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Abstract Low-frequency microwave satellite observa-

tions are sensitive to land surface soil moisture (SM). Using

satellite microwave brightness temperature observations to

improve SM simulations of numerical weather, climate and

hydrological predictions is one of the most active research

areas of the geoscience community. In this paper, Yan and

Jins’ (J Radio Sci 19(4):386–392, 2004) theory on the

relationship between satellite microwave remote sensing

polarization index and SM is used to estimate land surface

SM values from the advanced microwave scanning radi-

ometer-E (AMSR-E) brightness temperature data. With

consideration of soil texture, surface roughness, optical

thickness, and the monthly means of NASA AMSR-E SM

data products, the regional daily land surface SM values are

estimated over the eastern part of the Qinghai-Tibet Plateau.

The resulting SM retrievals are better than the NASA daily

AMSR-E SM product. The retrieved SM values are gener-

ally lower than the ground measurements from the Maqu

Station (33.85�N, 102.57�E) and the Tanglha Station

(33.07�N, 91.94�E) and the US NCEP reanalysis data, but

the temporal variations of the retrieved SM demonstrate

more realistic response to the observed precipitation events.

In order to improve the land surface SM simulating ability

of the weather research and forecasting model, the retrieved

SM was assimilated into the Noah land surface model by the

Newtonian relaxation (NR) method. A direct insertion

method was also applied for comparison. The results indi-

cate that fine-tuning the quality factor in the NR method

improves the simulated SM values most for desert areas,

followed by grasslands, and shrub and grass mixed zones at

the regional scale. At the temporal scale, the NR method

decreased the root mean square error between the simulated

SM and actual observed SM by 0.03 and 0.07 m3/m3 at the

Maqu and Tanglha Stations, respectively, and the temporal

variation of simulated SM values was much closer to the

ground-measured SM values.
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Introduction

Soil moisture (SM) is an important factor in global water

and energy cycles. It controls the partition between the

sensible and latent heat fluxes (Prigent et al. 2005) and the

redistribution of rainfall into infiltration, surface runoff and

evaporation on the earth surface (Vinnikov and Yeser-

kepova 1991; Wagner et al. 2003). Thus, SM can influence

the climate change by land–air interaction in the near

surface layer (Clark and Arritt 1995; Gallus and Segal

2000). As a result, it is crucial to obtain an accurate SM

field to improve simulations in the land surface model and

the weather and climate model.

There are some operational networks of in situ SM

measurement that have been established and maintained for

long-term SM measurements. These networks include the

Soil Climate Analysis Network, the Oklahoma Mesonet,

and the Illinois Soil Water Survey in the US, as well as

networks in the former Soviet Union and some Asia

countries, and networks supported by scientific research

programs. These networks provide valuable distributed

X. Shi � J. Wen (&) � L. Wang � T. Zhang � H. Tian �
X. Wang � R. Liu � J. Zhang

Laboratory for Climate Environment and Disasters of Western

China, Cold and Arid Regions Environmental and Engineering

Research Institute, Chinese Academy of Sciences,

320# Donggang West Road, Lanzhou 730000,

Gansu, People’s Republic of China

e-mail: jwen@lzb.ac.cn

123

Environ Earth Sci (2010) 61:1289–1299

DOI 10.1007/s12665-010-0504-8



point measurements, but they are insufficient to charac-

terize the spatial and temporal variability of SM at large

scales (Njoku et al. 2003). There are also the low-resolu-

tion reanalysis SM datasets, such as the reanalysis datasets

from the American National Centers for Environmental

Prediction (NCEP) and European Centre for Medium-range

Weather Forecast (ECMWF). These datasets usually have

low resolutions and are generally used as model initial

fields.

Today, satellite remote sensing observations provide an

integrated global SM monitoring capability, and are

effective in overcoming the shortcomings of the traditional

methods. Compared to older optical remote sensors, which

are sensitive to land surface reflectance and land surface

temperature, the newly developed satellite microwave

sensors have great advantages in land surface SM retrieval.

