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ABSTRACT
A local ensemble transform Kalman filter (LETKF) is developed and assessed with the AGCM for the
Earth Simulator at a T159 horizontal and 48-level vertical resolution (T159/L48), corresponding to a grid of
480 ⫻ 240 ⫻ 48. Following the description of the LETKF implementation, perfect model Observing Systems
Simulation Experiments (OSSEs) with two kinds of observing networks and an experiment with real
observations are performed. First, a regular observing network with approximately 1% observational coverage of the system dimension is applied to investigate computational efficiency and sensitivities with the
ensemble size (up to 1000) and localization scale. A 10-member ensemble is large enough to prevent filter
divergence. Using 20 or more members significantly stabilizes the filter, with the analysis errors less than
half as large as the observation errors. There is nonnegligible dependence on the localization scale; tuning
is suggested for a chosen ensemble size. The sensitivities of analysis accuracies and timing on the localization
parameters are investigated systematically. A computational parallelizing ratio as large as 99.99% is
achieved. Timing per analysis is less than 4 min on the Earth Simulator, peak performance of 64 GFlops per
computational node, provided that the same number of nodes as the ensemble size is used, and the
ensemble size is less than 80. In the other set of OSSEs, the ensemble size is fixed to 40, and the real
observational errors and locations are adapted from the Japan Meteorological Agency’s (JMA’s) operational numerical weather prediction system. The analysis errors are as small as 0.5 hPa, 2.0 m s⫺1, and 1.0
K in major areas for sea level pressure, zonal and meridional winds, and temperature, respectively. Larger
errors are observed in data-poor regions. The ensemble spreads capture the actual error structures, generally representing the observing network. However, the spreads are larger than the actual errors in the
Southern Hemisphere; the opposite is true in the Tropics, which suggests the spatial dependence of the
optimal covariance inflation. Finally, real observations are assimilated. The analysis fields look almost
identical to the JMA operational analysis; 48-h forecast experiments initiated from the LETKF analysis,
JMA operational analysis, and NCEP–NCAR reanalysis are performed, and the forecasts are compared
with their own analyses. The 48-h forecast verifications suggest a similar level of accuracy when comparing
LETKF to the operational systems. Overall, LETKF shows encouraging results in this study.

1. Introduction
About 10 yr following the appearance of the ensemble Kalman filter (EnKF) technique by Evensen
(1994), and the first application to an atmospheric system by Houtekamer and Mitchell (1998), EnKF is now
rapidly becoming a viable choice of operational NWP
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systems. In fact, the Canadian Meteorological Centre
has already applied an EnKF method with perturbed
observations to the operational ensemble prediction
system (EPS) in January 2005, following the preoperational investigation by Houtekamer et al. (2005). Because perturbing observations is a source of sampling
errors, Whitaker and Hamill (2002) proposed a square
root filter (SRF) method of EnKF without perturbed
observations. Tippett et al. (2003) summarized several
ways of ensemble SRF (EnSRF), all of which are efficient when observations are assimilated serially. Alternatively, Ott et al. (2002, 2004) proposed a local en-

3842

MONTHLY WEATHER REVIEW

semble Kalman filter (LEKF), a kind of EnSRF that
assimilates observations simultaneously and is efficient
when implemented on a parallel architecture. Furthermore, Hunt et al. (2007) applied the ensemble transform Kalman filter (ETKF; Bishop et al. 2001) approach to further accelerate LEKF, the method called a
local ensemble transform Kalman filter (LETKF; cf.,
Harlim 2006). Szunyogh et al. (2005) developed and
assessed LEKF with the National Centers for Environmental Prediction’s Global Forecasting System (NCEP
GFS) at a T62/L28 resolution. Recently, they succeeded
in assimilating real observations (excluding satellite radiances; E. Kalnay 2006, personal communication).
Whitaker et al. (2007) also applied their serial EnSRF
to NCEP GFS at a T62/L28 resolution and assimilated
real observations. Both studies obtained encouraging
results using real observations.
A main limitation of EnSRF experiments published
thus far is that the resolution has been lower than the
currently operational data assimilation systems or EPS.
A higher-resolution model with more precise physical
processes would increase the computational time, and
more importantly may require a larger ensemble size
for stable filtering, causing substantial increase in computations. Thus, the present paper aims to investigate
EnKF on the relatively high resolution of T159/L48
comparable to current operational systems. Because we
use a massively parallel supercomputer known as the
Earth Simulator (ES), parallel-efficient LETKF is chosen for this study. The LETKF scheme is briefly summarized in section 2 (cf. Hunt et al. 2007 in detail). In
section 3 the implementation of LETKF in this study is
described. Following the description of the model and
experimental settings in section 4, results are presented
in section 5. Finally, summary and discussions are described in section 6.

2. LETKF
LETKF was proposed by Hunt et al. (2007) as an
efficient upgrade of LEKF (Ott et al. 2002; 2004) and
has been tested by Harlim (2006) with the Lorenz-96
model (Lorenz 1996). Szunyogh et al. (2005) assessed
LEKF with T62/L28 NCEP GFS, and they also tested
LETKF with the same system, confirming no significant
difference in convergence between LEKF and LETKF
(I. Szunyogh et al. 2006, personal communication). An
important advantage of LETKF/LEKF schemes is their
efficiency in parallel computers. Because LETKF/
LEKF separate the entire global grid into independent
local patches, ideally they have 100% parallel efficiency. Because LETKF is several times faster than
LEKF (E. Kalnay et al. 2005, personal communication),
LETKF is the better choice.
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The LETKF scheme first separates an entire grid
vector into local patch vectors. Each grid point has its
own local patch; the number of local patch vectors
equals the number of global grid points. The local patch
has a cubelike shape characterized by the horizontal
and vertical grid lengths l and l. We define the local
patch size parameters l and l as a half side from the
local patch center, so that the local patch becomes a
rectangular solid with (2 l ⫹ 1) ⫻ (2 l ⫹ 1) ⫻ (2 l ⫹ 1)
grid points. Namely, if the coordinate of the local patch
center is (i, j, k), the 8 corners to define the rectangular
solid are (i ⫾ l, j ⫾ l, k ⫾ l) where all combinations of
plus and minus signs are applicable. The treatment of
boundaries is described later, in section 3.
Because each local patch is treated independently,
we focus on LETKF computations of a local patch. Let
E denote an N ⫻ m matrix composed of m ensemble
perturbations of an N-dimensional local patch. Assuming forecast ensemble perturbations E f sample the forecast errors, we estimate the forecast error covariance
P f as
P f ⫽ E fP̃ f共E f兲T,

共1兲

P̃ f ⫽ 共m ⫺ 1兲⫺1I.

