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A B S T R A C T   

Due to the success of the SMOS (Soil Moisture and Ocean Salinity) and SMAP (Soil Moisture Active Passive) missions, 
new satellite missions are on the horizon. The current and future missions can benefit from investigations that seek to 
improve retrieval algorithms that quantitatively map global soil moisture and vegetation optical depth (tau) from 
Earth’s microwave emissions. In this study, we explore multi-angular and multi-frequency approaches for the retrieval 
of soil moisture and vegetation tau, considering the payload configurations of current and future satellite missions 
(such as the Copernicus Imaging Microwave Radiometer, the Water Cycle Observation Mission, and the Terrestrial 
Water Resources Satellite) using a new set of ground observations. Two ground-based microwave radiometry datasets 
collected in Inner Mongolia during the Soil Moisture Experiment in the Luan River from July to August 2017 (crop
land) and August to September 2018 (grassland) are used for this study. The corn field, which covers an entire growth 
period, indicated that the degree of information increases linearly as the number of channels (in terms of the incidence 
angle and frequency) increases, and that the multi-frequency observations contain slightly more independent infor
mation than do the multi-angular observations under the same number of channels. The polarization difference in 
brightness temperature is sensitive to both soil moisture and vegetation water content, especially at L-band due to its 
penetrating ability. Soil moisture explains most of the variance in frequency differences of brightness temperature at 
adjacent frequencies (L- & C-bands, C- & X-bands), while the variance in incidence-angle differences of brightness 
temperature is mostly associated with the vegetation water content. A multi-channel collaborative algorithm (MCCA) 
is developed based on the two-component version of the omega-tau model, which utilizes information from collab
orative channels expressed as an analytical form of brightness temperature at the core channel to rule out the pa
rameters to be retrieved. Results of soil moisture retrieval show that the multi-angular approach used by the MCCA 
generally has a better performance, unbiased root mean square difference (ubRMSD) varying from 0.028 cm3/cm3 to 
0.037 cm3/cm3, than the multi-frequency approach (ubRMSD from 0.028 cm3/cm3 to 0.089 cm3/cm3) for the corn 
field. This is attributed to the dependence of vegetation tau on the frequency being more significant than that on the 
incidence angle. Except for in the C- & X-band combination, the multi-frequency approach used by the MCCA performs 
better (ubRMSD from 0.018 cm3/cm3 to 0.023 cm3/cm3) than the multi-angular version (ubRMSD from 0.026 cm3/ 
cm3 to 0.034 cm3/cm3) for the grass field due to reduced vegetation effects for this type of cover. It is affirmed that 
increasing the number of observation channels could make the soil moisture retrieval more robust, but might also limit 
the retrieval performance, as the probability that the model estimations will not match the observations is increased. 
This study provides new insights into the design of potential satellite missions to improve soil moisture retrieval. A 
satellite with simultaneous multi-angular and multi-frequency observation capabilities is highly recommended.  
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1. Introduction 

Soil moisture information is critically important in hydrological 
processes due to its relationships with land surface evapotranspiration, 
runoff, precipitation and infiltration (Vereecken et al., 2008; Senevir
atne et al., 2010; Corradini, 2014; Brocca et al., 2017; Zhao et al., 
2020a). Soil moisture (volumetric water content) at watershed scales 
can be measured using the direct gravimetric method and other indirect 
methods such as neutron attenuation, gamma absorption, and time/ 
frequency domain reflectometry (Cosh et al., 2006; Robinson et al., 
2008; Dorigo et al., 2011). Such information is crucial in a wide variety 
of processes and applications and has been playing a significant role in 
numerical weather predictions, flood forecasting, drought assessments 
and regional water resource management. However, these in situ mea
surements are insufficient to provide comprehensive information for a 
global perspective due to the differences in their measurement princi
ples and spatial representations. Remote sensing, especially methods 
using microwave radiometry, has been investigated as technology for 
the global mapping of soil moisture since the Skylab mission in the 
1970s (Jackson et al., 2004). Many efforts have been dedicated to 
exploring the remote sensing technologies and the methodology for soil 
moisture mapping at a global scale by a growing scientific community. It 
is now well known that the soil moisture contribution and vegetation 
effects in terms of absorption and scattering are coupled and that the 
vegetation optical depth (tau) is related to the vegetation water content, 
canopy structures, woody biomass (Rahmoune et al., 2014; Rodríguez- 
Fernández et al., 2018) and carbon stock (Brandt et al., 2018; Fan et al., 
2019), which may support additional scientific applications. 

The Advanced Microwave Scanning Radiometer for EOS (AMSR-E) is 
a twelve-channel, six-frequency (from 6.9 to 89 GHz) passive microwave 
radiometer (Kawanishi et al., 2003) with spatial resolutions ranging 
from 75 × 43 km (6.9 GHz) to 6 × 4 km (89 GHz). Although the C-band 
and X-band are not the optimal frequencies for the remote sensing of soil 
moisture, a number of efforts have been made to develop and validate 
retrieval algorithms. The NASA (National Aeronautics and Space 
Administration) algorithm for AMSR-E was originally developed as an 
iterative algorithm (Njoku and Li, 1999) that utilizes multi-frequency 
information (6.9, 10.6 and 18 GHz, dual-polarizations) to retrieve the 
soil moisture with a consistent vegetation tau value for all frequencies 
(Njoku et al., 2003). It was then replaced with a regression algorithm, in 
which the vegetation and roughness effects are considered to be similar 
and could be combined into one parameter to describe their exponential 
dependences, thus reducing the number of unknowns. Results of the 
combined effects of vegetation and roughness from AMSR-E showed 
frequency dependence and seasonal variability (Njoku and Chan, 2006). 
A similar iterative approach was developed by Paloscia et al. (2006) 
with initial tau values estimated from the polarization difference (PI) at 
X-band. The JAXA (Japan Aerospace Exploration Agency) selects an 
alternative method as the standard algorithm, which uses the index of 
soil moisture (ISW, brightness temperature difference between fre
quencies) and PI to perform the retrieval based on the look-up table 
method (Koike et al., 2004). The land parameter retrieval model (LPRM) 
utilizes the microwave polarization difference index (MPDI), which is 
analytically expressed as a function of soil moisture and vegetation tau 
(Meesters et al., 2005) by assuming that the vegetation signals are in
dependent on polarization, to derive both soil moisture and vegetation 
tau (Owe et al., 2001; De Jeu and Owe, 2003). Aiming to separate the 
contributions of soil and vegetation, microwave vegetation indices 
(MVIs) were developed based on multi-frequency microwave observa
tions from AMSR-E (Shi et al., 2008), and these indices were further 
utilized to derive vegetation transmissivity and then soil moisture (Zhao 
et al., 2011). Separately from the microwave-only algorithms mentioned 
above, vegetation tau can be obtained from ancillary optical vegetation 
indices; then, soil moisture can be retrieved based on a single-channel 
observation (Jackson, 1993; Jackson et al., 2010). The operation of 
the AMSR-E sensor with multi-frequency observations provided rich 

information across wavelengths but also brought challenges to the 
retrieval of parameters that vary with frequency. These challenges have 
promoted the development of various soil moisture algorithms that 
could be transferred to other satellite missions (Jackson, 1997; Jackson 
and Hsu, 2001; Owe et al., 2008; Dorigo et al., 2017) and generate a 
longer temporal record of soil moisture for climate change studies (Jung 
et al., 2010). 

The Soil Moisture and Ocean Salinity (SMOS) mission provides 
unique multi-angular and full-polarization observations at L-band with a 
spatial resolution from 35 to 50 km depending on the incidence angle 
(Kerr et al., 2010). SMOS was launched in 2009 and has provided 
invaluable data for a variety of applications, including soil moisture 
mapping, vegetation property estimations and phenology analyses. The 
specialty of SMOS data (dual-polarization, multi-angular observations) 
was found to be suited to the 2-parameter (2-P) approach suggested by 
Wigneron et al., 1995a; the 2-P approach can be used to retrieve the soil 
moisture and vegetation biomass simultaneously at L-band (Wigneron 
et al., 2003). The official SMOS algorithm was developed based on the L- 
band Microwave Emission of the Biosphere (L-MEB) model (Wigneron 
et al., 2007) and has provided reliable retrievals of soil moisture 
(Jackson et al., 2012), vegetation tau and other related parameters 
through the iterative minimization of the cost function, which is the sum 
of the weighted squared differences between the simulated and observed 
brightness temperatures at multiple incidence angles (Kerr et al., 2012). 
Notably, the atmosphere effect is considered, and the vegetation tem
perature and soil temperature are different in the SMOS algorithm. 

The continuous improvement of the SMOS algorithm has mainly 
focused on the refinement of brightness temperatures and introduction 
of multi-orbit observations, parameterizations and parameter optimi
zations of vegetation and roughness effects, the implementation of new 
soil dielectric models, etc. Angle-binned brightness temperatures in the 
ground reference frame were generated based on the SMOS snapshot- 
based dataset, and the soil moisture was retrieved based on multi- 
orbit observations for enhanced robustness (Al Bitar et al., 2017). In 
the original algorithm, the initial values of vegetation tau represent a 
combination of vegetation interception, vegetation laying under the 
canopy and standing vegetation (Wigneron et al., 2007; Kerr et al., 
2012); thus, vegetation tau is considered to be a linear function of the 
leaf area index. It was later shown that at the global scale, different 
vegetation cover types require specific coefficients of the linear function, 
especially over densely vegetated zones (Rahmoune et al., 2013). The 
SMOS-IC (Institut National de la Recherche Agronomique and Centre 
d’Etudes Spatiales de la BIOsphère) algorithm (Fernandez-Moran et al., 
2017a) chooses not to rely on auxiliary vegetation information as the 
initial input values but instead uses the yearly average values of vege
tation tau from previous runs in the retrieval process. Additionally, new 
effective single scattering albedo values (Fernandez-Moran et al., 
2017b) were derived based on the International Geosphere-Biosphere 
Programme (IGBP) land cover types (0.06 for forest regions, 0.06–0.12 
for other regions). It was found that the newly derived vegetation tau is 
better correlated with the normalized difference vegetation index 
(NDVI) in most regions of the globe than the SMOS L3 products were. 
Soil surface roughness parameterization schemes (Peng et al., 2017) and 
their parameter settings are another important factor influencing the 
accuracy soil moisture retrievals. Numerous studies relating to the 
parameterization and calibration of surface roughness parameters for 
SMOS retrievals have been conducted (Lawrence et al., 2013; Zhao et al., 
2015a; Wigneron et al., 2017). More recently, Fernandez-Moran et al. 
(2017b) showed that the roughness parameter varies in the range of 
0.1–0.5, and constant values could be used at a global scale for SMOS-IC 
retrievals. In addition, Zhao et al. (2015b) refined the multi-angular 
behavior of the SMOS brightness temperature based on a two-step 
regression approach, and it was found that soil moisture and vegeta
tion tau could be retrieved using the derivation form of the multi- 
angular MVIs (Cui et al., 2015; Cui et al., 2016). Another important 
finding is that the Mironov dielectric constant model (Mironov et al., 
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2004) works well at both the dry end and the wet end and improves 
SMOS soil moisture retrievals (Mialon et al., 2015). The unique feature 
of multi-angular observations at L-band of SMOS makes it possible to 
retrieve soil moisture and vegetation tau values simultaneously, as it is 
more reasonable to assume the consistency of vegetation tau at varying 
incidence angles, and this feature significantly promotes the application 
of vegetation tau in above-ground carbon and land-atmosphere ex
change studies. 

