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ABSTRACT
This study has applied the Nondominated Sorting Genetic Algorithm II (NSGA-II) in a two-step assimilation procedure to jointly assimilate brightness temperature into a radiative transfer model and soil moisture
into a land surface model. The first assimilation procedure generates a time series of soil moisture by assimilating brightness temperature from the Advanced Microwave Scanning Radiometer for Earth Observing
System (AMSR-E) into the Land Parameter Retrieval Model (LPRM). The second procedure generates
assimilated soil moisture by assimilating the soil moisture from LPRM into the Canadian Land Surface
Scheme (CLASS). Note that the assimilated soil moisture was generated by merging two soil moisture estimates: one from LPRM and the other from the CLASS simulation. The assimilated soil moisture is better
than using the soil moisture determined either from the satellite observation or the land surface scheme alone.
This method provides improved model state and parameterizations for both LPRM and CLASS with the aim
to facilitate real-time forecasts when satellite information becomes available. Application of this framework
to the Brightwater Creek watershed in southern Saskatchewan illustrates the utility of the joint assimilation
framework to improve a time series of soil moisture estimates. The estimated soil moisture datasets were
evaluated over an agricultural site in southern Saskatchewan using in situ monitoring networks. These results
demonstrate that soil moisture generated from assimilation of brightness temperature could be improved by
incorporating it into a land surface model. A comparison between the assimilated soil moisture and in situ
dataset demonstrates an improvement in accuracy and temporal pattern that is accomplished through the
assimilation framework.

1. Introduction
Soil moisture is an important component of the hydrological cycle as it plays an integral role in mass and energy
exchange between the land surface and the atmosphere.
As a result, accurate estimation of soil moisture can improve weather and streamflow forecasting in climate and
hydrological models (Berg and Mulroy 2006; Reichle
et al. 2007, 2008). Remotely sensed soil moisture data
have become readily available from a variety of satellite
platforms such as the Advanced Microwave Scanning
Radiometer for Earth Observing System (AMSR-E).
Assimilation of these datasets are necessary to integrate
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the surface soil moisture into the deeper soil layers. The
technique of data assimilation (DA) is an analysis method
for merging uncertain model predictions with imperfect
observation data in an optimal way that is consistent with
the physical descriptions of the system to better estimate
and reduce uncertainty (Liu and Gupta 2007; Reichle
2008).
DA methods have been used widely in meteorology
and atmospheric sciences (Reynolds et al. 2002; Burgers
et al. 1998; Trenberth and Guillemot 1998; Hodur 1997;
Schubert et al. 1993) to improve weather forecasts. The
methods have focused largely on state estimation or the
estimation of initial conditions for atmospheric models.
In hydrological applications, DA methods in atmospheric
sciences have been adapted and are not only limited to
state estimation but also the estimation of errors when
merging uncertain data with imperfect hydrological
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models. DA methods have been used to integrate groundbased, airborne, and satellite observations of near-surface
soil moisture and temperature into land surface models
(LSMs). Studies have ranged from the assimilation of
surface energy flux (Caparrini et al. 2004a,b, 2003;
Schuurmans et al. 2003), soil moisture data assimilation
(Alavi et al. 2010; Reichle et al. 2007; Reichle and Koster
2005; Reichle et al. 2004, 2002a,b, 2001; Dunne and
Entekhabi 2005; Walker and Houser 2004; Walker et al.
2002; Crow and Wood 2003; Crosson et al. 2002; Houser
et al. 1998), and streaflow prediction (Moradkhani et al.
2005; Aubert et al. 2003; Troch et al. 2003). The studies
have used complex DA methods such as inverse modeling (Wöhling et al. 2008; Vrugt et al. 2003), Kalman
filter (Moradkhani et al. 2005; Aubert et al. 2003; Crosson
et al. 2002), extended Kalman filter (EKF), ensemble
Kalman filter (EnKF) (Reichle et al. 2007, 2002a; Crow
and Wood 2003), variational data assimilation (VDA)
(Caparrini et al. 2004a,b, 2003; Reichle et al. 2001), and
genetic algorithms (Ines and Mohanty 2009, 2008; Chemin
and Honda 2006).
The above methods are advanced DA techniques with
clear and standard concepts. But the estimation of model
state are usually conducted under the precondition of a
perfect model structure and accurate model parameters
or, at least, under the condition that model structure remains stationary or constant across different time periods. From a general systems standpoint, uncertainties
in LSMs can arise from model state, model structure,
and the parameterizations of the model (Liu and Gupta
2007). Other sources of uncertainty include inaccuracies in input data (e.g., precipitation) and observation datasets (e.g., soil moisture). It is apparent that
these components of model uncertainty can affect the
accuracy of model forecasts, and that DA methods
should incorporate these uncertainties in their operations.
In assimilating soil moisture, many DA methods have
aimed to either determine the Kalman gain function
(denoted K) or to minimize the cost (or penalty) function (denoted J) by finding the optimal least squares
estimator (or the best estimate) based on the observation dataset, the model estimate, and their associated
uncertainties. The determination of K and the minimization of J are usually conducted in a statistical framework using large matrices, and are aimed to integrate
errors from model inputs, the model structure, and observation dataset. While several parameter sets are usually evaluated for specific time periods, the resulting
solutions do not usually represent an equally competitive set of solutions. That is, it is possible that the resulting solution set has solutions that perform better
than other solutions.
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Typically, satellite soil moisture data are retrieved
using microwave radiative transfer model in an inverse
modeling approach. The model associates or relates land
surface parameters such as surface temperature, vegetation water content, and soil moisture to the observed
brightness temperature (TB) (Njoku et al. 2003; Njoku
and Li 1999). Because of uncertainties in land surface
parameters in the retrieval algorithms, the satellite TB
are sometimes assimilated into LSMs to improve soil
moisture estimates (Reichle et al. 2008; Galantowicz
et al. 1999).
This study uses an alternative DA method based on
genetic algorithms (GAs). GAs employ the concept of
natural evolution where candidate solutions to a problem compete among themselves, and the fitter (or high
performing) solutions are varied to generate new ones.
The competition between solutions and the continuous
variation of fitter solutions, which are evaluated under
changing conditions, usually results in high-performing
solutions to a problem. GAs have been applied in DA
studies to estimate soil hydraulic properties by inverting
soil moisture (Ines and Mohanty 2009, 2008), explore
irrigation water management (Ines et al. 2006; Ines and
Honda 2005), and to quantify water consumption by
monitoring evapotranspiration (Chemin and Honda 2006).
While the study in Ines and Mohanty (2009) explores
soil moisture assimilation, the application of GA in a
two-step DA framework for improving soil moisture
datasets from a satellite-based estimate and a land surface model have not been thoroughly investigated.
Our study applies the Nondominated Sorting Genetic
Algorithm II (NSGA-II) in a two-step assimilation procedure to jointly assimilate satellite TB into a radiative
transfer model and soil moisture into a land surface
model. Our framework generates two sets of soil moisture datasets. The first soil moisture dataset was created
by assimilating satellite TB into the Land Parameter
Retrieval Model (LPRM)—a microwave radiative transfer model. The assimilated soil moisture data from LPRM
are merged with soil moisture simulations from the Canadian Land Surface Scheme (CLASS) to determine an
improved soil moisture data.
The rest of the paper is organized as follows. The next
section broadly covers materials and methods, which includes a description of the genetic algorithm method and
an outline of the joint data assimilation framework for TB
and soil moisture. The results of the joint assimilation
framework and a time series of the soil moisture data are
reported and analyzed in the results and discussion section. The paper concludes with a summary of our findings,
a discussion about the effectiveness of our joint assimilation framework, and the utility of the genetic algorithm
to improve soil moisture from satellite observations.
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TABLE 1. Information about the AMSR-E data, and model
parameter values for the LPRM.
Variables

