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This study presents a soil moisture assimilation scheme, which could assimilate microwave brightness 
temperature directly, based on the ensemble Kalman filter and the shuffled complex evolution method 
(SCE-UA). It uses the soil water model of the land surface model CLM3.0 as the forecast operator, and a 
radiative transfer model (RTM) as the observation operator in the assimilation system. The assimilation 
scheme is implemented in two phases: the parameter calibration phase and the pure soil moisture 
assimilation phase. The vegetation optical thickness and surface roughness parameters in the RTM are 
calibrated by SCE-UA method and the optimal parameters are used as the final model parameters of the 
observation operator in the assimilation phase. The ideal experiments with synthetic data indicate that 
this scheme could significantly improve the simulation of soil moisture at the surface layer. Further-
more, the estimation of soil moisture in the deeper layers could also be improved to a certain extent. 
The real assimilation experiments with AMSR-E brightness temperature at 10.65 GHz (vertical polariza-
tion) show that the root mean square error (RMSE) of soil moisture in the top layer (0―10 cm) by as-
similation is 0.03355 m3·m−3, which is reduced by 33.6% compared with that by simulation (0.05052 
m3·m−3). The mean RMSE by assimilation for the deeper layers (10―50 cm) is also reduced by 20.9%. All 
these experiments demonstrate the reasonability of the assimilation scheme developed in this study. 

land data assimilation, soil moisture, ensemble Kalman filter, SCE-UA method, radiative transfer model, AMSR-E 

Soil moisture is a key state variable in the interactions 
between the land surface and the atmosphere and plays 
an important role in the weather and climate processes 
through effecting the portioning of sensible and latent 
heat fluxes[1―3]. Therefore, the estimation of soil mois-
ture with a certain spatial and temporal resolution is 
important for the development of the weather forecast 
and climate models. However, the applicability of cur-
rent in-situ soil moisture measurement is restricted by its 
scarce distribution, discontinuity, and long time interval, 
and the accuracy of soil moisture estimation from a land 
surface model is limited by the uncertainties of its vari-
ous physical processes and parameterizations and in- 

complete atmospheric forcing[4]. Microwave remote 
sensing (especially low-frequency) could be used to re-
trieve soil moisture at a few centimeters underground 
through a variety of inversion methods[5―7] due to its 
sensitivity to soil moisture at the surface, but it could not 
be used to retrieve that for deep layers[8]. 

Land data assimilation, which originates from at-
mospheric and oceanographic sciences, provides a fra-  
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mework for taking full advantages of land surface model 
estimation and various kinds of observations (e.g., 
in-situ measurements and satellite remote sensing data) 
to obtain the optimal estimation of land surface variables. 
Recently, many studies have been conducted to improve 
soil moisture estimation through assimilating in-situ soil 
moisture measurements[9―14]. De Lannoy et al.[15] ana-
lyzed the effects of assimilation frequency and depth on 
the assimilated soil water content based on the Commu-
nity Land Model version 2.0 and the ensemble Kalman 
filter. Tian et al.[16,17] developed a dual-pass land surface 
soil moisture data assimilation framework to consider 
the model subgrid-scale heterogeneity and soil water 
thawing and freezing using the dual-ensemble Kalman 
filter and dual-unscent Kalman filter respectively, which 
optimizes model parameters and state variables simulta-
neously. The experiments demonstrated that this 
dual-pass assimilation framework could not only in-
crease the precision of surface soil moisture estimation 
but also improve soil moisture estimation in the deeper 
layers to some extent. 