The Soil Moisture Active Passive (SMAP) mission (Entekhabi et al., 
2010) provides L-band brightness temperatures with multiple polari
zations at a constant incidence angle of 40◦ with a spatial resolution of 
approximately 40 km. The development of SMAP radiometer-only soil 
moisture algorithms was based on the heritage leveraged from previous 
AMSR-E and SMOS missions. In the early release of SMAP soil moisture 
products (O’Neill et al., 2018), five optional algorithms were suggested, 
including the single-channel algorithm at horizontal polarization 
(SCA–H), single-channel algorithm at vertical polarization (SCA-V), 
dual-channel algorithm (DCA), extended dual-channel algorithm 
(EDCA), and LPRM. The SCA-H/V algorithms require vegetation tau 
inputs derived from a MODIS-based (moderate resolution imaging 
spectroradiometer) vegetation index climatology (Bindlish et al., 2011), 
and it was found that SCA-V delivered the best performance among al
gorithms over several core validation sites (Chan et al., 2016; Colliander 
et al., 2017). DCA and EDCA utilize different cost functions to combine 
dual-polarized observations to retrieve both soil moisture and vegeta
tion tau. Theoretically, DCA and EDCA converge to the same solutions, 
and both algorithms rely on MODIS-derived vegetation tau values as 
constraints. The LPRM algorithm, as mentioned above, derives both soil 
moisture and vegetation tau using MPDI values as restrictions. 

As SMAP only provides dual-polarization brightness temperatures 
for soil moisture retrieval, which are also correlated, Konings et al. 
(2016) introduced the multi-temporal dual-channel algorithm (MT- 
DCA) to enhance the robustness of retrievals. It is argued that vegetation 
tau values change more slowly than do soil moisture values, and vege
tation tau can thus be assumed to be almost constant between every set 
of two consecutive overpasses. The MT-DCA adds an additional 
constraint to the retrieval by using a moving window of two consecutive 
overpasses at a given time of day and jointly retrieves a single vegetation 
tau value and two soil moisture values. In addition, the time series 
approach allows the retrieval of a single temporally constant value of the 
effective single scattering albedo (Konings et al., 2017). Chaubell et al. 
(2020) further showed that updates to the Wigneron-Lawrence rough
ness parameterization scheme (Wigneron et al., 2011; Lawrence et al., 
2013) achieved improved accuracy and that SCA-V still outperformed all 
the implemented algorithms. The SMAP enhanced passive soil moisture 
was developed, and the assessment also affirmed that SCA-V delivered 
the best retrieval performance (Chan et al., 2018; O’Neill et al., 2019). 
On the other hand, Ebtehaj and Bras (2019) showed that the least- 
squares inversion of the omega-tau model is not strictly convex and 
that widely used, unconstrained, damped least-squares can lead to 
biased retrievals. Thus, they proposed a new constrained multi-channel 
algorithm (CMCA) that bounds the retrievals with a priori information 
about soil type and vegetation density, leading to high-resolution re
trievals. To further reduce the uncertainty of soil moisture retrievals, 
Gao et al. (2020) designed the combined CMCA with a priori climato
logical constraints to improve both the spatial resolution and retrievals 
of vegetation tau. Although SMAP provides less independent informa
tion than the SMOS mission does, it was found that SMAP soil moisture 
retrievals, especially SCA-V retrievals, performed better than or 
comparably to SMOS retrievals (Al-Yaari et al., 2017; Chen et al., 2018; 
Al-Yaari et al., 2019), which indicates that more independent informa
tion may not improve the retrieval of soil moisture. Still, many issues 
with the radiative transfer equation (RTE) and retrieval algorithms 
remain to be resolved. 

Selected papers regarding soil moisture retrieval algorithms are 
summarized in Table 1 and can be divided into three categories:  

i. Algorithms based on the reverse-order RTE. These algorithms 
normally utilize the optimum radiometric channels and require 
ancillary information on vegetation, such as NDVI and leaf area 
index (LAI), to account for the vegetation contribution. The al
gorithm performance relies on a set of well-calibrated model 
parameters related to vegetation and roughness (Jackson, 1993; 
Zhao et al., 2014; Kang et al., 2020).  

ii. Iterative algorithms based on forward simulations of RTE. Such 
algorithms fully utilize multiple information from different fre
quencies and angles through a cost function between forward 
simulations and observations. A priori information is often 
applied as constraints to avoid issues with multiple minima 
(Njoku et al., 2003; Kerr et al., 2012; Konings et al., 2017; Fer
nandez-Moran et al., 2017a; Chaubell et al., 2020; Gao et al., 
2020).  

iii. Algorithms based on microwave indices. These algorithms utilize 
unique information in a sophisticated way by combining data 
from different channels in appropriate indices, which maximize/ 
minimize their relationship with certain geophysical variables 
(temperature, vegetation, roughness, soil moisture). Un
certainties in these algorithms mainly depend on the various as
sumptions introduced in the simplification of the radiative 
transfer processes (Owe et al., 2001; De Jeu and Owe, 2003; 
Koike et al., 2004; Paloscia et al., 2006; Njoku and Chan, 2006; 
Jones et al., 2009; Zhao et al., 2011; Shi et al., 2019). 

Notably, various specific assumptions are involved in different soil 
moisture retrieval algorithms as shown in Table 1. Some commonly 
employed assumptions include ignoring atmospheric effects, setting the 
vegetation temperature equal to the soil temperature, applying 
polarization-independent vegetation parameters and time-stable or 
calibrated constant parameters such as the effective single scattering 
albedo and surface roughness parameters; the applicability of these as
sumptions must be investigated in the future to improve soil moisture 
retrievals. The foreseeable method for this investigation is to improve 
our understanding of the microwave radiative transfer process, espe
cially inside vegetation, while continuing to increase the amount of in
dependent information in terms of incidence angle, frequency, and 
polarization and reducing the number of assumptions to create better 
algorithms for more robust retrieval of more parameters. 

With the success of SMOS and SMAP but aging mission, it is under
stood that continuous observations of soil moisture and vegetation 
properties from space are vital for a broad scientific community. SMOS- 
HR (high-resolution) aims to provide 10-km resolution observations at 
L-band with a multi-angular capability through 2-dimensional aperture 
synthesis (Rodriguez-Fernandez et al., 2019). The Copernicus Imaging 
Microwave Radiometer (CIMR) would carry an L-band radiometer that 
conically scans to obtain observations at a fixed incidence angle (55◦) 
but with multi-frequency capabilities at L-band (< 60 km), C- and X- 
band (< 15 km), Ku-band (< 5.5 km) and Ka-band (< 5 km) (Kilic et al., 
2018). China has been seeking new opportunities for soil moisture 
missions, including the Water Cycle Observation Mission (WCOM, 1- 
dimensional synthetic aperture radiometer at L-/S-/C-bands, Shi et al., 
2014) and the Terrestrial Water Resources Satellite (TWRS, 1-dimen
sional synthetic aperture radiometer and radar at L-band, Zhao et al., 
2020a). The spatial resolution of the WCOM is targeted in the range of 
15 (C-band) to 50 km (L-band), while the TWRS would achieve a spatial 
resolution of approximately 18 km at L-band with a 12 × 10-m reflector 
antenna. The issue with a 1-dimensional radiometer is that the incidence 
angle varies across the satellite swath (Zhao et al., 2020b), but these two 
configurations could provide multi-frequency or active-passive obser
vations, respectively. Despite the difficulties associated with hardware 
technology and the differences in their spatial resolutions, the objectives 
of this study are (i) which payload configuration may have the best 
performance in retrieving soil moisture and vegetation tau if we can only 
choose either a multi-frequency or multi-angle capability, and (ii) to 
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Table 1 
Summary of selected soil moisture retrieval algorithms and their descriptions.  

References Algorithm/Model Solution of 
RTE 

Key approaches Main assumptions 

Jackson, 1993 Single-channel algorithm: SCA 
(SMAP baseline algorithm) 

Reverse-order 
solution 

To use ancillary data (land cover map, NDVI) for 
vegetation effects correction. 

Thermal equilibrium; 
Constant vegetation (omega, b- 
parameter) and roughness parameters 
depending on land cover types. 

Njoku and Li, 
1999 
Njoku et al., 
2003 

Multi-frequency algorithm Iterative 
solution 

To use multi-frequency (6.9, 10.6, and 18 GHz, V- and H- 
pol) information to iteratively derive soil moisture, 
vegetation water content and surface temperature values. 

Thermal equilibrium; 
Vegetation parameters (omega, tau) are 
polarization-independent. 

O’Neill et al., 
2018 
Chaubell et al., 
2020 

Dual-channel algorithm: DCA 
(SMAP option algorithm) 

Iterative 
solution 

To use dual-channel (V- and H-pol) information to 
iteratively derive soil moisture and vegetation tau values. 

Thermal equilibrium; 
Vegetation parameters (omega, tau) are 
polarization-independent; 
Pixel-wise roughness parameter (non- 
time-varying). 

Konings et al., 
2016 
Konings et al., 
2017 

Multi-temporal dual-channel 
algorithm: MT-DCA 

Iterative 
solution 

To use multi-temporal information (two adjacent 
overpasses) to enable the additional retrieval of effective 
omega values. 

Thermal equilibrium; 
Vegetation parameters (omega, tau) are 
polarization-independent; 
Constant roughness parameter and non- 
time-varying omega. 

Ebtehaj and Bras, 
2019 
Gao et al., 2020 

Constrained multi-channel 
algorithm: CMCA 

Iterative 
solution 

To use priori information regarding soil type and 
vegetation to constrain least-square retrievals of soil 
moisture. 

Thermal equilibrium; 
Vegetation parameters (omega, tau) are 
polarization-independent; 
Constant vegetation (omega, b- 
parameter) and roughness parameters 
depending on land cover types. 

Owe et al., 2001 
De Jeu and 
Owe, 2003 

Land parameter retrieval 
model: LPRM 

Traversal 
solution 

To use an analytical form of vegetation tau expressed as a 
function of soil emissivity (moisture) and the MPDI. 

Thermal equilibrium; 
Vegetation parameters (omega, tau) are 
polarization-independent. 

Paloscia et al., 
2001 
Paloscia et al., 
2006 

Dual-frequency algorithm Iterative 
solution 

To use the PI at X-band for the estimation of initial 
vegetation tau values. 

Thermal equilibrium; 
Vegetation parameters (omega, tau) are 
polarization-independent; 
Roughness effects are disregarded. 

Koike et al., 2004 
Fujii et al., 2009 

Index of soil wetness algorithm 
(AMSR2 standard algorithm) 

Look-up table To use the ISW and PI (temperature independent) to 
simultaneously retrieve soil moisture and vegetation 
water content values, considering the fractional 
vegetation coverage. 

