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A B S T R A C T

The brightness temperature (TBp) observed by the Soil Moisture Active Passive (SMAP) satellite mission is sig-
nificantly affected by the soil permittivity (εs), surface roughness and vegetation opacity (τp). This study assesses
the impact of these factors on simulating the SMAP horizontally (p=H) and vertically (p=V) polarized TBp

measurements and retrieving the liquid soil water content (θliq) for both frozen and thawed soils in the typical
Tibetan desert and meadow ecosystems. For this investigation, the zero-order approximation of the radiative
transfer equations, i.e., τ-ω emission model, is configured with surface roughness and τp parameterizations
adopted by current SMAP soil moisture retrieval algorithms, and the εs is computed with the four-phase di-
electric mixing model that is applicable for both frozen and thawed soils.

For the Tibetan desert site, the τ-ω emission model with above configurations underestimates year-round the
SMAP TBH measurements (bias > 20 K), while TBV are underestimated during the cold season. Implementation
of a new surface roughness parameterization reduces the TBH underestimation, and the improved TBp simulations
lead to better θliq retrievals produced by the single channel algorithm (SCA) using the TBV as well as TBH

measurements. The remaining TBH and TBV underestimations are removed by further adopting a new εs para-
meterization.

For the Tibetan meadow site, the τ-ω emission model overestimates both TBH and TBV during the warm season
and underestimates TBH during the cold season when the vegetation is sparse. Implementation of the new surface
roughness parameterization reduces the TBH underestimation, and further the TBp overestimation is mitigated by
adopting a new τp parameterization derived from a discrete radiative transfer model previously developed and
tested for the same site. The in-situ measured θliq dynamics are better captured by corresponding retrievals for
both frozen and thawed soils with implementation of the new surface roughness and τp parameterizations, which
reduces the unbiased RMSEs by more than 40%. The parameterizations developed in this study are useful to
provide consistent and reasonable TBp simulations and θliq retrievals over the Tibetan Plateau for both frozen and
thawed soils based on both SMAP TBH and TBV measurements.
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1. Introduction

Microwave remote sensing is one of the most promising techniques
to monitor surface soil moisture and soil freeze/thaw state at global
scale (Kerr et al., 2001; Njoku et al., 2003; Entekhabi et al., 2010;
Jackson et al., 2010). Several global and continental scale products of
soil moisture and soil freeze/thaw state have been made available
generally based on higher frequency spaceborne microwave radio-
meters and scatterometers, such as those from SSM/I (Special Sensor
Microwave Imager) (Zhang and Armstrong, 2001), AMSR-E (Advanced
Microwave Scanning Radiometer-Earth) (Njoku et al., 2003; Zhao et al.,
2011) and ASCAT (Advanced Scatterometer) (Bartalis et al., 2007; Liu
et al., 2012; Naeimi et al., 2012). In the context of the recent launched
ESA (European Space Agency)’s SMOS (Soil Moisture and Ocean Sali-
nity) (Kerr et al., 2001) and NASA (National Aeronautics and Space
Administration)’s Aquarius (Lagerloef et al., 2008) and SMAP (Soil
Moisture Active Passive) (Entekhabi et al., 2010) satellite missions, the
capability of L-band (1–2 GHz) radiometry to provide global mapping
of soil moisture and soil freeze/thaw state has received increasing re-
search interest (Bindlish et al., 2015; Roy et al., 2015; Chan et al., 2016;
Rautiainen et al., 2016; Wigneron et al., 2017).

Soil moisture retrievals from microwave radiometry are mainly
based on the difference in effective permittivity between liquid water
(≈80) and dry soils (≈ 4) at L-band. The effective soil permittivity (εs)
increases as the soil moisture increases, leading to a decrease in the soil
emissivity and brightness temperature (TBp). Similarly, the detection of
soil freeze/thaw state relies on the large contrast between the permit-
tivity of liquid water and that of ice (≈3). Freezing of liquid water in
the soil decreases its effective permittivity, which results in the increase
of soil emissivity and TBp. A reliable dielectric mixing model to relate εs
to water content for specific soil type is thus essential for accurate soil
moisture retrievals and soil freeze/thaw state detections. However, the
frequently used dielectric mixing models (e.g., Dobson et al., 1985;
Mironov et al., 2013) for soil moisture retrievals are mainly developed
for thawed soil conditions (Schwank et al., 2014). This explains why
current soil moisture products derived from the spaceborne TBp mea-
surements are only available for warm seasons (Kerr et al., 2012; Chan
et al., 2016). For the calculation of frozen soil permittivity, Zhang et al.
(2010) have considered the linkage between soil texture, specific sur-
face area and the liquid soil water content, and Schwank et al. (2004)
and Zheng et al. (2017b) have confirmed the suitability of the four-
phase refractive dielectric mixing model initially developed by Birchak
et al. (1974) for its application to frozen soil. Recently, Mironov et al.
(2017) have developed an effective dielectric mixing model for both
frozen and thawed mineral soils at L-band (1.4 GHz) as well. Therefore,
it is imperative to investigate the performance of the four-phase di-
electric mixing model as well as Mironov's model for their abilities to
retrieve soil water contents for both frozen and thawed soils.

Surface roughness also significantly affects the TBp measurements
and the embedded soil water information. Increasing surface roughness
increases the TBp and decreases its sensitivity with respect to soil water
content. In addition, the surface roughness can decrease the polariza-
tion difference in TBp measurements. To account for the surface
roughness effect, both SMOS and SMAP missions (Kerr et al., 2012;
O'Neill et al., 2015) use the semi-empirical model proposed by Wang
and Choudhury (1981) that uses three parameters, namely, h represents
the overall increase or decrease in the reflectivity caused by roughness,
Q accounts for the polarization mixing effect, and N governs the angular
dependence of the reflectivity. In the SMAP soil moisture retrieval al-
gorithms, the h is assumed to be linearly related to the root-mean-
square of surface height variations (s), while a new empirical power-
law relationship developed by Wigneron et al. (2011) has been widely
used in the literature (Lawrence et al., 2013; Fernandez-Moran et al.,
2015; Montpetit et al., 2015). The Q is often assumed to be zero at L-
band, but recent studies (Lawrence et al., 2013; Goodberlet and Mead,
2014; Fernandez-Moran et al., 2015) suggested that the Q parameter is

non-zero and can be correlated with the h. On the other hand, Peng
et al. (2017) showed that the effect of Q on soil emission can be com-
pensated by modifying the other roughness parameters (h and N) due to
the parameter equivalence in the model structure, especially at L-band.
The impact of these surface roughness parameterizations on the soil
moisture retrievals still needs to be investigated.

Similarly, accounting for the effects of vegetation is important for
the reliability of soil moisture retrievals. The presence of vegetation
attenuates the soil emission and adds its own contribution to the
measured TBp. The zero-order approximation of the radiative transfer
equations, known as the τ-ω emission model (Mo et al., 1982; Wigneron
et al., 2001; Ulaby et al., 2014), has been adopted by both SMOS and
SMAP missions (Kerr et al., 2012; O'Neill et al., 2015) to simulate L-
band emission of soil-vegetation systems. In this model, the extinction
and scattering effects of vegetation are represented by the optical depth
(τp) and effective scattering albedo (ωp), respectively. In the SMAP soil
moisture retrieval algorithms, the τp is linearly related to the vegetation
water content, and the ωp is defined for specific vegetation types
(O'Neill et al., 2015). Rahmoune et al. (2013) estimated these vegeta-
tion parameters from numerical simulations produced by the discrete
radiative transfer model described in Ferrazzoli and Guerriero (1996).
The above mentioned approach was applied to forests, but its extension
to other vegetation types can be useful as well.

