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ABSTRACT
Soil moisture is an important hydrologic state variable critical to

successful hydroclimatic and environmental predictions. Soil moisture
varies both in space and time because of spatio-temporal variations in
precipitation, soil properties, topographic features, and vegetation
characteristics. In recent years, air- and space-borne remote sensing
campaigns have successfully demonstrated the use of passive micro-
wave remote sensing to map soil moisture status near the soil surface
(»0–0.05 m below the ground) at various spatial scales. In this study
root zone (e.g., »0–0.6 m below the ground) soil moisture distributions
were estimated across the Little Washita watershed (Oklahoma) by
assimilating near-surface soil moisture data from remote sensing mea-
surements using the Electronically Scanned Thinned Array Radio-
meter (ESTAR) with an ensemble Kalman filter (EnKF) technique
coupled with a numerical one-dimensional vadose zone flow model
(HYDRUS-ET). The resulting distributed root zone soil moisture
assessment tool (SMAT) is based on the concept of having parallel
noninteracting streamtubes (hydrologic units) within a geographic in-
formation system (GIS) platform. The simulated soil moisture
distribution at various depths and locations within the watershed
were compared with measured profile soil moisture data using time
domain reflectometry (TDR). A reasonable agreement was found
under favorable conditions between footprint-scale model estimations
and point-scale field soil moisture measurements in the root zone.
However, uncertainties introduced by precipitation and soil hydraulic
properties caused suboptimal performance of the integrated model.
The SMAT holds great promise and offers flexibility to incorporate
various data assimilation techniques, scaling, and other hydrological
complexities across large landscapes. The integrated model can be
useful for simulating profile soil moisture estimation and for predict-
ing transient soil moisture behavior for a range of hydrological and
environmental applications.

SPATIO-TEMPORAL DISTRIBUTIONS of soil moisture status
in the root zone across large land areas provide

important input for many agricultural, hydrological, and
meteorological applications (Hanson et al., 1999). Also,
estimation of root zone soil moisture at various temporal
and spatial scales is key to strategic management of
water resources. Root zone soil moisture is a critical
storage parameter, which controls partitioning of energy
and mass related to evapotranspiration and runoff
(Georgakakos, 1996). Precipitation, soil texture, topog-
raphy, land use, and a variety of meteorological var-
iables influence the spatial distribution and temporal
evolution of root zone soil moisture. Many studies at
the Southern Great Plains 1997 Hydrology Experiment

(SGP97) site have examined how these variables influ-
ence the spatiotemporal distribution of soil moisture and
surface fluxes (Famiglietti et al., 1999; Mohr et al., 2000;
Mohanty et al., 2000a, 2000b; Mohanty and Skaggs,
2001; Bindlish et al., 2001; Kustas et al., 2001; Wickel
et al., 2001). The estimation of soil moisture and energy–
mass exchange is simulated using soil–vegetation–
atmosphere transfer models (SVAT). The accuracy of
SVAT models is usually restricted by unreliable esti-
mates of root zone soil moisture (Koster and Milly,
1997). Despite the significance of root zone soil moisture
in hydrological and meteorological predictions, detailed
spatiotemporal modeling of root zone soil moisture at
the regional or global scale is often lacking.

Root zone soil moisture distributions are best as-
sessed by periodic gravimetric sampling or by calibrated
TDR techniques. At a particular location, soil mois-
ture can be continuously monitored by calibrating seg-
mented TDR probes (e.g., Hook and Livingston, 1996)
or by multisensor capacitance probes (e.g., Starr and
Paltineanu, 1998). Camillo and Schmugge (1983)
retrieved root zone soil moisture estimates from surface
measurement for dry soil with fully grown roots using a
linear relationship between moisture content in the two
soil layers based on a simple solution of Richards’ equa-
tion. These techniques serve well for field plot or local-
scale monitoring but are not feasible for the watershed
or regional scale. Remote sensing of soil moisture from
air- or space-borne platforms has the ability to overcome
this problem and provide large spatial coverage and
temporal continuity. In the last three decades studies
have successfully established the use of passive micro-
wave remote sensing to measure the surface wetness
(Engman and Gurney, 1991; Jackson, 1993; Njoku and
Entekhabi, 1995; Jackson et al., 1999). These measure-
ments described soil moisture in a thin soil layer, usually
up to a depth of 0.05 m below the soil surface (Schmugge
et al., 1974, 1977, 1980; Jackson and Schmugge, 1989).
However, an associated problem that has hindered the
measurement of soil moisture from air and space using
passive microwave techniques is its coarse spatial and
temporal resolution, which is not consistent with the
scale of hydrologic processes of interest.

