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Sub-seasonal to seasonal (S2S) forecasts are critical for planning and management
decisions in multiple sectors. This study shows results from dynamical downscaling
using a regional climate model at a convection-permitting scale driven by boundary
conditions from the global reanalysis of the Climate Forecast System Model (CFSR).
Convection-permitting modeling (CPM) enhances the representation of regional climate
by better resolving the regional forcings and processes, associated with topography
and land cover, in response to variability in the large-scale atmospheric circulation.
We performed dynamically downscaled simulations with the Weather Research and
Forecasting (WRF) model over the Upper and Lower Colorado basin at 12 km and 3 km
grid spacing from 2000 to 2010 to investigate the potential of dynamical downscaling to
improved the modeled representation of precipitation the Southwestern United States.
Employing a convection-permitting nested domain of 3 km resolution significantly
reduces the bias in mean (~2 mm/day) and extreme (~4 mm/day) summer precipitation
when compared to coarser domain of 12 km resolution and coarse resolution CFSR
products. The convection-permitting modeling product also better represents eastward
propagation of organized convection due to mesoscale convective systems at a sub-
daily scale, which largely account for extreme summer rainfall during the North American
monsoon. In the cool season both coarse and high-resolution simulations perform
well with limited bias of ~1 mm/day for the mean and ~2 mm/day for the extreme
precipitation. Significant correlation was found (~0.85 for summer and ~0.65 for winter)
for both coarse and high-resolution model with observed regionally and seasonally
averaged precipitation. Our findings suggest that the use of CPM is necessary in a
dynamical modeling system for S2S prediction in this region, especially during the warm
season when precipitation is mostly convectively driven.

Keywords: regional climate model, seasonal forecasting, downscaling, precipitation, extremes

INTRODUCTION

Long-term decision making in applications like agriculture and water resources requires
accurate seasonal forecast information on regional and local scales. The need for
improved seasonal forecasting during the warm season (June to September) in the
United States is particularly urgent. During this time of year, “billion-dollar disaster events”
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as defined in the National Centers for Environmental
Information database, caused by severe weather, heat waves
and drought, wildfire, and flooding are likely to become
more extreme in an anthropogenically driven warming global
climate (Meehl et al., 2000; Min et al., 2011). Changes in global
precipitation in recent observational records generally validate
the hypothesis “wet gets wetter, dry gets drier” (Hsu et al,
2011; Wang et al,, 2012; Chang et al., 2015). The idea basically
suggests increasing precipitation when it is climatologically
preferred to occur (e.g., near-equatorial regions) and decreasing
it where it is not (e.g., subtropical land areas). An increase in
atmospheric blocking has also been observed in recent decades
(Croci-Maspoli et al., 2007), leading to increased and more
persistent extreme events in the mid-latitudes (Francis and
Vavrus, 2012; Screen et al., 2013). In this respect, warm season
climate appears to become more extreme in conjunction with
large-scale atmospheric circulation (or teleconnection) patterns
that are the primary drivers of continental-scale variations in wet
and dry conditions on seasonal timescales (Coumou et al., 2014;
Chang et al., 2015). Convectively driven weather events in the
United States have become more extreme in the last 30 years, as
well as worldwide (Meehl et al., 2000; Min et al., 2011; Ban et al.,
2015) accounted for in large part by increases in the intensity
of organized convective events, such as mesoscale convective
systems (e.g., Luong et al., 2017). Predicting such events and
assessing their seasonal impact in the near future therefore
remains a challenge.

For the Colorado River Basin, one of the principal water
resources for the Western United States, precipitation is mainly
from winter storms (mid-latitude cyclones), that build snowpack,
and thunderstorms that occur during the North American
monsoon, with the former being relatively more important
from the water resource perspective. Warm season high-impact
convective events in the Southwestern United States are often
linked to the North American monsoon (NAM) and are related
to enhanced atmospheric instability and moisture (Holloway
and Neelin, 2009; Trenberth, 2011; Feng et al, 2016; Luong
et al., 2017). Winter snowpack develops mainly from winter
storms with enhanced precipitation due to orographic forcing
and the individual storm tracks. Extreme precipitation events
in the cool season are caused by winter storms moving inland
from a quasi-stationary trough, formed off the California coast
(Sheppard et al., 2002). To capture convective events in a
numerical model, especially over the complex terrain of the
Colorado River basin, the model needs to have sufficient spatial
and temporal resolution. More succinctly, the model needs
to represent monsoon convective thunderstorms as well as
orographically forced precipitation, and literature has clearly
established the requirement for an enhanced resolution to add
value for both (e.g., Luong et al., 2017). Existing coarse resolution
S28§ global forecast models lack this capability.