In this study, we investigate the impact of surface roughness (i.e., h
and Q parameters), vegetation opacity (τp) and soil permittivity (εs)
parameterizations on the simulation of land surface emission and re-
trieval of soil water content for both frozen and thawed soils based on
the SMAP TBp measurements. For this investigation, the typical Tibetan
desert and meadow ecosystems are selected due to the presence of well
instrumented regional scale soil moisture and soil temperature (SMST)
monitoring networks, which have been selected as international vali-
dation sites for the calibration/validation of SMAP soil moisture pro-
ducts (Colliander et al., 2017). The τ-ω emission model is adopted to
investigate the sensitivities of TBp simulations to the above mentioned
parameterizations. The single channel algorithm (SCA) currently im-
plemented by the SMAP mission (O'Neill et al., 2015) are further ap-
plied to retrieve soil water contents for both frozen and thawed soils. In
addition, the discrete radiative transfer model developed by Ferrazzoli
and Guerriero (1996) is adapted to grass, and used to estimate the re-
spective parameter values for τp and ωp.

This paper is outlined as follows. Section 2 introduces the study area
and SMAP TBp measurements. The τ-ω emission model and SCA ap-
proach, as well as parameterizations of surface roughness, vegetation
and soil permittivity are described in Section 3. Sections 4 and 5 present
the sensitivity analyses of TBp simulations and soil moisture retrievals to
the parameterizations of surface roughness and vegetation for both
frozen and thawed soils. The impact of soil permittivity and parameter
N on the TBp simulations, as well as validation of the TBp simulations
using measurements from other years are further discussed in Section 6.
Section 7 concludes the findings.

2. Field sites and SMAP measurements

2.1. Maqu and Ngari sites

The Maqu and Ngari regional scale SMST monitoring networks are
located in the eastern and western parts of the Tibetan Plateau (Fig. 1),
respectively. Both Maqu and Ngari networks are part of the Tibetan
Plateau Observatory [Tibet-Obs; Su et al., 2011] that has been selected
as international validation sites for the calibration/validation of SMAP
soil moisture products (Colliander et al., 2017). The two networks are
equipped with 30 and 16 SMST profile measurements, respectively. The
basic information of both sites such as elevation, climate, land and soil
types, as well as soil properties are listed in Table 1. The soil in-
formation is derived from the sample measurements collected across
the two SMST networks (Su et al., 2011; Zheng et al., 2015).
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Each SMST profile of the two networks is automatically measured
every 15-min time using 5TM ECH2O probes (Decagon Devices Inc.,
USA) installed at the following soil depths: 5, 10, 20, 40, and 80 cm.
The 5TM probe is a capacitance sensor operating at 75MHz measuring
the dielectric permittivity of the surrounding soil. Soil type specific
calibration functions have been developed under laboratory conditions
as described in Dente et al. (2012). It should be noted that only the
liquid soil water content is measured by the 5TM probe.

2.2. SMAP measurements

The SMAP satellite mission launched on January 31, 2015 was de-
veloped by NASA for global mapping of soil moisture and soil freeze/
thaw state. The satellite incorporates an L-band (1.26 and 1.29 GHz)
radar and an L-band (1.41 GHz) radiometer that provides a radiometer
3 dB antenna footprint of 40 km with an off-nadir observation angle at
the Earth's surface of approximately 40°. However, the SMAP radar
suffered a permanent failure on July 7, 2015. The SMAP satellite is in a

6 AM (descending)/6 PM (ascending) sun-synchronous high-inclination
orbit.

The version 3 of SMAP L1C radiometer TBp products are utilized in
this study. The products are distributed via the National Snow and Ice
Data Center (NSIDC; https://nsidc.org/data/smap/smap-data.html),
which are gridded on 36 km Equal-Area Scalable Earth-2 (EASE2) grid.
However, because the standard SMAP grid samples the ground in in-
tervals of 36 km, SMAP developed an additional process for retrieving
the 36-km soil moisture in offset intervals of 3 km. This so-called vali-
dation grid processing allows placing the 36-km retrieval pixels opti-
mally with respect to in-situ networks to reduce uncertainties arising
from spatial misalignment of the retrieval and the ground-based re-
ference. A centered validation grid pixel was defined also over the
Maqu and Ngari networks (Fig. 1) (Colliander et al., 2017). Time series
of the SMAP TBp measurements are extracted for the two grids for the
period between May 2015 and April 2016 as well as the period between
August 2016 and June 2017. In this study, only the SMAP TBp measured
during the morning (descending) passes are analyzed because of the

Fig. 1. Locations of the Ngari and Maqu SMST monitoring networks and the two selected SMAP centered validation grids.

Table 1
Information of the Maqu and Ngari SMST networks.

Site Elevation (m) Climate Land type Soil type Sand (%) Clay (%) Bulk density (g cm−3)

Maqu 3200–4200 Wet/Cold Grassland Silt loam 30 10 1.00
Ngari 4200–6300 Arid/COLD Barren Sand 92 4 1.57
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thermal equilibrium prevailing that time of the day (O'Neill et al.,
2015).

3. Emission model and retrieval algorithms

In this section, the τ-ω emission model and the parameterizations of
soil permittivity (εs) and effective temperature (Teff) are described in
Section 3.1. Section 3.2 introduces the parameterizations of vegetation
(i.e., τp and ωp) and surface roughness (i.e., h and Q) adopted by current
SMAP soil moisture retrieval algorithms. An alternative parameteriza-
tion of vegetation derived from the discrete radiative transfer model
developed by Ferrazzoli and Guerriero (1996) is described in Section
3.3, and Section 3.4 provides the description of an alternative para-
meterization for the surface roughness. Section 3.5 describes the SCA
approach that is based on the inversion of τ-ω emission model using the
SMAP TBp measurements.

3.1. τ-ω emission model

The τ-ω emission model (Ulaby et al., 2014) is adopted by both
SMAP and SMOS missions to estimate L-band emission of soil-vegeta-
tion systems (Kerr et al., 2012; O'Neill et al., 2015). The emission
components considered are: i) direct upwelling vegetation emission, ii)
downwelling vegetation emission reflected by the soil and attenuated
by the canopy layer, and iii) upwelling soil emission attenuated by the
canopy. The model can be formulated as (Mo et al., 1982; Wigneron
et al., 2001; Ulaby et al., 2014):

= − − + − − + −T ω γ T ω γ γ r T r γ T(1 )(1 ) (1 )(1 ) (1 )p p p p p p p p p
B C C G

(1)

= −γ τ ψexp( /cos )p p (2)

where the superscript p represents polarization (p=V, vertical or
p=H, horizontal), TC is the effective vegetation temperature, TG is the
soil effective temperature, γp is the vegetation transmissivity, rp is the
rough soil reflectivity, and ψ is the incidence (observation) angle that is
identical to the SMAP observation angle, i.e., ψ=40o.

