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ABSTRACT

Using a nonhydrostatic numerical model with horizontal grid spacing of 24 km and nested grids of 6- and
3-km spacing, the authors employ the scaled lagged average forecasting (SLAF) technique, developed
originally for global and synoptic-scale prediction, to generate ensemble forecasts of a tornadic thunder-
storm complex that occurred in north-central Texas on 28–29 March 2000. This is the first attempt, to their
knowledge, in applying ensemble techniques to a cloud-resolving model using radar and other observations
assimilated within nonhorizontally uniform initial conditions and full model physics. The principal goal of
this study is to investigate the viability of ensemble forecasting in the context of explicitly resolved deep
convective storms, with particular emphasis on the potential value added by fine grid spacing and proba-
bilistic versus deterministic forecasts. Further, the authors focus on the structure and growth of errors as
well as the application of suitable quantitative metrics to assess forecast skill for highly intermittent phe-
nomena at fine scales.

Because numerous strategies exist for linking multiple nested grids in an ensemble framework with none
obviously superior, several are examined, particularly in light of how they impact the structure and growth
of perturbations. Not surprisingly, forecast results are sensitive to the strategy chosen, and owing to the
rapid growth of errors on the convective scale, the traditional SLAF methodology of age-based scaling is
replaced by scaling predicated solely upon error magnitude. This modification improves forecast spread and
skill, though the authors believe errors grow more slowly than is desirable.

For all three horizontal grid spacings utilized, ensembles show both qualitative and quantitative improve-
ment relative to their respective deterministic control forecasts. Nonetheless, the evolution of convection at
24- and 6-km spacings is vastly different from, and arguably inferior to, that at 3 km because at 24-km
spacing, the model cannot explicitly resolve deep convection while at 6 km, the deep convection closure
problem is ill posed and clouds are neither implicitly nor explicitly represented (even at 3-km spacing,
updrafts and downdrafts only are marginally resolved). Despite their greater spatial fidelity, the 3-km grid
spacing experiments are limited in that the ensemble mean reflectivity tends to be much weaker in intensity,
and much broader in aerial extent, than that of any single 3-km spacing forecast owing to amplitude
reduction and spatial smearing that occur when averaging is applied to spatially intermittent phenomena.
The ensemble means of accumulated precipitation, on the other hand, preserve peak intensity quite well.

Although a single case study obviously does not provide sufficient information with which to draw general
conclusions, the results presented here, as well as those in Part II (which focuses solely on 3-km grid spacing
experiments), suggest that even a small ensemble of cloud-resolving forecasts may provide greater skill, and
greater practical value, than a single deterministic forecast using either the same or coarser grid spacing.
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1. Introduction

Ensemble forecasting—or the creation of multiple,
concurrently valid forecasts from slightly different ini-
tial conditions, from different models, from the same
model initialized at different times, and/or via the use of
different physics options within the same or multiple
models—has become the cornerstone of medium-range
(6–10 days) operational global numerical weather pre-
diction (NWP) (e.g., Kalnay 2003). Extension of this
methodology to the regional scale (1–3 days), fre-
quently referred to as short-range ensemble forecasting
(SREF), has been underway for some time (e.g.,
Brooks et al. 1995; Du and Tracton 2001; Hamill et al.
2000; Hou et al. 2001), though for global models within
a framework of hydrostatic dynamics and horizontal
grid spacing that cannot explicitly resolve convective
clouds.

In the context of nonhydrostatic cloud-resolving
models, considerable attention has been directed dur-
ing the past decade toward the explicit numerical pre-
diction of convective storms using fine-scale observa-
tions from Doppler radars and other sensing systems
(e.g., Droegemeier et al. 1996; Xue et al. 1996; Carpen-
ter et al. 1997, 1999; Droegemeier 1997; Sun and Crook
1998; Weygandt et al. 1998; Crook and Sun 2002, 2004;
Xue et al. 2003; Alberoni et al. 2003). However, the
numerous sensitivities evident at small scales (e.g.,
Brooks et al. 1992; Crook 1996; Hu and Xue 2002;
Adlerman and Droegemeier 2002; Martin and Xue
2004; Dawson and Xue 2006) strongly suggest that
probabilistic, rather than deterministic approaches, will
be required for practicable storm-scale NWP.

Initial efforts directed toward comparing fine-grid
forecasts from nonhydrostatic models against coarse-
grid ensemble forecasts from hydrostatic models began
several years ago with the Storm and Mesoscale En-
semble Experiment (SAMEX) (Hou et al. 2001). Four
different models, operating at grid spacings of approxi-
mately 30 km, were used to generate a total of 25 fore-
casts per day, with no finer-grid forecasts created owing
to technical difficulties. In some cases, perturbations
were applied to initial conditions while in others, mul-
tiple physics parameterizations were used. Not surpris-
ingly, the grand ensemble of 25 forecasts exhibited
quantitative skill far superior to any of the ensembles
generated by a given model (Hou et al. 2001). SAMEX
also demonstrated the importance of specifying lat-
eral boundary condition perturbations in a manner
consistent with those applied to the interior of the do-
main.

Although studies in recent years have explored

storm-scale ensemble forecasting (hereafter SSEF) in a
simple context via the use of cloud models initialized
with horizontally homogeneous environments and ther-
mal impulses to trigger convection (e.g., Sindic-Rancic
et al. 1997; Elmore et al. 2002a,b, 2003), full-physics
storm-scale ensembles that include terrain, horizontally
varying initial conditions, and the assimilation of real
observations—particularly from Doppler radar—have
yet to be attempted. The present paper takes the first
step in that direction, building upon the work of Levit
et al. (2004) by applying the scaled lagged average fore-
casting (SLAF) technique (Ebisuzaki and Kalnay
1991), suitably modified, to a tornadic thunderstorm
complex that occurred in north-central Texas on 28
March 2000 (Xue et al. 2003). Specifically, we use mul-
tiple nesting (grid spacings of 24, 6, and 3 km) within
the Advanced Regional Prediction System (ARPS; Xue
et al. 2000, 2001, 2003) to produce a five-member en-
semble on each of the grids and perform a variety of
quantitative comparisons against available observa-
tions.

Owing to the lack of a unique method for linking the
three grids, we explore several approaches and also ex-
amine solution sensitivity to physics options and other
parameter variations. Our principal goal is to investi-
gate the viability of ensemble forecasting in the context
of explicitly resolved deep convective storms with par-
ticular emphasis on the potential value added by fine
grid spacing and probabilistic versus deterministic fore-
casts. Although a single case study obviously does not
provide sufficient information with which to draw gen-
eral conclusions, the present work represents a first
step. An additional goal is to study the structure and
growth of errors, as well as the application of suitable
quantitative metrics, to assess forecast skill for highly
intermittent phenomena. In Part II of this paper (Kong
et al. 2006, manuscript submitted to Mon. Wea. Rev.,
hereafter Part II), we focus exclusively on 3-km grid
spacing forecasts and examine a number of strategies
for creating their ensembles. Further, we perform de-
tailed quantitative verification against rain gauge–
calibrated precipitation estimates from the Fort Worth,
Texas, Weather Surveillance Radar-1988 Doppler
(WSR-88D) and examine the impact of radar data on
ensemble skill.

