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ABSTRACT

Very few frameworks exist that estimate global-scale soil moisture through microwave land data assimi-

lation (DA). Toward this goal, such a framework has been developed by linking the Community LandModel,

version 4 (CLM4), and a microwave radiative transfer model (RTM) with the Data Assimilation Research

Testbed (DART). The deterministic ensemble adjustment Kalman filter (EAKF) within DART is utilized

to estimate global multilayer soil moisture by assimilating brightness temperature observations from the

Advanced Microwave Scanning Radiometer for Earth Observing System (AMSR-E). A 40-member ensemble

of Community Atmosphere Model, version 4.0 (CAM4.0), reanalysis is adopted to drive CLM4 simulations.

Space-specific, time-invariant microwave parameters are precalibrated to minimize uncertainties in RTM.

Besides, various methods are designed to upscale AMSR-E observations for computational efficiency and time

shift CAM4.0 forcing to facilitate global daily assimilations. A series of experiments are conducted to quantify

the DA sensitivity to microwave parameters, choice of assimilated observations, and different CLM4 updating

schemes. Evaluation results indicate that the newly established CLM4–RTM–DART framework improves the

open-loop CLM4-simulated soil moisture. Precalibrated microwave parameters, rather than their default

values, can ensure a more robust global-scale performance. In addition, updating near-surface soil moisture is

capable of improving soil moisture in deeper layers (0–30 cm), while simultaneously updating multilayer soil

moisture fails to obtain intended improvements. Future work is needed to address the systematic bias in CLM4

that cannot be fully covered through the ensemble spread in CAM4.0 reanalysis.

1. Introduction

Reliable global soil moisture datasets are urgently

needed for a wide range of applications including weather

forecasting (de Goncalves et al. 2006; Drusch 2007),

drought monitoring (Dai et al. 2004; Bolten et al. 2010),

climate prediction (Dirmeyer et al. 2006; Bao et al. 2010),

and water resource management (Blum 2005; Dobriyal

et al. 2012).However, conventional soil-moisture-retrieving

methods such as ground-based measurements (Robinson

et al. 2008; Crow et al. 2012; Romano 2014), land surface

modeling (Henderson-Sellers et al. 1993; Entin et al. 1999),

and remote sensing (Kerr 2007; Loew et al. 2013) are sub-

ject to limitations in data quality, spatiotemporal resolution,

or representativeness and coverage.

Recently developed land data assimilation (DA)

techniques (Liang and Qin 2008; Reichle 2008; Tian

et al. 2011) hold promise for estimating soil moisture

with good accuracy by integrating soil wetness infor-

mation from both model simulations and independent

satellite observations (Vereecken et al. 2008). Consid-

ering the uncertainties in satellite soil moisture products

(Jackson et al. 2010; Su et al. 2011; Chen et al. 2013;

Al-Yaari et al. 2014), some researchers prefer to directly

assimilate microwave brightness temperatures (TB)

through radiative transfer models (RTMs; Margulis

et al. 2002; Crow andWood 2003; Yang et al. 2007; Loew

et al. 2009; Shi et al. 2010). Model parameters are

sometimes updated together with soil moisture to min-

imize systematic biases in land surface models (LSMs)
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or RTMs (Moradkhani et al. 2005; Pan and Wood 2006;

Reichle et al. 2008; Qin et al. 2009; Nie et al. 2011; Han

et al. 2014), which greatly improve theDAperformance.

Based on these concepts, microwave land DA has been

well tested and applied at catchment or regional scales

(Crow and Van den Berg 2010; Tian et al. 2010;

Montzka et al. 2011), and its global application is re-

cently receiving an increasing amount of attention in

the land DA community (De Lannoy et al. 2013;

Harding et al. 2014), with major challenges in ac-

counting for the heterogeneity in soil properties,

land use, vegetation cover, and topography (Reichle

et al. 2014).

Advanced LSMs play a fundamental role in the global

soil moisture estimation framework. As a land compo-

nent of the Community Earth System Model (CESM;

Hurrell et al. 2013), the Community LandModel (CLM;

Oleson et al. 2004; Lawrence and Chase 2007; Oleson

et al. 2010) has a state-of-the-art representation of the

hydrologic cycle, in which soil moisture is simulated

using a refined layering scheme to resolve the strong

near-surface soil moisture gradient (Z. Yang 1998, un-

published manuscript). Despite the enhancement in

hydrological modeling, CLM is found to be biased in

estimating soil moisture at global (Du et al. 2014) and

regional (Long et al. 2013; Cai et al. 2014) scales. The

past decade has also seen many CLM-based land DA

studies aiming to improve soil moisture estimation by

assimilating either in situ (De Lannoy et al. 2007; Tian

et al. 2008; Zhang et al. 2012) or synthetic (Kumar et al.

2009; Han et al. 2014) observations, and ensemble-based

DA has been proven to represent the model un-

certainties well (De Lannoy et al. 2006). Although as-

similating soil moisture in the vertical profile directly

results in improved estimates of root-zone soil moisture

(De Lannoy et al. 2007), there are also studies showing

potential improvements of deep-soil states through the

assimilation of surface soil moisture observations

(Kumar et al. 2009). The latter finding is especially

useful for global root-zone soil moisture estimation

through the assimilation of satellite microwave TB in

regions where no in situ soil moisture observations are

available (Tian et al. 2010).

This study aims to improve CLM-estimated global soil

moisture by assimilating Advanced Microwave Scanning

Radiometer for Earth Observing System (AMSR-E) TB

observations. To this end, we have developed a prototype

of a microwave land DA system that couples CLM,

version 4 (CLM4; Lawrence et al. 2011), and a micro-

waveRTM into theDataAssimilationResearch Testbed

(DART; https://www.image.ucar.edu/DAReS/DART/;

Anderson et al. 2009).Methods in time shifting of forcing

time series, upscaling of AMSR-E observations, and

precalibration of RTM parameters are designed to

speed up the computational procedure and to account

for the uncertainties in the radiative transfer process.

The resultant multilayer soil moisture is then evalu-

ated against the available in situ measurements over

the globe. Details on the DA system including CLM4,

RTM, DART, datasets, and experimental design are

provided in section 2. Section 3 presents evaluation

results and discussion. Finally, a summary is given in

section 4.

2. Methodology and data

a. CLM4

CLM4 is an LSM that benefits from the community

efforts in developing and refining model parameteriza-

tions and physical structures (Lawrence et al. 2011).

Integrated in CESM (Kluzek 2013), CLM4 is well con-

figured for parallel computation and has the ‘‘multi-

instance’’ capability to simultaneously run multiple

simulations within a single executable, which simplifies

the setup of ensemble-based DA. We choose to run the

offline CLM4 at a 0.98 3 1.258 spatial resolution, with
each grid cell consisting of one or more columns repre-

senting spatial heterogeneity induced by various land

units (e.g., wetland, lake, urban, glacier, and vegetated

area). In each column, the soil profile is divided into 15

layers and soil moisture is predicted from a multilayer

model, where vertical soil water transport is governed

by infiltration, runoff, gradient diffusion, gravity, can-

opy transpiration, and interactions with groundwater.