The applications of microwave remote sensing data 
(e.g., SSM/I, TMI, AMSR-E) in land data assimilation 
have been a hot topic in many studies due to their higher 
temporal and spatial resolutions and availability. Cros-
son et al.[18] assimilated the S and L band microwave 
brightness temperatures using a microwave radiative 
transfer model based on the distributed hydrological 
model SHEELS and the extended Kalman filter, and 
found that the assimilated soil moisture profile was more 
close to observed than simulated. Li et al.[19] developed a 
data assimilation scheme by which the TMI low fre-
quency microwave brightness temperature (10.7 GHz) is 
assimilated into the SiB2 model using a very fast simu-
lated re-annealing algorithm, and Huang et al.[20] as-
similated the microwave brightness temperature using 
ensemble Kalman filter applied to the area of Tibetan 
Plateau. These schemes showed that soil moisture dis-
tribution estimated by the land surface model (SiB2) 
could be improved through assimilating the microwave 
brightness temperature. However, many studies[21―24] 
found that the vegetation optical thickness and the soil 
roughness with a high spatial heterogeneity play an im-
portant role in simulating microwave brightness tem-
perature in a radiative transfer model, which was usually 
unavailable. Therefore it is necessary to determine the 
vegetation optical thickness and soil roughness parame- 

ters for the application of microwave remote sensing in 
land data assimilation. An auto-calibration system to 
assimilate AMSR-E brightness temperature of vertical 
polarization at 6.9 GHz and 18.7 GHz for estimating soil 
moisture and surface energy budget can be found in 
Yang et al.[25] . 

In this study, we develop a dual-pass soil moisture as-
similation scheme using the ensemble Kalman filter 
(EnKF)[26] and the shuffled complex evolution (SCE-UA) 
method[27]. It consists of a soil water model as the fore-
cast operator to estimate the distribution of soil moisture, 
and a radiative transfer model (RTM) as the observation 
operator to assimilate the microwave brightness tem-
perature, and this scheme is coupled partially with the 
National Center for Atmosphere Research (NCAR) 
Community Land Model version 3.0 (CLM3.0)[28]. This 
assimilation scheme uses the dual-pass framework that 
is implemented in two phases: the parameter calibration 
phase and the pure soil assimilation phase as described 
in Yang et al.[25]. Our optimization scheme in this paper 
is embedded in the EnKF algorithm, which is different 
from Yang et al.[25]. In addition, in the parameter calibra-
tion phase, it sets up randomly the initial values of the 
optimized parameters in the RTM to eliminate their ef-
fects and does not use the soil wetness index (SWI)[25] to 
adjust soil moisture at the surface as the input of the 
RTM. In this paper, we will describe the ideal experi-
ments to evaluate our assimilation scheme and present 
the real assimilation experiments using AMSR-E 
brightness temperature.  

1  Models and methods 

A soil moisture assimilation scheme developed in this 
study consists of a forecast operator, an observation op-
erator, and the assimilation and optimization algorithms. 
The soil water model of the land surface model 
CLM3.0[28] is taken as the forecast operator to estimate 
the distribution of soil moisture, and the microwave 
RTM is used as the observation operator to simulate mi-
crowave brightness temperature. The root square analy-
sis ensemble Kalman filter[26] is selected as the assimila-
tion algorithm and the SCE-UA method[27] is used to 
optimize the vegetation optical thickness and surface 
roughness parameters in the RTM. The input data in-
cludes the atmospheric forcing data, the microwave 
brightness temperature (at 10.65 GHz in this study) and 
the necessary land surface parameters (e.g. soil texture, 
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leaf area index). Since the vertical polarization is less 
sensitive to vegetation coverage than the horizontal po-
larization[29], we only choose the vertical polarization 
brightness temperature as the observations in this study. 

1.1  Soil water model 

For simplicity we do not consider heat and water trans-
fer processes and soil water thawing and freezing in this 
study. We take the soil water model of the land surface 
model CLM3.0[28] as the model operator, which is ex-
pressed as 

,fm
θ q E R
t z

∂ ∂
= − − −

∂ ∂
        (1) 

where θ is the volumetric soil moisture content 
(m3·m−3), q is the vertical soil water flux (mm·s−1), E is 
the evapotranspiration rate (mm·s−1), Rfm is the melting 
(negative) or freezing (positive) rate (Rfm is set to zero 
for convenience), and z is the depth from the soil surface 
(both q and z are positive downward).  

