dust aerosol loading above the eastern Mediterranean
(Israelevich et al., 2003).

Remote sensing application in evaluation of soil characteristics in desert areas

13

3.2. Spectral confusions of soil properties in arid regions
Although all soil properties have their specific spectral reflectance and emissivity, there is some
interference under some conditions, especially in arid and semi-arid regions that cause spectral
confusion during processing remote sensing data. Soil construction materials, atmospheric
conditions, and vegetation cover are the most important factors of spectral interference.

3.2.1. Salinity
The application of remotely sensed data in salinity studies is difficult. Firstly, diagnostic features of
salt-affected soils are generally weak because of poor salt crystallization (Hunt et al., 1972). As
second limitation, mapping of soil salinity is difficult because many other soil chemical and physical
properties (for example moisture, surface roughness, organic matter) also influence soil reflectance
(Irons et al., 1989). Finally, from a remote platform, the recorded reflectance is often the (mixed)
result of several surface components and features (i.e., mixed pixel problem) (Dehaan and Taylor,
2003), and at the same time atmospheric scattering and absorption processes mask salts diagnostic
features (Cloutis, 1996). Detecting and mapping salinity by use of remote sensing is therefore
challenging, since most of salt minerals are spectrally featureless and because the strength of signals
representing salt-affected soils are relatively weak compared to the “noise” resulting from other
interfering factors (Ben-Dor, 2002). A problem encountered in saline soil detection is the presence of
vegetation or other surface features which may cause spectral confusion with respect to salt
reflectance properties (Chang, 2003).
Farifteh et al. (2008) suggested three major problems that interfere with the detectability of saltaffected soils by remote sensing: the process often goes undetected especially when salt minerals
have not (yet) severely affected the soils, the physical boundaries separating regions with different
salinity levels are fuzzy, and the process of salinization occurs not only at the soil surface but also in
the soil profile which cannot be detected by optical sensors. Table 1 shows the vegetation and soil
salinity indices used in soil salinity monitoring and mapping (Amal and Lalit, 2013). However,
researchers such as Metternicht (2001) and Zhang et al. (2007) argue that detecting soil salinity
using the NDVI is challenging because the presence of vegetation could cause spectral confusion
Table 2. Vegetation and soil salinity indices that have been proposed and used for soil salinity
monitoring and mapping
1
2
3
4
5

Indices
Normalized Differential Vegetation Index
Enhanced Vegetation Index
Soil Adjusted Vegetation Index
Ratio Vegetation Index
Normalized Differential Salinity Index

Equation
NDVI=(NIR-R)/(NIR+R)
EVI=2.5(NIR-R)/(NIR+6R-7.5BLUE+1)
SAVI=(NIR-R)/(NIR+R+L)×(1+L)
RVI=NIR/R
NDSI=(R-NIR)/(R+NIR)

6

Brightness Index

7

Salinity Index

SI  BLUE  R

8

Salinity Index

SI1  G  R

9

Salinity Index

10
11
12
13
14
15
16

Salinity Index
Salinity Index
Salinity Index
Salinity Index
Soil Salinity and Sodicity Indices
Soil Salinity and Sodicity Indices
Salinity Index

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

BI 

SI2 

 R 2  NIR 2 

 R 2  NIR 2  NIR 2 
SI3  G 2  R 2

SI-1=ALI9/ALI10
SI-2=(ALI6-ALI9)/(ALI6-ALI9)
SI-3=(ALI9-ALI10)/(ALI9+ALI10)
SSSI-1=(ALI9-ALI10)
SSSI-2=(ALI9×ALI10-ALI10×ALI10)/ALI9
S1  Blue R
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with the reflectance properties of salt and also because the NDVI is considered as an unreliable
indicator, as it is also correlated to other yield variables such as chlorophyll content, biomass,
and leaf area. Table 2 shows the several vegetation and soil salinity indices that have been
proposed and used in soil salinity monitoring and mapping in the world (Amal, 2013).

3.2.2. Moisture contents of soil
Moisture contents of soils and salts (depending on the types) have similar effects on soil
reflectance spectra and cause large anomalies in predicting salinity levels from remotely sensed
data (Csillag et al., 1993). Moreover, soil moisture has been recognized as a main factor leading
to temporal change of soil reflectance (Liu et al., 2012) and hence further increasing difficulties
to monitor soil salt during time. As a result, a moisture resistant estimation method is necessary
for early detection and quick monitoring of soil salinity in large spatial scale, viewing from the
large spatial and temporal variations of soil moisture, especially in dryland (Wang et al., 2012).

