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ABSTRACT
High-resolution (4 km; hourly) regional climate modeling is utilized to resolve March–May hazardous convective weather east of the U.S. Continental Divide for a historical climate period (1980–90). A hazardous
convective weather model proxy is used to depict occurrences of tornadoes, damaging thunderstorm wind gusts,
and large hail at hourly intervals during the period of record. Through dynamical downscaling, the regional
climate model does an admirable job of replicating the seasonal spatial shifts of hazardous convective weather
occurrence during the months examined. Additionally, the interannual variability and diurnal progression of
observed severe weather reports closely mimic cycles produced by the regional model. While this methodology
has been tested in previous research, this is the first study to use coarse-resolution global climate model data to
force a high-resolution regional model with continuous seasonal integration in the United States for purposes of
resolving severe convection. Overall, it is recommended that dynamical downscaling play an integral role in
measuring climatological distributions of severe weather, both in historical and future climates.

1. Introduction
Preliminary research suggests that environmental
controls related to hazardous convective weather (HCW;
tornadoes, severe wind gusts, and large hail) will increase
in response to elevated greenhouse forcing (Del Genio
et al. 2007; Trapp et al. 2007a, 2009; Van Klooster and
Roebber 2009; Gensini et al. 2013; Diffenbaugh et al.
2013). Despite this evidence, climate change assessments
have largely avoided any conclusions regarding potential
changes of HCW in a future climate [see discussions in
Alley et al. (2007), Karl et al. (2009), and Brooks (2013)].
This is primarily due to problems with the historical record of observed HCW reports, the link between HCW
reports and associated environmental controls, and the
large spatial scale at which global climate models
(GCMs) operate relative to HCW.
The widely used Community Climate System Model
version 3 (CCSM3; Collins et al. 2006) GCM is a spectral

Corresponding author address: Vittorio A. Gensini, Meteorology
Program, College of DuPage, 425 Fawell Blvd., Glen Ellyn, IL 60137.
E-mail: gensiniv@cod.edu
DOI: 10.1175/JCLI-D-13-00777.1
Ó 2014 American Meteorological Society

model with 85-wavenumber triangular truncation (approximately 1.48 resolution at the equator) in the horizontal (Collins et al. 2006). This GCM configuration
translates roughly to a 150-km horizontal grid spacing in
the central United States, whereas explicit resolution of
convection should be done at a horizontal grid scale of
less than or equal to 4 km (Weisman et al. 1997). Therefore, the resolution of typical GCM output lacks the
ability to resolve HCW. The current understanding of
potential changes in future HCW regimes is limited to
environmental controls. While more HCW environments
could mean more events in the future, such environments
are periods when the atmosphere is favorable for organized HCW, not that it will necessarily occur.
Recent exploratory research has indicated that dynamical downscaling of GCM data has become possible
owing to enhanced model microphysics schemes, increases in computer processing speed, and new GCM
data availability (e.g., Trapp et al. 2011; Robinson et al.
2013; Mahoney et al. 2013). Thus, the purpose of this
research is to utilize dynamical downscaling to explicitly
resolve proxy HCW events using GCM input data. Specifically, this manuscript will examine a GCM historical
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period (1980–90) driven via reanalysis in relation to observed HCW reports. This historical baseline will provide
a comparison for future period simulations and bias
correction estimates.

