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ABSTRACT

The impacts of multiscale flow-dependent initial condition (IC) perturbations for storm-scale ensemble
forecasts of midlatitude convection are investigated using perfect-model observing system simulation ex-
periments. Several diverse cases are used to quantitatively and qualitatively understand the impacts of
different IC perturbations on ensemble forecast skill. Scale dependence of the results is assessed by evaluating
2-h storm-scale reflectivity forecasts separately from hourly accumulated mesoscale precipitation forecasts.

Forecasts are initialized with different IC ensembles, including an ensemble of multiscale perturbations
produced by a multiscale data assimilation system, mesoscale perturbations produced at a coarser resolution,
and filtered multiscale perturbations. Mesoscale precipitation forecasts initialized with the multiscale per-
turbations are more skillful than the forecasts initialized with the mesoscale perturbations at several lead
times. This multiscale advantage is due to greater consistency between the IC perturbations and IC un-
certainty. This advantage also affects the short-term, smaller-scale forecasts. Reflectivity forecasts on very
small scales and very short lead times are more skillful with the multiscale perturbations as a direct result of
the smaller-scale IC perturbation energy. The small-scale IC perturbations also contribute to some im-
provements to the mesoscale precipitation forecasts after the ~5-h lead time. Altogether, these results suggest
that the multiscale IC perturbations provided by ensemble data assimilation on the convection-permitting
grid can improve storm-scale ensemble forecasts by improving the sampling of IC uncertainty, compared to
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downscaling of IC perturbations from a coarser-resolution ensemble.

1. Introduction

An open question for storm-scale ensemble forecast
(SSEF) design is how to optimally perturb the initial
conditions (ICs) so that the differences among ensemble
members at the initial time adequately sample the
analysis errors contributing to the subsequent forecast
errors. Convective-scale precipitation forecasting is an
inherently multiscale challenge because of the broad
range of spatial scales impacting the initiation and evo-
lution of convective systems (Lorenz 1969; Perkey and
Maddox 1985; Zhang et al. 2007; Rotunno and Snyder
2008; Johnson et al. 2014;2015). Small-scale errors in the
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initial state can grow upscale and contaminate even the
larger scales of the forecast (e.g., Zhang et al. 2006,
2007). Such loss of deterministic predictability motivates
the ensemble approach (Ehrendorfer 1997). Successful
ensemble forecasts require all significant sources of
forecast error to be sampled in the ensemble design
(Toth and Kalnay 1997). While IC errors on multiple
scales contribute to the forecast error, it is not clear how
to optimally design corresponding multiscale IC per-
turbations for SSEFs that resolve features on synoptic to
convective scales.

Similar to regional mesoscale ensembles [i.e., tens of
kilometers grid spacing, e.g., Wang et al. (2014)], IC
perturbations for convection-permitting (i.e., 1-4-km
grid spacing) SSEFs are typically generated by either
downscaling perturbations from a coarser-resolution
ensemble without small-scale IC perturbations (e.g.,
Hohenegger et al. 2008; Xue et al. 2010; Zhang et al.
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2010; Peralta et al. 2012; Schwartz and Liu 2014;
Kiihnlein et al. 2014), or generating multiscale IC per-
turbations directly on the forecast grid using methods
such as cycled ensemble-based data assimilation (e.g.,
Vié et al. 2011; Snook et al. 2011; Yussouf et al. 2013;
Harnisch and Keil 2015). Multiscale IC perturbations
for regional mesoscale ensembles (i.e., grid spacing on
the order of tens of kilometers) have been shown to be
more effective than coarser IC perturbations down-
scaled from a global-scale ensemble (e.g., Wang et al.
2014). However, evaluation of the relative advantages of
these IC perturbation methods for SSEFs (i.e., grid
spacing on the order of 1-4km) has been very limited
(e.g., Kiihnlein et al. 2014; Harnisch and Keil 2015).
While it may be computationally expensive to generate
an ensemble of IC perturbations at a convection-
permitting resolution, IC perturbation methods ap-
propriate for coarser-resolution ensembles may be
particularly ill suited for SSEFs (Hohenegger and
Schir 2007a,b). It remains unclear what the advantages
of generating the IC perturbations at the full model
resolution are for SSEFs.

Small-scale IC perturbations can have significant
impacts on SSEF spread as a result of rapid propaga-
tion and upscale growth (Hohenegger et al. 2006;
Hohenegger and Schir 2007a,b; Zhang et al. 2003,
2006; Leoncini et al. 2010; Johnson et al. 2014). How-
ever, initial studies have suggested that the added
benefit of small-scale IC perturbations may be very
limited when larger-scale perturbations are already
present (Johnson et al. 2014; Kong et al. 2007). Durran
and Gingrich (2014) have even suggested that explicitly
added small-scale IC perturbations have no practical
importance because of rapid downscale propagation of
larger-scale perturbation energy. While Johnson et al.
(2014) and Durran and Gingrich (2014) used random
homogenous small-scale IC perturbations, the forecast
sensitivity can depend on the spatial structure of the
small-scale IC perturbations (Hohenegger and Schir
2007a; Johnson et al. 2014). Therefore, the impact of
more realistic flow-dependent small-scale IC pertur-
bations that sample the fastest-growing errors remains
an open question in the context of multiscale IC per-
turbations for SSEFs.

The impacts of more realistic flow-dependent multi-
scale perturbations are a worthy topic of study because
such perturbations are generated as a by-product of
multiscale ensemble data assimilation. The impacts of
such perturbations should therefore be included in any
cost-benefit analysis of whether the computational ex-
pense of a multiscale ensemble data assimilation system
is warranted. It is hypothesized that the flow-dependent
multiscale IC perturbations will provide ensemble

MONTHLY WEATHER REVIEW

VOLUME 144

forecast benefits that were not seen with previous
methods of generating multiscale IC perturbations for
SSEFs where the flow-dependent nature of small-scale
perturbations is neglected.

This study has three main goals aimed at better un-
derstanding the impacts of flow-dependent multiscale
IC perturbations. The first goal of this study is to un-
derstand the impact of the multiscale IC perturbations
generated on the convection-permitting grid as a by-
product of ensemble data assimilation (hereafter
MULTT) in comparison to larger-scale IC perturbations
downscaled from a coarser-resolution ensemble (here-
after LARGE). The different IC perturbation methods
include not only differences in resolution, but also dif-
ferences on commonly resolved scales as a result of
being generated on different model grids with different
data assimilation configurations. Specifically, the
MULTTI perturbations are generated by assimilating
radar observations and cycling on the convection-
permitting grid, which allows for both upscale and
downscale interactions between the mesoscales and
convective scales. The second and third goals of the
study are therefore to distinguish the impacts of the
differences between MULTI and LARGE on com-
monly resolved scales and the presence of the
smaller-scale IC perturbations in MULTI. Convection-
permitting forecasts provide information that is useful
for users interested in applications ranging from ~1-h
predictions of individual storms and severe weather
events (e.g., Stensrud et al. 2009; Yussouf et al. 2013) to
mesoscale quantitative precipitation forecasting (e.g.,
Clark et al. 2009, 2012; Duc et al. 2013). The impacts of
the IC perturbations are therefore evaluated in terms of
both hourly accumulated precipitation and short-term
(2h) reflectivity forecasts.