The soil water flux q is described by Darcy’s law[30]: 
( ) ,ψ zq k

z
∂ +

= −
∂

           (2) 

where 2 3( / ) b
s sk k θ θ +=  is the hydraulic conductivity 

(mm·s−1), ( / ) b
s sψ ψ θ θ −=  is the soil hydraulic poten-

tial (mm), and ks, ψs, θs, and b are all constants. Here we 
choose the same soil stratification as that in CLM3.0[28] 
where the soil column is discretized into ten layers with 
different thickness (see Oleson et al.[28] for details). The 
upper boundary condition is 

0
0

( )( ) ,ψ zq t k
z

∂ +
= −

∂
          (3) 

where q0(t) is the water flux at the land surface (referred 
to as infiltration in this paper, E is set to zero), the lower 
boundary condition is ql=0. The equations (1) and (2) 
with the boundary conditions can be solved using the 
mass lumped finite element method[31,32]. 

1.2  Microwave radiative transfer model 

The microwave radiative transfer model is used to 
simulate brightness temperature at the top of the atmos-
phere. Since the atmosphere only has a slight effect on 
the microwave signal at a low frequency (especially 
lower than 20 GHz), the atmospheric attenuation is not 
taken into account for simulating brightness temperature, 
which means that the brightness temperature at the top 
of the vegetation is equivalent to that at the top of the 
atmosphere. Following Mo et al.[33] and Yang et al.[25], 

when multiple scattering between land surface and 
vegetation neglected, the brightness temperature at the 
top of vegetation is calculated according to the follow-
ing formula: 

(1 )exp( ) (1 )[1 exp( )]bp g sp c c cT T r Tτ ω τ= − − + − − −  

[1 exp( )],sp cr τ⋅ + −                       (4) 

where the subscript p is vertical (horizontal) polarization, 
rsp is soil reflectivity, τc and ω are vegetation optical 
thickness and single scattering albedo respectively, Tg 
and Tc are ground temperature and vegetation tempera-
ture respectively. We use the same radiative transfer 
model as that in Yang et al.[25]. 

The Q-H model is used to calculate the soil reflectiv-
ity for considering the effects of the surface roughness 
on the microwave radiation signal[34]: 

[(1 ) ]exp( ),sh h vr Q R Q R H= − ⋅ + ⋅ −       (5a) 

[(1 ) ]exp( ),sv v hr Q R Q R H= − ⋅ + ⋅ −       (5b) 
where the subscript h and v denote horizontal polariza-
tion and vertical polarization respectively, both Q and H 
are the empirical parameters which describe surface 
roughness effects, Rh and Rv are Fresnel reflectivities 
under smooth surface. Rh and Rv are calculated using 
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respectively, where θ is the incident angle, εr is the soil 
dielectric constant which is calculated following Dobson 
et al.[35] and Ulaby et al.[36]. The other parameters, such 
as the vegetation optical thickness and surface roughness, 
could be given by refs. [21, 22, 29, 37]: 

0.795
0 ( ) ,Q Q k σ= ⋅                  (7) 

0.1cos( ) ,H k θσ= ⋅                  (8) 

'(100 ) / cos ,c cb wχτ λ θ=              (9) 

exp(LAI / 3.3) 1cw = − ,             (10) 
0.00083/ ,ϖ λ=                  (11) 

where k is the wave number defined as 2π/λ, λ is the 
wavelength (m), σ is the standard deviation of surface 
height, wc is the vegetation water content (kg·m−2), LAI 
is the leaf area index (m2·m−2), and b′, χ, and Q0 are all 
the empirical coefficient. 
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According to Jackson and Schmugge[21] the parameter 
χ can be set to −1.08 (stem-dominated, such as wheat) or 
−1.38 (leaf-dominated, such as soybean). The soil po-
rosity in the land surface model CLM3.0 is calculated by 
θsat,i=0.489−0.00126·(sand%)i (see equation 7.72 in 
Oleson et al.[28]), where θsat,i and (sand%)i are the soil 
porosity and the percentage of sand in the soil for layer i, 
respectively. To avoid introducing too many parameters 
to be estimated, which will bring much more uncertain-
ties and computation, we only optimize the parameters 
whose value could not be almost determined in the RTM, 
and the parameters in land surface model are not in-
cluded. In addition, the three parameters (namely, b′, σ, 
and Q0) in RTM have a significant effect on the simu-
lated brightness temperature while their values are 
highly variable or unavailable, we just take them as the 
parameters to be optimized.  