Value

Information about AMSR-E data
Radiative frequencies (GHz) used
6.9, 10.7
Polarization
Horizontal, vertical
Incidence angle
558
Swath width (km)
1445
Orbit type
Polar
Ascending orbit
1330
Descending orbit
0130
Mean spatial resolution for 6.9 GHz
56 km
Mean spatial resolution for 10.7 GHz
38 km
Model inputs for LPRM
Incidence angle
558
Porosity of the soil [m3 (m3)21]
0.36–0.55
Water content at wilting point [m3 (m3)21]
0.06–0.20
Sand content (%)
23.0–62.0
Clay content (%)
1.0–5.0
Empirical roughness parameter
0.0–0.2
Polarization mixing fraction
0.0–0.2
Vegetation single scattering albedo
0.0–0.12
Zenith atmospheric opacity
0.010–0.011

2. Materials and method
a. Description of models (LPRM and CLASS), study
area, and datasets
The microwave radiative transfer model used, LPRM,
was developed by Owe et al. (2001) and was applied in
Owe et al. (2008). The LPRM solves for surface soil
moisture and vegetation optical depth simultaneously
using a nonlinear iterative optimization procedure. The
nonlinear iterative procedure employs a forward modeling approach to partition the surface emission into its
primary source components—the soil emission and the
canopy emission—and then optimizes on the canopy optical depth and the soil dielectric constant. The surface
temperature is derived by a procedure using brightness
temperature at 36.5 GHz (Holmes et al. 2009). The
LRPM requires no field observations of soil moisture
and no canopy biophysical properties for calibration purposes. As a result, the LPRM has no regional dependence
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and is applicable for different microwave frequency
channels that are suitable for estimating soil moisture.
Assessment of the LPRM over Canada is provided in
Champagne et al. (2010). Table 1 shows information
about the satellite brightness temperature data and model
parameters for the LPRM. Detailed description of the
LPRM can be found in Owe et al. (2001, 2008) and
Holmes et al. (2009). The satellite observation data used
were the AMSR-E, which was provided by the National
Snow and Ice Data Center (NSIDC 2008). The AMSR-E
dataset has a mean spatial resolution of 56 km, which is
completely contained within our study area.
The land surface model used, CLASS, was developed
at Environment Canada by Verseghy (1991), and has
been updated by Verseghy et al. (1993) and Verseghy
(2000). CLASS integrates the energy and water balances
of the land surface forward in time from an initial starting
point, making use of atmospheric forcing data to drive the
simulation. Data required to run CLASS include atmospheric forcing data, surface vegetation data, soil data,
and initial values for prognostic variables. At the beginning of the simulation, initialization is conducted for several variables including the temperatures and the liquid
and frozen moisture contents of the soil layers; temperature, density, and albedo of snowpack if present; the temperature and intercepted rain and snow on the vegetation
canopy; the temperature and depth of ponded water on the
soil surface; and an empirical vegetation growth index.
State variables that are modified between different
modeling time steps are shown in Table 2. Soil moisture
for the initial time step has a low value because moisture
recharge in the soil typically occurs on shorter scales
than soil moisture loss. Additionally, Table 3 shows
CLASS model parameters and their descriptions. These
parameters are modified in the subsequent modeling
time steps as part of model calibration and data assimilation steps to be described below. Note that upper
and lower bounds of forcing variables were determined
based on the distribution of weather stations in the
study area. Forcing data were obtained from eight
stations—Elbow, Last Mountain, Lucky Lake, Moose