Section 2 provides an overview of the tornadic storm
case while section 3 describes the model configuration
and experiment design. Ensemble perturbation struc-
ture and error growth are examined in section 4, and
qualitative performance as well as quantitative skill are
assessed in section 5. We conclude in section 6 with a
summary and outlook for future work.
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2. The Fort Worth tornadic thunderstorm system

We chose the 28–29 March 2000 Fort Worth, Texas,
tornadic thunderstorm system because it is well docu-
mented and has been used successfully in fine-grid fore-
cast experiments with the ARPS (Xue et al. 2003). The
storm complex, shown by the KFWS WSR-88D [Next-
Generation Weather Radar (NEXRAD)] Doppler ra-
dar images in Fig. 1, produced two tornadoes between
0015 and 0115 UTC on 29 March 2000, one of which
traversed the metropolitan Fort Worth area from 0018
to 0028 UTC, causing two deaths, many injuries, and
extensive damage to buildings. The second tornado
passed through Arlington and Grand Prairie, Texas,
between 0105 and 0115 UTC. Torrential rain produced
flooding, and softball-sized hail caused three additional
casualties. Total storm damage was estimated at $450
million (NCDC 2000).

The synoptic setting for this event consisted of a Pa-
cific trough that moved quickly inland during the pre-
ceding 24 h, and at 0000 UTC on 29 March, the trough
axis was located over the Texas panhandle, with winds
approaching 50 kt at 500 hPa over Fort Worth (Fig. 2a).
As this trough brought cooler air southward and east-
ward through the plains, a surface low in the Texas
panhandle on the morning of 28 March helped draw
warm, moist low-level air from the Gulf of Mexico
northward into central Texas. The National Centers for
Environmental Prediction (NCEP) operational Rapid
Update Cycle (RUC) analysis (not shown) depicted a
dryline bulging eastward over north-central Texas by
2100 UTC, with a maximum in CAPE over the same
region (Fig. 2b). The NCEP Eta Model (not shown)
predicted no precipitation south of the Red River (in
north-central Texas) in the 12 h prior to 0000 UTC on
29 March, in large part because of its relatively coarse
horizontal grid spacing (32 km) and hydrostatic dynam-
ics. However, forecasters were well aware of the like-
lihood of severe weather, and the National Oceanic and
Atmospheric Administration (NOAA) Storm Predic-
tion Center issued tornado watches for north Texas be-
ginning at 2053 UTC, more than 3 h prior to the Fort
Worth tornado.

3. Model configuration and experiment design

a. General approach and model configuration

The design of our experiments is guided by the fact
that SSEF differs from traditional global or short-range
ensemble forecasting in several ways. First, in light of
available computing resources, the extremely fine grid
spacing required by SSEF necessitates the use of mul-
tiple nested grids. This complicates the construction of

initial perturbations because no unique strategy exists
for linking multiple grids, as described below. Second,
large domains generally are desirable for reducing the
impact on spread, within small domains, of lateral
boundary conditions (see Nutter et al. 2004), but this
comes at the expense of fine grid spacing, which is par-
ticularly important in SSEF. For example, in global en-
semble forecasting, the grid spacing or spectral trunca-
tion of ensemble members is coarser than that of the
control run, usually by a factor of 3–5. Such coarsening,
however, is not feasible in SSEF, where individual con-
vective elements in a control run using 2-km grid spac-
ing, for example, likely would be unresolved using a
spacing of 6–10 km for the ensembles. Finally, tech-
niques used in hydrostatic global and regional models
for generating the most rapidly growing modes (e.g.,
Hamill et al. 2000) may not be applicable at the con-
vective scale owing to intrinsic differences in dynamics
and energetics. As discussed below, a modified form of
the SLAF technique is applied here to partly account
for such differences.

The model used in this study, ARPS, is a three-
dimensional, nonhydrostatic compressible numerical
weather prediction system (Xue et al. 2000, 2001, 2003)
with comprehensive physics and a self-contained data
ingest, quality control, retrieval, and assimilation sys-
tem (Xue et al. 2003). In this study we employ grid
nesting (Fig. 3) using 24-, 6-, and 3-km spacing for the
coarse-, medium-, and fine-grid domains, respectively.
The 3-km grid spacing domain (hereafter 3-km domain)
is centered over Fort Worth with sufficient coverage to
contain the principal features of interest while main-
taining some distance from the lateral boundaries. All
grids use 53 terrain-following vertical layers, with non-
linear stretching, via a hyperbolic tangent function, that
yields a spacing of 20 m at the ground that expands to
approximately 800 m at the top of the domain (located
at approximately 20-km altitude). A more complete list
of model parameters and options used is provided in
Table 1.

b. Construction of perturbations in the 24-km grid
forecasts

Several approaches are available for creating en-
semble initial conditions, including Monte Carlo (ran-
dom perturbations) (e.g., Mullen and Baumhefner
1989), breeding of growing modes (e.g., Toth and Kal-
nay 1993, 1997), lagged average forecasting (e.g., Hoff-
man and Kalnay 1983), singular vectors (e.g., Hamill et
al. 2000), physics perturbations (e.g., Stensrud et al.
2000), and ensemble Kalman-filter-based techniques
(e.g., Houtekamer and Mitchell 1998; Hamill and Sny-
der 2000; Wang and Bishop 2003). These methods have
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FIG. 1. Fort Worth (KFWS) WSR-88D lowest-elevation-angle reflectivity every 30 min from 2300 UTC on 28
Mar through 0230 UTC on 29 Mar 2000. The time (UTC) is shown in upper-left corner of each panel, and the “�”
mark shows the location of Fort Worth, TX.
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been applied with success to large-scale hydrostatic
NWP models but may not directly be applicable to non-
hydrostatic SSEF. Nevertheless, because this study rep-
resents a first attempt to study SSEF in the context of
an observed storm system using full-physics NWP, we
employ a modified version of an existing large-scale
technique, the SLAF method (Ebisuzaki and Kalnay
1991; Hou et al. 2001), using a single model and a fixed
set of physics options for each nested domain. Toth and
Kalnay (1993) showed that SLAF perturbations repre-
sent realistic short-term forecast errors stemming from
errors in the analysis. Consequently, the errors grow
faster than their Monte Carlo counterparts in global
models yet slower than bred or singular vectors. A com-
parison of performance among methods is beyond the
scope of the present study but is being examined using
idealized cloud-scale experiments to be reported on
subsequently.

For each of the three grids, we generate a five-
member SLAF ensemble consisting of one control fore-
cast and four perturbed members. The latter are con-
structed by forming the difference fields between a pre-
vious ARPS forecast and a verifying analysis, followed
by appropriate scaling. We then add and subtract these
scaled difference fields from the same verifying analysis
(which serves as the initial condition for the control
run) to form two (paired) ensemble members. A five-
member SLAF thus requires two previous ARPS fore-
casts. Although a larger ensemble no doubt would pro-
duce more reliable statistics (e.g., Toth and Kalnay
1997; Hou et al. 2001), our experience with idealized
cloud-scale simulations suggests that five members is
adequate, perhaps minimally so, for achieving the goals
of this initial study while keeping at a manageable level

the complexity of the experiment design and required
computing resources.

Figure 4 shows the general procedure outlined above
applied to the 24-km ensemble. Symbols P1 and P2
represent ARPS forecasts initiated at 0600 and 0000
UTC, respectively, on 28 March 2000, while forecast P0
is initiated at 1200 UTC in the same manner and serves
as the control run. Initial conditions for P0-P2 are gen-
erated using the ARPS Data Assimilation System
(ADAS) (Brewster 1996) with the corresponding
NCEP Eta analysis as the background state.1 (Note that
in a continuous operational cycle, the background field
and ensembles likely would be created by the same
model.) Observations used by ADAS include standard
surface data, wind profiler, and rawinsonde data, Air-
craft Communications Addressing and Reporting Sys-
tem (ACARS) commercial aircraft wind and tempera-
ture data, Geostationary Operational Environmental
Satellite (GOES) visible and infrared satellite data, and
Oklahoma Mesonet data. No radar data are used in the
24-km domain.