2. Background
Dynamical downscaling is a method for obtaining highresolution climate information from relatively coarseresolution GCM output. Using dynamical downscaling,
recent research indicates it is now practical to downscale
GCM-scale output to the 4-km grid spacing (Trapp et al.
2007b; Trapp et al. 2011; Robinson et al. 2013) required
for resolving deep convective processes (Weisman et al.
1997). In fact, a recent study has explored the use of
dynamical downscaling at a spatial resolution of 1.5 km
(Kendon et al. 2012), while several other studies have
performed seasonal downscaling at or below 3 km (e.g.,
Hohenegger et al. 2008; Sato et al. 2009; Langhans et al.
2013; Warrach-Sagi et al. 2013; Prein et al. 2013). Generally, these studies all found utility in the increased
spatial resolution provided by dynamical downscaling
for their respective research. For severe convection,
dynamically downscaled global reanalysis data [similar
to the coarse resolution of many GCMs (;100 km)] have
accurately represented HCW during the peak of the convective season (May–June; Trapp et al. 2011; Robinson
et al. 2013). However, no studies have examined the use of
dynamical downscaling on historical GCM output for
HCW purposes in the United States.
It is important to note that despite a significant increase in HCW reports over the last three decades, research indicates that environmental controls factors
[i.e., convective available potential energy (CAPE) and
0–6-km shear; Gensini and Ashley 2011; Robinson et al.
2013] and modeled proxy reports (Robinson et al. 2013)
have exhibited little to no trend. This recent inflation in
HCW reports has been extensively documented (Doswell
and Burgess 1988; Grazulis 1993; Brooks and Doswell
2001, 2002; Verbout et al. 2006; Doswell 2007). Thus, the
recent increase in losses from severe thunderstorms
(Changnon 2001) and tornadoes (Brooks and Doswell
2001; Changnon 2009) can be attributed to societal and
economic changes rather than an increase in event frequency (Bouwer 2011).
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helicity (UH) and simulated composite radar reflectivity
(Z) as described by Kain et al. (2008). UH and Z data are
obtained from CCSM3 data by dynamical downscaling,
using the nonhydrostatic Advanced Research core of
the Weather Research and Forecasting (WRF-ARW)
Model (hereinafter ‘‘WRF’’; Skamarock et al. 2008,).
Modeled proxy HCW reports are compared to observed
HCW reports over the same period using report data
obtained from the Storm Prediction Center (SPC) as
compiled for the National Climatic Data Center (NCDC)
publication Storm Data. Although there are documented
problems with using Storm Data for convective research
purposes (Doswell and Burgess 1988; Brooks 2004), it is
currently the most comprehensive source for HCW climatological information.

a. Region
The study region for this research encompasses all
points in the United States east of the Continental Divide.
This domain is centered on the central Great Plains region, which is characterized by the largest HCW frequency on Earth (Brooks et al. 2003b). While it would be
ideal to include the entire United States in such a study,
one must weigh the computational expense of modeling at
such a high spatial resolution against the expected benefit
of the results. Given that HCW rarely happens west of the
Continental Divide (Brooks et al. 2003a,b; Gensini and
Ashley 2011), this region has been omitted.

b. Model diagnostics
1) PARENT GCM CHARACTERISTICS
The CCSM3 is a coupled global climate model consisting of atmosphere, land surface, sea ice, and ocean
components (Collins et al. 2006). Available data include
a control run (no changes in external climate forcing),
a twentieth-century simulation (containing the observed
changes of greenhouse gases, sulfate aerosols, volcanic
aerosols, and solar irradiance from the twentieth century),
and twenty-first-century scenarios (containing estimated
changes in greenhouse gas concentration and aerosol concentrations). For this particular study, 11 years (1980–90) of
a simulation initialized in 1870 and run through the
twentieth century (the CCSM3 b30.030e dataset) was
chosen in an effort to assess CCSM3 bias and error relative to actual HCW reports over the same period.

2) REGIONAL CLIMATE MODEL
3. Methodology
Using 1980–90 historical data from the CCSM3,
a HCW proxy is gridded and summed to create a spatiotemporal climatology for the months March–May.
The proxy used in this research will follow that used in
Trapp et al. (2011), using hourly thresholds of updraft

As previously mentioned, the regional climate model
(RCM) used for dynamical downscaling in this study is
WRF-ARW (Skamarock et al. 2008). Initial conditions
for WRF are provided from CCSM3 at 0000 UTC
1 March of each year, and integrated over a 3-month period, providing CCSM3 boundary conditions every 6 h.
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TABLE 1. Relevant regional model configuration information.