Modes of climate variability influence the deterministic
seasonal forecasting of the large-scale atmospheric circulation
over North America within the North American multi-model
ensemble (NMME) models, which are used for S2S forecasting
in the United States. For example, dominant modes of sea
surface temperature variability (ENSO and AMO) influence

the positioning and intensity of NAM ridge. The NAM is
also influenced by circumglobal teleconnection (CGT), may
be driven by both ENSO and Indian Summer Monsoon
convection (Ding and Wang, 2005; Ciancarelli et al, 2013).
However, downscaling from these models is necessary to
explicitly represent the mesoscale processes like convective
precipitation and thunderstorms. The “Multi-RCM Downscaling
of Global Seasonal Forecasts (MRED)” project used multiple
regional models to test the usefulness of downscaling a global
seasonal forecast model. This community modeling effort
downscaled December-April reforecasts from the NOAA climate
forecast system (CFS) version 1 model, over a coterminous
United States domain with 32 km grid spacing for a period
of 23 years. Each regional model dynamically downscaled
each member of a 10-member CFS ensemble every winter
during the reforecast period 1982-2004. The MRED project
showed that even when using a relatively coarse meso-p gird
spacing of 32 km, dynamical downscaling can add skill to a
global S2S model forecast (Shukla et al, 2013). The largest
improvements in forecast precipitation were obtained in regions
where the global models already demonstrated some skill (Feser
et al., 2011). However, regional models with resolution at the
meso-f scale or coarser are deficient in explicitly representing
monsoon thunderstorms and have other limitations (Tripathi
and Dominguez, 2013, TD13 hereafter). Furthermore, Kirtman
et al. (2014) found that in comparison to the cool season, the
level of skill in warm season seasonal forecasts of precipitation
produced by the NMME is much lower, potentially due to the
poor climatological representation of warm season convective
precipitation. For example, the North American monsoon is
not captured as a salient feature in the CFSv1l global seasonal
forecast model (Castro et al., 2012; Yang et al., 2012). A necessary
requirement for useful S2S prediction is therefore simultaneous
skillful forecasting of the large-scale circulation anomaly along
with its regional response in temperature and precipitation,
especially the latter, where it is modulated primarily by regional
forcings like topography or land cover (Leung et al., 2003a,b;
Leung and Gao, 2016).

Convection parameterization schemes used in coarse
resolution models (meso-f scale or larger, grid spacing > 10s of
km) are a major source of errors and uncertainty in forecasting of
precipitation (Wang and Seaman, 1997; Prein et al., 2015), both
spatially and temporally. Convection-permitting regional climate
models (CPM, meso-y scale grid spacing < 4 km) provide
a framework to generate more realistic regional scale hydro-
climate information. CPMs add value in the representation of
the winter precipitation, in complex terrain as well as monsoon
thunderstorms in summer (Weusthoff et al., 2010; Fosser et al.,
2015; Prein et al., 2015; Kendon, 2016). CPMs no longer rely on
convection parameterization schemes and are able to explicitly
resolve deep convection and associated precipitation. CPMs also
offer the opportunity to improve the representation of orography
and variations of surface fields at a high resolution. This can
be especially advantageous in mountainous regions as well as
domains with heterogeneous land surfaces (Prein et al., 2013a,b;
Trusilova et al., 2013). In the Southwestern United States, warm
season precipitation is linked to convective activity during
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NAM, consisting of intense precipitation events of relative short
duration (i.e., on the order of 10 s of minutes to about an hour).
NAM onset is modulated by sea surface temperature variability
and atmospheric teleconnections, together with moisture
supplied by nearby maritime sources (Adams and Comrie,
1997; Castro et al., 2012). In addition, complex terrain enhances
the diurnal cycle of convection (Nesbitt et al., 2008). In short,
convection during the monsoon is the result of an interaction
between large-scale atmospheric circulation features and regional
topographic variations. Small-scale local topography therefore
plays an important role in the convection initiation, followed
by upscale growth, which is extremely localized. For given
environmental conditions, Eidhammer et al. (2018) found the
drying ratio' to be highly connected with the upwind slope
for wide mountain ranges and on both the slope and width
for narrow ranges. Thus there is ample motivation to apply
CPM-type simulation over complex topographic regions of
Colorado River basin, where model resolution has multiple fold
effects on the simulation.