The detailed layering information for the top 10 CLM4

soil layers is given in Table 1. A modified Richards

equation (Zeng and Decker 2009) is applied to main-

tain the hydrostatic equilibrium of soil moisture dis-

tribution. Soil hydraulic and thermal parameters are

derived from input soil ancillary data (e.g., sand, clay,

TABLE 1. CLM4 soil layering information.

Soil

layer

Depth of layer

center (cm)

Layer

thickness (cm)

Depth of

layer lower

interface (cm)

L1 0.7 1.8 1.8

L2 2.8 2.8 4.5

L3 6.2 4.5 9.1

L4 11.9 7.5 16.6

L5 21.2 12.4 28.9

L6 36.6 20.4 49.3

L7 62.0 33.6 82.9

L8 103.8 55.4 138.3

L9 172.8 91.3 229.6

L10 286.5 150.6 380.2
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and organic contents) through pedotransfer functions

(Clapp and Hornberger 1978; Cosby et al. 1984;

Lawrence and Slater 2008). Note that only soil mois-

ture within the top 10 hydrologically activated layers

(0–3.8m) is calculated, and the bottom five layers are

retained to account for thermal interactions with the

underlying deep ground.

Despite the advanced physical design of this model,

CLM4 still poses challenges for data assimilation. The

location information is stored for the grid cells alone, yet

the model contains subgrid prognostic variables (e.g.,

columns). Upscaling from these subgrid variables to

gridcell-based quantities is a necessity in the current

system because it is impossible to discern what part(s) of

the grid cell is the appropriate land unit, column, or

plant functional type that would match the characteris-

tics of the TB observation location. Therefore, in the

DA system, a gridcell average of soil moisture and

temperature is first aggregated from corresponding

columns and then used to calculate an observational

estimate of TB through RTM. CLM4-predicted soil

moisture is then updated indirectly by comparing the

modeled and AMSR-E observed TB.

b. RTM and parameter calibration

According to the microwave remote sensing theory,

near-surface soil moisture is highly correlated with TB

through soil dielectric constant that influences soil mi-

crowave emissivity and eventually TB. In addition, the

presence of vegetation causes attenuation of the emitted

microwave signals. A detailed radiative transfer process

involving soil, vegetation, and topography is depicted in

appendix A. According to Eqs. (A1)–(A11), the esti-

mated TB can be generally expressed as a function of

time-varying model states (u, p, Freq, Tg, Ty, SM, and

LAI) and time-invariant parameters (%sand, %clay,

porosity, qmv, hmv, bmv, and xmv), where u is the sat-

ellite incidence angle; p denotes microwave polarization

(vertical or horizontal); Freq is the microwave frequency;

Tg, Ty, and SM are CLM4-predicted near-surface soil

temperature, vegetation temperature, and near-surface

soil moisture, respectively; LAI is leaf area index;%sand,

%clay, and porosity are soil texture parameters; qmv and

hmv are soil surface roughness–related parameters; and

bmv and xmv are vegetation-related parameters.

Uncertainties from the above variables will poten-

tially introduce extra biases into the RTM-calculated

TB. Taking the vertically polarized, 6.9-GHz TB as an

example, Fig. 1 shows the sensitivity of RTM-estimated

TB (TBest). For each parameter, the relationship is de-

rived by first randomly sampling 2000 values within its

physical range (‘‘min’’ and ‘‘max’’ in Table 2) while as-

signing all other parameters with a specified value

(‘‘default’’ in Table 2), and then applying these 2000

combinations of parameters in RTM to obtain the same

number of TBest. Specifically, TBest shows high sensi-

tivity to time-varying variables (e.g., Tg, SM, and LAI)

except for Ty. Since both Tg and SM may have large

FIG. 1. Relationship between RTM-estimated TB (vertically polarized, 6.9GHz) and input land states and RTM parameters. The x axis

indicates the randomly sampled parameter values within its physical range.
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diurnal variations, it is necessary to estimate TB at ex-

actly the time when AMSR-E TB is observed, thereby

requiring time matching between CLM4 states and

AMSR-E observations if conducting assimilation at

global scale with daily intervals. This is realized by

rendering themodel time from the consistent coordinate

universal time (UTC) to the same local solar time (LST)

through the time shifting of forcing data. By contrast,

the accurate input of LAI is ensured by introducing

satellite observational products. In terms of time-

invariant parameters, TBest shows a relatively low sen-

sitivity to soil texture parameters (e.g., %sand, %clay,

and porosity), and thus they are directly inherited from

CLM4 ancillary data. On the other hand, TBest shows a

high sensitivity to vegetation and soil surface roughness

parameters (e.g., bmv, hmv, and qmv), except for xmv,

and therefore, they are calibrated prior to the data as-

similation. However, since the highly packaged engi-

neering design of CLM4 prevents the feasibility of using

it for global-scale parameter calibration, we have fol-

lowed Yang et al. (2007) to obtain the calibrated RTM

parameters (see details in appendix B) when developing

our prototype CLM4–RTM–DART system. Note that

this calibration scheme is different from de Rosnay et al.

(2009), who compare different combinations of land,

vegetation, and soil dielectric parameterization schemes

in the forward model. This study also differs from De

Lannoy et al. (2013, 2014) in terms of calibrating key

RTM parameters for the L-band TB estimation.

The calibration period is from 1 June to 1October 2010.

Considering the relative low sensitivity of TB to xmv, only

bmv was calibrated in Eq. (A5) to avoid overfitting and

xmv was set to a constant value (xmv5 21.25) following

Jackson and Schmugge (1991). Precalibration was not

implemented at regions within the Arctic and Antarctic

Circles to avoid snowy or icy conditions. Finally, the

precalibrated radiative transfer parameters (i.e., bmv,

qmv, and hmv, with their spatial distribution shown in

Fig. 2) were used in the RTM module in our CLM4–

RTM–DART system for AMSR-E TB assimilation.

c. DART and the CAM4.0 reanalysis

DART has incorporated a variety of mainstream DA

algorithms, including the traditional ensemble Kalman

filter (EnKF), the deterministic ensemble adjustment

TABLE 2. List of CLM4 states and parameters for sensitivity study

on the RTM.