共2兲

where

We regard the m ⫻ m matrix P̃ f as the forecast error
covariance matrix in the space spanned by the forecast
ensemble perturbations and perform Kalman filter
analysis equations in the m-dimensional space. Note
that m is usually smaller than N and that E f gives the
mapping from the m-dimensional space to the Ndimensional physical space. The analysis error covariance is written as
P̃ a ⫽ 关共HE f 兲TR⫺1HE f ⫹ 共m ⫺ 1兲IⲐ⌬兴⫺1

共3兲

[cf. Eq. (21) in Hunt et al. 2007], where H and R denote
the linear observational operator and the observational
error covariance matrix. If the observational errors are
uncorrelated and R is diagonal, which is a common
assumption, the inverse is trivial. Here ⌬ is a covariance
inflation parameter enabling manual inflation of the
error covariance to avoid covariance underestimation,
a common cause of filter divergence. As pointed out by
Szunyogh et al. (2005), Miyoshi (2005) and Hunt et al.
(2007), a nonlinear observational operator H is treated by
H␦x ⬇ H共x ⫹ ␦x兲 ⫺ H共x兲

共4兲

to approximate the linear H in Eq. (3). Here, x and ␦x
denote an ensemble mean and a perturbation. The
analysis increment ␦x̃ a in the m-dimensional space is

␦x̃ a ⫽ P̃ a共HE f 兲TR⫺1 d

共5兲
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[cf. Eq. (20) in Hunt et al. 2007], where d is the observational increment. The analysis ensemble perturbations in the m-dimensional space are
Ẽa ⫽ 关共m ⫺ 1兲P̃ a 兴1Ⲑ2

共6兲

[cf. Eq. (24) in Hunt et al. 2007]. Thus, the final analysis ensemble members [x a(1) | · · · | x a(m)] in the Ndimensional physical space are computed by mapping
with E f:
关x a共1兲 | · · · |x a共m兲兴 ⫽ 关x f | · · · |x f兴 ⫹ E f共关␦ x̃ a | · · · | ␦ x̃ a兴 ⫹ Ẽ a兲,

共7兲
where x f is the forecast ensemble mean state. If N is
large, the computation is significantly efficient because
it requires multiplication with the N ⫻ m matrix E f only
once. As pointed out by Hunt et al. (2007), this algorithm is more efficient if one shares eigenvalue decomposition in solving both Eq. (3) (matrix inversion) and
Eq. (6) (matrix square root). Namely, using the eigenvalue decomposition
共HE f 兲TR⫺1HE f ⫹ 共m ⫺ 1兲IⲐ⌬ ⫽ UDUT,

⫺1

P̃ ⫽ UD

T

U

and

关共m ⫺ 1兲P̃ a 兴1Ⲑ2 ⫽ 公m ⫺ 1UD⫺1Ⲑ2UT.

a
Map共␦ x conventional
兲 ⫽ w · Map共P f HT关HP f HT ⫹ R兴⫺1兲

· 共 y o ⫺ Hx f 兲
⫽ Map共P f HT关HP f HTⲐw ⫹ RⲐw兴⫺1兲
· 共 y o ⫺ Hx f 兲

共9兲
共10兲

Here, we used the fact that UUT ⫽ I because the lefthand side of Eq. (8) is symmetric. After computing
analysis ensemble members for all local patches independently, we combine the values at the center point of
each local patch to obtain the global analysis ensemble
members.
Covariance localization is a common way to reduce
spurious error covariance among distant points because
of sampling errors caused by the limited ensemble size
(e.g., Houtekamer and Mitchell 2001; Hamill et al.
2001). LETKF/LEKF schemes intrinsically contain this
function by separating into local patches. In this way,
the weighting function of the localization is the Heaviside function that weights 1 inside and 0 outside the
local patch. Hunt et al. (2007) suggested localization
with a smooth weighting function within LETKF/LEKF
schemes by weighting the observational error covariance according to the distance from the local patch center. Namely, we force distant observations to have
larger errors so that they are given less weight. This
“observation localization” is realized by multiplying observational error variance by the inverse of a localization weighting function such as the Gaussian function.
This has similar but different effects as smooth covariance localization used in other EnKF methods (hereaf-

共11兲

and
a
Map共␦ x obslocal
兲 ⫽ Map 共P f HT关HP f HT ⫹ RⲐw兴⫺1兲

共8兲

Eqs. (3) and (6) are written as
a

ter, conventional localization; e.g., Whitaker and
Hamill 2002; Houtekamer et al. 2005), which can be
understood as follows (B. R. Hunt 2006, personal communication). Let us consider a case to assimilate a
single observation located at a grid point. Analyzing
variables at the observed grid point has no localization
effect by either localization method. Analyzing variables at a grid point beyond some specific distance from
the observation has zero weight in either localization
method. At a grid point near the observation, each localization method has different impacts on the analysis:

· 共 y o ⫺ Hx f 兲.

共12兲

Here, because the number of observations is only 1, the
dimension of R and y o is only 1. The variable w denotes
the localization weight determined by the distance between the analyzed grid point and the observation location, and Map() indicates a projection mapping from
the state vector to return variables at the analyzed grid
point. Although Eqs. (11) and (12) are similar, they are
not equivalent. Equation (11) has a larger denominator,
thus the localization effect is stronger; that is, the observation localization works a little weaker than the
conventional localization. In the case with multiple observations, the situation would be a little different, but
the example with a single observation illustrates the
essential difference. Miyoshi (2005) confirmed that the
observation localization significantly stabilizes LEKF
using the Lorenz-96 model and the Simplified Parameterization, Primitive-Equation Dynamics (SPEEDY)
global model (Molteni 2003), showing performance as
good as the serial EnSRF by Whitaker and Hamill
(2002).

3. Implementation
a. LETKF implementation
LETKF core modules are applicable to any dynamical model—from the Lorenz-96 model with 40 dimensions to an operational AGCM with tens of millions
dimensions. The FORTRAN90 codes originally developed by Miyoshi (2005) based on the Lorenz-96 and
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FIG. 1. Schematic of LETKF parallel memory handling in the case of 3 nodes and 3 ensemble members. Thick rectangles show memory spaces of each node; thin rectangles inside
them illustrate gridpoint values. Each member and region is recognized by the striped pattern
and shade, respectively.

SPEEDY models are optimized and parallelized in this
study. Because Miyoshi (2005) implemented only
LEKF, LETKF is newly developed in a consistent manner so that they could be easily switched. The LETKF
codes have been tested with the Lorenz-96 model,
showing the same level of accuracy as LEKF. The results are consistent with those of Harlim (2006).
The error covariance between the surface pressure
and other variables at upper levels is treated in the
same way as in Miyoshi (2005) and Szunyogh et al.
(2005). The surface pressure affects all variables at upper levels, but is affected only by the bottom-level variables. As a weighting function w(r) of the observation
localization, we apply the Gaussian function:
w共r兲 ⫽ exp共⫺r 2Ⲑ 2 2兲,

共13兲

where r and  denote the distance from the local patch
center and the localization scale parameter, respectively. We define different scale parameters for horizontal and vertical localizations ( and ).
The local patches at the boundaries are defined in a
similar way as in Miyoshi (2005) and Szunyogh et al.
(2005). In the zonal direction, cyclic boundary is applied. In the meridional direction, we take points beyond the poles. Namely, letting Nlon and Nlat denote the
largest zonal and meridional indices respectively, we
define the boundary points as (i, Nlat ⫹ 1) ⫽ [i ⫹ (Nlon /
2), Nlat] and (i, 0) ⫽ [i ⫹ (Nlon /2), 1]. As for the vertical

boundaries at the bottom and top levels, we simply
eliminate indices beyond the boundaries, so that the
local patch is smaller. For example, if the coordinate of
the local patch center is (i, j, 1), the 8 corners to define
the rectangular solid are (i ⫾ l, j ⫾ l, 1) and (i ⫾ l,
j ⫾ l, 1 ⫹ l ), where all plus and minus combinations are
applicable.