Thermal equilibrium; 
Constant temperature, vegetation 
(omega, b-parameter) and roughness 
parameters at a global scale. 

Njoku and Chan, 
2006 

Normalized polarization 
difference algorithm: NPD 
(AMSR-E standard algorithm) 

Regression To use the MPDI and the vegetation-roughness parameter 
to estimate soil moisture. 

Thermal equilibrium; 
Vegetation parameters (omega = 0, tau) 
are polarization-independent. 

Jones et al., 2009 
Jones et al., 
2011 

Land surface retrieval 
algorithm 

Iterative 
solution 

To use the land-water emissivity slope index to derive 
vegetation tau values, considering the water fraction 
correction. 

Thermal equilibrium; 
Vegetation parameters (omega, tau) are 
polarization-independent; 
Ignoring the soil surface reflection and its 
roughness effects (or incorporated with 
vegetation effects). 

Wigneron et al., 
1995a 
Fernandez- 
Moran et al., 
2017a 

2-Parameter algorithm (SMOS- 
IC algorithm) 

Iterative 
solution 

To use multi-angular information (V- and H-pol) to 
simultaneously retrieve soil moisture and vegetation tau, 
which is initially estimated from previous runs. 

Constant vegetation (omega) and 
roughness parameters depending on land 
cover types; 
Vegetation (tau) is isotropic for V- and H- 
pol. 

Kerr et al., 2012 
Al Bitar et al., 
2017 

Multi-angular algorithm (SMOS 
standard algorithm) 

Iterative 
solution 

To use multi-angular information (V- and H-pol) to 
simultaneously retrieve soil moisture and vegetation tau, 
considering the angular antenna pattern and pixel 
heterogeneity. 

Different vegetation (omega) and 
roughness parameters for either low 
vegetation and forest regions; 
Vegetation (tau) is isotropic for V- and H- 
pol. 

Zhao et al., 2011 
Shi et al., 2019 

Multi-channel collaborative 
algorithm 

Analytical 
solution 

To use the MVIs to analytically derive vegetation 
transmissivity. 

Thermal equilibrium; 
Vegetation parameters (omega = 0, tau) 
are polarization-independent. 

This study Multi-channel collaborative 
algorithm 

Traversal/ 
Iterative 
solution 

To use an analytical form of brightness temperatures at 
any two channels (polarization, incidence angle and 
frequency) as conditional restrictions. 

The functional relationship between 
vegetation tau at different channels 
(polarization, incidence angle and 
frequency) 

V-pol: vertical polarization; H-pol: horizontal polarization; RTE: radiative transfer eq.; NDVI: normalized difference vegetation index; MPDI: microwave polarization 
difference index; PI: polarization difference; ISW: index of soil wetness; MVIs: microwave vegetation indices; Omega: single scattering albedo; Tau: optical depth; b- 
parameter: vegetation optical depth coefficient 
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design a general retrieval algorithm that could fully utilize multi- 
channel information based on our current understanding of radiative 
transfer processes. 

In this study, we aimed to explore the independent information 
contained within multi-angular and multi-frequency microwave obser
vations and their sensitivities to soil moisture with new experimental 
data obtained during the Soil Moisture Experiment in the Luan River 
(SMELR), as described in Section II. The methodologies are presented in 
Section III, and a new retrieval algorithm was developed with which to 
examine the performances in retrieving soil moisture and vegetation tau 
through multi-frequency and multi-angular observation strategy con
figurations. The results and discussion in Section IV are expected to 
provide a reference for the development of future satellite missions for 
global soil moisture mapping. 

2. Experimental data 

The experimental data are ground-based measurements obtained 
from the Soil Moisture Experiment in the Luan River (SMELR, Zhao 
et al., 2020a), including observations of croplands in 2017 and grass
lands in 2018. The crop field is located in Duolun County, Inner 
Mongolia (116.47◦E, 42.18◦, at 1269 m in altitude). The experimental 
area is approximately 50 m × 50 m and is surrounded by grasslands. 
Three types of crops, corn, oat (Avena nuda) and buckwheat, were 
planted and observed throughout the whole crop growth stage with a 
vehicle-mounted dual-polarized multi-frequency radiometer (RPG-6CH- 
DP). The radiometer could be lifted to a maximum height of 6.35 m 
above the ground to meet the requirement for far-field conditions. We 
designed two modes of observation: the daytime-scan mode and the 
nighttime-scan mode. The collection of observations from 10:00 to 
20:59, the daytime-scan mode, was conducted at multiple azimuth an
gles and with a fixed incident angle of 55◦. The collection of nighttime- 
scan mode observations, taken from 21:00 to 09:59, was conducted at 
multiple incident angles (from 30◦ to 65◦ with an interval of 2.5◦) and 
with a fixed azimuth angle facing each crop type. Both modes of 
observation were triggered every half hour. Fig. 1a shows the footprint 
coverage of the nighttime-scan mode in the crop field. The crops 
sprouted at the end of June in 2017, and observations were taken 
continuously from July 19 to August 30, 2017. Unfortunately, the 
buckwheat was damaged by severe hail on August 11, 2017, and mi
crowave radiometry data were lost from August 9 to August 17, 2017 
due to memory failure. Considering the objectives of this study, only 
nighttime-scan data (with multiple incidence angles and multi- 
frequency) with better thermodynamic equilibrium in the corn field 
were used. 

The grass field is located in Zhenglan Banner, Inner Mongolia 
(115.93◦E, 42.04◦, at 1362 m in altitude). The experimental area is an 
open, natural pasture with a coverage area of approximately 4 km2. 
Observations of both microwave emissions and backscatter were con
ducted during the experiment. The measurements started on August 18, 
2018 and ended on September 25, 2018. The ground incidence angle 
also ranged from 30◦ to 65◦ with an interval of 2.5◦, and the azimuth 
angle included four directions to avoid the influence of surface hetero
geneity, as shown in Fig. 1b. In this study, only microwave radiometry 
data were used, and these data were collected every half hour. 

Details on the microwave radiation and ground parameter mea
surements are provided in Appendix A. 

3. Methodologies 

3.1. Degree of information 

In information theory, the Shannon entropy, H, measures how much 
information is contained in a random variable Xi. For a set of N variables, 
X1:N, the mutual information is the amount of information shared among 
the variables. For the multivariate case, the total correlation, T(X1:N) 

(Watanabe, 1960), as one of many generalizations of mutual informa
tion, consists of all information that is shared among the variables and 
weights each piece according to how many variables it is shared among. 
The total correlation is expressed as the sum of the information con
tained in the individual variables (entropy of each variable, H(Xi)) minus 
the information contained in the whole set (joint entropy, H(X1:N)). The 
relevant equations are as follows: 

H(Xi) = −
∑

Xi

p(Xi)∙log2p(Xi) (1)  

H(X1:N) = −
∑

Xi

⋯
∑

XN

p(X1:N)∙log2p(X1:N) (2)  

where p(Xi) is the probability mass function of Xi and p(X1:N) is the joint 
probability mass function of X1:N. 

T(X1:N) =
∑N

i=1
H(Xi) − H(X1:N) (3) 

Thus, the degree of nonshared information is proposed as the degree 
of information (DoI) by Konings et al., 2015. 

DoI = N −
T(X1:N)

H(X1:N)
(4) 

For remote sensing, the DoI can be used to quantify the number of 
parameters that can be maximally estimated from a set of measure
ments. To be noted, a higher DoI means that more information can be 
utilized to estimate ground parameters, but it does not indicate that 
more parameters can be estimated definitely, as the actual number of 
estimated parameters should also depend on the signal-to-noise ratio 
and the performance of the retrieval algorithms, which determine how 
the signal of interest is extracted. However, the DoI is a good indicator to 
help design satellite configuration and retrieval algorithms for the use of 
multivariate information. In this study, we analyze how the DoI varies 
with multi-angular or multi-frequency measurements of brightness 
temperature, Tb1:N, which is referred to as X1:N. 

3.2. Variance decomposition 

The information contained in multi-angular and multi-frequency 
microwave observations consists of multiple contributors, including 
the land parameters of most interested: soil moisture and vegetation tau. 
To design an efficient retrieval algorithm, it is important to understand 
how and how much each land parameter explains the obtained micro
wave observations. In this study, we exploit variance decomposition 
(Gelman, 2005) across microwave observations into different variances 
of land parameters to help understand and utilize multi-angular and 
multi-frequency information. Here, the general linear regression model 
for variance decomposition is formulated as follows: 

Y = a∙VWC + b∙SM + c∙VWC∙SM + d + ε (5)  

where Y is the response variable (microwave observation) to be 
analyzed; VWC is the vegetation water content; SM is the soil moisture; 
a ∙ VWC, b ∙ SM, and c ∙ VWC ∙ SM are the vegetation contribution term, 
the soil contribution term and the soil-vegetation interaction term, 
respectively; d is a constant; and ε is the residual. For the regression 
analysis, the determination coefficient R2 is usually defined as the 
fraction of variance explained, as follows: 

R2 =
SSexplained

SStotal
= 1 −

SSε

SStotal
= 1 − η2

ε (6)  

where SStotal is the total sum of squares (proportional to the variance of 
the data) of the response variable; SSexplained is the explained sum of 
squares; SSε is the residual sum of squares, which is also called the un
explained sum of squares; and ηε

2 is the proportion of variance that is 
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unexplained. 
Similarly, the proportion of variance explained by each contribution 

term can be represented as follows: 

η2
VWC =

SSVWC

SStotal
(7)  

η2
SM =

SSSM

SStotal
(8)  

η2
VWC∙SM =

SSVWC∙SM

SStotal
(9) 

Notably, ηVWC
2 + ηSM

2 + ηVWC∙SM
2 + ηε

2 may not be equal to 1, as the soil 
moisture and vegetation water content are not completely independent. 

For passive microwave remote sensing, the normalized polarization 
difference index (NPDI), normalized frequency difference index (NFDI), 
and normalized angular difference index (NADI) are used as the 
response variables, Y, to analyze their variance decomposition and un
derstand how information from the polarization (P), incidence angle (θ), 
and frequency (f) responds to changes in the soil moisture and vegeta
tion water content. One strength of these indices is that they minimize 
the impact of uncertainties in surface physical temperatures. 

3.2.1. NPDI 
The NPDI is proposed to quantify the polarization difference at a 

given single angle and frequency. The NPDI is also referred to as the 
microwave polarization difference index (MPDI, Becker and Choudhury, 
1988) or the polarization index (PI, Paloscia and Pampaloni, 1992). 

NPDI =
TbV − TbH

TbV + TbH
(10) 

The NPDI, as derivation in Meesters et al., 2005, is affected not only 
by vegetation properties (vegetation tau and single scattering albedo) 
but also by soil reflectivity (soil moisture and surface roughness). The 
NPDI has been widely used in the retrieval of soil moisture and vege
tation tau (Owe et al., 2001; De Jeu and Owe, 2003; Owe et al., 2008; De 
Jeu et al., 2008; Parinussa et al., 2012). 