Prevot et al. (1984) demonstrated that the soil water
balance could be determined with equal accuracy using
remotely sensed surface soil moisture estimates substi-
tuted for in situ observations. Smith and Newton (1983)
developed a soil water simulation model that used re-
motely sensed data to predict profile soil moisture. In
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the recent past, studies have been conducted on im-
proving assessment of profile soil moisture with the help
of surface soil moisture observations (Kostov and
Jackson, 1993; Entekhabi et al., 1994). Jackson (1993)
elaborated four strategies using surface soil moisture
data to estimate profile soil moisture: (i) statistical ex-
trapolation of the surface observation, (ii) integration of
surface observations in a profile water budget model,
(iii) inversion of radiative transfer model, and (iv) the
parametric profile model method. Kostov and Jackson
(1993) presented a detailed review of these basic ap-
proaches for estimating profile soil moisture using re-
motely sensed surface moisture data and concluded that
the most promising approach to the problem of profile
soil moisture estimation was the integration of remote
sensing and computational modeling. An illustration of
this concept has been provided by Entekhabi et al.
(1994) in their theoretical approach for solving the in-
verse problem for soil moisture using sequential as-
similation of remotely sensed surface data. Houser et al.
(1998) studied the use of four-dimensional data assim-
ilation methods in a macroscale land hydrology model
to generate root zone moisture fields on regular space
and time intervals. Several other studies were conducted
using data from the Southern Great Plains 1997
(SGP97) hydrology experiment (Jackson et al., 1999),
and the concepts were tested at the point scale (Crosson
et al., 2002; Starks et al., 2003; Heathman et al., 2003;
Crow and Wood, 2003). Walker et al. (2001) explored
the effects of observation depth and update interval on
soil moisture profile retrieval and made a comparison of
two commonly used assimilation techniques (i.e., direct
insertion and Kalman filter) using synthetic data. They
concluded that Kalman filter assimilation scheme is su-
perior to the direct insertion assimilation scheme. Profile
retrieval was unsuccessful for direct insertion using the
surface node alone; observations over some nonzero
depth were required. The superiority of the Kalman
filter lies in its ability to adjust the entire profile, while
direct insertion can only alter the profile within the
observation depth. On the contrary, Heathman et al.
(2003) investigated profile soil water content using di-
rect data assimilation in the root zone water quality
model at four field sites in the Little Washita (LW) River
Experimental Watershed during SGP97, and found that
direct insertion assimilation improved model estimates
down to a depth of 0.30 m at all the sites considered in
their study, and no significant improvement in soil water
estimates below the 0.30-m depth. Crosson et al. (2002)
applied the Kalman Filter based method for assimilating
remotely sensed (ESTAR-based, during SGP97) soil
moisture estimates in a point-scale testing scheme and
found that even in the presence of highly inaccurate
rainfall the model results in good agreement with ob-
served soil moisture. Crow and Wood (2003) extended
EnKF methodology to assimilate remotely sensed
(ESTAR, SGP97) soil moisture data into a land surface
model and validated against independent observations.
They found that root zone soil moisture predictions
made with the EnKF are more accurate than predic-
tions derived from direct assimilation of ESTAR surface

soil moisture imagery. Recently, Dunne and Entekhabi
(2005) used ESTAR pixel and field data of SGP97 to
investigate an ensemble-based reanalysis (ensemble-
based smoother) approach to land data assimilation.
They demonstrated that smoothing improved the es-
timated soil moisture at the soil surface and at deeper
depths over EnKF estimation. The performance of
EnKF was also studied by Reichle et al. (2002) and
Margulis et al. (2002), where soil moisture estimation is
assessed by assimilating L-band (1.4 GHz) microwave
observations into a land surface model. They showed
that EnKF is a flexible and robust data assimilation tech-
nique that gives satisfactory estimates even for moder-
ate ensemble size. From these, it is clear that EnKF
offers several advantages over traditional methods of
data assimilation for retrieving soil moisture frommicro-
wave remote sensing.
Generally, data assimilation is used in conjunction

with a SVAT (land surface model, LSM) model. The
model can be treated as a stand-alone program, which
communicates with the filter through its input and out-
put files. The filter provides a set of random initial con-
ditions, parameters, and forcing variables to the land
surface model. In turn, the model derives a time-
dependent state vector that is passed to the filtering
algorithm. This modularity makes it possible to use
nearly any land surface model in a data assimilation
procedure based on an EnKF. The most frequently used
SVAT models with data assimilation are the NOAH
model (Chen et al., 1996), Variable Infiltration Capacity
(VIC) model (Liang et al., 1996), Mosaic model (Koster
and Suarez, 1996), and Common Land Model (CLM;
Dai et al., 2003). The SVAT models typically include a
thin surface soil layer and one or more thicker root zone
layers and estimate soil moisture of each soil layer at the
land–atmosphere boundary and the interfaces between
the soil layers. The SVAT models run typically in an
uncoupled fashion using a number of generic tools to
manage the input and output data. From the vadose
zone hydrology perspective at the landscape scale or
larger, there is a need for simple and robust integration
of surface remote sensing information into a dynamic
soil water model in a distributed computing platform
(e.g., GIS) to improve the simulation of root zone
soil moisture.
For distributed models, GIS is considered the best

available tool for organizing and processing data at the
watershed/regional scale (Thieken et al., 1999; Lachas-
sagne et al., 2001; Schreier and Brown, 2001; Renschler,
2003). A GIS stores spatial data, determines model pa-
rameters, provides scale-independent visualizations, and
allows analysis and combination of maps from various
scales (Thieken et al., 1999). Geographic information
systems have influenced the development and imple-
mentation of hydrologic models in several different
ways. First, GIS has provided new opportunities to de-
velop and run fully distributed models efficiently. These
models take into account and predict the values of
studied phenomena at any point within the watershed
(Mitas and Mitasova, 1998). Second, GIS has also al-
lowed users to run more traditional lumped models
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more efficiently and to include at least some level of
spatial effects by partitioning an entire watershed into
smaller subwatersheds. Hellweger andMaidment (1999)
automated a procedure to define and connect hydro-
logic elements in ARC/INFO and ArcView and write
the results to an ASCII file that is readable by the Hy-
drologic Engineering Center’s Hydrologic Modeling
System (HEC-HMS). Third, GIS has been used to trans-
form what were originally site-specific models into spa-
tially distributed models. Finally, GIS is sometimes used
to vary model inputs and compare model outputs with
field data for improving the scientific process. Paniconi
et al. (1999) reviewed the strengths and weaknesses of
GIS and explained why distributed hydrologic models
typically rely on GIS.

