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ABSTRACT

An ensemble filter data assimilation system is tested in a perfect model setting using a low resolution
Held-Suarez configuration of an atmospheric GCM. The assimilation system is able to reconstruct details
of the model’s state at all levels when only observations of surface pressure (PS) are available. The impacts
of varying the spatial density and temporal frequency of PS observations are examined. The error of the
ensemble mean assimilation prior estimate appears to saturate at some point as the number of PS obser-
vations available once every 24 h is increased. However, increasing the frequency with which PS observa-
tions are available from a fixed network of 1800 randomly located stations results in an apparently un-
bounded decrease in the assimilation’s prior error for both PS and all other model state variables. The error
reduces smoothly as a function of observation frequency except for a band with observation periods around
4 h. Assimilated states are found to display enhanced amplitude high-frequency gravity wave oscillations
when observations are taken once every few hours, and this adversely impacts the assimilation quality.
Assimilations of only surface temperature and only surface wind components are also examined.

The results indicate that, in a perfect model context, ensemble filters are able to extract surprising
amounts of information from observations of only a small portion of a model’s spatial domain. This suggests
that most of the remaining challenges for ensemble filter assimilation are confined to problems such as
model error, observation representativeness error, and unknown instrument error characteristics that are
outside the scope of perfect model experiments. While it is dangerous to extrapolate from these simple
experiments to operational atmospheric assimilation, the results also suggest that exploring the frequency
with which observations are used for assimilation may lead to significant enhancements to assimilated state
estimates.

1. Introduction and Zhang 2003) and attempts to build operational en-
semble assimilation/prediction systems in realistic mod-
els with real data (Houtekamer et al. 2005; Keppenne
and Rienecker 2002; Reichle et al. 2002).

Here, the ability of ensemble filters to extract infor-
mation from a limited set of observations in idealized
situations is highlighted by performing perfect model
experiments in a simple atmospheric GCM. In such
cases, ensemble filters are capable of extracting infor-

mation about all state variables from observations of

The use of ensemble (Kalman) filters for data assimi-
lation applications in the atmospheric and oceanic sci-
ences is growing very rapidly. Ensemble filters are of-
ten easier to implement than most traditional data as-
similation methods and can produce reasonably good
results. This has led to a large number of both idealized
applications (Evensen and van Leeuwen 1996; Snyder
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only a localized portion of the state (Daley 1992; Dee
1995). While similar capabilities are expected from
four-dimensional variational algorithms (Le Dimet and
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Talagrand 1986), such algorithms require the still diffi-
cult and time-consuming process of developing adjoints
for both the forecast model and the forward observa-
tion operators. Three-dimensional variational algo-
rithms require accurate specifications of the back-
ground error characteristics; these are extremely diffi-
cult to develop for multivariate applications that are
essential when only a limited portion of the state vari-
ables is well observed (Lorenc 1981; Hamill and Snyder
2000; Hamill et al. 2002; Wu et al. 2002). In addition,
three-dimensional variational applications may still re-
quire the development of adjoints for forward observa-
tion operators.

The idealized experiments here examine the capabili-
ties of ensemble filters with only 20 members in perfect
model situations. Unfortunately, real assimilation ap-
plications include a number of additional challenges
(Mitchell et al. 2002), and ensemble methods that are
competitive or superior to existing variational algo-
rithms have proved challenging to develop (Houteka-
mer et al. 2005). This suggests that future research on
ensemble filters should focus on dealing with compli-
cations not found in the results presented here includ-
ing model systematic error, dealing with non-Gaussian
observational error characteristics, dealing with model
balances, and understanding the interaction of filter
sampling errors with these additional error sources.

The experiments described also provide clues about
the information content, in the perfect model context,
of a variety of surface observing configurations. While
extreme caution must be used in extrapolating these
results to real applications, there are some hints about
the relative value of increasing spatial versus temporal
density of observations and about the information
available from different types of surface observations
(Zhang et al. 2004b, manuscript submitted to Mon.
Wea. Rev.).

The present work begins by describing the ensemble
filter used for assimilation and the simple general cir-
culation model used for perfect model experiments.
The experimental design is outlined in section 4. Sec-
tion 5 presents results for a variety of experiments in
which only synthetic surface pressure (PS) observations
are assimilated. Sections 6 and 7 examine the assimila-
tion of other surface variables and the impact of having
regionally confined PS observations.

2. Ensemble filter

The ensemble filter used here was first described in
the literature as an ensemble adjustment Kalman filter
(Anderson 2001). Here, it is referred to as an ensemble
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FIG. 1. Schematic description of the least squares framework for
sequential ensemble filters for an idealized three-member en-
semble case. Please refer to the detailed discussion of this algo-
rithmic representation in section 2 of the text.

adjustment filter (EAF) and is one of a class of deter-
ministic square root ensemble filters (Tippett et al.
2003).