Furthermore, the satellite passive microwave radiometer

can work in all weather conditions, regardless of the cloud

conditions. With the launch of the scanning multichannel

microwave radiometer (SMMR) aboard Seasat and Nim-

bus-7 in 1978, and later, other microwave radiometers such

as the special sensor microwave/imager (SSM/I), and the

tropical rainfall measuring mission/microwave imager

(TRMM/TMI), satellite microwave remote sensing radi-

ometers have greatly accelerated the process of SM

retrieval on the regional scale (Gao et al. 2006; Vinnikov

et al. 1999; Wen et al. 2005). Especially useful is the

advanced microwave scanning radiometer-E (AMSR-E) of

the earth observation system aboard the Aqua satellite

launched on 4 May 2002, which measures radiation at six

frequencies in the range 6.9–89 GHz, all dual polarized.

Compared to the SSM/I, the AMSR-E’s 6.9 and 10.6 GHz

channels have much longer wavelengths, which have better

penetration ability and are more sensitive to changes in the

dielectric constant of soil.

Studies on SM algorithm development and validation

were carried out before the launch of the AMSR-E (Jack-

son 1993; Koike et al. 2000; Njoku and Li 1999). The

method developed by Njoku et al. (2003) and Njoku and

Chan (2006) is based on polarization ratios, which effec-

tively eliminate or minimize the effects of surface tem-

perature, resulting in a quantity that is dependent primarily

on SM and vegetation. Yan and Jin (2004) also developed

an algorithm to retrieve land surface SM using the polari-

zation ratio data without much knowledge of surface

roughness, vegetation canopy and so on, but this method

requires monthly polarization ratio data and the ground

observations of monthly average SM at first. This method

is appropriate for short periods because of its treatment of

parameters as constants. Zhao et al. (2007) used this

method to estimate the SM at the Anni station on the

central Tibetan plateau; the results are satisfactory. In this

paper, the method is revised to obtain SM in a region in the

northeast of the Tibetan plateau, and then the satellite-

derived SM datasets are used to improve SM simulation.

After the above steps, the satellite brightness temperature

data can be used directly as a data source for model

simulations.

The data assimilation method is commonly used to apply

the SM estimated from satellite remote sensing to the

numerical simulations. The SM estimated from satellite

microwave remote sensing data includes some errors, such

as inaccurate evaluations of soil type, surface roughness,

and vegetation coverage. The data is also limited by satellite

scanning time; therefore, the data cannot be applied

directly. The SM information can easily be attained through

simulations of land surface models, but it is too sensitive to

the model structure and model parameters. Wei (1995)

pointed out that the operational SM product can be esti-

mated by combining satellite SM and numerically simu-

lated SM. With the process of assimilation, the consequent

SM datasets have higher spatial-time resolution and less

error than data generated by just one way. The commonly

used methods for assimilating land surface data are the four-

dimensional variational method, Kalman filter method, and

ensemble Kalman filter method, etc. (Caya et al. 2005;

Crow and Wood 2003). These methods can yield precise

results; however, they are all very complicated and require

more computation time than the general interpolation

methods for a region simulation. Hoke and Anthes (1976)

designed a method called the Newtonian relaxation or

nudging method for assimilating the observation data for

initializing the numerical model (more detailed information

about this method in Sect. Methodology). Paniconi et al.

(2003) and Hurkmans et al. (2006) implemented this rela-

tively simple data assimilation method in a relatively

complex hydrological model. Nudging proved successful in

improving the hydrological simulation results, and it

introduces little computational cost.

The objective of this paper is to provide a simple

approach to applying satellite microwave remote sensed

brightness temperature data to the Weather Research and

Forecasting (WRF) model to improve regional SM simu-

lation. A brief description of the geophysical and meteo-

rological characteristics of the study area and satellite

remote sensing data are given in Sect. ‘‘The study area and

the datasets’’. An algorithm developed by Yan and Jin

(2004) is introduced for SM retrieval from the AMSR-E

brightness temperature datasets. In Sect. ‘‘Methodology’’, a

newly designed four-dimensional NR method for assimi-

lating SM in the Noah land surface model is introduced. In

Sect. ‘‘Newtonian relaxation assimilation scheme’’, the

regional SM values estimated from satellite remote sensing

data are verified using ground measurements. A comparison

between the numerically simulated SM values with the

assimilation procedure, the non-assimilation procedure and
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direct insertion of the satellite estimated SM datasets as the

initial background field procedure is presented in Sect.

‘‘Assimilating estimated soil moisture into the WRF simu-

lations’’. Discussion and conclusion comprise the last

section.

