IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 12, NO. 6, JUNE 2015

1337
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Abstract—This letter quantitatively analyzes and reduces the
uncertainties of soil moisture retrieval using the L-band microwave brightness temperatures and the L-band Microwave Emission of the Biosphere model. Through a global sensitivity analysis
using the method of extended Fourier amplitude sensitivity testing,
the crucial parameters are identified at different polarizations
and incidence angles. The retrieval uncertainties of soil moisture
caused by the observation error, parameter uncertainty, and retrieval strategy are then studied based on an ensemble retrieval
and Polarimetric L-band Multibeam Radiometer flight data. The
results show that soil moisture retrieval accuracy is determined by
both the total sensitivity of each model parameter and the coupling
effect between soil moisture and other parameters. Consequently,
three-parameter retrieval, including soil moisture, optical depth,
and roughness, is recommended. During three-parameter retrieval
using observations at three angles, H-polarization is doing better
than V-polarization due to its higher sensitivity to the optical
depth; a good pre-estimation and lower standard deviation of optical depth will improve the soil moisture retrieval results. Increasing the number of brightness temperature observations by using
multiangle and dual-polarized radiometer can obviously reduce
the uncertainties caused by observation error, parameter uncertainties, and inversion method.
Index Terms—Ensemble retrieval, global sensitivity analysis
(SA), soil moisture, uncertainty.

I. I NTRODUCTION

S

OIL moisture is an important variable in climate and
hydrology research. Microwave remote sensing is the recommended technique to estimate the soil moisture distribution,
and L-band is most suitable due to its longer wavelength and

stronger penetration ability. Soil Moisture and Ocean Salinity
(SMOS) [1]–[4] now provides multiangle and dual-polarized
brightness temperatures of the land surface at the L-band with
the aim to estimate global surface soil moisture with an error of
less than 0.04 cm3 /cm3 .
Because of the coarse resolution of SMOS, it is difficult
to evaluate the soil moisture retrieval algorithm based on the
current observation networks. Therefore an airborne simulator of SMOS is useful, e.g., Polarimetric L-band Multibeam
Radiometer (PLMR) [5], [6], which can measure the passive
microwave radiation of the land surface with dual-polarization
and three incidence angles (7◦ , 21.5◦ , and 38.5◦ ). Due to its
higher spatial resolution of hundreds of meters, the uncertainty
of SMOS-derived soil moisture can be quantitatively analyzed
in a specific region based on calibration of the airborne soil
moisture retrieved to precise ground measurements.
The retrieval accuracy of soil moisture product is affected
not only by the uncertainty of the radiative transfer model due
to the model structure and parameter setting but also by the
observation error of the radiometer and the uncertainty of the
inversion strategy. Therefore, this letter quantitatively analyzes
the contribution of model parameters and their coupling effect
to the brightness temperature output by the L-band Microwave
Emission of the Biosphere (L-MEB) model using a global
sensitivity analysis (SA). The uncertainties due to observation
error, parameter uncertainty, and inversion strategy are then
evaluated using ensemble retrieval. Finally, some suggestions to
reduce the uncertainties are proposed.
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A. Microwave Radiative Transfer Model
The L-MEB model is used by the SMOS soil moisture inversion algorithm, based on the zero-order form of radiative transfer equation [7], [8]. In this letter, two layers are considered,
i.e., the vegetation and the soil layers. The main parameters of
the L-MEB model are shown in Table I.
In Heihe Watershed Allied Telemetry Experimental Research
(HiWATER), there were several PLMR flights and an intensive wireless sensor network that conducted synchronized soil
moisture observations [9], [10]. By using the PLMR multiangle
observations at 700-m resolution, the model parameters were
accurately calibrated (see Table I) [11]. The PLMR multiangle
data are also used to test the parameter retrieval method.
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TABLE I
C ALIBRATED VALUE AND R ANGE OF THE L-MEB M ODEL PARAMETERS