b. Parallel implementation
Parallel computing has two purposes: one is to separate computations to reduce total computational time,
the other is to separate memory to enable memorydemanding computations. Because EnKF requires a
large memory space to store all ensemble members,
EnKF needs to take advantage of parallel computing
for both purposes. In both ways, LETKF is an ideal
parallel algorithm because of the independent treatment of each local patch.
The parallel implementation of LETKF in this study
is as follows. Let m denote the ensemble size. For simplicity, we assume that we use m computational nodes
(hereafter, nodes), although our implementation allows
flexible choices. First, each node reads each ensemble
member for efficient parallel data access. At this moment, the ith node has a global state vector of the ith
ensemble member as in Fig. 1a. Then, each node separates the data into m physical regions and exchanges
them with the other nodes, so that each node has m
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members of the same region as in Fig. 1b. This is one of
two internode communications. At this moment, the ith
node has m members of the ith separated region (Fig.
1b). Each node reads all observational data, but only
stores data if it falls inside the ith region. Then, the ith
node computes the LETKF for the local patches included in the ith region. Each node has Nall/m local
patches, where Nall denotes the number of global grid
points. After computing the LETKF analysis for all local patches, the ith node has m analysis ensemble members in the ith region. Finally, the other data transfer is
executed to exchange data back, so that the ith node
has the ith analysis ensemble member of the global grid,
and each node outputs data at the same time.
Recent parallel computers have a multilayer parallel
architecture; that is, shared-memory parallel units are
combined to form a large separated-memory parallel
computer. In the present implementation, we separate
regions horizontally for the separated-memory architecture using the Message Passing Interface (MPI) instructions. In addition, we implemented sharedmemory parallelization, where we use the OpenMP instructions for the vertical index of the loop to compute
the independent local patch. In summary, there are
horizontal and vertical indices of a large loop to compute each local patch; all can be done independently.
Horizontally we separate the memory and the loop indices by MPI; vertically we separate the loop index by
OpenMP.
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systematic bias errors (e.g., Nakamura et al. 2005;
Enomoto et al. 2007). The prognostic variables are
wind components, temperature, specific humidity, liquid water content, surface pressure, and ground temperature and moisture, all of which are analyzed by
LETKF. We chose the T159/L48 resolution, corresponding to a grid of 480 ⫻ 240 ⫻ 48 that is equivalent
to a 0.75° ⫻ 0.75° latitudinal and longitudinal horizontal
resolution. It has a sigma vertical coordinate from
0.9949 up to 0.0025; if the surface pressure is 1000 hPa,
the bottom and top levels are at 994.9 and 2.5 hPa,
respectively.
The lower boundary conditions are prescribed by the
observed weekly sea surface temperature and sea ice
coverage made from National Oceanic and Atmospheric Administration (NOAA) optimum interpolation SST, version 2, data (Reynolds et al. 2002) provided
by the NOAA/Cooperative Institute for Research in Environmental Sciences Earth System Research Laboratory/
Physical Sciences Division (NOAA/CIRES ESRL/PSD)
Climate Diagnostics branch. The ozone concentration
in the model is based on the monthly and zonally averaged climatology of Wang et al. (1995). The surface
topography and characterization are based on the Global 30 Arc-Second Elevation (GTOPO30) and Global
Land Cover Characterization (GLCC) datasets, respectively, both distributed by the U.S. Geological Survey’s
Center for Earth Resources Observation and Science.

b. Experimental settings
4. Forecast model and experimental settings
a. AGCM for the ES (AFES) model
In the present experiments, the ES, a massively parallel supercomputer with 640 nodes, is used to enable
LETKF with a relatively high-resolution model and a
large ensemble size. Each node contains a 16-GB
shared memory and 8 vector processors with peak performance of 8 GFlops each, that is, 64 GFlops per node.
The forecast model is an AGCM known as AFES
(Ohfuchi et al. 2004), specifically optimized for ES.
AFES has been developed by modifying the FORTRAN
codes of the Center for Climate System Research/
National Institute for Environmental Studies (CCSR/
NIES) AGCM, version 5.4.02 (Numaguti et al. 1997),
especially optimizing the Legendre transform and adding physical processes such as the cumulus convection
scheme by Emanuel and Zivkovic-Rothman (1999). It
has a primitive equation dynamical core and all components of physical processes that operational AGCMs
contain, so that it produces forecasts as reliable as operational AGCMs, though there are some known

1) OBSERVING SYSTEMS SIMULATION
EXPERIMENTS (OSSES)
Two types of OSSEs under the perfect model assumption are performed in this study: one with a regular observing network (hereafter, OSSE1) and the
other with a real observing network (hereafter,
OSSE2). The true nature run for OSSEs is generated by
running AFES for 9 months, starting with a randomly
chosen initial condition. The initial time for the true run
is set to 0000 UTC on 1 December 2003. After a
5-month spinup, the data assimilation cycle is started
from 0600 UTC 1 May 2004 and 0000 UTC 1 August
2004 for OSSE1 and OSSE2, respectively. The initial
ensemble members are chosen from fields of the true
run at randomly chosen times in other months close to
the assimilation time, in which way, the initial ensemble
mean is an analog of the climatological mean in a
slightly different season. Observational data are simulated by adding random noise to the observations corresponding to the true states mapped by the observational operator. The random noise is sampled from the
Gaussian distribution with given observational error
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standard deviations. We sample observations every 6 h
from the true run.
For OSSE1, observation locations are constant in
time and space. One observation is taken at every
5 ⫻ 5 ⫻ 4 grid points, physically about every 420 km at
the equator and 300 km at 45° latitude. The resulting
coverage is 4% horizontally and 1% in the threedimensional space out of the entire grid. Each station is
assumed to have observations of zonal and meridional
wind components, temperature, specific humidity, and
surface pressure. The observational error standard deviations are defined as 1.0 m s⫺1, 1.0 K, 0.1 g kg⫺1, and
1.0 hPa for wind components, temperature, specific humidity, and surface pressure observations, respectively.
For OSSE2, observation locations and errors are
adapted from the Japan Meteorological Agency’s
(JMA) operational NWP system (not including satellite
radiances). Real data consist of asynchronous observations, but in OSSE2, all observations are assumed to be
taken simultaneously every 6 h. Thus, there is no need
for temporal interpolation. The data assimilated in
JMA include data from surface stations over land and
ocean, radiosondes, aircraft reports, satellite-based
wind [also known as, atmospheric motion vector
(AMV)], sea surface winds by Quick Scatterometer,
and bogus data of sea level pressures in the Southern
Hemisphere reported by the Australian Bureau of Meteorology. Following the operational data selection by
the quality control and data thinning, we extract the
location (longitude, latitude, and pressure level) and
observational error standard deviations from the operationally used observations. In JMA’s operational system, observational error standard deviations are estimated by the innovation statistics (Hollingsworth and
Lonnberg 1986). The assimilated observations are wind
components, temperature, relative humidity, and surface pressure.
The covariance inflation parameter is estimated
adaptively as in Miyoshi (2005) to avoid tuning. The
method is based on the innovation statistics [cf. Eq. (3)
of Houtekamer et al. 2005]:
tr关E共ddT兲兴 ⫽ tr关共1 ⫹ ⌬兲HP f HT ⫹ R兴 ,