The study area and the datasets

An eastern part of the Qinghai-Tibet Plateau with high

average altitude and a typical continental plateau climate

was chosen as the study area (Fig. 1a). Its harsh environ-

ment keeps human activity away and facilitates a few of

the ground meteorology observations. The thermal

dynamics of the plateau have a significant impact on the

East Asian monsoon and the global weather/climate system

(Wu et al. 2005). The use of satellite remote sensing data in

the land surface SM simulation in this area can contribute

to research on the effect of thermal dynamics effect on

weather/climate variability in such an inaccessible but

important area.

Figure 1b shows the land use classification of the study

area that is the domain of the WRF simulation in this

investigation. There are Qaidam basin desert and Kumtag

desert areas in the northwest, Tengger desert in the

northeast, and bushes and grass mixed areas surrounding

the deserts. The southeast of the study area is mostly

grassland, with several lakes sparsely distributed. Among

these lakes, Lake Qinghai, Lake Gyaring and Lake Ngoring

are the bigger three.

The ground measurement datasets utilized in this study

were taken at two sites. The first one is an ECH2O SM meter

installed in the grassland at the Maqu station (33.85�N,

102.57�E) in the water source region of the Yellow River;

no precipitation observations are available at this site. The

second site is the Tanglha station (33.07�N, 91.94�E),

which is a boundary layer meteorology observation station

near the Qinghai-Tibet railway. There are precipitation

observations available from this site. Both sites provide

5 cm depth SM measurements. Considering the scale-match

between in situ data and satellite remote sensing or model

simulation data, these two observation stations were both

established in flat and open topography areas to increase

their regional representation and minimize the scale-match

problem. These observation datasets will be used to verify

the SM values estimated from satellite microwave remote

sensing data and the assimilation results.

The satellite brightness temperature data used in this

investigation are the AMSR-E L2A re-sampled product,

with original resolution of 25 km (detailed information on

this product is available on http://nsidc.org/data/amsre/

index.html). The AMSR-E scans the study area twice a

day. The ascending orbital observation data from about

14:00 Beijing Standard Time (BST) are used in this

research, and the AMSR-E measured brightness tempera-

ture data for July 2008 are collected in this study.

The land surface model used in the SM simulations is

the Noah land surface model based on the one developed at

Oregon State University (Chen and Dudhia 2001) and

coupled in the WRF model. The Noah land surface model

calculates the SM values in four layers: 10, 30, 60 and

100 cm. In addition, the SM values of the NCEP (1� 9 1�)

reanalysis datasets consist of four layers after 2005: 0–10,

10–40, 40–100 and 100–200 cm. Because the NCEP

datasets are not interpolated to the depth of the soil layers

for the WRF model, and are usually directly used as initial

fields in simulations, the SM estimated from the AMSR-E

measured brightness temperature data will also be used

directly in the top layer SM simulation in the WRF model.

Methodology

Soil moisture estimates from satellite microwave

remote sensing data

The dielectric constant mainly depends on the SM, and the

complex dielectric constant of soil can be estimated from

the study (Hallikainen et al. 1985). Assuming a smooth soil
Fig. 1 Map of the study area combing with digital elevation model

and observation sites (a), and the land use classification (b)
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surface and omitting bulk scattering, the microwave

reflection indexes of the horizontal and vertical compo-

nents of the soil surface ðrH; rVÞ can be calculated with the

Fresnel equation (Jackson et al. 2002; Ulaby et al. 1981).

When the land surface roughness is taken into account, the

microwave reflection indexes of the horizontal and vertical

components ðRH;RVÞ are modified:

RH ¼ ½ð1� QÞrH þ QrV�e�h; ð1Þ

RV ¼ ½ð1� QÞrV þ QrH�e�h; ð2Þ

where Q and h are the polarization ratio and the surface

roughness parameter, respectively. In general 0 B Q \ 0.5.

For the lower frequency (at 1.4 GHz), Q has a minimum

effect on the surface SM calculation (Jackson 1993), and

Q = 0.174 is used in this investigation (Njoku and Chan

2006).

The vector radiative transfer (VRT) equation for a uni-

form atmospheric layer and land surface with vegetation

can be written as (Jin 1998)

TBP ¼ ð1� RPÞe�sTs þ ð1� e�sÞð1þ RPesÞTa; ð3Þ

where TBP is brightness temperature, and P is either

vertical (V) or horizontal (H) polarization. s ¼ sa þ sv is

the total opacity of the atmospheric layer and the veg-

etation layer. RP is the polarized reflection index from

Eq. 1 and/or Eq. 2. Ta and Ts are the average physical

temperatures of the uniform atmospheric layer and land

surface, respectively. Since Ta is generally smaller than

Ts, it can be rewritten as Ta ¼ ð1� dTÞTs with

0� dT � 1. dT is defined as the air temperature

parameter. In Eq. 3, the reflection of the top layer of

vegetation and the scattering of the vegetation layer are

ignored.