B. Global SA
To quantitatively analyze the contribution of each model
parameter to the L-MEB output, a global SA method, i.e., extended Fourier amplitude sensitivity testing (EFAST) [12], was
used to evaluate the sensitivity of model parameters under
different angles and polarizations. EFAST is a variance-based
global SA method that combines the Fourier Amplitude Sensitivity Testing and Sobol methods, with the advantage that
EFAST can handle nonlinear problems quantitatively at a rather
small computation cost.
Many studies have performed sensitivity analyses of microwave radiative transfer models, but most studies only consider several major parameters independently by changing one
parameter at a time [13], [14]. However, the interaction between
parameters cannot be neglected, particularly when the number
of model parameters is large. EFAST can estimate both the
total and the first-order sensitivity index of each parameter. The
total sensitivity index is the total contribution of each input
parameter to the variance of the model output, including the
parameter’s main effect (first-order sensitivity index) and all the
interaction terms [12]. The sum of each first-order sensitivity
index is close to 1.
In this letter, L-MEB is assumed to be sufficiently accurate
to model the microwave radiative transfer process over the
vegetated land; the sensitivity of all major parameters listed in
Table I is analyzed. It is assumed that each parameter has a
uniform distribution, with the range provided in Table I. The
sample size is assigned as 5000.
The parameters that dominate the model output are distinguished based on the SA, which impacts parameter selection
during soil moisture retrieval.

C. Ensemble Retrieval
To optimize the soil moisture during retrieval process, a
cost function was minimized using the Levenberg–Marquardt
iterative algorithm
cost =

 (TB_obs − TB_sim )
σ(TB_obs )

+

 (P ini − P ∗ )
σ(Pi )

(1)

where TB_sim is the simulated brightness temperature, TB_obs
is the observed brightness temperature, and σ(TB_obs ) is the
standard deviation (STD) of the observation. Piini is a vector
consisting of the first guess for the parameters to be retrieved,
and σ(Pi ) is the STD of this initial estimate. An ensemble retrieval method is used to quantitatively analyze the uncertainties
caused by observation, parameters, and retrieval process and to
find some treatments to reduce these uncertainties.

To create an ensemble data set of brightness temperatures
at three incidence angles and dual-polarization consistent with
PLMR, different combinations of three model parameters were
used, including soil moisture (SM ), optical depth (τ ), and
roughness parameter (Hr ). The ranges of three parameters
were divided into ten subranges with the minimum (SM : 0.05;
τ : 0.07; and Hr : 0.15). These minimums were then accumulated with the step (SM : 0.05; τ : 0.07; and Hr : 0.15) until
the upper bounds of the ranges, ending up with ten levels of
each parameter. Then, 1000 kinds of different parameter combinations were produced. Effective soil temperature Te is set to
300 K during SA, which is the average of the changing range;
other parameters are from the calibration results in Table I.
1) Observation Uncertainty: To understand the uncertainty
of the retrieved soil moisture due to the observation error of the
microwave radiometer, brightness temperatures are first simulated using the 1000 different combinations of the three major
model parameters of L-MEB and the other calibrated parameters in Table I.
Different levels of Gaussian-distributed noise (1–3 K) [15],
representing the observation errors, were then randomly added
to the modeled brightness temperatures to produce an ensemble
with a size of 1000. Finally, the single parameter (soil moisture)
retrieval was undertaken on this ensemble data set to obtain the
root-mean-square error (RMSE) of retrieved soil moisture.
2) Parameter Uncertainty: The errors of the model parameters play an important role in the soil moisture retrieval. Using
the ensemble data set of brightness temperatures produced in
the same way but without observation errors, the influences of
τ and Hr were evaluated based on the ensemble retrieval of
soil moisture. To depict the model parameter uncertainty, the
input parameter ensembles, including parameter errors, were
produced by adding different levels of Gaussian noise, τ (0.02,
0.07, 0.15, 0.3) and Hr (0.05, 0.15, 0.3, 0.6), to the calibration
value of τ and Hr , respectively. The ensemble retrieval of
soil moisture was then performed on the simulated brightness
temperature data set using the input parameter data set with
different levels of uncertainties to estimate the response of soil
moisture retrieval RMSE to the parameter error.
3) Retrieval Uncertainty: If the number of parameters to be
retrieved is greater than that of the remote sensing observations,
an ill-posed inversion problem arises. This problem is common
in quantitative remote sensing, particularly when focusing on
the soil moisture. To overcome this challenge, an experiment
was designed to test the utility of multiangle remote sensing
observations and pre-estimation information of model parameters to reduce the inversion error.
In the soil moisture inversion process, the initial estimate
and STD of the retrieved parameters should be provided in (1),
and their errors would contribute to the uncertainty of the soil
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Fig. 1. Global SA of the L-MEB model: first-order and total sensitivity at (a) dual-polarization, (b) total sensitivity, and (c) interaction term at different incidence
angles.