TABLE 2. CLASS state variables that were initialized between time steps (TS).
Variable

Initial TS

Subsequent TS

Description

THLQROW
TBARROW
TCANROW
TACROW
QACROW
RCANROW
ZPNDROW
TPNDROW

Wilting point
Minimum air temperature
Air temperature
Air temperature
Air specific humidity
0.000
0.000
Minimum air temperature

Get from model
Get from model
Get from model
Get from model
Get from model
Get from model
Get from model
Get from model

Volumetric liquid water content of soil layer [m3 (m3)21]
Temperature of soil layers (K)
Vegetation canopy temperature (K)
Temperature of air within vegetation canopy (K)
Specific humidity of air within vegetation canopy space (kg kg21)
Intercepted liquid water stored on canopy (kg m22)
Depth of ponded water on surface (m)
Temperature of ponded water (K)
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TABLE 3. CLASS model parameters, their intervals and description. The parameter intervals are defined using the CLASS manual and
based on the soil, vegetation, and meteorological conditions in the study area.
Model parameter

Change type

Lower bound

Upper bound

DRNROW
SDEPROW
GROROW
SANDROW
CLAYROW
ORGMROW
LAMXROW
LAMNROW
LNZ0ROW
ALVCROW
ALICROW
CMASROW
ROOTROW
RSMNROW
QA50ROW

Absolute
Absolute
Absolute
Absolute
Absolute
Absolute
Absolute
Absolute
Absolute
Absolute
Absolute
Absolute
Absolute
Absolute
Absolute

0.00
0.00
0.00
23.00
1.00
0.10
1.50
0.00
20.50
0.03
0.15
1.00
1.00
85.00
30.00

1.00
4.10
1.00
62.00
5.00
3.00
4.00
3.00
0.20
0.06
0.36
25.00
2.00
200.00
50.00

TAGRD
PREGRD
PRESGRD
QAGRD

Relative
Relative
Relative
Relative

20.050
20.050
20.002
20.050

Description

Soil drainage index
Soil permeable depth (m)
Vegetation growth index
Percentage sand content
Percentage clay content
Percentage organic matter content
Maximum leaf area index
Minimum leaf area index
Natural logarithm of maximum vegetation roughness length
Average visible albedo of vegetation category when fully leafed
Average near-IR albedo of vegetation category when fully leafed
Annual maximum canopy mass for vegetation category
Annual maximum rooting depth of vegetation category (m)
Minimum stomatal resistance of vegetation category (s m21)
Reference value of incoming shortwave radiation (used in
stomatal resistance calculation) (W m22)
Forcing variables
0.050
Air temperature at reference height (K)
0.050
Surface precipitation rate (k gm22 s21)
0.002
Surface air pressure (Pa)
0.050
Specific humidity at reference height (kg kg21)

Jaw Airport, Moose Jaw, Outlook Prairie Farm Rehabilitation Administration (PFRA), Saskatoon Diefenbaker International Airport, and Watrous East—and
averaged using inverse distance weighting. Data from
these stations were collected from the National Climate
Data and Information Archive available from Environment Canada.
The CLASS output includes surface energy fluxes and
associated state variables describing temperatures and
moisture conditions. CLASS estimates the volumetric
water content at each time step for each soil layer. The
standard operational configuration for CLASS consists
of three soil layers at depths 0.10, 0.25, and 3.75 m. The
layer thicknesses can be changed to suit the needs for
a specific application. In this study, we are interested in
the near-surface soil moisture, which approximates to
the top 5-cm thickness. As a result, the soil layers in
CLASS were modified accordingly to generate soil
moisture data at depths 0.05, 0.20, and 0.50 m.
This study was applied in the Brightwater Creek (BWC)
watershed (location: 51.98N, 106.68W) in Saskatchewan
(Fig. 1). The study area has 16 in situ monitoring stations
with continuous soil moisture measurements at 5-, 20-,
and 50-cm depths established over a 60 3 60 km2 area
(Champagne et al. 2010). The site is generally flat (representative of the Canadian Prairie) and the installed
sensors capture the expected variability (elevation, vegetation, soil, and landuse types) suitable for passivemicrowave-derived soil moisture. In situ data were collected
for growing seasons (April–October) in 2007 and 2008.

b. Data assimilation approach
Our DA method uses a genetic algorithm applied in
a multiobjective fashion. Multiobjective genetic algorithms are analysis tools that are capable of evaluating
multiple objectives simultaneously while searching through
a population of candidate solutions to a problem. One
such tool is the NSGA-II. NSGA-II was developed by
Deb et al. (2002) and is a widely applied algorithm
(Dumedah et al. 2010; Wöhling et al. 2008; Confesor and
Whittaker 2007; Tang et al. 2006; Khu and Madsen 2005;
Madsen 2003) with advanced and standard concepts
capable of providing diverse solutions to a problem.
Typically, the outcome to multiobjective problems is a
set of solution(s) usually referred to as Pareto set (or
Pareto frontier), which forms a trade-off between objective functions under evaluation (Deb et al. 2002; Deb
and Goel 2001; Deb et al. 2000). The Pareto set is a set of
incomparable solutions, as each solution has a competing accuracy when compared to other solutions and a
distinct trade-off between the objectives.
In this study, the soil moisture DA problem is aimed
at finding several optimal solutions for each simulation
period and evaluating these solutions for subsequent
simulation periods to provide a better model state for
future simulations. The distribution and deviation of simulation from observation are used as a penalty function
to properly merge background information with the
observation dataset. To address the soil moisture assimilation problem, the task is threefold. First, estimate
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FIG. 1. Soil moisture study area at Brightwater Creek, southern Saskatchewan.