The microwave polarization difference index (MPDI) is

commonly used to characterize the radiation brightness

temperature difference between vertical and horizontal

channels. From Eqs. 1–3, the MPDI can be rewritten and

simplified:

MPDI � ðRH � RVÞð1� 2QÞð1þ dTÞ
2e2sehð1� dTÞ � ðRH þ RVÞ

: ð4Þ

The MPDI as defined in Eq. 4 is clearly dependent on

the SM, the surface roughness parameter h, the

atmospheric and vegetation opacity s and the air

temperature parameter dT . For example, increases in h, s,

Q, or ð1� dTÞ diminish the difference of the surface

polarization radiation and hence decreases MPDI. On the

other hand, increases in the SM boost ðRH þ RVÞ much

more than ðRH � RVÞ, and therefore yield a larger radiation

difference and MPDI value. As previous equations have

shown, ðRH þ RVÞ and ðRH � RVÞ are functions of mv, and

are noted as R? and R- for simplicity.

Statistically, parameters s, Q, h, and dT of the same

region in the same month should change little, so the

variation of the MPDI reflects the change of the SM. In

addition, when the SM varies from 0.05 (m3/m3) to 0.5

(m3/m3), RþðmvÞ and R�ðmvÞ are from 0.2 to 1.0 and from

0.2 to 0.3, respectively. In this case, R�ðmvÞ closes to

R-\mv[, that is R�ðmvÞ=R�ð\mv [ Þ � 1, where \mv[
is the monthly average of mv (Yan and Jin 2004). With

Eq. 4,

MPDI

\MPDI [
� 2e2sehð1� dTÞ � Rþð\mv [ Þ

2e2sehð1� dTÞ � RþðmvÞ
� a� Rþð\mv [ Þ

a� RþðmvÞ
; ð5Þ

where a ¼ 2e2sehð1� dTÞ, \MPDI[ is the monthly aver-

age of MPDI. Given a, \MPDI[ and \mv[, the RþðmvÞ
can be derived from the current observation of MPDI, and

the mv can be found out by iteration.

As for parameter a, Yan and Jin (2004) treated it as

constant, and determined it with two sets of known MPDI

and mv at different time. In our study, it is impossible to

have two observations of any one grid point or to know the

SM in advance. Therefore, s and h were calculated based

on previous algorithms (Meesters et al. 2005; Wang et al.

2006).

The above scheme accounts for the impact of soil

type, surface roughness, and vegetation optical thick-

ness in SM estimates. However, a key prerequisite is

knowing the monthly average SM \mv[ in advance,

which is not an easy task considering that there are

very limited records available for the whole Qinghai-

Tibet Plateau. In order to provide the monthly average

SM value for each grid point in the simulation area, we

used the AMSR-E global monthly SM product (reso-

lution 1�91�) as the \mv[, and re-sampled it and the

satellite remote sensing data to the 10 km resolution

grids for further processing.

Newtonian relaxation assimilation scheme

In this study, the SM results estimated from satellite remote

sensing data were assimilated into the Noah land surface

model in WRF using the Newtonian relaxation (NR)

assimilation scheme. This method was conducted adding a

fake tendency term proportional to the difference between

a simulated value and the observed value into one or sev-

eral prediction (or forecast) equations. This makes the

simulated value close to real observation and makes all

variables balanced by the model dynamical framework in

the entire nudging time. The NR results can be used as an

initial field of forecast to improve the accuracy of predic-

tion. Furthermore, multiple time observations can be
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inserted into this initial field optimization process, and then

the effective resolution of observation is raised (Hoke and

Anthes 1976; Hurkmans et al. 2006).

The SM in the Noah land surface model is simulated

through application of the diffusivity form of Richards

equation, which can be formulated as follows

omv

ot
¼ o

oz
DðmvÞ

omv

oz

� �
þ oKðmvÞ

oz
þ SðmvÞ; ð6Þ

where K (m/s) is the hydraulic conductivity, D (m2/s) is the

soil water diffusivity, S (m3/m3s) is representative for sinks

and sources (i.e., rainfall, dew, evaporation and transpira-

tion), t (s) is time, and mv is the soil moisture. The non-

linear K � mv and D� mv relationships are defined by the

formulation of Cosby et al. (1984) for nine different soil

types.