moisture retrieval. A smaller STD indicates that the confidence
in the estimated value is higher, which mainly depends on the
prior knowledge of model parameters. Similarly, using the same
ensemble of brightness temperatures produced without observation error, different levels of Gaussian noise were added to the
initial estimates to test the three-parameter ensemble retrieval.
The real PLMR data were then used to conduct soil moisture
retrieval with different STDs of the retrieved parameters; the
retrieval result is verified by the observations of 50 groundbased wireless sensor network nodes [9], [10].

tion of the SM parameter under H-polarization. Because the
incidence angle can be obtained during radiometer measurement, the four most sensitive parameters are τ , Hr , Te , and
SM . Furthermore, the land surface temperature can be operationally obtained by infrared remote sensing with satisfactory
accuracy, e.g., Moderate Resolution Imaging Spectroradiometer (MODIS) land surface temperature product, whereas the
parameterization of τ and Hr is difficult; therefore, τ and Hr
should be retrieved along with SM .
B. Observation Uncertainty Analysis

III. R ESULTS
A. SA of L-MEB
The SA in Fig. 1 shows that the parameters of the L-MEB
model have different degrees of contribution to the output
brightness temperature at different polarizations and incidence
angles. Fig. 1(a) reveals that SM , Hr , Te , τ , and incidence angle θ together account for more than 90% of the L-MEB output.
The total sensitivity index of each parameter was found to be
always higher than its first-order sensitivity index because the
former includes the interactions among parameters. However,
both indexes exhibit similar trends, indicating that the firstorder sensitivity accounts for most of the total sensitivity.
At the small incidence angle [see Fig. 1(b)], the most dominant parameter is Hr ; other important parameters, in decreasing
order of influence, are SM , Te , and τ . At the larger incidence
angle, the dominant parameter is τ ; other important parameters,
in decreasing order of influence, are Hr , Te , and SM . In
general, the sensitivity of SM , Hr and Te is lower under
H-polarization than under V-polarization. In contrast, the optical depth is more sensitive under H-polarization.
With increasing incidence angle, the first-order and total
sensitivities of SM and Hr decrease. The sensitivity of the
optical depth τ increases with the incidence angle, and its effect
under H-polarization is greater than under V-polarization. The
sensitivity of Te does not change appreciably with the incidence
angle under H-polarization. However, Te exhibits an increasing
trend under V-polarization and is much greater than it is under
H-polarization [see Fig. 1(b)].
As demonstrated in Fig. 1(c), all the parameters’ interaction
sensitivity terms increase with incidence angle, with the excep-

Fig. 2(a) illustrates that the soil moisture retrieval accuracy
values at different incidence angles and polarizations have different responses to the observation error. The most influenced
incidence angle is 38.5◦ , whereas the least influenced one is 7◦ .
This pattern is similar to the interaction sensitivity term of SM
in Fig. 1(c). It shows that the larger interaction of SM with
other parameters will increase the uncertainty in soil moisture
retrieval. The result also shows that, to achieve a retrieval
error of less than 0.04 cm3 /cm3 for soil moisture, which is the
goal of the SMOS soil moisture product, the observation error
should be less than 2 K. When using all the available remote
sensing observations, the effect of the observation error can be
significantly reduced.
C. Parameter Uncertainty Analysis
Two sensitive parameters (τ and Hr ) in the L-MEB model
were selected to test the influence of parameter uncertainty on
the soil moisture retrieval. The error (RMSE) of τ below 0.07,
which is 10% of the parameter range, can ensure 0.04 cm3 /cm3
soil moisture retrieval accuracy at smaller incidence angles and
V-polarization. The error of τ has a greater impact on the SM
retrieval at larger angles under H-polarization [see Fig. 2(b)].
The same relation is presented with the roughness parameter;
the acceptable error of Hr was found to be below 0.05, which is
less than 5% of the Hr range [see Fig. 2(c)]. The uncertainty of
SM retrieval increases with the total sensitivity of τ . However,
the result of Hr parameter exhibits a trend more similar to
that of the interaction sensitivity term [see Fig. 1(c)]. It suggests that Hr may have more interaction with SM compared
with τ .
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Fig. 2.

