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1  Introduction
Due to its dependencies on weather, topography, land surface type, and texture, 
the status of soil varies significantly in time and space. Although conventional 
ground monitoring stations have been widely used to capture the temporal 
variation of environment parameters at point-based scales, their applications 
are limited by poor spatial representativeness, high cost of installation and 
maintenance, and interference with farming activities. Remote sensing 
provides a cost-effective alternative for soil health monitoring. In principle, 
sensors are mounted on a remote sensing platform, such as satellite, aircraft, 
drone or vehicle, and subsequently used to measure the energy from the soil 
surface. The properties of the received signals can be linked to soil-related 
parameters (e.g. soil moisture, roughness, salinity) within the field of view 
through physical and/or empirical models. Compared with in situ approaches, 
remote sensing techniques have the desired capability of providing spatially 
explicit maps of soil parameters, with up to global coverage. Several remote 
sensing techniques (e.g. optical, microwave, nuclear, and gravity) have been 
developed for monitoring the land surface conditions. However, due to its 
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all-weather capability and ability to penetrate the vegetation layer, even into 
the soil itself, microwave remote sensing has become widely acknowledged as 
a key technique for the agricultural industry.

Microwave remote sensing measures the electromagnetic radiation in the 
microwave spectrum, ranging from 0.3 GHz to 40 GHz. This spectrum region 
is further divided into eight bands as listed in Table 1. By measuring intensity, 
polarization, phase, and/or other properties of microwave radiation, the 
dielectric and/or geometric properties of the sensed target can be detected. 
For soil material, the dielectric constant varies with soil water content from 
approximately 3.5 for very dry soil to approximately 40 for saturated soil (Ulaby 
et al., 1986), forming the fundamental basis of microwave remote sensing for 
soil moisture content. The relationship between soil dielectric constant and 
soil moisture is shown in Fig. 1, with both real and imaginary parts of the soil 
dielectric constant increasing with soil water content, and the relationship 
influenced by soil particle size distribution (Ulaby et al., 1986).

A dielectric constant is a complex number ( � � � ��� �j ), where j � �1, with 
the real ( �� ) and imaginary ( ��� ) parts determining the propagation speed of the 
electromagnetic wave through the soil medium and the loss of electromagnetic 
energy, respectively. Normally, it is expressed as a relative value which is the 
ratio of the dielectric constant of material to that of free space. Due to the 
three phases of soil, soil dielectric constant is a combination of the individual 
constituents including soil particles, water, and air components. The value 
of soil dielectric is also affected by other factors, including soil texture, 
temperature, salinity, and electromagnetic wavelength. To relate soil dielectric 
constant to volumetric soil moisture, several semi-empirical mixing models 
have been developed to estimate soil dielectric constant from the knowledge 
on electromagnetic wavelength, soil texture, bulk density, and salinity (Dobson 
et al., 1985; Hallikainen et al., 1985; Mironov et al., 2004; Wang and Schmugge, 
1980). In these, the dielectric constant of moist soil was found to be slightly 
dependent on temperature, and so under most natural temperature conditions, 

Table 1 Microwave band designations

Band designation Wavelength (cm) Frequency (GHz)

P 100.0–30.0 0.3–1.0
L 30.0–15.0 1.0–2.0
S 15.0–7.50 2.0–4.0
C 7.50–3.75 4.0–8.0
X 3.75–2.40 8.0–12.5
Ku 2.40–1.67 12.5–18.0
K 1.67–1.10 18.0–26.5
Ka 1.10–0.75 26.5–40.0
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the effect of temperature on soil dielectric constant can be ignored. However, 
when soil gets frozen, its dielectric constant is reduced significantly since the 
dielectric constant of the water constituent changes from that of liquid water 
(approximately 80) to that of ice (approximately 3).

Based on the provision of electromagnetic radiation sources, microwave 
remote sensing techniques are divided into two categories: active and passive. 
Active microwave remote sensing instruments, known as radars, transmit a 
pulse of microwave radiation and measure the signal scattered back in the 
direction of the sensor. The coefficient between the power of the transmitted 
and received signal is dependent on the reflectivity of the target, which 
in soil material is related to the soil moisture content. In contrast, passive 
remote sensing instruments, referred to as radiometers, do not transmit any 
electromagnetic waves but only receive the self-emitted radiation from the land 
surface at a specific microwave frequency. The intensity of microwave emission 
of soil relies mainly on soil temperature and soil surface emissivity, which in 
turn correlates with soil moisture content through the soil dielectric constant. 

Figure 1 Soil dielectric constant as a function of volumetric soil moisture for five soils at 
1.4 GHz. Smooth curves were drawn through measured data points. Source: Ulaby et al., 
(1986).
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The following subsections provide a general description of the principles and 
features of active and passive microwave remote sensing of soil moisture.

2  Active microwave remote sensing
Active microwave remote sensing has been widely used to map soil moisture at 
regional to global scales. The radar system generally consists of a transmitter, 
receiver, antenna, and processer. An electromagnetic pulse in the microwave 
frequencies is generated in the transmitter and transmitted to the target through 
the radar antenna. Over land surfaces, a part of the transmitted electromagnetic 
wave is scattered by the vegetation canopy and/or soil surface, and returned 
back to the radar system. The backscatter signal is collected by the same antenna 
and its intensity is measured by the receiver. The coefficient between the power 
of the transmitted and backscattered signal is obtained in the processer, which 
can be related to the water content of the sensed soil target. The most common 
active microwave mapping configuration is the synthetic aperture radar (SAR), 
which can provide a spatial resolution in the order of tens of meters over a 
swath of 50–500 km. Currently, five space-borne SAR systems are operating 
at microwave frequencies for soil moisture observations: European Space 
Agency (ESA)’s ERS-1/2 C-band SAR, ESA’s ENVISAT (ERS-3) C-band ASAR 
(Advanced SAR), the Canadian C-band RADARSAR-1/2, the Japanese L-band 
ALOS (Advanced Land Observing Satellite) PALSAR (Phased Array type L-band 
SAR), and the German X-band TerraSAR.

The electromagnetic waves sent and received by radars are normally 
polarized either horizontally (H) or vertically (V), and therefore there can have four 
polarization combinations: HH, VV, HV, and VH, where the first and second letters 
represent the polarization of transmitted and received signals, respectively. The 
backscattering coefficient σpp in decibels [dB] at the polarization of p is used to 
describe the intensity of the backscattered radiation (Ulaby et al., 1982). For a 
given target, the backscattering coefficient is dependent on wave polarization, 
frequency, and incidence angle (Ulaby et al., 1982). Under bare soil conditions, 
the backscattering coefficient obtained using a radar system operating at 
consistent polarization, frequency, and incidence angle is affected by the 
dielectric constant of the soil and surface roughness (Ulaby et al., 1986). Under 
vegetated soil conditions, the backscattering coefficient is dependent also on 
the attenuation effect of the vegetation layer which makes the backscattering 
response more complicated (Ulaby et al., 1982). In addition, since the soil 
moisture retrieval is normally based on a flat land surface assumption, the 
topographic relief causes a variation of local incidence angle and significantly 
affects the backscattered signal (Van Zyl et al., 1993).

The total co-polarized backscatter σpp
T  from the land surface is the sum of 

three components, given as:
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	 � � � � �pp
T

pp
vol

pp
S

C pp� � � � �� � �exp 2 int ,	 (1)

where the first term is the backscatter from the vegetation volume σpp
vol , and 

the second term is the soil surface backscatter σpp
S  attenuated by a vegetation 

layer with opacity of τCduring both transmitting toward and reflecting from 
the soil surface. The third term σpp

int  is the interaction between the vegetation 
and soil surface (Ulaby et al., 1996). For bare or low vegetated soils, the total 
backscattering coefficients σpp

T  is dominated by σpp
S  and thus dependent mainly 

on the soil moisture and surface roughness, while for highly vegetated soil, the 
σpp
T  is determined primarily on the volumetric scattering from the vegetation 

canopy σpp
vol . Numerous theoretical, empirical, and semi-empirical models have 

been developed to retrieve the soil electric constant and subsequent soil 
moisture content from radar backscattering data (Dubois et al., 1995; Fung 
et al., 1992; Oh et al., 1992; Shi et al., 1995) (Fig. 2).