In this study we used the distributed modeling ca-
pability of GIS to apply a simple sequential data as-
similation (i.e., EnKF) approach in conjunction with a
numerically robust vadose zone hydrology model (i.e.,
HYDRUS-ET; Simunek et al., 1997) that incorporates
periodic remotely sensed surface soil moisture observa-
tion (from a passive microwave remote sensor, ESTAR)
to estimate root zone (profile) soil moisture. This newly
developed soil moisture assessment tool (SMAT) has
the advantage of combining the spatio-temporal conti-
nuity of the model prediction with intermittent input of
remotely sensed observations in a geographically distrib-
uted framework to improve the root zone soil moisture
estimation and minimize vadose zone model and param-
eter uncertainties using the data assimilation protocol.

MATERIALS AND METHODS

Study Watershed and Distributed
Hydro-Climatic Parameters

The 603-km2 LW watershed (Fig. 1) located in southwest
Oklahoma in the Southern Great Plain region of the USAwas
selected for this study. The LW watershed was chosen because
it has been the focus of several remote sensing experiments,

including Washita92 (Jackson et al., 1995), Washita94, SGP97
(Jackson et al., 1999), SGP99, and Soil Moisture Experiment
2003, SMEX03 (Jackson et al., 2005). Specifically, we used the
ESTAR L-band passive microwave radiometer, horizontally
polarized at 1.413 GHz (0.21 m) with a bandwidth of 20 MHz.
ESTARwas used to map soil moisture at a resolution of 800 by
800 m during the SGP97 experiment (Jackson et al., 1999). The
detailed description of the SGP97 experimental plan and other
supplementary information can be found at http://hydrolab.
arsusda.gov/sgp97/ (verified 30 Dec. 2005).

Extensive meteorological networks (of USDA-ARS Micro-
net, Oklahoma Mesonet, DOE/NOAA) across the region
provide good spatio-temporal distribution of hydrometeoro-
logical parameters. As used in this study, rain-gauges of the
USDA-ARS Micronet are strategically located in the water-
shed at a spacing of approximately 5000 m. Forty-two of these
stations continuously measure rainfall, solar radiation, air
temperature, and relative humidity at 5-min intervals. At three
stations, wind speed and barometric pressure are also re-
corded. There are 64 well-defined soil series in the LW water-
shed, with sand, loamy sand, sandy loam, loam, and silty loam
being the predominant textures on the soil surface (Allen and
Naney, 1991). Land use and land cover (LULC) is dominated
by rangeland/pasture (63%), with significant areas of winter
wheat (Triticum aestivum L.) and other crops mostly in the
flood plains and western portion of the watershed. The topog-
raphy of the region is moderately rolling with a maximum
relief of ,200 m.

All the relevant GIS data used in this study, including soil
properties, land cover, and remotely sensed surface soil mois-
ture, were derived from the SGP97 database available at http://
www.cei.psu.edu/nasa_lsh/ (verified 30 Dec. 2005). The mete-
orological data (i.e., daily precipitation, wind speed, relative
humidity, air temperature, and solar radiation) used in this
study were derived from ftp://daac.gsfc.nasa.gov/data/sgp97/
(verified 30 Dec. 2005). The footprint size of ESTAR-based
soil moisture (800 by 800 m) was used as the basis for grid
resampling for all variables, resulting in a total of 843 pixels
across the LW watershed. The soil textural distribution (Fig. 2)
of LW has five dominant soil types: silty loam (32%), sandy
loam (29%), loam (10.4%), sand (8.8%), and loamy sand
(18%). During SGP97, the LULC grid (Fig. 3) had four main
land cover types: pasture, corn (Zea mays L.), wheat, and

Fig. 1. Little Washita (LW) watershed with Micronet and NOAA sites used in the study.
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alfalfa (Medicago sativa L.). Average values of daily wind
speed, relative humidity, and solar radiation based on all
Micronet stations across thewatershedwere used for themodel
simulations. Micronet-based daily total precipitation data for
the entire duration of SGP97 experiment (18 June–16 July
1997) were spatially interpolated and resampled at 800 by
800 m resolution.

The resulting daily spatially distributed hydroclimatic data
sets were used as inputs to the HYDRUS-ET model. Other
necessary distributed model inputs such as leaf area index,
albedo, and surface roughness across the LW watershed were
from Jackson et al. (1999). Knowledge of soil hydraulic
properties is a key input for root- and vadose-zone hydrologic
modeling. Laboratory and field methods for determining soil
hydraulic properties across large land areas are time-consum-
ing and expensive. Average soil hydraulic properties based on
soil texture (i.e., pedotransfer functions) are commonly used
in hydrologic models. In this study, the average values for
selected soil water retention and hydraulic conductivity pa-

rameters for the major soil textural classes by Carsel and
Parrish (1988) (Table 1) were used. Local (point) profile soil
moisture data measured at three Micronet sites (Heathman
et al., 2003) highlighted in Fig. 1 were used for comparison and
validation with the model–data assimilation outputs at the
pixel scale.