共14兲

where tr[ ] and E( ) denote functions that return the
matrix trace and the expected value, respectively. Here,
⌬ is the inflation parameter, estimated at each analysis
step. Assuming slowly varying inflation, we estimate ⌬
by Kalman filtering with persistence as a forecast model
for ⌬. To avoid negative inflation due to sampling errors by a limited number of observations, we set the
lower limit to 0 or 1% spread inflation (the square root
of the covariance inflation). Thus, the control param-
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eters of LETKF are the ensemble size, local patch size,
and localization scale parameters (m, l, l, , and ).
First, in OSSE1, the local patch size of l ⫽ 5 and l ⫽ 2;
that is, 11 ⫻ 11 ⫻ 5 local patch, and the localization
scale parameters  ⫽ 2.0 and  ⫽ 1.0 are chosen as
default, where the degrees of freedom (d.o.f.) of the
local patch are about 3000 (605 grid points with 5 prognostic variables). Even if we limit the d.o.f. with the
localization scale parameters, they are as large as 400.
Following the results of OSSE1, the ensemble size is
fixed to m ⫽ 40, and the localization parameters are
tuned in OSSE2.
Fields are verified against the true nature run. The
total energy norm [Eq. (2.4) of Buizza and Palmer
1995] is used to measure the difference between two
atmospheric fields. To measure the difference for each
variable, we use the root-mean-square error (RMSE),
where we consider weights by physical areas for horizontal averaging; that is, less weight per grid point in
higher latitudes.
In both OSSEs, no initialization procedure is applied.
The LETKF analysis increments are essentially linear
combinations of dynamically constrained ensemble perturbations unless the error covariance localization is
applied. All ensemble members are ideally on the attractor of the dynamical system, thus the analysis would
also be on the attractor in the limit of the linear assumption. Therefore, the analysis is expected to be well
balanced, so that we do not need initialization procedures to smooth out high wavenumber noise. In the
presence of the covariance localization, analysis increments are not exactly linear combinations of ensemble
members, which would introduce imbalance to some
extent. However, Miyoshi (2005) and Szunyogh et al.
(2005), for example, obtained promising results in their
LEKF experiments without initialization procedures.
Therefore, we expect that the imbalance by the localization would not cause a fatal problem.

2) EXPERIMENTS

WITH REAL OBSERVATIONS

In this group of experiments, the same observations
as OSSE2 are assimilated, but the data are switched
back to real observations. In OSSE2, observation locations and errors are adapted from JMA’s operational
NWP system with quality-control flags. Here, we assimilate the same observations as those used in the operational system in August 2004.
Following the results of the two OSSEs, the ensemble size is fixed to m ⫽ 40. The localization parameters are fixed to 21 ⫻ 21 ⫻ 13 local patch and 6.0-grid
horizontal and 3.0-grid vertical localizations, as tuned in
OSSE2. Because we found that the adaptive covariance
inflation does not work appropriately, which is partly
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because of incorrect observational error settings, we
fixed the inflation parameter to 10% spread inflation
(21% covariance inflation).
In OSSE2, all observations are assumed to be synchronous, but it is not the case in practice. Since real
data include many asynchronous observations, a fourdimensional EnKF technique (4D-EnKF) by Hunt et
al. (2004) is applied to assimilate them appropriately. In
addition, temporal localization is applied in the same
manner as the spatial localization. Namely, observations taken at a time far from the analyzed time have
lower weight, because the assumption of 4D-EnKF
(i.e., a perfect linear model) is less valid with a larger
difference between the observing time and analyzed
time. The temporal localization scale is chosen to be 3
h in this study. Initialization is not employed here, either. Furthermore, because the model accuracy plays
an essential role in assimilating real observations, we
upgrade the AFES model version to AFES 2.2, which
has been proven to better simulate the real atmosphere
than the previous version AFES 1.22. Because the
model upgrades are beyond the scope of this paper, the
details are not described. A detailed description will be
provided in a separate paper.
In addition to the data assimilation cycle experiments, 48-h forecast experiments, initiated from the
most probable ensemble mean states once a day at 1200
UTC, are performed to verify the forecast errors
against their own analyses. Although this is a common
way to verify the NWP system, it has disadvantages that
forecast cycle without data assimilation gives the perfect score, that is, zero errors. Therefore, the forecast
errors are also verified against JMA operational analysis to confirm that the verification is fair. The same
T159/L48 AFES used in the data assimilation experiments is employed in the forecast experiments. To compare the verification results, 48-h forecast experiments
initiated by JMA’s operational analysis and the National Centers for Environmental Prediction–National
Center for Atmospheric Research (NCEP–NCAR) Reanalysis (NNR; Kalnay et al. 1996) are also performed
with the same AFES model. The two operational analyses were analyzed by the operational three-dimensional
variational data assimilation (3DVAR) methods at the
time of August 2004 with different models (T213/L40
JMA and T62/L28 NCEP global models). To initiate
the AFES integration, 24-pressure-level JMA analysis
products with a 1.25° ⫻ 1.25° resolution and 17pressure-level NNR products with a 2.5° ⫻ 2.5° resolution are interpolated onto the AFES model grid. Because of the model differences and the reduced resolutions for the operational analyses, it is noted that the
results would be favorable to LETKF.

FIG. 2. Time series of the analysis errors (total energy) of
LETKF with 10 (dotted line), 20 (long–short dashed line), 40
(dashed line), and 80 (solid line) ensemble members.

5. Results
a. OSSE1
1) SENSITIVITY

TO THE ENSEMBLE SIZE

Figure 2 shows the time series of the analysis errors
in total energy for 30 days. LETKF does not diverge
even with 10 ensemble members, although larger ensemble sizes significantly stabilize the filter. If we measure the analysis errors by RMSE of surface pressure,
the error levels with 10 members and 20 or more members are about 0.5 hPa and less than 0.4 hPa, respectively; both are lower than the observational error (1.0
hPa).
The ensemble size is increased up to 1000 for the first
one-step analysis. Figure 3 shows the analysis errors of
the first-step analysis, where the analysis errors decrease inversely proportional with the ensemble size up
to about 80 members and gradually become flat. The
error decreasing trend is saturated at around 320 members. Almost no effect is observed when increasing ensemble size more than 320, which is consistent with the
substantial d.o.f. of the local patch. If we increase the
localization parameters, the d.o.f. of the local patch increases; we might obtain smaller analysis errors by a
large ensemble size, making more use of distant observations. Because the initial ensemble fields have no
specific flow-dependent structures other than climatology and are far from the true field, the results may be
different from those in the stabilized stage. Thus, we
plot the analysis errors after 10-day cycles, also shown
in Fig. 3, where the decreasing trend is getting flatter in
smaller ensemble sizes. In addition, Fig. 3 also shows
the case without covariance inflation, where we see
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FIG. 3. Analysis errors (total energy) at the first one-step analyses (solid line) and the analyses after 10-day cycles (broken lines)
of LETKF with changing the ensemble size. Dashed and dash–
dotted lines show the cases with and without covariance inflation,
respectively. Because of the limited computational capability, 10day cycle experiments have not been performed with more than
320 and 160 ensemble members for the cases with and without
inflation, respectively.

larger errors but no signal of filter divergence. It is
confirmed that even with 10 members, the filter does
not diverge without covariance inflation for 60-day
cycles. Overall we get smaller analysis errors with a
larger ensemble size, thus we need to find the correct
balance.