Ensemble members S1 and S2 are generated by sub-
tracting and adding, respectively, the difference fields
between the 6-h forecast from P1, valid at 1200 UTC,
and the 1200 UTC ADAS assimilated analysis that is
used to initiate forecast P0. This set of difference fields,
labeled perturbation 1 in Fig. 4, also serves as a refer-
ence for perturbation amplitudes. Ensemble members
S3 and S4, with scaled perturbations (perturbation 2)
subtracted and added, respectively, likewise are created

1 The operational Eta Model utilized a horizontal grid spacing
of 32 km but the gridded binary (GRIB) files used here had a
spacing of 40 km.

FIG. 1. (Continued)
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from P2 and P0. If we were to follow the traditional
SLAF technique used in medium-range ensemble fore-
casting (Ebisuzaki and Kalnay 1991), in which pertur-
bations are scaled by their age, then a scaling factor of
unity should be used for perturbations S1 and S2 and a
factor of 0.5 for perturbations S3 and S4. However, the
linear error growth assumption associated with this
scaling method does not hold true in the present study,
especially for deep convection at fine grid spacings.
Consequently, we amend the SLAF methodology and
scale according to the reference amplitudes described
above, using as metrics the domain-wide rms difference
of the three wind components along with potential tem-
perature, pressure, and water vapor mixing ratio. With
that accomplished (details are provided in section 4),
each of the five ensemble members (P0, S1, S2, S3, and
S4) is integrated for 18 h using the same model con-
figuration, with lateral boundaries perturbed in a man-
ner consistent with the initial conditions.

c. Construction of perturbations on nested grids

Grid nesting complicates the construction of en-
sembles in SSEF because no unique strategy exists for
linking fine grids to their coarser parents. Further, in an
operational context, fine grids might be spawned ir-
regularly in time and space, thus precluding the assur-
ance that fine-grid background fields from previous
forecasts will be available on a regular basis. Assuming
that a coarse-grid forecast always is available, one could
generate perturbations from it and then interpolate
them to finer grids. This approach could be applied to
both SLAF and breeding methods, though an obvious
drawback is the lack of dynamical consistency among
grids, including potentially the use of different physics
options at different grid spacing.

With that in mind, and to begin addressing the many
questions associated with the construction of ensembles
using multiple nested grids, we employ a single strategy
in the experiments described herein and examine two
additional strategies in Part II. None is intended to rep-
resent an optimal methodology, yet each produces dif-
ferent error growth structures and forecast skill.

Figure 5 shows a nesting procedure under the as-
sumption that previous forecasts from only the coarsest
grid are available. As indicated by the uppermost
curved arrow, a 6-km control forecast (labeled cn6) is
initiated at 1800 UTC on 28 March 2000 using the 6-h,
24-km grid ARPS forecast, interpolated to 6 km, as the
background state. WSR-88D level III reflectivity and
other observations are assimilated by ADAS into this
6-km analysis valid at 1800 UTC. Owing to the absence
of 6-km forecasts prior to 1800 UTC, ensemble pertur-
bations at 6-km grid spacing are constructed by first
interpolating onto the 6-km grid the two previous 24-
km ARPS forecasts valid at 1800 UTC (i.e., P1 and P2),

FIG. 2. Fields valid at 0000 UTC on 29 Mar 2000: (a) 500-hPa
winds and geopotential heights from the RUC analysis and (b)
storm-relative environmental helicity and CAPE from the eta
analysis. Images provided courtesy of COMET Case Study.

FIG. 3. Nested grid configuration used in the ARPS for all ex-
periments. Horizontal grid spacing and array dimensions are
shown for each grid.
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scaling their difference from the analysis (cn6), and
then adding this difference to, and subtracting it from,
the new analysis at 1800 UTC to produce four ensemble
members: s1 and s3 having negative perturbations,
along with s2 and s4 having positive perturbations. For
both the 24- and 6-km ensembles, the Kain–Fritsch cu-
mulus parameterization scheme (Kain and Fritsch
1993) and the Lin–Tao explicit five-category ice-phase
microphysics scheme (Lin et al. 1983; Tao and Simpson
1993) are used.

The 3-km ensemble, initiated at 2300 UTC, follows a
similar procedure. The control member (cn3) uses as a
background state the 5-h ARPS forecast from experi-
ment cn6, interpolated to 3 km, into which are assimi-
lated WSR-88D level III reflectivity and radial wind
data, along with other observations noted previously.
Two pairs of ensemble perturbations at 3 km are con-
structed by first interpolating P1 and P2, valid at 2300
UTC, onto the 3-km grid, scaling their difference from
the control run (cn3), and then adding this difference to

and subtracting it from the new 3-km analysis at 2300
UTC to produce four perturbed members (s1, s2, s3,
and s4). As discussed below and in contrast to the 24-
and 6-km spacing experiments, observations are assimi-
lated into both the control and perturbation experi-
ments at 3-km spacing.

4. Scaling of perturbations

Examining perturbation size and error growth rate
for each model grid reveals that traditional SLAF scal-
ing, which normalizes perturbation amplitude based
upon the age of the forecast used to generate the per-
turbation, does not apply for our case. To illustrate,
Figs. 6 and 7 show the 500-hPa and near-surface poten-

FIG. 4. Construction of SLAF ensembles for the 24-km grid
spacing domain.

FIG. 5. Construction of SLAF ensembles for the 6- and 3-km
grid spacing domains.

TABLE 1. Physical and computational parameters used in the simulations.

Parameters Value

Horizontal grid spacing (array size) for grid 1 24 km (238 � 150 points)
Horizontal grid spacing (array size) for grid 2 6 km (180 � 180 points)
Horizontal grid spacing (array size) for grid 3 3 km (180 � 180 points)
Vertical grid stretching function Hyperbolic tangent
Vertical grid spacing (number of levels) 20–800 m (53 levels)
Large time step: grid 1/grid 2/grid 3 20/10/5 s
Small time step: grid 1/grid 2/grid 3 20/10/5 s
Fourth-order mixing coefficient for grid 1 5 � 10�4 s�1

Fourth-order mixing coefficient for grids 2 and 3 3 � 10�4 s�1

Nondimensional divergence damping coefficient 0.05
Rayleigh damping coefficient (applied above 12 km only) 3.33 � 10�3 s�1

Lateral boundary conditions Externally forced, linear time interpolation
Top and bottom boundary conditions Rigid wall with upper sponge
Horizontal and vertical advection scheme Fourth-order with leapfrog time step
Cumulus parameterization—grids 1 and 2 Kain–Fritsch
Microphysics Lin–Tao five-category ice scheme
Turbulence parameterization 1.5-order turbulent kinetic energy (TKE) closure
Radiation parameterization Shortwave: Chou (1990); longwave: Chou and Suarez (1994)
Land surface and vegetation scheme Noilhan and Planton (1989); Pleim and Xiu (1995)
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tial temperature for ensemble perturbation 1 (forecast
P1 minus P0 analysis) and perturbation 2 (forecast P2
minus P0 analysis), respectively, at 1200 UTC on 28
March 2000 from the 24-km ensemble. Both perturba-
tions are scaled linearly with forecast age. The ampli-
tudes in perturbation 2 (Fig. 7) are roughly half those of
perturbation 1 (Fig. 6), instead of the same, as antici-
pated with traditional SLAF. Table 2 lists selected rms
errors for the two perturbations before scaling, which
confirms that perturbations from the previous 6-h fore-
cast (P1 minus P0) and previous 12-h forecast (P2 mi-
nus P0) have the same amplitude, except for potential
temperature.

