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A parameter estimation problem in context of ensemble data assimilation is addressed. In
an example using a one-point soil temperature model, the parameters corresponding to
the emissivity and to the effective depth between the surface and the lowest atmospheric
model level are estimated together with the initial conditions for temperature. The nonlinear
synthetic observations representing various fluxes are assimilated using the Maximum
Likelihood Ensemble Filter (MLEF). The results indicate a benefit of simultaneous
assimilation of initial conditions and parameters. The estimated uncertainties are in general
agreement with actual uncertainties. Copyright © 2009 Royal Meteorological Society
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I. Introduction

Data assimilation is typically understood as a process
of combining a model with observations as a way of
estimating the optimal state of the system. Data assim-
ilation algorithmic framework provides other very
important applications beyond initial state determina-
tion, such as the estimation of (1) the model bias,
(2) the empirical model parameters, and (3) the infor-
mation content of observations. Improving on the def-
inition of the initial state of a system is an essen-
tial step toward predicting the evolution of the state
and thus essential to numerical weather prediction
(NWP). Improvement of model bias and empirical
model parameters has an impact on weather predic-
tion, but even more so on climate prediction, when
the impact of the initial conditions is less relevant.
As such, assimilation emerges as an important tool in
evaluating models and improving model parameteri-
zation methods, as well as for evaluating observing
systems and maximizing the value of observations.

Advanced data assimilation methods can also quan-
tify the uncertainty of the optimal estimate, thus
essentially providing the information about the poste-
rior probability density function (PDF). Among most
promising advanced data assimilation methodologies
is the ensemble data assimilation (EnsDA), which
includes the algorithms such as the ensemble Kalman
filter (EnKF) (Evensen, 1994, 2003; Houtekamer and
Mitchell, 1996, 1998), reduced-order Kalman filters
(Verron et al., 1999; Hemmink and Verlaan, 2001),
square-root filters (Bishop et al., 2001; Anderson,
2001, 2003; Whitaker and Hamill, 2002; Ott et al.,
2004; Zupanski, 2005).
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Among most challenging problems of data assim-
ilation in general is the empirical model parameter
estimation. There are several reasons for the difficulty
of parameter estimation — key model parameters are
not directly observable, and parameters are often non-
linearly related to observations and to model state.
Being important for improving model parameteriza-
tion, and thus for NWP and climate prediction, there
has been a considerable interest in developing feasible
and reliable methods for parameter estimation (Forest
et al., 2000; Andronova and Schlesinger, 2001; Knutti
et al., 2002; Gregory et al., 2002; Annan et al., 2005;
Zupanski et al., 2007).

In this work, we address the issue of empirical
parameter estimation in a simple, yet challenging
problem of a one-point soil temperature model with
assimilation of nonlinear observations. We evaluate the
capability of ensemble data assimilation, in our case
the Maximum Likelihood Ensemble Filter (MLEF)
(Zupanski, 2005; Zupanski and Zupanski, 2006) to
simultaneously estimate the initial conditions and
model parameters. The paper is organized as follows.
In section 2 we describe the experiment, results are
discussed in section 3, and in section 4 conclusions
are drawn.

2. Experimental design

In this section, we briefly describe the EnsDA algo-
rithm, the prediction model, and the experiments.

2.1. Ensemble data assimilation

In this paper we employ the MLEF algorithm, an
EnsDA algorithm based on control theory (Zupanski,
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2005; Zupanski and Zupanski, 2006). The MLEF is
chosen because it is well suited for use with highly
nonlinear observation operators, since it employs an
iterative nonlinear minimization algorithm to solve
the nonlinear and possibly non-differentiable analysis
problem (Zupanski et al., 2008). Model parameters
can be estimated within the MLEF using a state
augmentation method (Zupanski et al., 2007). An
advantage of this approach is that it automatically
allows cross covariances between the state vector and
parameters, otherwise very difficult to represent. As
other EnsDA algorithms, the MLEF estimates the
uncertainty of the analysis, in addition to estimating
the optimal solution. In this paper, we use a common
assumption that all errors are Gaussian distributed
although it may not be always preferable for parameter
estimation.