Parameterization
Microphysics
Shortwave radiation
Longwave radiation
Land surface model
Planetary boundary layer
Model parameters
Time step
Vertical levels
Horizontal grid point spacing
Initial/boundary conditions
Temperature, specific humidity, geopotential
height, u and y wind, surface pressure
Soil temperature, soil moisture

Parameterizations of physical processes (Table 1) and
other aspects of the regional climate model configuration are based on WRF simulations of HCW in the
United States (e.g., Weisman et al. 2008; Kain et al. 2006;
Trapp et al. 2011; Robinson et al. 2013). The first 6 h of
the simulation are discarded, in addition to the first six
lateral-edge domain points, to account for model spinup
(Skamarock 2004). Since a cold start is initialized on
1 March of every HCW season, interannual soil moisture
memory is lost, despite the ability to capture seasonal soil
moisture feedbacks.
Nine pairs of UH/Z values were tested using fractional gross error (FE) and mean bias (MB) statistics to
determine the most appropriate threshold for HCW
proxy occurrence (Fig. 1). This analysis suggests the

WSM6 (Hong and Lim 2006)
Dudhia (Dudhia 1989)
RRTM (Mlawer et al. 1997; Iacono et al. 2000)
Noah (Chen and Dudhia 2001)
MYJ (Mellor and Yamada 1982)
24 s
35
4 km
Surface, 27 isobaric levels; 6-h intervals
0–10, 10–40, 40–100, 100–200 cm; 6-h intervals

optimal proxy for a HCW event occurs when an hourly
model grid point exceeds Z values $40 dBZ juxtaposed
with UH values $60 m2 s22. This threshold depicts
a relative minimum in FE but does display a slight positive bias, which changes through the analyzed months.
This threshold is slightly different than the 50–40 Z/UH
pair used in previous research (Trapp et al. 2011;
Robinson et al. 2013). This difference is subtle, considering
the differing WRF initial and boundary conditions [National Centers for Environmental Prediction (NCEP)–
National Center for Atmospheric Research (NCAR)
global reanalysis rather than CCSM3] and the examination of an earlier period in the annual convective cycle
(March–May rather than April–June). The slightly
lower Z, but higher UH, values used in our study makes

FIG. 1. Fractional gross error (gray bars; axis right) and mean bias (lines; axis left) by month for
nine Z/UH pairs examined in this study.
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FIG. 2. Frequency of 1980–90 March–May HCW as depicted by a RCM and observations. Plot region corresponds to the simulation
domain.

physical sense as earlier months in the annual convective
cycle are typically dominated by a low-CAPE and highshear environment (Brooks et al. 2007) that are strongly
synoptically forced (Galway and Pearson 1981).
Although the RCM configuration, study months, and
proxy report methodology are similar to previous research (Trapp et al. 2011; Robinson et al. 2013), there is
an important difference to note. This study employs a longer (continuous) integration time over the entire 3-month
period, which is different than the 24-h reinitialization used
in Trapp et al. (2011) and Robinson et al. (2013). This
longer integration time is desirable in climate modeling
as it supports a better representation of influences associated with longer-memory processes (e.g., soil moisture) on HCW.
A 50-km fishnet grid was used to evaluate observed
and model-simulated HCW events. This grid length is
smaller than the ;80 km used in previous severe weather

report climatologies (e.g., Brooks et al. 2003a) but greater
than the ;38-km grid length used in a similar downscaling study (Trapp et al. 2011). This coarsened grid scale
helps compensate for errors in the spatial location of
observed HCW reports, and their interpolation to the
nearest 4-km RCM grid point.