3.2.2. NFDI 
The NFDI is defined to quantify the brightness temperature differ

ence between two frequencies at a specific polarization. 

NFDI =
TbP,f1 − TbP,f2

TbP,f1 + TbP,f2
(11) 

The NFDI has been referred to as an index of soil moisture (ISW) and 
was described for AMSR-E soil moisture retrievals (Koike et al., 2004; 
Fujii et al., 2009). It has also been referred to as the emissivity difference 
vegetation index for applications in dense forest conditions (Min and 
Lin, 2006). 

3.2.3. NADI 
Similarly, we further define the NADI to quantify the brightness 

temperature difference between two incidence angles at a specific po
larization. 

NADI =
TbP,θ1 − TbP,θ2

TbP,θ1 + TbP,θ2

(12)  

3.3. Retrieval approach 

3.3.1. Algorithm description 
In previous studies, based on the two-component version of the 

omega-tau model (Appendix B), Shi et al., 2008 developed microwave 
vegetation indices (MVIs) to minimize the soil contribution by assuming 
that the rough soil emissivity at two adjacent AMSR-E frequencies are 
linearly correlated. Zhao et al., 2011 analytically derived the vegetation 
transmissivity (vegetation water content) from the MVIs when the single 
scattering albedo was assumed to be zero and the vegetation effects were 
polarization-independent. Furthermore, we have extended this analyt
ical derivation to the multi-angular configuration of SMOS (Shi et al., 
2019). Although an analytical solution of vegetation transmissivity (or 
the vegetation transmission term) could be derived in our original 
studies, the assumptions are too limited to make these derivations 
applicable at a global scale, as the vegetation signals should be polari
zation-, incidence angle- and frequency-dependent. 

In contrast to previous studies (Zhao et al., 2011; Li et al., 2015; Cui 
et al., 2015), we derived a new relationship of the total observed 
brightness temperature at any two channels without any assumptions. 
Based on the two-component omega-tau model (see Appendix B), we 
performed the following calculation: 

Tbtotal
ch = Ve

ch +Vt
ch∙es

ch (13) 

Fig. 1. Experimental setup of the ground-based measurements obtained by microwave radiometry. Colored ellipses show the ground footprints varying with the 
azimuth angle and incidence angle from 30◦ to 65◦. Green patches show the experimental fields, and the grey patch represents the vehicle carrying the RPG-6CH-DP 
radiometer. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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where ch denotes different channels, hereafter used to indicate the po
larization (P), incidence angle (θ) and frequency (f); Tbch

total is the total 
brightness temperature observed at channel ch; ech

s is the emissivity of 
the rough soil surface as a function of the soil dielectric constant εch

s and 
the surface roughness Rou; Vch

e is the vegetation emission term; and Vch
t is 

the vegetation transmission term. These vegetation contribution terms 
are mainly related to the vegetation coverage Fv, effective single scat
tering albedo ωch and effective vegetation optical depth (tau) τch, as 
described in detail in Appendix B. 

Then, the rough soil emissivity is derived: 

es
ch(1) =

Tbtotal
ch(1) − Ve

ch(1)

Vt
ch(1)

(14)  

es
ch(2) =

Tbtotal
ch(2) − Ve

ch(2)

Vt
ch(2)

(15) 

Dividing Eq. (14) by Eq. (15), we obtain: 

Fcond : Tbtotal
ch(2) = Ve

ch(2) − SrVr∙Ve
ch(1) + SrVr∙Tbtotal

ch(1) (16)  

and 

Sr =
es

ch(2)

es
ch(1)

(17)  

Vr =
Vt

ch(2)

Vt
ch(1)

(18)  

where ch denotes different channels in terms of the polarization, inci
dence angle, and frequency; Sr is the ratio of soil emissivity as a function 
of soil moisture (SM) and surface roughness (Rou); and Vr is the ratio of 
the vegetation transmission term. Eq. (16) indicates that, for a given 
brightness temperature and corresponding soil and vegetation parame
ters, the brightness temperature at another channel can be predicted. 
Therefore, Eq. (16) can serve as a key conditional restriction when 
multi-channel information is available. 

As soil moisture and surface roughness can be measured in the field, 
they are treated to be independent from the microwave observations. 
The effective single scattering albedo and vegetation tau can be esti
mated from passive microwave observations or simulations. Therefore, 
for a given brightness temperature observation at one channel, the un
known parameters are {SM,Rou,ωch(1),τch(1)}. In the framework of a 
zero-order approximation, the vegetation signals represented by the 
effective single scattering albedo and vegetation tau are polarization-, 
incidence angle- and frequency-dependent. When more information 
(brightness temperature) from other channels is available, the unknown 
parameters increase to include {SM,Rou,ωch(1), τch(1),ωch(2),τch(2),…,ωch 

(N),τch(N)}. Without any assumptions, there are always more unknowns 
(2 ∙ N + 2) than observations (N), which makes the retrieval an ill-posed 
problem. To perform the retrieval, the number of unknowns must be 
reduced. Therefore, the vegetation tau at any two channels (ch: polari
zation, incidence angle and frequency) is expressed as the following 
function (Ulaby et al., 1983; Jackson and Schmugge, 1991; Wigneron 
et al., 2007; Zhao et al., 2011): 

Fasm :
τch(1)

τch(2)
=

(
f1

f2

)Cf

∙sin2θ1∙CP1 + cos2θ1

sin2θ2∙CP2 + cos2θ2
(19)  

where Cf > 0, CP > 0 are parameters characterizing the dependence of τch 
on frequency and polarization, respectively, and should be dependent on 
the vegetation type (Baur et al., 2019). It has been reported that Cf = 0.5 
in Pampaloni and Paloscia, 1986, and that Cf = 1.08 for wheat and Cf =

1.38 for soybeans (Jackson and Schmugge, 1991). The “isotropic” case, 
CP = 1, corresponds to the assumption used in this study that the 
vegetation tau is independent of both the polarization and incidence 

angle (τV = τH = τ0 at nadir), which is a commonly used assumption in 
previous studies (Wigneron et al., 2004; Kerr et al., 2012; Fernandez- 
Moran et al., 2017a). 

With site-specific roughness parameter (Rou) and single scattering 
albedo (ωch(1:N)) values, the unknown parameters are {SM,τch(1)}. The 
retrieval approach can be carried out in traversal form as follows:  

i. Generation of candidate parameters: Assuming a set of soil 
moisture values (e.g., from 0.001 cm3/cm3 to the porosity of the 
soil), a set of vegetation tau values τch(1) could be calculated from 
Tbch(1)

total at the core channel with an assumed soil moisture value 
and given {Rou,ωch(1)} parameters through a reverted omega-tau 
model (Fω− τ

− 1 , Appendix C). With the assumption on vegetation tau 
at different channels, τch(2:N) values are obtained for other chan
nels with Fasm of Eq. (19).  

ii. Conditional restrictions calculation: With the input parameters 
{SM,Rou,ωch(2:N), τch(2:N)}, the brightness temperatures Tbch(2:N)

estimated 

at other collaborative channels can be calculated with Fcond of Eq. 
(16).  

iii. Retrieval by minimizing the cost function: Pearson’s chi-squared 
error is used to describe the difference between the observed and 
estimated brightness temperatures, and the soil moisture and 
corresponding vegetation tau {SM,τch(1)} values are retrieved 
when the cost function approaches the minimum, calculated as 
follows: 

minΦ :
∑N

i=2
Wi∙

(
Tbestimated

ch(i) − Tbtotal
ch(i)

)2

Tbtotal
ch(i)

(20)  

where Tbch(i)
total is the observed brightness temperature at the i − th channel 

ch (polarization, incidence angle and frequency) and Tbch(i)
estimated is the 

estimated brightness temperature at the i − th channel ch. Weights, Wi, 
could be applied to obtain the weighted sums of the contributions from 
different collaborative channels. 

The above algorithm could also be implemented in iterative form, 
which may enable the retrieval of more unknowns {SM,Rou,ωch(1), τch 

(1)} with enough observations from different channels. In this algorithm, 
the brightness temperature at the core channel is used to generate a 
sequence of candidate parameters, and the brightness temperatures at 
other collaborative channels are used to find the approximated solutions 
by minimizing a cost function. Therefore, it is hereafter referred to as a 
multi-channel collaborative algorithm (MCCA), and the flowchart of this 
MCCA is given in Fig. 2. 

3.3.2. Algorithm implementation 
For the implementation of the MCCA in this study, the effective 

single scattering albedo is specified to be 0, 0.06 and 0.08 for the L-, C- 
and X-bands, respectively, in the corn field, and it is assumed to be 0 for 
all bands in the grass field. These specified values are reasonable 
compared to those used in previous studies, in which it was found that 
the (effective) single scattering albedo of corn ranges from 0 to 0.17 at L- 
band, from 0.05 to 0.08 at C-band, and is approximately 0.08 at X-band; 
it was also found to range from 0 to 0.05 at L-band for grass (Mo et al., 
1982; Ulaby et al., 1983; Pampaloni and Paloscia, 1986; Van De Griend 
and Wigneron, 2004; Wigneron et al., 2004; Zhao et al., 2020b). The 
polarization dependence parameter is considered to be CP = 1, indi
cating that the vegetation tau is polarization- and incidence angle- 
independent, and the frequency dependence parameter is considered 
to be Cf = 0.6 for the corn field and Cf = 1 for the grass field. The effects 
of the uncertainty of these vegetation type-dependent parameters on the 
retrievals are not considered in this study. 

The soil and vegetation temperatures are assumed to be equal to the 
effective soil temperature Ts

eff. The estimation of the effective soil tem
perature refers to a parametric formulation, as follows (Choudhury 
et al., 1982; Wigneron et al., 2001): 
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Teff
s = Tdepth

s +
(
Tsurf

s − Tdepth
s

)
∙
(

SM
w0

)bw0

(21)  

where Ts
surf is the soil temperature at the surface (0–5 cm) and Ts

depth is 
the soil temperature at depth (50–100 cm). As the soil is very sandy in 
our experimental area, the parameters are set to w0 = 0.7315 and bw0 =

0.18941 in this study; these values are derived from previous studies 
(Wigneron et al., 2008). In this study, soil temperatures measured at 
depths of 2.5 cm in the corn field (3 cm in the grass field) and 50 cm were 
used to calculate the effective soil temperature. 

For the soil surface roughness effects, there have been various 
models that include theoretical and semi− /empirical models. Among 
these models, the most commonly used semi-empirical model is the 
QHN model (Wang and Choudhury, 1981), expressed as follows: 

rs
p =

[
(1 − Q)∙r0

p +Q∙r0
q

]
∙exp

(
− h∙cosNθ

)
(22)  

where rp
s and rp

0 are the reflectivity of the rough soil surface and smooth 
surface, respectively; Q is the polarization decoupling factor; h is the 
roughness parameter; and N is a parameter used to account for the 
angular dependence. It is normally considered that Q = 0 at L-band 
(Wigneron et al., 2001; Lawrence et al., 2013; Zhao et al., 2015a). As the 

frequencies increase (from C- to Ka-band), the only Q parameter can be 
used to describe the roughness effects at larger incidence angles (Shi 
et al., 2005). As in this study, we are dealing with multi-angular and 
multi-frequency configurations, the Q/H/N parameters were optimized 
with ground-based measurements at the beginning of the crop experi
ment (bare soil) by minimizing the difference between the modelled and 
measured brightness temperatures. Calibrated constant values (Q =
0.0327, h = 0.0967 at L-band, Q = 0.2783, h = 0.1042 at C-band, Q =
0.3143, h = 0.2018 at X-band; and N = 2) are used since no special 
treatment of surface roughness was made during the whole experiment. 

