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[1] Many studies have shown the deficiencies of the extended Kalman filter (EKF), even
though it has become a standard technique used in nonlinear estimation. In the EKF
method, the state distribution is propagated analytically through the first-order
linearization of the nonlinear system, which can introduce large errors in variable
estimation and may lead to suboptimal performance and sometimes divergence of the
filter. The unscented Kalman filter (UKF) addresses these problems using a deterministic
sampling approach to capture the posterior mean and covariance accurate to the third order
for any nonlinearity, while the dual-UKF method uses two UKF filters (one for state
variables and one for parameters, in contrast to only one filter in the usual UKF) to
simultaneously optimize the model states and parameters using observational data. In this
paper, we employ the dual-UKF method to account for the effects of land surface subgrid-
scale heterogeneity and soil water thawing and freezing and implement it into the
NCAR Community Land Model version 2.0 to build a data assimilation system for
assimilating satellite observations of soil moisture. Experiments for two sites in north and
south China show that this dual-UKF-based assimilation system outperforms the usual
UKF- and EKF-based methods in reproducing the temporal evolution of daily soil
moisture, especially under freezing conditions. Furthermore, the improvement also
propagates, albeit to a lesser extent, to lower layers where observations are unavailable.
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1. Introduction

[2] Soil moisture plays a vital role in land-atmosphere
interactions. It is a key state variable for many hydrologic
and climate studies: Soil moisture content affects surface
evaporation, runoff, albedo, emissivity, and portioning of
sensible and latent heat fluxes. Some studies [e.g., U.S.
National Research Council, 1994] show that soil moisture’s
effect on the atmosphere is secondary only to that of sea
surface temperature (SST) on a global scale and even
exceeds SST’s effect over land. According to Chahine
[1992], more than 65 percent of the precipitation over land
comes from continental evaporation, which is strongly
affected by soil moisture content. Accurate knowledge of
spatial and temporal variations of soil moisture is needed for
weather predictions and climate studies. This knowledge is,
however, limited by a lack of measurements of soil moisture
over many land areas [Robock et al., 2000].

[3] To improve our knowledge of soil moisture variabil-
ity, there have been large efforts to create estimates of soil
moisture fields using land surface models forced with
realistic precipitation and other atmospheric data, such as

"nstitute of Atmospheric Physics, Chinese Academy of Sciences,
Beijing, China.
“National Center for Atmospheric Research, Boulder, Colorado, USA.

Copyright 2008 by the American Geophysical Union.
0148-0227/08/2007JD009650$09.00

D14127

the Global Soil Wetness Project (http://grads.iges.org/gswp/)
[Dirmeyer et al., 1999], the North America Land Data
Assimilation System (NLDAS) [Mitchell et al., 2004],
Global Land Data Assimilation System (GLDAS) (http://
ldas.gsfc.nasa.gov/), and others [e.g., Nijssen et al., 2001;
Qian et al., 2006; Sheffield and Wood, 2008]. However,
because these efforts currently do not assimilate observa-
tional soil moisture data, they are not data assimilation
systems in a conventional sense.

[4] Inland data assimilation, Kalman filter methods, such
as the extended Kalman filter (EKF) [Entekhabi et al.,
1994] and Ensemble Kalman Filter (EnKF) [Evensen,
2003], are the most frequently used optimization algo-
rithms. In the EKF, the state variables can only propagate
through the first-order linearization of the nonlinear system,
which can introduce large errors in variable estimation,
especially for some highly nonlinear systems like the soil
water hydrodynamic equation. These errors could result in
suboptimal performance and sometimes divergence of the
filter. The unscented Kalman filter (UKF) [Wan and van der
Merwe, 2001] addresses these problems using a determin-
istic sampling approach to capture the posterior mean and
covariance accurate to the third order for any nonlinearity
when propagated through the true nonlinear system. It
represents an alternative to the EKF or EnKF, and provides
superior (almost equivalent) performance at an equivalent
(less) computational complexity. The UKF has been applied
to nonlinear estimation problems in a variety of fields such