Parameter Min Max Default

Tg (K) 275.0 313.0 295.0

Ty (K) 273.0 313.0 295.0

SM (m3m23) 0 0.60 0.25

LAI 0 6.0 1.0

%sand 0 95.0 50.0

%clay 0 80.0 40.0

porosity 0.30 0.70 0.46

bmv 0 5.0 1.0

xmv 21.40 20.90 21.25

qmv 0 1.00 0.10

hmv 0 1.00 0.20

FIG. 2. Global distribution of precalibrated radiative transfer parameters (qmv, bmv, and hmv) and ‘‘cost-min’’

denotes the minimum of the cost function (defined in appendix B) obtained in the calibration process.
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Kalman filter (EAKF) (Anderson 2001), and particle

filter (PF). Zhang (2015) shows that EAKF outperforms

EnKF in snow DA using observations from the Mod-

erate Resolution Imaging Spectroradiometer (MODIS)

andGravityRecovery andClimateExperiment (GRACE).

Thus, EAKF is used in this study to update CLM4

states. By assimilating a specifically observed quantity,

EAKF is capable of updating each state vector com-

ponent based on their correlation (Anderson et al.

2009). On the one hand, this supports our current study

that updates soil moisture and other CLM4 state vari-

ables through the assimilation of AMSR-E TB; on the

other hand, this forms the theoretic basis of future

studies on multisource land DA where there might be

no apparent relationships between CLM4 state vari-

ables and observations.

The 6-hourly Community Atmosphere Model, version

4.0 (CAM4.0), reanalysis with spatial resolution of 1.98 3
2.58 is used as forcing data in this study. This reanalysis

is generated by interfacing CAM4.0 to DART and

assimilating a variety of observatories, including the radio

occultation observations from the Constellation Observ-

ing System for Meteorology, Ionosphere and Climate

(COSMIC), temperature and wind components from ra-

diosondes and aircraft, and satellite drift winds (Raeder

et al. 2012). Compared with other ensemble-based DA

that simply perturb one or several atmospheric forcing

fields, the CAM4.0 ensemble reanalysis preserves the full

covariance of each field while maintaining variability

consistent with observational uncertainty. Based on the

CAM4.0 reanalysis, the coupled CLM4 and DART has

been used to estimate snow water equivalent in the

NorthernHemisphere through the assimilating ofMODIS

snow cover fraction (Zhang et al. 2014), microwave radi-

ance (Kwon et al. 2015), and joint MODIS snow cover

fraction and GRACE terrestrial water storage (Zhang

2015). In this study, considering the computational cost

and the EAKF performance (Reichle et al. 2002), we have

randomly chosen 40members of theCAM4.0 reanalysis to

introduce uncertainties into CLM4 states. Note that in

order to facilitate the assimilation of global AMSR-E

observations at a daily interval, we have shifted the orig-

inal UTC-formatted CAM4.0 reanalysis into LST format

to indirectly render CLM4 to match with AMSR-E in

time. A justification for the time shifting of CAM4.0

reanalysis as well as bias in the forcing is addressed in

section 3c.

d. Satellite data

The ‘‘AMSR-E/Aqua daily global quarter-degree

gridded brightness temperatures’’ (Knowles et al. 2011)

available at the National Snow and Ice Data Center

(NSIDC) are used. The AMSR-E sensor is on board the

NASAEOSAqua satellite, which has a sun-synchronous

orbit and crosses the equator at about 1330LST (0130LST)

in the ascending (descending) mode each day, thereby

producing a daily global map with approximately the

same observational time (LST). Multichannel passive

microwave signals were measured at six frequencies (6.9,

10.7, 18.7, 23.8, 36.5, and 89.0GHz) and at both the hor-

izontal and vertical polarizations with an incidence angle

of 558. In this study, the descending (nighttime around

0130 LST), vertically polarized signals are assimilated for

soil moisture estimation following Zhao et al. (2013).

In DART, neighboring observations within a cer-

tain distance are allowed to impact the model states

(Anderson et al. 2009). Thus, the computational load

increases greatly with the increase in the observation

number. Therefore, we have spatially upscaled the orig-

inal 1/48 AMSR-E TB onto the CLM4 resolution (0.98 3
1.258), which largely reduces the total number ofAMSR-E

observations and significantly saves the computing time in

the practical implementation of a single DA cycle (from

1h to less than 9min). Justification for the AMSR-E TB

upscaling is discussed in section 3d. Note that AMSR-E

pixels along coastlines and over inland water bodies are

eliminated during upscaling. Regarding the common

radio-frequency interference (RFI) contamination at

6.9GHz, monthly global RFI masks are first generated

following the method of Njoku et al. (2005) and then

applied prior to the assimilation. In terms of microwave

frequency, only those less than 19GHz are assimilated,

as they are more sensitive to changes in near-surface soil

moisture than in vegetation (Vinnikov et al. 1999;

Prigent et al. 2005). Specifically, the relatively higher

18.7-GHz TB is assimilated globally in some data

TABLE 3. List of OL CLM4 and CLM4–RTM–DART runs for global soil moisture estimation.

Cases Parameters in RTM Freq of TB assimilated CLM4 states updated through DA

OL No DA — —

DA_0 RTM with default parameters 6.9(10.7) GHz SM of L1–L2

DA_1 RTM with precalibrated parameters 6.9(10.7) GHz SM of L1–L2

DA_2 RTM with precalibrated parameters 6.9(10.7) 1 18.7GHz SM of L1–L2

DA_3 RTM with precalibrated parameters 6.9(10.7) 1 18.7GHz SM of L1–L2, Tg, and Ty

DA_4 RTM with precalibrated parameters 6.9(10.7) 1 18.7GHz SM of L1–L8
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assimilation cases (Table 3), while 6.9GHz is the pre-

ferred lower frequency. However, at some locations

where there is severe RFI contamination at 6.9GHz

(e.g., the contiguousUnited States and India), the 10.7-GHz

TB is assimilated instead. Since there is no officially

publicized observation error in the AMSR-E TB ob-

servations, we have set the observational error vari-

ance to 2K, which approximately corresponds to 1% of

the TB values observed at frequencies of 18.7GHz

or lower.

In addition to AMSR-E TB, the 0.058 Global Land

Surface Satellites (GLASS) LAI product that developed

and released by the Center for Global Change Data

Processing and Analysis of Beijing Normal University

(Liang and Xiao 2012) is adopted to provide auxiliary

vegetation dynamic information in the radiative transfer

processes (see appendix A). The GLASS LAI is pro-

duced based on LAI products of AVHRR (1982–99)

and MODIS (2000–12) by using the so-called general

regression neural networks (GRNNs) to refill spatio-

temporal missing values (Xiao et al. 2014). Note that in

order to alleviate the variable location issues and to

reduce the total number of global observations, we have

also upscaled the original 0.058 GLASS LAI into a

coarser CLM4 resolution (0.98 3 1.258).

e. The CLM4–RTM–DART system and DA
experiments

As shown in Fig. 3, CLM4 fully utilizes its multi-

instance capability to facilitate the ensemble-based DA.