The effectiveness of CPM in seasonal forecasting has been
discussed in Leung and Gao (2016), however only 2 years of
simulations were performed. More recently, the value of CPM
has been explored, particularly over Europe (Prein et al., 2015).
Besides resolving the complex terrain, which is a key factor
resulting in improved simulation skill in those regions, explicit
simulation of convection also plays a significant role, leading to
improvements in simulating diurnal precipitation and extreme
rainfall. S2S forecasting in a climate simulation (>10 years) is
yet to be tested over the Southwestern United States. In a recent
study, Liu et al. (2017) performed two 13-year simulations over
North America, with a 4-km grid spacing. They found that

! Defined as the ratio of precipitation to incoming water vapor flux.

in general their long-term CPM simulation yielded satisfactory
performance capturing the annual and S2S precipitation in the
United States. It was one of the first applications of CPM in
Southwestern United States where long-term climate simulations
are concerned. However, they did not quantify the improvement
in extreme precipitation representation and skill on the inter-
annual time scale by CPM. In the other highly practiced
method of downscaling, statistical downscaling, accuracy of
representation of the mean is much higher than variability
and extremes (Salvi et al., 2015). It can have high certainty
in the total precipitation amount that the method represents.
However, the seasonal variations and extremes of the statistically
downscaled precipitation are not trustworthy, especially in the
regions of complex topography. Regional CPM for ensemble
forecasting, now computationally feasible, attempts to investigate
the value added by CPM in S2S forecasting in terms of seasonal
mean, extremes, diurnal movement of precipitation and inter-
annual variability. The analysis of the products downscaled
from the CFS atmospheric reanalysis and knowing the value
added, can establish the potential for improved S2S forecasting
by downscaling forecast products from the suite of existing
global S2S models, for example available from the NMME within
the United States.

DATA AND METHODOLOGY

Modeling Tool for Convective Extremes
in the Colorado River Basin

A continuous convection-permitting model simulation was
performed using the Weather Research and Forecasting model
(WRE version 3.5.1, Skamarock et al., 2008), by dynamically
downscaling the CEFSR from 2000 to 2010. The three nested
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WRF model domains are shown in Figure 1, where the
outermost domain covers the Southwestern United States at
12 km resolution (WRFD1, 30-45 N, 121-103 W). Two inner
domains are both at convection-permitting 3 km resolution: the
upper Colorado basin (UCB, 35-43N, 113-105 W) and the lower
Colorado Basin (LCB, 31-38 N, 118-105 W). The convection-
permitting modeling (CPM) paradigm, when applied in a climate
simulation, has the advantage of more robustly representing the
statistical characteristics of precipitation means and extremes.
The CFSR reanalysis is used as model initial and boundary
forcing. Spectral nudging is used to constrain WRF with respect
to the large scale atmospheric state, while allowing formation of
regional scale features within the WRF simulation (von Storch
et al., 2000; Castro et al., 2005; Miguez-Macho et al., 2005;
Rockel et al, 2008; Chang et al, 2015). Spectral nudging in
regional climate modeling adds value in warm season convective
numerical simulations (Castro et al., 2012; Liu et al., 2017). The
nudging is applied only at the largest scales throughout the
entire domain at the upper levels of atmosphere for prognostic
fields such as 500 mb geopotential height, U-wind, V-wind, and
temperature. Specific model physical configurations are shown
in Table 1. The physical parameterizations are consistent with
the numerical weather prediction (NWP) type simulations at
the University of Arizona Hydrology and Atmospheric Sciences
(UA-HAS). The UA-HAS WRF configuration is widely used in
operational forecasting and weather- and climate-type research
projects, and it is ideal for simulating warm season convective
events over the complex terrain of the Southwestern United States
(Castro et al.,, 2012; Raman et al., 2014; Chang et al., 2015; Luong
et al,, 2017). The K-F scheme has five components including
the trigger, updraft, downdraft, compensating circulation, and
closure functions. The trigger may enhance the temperature of
the air parcel due to local perturbations and is a function of
horizontal resolution. In this study, the KF scheme was called
at 5 min intervals during the WRF integration, consistent with
its application in the other studies (Dudhia, 2012; Alsarraf
and Broeke, 2015). In addition, the amount of temperature
increment is higher for higher resolutions - which may also cause
surplus precipitation (TD13). The UCB domain set up is roughly
equivalent to the Colorado headwaters domain while domain
configuration of LCB (Figure 1A) is consistent with that used
in the WRF UA-HAS operational forecasting model (Figure 1).
Figure 1B illustrates the complex topography of the domain.
June-September (JJAS) is considered as the warm season, because
when S2§ forecast is considered, the model can be initiated in
May and the simulation executed until September. Similarly,
the cool season is defined as November to April, when most of
the snowpack forms.