2.2. Model

The employed model is a one-dimensional soil model
for wet bare ground. The model is based on the scheme
for parameterization of surface processes developed by
Miyakoda and Sirutis (1977), Miyakoda et al., (1986)
1984) and Janjic (1990). The model calculates equa-
tion of thermal balance (temperature ;) in a thin
surface layer of finite depth. Equation consists of con-
tribution from seven fluxes: net incoming short wave
solar radiation (Rs*"), net incoming long wave atmo-
spheric radiation (Rfl‘w), outgoing long wave radiation
of the Earth surface (F™), heat transfer between the
surface ground layer and shallow layers (F gha”), heat
transfer between the surface ground layer and deeper
layers (F gdee” ), turbulent flux of the latent heat trough
the air/ground interface (F), and turbulent flux of
the sensible heat trough the air/ground interface (F57).
The equation representing the thermal balance is:
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where Rs™ and R’ have prescribed values, p is den-
sity, ¢ is thermal capacity, and d; is depth of surface

ground layer. The subscripts s and g denote surface
and ground, respectively. The fluxes are calculated as:
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In Equation (2) the constants a,, az, as, a4, as are
defined in the model, and subscript LM defines the
lowest level of atmospheric model.
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The HAPEX-MOBILHY data was used as external
forcing. Data used include: short wave solar radiation,
long wave atmospheric radiation, precipitation, tem-
perature and wind speed at 2 m, humidity, and surface
pressure. Details of this data set are given in a series
of publications documenting the HAPEX-MOBILHY
experiment (e.g. Goutrobe et al.,1989; Goutorbe and
Tarrieuu, 1991). The HAPEX-MOBILHY data used
for this paper are for the period from January to April.

2.3. Observations

The true state is defined as one realization of the
model with specified values for parameters ¢ =
0.9, Az, =2 m and 6; = 320 K. Observations are
obtained by adding Gaussian perturbations to the
true state. The observations include five fluxes: F™,
F;h“”, Fpdeer pLH  FSH with prescribed observa-
tion errors (standard deviations): stdev(F™) = 20,
stdev(Fi"!') = 5, stdev(Fy“?) = 0.7, stdev(F!) =
100, and stdev(F3) = 50. Note from Equation (2)
that the fluxes are nonlinearly related to soil tempera-
ture and to the emissivity and effective depth param-
eters, implying nonlinear observation operators.

2.4. Experiments

The experiments are designed to test the value added
due to data assimilation with parameter estimation.
Therefore, we define two data assimilation experi-
ments: (1) with simultaneous adjustment of the ini-
tial conditions and model parameters, and (2) with
adjustment of the initial conditions only, while using
the incorrectly specified model parameters. The first
experiment illustrates the impact of augmented data
assimilation that includes simultaneous estimation of
both the initial conditions and model parameters. The
second experiment mimics a common situation in data
assimilation: state vector is estimated, while the model
parameters have a predefined, often an incorrect value.
In addition, we define a third, no-DA experiment, in
which no data assimilation is performed. This exper-
iment is used to define an upper limit to the soil
temperature error.

In our example, the initial condition is defined as
the soil temperature. Two parameters are estimated:
the emissivity, denoted &, and the effective depth
between the surface and the lowest atmospheric model
level, denoted Az,. The initial values used for the
‘truth’ are 6, =320 K, ¢ =0.9, and Az, =2 m. In
all other experiments the incorrect initial setup is
0y, = 293.3238 K, ¢ = 0.1, and Az, = 3 m. Note that
the chosen ‘truth’ values can be changed according to
real situation. The initial ensemble perturbations are
assumed Gaussian, with zero mean and standard devi-
ations of 1 K for soil temperature, and 0.2 for both
parameters. In the experiment (1) the augmented con-
trol variable is x = (05, Az, €), and in the experiment
(2) the control variable is x = 6,. The data assimi-
lation cycle is 15 min, and there are 48 cycles, cor-
responding to a 12-h period. In all experiments we
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use four ensembles, sufficient for complete represen-
tation for the three-dimensional augmented variable of
experiment (1).

3. Results

First we examine how the MLEF performs when
simultaneously estimating the initial conditions and
the model parameters (Experiment (1)). Although the
assimilation problem is of small dimension (aug-
mented control vector is only three-dimensional), the
observation operators are nonlinear with respect to
soil temperature and to chosen parameters, making the
assimilation problem more challenging. As a verifica-
tion measure, we used root mean square (RMS) error,
in our case equal to absolute error since we have a one-
point model. The following formula for RMS error is
used for all variables 6;, Az, €.