model parameters for a simulation period—for example,
using bias [in Eq. (1)] and root-mean-square error
(RMSE) [in Eq. (2)] to tune model parameters. A good
parameter estimation will provide an improved model
state for future simulations. Second, apply a DA procedure to improve model estimates by using the distribution and the deviation of simulation from observation
as a penalty function. Third, merge background information with observation based on information from the
penalty function and known uncertainties from both observation and background information using J [Eq. (3)]:
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where xb,i is background value (e.g., soil moisture) for
the ith data point in the current window, xo,i is observed
value (e.g., soil moisture) for the ith data point in the
current window, s2b,i is error variance of xb,i for the ith

data point in the current window, s2o,i is error variance of
xo,i for the ith data point in the current window, xi is the
analysis (i.e., the searched) value (e.g., soil moisture) for
the ith data point in the current window that minimizes
J(xi), and k is duration of the current time window or
number of data points in the time window.
The evolution of several solutions is important as information from competing parameter sets could provide
unique properties about simulation–observation dynamics for other modeling periods or be used to improve future
model states. Usually, one optimum solution is inadequate
to provide information about simulation–observation
dynamics for different modeling periods all at the same
time. Information about several solutions that are equally
competitive for different simulation periods are needed
to properly merge simulation with observation.
Our method uses a two-step assimilation procedure
(shown in Fig. 2) to generate an improved soil moisture
data from microwave satellite observation. First, we assimilate satellite TB into LPRM to provide a time series
of soil moisture data. The independent assimilation of TB
has no input from the LSM; as a result, it generates a soil
moisture dataset that is subject to errors only from the
satellite TB and the radiative transfer model. Second, we
merge the estimated soil moisture from TB assimilation
with soil moisture simulation from the LSM to provide an
improved soil moisture that is better than using the individual soil moisture estimates either from the satellite
observation or the LSM alone.
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FIG. 2. Two-step data assimilation framework from brightness
temperature to soil moisture. Note that TB denotes brightness
temperature, and ‘‘TB assimilated soil moisture’’ is a product of
assimilating brightness temperatures from the satellite and LPRM
simulation.

c. NSGA-II framework for data assimilation
The NSGA-II uses advanced and standard multiobjective concepts such as incomparability, also known
as nondominance. Incomparability assumes that when
two or more independent objectives are optimized for a
problem, there exist some solutions that are not comparable as it is uncommon to find a single solution with
the best performance across all objectives. As a result,
the solution to such problems is usually a set of incomparable solutions representing trade-offs between
the objectives being optimized. The set of incomparable
solutions is usually called the Pareto-optimal set. To
draw comparison between solutions, the concept of nondominance is applied by comparing two candidate solutions to determine if one solution dominates the other or
not. A candidate solution x1 is said to dominate solution x2
for a problem with k objectives if and only if (Deb et al.
2002, 2000; Deb and Goel 2001)
d
d

solution x1 performs as well as x2 in all objectives, and
solution x1 performs better than x2 in at least one
objective.

Incomparability and nondominance are applied in
NSGA-II to assign candidate solutions to different
nondomination frontiers. Solution x1 is placed at a
greater or more fit nondomination frontier as it dominates solution x2 in our description above. In cases
where neither solution dominates the other—that is,
solution x1 does not dominate x2, and x2 does not
dominate x1—then the two solutions are incomparable and they are placed at the same nondomination
frontier.
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The NSGA-II method has been applied in the calibration of hydrological models (Dumedah et al. 2010;
Wöhling et al. 2008; Confesor and Whittaker 2007;
Tang et al. 2006; Khu and Madsen 2005; Madsen 2003).
The NSGA-II method uses evolution and natural selection to solve problems that are based on stochastic
trial-and-error or generate-and-test problems (Eiben
and Smith 2003). The dynamics of randomly selecting
and evolving a population of candidate solutions through
time is appealing to the computational mechanics of
DA.
In a DA context, a candidate solution is any single
parameter set or a possible model state, and a population represents a number of possible parameter sets
or ensemble of model states to evaluate. The computational procedure of DA involves a repeated search
through massive combinations of parameters and model
states for scenarios that provide a better merge between
model outputs and observation data for different simulation periods. To address this task using NSGA-II, the
randomized selection of model states–scenarios enables
stochastic properties and capabilities, whereas the evolution of the population ensures that high-performing
model states–scenarios survive to reproduce for subsequent populations.
Additionally, the NSGA-II has an adaptive capability
to accommodate complex and nonlinear relationships
under varying conditions caused by several model
states–scenarios for the different simulation periods.
The adaptive capacity of the NSGA-II method is most
appealing in DA operations because the distribution
and deviation of simulation from observation are used
continuously to update the penalty function to properly
merge future simulation to observation. In sum, the
stochastic and adaptive capabilities of the NSGA-II and
its memory capacity to search using population-based
analysis makes the NSGA-II method suitable for applications in DA.