1 of 11


http://dx.doi.org/10.1029/2007JD009650

D14127

as global positioning system [van der Merwe and Wan,
2004], space craft attitude estimation [Crassidis and
Markley, 2003], ballistic missile tracking [Saulson and
Chang, 2004], object tracking in image analysis system
[Chen et al., 2002]. The application of the UKF may be
divided into state estimation, parameter estimation, and dual
estimation (i.e., estimating both the state and parameters at
the same time), referred to as the dual UKF. The dual-UKF
method consists of two usual UKF filters (one for the states
and the other for the parameters), in contrast to only one
filter in the usual UKF, that simultaneously optimize both
model states and parameters using observational informa-
tion, thereby leading to improved simulations. In a land
surface study, Gove and Hollinger [2006] applied the dual-
UKF method for simultaneous state and parameter estima-
tion for land surface-atmosphere flux exchanges.

[5] Some widely used land surface models, such as the
National Center for Atmospheric Research (NCAR) Com-
munity Land Model Version 2.0 (CLM2) [Bonan et al.,
2002; Oleson et al., 2004], are designed to consider the
model subgrid heterogeneity and soil water thawing and
freezing, so that soil moisture of different fractions within
one model grid box can have large differences. Furthermore,
the CLM2 computes both the liquid and solid contents of
soil moisture, which are then used to derive the total soil
moisture content. Soil moisture observations, however,
usually provide only total soil moisture content. How to
use the total soil moisture content from observations to
forecast a new model state (i.e., the liquid and solid water
contents for different fractions) is a nontrivial task, espe-
cially when the subgrid heterogeneity and liquid and solid
phases need to be considered. It is difficult to consider all
these aspects simultaneously using a single state filter like
in the usual UKF and EKF methods. Although we used
observations from stations in the following experiments, our
system is designed for assimilating gridded satellite data
sets in which the observations represent the mean value of
the model gridcell. Of course, it seems more appropriate to
use the gridded satellite based soil moisture data to do such
evaluations, but unfortunately, whose quality is still
expected to be improved greatly compared with the obser-
vation soil moisture data in situ.

[6] In this paper, we employ the dual-UKF method to
consider the land surface subgrid-scale heterogeneity and
soil water thawing and freezing, and implement it into the
CLM2 to build a soil moisture data assimilation system
primarily for assimilating satellite observations. In this
system, liquid soil moisture content in a given fraction of
a model grid is assimilated through the state filtering, while
solid moisture content in the same fraction and solid and
liquid moisture contents in the other fractions are optimized
by the parameter filter. To our knowledge, there have been
few studies to account for both subgrid-scale heterogeneity
and soil water thawing and freezing in land surface data
assimilation. Preliminary assimilation results show that the
dual-UKF-based assimilation framework assimilates soil
moisture more effectively and precisely than the usual
UKF- and EKF-based assimilation systems that do not
consider model’s subgrid-scale heterogeneity and soil water
phase changes. Assimilated soil moisture can be improved
greatly not only in the layers where observations are
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assimilated directly, but also, to a lesser extent, in the layers
where no observations are available.

2. Model and Methods
2.1. CLM2 and Its Soil Water Calculation

[7] We used the land model CLM2 [Bonan et al., 2002] in
this study. The CLM2, an NCAR version of the Common
Land Model [Dai et al., 2003], is a comprehensive, global
land surface model that is used as the land component of the
Community Climate System Model (CCSM). The CLM2
considers the subgrid-scale heterogeneity by subdividing
each grid cell into a number of fractions. Each fraction
contains a single land cover type. By default, each grid box
is divided into up to five fractions for a dominant vegetation
type, a secondary vegetation type, a fraction with bare soils, a
wetland fraction, and an inland water fraction. Energy and
water balance calculations are performed over each fraction at
every time step and each fraction maintains its own prognostic
variables. The fractions within a grid cell respond to the mean
conditions from the overlying atmospheric grid box, and this
grid box, in turn, responds to the area-weighted mean fluxes
ofheat and moisture from the fractions. The fractions within a
grid cell do not interact with each other directly. The CLM2
has one vegetation layer, 10 unevenly spaced vertical soil
layers, and up to 5 snow layers (depending on the total snow
depth). It computes soil temperature and soil water content in
the 10 soil layers to a depth of 3.43 m in every fraction within
one grid cell.