2.1 �Theoretical approaches

Theoretical approaches have been developed based on the diffraction theory 
of electromagnetic waves to describe the microwave backscattering from land 
surfaces with known roughness characteristics. Their applicability is limited to 
the frequency of electromagnetic waves and the range of surface roughness 
(D’urso and Minacapilli, 2006; Fung et al., 1992).

Most of the currently used surface scattering models have been derived 
from the small perturbation model (Rice, 1951) and Kirchhoff model (Beckmann 
and Spizzichino, 1963), which are restricted to slightly rough surfaces and very 
rough surfaces, respectively. The integral equation model (IEM) (Fung, 1994b; 
Fung et al., 1992) combines these two theories and is thus applicable to a wider 

o
canopyso

canopy+soils2 o
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Figure 2 Backscattering mechanics of vegetated soil. Source: modified from Ulaby et al. 
(2014).
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range of roughness conditions than conventional models, such as the physical 
optical model and geometric optical mode (Fung, 1994b; Shi et al., 2005).

Although the theoretical models can predict the general variation of 
backscattering coefficient in response to changes in roughness and soil 
moisture content (Dubois and Van Zyl, 1994), their complexity and the restrictive 
requirement for the parameterization of the vegetation and soil surface layer 
limits their effective applicability for the soil moisture retrieval (Ulaby et al., 
1986).

2.2 �Empirical approaches

Being limited by their validity regions, theoretical backscattering models are 
not valid for many natural land surface conditions. In addition, theoretical 
models fail to estimate backscatter in good agreement with experimental radar 
backscatter measurements (Oh et al., 1992; Walker et al., 2004). Therefore, many 
empirical models have been developed from experimental measurements 
to establish the relationship between soil moisture and backscattering 
observations (Walker et al., 2004).

The most commonly used empirical method is a linear assumption between 
soil moisture and radar backscattering polarization index. For example, 
Shoshany et al. (2000) proposed an empirical soil moisture retrieval method 
using the normalized backscatter moisture index (NBMI) which is defined as:

	 NBMI ,�
�
�

� �
� �
t t

t t

1 2

1 2

	 (2)

where σt1 and σt2  are the backscatter coefficients at different time steps. 
Subsequently, the volumetric soil content is calculated through:

	 SM a bv � � �NBMI , 	 (3)

where a and b are empirical parameters regressed from in situ soil moisture 
measurements. This approach estimates soil moisture through change 
detection rather than a direct relationship between microwave backscattering 
observations and soil moisture content (Engman, 1990; Kite and Pietroniro, 
1996). It is based on an assumption that the change of NBMI is caused solely by 
the variation of soil moisture, and therefore the effects of other factors including 
soil texture, surface roughness, and vegetation which are relative temporally 
consistent are minimized (Engman and Chauhan, 1995).

Although empirical methods can result in an accurate soil moisture 
retrieval with less complexity and reduced calculation cost than theoretical 
methods, their applications are restricted in the calibration conditions (Chen 
et al., 1995; Dubois et al., 1995). To establish a widely applicable empirical 
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relationship for soil moisture retrieval from radar backscattering observations, 
a large number of experimental measurements are required (Oh et al., 1992), 
while current empirical models are generally developed from a limited amount 
of field measurements and therefore valid only under the specific land surface 
conditions from which they were derived (Wang and Qu, 2009).

2.3 �Semi-empirical approaches

By combining theoretical and empirical approaches, semi-empirical models of 
backscattering have been developed based on a theoretical foundation with 
model parameters derived from experimental data.

Oh et  al. (1994) developed the first semi-empirical backscattering 
model, and found that the depolarization ratio (σ σvh vh ) is very sensitive to soil 
moisture, and developed a semi-empirical model based on empirical fitting of 
scatterometer measurements over bare soil surfaces with different roughness 
conditions. In the Dubois et al. (1995) method, the co-polarized backscattering 
coefficients σhh  and σvv  are related to the surface dielectric constant, incidence 
angle, electromagnetic frequency, and root-mean-squared height of soil 
surface in a nonlinear way.

Compared with empirical models, semi-empirical backscattering models 
are not expected to have the same site-specific problems (Walker et al., 2004). 
Generally, these models are more suitable for bare soil surface conditions than 
vegetated soil conditions.

3  Passive microwave remote sensing
Due to the thermal motion of atoms, any objects at a physical temperature 
above absolute zero (~−273.15°C or 0 K) radiates electromagnetic energy. A 
radiometer is used to measure the intensity of this emission, which increases 
proportionally with the increase in temperature. To explain the relationship 
between physical temperature and microwave emission, the blackbody concept 
is used, as introduced by Planck in his quantum theory in 1901. A blackbody 
is defined as an ideal material that absorbs all incidence radiation and reflects 
none; it is also a perfect emitter since otherwise its temperature would infinitely 
increase. Therefore, for a thermodynamic equilibrated blackbody, it emits 
all absorbed energy outward. In addition, the intensity of electromagnetic 
emission can be quantified using the term brightness temperature which 
is defined as the physical temperature of the blackbody emitting the same 
amount of energy. In contrast to a blackbody, a white body is defined as a 
perfect reflector that reflects all incidence energy and therefore emits none. 
Actually, most materials behave between blackbody and white body (refereed 
as gray body), meaning that a part of incidence energy is reflected with the 
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remaining absorbed and emitted when at thermodynamic equilibrium. Using 
the emissivity (e) to describe the ability of materials to emit electromagnetic 
energy, the brightness temperature (TB) of the material is expressed as:

	 TB e Tp p� � ,	 (4)

where T  is the physical temperature of the material in Kelvin (K), and the 
subscript p  indicates the polarization, either horizontal or vertical. This equation 
is derived from Plank’s blackbody radiation law through the Rayleigh–Jeans 
approximation for microwave frequencies (Njoku and Entekhabi, 1996; Ulaby 
et al., 1981b). Therefore, the emissivity of a gray body varies from 0 for a white 
body to 1 for a blackbody.

For soil material, the emissivity varies from ~0.95 for dry soil (with 
moisture content of 0.05 m3/m3) to ~0.6 for wet soil (with moisture content of 
0.4 m3/m3), depending on the electromagnetic wavelength, incidence angle, 
surface roughness, and soil properties (Jackson and Le Vine, 1996; Njoku 
and Entekhabi, 1996). Assuming soil at a physical temperature of 300 K, this 
variation in emissivity corresponds to a brightness temperature variation of 90 K 
(Njoku and Entekhabi, 1996), which is much larger than the typical radiometric 
sensitivity of microwave radiometers (approximately 1 K).

Following Kirchoff’s reciprocity theorem, the microwave emissivity (e) of 
the target can be related to its microwave reflectivity through:

	 �p pe� �1 .	 (5)

The reflectivity is dependent mainly on the polarization, electromagnetic 
wavelength, surface roughness, and dielectric constant of materials. For flat 
specular surfaces, the reflectivity (Γp

* ) is determined by the Fresnel equation as:

	 �H* � �
� �

� �
1

2

2

2

cos sin

cos sin

� � �

� � �
	 (6)

	 �V* � �
� � �

� � �
1

2

2

2

� � �

� � �

cos sin

cos sin

�

�
, 	 (7)

where ε  is the relative dielectric constant of the material, and θ is the incidence 
angle of microwave radiation. The subscripts H  and V  represent horizontal and 
vertical polarizations, respectively.