Figure 8 shows rms errors for the 24-km unperturbed

forecast (P2) versus the corresponding ADAS analysis.
Most errors grow fast initially but then become rela-
tively constant after 6 h. This suggests that error growth
in limited-area mesoscale models reaches saturation
much faster than in their global counterparts,2 as has
been shown in previous studies, presumably because of
lateral boundary condition effects (Warner et al. 1997;
Nutter et al. 2004). Other nested domain forecasts ex-
hibit similar behavior, as shown in Part II.

Based upon these results, linear scaling between two

2 The early peak in rms error, like that exhibited in the spread
(Fig. 9), likely results from an imbalance in the initial conditions.

FIG. 6. Potential temperature for linearly scaled perturbation 1 (P1 – P0) at (a) 500 hPa
and (b) near surface (k � 5) for the 24-km grid spacing ensemble. Values are °C.
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previous forecasts 6 h apart, based upon age, is insuf-
ficient to maintain equity between the two perturbation
amplitudes. We thus replace the traditional age-based
SLAF scaling with an amplitude-based scaling, pro-
vided that the previous forecasts used in constructing
the initial perturbation have reached saturation. Spe-
cifically, using perturbation 1 as a reference, we scale
perturbation 2 based upon the actual amplitude ratios
between them. Although this procedure is, strictly
speaking, no longer SLAF as originally defined
(Ebisuzaki and Kalnay 1991), we continue using this
acronym for simplicity because scaling remains a fun-
damental component of the methodology. It is impor-
tant to note that our scaling is applied independent of
wavelength whereas in reality, the power spectrum of

errors is nonuniform and a function of both time and
space.

Figures 9–11 present comparisons of 24-km en-
sembles using the traditional SLAF and revised ampli-
tude-based scaling methods. For the latter scaling, the

FIG. 7. As in Fig. 6 but for perturbation 2.

TABLE 2. Domain-wide rms errors of selected initial perturbations
from the 24-km ensemble forecast prior to scaling.

Perturbation 1
(P1 – P0)

Perturbation 2
(P2 – P0)

U (m s�1) 3.60 3.50
V (m s�1) 3.42 3.51
� (K) 1.28 2.06
q� (g kg�1) 0.60 0.60
P (hPa) 1.19 1.29
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domain-mean ensemble spreads (defined according to
Hou et al. 2001) are larger (Fig. 9), and the alignment of
the western edge of the 6-h accumulated precipitation
region over Fort Worth agrees better with observa-
tions, as does the limited eastward extent of precipita-
tion near the Oklahoma–Texas border (Figs. 10 and 11;
cf. Fig. 12).

Toth and Kalnay (1997) showed that ensemble skill is
sensitive to the amplitude of the initial perturbation.
Consequently, in addition to the scaling factor of 1.0
applied to perturbation 1, we ran other experiments in
which scaling factors of 0.5, 1.5, and 2.0 were applied to
form new reference values. The results, shown in Fig.
13, demonstrate that an increase (decrease) in initial
perturbation amplitude leads to an increase (decrease)
in ensemble spread (note that the 1X curve is identical
to the amplitude-scaled curve in Fig. 9). The impacts of
initial perturbation amplitude are discussed in the next
section, and in Part II.

5. Results

In this section we present ensemble precipitation
forecasts from each nested grid and compare them with
available observations. The predicted radar reflectivity
for the 3-km grid also is compared against observations,
taking into account known differences between the two
(Smedsmo et al. 2005).3 A more detailed analysis of the
3-km grid experiments, including additional forecast
configurations, is presented in Part II.

3 By comparing vertical profiles of reflectivity produced by a
1-km grid spacing ARPS forecast against WSR-88D level II vol-
ume scan data for the same Fort Worth tornado case as in this
paper, Smedsmo et al. (2005) concluded that a direct comparison
between modeled and observed radar reflectivity is problematic.
Their study found that significant differences exist between mean
reflectivity profiles below the freezing level, due partly to the
limitation of correctly predicting frozen hydrometeor species. The
model reflectivity field was much less variable than the observed
field, differing by 24% in std dev.

FIG. 8. Rms error between the 24-km unperturbed forecast and corresponding ADAS analysis,
computed at 6-h intervals beginning at 0000 UTC on 28 Mar 2000. Fields shown are (a) mean
sea level pressure (hPa), (b) 2-m air temperature (K), (c) 500-hPa geopotential height (m), (d)
2-m dewpoint (°C), (e) 850-hPa temperature (K), and (f) 10-m zonal wind (m s�1).
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a. 24-km ensemble forecast

Six-hour accumulated precipitation from the five 24-
km grid ensemble members, valid at 0000 on UTC 29
March (near the time of the Fort Worth tornado), is
shown in Fig. 14, along with the ensemble mean. Each
member exhibits diversity and captures elements of the
principal precipitation features shown in the stage IV
analysis (Fig. 12). As expected, members S1 and S3 are
similar while S2 and S4 are similar. Precipitation over
the eastern and northeastern United States is captured
to some extent by all members, though generally with a
high bias in both amplitude and area. Forecasts over
central and northern Texas show a mostly eastward bias
in the overall pattern, suggesting that the predicted fea-
tures move too fast. The large accumulation over north-
east Texas predicted by the control forecast, as well as
by members S2 and S3, also does not agree with obser-

vations. This discrepancy is reflected in the Eta Model
CAPE field in Fig. 2b, in which the CAPE axis is lo-
cated east of the observed precipitation. The 12-h fore-
cast of surface CAPE in the ARPS control run P0 (not
shown) is very similar to that in the Eta.

The ensemble mean forecast at 24-km grid spacing
(Fig. 14b) compares more favorably with the stage IV
analysis than the control run in terms of the western
boundary of the precipitation region in central Texas,
though the forecast still contains the region of spurious
precipitation in northeastern Texas. The location of
precipitation over the Rocky Mountains, and especially
the local maximum over central Arizona and southern
Montana, are predicted reasonably well by the mean
and control forecasts, though again with a high bias in
area and amplitude. Precipitation along the Oklahoma–
Texas border is more realistic in the mean forecast in
that it stretches westward into Oklahoma, due in large
part to the contribution from ensemble member S1.

A notable benefit of ensemble forecasting is the ca-
pability of generating probability products that quantify
the relative frequency of occurrence of a given condi-
tion or parameter. This is especially valuable for explic-
itly resolved deep convection because probabilities
highlight the likely occurrence of extreme or intense
events. Figure 11 shows the uncalibrated probability of
6-h accumulated precipitation greater than or equal to
2.54 mm based upon the five ensemble members de-
scribed above using both age and amplitude scaling.
The probability at a point is simply the ratio of the
number of forecasts meeting a stated criterion divided
by five ensemble members. Thus, the probability can
only equal 0%, 20%, 40%, 60%, 80%, and 100%. Al-
though five members is arguably the lower limit for a
meaningful ensemble size, we do find reasonable quali-
tative agreement with the stage IV precipitation data
shown in Fig. 12. Discrepancies do exist, however, as
the ensemble fails to predict precipitation over south-
west Oregon and the Texas panhandle. Further, the
forecasts place heavy precipitation along the Red River
and eastward, into north-central Texas, when in reality
(Fig. 12), the accumulation had a north–south orienta-
tion with the heaviest values to the south and west of
those in the forecast.