1.3  Square root algorithm for the EnKF analysis 

Evensen[26] developed a new square root algorithm 
based on the standard EnKF[38]. The perturbation of 
measurements is avoided in this algorithm in the calcu-
lation of the analyzed ensemble mean, which can reduce 
or fully eliminate the sampling errors introduced by the 
measurement perturbation. Furthermore, this algorithm 
solves for the analysis without imposing any additional 
suppositions and approximations, such as the assump-
tion of uncorrelated measurement errors or knowledge 
of the inverse of the measurement error covariance ma-
trix. And this algorithm is much simpler. 

The root square algorithm is used to update the en-
semble perturbations and is derived starting from the 
traditional analysis equation for covariance update in the 
Kalman filter: 

1( ) ,a f f T f T fP P P H HP H R HP−= − +     (12) 
where H is the observation operator, P and R are the 
state variable error covariance matrix and the measure-
ment error covariance matrix, the superscript a, f and T 
denote the analysis, model forecast, and matrix trans-
pose, respectively. Given the matrix holding ensemble 
members A and the ensemble perturbation matrix A′, as 
the state variable is the volumetric soil moisture content 
in this paper, then 1 2( , , , ) .n N

NA Rθ θ θ ×= ∈  In addi-

tion, the vector of measurements md R∈  (microwave 
brightness temperature), E is the ensemble of measure-
ment perturbation, and we now define the matrix S=HA′ 

and C=SST+(N−1)R. The algorithm requires the follow-
ing steps: 

(1) Form C and compute the eigenvalue decomposi-
tion: ZΛZT=C. 

(2) Update the ensemble mean from equation aθ =  
1 ( ).f T T fA S Z Z d Hθ θ−′+ Λ −  

(3) Evaluate the matrix 1/ 2
2 .TX Z S−= Λ  

(4) Compute the SVD: 2 2 2 2.TU V XΣ =  
(5) Then evaluate the analyzed ensemble perturba-

tions from 2 2 2
a TA A V I Θ′ ′= − Σ Σ  (Θ is a random or-

thogonal matrix), and add the ensemble mean of analysis 
aθ  from step (2) to get the analysis of state variable  

Aa. 

1.4  SCE-UA optimization method 

SCE-UA method is a new optimization method devel-
oped by Duan et al.[27] to automatically calibrate the 
model parameters of the conceptual rainfall-runoff 
model for its special difficulties, such as nonlinear, 
multi-extreme, no specific expression and interval bound 
constraints. This method combines much excellence of 
modern optimization method (including the genetic al-
gorithm), and could solve for global optimization of 
high-dimensional problem. Moreover, it does not require 
an explicit objective function or the partial derivative of 
objective function. SCE-UA method is an effective and 
efficient optimization technique for nonlinear con-
strained problem. The more details about the specific 
process and application of this method are referred to 
Duan et al.[27,39]. 

1.5  Soil moisture assimilation scheme 

Figure 1 shows the flowchart of the soil moisture as-
similation scheme, which consists of two phases: the 
parameter calibration phase and the pure assimilation 
phase. First, we run the land surface model with the at-
mospheric forcing. Then, the CLM-simulated infiltration 
is used as the upper boundary of the soil water model 
and the CLM-simulated vegetation temperature and 
ground temperature are taken for the RTM as input. 
Other parameters needed by RTM, for example, soil 
texture (percentage of sand and clay in soil) and leaf 
area index, are all from the surface data sets for the land 
surface model (CLM3.0[28]).  

(1) The parameter calibration phase. The three pa-



 

 Jia B H et al. Sci China Ser D-Earth Sci | Nov. 2009 | vol. 52 | no. 11 | 1835-1848 1839 

 
Figure 1  The flowchart of soil moisture assimilation framework, where CLM is Community Land Model, RTM is Radiative Transfer Model, EnKF is 
Ensemble Kalman Filter, Tg and Tc are ground temperature and vegetation temperature, respectively. 

 
rameters, b′, σ and Q0, of the RTM described in the sub-
section 1.2 are optimized using SCE-UA method. Define 
the following cost function: 