While model and physics diversity are also an im-
portant part of the ensemble design (e.g., Clark et al.
2008; Johnson et al. 2011a,b), this study focuses only on
the IC perturbations. Therefore, perfect-model observ-
ing system simulation experiments (OSSEs) are used to
isolate the IC error from the model and physics errors,
allowing a focused study of multiscale IC perturbation
methods. In an OSSE, the same model that is used for
the experiment is also used to simulate a proxy for the
real atmosphere, leading to the assumption that the ef-
fects of model error on the experiment results are neg-
ligible. Therefore, the validity and limitations of this
assumption are also discussed further in section 4. A
total of 11 diverse cases of midlatitude convection in the
central United States are used to systematically address
the three scientific goals mentioned above. A case study
is also used to qualitatively understand the features seen
in the systematic evaluation. Section 2 describes the
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OSSE design, model, and experiment configurations;
the IC perturbation methods; and the verification
methods. Results are presented in section 3 while sec-
tion 4 contains a summary and discussion.

2. Methods and experiments
a. GSI-based EnKF and model configuration

The Gridpoint Statistical Interpolation (GSI)-based
ensemble Kalman filter (EnKF) data assimilation (DA)
system that was implemented for the Global Forecast
System (GFS) model at the National Centers for Envi-
ronmental Prediction (NCEP) as part of the hybrid DA
system (Whitaker et al. 2008; Wang et al. 2013; Wang
and Lei 2014; Mahajan et al. 2016) has also been ex-
tended to directly assimilate radar reflectivity and radial
velocity observations for multiscale DA for convective-
scale weather forecasts (Johnson et al. 2015). This newly
extended GSI-EnKF system was shown to accurately
analyze features across multiple scales for convection-
permitting forecasts of midlatitude convection (Johnson
et al. 2015). Given the multiscale emphasis of this study,
the multiscale GSI-based EnKF system is adopted, fol-
lowing the configuration of Johnson et al. (2015).

The GSI-based EnKF system provides an analysis
ensemble on both 12- and 4-km grids. The analysis en-
sembles are used to construct IC perturbations for the
experiments in this study. While greater detail can be
found in Johnson et al. (2015), a brief overview of the
configuration of the multiscale DA and forecast system
follows. The Weather Research and Forecasting (WRF)
Advanced Research WRF (ARW) Model version 3.2
(Skamarock and Klemp 2007) is used with an inner
convection-permitting domain of 346 X 277 grid points
at 4-km grid spacing, nested within an outer convection-
parameterizing domain of 326 X 259 grid points at
12-km grid spacing (Fig. 1a). Simulated (see section 2b)
synoptic and mesoscale observations from surface sta-
tion; surface mesonet; Aircraft Communication, Ad-
dressing, and Reporting System (ACARS); NOAA
wind profiler platforms; and radiosondes are assimilated
on the outer domain every 3h during a 24-h DA period
(e.g., Fig. 1a). The outer domain analyses provide initial
and lateral boundary conditions (LBCs) for the inner
domain DA ensemble. Simulated storm-scale NEXRAD
radar observations are then assimilated on the inner
domain every Smin during a 3-h period preceding the
final analysis time (Fig. 1b). The different cycling in-
tervals for the mesoscale and storm-scale DA are chosen
based on the different approximate error growth rates
on the different spatial scales. This configuration is
therefore expected to result in IC perturbations that are
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flow dependent and fast growing on multiple scales
(Pena and Kalnay 2004).

b. OSSE framework and selection of cases

In the OSSE framework, a model simulation referred
to as the nature run represents the “true’” atmosphere,
the state and dynamics of which are perfectly known. In
this study, the nature run is initialized from the NCEP
GFS analysis at 0000 UTC (24 h before the analysis time
for each case) at 4-km grid spacing over the entire outer
domain (Fig. 1a). Observations of wind, temperature,
water vapor, and sea level pressure are then simulated
by sampling the nature run at observation locations
representative of the actual observation networks (e.g.,
Fig. 1), with representative observation error charac-
teristics. The simulated observations are then assimi-
lated into the experiment forecasts in order to try to
recover the true state of the nature run, using the GSI-
based multiscale DA system.

An advantage of the OSSE framework is that the
observations are perfectly known at the model grid
points. For this study of IC perturbations, the OSSE
framework has the additional advantage of eliminating
model and physics uncertainty as a source of forecast
error by using identical model configurations for the
nature run and experiment forecasts (i.e., a ‘‘perfect
model” OSSE). The outer domain analyses do contain
model error arising from the coarser resolution and
convection parameterization. However, such errors only
enter the convection-permitting forecasts through the
ICs provided by the inner domain DA and the LBCs
from the outer domain.

The same 10 cases used in Johnson et al. (2015) are
also adopted for this OSSE study, with the addition of a
forecast initialized at 2100 UTC 19 May 2010 for a total
of 11 cases. Like the real data cases (Johnson et al. 2015),
the nature run simulations of these cases include a va-
riety of forcing mechanisms and levels of convective
organization ranging from disorganized cellular con-
vection to supercells to long-lived MCSs. Another ad-
vantage of the OSSE framework is that the nature run
provides the exact truth values for verification of all
forecast variables on the same grid as the forecast vari-
ables. For the hourly accumulated precipitation fore-
casts, rectangular verification domains for each case are
chosen to include the areas of active convection at all
lead times while excluding large areas where convection
is neither observed nor forecast. For the 2-h lead time
reflectivity forecasts, smaller rectangular verification
domains are used to encompass each subjectively iden-
tified mesoscale area of organized convection dur-
ing the first two forecast hours. Some of the forecast
cases contained multiple areas of mesoscale organized
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FIG. 1. (a) Outer 12-km domain with the location of the inner 4-km domain enclosed in the
red rectangle and a representative distribution of the observation types assimilated on the
outer domain. (b) Enlarged inner domain with the locations and coverage of the assimilated
NEXRAD radars shaded. Adapted from Johnson et al. (2015).

convection, resulting in a total of 18 unique verification
domains for the reflectivity verification. Since different
MCSs on the same case occur within the same larger-
scale environment, such MCSs are not treated as in-
dependent samples for statistical significance testing.
Since the verification domain for each case was a slightly
different size, the main results were also recalculated
using same-sized verification domains and the conclu-
sions were not changed (not shown).

The actual evolution of the 20 May 2010 case study,
including upscale growth of initially cellular convection
into a long-lived MCS in central Oklahoma (OK), has
been described in Johnson et al. (2014, 2015). (The

nature run for this case also shows similar upscale
growth of convection into a long-lived MCS, as seen in
the observation contours in Fig. 6.) This case is chosen
for an initial investigation into multiscale IC perturba-
tion methods because of the multiple scales of motion
influencing such upscale growing MCSs (e.g., Perkey
and Maddox 1985), the sensitivity of this case to IC er-
rors on multiple scales in non-OSSE experiments
(Johnson et al. 2014), and the similarity between the
nature run and actual evolution for this case. This case is
also selected to qualitatively demonstrate the impact of
the IC perturbation methods because it is found to be
representative of the systematic results in this study.
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Experiment forecasts are initialized at 0000 UTC
20 May 2010, about half-way through the upscale growth
of the MCS, as well as 2100 UTC 19 May 2010 before the
storms begin to grow upscale.