To quantify forecast skill, we examine a number of
traditional measures including bias and equitable threat
scores (ETS),4 and for probability forecasts the Brier
score (BS) and ranked probability score (RPS). Details
regarding these scores may be found in Wilks (1995),
Stensrud et al. (2000), and Hou et al. (2001). Because

4 We have not adjusted the ETS for bias.

FIG. 9. Domain-wide mean forecast spread of (a) mean sea level
pressure, (b) 500-hPa geopotential height (m), and (c) accumu-
lated precipitation (mm) from the S3 and S4 24-km ensemble for
perturbations that are age-scaled (dash) and amplitude-scaled
(solid).
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the focus of the present paper is the convective system
associated with tornadic storms in north central Texas,
we compute all scores for the 24-km ensemble using a
verification domain defined by the area of the 6-km
nested grid (see Fig. 3). It is important to note that with
an ensemble of five members, these scores must be
viewed with caution because the confidence intervals,
which are not computed because of the small sample size,
likely are as large or larger than the differences exhibited.
Further, when computing statistics for our three domains
(24, 6, and 3 km) using 4-km grid spacing stage IV
precipitation data, we linearly average the precipitation
data to 24 and 6 km and interpolate them to 3 km.

Tables 3 and 4 show bias and ETS for 6-h accumu-
lated precipitation from the 24-km ensemble using the
following thresholds: 0.254, 2.54, 12.7, and 25.4 mm
(i.e., 0.01, 0.1, 0.5, and 1.0 in.). The ETS measures skill
in predicting the area of precipitation above a given
threshold relative to a random forecast, with a skillful
forecast having a positive ETS. Because little precipi-
tation falls during the first 6 h of any forecast, we verify

the 6-h accumulation for two separate periods (see Fig.
4): the first (12-h forecast) ending at 0000 UTC on 29
March 2000 and the second (18-h forecast) ending at
0600 UTC. The bias score simply measures the ratio of
the number of “yes” forecasts to the number of “yes”
observations. Because a forecast with no bias has a bias
score of unity, Table 3 shows that all members, except
S2, underforecast precipitation for the 0.254-mm
threshold, while the ensemble mean surpasses all indi-
vidual members. Bias in the ensemble mean is among
the smallest values for the 2.54-mm threshold. Scores
for the 25.4-mm threshold and the 12-h values of the
12.7-mm threshold in parentheses correspond to ETS
values less than or equal to zero (Table 4), highlighting
the fact that for such ETS, the model has no skill.

Table 4 shows that for the lowest two thresholds,
ETS in the second 6-h period exhibits more skill than
the first. For the 25.4-mm threshold, all values except
one are less than or equal to zero. For the 12.7-mm
threshold, only the second 6-h forecasts show skill. The
ensemble mean is more skillful than the control fore-

FIG. 10. The 6-h accumulated precipitation (mm) valid at 0000 UTC on 29 Mar 2000 from individual 24-km ensemble members: (a),
(c) age-scaled S3 and S4 members, respectively, and (b), (d) amplitude-scaled S3 and S4 members, respectively.
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cast at the lowest precipitation threshold at 12 h, less
skillful at 18 h, yet more skillful for the 2.54-mm thresh-
old at both times.

Table 5 shows the BS and RPS from the ensembles
using both age and amplitude scaling for selected pre-
cipitation thresholds. The BS ranges between zero and
unity, while the RPS ranges between zero and the num-
ber of categories minus one (i.e., 4 in this study). A
perfect probability forecast has both BS � 0 and RPS �
0. Table 5 shows that the amplitude-scaled ensemble is
slightly more skillful than the age-scaled ensemble,
though unlike ETS, both probability scores show less skill
during the second 6-h period than the first. We again urge
caution in generalizing these results because of the small
ensemble size (and thus lack of statistical confidence
testing) and application to a single weather event.

Table 6 shows BS values from the experiments using
different scaling factors for the initial perturbation
(note that a scaling factor of unity is identical to the
24-km ensemble labeled “amplitude-scaled” in Table
5). Some sensitivity is evident, with scaling factors of 1.0
and 1.5 scoring the best. As expected, RPS scores show
a similar behavior. This suggests that scaling factor of
unity is probably appropriate for the 24-km ensembles.5

In summary, the 24-km ensembles show value in cap-

5 With finer grid spacing, a scaling factor of 0.5 results in more
localized high-intensity precipitation with higher probability but
also significant underdispersion. A scaling factor of 1.5 produces
much broader precipitation with lower peak probability values,
with spreads comparable to the corresponding rmse. Additional
results on scaling are presented in Part II.

FIG. 11. Probability of 6-h accumulated precipitation greater than or equal to 2.54 mm
computed from the 24-km ensemble forecast valid at 0000 UTC on 29 Mar 2000 using (a) age
scaling and (b) amplitude scaling.
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turing the location and overall pattern of precipitation,
with probabilities highlighting regions of greatest inten-
sity even though the model is unable to resolve indi-
vidual convective storms.6 Although the forecast pre-
cipitation rates over Fort Worth are extremely small
relative to those observed by radar (�1 mm h�1 versus
greater than 200 mm h�1), ensemble probabilities do
suggest the presence of deep convection, thus offering
potentially useful guidance to forecasters.

b. 6-km ensemble forecasts

Figure 15 shows predicted 6-h accumulated precipi-
tation, valid at 0000 UTC on 29 March 2000, for the
6-km grid spacing ensemble members as well as the
ensemble mean. Comparing with the stage IV analysis
in Fig. 12 (the small box outlines the 6-km domain), the
precipitation from cn6 (control), and from members s1
and s3, covers far too great an area, extending eastward
and southeastward beyond the observed locations as in
the 24-km ensemble. Further, both show notably spu-
rious precipitation in southeast Texas. This is not sur-
prising because the 24-km forecasts provide the back-
ground state for the 6-km ensemble members. Unlike
the 24-km ensemble, precipitation from members s1
and s3 is greatly overpredicted in amplitude. In central
Texas, the north–south precipitation region in member
s4 is aligned more closely in space with that in the stage
IV analysis, while that in s2 differs considerably, show-

6 Interestingly, forecasts from ARPS are notably superior to
those from the operational Eta Model owing, in the ARPS, to
somewhat finer grid spacing and nonhydrostatic dynamics.

FIG. 13. Domain-wide mean forecast spread of (a) mean sea
level pressure, (b) 500-hPa geopotential height (m), and (c) accu-
mulated precipitation (mm) from 24-km ensembles with different
factors on the reference magnitude. The 1X curve is identical to
the amplitude-scaled one in Fig. 9.

FIG. 12. Stage IV 6-h accumulated precipitation ending at 0000 UTC on 29 Mar 2000. The
box indicates the 6-km grid spacing domain.
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ing a glaring absence of precipitation in the region
where storms were actually located. The probability of
precipitation greater than or equal to 2.54 mm, shown
in Fig. 16a, also fails to capture the structure present in
the observations, and precipitation in south-central
Texas is greatly overpredicted.

All 6-km grid spacing forecasts employ both cumulus
parameterization (implicit treatment of convection)
and grid-scale (explicit) microphysics parameteriza-

tions. This grid spacing is problematic in that convec-
tive clouds are not entirely subgrid scale nor are they
fully resolved (e.g., Molinari 1993). Consequently, no
well-defined closure assumption exists, and the implicit
and explicit schemes can in fact work against one an-
other. In a midlatitude squall-line simulation, Bélair
and Mailhot (2001) found that at 6-km grid spacing,
both implicit and explicit microphysics schemes were
equally active at the leading edge of the line, thus mak-

FIG. 14. The 6-h accumulated precipitation (mm), valid at 0000 UTC on 29 Mar 2000, from the 24-km ensemble forecasts: (a)
control (P0), (b) ensemble mean, and individual ensemble members (c) S1, (d) S2, (e) S3, and (f) S4.
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ing the implicit–explicit partitioning of precipitation
ambiguous. Nevertheless, they recommended the use of
an implicit cumulus scheme. For the Fort Worth case,
which uses the Kain–Fritsch implicit scheme, the model
produces unrealistic wave-type rainbands aligned
northwest–southeast over the area of interest (not
shown). These features are smoothed in the accumu-
lated precipitation fields, and although their origin is
not entirely clear, they are manifest as internal gravity
waves and have been seen in numerous other cases.

