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ABSTRACT
The 1999 Southern Great Plains Hydrology Experiment (SGP99) provides comprehensive datasets for evaluating microwave remote sensing of soil moisture algorithms that involve complex physical properties of soils
and vegetation. The Land Surface Microwave Emission Model (LSMEM) is presented and used to retrieve soil
moisture from brightness temperatures collected by the airborne Electronically Scanned Thinned Array Radiometer (ESTAR) L-band radiometer. Soil moisture maps for the SGP99 domain are retrieved using LSMEM,
surface temperatures computed using the Variable Infiltration Capacity (VIC) land surface model, standard soil
datasets, and vegetation parameters estimated through remote sensing. The retrieved soil moisture is validated
using field-scale and area-averaged soil moisture collected as part of the SGP99 experiment, and had a rms
range for the area-averaged soil moisture of 1.8%–2.8% volumetric soil moisture.

1. Introduction
Soil moisture is a key factor in understanding land–
atmosphere feedbacks. Operational large-scale soil
moisture observational products would likely enhance
the accuracy of numerical weather prediction (NWP)
products (e.g., Koster and Suarez 2001), hydrological
flood forecasting, agricultural drought monitoring, as
well as water cycle research related to climate studies.
Observations based on standard in situ instrumentation
can only measure local values and may not adequately
sample land surface heterogeneity. In addition, dense
ground networks are expensive to install and maintain.
Spaceborne microwave radiometry has been recognized
as an effective method for monitoring soil moisture at
large scales (Owe et al. 1999). In theory, the dielectric
constant of the soil water medium is raised by increases
in soil water content. These variations are detectable by
* Current affiliation: ECMWF, Shinfield Park, Reading, United
Kingdom.
Corresponding author address: Dr. Eric F. Wood, Department of
Civil and Environmental Engineering, Princeton University, Princeton, NJ 08544.
E-mail: efwood@princeton.edu

remote microwave sensors (Njoku 1977). The sensitivity of surface dielectric measurements to soil moisture
is higher at lower microwave frequencies. Currently operating and scheduled microwave satellite missions that
have been applied to soil moisture retrievals include:
the Scanning Multichannel Microwave Radiometer
(SMMR) at 6.63 GHz on Nimbus-7, which was launched
in 1978, with data available until 1987 (Owe et al.
1992); the Defense Meteorological Satellite Program
(DMSP) Special Sensor Microwave Imager (SSM/I) at
19.3 GHz, which was launched in 1987 (Jackson 1997);
Tropical Rainfall Measuring Mission (TRMM) Microwave Imager (TMI) at 10.65 GHz, which was launched
in 1997 (Jackson and Hsu 2001); the Advanced Microwave Scanning Radiometer (AMSR) on the Earth Observing System (EOS) Aqua satellite (AMSR-E) at 6.9
GHz, which was launched in May 2002 and the Advanced Earth Observing Satellite II (ADEOS-II) AMSR,
which was launched in December 2002; and the European Soil Moisture and Ocean Salinity Mission
(SMOS) at 1.4 GHz, which has an anticipated launch
in 2007 (Kerr et al. 2001).
Algorithm development and validation are essential
before global application of soil moisture retrieval algorithms. The dielectric properties of wet soil have been
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widely investigated (Wang and Schmugge 1980; Dobson et al. 1985; Ulaby et al. 1986), as well as the radiative characteristics of vegetation (Kirdyashev et al.
1979; Wegmüller et al. 1995). Using these results and
data from airborne remote sensing field studies, soil
moisture retrieval algorithms have continued to be refined (e.g., Jackson et al. 1995, 1999). However, operational application of these algorithms at regional
scales using satellite sensor measurements faces two
major challenges: the shortage of information regarding
the numerous parameters involved in radiometry physics at large scales and the high within-footprint spatial
heterogeneity of land surface variables relative to the
low resolution of spaceborne microwave radiometers
(.10 km). This paper contributes to the refinement of
soil moisture retrieval approaches through application
of an algorithm based on modeling microwave emissions from the surface and information available from
large-scale surface vegetation–atmosphere transfer
(SVAT) modeling.
There are two major objectives of this paper. The first
objective is to apply a new soil moisture retrieval approach that utilizes a Land Surface Microwave Emission
Model (LSMEM) for the soil–vegetation–atmospheric
system with surface temperature data from a SVAT
model that utilizes high-resolution remotely sensed vegetation and soil data. The second objective is to apply
the approach to retrieve soil moisture fields from the
airborne Electronically Scanned Thinned Array Antenna
(ESTAR) sensor 1.413-GHz brightness temperatures
collected during the 1999 Southern Great Plains Hydrology Experiment (SGP99) experiment, and making
them available to the scientific community. Such a data
product has not yet been developed. Underlying these
objectives is the objective to develop a soil moisture
retrieval approach suitable for satellite-measured brightness temperatures collected at regional to continental
scales. At these scales, the detailed meteorological and
vegetation data are unavailable, so operational products
need to be utilized. Validation of the LSMEM algorithm,
using the detailed ground observations available during
SGP99, is an important step. Section 2 presents the soil
moisture retrieval approach based on the LSMEM model, section 3 describes the SGP99 field experiment including the L-band brightness temperature measurements from ESTAR, and section 4 describes the
LSMEM model input variables used for the ESTARbased soil moisture retrievals. The retrieved soil moisture fields for the SGP99 domain and validation results
for the LSMEM for the SGP99 ground observation sites
are presented in section 5, followed by a discussion and
conclusions in section 6.
2. Land surface microwave emission model
(LSMEM)
In the reviewed literature, a number of models for the
computation of microwave emission from land surfaces
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exist (Ulaby et al. 1986; Wang and Choudhury 1995;
Njoku and Entekhabi 1996). Depending on the specific
application and frequency range, they represent more or
less complex approximations of the vector radiative
transfer equation and distinguish themselves through
different parameterizations for the key processes describing the interaction between radiation and matter.
The LSMEM model used in this study is based on a
solution for the radiative transfer equation as outlined
in Kerr and Njoku (1990). Following this article, the
brightness temperature of vegetation-covered soils Tbv,p
can be written as
Tbv,p 5 Tau 1 e2t at (Tad 1 Tsky e2t at )(1 2 « p )e22t *
1 e2t at {« p Ts e2t * 1 Ty (1 2 v*)(1 2 e2t * )
3 [1 1 (1 2 « p )e2t * ]},