The Mironov model (Mironov et al., 2004) is utilized for the calcu
lation of soil dielectric constants under different soil moisture content. 

4. Results and discussion 

4.1. Information contained in multi-angular and multi-frequency 
observations 

Remotely sensing ground parameters is often an ill-posed problem, 
as the same observation may be explained by different sets of environ
mental factors. To improve the robustness of retrievals, it is necessary to 
increase the information contained in the observations. In this study, we 

Fig. 2. Flowchart illustrating the theoretical basis of the multi-channel collaborative algorithm (MCCA).  
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analyze the DoI contained within multi-angular and multi-frequency 
observations. It is argued that a higher DoI may indicate more possi
bilities to perform a robust retrieval (Konings et al., 2015), which truly 
depends on whether the parameters to be retrieved change with the 
observations or not. 

Fig. 3a, b and c present the DoI variations with dual-angle combi
nations for the L-, C- and X-bands, repetitively. Generally, the DoI in
creases as the incidence angle increases due to the increasing 
polarization difference. A larger DoI is presented between two more 
distant angles, especially at X-band. It is expected that the vegetation 
properties in terms of the path/depth penetrated by two more distant 
angles are more different that those penetrated by two angles that are 
closer to each other. Conversely, observations from two closer angles 
contain less independent information (smaller DoI), which means that 
the two observations are more highly correlated. It is noted that with the 
dual-angle combination, the L-band contains more information (larger 
DoI) than do the C- or X-bands. This may indicate that for multi-angular 
configuration (e.g., SMOS), the L-band has a larger sensitivity to the 
overall vegetation plant and soil moisture, and it is an optimal band for 
soil moisture retrievals compared to the C- and X-bands. 

Fig. 4 presents the DoI variations that occur with different frequency 
combinations for different incidence angles. The DoI reaches its 
maximum around Brewster’s angle (from 55◦ to 62.5◦), at which the 
polarization difference is greatest. This indicates that it might be optimal 
to operate around the Brewster angle for satellite missions (e.g., SMAP 
or CIMR) with fixed viewing angles; however, trade-offs must be made, 
as it can be easier to achieve saturation for dense vegetation. Except for 
at Brewster’s angle, the V- and H-pol measurements have reduced dis
tinctions and hence contain lower amounts of independent information 
(smaller DoI) when the incidence angle is decreased. For the configu
ration with a single frequency and a single incidence angle, there is no 
significant advantage with the L-band in terms of DoI, while the fre
quency combination with the L-band (L- and C-band, L- and X-band) 
shows a larger DoI than that of the C- and X-band combination. 

When the number of variables (observations at different incidence 
angles or frequencies) increases, the DoI should increase accordingly. In 
Fig. 5, the DoI values that occur under various combinations and their 
relationships with the numbers of variables are presented. A numerical 
table complementing Fig. 5 of all DoI obtained for given numbers of 
channels is summarized in Table 2. For example, as seen in Fig. 5a, there 
are a total of C15

5 possible combinations of 5 incidence angles from a set 
of 15 incidence angles (from 30◦ to 65◦ with an interval of 2.5◦). The DoI 
was calculated for all these possible combinations and plotted as colored 
dots. It can be found that there is a clear linear relationship between the 
DoI and the number of variables, while no saturation is found based on 
our experimental data. The DoI can be expressed as follows: 

DoI = α∙N + β (23)  

where N is the total number of variables and α, β are coefficients of the 
linear function. The linearity might imply that there should be many 
more environmental variables/parameters than only the soil moisture 
and vegetation water content, such as the leaf radius, leaf thickness, 
stalk length, stalk density, etc. as well as distributions of those dielectric 
elements, affecting the total brightness temperature emitted from the 
ground. In addition, the ground objects (dielectric elements) and their 
features “seen” by the radiometer under different channels are actually 
different from each other, as affected by differences in the penetration 
ability, field of view and viewing angle. The differentiation of ground 
objects and the complexity of the objects themselves lead to a linear 
increase in the DoI. It is worth mentioning that it is important to use both 
H- and V-pol, which together have a clearly larger DoI than do single 
polarizations. Additionally, the DoI can be largely increased when more 
angles are considered. Further, it is found that the slope of the linear 
relationship for increasing numbers of frequencies (0.7306 for single 
polarization and 1.4111 for dual polarization) is slightly higher than 
that for increasing numbers of incidence angles (0.666 for single po
larization and 1.3322 for dual polarization). This means that for the 
same number of variables/observations from a given satellite, more 
independent information might be provided with the multi-frequency 
configuration (e.g., CIMR) rather than with the multi-angular configu
ration (e.g., SMOS). However, the SMOS mission can easily obtain ob
servations at dozens of incidence angles and should provide more 
independent information than the CIMR mission, which only has a 
limited number of frequencies, as the DoI increases linearly with an 
increasing number of channels. In terms of soil moisture retrievals, there 
is no guarantee that more robust results can be retrieved for higher DoI 
values, as the robustness of retrieval depends on the characteristics of 
the unknowns, the RTE and the retrieval algorithm used, which is dis
cussed in Sections 4.3–4.5. 

4.2. Decomposition into soil moisture and vegetation water content 

As mentioned above, information contained within microwave ob
servations includes various environmental factors, and only the infor
mation that varies with (is explained by) soil moisture or vegetation 
properties can be utilized for accurate retrievals. Thus, researchers have 
developed many methodologies and indices (e.g., NPDI, MVIs, etc.) with 
which to maximize the information of targeted parameters and mini
mize the effects from other environmental factors. In this study, we 
explore the differences in brightness temperatures between polarization, 
incidence angle and frequency through variance decomposition into soil 
moisture and vegetation water content. 

Fig. 6 shows the proportion of the NPDI variance explained by the 
vegetation water content, soil moisture, soil-vegetation interaction and 
residuals at L-, C- and X-bands, respectively. For the L-band NPDI, the 

Fig. 3. Degree of information of dual-angle combinations with dual-polarization observations at L- (a), C- (b) and X-bands (c) in the corn field. The colour bars 
represent the values of the degree of information. 
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Fig. 4. Degree of information of multi-frequency combinations with dual-polarization observations at different incidence angles in the corn field. The colour bar 
represents the value of the degree of information, and the colour is scaled row-wise to values from 0 to 1. 

Fig. 5. Degree of information in the corn field as a function of the number of variables, which are observations of brightness temperatures at different incidence 
angles (a) or frequencies (b). Colored dots present the degree of information under different combinations (incidence angles or frequencies). The red line is the fitted 
linear relationship between the degree of information and the number of variables for the dual-polarization observations, and the black line is that for single- 
polarization observations. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 2 
DoI in the corn field with increasing numbers of channels in terms of polarization, incidence angle and frequency (SD is the standard deviation of DoI for all possible 
combinations).  

Number of Channels Single polarization Dual polarization 

Incidence angle Frequency Incidence angle Frequency 

Mean SD Mean SD Mean SD Mean SD 

1 1.000 0.000 1.000 0.000 1.752 0.008 1.752 0.098 
2 1.590 0.057 1.711 0.015 3.066 0.031 3.187 0.071 
3 2.234 0.092 2.461 0.011 4.401 0.047 4.574 0.054 
4 2.894 0.115   5.738 0.067   
5 3.560 0.132   7.075 0.092   
6 4.229 0.145   8.411 0.120   
7 4.899 0.156   9.746 0.148   
8 5.569 0.165   11.081 0.177   
9 6.240 0.174   12.414 0.206   
10 6.911 0.182   13.746 0.235   
11 7.581 0.190   15.076 0.263   
12 8.252 0.199   16.405 0.291   
13 8.922 0.207   17.732 0.319   
14 9.592 0.216   19.057 0.347   
15 10.262 0.226   20.381 0.376    
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proportion of variance explained by the vegetation water content is 
slightly higher than that explained by the soil moisture. With an 
increasing incidence angle, the proportion of the variance explained by 
vegetation increases, and the soil-moisture explained variance generally 
decreases. It is expected that the vegetation tau becomes larger at larger 
incidence angles. The contribution of the soil-vegetation term is gener
ally small, and more variance in the NPDI could be explained by the 
linear regression model at larger incidence angles. For the C- and X-band 
NPDI, similar patterns of variance distribution are presented, as the 
vegetation water content explains most of the variance in both bands. 
The soil moisture only explains a small proportion of the variance, with a 
value below 0.1, which is attributed to the reduced penetration abilities 
of vegetation at C- and X-bands. Generally, the polarization difference is 
mainly explained by the vegetation water content in the corn field and 
should perform better at L-band (e.g., SMAP mission) for a soil moisture 
algorithm that utilizes polarization information. 

Fig. 7 shows the proportions of the NFDI variance explained by the 
vegetation water content, soil moisture, soil-vegetation interaction and 
residuals at different combinations of frequencies. The L- & C-bands and 
C- & X-bands, which represent combinations of two adjacent fre
quencies, present similar variance distribution patterns in which the soil 
moisture generally explains a larger part of the total variance in the 
NFDI than the vegetation water content does, with the exception of the 
incidence angle at 65◦. This pattern is more significant between the 
incidence angles 40◦ and 55◦. This means that the brightness tempera
ture difference between two adjacent frequencies is mainly caused by 
the soil moisture. However, the vegetation water content explains a 
larger part of the NFDI variance than the soil moisture does for the L- & 
X-band combination. It is reasonable that the vegetation tau is differ
entiated between the L- and X-bands. These results may indicate that the 
observed brightness temperature differences between adjacent fre
quencies (e.g., CIMR mission) could be used for soil moisture retrievals, 
and this difference is used as a soil moisture index in the algorithm 
developed by JAXA for the AMSR-E and AMSR2 sensors. 

Fig. 8 shows the proportions of the NADI variance explained by the 
vegetation water content, soil moisture, soil-vegetation interaction and 
residuals at different incidence-angle combinations. It is very interesting 
to observe that the soil moisture information is minimized with low 

proportions of variance (from 0 to 0.186) explained by soil moisture for 
all L-, C- and X-bands. This is true because, assuming there is a linear 
decreasing relationship between the H-pol brightness temperature and 
incidence angle, changes in vegetation mainly affect the slope (Tale
biesfandarani et al., 2019), which changes the NADI, while soil moisture 
changes mainly affect the intercept of the linear relationship. The pro
portion of variance explained by the vegetation water content increases 
for the L-band but decreases for the C- and X-bands as the incidence 
angle increases. Unfortunately, the unexplained variance also has a large 
proportion, especially for the C-band H-pol observations, as observed in 
the corn field. These results may indicate that brightness temperature 
differences between incidence angles (e.g., SMOS mission) could be 
utilized for retrieving vegetation properties. 