The intensity of the emission at microwave frequencies measured by 
a radiometer, known as brightness temperature, can therefore be related 
to the dielectric constant through reflectivity. For bare soil with a smooth 
surface, the emissivity of soil at a given polarization and incidence angle can 
be determined using Eqns. (5)–(7) from volumetric soil moisture content and 
soil texture properties. However, for more general land surface conditions, the 
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effects of temperature profiles in the soil, the roughness of the soil surface, and 
the vegetation coverage over the soil layer are significant to the relationship 
between brightness temperature observations and soil moisture (Choudhury 
et al., 1979; Jackson and Schmugge, 1991; Njoku and Entekhabi, 1996).

3.1 �Impact of vertical soil moisture and temperature profiles

In natural land surfaces, soil moisture is not consistent in-depth, and passive 
microwave observations are only affected by water content in the top soil 
layer. The effective depth of estimated soil moisture from emitted radiation at 
microwave frequencies, known as the penetration depth γD , is defined as the 
depth above which soil contributes 63% (1 1− e ) of the microwave emission 
(Ulaby et al., 1981b), and can be expressed as a function of electromagnetic 
wavelength (λ) and complex dielectric constant of soil ( � � � ��� �S Sj ):

	 �
� �
��

D
S

S
�

�
��2
.	 (8)

The penetration depth is very sensitive to the soil moisture conditions, with 
γD  varying for L-band from approximately 75 cm for dry soil with a dielectric 
constant of 5 0 1� �j .  to approximately 3.7 cm for wet soil with a dielectric 
constant of 30 5� �j . Therefore, the penetration depth is a significant parameter 
to determine the thickness of the soil surface layer for which the variations in 
moisture content and temperature make a major contribution to the microwave 
emission.

The simple relationship of microwave emission in Eqn. (4) is based on an 
assumption that soil moisture and temperature are constant with depth. At low 
microwave frequencies, the top several centimeters of soil makes a major impact 
on the microwave emission (Njoku and Entekhabi, 1996), and in natural soil the 
vertical distributions of moisture content and temperature can be substantial 
over this layer, determined by solar radiation, precipitation, evapotranspiration, 
infiltration rate, and vegetation root distribution. Therefore the uniform soil 
moisture and temperature profile assumption is not satisfied to estimate soil 
brightness temperature and emissivity over most natural land surfaces. To 
account for this variability, an effective soil temperature (Teff ), the equivalent 
temperature in a uniform profile having the same microwave response to the 
nonuniform temperature profile can be calculated through radiative transfer 
theory (Choudhury et al., 1982) as:

	 T T z z z dz dzeff S

z

� � � � � � � � �� � �
�

�

�
�

�

�

�
���

�

� �exp
00

,	 (9)
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where T zS � � is the soil temperature at depth z , and the attenuation coefficient 
α  is dependent on the real and imaginary parts of complex soil dielectric 
constant as :

	 � � � � �z z zS S� � � � � � �� � � � � � �� �4 2
1 2
,	 (10)

where λ is the electromagnetic wavelength. Using this theoretical method, the 
effective soil temperature can be calculated from the measured soil temperature 
profile and moisture content, which in turn can be used to estimate the profile 
of soil dielectric constant. However, the required soil moisture and temperature 
profile data are only available in limited controlled experiments and so are 
difficult to obtain over large areas. Therefore, Choudhury et  al. (1982) and 
Wigneron et  al. (2001) developed simple linear parameterizations based on 
Eqn. (9) and experimental data collected at L-band, expressed as:

	 T T C T Teff deep t surf deep� � � �� �,	 (11)

where Tdeep and Tsurf  are the deep soil temperature (approximately at 50 cm 
or 100 cm) and surface temperature (approximately corresponding to a depth 
interval of 0–5 cm). The parameter Ct  is an empirical attenuation coefficient to 
determine the proportion of the contributions from the deep and surface soil 
layers to the effective soil temperature. Here the surface temperature can be 
estimated from thermal infrared observations, or near-surface air temperature 
derived from meteorological data, while the deep soil temperature can be 
modeled based on geographic location and season (Choudhury et al., 1982). 
The constant values of the Ct  parameter were calibrated at several frequency 
bands, and Ct  found to be equal to 0.246 at L-band (Choudhury et al., 1982). In 
reality, the Ct , similar to penetration depth, is also influenced by soil moisture. 
For very dry conditions, soil layers at depth (deeper than 1 m for dry sand) 
contribute significantly to the microwave emission from soil, with the Ct  being 
lower than 0.5. In contrast for very wet conditions, the soil emission derives 
mainly from layers at the soil surface and Ct ≈ 1. To take the dependence of 
Cton soil moisture into account, Wigneron et  al. (2001) proposed a slightly 
improved formula based on Eqn. (11) in which Ct  is a function of soil moisture:

	 C SM wt surf
bw� � �0 0 ,	 (12)

where SMsurf  [m3/m3] is the volumetric water content in the top 0–3 cm soil. 
The w0  [m3/m3] and bw0  are semi-empirical parameters depending on the soil 
properties. The long-term suitability of Eqn. (12) was tested over several sites 
at the seasonal to interannual temporal scales (De Rosnay et al., 2006). The 
value of w0  was found to be close to 0.3 m3/m3 over two bare soil sites: INRA 
Avignon (Wigneron et al., 2001) and SMOSREX (De Rosnay et al., 2006). The 
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value of bw0  was close to 0.3 over the INRA Avignon site and close to 0.65 over 
the SMOSREX site.

3.2 �Impact of surface roughness

Generally, natural land surfaces are not flat and smooth like the assumption made 
in Eqns. (9) and (10). Newton and Rouse Jr (1980) and Wang (1983) found from 
field measurements that the rougher the soil surface, the higher the soil emissivity 
and the lower the sensitivity to soil moisture content (see Fig. 3). It was also found 
that the effects of surface roughness decreased with increased wavelength.

In order to take the effect of surface roughness into account, scattering of 
the radiation at the soil–air interface was introduced in Eqns. (9) and (10). The 
reflectivity (Γp) of a rough surface generally consists of two components: the 
noncoherent component (Γp

non) and the coherent component (Γp
coh ) (Shi et al., 

2002). Accordingly, Γp
non  is calculated by integrating over the upper hemisphere 

bistatic scattering coefficient (� � �pp S S, ,� ��� �), which characterizes the scattering 
of radiation from an incidence direction �,�� � to the scattered direction �S S,�� �:

	
�p
non

pp S S

pq , ,

, ,

S S

� � � � � � � �

�

��

� � � �

� � � �� � � �� �� �
�

��
��

1 4
0

2

0

2

cos

�� sin� � �S S Sd d ,
	 (13)

Figure 3 Variations in brightness temperature as a function of moisture content; for soils 
of different roughness at 1.4 GHz, 5 GHz and 10.7 GHz. Source: Wang et al., (1983).
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where the subscripts p  and q  indicate horizontal and vertical polarizations, or 
vice versa. The subscript s  indicates the direction of the scattered radiation. 
The bistatic scattering coefficients σpp and σpq  can be calculated from complex 
modeling approaches such as the advanced IEM (Chen et al., 2003). The Γp

coh  is 
expressed as a function of the Fresnel reflectivity (Γp

* ) such that:

	 � �p
coh

p
* SD� � �� � � � � � � � �� ��

�
�
�exp cos4

2� � 	 (14)

where SD  is the standard deviation of the surface height and λ is the 
electromagnetic wavelength.

This approach is useful to understand the physics of the scattering effect 
of a rough soil surface. For instance, Shi et  al. (2002) demonstrated a large 
difference in roughness effects at different incidence angles and polarizations. 
At large incidence angles (� � �50 ), the soil emission was found to increase as 
the geometric surface roughness increases at horizontal polarization. This has 
a good agreement with earlier experimental observations (Choudhury et al., 
1979; Wang, 1983; Wang et al., 1983). Conversely, soil emission at vertical 
polarization decreases as the geometric surface roughness increases. However, 
this approach does not account for the fine-scale roughness (Schwank and 
Mätzler, 2006), and only surface scattering effects were considered that ignored 
volume scattering effects which might substantially affect the soil emissivity. In 
addition, it is difficult to calculate the emissivity from the scattering coefficients 
obtained using complex theoretical models and performing a two-dimensional 
integral on the soil upper hemisphere.