(1)

where Tau and Tad are the upward and downward contributions from the atmosphere, T s is the effective soil
temperature, T y the vegetation temperature, Tsky the cosmic radiation, tat the optical depth of the atmosphere,
and « p the rough-soil emissivity. For vegetation with
cylindrical structure, v* is the single-scattering albedo,
t * is the optical depth of the vegetation (Chang et al.
1980). For nonisotropic conditions, v* and t * are effective single-scatter albedo and effective optical depth
of vegetation (Mo et al. 1982; Jackson et al. 1982).
Subscript p indicates polarization dependency in the
model configuration for this study.
Within the LSMEM code multiple options exist to
compute the key parameters « p , and t *, which provide
a flexible interface to various input data sources and
make the model an appropriate tool for combined hydrological/data assimilation studies (e.g., Drusch et al.
1999; Crow et al. 2001; Drusch et al. 2001; Seuffert et
al. 2003). To get rough-soil emissivity « p in LSMEM,
the saline dielectric constant is calculated after Klein
and Swift (1977), and the wet soil dielectric constant
can be calculated either after Wang and Schmugge
(1980) or after Dobson et al. (1985). Then, using the
Fresnel equation, the reflectivity of a smooth surface is
derived, and the effect of soil roughness is parameterized using the equations presented in Wang and Choudhury (1981). In this investigation, we used the approach
by Wang and Schmugge (1980) to compute the soil
dielectric constant.
Two choices within LSMEM are available to get the
vegetation optical depth t *: Effective Medium theory
for low frequencies by Kirdyashev et al. (1979) and the
Geometrical Optics approach as described by Wegmüller et al. (1995). For the Effective Medium theory,
t * depends on a vegetation structure parameter, the
imaginary part of the dielectric constant of saline water,
frequency, the vegetation water content, and the viewing
angle. The superiority of the Geometrical Optics approach over the Effective Medium theory is that it is
not restricted by frequency, and it can also estimate v*,
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the single-scattering albedo. The drawback is that additional parameters (dry mass fraction, leaf thickness,
and polarization-dependent structure parameters) are
needed. As this study is for the L band, the simple
algorithm by Kirdyashev is used. The single-scattering
albedo v* is assigned constant (0.1) based on literature
reviews (Ulaby et al. 1983; Pampaloni and Paloscia
1986; Wegmüller et al. 1995).
For bare soil the brightness temperature Tbs,p can be
obtained from Eq. (1) by setting t * equal to 0. For partly
vegetated surfaces the brightness temperature Tb,p can be
calculated introducing the fractional vegetation cover c:
T b,p 5 (1 2 c)Tbs,p 1 cTbv,p

(2)

In this study, fractional vegetation cover was set to unity. Since it is not realistic to assume homogeneity at
ESTAR resolution, the parameters involved in the retrieval are effective parameters for the specific resolution. Aggregation effects due to the nonlinearities in
radiative transfer were found to be negligible at L band
in the SGP area (Drusch et al. 1999). Consequently, T b,p
reduces to Tbv,p . The modeling approach used in previous studies on ESTAR soil moisture retrievals (e.g.,
Jackson et al. 1999) requires further approximations.
Under the assumption that the contributions of the atmosphere, the cosmic background radiation, and the single-scattering albedo are zero, Eqs. (1) and (2) yield
Tb 5 «Ts e 2t * 1 Ty (1 2 e2t *)(1 1 (1 2 «)e2t *).