The analysis above has shown that the information provided by 
brightness temperature differences among different polarizations, fre
quencies and incidence angles has distinguished characteristics in terms 
of responding to vegetation and soil moisture changes. Currently, the 
NPDI has been widely used in retrievals of soil moisture and vegetation 
tau, while few studies have reported using the NFDI and NADI, both of 
which need further investments for their adoption in algorithms. 

4.3. Retrievals in the corn field 

The soil moisture and vegetation tau values were first retrieved based 
on the multi-angular approach at L-band with single H-pol or dual-pol 
observations. Performance metrics, including the correlation coeffi
cient (R), bias, and unbiased root mean square difference (ubRMSD) 
with their respective 95% confidence intervals (Gruber et al., 2020), are 
listed in Table 3. 

For the single H-pol retrievals, which follow a pure multi-angular 
approach, the results with brightness temperatures from 40◦ and 55◦, 
50◦ and 65◦, and 40◦ to 65◦ are shown in Fig. 9, Fig. 10, and Fig. 11, 
respectively. It can be seen that soil moisture and vegetation tau can be 
retrieved simultaneously with brightness temperatures at two different 
incidence angles, even though the results might not be sufficiently 
robust, as the DoI is less than 2. However, for the case with only dual- 
channel information, it is also possible to perform a reliable retrieval, 
as the MCCA first generates a series of paired candidate parameters (soil 

Fig. 6. Proportions of the NPDI variance explained by each contributing term (ηVWC
2 , ηSM

2 , ηVWC∙SM
2 and ηε

2) at L- (a), C- (b) and X-bands (c) under different incidence 
angles, as observed in the corn field. 
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moisture and tau) by using the brightness temperature from the core 
channel and then rules out the “right” parameters to be retrieved using 
the cost function of the collaborative channel. Soil moisture retrievals 
from dual-channel observations (40◦ and 55◦, L- and C-band at 45◦, H- 
pol only) show a minimum ubRMSD of 0.028 cm3/cm3 when compared 
to in situ measurements at 2.5 cm. As the incidence angle increases, the 
retrieved soil moisture becomes wetter, with the bias moving from a 
negative value towards a positive value for both H-pol and dual-pol, 
while the ubRMSD at H-pol increases to 0.037 cm3/cm3 with observa
tions at 50◦ and 65◦. The wetter values resulting from larger incidence 

angles might partly result from the fact that the brightness temperatures 
observed by the radiometer at larger incidence angles receive signals 
radiated from the sky, which lowers the observed brightness tempera
tures and leads to wetter soil moisture results. This might also be partly 
due to the increased scattering effects that occur at larger incidence 
angles, and underestimating effective single scattering albedo (constant 
value of 0) leads to an overestimation of soil moisture. As only one 
location was selected to measure the soil moisture and temperature for 
each crop field, the spatial heterogeneity of the soil and vegetation 
properties is also possibly one of the reasons for this uncertainty. 

Fig. 7. Proportions of the NFDI variance explained by each contributing term (ηVWC
2 , ηSM

2 , ηVWC∙SM
2 and ηε

2) at L- & C-bands (a), L- & X-bands (b) and C- & X-bands (c) 
under different incidence angles, as observed in the corn field. 

Fig. 8. Proportions of the NADI variance explained by each contributing term (ηVWC
2 , ηSM

2 , ηVWC∙SM
2 and ηε

2) at L- (a), C- (b) and X-bands (c) under different incidence- 
angle combinations, as observed in the corn field. 
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From the time series comparison, the soil moisture observed/ 
retrieved by the radiometer all shows steeper slopes (wet faster and dry 
faster) during the dry-down periods compared to the in situ measure
ments at 2.5 cm. This result is more significant when the radiometer 
captures a precipitation/irrigation event. It is reasonable that the radi
ometer may “see” an even shallower layer of soil than 2.5 cm. When 
rainfall or irrigation occurs, the top layer of soil immediately gets wet, 
while the soil moisture sensor at the lower layer shows a drier value. 
Compared to dual-channel retrievals, the soil moisture retrieved with all 
incidence angles, from 40◦ to 65◦ (with an interval of 2.5◦, H-pol only), 
shows intermediate performance (dry bias of − 0.012 cm3/cm3 and 
ubRMSD of 0.03 cm3/cm3), as all collaborative information is accounted 
for by the cost function. 

The vegetation tau retrievals at the core channel (incidence angles at 
40◦, 45◦ and 50◦) are compared to in situ vegetation water content 
measurements. It can be seen that the retrieved vegetation tau values 
increase as the incidence angle of the core channel increases. It was 
previously remarked that higher soil moisture is retrieved for higher 
incidence angles, possibly due to sky contamination in the observed 
brightness temperatures. Thus, it is reasonable that a lower soil contri
bution (higher soil moisture) leads to a greater vegetation contribution 
(higher vegetation tau) to the total brightness temperature signal. In 
addition, this result may indicate that the assumption that vegetation 
signals are incidence-angle independent (CP = 1) is not valid for corn 
fields due to structural effects, which could be particularly significant for 
the small spatial scales observed by ground-based radiometers 
compared to satellites providing large-scale averages. The vegetation 
tau retrievals present reasonable variation that follows the measured/ 
fitted vegetation water content and reaches a maximum at the end of the 
experiment (approximately August 27, 2017). It is very interesting that 
the correlation between the retrieved vegetation tau values and the 
measured vegetation water content increases as the incidence angle 

increases and reaches a maximum value of 0.861 for dual-angular re
trievals from 50◦ and 65◦ (H-pol only). In addition, the retrieval of 
vegetation tau is very stable and does not follow the same variation as 
that observed in the soil moisture, indicating a successful separation of 
the soil and vegetation contributions. 

The soil moisture and vegetation tau values were then retrieved 
(Fig. 12) based on the multi-frequency approach with single H-pol or 
dual-pol observations in the corn field. The analysis was only conducted 
at an incidence angle of 45◦, which is considered to be less affected by 
radiation from the truck and sky than other incidence angles (Zhao et al., 
2020b). There are four combinations, including the L- and C-bands, L- 
and X-bands, C- and X-bands, and L-, C- and X-bands, and the combi
nation with the L- and C-bands (H-pol only) achieves the best perfor
mance (bias of − 0.024 cm3/cm3 and ubRMSD of 0.028 cm3/cm3), which 
is comparable to that of the dual-angular combination of 40◦ and 55◦. 
However, the retrieval performance of the soil moisture generally de
grades as the frequency increases, especially when the measured vege
tation water content is greater than 3 kg/m2. It can be imagined that the 
sensitivity to soil moisture degrades as the wavelength becomes shorter 
due to the weakening penetration ability and increased scattering inside 
the vegetation. Therefore, the significance of the soil moisture and 
vegetation conditions “seen” by the radiometer are not the same among 
different frequencies. Hence, in the implementation of the MCCA, the 
soil moisture and vegetation tau are retrieved only for the single core 
channel, and information from other collaborative channels is only used 
to help find the solution. These results seem to contrast with our pre
vious finding that the soil moisture explains a large part of the difference 
in the brightness temperatures between the C- band and X-band. It 
should be noted that the MCCA utilizes the brightness temperature at the 
core channel to predict those of the other channels and does not directly 
use the difference between two channels. This result also indicates that a 
consistent setting may not work with all channel combinations, as the 

Table 3 
Retrieval performances in the corn field. [X_l X_u] rows are the 95% confidence intervals of the X (being R, Bias, ubRMSD) estimates.  

Configuration Number R Bias ubRMSD R 

R_l R_u Bias_l Bias_u ubRMSD_l ubRMSD_u 

Soil moisture Tau 

L-band H-pol 
40◦ and 55◦

504 0.574 − 0.024 0.028 0.362 
0.512 0.630 − 0.027 − 0.022 0.026 0.030 

L-band Dual-pol 
40◦ and 55◦

538 0.498 − 0.016 0.034 0.365 
0.432 0.559 − 0.019 − 0.013 0.032 0.036 

L-band H-pol 
45◦ and 60◦

554 0.557 − 0.008 0.032 0.514 
0.497 0.612 − 0.011 − 0.006 0.030 0.034 

L-band Dual-pol 
45◦ and 60◦

572 0.584 − 0.001 0.033 0.522 
0.527 0.635 − 0.004 0.001 0.031 0.035 

L-band H-pol 
50◦ and 65◦

572 0.717 0.029 0.037 0.861 
0.675 0.755 0.025 0.032 0.035 0.039 

L-band Dual-pol 
50◦ and 65◦

572 0.732 0.039 0.034 0.852 
0.692 0.768 0.036 0.042 0.033 0.037 

L-band H-pol 
40◦ to 65◦

545 0.657 − 0.012 0.030 0.687 
0.606 0.702 − 0.015 − 0.009 0.028 0.032 

L-band Dual-pol 
40◦ to 65◦

551 0.659 − 0.009 0.031 0.676 
0.609 0.704 − 0.012 − 0.007 0.029 0.033 

L- and C-band 
H-pol 45◦

503 0.675 − 0.024 0.028 0.446 
0.624 0.720 − 0.027 − 0.022 0.026 0.030 

L- and C-band 
Dual-pol 45◦

572 − 0.278 0.045 0.055 0.591 
− 0.352 − 0.200 0.041 0.050 0.052 0.058 

L- and X-band 
H-pol 45◦

482 0.585 − 0.004 0.046 0.569 
0.523 0.641 − 0.009 0.000 0.044 0.049 

L- and X-band 
Dual-pol 45◦

572 − 0.195 0.056 0.051 0.649 
− 0.272 − 0.115 0.051 0.060 0.048 0.054 

C- and X-band 
H-pol 45◦

417 0.338 0.032 0.089 − 0.121 
0.251 0.421 0.024 0.041 0.083 0.095 

C- and X-band 
Dual-pol 45◦

562 − 0.069 0.125 0.076 0.823 
− 0.151 0.014 0.119 0.131 0.072 0.081 

L-, C- and X-band 
H-pol 45◦

509 0.633 − 0.019 0.034 0.407 
0.578 0.682 − 0.022 − 0.016 0.032 0.036 

L-, C- and X-band 
Dual-pol 45◦

572 − 0.316 0.042 0.058 0.600 
− 0.388 − 0.240 0.038 0.047 0.055 0.062  
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assumption of Eq. (19) can becomes weak. Similarly, for the H-pol-only 
retrievals, the soil moisture estimated with all three frequencies had an 
intermediate performance (dry bias of − 0.019 cm3/cm3 and ubRMSD of 
0.034 cm3/cm3) with more retrievals. 