3.2.3. Vegetation interference
Because of harsh environmental conditions, spectral signatures of plants in arid and semi-arid
regions are different from humid types (Fig. 8) and a large soil background in arid and semi-arid
regions where soils can be bright and mineralogically heterogeneous in many cases swamps out
the spectral contribution of plants (Ehleringer and Mooney, 1987; Lam et al., 2011). The
dominance of soil reflectance in desert regions makes vegetation detection difficult in thermal
and reflective bands. Because of the strong reflection of the soil dominates the radiance, which
is measured by sensors; therefore, almost all pixels in satellite images are mixed, thereby
identification of pure spectral vegetation is difficult (Komaki and Alavipanah, 2006).
Based on the findings of Huets and Jackson (1987), the senescent vegetation and weathered
litter can dramatically impact reflectance of mixtures. The problem of the mixture reflectance is
not only due to non-photosynthetic vegetation in different spaces, but also live vegetation in
desert regions can be comprised of both photosynthetic and senescent components. The effect of
non-photosynthetic vegetation on desert remote sensing exists to, at least, the canopy scale.
High spatial resolution remote sensing enables direct imaging of plant individuals that are at
least the size of the ground resolution of the remote sensing image (Ackerman, 1989).
Many techniques of remote sensing and spectral band width are insensitive to nonphotosyntheticaly vegetation and different degrees of senescence or dryness of plants. Open
canopies and variable soil background (usually bright) in desert regions have a significant
contribution to multiple scattering and nonlinear mixings in deserts. Desert vegetation lacks a
sharp red edge.

Fig. 8. Spectral response curves for healthy non-desert and desert vegetation, and sand. Notice how
the spectral reflectance for desert vegetation are spectrally dissimilar and do not exhibit a strong
red edge due to reduced leaf absorption in the visible region of the electromagnetic spectrum and
strong wax absorption around the 1,720 nm wavelength region. (Lam et al., 2011)
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When vegetation cover is sparse and vascular plants are widely scattered, cover generally
has been underestimated because of the mixed composition of materials within large pixels,
such as TM. Vegetation, soil, and litter combine to affect the composite spectral response within
these pixels which makes it difficult to extract the vegetative component from the spectral
reflectance (Sohn and McCoy, 1997; Tanser and Palmer, 1999). Spectral variability within
shrubs of the same species can be high in arid and semi-arid regions, as reported by Duncan et
al. (1993) and Franklin et al. (1993). There is evidence, however, that NDVI is affected by soil
color and is therefore not always comparable across a heterogeneous scene (Major et al., 1990;
Elvidge and Lyon, 1985; Todd and Hoffer, 1998).

3.2.4. Root-zone soil salinity
Application of vegetation index as an indirect indicator can avoid limitations tied with the direct
use of soil reflectance. These limitations include the influences of complicated soil context
(moisture, surface roughness, and organic matter) (Ben-Dor et al., 1999), weak diagnostic
features under poor salt crystallization (salt content <10–15%) (Mougenot et al., 1993), and
spectral confusions with the presence of vegetation itself and other surface features (Metternicht
and Zinck, 2003). Vegetation reflectance has been studied to realize the responses to numerous
stress agents, including ozone, pathogens, senescence, dehydration (Carter, 1993), natural gas
(Noomen et al., 2006), and metal contamination (Dunagan et al., 2007). The increased visible
reflectance (VIS) and the reduced near-infrared reflectance (NIR) have been found to be
consistent as responses of chlorophyll reduction and cell structure damage among various
species to stress agents (Carter, 1993; Dunagan et al., 2007; Rosso et al., 2005). These changes
in VIS and NIR were also found in vegetation responses to salt stress (Tilley et al., 2007; Wang
et al., 2002). Based on these findings, soil salinity has been estimated in numerous studies by
using vegetation reflectance, and many of these studies preferred the use of vegetation indices
(VIs). The normalized difference vegetation index (NDVI) was found to be sensitive to salinity,
especially in croplands (Wiegand et al., 1994). The photochemical reflectance index (PRI)
reflecting the photosynthetic radiation-use efficiency was found to be a good indicator with R2
of 0.3 in a brackish subtropical marsh (Tilley et al., 2007). Other VIs responding to chlorophyll,
such as the red edge position (REP) and the chlorophyll normalized difference index (Chl NDI),
have also been used to delineate the effects of salinity changes (Thorhaug et al., 2006; Tilley et
al., 2007). Generally, hyperspectral sensors are a powerful and versatile tool for monitoring
environmental stress because of the continuous sampling and the high spectral resolution (50
nm) may lose important spectral information, while narrow bands can discriminate critical
spectral differentials in detail. Hyperspectral are sensitive to many plant variables, such as leaf
pigment contents (chlorophyll) and water content (Darvishzadeh et al., 2008; Dehaan and
Taylor, 2002; Tilley et al., 2007)