(3)

If vegetation temperature is set equal to soil temperature,
then
Tb
5 1 1 (« 2 1)e22t * .
Ts

(4)

Equation (4) forms the basis for the soil moisture retrieval scheme introduced in Jackson et al. (1982, 1995,
1999).
It has been shown in various applications that Eq. (4)
leads to very good results when applied to areas with
sparse vegetation (e.g., Jackson et al. 1982, 1995, 1999).
However, in areas characterized by different vegetation
types the assumptions outlined earlier may not hold
(Ferrazzoli et al. 2002). A second critical assumption
in the earlier modeling approaches is to ignore the temperature difference between the soil and vegetation,
which can exceed a maximum of 7 K, as reported in
Jackson et al. (1982). The LSMEM distinguishes between an effective soil temperature, which takes the
radiation emission depth into account, and vegetation/
surface temperature. In both approximations, soil roughness effects are parameterized using the equations presented in Wang and Choudhury (1981). The optical
depth of vegetation is computed following Kirdyashev
et al. (1979). As a result, both rely on the correct calibration with respect to the soil roughness parameter
and the vegetation structure coefficient. These quantities
cannot be obtained from large-scale measurements,
since at these scales they represent an equivalent effect

rather than geophysical parameters (Choudhury et al.
1979).
For a better comparison with previous retrieval studies (e.g., Jackson et al. 1999) the effect of errors in the
observations on the derived soil moisture are neglected.
For the application presented in this study, it is not
necessary to retrieve soil moisture through a variational
method, which would require the adjoint model of the
LSMEM. Since the LSMEM is ‘‘cheap’’ in terms of
computational resources, it can be inverted numerically.
Starting from a first guess value for volumetric soil
moisture, brightness temperature can be computed using
the specified vegetation, soil properties, and computed
atmospheric contributions, which can be done with an
atmospheric radiative transfer model. The optimal soil
moisture value is then retrieved through a simple iterative procedure. Figure 1 shows the flowchart of
LSMEM soil moisture retrieval algorithm.
3. 1999 Southern Great Plains Experiment
(SGP99)
a. SGP99 data collection
The 1999 Southern Great Plains Hydrology Experiment was carried out from 8 to 21 July, 1999 in central
Oklahoma. The boundaries for the SGP99 experimental
region (see http://hydrolab.arsusda.gov/sgp99) were defined by the flight path for the airborne measurements
and include three subregions where intensive groundbased sampling was focused. (The experimental plan,
including the remote sensing, ground-based, and ancillary data collection activities is available at http://
hydrolab.arsusda.gov/sgp99 and the reader is referred
to this URL for further details.) Table 1 provides a listing
of the detailed measurements taken during the experiment. The three ground validation subregions are the
U.S. Department of Agriculture (USDA) Agriculture
Research Service (ARS) Little Washita watershed (LW)
southwest of Chickasha, Oklahoma, the USDA ARS
Grazinglands Research Laboratory at El Reno (ER),
Oklahoma, and the Department of Energy Atmospheric
Radiation Measurement (ARM) Cloud and Radiation
Testbed (CART) Central Facility (CF) near Lamont,
Oklahoma.
b. Meteorological conditions during the experiment
At the beginning of SGP99, the experimental region
was generally dry except for the northern portion of the
area. On 10 July, a large, warm season rain event occurred over the northern two-thirds of the region. Figure
2 shows observed total daily precipitation of the experimental region based on National Environmental Satellite, Data, and Information Service (NESDIS) stageIV radar–gauge precipitation products. The rainfall totals at Oklahoma Mesonet stations at El Reno, Little
Washita, and Central Facility were 107, 49, and 37 mm
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FIG. 1. Flowchart of the LSMEM soil moisture retrieval algorithm.