[8] The conservation of liquid water mass for one-dimen-
sional vertical water flow in a soil column in the CLM2 is
expressed as

aoliqi 8q
o o EBm (1)

where 0, is the volumetric soil moisture content (m*/m>), q
is the vertical soil water flux (mm s ') (note there is no
horizontal movements of water within soils in the CLM2), E
is the evapotranspiration rate, which is partitioned into each
soil layer on the basis of the effective fraction of roots
within the layer in the CLM2, and Ry, is the melting
(negative) or freezing (positive) rate, and z is the depth from
the soil surface. Both ¢ and z are positive downward.

[9] The soil water flux ¢ is described by Darcy’s law
[Darcy, 1856]:

0z (2)

where K. is the hydraulic conductivity (mm s~ "), and v is
the soil matric potential (mm). The CLM2 computes liquid
volumetric soil moisture content in the 10 soil layers by (1)
and (2) in every cell fraction and then adjusts the solid and
liquid volumetric soil moisture contents again on the basis
of the energy (released from freezing soil water or
consumed by melting) budget, which is finally followed
by updating the whole gridcell total soil moisture content
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(0,) for each layer as the sum of area-weighted soil moisture
averaged over all the fractions within the grid cell, that is

M
aj(Oig,j + Oice, ) 3)

J=1

where M is the number of fractions in the grid cell, g; is the
area-based weighting factor, and 0, ;, ;.. ; are, respectively,
the liquid and ice volumetric soil moisture content in the jth
fraction of the grid cell.

2.2. Application of the Dual Unscented Kalman Filter

2.2.1. Unscented Transformation

[10] The basic framework for the UKF involves estima-
tion of the state of a discrete, nonlinear dynamic system
[Julier and Uhlmann, 2004],

X1 = F (o, ug) + vi, 4)

vk = H(x) +ny, (5)

where x; represents the unobserved state of the system (e.g.,
the liquid soil moisture content ¢y, in equation (1)) at time
step k, uy is a known input (e.g., parameters K. and y in the
hydrodynamic equations (1) and (2)), and y; is the observed
signal (e.g., the observed total soil moisture content). The
process noise v, (e.g., the infiltration errors) partly drives
the dynamic system, and the observation error is given by 7
(e.g., the errors in the observed soil moisture content). F and
H each represents a nonlinear function.

[11] Let n, be the dimension of the state space (for
example, n, = 10 soil layers in the CLM2) and X and P,
be the mean and covariance of x;, respectively. Select 2nx
1 sigma points (sampling members) by letting A = « X(n, +
k) — n,. Here, the parameter 0 < a < 1 controls the spread
of the sigma points and weighting for higher-order
moments, while parameter x > 0 is not critical and is often
set to zero [van der Merwe, 2004]. The smaller the value of
«, the narrower the sigma point spread and the less likely to
pick up anomalous effects in the distribution and the
drawing ; [Julier and Uhlmann, 2004]:

Xo =X (6)

M:f+( Mr*»ﬂ)’izlﬂ”ﬂm (7)
Xi:x_< (nx+)\)PX>,7 i:nx+17"'32nX7 (8)
(m) A
wy" = =0 9
0 ne+ A\’ =0 ®)
. A
9= hieaten, im0 (o)
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[12] The sigma point set (sampling set) S = {x, W/, =
0, ...2n, j € (myc)} is composed of the sigma points x;
(equatlons (6) (7), and (8) and their respective mean (m)
weights W™ and covariance (c) weights W(”)) The param-
eter § > 0 also controls the spread of the sigma points and
weighting for higher-order moments. For Gaussian distri-
butions, 3 = 2 is optimal [Julier and Uhlmann, 2004].

[13] Given an arbitrary nonlinear function F in (4), the
unscented transformation can be performed through follow-
ing two steps [van der Merwe, 2004] (1) Apply the
nonlmear transformatlon F to each sigma point, namely,

= FXki Up), i = , 2n,; and (2) calculate the mean,
covariance and cross covariance, respectively, of the trans-
formed sigma points as

2.2.2. Dual Unscented Kalman Filter

[14] One general method, namely dual estimation (e.g.,
the dual UKF) [van der Merwe, 2004; Wan and van der
Merwe, 2001], has been developed to simultaneously esti-
mate the states and parameters from the noisy measurements
through Kalman filtering. The dual-UKF approach can be
implemented within the unscented Kalman filter framework
[Wan and Nelson, 2001; Wan and van der Merwe, 2001],
with two usual UKF filters (one for states and the other for
parameters) to simultaneously optimize the model states and
parameters using observational information. In the dual
UKF, the cross covariances are not explicitly estimated
and are assumed to be zero.
2.2.3. State Filter