With the input of time-shifted CAM4.0 ensemble forc-

ing and initial conditions, CLM4 is stopped every 24h

(nominally at 0000 UTC but actually corresponding to

LST when AMSR-E TB is observed), and restart files

are generated. DART then reads a subset of the CLM4

states (near-surface soil moisture, soil temperature,

vegetation temperature, etc.) and employs the coupled

RTM (the observation operator) to calculate an en-

semble of prior TB with the input of GLASS LAI and

precalibrated parameters, and the EAKF performs DA

at all CLM4 grid cells. Note that no additional pertur-

bations are applied to land states during the cycling of

the assimilation experiment, and the spread among en-

semble members is generated from ensemble forcing. A

further discussion on ensemble spread is presented in

section 3a(1). The updated CLM4 states are inserted

back to the restart files and used as background initial

conditions for the next forecast cycle.

Based on the newly established CLM4–RTM–DART

system, several experimental cases were designed to

investigate the system performance in global soil mois-

ture estimation. Table 3 shows an open-loop (OL) run of

CLM4 without DA and two DA runs using precali-

brated (DA_1) and default (DA_0) microwave param-

eters in the RTM. Note that parameter values used in

the latter case are listed in Table 2 (see ‘‘default’’ for

bmv, xmv, qmv, and hmv). Both DA experiments as-

similate the lower frequency of vertically polarized,

nighttimeAMSR-ETB to update the top two layers’ soil

moisture in the CLM4 restart fields. Besides, three ad-

ditional DA cases (DA_2, DA_3, and DA_4) were con-

ducted by assimilating both the lower and higher

frequencies of AMSR-E TB but with different updating

schemes on CLM4 states. In contrast to DA_1 andDA_2

FIG. 3. (left) Schematic and (right) flowchart of the CLM4–RTM–DART system for global soil moisture

estimation.
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FIG. 4. (top) Global distribution of selected subregions for soil moisture evaluation and (bottom) the spatially av-

eraged topsoil moisture time series. In each subplot of the bottom panel, the multiyear mean (black solid line) with

standard deviations (shaded areas) and the 2010 soil moisture time series (blue solid line) are shown. Temporal coverage

of multiyear time series is indicated in the subtitle.
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that only update topsoil moisture, DA_3 simultaneously

updates topsoil moisture, topsoil temperature, and vege-

tation temperature, while DA_4 updates multilayer soil

moisture within the top eight soil layers.

In all the above cases, CLM4 was configured to run at

the hourly time step at a 0.98 3 1.258 spatial resolution
over the globe. A set of 40-member initial conditions

were generated by using 40 members of CAM4.0 re-

analysis to drive the same number of CLM4 simulations

from 1 January to 1 June 2010. In DA cases (from

DA_0 through DA_4), the CLM4-predicted near-surface

soil moisture, soil temperature, and vegetation temperature

are areal averaged within each grid cell to calculate TB.

The overall DA period is from 1 June to 1 October 2010.

In terms of localization, we have referred to Zhang et al.

(2014) and conducted a series of localization-distance-

based experiments and found the DA performance,

judging from the prior and posterior root-mean-square

error (RMSE), is insensitive to localization settings

(not shown here for concision). This is reasonable as

discontinuities are commonly found in land surface mod-

eling due to high spatial heterogeneity. Finally, a constant

localization distance of 1.78 (0.03 rad) is adopted in

this study.

f. In situ soil moisture observations and the evaluation
scheme

Two in situ observational databases, namely, the In-

ternational Soil Moisture Network (ISMN) and the

North American Soil Moisture Database (NASMD),

were used to evaluate the CLM4–RTM–DART-

estimated soil moisture. ISMN was initiated by the In-

ternational Soil Moisture Working Group (ISMWG) to

facilitate the continuous global in situ soil moisture ob-

servations and the standardization of measuring tech-

nique and protocol (Dorigo et al. 2011). The ISMN

database consists of worldwide voluntary contributions

of scientists and networks and has hosted 35 networks

with over 1400 stations byNovember 2012. In contrast to

ISMN, the NASMD project is operated by scientists at

TABLE 4. Subregions of in situ soil moisture observations for global evaluation of OL- and DA-estimated soil moisture. The predominant

land cover is originated from the ESA 300-m Climate Change Initiative land cover maps (http://maps.elie.ucl.ac.be/CCI).

Subregion Source network

Measuring

depths (cm)

Predominant

land cover Database

No. of

stations

No. of CLM4

grid cells

AARD Alberta Agriculture and

Rural Development

(http://agriculture.alberta.ca/)

5 and 20 Cropland/grassland NASMD 27 40

CTP_SMTMN Central Tibetan Plateau Soil

Moisture and Temperature

Monitoring Network

(http://dam.itpcas.ac.cn/rs/?q=data)

5 (0–5), 10,

and 20

Grassland ISMN 30 4

ICN Illinois Climate Network

(http://www.isws.illinois.edu/warm/soil/)

5, 10, and 20 Cropland NASMD 18 14

OZNET OzNet hydrological

monitoring network

(http://www.oznet.org.au/)

5 (0–5 and 0–8)

and 0–30

Cropland ISMN 34 24

SCAN_R01 Soil Climate Analysis Network

(http://www.wcc.nrcs.usda.gov/scan/)

5, 10, and 20 Grassland NASMD 8 28

SCAN_R02 Soil Climate Analysis Network

(http://www.wcc.nrcs.usda.gov/scan/)

5, 10, and 20 Shrubs NASMD 11 25

SCAN_R03 Soil Climate Analysis Network

(http://www.wcc.nrcs.usda.gov/scan/)

5, 10, and 20 Grassland NASMD 8 25

SCAN_R04 Soil Climate Analysis Network

(http://www.wcc.nrcs.usda.gov/scan/)

5, 10, and 20 Cropland/evergreen

trees

NASMD 44 56

SMOSMANIA Soil Moisture Observing

System–Meteorological

Automatic Network

Integrated Application

(http://www.cnrm.meteo.fr/)

5, 10, and 20 Cropland ISMN 18 18

SNOTEL_R01 Snowpack Telemetry

(http://www.wcc.nrcs.usda.gov/snow/)

5, 10, and 20 Evergreen

trees/shrubs

NASMD 73 108

SNOTEL_R02 Snowpack Telemetry

(http://www.wcc.nrcs.usda.gov/snow/)

5, 10, and 20 Evergreen trees/

shrubs/grassland

NASMD 39 18

SNOTEL_R03 Snowpack Telemetry

(http://www.wcc.nrcs.usda.gov/snow/)

5, 10, and 20 Grassland NASMD 82 15
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Texas A&M University, aiming to understand how

soil moisture influences climate on seasonal to in-

terannual time scales in North America (see details on

http://soilmoisture.tamu.edu/). The NASMD holds a

more comprehensive collection of in situ soil moisture

observations in all 50 United States as well as in

Canada and Mexico. Originated from various obser-

vational networks and institutions, soil moisture ob-

servations from both ISMN and NASMD have been

harmonized and quality controlled to ease their ap-

plications (see details at http://soilmoisture.tamu.edu/

and http://ismn.geo.tuwien.ac.at/). In general, ISMN

and NASMD are complementary to each other and

are both essential means for the geoscientific com-

munity to validate and improve global satellite ob-

servations and LSMs.