Soil Moisture Assessment Tool

The information flow for SMAT developed in this study to
assess spatiotemporal distribution of profile soil moisture is
presented in Fig. 4. The simplified distributed modeling system
was primarily based on running the one-dimensional partially
saturated vadose zone flow model HYDRUS-ET (Simunek
et al., 1997) for each remote sensing footprint or pixel (800
by 800 m) without any pixel-to-pixel interaction within the
ArcGIS framework. A major advantage of this GIS-based tool
is its capability to automatically read and write (I/O) the
spatially distributed input data (e.g., soil, LULC, precipitation,
and initial ensemble for each time step) and execute the
HYDRUS-ET model in every pixel. The toolbox also writes
the mean results of the updated ensemble according to their
geospatial coordinates.

We set up the one-dimensional HYDRUS-ET model for
843 ESTAR footprints–pixels across the LW watershed. The
distributed footprint-scale parallel noninteracting stream tubes
(soil columns–hydrologic units) were identified on a pixel basis
with top or bottom boundary conditions, initial profile soil
moisture conditions, and soil and land parameters. An inter-
face program was developed in Microsoft Visual Basic 6.0
using Arc Objects to couple ArcGIS 9 with HYDURS-ETand
EnKF using a C subroutine (Dynamic Link Library). The

Fig. 2. Little Washita (LW) watershed soil map resampled at a re-
solution of 800 by 800 m. SL, sandy loam; SiL, silty loam; L, loam;
Cl, clay; CL, clay loam; S, sand; SiCL, silty clay loam.

Fig. 3. Land use land cover (LULC) for Little Washita (LW) water-
shed resampled at a resolution of 800 by 800 m.

Table 1. Average hydraulic properties for different soil textures
(Carsel and Parrish, 1988).†

Texture ur us a n Ksat

cm21 m d21

Sand 0.045 0.43 0.145 2.68 7.128
Loamy sand 0.057 0.41 0.124 2.28 3.502
Sandy loam 0.065 0.41 0.075 1.89 1.061
Loam 0.078 0.43 0.036 1.56 0.249
Silt 0.034 0.46 0.016 1.37 0.06
Silt loam 0.067 0.45 0.02 1.41 0.108
Sandy clay loam 0.1 0.39 0.059 1.48 0.314
Clay loam 0.095 0.41 0.019 1.31 0.062
Sandy clay 0.1 0.38 0.027 1.23 0.028
Silty clay 0.07 0.36 0.005 1.09 0.005
Clay 0.068 0.38 0.008 1.09 0.048

† ur, residual water content; us, saturated water contents; a and n, fitting
parameters related to particle-size distribution; Ksat, saturated hydraulic
conductivity.

Fig. 4. Schematic representation of the Soil Moisture Assessment Tool
(SMAT).
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integrated model reads pixel-wise input information (e.g., soil
texture, LULC, precipitation) from the GIS grids and assigns
parameters, boundary conditions, and initial conditions in the
input files of HYDRUS-ET. Other specifications and assump-
tions for our model simulation runs are given in Table 2. Soil
profiles of 0.65-m thickness were considered, with atmospheric
top boundary and free draining bottom boundary. The soil
profile was discretized into 97 elements (ranging from 0.001 to
0.1 m) with finer discretization near the land–atmosphere
boundary where a large hydraulic gradient was expected as
compared with the deeper depths. Time-dependent top bound-
ary conditions were used with precipitation distribution across
the LW watershed. A unit (vertical) hydraulic gradient (free
drainage) condition was used at the bottom boundary of the
root zone for all the pixels. The spatial correlation of the un-
certain initial soil profile input is unknown a priori and difficult
to characterize. Porosity and wilting point control the upper
and lower limit of volumetric soil moisture, respectively. The
saturated hydraulic conductivity, which is highly variable in
space, is a primary factor affecting infiltration. So, the initial
status of soil moisture in the discretized soil profile is assigned
a uniform value of 50% of the relative saturation according to
soil type and texture. For computational limitations and ef-
ficiency 100 replicates were populated in the ensemble with a
Gaussian noise of 20 to 5% of the soil moisture in decreasing
order from top to bottom of the soil profile. Reichle et al.
(2002) and Crow and Wood (2003) demonstrated with syn-
thetic test problems that an ensemble of 100 replicates is suf-
ficiently large to provide accurate estimates of soil moisture for
the SGP conditions.

Due to the lack of physical data and for computational sim-
plicity, we assumed: (i) only one soil texture per pixel for the
entire root zone (i.e., the soil texture at the soil surface was
assigned for the whole 0.65-m depth of the soil profile); (ii)
pixels with rock outcrop, urban, andwater cover were excluded
in the simulation; (iii) any excess water above the soil surface
was immediately removed; and (iv) runoff and runon between
adjacent pixels due to surface topography were considered
minimal, thus limiting the flow to the vertical direction only.

To assess the performance of the integrated SMAT model
we conducted a simulation experiment based on the dataset of
SGP97 Hydrology experiment for LW watershed (Jackson
et al., 1999). The SMAT was run for the entire duration of
the SGP97 remote sensing experiment ranging from Day of
Year (DOY) 169 to 197 (18 June–16 July 1997) for profile soil
moisture estimation on a daily time step. The dates when

(ESTAR) measured soil moisture were not available, model
forecast ensemble estimates were carried forward with time
for the entire profile. Availability of (ESTAR) measured soil
moisture to the model was made through analysis/update of
the ensemble. Final state and measurement estimates were
calculated by averaging the predictions made by the model
replicates within the ensemble. After the completion of the
data assimilation protocol for daily time steps, ensemble means
were written to an output file and read into soil moisture grids
at various depths across the watershed.