c. IC perturbation methods

In all experiments, the ensemble forecasts have the
same mean analysis, provided by the ensemble mean
analysis of the multiscale GSI-based EnKF DA system.
The only difference among the experiments is the IC
perturbations added to the ensemble mean to generate
the initial ensemble. The MULTTI IC perturbations are
obtained by directly using the inner domain multiscale
analyses to initialize the ensemble forecasts. The
LARGE IC perturbations are obtained by adding to the
inner domain ensemble mean analysis the difference
between each outer domain ensemble member and the
outer domain ensemble mean (both interpolated to the
inner domain). A third ensemble, MULTI4S, is con-
structed by filtering' wavelengths less than 48 km from
each MULTI perturbation before adding it back to the
inner domain ensemble mean. Since MULTI4S8 is the
same as MULTTI except for the absence of perturbations
on scales not resolved by LARGE, comparison of
MULTI48 with LARGE allows goal two (see section 1)
to be investigated while comparison of MULTI48 with
MULTTI allows goal three (see section 1) to be in-
vestigated. For simplicity, wavelengths less than 48 km
are therefore referred to as ‘‘small scale” IC perturba-
tions in this study while the larger scales are referred to
as ““mesoscale” IC perturbations in this study. Although
there is not such a sharp cutoff in the scales resolved by
the LARGE IC perturbations, the difference in per-
turbation energy between MULTI and LARGE is par-
ticularly pronounced at wavelengths smaller than
approximately ~50km (Fig. 2a), motivating the choice
of 48km (i.e., 12 grid points) to separate the small scales
and mesoscales in the IC perturbations.

d. Verification methods

SSEFs have proven useful for users interested in con-
vective precipitation forecast applications on space and
time scales ranging from very short-term warn-on-fore-
cast applications (e.g., Stensrud et al. 2009; Yussouf et al.
2013) to mesoscale quantitative precipitation forecasting
(e.g., Clark et al. 2009, 2012; Duc et al. 2013). Forecasts on
such different scales may show different sensitivities to
the multiscale IC perturbation methods. To provide a

! The filtering consists of truncation of wavelengths below 48 km
in the two-dimensional discrete cosine transform (Denis et al.
2002) of the IC perturbation field.
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robust understanding of the impacts of IC perturbation
methods, the convection forecasts are here evaluated in
terms of both instantaneous reflectivity during the first
two forecast hours and mesoscale hourly precipitation
accumulation out to 9h. Reflectivity results are shown
using model level 12 (~750hPa). Reflectivity at model
level 5 (~900hPa) was also evaluated and showed very
similar results (not shown).

The forecasts are objectively verified using the Brier
skill score (BSS; Brier 1950; Murphy 1973; Wilks 2006)
of neighborhood ensemble probability (NEP; Theis
et al. 2005; Schwartz et al. 2010). The NEP is defined as
the percentage of grid points from all ensemble member
forecasts within a search radius that exceed the thresh-
old being forecast. The use of the NEP reduces the
sensitivity to errors on scales smaller than the search
radius (Roberts and Lean 2008). A radius of 48km is
chosen for the mesoscale hourly accumulated pre-
cipitation forecasts in order to eliminate the impact of
smaller-scale and less predictable details (Johnson and
Wang 2012). The observation (hourly accumulated
precipitation in the nature run simulation) is not con-
verted to a neighborhood probability, following Johnson
and Wang (2012). The reflectivity forecasts are evalu-
ated across a range of different spatial scales (i.e., radii
less than 48km) and verification thresholds (Stratman
et al. 2013). The BSS provides a simple way to verify the
ensemble probabilistic forecasts that is sensitive to both
the reliability and resolution of the forecasts (Murphy
1973). For both precipitation and reflectivity, the refer-
ence forecast for calculating BSS is the domain-
averaged observed event frequency, as also used in
Johnson and Wang (2012). Differences in skill among
experiments are not sensitive to the choice of reference
forecast since it is the same for all experiments. In ad-
dition to the objective verification, subjective verifica-
tion is also conducted to qualitatively understand the
physical processes behind the objective skill metrics for
the selected, representative case.

The statistical significance of differences in BSS is
determined using permutation resampling of the 11
cases (Hamill 1999). For reflectivity forecasts with
multiple MCSs on the same day, results are first ag-
gregated for that day and treated as a single sample
since the different MCSs may not be statistically in-
dependent. For the hourly accumulated precipitation
forecasts, statistical significance is plotted at the 80%
confidence level. The relatively low confidence level is
chosen because an 11-sample dataset is rather small to
expect very high levels of confidence. While this choice
does leave a 20% chance of a “‘significant” result oc-
curring due to random chance, it allows the more ro-
bust results to be distinguished from the less robust
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FIG. 2. Fourier spectra decomposition of ensemble perturbations (ensemble member minus ensemble mean, averaged over all mem-
bers; solid) and ensemble mean error (dashed) for the u component of wind at model level 5 (~900 hPa) averaged over all 11 cases at
(a) the analysis time, (b) 20-min forecast time, (c) 40-min forecast time, (d) 60-min forecast time, and (e) 180-min forecast time.

results. For the reflectivity forecasts, statistical signifi-
cance is plotted at the 90% confidence level because
the impacts of the IC perturbation methods on re-
flectivity forecast skill are more consistent from case to
case, allowing for greater levels of statistical signifi-
cance to be established.

3. Results
a. Nonprecipitation forecasts

Since the nonprecipitation variables are the directly
perturbed IC variables, results for wind, temperature,
and water vapor are considered first. One-dimensional
detrended Fourier spectra for these variables are cal-
culated along east-west grid lines, and averaged over
all possible such grid lines (Skamarock 2004). Ensem-
ble mean error is also calculated, using the nature run

as truth (i.e., not the simulated observations, which
contain observation error). The spectra of the ensem-
ble mean error and the ensemble member perturba-
tions, averaged over the 40 ensemble members, are
compared for the u component of wind at model level 5
(~900hPa) in Fig. 2. Results for this variable are sim-
ilar to wind at model level 12 (~750hPa) as well as
temperature and water vapor (not shown). The en-
semble mean error spectra are very similar for the
MULTI and LARGE ensembles at the lead times
shown in Fig. 2, with the green and blue dashed lines
nearly on top of each other. The LARGE ensemble
perturbations are markedly underdispersive, compared
to the ensemble mean error, at scales less than ~50km
at the initial time (Fig. 2a). The lack of initial small-
scale spread is a result of the coarser resolution of the
outer domain ensemble used to generate the LARGE
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FIG. 3. Ensemble spread (i.e., standard deviation) and ensemble mean RMSE as a function of forecast lead time averaged over all cases
at model level 5 (~900 hPa) for (a) temperature (K), (b) water vapor mixing ratio (gkg "), (c) v-wind component (ms '), and (d) u-wind
component (ms ). (e)—(h) Asin (a)-(d), but at model level 12 (~750 hPa). Statistical significance at the 90% confidence level is indicated
by asterisks above (below) the curves for a significant difference between the two error (spread) curves.

perturbations. On average, the MULTI and LARGE
spread at small scales are nearly indistinguishable after
~40-60 min (Fig. 2).

Although the small scales are initially very under-
dispersive for LARGE, downscale energy propagation
results in rapid perturbation growth on such scales,
consistent with the results of Durran and Gingrich
(2014). The small-scale energy for LARGE catches up
to that for MULTTI within about an hour (Fig. 2). This
confirms that explicitly including small-scale IC pertur-
bations has little impact on the ensemble spread of the
directly perturbed variables on such scales for lead times
beyond ~1h. However, it is not clear what impacts the
small-scale IC perturbations during the first hour have
on the convective precipitation forecasts both during
and after the first hour and on larger scales.