The rough soil reflectivity rp is modeled as (Wang and Choudhury,
1981; Wigneron et al., 2001):

= − ⋅ + ⋅ ⋅ − ⋅r Q r Q r h ψ[(1 ) ] exp( cos )p p q N
s s (3)

where rsp and rsq (with p=H, V and q=V, H) are the specular re-
flection coefficients, which are computed by the Fresnel's equations
(Ulaby et al., 2014) as a function of εs.

Recently, Zheng et al. (2017b) have confirmed the suitability of the
four-phase dielectric mixing model (Birchak et al., 1974; Schwank
et al., 2004) to estimate the εs of frozen soil in the Maqu site. Hence, the
four-phase dielectric mixing model is adopted in this study to estimate
the εs (εs = ε′s + i⋅ε″s) for both frozen and thawed soils:

= − + + − + −ε θ θ ε θ ε θ θ ε θ ε( ) ( ) (1 )η η η η η
s s air liq w liq ice s matrix (4a)

=θ ρ ρ/s d m (4b)

where θs is the porosity, ρd is the bulk density of soil (Table 1), ρm is the
particle density of soil matrix (taken as 2.65 g cm−3), and θ and θliq
represent the total and liquid soil water contents, respectively. The
exponent η is set equal to 0.5, and the permittivity of air, ice
and soil matrix are considered as εair = 1, εice= 3.2+ i⋅0.1 and
εmatrix = 5.5+ i⋅0.2 according to Schwank et al. (2004). The estimation
of the permittivity of liquid water (εw) at L-band is computed using the
model of Dobson et al. (1985), whereby the effect of soil temperature
on estimating the εw is included. For the thawed soil, the θ is equal to
θliq that can be derived from the in-situ measurements provided by the
5TM probe (Section 2.1). For the frozen soil, the θliq can be taken from
the in-situ measurements, and the θ is estimated via linear interpolation
between the θliq measured before and after the freeze–thaw cycle as in

Zheng et al. (2017b) and Zheng et al. (2017a).
Moreover, it is assumed that the air, vegetation, and near-surface

soil are in thermal equilibrium during the SMAP overpasses, then TC is
approximately equal to TG and the two temperatures can be replaced by
a single effective temperature Teff (O'Neill et al., 2015). The theoretical
formulation given by Choudhury et al. (1982) is adopted in this study to
estimate the Teff:

∫ ∫= ⎡
⎣

− ′ ′⎤
⎦

∞
T T z α z α z z z( ) ( ) exp ( )d d

z
eff 0 s 0 (5a)

= ⋅α z π
λ

ε( ) 4 Im( )s (5b)

where Ts(z) and α(z) are the soil temperature and soil attenuation
coefficient at depth z, respectively, and λ is the vacuum wavelength.

3.2. SMAP parameterizations of vegetation and surface roughness

In the SMAP soil moisture retrieval algorithms (O'Neill et al., 2015),
the ωp is defined for specific vegetation types (e.g., ωp=0.05 for
grassland), and the τp is related to the total column vegetation water
content (VWC) by (Jackson and Schmugge, 1991):

= ⋅τ b VWCp p (6a)

where bp is an empirical factor depending on the vegetation structure,
and the VWC is estimated based on the NDVI (Normalized Difference
Vegetation Index):

= ⋅ − ⋅ + ⋅ −
−

fVWC (1.9134 NDVI 0.3215 NDVI) NDVI 0.1
1 0.1

2
stem

ref
(6b)

where fstem is the vegetation type specific stem factor. For grasslands
(such as the Maqu site), the current NDVI is used for NDVIref, and in this
study the NDVI is derived from the MODIS products (i.e., MOD13A2)
(Huete et al., 2002). Fig. 2 shows the time series of the interpolated
values of NDVI during the study period for the Maqu site. The values of
NDVI reach the peaks between July and August and reduced to the
minimums in the cold season between November and April.

The parameters Q and N are fixed at 0 and 2, respectively, and the
parameter h is assumed to be linearly related to the root-mean-square of
surface height variations s by (O'Neill et al., 2015):

= ⋅−h s0.01mm 1 (7)

The parameter values of s, bp, ωp and fstem adopted by current SMAP
soil moisture retrieval algorithms for grassland and bare soil are listed
in Table 2. It should be noted that the s is generally a site-specific
parameter depending on the local soil surface conditions. The values
adopted in this study for the s are derived from the SMAP parameter set
for global application, which are comparable to these reported for si-
milar Tibetan conditions by Dente et al. (2014) and Wang et al. (2018).
The values of h for grassland and bare soil are 0.156 and 0.15 as esti-
mated by Eq. (7). It should be also noted that the vegetation parameters

Fig. 2. Interpolated values of NDVI and LAI derived from the MODIS products for the
Maqu grassland site between May 2015 and April 2016.
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bp, ωp and τp are assumed to be polarization independent in current
SMAP algorithms.

3.3. Alternative parameterization of vegetation

Recently, Dente et al. (2014) and Wang et al. (2018) have adapted
the discrete radiative transfer model developed by Ferrazzoli and
Guerriero (1996) for the Maqu grassland site and demonstrated its skill
in simulating emissivity for both C- and L-bands based on the AMSR-E
and Aquarius satellite TBp measurements. The model adopted by Dente
et al. (2014) and Wang et al. (2018) is further validated in this study
using the SMAP TBp measurements, and the validated model is then
used to estimate the τp and ωp for the Maqu grassland site. As in
Ferrazzoli et al. (2002), the τp and ωp are estimated from the simulated
emissivity (evp) and transmissivity (γp) of vegetation canopy produced
by the discrete radiative transfer model as:

= − ⋅τ γ ψln( ) cosp p (8a)

= −
−

ω
e

γ
1

1
p

p

p
v

(8b)

Detailed descriptions of the discrete radiative transfer model can be
found in Dente et al. (2014) and Wang et al. (2018), and the needed
vegetation and soil parameters to run the model for the Maqu grassland
site are summarized in Table 3. The values of these parameters are
derived from the work by Dente et al. (2014) and Wang et al. (2018),
whereby the discrete radiative transfer model has been calibrated and
validated for the Maqu grassland site to represent the real soil and
vegetation conditions. It should be noted that the εs needed by the
discrete radiative transfer model is estimated by the four-phase di-
electric mixing model (Eqs. (4a)-(4b)) in this study, and the Teff is
computed by the theoretical formulation (Eqs. (5a)-(5b)) based on the
in-situ SMST measurements.

3.4. Alternative parameterization of surface roughness

Based on the PORTOS-1993 experimental data, an empirical power
function was developed by Wigneron et al. (2011) between h and s:

= ⎛
⎝

⋅
⋅ +

⎞
⎠

h s
s

0.9437
0.8865 2.2913

6

(9a)

Eq. (9a) has been validated over a large frequency range
(1.4–90 GHz) and widely used in the literature (Fernandez-Moran et al.,
2015; Montpetit et al., 2015; Wigneron et al., 2017), which indicates
h=0.56 (−) with s=15mm for bare soil and h=0.58 (−) with
s=15.6mm for grassland.