Because of high spatial heterogeneity, the repre-

sentativeness of soil moisture observations at a single

station is usually questioned and thus requires spatial

upscaling to eliminate the scale mismatch between

point-scale measurements and model (or satellite)

gridded estimations (or retrievals; Crow et al. 2012).

Given the coarse spatial resolution of CLM4-

produced soil moisture, and further considering the

diverse protocols in measuring depth, density, sensor,

and sampling interval among different soil moisture

networks, we have conducted a network-based eval-

uation within 12 specified subregions over the globe.

The spatial distribution of these selected subregions

as well as their multiyear mean and 2010 topsoil

moisture time series are shown in Fig. 4. As detailed in

Table 4, in addition to the aforementioned factors,

these subregions are preselected with respect to

vegetation cover, climatology, and data availability

(June–October 2010), and each has at least eight soil

moisture monitoring stations and four CLM4 grid

cells. Similar to studies of Entin et al. (1999) and Xia

et al. (2014), we have simply applied spatial averaging

to both the station observations and CLM4 estima-

tions within each subregion. Besides, the soil moisture

measuring depths are different among subregions.

Statistically, depths of 5, 10, and 20 cm possess the

most effective observations from both NASMD and

ISMN (see Table 5). Meanwhile, there are also sta-

tions with sensors (e.g., CS-616 in OZNET) measuring

soil moisture within the top 0–30 cm, which can be

aggregated from the 5-, 10-, and 20-cm observations.

Therefore, soil moisture at three depths (5, 10, and

20 cm) plus one layer (0–30 cm) are chosen for evalu-

ation (Table 6). Specifically, soil moisture centered at

CLM4 layers of L3, L4, and L5 are compared with

observations at 5, 10, and 20 cm, respectively, whereas

the aggregated CLM4 L1–L5 soil moisture is com-

pared with the 0–30-cm observation. Note that near-

surface soil moisture at OZNET was measured at 0–5

or 0–8 cm, which varies with stations, and here we

treat these measurements as taken at 5 cm (see Table 4).

In contrast to OZNET, near-surface soil moisture

at CTP_SMTMN is measured at 0–5 cm; thus, we ag-

gregated the top two CLM4 layers to get the corre-

sponding estimates for evaluation. In the following

descriptions, we consider topsoil moisture is nomi-

nally measured at 5 cm in subregions OZNET and

CTP_SMTMN for simplicity.

Given the relatively short 4-month DA, this global

dataset is expected to enhance the evaluation results

over the spatial dimension. Meanwhile, different soil

wetness conditions in these subregions, that is, the 2010

soil moisture compared with multiyear mean (Fig. 4),

are used as a surrogate to indirectly represent the tem-

poral variations and thus compensate the evaluation

over the temporal dimension. In each subregion, the

topsoil shows a drier (e.g., SCAN_R04), wetter (e.g.,

AARD), or similar level (e.g., SCAN_R02) of wetness

condition as compared to its multiyear mean clima-

tology. For each subregion, three statistic metrics,

namely, the correlation coefficient R, mean bias error

(BIAS), and RMSE, were derived by comparing the

TABLE 6. The evaluating depths and corresponding CLM4 layers.

Evaluating

depth/layer (cm) CLM4 layers (depth, cm)

5 L3 (;6)

10 L4 (;11)

20 L5 (;21)

0–30 L1–L5 (;0–28)

TABLE 5. The number of stations in terms of measuring depths for

all the subregions.

In situ (cm) NASMD ISMN

5 317 20

10 163 50

20 329 50

30 1 20

35 5 0

40 0 30

45 2 0

50 47 0

55 266 0

100 57 0

0–5 0 47

0–10 0 17

0–30 0 34

30–60 0 33

55–85 0 1

60–90 0 31
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experimental case–estimated and network-observed

daily soil moisture time series.

3. Results and discussion

a. General results

1) MODEL BIAS

The overall evaluation results are illustrated in Figs. 5–7.

Take SCAN_R01 as an example, all the DA cases that

use precalibrated RTM parameters (from DA_1 through

DA_4) slightly outperform OL with slightly higher corre-

lation coefficients, less BIAS, and smaller RMSE values in

estimating multilayer (except 20cm) soil moisture. A

similar performance is also found in the DA case with the

default RTM parameters (DA_0) but with relatively less

improvement. Besides, DA_1, DA_2, and DA_3 have

nearly the same evaluation metrics, whereas significant

degradation in DA_4, which simultaneously updates mul-

tilayer soil moisture, is observed at the 20-cm evaluations.

For all subregions, generally, OL tends to overestimate

soil moisture with positive biases at all subregions and at

almost all the evaluation depths (Fig. 6), which is consis-

tent with previous findings of Du et al. (2014) and Cai

et al. (2014). Nevertheless, the overestimation is ame-

liorated through DA (from DA_1 through DA_3) and

reduced RMSE values are obtained (Fig. 7) at all sub-

regions except for SNOTEL_R02. Despite this, the

magnitudes of these improvements (relative to OL) are

limited, except for CTP_SMTMN and SCAN_R04,

where noticeable improvements are obtained. This

phenomenon might be due to the existence of sys-

tematic biases in CLM4, which are spatially variant

and cannot be fully covered by the limited spread in

the 40 CLM4 members. As an example, Fig. 8 shows

FIG. 5. TheR of OL andDA (fromDA_1 throughDA_4)-estimatedmultilayer soil moisture as compared to in situ data for all subregions

from 1 Jun to 1 Oct 2010.
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the temporal evolution of near-surface soil moisture

ensemble spread (represented by the standard deviation

of all ensemblemembers) of caseDA_1 for the globe and

the other 12 subregions. On average, these spreads are

only half of the RMSE values in Fig. 7, making it rather

difficult to effectively assimilate satellite observations

and eventually lead to marginal improvements in soil

moisture estimation. A possible solution is to apply a

spatiotemporally varying inflation to the state space in

DART (Anderson et al. 2009) or to perturb the prog-

nostic variables that represent errors in both model

physics and parameters (Reichle et al. 2007, 2009;

Draper et al. 2012; De Lannoy and Reichle 2016). An

alternative way, as summarized in Kumar et al. (2012), is

to eliminate the model bias prior to data assimilation by

scaling observation to the model’s climatology (Reichle

and Koster 2004; Draper et al. 2012) or by calibrating

time-invariant model parameters prior to DA (Yang

et al. 2007). The latter approach is adopted in this study.

2) THE ROLE OF CALIBRATED MICROWAVE

PARAMETERS

Similar to evaluation results in subregion SCAN_R01,

theperformanceofDA_0varieswith location (seeFigs. 5–7).