As pointed out in Anderson (2003), for observations
with uncorrelated error distributions it is possible to
describe the operation of a variety of ensemble filters,
including the EAF, by describing only the impact of a
single scalar observation on a single state variable. Fig-
ure 1 shows a schematic of a five-step implementation
for a variety of ensemble (Kalman) filter algorithms. In
step 1, an ensemble of model state estimates is inte-
grated forward from the time of the previous observa-
tion, #;, to the time of the next available observation(s),
t,+1. Prior estimates of the state of an observation, y,
are computed by applying the appropriate forward ob-
servation operator, H, to each ensemble member in
step 2. Step 3 obtains the corresponding value of y from
an instrument and an estimate of the instrument’s error
distribution including representativeness and other er-
rors; these are indicated by the light tick mark and light
distribution curve in step 3 of Fig. 1. The information
from the prior and observed estimates of y can be com-
bined according to Bayes’ theorem by any of a number
of algorithms in step 4. The result is an ensemble of
estimates of the updated (posterior) state for y and
corresponding increments for the prior ensemble esti-
mates, indicated by the dark vectors in step 4. Differ-
ences between most variants of ensemble filters that
have been described in the literature are confined to
the details of the computation of step 4 (Evensen 1994;
Burgers et al. 1998; Pham 2001; Whitaker and Hamill
2002). Finally, in step 5, each ensemble member for
each state variable is updated by doing a linear regres-
sion of the increments for y onto each state variable in
turn. This regression is done using the prior ensemble
sample of the joint distribution of y and a state variable.
This process is then repeated for each additional obser-
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vation that is available at time ¢, ; before the ensemble
is advanced to the time of the next observation set.
The details of step 4 for the EAF used here are de-
picted in Fig. 2 for an idealized three-member ensemble
whose prior estimates are indicated by the tick marks
on the top axis. The prior sample mean (asterisk on the
top axis) and variance (indicated by the solid distribu-
tion) are computed and it is assumed that the observing
instrument has given a value y, (indicated by the o on
the top axis in the figure) and has a Gaussian error
distribution (the dashed distribution on the top axis)
with variance X,. An estimate of the updated (poste-
rior) variance, 2, and mean, y,, for y is computed by

S, =&+ =007 (1)
yu = Elt(zljl yp + E(jl y())' (2)

The updated mean, y,, is indicated in the figure by the
x on the second and third axes while the updated vari-
ance is represented by the dashed distribution on the
lowest axis. The prior ensemble is translated (small ar-
rows between top and middle axis tick marks) and lin-
early compacted (small arrows between middle and
bottom axis tick marks) to give a new ensemble with
sample mean and variance identical to that computed
from (1) and (2). The increment for a given ensemble
member y; is

Ayi:(yu_yi)—f_A(yi_yp)v (3)
A=VE/E). (4

Applications with small ensembles and large model
state vector dimensions have traditionally required sev-
eral heuristic modifications to the EAF algorithm. First,
ensemble filters often produce prior distributions with
insufficient ensemble variance that can eventually lead
to filter divergence. A heuristic method of adding ad-
ditional variance such as covariance inflation in which
the prior state estimates are linearly expanded about
the mean by a constant factor (Anderson and Anderson
1999) is often used. In the results presented here, no
covariance inflation is applied in any results.

A second heuristic modification involves limiting the
impact of observations to some set of nearby state vari-
ables. This localization was developed in terms of a
Hadamard product in the ensemble filter based algo-
rithms of Houtekamer and Mitchell (Houtekamer and
Mitchell 1998; Mitchell and Houtekamer 2000; Hamill
et al. 2001). When ensemble filters are implemented
using the sequential framework outlined here, localiza-
tion is implemented by simply multiplying the regres-
sion coefficients computed in step 5 of the filter algo-
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FIG. 2. Schematic description of the observation space ensemble
adjustment filter update step used in the ensemble assimilations.
Please refer to the detailed discussion of this algorithmic repre-
sentation in section 2 of the text.

rithm by a function of the distance between an obser-
vation and a state variable.

The compactly supported fifth-order polynomial ap-
proximation of a Gaussian developed by Gaspari and
Cohn (1999) is used for localization here. The distance
between observations and state variables is defined as
the horizontal distance on the surface of the sphere
between the two (there is no notion of a distance in the
vertical or a distance between observations and state
variables of different types). The Gaspari—-Cohn func-
tion used is specified by a half-width in radians so that
the impact of an observation goes to zero if it is more
than twice this many radians from a state variable. The
half-width used was developed by a heuristic tuning in
a control experiment (section 4) and then was held
fixed throughout all additional experiments. The results
in all additional experiments would generally be im-
proved if tuning of the half-width were performed in-
dependently in each experiment. Localization is re-
quired to limit the impacts of sampling error in en-
semble filters and more robust ways of defining this
have been developed (Anderson 2004, manuscript sub-
mitted to Mon. Wea. Rev.).

3. Model description

The model is a modified version of the dynamical
core used in the Geophysical Fluid Dynamics Labora-
tory (GFDL) global atmospheric model (Anderson et
al. 2004) with forcing and dissipation provided by the
GCM benchmark calculation proposed by Held and
Suarez (1994) and has evolved from the E-grid dynami-
cal core described in Wyman (1996). The forcing is ap-
plied with Newtonian damping toward a zonally sym-
metric state and simple Rayleigh damping is applied
near the surface for dissipation.




