Based on simulated L-band TBp data, Lawrence et al. (2013) further
found that the Q parameter should be related to the h parameter using a
linear relationship:

= ⋅Q h0.1771 (9b)

The validity of Eq. (9b) has been confirmed by Fernandez-Moran
et al. (2015), which implies Q=0.1 (−) for both bare soil and grass-
land with h computed by Eq. (9a).

3.5. SMAP soil moisture retrieval algorithms

In the SMAP soil moisture retrieval algorithms (O'Neill et al., 2015),
the single channel algorithm (SCA) based on TBV measurements (SCA-
V) is selected as the baseline algorithm, but the SCA can also be applied
using TBH measurements (SCA-H). The readers are referred to O'Neill
et al. (2015) for additional information on these retrieval algorithms.
The performance of SCA-V and SCA-H in retrieving soil water content
will be investigated in this study for both frozen and thawed soil con-
ditions.

4. Emission simulations

4.1. SMAP TBp and in-situ SMST measurements

Fig. 3 shows the time series of averaged liquid water content (θliq)
and temperature (Ts) for soil depths of 5, 10, 20, 40 and 80 cm derived
from the in-situ measurements (Section 2.2) conducted within the
SMAP validation grid pixels defined for both Ngari and Maqu sites
(Fig. 1) during the SMAP overpasses. The SMAP measured TBH and TBV

are also shown. The Ngari bare soil site is drier than the Maqu grassland
site, and two distinct periods can be noted from the θliq and Ts mea-
surements: i) the warm season from May to October during which the
measured Ts profile values are above the freezing point (i.e., 273.15 K)
and the soil is unfrozen, and ii) the cold season from November to
April during which the measured Ts profile values are below the
freezing point and the soil is frozen. The SMAP measured TBH and TBV

variations generally follow the measured θliq dynamics in the warm
season, whereby both TBH and TBV are increasing when the soil is drying
and decreasing when the soil is wetting. Besides, the freezing of θliq
leads to the increase of both TBH and TBV in the cold season (e.g.,
Fig. 3d).

For further analysis, Table 4 lists the coefficients of determination
(R2) computed between the SMAP TBH and TBV measurements and
averaged in-situ θliq measurements at different soil depths for both
warm and cold seasons. In the warm season, both SMAP measured TBH

and TBV are better correlated with θliq measurements taken at shallower
soil depths (e.g., 5 cm) for both Ngari and Maqu sites, due to the fact
that the measured θliq profiles are generally wet and the microwave
emission depth is thus shallow (Escorihuela et al., 2010; Zheng et al.,
2017b). In the cold season, the Ngari bare soil site is dry (Fig. 3a) and
the emission depth is deep, leading to the higher R2 values noted be-
tween TBH and TBV measurements and θliq measurements taken at
deeper soil depths (e.g., 80 cm). On the other hand, the θliq value of the
Maqu grassland site is higher than that of Ngari site in the cold season

Table 2
Look up table of parameter values for grassland and bare soil in the SMAP algorithms.

Land cover s (mm) bp ωp fstem

Grassland 15.6 0.13 0.05 1.5
Barren 15.0 0 0 0

Table 3
List of input parameters for the discrete radiative transfer model.

SMAP Incidence angle 40°

Frequency 1.41 GHz

Surface Soil moisture Spatial average of in-situ measurements within
the selected SMAP grid (Fig. 1)

Soil texture In-situ measurements (Table 1)
Height standard
deviation

SMAP values (Table 2) O'Neill et al.
(2015)

Correlation length 9 cm Dente et al.
(2014)Autocorrelation length

function
Exponential function

Litter Litter moisture content 2 time of soil moisture
Litter biomass 0.04 g cm−2 Dente et al.

(2014) Wang
et al. (2018)

Leaves LAI MODIS product
interpolated
(MOD15A2, Fig. 2)

Myneni et al.
(2015)

Disc radius 1.4 cm Dente et al.
(2014)Disc thickness 0.02 cm

Disc angular
distribution

Random

Plant moisture content 0.8 g g−1
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(Fig. 3d), and thus both SMAP TBH and TBV measurements are also
better correlated with θliq measurements taken at shallower soil depths.

4.2. Vegetation parameterizations

In this section, the performance of the discrete radiative transfer
model (Section 3.3) is first assessed by the SMAP TBp measurements for
the Maqu grassland site. The validated model is then used to estimate
the vegetation parameters τp and ωp using Eqs. (8a)-(8b), and the de-
rived values are further compared to those adopted by the SMAP soil
moisture retrieval algorithms (Section 3.2).

Fig. 4 shows the comparison of SMAP TBp measurements and the
simulations at both horizontal (TBH) and vertical (TBV) polarizations for
the Maqu site during the growing season of vegetation between June
and September. The other periods are not shown because the vegetation
coverage is sparse (Fig. 2), and hence the vegetation effects can be ig-
nored at L-band (Zheng et al., 2017b). The corresponding error

statistics, such as time series correlation (R), bias, root mean-square
error (RMSE) and unbiased RMSE (ubRMSE), are also shown in Fig. 4.
The comparisons between the simulations and the SMAP measurements
result in ubRMSE of 4.86 K and R of 0.94 for the TBH, and ubRMSE of
3.71 K and R of 0.96 for the TBV, confirming the reliability of the dis-
crete radiative transfer model for its application in the Maqu grassland
site as also reported by Dente et al. (2014) and Wang et al. (2018).

Fig. 5 shows the τp and ωp values derived from the simulations
produced by the discrete radiative transfer model for the Maqu grass-
land site, and the corresponding values adopted by the SMAP algo-
rithms are also shown. The τp and ωp estimates based on the discrete
radiative transfer model are almost identical for both polarizations,
which supports the assumption of polarization independence for both τp

and ωp in the SMAP algorithms. The τp generally follows the vegetation
growth state (Fig. 2) and reaches its peak between July and August
when the vegetation is fully developed. Later on the τp decreases and
reaches the minimum in the cold season between November and April.
It can be noted that the τp estimates based on the discrete radiative
transfer model are considerably smaller than those computed by Eqs.
(6a)-(6b) adopted by the SMAP algorithms. In addition, it is found that
the τp estimates based on the discrete radiative transfer model can be
linearly correlated to the LAI values as also shown in Fig. 5a, i.e., τp ≈
0.025⋅LAI. The ωp, shown in Fig. 5b, is fairly constant throughout the
year. The ωp estimates based on the discrete radiative transfer model
are smaller than the value adopted by the SMAP algorithms for the
grassland, i.e., 0.02 vs. 0.05. However, the effect of this difference is
very small due to the low values of τp estimated by the discrete radiative
transfer model.

4.3. Effect of surface roughness on emission simulations

For both grassland and bare soil, the values of h estimated by the

Fig. 3. Averaged (a, c) θliq and (b, d) Ts at depths of 5, 10, 20, 40 and 80 cm derived from in-situ measurements conducted within the SMAP validation grid pixels defined for the (a, b)
Ngari and (c, d) Maqu sites during SMAP overpasses between May 2015 and April 2016. The SMAP measured TBH and TBV are also shown in (a,c).