4. Results
Model-simulated HCW reports closely mimic the
spatial evolution of observed reports for the months
analyzed (Fig. 2). That is, the RCM reflects an increase
in reports and a gradual northward progression of relative maxima consistent with the observed cycle of HCW
during this period. These results are consistent with
previous downscaling studies that examined April–June
(Trapp et al. 2011). In terms of magnitude, March shows
little bias relative to observations, whereas April (May)
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FIG. 3. Proxy RCM and observed HCW reports (bars; primary axis) and 0000 UTC domainaveraged proxy C-composite values (following Gensini and Ashley 2011) from the North
American Regional Reanalysis and the RCM used in this study (lines; secondary axis).

shows a positive (negative) bias (Fig. 1). Additionally,
RCM simulated and observed HCW exhibit similar interannual variability for the months March–May (Fig. 3;
bars). For example, March–May 1987 and 1988 are notable in the U.S. HCW climatological record for their
relatively low report occurrence. The RCM also depicts
relative minimums in simulated HCW during these
years. Although only 11 years are analyzed in this study,
and therefore any advanced statistical analysis is inhibited, the historical period run of CCSM3 with the
addition of a WRF as a RCM is able sufficiently capture
observed variability of HCW at the 4-km, hourly scale
during the months examined.
Spatial patterns of bias indicate population density
likely plays a role in influencing observed reports relative to those simulated by the RCM (Fig. 4). For example, 1980–90 observed reports are shown to be higher
near larger cities such as Dallas–Fort Worth, Oklahoma
City, and Shreveport. Meanwhile, magnitudes of observed reports are lower than modeled values on the
High Plains and in portions of Missouri and Arkansas
where lack of population (and hence reports) is a key
factor. In addition, there is a general underestimation of
HCW occurrences by the RCM in many portions of the
southeastern United States (Fig. 4). This underestimation
regularly occurs in the month of May and may be attributable to convective mode and scale of forcing for
ascent. For example, supercell thunderstorms are most
common in the central plains of the United States, and

a grid spacing of 4 km better resolves these mesocyclones
versus the storm-scale rotation associated with quasilinear convective severe weather common across the
southeastern United States. Similar biases were found
during the months of May and June by Trapp et al.
(2011). Using these results, future period simulations can
be bias-corrected to account for such errors (Christensen
et al. 2008). However, it is unknown if these errors originate from the parent GCM, manifest in the RCM due to
choice of model configuration, or are simply errors associated with reporting in Storm Data.
To supplement confidence in these simulated reports,
environmental controls (i.e., CAPE and 0–6-km shear)
known to support HCW were examined. These environmental controls serve as indicators to the climatological locations where one might expect HCW to occur.
When restricting analysis of environments to 0000 UTC
and resampling RCM output to a 32-km grid length [in
order to compare to the North American Regional Reanalysis (NARR); Mesinger et al. 2006], it is shown that
the RCM used herein also replicates the interannual
variability of proxy significant severe weather environments (Fig. 3; lines). Line values (secondary axis) shown
in Fig. 3 are RCM domain-averaged 0000 UTC frequencies of the proxy C composite parameter following the
methodology of Gensini and Ashley (2011). While the
statistical significance is limited in this relatively short
temporal series, it is encouraging to see a historical period RCM run capture the interannual variability of
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FIG. 4. Spatial difference between RCM proxy and observed severe weather reports for the
period 1980–90. Yellow asterisks (*) indicate the locations of Oklahoma City, Oklahoma;
Dallas–Fort Worth, Texas; and Shreveport, Louisiana.

environments favorable for HCW as depicted by the
NARR. This strengthens the previous notion that RCMs
can adequately capture the interannual variability of observed HCW.
In addition to seasonal spatiotemporal analysis, diurnal convective cycles were also examined (Fig. 5). This
analysis suggests that high-resolution RCMs can adequately capture the diurnal cycle of HCW. Hourly
modeled proxy reports explain 96% of the variability
associated with observed reports. In fact, only one hour
(0800 UTC) showed no overlap in the 10% error range
of hourly observed and simulated HCW. The HCW
peak in the RCM occurred at 0000 UTC (2890 reports),
whereas observations peaked slightly earlier at 2300 UTC
(3157 reports). This is similar to the WRF delayed
maximum in rainfall intensity observed by Clark et al.
(2007). It should be noted that agreement herein is likely

improved due to stronger HCW forcing mechanisms
(e.g., fronts) during the months March–May (Galway and
Pearson 1981). It is probable that this similarity would
diminish as the HCW season progresses into June–
August when subtler forcing for ascent is present (Liu
et al. 2006).