Brief Description of HYDRUS-ET
and Governing Equations

HYDRUS-ET is a numerical model with a Galerkin-type
linear finite-element scheme that solves the Richards’ equa-
tion for partially saturated water flow. The one-dimensional
water movement in a partially saturated rigid porous medium
is described by a modified form of Richards’ equation using
the assumption that the air phase plays an insignificant role in
the liquid-flow process and that the water flow due to thermal
gradient can be neglected:

]u

]t
5

]

]x
K( ]h]x 1 cosb)

#
2 S

"
[1]

where h is the soil water pressure head (m), u is the volumetric
water content (m3 m23), t is the time (s), x is the spatial co-
ordinate (m), S is the sink term (m23 s21), b is the angle be-
tween the flow and the vertical axis, and K is the unsaturated
hydraulic conductivity function (m s21) given by

K(h, x) 5 Ks(x)Kr(h, x) [2]

where Kr is the relative hydraulic conductivity and Ks is the
saturated hydraulic conductivity. The unsaturated soil hy-
draulic properties, u(h) and K(h), generally highly nonlinear
functions of pressure head, were described by van Genuchten
(1980):

u(h) 5 ur 1
us 2 ur

[1 1 (ah)n]12
1
n

[3]

where u(h) represents the water retention curve defining the
water content, u (m3 m23), as a function of the soil water
pressure head h (m), ur and us (m3 m23) are residual and
saturated water contents, respectively, while a (m21) and n are
fitting parameters related to particle-size distribution. Equa-
tion [3] is used in conjunction with the pore-size distribution
model by Mualem (1976) to yield the hydraulic conductivity
function (van Genuchten, 1980):

K(Se) 5 KoSl
e$1 2 [1 2 Sn/(n21)

e ]121/n
%
2 [4]

where Ko is the matching point at saturation (m s21), and
parameter l is an empirical pore tortuosity–connectivity
parameter. The model considers prescribed water flux at the
top and bottom boundaries across the root zone determined by
atmospheric conditions or free drainage. The Penman method
was used to calculate daily evapotranspiration using two steps:
(i) calculate the potential evapotranspiration and (ii) calculate
the actual evapotranspiration rate using a relationship be-
tween relative evapotranspiration and the pressure head, h,
along the soil profile.

Ensemble Kalman Filter

Data assimilation systems are typically designed to merge
uncertain predictions from models with incomplete and noisy

Table 2. Definition, values, and sources for the parameters used in
HYDRUS-ET.

Parameter definition Value

Number of soil layers 1
Thickness of soil zone 0.65 m
Soil hydraulic properties Carsel and Parrish (1988)
Time step daily
Heat flow 0
Solute flow 0
Root growth 0
Upper boundary atmospheric
Bottom boundary free drainage
Hysteresis 0
Number of Fixed nodes/elements

across soil profile
97

Surface roughness Jackson et al. (1999)
LAI† Jackson et al. (1999)
Transpiration depth of all land cover 0.6 m (below top 0.05 m)
Wind speed avg. wind speed of watershed
Ambience temperature avg. temperature of watershed,
Relative humidity avg. relative humidity of watershed

†LAI, leaf area index.
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measurements from an observing system. Assimilation ap-
proaches optimally combine model predictions and indepen-
dent observations in such a manner that the shortcomings of
each approach are mutually compensated. Evensen (2003)
presented an algorithm based on an ensemble of model pre-
dictions to evaluate error covariance information necessary for
the standard Kalman Filter for updating model predictions
using observations. The method uses a nonlinear model to
propagate the ensemble state across space or time. The initial
ensemble was chosen to properly represent the soil profile
error statistics by adding perturbation (Gaussian distributed
noise) to the initial guess of the model states. The resulting
ensemble reflects the uncertainty introduced by input errors.
The ensemble replicates a broad range of values and the var-
iances of the propagated states increase, as compared with the
case where model input values are held fixed at their nominal
values. This increased variability across the ensemble tends to
make the filter rely more on measurements and reduces the
adverse impact of model bias. We used an ensemble size of 100
in the application described here. It uses the physics of the
vadose zone model (HYDRUS-ET) to vertically extrapolate
surface soil moisture measurements to soil moisture states at
deeper depths not directly observed by the remote sensor. The
nonlinear one-dimensional vadose zone model used for as-
similation can be represented in a generic form as the spatially
discretized soil moisture at all computational nodes across the
soil profile at time t into a state vector c of dimension n
(Reichle et al., 2002):

dc
dt

5 F(c) 1 v [5]

The nonlinear operator F() includes all deterministic forcing
data (e.g., observed rainfall). Uncertainties related to the
errors in the model or the forcing data are summarized in v.
The observations used for the assimilation scheme are re-
motely sensed (ESTAR) measurements of soil moisture across
the LW watershed during the SGP97 experiment (Jackson
et al., 1999). The ensemble of model state is integrated forward
in time according to Eq. [1]. The matrix of the forecast
ensemble members can be written as:

A 5 (c1,c2,c3, . . . ,cN) 2 <n3N [6]

where N is the number of ensemble members and n is the size
of the model state vector. The ensemble-mean matrix (A) can
be defined as

A 5 A1N [7]

where 1N 2 <N3N is a matrix in which each element is equal to
1/N. The ensemble perturbation matrix can then be defined as

A9 5 A 2 A [8]

The ensemble covariance Pe 2 <n3n can be defined as

Pe 5
A9(A9)T

N 2 1
[9]