Table 4
Coefficients of determination (R2) computed between the SMAP measured TBp and
averaged θliq at depths of 5, 10, 20, 40 and 80 cm derived from in-situ measurements
during warm (May–October) and cold (November–April) seasons of the study period for
both Ngari and Maqu sites.

Sites Season Polarization θliq,5 θliq,10 θliq,20 θliq,40 θliq,80

Ngari Warm TBH 0.675 0.607 0.428 0.119 0.056
TBV 0.526 0.471 0.303 0.053 0.013

Cold TBH 0.492 0.534 0.434 0.774 0.795
TBV 0.583 0.563 0.467 0.790 0.852

Maqu Warm TBH 0.546 0.504 0.396 0.139 0.009
TBV 0.682 0.591 0.459 0.181 0.013

Cold TBH 0.749 0.677 0.723 0.570 0.163
TBV 0.730 0.644 0.646 0.483 0.116
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SMAP parameterizations (Eq. (7)) are significantly lower than these
computed with the empirical power function (Eq. (9a)), i.e., 0.156 vs.
0.58 and 0.15 vs. 0.56 for grassland and bare soil, respectively. The
polarization mixing effect is ignored by the SMAP parameterizations
with Q assumed to be zero, while a non-zero value of Q is obtained by
correlating the Q with h (Eq. (9b)), e.g., Q=0.1 with the h computed
by Eq. (9a). To investigate the impact of the h and Q parameters on the
TBp calculated by the τ-ω emission model, two numerical simulations
are performed for both Ngari and Maqu sites, whereby the input of
SMST is assumed as the spatial average of in-situ measurements con-
ducted within the SMAP footprint. A reference simulation (Sim0,
Table 5) is first performed with the τ-ω emission model using the SMAP
parameterizations for h and Q, while the alternative parameterizations
(Eqs. (9a)-(9b)) are implemented in the other simulation (Sim1,
Table 5). The SMAP parameterizations of vegetation effects are adopted
for both simulations.

Figs. 6 and 7 show the time series of SMAP TBp measurements and
simulations produced by both Sim0 and Sim1 for the Ngari and Maqu
sites, respectively. The corresponding error statistics computed between
the measured and simulated TBp are provided in Tables 6 and 7 for the
Ngari and Maqu sites, respectively. In the Ngari bare soil site, the τ-ω
emission model with the SMAP parameterizations of h and Q (Sim0)
largely underestimates the TBH (> 20 K) across the entire annual cycle,
and the TBV is also underestimated (≈5 K) especially in the cold season
between November and April. The underestimation of TBH noted for the

Sim0 is greatly reduced by the Sim1 with the new surface roughness
parameterizations, and the bias and RMSE are reduced by about 67%
and 64% in comparison to the Sim0. The TBV simulations are also
slightly improved. For the Maqu grassland site, the focus here is mainly
on the cold season between November and April when the vegetation
coverage is sparse (Fig. 2), and hence the vegetation effects can be ig-
nored at L-band as reported in Zheng et al. (2017b). Similarly, the Sim0
underestimates the TBH in the cold season, and such an underestimation
can be largely resolved by the Sim1 with the implementation of new
surface roughness parameterizations as well. This indicates that the
default SMAP parameterizations may underestimate the role of surface
roughness for both bare soil and sparse vegetation conditions on the
Tibetan Plateau by implementing lower values for both h and Q, leading
to the underestimation of TBH.

However, it should be noted that both TBH and TBV are still under-
estimated for the Ngari site (Fig. 6), which is most probably related to
the soil permittivity parameterization (Section 6.1). It can be also found
that both TBH and TBV are overestimated by the Sim1 for the Maqu site
(Fig. 7) during the vegetation growing season between June and Sep-
tember. The reason for this can be associated with the parameterization
of vegetation effects that is assessed in the following section. In addi-
tion, it can be noticed that the SMAP validation grid pixels defined for
both Ngari and Maqu sites cover mountainous terrain (Fig. 1). Utku and
Le Vine (2011) demonstrated that topography at the satellite scale can
be essentially treated as large-scale roughness, whereby both scattering

Fig. 4. Comparisons of the SMAP measured and simulated (a) TBH and (b) TBV produced by the discrete radiative transfer model for the Maqu grassland site during the vegetation growing
season.

Fig. 5. Time series of (a) τp and (b) ωp estimates adopted by the SMAP algorithms or derived from the discrete radiative transfer model for both horizontal and vertical polarizations for
the Maqu grassland site between May 2015 and April 2016.
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geometry and polarization are affected by topography (Mätzler and
Standley, 2000; Flores et al., 2009; Pulvirenti et al., 2011; Völksch
et al., 2015). On the other hand, Zheng et al. (2018) recently showed
via TBp simulations for the similar Tibetan conditions that topographic
effects have only a minor impact on the TBp at the aggregated SMAP
footprint scale.

4.4. Effect of vegetation opacity on emission simulations

As shown in Section 4.2, the τp estimates for the Tibetan grassland
based on the discrete radiative transfer model are much lower than the
ones adopted by the default SMAP parameterizations for the grassland
in general. Besides, it is found that the τp estimates for the Maqu site can
be linearly related to the LAI values, i.e., τp=0.025⋅LAI. To further
investigate the impact of the τp parameter on the TBp calculated by the τ-
ω emission model, an additional numerical simulation (Sim2, Table 5)
is conducted for the Maqu grassland site. Specifically, the SMAP para-
meterization of τp (Eqs. (6a)-(6b)) is replaced with the new para-
meterization that is related to the LAI values (τp=0.025⋅LAI), and the
other settings are identical to the Sim1. The TBp simulations produced
by the Sim2 are shown in Fig. 7 as well, and the corresponding error
statistics are included in Table 7.

In general, the τ-ω emission model with the default SMAP para-
meterizations of surface roughness and vegetation effects (Sim0) cap-
tures well the TBH dynamics between August and September, and the
TBV is slightly overestimated. It should be noted that both TBH and TBV

are overestimated between June and July. Although the implementa-
tion of new surface roughness parameterizations improves the TBH

underestimation in the cold season noted for the Sim0, both TBH and
TBV are overestimated by the Sim1 in the warm season (Section 4.3).
After implementing the new τp parameterization, the above dis-
crepancies are reduced, and the TBp dynamics are better captured in

both warm and cold seasons. In comparison to the Sim0, the Sim2 re-
duces the RMSE computed between the measurements and simulations
by about 47% and 32% for the TBH and TBV, respectively. This indicates
that the default SMAP parameterizations may underestimate the surface
roughness effect, and the effect of this underestimation is compensated
in the warm season by an overestimation of the vegetation effects via
employing higher τp values. The reason for the very low vegetation
effects estimated by the discrete radiative transfer model for the Ti-
betan grassland is due to the fact that the grass leaves are small with
respect to the wavelength at L-band. Similar findings have been pre-
viously reported by Wang et al. (2018) for L-band Aquarius data sets
acquired over a comparable study area.