[15] The dual-UKF system for state with additive sto-
chastic noise is [Wan and van der Merwe, 2001; van der
Merwe, 2004]
(12)

X = F(Xp—1;Wi—1) + vi—1,

Ve = H(xi; We—1) + (13)
with the noise sequences v, _ ; and 7, as defined in
equations (4) and (5). The wy_; (i.e., uy — 1 = Wi _ 1 in
equation (4)) are estimates of the parameters from the
previous time step in by the parameter filter and are treated
as constants in the state filter. The state filter recursions are
given in the following steps [van der Merwe, 2004; Wan
and van der Merwe, 2001]:

[16] 1. Initialization with

%o = E(x0), Py, = E[(x0 — o) (x0 —%0)'].
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[17] 2. Sigma point calculation and time update

Xk-1 = I:')—Ck—hxk—l + (nX + A)kaqy )_Ck—l - (nx + )\)ka—l ]

* —
Xklk—1 :F(Xk—13wk—l)
2n
— A p(m) ¥
Xhlk—1 = z% WX e
=

*

2, )
Pefpr = i=ZO W"(C) (Xjklkfl - )_‘k\k—1> (Xi,k\k—l - )_‘klk—1> + Ok
Xilk—=1 = [fk\kmfk\kq 4 1/ (e 4+ NPy s X1

—y/ (e + A)PW,I}
Vi1 = H(Xk\k—l;wk—l>

2n,
Vh—1 = Z%) w) )yi,k\k—1~
=

[18] 3. Measurement update
2ny

!
Py, = Z% VVi(C) <Yi,k\kfl _J_/k\k—1> (Yi,k\k—l _)_/k\k—1> + R
=

2n,

Py, = i;) W[(C) (Xi,k\k—l - fk\k—l) (yi.k|k—1 - yk\k—l),
Ki = oy, ;]
Xk = Xgp—1 + Ki <yk - ?k\kq)
Py =Py, , — KiPy K},

where R, and Q, are also the measurement and process
noise covariances, respectively.

[19] In our formulation, the process model F' is given by
equations (1) and (2) and their discrete format and the state
variable x; is the liquid volumetric soil moisture content in
each fraction of one grid cell, while the measurement model
H can be an arbitrary operator (including linear and
nonlinear, in our experiments, it is simply a real matrix).
The input variable x; (the sum of the liquid and solid
volumetric soil moisture) of the measurement model
equation (13) is usually based on the whole-grid value
when satellite observations are used. Thus, in our data
assimilation system, the state variable x; of the process
model is actually different from the input signal of the
measurement model: The former is a variable defined on the
grid fractions, while the latter is defined on the whole grid
cell. This issue is addressed further below.

2.2.4. Parameter Filter

[20] The UKF can be used for parameter estimation and
approximation for both clean and noisy time series. In the
last subsection, we mentioned that the state variable (6;;,) of
the process model is defined differently from that of the
measurement model, so we have to transform the measure-
ment model (H) from the grid cell into the grid fractions
because the process model F is just on the grid fractions.
The variables of the process model and the measurement
model have the following relationship (cf. equation (3)):

M
9g - Z 4 (eliq‘j + eic'e,j)-
Jj=1
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[21] For any given grid fraction i
M
0, = Z a; (eliq.j + 9ice.j) + ai(eliq. i+ Oice, i)
J=1j#
M
= Z a; (eliq,j + gice,j) + ailliq, i + aibice, i (14)
J=L A

[22] From equations (3) and (14), the measurement model
can be rewritten as follows:

M
Yk = H( Z a; (gl[qﬁj + 0[0&(/‘) + aigliq i+ a[eice, i> + M
=1, j#i
Vi =17(9liq,i,Wk) + M (15)
M

where H(Ou,wi) =H( Y. aj(Oug, j + Oice, ;) + aibiig, i+
aibice, i)- J=1 A

[23] For each time step, the CLM2 does the simulation
loop through all the fractions within the simulated grid cell.
When the assimilation is being conducted within a given
fraction, it is hard to know whether the assimilation is done
or not for all the other fractions within the same grid cell. To
address this problem, we take other fractions’ liquid and ice
soil moisture in the same grid cell as parameters that can be
optimized during the assimilation procedure for the given
fraction i, then the wy in (12) and (13) is composed of (6;;,,
oice,ja gi(fe,i) (.] 7& l)

[24] The equations for the parameter filter, which is
coupled with the measurement model in the dual setting
usually, are

Wi = Wi—1 + Vi1
Vi = H(F(Xp—1; W), we) + 1

[25] In our soil moisture data assimilation system, we
transform it into the following format

wi = (Biig, j» Oice, jy Oice, [)#,- + Vi1,
v = H (Biigi» wr) + g

where the v, and 7, are the process and measurement noises,
with covariances Q,, and R,, [van der Merwe, 2004; Wan
and van der Merwe, 2001], respectively. The parameter
vector (O j» Vice,j» Oice,r) (j # 1).) in our soil moisture data
assimilation can be then updated through the parameter
filter recursion [van der Merwe, 2004, Wan and van der
Merwe, 2001].

[26] Inthe CLM2, the volumetric heat capacity C; (J m >
K1) for soil is from work by De Vries [1963] and depends
on the heat capacities of the soil solid, liquid water and ice
constituents

Wice,i Wiigi
esatﬁi) + Cice + Cliq

AZI' AZ,‘ (16)

Ci=Cy(l -

where i is the soil layer number, C;; is the heat capacity of
soil solids, Cj;, and Cy, are the specific capacities of liquid
water and ice, respectively, 0, is the ith layer saturated
soil moisture, W, ; and wy,, ; are the mass of ice and liquid
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Figure 1.

Time series of assimilated daily volumetric soil moisture (m3/m3) at Xilinguo (39.080°N,

105.380°E) in North China from 8 January 1991 to 28 December 1992 from observations and three
assimilation systems and a CLM2 simulation forced with observed atmospheric forcing for the top four

soil layers.

water (kg m~?). The one dimensional soil temperature
equation is

(17)

or _o|[,or
“or oz oz

where T is soil temperature, A is thermal conductivity. One
can find the difference of assimilated (simulated) soil

moisture definitely makes the volumetric heat capacity C;
differently from (16) and results in different soil temperature
simulations on the basis of (17).

3. Preliminary Assimilation Experiments

[27] In this section, we use the atmospheric forcing data
extracted from a global data set at 3-hourly and T62
(~1.875°) resolution [Qian et al., 2006; Tian et al., 2007]
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(a) Correlation coefficients between the observed and assimilated or simulated soil moisture

shown in Figure 1 (the sample size is 72). (b) Root mean square (RMS) errors (m*/m?) for assimilated or

simulated soil moisture content shown in Figure 1.

to drive the assimilation system at a station (Xilinguo,
39.08°N, 105.38°E) in north China to assimilate the ob-
served soil moisture [Li et al., 2005] from 1991 to 1992. We
chose this station partially because it is located in the
seasonally frozen soil zone, which allows us to investigate
how the dual-UKF-based system that considers the subgrid-
scale heterogeneity and soil water phase changes performs
during the thawing and freezing periods. Through numerical
sensitivity experiments, we chose « =0.9, Kk =0, 3= 2.0 in
our dual-UKF-based assimilation system (DUKF). The
model gridcell is 0.01° longitude by 0.01° latitude in all
our CLM?2 experiments. Because our goal is to develop a
system for assimilating gridded satellite observations, we
assume that the station observations represent the mean of
this model gridcell. It can be argued, however it is one of
few acceptable ways to evaluate a land data assimilation
system: (1) Partly limited by our poor knowledge of the
complicated land conditions (such as subgrid-scale hetero-
geneity, soil ice and snow, etc.), the quality of the gridded
satellite-based soil moisture requires considerable improve-
ments, especially under freezing conditions. (2) If the model
grid resolution is chosen considerably high (for example,
0.01° longitude by 0.01° latitude), the observations in situ
can be supposed to represent the mean of this model
gridcell, which is very usual in land data assimilation
evaluations. This enables us to examine how this mean
value is reproduced by the DUKF method in comparison
with the usual UKF- and EKF-based systems that cannot, in
contrast to the DUKF method, consider the model subgrid-

scale heterogeneity and the phase change in soil water. The
total soil moisture content is supposed to be the model
forecast (state) variable in the UKF- and EKF-based assim-
ilation systems, while the liquid and solid moisture contents
for each fraction are the forecast states in the DUKF
method. The same atmospheric forcing data were used to
drive the CLM2, and the observed soil moisture data from
the station were assimilated using the three different meth-
ods, except for the simulation case in which no soil moisture
data were assimilated.