For example, at time ti over the region of interest, we possess
an ensemble of forecasts that are representative of the true
state of soil moisture. Typically, the ensemble-mean forecast is
the best prediction of the profile soil moisture state at ti. Now if
we receive an ESTAR-based soil moisture observation at the
same time ti, then we need to update our prediction of the soil
moisture state and its uncertainty given this new observation.
While the observation carries information about the surface
soil moisture state only, we intend to extract information about
the entire soil moisture profile. Thus, the representative fore-

cast ensemble was used to derive polynomial coefficients be-
tween surface and subsurface computational nodes present in
the state vector (A) by using a least squares fit. These poly-
nomials were then used to calculate the observed state vector
of measurement ensemble by adding perturbation (Gaussian
distributed noise). Given a vector of observation d,

D 5 (d1, d2,d3, . . . ,dn) 2 <n3N [10]

The perturbation matrix of D is defined by

X 2 <n3N [11]

fromwhich we construct the ensemble of the covariance matrix

Re 5
XXT

N 2 1
[12]

The updated equation, expressed in terms of ensemble co-
variance matrices, is

Aa 5 A 1 PeHT(HPeHT 1 Re)
21(D 2 HA) [13]

where Aa is the updated matrix, (D 2 HA) is the innovation
matrix, PeHT (HPeHT 1 Re)21 is the Kalman gain, and H
interpolates the true state (i.e., ESTAR based brightness
temperature) of the observed quantity (i.e., soil moisture). In
this case H is an identity matrix because the soil moisture
product of ESTAR was used directly instead of microwave
brightness temperature. The analyzed, updated matrix Aa is
carried forward in time as ensemble of initial state for the next
time step.

Statistical Methods

To evaluate the performance of the proposed data assim-
ilation scheme with respect to the point measurements of pro-
file soil moisture, we used coefficient of determination (R2),
root mean square error (RMSE), and mean bias error (MBE).
The statistics of RMSE and MBE are defined as

RMSE 5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
O(P 2 O)2

n

s
[14]

MBE 5
O(P 2 O)

n
[15]

where P and O are predicted and observed soil moisture,
respectively, and n is the number of observations. The RMSE
and MBE are indicative of overall error and mean bias in the
estimation process, respectively.

RESULTS AND DISCUSSION
Performance of the SMATwas evaluated by compar-

ing the simulated (overlapping) footprint-scale profile
soil moisture to the local (point-scale) profile soil mois-
ture data measured at three Micronet sites (Heathman
et al., 2003), which are highlighted in Fig. 1. These three
sites (i.e., Micronet-133, Micronet-149, and 02-NOAA)
were selected for validation because they represent typ-
ical scenarios in the LW watershed.

Site Micronet-133
Site Micronet-133 was selected due to the matching

soil profile (based on pixel-scale NRCS soil database,
Fig. 2) used in the model and the local (point-scale)
observation at the field site. Point observations indicate
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a sandy loam soil for the entire soil profile, which agrees
with our model assumption of the soil texture at the
soil surface assigned for the whole soil profile depth of
0.65 m. Figure 5a shows the surface soil moisture
comparison between models without data assimilation
(Open-loop) and with EnKF-based data assimilation,
and ESTAR observations at the top 0- to 5-cm depth.
Open loop results are obtained from the average of 100
replicates without updating. Figure 5a illustrates the
ability of EnKF to correct the errors in HYDRUS-ET
model estimations. Figures 5b through 5d show the
comparison of SMAT-based profile soil moisture esti-
mations and TDR-based field observations at four dif-
ferent depths. From DOY 170 to 175 the root zone soil
moisture estimated by the model at the depths of 0 to
0.15, 0.15 to 0.30, and 0.45 to 0.60 m depends on the
initial estimate of the ensemble. The filter improved the
surface soil moisture at the initial period of the sim-
ulation, in contrast to the soil moisture at the deeper
depths. The continuous analysis–update (i.e., EnKF-
based assimilation of surface soil moisture using ESTAR
observations) from DOY 175 to 184 (except on 179)
improved the profile soil moisture estimations, and the
trends of the simulated and observed states matched
well. These matching trends in Fig. 5b through 5d verify
the hypothesis that surface soil moisture observation
obviously carries information about the unobserved
portion of the state (profile soil moisture). Even after
the gap in ESTAR overflights between DOY 184 and
192 the model maintains a good trend except on DOY

191. On DOY 191, the impact of a rainfall event is
clearly visible in the model estimates, but was missing in
the measured soil moisture at the depth of 0 to 0.15 m
(Fig. 5b). This emphasizes the importance and sensitivity
of the precipitation information available to the model
at a daily time step, which affects the performance of the
model. The filter regained the trend from DOY 193 due
to new ESTAR measurements from DOY 193 to 197
except on DOY 196. Statistical comparison of the model
estimations with point measurements is given in Table 3.
For this site high R2 values were observed for all the
depths across the root zone, indicating the efficient data
assimilation capability of SMAT for surface soil mois-
ture reaching to the deeper depths under favorable
conditions (i.e., for matching soil profile at the pixel- and
point-scales). Low RMSE values observed for this site
confirm the suitability of the model and agreement of
assumptions with field conditions.

Site Micronet-149
The actual soil profile (based on point observations)

of this site matches the model soil profile of silty loam
for the top 0.30 m (Table 3). Figure 6a shows the surface
(0–5 cm) soil moisture comparison of the Open-loop,
model with EnKF, and ESTAR observations. As ex-
pected, the Open-loop and EnKF predictions drift apart,
and ESTAR measured soil moisture allow the EnKF to
capture the dry-down portion of the experiment (DOY
170–185). Uncertainty in hydraulic parameters and bot-

Fig. 5. Site Micronet-133 temporal series of soil moisture at (a) surface, (b) 0 to 0.15 m, (c) 0.15 to 0.30 m, and (d) 0.45 to 0.60 m. DOY, day of year;
EnKF, ensemble Kalman filter; Meas, measured.