It should be also noted that the Sim2 underestimates both TBH and
TBV measurements in the transition seasons of soil freezing around
November and soil thawing between March and April. One possible
reason for this is that the spatial heterogeneities of soil freezing and
thawing are not fully represented by the spatial averaged in-situ mea-
surements as also reported by Wang et al. (2016) for the Maqu site
based on the Aquarius TBp measurements. Besides, impacts of snow
cover on L-band emission (Schwank et al., 2014; Schwank et al., 2015;
Lemmetyinen et al., 2016; Naderpour et al., 2017) is not considered in
this study due to the absence of snowfall/snowpack measurements.
Zheng et al. (2017a) demonstrated using the up- and downwelling
shortwave radiation measurements that the presence of snowpack at
the Maqu site is generally short lived (< 3 days for each event).

5. Soil moisture retrievals

As shown in Section 4, the new parameterizations of h, Q and τp

outperform the default SMAP parameterizations in simulating the TBp

dynamics with the τ-ω emission model over both Ngari and Maqu sites.
Here, these parameterizations are implemented within the SCA

Table 5
List of numerical simulations designed for the simulations of TBp with the τ-ω emission model for Ngari bare soil and Maqu grassland sites.

Sites Simulations h Q N τp ωp εs

Ngari Sim0 Eq. (7) 0 2 – – Eqs. (4a)-(4b)
Sim1 Eq. (9a) Eq. (9b) 2 – – Eqs. (4a)-(4b)
Sim3 Eq. (9a) Eq. (9b) 2 – – Mironov's model
Sim4a Eq. (9a) Eq. (9b) 0 – – Eqs. (4a)-(4b)
Sim4b Eq. (9a) Eq. (9b) Eqs. (10a)-(10b) – – Eqs. (4a)-(4b)

Maqu Sim0 Eq. (7) 0 2 Eqs. (6a)-(6b) 0.05 Eqs. (4a)-(4b)
Sim1 Eq. (9a) Eq. (9b) 2 Eqs. (6a)-(6b) 0.05 Eqs. (4a)-(4b)
Sim2 Eq. (9a) Eq. (9b) 2 τp=0.025⋅LAI 0.05 Eqs. (4a)-(4b)
Sim3 Eq. (9a) Eq. (9b) 2 τp=0.025⋅LAI 0.05 Mironov's model
Sim4a Eq. (9a) Eq. (9b) 0 τp=0.025⋅LAI 0.05 Eqs. (4a)-(4b)
Sim4b Eq. (9a) Eq. (9b) Eqs. (10a)-(10b) τp=0.025⋅LAI 0.05 Eqs. (4a)-(4b)

Fig. 6. Time series of SMAP measured and simulated (a) TBH and (b) TBV produced by Sim0–Sim3 based on the τ-ω emission model for the Ngari bare soil site between May 2015 and April
2016.
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approach (Section 3.5) to investigate their impacts on retrieving liquid
soil water contents for both warm and cold seasons. Hereafter, SCA-p0
and SCA-p1 refer to the algorithms with the default SMAP and new
parameterizations, respectively. Figs. 8 and 9 show the time series of in-
situ measured liquid water content (θliq) at 5 cm soil depth and re-
trievals produced by above algorithms in a full annual cycle for the
Ngari and Maqu sites, respectively. The corresponding error statistics
computed between the in-situ measurements and the θliq retrievals are
given in Table 8.

The SCA-V0 (Fig. 8a) generally captures well the θliq dynamics
measured in the warm season (e.g., between June and August) for the
Ngari bare soil site, while the θliq is underestimated in the cold season
probably as result of the TBV underestimation noted for the Sim0
(Fig. 6b). Similarly, the SCA-H0 (Fig. 8b) underestimates the θliq
(≈0.05m3m−3) for the full annual cycle due to the underestimation of
TBH (Fig. 6a). After implementing the new parameterizations of h and
Q, the TBH underestimation is reduced, leading to the improvement of
the θliq retrievals by the SCA-H1. The θliq retrievals are also slightly
improved by the SCA-V1. However, the θliq is still underestimated
especially in the cold season due to the remaining TBH and TBV under-
estimations (Section 4.3).

For the Maqu grassland site, both SCA-V0 and SCA-H0 (Fig. 9)
overestimate the θliq in the warm season (e.g., between June and Sep-
tember) due to the TBV and TBH overestimations noted for the Sim0
(Fig. 7). The θliq in the cold season between November and April is well
captured by the SCA-V0, while an underestimation is noted for the SCA-
H0 due to the TBH underestimation. With the implementation of the
new parameterizations of h, Q and τp, the above discrepancies are re-
duced, and both SCA-V1 and SCA-H1 capture much better the θliq dy-
namics for both warm and cold seasons. In comparison to the SCA-V0
and SCA-H0, the SCA-V1 and SCA-H1 reduce the ubRMSEs computed
between the θliq measurements and retrievals by about 44% (from
0.080 to 0.045m3m−3) and 40% (from 0.099 to 0.059m3m−3), re-
spectively. This indicates that consistent θliq retrievals can be obtained

for the Tibetan grassland based on both SMAP TBV and TBH measure-
ments for both warm and cold seasons with the updated para-
meterizations of h, Q and τp. It should be also noted that both SCA-V1
and SCA-H1 underestimate the θliq in the transition soil freezing and
soil thawing seasons due to the poor simulations of TBp during these
periods as shown in Section 4.4.

6. Discussion

6.1. Effect of soil permittivity on emission simulations

As shown in the previous sections, both the SMAP TBH and TBV

measurements are still underestimated in the Ngari site especially
during the cold season, leading to the θliq underestimation by the SCA
retrievals. One possible reason for this is that the four-phase dielectric
mixing model adopted in this study may be not suitable for the Ngari
sandy soil. Recently, Mironov et al. (2017) has developed an alternative
dielectric mixing model that is also suitable for both frozen and thawed
mineral soils at 1.4 GHz. To investigate the impact of the εs on the TBp

calculated by the τ-ω emission model, an additional numerical simu-
lation (Sim3, Table 5) is carried out, whereby the four-phase dielectric
mixing model is replaced with Mironov's model. The other settings are
identical to the Sim1 and Sim2 for the Ngari and Maqu sites, respec-
tively. More detailed information on Mironov's dielectric mixing model
is given in Appendix A.

Fig. 10a and b show the real (ε′s) and imaginary (ε″s) parts of the εs
estimated by the four-phase and Mironov's dielectric mixing model for
the Ngari and Maqu sites, respectively. In the Ngari sandy soil site, the
values of ε′s and ε″s produced by Mironov's model are lower than those
estimated by the four-phase dielectric mixing model when the soil is
dry. For the Maqu silt loamy soil, Mironov's model provides larger ε′s
estimates in the warm season when the soil is unfrozen and smaller ε′s
values in the cold season when the soil is frozen in comparison to the
four-phase dielectric mixing model. For the ε″s, the values estimated by

Fig. 7. Same as Fig. 6 but for the Maqu grassland site.

Table 6
Error statistics computed between the SMAP measured and simulated TBp produced by all the numerical simulations for the Ngari bare soil site between May 2015 and April 2016.