The results obtained for the corn field revealed that both soil mois
ture and vegetation tau could be estimated based on the multi-angular or 
multi-frequency approach of the MCCA. Soil moisture retrievals ob
tained with multi-frequency observations generally show less robustness 

and slightly lower performances compared to retrievals obtained with 
multi-angular observations, although multi-frequency observations 
contain more information, as found above. It should be noted that the 
retrievals obtained with dual-pol observations are not derived purely 
from multi-angular or multi-frequency information, as polarization in
formation is also incorporated, and this incorporation generally allows a 
larger number of retrievals and achieves worse performances compared 
to those of the single H-pol retrievals in our case. This may indicate that 

Fig. 9. Soil moisture (a, b) and vegetation tau (c, d) retrievals with L-band H-pol brightness temperatures at 40◦ and 55◦ in the corn field. Blue dots show the 
retrieved soil moisture, and green dots show the retrieved vegetation tau values. Green squares show the in situ measured vegetation water content with a fitted 
function as a solid line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 10. Soil moisture (a, b) and vegetation tau (c, d) retrievals with L-band H-pol brightness temperatures at 50◦ and 65◦ in the corn field. Blue dots show the 
retrieved soil moisture, and green dots show the retrieved vegetation tau values. Green squares show the in situ measured vegetation water content with a fitted 
function as a solid line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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the “isotropic” assumption cannot fully account for the realistic struc
tures of corn fields. The multi-angular approach of the MCCA could be 
used to yield comparable soil moisture results (half hourly observations 
with 572 records, ubRMSD: 0.028 to 0.037 cm3/cm3) with those of other 
algorithms used in a previous study (Zhao et al., 2020b), in which it was 
found that all algorithms could achieve ubRMSD values within the 
mission target (hourly observations with 286 records, SCA-V: 0.017 to 
0.033 cm3/cm3; SCA–H: 0.025 to 0.032 cm3/cm3; DCA: 0.025 to 0.031 

cm3/cm3; LPRM: 0.021 to 0.032 cm3/cm3). The vegetation tau values 
retrieved by the MCCA normally show larger fluctuations than those of 
the soil moisture retrievals because soil moisture is the most sensitive 
parameter in passive microwave remote sensing of landscapes at L-, C- 
and X-bands. During the retrieval with a given brightness temperature, a 
small proportion of changes in the soil moisture corresponds to a larger 
proportion of changes in the vegetation tau value. This is true for all 
types of retrieval algorithms, and the application of a moving-average 

Fig. 11. Soil moisture (a, b) and vegetation tau (c, d) retrievals with L-band H-pol brightness temperatures from 40◦ to 65◦ in the corn field. Blue dots show the 
retrieved soil moisture, and green dots show the retrieved vegetation tau values. Green squares show the in situ measured vegetation water content with a fitted 
function as a solid line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 12. Soil moisture (a, b) and vegetation tau (c, d) retrievals with L-, C- and X-band H-pol brightness temperatures at 45◦ in the corn field. Blue dots show the 
retrieved soil moisture, and green dots show the retrieved vegetation tau values. Green squares show the in situ measured vegetation water content with a fitted 
function as a solid line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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filter to the vegetation tau is recommended before its scientific use 
(Konings et al., 2017; Vittucci et al., 2019). Therefore, as seen from 
Fig. 10 (dual-angular retrievals), Fig. 11 (multi-angular retrievals) and 
Fig. 12 (multi-frequency retrievals), the retrieval performance of soil 
moisture does not change much (R from 0.633 to 0.717, ubRMSD from 
0.030 cm3/cm3 to 0.037 cm3/cm3), but the retrieved vegetation tau 
could become significantly worse in terms of its correlation coefficient 
with the vegetation water content (R from 0.407 to 0.861). However, the 
vegetation tau retrievals obtained from the MCCA are good enough 
compared to those obtained in a previous study (Zhao et al., 2020b) 
conducted from the same dataset. The best correlation coefficient be
tween the vegetation tau and water content is 0.861 (572 records) from 
the MCCA, while the best correlation coefficients obtained from the DCA 
and LPRM algorithms are 0.73 and 0.71 (286 records), respectively. 
Notably, the vegetation tau retrievals obtained with the multi-frequency 
approach of the MCCA present a dependence on the retrieved soil 
moisture (high vegetation tau accompanied by high soil moisture), 
indicating that the soil and vegetation contributions may not be well- 
separated. 

4.4. Retrievals in the grass field 

The MCCA was then applied for soil moisture and vegetation tau 
retrievals from the grass field. As the vegetation did not vary greatly 
throughout the experimental area (the vegetation water content ranges 
from 0.1 kg/m2 to 0.5 kg/m2 without any obvious trend), only soil 
moisture results are presented here, with the performance metrics of R, 
bias, and ubRMSD with 95% confidence intervals shown in Table 4. No 
significant difference is expected between different dual-angular com
binations since the vegetation effects in the grass field are small. All the 
dual-angular retrievals of soil moisture present a dry bias when 
compared with in situ measurements taken at a depth of 3 cm. The soil 
moisture retrievals obtained from observations at 50◦ and 65◦ perform 

best, with a best bias value of − 0.037 cm3/cm3 for dual-pol and a 
minimum ubRMSD of 0.026 cm3/cm3 for single H-pol. Similar to the 
corn field, the estimated soil moisture values increase as the incidence 
angle increases for the single H-pol case. One of the reasons for this 
result is that brightness temperatures at larger incidence angles might be 
affected by radiation from the sky, as mentioned above. However, the 
correction of side-lobe artefacts is a complex process that is out of the 
scope of this study. The soil moisture retrievals obtained with multi- 
angular observations (40◦ to 65◦, H-pol only) have a similar perfor
mance (bias of − 0.099 cm3/cm3, ubRMSD of 0.034 cm3/cm3 and R of 
0.962) with that of the dual-angular retrievals, as shown in Fig. 13a and 
b. 

Except for the C- and X-band combination, there are no significant 
differences observed in the soil moisture retrieval performances when 
using the L-band as the core channel. The combination with the L- and C- 
bands (single H-pol) achieves the best performance (bias of − 0.059 cm3/ 
cm3 and ubRMSD of 0.018 cm3/cm3), while the multi-frequency 
approach with the L-, C- and X-bands (single H-pol) has an intermedi
ate performance (bias of − 0.065 cm3/cm3 and ubRMSD of 0.018 cm3/ 
cm3), as shown in Figs. 13c and 15d. For the multi-frequency approach, 
the performance of the soil moisture retrieval is slightly degraded by 
adding polarization information. All the soil moisture retrievals ob
tained from the multi-frequency observations at 45◦ also show dry 
biases. 

As mentioned above, the soil moisture observed by the radiometer 
might be more correlated to a shallower layer than to the depth of 2.5 cm 
in the corn field. This is found from the shape of the soil moisture esti
mation during the dry-down periods. However, no precipitation events 
were captured by the radiometer in the grass field. The dry bias in the 
grass field is more obvious in both the multi-angular and multi- 
frequency approaches when compared with the soil moisture measure
ments obtained at a depth of 3 cm. In Fig. 14, soil moisture retrievals are 
compared with the average soil moisture values at 3 cm and 1 cm. 

Table 4 
Retrieval performances in the grass field. [X_l X_u] rows are the 95% confidence intervals of the X (being R, Bias, ubRMSD) estimates.  

Configuration Number R Bias ubRMSD 

R_l R_u Bias_l Bias_u ubRMSD_l ubRMSD_u 

L-band H-pol 
40◦ and 55◦

536 0.965 − 0.099 0.033 
0.959 0.970 − 0.102 − 0.096 0.031 0.035 

L-band Dual-pol 
40◦ and 55◦

536 0.912 − 0.088 0.033 
0.897 0.925 − 0.091 − 0.085 0.031 0.035 

L-band H-pol 
45◦ and 60◦

536 0.966 − 0.093 0.029 
0.960 0.972 − 0.096 − 0.091 0.028 0.031 

L-band Dual-pol 
45◦ and 60◦

536 0.923 − 0.070 0.027 
0.909 0.935 − 0.072 − 0.068 0.025 0.028 

L-band H-pol 
50◦ and 65◦

536 0.973 − 0.088 0.026 
0.968 0.977 − 0.090 − 0.085 0.025 0.028 

L-band Dual-pol 
50◦ and 65◦

536 0.910 − 0.037 0.033 
0.894 0.924 − 0.040 − 0.035 0.031 0.035 

L-band H-pol 
40◦ to 65◦

536 0.962 − 0.099 0.034 
0.956 0.968 − 0.101 − 0.096 0.032 0.036 

L-band Dual-pol 
40◦ to 65◦

536 0.951 − 0.097 0.034 
0.942 0.959 − 0.100 − 0.094 0.032 0.037 

L- and C-band 
H-pol 45◦

536 0.964 − 0.059 0.018 
0.958 0.970 − 0.061 − 0.058 0.017 0.019 

L- and C-band 
Dual-pol 45◦

536 0.954 − 0.059 0.020 
0.945 0.961 − 0.061 − 0.057 0.019 0.021 

L- and X-band 
H-pol 45◦

536 0.966 − 0.071 0.020 
0.960 0.971 − 0.073 − 0.069 0.018 0.021 

L- and X-band 
Dual-pol 45◦

536 0.945 − 0.071 0.023 
0.936 0.954 − 0.073 − 0.069 0.022 0.025 

C- and X-band 
H-pol 45◦

536 0.310 − 0.138 0.064 
0.231 0.384 − 0.144 − 0.133 0.060 0.068 

C- and X-band 
Dual-pol 45◦

536 0.047 − 0.115 0.085 
− 0.038 0.131 − 0.122 − 0.107 0.080 0.091 

L-, C- and X-band 
H-pol 45◦

536 0.965 − 0.065 0.018 
0.958 0.970 − 0.066 − 0.063 0.017 0.019 

L-, C- and X-band 
Dual-pol 45◦

536 0.956 − 0.067 0.020 
0.948 0.963 − 0.068 − 0.065 0.019 0.022  
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Although the measurements taken at 1 cm might be unreliable, as the 
probe may “see” the air due to the 715-mL measurement volume of the 
5TM sensor, the retrieved soil moisture values match the average values, 
especially those obtained with the multi-frequency approach (single H- 
pol, bias of 0.0 cm3/cm3 and ubRMSD of 0.017 cm3/cm3). This further 
confirms that the microwave remotely sensed soil moisture might be 
more sensitive to a shallower soil layer than 3 cm, at least in the 
experimental areas of this study. 

It should be noted that all data are retrieved in the grass field, with a 
total number of 536. This is attributed to the very low vegetation effects 
(vegetation water content less than 0.5 kg/m2). In contrast to the corn 
field (maximum vegetation water content of 3.7 kg/m2), in the grass 
field, the multi-frequency approach generally performs better than the 
multi-angular approach, with lower ubRMSD values, with the exception 
of the C- and X-band combination. This can be expected because the 
weakest assumption, that of the dependence of vegetation tau on fre
quency, cannot play a role when the vegetation contribution is very low. 