The ensemble spread (i.e., standard deviation) of
wind, temperature, and moisture at model levels 5 and
12 (~900 and 750 hPa, respectively) are also evaluated
and compared to the ensemble mean root-mean-square
error (RMSE) in Fig. 3. Most variables and lead times
show much less ensemble spread than ensemble mean
error for both MULTI and LARGE (Fig. 3). The sys-
tematic underdispersion cannot be attributed to in-
sufficient sampling of model errors in the ensemble
design because of the perfect-model OSSE framework.
It also likely is not attributable to the LBC perturba-
tions, generated on the outer domain, which does

contain model error, since the underdispersion is pres-
ent from the beginning of the forecasts. However, the
LBC perturbations may contribute to limiting the
spread growth after ~5-6h (Fig. 3). The systematic re-
sults here are representative of the results for the 20 May
case study, and therefore not shown again for the
case study.

b. Convective precipitation forecasts

The following subsections evaluate the differ-
ences between MULTI and LARGE, MULTI48 and
LARGE, and MULTI and MULTI48 in order to
address the three goals of this study (section 1).

1) IMPACT OF OVERALL IC PERTURBATION
METHOD (MULTI vs LARGE)

(i) Mesoscale hourly accumulated precipitation

The first goal of this study is to understand the overall
systematic impacts of the flow-dependent multiscale IC
perturbations by comparing MULTI and LARGE. For
the mesoscale precipitation forecasts, MULTT is more
skillful than LARGE during the first hour and, for the
2.54 and 6.35mmh "' thresholds, after 4h (Figs. 4a—c).
MULTT is slightly less skillful than LARGE at 8-9 h for
the 12.7mmh ™" threshold but this difference is not
statistically significant (Figs. 4a—c). The MULTI skill
advantages are significant at the 1-h lead time for all
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FIG. 4. Brier skill score (BSS) of the neighborhood ensemble probability (NEP) forecasts from all 11 cases for hourly accumulated
precipitation thresholds of (a) 2.54, (b) 6.35, and (c) 12.7mm h ™. Statistical significance is plotted at the 80% confidence level, with
significant differences between MULTI and LARGE, MULTI48 and LARGE, or MULTI and MULTI48 indicated by asterisks on the
MULTI line, plus signs on the MULTI48 line, or asterisks along the horizontal axis, respectively. Also shown are the resolution com-
ponent of the Brier score at the (d) 2.54, () 6.35, and (f) 12.7mm h ™! thresholds and the reliability component of the Brier score at the
(g) 2.54, (h) 6.35, and (i) 12.7 mm h ™! thresholds.
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FIG. 5. As in Figs. 4a—c, but for the 20 May 2010 case and instead of a statistical significance test, confidence intervals are placed on the
LARGE skill line. The 90% confidence intervals are calculated using 5000 bootstrap resamples with replacement of the 40 ensemble
members for each BSS value. The purpose is to estimate the uncertainty in the verification statistic resulting from sampling errors due to

the finite ensemble size.

thresholds, the 7-h lead for the 6.35mmh ™! threshold,
and the 6- and 8-h lead times for the 2.54mmh™!
threshold. The 7- and 9-h lead times are nearly signifi-
cant at the 2.54mmh~' threshold, with p values of
0.2024 and 0.236, respectively (not shown). The differ-
ences between MULTI and LARGE BSS correspond
more closely to the differences between MULTI and
LARGE resolution than to the differences in reliability
(Figs. 4d—i).? The reliability of MULTI is actually worse
(i.e.,larger) than that of LARGE at the higher threshold
(Fig. 4i), unlike the BSS and resolution that are gener-
ally better for MULTI than LARGE at this threshold
before the 8-h lead time (Figs. 4c,f). The correspondence
between the resolution differences and the BSS differ-
ences suggest that the same impact of the different IC
perturbations cannot be achieved by simple calibration
of the forecasts to improve their reliability.

The systematic results are generally representative
of the 20 May case study since at most lead times
MULTTis more skillful than LARGE for the case study
(Fig. 5). Strictly speaking, given only one realization
(i.e., one case) two nonzero/non-100% probabilities
should not be compared as better or worse. However,
subjective evaluation of this case study provides phys-
ical understanding of the causes of the more systematic
differences in forecast skill noted above. The LARGE
probabilistic forecast subjectively corresponds well to
the ““observed” (i.e., nature run) precipitation (Fig. 6).
However, there are subtle errors such as a slight

2 Note that a larger resolution component or a smaller reliability
component both contribute to a smaller BS, and therefore a larger
BSS (Brier 1950; Murphy 1973; Wilks 2006).

westward displacement of the axis of maximum NEP,
relative to the observed MCS in the nature run, at the
southern end of the MCS at later lead times (Fig. 6),
similar to the forecast in the real data case in Johnson
et al. (2015). The LARGE ensemble also predicts some
spurious cells in the MCS cold pool resulting in nonzero
probability northwest of the observed MCS during the
first ~2h (Fig. 6a; blue circle). The figures discussed
below are plotted as differences from the LARGE (or
MULTI48) NEP in order to emphasize such subtle
forecast differences.

The generally greater skill for MULTI than LARGE
on 20 May (Fig. 5) is consistent with subjective evalu-
ation (Figs. 7a—i). Initially, MULTI shows reduced
probability, compared to LARGE, in the cold pool
region northwest of the MCS and increased probability
farther east. The MULTI advantage of reducing the
NEP in the cold pool region persists for ~3-4h
(Figs. 7a—d). Starting at ~0500 UTC, MULTI has
higher probability along the eastern edge of the MCS
and another area of reduced probability west of the
southern end of the MCS (Figs. 7e—i). The westward
displacement of the maximum NEP at later lead times
for LARGE at the southern end of the MCS is thus
partly corrected in the MULTI forecast.

(ii) Storm-scale reflectivity

The reflectivity forecasts, verified on smaller scales
than the accumulated precipitation forecasts, are not
considered beyond the 2-h forecast range because of the
intrinsic lack of predictability at longer lead times for
storm-scale features (Cintineo and Stensrud 2013).
For the storm-scale reflectivity forecasts, MULTT is
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Neighborhood Ensemble Probability

FI1G. 6. (a)—(i) NEP (shaded) and observation contour (red line) for the LARGE ensemble forecast of hourly accumulated precipitation
exceeding 6.35mmh !, initialized at 0000 UTC 20 May 2010. The blue circle in (a) highlights the subtle area of nonzero forecast
probability that is reduced in Fig. 7a. The corresponding observation of hourly accumulated precipitation is contoured in black at the same

threshold.

again more skillful than LARGE where there are sta-
tistically significant differences (Fig. 8). The statisti-
cally significant MULTI advantages last for about
65 min at the lower thresholds (e.g., 20-25 dBZ; Fig. 8)
and about 45 min at the higher thresholds (e.g.,40dBZ;
Fig. 8). Like the hourly accumulated precipitation
forecasts, the differences in reflectivity forecast skill
also correspond to the differences in the resolution
component, rather than the reliability component
(Figs. 9 and 10). Whereas the resolution component of
the Brier score is generally better (i.e., larger) for
MULTI than LARGE (Fig. 9), the reliability compo-
nent of the Brier score is generally worse (i.e., larger)
for MULTI than LARGE after ~30-45 min (Fig. 10).
Since the differences between MULTI and LARGE
include both smaller-scale perturbations in MULTI
and different methods of generating the mesoscale
perturbations, the impacts of these two factors are
distinguished in the following subsections.