Simulations TBH TBV

ubRMSE (K) Bias
(K)

RMSE (K) R ubRMSE (K) Bias (K) RMSE (K) R

Sim0 3.20 −22.68 22.91 0.90 2.54 −4.76 5.40 0.93
Sim1 3.62 −7.48 8.31 0.86 2.91 −3.04 4.21 0.90
Sim3 3.66 2.53 4.45 0.86 2.32 3.03 3.82 0.93
Sim4a 4.60 1.31 4.79 0.77 3.61 1.03 3.75 0.86
Sim4b 4.01 −3.59 5.38 0.83 3.46 0.27 3.47 0.87
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Mironov's model are larger than those produced by the four-phase di-
electric mixing model especially for unfrozen soil in the warm season.

The TBp simulations produced by the Sim3 for the Ngari and Maqu
sites are also shown in Figs. 6 and 7, respectively. The corresponding
error statistics computed between the SMAP measurements and the

simulations are included in Tables 6 and 7 for the Ngari and Maqu sites,
respectively. For the Ngari site, the underestimations of TBH and TBV

noted for the Sim1 are greatly resolved by the Sim3 with the im-
plementation of Mironov's dielectric mixing model. The explanation for
this is that Mironov's model provides lower values of ε′s for Ngari sandy

Table 7
Same as Table 6 but for the Maqu grassland site.

Simulations TBH TBV

ubRMSE (K) Bias
(K)

RMSE (K) R ubRMSE (K) Bias (K) RMSE (K) R

Sim0 17.50 −8.70 19.55 0.63 11.01 0.04 11.01 0.74
Sim1 16.97 9.77 19.58 0.61 11.46 6.06 12.96 0.69
Sim2 9.60 −4.13 10.45 0.88 7.10 −2.54 7.54 0.90
Sim3 11.52 −2.99 11.90 0.89 9.29 −3.16 9.81 0.90
Sim4a 11.10 10.59 15.34 0.87 7.84 6.65 10.28 0.88
Sim4b 10.02 2.25 10.27 0.88 7.54 4.85 8.96 0.88

Fig. 8. Time series of the measured and retrieved θliq produced by the (a) SCA-V and (b) SCA-H approaches for the Ngari bare soil site between May 2015 and April 2016.

Fig. 9. Same as Fig. 8 but for the Maqu grassland site.

Table 8
Error statistics computed between the measured and retrieved θliq produced by the SCA approaches for both Ngari and Maqu sites between May 2015 and April 2016.

Retrievals Ngari Maqu

ubRMSE (m3m−3) Bias
(m3m−3)

RMSE (m3m−3) R ubRMSE (m3m−3) Bias
(m3m−3)

RMSE (m3m−3) R

SCA-V0 0.013 −0.024 0.028 0.92 0.080 0.018 0.082 0.91
SCA-H0 0.011 −0.051 0.052 0.92 0.099 −0.014 0.100 0.88
SCA-V1 0.018 −0.019 0.026 0.92 0.045 −0.014 0.048 0.95
SCA-H1 0.015 −0.028 0.032 0.94 0.059 −0.015 0.061 0.94
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soil (Fig. 10a) that leads to larger TBH and TBV. In comparison to the
Sim1, the Sim3 reduces the RMSEs by about 46% and 9% for the TBH

and TBV, respectively. For the Maqu site, the Sim3 provides comparable
TBp simulations as the Sim2 during the warm season, while both TBH

and TBV are overestimated in the cold season when the soil is frozen.
The reason for this is that Mironov's model provides lower ε′s estimates
for the frozen soil (Fig. 10b) that leads to also larger TBp estimates. It
should be also noted that Mironov's model requires the total soil water
content (θ) as input (Appendix A), and it's, therefore, impossible to
compare the θ retrievals based on Mironov's model with the θliq re-
trievals using the four-phase dielectric mixing model (Section 5) or the
measurements provided by the 5TM probe (Section 2.1) when the soil is
frozen.

6.2. Impact of parameter N on emission simulations

As shown in Section 4.3, the new surface roughness parameteriza-
tion based on the empirical power function between h and s developed
by Wigneron et al. (2011) in combination with the linear function be-
tween Q and h developed by Lawrence et al. (2013) outperform the
default SMAP parameterization in simulating the TBp. The parameter N
is set to 2 as the SMAP parameterization, whereas it is often considered
to be 0 in the literature (Wang et al., 1983; Mo and Schmugge, 1987;
Wigneron et al., 2001). In addition, recent studies (Escorihuela et al.,
2007; Wigneron et al., 2011; Lawrence et al., 2013) showed that dif-
ferent N values should be used for vertical and horizontal polarizations.
Notably, Lawrence et al. (2013) also proposed to separately correlate
the parameter N with h for vertical and horizontal polarizations as:

= ⋅ − − −N h1.615 (1 exp( /0.359)) 0.238H (10a)

= ⋅ −N h0.767 0.099V (10b)

which implies NH=1.04 and NV= 0.33 for bare soil, and NH=1.06
and NV=0.35 for grassland with h computed by Eq. (9a).

To investigate the impact of the parameter N on the TBp simulations,
two additional numerical simulations are carried out by changing the
value of N from 2 to 0 (Sim4a, Table 5), or implementing Eqs. (10a)-
(10b) (Sim4b, Table 5). The other settings are identical to Sim1 and
Sim2 for the Ngari and Maqu sites, respectively. Fig. 11 shows the time
series of SMAP TBp measurements and simulations produced by Sim4a
and Sim4b for both Ngari and Maqu sites. The corresponding error
statistics computed between the SMAP measured and simulated TBp are
included in Tables 6 and 7 for the Ngari and Maqu sites, respectively.
For the Ngari site, both Sim4a and Sim4b reduce the TBH and TBV

underestimations noted for the Sim1 when the soil is dry through im-
plementation of the lower N values, which leads, however, to an
overestimation of both TBH and TBV when the soil is wet. For the Maqu
site, notable overestimations are found in the warm season for both TBH

and TBV produced by the Sim4a and Sim4b. Since the new N values do
not provide better TBp estimates for both Ngari and Maqu sites, it is thus
suggested to keep N as 2 for Tibetan conditions as is the default SMAP
parameterization.

6.3. Validation with 2016–2017 data

As shown in previous sections, the new surface roughness and τp

parameterizations improve the TBp simulations produced by the SMAP
default parameterization for both Ngari and Maqu sites, leading to
better θliq retrievals. In addition, the remaining TBH and TBV under-
estimations noted for the Ngari site can be mitigated by implementing
the Mironov's dielectric mixing model. Additional numerical simula-
tions are carried out to validate the above findings for other annual
cycles, whereby the Sim0-Sim3 (Table 5) are performed for the episode
between August 2016 and June 2017, for which concurrent SMAP TBp

and in-situ SMST measurements are available for both Ngari and Maqu
sites.

Fig. 12 shows the time series of SMAP TBp measurements and si-
mulations produced by Sim0–Sim3 for the new annual cycle for both
Ngari and Maqu sites. Similar as the previous findings, the combination
of new surface roughness parameterization with the Mironov's di-
electric mixing model (i.e., Sim3 shown in Fig. 12a and b) provides the
best match with the SMAP measured TBH and TBV for the Ngari sandy
soil site. For the Maqu silt loamy soil site, the best performance is noted
for the combination of the new surface roughness and vegetation
parameterizations with the four-phase dielectric mixing model (i.e.,
Sim2 shown in Fig. 12c and d).