5. Summary and conclusions
We have utilized high-resolution (4 km; hourly) regional climate modeling to simulate a proxy for the
variability of tornadoes, damaging thunderstorm wind
gusts, and large hail across the eastern two-thirds of the
United States for the months March–May during the
period 1980–90. This process used GCM output from
CCSM3 to drive WRF (the RCM). A proxy for HCW was
developed utilizing methodology from Trapp et al. (2011)
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FIG. 5. Hourly diurnal frequency comparison of RCM simulated and observed severe weather
reports. Error bars indicate the standard error.

and Robinson et al. (2013). However, continuous integration over the 3-month period was employed in this study
to best replicate long-memory processes, a suggestion
from previous research.
Overall, proxy HCW events simulated by the WRF as
a RCM depict skill in the spatiotemporal distributions of
hazardous thunderstorms during the months examined.
Proxy report analysis is strengthened using an environmental control parameter that exhibits strong interannual
correlation between RCM generated and reanalyzed
environments. Spatial biases are present, indicating that
evaluating HCW occurrence at small spatial scales should
be done with caution. Instead, evaluations HCW occurrence from RCM output may be best done at GCM resolution. Along with studies such as Trapp et al. (2011) and
Robinson et al. (2013), this research further indicates that
dynamical downscaling of data with relatively coarse grid
length to the resolution needed to explicitly resolve HCW
is a productive endeavor.
To date, the main limitation of performing dynamical
downscaling analysis for purposes of resolving HCW
continues to be the lack of temporal length (i.e., we use
an 11-yr period), owing to the computationally expensive nature of performing dynamical downscaling. This
will be mitigated in the future as additional years and
months are simulated, along with additional parent/child
GCMs/RCMs, creating an ensemble estimation of both
historical and future HCW occurrence. These GCMdriven dynamically downscaled scenarios must play
a vital role in our understanding of potential changes in

future HCW distributions and will serve as a comparison
to environmental methods (Del Genio et al. 2007; Trapp
et al. 2007a, 2009; Van Klooster and Roebber 2009;
Gensini et al. 2013; Diffenbaugh et al. 2013) used to
estimate such changes in previous research.
Acknowledgments. We thank Drs. Harold Brooks
(NSSL), Andew Grundestein (UGA), and Marshall
Shepherd (UGA) for their input during initial stages of
this manuscript. The authors are also grateful to the
anonymous reviewers who provided helpful feedback on
the manuscript.
REFERENCES
Alley, R., and Coauthors, 2007: Summary for policymakers. Climate Change 2007: The Physical Science Basis, S. Solomon
et al., Eds., Cambridge University Press, 1–18.
Bouwer, L. M., 2011: Have disaster losses increased due to anthropogenic climate change? Bull. Amer. Meteor. Soc., 92, 39–
46, doi:10.1175/2010BAMS3092.1.
Brooks, H. E., 2004: On the relationship of tornado path length and
width to intensity. Wea. Forecasting, 19, 310–319, doi:10.1175/
1520-0434(2004)019,0310:OTROTP.2.0.CO;2.
——, 2013: Severe thunderstorms and climate change. Atmos. Res.,
123, 129–138, doi:10.1016/j.atmosres.2012.04.002.
——, and C. A. Doswell III, 2001: Normalized damage from
major tornadoes in the United States: 1890–1999. Wea.
Forecasting, 16, 168–176, doi:10.1175/1520-0434(2001)016,0168:
NDFMTI.2.0.CO;2.
——, and ——, 2002: Deaths in the 3 May 1999 Oklahoma City tornado from a historical perspective. Wea. Forecasting, 17, 354–361,
doi:10.1175/1520-0434(2002)017,0354:DITMOC.2.0.CO;2.