This is reasonable because the precalibrated parameters

are highly variable in space (Fig. 2), which causes DA_0 to

perform either abnormally in regions where default

parameters deviate far from the calibrated ones or well

in regions where default parameters are close to the cali-

brated ones. Note that the precalibration scheme pre-

sented in appendix B is a highly nonlinear system.

Therefore, the calibrated parametersmay not be unique or

optimal to Eq. (B2) within limited iterations, which further

explains why sometimes DA_0 even performs slightly

better than other DA cases (e.g., 5 cm at CTP_SMTMN,

20cm at SCAN_R01, and 5 and 10cm at SCAN_R04).

Nevertheless, it is rather dangerous to simply use the de-

fault RTM parameters, as they may introduce great

FIG. 6. As in Fig. 5, but for BIAS.
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uncertainties at locations that are impossible to be distin-

guished in advance. Specifically, Fig. 9 shows the com-

parison between CLM4–RTM-simulated (without data

assimilation) and satellite-observed TBs. It is seen that

the RMSE values (between simulation and observa-

tion) are reduced using precalibrated [optimized (opt)]

than using the default (def) RTM parameters in most

subregions except for CTP_SMTMN, ICN, SCAN_R04,

FIG. 8. Temporal evolution of near-surface soil moisture ensemble spread for case DA_1.

FIG. 7. As in Fig. 5, but for RMSE.
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FIG. 9. Scatterplots between CLM4–RTM-simulated and satellite-observed TBs from June to September 2010. The

‘‘def’’ and ‘‘opt’’ denote simulation with the default and calibrated RTM parameters, respectively.
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and SMOSMANIA. Nevertheless, further evaluations

(also see section 3b) suggest that differences between

simulated and observed TBs are further reduced

through the assimilation of AMSR-E TB (figure not

shown here for brevity). In general, the DA with pre-

calibrated RTM parameters is recommended as it

shows a more robust performance.

3) THE CREDIBILITY OF SIMULTANEOUSLY

UPDATING MULTILAYER SOIL MOISTURE

The degradations in DA_4, which is typically ob-

served at subregions CTP_SMTMN, ICN, SCAN_R04,

SMOSMANIA, and SNOTEL_R02, might be due to two

reasons. First, it is commonly recognized that there is a time

delay in deeper soil moisture with responding to changes

in near-surface conditions induced by evaporation and

precipitation [see Fig. 2 in Changnon (1987)]. Since TB is

sensitive to changes in topsoil moisture (0–5 cm), it is

reasonable to update near-surface soil moisture by as-

similating observed satellite TB. However, deeper soil

moisture might be problematically correlated to system-

estimated TB and result in unrealistic increments. This is

different from the findings of Kumar et al. (2009), where

soil moisture at deeper layers is also effectively updated

based on the error correlation between surface and root-

zone soil moisture values. Second, unlike topsoil whose

ensemble spread is maintained by the input CAM4.0 en-

semble forcing, ensemble spread in deeper soil moisture

may collapse or damp whenever DA is performed. This

will make the prior deep-soil moisture too confident to be

affected by external observations and will therefore result

in weak increments in deep-soil moisture as well. Again,

perturbations to prognostic variables including soil

moisture at deeper layers are expected to maintain the

ensemble spread (Reichle et al. 2007; Kumar et al. 2012).

Despite this, compared with the OL run, cases fromDA_1

through DA_3, which only update the topsoil moisture,

tend to estimate 10- and 0–30-cm soil moisture well, in-

dicating that topsoil increments can propagate into soil

moisture at deep layers.

4) COMPARISON OF FOUR DA SCHEMES

The performance ofDAcases varies with locations and

soil depths. To quantitatively evaluate their overall per-

formance, we have used Rdiff value, which is defined as

the absolute difference between OL- and DA-related

correlation coefficients [R(DA)2R(OL)], as a surrogate

to represent DA performance over OL. The higher the

Rdiff value, the better the DA performs. We then aver-

aged all the Rdiff values and calculated their statistics, as

shown in Fig. 10. Statistically, DA_4 yields the lowest

Rdiff and performs the worst among all five DA cases in

estimating multilayer soil moisture. DA_0 is much better

but still less sound than DA_1–DA_3, which show com-

parable performances. Given that DA_1 has the simplest

CLM4 states updating scheme and only assimilating half

of the observations, which significantly reduced the

computational time as compared to DA_2 and DA_3

FIG. 10. Statistics of DA performance in terms of Rdiff (DA2OL) for all subregions. For a specific DA case and

evaluation soil layer, the higher bar, lower bar, blue bar, and box denote the highest, lowest, median, and the first

and third quartile among all subregions, respectively. The zero value is denoted by the dashed line.
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(Table 3), it is adopted in the current DA system to

produce global soil moisture products. Figure 11 further

compares DA_1 and OL in terms of RMSE values. In

general, improvements in DA_1 are obtained during the

2010 evaluation formost subregions that represent a wide

range of soil moisture conditions relative to the multiyear

climatology (Fig. 4).

b. DART prior and posterior

In DART, ensembles of TB calculated with input of

CLM4 predicted and innovated land states are called

‘‘prior’’ and ‘‘posterior,’’ respectively. Figure 12 shows

the evolution of RMSE between DA_1 derived and the

observed TB over the globe and 12 subregions, where

RMSE is calculated based on all CLM4 grid cells within

this area. The credibility of this newly established DA

system is reflected in the reduced deviations between the

observed and model-simulated microwave TB. Clearly,

RMSE values of posterior are constantly lower than that

of prior, and the decrease in temporal mean of RMSE

time series is obtained at all subregions, indicating the

EAKF in DART behaves well in the system. In general,

prior RMSE values are reduced by ;1.4K on average

for the 12 subregions (;2.2K over the globe), with up-

dates evident in the top two-layer soil moisture. Both

this indirect comparison of prior and posterior TB and

previous direct evaluation against in situ soil moisture

observations suggest that this CLM4–RTM–DART

FIG. 11. Comparison between cases DA_1 and OL in estimating multilayer soil moisture: (top) the absolute RMSE values and (bottom)

relative improvements from DA_1 over OL.
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system holds promise for taking advantage of satellite

microwave observations and the multilayer soil moisture

estimation at the global scale.Despite this, themodel bias

inCLM4 is clearly observed in the system-estimated prior

TB whose RMSE values are in the range of 5–10K in

most subregions. This again necessitates the calibration

of CLM4 parameters, which is expected to further reduce

the systematic bias and model uncertainties.