d. A joint data assimilation framework for brightness
temperature and soil moisture
Our DA framework is designed to find an optimal
estimate of soil moisture that is consistent with two soil
moisture datasets. To achieve this objective, the framework uses NSGA-II in two separate assimilations. The
first assimilation generates a time series of soil moisture
through the assimilation of satellite TB into LPRM. The
second assimilation merges two soil moisture estimates—
one estimated from LPRM and the other simulated from
CLASS—to determine an improved soil moisture that is
better than using either LPRM or CLASS alone. These
two assimilations are described in detail in the following
sections.
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1) ASSIMILATION OF SATELLITE BRIGHTNESS
TEMPERATURE INTO LRPM
This component assimilates satellite TB into LPRM to
generate a time series of soil moisture. The time series
is based on a sequence of data points where each data
point represents one day. For any data point, the NSGA-II
randomly generates r number of solutions (for LPRM),
which constitute a population (denoted Pr). For this
study r 5 20 was used; the NSGA-II actually evaluates
2r parameter sets for each iteration where both parent
and child solutions compete for survival. Note that Pr
represents an ensemble of LPRM solutions composed
of unique parameter sets (or unique model parameterizations). The candidate solutions in Pr are evaluated using the objective functions: bias, RMSE, and J.
The bias and RMSE minimizes error in daily TB (satellite observation and LPRM simulation). The LPRM
uses an inverse modeling approach to simulate TB by
optimizing for soil moisture. The J merges TB for satellite
observation and LPRM simulation while incorporating
uncertainties from observation (i.e., satellite TB), model
(i.e., LPRM), and background information (i.e., first guess
from LPRM). Note that although LPRM does not simulate state variables, the assimilation procedure ensures
that soil moisture for previous day and current satellite TB
are incorporated into determining the assimilated soil
moisture. That is, the assimilated LPRM soil moisture
cannot be worse than using either the satellite TB alone or
the previous parameterization of LPRM.
The result is a Pareto set of TB found in objective space
and the corresponding values in parameter space and soil
moisture values that produce the TB. The m (where m #
r) number of soil moisture values (in the Pareto set) for
the current data point are used to estimate the average
soil moisture and its error variance. At the current data
point, the parameter values in the Pareto set are used to
predict m number of TB for the next (i.e., future) data
point. The m number of TB values for the current data
point are used to estimate the average TB and its error
variance. The average TB and its error variance are used
as background information for the future data point.
These procedures are repeated to assimilate satellite TB
into LPRM, and to generate soil moisture values and its
error variance for subsequent data points.
The result is a time series of soil moisture values and
their error variances, which represent the retrieved soil
moisture from the satellite observation to be merged
with soil moisture simulated from CLASS. It is worth
noting that the m number of soil moisture values retrieved for each data point represent an ensemble of
solutions that are generated based on different parameterizations of LPRM, and are equally competitive
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and consistent with past predictions (i.e., background
information) of LPRM. These procedures are applied to estimate soil moisture using LPRM (results in
section 3a).

2) ASSIMILATION OF SATELLITE SOIL MOISTURE
INTO CLASS: A MERGER BETWEEN TWO
SOIL MOISTURE ESTIMATES

This component assimilates the estimated satellite soil
moisture (from LPRM) into CLASS. Using the generated time series of soil moisture from LPRM and a
simulation of soil moisture from CLASS, the NSGA-II
method merges the two soil moisture datasets. The
merging procedure incorporates errors from observation (LPRM soil moisture), simulation, and CLASS inputs. The procedure is conducted over a moving time
window that is defined as a series of data points—for
example, 20 data points for one time window. That is,
the framework chooses a size for a moving time window,
w (e.g., w 5 20 days), where t1, t2, t3, . . . , tn denote the
first, second, and third time windows to the nth time
window. To make the time windows a truly overlapping
moving window, the windows are separated by (w/2)
such that if t1 starts from 1 to 20 then t2 will start from 10
to 30. The overlapping moving window ensures that soil
moisture for each data point is estimated twice, starting
from all data points in the second window to the penultimate window.
The NSGA-II randomly generates a population of
solutions (denoted Pq) of size q specifically for CLASS.
Again, NSGA-II evaluates 2q parameter sets of CLASS
for each iteration; q was set to 50. The Pq is an ensemble
of CLASS parameter sets (defined in Table 3), each of
which produces an estimate of soil moisture. For any
time window, Pq undergoes evolution to merge the two
soil moisture datasets by estimating model parameters
and inputs for CLASS through the minimization of three
objectives: bias, RMSE, and J. As in the assimilation
of TB, bias and RMSE minimize the error in daily soil
moisture, whereas J determines a soil moisture that
provides an optimal compromise between soil moisture
estimates from LPRM and CLASS. The J incorporates
uncertainties from observation (LPRM soil moisture),
model (CLASS) and its inputs, and background information (i.e., first guess from CLASS). Note that the
background soil moisture and its error variance for the
first time window is based on a default (open loop) run of
CLASS. For subsequent time windows, the background
soil moisture and its error variance are determined from
the previous model state and parameterizations (i.e., the
best solutions obtained so far). For each time step, state
variables for CLASS remained unchanged but are updated between time steps, whereas CLASS model
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FIG. 3. A time series of the observed in situ soil moisture dataset that was used to evaluate the two assimilation
procedures. The error bars represent one standard deviation from the mean daily soil moisture.

parameters are optimized to minimize the objectives
within time steps.
The resulting output is a merged soil moisture value for
each data point in the current time window, and a Pareto set
with z (z # q) number of solutions representing a competitive ensemble of solutions for initiating CLASS. These
solutions are carried over as seed population for the next
(or future) time window: t2. Before simulation for the next
time window begins, the Pareto set for the current time
window, t1, is used to predict for the future time window: t2.
The prediction for t2 generates z number of soil moisture
values for each data point in the future time window; these
are used to compute the average soil moisture and its error
variance for each data point. This information is used as the
background for the next time window: t2.
At t2, the above procedure for t1 is repeated to generate a time series of soil moisture values for t2 by first
assimilating satellite TB into LPRM to estimate soil
moisture. The LPRM-estimated soil moisture is merged
with simulated soil moisture from CLASS. This is
achieved through the evolution of the population Pq to
minimize bias, RMSE, and J. This integrated procedure
of jointly assimilating TB and soil moisture is repeated
for subsequent time windows until the last time window
tn or the referenced number n of time windows is reached.
In combination with the first assimilation, the key
output of this framework is twofold. First, the framework
generates a time series of soil moisture values retrieved
specifically by assimilating satellite TB into LPRM. Second, a time series of soil moisture values is generated by
merging two soil moisture estimates—one from LPRM
and the other from CLASS—such that the assimilated
soil moisture is better than using either LPRM or CLASS
alone. Note that the final assimilated soil moisture is based
on improved model state and parameterization of CLASS.