6588

JOURNAL OF CLIMATE

——, ——, and M. P. Kay, 2003a: Climatological estimates of local
daily tornado probability for the United States. Wea. Forecasting, 18, 626–640, doi:10.1175/1520-0434(2003)018,0626:
CEOLDT.2.0.CO;2.
——, J. W. Lee, and J. P. Craven, 2003b: The spatial distribution
of severe thunderstorm and tornado environments from
global reanalysis data. Atmos. Res., 67–68, 73–94, doi:10.1016/
S0169-8095(03)00045-0.
——, A. R. Anderson, K. Riemann, I. Ebbers, and H. Flachs, 2007:
Climatological aspects of convective parameters from the
NCAR/NCEP reanalysis. Atmos. Res., 83, 294–305, doi:10.1016/
j.atmosres.2005.08.005.
Changnon, S. A., 2001: Damaging thunderstorm activity in the
United States. Bull. Amer. Meteor. Soc., 82, 597–608, doi:10.1175/
1520-0477(2001)082,0597:DTAITU.2.3.CO;2.
——, 2009: Tornado losses in the United States. Nat. Hazards
Rev., 10, 145–150, doi:10.1061/(ASCE)1527-6988(2009)10:
4(145).
Chen, F., and J. Dudhia, 2001: Coupling an advanced land surface–
hydrology model with the Penn State–NCAR MM5 modeling
system. Part I: Model implementation and sensitivity. Mon.
Wea. Rev., 129, 569–585, doi:10.1175/1520-0493(2001)129,0569:
CAALSH.2.0.CO;2.
Christensen, J. H., F. Boberg, O. B. Christensen, and P. Lucas-Picher,
2008: On the need for bias correction of regional climate change
projections of temperature and precipitation. Geophys. Res.
Lett., 35, L20709, doi:10.1029/2008GL035694.
Clark, A. J., W. A. Gallus Jr., and T.-C. Chen, 2007: Comparison of
the diurnal precipitation cycle in convection-resolving and
non-convection-resolving mesoscale models. Mon. Wea. Rev.,
135, 3456–3473, doi:10.1175/MWR3467.1.
Collins, W. D., and Coauthors, 2006: The Community Climate
System Model version 3 (CCSM3). J. Climate, 19, 2122–2143,
doi:10.1175/JCLI3761.1.
Del Genio, A. D., M.-S. Yao, and J. Jonas, 2007: Will moist convection be stronger in a warmer climate? Geophys. Res. Lett.,
34, L16703, doi:10.1029/2007GL030525.
Diffenbaugh, N. S., M. Scherer, and R. J. Trapp, 2013: Robust increases in severe thunderstorm environments in response to
greenhouse forcing. Proc. Natl. Acad. Sci. USA, 110, 16 361–
16 366, doi:10.1073/pnas.1307758110.
Doswell, C. A., III, 2007: Small sample size and data quality issues
illustrated using tornado occurrence data. Electron. J. Severe
Storms Meteor., 2 (5). [Available online at http://www.ejssm.org/
ojs/index.php/ejssm/article/viewArticle/26/27.]
——, and D. W. Burgess, 1988: On some issues of United States
tornado climatology. Mon. Wea. Rev., 116, 495–501, doi:10.1175/
1520-0493(1988)116,0495:OSIOUS.2.0.CO;2.
Dudhia, J., 1989: Numerical study of convection observed during
the winter monsoon experiment using a mesoscale twodimensional model. J. Atmos. Sci., 46, 3077–3107, doi:10.1175/
1520-0469(1989)046,3077:NSOCOD.2.0.CO;2.
Galway, J. G., and A. Pearson, 1981: Winter tornado outbreaks. Mon.
Wea. Rev., 109, 1072–1080, doi:10.1175/1520-0493(1981)109,1072:
WTO.2.0.CO;2.
Gensini, V. A., and W. S. Ashley, 2011: Climatology of potentially
severe convective environments from the North American
Regional Reanalysis. Electron. J. Severe Storms Meteor., 6 (8).
[Available online at http://www.ejssm.org/ojs/index.php/ejssm/
article/viewArticle/85.]
——, C. Ramseyer, and T. L. Mote, 2013: Future convective environments using NARCCAP. Int. J. Climatol., 34, 1699–1705,
doi:10.1002/joc.3769.