respectively. These two data sources show the rainfall
pattern and the high spatial variability of this summer
rainfall event. No other rainfall events occurred during
the experiment, which resulted in a strong drydown
from 10–20 July and a large dynamic range in observed
soil moisture.
c. ESTAR airborne L-band instrument
ESTAR is an airborne passive microwave L-band radiometer centered at 1.413 GHz with a bandwidth of
20 MHz. It has been widely used in soil moisture remote
sensing studies, including Washita’92 (Jackson et al.
1995) and SGP97 (Jackson et al. 1999). ESTAR is a
hybrid radiometer; its along-track measurement is obtained by real aperture and across track is by synthetic
aperture (Le Vine et al. 1990, 2001b). The instrument
was installed on a P-3B aircraft operated by the National
Aeronautics and Space Administration (NASA) Wallops
Flight Facility. Flights were conducted at an altitude of
7.5 km. The instrument takes a complete cross-track
scan every 0.25 s. A data record consists of the measured
brightness temperature from each beam location, the
corresponding time, the (Global Positioning System)

GPS-based aircraft geoposition, and aircraft pitch, roll,
and yaw data. The field of view is restricted to 6458
to avoid any distortion of the synthesized beam with
incidence angle.
As described in the SGP99 campaign documents
(http://daac.gsfc.nasa.gov/CAMPAIGNDOCS/SGP99/),
postprocessing of the ESTAR data consisted of refining
the brightness temperature calibration, radio frequency
interference (RFI) removal, georegistration, and an incidence angle correction. Instrument calibrations included a premission laboratory blackbody measurement and
a postmission open-ocean water measurement, the latter
flown with salinity and sea surface temperature ground
truth supplied by shipboard measurements. As in the case
of SGP97 (Jackson et al. 1999) the planned four parallel
lines were modified to compensate for strong RFI in the
vicinity of Oklahoma City. This was a critical problem
because of the potential impact on the El Reno study
area. The flight-line reconfiguration eliminated the strong
RFI for measurements over El Reno. (See the experimental plan and campaign documents for additional discussion of the RFI.) The data were normalized to nadir
using methods described in Jackson et al. (1995) and Le
Vine et al. (1994, 2001a), and georeferenced to 0.0058
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TABLE 1. SGP99 satellite observing systems, aircraft remote sensing instruments, ground data collection, and regional networks (details
are available online at http://hydrolab.arsusda.gov/sgp99/sgp99b.htm).
Aircraft observations
Platform*

Measurement

PSR
ESTAR
PALS

Passive radiometer (7.3 GHz)
Passive radiometer (1.4 GHz)
Passive radiometer (1.4 and 2.7 GHz); Active radar
(1.2 and 3.1 GHz)

Frequency during SGP99
8, 9, 11, 14, 15, and 19 Jul
8, 9, 14, 15, 19, and 20 Jul
8, 9, 11, 12, 13, and 14 Jul

Ground measurements
Platform

Measurement

Soil moisture
Soil and surface temperature
Soil properties
Vegetation properties

Gravimetric
Infrared thermometers (IRT)
Bulk density, roughness
Land cover type
Vegetation water content
Eddy correlation estimates of latent, sensible, and
ground heat flux

Surface heat fluxes

Frequency during SGP99
8–20 Jul
8–20 Jul
Once in fields
Once in fields
Once in fields
Continuously, in four fields in Little
Washita area

Regional meteorological networks
Platform

Measurement

Oklahoma Mesonet
ARM CART

ARS Micronet

Air temperature, soil temperature, soil moisture,
wind speed
Radiometric observations, wind, temperature and
humidity sounding systems; Bowen ratio, eddy
correlation, surface meteorology observation, soil
temperature and moisture
Rainfall, relative humidity, air temperature, solar radiation, soil temperature

Frequency during SGP99
Every 5 min
Continuously, at the ARM/CART
Central Facility site
Little Washita, every 5 min for climate data, 15 min for soil temperature

SSM/I: Special Sensor Microwave Imager; TMI: TRMM Microwave Imager ; Landsat TM: Landsat Thematic Mapper ; AVHRR: Advanced Very High Resolution Radiometer; GOES: Geostationary Operational Environmental Satellites; PSR: Polarimetric Scanning Radiometer; PALS: Passive and Active L and S Band System.

FIG. 2. Observed total daily precipitation (mm) on 10 Jul 1999 over the SGP99 area based on
NESDIS stage IV radar–gauge precipitation products.
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FIG. 3. Horizontal component of ESTAR observed brightness temperature (K) on 8, 9, 14, 15,
19, and 20 Jul 1999.

latitude by 0.0058 longitude grid (approximately 555 m
3 450 m). The grid value is the unweighted average of
all brightness temperatures falling within the grid.
During SGP99, ESTAR measured the horizontal polarized brightness temperature on 8, 9, 14, 15, 19, and
20 July. Figure 3 shows images of these data. A linear
soil moisture regression was reported by Le Vine et al.
(2001a) to evaluate the ESTAR observations during
SGP99.

perature, vegetation temperature, soil texture, surface
roughness, soil bulk density, vegetation water content,
and a vegetation structure parameter. For soil moisture
retrievals from the ESTAR airborne sensor during
SGP99, all input data were processed onto grids of
0.0058 resolution for the area encompassed by 348 to
388N in latitude and 2978 to 298.58W in longitude.