[28] The linearization of the soil moisture equation (1) in
the EKF method follows the format in work by Zhang et al.
[2006]. Volumetric soil moisture content at this station was
measured three times each month on the 8th, 18th, 28th day
(at the same local time) at 11 vertical layers, two 5-cm
layers from 0 cm down to 10 cm depth and nine 10-cm
layers from 10 cm down to 1 m. Soil moisture in only the
top four layers is assimilated in our experiments. Data from
8 January 1991 to 28 December 1992 were used here.

3.1. Soil Moisture

[20] Figure la shows the time series of assimilated daily
soil moisture content from 1991 to 1992 (three times each
month on the 8th, 18th, 28th day) for the station Xilinguo
for the top four layers compared with the station daily
observations and CLM2 simulations without assimilating
the observed soil moisture data. For all the top four layers,
the DUKF-based system assimilates the observed soil
moisture evolution better than the usual UKF- and EKF-
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Figure 3. Observed and assimilated or simulated soil moisture profiles on 6 selected days, Xilinguo site.
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(a) Spatial correlation coefficients between the observed and assimilated or simulated soil

moisture profiles shown in Figure 3. (b) Root mean square errors (m>/m?) for the assimilated or simulated

soil moisture profiles shown in Figure 3.

based systems, whose performances are not better than the
climate-forced CLM2 simulation (without assimilated the
soil moisture data). The correlation coefficients () between
the observed and assimilated or simulated daily soil mois-
ture during 1991-1992 are shown in Figure 2a, with the
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root mean square (RMS) errors shown in Figure 2b. The soil
moisture content from the DUKF method correlates with the
observations considerably higher (» > 0.95) than the other
three cases (r < 0.91), while its RMS errors are much
smaller. For the first layer, the UKF and EKF cases are even

o b by by by b by
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(a) The UKF minus DUKF difference of assimilated daily soil temperatures from the two

assimilation systems at the Xilinguo site (39.08°N, 105.38°E) from 8 January 1991 to 28 December 1992
for the top four layers. (b) Same as Figure 5a but for surface latent and sensible heat fluxes.
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Figure 6. Time series of daily volumetric soil moisture (m>/m®) at site Qianyanzhou (26°44'N,
115°04'E) in south China from 1 January 2003 to 31 December 2003 for the top four soil layers from
observations and CLM2-based assimilations/simulations.

worse than the climate-forced pure simulation. The EKF-
based system performs slightly worse than the usual UKF
method, which may be explained by the fact that the soil
water hydrodynamic equation (1) is a highly nonlinear
system and the linearization operator used in the EKF
method can only propagate with the first-order precision.
For simplicity, we exclude the EKF case in the following
discussions

[30] Soil moisture profiles from 6 selected days during
different seasons are shown in Figure 3. Figure 3 shows that
the dual-UKF-based system assimilates the soil moisture

profiles better than the usual UKF method during both the
ice-free (Figures 3a and 3d) and freezing (Figures 3¢ and 3f)
conditions. During the cold season, the existence of soil ice
plays a significant role, but the usual UKF-based system
cannot account for its influence, resulting in poor perfor-
mance (Figures 3¢ and 3f). The (spatial) correlation coef-
ficients (Figure 4a) and RMS errors (Figure 4b) between the
observed and assimilated or simulated soil moisture profiles
of Figure 3 further quantify the superior performance of the
DUKF method.
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Figure 7. (a) Correlation coefficients between the observed and assimilated or simulated daily soil
moisture content shown in Figure 6. (b) Same as Figure 7a but for the RMS errors (m*/m?) for the
assimilated or simulated daily soil moisture content shown in Figure 6.