Responses of soil moisture retrieval RMSE to the errors of (a) observation Tb , (b) optical depth τ , and (c) roughness parameter Hr .

Fig. 3.

Three-parameter retrieval using (a) simulated and (b) real PLMR observations at three angles and dual-polarization.

D. Retrieval Uncertainty Analysis
The three-parameter retrieval method (3-P), which simultaneously retrieves SM , τ , and Hr , has been used with the simulated brightness temperatures and PLMR data for the following
three combinations of observations: dual-polarization at three
angles (six channels), H-polarization at three angles (three
channels), and V-polarization at three angles (three channels).
The simulated brightness temperatures can give different scenarios on the estimation errors of retrieved parameters. In addition, when using real PLMR data, with the calibration values as
pre-estimations, the influence of STDs on soil moisture retrieval
can be tested.
Except for considering the soil moisture as a free parameter,
different levels of Gaussian noise (error) are added on the initial
guess of both τ and Hr : τ (0.02, 0.07, 0.15, 0.3) and Hr (0.05,
0.15, 0.3, 0.6). The STDs of τ and Hr are set to 0.7 and 1.5,
which is the upper bound of parameters’ range during retrieval,
aiming to reduce the effect of STD as far as possible.
Fig. 3(a) demonstrates that using all six observation channels
reduces the uncertainties caused by parameter estimation error;
the estimation error of τ dominates the RMSE of retrieved soil
moisture under H-polarization, whereas the estimation error of
Hr has significant influence on the RMSE under V-polarization.
During three-parameter retrieval using V-polarization, because
of the low sensitive to τ , the model output is mostly determined
by Hr and SM ; thus, the estimation error and free change (higher
STD) of Hr cause a huge error in the soil moisture retrieval.

The PLMR observation on July 10, 2012 was used to explore
the effect of STDs of retrieved parameters on soil moisture inversion. The initial guesses of parameters came from the calibration results in Table I [11], the STDs for each parameter are as
follows: τ (0.02, 0.07, 0.15, 0.3) and Hr (0.05, 0.15, 0.3, 0.6).
Fig. 3(b) shows that, except for the situation of V-polarization, as long as the STD of τ is above 0.15 and the STD of Hr is
under 0.3, being about 50% of the calibrated values, the RMSE
of soil moisture retrieval can be fewer than 0.05 cm3 /cm3 .
No matter using simulated or real PLMR data, the overall
RMSE of using dual-polarization observations at all angles is
lower than that of using only H- or V-polarization observations.

IV. C ONCLUSION
The EFAST analysis shows that only certain parameters
play important roles in the radiative transfer model, which
have different contributions depending on the polarizations and
incidence angles.
Using simulated brightness temperatures with different observation errors, the single-parameter retrieval results showed that,
at large incidence angle, the RMSE of soil moisture is more
sensitive to the brightness temperature noise, mainly due to the
larger interaction of soil moisture with other model parameters.
The parameter uncertainty also leads to different levels
of influence at different incidence angles and polarizations.
H-polarization, particularly at large incidence angle, is more
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likely impacted by the uncertainty of τ and Hr due to high total
sensitivity or interaction of the parameters. The higher sensitivity of input parameter generally increases the soil moisture
retrieval uncertainty, but when the parameter has a strong interaction with soil moisture, the interaction term dominates the
source of uncertainty.
The use of auxiliary data to predefine the model parameter
is the ideal way to reduce the parameter uncertainty. However,
when the precise value of a model parameter cannot be estimated, the multiparameter retrieval should be used.
During the 3-P soil moisture retrieval, if the observation
channels are noisy or deficient, for example, caused by the
radio-frequency interference (RFI), it is better to choose the
H-polarization observations rather than V-polarization observations because of the lower sensitivity of V-polarization to τ . A
good pre-estimation of τ is more important than that of Hr when
3-P retrieval is conducted on the vegetation-covered surface.
If there is a pre-estimation of the τ such as from a leaf area
index remote sensing product, it is better not to give a high STD.
The more precise estimation of τ , the lower the STD of τ that
should be specified. Using H-polarization or dual-polarization,
giving an STD on Hr close to half of its pre-estimation will
reduce the uncertainty of soil moisture retrieval in some degree.
Because multiple brightness temperature observations have
a major influence on reducing the uncertainty during soil
moisture retrieval, it is important to use as many observation
channels as possible.
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