4. Input state variables and parameters for the
LSMEM
Besides the horizontal polarized brightness temperature, the LSMEM inputs include effective soil tem-

The effective soil temperature needed for the soil
moisture retrievals is a function of surface temperature,
deep soil temperature, and frequency (Choudhury et al.
1982). For SGP97 Jackson (1999) used interpolated

a. Soil and vegetation temperatures
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(34.918N, 98.298W) (see http://climate.envsci.rutgers.
edu/luo/research/LDAS/models.vic.php). Based on the
VIC NLDAS validation (see also Robock et al. 2003),
we believe that the VIC-derived surface temperature and
soil temperatures are suitable for LSMEM soil moisture
retrievals. As with the effective soil temperature, the
effective vegetation temperature used in the model
varies with vegetation structure, vertical canopy temperature profile, and frequency. The VIC land surface
model has a single surface layer, with the soil temperature computed beneath the vegetation (Liang et al.
1999.) For the vegetation temperature, it is approximated using the VIC radiometric surface temperature,
adjusted for the vegetation emissivity based on its classification.
b. Soil texture
Sand fraction and clay fraction data are used in calculating the soil dielectric constant. Soil texture classifications of the SGP99 domain were obtained from the
state soil geographic database (STATSGO), which was
developed by the USDA’s Natural Resources Conservation Service (Miller and White 1998), and resampled
to a 800-m grid by the SGP99 data team. In this investigation, we further processed the data into grids of
0.0058 so to be compatible with ESTAR brightness temperatures. This data is shown in Fig. 5.
c. Surface roughness, bulk density, and land cover
classification
FIG. 4. (a) VIC surface temperature validation compared to all
ARM CART solar and infrared observing systems (SIROS) sites for
Jul 1999. (b), (c) The time series of soil temperatures at different
layers from VIC and Oklahoma Mesonet observations at Apache
(34.918N, 98.298W).

Oklahoma Mesonet soil temperatures. However, over
continental areas lacking intensive ground-based networks, sparse measurements of soil temperature may
neglect spatial heterogeneity due to soils and land cover,
and lead to excessively smooth soil temperature fields.
Operational products from land surface models (LSM)
offer an alternative to ground-based measurements. In
this study, the surface and deep soil temperatures were
obtained from the Variable Infiltration Capacity (VIC)
land surface model (Liang et al. 1994; Cherkauer et al.
2003), running as part of the North American Land Data
Assimilation System (NLDAS) (Mitchell et al. 2000;
Mitchell et al. 2003). As part of the NLDAS validation
activities, VIC-modeled states were compared to observations. Figure 4a shows VIC surface temperature
validation when compared to the ARM/CART solar and
infrared observing system (SIROS) sites for July 1999;
Figs. 4b,c show the time series of soil temperatures from
VIC and Oklahoma Mesonet observations at Apache

The surface roughness and bulk density are from the
SGP99 database (ftp://daac.gsfc.nasa.gov/data/sgp99).
Following the approach used by Jackson et al. (1999)
for the SGP97 data, the SGP99 data team extended the
ground-measured values using a Land Remote Sensing
Satellite (Landsat) Thematic Mapper (TM)-derived land
cover classification to get surface roughness and bulk
density across the SGP99 region (Figs. 6a,b). The classification was made with available ‘‘cloud free’’ Landsat-5 (9 March, 12 May, and 15 July) and Landsat-7
scenes (7 and 23 July), from 9 March to 23 July (T.
Jackson 2003, personal communication). Using multiple
images typically provides more information to increase
the accuracy of the supervised classification, if there
was no land cover change during the experimental period. Table 2 shows the land cover statistics for the
SGP99 domain.
d. Estimation of the vegetation optical depth
The product of the vegetation water content and vegetation structure parameter b gives the vegetation optical
depth for calculating the microwave emission attenuated
by vegetation (Kirdyashev et al. 1979). During SGP99,
vegetation water content was measured at the ground
sampling sites as indicated in Table 1. Normalized Dif-
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FIG. 5. (a) Sand fraction (%) and (b) clay fraction (%) for the SGP99 region.

ferential Vegetation Index (NDVI), derived from TM
data collected on 15 July 1999 (Fig. 6c), provides a
measure of the vegetation greenness for the domain. For
the ground sampling sites, NDVI values were regressed
against vegetation water content resulting in the following relationship:
VWC (kg m 22 ) 5 1.75 3 NDVI.