A simple semi-empirical model of soil reflectivity for the rough surface 
was initially developed by Wang and Choudhury (1981) based on two best-fit 
parameters QR  and HR :

	 �P R p
*

R q
*

RQ Q H� � � � �� � � � � � �� � � ��
�

�
� � � � � �� �1 2exp cos 	 (15)

where the subscripts p and q indicate horizontal and vertical polarizations, or 
vice versa. The QR  is a polarization mixing parameter, and the HR  is a surface 
height parameter that can be related to the SD of surface heights. Wang et al. 
(1983) considered in a more detailed study that the cosθ  dependence was 
much too strong. In addition, HR  in Eqn. (15) increases with surface roughness 
effects resulting in an increase in soil emissivity at both H and V polarizations, 
which is in contradiction with theoretical analysis (Mo and Schmugge, 1987; 
Shi et al., 2002). Consequently, the HR  parameter should be considered as 
dependent on incidence angle and polarization, and so a generalized semi-
empirical equation of roughness effects has been proposed as (Wigneron 
et al., 2007):
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� � � � � �� � � � � � � � ��
�

�
�

� � � � � � ��
1 * *

exp cos �� 	 (16)

In this generalized formulation, the dependence of QR  and HRon reflectivity and 
polarization is accounted for and the NRp  exponent is inserted in the exponential 
term.

The QR  was found to be dependent on the electromagnetic frequency and 
has very small values at L-band (from 0 to 0.12 for three soil types) (Wang et al., 
1983). This is in agreement with most of the published studies based on a large 
experimental data set which considered that QR = 0  (Mo and Schmugge, 1987; 
Wegmuller and Mätzler, 1999; Wigneron et al., 2001). The dependence of the 
model roughness parameter HRp ( )θ  on the surface roughness characteristics, 
such as SD and autocorrelation length (LC), is not well known. Two studies (Mo 
and Schmugge, 1987; Wigneron et al., 2001) found that the best geophysical 
parameters to model HR  were the slope parameter (m = SD/LC) and the surface 
soil moisture SM . The dependence of HR  on soil moisture content could be 
explained by a volume scattering effect such that as the soil dries out deeper 
layers of soil contribute to the emission. Wigneron et al. (2007) suggested that 
the spatial fluctuations of the dielectric constant within the soil volume may 
be strong during drying out, having an important ‘dielectric’ roughness effect, 
and therefore HR  could be considered as an effective parameter that accounts 
for (1) ‘geometric roughness’ effects, corresponding to spatial variations of 
soil surface height, and (2) ‘dielectric roughness’ effects, corresponding to the 
variation of the dielectric constant at the soil surface. The results obtained by 
Escorihuela et al. (2007) over the SMOSREX (De Rosnay et al., 2006) bare soil 
confirmed the general soil moisture dependence of HR and found that a linear 
dependence was preferable to the exponential one given by (Wigneron et al., 
2001).

Wang et al. (1983) found that NR = 0 was consistent with measurements at 
frequencies of 1.4, 5, and 10.7 GHz. This result was also found in the studies at 
L-band (Mo and Schmugge, 1987; Wigneron et al., 2001). Based on long-term 
measurements over a relatively smooth soil during the SMOSREX experiment, 
Escorihuela et al. (2007) found that NR ≈ 1 at horizontal polarization and NR � �1 
at vertical polarization.

3.3 �Impact of vegetation canopy

Over vegetated soil, the microwave emission from the soil layer is affected by 
the vegetation canopy layer which attenuates (absorbs and scatters) the soil 
emission and adds its own contribution to the overall microwave emission. As 
vegetation density increases, the contribution of the vegetation layer increases 
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and that of the soil layer decreases. When the density of the canopy is adequate, 
the radiation emitted from the soil layer is masked, and the observed microwave 
emission relies mainly on the vegetation. The magnitude of the attenuation 
effect of the canopy depends upon the wavelength and the vegetation water 
content (VWC).

To date, a number of models have been developed to estimate the 
microwave emission from the soil-vegetation layer (Jackson et al., 1982; 
Kirdiashev et al., 1979; Meesters et al., 2005; Mo et al., 1982; Ulaby and Wilson, 
1985; Wigneron et al., 1995). In these models, the microwave emission from 
the vegetated soil surface is usually expressed as a zero-order solution of the 
radiative transfer equations since it assumes that the scattering phase matrix 
term can be neglected (Mätzler et al., 2006; Ulaby et al., 1981b, 1982, 1986). 
The � �-  model (Mo et al., 1982) is therefore defined as:

	
TB T T

T
p p p s p p v

p p p p v

� �� � � � � �� � � �� � �
� �� � � �� � � � �

1 1 1

1 1

�

�

� � �

� � �
	 (17)

where Tv  and Ts  are the effective temperature [K] of the vegetation and soil layers. 
The ωp  and γp  parameters are the single scattering albedo and transmissivity of 
the vegetation layer, respectively, and Γp is the reflectivity of a rough soil surface 
at p polarization (either horizontal or vertical). The microwave emission from a 
vegetated soil surface is considered as the sum of three parts corresponding to 
the three terms in Eqn. (17). The first term represents the upward radiation from 
the soil layer and attenuated by the overlying vegetation. The second term is 
the upward radiation directly from the vegetation layer. The third term denotes 
the downward radiation from the vegetation layer, reflected by the soil surface, 
and attenuated by the vegetation layer again.

The single scattering albedo ωp  indicates the scattering of the soil emissivity, 
and is a function of vegetation geometry. At microwave frequencies, the value 
of ωp  is almost zero, varying between 0.05 and 0.10 (Jackson and Schmugge, 
1991; Wigneron et al., 2004, 2007). The transmissivity of the vegetation γp  can 
be further defined as a function of the vegetation optical depth at nadir (τNAD) 
and the incidence angle (θ):

	 � � � � �p NAD ptt� � � � � � � � �� � � � ��
�

�
�

�exp sin cos cos2 2 1 	 (18)

where ttp  is an empirical parameter in relation to vegetation structure and 
polarization. The optical depth (τNAD) is dependent on the vegetation density 
and frequency, and can be linearly related to the VWC (kg/m2) at L-band using 
an empirical parameter (b) (Van de Griend and Wigneron, 2004):

	 �NAD b� �VWC.	 (19)
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Alternatively, the vegetation optical depth could also be linearly related to the 
log of the normal difference vegetation index (NDVI) (Burke et al., 2001) using 
two empirical factors (α  and β ):

	 � � �NAD � � � � � �� �1 log NDVI 	 (20)

There is some experimental evidence indicating possible polarization and 
angle dependence of both τ and ω. However, this dependence was found 
mainly from experimental data collected over non-isotropic vegetation, such 
as vertical stalks in tall grasses, grains, and maize (Hornbuckle et al., 2003; 
Kirdiashev et al., 1979; Wigneron et al., 1995). The canopy and stem structure 
of most vegetation covers are randomly oriented, and the effects of any 
systematic orientation of vegetation would be mostly minimized at satellite 
scales (Martinez-Vazquez et al., 2009; Owe et al., 2001).