R
e
p
ro
d
u
c
e
d
fr
o
m

V
a
d
o
s
e
Z
o
n
e
J
o
u
rn
a
l.
P
u
b
lis
h
e
d
b
y
S
o
il
S
c
ie
n
c
e
S
o
c
ie
ty

o
f
A
m
e
ri
c
a
.
A
ll
c
o
p
y
ri
g
h
ts

re
s
e
rv
e
d
.

302 VADOSE ZONE J., VOL. 5, FEBRUARY 2006



tom boundary conditions and the mismatch of soil
profile below 0.30 m were the limiting factors for the
model. The bottom-most clay layer in the actual soil
profile restricted the downward flux during the exper-
iment and retained higher moisture in the soil profile
between 0.30 and 0.60 m. The higher Ks value of silt
loam (Table 1) compared with the clay loam layer con-
sidered in the model drained the soil profile faster
during the simulation, resulting in lower soil moisture
predictions. The EnKF algorithm failed to maintain the
temporal trends at the deeper layers (except the surface
moisture) due to imperfect forecast ensemble polyno-

mial coefficients obtained by least squares fit. Figures 6b
through 6d illustrate the comparison of profile soil
moisture using the data assimilation scheme (SMAT)
and field-observed values at the depths of 0 to 0.15, 0.15
to 0.30, and 0.45 to 0.60 m. Of particular significance, the
EnKF estimates for soil profile at the 0- to 0.15-m depth
closely matched the point-scale measurements (Fig. 6a),
with R2, MBE, and RMSE values of 0.81, 0.0029, and
0.01, respectively (Table 3). Even though the profile
soil texture at the 0.15- to 0.30-m depth in the model and
at the field location were the same, observed and es-
timated soil moistures at this depth did not match well

Table 3. Comparison of field soil moisture measurements and model results from Day of Year (DOY) 170 to 197 at 02-NOAA, Micronet-
133, and Micronet-149.†

Sites Statistics 0–0.15 m 0.15–0.30 m 0.30–0.45 m 0.45–0.60 m

Micronet-133 Local SL SL SL SL
Model SL SL SL SL
R2 0.82 0.84 0.88 0.79
MBE 20.0052 0.0014 20.007 0.01
RMSE 0.0048 0.0057 0.0002 0.002

Micronet-149 Local SiL SiL L CL
Model SiL SiL SiL SiL
R2 0.81 0.67 0.25 0
MBE 0.0029 20.0715 20.0847 20.1129
RMSE 0.012 0.0065 0.0261 0.0392

02-NOAA Local L Cl L SiL
Model SL SL SL SL
R2 0.55 0.3 0.23 0.15
MBE 20.1034 20.1674 20.1697 20.1697
RMSE 0.0174 0.0342 0.0394 0.0398

† SL, sandy loam; SiL, silty loam; L, loam; Cl, clay; CL, clay loam.

Fig. 6. Site Micronet-149 temporal series of soil moisture at (a) surface, (b) 0 to 0.15 m, (c) 0.15 to 0.30 m, and (d) 0.45 to 0.60 m. DOY, day of year;
EnKF, ensemble Kalman filter; Meas, measured.
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(see Fig. 6c) due to the impact of the clay loam layer at
the bottom of the profile. The filter totally under-
estimated the soil moisture in the deeper zone (0.45–
0.60 m), with a MBE of 20.1129 (Table 3). At the field
site, however, the clay layer retains moisture at an av-
erage 0.35 m3 m23 throughout the observation period
due to the impeding layer.

Site 02-NOAA
This site was especially chosen to demonstrate the

impact of a total mismatch of the model soil profile with
the local soil profile (Table 3), which completely alters
the flow regime of the soil column by introducing un-
certainty in hydraulic parameters. The model used sandy
loam for the entire 0- to 0.60-m soil profile, which led to
a well-drained soil column for this site. Neither the
Open-loop nor the EnKF could predict the local soil
moisture at this site. As evident from Fig. 7b through 7d,
no agreement between measurement and EnKF was
observed at any depth, with high negative bias for the
entire root zone (Table 3). Note, however, EnKF could
update the surface (0–5 cm) soil moisture prediction
across the study period (Fig. 7a). A partial agreement
was observed at the depth of 0 to 0.15 m following the
rainfall event on DOY 191.

The duration of the SGP97 hydrology experiment was
comparatively shorter than what is generally applied to
models. It is not apparent whether a shorter period had
any appreciable effect on the model results, although

some previous studies have found that soil moisture
predictability may be related to the model time scale
(e.g., Schlosser and Milly, 2000). At all three study sites
(02-NOAA, Micronet-133, and Micronet-149) in the
early part of the experiment (first 10 d) EnKF-estimated
soil moisture on the surface was only marginally better
than the Open-loop (Fig. 5a, 6a, 7a). Margulis et al.
(2002) found similar results at the watershed and re-
gional scales. For sites Micronet-133, Micronet-149, and
02-NOAA, Open-loop and EnKF for soil surface lead to
RMSE values of 0.062, 0.090, 0.054 and 0.010, 0.013,
0.011, respectively. Figures 5a, 6a, and 7a confirm that
EnKF is able to track the dry-down period after precip-
itation events much better than the Open-loop modeling
scheme. A significant benefit of the EnKF in the pro-
posed integrated model is its ability to instantaneously
update moisture estimates and error standard deviations
throughout the soil profile. This is possible due to the
carry-over memory of the surface soil moisture to the
profile soil moistures. As discussed for the site Micronet-
133, the effects of surface moisture update on the profile
soil moistures only become evident gradually with time,
as surface moisture variations redistribute throughout
the soil profile (Fig. 5b–5d).