(5)

Using NDVI from remote sensing and (5), the vegetation water content was estimated over the region.
The vegetation structure parameter for vegetation,
other than winter wheat, is assigned a value of 0.5, the
average value for short and long grass according to
Wang et al. (1980, 1982) and used by Jackson and
Schmugge (1991). Since much of the winter wheat had
been harvested and consisted of ;10 cm high stubble
(similar to the height of short grass), its vegetation parameter is probably larger than that of short grass, which
Wang (1980, 1982) estimates to 0.30. Thus a value of
0.6 (twice the value for short grass) is assigned for
winter wheat stubble. The land cover classification, derived from Landsat TM images, is used to estimate b
across the region (Fig. 6d).
5. Soil moisture retrievals
a. SGP99 regional results
ESTAR brightness temperature data, and other input
variable and parameters (as described in sections 3 and

4) were used in the LSMEM algorithm to retrieve soil
moisture on a pixel-by-pixel basis for SGP99. Figure 7
shows the results.
On 8 and 9 July, the area was mainly dry except in
the northern part, which experienced a total precipitation
of 40–80 mm from 29 June to 1 July. Though no ESTAR
data were collected from 10 to 13 July, the effect of the
rainfall on 10 July was still significant on 14 July with
the soil moisture being on average 12% higher as compared to 9 July. The soil moisture map is consistent with
the rainfall pattern as shown in Fig. 2. Images for 14,
15, 19, and 20 July illustrate the drydown process. At
the end of the SGP99 experiment, the soil moisture
across the study area was below 10%. From 14 to 20
July, soil moisture decreased more than 30% (volumetric soil moisture) in the northern part of the SGP99
domain, decreased about 20% in the middle, and less
than 10% in the southern part. The soil moisture patterns
agree with the following hydrologic characteristics:
soils with a high clay fraction and low hydrologic conductivity had relatively higher soil moisture, showing
less drainage; and areas with high vegetation coverage
remained with higher soil moisture, suggesting less soil
evaporation, perhaps due to reduced radiation through
the canopy and higher humidity beneath the vegetation.
b. Comparisons with ground validation sites
The LSMEM-retrieved soil moisture results were validated by comparisons with volumetric soil moisture

Unauthenticated | Downloaded 01/09/23 09:33 AM UTC

FEBRUARY 2004

57

GAO ET AL.

FIG. 6. (a) Surface roughness, (b) bulk density (g cm 23 ), (c) NDVI, and (d) vegetation parameter b for the SGP99 region.

derived from SGP99 field sampling. During SGP99, the
most intensive ground sampling was in the LW area,
with less sampling sites at ER and CF. For the validation
results presented here, only sampling sites that covered
an area comparable to the ESTAR footprints (approximately 800 m by 800 m) are considered.
The field sampling protocols developed for the experiment are as follows: For each site, 14 samples were
collected along two transects separated by 400 m with
a sample every 100 m. Each sample was split in half
to provide 0–2.5 cm and 2.5–5.0-cm gravimetric soil
moisture data. From these measurements, site average
and standard deviation were then calculated. The product of the gravimetric soil moisture and bulk density
determines volumetric soil moisture. Since only four
bulk density samples were collected at each field site,
bulk density measurements were averaged, when appropriate, to provide more representative values. SpeTABLE 2. Land cover classification statistics over SGP99
experiment region.
Land cover classification
Alfalfa
Bare soil
Corn
Pasture, grazed
Legume
Pasture, ungrazed
Trees
Urban
Water
Wheat stubble
Bare ground with wheat stubble
Bare ground with green vegetation
Shrubs
Sand bars and quarries
Outcrops