7. Conclusion

For the Tibetan bare soil site (i.e., Ngari), the τ-ω emission model
with the SMAP parameterization of surface roughness underestimates
year-round the SMAP measured TBH (> 20 K), and the TBV is also un-
derestimated (≈5 K) especially during the cold season between
November and April. The TBH underestimation is reduced by adopting a
new surface roughness parameterization, whereby the empirical power
function developed by Wigneron et al. (2011) between h and s is im-
plemented and the Q is a linear function of the h. Higher values for h
and Q (0.56 and 0.1) are adopted in comparison to the SMAP defaults

Fig. 10. Time series of ε′s and ε″s estimates produced by either the four-phase or Mironov's dielectric mixing model for (a) Ngari and (b) Maqu sites between May 2015 and April 2016.
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(0.15 and 0), implying that the surface roughness effect may be un-
derestimated by current SMAP soil moisture retrieval algorithms for the
Tibetan bare soil condition. Further, with the implementation of the
effective dielectric mixing model developed by Mironov et al. (2017)
for both frozen and thawed mineral soils at 1.4 GHz, the remaining TBH

and TBV underestimations are almost totally eliminated, reducing the
RMSEs by about 81% and 29% for the TBH and TBV, respectively.
Moreover, the improvements of TBH and TBV simulations lead to better
θliq retrievals for both SCA-V and SCA-H approaches. Although the
ubRMSEs of all the θliq retrievals are comparable with each other and
better than the expected performance of SMAP mission, i.e.,
0.04 m3m−3 (Chan et al., 2016), implementing the new para-
meterizations of surface roughness reduces both the bias and RMSE in
comparison to the default parameterizations. For instance, the bias
computed between the measured and retrieved θliq are reduced by
about 21% and 45% for the SCA-V and SCA-H, respectively.

For the Tibetan grassland site (i.e., Maqu), the τ-ω emission model
with the SMAP parameterization of surface roughness and vegetation
effects overestimates both TBH and TBV during the warm season be-
tween June and July, and underestimates the TBH during the cold
season between November and April. Implementation of the new sur-
face roughness parameterization reduces the TBH underestimation
noted for the cold season, while the TBp overestimations are amplified
in the warm season. After adopting the new τp parameterization derived
from the simulations produced by the discrete radiative transfer model,
the discrepancies are appreciably reduced, and the TBp dynamics are

better captured for both warm and cold seasons. It is found that the τp

estimates can be linearly correlated to the LAI values (i.e.,
τp=0.025⋅LAI) and are much lower than these adopted by the default
SMAP parameterizations, indicating that the SMAP soil moisture re-
trieval algorithms may overestimate the vegetation effects over the
Tibetan grasslands by employing higher τp values. Implementation of
the new surface roughness and vegetation parameterizations also im-
proves the θliq retrievals, and the measured θliq dynamics are better
captured for both warm and cold seasons as well. In comparison to the
SCA-V and SCA-H configured with the default SMAP parameterizations,
the ubRMSEs computed between the measured and retrieved θliq are
reduced by about 44% (from 0.080 to 0.045m3m−3) and 40% (from
0.099 to 0.059m3m−3), respectively. However, it should be noted that
implementation of Mironov's dielectric mixing model degrades the TBp

simulations for the cold season.
This study indicates that the SMAP soil moisture retrieval algo-

rithms underestimate the surface roughness effect and overestimate the
vegetation effect on the Tibetan Plateau. The updated parameteriza-
tions of surface roughness and vegetation proposed in this study are
useful to resolve above deficiencies and provide consistent and rea-
sonable TBp simulations and θliq retrievals for both warm and cold
seasons. It should be noted that the surface roughness and vegetation
parameterizations developed in this study are specifically for the
Tibetan Plateau, while the SMAP parameterizations are proposed for
global applications with a certain compromise.

Fig. 11. Time series of SMAP measured and simulated (a, c) TBH and (b, d) TB
V produced by Sim4a-Sim4b based on the τ-ω emission model for the (a, b) Ngari and (c, d) Maqu sites

between May 2015 and April 2016.
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Appendix A. Mironov's soil dielectric mixing model

According to the generalized refractive mixing dielectric model (GRMDM) developed by Mironov et al. (2004), the real (ε′s) and imaginary (ε″s)
parts of the effective soil permittivity (εs) can be expressed by the real (ns) and imaginary (ks) parts of the soil complex refractive index (CRI) as:

′ = − ′ =′ε n k ε n k, 2 ss s
2

s
2

s s (A1)

A temperature- and texture-dependent dielectric mixing model was developed by Mironov et al. (2013) for thawed mineral soils at 1.4 GHz,
formulated as:
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Fig. 12. Time series of SMAP measured and simulated (a, c) TBH and (b, d) TBV produced by Sim0–Sim3 based on the τ-ω emission model for the (a, b) Ngari and (c, d) Maqu sites between
August 2016 and July 2017.
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where n is the refractive index, k is the normalized attenuation coefficient, θ is the volumetric total soil water content (m3m−3), θt is the maximum
bound water fraction (m3m−3), T is the soil temperature (°C), C is the clay fraction of soil (%), and the subscripts s, d, b, and u refer to the moist soil,
dry soil, bound soil water, and free soil water, respectively.

Recently, Mironov et al. (2017) further developed a temperature- and texture-dependent dielectric mixing model for frozen mineral soils at
1.4 GHz, formulated as:
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= +m C T0.0019 (1 1.056 exp( /6.77))g1 (A13)

− = −n ρ T( 1)/ 0.415 0.0256 exp( /3.57)m m (A14)

− = +n ρ T( 1)/ 8.042 0.0921b b (A15)

− = +n ρ T( 1)/ 1.305 1.022 exp( /4.02)i i (A16)

=k ρ/ 0m m (A17)

= −k ρ T/ 1.654 0.258 exp( /4.07)b b (A18)

= +k ρ T/ 0.204 0.00354i i (A19)

= ⋅m θ ρ ρ/ dg w (A20)

where ρ is the density (kg m−3), ρw is the density of water (kgm−3), mg is the gravimetric liquid soil water (kg kg−1), mg1 is the maximum
gravimetric fraction of unfrozen bound water (kg kg−1), and the subscripts s, d, m, b, and i (which are related to n, k and ρ) refer to the moist soil, dry
soil, solid (mineral) component of soil, unfrozen bound water, and moistened ice, respectively.

Above equations (Eqs. (A1)–(A20)) constitute the temperature- and texture-dependent dielectric mixing model for computing the effective soil
permittivity (εs) of frozen and thawed mineral soils at the frequency of 1.4 GHz. The inputs needed for this integral dielectric model include the soil
bulk density (ρd), volumetric total water content of soil (θ), soil temperature (T) and clay content (C). In this study, the ρd and C are taken from the
soil property measurements (Table 1), the T is derived from the in-situ measurements provided by the 5TM probe (Section 6.1). For the thawed soil,
the θ is equal to the volumetric liquid water content (θliq) that is derived from the in-situ measurements provided by the 5TM probe. For the frozen
soil, the θ is estimated via linear interpolation between the θliq measured before and after the freeze–thaw cycle as in Zheng et al. (2017b) and Zheng
et al. (2017a).
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