FIG. 12. Evolution of RMSE (K) between DA_1-simulated and observed TB for the

globe and 12 subregions. RMSE of prior and posterior are denoted by ‘‘pr’’ (black solid

line) and ‘‘po’’ (red solid line), respectively, and ‘‘A(�)’’ denotes the temporal average

of corresponding RMSE time series.
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c. Time shifting of CAM4.0 reanalysis and forcing
bias

As mentioned before, the CAM4.0 reanalysis is shif-

ted fromUTC to LST to facilitate the global assimilation

of AMSR-E TB at a daily frequency. The time shifting

of CAM4.0 reanalysis is based on integer hours, which

may result in longitudinal artificial boundaries or stripes

in the original forcing. To investigate this issue, we have

randomly selected the seventeenth ensemble from the

40-member DA outputs and plotted the daily variation

of reassembled ground temperature Tg and the third

layer soil moisture (sm; centered at around 6.2 cm) for

2 July 2010. A snapshot of the reassembled Tg and sm

estimates at 0000 UTC is shown in Fig. 13. After shifting

back to the global UTC time, slight boundaries are ob-

served in the Tg map while rarely found in sm. In fact,

since CLM4 was run in the offline mode, there were no

horizontal communications among grid cells, and

therefore, the time shifting of CAM4.0 reanalysis–

induced time lags between longitudinally adjacent grid

cells is expected to have negligible influences on the

model outputs.

Although the CAM4.0 reanalysis has incorporated in-

formation from millions of atmospheric observations,

systematic biases may exist, as commonly seen in most

climatemodels, whichmake it necessary to investigate the

CAM4.0 reanalysis bias in addition to its coarse spatio-

temporal resolution. In the recent work of Zhang (2015),

biases in CAM4.0 reanalysis are investigated by scaling

precipitation and downward radiation to data from the

Global Precipitation Climatology Project (GPCP) and the

Clouds and theEarth’s Radiant Energy System (CERES),

respectively. The ‘‘bias corrected’’ CAM4.0 reanalysis,

while retaining the original ensemble spread, is then used

to drive the offline CLM4 for snow estimation, and

FIG. 13. Snapshot of (top) global ground temperature and (bottom) the third layer soil

moisture (centered at around 6.2 cm) at 0000 UTC 2 Jul 2010 after reassembled into the

UTC time. Shown are the CLM4 estimates from the seventeenth ensemble member.
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eventually shows mixed improvements and degradations

in terms of snowdepth and snow cover fraction in different

regions. The findings indicate that the uncertainties in

CAM4.0 are spatially variable and that bias correc-

tion in forcing is needed. Besides, DA improvements

over OL found in this study suggest that land DA is

able to compensate the impact of biased forcing in

land model predictions when constrained by satellite

observations.

d. The AMSR-E upscaling

This section investigates potential influences in-

troduced through theAMSR-E TB upscaling that ignores

the subgrid heterogeneity (Lakshmi et al. 1997). Yang

et al. (2009) suggested that almost identical areal mean

soil moisture values could be obtained by either as-

similating subgrid-averaged TB or first assimilating

TB in each subgrid and then averaging soil moisture.

We have further investigated this issue from the per-

spective of the representativeness of upscaled TB.

Assuming a CLM4-comparable grid cell of 1.258 3
1.258 that contains 25 AMSR-E subgrids, and each of

these subgrids has specified states (Tg, SM, etc.) and

different soil texture, roughness, and vegetation pa-

rameters. Basically, there are two schemes to estimate

TB over the large grid cell (TB0). In scheme 1, TB in

each of the 25 subgrids was first estimated individually

through RTM and then spatially averaged to obtain

TB0. In scheme 2, the states or parameters over all

subgrids were first averaged and then TB0 was obtained
by running RTM once. The hypothesis is that if the

upscaling is properly done, TB0 estimated from the two

schemes should be comparable.

A random sampling experiment was conducted toward

the estimation of 6.9-GHz vertically polarized TB to

verify the above hypothesis. As shown in Table 7,

first, a total of 2000 subsets of gridcell states and

parameters was generated through random sampling

based on the ‘‘uniform’’ distributionwith the input of land

state and parameter’s physical range (min and max).

Second, each subset was referred to as the spatial mean of

this grid cell, and a standard deviation (std dev) was in-

troduced to each land state variable or parameter to

represent the subgrid heterogeneity. Third, 25 samples of

each state variable or parameter, which were created

through random sampling based on the normal distribu-

tionwith the input ofmean and standard deviation values,

were assigned to 25 subgrids afterward. Finally, 2000 pairs

of TBs were calculated using the aforementioned two

schemes and compared in a scatterplot (Fig. 14). Statis-

tically, the two schemes give approximately equivalent

estimations of TB0 with an overall coefficient of de-

termination of 0.992 and root-mean-square difference

(RMSD) of 1.81K. This RMSD value of 6.9-GHz verti-

cally polarized TB roughly corresponds to changes of

0.01m3m23 in topsoil moisture, which is fairly small

compared to the standard deviation of soil moisture

(0.10m3m23) used during the random sampling experi-

ment. This indicates the upscaledAMSR-E TB is capable

of representing average condition of the corresponding

grid cell, and thus is acceptable in microwave land data

assimilation.

4. Summary and outlook

Global soil moisture data are urgently needed for a va-

riety of research and application purposeswhile traditional

soil moisture–retrieving methods are subject to various

FIG. 14. Scatterplot of two schemes estimated 6.9-GHz vertically

polarized TB.

TABLE 7. Parameter and state variable values used in the verifi-

cation experiment on AMSR-E TB upscaling.

Variable (unit) Min Max Std dev

Tg (K) 275 313 1

Ty (K) Tg 1 random (21, 0)

SM (m3m23) 0.05 0.4 0.1

LAI 0.2 4 0.5

%sand 0 90 0.1

%clay Max f0.7 2 %sand,

min [1 2 %sand,

random (0, 60)]g

0.1

porosity 0.3 0.6 0.1

bmv 0 5 1

xmv 21.25

qmv 0 0.8 0.05

hmv 0 0.6 0.05
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limitations on spatiotemporal resolution and coverage

or data quality. In this study, CLM4 was coupled into

DART with EAKF to estimate soil moisture by as-

similatingAMSR-Emicrowave TB observations. Some

methods were designed to balance the computational

load and credibility of system output. Specifically, the

original satellite data were upscaled to a coarser spatial

resolution to reduce the total number of effective ob-

servations. An ensemble of CAM4.0 reanalysis was

used to perturb CLM4 states and the original forcing

time series were shifted to facilitate a global-scale daily

DA. An independent precalibration of microwave pa-

rameters was conducted to minimize uncertainties in

the RTM. Based on this newly developed CLM4–

RTM–DART system, several experimental cases

were designed to quantify the impacts of different as-

similation and updating schemes. Although AMSR-E

observations are only sensitive to changes in near-surface

soil states, the capability of this CLM4–RTM–DART

system in estimating multilayer soil moisture was also

investigated.