To examine the impact of using implicit cumulus pa-
rameterization at 6-km grid spacing, the probability of
accumulated precipitation from an experimental en-
semble that excludes the Kain–Fritsch scheme is pre-
sented in Fig. 16b. It clearly shows that the explicit
scheme alone is unable to capture the intense local pre-
cipitation present in the observations (cf. Fig. 12),
though individual members of this ensemble produce
isolated storms of anomalously high intensity (often

termed “grid point storms”), with 6-h accumulated pre-
cipitation maxima as large as 284 mm (not shown). This
result supports Bélair and Mailhot’s (2001) recommen-
dation of using both implicit and explicit convective
parameterizations at 6-km grid spacing.

Statistical verification scores for the 6-km forecasts,
computed over the same two 6-h time periods as for the
24-km forecasts, are shown in Tables 7–9. The bias
scores for the two lowest thresholds show that all mem-
bers except s4 overforecast 6-h accumulated precipita-
tion at least during one time period, and that in general,
the biases are larger than for the 24-km ensemble (cf.
Table 3). ETS scores (Table 8) show that all members
are more skillful than a random forecast for the two
lowest precipitation thresholds, with the exception of
cn6 and s2 at 06 h, for which the ETS is too small to be
judged skillful. ETS for the 12.7- and 25.4-mm thresh-
olds, however, are mixed: some members (cn6, s1, and
s2) are skillful during at least one of the 6-h periods

TABLE 4. Equitable threat scores of 6-h accumulated precipitation for the 24-km ensemble using multiple thresholds and two
forecast periods: a 12-h forecast ending at 0000 UTC on 29 Mar 2000 and an 18-h forecast ending at 0600 UTC.

P0 S1 S2 S3 S4 Mean

�0.254 mm
12 h 0.0517 0.1680 0.0108 0.0606 0.1233 0.1342
18 h 0.3277 0.3203 0.1472 0.2348 0.1232 0.2380

�2.54 mm
12 h 0.0309 0.1580 0.0224 0.0575 0.2389 0.0910
18 h 0.2651 0.1671 0.1285 0.1875 0.1511 0.3227

�12.7 mm
12 h �0.0018 �0.0034 �0.0012 �0.0039 0.0000 0.0000
18 h 0.1218 0.0810 0.3762 0.1587 0.1590 0.1510

�25.4 mm
12 h 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
18 h �0.0011 0.0000 0.0000 0.0000 0.0341 0.0000

TABLE 3. Bias scores of 6-h accumulated precipitation for the 24-km ensemble using multiple thresholds and two forecast periods: a
12-h forecast ending at 0000 UTC on 29 Mar 2000 and an 18-h forecast ending at 0600 UTC. Values in parentheses refer to ETS � 0.

P0 S1 S2 S3 S4 Mean

�0.254 mm
12 h 0.8801 0.8738 1.3155 0.9621 0.6845 1.8233
18 h 0.8671 0.6601 1.4819 0.7085 0.8384 1.5574

�2.54 mm
12 h 0.9417 1.1083 1.0250 1.4667 0.8000 1.0833
18 h 0.8614 0.8315 1.3221 0.7491 0.7341 0.9813

�12.7 mm
12 h (0.3125) (0.8125) (0.1875) (1.0625) (0.1250) (0.0000)
18 h 1.4103 0.8718 1.4872 0.7949 2.1538 0.3333

�25.4 mm
12 h (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)
18 h (1.2500) (0.0000) (0.0000) (0.0000) 6.2500 (0.0000)
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while s3 shows no skill at all. Most members, except for
cn6 and s4, are more skillful during the second period
than the first, in agreement with the 24-km ensemble.

Table 9 shows ensemble probability scores including
those for the experimental ensemble in which the Kain–
Fritsch cumulus scheme was not used (No-KF). The BS
and RPS generally are in agreement with those of the
24-km ensemble. It is interesting that despite obvious
differences introduced by removing the Kain–Fritsch
scheme, the probability scores from the experiments
with and without it are similar.

Summarizing, the 6-km grid spacing forecasts tend to
greatly overpredict the amplitude and aerial coverage
of precipitation—much more so than in the 24-km ex-
periments. In some 6-km forecasts, the results bear no
resemblance to observations, and “grid point storms,”
having extremely high amplitude, are present at mul-
tiple locations. This reinforces the notion that subgrid
closure for deep convection does not exist at this grid
spacing using parameterization schemes currently avail-
able. It also raises questions about the physical mean-
ingfulness of such forecasts and whether they should be
used to bridge the resolution mismatch between coarse
(24 km) and fine (3 km) grids. We explore this issue in
Part II.

c. 3-km ensemble forecasts

Using idealized simulations, Weisman et al. (1997)
suggested that horizontal grid spacing of 4 km in a non-
hydrostatic cloud-resolving model may be sufficient to
capture the meso-convective-scale features of orga-

nized deep convective systems. In the context of more
realistic NWP in regions of significant terrain, Mass et
al. (2002) showed considerable improvement in con-
ventional skill scores when horizontal grid spacing was
refined from 24 to 12 km, with more modest improve-
ment from 12 to 4 km (note that because his study
involved nonconvective, orographically forced precipi-
tation, its results must be applied with caution to the
present study). In the latter case, finer spacing led to
greater fidelity in key features, though larger speed and
position errors partially offset the benefit. Several years
of experience at the Center for Analysis and Prediction
of Storms (CAPS) in running daily forecasts at grid
spacings ranging from 9 to 3 km, along with recent
experience with the Weather Research and Forecast
(WRF) model (Weiss et al. 2004), suggests that 3–4 km
represents a lower bound on horizontal grid spacing for
explicitly resolved deep convection, even though ener-
getics are improperly represented (Bryan et al. 2003).

The 3-km grid spacing ensemble presented here is
initiated at 2300 UTC and extends for 7 h (see Fig. 5).
The most important new information assimilated is ra-
dar data. If data assimilation is applied to only the con-
trol forecast, as is the case for the 24- and 6-km grid
spacing experiments, certain of the ensemble members
do not contain perturbations of sufficient amplitude to
trigger deep convection (see Part II).7 Applying such
assimilation to both the control (cn3) and perturbed
members (s1–s4) inevitably reduces ensemble spread
and violates the foundational principles of SLAF. We
nevertheless follow that procedure here using level III
reflectivity and radial velocity data from the nine radars
shown in Fig. 17 and examine alternative strategies in
Part II. This special treatment at 3 km will be consid-
ered in subsequent comparisons that seek to identify
the potential benefits of fine grid spacing.

Figure 18 shows 1-h near-surface reflectivity fore-
casts from individual members as well as the ensemble
mean at 3-km grid spacing. The ensemble compares
reasonably well with radar observations in Fig. 1 in the
orientation, nature, and location of deep convection,
particularly in light of how the operational Eta Model
failed to explicitly predict any precipitation over north-
ern and central Texas 12 h prior to the event. However,
notable discrepancies emerge upon detailed examina-
tion. The area of convection in north Texas is predicted
relatively well by members s1 and s3 in that they place
storms in roughly the right region with intensities (mea-

7 Additional experiments were conducted in which data assimi-
lation was applied to all members at 24- and 6-km grid spacing,
consistent with the approach used at 3-km spacing. The results
showed reduced spread and no quantitative improvement in skill.