( )
1

210.6 10.6
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= −∑            (13) 

where 10.6
,

V
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V

b obsT  are vertical polarization 

simulated and observed brightness temperature at 10.65 
GHz. According to the measurement number, there has 
been divided into tpass1 “time window” in a long time 
interval (if the measurement is once per day, then the 
length m  of “time window” is set to one day). The 
three parameters are given a group of random initial val-
ues. Use the SCE-UA method to optimize them through 
searching for the minimum of the cost function when the 
measurement exists, and then we could acquire tpass1 
groups of values of the three parameters. Finally, 
evaluate the mean of the optimized parameters in all 

“time window”, 
pass1

1
1 1pass1

1' ' ,
t

t
t

b b
t =

= ∑  
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1
1 1pass1

1 t

t
tt

σ σ
=

= ∑  

and 
pass1

1
1

0 0
1pass1

1 t

t
t

Q Q
t =

= ∑ , which will be taken as the final 

model parameters of observation operator in the next 
phase. 

(2) The pure soil moisture assimilation phase. Take 
the RTM with the optimal parameters as the observation 
operator, and then assimilate brightness temperature di-
rectly using the EnKF algorithm to improve the soil 
moisture forecast. 

2  Assimilation experiments 

2.1  Ideal experiments 

The ideal experiments with synthetic data are first im-
plemented to evaluate the feasibility of this soil moisture 
assimilation scheme. The reference site is centered at 
(110.85°E, 40.85°N) and the CLM3.0[28] is run by 
three-hourly atmospheric forcing, which is generated 
based on the measurements[40,41]. The time step is 
half-hour. We obtain the infiltration of 1092 time steps 
in 2002 after ten-year “Spin-up”, which will be used as 
true input field (Infil-true). At the same time, we take the 
initial soil moisture profile as true initial field (Ini-true). 
In addition, a number of surface variables (e.g., vegeta-
tion temperature, ground temperature) generated by 
CLM3.0[28] and the surface data sets (e.g., soil texture, 
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Figure 2  Time series of the infiltration for the soil water model, where Infil-true is true infiltration (solid line), Infil-error is noisy infiltration (dashed line) 
and X-axis denotes time (time step is half hour). 

 
leaf area index) are taken as the auxiliary data sets to be 
provided for RTM to estimate the microwave brightness 
temperature. In our experiments, add random errors to 
Ini-true and Infil-true to generate imperfect initial field 
(Ini-error) and infiltration (Infil-error), see Figures 2 and 
3 for more details. Here “Infil-error” represents that the 
forecast model is noisy. 
 

 
Figure 3  Initial soil moisture profile, where Ini-true is true (solid line), 
Ini-error is noisy (dashed line). 

 
First of all, the soil water model is forced by 

“Ini-true” and “Infil-true” to get the true distribution of 
soil moisture (True), where both the initial field and 
model forecast have no noise. And the soil moisture 
measurements (Obs-SM) are generated using “Ini-error” 
and “Infil-true”, where the initial field has noise and 
model forecast has no noise. In addition, we need the 

model simulation of soil moisture profile (Sim) under 
the conditions of “Ini-error” and “Infil-error” where both 
the initial field and model forecast have noise when the 
assimilation is under the same conditions. We assume 
that the three parameters to be optimized (b′, σ and Q0) 
are set to a group of random value as true values, then 
drive RTM with soil moisture measurements and the 
auxiliary data sets to get the brightness temperature 
(Obs-Tb), where it is assumed that there is no noise in 
the auxiliary data sets. 

In the ideal experiments, we first optimize the three 
parameters (b′, σ and Q0), whose values are given 
roughly in their value numeric areas, using SCE-UA 
method during step 1―546 in the first phase. Then in 
the second phase, do soil moisture assimilation in the 
whole time interval, where both the initial field and 
model forecast have noise, and evaluate the mean of 
those optimized parameters after calibration. We choose 
three kinds of observed frequency in the experiments: 
3.5-hourly, 7-hourly, and 14-hourly. The ensemble size 
is set to 60. 