The reflectivity forecast skill differences on the
20 May case study are again representative of the sys-
tematic results (Fig. 11). For the case study, MULTI is

generally the more skillful ensemble where the BSS
difference exceeds a magnitude of 0.01 (color shading
in Fig. 11). The MULTTI advantage is most pronounced
at ~30-40 min (Figs. 11f-h), while slight LARGE ad-
vantages begin to appear during the last ~20min
(Figs. 11s,t).

Subjectively, there are two competing factors that
qualitatively explain the differences between MULTI
and LARGE reflectivity forecast skill, as illustrated
with the representative forecasts for the 30-dBZ
threshold (Figs. 12a-h). First, MULTI provides a
sharper forecast of the MCS with greater resolution
than LARGE during the first forecast hour, since
MULTT has lower probability outside of the observed
MCS and higher probability within the observed MCS
(Figs. 12a—f). In particular, there is reduced MULTI
probability outside and to the west of the observed
MCS and a corresponding increase in MULTI proba-
bility inside the northern end of the observed MCS
contour (Figs. 12a-f). This difference is most pro-
nounced at ~35-45min, consistent with the greatest
MULTI skill advantage in Fig. 11. Second, MULTI
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MULTI-LARGE MULTI-MULTI48 ~ MULTI48-LARGE

A ¢ J [ 0 3
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NEP Difference

FIG. 7. Difference in NEP between (left) MULTI and LARGE, (middle) MULTI and MULTI48,
and (right) MULTI48 and LARGE, for hourly accumulated precipitation forecasts initialized at
0000 UTC 20 May 2010, for the 6.35 mm h™! threshold. Blue and red circles highlight areas referred
to in the text.
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FIG. 8. Difference in BSS between the MULTI and LARGE ensembles, averaged over all 18 MCS cases, for reflectivity at model level
12 at 5-min intervals during the first 80 min and at 10-min intervals between 80 and 120 min. The vertical axis on each panel is the
reflectivity threshold (dBZ) and the horizontal axis is the neighborhood radius (km). Values that are not statistically significant at the 90%
level are covered by shading. The unshaded values are statistically significant at the 90% level.

enhances the forecast probability outside of the ob-
servation contour at the southern and eastern edges of
the observed MCS, negatively impacting the forecast
skill. This difference becomes more pronounced at the
later lead times, explaining the decreasing MULTT skill
advantage and eventual slight LARGE skill advantage
in Fig. 11. The causes of these qualitative differences
are discussed further in the following subsections.

2) IMPACT OF MESOSCALE COMPONENT OF IC
PERTURBATION METHOD (MULTI48 vs
LARGE)

(i) Mesoscale hourly accumulated precipitation

The second goal of this study is to understand the
systematic impacts of the differences between MULTI
and LARGE on commonly resolved scales (i.e., mesoscales),
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F1G. 9. Asin Fig. 8, but for the resolution component of the Brier score. Significance tests were not repeated separately for the resolution
and reliability components.

as opposed to the smaller scales resolved only by
MULTI. MULTIA4S is therefore compared to LARGE
in order to focus only on the mesoscale IC perturbations
(Fig. 4). The differences in mesoscale precipitation
forecast skill between MULTI48 and LARGE are
similar in many ways to the differences between
MULTT and LARGE. Specifically, MULTI48 is more
skillful than LARGE after ~4 h, except for the last few
hours at the 12.7mmh ' threshold and the last couple
of hours at the 6.35mmh™' threshold. Unlike the

differences between MULTI and LARGE, the differ-
ences between MULTI48 and LARGE are generally
not statistically significant, except at the 1-h lead time
(Fig. 4). This result shows that the small-scale IC per-
turbations, omitted from MULTI4S, also play an im-
portant role as further discussed in section 3b(3). Also,
asin the differences between MULTI and LARGE, the
differences in BSS between MULTI48 and LARGE
correspond to differences in resolution, not just re-
liability (Fig. 4).
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F1G. 10. Asin Fig. 8, but for the reliability component of the Brier score. Significance tests were not repeated separately for the resolution
and reliability components.

For the 20 May case study, the mesoscale pre-
cipitation forecast differences between MULTI and
LARGE are primarily determined by the differences
between MULTI48 and LARGE (i.e., subjective
similarity between the left and right columns of Fig. 6
and between the blue lines in Fig. 5). In particular, the
reduction of spurious precipitation behind the MCS
for MULTI, and the subsequent differences from
LARGE in the northern and eastern parts of the MCS
at later times are also present in the differences

between MULTI48 and LARGE (Figs. 6s—«). The
differences from LARGE in the southern part of the
MCS are also more strongly impacted by the meso-
scale IC perturbation differences than the small-scale
IC perturbations since the left and right columns of
Fig. 6 are more similar in this area than the left and
middle columns at most lead times. Since the meso-
scale differences in the IC perturbation methods have
similar qualitative impacts on precipitation and re-
flectivity forecasts, the qualitative explanation of these
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FiG. 11. Difference in BSS in the 0000 UTC 20 May case study for reflectivity at model level 12 between the MULTI and LARGE
ensemble at 5-min intervals during the first 80 min and at 10-min intervals between 80 and 120 min. The vertical axis on each panel is the
reflectivity threshold (dBZ) and the horizontal axis is the neighborhood radius (km).

forecast differences are explained in the following
subsection.

Systematically, the differences in mesoscale IC perturba-
tions result in skill advantages for MULTI48 and MULTI,
compared to LARGE, at both early (1h; ie., valid at
0100 UTC) and later (~5-9h; i.e., valid at 0500-0900 UTC)
lead times (Figs. 4a,b). However, the skill is generally sta-
tistically indistinguishable among the forecasts at ~2-4-h
lead times (Fig. 4). One possible explanation is that this is a

result of the diurnal cycle of convective precipitation. Many
of the cases show more convection over larger areas during
the evening hours (i.e., the first ~4h) than the overnight
hours when only the better organized systems tend to be
maintained (after ~0300-0400 UTC; not shown). It is hy-
pothesized that the advantage of MULTI4S is greatest for
the more organized long-lived MCSs, allowing the advan-
tage to be objectively more pronounced after ~4h when
most of the precipitation is associated with such systems.
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FIG. 12. As in Fig. 7, but for forecasts of reflectivity exceeding 30 dBZ in the
verification domain focused on the MCS of interest. The color scale is the same as in
Fig. 7.