By adding a relaxation term on the right hand of Eq. 6,

the assimilation equation is reformed as

omv

ot
¼ o

oz
DðmvÞ

omv

oz

� �
þ oKðmvÞ

oz
þ SðmvÞ

þ Gxðx; y; z; tÞeðx; y; zÞðmo
v � mvÞ; ð7Þ

where G denotes the strength of the relaxation interaction,

which determines the relative value of the assimilation

term with respect to all other physical forcing terms in this

equation. G has dimension of s-1 and accordingly has to be

adjusted to match the slowest physical process in the

equation. A prerequisite of G is to satisfy the stability

criterion G� 1=Dt, where Dt is the nudging time of the

analytical field. Generally, the simulation results are too

close to observations and thus break the harmony of the

fields if G is too big; or, if G is too small, the assimilation

data plays no role in the simulation. Empirically, G varies

in range 10-5–10-3 s-1 and is usually set as 10-4 s-1.

xðx; y; z; tÞ is the four-dimensional assimilation weighting

function (at the temporal and spatial scales). eðx; y; zÞ is the

quality factor of analytical value, is between 0 and 1.0, and

relies on the data quality and distribution. mo
v is the grid

observation value from interpolating observations of

neighbor times. In this study, only the first layer SM values

were assimilated into the Noah land surface model. More

details setting about G, x and e are explained in Sect.

‘‘Assimilating estimated soil moisture into the WRF sim-

ulations’’. The nudging time for every observation data is

6 h in this study.

Analysis of the soil moisture estimated from AMSR-E

Evaluation of the estimated soil moisture

In this section, the SM estimations based on the above-

mentioned theory are verified using ground observations

from 7 July 2008. No precipitation event occurred in this

area during the study period, a favorite circumstance for

linking the regional distribution of SM to the land use

classification. It is also suitable for comparison between

SM values from different sources. The average monthly

AMSR-E SM of July for 2000–2007 was taken as the

monthly SM of July 2008, due to lack of a monthly AMSR-

E SM product at that time.

Figure 2a presents the regional distribution of the esti-

mated SM with a 12 km spatial resolution based on the

satellite brightness temperature. The regional distributions

of the daily AMSR-E SM product, NCEP SM, are also

provided (Fig. 2b, c) for the purpose of comparison. The

estimated SM values in the desert areas ranged from 0.06

to 0.08 m3/m3, indicating a good correspondence between

the estimated SM and the land use classification. In the

bushes and grass mixed areas, the estimated SM values

ranged from 0.04 to 0.08 m3/m3, slightly lower than actual

observation and even dryer than the desert area in some

cases. The estimated SM was about 0.08–0.22 m3/m3 in the

grasslands and reaches a maximum in the Songpan grass-

land (about 32.00–34.00�N, 102.00–104.00�E), Sichuan

province. We concluded that the regional distribution of

the SM estimated from the satellite brightness temperature

was acceptable.

Figure 2b presents the regional distribution of the daily

AMSR-E SM product with a 25 km spatial resolution. The

regional distribution pattern of the SM product was similar

to that of the estimated SM in both the general tendency

and the numerical values for each land use classification.

The main differences were the SM distribution in the

northwest desert area and the SM values in the southeast

grassland. This product gave SM values ranging 0.06–

0.10 m3/m3 for the northwest desert area, and the distri-

bution of this SM product deviated from the distribution of

the desert. In the grassland area, the SM values were

slightly higher than the estimated SM values, and their

distribution agreed better with the distribution of the

grassland. However, another shortcoming of the product

was that SM retrieval was not available for the Songpan

grassland, where there was a large area of high SM values.

In general, the difference values between the grassland and

the desert were smaller in the SM product than that in the

estimated SM.

Figure 2c is the regional distribution of the NCEP SM

with a 1� 9 1� spatial resolution. This is the background

SM field of the Noah land surface model in this study. This

product basically represents the characteristics of SM dis-

tribution in both desert and grassland. However, the SM in

the desert areas, 0.10–0.20 m3/m3, was obviously too high.