In situ observations collected from soil moisture

networks over the globe were used to evaluate DA

outputs. Results suggest that updating the top 5-cm soil

moisture only can potentially improve multilayer

soil moisture estimation for all subregions, whereas

simultaneously updating deep-soil moisture may in-

troduce extra biases into the system and result in un-

realistic estimations. In addition, no big differences are

seen when soil temperature and vegetation tempera-

ture are updated together with soil moisture. In con-

trast to default microwave parameters, DA cases using

precalibrated radiative transfer parameters show ro-

bust performances. Furthermore, differences between

the model-estimated and satellite-observed TB values

are reducedwith the updated CLM4 states (soil moisture,

etc.). At the present stage, the DA scheme utilizing

precalibrated microwave parameters, assimilating a

lower frequency of spatially upscaled AMSR-E TB,

and updating the top two layers’ soil moisture is dem-

onstrated to be the most efficient among all DA cases

and is thus adopted in the current CLM4–RTM–

DART system.

Note that these findings are drawn based on evalua-

tion from limited locations, and a more comprehensive

evaluation is expected when more in situ data are

available. Evaluations suggest that potential systematic

biases exist in CLM4 that cannot be fully represented by

CAM4.0 reanalysis. Possible solutions include intro-

ducing an inflation to the CLM4 state space, calibrating

CLM4 model parameters, or rescaling satellite obser-

vations. Note that soil temperature bias, which is a first-

order error source in the radiative transfer model, is

not addressed in this paper, although efforts have been

made in compensating the time-mismatching issue and in

calculating TB with the closest land states in time.

Nevertheless, current findings indicate the newly

established CLM4–RTM–DART system holds prom-

ise for producing improved global soil moisture data.

Constant refinements will be implemented to further

improve the system performance and applicability.

Future studies will focus on calibrating the land model

prior to data assimilation and systematically quanti-

fying biases in soil temperature and other state

variables.

Acknowledgments. We thank the Jackson School of

Geosciences, TheUniversity of Texas atAustin; theNSFC

(Grant 91337217); and the Texas Advanced Computing

Center. Kun Yang is thanked for discussing parameter

calibration related to the soil microwave radiative transfer

model. The CAM4.0 reanalysis data are prepared by

Kevin Raeder (raeder@ucar.edu).

APPENDIX A

The Radiative Transfer Model

By omitting atmospheric impacts, microwave TB ob-

served at the top of the atmosphere can be calculated as

TB
p
5T

g
(12G

p
)e2tc 1T

y
(12v)(12 e2tc)

3 (11G
p
e2tc) and (A1)

G
p
5 [(12Q)R

p
1QR

q
]e2H , (A2)

where p and q denotemicrowave polarization (horizontal

or vertical); Gp is soil microwave reflectivity that cal-

culated through a semiempirical ‘‘Q/h’’ model de-

veloped by Wang and Choudhury (1981); Tg and Ty are

near-surface soil temperature and vegetation tempera-

ture, respectively; tc is vegetation optical thickness; and

v refers to the single-scattering albedo of vegetation.

Some microwave frequency-dependent parameters are

given by

H5hmv(k)
ffiffiffiffiffiffiffiffiffiffiffi
0.1cosu

p
, (A3)

Q5 0. 35[12 e2(qmv/l)0.795 ], (A4)

t
c
5

bmv(100l)xmv
v

c

cosu
, and (A5)

v5
0. 000 83

l
, (A6)

where u is the incidence angle of microwave sensor

(558 for AMSR-E), l and k are the wavelength and
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wavenumber (k 5 2p/l) for a specific microwave fre-

quency (Freq). Equations (A4) and (A6) are fitted

from limited field measurements provided by Fujii

(2005). Equation (A3) follows Wegmuller and

Matzler (1999), and Eq. (A5) follows Jackson and

Schmugge (1991). Parameters qmv (0 ; 1) and hmv

(0 ; 1) are surface roughness related, while parame-

ters bmv (0; 5) and xmv (21.4;20.9) are vegetation

related. The vegetation water content vc can be ap-

proximately related to LAI (Paloscia and Pampaloni

1988) and estimated by

v
c
5 eLAI/3.3 2 1. (A7)

In Eq. (A2), parameter R that represents the

Fresnel power reflectivity of a smooth soil surface is

given by

R
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«
r
5 [11 (12w

s
)(«as 2 1)1 SMb«afw 2 SM]1/a, (A10)

and

b5 1. 092 0. 00113%sand1 0. 00183%clay, (A11)

where h and v denote the horizontal and vertical po-

larization, respectively; «r is the soil dielectric constant;

ws is soil porosity; SM is soil moisture; «s 5 4.7 1 0.0i is

FIG. B1. Flowchart for precalibration of radiative transfer parameters, where F and SWI are

the cost function and soil wetness index defined in Eq. (B2) and Eq. (B1), respectively. SCE refers

to the parameter optimization algorithm of shuffled complex evolution (Duan et al. 1993).
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the dielectric constant of a dry soil; «fw is the dielectric

constant of free water; a 5 0.65; and b is a soil-texture-

dependent coefficient. Equation (A10) follows Dobson

et al. (1985), and Eq. (A11) follows Ulaby et al. (1986).

The above radiative transfer schemes have been used

by Yang et al. (2007) and Qin et al. (2009) to estimate

microwave TB in a land DA system for regional soil

moisture estimation.

APPENDIX B

Calibration of Radiative Transfer Parameters

Figure B1 shows the procedure for precalibration of

radiative transfer parameters for the CLM4–RTM–DART

system. Note that performing precalibration should be

viewed as an integral part of the DA system that calibrates

model parameters by assimilating AMSR-E TB obser-

vations as demonstrated by Yang et al. (2007) and Zhao

et al. (2013). These studies have shown the scheme is

capable of reducing uncertainties in land surface and

radiative transfer models.

As a proof of concept in this study, we use the Simple

Biosphere Model, version 2 (SiB2; Sellers et al. 1996), to

produce near-surface soil moisture, land surface temper-

ature, and vegetation temperature, which are then fed into

the aforementioned radiative transfer model to simulate

TB. A cost function is defined as the sum of the difference

between estimated (TBest) and observed (TBobs) TBs,

which is also called the observation error term. To account

for the background error term due to the biased initial soil

moisture, a soil wetness index (SWI) is introduced and

defined as the ratio of a higher (Freq1) and lower (Freq2)

microwave frequencies of TB (Qin et al. 2009):

SWI5
TBFreq1

v

TBFreq2
v

, (B1)

where v denotes the vertical polarization. Theoretically,

a higher SWI value corresponds to, approximately, a

wetter near-surface soil condition. Accordingly, the cost

function is defined as

F5
1

2
�
tend

t0

[(TBFreq1
vest

2TBFreq1
vobs

)2 1 (TBFreq2
vest

2TBFreq2
vobs

)2] ,

(B2)

where est and obs denote the estimated and observed

value, respectively. The shuffled complex evolution

(SCE;Duan et al. 1993) algorithm is used tominimize the

cost function by adjusting both SiB2 and RTM parame-

ters. Note that the observation error term is calculated for

the entire calibration period, while the background error

term is considered at each observing time by adjusting the

near-surface soil moisture such that the recalculated SWI

is close to (SWIest 1 SWIobs)/2.
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