3.3. Temporal changes
Suitable timing relates to passive remote sensing data acquisition and must be taken into
account in studying soil properties in arid and semi-arid regions (Metternicht and Zinck, 2003).
Therefore, temporal changes of temperature, precipitation, salinity, and vegetation cover affect
the spectral characteristics of soil in these regions. The phonological change of vegetation has
an influence on their seasonal reflectance dynamics. (Schmidt et al., 2000). Due to a high
variability horizontally and vertically in soil salinity in time and space, the most suitable data of
remotely sensed data acquisition must be take into account. Many investigations have revealed
that salt identification is easier at the end of the dry season, and salt dissolves during the raining
season. In contrast to white saline surface, pure alkaline soils are usually dark at surfaces
because excess sodium causes organic matter to disperse when the soil has been wet
(Metternicht and Zink, 2003). On the other hand, the characterization of saline soils using active
(radar) imagery and complex dielectric constant determined by the radar back scattering
inversion techniques requires some soil moisture conditions, chemical, and biological
compositions (Mougenot et al., 1993).
In arid and semi-arid ecosystems, precipitation (P) typically has wide spatial and temporal
variability. Interactions between plants cover type and topoedaphic features of the landscape
produce complex ecological and hydrological patterns of response to precipitation (Huxman et
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al., 2004). Rapid changes in the phonology of surface temperature are almost the same as that to
aerodynamic surface temperature. Considering these constraints using multitemporal data can
be useful and improve the result when remote sensing data are used for soil studies.
Some vegetation responds to individual precipitation events, arid, and semi-arid landscapes
as a whole are largely controlled by seasonal changes in temperature and precipitation (Okin
and Roberts, 2004). The NDVI time series of the 10-day composites showed a distinct seasonal
pattern for different vegetation types, while the NDVI of non-vegetated regions (sand desert)
showed low-stable values throughout the year. Huang and Siegert (2006) found that the NDVI
of the sparse vegetation in North China varied with the seasonal change of photosynthetic.
The temporal variation in the spectral reflectance of the four main surface components in the
sandy environment during the rainy (a) and dry (b) seasons is shown in Figure 9. It can be
concluded that there are some important differences between rainy and dry seasons and also
between sand, annuals, biogenic crust, and perennials features (Schmidt and Karnieli, 2000).

Fig. 9. Spectral ground measurements of different surface components in the sandy environment
during: (a) the rainy season, and (b) the dry season. Sand; annuals; biogenic crust; perennials
(Schmidt & Karnieli, 2000).

The contribution of the different vegetation components to the overall NDVI signal changes
from the beginning to the end of the rainy season (Fig. 10). Perennials do not show any
significant change in their NDVI contribution at any time of the year in the sandy and rocky
regions. Annual vegetation changes their contribution to the mixed NDVI signal with a peak in
the first month of the rainy season. The high percentage cover of biogenic crusts in the sandy
environment and the lichens in the rocky environment are responsible for the high contribution
of these surface types to the overall NDVI signal (Schmidt and Karnieli, 2000).

Remote sensing application in evaluation of soil characteristics in desert areas

17

Fig. 10. NDVI of different vegetation components and their response to monthly rainfall (mm) in (a)
the sandy environment, and (b) the rocky environment for the rainy season. I, dry season; II, rainy
season. Rainfall (mm); annuals; biogenic crusts; perennials (Schmidt & Karnieli, 2000).

4. Conclusion
This article reviewed the application of remote sensing technology on evaluation of soil
properties in arid and semi-arid regions. Because of special ecosystem, there are a lot of
important factors that are key elements to recognition of soil in these regions. However, the
influences of these factors on each other make a complicated condition, for example, changes in
vegetation could be the result of change in soil moisture.
Remote sensing is a time and cost efficient method to collect data, monitor, map, and detect
arid and semi-arid soil properties. Although traditional field methods are replaced by remote
sensing methods, but in order to increase accuracy and precision of results, they should be
considered.
Using appropriate data based on the aim of studies is a very important issue. For example,
given that soil elements have characteristic features mostly occurring in narrow wavelength
region (Weng et al., 2010), using hyper spectral and laboratory data can be useful. Moreover,
because of bad atmospheric condition in these regions, using microwave remote sensing is
important. Totally, remote sensing data: (1) supports the segmentation of the landscape into
rather homogeneous soil–landscape units that soil composition can be determined by sampling
or that can be used as a source of secondary information, (2) allows measurement or prediction
of soil properties by means of physically-based and empirical methods, and (3) supports spatial
interpolation of sparsely sampled soil property data as a primary or secondary data source.
Awareness of constraints and limitations of using remote sensing data and techniques (such
as spectral confusion, interference of vegetation, temporal changes, and dust) in these regions
and how they affect the performance of image processing and analysis should be considered.
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