2) SENSITIVITY

TO THE LOCALIZATION

PARAMETERS

So far, the localization parameters have been fixed.
However, when the ensemble size is increased, the sampling errors in the error covariance among distant
points are expected to be reduced. Thus, we could increase the localization scales to make more use of distant observations, so that the analysis errors could be
even smaller. In fact, other research using EnKF with
an AGCM (e.g., Houtekamer and Mitchell 2001;
Anderson 2001; Bishop et al. 2001; Whitaker and
Hamill 2002; Szunyogh et al. 2005; Miyoshi 2005)
pointed out the sensitivity to the localization scales.
The tuning process is basically done by trial and error,
requiring many computations. With our limited resources, we investigate how much impact the localization scales have when ensemble sizes are 10 and 40.
Figure 4 shows the time series of the analysis errors
as in Fig. 2, but for different localization scales. In addition to the default setting of 11 ⫻ 11 ⫻ 5 local patch
with 2.0-grid (about 160 km) horizontal and 1.0-grid
vertical localizations, we performed 13 ⫻ 13 ⫻ 7 local
patch with 3.0-grid (about 240 km) horizontal and 1.5vertical localizations for 10 and 40 ensemble members.
There are clear separations of the analysis errors by
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FIG. 4. Time series of the analysis errors (total energy) of
LETKF with 10 (thin lines) and 40 (thick lines) ensemble members, similar to Fig. 2. Solid lines show the default localization
parameters (11 ⫻ 11 ⫻ 5 local patch with 2.0-grid horizontal and
1.0-grid vertical localization), whereas dashed lines show larger
localization parameters (13 ⫻ 13 ⫻ 7 local patch with 3.0-grid
horizontal and 1.5-grid vertical localization).

changing the localization scales. With the larger localization scale, the 10-member LETKF shows a longer
adjusting period in the early stage, but eventually the
analysis errors in the stabilized stage become smaller.
The 40-member case shows similar adjusting period and
smaller analysis errors in the stabilized stage with a
larger localization scale. Because the 10-member
LETKF contains larger sampling errors in the error
covariance among distant points, increasing localization
scale may result in larger analysis errors in the adjusting
stage. However, in the stabilized stage it seems the default localization scales are too small, so that the distant
observations provide significant information even with
10 members. Because the impact is nonnegligible, tuning the localization parameters for a chosen ensemble
size is suggested.
To investigate more precisely, the ensemble size is
fixed to 40, and the localization parameters are changed
systematically. First, horizontal localization sensitivity
is investigated with vertical localization parameters
fixed to a 7-grid patch and 2.0-grid localization. Horizontal localization parameters are chosen to be 11 ⫻ 11
(3.0), 21 ⫻ 21 (6.0), 31 ⫻ 31 (9.0), and 41 ⫻ 41 (12.0),
where the parentheses indicate grid lengths (1.0 grid
corresponds to about 80 km) of the Gaussian-type localization. Figure 5a shows the results, where we see the
smallest error level by the 11 ⫻ 11 patch. The case with
the largest 41 ⫻ 41 patch behaves differently from other
cases, showing filter divergence. It suggests that the
large local patch introduces sampling errors so large
that LETKF is unstable. Here, with the 12-grid (about
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FIG. 5. Time series of analysis errors (total energy) of LETKF
with 40 ensemble members, similar to Fig. 4, but varying the (a)
horizontal and (b) vertical localization parameters. Solid lines in
(a) and (b) show the case of 21 ⫻ 21 ⫻ 7 local patch with 6.0-grid
horizontal and 2.0-grid vertical localization (denoted by 21 ⫻ 21 ⫻
7, H6.0, and V2.0). The line legends show localization parameters
for each line.

1000 km) localization, the localization function drops to
zero at about 3650 km when we apply the fifth-order
piecewise rational function (Gaspari and Cohn 1999;
Hamill et al. 2001), which is widely used by other EnKF
studies (e.g., Whitaker and Hamill 2002; Houtekamer
et al. 2005). The local patch forces zero covariance beyond 20 grid points, that is, about 1600 km. This localization scale has a similar order to what Houtekamer et
al. (2005) applied, where the localization function drops
to zero at 2800 km.
To see how the error covariance estimated by 40 ensemble members contains sampling errors and how the
covariance localization works, the estimated error covariance is computed. Here, for simplicity, the conventional localization is applied, multiplying localization
weights to the estimated error covariance itself. Thus, it
is different from the observation localization used in
LETKF. Figure 6 shows how the horizontal localization
affects the shape of the error covariance in midlatitudes
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estimated by 40 ensemble perturbations at a randomly
chosen time after a spinup of the cycle experiments.
The shades show statistical significance levels to reject
the null hypothesis of no correlation by a parametric
hypothesis testing (e.g., chapter 5 of Wilks 1995). Precisely, the probabilities for 40 uncorrelated normal
samples to show correlations greater than 0.3120,
0.4026, and 0.5007 are 5%, 1%, and 0.1%, respectively;
the correlation values constitute the thresholds for the
statistical significance levels. Without localization, the
error covariance has noisy patterns in the nonsignificant correlation area. Severe localization with the
11 ⫻ 11 patch suppresses the noisy patterns but makes
the shape closer to a circle and omits a large portion of
the significant correlation structures. The case with the
21 ⫻ 21 patch better conserves the flow dependence
around the center point; still, some of the significant
correlation structures are out of bound. The case with
the 41 ⫻ 41 patch covers most significant correlations,
but it also contains the noisy pattern with the nonsignificant correlation. It is the trade-off between sampling errors and signals. The results of data assimilation
cycle experiments shown in Fig. 5a suggest that the case
with the 41 ⫻ 41 patch is severely affected by the spurious covariance. The results are generally true for
other locations with similar latitudes at other times.
Similar investigations have been done for vertical localizations, with horizontal localization parameters
fixed to the 21 ⫻ 21 patch and 6.0-grid (about 480 km)
localization. Figure 5b shows sensitivity to vertical localization parameters, where we see different behavior
for the case with the largest patch size, similarly to the
case for horizontal localization. Although the cases
with 7-, 11-, and 15-grid vertical patches show low error
levels, only the case with the 21-grid patch shows filter
divergence. The vertical error covariance estimated by
40 ensemble perturbations is shown in Fig. 7 for various
vertical localizations. Similarly to the horizontal covariance localization in Fig. 6, more severe localization
damps noisy patterns in nonsignificant correlation areas
but destroys the flow-dependent shapes of the significant correlation areas. Large covariance appears in the
stratosphere near the top, it does not show statistical
significance. The vertical localization is essential for
damping the large spurious covariance near the top
layer.
The localization scale has been measured not with
the physical length but with the model grids, similar to
the Mercator mapping. Therefore, the physical distance
between two successive grid points in the longitudinal
direction is very much dependent on latitudes. Thus, we
expect longer correlation length in the grid space in
high latitudes. Figure 8 shows similar figures as Figs. 6
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FIG. 6. Horizontal temperature error covariance maps in midlatitudes estimated by 40 ensemble perturbations
at a randomly chosen time (top left) without localization, (top right) with localization using 41 ⫻ 41 local patch,
(bottom left) 21 ⫻ 21 local patch, and (bottom right) 11 ⫻ 11 local patch; 41 ⫻ 41 (12.0) means 41 ⫻ 41 local patch
with 12.0-grid localization, and similarly for other local patch sizes. The center of the region (noted by the cross
mark) is the base point of the covariance. The contour interval is 0.01 K2, and the dotted contours indicate negative
covariance. Shades show statistical significance levels to reject the null hypothesis of no correlation. Here, the
localization is applied by multiplying localization weights to the error covariance itself.
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FIG. 7. Vertical temperature error covariance maps, similar to Fig. 6, (top left) without localization, (top right)
with localization using 21 ⫻ 21 ⫻ 21 local patch, (bottom left) 21 ⫻ 21 ⫻ 15 local patch, and (bottom right) 21 ⫻
21 ⫻ 7 local patch; 21 ⫻ 21 ⫻ 15 (H6V4) means 21 ⫻ 21 ⫻ 15 local patch with 6.0-grid horizontal and 3.0-grid
vertical localization, and similarly for other patch sizes. The contour interval is 0.01 K2.