%
1.7
8.1
2.3
45.1
1.2
8.6
7.4
3.5
1.0
6.9
6.9
3.0
3.8
0.3
0.3

cifically, for nearby fields with similar soil properties
(LW3–5, LW12–13, LW21–23), an average bulk density
was computed. For fields not adjacent to other sites, the
SGP99-measured bulk density data was averaged with
measurements from SGP97 for the same field. The 0–
5-cm averaged volumetric soil moisture data were used
to compare with the ESTAR-retrieved soil moistures,
since the moisture sensing depth at this frequency (1.4
GHz) is typically in the 2–5-cm range (Ulaby et al.
1986). We feel that this sampling protocol provides a
reliable dataset for validating the ESTAR-retrieved soil
moisture.
The LSMEM input parameters for the validation sites
were first compared with SGP99 field observations.
Vegetation classification and soil texture were, in some
cases, inconsistent with site survey data, and were corrected. For example, the wheat sites (CF05, LW21, and
LW23) were misclassified, which could cause an underestimation of vegetation attenuation in these sites.
This happened because the winter wheat fields were in
different stages of harvest during the experimental period. The SGP regional soil texture data (Miller and
White 1998) classified the LW winter wheat sites as silt
loam (15% clay and 20% sand), while SGP99 field observations suggested more clay in these sites. Thus a
silty-clay classification (10% sand and 45% clay) was
substituted. Table 3 shows the input parameters for all
sites, with the sites with adjusted data marked with an
asterisk.
For the retrieval validation, soil moisture values for
sites without any misclassification were extracted from
the ESTAR-retrieved soil moisture images, while for
the corrected sites the LSMEM was rerun with modified
parameters. Figure 8 shows the validation results for
each of the sites, and Fig. 9 shows the validation of the
averaged soil moisture for the sites in each region. The
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FIG. 7. LSMEM retrieved soil moisture (%) from ESTAR images during SGP99.

root-mean-square errors are CF 5 2.8%, ER 5 2.3%,
LW 5 1.8%, with an average of 2.1% across all sites.
As compared to other ESTAR soil moisture retrieval
algorithms, the LSMEM-retrieved soil moisture results
are excellent for most of the sites. For instance, Jackson
et al. (1999) reported root-mean-square errors of CF 5
2.7%, ER 5 3.3%, LW 5 2.1%.
Site LW12 had the largest detected inconsistency. For
8 and 9 July, the retrieved soil moistures were 8.5% and
5.6% lower than field measurements, respectively. Analysis of the field data shows that part of these errors
could be due to the high heterogeneity of this site. The
standard deviations of observed soil moisture for LW12

on 8 and 9 July is the highest among all the LW sampling
sites: 9.95% and 8.77%. Figure 10 shows the field data
for each sampling location for this site during ESTAR
data collecting days. Using 8 July as an example, the
highest sample value for this site was 36.9% and the
lowest value was 5.0%, sample ID 1 and sample ID 2
were only 100 m apart while the reported field values
were 6.6% and 31.9%. Values for sample ID 2 on other
days differed significantly from those on the first days
of the experiment, suggesting even higher heterogeneity
around that location. The average value used for validation at LW12 was 19.5%, much larger than that for
the adjacent field LW13 (8.2%). For areas with signif-
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TABLE 3. Land cover classification for field sampling sites at CF, ER, and LW.

Site ID

Land cover

Estimated
NDVI

Vegetation water
content (Kg m22 )

Soil classification

Bulk density
(g cm23 )

Roughness

Estimated
vegetation
structure
parameter

CF-04
CF-05
ER-01
ER-05
LW-03
LW-04
LW-05
LW-12
LW-13
LW-21
LW-22
LW-23

Winter wheat
Winter wheat*
Rangeland
Rangeland
Rangeland
Rangeland
Rangeland
Rangeland
Rangeland
Winter wheat*
Winter wheat
Winter wheat*

0.22
0.25
0.57
0.55
0.49
0.52
0.48
0.50
0.37
0.26
0.15
0.31

0.39
0.44
1.00
0.96
0.86
0.91
0.84
0.88
0.65
0.46
0.26
0.54

Silt loam
Silt loam
Silt loam
Silt loam
Fine sandy loam
Fine sandy loam
Fine sandy loam
Loam
Loam
Silty clay*
Silty clay*
Silty clay*

1.23
1.26
1.29
1.29
1.29
1.27
1.28
1.29
1.28
1.20
1.24
1.21

0.31
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.30
0.34

0.6
0.6
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.6
0.6
0.6

* Sites with adjusted data.

icant heterogeneity, due to soils, topography, drainage,
and so forth, accurate retrievals of remote sensing soil
moisture data will be challenging. For more discussion
on subgrid soil moisture heterogeneity the reader is referred to Charpentier and Groffman (1992), Famiglietti
et al. (1999), and Crow and Wood (1999).
As a test, and because the heterogeneity in the SGP99
domain is quite small, the second approach was used
to test the retrieval of soil moisture at 0.258 spatial resolution, and compare these values to soil moisture values retrieved at 0.1258 NLDAS resolution—the resolution at which the VIC surface temperature data were
available. Figure 11 presents the results, which shows
that using low-resolution brightness temperatures gives
almost the same results as averaging the soil moisture
from higher-resolution brightness temperatures. This indicates that for this region and period, the nonlinearity
and heterogeneity has a small impact. Comprehensive
tests are outside the scope of this paper, but these initial
tests give confidence that a retrieval algorithm based on
LSMEM, a land surface model to provide surface temperatures, and operational soil and vegetation datasets
can provide a strong basis for satellite soil moisture
retrieval. It is currently being tested using TRMM Microwave Imager and AMSR-E data (Wood et al. 2003.)
6. Discussion and conclusions
The use of passive microwave remote sensing for soil
moisture estimation is well established, yet most studies
rely on empirical and semiempirical relationships to retrieve soil moisture from microwave brightness temperatures (e.g., Wang 1983; Owe et al. 1992). A Land
Surface Microwave Emission Model (LSMEM) is presented that computes the surface emissions based on the
equations of soil emission and vegetation attenuation at
microwave frequencies. LSMEM is used to retrieve soil
moisture from L-band brightness temperature measurements during SGP99, collected from the airborne ESTAR instrument, surface temperatures from a land sur-