Brought to you by NOAA Library | Unauthenticated | Downloaded 04/01/25 06:33 PM UTC



JuLY 2016 JOHNSON AND WANG 2595
B)10min. C)15min. D)20min. E)25min.
ﬁ ig {/( { l L L Ll L ;/! Ll L 1
Sell / Jz" :
g . s 4D . \
£ 30 \ ‘ \
£y i \ ]
£ x| i JHC e R
0 4 81624324048 0 4 a 1624324048 0 4 81624324048 0 4 8 1624324048 0 4 8 1624 32 40 48
)30min. G)35min. H)40min. I)45min J)50min
50 L] Ll Ll L
g fﬁ ]/'\ i '\\ f_ \
3 4 ( \ 1 /—\ i
D 35 \ < 3
2 3 \ - O 4 } ’ ]
H N b |
- 20 - H ]
15 }‘ e \ : ; \J gy |
0 4 ?(}5%24_324048 0 4 81624324048 0 4 B8 1624324048 0 4 8 1624324048 0 16 24 32 40 48
)S5min. L)60min. M)65min. N)70min. 0)75m|n
";I"' - -
0
o - r
: ¢ Jd1
8 o 11
= 1 F \
<|l L L ‘I 'l [‘ 'l L L
0 4 B1624324048 0 4 B8 1624324048 0 4 8 1624324048 0 4 8 16 24 32 40 48
Q)90min. R)100min. S)110min. T)120min.
) > *
E - - = - —~
o 4 4 4 .
[=}
= o -
L]
o . 4 F g
£
l_ - - - - -
5 \
0 4 81624324048 0 4 B 1624324048 0 4 B 1624324048 0 4 8 1624324048 0 4 B 16 24 32 40 48
Radius(km) Radius(km) Radius(km) Radius(km) Radius(km)
[T NN N N N N

-0.1 -0.08 -0.06 -0.04 -0.02

0.0 0.02 0.04 0.06 0.08 0.1

MULTI48 BSS minus LARGE BSS

FI1G. 13. As in Fig. 8, but for the BSS difference between MULTI48 and LARGE.

(ii) Storm-scale reflectivity

For the reflectivity forecasts, the differences in skill
between MULTI and LARGE are also dominated by
the differences between MULTI48 and LARGE, with
the exception of the 0—4-km radius neighborhoods dur-
ing approximately the first hour (Fig. 13). Statistically
significant MULTI48 advantages for some radii/thresh-
olds persist throughout the 2-h forecast period, although
the differences become small by the end of the period.
MULTI48 has lower skill than LARGE at 0-4km for

early lead times (Figs. 13a—j) because the small scales of
MULTIA4S are sharply truncated while the small-scale
energy in LARGE approaches zero more gradually. The
differences in reflectivity BSS between MULTI48 and
LARGE also correspond primarily to differences in the
resolution component (not shown).

The MULTI48 advantages over LARGE, for both the
reflectivity and precipitation forecasts, are attributed to
greater consistency of the mesoscale IC perturbations
with the analysis errors in the vicinity of the analyzed
MCS for MULTI4S8. For example, member 6 from the
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F1G. 14. Comparison of the 20 May case initial perturbations of
corresponding ensemble mean error. The 30-min reflectivity forecas
LARGE_006 IC perturbation from the ensemble mean for the (b) u
model level 5. (f)—(h) As in (b)-(d), but for the MULTI48_006 IC
semble mean minus truth; note the IC ensemble mean is identical for
with contour intervals of 5ms~! for wind (negative values dashed)

LARGE ensemble in the 20 May case study (hereafter
LARGE_006) shows several spurious cells west of the
MCS in the cold pool region at early lead times
(Fig. 14a). The corresponding member 6 of the
MULTI48 ensemble (hereinafter MULTI48_006) does
not show these spurious cells (Fig. 14¢). The spurious
cells result from strong convergence and moisture IC
perturbations in the vicinity of the analyzed MCS cold
pool for LARGE_006 that are not present for
MULTI48_006 (Figs. 14b,c,d,f,g,h). Such perturbations
may be consistent with the poorly resolved and poorly
analyzed cold pools in the outer domain analysis.
However, they are inconsistent with the errors of the
inner domain analysis of this feature after radar DA
(Figs. 14i-k). Therefore the improved consistency be-
tween the mesoscale IC perturbations and analysis er-
rors near the analyzed MCS for MULTI48, compared to
LARGE, explains the reduction in spurious probability
in the cold pool region at early lead times for this case.
The excessively large magnitude mesoscale perturba-
tions in and near the initial MCS for LARGE also result
in the less sharp probabilistic forecast of the MCS

member 006 from the LARGE and MULTI48 ensembles with the
t at model level 12 for (a) LARGE_006 and (e¢) MULTI48_006. The
component of wind, (c) v component of wind, and (d) water vapor at
perturbation. (i)-(k) The corresponding ensemble mean error (en-
all ensembles). Black contour overlays are the ensemble mean fields
and 2 gkg ™! for water vapor.

for LARGE, consistent with the poorer resolution
component for the LARGE forecast noted above. The
smaller magnitude mesoscale IC perturbations for
MULTI48 also explain the initially lower ensemble
spread of nonprecipitation variables for MULTI, com-
pared to LARGE (Fig. 3). The above discussion was also
found to apply to the other cases in this study as well (not
shown). Generating just the mesoscale part of the IC
perturbations while assimilating radar observations on
the convection-permitting grid, and allowing upscale and
downscale interactions with the convective scales, is
therefore advantageous for storm-scale reflectivity fore-
casts, in addition to the mesoscale precipitation forecasts.

The impact of the smaller magnitude mesoscale per-
turbations in MULTI48 than LARGE on ensemble
spread and accuracy is quantified with the dispersion
and error fractions skill score (dFSS and eFSS, re-
spectively; Dey et al. 2014). As described in greater
detail in Dey et al. (2014), the fractions score (FS) is the
mean square difference between the forecast and ob-
served neighborhood probability (NP) field. The ob-
served NP is calculated the same way as the forecast NP,
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FIG. 15. Dispersion fractions skill score (dFSS) for the (a) MULTI48 ensemble, (b) LARGE ensemble, and (c) difference between the
MULTI48 and LARGE ensembles; and error fractions skill score (eFSS) for the (d) MULTI48 ensemble, (¢) LARGE ensemble, and

(f) difference between the MULTI48 and LARGE ensembles.

instead of using a binary verification field as in the other
NEP skill scores. The FSS is then calculated as 1 — FS/
FS,t, where FS,.; is the FS that would be obtained if
there were no overlap between the forecast and ob-
served NP fields (i.e., the sum of the mean square fore-
cast and observed NP fields; Dey et al. 2014). The dFSS
is calculated as the average FSS between all possible
member-member pairs as a measure of ensemble
spread. Smaller values of dFSS indicate greater spread.
The eFSS is calculated as the average FSS between all
member-observation pairs and is a measure of the de-
terministic forecast accuracy of the ensemble members.
Smaller values of eFSS indicate greater error of the in-
dividual deterministic forecasts comprising the ensem-
ble. An advantage of this method is that it can be
calculated over a range of radii to understand the scale
dependence of the ensemble characteristics.

The dFSS of reflectivity forecasts is systematically
larger for MULTI48 than LARGE after ~20min, in-
dicating less ensemble spread for MULTI48 (Fig. 15c).
This is a result of the smaller magnitude mesoscale IC
perturbations in MULTI48. The larger spread for
MULTI48 than LARGE during the first ~20min is
likely due to the fact that significant hydrometeor per-
turbations are not present in the initial LARGE en-
semble downscaled from the convection-parameterizing
outer domain. It therefore takes some time for the

directly perturbed variables to generate reflectivity
spread. After ~15-30min, depending on spatial scale,
the smaller spread for MULTI48 also corresponds to
larger eFSS values, indicating less error for the
MULTI48 members than for the LARGE members
(Fig. 15f). Therefore, Fig. 15 shows that the MULTI48
members are systematically both closer to each other
and closer to the observations than the LARGE mem-
bers, consistent with the generally more skillful forecasts
for MULTI48 (Fig. 13) and the sharper reflectivity
forecasts. Even during the first ~15-30 min, when the
individual members have larger errors for MULTI than
for LARGE (Fig. 15f), the ensemble probability fore-
casts are more skillful for MULTI than LARGE (Fig. 8).