and 7 but in a polar region, north of Alaska. The covariance shows stronger low-wavenumber signals and
longer covariance length scales in the longitudinal direction as expected. The localization damps the cova-

riance in a much shorter length than the actual longitudinal spread. As a result, the localized covariance
omits most significant areas in longitudinal directions.
Because of the Gaussian weighting function, the dis-
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FIG. 8. (top) Horizontal and (bottom) vertical temperature error covariance maps in the polar region, similar to
Figs. 6 and 7, (left) without localization and (right) with localization using 21 ⫻ 21 ⫻ 21 local patch and 6.0-grid
horizontal and vertical localizations. The contour interval is 0.02 K2.

continuity at the edge of the local patch is minimal.
However, when the observational departure from the
first guess is large, the discontinuity becomes more evident. In the current experiments, there has been no
fatal problem experienced so far, even without initialization procedures.
The cross-covariance structure explains dynamical
balance among different variables. For example, the
cross covariance between temperature and winds is expected to represent a specific dynamical constraint. If

the cross covariance is not appropriately considered,
the effects of data assimilation may not be sustainable
because of dynamical processes such as geostrophic adjustment. Moreover, dynamical imbalance in initial
conditions may cause an initial shock in the model integration, which may cause artificial fast oscillations.
Severe localization could be problematic since it may
destroy the cross-covariance structure. To investigate
how localization affects cross-covariance structures,
Fig. 9 shows cross covariance between temperature and
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FIG. 9. Similar to Fig. 8, but for cross covariance between temperature and meridional winds. The contour
interval is 0.04 K m s⫺1.

meridional winds in the polar regions. As shown in Fig.
8, very severe localization is evident in the polar regions
because of the short physical distance between two successive grid points in the zonal direction. Figure 9 indicates that the cross covariance is also severely affected
by the localization, so that most portions of significant
correlation between temperature and meridional winds
are omitted. However, importantly, the dipole structure
around the center point is basically conserved even in
the localized space. Because the dipole structure represents the dynamical balance, it is not destroyed by the

localization completely. However, the amplitudes of
the dipole are reduced because the peaks are not on the
center point. As a result, the dynamical balance is partially destroyed (J. D. Kepert 2006, personal communication). It is important to define the same localization
parameters for all variables in the same local patch,
because the use of the different localization scales may
cause dynamical imbalance in the cross-covariance
structures. The discussions are based on the conventional localization that directly multiplies weights on
the error covariance itself. Thus, it is not clear to what
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TABLE 1. Timing (s) of LETKF on the ES.
Ensemble size

5 nodes

10 nodes

20 nodes

40 nodes

80 nodes

10
20
40
80
160
320
500
1000

382
714
1389

195
360
708
1583

115
197
360
824

67
107
189
413
1205

47
66
112
220
626

extent the statements are valid in the case of the observation localization. In fact, a precise examination of
forecast outputs at every time step initiated by an
LETKF analysis indicates no significant signal of artificial fast oscillations. Further discussions are provided
in section 6.

3) TIMING

AND PARALLEL EFFICIENCY

Table 1 shows timing results of LETKF for various
combinations of the number of nodes and ensemble
size. If the number of nodes equals the ensemble size
and it is less than 80, the computational time is less than
4 min. With a fixed number of nodes, the increase of
computational time is more significant with larger ensemble sizes. According to Table 1, the cost resulting
from an increase in the ensemble size from 10 to 20 is
less than double, but in the case from 500 to 1000, it is
almost 5 times.

FIG. 10. Acceleration ratios of LETKF with 10, 20, 40, 80, and
160 members (thick lines). Theoretically estimated acceleration
ratios for parallelization ratios of 100%, 99.99%, 99.95%, and
99.80% are plotted for comparison (thin lines). Each node of the
ES has 8 processors.

160 nodes

200 nodes

240 nodes

2270
10 595

1924

336
1139

We normalize and invert timing to obtain the acceleration ratios, showing how much acceleration is gained
by the parallelization, where the unit acceleration ratio
corresponds to one processor. Figure 10 shows the acceleration ratios. The 100% parallelization ratio defines
perfect acceleration, thus the linear relationship with
the number of processors. We observe that the larger
the ensemble size, the more efficient the parallelization.
The 10-member LETKF is just slightly more efficient
than the 99.80% parallelization ratio, whereas the 160and 80-member LETKF are almost as efficient as
99.99%. Overall, LETKF shows excellent parallel efficiency as expected from the algorithmic design by Ott
et al. (2002, 2004).
The localization parameters have significant impacts
on analysis accuracy, but the computational time may
limit the choice of the local patch size. To investigate
the timing dependence on the local patch size, we fixed
the ensemble size to 40 and measured timing for various choices of the local patch. Figure 11 shows the results, where we see the quadratic relationship. Each
vertical patch size shows different increasing rates.
Generally, a larger vertical patch size requires less computational time for a given number of grid points in a