face model, and vegetation parameters estimated from
remote sensing. This approach allows us to explore
LSMEM’s potential in satellite remote sensing retrievals
at coarser resolution using a mix of remote sensing and
operational hydrological modeling products (Wood et
al. 2003).
The SGP99 field campaign provided a comprehensive
dataset for this investigation. Full-site field observations
of gravimetric soil moisture offered validation data at
the ESTAR footprint resolution. The vegetation and soil
parameters were compiled as part of the SGP99 experiment and the VIC land surface model provided the
surface temperatures as part of the North American Land
Data Assimilation System (NLDAS) model output. At
the same time, the meteorology background during the
experimental period was excellent for testing the retrieval over a large dynamic range of moisture conditions.
LSMEM-retrieved soil moisture, validated by field
observations at the three main field sites (CF, ER, and
LW), have rms errors in volumetric soil moisture of
2.8%, 2.3%, and 1.8%, respectively. Compared to other
microwave soil moisture retrieval algorithms, the
LSMEM performs well (Jackson et al. 1999). This encourages further application of this physical model in
retrieving soil moisture from spaceborne platforms such
as AMSR-E.
To test out the potential of applying hydrological
modeling to represent spatial heterogeneity within the
footprints of coarse-resolution spaceborne retrievals, the
LSMEM model was run with interpolated Oklahoma
Mesonet surface temperature observations. The validated results by field observations at CF, ER, and LW
sites, have rms errors in volumetric soil moisture of
3.1%, 2.6%, and 2.0%, respectively. This shows that
using a LSM-based surface temperature provides accuracy comparable to using interpolated temperatures
from a dense operational network. It further supports
the development of off-line land data assimilation sys-
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FIG. 8. Validation results for full sampling sites during SGP99.
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FIG. 9. Validation of the soil moisture averaged over the sampling
sites for the CF, ER, and LW areas.

tems and their data products for applications beyond
initial surface conditions for weather prediction models.
Since networks of the density of the Oklahoma Mesonet
are unavailable at continental to global scales, the use
of LSM-based surface temperatures for satellite soil
moisture retrievals is recommended.
The results presented here offer support that the
LSMEM algorithm and approach should work well for

FIG. 11. The 1/48 retrieved soil moisture as compared to soil moisture averaged from 1/88 retrieved soil moisture over the ESTAR observed region during SGP99.

satellite-based measurements of microwave brightness
temperatures. Because of the low resolution of these
sensors, it remains a challenge to determine the most
effective way of combining higher-resolution soil, vegetation, and surface temperature data to retrieve soil
moisture, and for strategies for downscaling either

FIG. 10. Field measurements at each sampling location in field LW12 during days with ESTAR
measurements.
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through active sensors or model-based data assimilation.
An additional challenge is to validate satellite products,
when significant scale-disparity exists among the pointscale ground measurements, LSM-based estimates, and
satellite-based retrievals.
The SGP99-retrieved soil moisture fields developed
in this study will be made available to the community
through the SGP99 data center (ftp://daac.gsfc.nasa.
gov). The retrieved ESTAR soil moisture products can
be compared with soil moisture products derived from
C-band and X-band radiometers, whose penetration
depth is less, and sensitivity to vegetation is greater,
than at L band. During SGP99, these higher-frequency
products include soil moisture from the airborne polarimetric scanning radiometer (PSR) C-band passive radiometer and the satellite X-band TMI radiometer. Intercomparison studies among L, C, and X bands are
important due to the launch of the Advanced Microwave
Scanning Radiometer on board NASA Aqua platform
(AMSR-E) and National Space Development Agency of
Japan (NASDA) ADEOS-II, which includes both C and
X bands as well as the X-band on TMI, which has flown
since 1997 (Wood et al. 2003), and the anticipated Lband sensor on the Soil Moisture Ocean Salinity
(SMOS) satellite.
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