3) IMPACT OF SMALL-SCALE COMPONENT OF IC
PERTURBATION METHOD (MULTT vs
MULTI4S8)

(i) Mesoscale hourly accumulated precipitation

The third goal of this study is to understand the sys-
tematic impacts of the small-scale IC perturbations
which are resolved by MULTI but not LARGE.
MULTT s therefore compared to MULTI48 which does
not contain such small-scale IC perturbations. The sys-
tematic verification reveals that the small-scale IC per-
turbations increase the forecast skill starting at ~6h,
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MULTI48_018

MULTI_018

FIG. 16. Forecasts of hourly accumulated precipitation initialized at 0000 UTC 20 May and valid at (a),(d) 0400; (b),(e) 0600; and (c),(f)
0800 UTC for member 18 of the (a)-(c) MULTI4S and (d)—-(f) MULTI ensemble. The observation contour at the 6.35 mmh ! level is

overlaid in blue.

although the impact on skill at earlier lead times is small
or insignificant (Fig. 4). MULTI is more skillful than
MULTI4S8 at these later lead times for all thresholds,
with statistical significance at 8-9, 7-8, and 6-7 h at 2.54,
6.35, and 12.7mmh ' thresholds, respectively (Fig. 4).
This result shows that it is important to explicitly include
such perturbations in the IC perturbation design, rather
than rely on the downscale propagation of perturbation
energy indicated by Fig. 1 and Durran and Gingrich
(2014). Figure 4 also shows that at forecast hours 2-5,
MULTTI is slightly less skillful than MULTI48 at all
thresholds, although the difference is only significant at
the 2-h lead time for the 12.7mmh ! threshold (Fig. 4).
This negative impact of the small-scale IC perturbations
may be related to an initial enhancement of disorga-
nized weak convection surrounding the observed con-
vective systems (Fig. 12).

For the 20 May case study, the small-scale IC per-
turbations contribute to the overall NEP difference at
some locations, especially at later lead times. For ex-
ample, the small-scale IC perturbations increase the
probability of precipitation where a storm is observed
along the Oklahoma-Texas border at ~0300-0500 UTC
(Figs. 7l-n; blue circles). This leads to a corresponding
increase in probability along the southeast edge of the
MCS at ~0600-0800 UTC (Figs. 70—q; blue circles). The
small-scale IC perturbations also contribute to the de-
crease in forecast probability to the west of the southern
half of the MCS at later lead times, especially at ~0400—
0700 UTC (Figs. 7m-p; red circles). The impact of the
small-scale IC perturbations in this localized area (al-
though not over the entire domain) is nearly as large,

and at some times and places larger than, the impact of
the differences in mesoscale IC perturbations. There-
fore, while the mesoscale component of the IC pertur-
bations dominates the ensemble forecast skill for this
case, the small-scale IC perturbations are not entirely
unimportant for the mesoscale hourly accumulated
precipitation forecasts.

Subjective evaluation of the differences between in-
dividual members of the MULTI and MULTI48 en-
sembles for the 20 May case study demonstrates how the
small-scale IC perturbations can directly affect the de-
velopment of new convection during the early forecast
hours (e.g., Fig. 16). Given the smaller spatial scale of
newly developing convection, it is not surprising that it is
particularly sensitive to the small-scale IC perturba-
tions. Such convection can then grow upscale during the
forecast period, influencing the mesoscale precipitation
forecast at later lead times. The continued development
of new convection during the early forecast period thus
provides a mechanism for the small-scale IC perturba-
tions to impact the mesoscale precipitation forecasts at
later lead times. The small-scale perturbation energy
that rapidly develops through downscale energy propa-
gation (i.e., Fig. 2) may not have as much impact on the
newly developing convection. An example of this
mechanism is demonstrated by ensemble member 18 in
Fig. 16. The MULTI48 member does not forecast con-
vection along the Texas—Oklahoma border at 0400 UTC
(Fig. 16a; red circle). However, the corresponding
MULTI member, which also includes the small-scale
component of the IC perturbation, does forecast such a
convective cell (Fig. 16d; red circle). The location of the
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FIG. 17. As in Fig. 8, but for the BSS difference between MULTI and MULTI4S8.

cell in MULTT is slightly west of and weaker than the
observed convection at 0400 UTC. However, for this
case the upscale growth of the cell results in the southern
end of the MCS being farther southeast and closer to the
observed MCS by 0800 UTC for MULTI (Fig. 16f; red
circle) than for MULTI48 (Fig. 16¢; red circle).

(ii) Storm-scale reflectivity

The small-scale IC perturbations in MULTT also sys-
tematically improve the reflectivity forecasts over
MULTI48 on small forecast scales (i.e., no neighborhood

radius; Fig. 17). Although small-scale IC perturbations
lead to some small (but statistically significant) disad-
vantages (e.g., Figs. 17g—j at scales >8km), there are
more pronounced advantages at small scales during
approximately the first hour (Figs. 17a-o at scales
<8km). As demonstrated in the following paragraph, the
small-scale early advantage corresponds to subjectively
smoother probability gradients where grid-scale details of
the observation contour at a particular threshold are not
well forecast. This contrasts with the mesoscale pre-
cipitation forecasts that are improved by upscale growth
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FI1G. 18. NEP forecast (with 0-km neighborhood radius) of reflectivity exceeding 30 dBZ at
the 15-min lead time (shaded) and observation contour for the 20 May case for (a) MULTI

and (b) MULTI4S.

of the explicitly added flow-dependent small-scale IC
perturbations. For storm-scale reflectivity forecasts, the
impact of the small-scale IC perturbations is limited to
the very small scales and the time period before down-
scale propagation generates sufficient perturbation en-
ergy on such scales (Fig. 2). The slight degradation of skill
at some lead times likely results from an increase in weak
spurious convection away from the convective system
caused by the small-scale perturbations.

Subjectively, there are two clear impacts of the small-
scale IC perturbations in the 20 May case study. First,
the MULTI48 NEP forecasts at short lead times show
small-scale features of the MCS with strong probability
gradients that do not necessarily line up with the ob-
servation contour (e.g., Fig. 18b; blue circles). The small-
scale IC perturbations in MULTI smooth out the NEP
gradient in such cases, making the probabilistic forecasts
more consistent with the uncertainty of such features
(e.g., Fig. 18a; blue circles). This explains the better BSS
for MULTT than MULTI48 for zero or small neigh-
borhood radii during the first ~1h (e.g., Fig. 17; also
seen in the 20 May case, not shown). Second, the small-
scale IC perturbations generally increase the probability
in several areas where no precipitation is observed (e.g.,
Figs. 12j—n; blue circles). This is a result of large areas of

weak convection resulting from the small-scale IC per-
turbations and is most pronounced at lower reflectivity
thresholds (not shown).

The systematic impact of the small-scale IC per-
turbations on ensemble spread and accuracy is also
quantified with the dFSS and eFSS (Fig. 19). Com-
pared to MULTI48, MULTI initially has greater
spread at the grid scale, which grows to slightly larger
scales during the first ~45-60min (Fig. 19c). This
difference in spread, resulting from the small-scale IC
perturbations in MULTI, remains maximized in
neighborhoods of 0—4 km, consistent with the impact
on ensemble forecast skill occurring on such scales
(Fig. 17). The greater spread for MULTI corresponds
to more error of the individual ensemble members
(Fig. 19f). This is expected because the ensemble
mean is expected to be centered on the most likely
observation so as spread increases the accuracy of any
given member is expected to be less. However, in the
ensemble context this is advantageous since the NEP
skill is greater for MULTI than MULTI4S at similar
times and scales because the ensemble better reflects
the forecast uncertainty for MULTI than MULTI48
(Fig. 17). The impact of the small-scale IC perturba-
tions on both ensemble spread and accuracy begins to
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FIG. 19. As in Fig. 15, but for the MULTI and MULTI48 ensembles.

diminish after ~60min (Figs. 19c,f), also consistent
with Fig. 17.