3. Results and discussion
This study has estimated surface soil moisture using
two different models: one through the assimilation of

satellite TB using LPRM and the other through the assimilation of the retrieved soil moisture from LPRM
into CLASS. These soil moisture estimates are compared to in situ data. Note that the in situ dataset has not
been used in either assimilation procedure. A time series of the in situ dataset is shown in Fig. 3, where the
error bars represent one standard deviation from the
average daily soil moisture. The in situ dataset has three
continuous time periods: 27 September–31 October 2007,
1 May–23 June 2008, and 21 August–28 October 2008. As a
result, the two assimilation procedures are evaluated specifically for these periods where in situ data were available.
Note that the assimilations are run continuously from
August 2007 to October 2008, and results are evaluated
over the periods where the in situ data is available.

a. Assimilation of brightness temperature for
ascending and descending orbits
Radiative models for retrieving soil moisture from
satellite TB usually generate varying outcomes based on
the satellite acquisition time either ascending pass [about
1330 local time (LT)] or descending pass (about 0130
LT). We evaluate the AMSR-E dataset for both ascending and descending passes to determine which
overpass to include in this case study for future assimilation into CLASS. A suitable satellite pass time was
identified based on its comparison to the in situ soil
moisture. The 6.9-GHz frequency was used to retrieve
the soil moisture (using horizontal polarization). Note
that radio frequency interference (RFI) was not detected in our study area for the period of data used and
only the 6.9-GHz brightness temperature was used.
If RFI were detected, we would have to had a second
simulation and an assimilation of brightness temperature
at 10.7 GHz so as to include this data as a replacement for
the data at 6.9 GHz.
The NSGA-II uses the LPRM to retrieve soil moisture by assimilating TB for the two orbits. The assimilation for ascending orbit is denoted LPRM-AssimAsc,
and descending orbit is denoted LPRM-AssimDesc.
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TABLE 4. A comparison between soil moisture [m3 (m3)21] estimated through the assimilation of satellite TB into LPRM and
soil moisture from LPRM default using both ascending and descending passes. Here, R 5 pairwise correlation coefficient,
n
n
d 5 1 2 [åi51 (xs,i 2 xo,i )2 /åi51 (jxs,i j 2 jxo,i j)2 ] 5 degree of agreement, and xs,i and xo,i denote simulated and observed soil moisture
for ith day.

LPRM-AssimAsc

LPRM-AssimDesc

LPRM-Asc

LPRM-Desc

Measure

27 Sep–31 Oct 2007

1 May–23 Jun 2008

21 Aug–28 Oct 2008

Overall

Bias
RMSE
d
R
Bias
RMSE
d
R
Bias
RMSE
d
R
Bias
RMSE
d
R

0.0741
0.0833
0.9723
0.2500
0.0535
0.0621
0.9832
0.2024
0.1025
0.1110
0.9559
20.0318
0.1181
0.1352
0.9389
0.1965

20.0016
0.0374
0.9947
0.6669
20.0174
0.0484
0.9904
0.3328
0.0080
0.0723
0.9808
0.1741
0.0159
0.0854
0.9744
0.3318

0.0406
0.0597
0.9827
0.4769
0.0275
0.0394
0.9920
0.7328
0.0839
0.0890
0.9680
0.7075
0.0808
0.1335
0.9287
20.0505

0.0330
0.0595
0.9850
0.3976
0.0172
0.0486
0.9893
0.3861
0.0608
0.0892
0.9699
0.1301
0.0659
0.1189
0.9484
0.0238

Results from the default approach of retrieving soil
moisture using LPRM for both ascending and descending passes are also compared. The comparisons
between the retrieved soil moisture values and the in
situ data are shown in Table 4 for various evaluation
measures.
The evaluation results show that assimilation of TB
has improved soil moisture estimates compared with the
ones generated from the LPRM by default, denoted
LPRM-Asc for ascending orbit and LPRM-Desc for
descending orbit. Overall, the LPRM-default has the
highest error ranging from 8% to 12% and has very low
correlation to the in situ soil moisture. Note that the
LPRM-default soil moisture dataset was generated for
our study area based on the study by Owe et al. (2008). As
a result, our study has no control of the parameterizations
of LPRM that were used to generate this dataset.
The comparison between ascending and descending
passes is not straight forward. Generally, the descending
pass has a better accuracy but with a low correlation to
the in situ data. The ascending pass, in contrast, has a
temporal pattern more similar to the in situ soil moisture (based on correlation coefficient) but with a higher
error margin. For the purpose of this study we used
LPRM-AssimDesc in the LPRM to retrieve the soil
moisture by assimilating TB.
The evaluation measures in Table 4 have illustrated
how the assimilation of satellite TB into LPRM has improved soil moisture estimates. To quantify the differences between the estimated soil moisture datasets, we
test their residuals from the in situ dataset. The residuals
of each estimated soil moisture dataset were compared