3.2. Soil Temperature and Surface Fluxes

[31] Figure 5a shows that the UKF minus DUKF differ-
ence in the simulated soil temperature for the top four layers
by the two assimilation systems. The magnitude of the
temperature differences varies from about —2.8 to 1.8 K,
slightly larger in the top layer. These temperature differ-
ences are substantial and nonnegligible, suggesting that the
two assimilation systems produce different results not only
for soil moisture but also for temperature.

[32] The differences in soil moisture and temperature can
change surface latent and sensible fluxes. Sensible heat flux
simulation then becomes different because of simulated soil
temperature and latent heat flux varying with the variations
of the soil moisture. Figure 5b shows the UKF minus
DUKEF differences in surface simulated heat flux (sensible
heat flux and latent heat flux) differences simulated by
between the two assimilation systems. The difference can be
as large as —18 to 8 W/m? for the latent heat flux and the
magnitude of the simulated sensible heat flux difference is
about from —11 to 15 W/m”. These numbers are large and
could have significant effects on the interactions between
the atmosphere and land surface conditions.

4. More Investigation Experiments at
Qianyanzhou Site

[33] Because satellite observations of soil moisture are
available only for the several topsoil layers, we want to
know whether the DUKF-based assimilation system can

improve the soil moisture in the deep layers when obser-
vations for these layers are unavailable. In this section, we
use soil moisture data from a site (Qianyanzhou, 26°44'N,
115°04'E) in south China to investigate this issue. Soil
moisture measured once an hour from the skin downward
to about 18 cm from 1 January 2003 to 31 December 2003
was converted into moisture content for the top four model
layers (i.e., 0—1.75 cm, 1.75-4.51 cm, 4.51-9.05 cm, and
9.05—-16.54 cm), but only the data for the top three layers
were assimilated. The observed soil moisture for the fourth
layer was used to evaluate the performance of the two
assimilation systems. The atmospheric forcing data for
driving the CLM2 were derived from hourly meteorological
measurements at the site.

[34] Figure 6 shows the time series of daily soil moisture
from the CLM2-based assimilations compared with the
observed and CLM2-simulated soil moisture for the top
four layers at the Qianyanzhou site from 1 January 2003 to
31 December 2003. For the top three layers (observed soil
moisture is assimilated in these layers), the DUKF-based
system reproduces the observed soil moisture evolution
very well, with near-perfect correlation (Figure 7a) and
small RMS errors (Figure 7b), Since no observations for
the fourth layer were assimilated, the observational infor-
mation is transferred from the top three layers to the fourth
layer only through the soil water hydrology dynamics and
the covariance information. Figures 6 and 7 show that the
DUKEF method slightly outperforms the UKF method for the
fourth layer with a smaller RMS error. Thus, the DUKF
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method not only greatly improves the assimilation in
layers with observations, but also, albeit to a lesser
extent, outperforms the usual UKF method in layers
without observations.

5. Summary and Concluding Remarks

[35] In this study, we have implemented the dual-UKF
method into the CLM2 to account for the effects of subgrid-
scale heterogeneity and soil water thawing and freezing and
developed a new data assimilation system for assimilating
satellite observations of soil moisture. The dual-UKF
method differs from other conventional data assimilation
approaches such as the usual UKF and EKF in that it uses
two filters (one for states and one for parameters), in contrast
to only one filter in the other methods, to simultaneously
optimized the states and parameters of a nonlinear systems.
We have applied this dual-UKF-based system to two sites in
north and south China to evaluate its performance in
comparison with the usual UKF and EKF methods that do
not consider the subgrid heterogeneity and soil water
phase changes. The results show that the dual-UKF method
assimilates the observed variations in daily soil moisture
content much better than the usual UKF and EKF methods,
with improved correlations and reduced RMS errors. To a
lesser extent, this improvement also propagates to lower
layers where observations are unavailable.

[36] The evaluation experiments carried out here are only
for two sites in East China. More comprehensive experi-
ments using in situ observations from other locations [e.g.,
Robock et al., 2003; Dai et al., 2004] and using satellite
observations are necessary before the dual-UKF-based sys-
tem can be applied for large-scale data assimilation of soil
moisture. Furthermore, the dual-UKF method can also be
implemented into other land surface models such as the
newer versions of the CLM.
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