4. Summary and discussion

This study tests the hypothesis that the flow-
dependent multiscale IC perturbations resulting from
multiscale ensemble data assimilation can provide en-
semble forecast advantages that were not found with
more simplified methods of generating multiscale I1C
perturbations for SSEFs. This hypothesis is tested by
considering the following three questions. First, what
are the impacts on ensemble forecast skill of generating
IC perturbations with a multiscale ensemble data as-
similation system (MULTI), compared to downscaling
larger-scale IC perturbations from a coarser domain
(LARGE)? Second, what role does the mesoscale
component (i.e., resolved by both MULTI and
LARGE) of the IC perturbation differences have in
determining the ensemble forecast skill? Third, what
role do the small-scale (i.e., only resolved with MULTT)
IC perturbations have in the differences between
MULTT and LARGE ensemble forecast skill? The im-
pacts of the IC perturbations are evaluated in terms of
2-h reflectivity forecasts over a range of neighborhood
radii less than 48 km and in terms of 9-h mesoscale (i.e.,
48-km neighborhood radius) hourly accumulated pre-
cipitation forecasts. A perfect-model OSSE framework
is used to isolate the impacts of IC error and the

corresponding IC perturbations. In the OSSE frame-
work, the governing dynamics and physics of the ex-
periment model are identical to that of the truth
simulation, leaving IC/LBC uncertainty as the only
source of error to be sampled in the ensemble design. It
is possible that some results could be sensitive to the
choice of configuration for the experiment and truth
simulations. Future work with real data experiments
without the perfect-model OSSE framework are there-
fore still needed to determine how much forecast skill
improvement is obtained by optimal IC perturbations in
more realistic scenarios that also include model and
physics errors. However, such experiments could also
have results that are dependent on particular physics
configurations.

The impact of the different IC perturbation methods
on the spread of the directly perturbed nonprecipitation
variables is first evaluated. The LARGE IC perturba-
tions are much more underdispersive than MULTT on
scales less than ~50 km. However, as expected from the
results of Durran and Gingrich (2014), the downscale
cascade of perturbation energy results in similar per-
turbation spectra between MULTI and LARGE within
~1h. The total spread of nonprecipitation variables is
dominated by the larger scales that initially show less
spread for MULTI than LARGE for all variables except
for level 12 (~750 hPa) moisture.

In addition to the spread of the directly perturbed
nonprecipitation variables, the skill of the ensemble
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forecasts of convective precipitation on different time
and space scales is also evaluated. Comparison of the
MULTTI and LARGE ensembles addresses the ques-
tion of how the forecast skill is affected by the differ-
ences between multiscale IC perturbations generated
with multiscale ensemble data assimilation versus
coarser-resolution downscaled IC perturbations. The
comparison of MULTT and LARGE reveals statistically
significant skill advantages for MULTI at the 1-h lead
time for all thresholds and at several lead times after 4h
for the 2.54 and 6.35 mm h ™' thresholds. The storm-scale
reflectivity forecasts are more skillful for MULTI than
LARGE for about 45 (at higher thresholds) to 65 (at
lower thresholds) min. On average, the MULTI IC
perturbations therefore represent a more optimal
method of sampling the IC uncertainty for SSEFs of
midlatitude convection than LARGE. The comparisons
of MULTI48 with LARGE and MULTI with MULTI48
provide further understanding of the reasons for the
MULTI advantages over LARGE.

Comparison of MULTI48 and LARGE addresses the
question of how the differences in the mesoscale com-
ponent of the IC perturbations affect the forecast skill.
The differences in ensemble forecast skill are explained
mainly by the mesoscale component of the differences
between the IC perturbation methods, with the excep-
tion of the first hour of reflectivity forecasts using
neighborhood radii of 0—-4km. The comparison of
MULTI48 with LARGE is generally similar to the
comparison of MULTI and LARGE for mesoscale
precipitation forecasts at 2.54 and 6.35mmh ! thresh-
olds and storm-scale reflectivity forecasts with neigh-
borhood radii >4km. It was demonstrated with the
20 May case study, and confirmed with other cases as
well (not shown), that the MULTI48 perturbations have
less amplitude and are more consistent with the analysis
error in the vicinity of the analyzed MCSs and corre-
sponding cold pools, compared to LARGE. This leads
to subjectively and objectively better probabilistic
forecasts of both reflectivity and hourly accumulated
precipitation. However, the advantages of MULTI48
over LARGE for mesoscale precipitation at ~5-9-h
lead times are less statistically significant than the ad-
vantages of MULTI over LARGE. Furthermore, at the
12.7mmh ™" threshold, the mesoscale and small-scale IC
perturbations have impacts on skill of similar magni-
tude, showing that the small-scale IC perturbations also
play an important role. The small scales (i.e., 0—4-km
neighborhoods) of the reflectivity forecasts during the
first hour are also an exception to the dominance of the
mesoscale IC perturbations.

Comparison of MULTI and MULTI48 addresses
the question of how the presence of small-scale I1C
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perturbations in MULTT affects the forecast skill. Ad-
vantages of the small-scale IC perturbations were found
for both reflectivity and hourly precipitation, although
for some lead times and spatial scales the reflectivity
forecasts were made slightly less skillful by the small-
scale IC perturbations. Since Fig. 2 and Durran and
Gingrich (2014) both suggest that small-scale perturba-
tions rapidly develop as a result of downscale energy
propagation, the appearance of mesoscale forecast ad-
vantages for MULTI, compared to MULTI48, at much
later lead times is particularly noteworthy. For the
20 May case study, the impact of the small-scale IC
perturbations on the mesoscale precipitation forecasts
resulted from their impact on new convection that de-
veloped during the early forecast period. The new cells
originated from small-scale features, explaining their
sensitivity to the small-scale IC perturbations. At later
times, such cells also influenced the mesoscale convec-
tive systems, explaining the upscale growth of this
impact onto the mesoscale hourly accumulated pre-
cipitation forecasts throughout the 9-h forecast period
for this case. It should also be noted, however, that the
systematic impact on skill at earlier lead times is small or
statistically insignificant (Fig. 4).

In summary, this study shows some of the ways that IC
perturbations for SSEFs of midlatitude convection more
optimally sample the analysis uncertainty when gener-
ated at full resolution with ensemble-based multiscale
data assimilation than when downscaled from a coarser
ensemble. The greater consistency between the meso-
scale IC perturbations and analysis uncertainty and the
presence of flow-dependent smaller-scale IC perturba-
tions both contribute to forecast advantages for the
multiscale IC perturbation method. This work provides
two new scientific findings that have not been shown in
past work. First, an advantage of the small-scale (i.e.,
order of 10km) component of multiscale IC perturba-
tions found in this work had not been previously shown.
Second, the advantage demonstrated in this study of
generating the larger-scale component of the IC per-
turbations on the same grid as the forecast model had
not been previously shown to the authors’ knowledge.
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