to determine whether the means of the residuals are the
same using analysis of variance (ANOVA). The residuals are determined as the difference between the
in situ soil moisture and each of the four soil moisture
datasets: LPRM-AssimAsc, LPRM-AssimDesc, LPRMAsc, and LPRM-Desc. The comparisons have a significance
of 0.000 [degrees of freedom (df) 5 3596 and F 5 72.28),
suggesting that at least one of the datasets is different.
To identify which means of the residuals are different,
Tukey’s test was conducted on the residuals. The Tukey’s
test (using mean differences) showed that LPRMAssimDesc has the lowest residual, followed by LPRMAssimAsc. Using the significance, soil moisture estimates
from LPRM-AssimDesc and LPRM-AssimAsc are statistically similar (p 5 0.160) but LPRM-AssimDesc has
an added benefit of being closer to the in situ dataset.
Both LPRM-AssimDesc and LPRM-AssimAsc are statistically different from LPRM-Asc and LPRM-Desc,
with p , 0.0001.

b. A comparison between soil moisture estimates
from LPRM, CLASS default, and assimilation
This section presents outputs for the joint assimilation
of TB and soil moisture for LRPM and CLASS using the
NSGA-II framework. The results are presented for the
assimilation of TB into the LPRM (LPRM-AssimDesc)
to retrieve soil moisture, and for the merger of soil
moisture estimates from LPRM and CLASS.
A time series comparison of estimated soil moisture
(at 5-cm depth) between various models is shown in
Fig. 4. The assimilated (or merged) soil moisture data
points are closely located to the in situ soil moisture
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FIG. 4. Time series of daily soil moisture (5-cm depth) estimates from LPRM, CLASS default, and assimilation for
data periods 27 Sep–31 Oct 2007, 1 May–23 Jun 2008, and 21 Aug–28 Oct 2008. CLASS default denotes estimate from
the calibrated CLASS model.

when compared to individual estimates from LPRM and
CLASS default. As a merger between LPRM and CLASS
soil moisture estimates, the assimilation framework simultaneously combines both estimates and incorporates model state from previous assimilation periods.
Performance of the assimilation in the spring season
(May–June 2008) is noticeably improved even though it
generally overestimates the observation. The assimilation (and simulation from other models: LPRM and
CLASS) overestimates the observation in the summer–
fall season. Although the assimilation overestimates the
in situ data in all three periods it provides an improved
data compared to estimates from LPRM and CLASS
default. In other words, when presented with the three
output options, one would choose the CLASS–LPRM
output. The ensemble mean of the assimilation and its
daily standard deviation are shown in Fig. 5 in comparison to the network (i.e., in situ) mean soil moisture.
Furthermore, we compared soil moisture data at 20-cm
depth for the default simulation from CLASS and the

estimate from our evaluation to the in situ dataset. The
comparison is shown in Figs. 6 and 7 for the two soil
moisture estimates. Both datasets are well distributed
around the in situ soil moisture, but the evaluation dataset shows a better match as its plotted points spread
closely to the in situ soil moisture. In contrast, the estimate from CLASS default is scattered far away from the
in situ dataset. The estimate from CLASS default has
been calibrated based on the information in the study
area. As a result, CLASS estimates (both at 5- and 20-cm
depths) were not any random model output but finely
tuned as best as possible to the study area.
An evaluation for the various models is shown in
Table 5. Generally, as assimilation period increases the
various models have consistently improved their performance. This is partly due to an improved estimate of
the model state from past periods, which is incorporated into merging the two soil moisture estimates.
The merged soil moisture from LPRM and CLASS
(referred to as ‘‘assimilated’’ in Table 5) is better than

FIG. 5. Time series of daily ensemble mean soil moisture (5-cm depth) and its interval, and mean network (in situ) soil
moisture for time periods 27 Sep–31 Oct 2007, 1 May–23 Jun 2008, and 21 Aug–28 Oct 2008.
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FIG. 6. Time series of daily soil moisture (20-cm depth) estimates from CLASS default and assimilation for data
periods 27 Sep–31 Oct 2007, 1 May–23 June 2008, and 21 Aug–28 Oct 2008. CLASS default denotes estimate from the
calibrated CLASS model.

the individual soil moisture estimates generated from
either model. The assimilation shows improvement in
the evaluation measures including accuracy, bias, degree
of agreement, and a better temporal pattern that is more
similar to the in situ soil moisture. The level of accuracy
for soil moisture estimates from LPRM and CLASS
have a direct impact on the level of improvement in the
assimilated soil moisture. Particularly, improvement in
soil moisture retrieval from LPRM has considerable
influence on the assimilation as the penalty to the
LRPM estimates is generally low for most time steps
compared to the penalty for CLASS simulations.
Based on Figs. 4–6 and Table 5 it is clear that the assimilated versions of CLASS and LPRM are improving
through time. Note that the assimilations were run
continuously over and between the three evaluation
time periods with consistent assimilation of data. Therefore we should expect some continuous improvement to
the assimilated version of the modes as more data is
available. Whether these model improvements through
time are an artifact of differing micrometeorological
conditions or caused by different vegetation stages is
difficult to isolate. However, it is worth noting that improvement through time is limited to the assimilated
models (LPRM and CLASS) and is not reflected in the
LPRM and CLASS default simulations.
The results in Table 5 have demonstrated the performance of the assimilation framework to improve soil
moisture estimates. However, it is important to show
that the soil moisture datasets are statistically different
and that the improved soil moisture generated from the
assimilation framework is not due to some random effect. To illustrate that there are differences between the
soil moisture datasets, we evaluate the residuals of each
of the soil moisture datasets from the in situ dataset.
ANOVA was applied on residuals of the soil moisture
datasets to determine whether the means of the residuals
are different. The residuals are computed for the three

soil moisture datasets: the assimilated soil moisture (i.e.,
Assim), LPRM-AssimDesc, and the CLASS simulation.
The residuals were determined by finding the difference
between the in situ soil moisture and each of the three soil
moisture datasets. The comparisons showed p , 0.0001
(df 5 2447 and F 5 9.574) where at least one mean of the
residuals is different.
Tukey’s test was applied on the residuals to specify
which means of the residuals are different. The Tukey’s
test (based on mean difference) revealed that the Assim
has the lowest mean of the residuals while the CLASS
soil moisture estimate has the largest residual. Residuals
from Assim and LPRM-AssimDesc are statistically
identical ( p 5 0.42) but the Assim is much closer to the
in situ dataset as indicated by its small residual.

