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ABSTRACT

Through observing system simulation experiments, this two-part study exploits the potential of using the
ensemble Kalman filter (EnKF) for mesoscale and regional-scale data assimilation. Part I focuses on the
performance of the EnKF under the perfect model assumption in which the truth simulation is produced
with the same model and same initial uncertainties as those of the ensemble, while Part II explores the
impacts of model error and ensemble initiation on the filter performance. In this first part, the EnKF is
implemented in a nonhydrostatic mesoscale model [the fifth-generation Pennsylvania State University—
NCAR Mesoscale Model (MM5)] to assimilate simulated sounding and surface observations derived from
simulations of the “surprise” snowstorm of January 2000. This is an explosive East Coast cyclogenesis event
with strong error growth at all scales as a result of interactions between convective-, meso-, and subsynoptic-
scale dynamics.

It is found that the EnKF is very effective in keeping the analysis close to the truth simulation under the
perfect model assumption. The EnKF is most effective in reducing larger-scale errors but less effective in
reducing errors at smaller, marginally resolvable scales. In the control experiment, in which the truth
simulation was produced with the same model and same initial uncertainties as those of the ensemble, a 24-h
continuous EnKF assimilation of sounding and surface observations of typical temporal and spatial reso-
lutions is found to reduce the error by as much as 80% (compared to a 24-h forecast without data assimi-
lation) for both observed and unobserved variables including zonal and meridional winds, temperature, and
pressure. However, it is observed to be relatively less efficient in correcting errors in the vertical velocity
and moisture fields, which have stronger smaller-scale components. The analysis domain-averaged root-
mean-square error after 24-h assimilation is ~1.0-1.5 m s~ ' for winds and ~1.0 K for temperature, which
is comparable to or less than typical observational errors. Various sensitivity experiments demonstrated that
the EnKF is quite successful in all realistic observational scenarios tested. However, as will be presented in
Part II, the EnKF performance may be significantly degraded if an imperfect forecast model is used, as is
likely the case when real observations are assimilated.
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1. Introduction

The ensemble-based data assimilation method [en-
semble Kalman filter (EnKF); Evensen 1994], which
uses short-term ensemble forecasts to estimate the
flow-dependent background error covariance, has re-
cently been implemented in various atmospheric and
oceanic models. These models vary from idealized ex-
amples based on simplified equation sets to those based
on the complete, primitive equations with assimilation
of real observations (Houtekamer and Mitchell 1998,
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2001; Hamill and Snyder 2000; Keppenne 2000; Ander-
son 2001; Mitchell et al. 2002; Keppenne and Rienecker
2002; Whitaker and Hamill 2002; Zhang and Anderson
2003; Snyder and Zhang 2003; Houtekamer et al. 2005;
Whitaker et al. 2004; Dowell et al. 2004; Zhang et al.
2004; Aksoy et al. 2005). These experimental studies
demonstrated the feasibility and effectiveness of the
EnKF for different scales and flows of interest and the
advantages of using the EnKF over existing data as-
similation schemes, which assume stationary, isotropic
background error covariance. This present study seeks
to exploit the potential of using the EnKF to assimilate
simulated sounding and surface observations for meso-
scale and regional-scale numerical weather prediction
systems, which often include dynamics and interactions
among convective, meso-, and subsynoptic scales.
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Recently, short-term ensemble forecasts generated
with different sets of initial perturbations were used to
examine the dynamics and structure of mesoscale error
covariance of the 24-25 January 2000 surprise snow-
storm (Zhang 2005). In the ensemble forecast initiated
with rescaled random perturbations, initial errors grow
from smaller-scale, largely unbalanced and uncorre-
lated perturbations to larger-scale, quasi-balanced dis-
turbances within 12-24 h. Comparable ensemble spread
is found in ensemble forecasts initialized with balanced
random perturbations or with gridpoint random pertur-
bations. In all ensemble forecasts, the error growth is
maximized in the vicinity of the strongest mean poten-
tial vorticity (PV) gradient and over the area of active
moist convection, consistent with the lower predictabil-
ity in these regions (Zhang et al. 2002, 2003). Conse-
quently, the initially largely uncorrelated, mostly ran-
dom errors evolve into strong coherent structures with
spatial correlation not only within individual variables
(autocovariance) but also between different forecast
variables (cross covariance), especially over the region
of strong cyclogenesis and along the upper-level front.
The error covariance is highly anisotropic. Dramatic
differences in magnitude, structure, and sign are found
between covariances estimated from the same set of
ensemble forecasts but verified at different times. The
structure of the mesoscale error covariance is ulti-
mately determined by the underlying governing dynam-
ics and the associated error growth.

The spatial and cross covariance estimated from the
short-term ensemble forecast has the potential to
spread observational information nonuniformly to both
observed and unobserved variables at different vertical
layers (e.g., from the upper troposphere to the surface
and vice versa) with a horizontal radius of influence
potentially greater than 1000 km. The flow-dependent
nature of the error growth dynamics and the covariance
structure further demonstrates the necessity to use
anisotropic and flow-dependent representations of
background error covariance for mesoscale and re-
gional-scale data assimilation.

The current study seeks to examine the significance
and the effectiveness of the error covariance estimated
from the short-term ensemble forecasts for mesoscale
and regional-scale data assimilation for the same event
as in Zhang (2005). Section 2 introduces the forecast
model and the formulation and configuration of the
EnKF. The truth simulation and the reference forecast
ensemble are presented in section 3. Performance of
the control EnKF experiment is examined in section 4.
Forecast error growth from ensembles with and without
the EnKF is discussed in section 5. The sensitivity ex-
periments to EnKF configuration, data coverage, fre-
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F1G. 1. Map of the model domain. Only data in shaded areas
are assimilated and analyzed.

quency, and uncertainty of observations are presented
in section 6. Summary and conclusions are presented in
section 7. The impacts of model error and ensemble
initiation on the filter performance will be explored in
Meng and Zhang (2005; manuscript submitted to Mon.
Wea. Rev., hereafter Part II).

2. Forecast model and EnKF

The study uses the nonhydrostatic fifth-generation
Pennsylvania State University—National Center for At-
mospheric Research (NCAR) Mesoscale Model
(MMS5) (Dudhia 1993). The model domain has 190 X
120 horizontal grid points with 30-km grid spacing and
covers the continental United States (Fig. 1). There are
27 layers in the terrain-following vertical coordinate
with model top at 100 hPa and vertical spacing smallest
within the boundary layer. The model has a total of 10
prognostic variables including three Cartesian velocity
components (u, v, w), pressure perturbation (p’), tem-
perature (7)), and mixing ratios for water vapor (q),
cloud water (q.), rainwater (q,), cloud ice (g,), and
graupel (q,). Details and references on the model con-
figuration can be found in Zhang et al. (2002, hereafter
ZSR02). The state dimension of the forecast model is
~107. Observations are taken only from the shaded
area in Fig. 1 and only state vectors in this inner box are
updated and analyzed.

The EnKF was first proposed for geophysical appli-
cations by Evensen (1994). The implementation of the
EnKF used in the current study follows closely that of
Snyder and Zhang (2003). As in standard Kalman filter,

x*=x' + K(y — Hx?), (1)

where x' represents the prior estimate or first guess, x*
is the posterior estimate or analysis, y is the observation
vector, H is the observation operator that returns ob-










