A field experiment was conducted in the Badain Jaran

desert in 2008; the measured SM values were almost all

less than 0.10 m3/m3. So, the values of the estimates and
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the AMSR-E SM products were better than that of the

NCEP. The SM in bushes and grass mixed areas and

grasslands were 0.20–0.25 and 0.25–0.30 m3/m3, respec-

tively. With reference to the available SM values in the

literature, this product did not provide accurate information

for bushes and grass mixed areas, and also missed the

maximal SM area in the Songpan grassland due to its low

resolution.

Verification of the soil moisture estimates

Before assimilating the satellite estimated SM into the

Noah land surface model for simulating SM, the regional

SM values estimated from the satellite microwave mea-

sured brightness temperature were verified by using 5 cm

depth SM data collected in July 2008 at both the Maqu and

Tanglha stations. The results are shown in Fig. 3.

The land surface type at the Maqu Station is grassland

with a 3,512 m altitude. As Fig. 3a shows, the temporal

variations of the satellite estimated SM and NCEP SM

were highly correlated with the SM measured at this

ground station. The three periods of decreasing SM in

1–10, 14–20 and 21–30 of July were clearly shown. As for

the SM values, NCEP was closer to the ground observation

than the values estimated from satellite measurements.

However, the estimated SM provided better estimates of

the low SM values than the NCEP SM did. The small

amplitude of SM is another shortcoming of the NCEP data

compared to the ground measurements.

The land surface type at the Tanglha Station is also

grassland with a 5,100 m altitude. Figure 3b shows that the

temporal variations of the estimated SM, the NCEP SM and

the ground observations have similar trends. The NCEP SM

provided much larger SM values than those of the ground

observations, while the SM values estimated from satellite

microwave measurement yielded smaller results than the

ground observations. The estimated SM had less error than

the NCEP SM. Gruhier et al. (2008) pointed out that the

daily AMSR-E SM product cannot provide accurate SM

values at the current stage, but it can provide reliable

information on the land surface SM variation on a seasonal

scale and for precipitation events. Considering analysis of

the precipitation in July at the Tanglha Station, the SM

estimated from AMSR-E brightness temperature presented

Fig. 2 Regional distribution of the estimated SM from AMSR-E brightness temperature data (a), the daily AMSR-E SM product (b), and the

NCEP SM (c) at a 0–10 cm depth at 14:00 BST 7 July 2008
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a strong correspondence. For example, after precipitations

events on 14, 24 and 30 of July, the SM estimated from

AMSR-E data revealed a more clearly increasing trend than

the NCEP SM.

Based on the previous comparison, it is clear that the

SM estimated from the AMSR-E data is smaller than that

of the ground observations. Beyond the inevitable errors in

describing soil type, surface roughness, vegetation optical

thickness and even SM heterogeneity, a possible reason is

that the monthly average SM from the AMSR-E monthly

SM product for July was insufficiently accurate. An accu-

rate average monthly SM is essential for more accurate

estimated SM values. Fortunately, the Soil Moisture and

Ocean Salinity Mission (SMOS: see http://smsc.cnes.fr/

SMOS/) will be launched in the near future, and is equip-

ped with an L-band (1.4 GHz) passive microwave radi-

ometer. This radiometer is highly sensitive to land surface

SM, and could provide more precise average monthly SM

values.

Assimilating estimated soil moisture into the WRF

simulations

The accuracy of a numerical model simulation or fore-

casting depends not only on the model itself, but also on

the quality of the initial variable fields. In this section, the

NR method is deployed to assimilate the SM estimated

from AMSR-E data into the Noah land surface model in

WRF, and the characteristics of the regional and temporal

patterns of SM are analyzed with the results of the

numerical simulations.

Regional distribution of assimilated soil moisture

From the analysis in the Sect. ‘‘Analysis of the soil mois-

ture estimated from AMSR-E’’, it is clear that the estimated

SM and NCEP SM have the same temporal trends, but

different values in the regional distribution. These differ-

ences are mainly in the following areas: (1) the NCEP SM

values were higher for desert areas; (2) the SM values

estimated from satellite measurements were lower for

bushes and grass mixed zones. So the quality factor for the

NR method was set according to the land use category

instead of the usual setting of 1.0. The best way to set

quality factor values is to use the statistical errors between

the actual SM values and the estimated SM values. How-

ever, these statistical errors cannot be determined in a short

period of time due to the lack of actual SM measurements

on the Qinghai-Tibet Plateau. So if the land use category

was not desert and the estimated SM values were less than

0.05 m3/m3, then the quality factor was set to 0.5 at this

grid; if the land use category was not desert and the esti-

mated SM values were between 0.05 and 0.1 m3/m3, then

the quality factor was set to 0.8 at this grid; the quality

factor was set to 1.0 for other cases. The four-dimensional

assimilation weighting function was set to 1.0, meaning

that there was no influence on any other points or times

when the estimated SM data were assimilated into the

model. The relaxing strength factor was set to 0.00037 s-1

Fig. 3 Temporal variations of

estimated SM from satellite

microwave remote sensing data,

NCEP SM at 0–10 cm depth

and field observation at a 5 cm

depth at the Maqu Station (a)