Precipitation is the most important time-dependent
forcing data for soil moisture distribution in hydrologic
studies (Margulis et al., 2002). Precipitation uncertain-
ties, especially in ungauged areas, can be expected to
have significant impact on the evolution and distribu-
tion of soil moisture. A major limitation of SMAT is the

Fig. 7. Site 02-NOAA temporal series of soil moisture at (a) surface, (b) 0 to 0.15 m, (c) 0.15 to 0.30 m, and (d) 0.45 to 0.60 m. DOY, day of year;
EnKF, ensemble Kalman filter; Meas, measured.
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implications of deterministic forcing data, mainly precip-
itation. At the three study sites (02-NOAA, Micronet-
133, and Micronet-149), the peak surface soil moistures
were observed after a day from the model estimation
peak on DOY 191. This lagged behavior in surface soil
moisture could partially be due to the use of daily (24-h
cumulative) precipitation values reported for the fol-
lowing day. Subsequently, lagging surface soil moisture
adversely affects the filter performance when comparing
the results with the local point profile data for a par-
ticular day. Another limitation that affects the model
performance of EnKF is the assumption of one soil tex-
ture across the whole depth of the soil profile. Soil hy-
draulic parameters for sandy loam and silty loam
profiles of sites 02-NOAA and Micronet-149, respec-
tively, in the model are much different from the local soil
profiles. Furthermore, the spatial variability of soil
hydraulic conductivity and soil water retention char-
acteristics across the corresponding (ESTAR) remote
sensing pixel greatly influence the vertical and lateral
soil moisture transmission. The effect of soil texture was
further illustrated by Mohanty and Skaggs (2001), who
demonstrated the relationship of soil texture in deter-
mining soil moisture stability and variability across time
at selected ESTAR remote sensing footprints during the
SGP97 experiment. Inclusion of more detailed soil data-
base or aggregated/effective soil hydraulic parameters
(e.g., Zhu and Mohanty, 2002, 2003a, 2003b) for future
applications of this distributed root zone SMAT may
overcome this limitation.

Figure 8 shows the output of our ArcGIS-based dis-
tributed root zone process model with the EnKF data
assimilation scheme (SMAT) in terms of soil moisture
states across the LW watershed for DOY 193 (12 July
1997) at four discrete depths (0.05, 0.20, 0.40, and 0.60m).

The discussion of Sellers et al. (1995) about spatial het-
erogeneity introduced by rainfall and removed through
dry-down dynamics is also applicable at this coarse
(watershed) scale.During the dry-downperiod, the effect
of soil texture (Fig. 2) on surface (0–5 cm) soil moisture
patterns (Fig. 8) is visible at this scale, whichmatcheswith
the findings of remote sensing observations across the
SGP97 region (Jackson et al., 1999). A significant advan-
tage of theArcGIS-based SMATis that it can be adopted
at any fine or coarse spatial resolution to identify the
transitional scale that separates (nonlinear) fine- versus
coarse-scale soil moisture dynamics, where changes in
soil moisture spatial heterogeneity are negatively or pos-
itively correlated with the change in mean soil moisture.

SUMMARYAND CONCLUSION
We developed a new distributed root zone soil mois-

ture assessment tool (SMAT) on the ArcGIS platform
by fully integrating a one-dimensional vadose zone
hydrology model (HYDRUS-ET) with EnKF data as-
similation capability using the parallel noninteracting
stream tubes concept and remotely sensed surface soil
moisture as the primary input. Amajor advantage of this
novel scheme is that it can be used to compute root zone
soil moisture distribution and its temporal evolution at
multiple spatial resolutions including landscape, water-
shed, and regional scales. Results illustrate both the
challenges and potential benefits of this new model. The
system described here is formulated with its ultimate
application in purview (i.e., operational estimation of
near surface and root zone soil moisture using aircraft-/
satellite-basedmicrowave remote sensingmeasurements
at different scales). Comparisons of EnKF filter simula-
tions estimates with Open-loop simulations estimates

Fig. 8. Model-predicted soil moisture grids at different depths across Little Washita (LW) watershed Day of Year (DOY) 193 (12th July 1997) at the
depth of (a) 0.05 m, (b) 0.2 m, (c) 0.4 m and (d) 0.6 m.
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also demonstrate the advantage of assimilating remote
sensingmeasurements withmodel estimations, which are
consistent with previous studies at the SGP sites. Passive
microwave-based soil moisture measurements are par-
ticularly important during the dry-down period when the
Open-loop model may diverge. The model displayed a
reasonable capability to generate soil moisture distribu-
tion at the desired resolution at various depths of the root
zone in Little Washita watershed during the Southern
Great Plains 1997 (SGP97) remote sensing experiment.
To improvemodel performance several issues need to be
addressed in the future including “effective” hydraulic
parameters across spatial scales, developing subsurface
soil properties databases using direct and indirect meth-
ods, implementing more appropriate vadose zone flow
models at the landscape scale, correction of forcing data,
and implementation on spatially correlated pixels.
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