VOLUME 27

Grazulis, T. P., 1993: Significant Tornadoes: 1680–1991. Environmental Films, 1326 pp.
Hohenegger, C., P. Brockhaus, and C. Schär, 2008: Towards climate simulations at cloud-resolving scales. Meteor. Z., 17, 383–
394, doi:10.1127/0941-2948/2008/0303.
Hong, S.-Y., and J.-O. J. Lim, 2006: The WRF single-moment 6-class
microphysics scheme (WSM6). J. Korean Meteor. Soc., 42,
129–151.
Iacono, M. J., E. J. Mlawer, S. A. Clough, and J. J. Morcrette, 2000:
Impact of an improved longwave radiation model, RRTM, on
the energy budget and thermodynamic properties of the
NCAR Community Climate Model, CCM3. J. Geophys. Res.,
105, 14 873–14 890, doi:10.1029/2000JD900091.
Kain, J. S., S. J. Weiss, J. J. Levit, M. E. Baldwin, and D. R. Bright,
2006: Examination of convection-allowing configurations of
the WRF model for the prediction of severe convective
weather: The SPC/NSSL Spring Program 2004. Wea. Forecasting, 21, 167–181, doi:10.1175/WAF906.1.
——, and Coauthors, 2008: Some practical considerations regarding horizontal resolution in the first generation of operational convection-allowing NWP. Wea. Forecasting, 23, 931–
952, doi:10.1175/WAF2007106.1.
Karl, T. R., J. M. Melillo, and T. C. Peterson, 2009: Global Climate
Change Impacts in the United States. Cambridge University
Press, 188 pp.
Kendon, E. J., N. M. Roberts, C. A. Senior, and M. J. Roberts,
2012: Realism of rainfall in a very high-resolution regional climate model. J. Climate, 25, 5791–5806, doi:10.1175/
JCLI-D-11-00562.1.
Langhans, W., J. Schmidli, O. Fuhrer, S. Bieri, and C. Schär, 2013:
Long-term simulations of thermally driven flows and orographic convection at convection-parameterizing and cloudresolving resolutions. J. Appl. Meteor. Climatol., 52, 1490–1510,
doi:10.1175/JAMC-D-12-0167.1.
Liu, C., M. W. Moncrieff, J. D. Tuttle, and R. E. Carbone, 2006:
Explicit and parameterized episodes of warm-season precipitation over the continental United States. Adv. Atmos.
Sci., 23, 91–105, doi:10.1007/s00376-006-0010-9.
Mahoney, K., M. Alexander, J. D. Scott, and J. Barsugli, 2013:
High-resolution downscaled simulations of warm-season extreme precipitation events in the Colorado Front Range under
past and future climates. J. Climate, 26, 8671–8689, doi:10.1175/
JCLI-D-12-00744.1.
Mellor, G. L., and T. Yamada, 1982: Development of a turbulence
closure model for geophysical fluid problems. Rev. Geophys.,
20, 851–875, doi:10.1029/RG020i004p00851.
Mesinger, F., and Coauthors, 2006: North American Regional
Reanalysis. Bull. Amer. Meteor. Soc., 87, 343–360, doi:10.1175/
BAMS-87-3-343.
Mlawer, E. J., S. J. Taubman, P. D. Brown, M. J. Iacono, and S. A.
Clough, 1997: Radiative transfer for inhomogeneous atmospheres: RRTM, a validated correlated-k model for the
longwave. J. Geophys. Res., 102, 16 663–16 682, doi:10.1029/
97JD00237.
Prein, A. F., G. J. Holland, R. M. Rasmussen, J. Done, K. Ikeda,
M. P. Clark, and C. H. Liu, 2013: Importance of regional climate model grid spacing for the simulation of heavy precipitation in the Colorado headwaters. J. Climate, 26, 4848–4857,
doi:10.1175/JCLI-D-12-00727.1.
Robinson, E. D., R. J. Trapp, and M. E. Baldwin, 2013: The geospatial and temporal distributions of severe thunderstorms
from high-resolution dynamical downscaling. J. Appl. Meteor.
Climatol., 52, 2147–2161, doi:10.1175/JAMC-D-12-0131.1.