To evaluate the performance of the assimilation 
scheme, two statistical features are defined as follows: 
the Relative Error (RE) and the Root Mean Square Error 
(RMSE) 

RE ,i i

i

−
=

S O
O

             (14) 

2

1

1RMSE ( ) ,
n

i i
in =

= −∑ S O        (15) 

where S and O are n-dimensional model simulation (or 
assimilation) vector and observation vector, respectively.  

As the brightness temperature measurements are gen-
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erated by the soil moisture measurements, the best ac-
curacy of the assimilated soil moisture through assimi-
lating the brightness temperature is equal to that through 
assimilating the soil moisture measurements. The com-
parisons among assimilation, model simulation (Sim), 
and true value (True) of the volumetric soil moisture 
content in different soil layers are shown in Figure 4, 
where the microwave brightness temperature is assimi-
lated per 14 hours. Here Ass-Tb denotes assimilating 
brightness temperature while Ass-SM denotes assimi-
lating soil moisture measurements. Figure 4(a) demon-
strates that the dual-pass soil moisture assimilation 
scheme improves surface soil moisture estimation sig- 

nificantly. The soil moisture at the surface by Ass-Tb is 
not only more close to the true value than that by Sim 
but also very close to that by Ass-SM. The RMSE of 
Ass-Tb in the surface layer (0―0.0175 m) becomes 
0.0356, compared to that of Sim (0.0679) as shown in 
Figure 5, which is reduced by 47.6% relatively. Figure 4 
(b)―(d) shows that the assimilation scheme also im-
proves the estimation of soil moisture in deeper layers to 
some extent. The RMSE of Ass-Tb for the 3rd, 5th and 
7th layers is reduced by 36.6%, 31.8%, and 11.7% re- 
spectively (Figure 5). Although the microwave bright-
ness temperature contains only the “information” of 
surface soil, it could be transferred from the top layer to 

 

 
Figure 4  Comparison of the volumetric soil moisture content among the assimilation with the brightness temperature (Ass-Tb), that with the soil mois-
ture measurements (Ass-SM), the simulation (Sim) and the true value (True) in the soil layers (only the 1st, 3rd, 5th and 7th layers). 
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the deeper layers through the soil water hydrology dy-
namics and the covariance information[11,20]. As the model 
simulation underestimates the volumetric soil moisture 
content at the surface layer, this assimilation scheme 
makes the assimilated soil moisture wetter and more close 
to the true value. We can also find that the estimation of 
the soil moisture in the deeper layers is also improved due 
to the transfer of the “information”. However, there are 
less differences of very deep soil moisture (over 1 m 
deep) between the assimilation and the simulation be-
cause soil moisture in very deep layer is stable and hardly 
influenced by that in the surface layer[20]. 

To investigate the impact of the observed frequency 
on the assimilated results, we design another group of 
experiments to test its sensitivity. Three observed fre-
quencies are adopted: 3.5-hourly, 7-hourly, and 14- 
hourly. Figure 6 shows the comparison of RE of soil 
moisture in the surface layer between the assimilation 
and the simulation. It is obvious to find that as the ob-
served frequency decreases, the RE of Ass-Tb scheme 
would increase slightly, but all the three assimilated re- 

sults are much more close to the true value than that 
from the simulation. We also find that even only one 
brightness temperature measurement in one day, the soil 
moisture from assimilation is still better than that from 
the simulation (not shown in this paper). This is of great 
help for real assimilation experiments when assimilating 
the real microwave brightness temperature (e.g., TMI, 
SSM/I, AMSR-E). We will focus on the following nu-
merical experiments of assimilating real AMSR-E mi-
crowave brightness temperature in Inner Mongolia. 

2.2  Assimilation experiments based on AMSR-E 

We choose the reference site centered at (110.85°E, 
40.85°N), which covers a flat area of 0.7° × 0.7° in Inner 
Mongolia (Figure 7). This site is affected slightly by 
human activities, and has a uniform surface with 
semi-arid grassland. There are three automated meas-
urement stations of soil moisture: Tuoxian, Tuyou, and 
Tuzuo, where the volumetric soil moisture content is 
measured three times a month on the 8th, 18th, 28th day 
for four layers at 0―10 cm, 10―20 cm, 20―30 cm, and 

 

 
Figure 5  Root Mean Square Error (RMSE) between assimilated (simulated) and true value (m3·m−3). Sim denotes the simulation of the soil water model 
of CLM3.0, Ass-Tb denotes assimilating brightness temperature, Ass-SM denotes assimilating soil moisture measurements. 