For soil moisture retrieval from passive microwave observations of Soil 
Moisture and Ocean Salinity (SMOS) and SMAP, the vertical temperature 
gradients within the soil and vegetation layers are assumed uniform, since it 
reaches equilibrium at around their 6 am/pm overpass times. Therefore, Eqn. 
(17) can be simplified assuming equaled soil and vegetation temperatures 
(T Ts v= ) (Hornbuckle and England, 2005), expresses as:

	 TB Tp p p p p p p s� �� � � �� � � �� � � �� � ��� �� �1 1 1 1� � � �� � 	 (21)

The sensitivity of the microwave brightness temperature observation to the 
water content of the soil layer decreases with the increase of the vegetation 
opacity depth (Jackson and Schmugge, 1991). The brightness temperature 
variation reduced by the attenuation effect of the vegetation canopy is much 
larger than the noise sensitivity threshold of a microwave radiometer (typically 
<1 K). Therefore, the passive microwave technique can obtain a large signal-to-
noise ratio (SNR) for accurate soil moisture remote sensing.

4  Remote sensing of soil properties
Remote sensing is a means to acquire information about an object by measuring 
its emitted, reflected, and/or scattered radiation from a distance without 
physical contact. Based on the provision of radiation sources, remote sensing 
techniques can be divided into active and passive categories. Active remote 
sensing measures the radiation emitted primarily from an illumination source, 
but also secondary reflection/scattering from surface of the sensed object. In 
contrast, passive remote sensing only measures the self-emitted radiation from 
the sensed object due to its inherent physical temperature, which normally has 
a lower SNR than active remote sensing. In most cases, the remotely sensed 
radiation is in the form of electromagnetic waves, but other forms (e.g. acoustic 
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wave, neutron scattering, gamma attenuation, and gravity change) can also 
be used for ground, airborne, and satellite remote sensing. According to the 
electromagnetic frequency spectrum, remote sensing can be categorized into 
optical and microwave remote sensing. Optical remote sensing has a high 
spatial resolution and a high spectral resolution, with current optical remote 
sensing satellites reaching submeter (<1 m) spatial resolutions (e.g. WorldView, 
GeoEye, QuickBird, Ikonos, Pleiades,GF-2, and KF01) and ~10 nm spectral 
resolutions (e.g. MightSat-II, EO-1, PROBA, ENVISAT-1, MRO, HySI, TacSat-3, 
HICO, GOSAT, OCO-2, and EnMAP). However, optical imagery is adversely 
affected by the atmosphere and clouds, temporal repeat, and its inability to 
penetrate the land surface cover. With longer wavelength, microwave remote 
sensing has a high penetration capability and a sensitivity to target dielectric 
constant. But microwave sensors require a larger antenna and achieve a lower 
spatial resolution. Being limited by current antenna technology, the best spatial 
resolution that can be achieved by L-band (1–2 GHz) radiometers from the 
space is only ~40 km (e.g. SMOS and SMAP).

4.1 �Soil moisture

Extensive research has been conducted on soil moisture retrieval from remote 
sensing techniques over the past four decades, with the main difference in 
techniques being the measured frequency within the electromagnetic spectrum 
and the source of the radiation. Optical methods exploit the relationship 
between soil moisture and spectral reflectance in the visible/near-infrared 
bands to empirically determine the soil moisture in the top millimeters or so 
of the soil surface, while thermal infrared-based methods start from capturing 
the thermal inertia of soil which is then related to the soil moisture through 
the thermal conductivity and/or the heat capacity (Petropoulos et al., 2015). In 
general, the absorption of visible bands increases as soil moisture is increased, 
resulting in a decrease of reflectance at visible bands (Gao et al., 2013; Liu et al., 
2002). However, this tenuous relationship and the optimal spectrum bands 
vary significantly from site to site (Liu et al., 2009), because of the additional 
dependence of reflectance on organic matter content, roughness, texture, 
and observation geometry (Petropoulos et al., 2015). Moreover, the optical 
and thermal signal has limited capability to penetrate cloud and vegetation, 
requiring careful correction to eliminate atmospheric effects (Zhao and Li, 
2013). These are the main reasons for limited use of visible/thermal bands in soil 
moisture retrieval, despite the multitude of optical sensors currently available.

The microwave technique has been widely acknowledged as the most 
promising for near-surface soil moisture mapping at regional to global scales, 
due to its penetration capability of the vegetation layer, independence of 
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solar illumination, and direct relationship to soil moisture via the dielectric 
constant (Ulaby et al., 1981a). The microwave radiometers operating at higher 
frequency such as C-band (i.e. AMSR-E, Wind-Sat), or X-band (i.e. TMI) are 
also sensitive to soil moisture, however, microwave emission from the soil 
layer at these wavelengths is significantly affected by attenuation from the 
vegetation canopy and scattering by the atmosphere. Since the penetrability 
of microwave radiation is dependent mainly on the wavelength of the signal, 
microwave radiometers at these higher frequencies need to account for the 
atmospheric contribution, are only sensitive to water content in the top less 
than 1 cm layer of soil, and are limited to areas with low vegetation cover (VWC 
< 3 kg/m2). In contrast, L-band radiometer observations are unaffected by the 
atmosphere, able to penetrate the top ~5 cm layer of soil, and sensitive to 
soil moisture with vegetation coverage of up to ~5 kg/m2, corresponding to 
about 70% of the nonfrozen land regions on Earth, excluding dense forests. 
Consequently, passive microwave at L-band (~1.4 GHz) is considered the most 
promising remote sensing technique for near-surface soil moisture mapping at 
regional to global scales. Not only due to its penetration capability of cloud and 
vegetation, but also its independence of solar illumination, direct relationship 
with volumetric soil moisture through the soil dielectric constant, and reduced 
sensitivity to land surface roughness and vegetation cover (Jackson and 
Schmugge, 1989; Njoku et al., 2002; Schmugge et al., 1986; Shutko and Reutov, 
1982; Ulaby et al., 1981b).

The first space-borne passive microwave observations at L-band were 
collected by the SkyLab mission within a limited duration in the 1970s, being 
the earliest demonstration of soil moisture retrieval from passive L-band 
observations from space (Jackson et al., 2004). However, the first satellite 
dedicated to soil moisture was not launched until November 2009, carrying a 
2D interferometric radiometer to measure microwave emission from the Earth 
surface at L-band (1.413 GHz). Development of the SMOS mission was led 
by the ESA, aiming to map global soil moisture every 2–3 days with a target 
accuracy of 0.04 m3/m3 (Kerr et al., 2010). Additionally, the Soil Moisture Active 
and Passive (SMAP) mission developed the National Aeronautic and Space 
Administration was launched in January 2015, designed to combine L-band 
radiometer (1.41 GHz) and radar (1.26 GHz) instruments in order to achieve soil 
moisture retrieval with the same target accuracy as SMOS but at an enhanced 
special resolution (Entekhabi et al., 2010).

Based on the current level of antenna technology, the spatial resolution 
of space-borne radiometers is limited to around 40 km. For a higher spatial 
resolution, extensive research has been conducted using active microwave 
data, especially the data collected by SAR. A SAR is a coherent mostly side-
looking radar system that utilizes signal processing and the movement of the 
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platform to simulate an extremely large antenna or aperture, resulting in a high 
resolution in azimuth (up to half of the real aperture length) (Ulaby et al., 2014). 
Over land surfaces, a part of the transmitted electromagnetic wave is scattered 
by the vegetation canopy and/or soil surface, and returned back to the SAR 
system (known as backscatter). In general, backscatter increases as soil moisture 
(relative permittivity) is increased, and thus soil moisture can be inverted from 
scattering models describing this relationship. The commonly used scattering 
models include the IEM (Fung, 1994a) for bare soil and the water cloud model 
(Attema and Ulaby, 1978) for vegetated areas.