FIG. 7. Validation for daily soil moisture at 20-cm depth. Comparison between two soil moisture estimates CLASS default and
CLASS-LPRM validation for data periods 27 Sep–31 Oct 2007,
1 May–23 Jun 2008, and 21 Aug–28 Oct 2008. CLASS default denotes estimate from the calibrated CLASS model.
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TABLE 5. A comparison between soil moisture [m3 (m3)21] estimates generated from LPRM, CLASS default, and assimilated (merged
soil moisture). The assimilation framework is validated for soil moisture at 20-cm depth. Here, R 5 pairwise correlation coefficient,
n
n
d 5 1 2 [åi51 (xs,i 2 xo,i )2 /åi51 (jxs,i j 2 jxo,i j)2 ] 5 degree of agreement, and xs,i and xo,i denote simulated and observed soil moisture for
ith day.
Measure
LPRM-AssimDesc

CLASS default

Assimilated

CLASS default

Validation

Bias
RMSE
d
R
Bias
RMSE
d
R
Bias
RMSE
d
R
Bias
RMSE
d
R
Bias
RMSE
d
R

27 Sep–31 Oct 2007

1 May–23 Jun 2008

0.0537
20.0175
0.0618
0.0481
0.9834
0.9905
0.2096
0.3330
0.0478
0.0045
0.0595
0.0404
0.9890
0.9938
0.0836
0.2020
0.0366
0.0126
0.0395
0.0398
0.9890
0.9936
0.4517
0.4870
Validation for soil moisture at 20-cm depth
0.0487
0.0226
0.0492
0.0432
0.9887
0.9937
0.1501
0.2230
0.0354
0.0120
0.0382
0.0320
0.9910
0.9966
0.4686
0.5651

As exemplified in the above results, our method provides an integrated approach and an improved estimate
of soil moisture. Note that our assimilation framework
has been illustrated for a single study area: Brightwater
Creek watershed. The method can be easily adapted to
multiple sites (or grids) with varying physiographic conditions in large scale applications. In particular, the continuous estimation of model state and parameterizations
of both LPRM and CLASS would facilitate real-time soil
moisture forecasts when satellite data becomes available.
Future study should explore robustness–sensitivity of parameter sets obtained from the assimilation results following work conducted by Dumedah et al. (2010, 2011),
which examines model parameterizations and solution
robustness using evolutionary strategies.

4. Conclusions
This study has illustrated a two-step assimilation
procedure to jointly assimilate satellite TB into a microwave radiative transfer model and soil moisture into a
land surface model. The first assimilation incorporates
satellite TB from AMSR-E into LPRM to generate
a time series of soil moisture data. The second procedure
generates a time series of improved soil moisture by
merging soil moisture estimates from LPRM and CLASS
simulation. We have demonstrated that the assimilation
of TB can improve soil moisture retrieval for microwave

21 Aug–28 Oct 2008

Overall

0.0276
0.0391
0.9922
0.7325
0.0538
0.0636
0.9811
0.1078
0.0108
0.0230
0.9971
0.9310

0.0173
0.0483
0.9894
0.3862
0.0347
0.0531
0.9880
0.1714
0.0105
0.0373
0.9935
0.5618

0.0541
0.0551
0.9856
0.2426
0.0116
0.0221
0.9982
0.9476

0.0280
0.0504
0.9893
0.2065
0.0101
0.0315
0.9934
0.6234

radiative transfer models (e.g., LRPM). The retrieved
satellite soil moisture has been shown to be accurate
and has a temporal pattern that is more similar to the
in situ soil moisture. The two satellite acquisition
passes—ascending and descending—were evaluated for
retrieving soil moisture using LPRM for our study area.
The assimilation of satellite TB into LPRM for both
passes has been shown to improve the soil moisture
dataset compared to the estimate from LPRM default.
The soil moisture from LPRM retrieved independently by assimilating TB was incorporated into an assimilation framework that merges the LPRM soil
moisture to the soil moisture generated from CLASS.
The assimilation incorporates independent errors from
both LPRM and CLASS to generate an improved soil
moisture that is better than using either model alone.
Our results show that an improvement in the assimilation of TB for LPRM has a direct impact on the merged
soil moisture, emphasizing the importance of assimilating TB. The method demonstrates that soil moisture
generated from assimilation of satellite brightness temperature could be improved by incorporating it into a
land surface model.
Application of this framework to the Brightwater
Creek watershed in Saskatchewan illustrates the utility
of our joint assimilation framework to improve a time
series of soil moisture estimates. The retrieved soil
moisture dataset was evaluated over an agricultural site
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in Saskatchewan using in situ monitoring networks. A
comparison between the assimilated soil moisture and in
situ data demonstrates an improvement in accuracy and
temporal pattern that is accomplished through our assimilation framework. These improvements were based
on improved estimate of model state and parameterizations for LPRM and CLASS, which are important
drivers for efficient forecasting systems.
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