 

 
Figure 6  Relative Error (RE) of soil moisture in the surface layer from the assimilation under three observed frequencies and the simulation of the soil 
water model of CLM3.0 (Sim, solid line). where Ass-Tb1 (dashed line) denotes 3.5-hourly, Ass-Tb2 (dotted line) denotes 7-hourly and Ass-Tb3 (dash-dot 
line) denotes 14-hourly. 
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Figure 7  Map of assimilation experiment site, centered at (110.85°E, 40.85°N). Tuoxian (111.183°E, 40.267°N), Tuyou (110.533°E, 40.55°N), Tuzuo 
(111.015°E, 40.683°N). 

 
40―50 cm. As shown in Figure 8, we take the arithme-
tic mean of observed soil moisture from three stations to 
reduce the scale mismatch between in-situ measure-
ments and mean of grid box. The soil moisture meas-
urements from March 16 to November 16 in 2006, in-
dependent of AMSR-E brightness temperature, are used 
as “true measurements” to evaluate the soil moisture 
assimilation scheme developed in this study. 

First of all, we run CLM3.0[28] with atmospheric 
forcing from 1973 to 2004[40, 41] to acquire the equilib-
rium of the land surface model. Then, we use the at-
mospheric data sets with the high temporal and spatial 
resolutions developed by Shi et al.[42] (0.2°×0.2°) to 
drive CLM3.0[28] again to get the time series of the infil-
tration from March 16 to November 16 in 2006 and 
other auxiliary data sets needed by RTM, such as vege-
tation temperature, ground temperature, soil texture and 
leaf area index, and so on. 

The Advanced Microwave Scanning Radiometer for 
EOS (AMSR-E) brightness temperature used in this 
study is downloaded from University of Colorado 
(ftp://sidads.colorado.edu) and its original format is 
Ease-Grid. We just select the satellite descending orbit 
data to reduce various disturbances during the day time 
from March 16 to November 16 in 2006 and change 
them into latitude-longitude gridded projection (about 
25 km).  

Since the snow cover case is not considered in the 

RTM of the soil moisture assimilation scheme in this 
study, the assimilation experiments are just from March 
16 to November 16, which is from Day 70 of Julian Day 
to Day 320. Since the soil stratification in CLM3.0[28] is 
different from that of in-situ soil moisture measurements, 
in order to compare conveniently, we interpolate linearly 
the model results from the assimilation and simulation to 
the soil layers for 0―10 cm, 10―20 cm, 20―30 cm, 
and 40―50 cm, respectively. 

We optimize the three parameters (b′, σ, and Q0) from 
June to August in 2006 at first in the parameter calibra-
tion phase. Since there is once brightness temperature 
observation per day at most (only vertical polarization of 
descending orbit data used), the length of optimization 
window is set to one day. Figure 9 shows the daily value 
of the three parameters during parameter calibration 
phase and their mean. The parameters b′, σ, and Q0 
should all be static physically, but they change with time 
due to the biases derived from the atmospheric forcing 
and the auxiliary data sets. From Figure 9, it is obvious 
to find that the daily value of them is scattered but in a 
fixed range. Therefore, we take their mean values as the 
final optimal results. 

The time series of the infiltration from CLM3.0 and 
the AMSR-E brightness temperature at 10.65 GHz (ver-
tical polarization) in the corresponding study area are 
present in Figure 10(a). And Figure 10(b)―(e) shows 
the comparison of the volumetric soil moisture content 
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Figure 8  Time series of daily volumetric soil moisture content (m3·m−3) at the three stations (Tuoxian, Tuyou, Tuzuo) and their mean from March 16 to 
November 16 in 2006. 

 
among the assimilation with AMSR-E brightness tem-
perature, the simulation, and the observation in different 
soil layers. Figure 10(b) demonstrates that assimilating 
AMSR-E brightness temperature could significantly 
improve the soil moisture estimation in the top layer 
(0―10 cm) and the assimilated result not only compares 
better with observed data but also is capable of repro-
ducing the temporal variability of observed soil moisture. 
The RMSE of soil moisture from the assimilation is 
0.03355, which is reduced by 33.6% compared to that 
from the simulation (0.05052). 