TABLE 5. Brier scores (BS) and ranked probability scores (RPS)
for the 24-km ensemble for two forecast periods: a 12-h forecast
ending at 0000 UTC on 29 Mar 2000 and an 18-h forecast ending
at 0600 UTC.

BS RPS

Age-scaled
Amplitude-

scaled Age-scaled
Amplitude-

scaled

12 h 0.0624 0.0594 0.2242 0.2079
18 h 0.0881 0.0867 0.2653 0.2614

TABLE 6. Brier scores for 6-h accumulated precipitation from
24-km ensembles with different reference perturbation ampli-
tudes. The scaling factors in first row are applied to the original
magnitude of perturbation 1 (P1 � P0; see Fig. 4) to form new
references.

0.5� 1.0� 1.5� 2.0�

12 h 0.0671 0.0594 0.0590 0.0621
18 h 0.0894 0.0867 0.0864 0.0882
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sured by reflectivity) within 10% of those observed.
Consistent with observations, all members predict the
existence of multiple cells south of Fort Worth. How-
ever, members s1 and s3 produce spurious scattered

storms in the southeastern portion of the domain,
largely as a result of forcing by the background field.
The assimilation of radar data plays an important role
in improving the forecast of this storm system, as was

FIG. 15. As in Fig. 14, except for the 6-km grid spacing ensemble.
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demonstrated by Xue et al. (2003). We examine in detail
the impact of radar data on the 3-km ensembles in Part II.

Owing to the spatially intermittent nature of deep
convection, the ensemble mean reflectivity forecast
(Fig. 18b) covers a somewhat broader area than any of
the individual forecasts due to smearing, and each
storm tends to be weaker, thus hindering the usefulness
of the mean as an ensemble product.8 For this reason,
probability maps become a natural alternative.

Figure 19 shows hourly probability of surface reflec-
tivity greater than or equal to 35 and 45 dBZ for the
first three forecast hours. The highest probabilities are
in reasonably good agreement with observed reflectiv-
ity from the KFWS (Fort Worth) WSR-88D radar (Fig.
1). The spurious echoes generated by some of the en-
semble members over the southeastern portion of the
domain have relatively low probability in the total en-
semble, thus demonstrating the value of probability
forecasts. The 2- and 3-h forecasts show better agree-
ment with radar observations near Fort Worth as
storms move eastward through the area. The second
line of convection emerging in the far northwestern re-

8 Note that the forecast spread contains features that resemble
the storms themselves (see Part II), thus making the spread more
challenging to interpret.

TABLE 7. As in Table 3 but for the 6-km grid spacing experiment.

cn6 s1 s2 s3 s4 Mean

�0.254 mm
06 h 1.1037 1.7143 1.3283 1.6788 0.7784 2.3661
12 h 0.9604 0.7681 1.2927 1.1242 0.8960 1.7160

�2.54 mm
06 h 1.2475 2.7316 1.1668 2.3825 0.9492 2.4567
12 h 1.0610 0.8275 1.3291 1.3002 0.9059 1.4017

�12.7 mm
06 h (0.7633) 4.3004 (0.7420) (5.1095) 0.7880 (0.7562)
12 h 1.1149 1.1792 1.2048 (1.5850) 1.7887 0.6325

�25.4 mm
06 h (0.0816) 5.6735 (0.2653) (11.7755) (0.7959) (0.3673)
12 h 0.6320 2.2880 1.2640 (1.0800) (4.0960) (0.0320)

FIG. 16. Probability of 6-h accumulated precipitation greater than or equal to 2.54 mm from the 6-km ensemble forecast, valid at
0000 UTC on 29 Mar 2000 (a) with and (b) without the Kain–Fristch cumulus parameterization scheme.
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gion of the KFWS scan area at 0000 UTC (Fig. 1) is not
captured by the model owing to the absence of orga-
nized convergence in the background field near the
model inflow boundary (and perhaps partly because of
the proximity of the lateral boundary itself).

Figure 20 shows stage IV 1-h accumulated precipita-
tion valid at 0000 UTC on 29 March 2000, remapped to
a grid of 3-km spacing from its original 4-km grid as
described previously. For comparison, the 1-h accumu-
lated precipitation from each member of the 3-km en-
semble forecasts, as well as from the mean, is shown in
Fig. 21. Not surprisingly, the 3-km ensemble contains
significant detail compared to its 24- and 6-km counter-
parts, and generally agrees more closely with Fig. 20.
Although all members have a somewhat similar pre-
cipitation pattern, simulations s2 and s4 exhibit lower
amplitude while s1 and s3 generate spurious accumula-
tions over the southeastern portion of the domain. The
elongated structure of accumulated precipitation in the
forecasts, in comparison to the more circular features
present in the observations, is due to a larger number of
storms present within the model. Unlike reflectivity (or
precipitation rate), which is an instantaneous quantity,
hourly accumulated precipitation is a time-integrated
variable, and thus the ensemble mean preserves peak
intensity quite well.

Figure 22 shows probabilities of 1-h accumulated pre-

cipitation greater than or equal to 2.54 and 12.7 mm for
the 1-h forecast at 3-km grid spacing. Visually, the
model captures the general structure of the observed
precipitation (cf. Fig. 20) in much more detail than its
counterparts at coarser grid spacings (cf. Figs. 13b and
16a), while de-emphasizing the spurious convection in
the southeastern part of the domain.

Table 10, which shows bias scores over the first 3 h of
the forecast, indicates that the ensemble mean overpre-
dicts 1-h accumulated precipitation for every threshold,
with the largest contribution from members s1 and s3.

FIG. 17. Location and station identifiers of selected WSR-88D
(NEXRAD) radars. Underlined identifiers indicate sites from
which level III radial velocity and reflectivity data were used in
the 3-km grid spacing ensembles.

TABLE 9. As in Table 5 but for the 6-km grid spacing experi-
ment. Also shown is an ensemble in which the Kain–Fritsch cu-
mulus parameterization scheme was not used (No-KF).

BS RPS

KF No-KF KF No-KF

06 h 0.0585 0.0559 0.2190 0.2063
12 h 0.0890 0.0882 0.2970 0.3021

TABLE 8. As in Table 4 but for the 6-km grid spacing experiment.

cn6 s1 s2 s3 s4 Mean

�0.254 mm
06 h 0.0988 0.1476 0.0483 0.0592 0.1831 0.1463
12 h 0.2915 0.2377 0.1354 0.1591 0.1517 0.2138

�2.54 mm
06 h 0.0106 0.1062 0.0116 0.0258 0.1736 0.0767
12 h 0.2118 0.1733 0.1395 0.0407 0.1217 0.2029

�12.7 mm
06 h �0.0038 0.0345 �0.0017 �0.0021 0.0569 �0.0038
12 h 0.1289 0.1984 0.2688 �0.0095 0.0269 0.1638

�25.4 mm
06 h �0.0001 0.0238 �0.0003 �0.0014 �0.0007 �0.0004
12 h 0.0134 0.0846 0.0158 �0.0020 �0.0031 �0.0001
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The mean bias scores are comparable to those at 24-km
spacing for the lowest threshold but are much larger
than those at both 24- and 6-km spacing for the higher
thresholds. The ETS in Table 11 shows that for nearly

every verification time and threshold, at least one en-
semble member is more skillful than the control run
(cn3), while the ensemble mean is not necessarily so.
Exceptions exist for thresholds of 2.54 and 12.7 mm at

FIG. 18. The 1-h forecast surface reflectivity valid at 0000 UTC on 29 Mar 2000 from individual 3-km ensemble
members: (a) control (cn3), (b) ensemble mean, (c) s1, (d) s2, (e) s3, and (f) s4. The large circles mark WSR-88D
(KFWS) radar scan range in Fig. 1.
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3 h. In contrast to the coarser grid spacing forecasts, the
BS and RPS (Table 12) both show improving skill with
time over the verification period.