and Tanglha Station (b)
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for the entire grid. Tests show that these settings produce

good simulation results for this study area.

In this paper, three nested domains were used in the

WRF model for simulating SM distribution. Of these three

domains, the third one was the smallest and had the highest

resolution, with a 10 km grid spacing. This domain pro-

vided more detail on atmospheric force fields and land use

categories for the Noah land surface model. Similarly, the

Noah land surface model could produce better water and

heat fields to feed to the WRF model as the bottom

boundary conditions. The assimilation of the estimated SM

was conducted only in the third domain. Because there are

few ground observation stations in the research area, it is

hard to verify which method yields better SM develop-

ment; so the estimated SM at 7 July 14:00 BST was used

for the assimilation test, and the simulation result was

verified by land use category. The whole simulating period

covered 02:00–14:00 BST 7 July, 02:00–08:00 BST was

period for the model spin-up time, and 08:00–14:00 BST

was the model assimilation time.

Figure 4 is the simulated regional distribution of SM with

assimilated test and non-assimilated test. Simulated SM

values in the assimilated test decreased throughout almost

the entire research area. Changes in SM values in the desert

areas and bushes/grass mixed zones ranged from -0.02 to

-0.04 m3/m3 and -0.04 to -0.06 m3/m3, respectively. In

the assimilation test, the simulated desert SM values in the

Qaidam basin located in the north Qinghai-Tibet Plateau,

were between 0.1 and 0.15 m3/m3, and demonstrated better

agreement with the distribution of desert areas than non-

assimilated test. This result also occurred in the Tengger

desert area. In southern Qinghai province (95–97�E,

31–33�N), the simulated SM values obviously decrease, with

a good correspondence to a small bare-ground tundra zone.

In southwestern Qinghai province (90–93�E, 31–34�N), the

simulated SM values also obviously decreased in small

bushes and grass mixed zones. In addition, the simulated SM

values showed almost no change if the SM estimated from

satellite measurements were absent.

In summary, it can be concluded that after assimilating

the estimated SM values using the NR method, the regional

distribution of the simulated SM values improved most in

desert areas, followed by grass and bushes and grass mixed

zones.

Fig. 4 Regional distribution of simulated soil moisture with assimilation (a), non-assimilation (b), and their discrepancy (c) at 14:00 BST 7 July

2008
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Temporal variation of the assimilated soil moisture

values

On a temporal scale, the objective of the assimilation

procedure is to syncretize the variation of the SM estimated

from satellite microwave measurement to the background

SM field of a numerical model, and make the simulated SM

values approach the ground observations to improve the

long-term simulation results of the numerical model.

In this section, three tests were applied to measure the

influence of the assimilation methods for the WRF simu-

lations. The first test used the Newtonian relaxation method

(NR); the direct insertion method was used in the second

test (DI); and the third test used no assimilation step (NO).

The simulated results were verified by the data collected

from the Maqu Station and the Tanglha Station, as shown

in Fig. 5. The simulation and assimilation parameters in the

three tests were set as described in Sect. ‘‘Regional dis-

tribution of assimilated soil moisture’’. The simulation

period spanned 14 days from 14:00 BST on 17 July to

14:00 BST on 31 July. The lateral boundary conditions

were updated every 6 h, same as the output frequency of

the simulation. The assimilating period was from 08:00 to

14:00 BST for NR each day, and at 14:00 BST for the DI

method each day. In addition, the root mean square error

(RMSE) was used to evaluate the simulation results:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN

t¼1

ðObst � XtÞ2
vuut ; ð8Þ

where N is the entire simulation period, Obst is the ground

observation at time t, Xt is the simulated value at the same time.