1
RMS = N Z(xi —x;)z = |xX — Xirue|

In Figure 1, the estimation of the augmented control
vector is shown during the full assimilation period of
12 h. One can see that all components of the control
vector converge to true values. The emissivity parame-
ter needs about 30 analysis cycles before it converges,
while the effective depth parameter needs only three
analysis cycles. The soil temperature converges after
about ten cycles.

The uncertainty of the augmented control vector in
the experiment (1) is shown in Figure 2. We show both
the estimated uncertainty, defined as the analysis error
variance, and the actual uncertainty. In our case the
actual uncertainty, defined as |x — x|, 1S equal to
the RMS error.

The effective depth parameter uncertainty
(Figure 2(a)) shows a consistently overestimated
uncertainty, still of the order of the actual uncertainty.
For the emissivity parameter (Figure 2(b)) and of the
soil temperature (Figure 2(c)) there is an underesti-
mation of uncertainty during the initial adjustment of
about ten cycles. After that, the estimated uncertainties
are of the same order as the actual uncertainties. This
is an encouraging result, given that most ensemble
data assimilation algorithms have problem with under-
estimated uncertainty, prompting the need for error
covariance inflation. The MLEF achieves satisfactory
results without error covariance inflation, effectively
avoiding the need for prescribing this value. For the
soil temperature uncertainty the values are too small
to be seen, but they are in general agreement, with
a slight overestimation after the 18th cycle, and an
underestimation after the 36th cycle.

We now examine the impact of data assimilation
experiments on the soil temperature error (Figure 3).
Since all experiments start from incorrect values for
soil temperature and for parameters, we can examine
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Figure 1. (a) Parameter Az, -true —represents the true

value of parameter, MLEF — value of parameter obtained by
EnsDA; (b) Parameter ¢ -true —represents the true value of
parameter, MLEF —value of parameter obtained by EnsDA;
(c) soil temperature error.

the impact of data assimilation. As expected, the best
result is obtained in the case when both the initial
conditions and parameters are adjusted (Experiment
(1)). The no-DA experiment shows the largest soil
temperature error that exists in the system, given the
incorrect initial values of soil temperature and parame-
ters. After the initial adjustment, the temperature error
is approximately constant, about 5—-6 K. The exper-
iment (2) produces somewhat better results than the
no-DA experiment during the initial adjustment (first
ten cycles), but then it becomes almost identical to the
no-DA experiment. In other words, the state estimation
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Figure 2. Uncertainty for (a) effective depth parameter,
(b) emissivity parameter, and (c) soil temperature. Solid red
line denotes the actual uncertainty, and the dashed red line the
estimated uncertainty.

could not produce an improvement: there is almost no
sensitivity to initial conditions. Apparently, the param-
eters are controlling the system, eventually leading to
the same incorrect solution as without data assimi-
lation. This indicates a potential impact of incorrect
parameters in realistic data assimilation — even if the
initial conditions are adjusted, data assimilation can
lead to large forecast errors. Simultaneous adjustment
of the initial conditions and several key model param-
eters is likely a better choice.

4. Conclusions

A simple one-dimensional soil temperature model
was used to examine the capability of the MLEF
to simultaneously estimate the initial conditions and

model parameters. Synthetic observations represent
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Figure 3. Impact of parameters and initial conditions on soil
temperature error in the experiments without data assimilation
(green thick solid line), with simultaneous assimilation of initial
conditions and parameters (red thin solid line), and with
assimilation of temperature only, but no parameter adjustment
(black dashed line).

fluxes, nonlinearly related to the soil temperature
and to the chosen emissivity and effective depth
parameters. The results confirm the MLEF potential
to produce optimal values and reliable uncertainty
estimates.

We also show that typical data assimilation that
adjusts only initial conditions may not be appropriate
if the model has incorrectly specified key parameters.
As indicated by our experiments, this may lead to a
large error of the prediction model. A simultaneous
estimation of the initial conditions and model param-
eters seem to be a preferred choice.

In future, we plan to investigate the parameter esti-
mation in more realistic environment using complex
models and real observations, with applications to cli-
mate prediction and carbon data assimilation.
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