FIG. 11. Timing dependence on the local patch size. Each mark
corresponds to each vertical local patch size shown by the legend.
The cases with vertical patch sizes 3 and 13 are fitted with quadratic functions, shown by thick dashed lines.
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FIG. 12. Time series of the analysis errors (total energy) of
LETKF with 40 ensemble members, similar to Fig. 4. The dotted
line shows the default localization parameters (11 ⫻ 11 ⫻ 5 local
patch with 2-grid horizontal and 1-grid vertical localization, denoting 11 ⫻ 11 ⫻ 5 H2V1), whereas the long-dash–short-dashed,
solid, and dashed lines show 17 ⫻ 17 ⫻ 9 H4V2, 21 ⫻ 21 ⫻ 13
H6V3, and 21 ⫻ 21 ⫻ 13 H8V4, respectively.

local patch. This is possibly because of the treatment of
vertical localization around the top and bottom boundaries.

b. OSSE2
1) TUNING

THE LOCALIZATION SCALE

PARAMETERS

In OSSE1, ensemble sizes larger than 20 give stable
filter performance. Since the regular observing network
is optimistic, the ensemble size is fixed to 40 in OSSE2.
The results of OSSE1 suggest tuning of the localization
parameters. Figure 12 shows the time series of analysis
errors in OSSE2, where we see the sensitivity of localization scales. The default setting is not as stable in
OSSE2. Increasing localization scales from default, we
obtain lower error levels. In Fig. 12, the 21 ⫻ 21 ⫻ 13
local patch with 6-grid horizontal and 3-grid vertical
localization, that is, parameters of l ⫽ 10, l ⫽ 6,  ⫽
6.0, and  ⫽ 3.0 (denoting H6V3), seem a reasonable
choice, thus we fix the parameters.

2) ANALYSIS

ERRORS AND ENSEMBLE SPREADS

As shown in Fig. 12, the error level after a 10-day
cycle is as low as 3.0 ⫻ 1020, several times larger than
the 0.6 ⫻ 1020 of OSSE1 (Figs. 2 and 3). Figure 13
shows zonal mean analysis RMSE of wind components,
temperature, and surface pressure, temporally averaged for 21 days after the initial spinup. Large errors
are located mostly in polar regions, especially in the
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Southern Hemisphere where few observations are
available. Analysis errors are quite low in most regions,
as low as 2.0 m s⫺1 for wind components, 1.0 K for
temperature, and 0.5 hPa for surface pressure. To see
the horizontal distribution of the analysis errors, Fig. 14
shows temporally averaged analysis RMSE and ensemble spread. Both fields show good correspondence,
with a high pattern correlation of 0.96. The pattern generally represents the spatial distribution of surface observing stations, where we see small errors over land.
The RMSEs and ensemble spreads of analysis and firstguess fields of surface pressure averaged both temporally and spatially are shown in Table 2. While the
Northern Hemisphere and the Tropics show small errors, significantly larger errors appear in the Southern
Hemisphere, as we have already seen in Figs. 13d and
14. Errors in the Southern Hemisphere are about twice
as large as other regions. The ensemble spreads are
almost equal to RMSEs in the Northern Hemisphere.
In the Southern Hemisphere, the ensemble spreads are
larger than the RMSEs, but the opposite is true in the
Tropics. The results suggest that each region may have
a different optimal covariance inflation. The first-guess
ensemble spreads are larger than the analysis ensemble
spreads; namely, the analysis ensemble perturbations
are growing in 6 h. Overall, the ensemble spreads
capture the true error variance well, indicating the
LETKF’s ability to capture reasonable error structures.

c. Experiments with real observations
Figure 15 shows the sea level pressure analysis fields
at 0000 UTC 16 August 2004, where the LETKF analysis with AFES looks almost identical to the JMA operational analysis (3DVAR at the time). The difference
between the two analysis fields is mostly as small as 0.5
hPa, and differences larger than 3.0 hPa appears over
Antarctica, where few observations are available. Fiveday forecast experiments initiated by three analyses
(LETKF analysis, JMA operational analysis, and NNR)
are performed. Figure 16 shows the verifications of 48-h
forecast accuracy against their own analyses, where we
see generally similar errors among the LETKF analysis,
JMA operational analysis, and NNR, all forecasted
with the same AFES model. NNR shows the largest
errors among the three analyses in all regions, possibly
because of the lower resolution. In the NH there is no
significant difference between the LETKF and JMA
analyses, but in the SH LETKF shows larger errors
than the JMA analysis. There are many conventional
observations in the NH but much less in the SH, thus
satellite radiances play more important roles in the SH.
Because LETKF does not assimilate satellite radiances,
it is expected to be less accurate in the SH than the
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FIG. 13. Zonal mean analysis RMSE of LETKF with 40 ensemble members, temporally averaged for 21 days
from 0000 UTC 11 August 2004 to 1800 UTC 31 August 2004 after the initial spinup of the first 10 days. (a) Zonal
and (b) meridional wind components (m s⫺1), (c) temperature (K), and (d) surface pressure (hPa) are shown.

JMA analyses. To confirm that the above verification
against their own analyses is a fair choice, a similar
verification of forecast errors is computed against the
JMA operational analysis. The results are similar to the
above results, but with the largest errors of LETKF in
the SH. The JMA forecast errors are the smallest in the
NH, but we should note that the verification against the
JMA analysis is favorable to the JMA analysis. Based
on the forecast verification against the JMA analysis,
we would conclude that the verification against their
own analyses was fair.

6. Summary and discussion
LETKF is developed and assessed with the AFES
model at a T159/L48 resolution with sophisticated
physical processes. This resolution is similar to currently operational data assimilation and ensemble prediction systems. In this study, we performed three kinds
of experiments: 1) perfect model experiments with a

regular observing network (OSSE1), 2) perfect model
experiments with a real observing network (OSSE2),
and 3) experiments with real observations. From
OSSE1, we found that even at this resolution with sophisticated physical processes LETKF does not diverge, even with 10 members. The filter is significantly
stabilized with more than 20 members, in which case
the surface pressure analysis errors are less than half as
large as the observational errors. Moreover, it is very
efficient in parallel architectures and requires approximately 200 s of computation per analysis cycle when the
ensemble size equals to the number of computational
nodes on the Earth Simulator. Furthermore, with the
highly irregular real observing network in OSSE2,
LETKF is stable, showing analysis errors as small as 2.0
m s⫺1 for wind components, 1.0 K for temperature, and
0.5 hPa for surface pressure in most regions, although
significantly larger errors appear in polar regions, especially over the SH oceans, where few observations
are available. The ensemble spreads capture the actual
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FIG. 14. Spatial distribution of the analysis (top) RMSE and (bottom) ensemble spread of
surface pressure (hPa), temporally averaged for 21 days from 0000 UTC 11 Aug 2004 to 1800
UTC 31 Aug 2004 after the initial spinup of the first 10 days.

error structures well, representing the observing network in general. However, the spreads are larger than
the actual errors in the Southern Hemisphere and the
opposite is true in the Tropics, which suggests that the
optimal covariance inflation may be different in each
region. In terms of the required computational time
and ensemble size, this research is a realistic operational implementation of LETKF.