The simulated SM at the Maqu Station for the three

methods is presented in Fig. 5a. The NO method showed

little variation in SM throughout the entire simulation

period. It did not reflect the significant variation in actual

SM values, especially on 21 and 31 of July. Although the

temporal variation of the estimated SM was assimilated in

the DI scheme, there were still some errors in the SM

estimated from satellite brightness temperature that led to

inaccurate simulation results, especially for 18–23 July.

Considering the temporal variation of the estimated SM,

the temporal variation of the simulated SM using the NR

method was revealed. It not only reflected significant SM

variation on 21 and 31 of July, but also had less error than

the DI method for 18–23 July. The RMSE of NO, DI and

NR at this station were 0.07, 0.06 and 0.04 m3/m3,

respectively, and the NR scheme provided the best esti-

mation of these three methods.

The SM simulation at the Tanglha Station (Fig. 5b) was

similar to at the simulation at the Maqu Station. The simu-

lated SM values with the NO scheme were much larger than

the actual values throughout the simulation period. The

simulated SM values for the DI scheme were too small. The

simulated SM values with the NR method were much closer

to the ground measurements. The RMSE of NO, DI and NR

at this station were 0.12, 0.07 and 0.05 m3/m3, respectively.

Because there was an obvious difference between the NCEP

and the estimated SM in this station, and the data input

frequency for the NCEP data was four times that of the

estimated SM, the simulated SM showed an upward trend at

the non-assimilation time, and the correlation coefficient

between the simulated SM and the station SM decreased. So

if the model background SM was more divergent from the

estimated SM, the variation tendency of simulated SM has

been changed at the temporal scale. Furthermore, the DI

method, compared with the NR method, produced a larger

discrepancy from the numerical model at the temporal scale.

In conclusion, the best simulation results were achieved

by assimilating the estimated SM with the NR method. The

simulated SM finally tended toward the ground observa-

tions step by step, and the temporal characteristics of

simulated SM were disclosed. This is helpful for the WRF

model to improve the simulation accuracy of SM in rainfall

events and seasonal variations.

Discussion and conclusion

In this paper, we analyzed the potential of using satellite

microwave bright temperature data to improve the perfor-

mance of numerical simulations of SM. The SM estimated

from AMSR-E microwave bright temperature data were

assimilated into the Noah land surface model in WRF by

the NR method. The main conclusions are as follows:

Fig. 5 Temporal variability of the ground-measured and simulated

SM at the Maqu Station (a), and the Tanglha Station (b) from 17 to 31

July 2008
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1. Based on the theory of Yan and Jin (2004), regional

SM values in the eastern part of the Qinghai-Tibet

Plateau were estimated from AMSR-E brightness tem-

perature data. Results showed that the estimated SM

values were lower than the observation data at the two

stations but within the bounds of common sense.

Compared with the NCEP SM data, the estimated SM

values showed a better response to daily precipitation. In

addition, the distribution patterns of estimated SM were

somewhat better than those from the AMSR-E daily

products over this region.

2. Comparing the simulation results with the NO and DI

methods, the NR method showed to be more accurate in

simulating SM variation in the WRF model. At the

regional scale, the model-simulated SM values improved

most in the desert areas, and then the grasslands and

bushes and grass mixed zones. At the temporal scale, the

RMSE between the simulated SM and ground-measured

SM decreased 0.03 and 0.07 m3/m3 using the NR

method at the Maqu Station and the Tanglha Station,

respectively.

The limitation of the NR method is that its parameter

settings need an experience. In this study, the quality factor

was set according to the land use category and the esti-

mated SM, and the four-dimensional assimilation weight-

ing function was set to 1.0. Hurkmans et al. (2006)

designed three empirical functions for setting the four-

dimensional assimilation weighting function. This method

is a good try, but it needs further verification in different

regions.

In addition, there is concern about the direct insertion of

SM estimated from satellite remote sensing measurements

into numerical models. Ookouchi et al. (1984) mentioned

that sharp horizontal SM gradients may generate thermal

circulations as strong as sea breezes, and thus may trigger

convection. Considering the constraints of the satellite

scanning region, if the DI method is deployed to assimilate

estimated SM, then this can easily lead to sharp horizontal

soil moisture gradients between estimated SM and simu-

lated SM at the intersection border. This kind of gradient

has a negative effect on the WRF model’s capacity to

simulate convection for producing more fake precipitation

near the intersection border. The NR method could weaken

this sharp horizontal SM gradient through a period of

nudging assimilation.
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