1 SEPTEMBER 2014

GENSINI AND MOTE

Sato, T., H. Miura, M. Satoh, Y. N. Takayabu, and Y. Wang, 2009:
Diurnal cycle of precipitation in the tropics simulated in
a global cloud-resolving model. J. Climate, 22, 4809–4826,
doi:10.1175/2009JCLI2890.1.
Skamarock, W. C., 2004: Evaluating mesoscale NWP models using
kinetic energy spectra. Mon. Wea. Rev., 132, 3019–3032,
doi:10.1175/MWR2830.1.
——, J. B. Klemp, J. Dudhia, D. O. Gill, D. M. Barker, W. Wang, and
J. G. Powers, 2008: A description of the Advanced Research WRF
version 3. NCAR Tech. Note NCAR/TN-4751STR, 113 pp.
Trapp, R. J., N. S. Diffenbaugh, H. E. Brooks, M. E. Baldwin, E. D.
Robinson, and J. S. Pal, 2007a: Changes in severe thunderstorm environment frequency during the 21st century caused
by anthropogenically enhanced global radiative forcing.
Proc. Natl. Acad. Sci. USA, 104, 19 719–19 723, doi:10.1073/
pnas.0705494104.
——, B. A. Halvorson, and N. S. Diffenbaugh, 2007b: Telescoping,
multimodel approaches to evaluate extreme convective
weather under future climates. J. Geophys. Res., 112, D20109,
doi:10.1029/2006JD008345.
——, N. S. Diffenbaugh, and A. Gluhovsky, 2009: Transient response of severe thunderstorm forcing to elevated greenhouse
gas concentrations. Geophys. Res. Lett., 36, L01703, doi:10.1029/
2008GL036203.

6589

——, E. Robinson, M. Baldwin, N. Diffenbaugh, and B. Schwedler,
2011: Regional climate of hazardous convective weather
through high-resolution dynamical downscaling. Climate Dyn.,
37, 677–688, doi:10.1007/s00382-010-0826-y.
Van Klooster, S. L., and P. J. Roebber, 2009: Surface-based convective potential in the contiguous United States in a businessas-usual future climate. J. Climate, 22, 3317–3330, doi:10.1175/
2009JCLI2697.1.
Verbout, S. M., H. E. Brooks, L. M. Leslie, and D. M. Schultz, 2006:
Evolution of the U.S. tornado database: 1954–2003. Wea.
Forecasting, 21, 86–93, doi:10.1175/WAF910.1.
Warrach-Sagi, K., T. Schwitalla, V. Wulfmeyer, and H.-S.
Bauer, 2013: Evaluation of a climate simulation in Europe
based on the WRF–Noah model system: Precipitation in Germany. Climate Dyn., 41, 755–774, doi:10.1007/
s00382-013-1727-7.
Weisman, M. L., W. C. Skamarock, and J. B. Klemp, 1997: The
resolution dependence of explicitly modeled convective
systems. Mon. Wea. Rev., 125, 527–548, doi:10.1175/
1520-0493(1997)125,0527:TRDOEM.2.0.CO;2.
——, C. Davis, W. Wang, K. W. Manning, and J. B. Klemp, 2008:
Experiences with 0–36-h explicit convective forecasts with the
WRF-ARW model. Wea. Forecasting, 23, 407–437, doi:10.1175/
2007WAF2007005.1.