4.5. Discussions on increasing observation channels 

Under normal circumstances, it is believed that increasing the 
number of observation channels is beneficial to the retrieval of surface 
parameters because the DoI obtained by the retrieval algorithm will 
increase. The effects of an increasing number of observation channels 
are further discussed using soil moisture retrievals obtained by the 
MCCA in the corn field. Fig. 15 presents the variations in the perfor
mances of soil moisture retrievals resulting from increasing the number 
of incidence angles with both single H-pol and dual-pol options, e.g., 
{TbH, 40◦ , L

total ,TbH, 42.5◦ , L
total }, {TbH, 40◦ , L

total ,TbH, 42.5◦ , L
total ,TbH, 45◦ , L

total }, … {TbH, 40◦, 

L
total,TbH, 42.5◦, L

total ,…TbH, 65◦, L
total }. 

For the single H-pol retrieval (Fig. 15a), all the statistical metrics (R, 
bias, and ubRMSD) follow a “U” shape. The bias and R values reach 
maximums (bias: − 0.012 cm3/cm3, R: 0.657) when all 11 angles are 
used. The ubRMSD continues to decrease as the number of angles in
creases and reaches its minimum value (0.028 cm3/cm3) when 10 angles 
are used. The ubRMSD is slightly increased to 0.03 cm3/cm3 when using 
all the angles. For the dual-pol implementation (Fig. 15b), with an 

increasing number of angles, R generally increases (to a maximum value 
of 0.66), while ubRMSD generally decreases and reaches its minimum 
value (0.03 cm3/cm3) when 10 angles are used. The bias first increases 
and then decreases to a maximum value (− 0.009 cm3/cm3) closest to 
0 as the number of angles increases. Notably, the soil moisture retrievals 
obtained from the dual-pol implementation could be worse than those 
obtained from the single H-pol implementation, because the dependence 
of vegetation parameters on polarization (e.g., single scattering albedo 
and polarization dependent parameter, CP) are not considered in this 
study. Generally, our results affirm that the soil moisture retrievals tend 
to become more robust as the number of included observation angles 
increase. However, it has to be clarified that there is no guarantee that 
the best results will be obtained by using the most angles (channels). 
This is because the current soil moisture algorithms (including the 
MCCA used in this study) are mainly based on the simple omega-tau 
model. Some assumptions are made in forward models and retrieval 
algorithms, especially including the dependence of vegetation on the 
polarization, incidence angle and frequency. When more observation 
channels are added, the probability that the model outputs will not 
match the observations could increase, which would affect the process of 
minimizing the cost function. In addition, the decrease in the signal-to- 
noise ratio caused by the use of an increasing number of observation 
channels may also have negative impacts on the retrieval performance. 

5. Summary and conclusions 

In this study, SMELR ground-based measurements of microwave 
radiometry over corn and grass fields are used to explore multi-angular 
and multi-frequency approaches for the retrieval of soil moisture and 
vegetation tau. The independent information contained within the 
passive microwave observations was first investigated using the concept 
of the DoI, based on a dataset collected in a corn field. Then, the po
larization, frequency, and incidence-angle information, represented by 
the NPDI, NFDI and NADI, respectively, was decomposed into contri
butions from soil moisture and vegetation water content through the 
proportion of the explained variance, η2. Finally, a new algorithm, the 
MCCA, was developed to utilize multi-channel observations as 

Fig. 13. Soil moisture retrievals in the grass field. (a) and (b) show a scatterplot and a time-series plot, respectively, of in situ measured soil moisture versus soil 
moisture retrievals obtained by using the L-band (H-pol) brightness temperatures from 40◦ to 65◦. (c) and (d) show a scatterplot and a time-series plot, respectively, 
of in situ measured soil moisture versus soil moisture retrievals obtained by using L-, C- and X-band (H-pol) brightness temperatures at 45◦. 
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restrictions with which to select the candidate parameters to be 
retrieved. The retrieval performance for soil moisture and vegetation tau 
was analyzed by comparing with in situ measurements. The main con
clusions are summarized below. 

Compared to the C- and X-bands, the L-band contains more inde
pendent information (larger DoI) with the given configuration of multi- 
angular polarized observations in the crop field. The DoI reaches its 
maximum around Brewster’s angle with the given configuration of 
multi-frequency polarized observations. It is found that the DoI increases 
linearly with the number of variables/channels in terms of the incidence 
angle and frequency. With the same number of observation channels, 
multi-frequency observations contain more independent information 
with slightly larger DoI compared to multi-angular observations. How
ever, the increase in DoI that occurs with multi-frequency observations is 
mainly attributed to the dependence of vegetation signatures on fre
quency, which may bring about more difficulties to soil moisture re
trievals when the vegetation effects are significant; this is affirmed later 
in the study using MCCA retrievals. This result also indicates that the DoI 
may not be a complete picture of how many parameters can be estimated 
and should be paired with the signal-to-noise ratio. On the other hand, 
the independent information contained within microwave observations 
can be condensed as brightness temperature difference indices. The 
polarization difference in terms of the NPDI is sensitive to both the soil 
moisture and vegetation water content, especially at L-band, in which 
there is a comparable proportion of explained variance. The frequency 
differences in terms of the NFDI, especially at adjacent frequencies (L- & 

C-bands, C- & X-bands), are only sensitive to soil moisture, with a large 
proportion of explained variance. Vegetation water content explains 
most of the variance in the angular differences in terms of the NADI. 
These results suggest that the NFDI and NADI could be utilized in the 
retrieval of soil moisture (e.g., CIMR) and vegetation tau values (e.g., 
SMOS), respectively. 

The main advantages of the newly developed MCCA are summarized 
as follows:  

i. Using an analytical equation of brightness temperatures at any 
two channels as conditional restrictions, the MCCA allows the use 
of any two or more channels of brightness temperatures for 
retrieval.  

ii. The MCCA requires no priori information on vegetation with a 
main assumption regarding how the vegetation tau varies across 
different polarizations, incidence angles, and wavelengths/ 
frequencies.  

iii. The implementation of the MCCA with paired/grouped candidate 
parameters could avoid obtaining multiple minima during the 
minimization process. 

With the experimental data collected in the corn and grass fields, the 
MCCA was found to be able to retrieve both soil moisture and vegetation 
tau simultaneously. For the corn field, where the maximum vegetation 
water content is 3.75 kg/m2, the soil moisture retrieval with the multi- 
angular observations performs (bias from − 0.024 cm3/cm3 to 0.039 

Fig. 14. Soil moisture retrievals versus average soil moisture between 1 cm and 3 cm in the grass field. (a) Scatterplot of retrievals obtained with L-band (H-pol) 
brightness temperatures from 40◦ to 65◦, (b) scatterplot of retrievals obtained with L-, C- and X-band (H-pol) brightness temperatures at 45◦. 

Fig. 15. Variations in soil moisture retrieval performance in the corn field with the number of variables in terms of the incidence angle. The 2 angles refer to as {40◦, 
42.5◦}, and the 11 angles refer to as {40◦, 42.5◦, … 65◦}. The black, blue, and red dots are calculated performance metrics, and their confidence intervals are 
presented with shaded colour bars. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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cm3/cm3, ubRMSD from 0.028 cm3/cm3 to 0.037 cm3/cm3) generally 
better than does the retrieval with the multi-frequency observations 
(bias from − 0.024 cm3/cm3 to 0.056 cm3/cm3, ubRMSD from 0.028 
cm3/cm3 to 0.089 cm3/cm3). This affirms that the increase in indepen
dent information that occurs with multi-frequency observations may 
bring about more unknowns or higher uncertainty in the vegetation tau, 
which make retrieval more challenging. For the grass field, where the 
vegetation water content is less than 0.5 kg/m2, the retrievals obtained 
with the multi-frequency observations perform better (bias from 
− 0.071 cm3/cm3 to − 0.059 cm3/cm3, ubRMSD from 0.018 cm3/cm3 to 
0.023 cm3/cm3) than those obtained with the multi-angular observa
tions (bias from − 0.099 cm3/cm3 to − 0.037 cm3/cm3, ubRMSD from 
0.026 cm3/cm3 to 0.034 cm3/cm3), with the exception of the C-band & 
X-band combination. This is consistent with the finding that soil mois
ture explains most of the variance in frequency differences in brightness 
temperature if the vegetation tau does not differ greatly across wave
lengths. It is further found that soil moisture retrievals are not improved 
by incorporating dual-pol observations, which indicates that the 
assumption of “isotropic” vegetation needs to be refined to consider 
polarization dependence. Our results also show that the soil moisture 
retrieved by microwave radiometry may show a sharper dry-down trend 
compared with in situ measurements and can lead to biased soil mois
ture retrievals, which may indicate that the passive microwave remotely 
sensed soil moisture may be more sensitive to a layer shallower than 3 
cm. However, this needs further investigation at the global scale with 
much larger footprints at tens of kilometer. The results of the MCCA 
demonstrate that high-performance metrics compared with in situ 
measurements can be achieved for both soil moisture and vegetation tau 
retrievals, and only when the soil moisture and vegetation tau are not 
closely related the retrievals might be considered successful, indicating a 
good separation of the soil and vegetation contributions. Further dis
cussions affirm that the soil moisture retrievals tend to be more robust 
when a greater number of observation channels are incorporated, but 
the retrieval performance may be limited by the increased probability 
that the model estimations will not match the observations. 

The main limitation of this study is that the analyses and retrievals 
are only conducted with ground-based experimental data of two typical 
land cover types. It is assumed that the footprints and the whole 
experimental field are uniform in this study, with the fraction of vege
tation coverage equal to 100%, while multi-angular or multi-frequency 
signals are emitted from different objects on the ground. Further 
investigation with satellite observations is needed to consider hetero
geneity. Nevertheless, it can be inferred that the multi-angular payload 
configuration at the optimal L-band (e.g., SMOS) should be the best 
choice for the purpose of soil moisture retrievals since the vegetation tau 
is relatively uniform across the incidence angle and most land surfaces 
are covered by vegetation. The payload configuration with multi- 
frequency abilities not only provides the ability for soil moisture map
ping but also provides a chance to explore vegetation properties across 
wavelengths. The optimal selection of the incidence angle should be 
slightly less than Brewster’s angle (e.g., 40◦ for the SMAP), obtained by 
considering both the DoI contamination and the penetrating ability. In 
addition, a multi-frequency satellite mission (e.g., WCOM, CIMR) can be 
used for the estimation of other parameters related to the water cycle for 
the fulfilment of even broader scientific requirements. Further, con
cerning the RFI issue, the C-band is not protected and made AMSR-E/2 
soil moisture products to depend mainly on X-band, which is less 
influenced by the RFI in certain regions. SMOS and SMAP are suppos
edly operating on a protected band, but many contaminations are still 
reported in some regions. Active filtering techniques, such as sub-band 
and sub-time sampling for SMAP, can considerably reduce the RFI im
pacts at the cost of increased noise levels. Therefore, a satellite mission 
with both capabilities at multiple incidence angles (privileged range of 
incidence angles from 30◦ to 50◦, Zhao et al., 2020b) and multiple fre
quencies (e.g., L-, X-, and Ka-bands, L-, X-, K-, and Ka-bands), which can 
be achieved by an integrated design of several 2-dimensional synthetic 

aperture radiometers, would greatly improve the quality of retrieved 
land parameters and thus promote the application of remote sensing in 
Earth system studies. 
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