It is noted that Szunyogh et al. (2005) showed good
performance with the 40-member LEKF using the
NCEP GFS at a T62/L28 resolution. Increasing the
resolution means increasing the number of d.o.f. of the
local patch with the same physical scale, so we may
need more ensemble members to reduce sampling errors and stabilize the filter. However, our results suggest that the required ensemble size is not proportional
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TABLE 2. RMSEs and ensemble spreads of analysis and first-guess fields of surface pressure (hPa), horizontally averaged over each
region and temporally averaged for 21 days from 11 to 31 Aug 2004.

Analysis RMSE
Analysis spread
Guess RMSE
Guess spread

Global (90°S–90°N)

NH (20°–90°N)

Tropics (20°S–20°N)

SH (20°–90°S)

0.574
0.639
0.756
0.838

0.401
0.402
0.641
0.600

0.481
0.427
0.597
0.506

0.844
1.10
1.04
1.42

to the model resolution, although experiments with a
higher resolution model are necessary for more precise
discussion.
The sensitivities to the localization parameters are
investigated in this study. Although Houtekamer et al.
(2005) used the localization weighting function, which
drops to zero at 2800 km (Gaussian length scale of
about 770 km), we found that with 40 ensemble members, 6 grid points (about 480 km) is optimal in OSSE2
with a real observing network. The optimal length scale
is dependent on the ensemble size and observing net-

work. The effect of localization is a trade-off between
reducing sampling errors and extracting flow-dependent error information. With a more severe localization, we reduce sampling errors but extract less flowdependent error information. Sampling errors are
strongly affected by the ensemble size. When the ensemble size is given, it would be suggested that the
localization scale be tuned. We found that the system is
stable with just 10 members in OSSE1. However, a
more severe localization would reduce the advantage of
EnKF. Note that in LETKF, more computations are

FIG. 15. Sea level pressure analysis fields (hPa) at 0000 UTC 16 Aug 2004. (top left) AFES–LETKF analysis, (top right) JMA
operational analysis, (bottom left) AFES–LETKF ensemble spread, and (bottom right) the difference between AFES–LETKF and
JMA analyses.
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FIG. 16. A graph of 48-h forecast RMS errors of 500-hPa height
(m), averaged over 16 days initialized on 11–26 Aug 2004. The
errors are defined as the differences between 48-h forecasts and
their own analyses. JMA–AFES2.2 indicates that JMA operational analyses are forecasted by AFES2.2, and similarly for NNR
and LETKF.

required with a larger local patch size. Computational
capacity limits not only the ensemble size but also the
localization parameters. The model resolution, ensemble size, and localization parameters interact nonlinearly to affect the analysis accuracy and computational cost. We need to find an optimal combination
among them.
The effects of localization in the polar regions indicate that, because of the latitudinal difference in physical length in the zonal direction, it is preferred that the
localization scale would be different in latitudes. Although the Gaussian-type localization damps the tails
of the covariance smoothly, the current localization
omits most significant covariance near poles. The current implementation of LETKF assumes horizontally
uniform localization scales in the model grid space. We
could improve the LETKF by considering horizontal
uniformity in the physical space.
The dynamical balance is a key issue in atmospheric
data assimilation. Initialization procedures to omit artificial fast oscillations caused by imbalance in initial
conditions were not applied in this study as in Miyoshi
(2005) and Szunyogh et al. (2005). However, as already
described, imbalance is introduced by the error covariance localization, which is essential in EnKF with a
limited ensemble size. The error covariance was computed and plotted using 40 ensemble members in
OSSE1, indicating the effects of the covariance localization. We found that the cross-covariance dipole
structure, which corresponds to the dynamical balance,
is basically conserved after the localization, although
the peak amplitudes are damped. The peak amplitude
reduction is a major source of the imbalance in EnKF
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(J. D. Kepert 2006, personal communication). These
discussions are based on the conventional localization
that directly multiplies weights to the error covariance
itself, not the observation localization used in the
LETKF. Because the observation localization is different from the conventional localization, it is not clear to
what extent the statements are valid in the case of the
observation localization. It is an open question how the
observation localization affects the balance. An additional forecast experiment has been performed to investigate if any artificial oscillations are identified at the
beginning of the model integration, but no such oscillation tendencies are identified except for gravity waves
by natural sources such as mountains and convections.
The results with real observations are encouraging
because the LETKF produces a reasonable analysis. In
the NH, the LETKF analysis shows a similar level of
accuracy to JMA’s operational analysis. In the SH,
JMA’s operational analysis outperforms the LETKF
analysis, mostly because of the use of satellite radiances. AFES outperforms NNR in the 48-h forecast
verification, but we note that NNR has been analyzed
with a lower T62/L28-resolution NCEP model. Because
of the model differences and the reduced resolutions by
the pressure-level data for the operational analyses, it is
not straightforward to precisely compare the analyses,
but the results obtained in this study suggest that the
LETKF analysis is as accurate as the operational
3DVAR analyses.
Although this study is important in the ways described above, there are three main limitations: the
simple treatment of model errors, no use of satellite
radiances, and insufficient investigations of innovation
statistics. Because EnKF is sensitive to model errors
(e.g., T. Miyoshi et al. 2006, personal communication),
special treatments are required. Dee (1995) pointed out
that quantitative information of the model errors is indispensable in Kalman filter assimilating real observations. In fact, when Houtekamer et al. (2005) and
Whitaker et al. (2007) assimilated real observations
with EnKF, they needed to manually enlarge the error
covariance, that is, ensemble spreads, to account for
model errors. Houtekamer et al. (2005) added a model
error term using flow-independent error covariance
used in 3DVAR, the method known as the “additive
covariance inflation.” Whitaker et al. (2007) applied
not only covariance inflation but also the “relaxation to
prior” method, mixing background and analysis ensemble perturbations. In addition, they changed multiplicative inflation parameters in the NH and SH because of the large spatial dependence of the observational densities. T. Miyoshi et al. (2006, personal
communication) discuss the importance of covariance
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inflation in the presence of model errors; in addition,
they suggest effectiveness of model bias correction (cf.
Dee and da Silva 1998; Danforth et al. 2007) within
EnKF. In this study, we applied a large multiplicative
covariance inflation (10% spread inflation) in order for
LETKF to be stable in assimilating real observations.
More sophisticated treatment, such as additive inflation
and spatially dependent inflation factors, may improve
the analysis accuracy and global structure of ensemble
spreads. As for satellite radiances, because of the recent
continuous increase of the data, their use became a
major field of atmospheric data assimilation. Satellite
radiances play important roles especially in data-poor
regions such as the SH oceans and stratosphere. The
last point is on the innovation statistics. We used the
observational errors estimated by JMA operational system. However, because we use a different model, the
innovation statistics may be different. The observational error standard deviations by JMA may not be
optimal for the AFES–LETKF system. In fact, the
adaptive inflation did not work in the experiments assimilating real observations, possibly because of poor
observational error settings. According to Bormann et
al. (2003), observational errors assigned to AMVs at
different NWP centers vary by more than a factor of 2.
Making the most use of innovation statistics to optimally estimate observational errors and covariance inflation parameters may have nonnegligible impacts on
the analysis quality. These are future directions to further approach the operational use of the LETKF.
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