Figure 10(c)―(e) shows that the estimation of the soil 
moisture in the deeper layers (10―50 cm) is improved 
to some extent, where satellite observations are un-
available. The RMSE of soil moisture with assimilation 
scheme from the second layer to the forth layer is re-
duced by 20.6% on average compared to that with no 
assimilation scheme. There is a more significant im-
provement especially in the second layer (10―20 cm), 
where the RMSE of assimilated soil moisture is 
0.0415094 but that of the simulated one is 0.05717589 
(Figure 10(c)). However, the assimilated result in the 
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Figure 9  Time series of daily value of the three parameters (b′, σ, and Q0) (dots) and their mean (horizontal line) during the parameter calibration phase 
(from June to August in 2006). 

 
deep layer may be worse sometimes. For example, the 
simulated soil moisture in the top layer and the deep 
layer is both wetter than observed in Julian Day 230, but 
the assimilated in the top layer is larger than simulated. 
Therefore, this assimilation scheme makes it worse than 
simulated when this “information” is transferred to deep 
layer from surface. Moreover, there are few improve-
ments when it is deeper than 50 cm (not shown). This is 
mainly attributed to that the soil moisture in very deep 
layer is relatively stable and is hardly influenced by the 
surface soil moisture[43]. All these conclusions are con-
sistent with Zhang et al.[11] and Huang et al.[20]. 

3  Summary and concluding remarks  

We develop a new dual-pass soil moisture assimilation 
scheme to assimilate the microwave brightness tem-
perature directly into the soil water model of the land 
surface model CLM3.0[28] based on the ensemble Kal-
man filter in this study. This algorithm consists of a soil 
water model as the forecast operator and a radiative  

transfer model as the observation operator. Since the use 
of SCE-UA method reduces the uncertainties of vegeta-
tion optical thickness and surface roughness parameters 
in RTM, it is more convenient for the application of mi-
crowave remote sensing data in land data assimilation. 
We have achieved the target of partially coupling of 
RTM and sequential data assimilation algorithm with the 
land surface model CLM3.0[28]. 

Both the ideal experiments with synthetic data and the 
assimilation experiments with AMSR-E brightness tem-
perature indicate that assimilating microwave brightness 
temperature can significantly improve the soil moisture 
estimation at surface and to some extent, can also im-
prove the soil moisture estimation in the deeper layers. 
However, there is little difference between the soil 
moisture at deeper than 50 cm by assimilation and that 
by simulation due to the stability of deep soil. This as-
similation scheme will be of great help in soil moisture 
simulation for the places where in-situ soil moisture 
measurements are scarce. We could assimilate remote 
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Figure 10  Time series of (a) the infiltration and AMSR-E brightness temperature at 10.65 GHz (vertical polarization) from March 16 to November 16 in 
2006, and the daily volumetric soil moisture content in the (b) top layer (0―10 cm), (c) second layer (10―20 cm), (d) third layer (20―30 cm), (e) forth 
layer (40―50 cm). Infil is infiltration, TB is brightness temperature, Ass is assimilation, Sim is simulation, Obs is observation. 

 
sensing data to improve the soil moisture estimation 
there. Furthermore, as AMSR-E brightness temperature 
has higher temporal and spatial resolutions than those 
for in-situ measurements, it has the potential to get the 
distribution of the volumetric soil moisture content with 
higher precision and temporal and spatial resolutions. 

Finally, it needs to point out that the surface and 
vegetation temperatures as the input of the RTM are the 
output of the land surface model, more sensitivity ex- 

periments to test their effects on the assimilated results 
are to be done. In the future research we will consider 
soil water freezing and thawing processes in the assimi-
lation scheme, which will be fully coupled with the land 
surface model CLM3.0. 

We thank Prof. Kun Yang for the RTM and Feng Chen for drawing. We 
also express our thanks to the anonymous reviewers for their constructive 
comments on this paper.
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