Apart from soil moisture, radar measurements are also sensitive to soil 
surface roughness and vegetation parameters, which results in high uncertainty 
in the soil moisture retrieval algorithms for SAR observations (Ulaby et al., 
2014). To decouple the effect of soil roughness and vegetation, some studies 
decomposed the received signal into individual contributions of the soil surface, 
vegetation and multiple scattering between soil surface and vegetation, with 
soil moisture then being retrieved from the soil surface contribution (Hajnsek 
et al., 2009; Jagdhuber et al., 2013). Some other studies assume that roughness 
and vegetation do not change between repeat passes of radar observations, 
and thus the difference of backscatter can be empirically related to the variation 
of soil moisture (Wagner et al., 1999a,b). This assumption was also used to 
remove the unknowns representing the temporal variation of roughness and 
vegetation, resulting in a well-constrained inversion process (Kim et al., 2012; 
Zhu et al., 2019b). While space-borne SAR has shown promising results for soil 
moisture retrieval at high spatial resolution (0.1–1 km), it suffers from a narrow 
beamwidth that cannot satisfy the temporal and global coverage requirements 
of hydrology applications (~3 days). Currently, only the Sentinel-1 (Torres et al., 
2012), SAOCOM, PALSAR-2 (Kankaku et al., 2014), Biomass mission (Le Toan 
et al., 2011), and NIRSAR (Rosen et al., 2017) can plan to provide regular global 
observations, however, their repeat coverages range from 6 days to 60 days. 
Algorithms that can merge data from multiple SAR missions was thus proposed 
recently to enhance the revisit (Zhu et al., 2019a).

4.2 �Soil roughness

The collected radar signal is heavily dependent on surface roughness. When a 
wave impinges on a smooth soil surface, some of the energy is scattered in non-
specular directions, with a small amount returning to the radar as backscatter. 
As surface roughness increases, the amount of reflection in the specular 
direction decreases, and consequently the surface scattering increases (Ulaby 
et al., 2014). Radar measurements are thus an effective venue to characterize 
surface roughness. In general, the soil surface is described either as a one-scale 
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stationary random process or a random process superimposed on a periodic 
surface for periodic plowed surfaces (Ulaby et al., 2014). For random surfaces, 
two parameters describing the vertical (RMS height) and horizontal (correlation 
length) variation are commonly used, while a few extra parameters (e.g. the 
period, orientation, and the maximum height of the periodic surface) are 
required for periodic plowed surfaces. These parameters are well considered 
in various surface scattering models, e.g. the IEM (Fung, 1994a) and the multi-
scale IEM (Monsivais-Huertero et al., 2018). Roughness can thus be estimated 
by inverting these scattering models with or without ground soil moisture 
measurements (Zhu et al., 2019a). However, the use of ground-measured 
roughness parameters commonly result in substantial inconsistency between 
the modeled and observed radar observation (Baghdadi et al., 2002; Lievens 
et al., 2011; Zhu et al., 2016), suggesting that the RMS height and correlation 
length cannot represent the roughness perceived by radar systems. Accordingly, 
the roughness values estimated from radar data are effective without a 
determined physical definition. Moreover, many studies have confirmed that 
the effective roughness varies at different radar frequency bands and incidence 
angles. For example, larger effective roughness values were observed at lower 
incidence angles over the same location (Baghdadi et al., 2006; Lievens et al., 
2011; Martinez-Agirre et al., 2017). The use of radar-based roughness in other 
applications is still questionable.

4.3 �Soil salinity

The presence of salt in the shallow Earth surface can be detected by remote 
sensing either directly on bare soil, or indirectly through the vegetation type and 
growth that is controlled or affected by the salinity. Salt mineralogy determines 
the presence or absence of absorption in optical bands (Metternicht and Zinck, 
2008), while the microwave spectrum is mainly affected by the quantity of 
salt in the soil water (Lasne et al., 2008). Salts also cause variations of surface 
roughness. For example, the concentration of salt at the soil surface can result in 
smooth surfaces (e.g. puffy crusts), leading to higher reflectance in the optical 
bands but lower emissivity and backscatter in the microwave spectrum than 
nonsaline and cultivated surfaces (Metternicht and Zinck, 2008).

Optical remote sensing is mainly used to capture the spatial pattern of salt-
affected surface features and their temporal evolutions, with some sophisticated 
remote sensing indexes (Khan et al., 2005; Sidike et al., 2014; Wang et al., 
2019) proposed for aerial photos, high spatial resolution satellite imagery (e.g. 
WorldView series), and sensors with a wider spectrum up to 2500 nm (e.g. 
Landsat series and Sentinel-2). The end of dry season is widely recognized as the 
optimal time slot for salinity mapping as salts dissolve during the rainy season 
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(Metternicht and Zinck, 2003; Wang et al., 2019). In contrast, some soil moisture 
is required for microwave-based remote sensing, as the measurements are 
mainly dependent on dielectric constant determined by moisture and salt that 
dissolved in moisture (Ulaby et al., 2014). Previous studies using microwave 
data have mainly focused on (1) saline water detection in water logging areas 
by analyzing the dependence of brightness temperature on temperature and 
salinity (Singh and Srivastav, 1990); and (2) soil salinity mapping by relating 
the imaginary part of the dielectric constant with measured backscatter (Bell 
et al., 2001; Periasamy and Ravi, 2020; Taghadosi et al., 2019). The presence 
of halophytic salt-tolerant vegetation interferes with the reflectance, emissivity, 
or backscatter of salinity features, being more challenging for direct salinity 
mapping. The type of vegetation and its growth however provide alternative 
indicators of soil salinity. For example, the health status of cotton plants and 
cotton yield have strong correlation with electrical conductivity (Metternicht 
and Zinck, 2003).

Despite the great advance, precise estimation of salt quantities from 
remote sensing is rather challenging due to the multiple dependence of remote 
sensing data on surface parameters, e.g. soil moisture, soil texture, roughness, 
organic matter (Jackson and O’Neill, 1987; Petropoulos et al., 2015). Ground 
samples remain necessary to provide required field data (e.g. water table 
depth and salinity data) and is still the basis of empirical relationships between 
remote sensing data and salinity features.

5  Case study
5.1 �Murrumbidgee River Catchment

The Murrumbidgee River Catchment is located in southeast of Australia, with 
an area of ~82 000 km2, and an elevation ranging from ~40 m in the western 
plains to ~2000 m in the eastern mountainous areas as shown in Fig. 4. The 
annual rainfall varies from 300 mm in the west to 1900 mm in the high elevated 
ranges in the east (Australian Bureau of Rural Science, 2001). Accordingly, the 
land surface of the Murrumbidgee River Catchment varies from bare soil with 
sparse vegetation in the west, to irrigated fields mixed with grasslands in the 
middle, and to forest in the east. Due to the variability in topography, climate, 
land cover, and soil textures of the Murrumbidgee catchment, the long-
term hydrological monitoring network: OzNet (Smith et al., 2012) has been 
operating for 15 years. At the same time, a series of airborne field experiments 
have been conducted for the development of soil moisture remote sensing 
techniques, such as NAFE’05 (Panciera et al., 2008), NAFE’06 (Merlin et al., 
2008), AACES-1/-2 (Peischl et al., 2012), SMAPEx-1 to -3 (Panciera et al., 2014), 
and SMAPEx-4/-5 (Ye et al., 2021).
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5.2 �Soil moisture active passive experiments

The soil moisture active passive experiments (SMAPEx) comprised a series 
of five airborne field campaigns for calibration and validation of SMAP under 
Australian land surface conditions. The first three experiments (SMAPEx-1 to 
-3; Panciera et al., 2014) were conducted between July 2010 and September 
2011, for the development of SMAP prelaunch soil moisture retrieval and 
downscaling algorithms. The SMAPEx-4 and -5 (Ye et al., 2021) were conducted 
at the beginning of the SMAP operational phase in May and September 2015 
respectively, for in-orbit validation of the SMAP observations and soil moisture 
products in different seasons. The specific objectives were to: (1) evaluate SMAP 
active-passive downscaled 9 km radiometer observations; (2) inter-compare 
SMAP, SMOS, and Aquarius with airborne radiometer/radar observations; (3) 
validate SMAP radar-only, radiometer-only, and radar-radiometer soil moisture 
retrieval algorithms using airborne soil moisture retrieval results from field 
experiments and long-term soil moisture monitoring network measurements; 
and (4) further develop radar-only soil moisture retrieval algorithms.