In summary, the 3-km ensemble resolves the overall
storm system in considerable detail compared to its 24-
and 6-km counterparts (though not with a cell-to-cell
match between model and observations), enabling
comparison between modeled and radar observed re-
flectivity. Probability forecasts appear to have practical
value in identifying regions of potentially intense local
weather, though unlike the coarser-grid ensembles, the
ensemble mean and spread (especially for reflectivity
field) at 3 km are not terribly useful owing to the highly
intermittent nature of deep convection.

6. Summary

We extended the concept of ensemble forecasting
down to the scale of individual convective storms by
applying a full-physics numerical prediction system, ini-
tialized with observations that included WSR-88D
Doppler radar data, to an observed tornadic thunder-

FIG. 20. Stage IV hourly accumulated precipitation ending at
0000 UTC on 29 Mar 2000.

FIG. 19. Probability of surface reflectivity greater than or equal to (top) 35 and (bottom) 45 dBZ from the 3-km ensemble valid
every hour from 0000 to 0200 UTC on 29 Mar 2000. The large circles mark WSR-88D (KFWS) radar scan range in Fig. 1.
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storm complex that passed through the Fort Worth,
Texas, area on 28–29 March 2000. Using grids of 24, 6,
and 3 km within the Advanced Regional Prediction
System (ARPS), we constructed five-member en-
sembles for each grid using a modified version of the

scaled lagged average forecasting (SLAF) technique.
Initial perturbation sizes and structures, as well as error
growth features, suggested the use of an amplitude-
based rather than an age-based scaling strategy, the
veracity of which was verified in model forecasts prin-

FIG. 21. As in Fig. 14, but for 1-h accumulated precipitation from the 3-km grid spacing ensemble forecast.
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cipally by improved spread and somewhat better fore-
cast skill. Although SLAF is relatively simple and for
larger-scale models, as well as the experiments shown
here, produces errors that grow too slowly, it neverthe-
less provides a foundation upon which to build at the
storm scale.

Accumulated precipitation was more skillfully fore-
cast by the ensemble mean than the control case at
24-km grid spacing, though in no case could the model

at this spacing explicitly resolve the most energetic
structures of the storm system. The 6-km ensemble cap-
tured some aspects of convective system morphology,
but in general vastly overpredicted precipitation owing
to “grid point storms” and unrealistic wave-type fea-
tures associated with the use of an implicit cumulus
parameterization scheme. With explicit cloud micro-
physics and the assimilation of WSR-88D level III radar
data for all ensemble members, the 3-km grid spacing

TABLE 10. Bias scores of 1-h accumulated precipitation from the 3-km ensemble for given thresholds. The three forecast periods
end at 0000, 0100, and 0200 UTC on 29 Mar. The values in parentheses refer to ETS � 0.

cn3 s1 s2 s3 s4 Mean

�0.254 mm
1 h 0.6823 1.1748 0.7125 1.1617 0.7363 1.1465
2 h 0.7291 1.4528 0.7874 1.5076 0.8203 1.6740
3 h 0.7299 1.2206 0.7198 1.2902 0.7966 1.6364

�2.54 mm
1 h 0.9163 1.6989 0.9236 1.6340 1.0702 1.4216
2 h 1.0415 2.5351 0.8990 2.2998 1.3261 2.4917
3 h 1.7816 3.5925 1.6071 3.4787 1.9833 3.9714

�12.7 mm
1 h 1.4595 4.4464 0.9869 3.8249 2.3348 2.6608
2 h 1.8481 5.9341 1.5215 (4.3496) 3.3725 2.8395
3 h 2.6426 5.4955 2.6517 4.3844 (3.6126) 3.1471

�25.4 mm
1 h (1.2326) 11.6395 (0.4651) (6.8372) 3.7558 3.6047
2 h (12.4286) (38.2857) 11.9048 (20.8095) 29.5714 (5.5714)
3 h 3.6106 5.7080 (3.6460) 4.4513 (5.5221) 0.7788

FIG. 22. Probability of 1-h accumulated precipitation greater than or equal to (a) 2.54 and (b) 12.7 mm for the 3-km ensemble
forecast valid at 0000 UTC on 29 Mar 2000.
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ensemble compared favorably to observed reflectivity
and hourly accumulated stage IV precipitation esti-
mates. All ensemble members at this spacing predicted
overall storm system structure and movement reason-
ably well, with notable spread and in some cases large
areas of spurious convection. Probabilities were found
to be especially useful when applied at fine model grid
spacings because they tend to focus attention on high
intensity and rare events. Because forecast spread of
reflectivity and other features exhibits a structure simi-
lar to the features themselves, its value may be of lim-
ited practical value unless suitable modifications are
developed for application to intermittent flows.

Equitable threat scores from the 24-km ensemble
showed that the mean forecast was, for the most part,
more skillful than the control. Such was not the case for
the 3-km ensemble, in which at least one member per-
formed more skillfully than the control. Brier and
ranked probability scores for the 24- and 6-km en-
sembles showed comparable performance, with skill
decreasing throughout the forecast period. In contrast,
the 3-km ensemble exhibited improving skill with time
during the 3-h verification period.

Recalling our principal goal of examining the poten-
tial value added to quantitative precipitation forecast-
ing through the use of fine grid spacing and an en-
semble methodology, we have shown that 3-km en-
sembles have greater value than a single deterministic
forecast at the same grid spacing and to both ensembles
and single deterministic forecasts at coarser spacing.
These results are consistent with the conjecture by
Mass et al. (2002) that ensemble forecasting may pro-
vide improved results as benefits from continued de-
creases in horizontal grid spacing for single forecasts
reach a point of diminishing return. Yet, the single case
study described here obviously does not provide suffi-
cient information with which to draw general conclu-
sions, and thus considerable work remains to more fully
understand ensemble forecasting of deep convection
and other intense local weather. Specifically, efforts
must be directed toward examining other strategies for
linking fine and coarser grids, toward evaluating other
techniques for generating initial perturbations (e.g.,
bred vectors, singular vectors), and toward assessing
the impact of lateral boundary conditions. Quantitative
measures of both skill and value are needed for highly
intermittent phenomena, and experiments involving
ensembles based upon multiple models, variations in
physics, and combinations thereof must be undertaken.
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TABLE 12. Brier scores and RPS for the 3-km ensembles. The
three forecast periods end at 0000, 0100, and 0200 UTC on 29
Mar.

BS RPS

1 h 0.0828 0.3113
2 h 0.0790 0.2802
3 h 0.0755 0.2576

TABLE 11. ETS of 1-h accumulated precipitation for the 3-km ensemble for given thresholds. The three forecast periods end at
0000, 0100, and 0200 UTC on 29 Mar.

cn3 s1 s2 s3 s4 Mean

�0.254 mm
1 h 0.2618 0.2365 0.2692 0.2323 0.2633 0.2216
2 h 0.1927 0.1689 0.1984 0.0925 0.2080 0.1538
3 h 0.1494 0.2372 0.1169 0.1598 0.1299 0.2128

�2.54 mm
1 h 0.1766 0.1791 0.1699 0.1668 0.1880 0.1783
2 h 0.1035 0.1334 0.0773 0.0390 0.1363 0.1257
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3 h 0.0693 0.0104 �0.0027 0.0120 �0.0030 0.0085
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