Figure 4 Location of the OzNet monitoring stations and the SMAPEx-4/5 study area in the 
Murrumbidgee River Catchment with the digital elevation model (DEM) and the SMAP 
EASE-2 grid at 36 km scale as backdrop (top). Layout of the ground sampling focus areas 
and monitoring stations with land use map and the SMAP EASE-2 grids at 9 km and 3 km 
scales as backdrop (bottom). Source: Adapted from Ye et al. (2021).
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A flight area of 71 km × 89 km was identified over the Yanco area (Fig. 4), and 
airborne active and passive microwave observations were collected coincident 
with SMAP coverage during 3 weeks in each experiment. The main airborne 
instruments used in the SMAPEx-4 and -5 were the Polarimetric L-Band Multi-
beam Radiometer (PLMR) and the Polarimetric L-band Imaging Synthetic (PLIS) 
aperture radar, which operate at the same frequencies of the SMAP radiometer 
and radar, respectively. During the 3 weeks period of SMAPEx-4, eight flights 
were taken over two study areas according to the 3 dB footprints of the SMAP 
and Aquarius radiometers, respectively (Fig. 4). Airborne PLMR brightness 
temperature observations at 1 km resolution and airborne PLIS backscatter 
observations at ~30 m resolution were collected in each flight between 3 am 
and 9 am (local time), in alignment with the SMAP nominal local overpass 
time of 6 am. Figure 5 shows an example of PLMR brightness temperature 
normalized to 38.5°and PLIS backscatter normalized to the reference incidence 
angle of SMAP (40°), using the Ye et  al. (2015) approach. Ground sampling 
of the top 5 cm soil moisture, VWC, and surface roughness were collected 
concurrently with airborne sampling over the six 3 km focus areas (Fig. 4), 
in order to provide spatial soil moisture data for validation and the ancillary 
data used in soil moisture retrieval. Prior to SMAPEx-4 and -5, heavy rainfall 
events occurred and were followed by a drying out period, providing ideal 
opportunities to validate SMAP products under a variety of soil moisture, land 
surface types, and topography conditions. A total of 16 flights were conducted 
during the SMAPEx-4 and -5.

Figure 5  Maps of airborne brightness temperature normalized to 38.5° (left) and 
backscatter observations normalized to 40° (right) over the SMAP validation flight area 
on 11 May 2015. Source: Adapted from Ye et al. (2021).
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5.3 �Passive microwave remote sensing of soil moisture

Airborne soil moisture was retrieved from the dual-polarized PLMR brightness 
temperature observations using the L-MEB model (Wigneron et al., 2007). The VWC 
was estimated from the MODIS 250 m daily reflectance products (MOD09GQ) 
using the Gao et  al. (2015) method. The required roughness and vegetation 
parameters in the L-MEB were adapted from previous studies in the Yanco area 
(Panciera et al., 2008, 2009) and literature (Grant et al., 2008; Wigneron et al., 
2007). The surface and deep soil temperatures were obtained from monitoring 
stations and used to estimate effective temperature in Eqn. (14). The retrieved 
soil moisture data were validated using the ground 250 m spacing soil moisture 
measurements over all six focus areas. According to the comparison results 
shown in Fig. 6, an overall RMSE of 0.08 m3/m3 was achieved for SMAPEx-4/-5 soil 
moisture data at 1 km scale, while soil moisture was overestimated in SMAPEx-5 
in some instances due to the presence of standing water.

Figure 7 shows the temporal variation of top 5 cm soil moisture retrieved 
from the 1 km PLMR brightness temperature observations across the SMAPEx-4 
and -5, respectively. As the result of two rainfall events, 9 May and 18 May 2015, 
soil moisture over the flight area varied from a dry homogeneous condition 
to a heterogeneous spatially distributed pattern during the SMAPEx-4. The 
SMAPEx-5 started from a very wet and partly flooded condition on 8 September 
2015, and experienced a drying out period to the end of the experiment on 26 
September 2015. The 1 km PLMR-derived soil moisture data were averaged 

Figure 6 Comparison between top 5 cm soil moisture measurements and soil moisture 
retrieved from the 1 km PLMR brightness temperature observations during SMAPEx-4 (a) 
and -5 (b) using published parameters. Source: Adapted from Ye et al. (2021).
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to the SMAP EASE grids at 3 km, 9 km, and 36 km, and then compared with 
SMAP soil moisture products at pixel levels as shown in Fig. 8. Taking the PLMR 
soil moisture as the reference, the SMAPL2 Passive, Active-Passive downscaled, 
and Active soil moisture products had high correlations with RMSEs of ≤0.04 
m3/m3, 0.07 m3/m3, and 0.11 m3/m3 in both SMAPEx-4 and -5. Consequently, 
the SMAPEx-4 and -5 data sets demonstrate the capability of monitoring 
temporal and spatial variation of near-surface soil moisture using microwave 
remote sensing technique, and provided airborne brightness temperature and 
backscatter observations for the validation of SMAP.

5.4 �Radar remote sensing of soil moisture

Radar data collected across the SMAPEx-5 campaign, covering three frequency 
bands (aircraft and satellite), L-, C-, and X-band with varying incidence angle 
and polarizations over time, were used for soil moisture retrieval here. Radar 
data were available for 15 days of the 3-week campaign, being a simulation of 
the dense data expected from combining recent and projected radar satellite 
missions. The available observations varied from day to day, with 5 and 10 days 

Figure 8 Comparison of SMAPEx-4 and -5 airborne PLMR soil moisture versus SMAPL2 
Passive/radiometer (a), Active-Passive downscaled (b), and Active/radar (c) products. 
Source: Referred from Ye et al. (2021).

Figure 7 Maps of 1-kmPLMR-derived soil moisture over the SMAP validation flight area 
during the SMAPEx-4 (top) and -5 (bottom).
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having dual-frequency (L + C or C + X) and single-frequency data, respectively. 
A stochastic ensemble framework was proposed for soil moisture retrieval, with 
the main components summarized in Table 2.

Soil moisture retrieval was made at the 25 m pixel and paddock scales, 
respectively, using all available radar data. The 25-m pixel soil moisture maps 
for the YA4 area are depicted in Fig. 9 as an example, while the paddock scale 

Table 2 The main components of the stochastic ensemble framework

Component Description Reference

Scattering models Three frequency-specific look up tables (LUTs) 
built by NMM3D and distort Born approximation, 
representing the relationships between soil 
moisture, roughness, and radar observations.

Zhu et al. 
(2019b)

Change detection 
component

It implements an unsupervised change detection 
of the areas with roughness and/or vegetation 
changes, being a preprocessing procedure.

Zhu et al. 
(2019c)

Channel selection It estimates the contribution of vegetation volume 
scattering and removes the channels dominated by 
volume scattering.

Zhu et al. 
(2019a)

Ensemble retrieval It implements multiple soil moisture retrievals using 
random subsets of input radar data and get their 
ensemble average as the output.

Zhu et al. (2020)

Figure 9 Retrieved soil moisture maps in YA4 with the day of year listed in top left. The 
paddocks in black circles are these with soil plowing, while the red circles are those with 
irrigation.
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and daily average comparison against corresponding ground measurements 
are shown in Fig. 10. The retrieved time series soil moisture maps agreed well 
with the dry down process observed during SMAPEx-5, with a faster dry down 
observed over bare soil paddocks. The observed cultivation activities in the 
circled paddocks were detected, with the sudden soil moisture increases being 
successfully recorded.

Moderate accuracy was achieved at the paddock scale, showing an RMSE 
of 0.04–0.06 m3/m3 and a correlation coefficient (R) of 0.8–0.9, reaching the 
0.06 m3/m3 accuracy target of SMAP radar products. The retrieved soil moisture 
for wet conditions (larger than 0.4 m3/m3) was slightly underestimated. Such 
underestimations were also observed and ascribed to the decreased sensitivity 
of σ0 in moist areas in other studies (Bai et al., 2016; Wang et al., 2011). Another 
interpretation could be the relatively low upper bound of soil moisture in the 
LUTs (~0.43 m3/m3) compared to the ground measurements during the first 
days of SMAPEx-5. As expected, the results were greatly improved for daily 
average values. The RMSE decreased to 0.025 m3/m3, 0.03 m3/m3, and 0.027 
m3/m3 in bare, wheat, and grass, respectively. A good correlation (R: 0.93–0.99) 
was observed with negligible bias (<0.02 m3/m3). The retrieved accuracy was 
much better than the requirement of 0.05 m3/m3 suggested by Walker and 
Houser (2004) and World Meteorological Organization (available at http://www​
.wmosat​.info​/oscar​/requirements).

5.5 �Irrigator/tower/unmanned aerial vehicle-based remote 
sensing of soil moisture

Soil moisture is a temporal and spatially varying variable that plays an important 
role in the agriculture industry. Although the current level of irrigator technology 

Figure 10 In situ versus retrieved soil moisture at the paddock scale (left panel) and daily 
average (right panel) using time series L-, C-, and X-band data. The dashed lines denote 
the ± 0.06 cm3/cm3.
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supports the precise control of the volume of irrigation water, it is difficult to 
accurately estimate spatial irrigation water demand, due to the high spatial 
variability of soil moisture. Therefore, the efficiency of irrigation water use can 
be improved by introducing real-time soil moisture mapping to determine the 
spatial distribution of required irrigation water volume, and an irrigation-based 
soil moisture remote sensing experiment has been conducted to demonstrate 
this potential. The irrigator-based passive microwave soil moisture experiment 
was conducted over a 200 m by 600 m farm near Cora Lynn, in southeast of 
Australia (Fig. 11). The ELBARA III (the Eidgenössische Technische Hochschule 
[ETH] L-band radiometer for soil moisture research; Jonard et al., 2011; 
Schwank et al., 2010) was mounted on an irrigation boom with a 40° incidence 
angle and a 5 m footprint. Dual-polarized brightness temperature observations 
were collected over a 5 m by 600 m transect when the irrigator moved across 
the farm.

To validate soil moisture retrieval accuracy, point-based soil moisture 
measurements were collected at the same time using the Hydraprobe Data 
Acquisition System (HDAS) (Merlin et al., 2007; Panciera et al., 2006). Figure 12 
shows the spatial distribution of soil moisture data measured using the HDAS 
and retrieved from the ELBARA III brightness temperature observations, 
respectively. Soil moisture was found to have a considerable variation of 

Figure 11 Overview of the irrigator-based soil moisture remote sensing experiment (top) 
and picture of the irrigator with the ELBARA III mounted on the boom.
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more than 0.2 m2/m2 within the same farm, although normally assumed as a 
homogeneous condition. This confirms the difficulty to accurately measure soil 
moisture at farm scales using conventional methods, and thus the potential 
of saving irrigation water by accounting for initial soil moisture using remote 
sensing techniques. The ELBARA III-derived soil moisture had a similar spatial 
pattern and a high correlation to the HDAS soil moisture measurements, 
demonstrating the applicability of boom-based passive microwave soil 
moisture remote sensing application in the agriculture industry.

6  Future trends in research
With the recent development of sensor technology, the sizes and costs of 
sensors have been reduced significantly, such that a series of portable sensors 
have been employed on different platforms including unmanned aerial vehicle 
(UAV). Compared with traditional aircraft (Bai and Purcell, 2018; Bellvert 
et al., 2015; Gerhards et al., 2018; Walker et al., , 2012; Zhang et al., 2017) and 
satellite (Calera et al., 2017; Du et al., 2013; Helman et al., 2018) platforms, 
UAVs are small, inexpensive, easy, and autonomous, providing a new remote 
sensing platform with an improved spatial resolution and sampling flexibility 
in precision agriculture application (Vergara-Díaz et al., 2016; Zarco-Tejada 
et al., 2009, 2013). The optical remote sensing techniques has been tested for 
UAV-based surface soil moisture mapping (e.g. Hassan-Esfahani et al., 2014; 
Hoffmann et al., 2016; Lu et al., 2020; Turner et al., 2011). To overcome the 

Figure 12 Soil moisture measurements along the ELBARA III transect. The red dots and 
blue circles indicate soil moisture data measured using the HDAS and retrieved from the 
ELBARA III brightness temperature observations respectively.
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limitation of optical techniques on soil moisture remote sensing, only a few 
passive microwave sensors have been developed for UAV-based soil moisture 
mapping (Acevo-Herrera et al., 2010; Houtz et al., 2020). However, it can be 
expected in the future that L-band passive microwave remote sensing with a 
high sensitivity to soil moisture will be used together with the optical technique 
on UAVs to map high-resolution soil moisture at farm scale.

The state-of-art L-band passive microwave soil moisture remote sensing 
technique is limited to measure water content in the top ~5 cm of the soil. 
According to theoretical and experimental studies (Laymon et al., 2001; Njoku 
and Entekhabi, 1996; Shi et al., 2005), the sensing depth of passive microwave 
sensors is a function of the wavelength. Thus a deeper layer of soil can be 
achieved by using radiometers at lower frequencies (Njoku et al., 2003; Njoku 
and Kong, 1977; Paloscia et al., 1993). In addition, the impacts of surface 
roughness and overlaying vegetation on soil moisture retrieval accuracy 
are expected to be reduced. Consequently, a radiometer with a doubled 
wavelength (40 cm) operating at P-band (750 MHz) has been developed to 
demonstrate the capability of measuring a deeper layer (~10 cm) soil moisture 
over more densely vegetated surfaces, and with overall improved accuracy. 
Currently, a series of tower-based and airborne field experiments are being 
conducted to explore the potential of P-band passive microwave soil moisture 
remote sensing. The initial results show a higher sensing depth, less sensitivity 
on vegetation and roughness, and higher accuracy for P-band than L-band soil 
moisture remote sensing (Shen et al., 2020; Ye et al., 2020).

With the increasing availability of ‘Earth big data’, the use of deep learning 
in soil characteristics mapping has attracted broad attention in recent years 
(Yuan et al., 2020). Deep learning models can accurately approximate the 
complicated nonlinear relationship between soil characteristics and various 
remote sensing observations, without requiring cumbersome physical 
modeling and the ill-posed inversion process (Ali et al., 2015; Notarnicola et al., 
2008). A neural network has been successfully applied to global soil moisture 
mapping from passive microwave data (Rodriguez-Fernandez et al., 2015) and 
some regional-scale applications (Rodríguez-Fernández et al., 2017; Santi et al., 
2016). However, the ground truth for training is either from climate models 
(e.g. the European Centre for Medium-Range Weather Forecasts model) or in 
situ measurements. Currently, the main limitation of deep learning is that the 
limited in situ measurements (Dorigo et al., 2021) cannot reach the requirement 
of training a deep and wide neural network, with the trained neural network 
being too simple to have satisfactory accuracy and generalization capability. 
Theories and/or techniques (e.g. transfer learning) that can be used to provide 
more samples and/or reduce the number of required ground samples are thus 
expected to be the key to further use of deep learning in soil mapping.
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7  Where to look for further information
The following articles provide a good overview of the subject:

	• Ulaby, F. T., Long, D. G., Blackwell, W. J., Elachi, C., Fung, A. K., Ruf, C., 
Sarabandi, K., Zebker, H. A. and Van Zyl, J. (2014). Microwave Radar and 
Radiometric Remote Sensing. Ann Arbor: The University of Michigan Press.

Key research in this area can be found at the following organizations:

	• Department of Civil Engineering, Monash University.
	• https://www​.monash​.edu​/engineering​/jeffwalker.
	• https://www​.researchgate​.net​/profile​/Jeffrey​-Walker-9.
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