Model Climatology Validation — Gridded

Observation Products

Several gridded observation products are used to validate the
numerically generated climatology for both outer and nested
domains. One critical criterion, when identifying observational
records for model validation, is to have sufficient temporal and
spatial resolution to represent convective extremes. Gridded

daily temperature data was obtained from the National Land
Data Assimilation System (NLDAS). The resolution of NLDAS
is 0.125 x 0.125° and is available for the whole simulation
period from 2000 to 2010. Sources of gridded daily precipitation
data are available within the contiguous United States include
the Parameter-elevation Regressions on Independent slopes
model (PRISM) data (Daly et al, 2005) at one-sixteenth
degree resolution. PRISM represents climate observations at
high-resolution, obtained from a comprehensive monitoring
network to depict short- and long-term climate patterns. Point
observations of precipitation measurements, the digital elevation
model (DEM) and other spatial datasets are utilized to generate
this high-resolution gridded estimate of annual, monthly and
event based climatic parameters (Daly et al., 1994). PRISM data
is also available for the whole simulation period from 2000 to
2010. These temperature and precipitation data sets were used
to validate accuracy of the model results at different domain sizes
and grid spacings.

National Center for Environmental Prediction (NCEP) Stage-
IV 4-km gridded precipitation (Lin and Mitchell, 2005) was also
used (2002-2010) to verify the diurnal cycle of precipitation
climatology, over the study domains. The data is available
hourly and therefore, suitable for analysis of precipitation at
a sub-daily scale. In addition, use of Stage-IV allowed us to
compare the model results with a completely different dataset
and make interpretations that are more robust. Despite known
errors in the NCEP Stage-IV precipitation dataset, such as
beam blockage and limited gauge measurement sites (Minjarez-
Sosa et al, 2012; Adams et al, 2014), this data consists of
radar and gauge measurements that are quality controlled
(Lin and Mitchell, 2005).

Statistical Methodology for Skill,

Reliability, and Uncertainty Assessment

The performance of WRFDI1 forecasting and the CPM
downscaled seasonal precipitations (for UCB and LCB) were
assessed over the period between 2000 and 2010. 4-month warm
season precipitation was evaluated from June to September,
corresponding to the period of monsoon-related precipitation
inclusive of Monsoon onset. The cool season spanned from
November to April, a standard period to evaluate winter
precipitation used by the United States Bureau of Reclamation
for the Colorado River basin. Mean and extreme precipitation

TABLE 1 | NWP-type simulations parameterization for WRF-ARW.

Physics Module Scheme
Microphysics WSM 6

Urban surface Urban canopy model
Land surface Noah-MP

Surface layer Monin-Obukov scheme

Planetory boundary layer Mellor-Yamada-Janijic
Longwave radiation New rapid radiative transfer model
Shortwave radiation New rapid radiative transfer model

Cumulus parameterization Kain-Fritsch
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climatology evaluations were performed following the “spatio-
temporally averaged framework” for both the simulation at
coarse (12 km) and high (3 km) resolution. Precipitation was
seasonally averaged over the two regions of interest (UCB and
LCB) for all simulation years. This type of framework has been
previously used in literature (Salvi et al., 2017) for assessment of
model predictions. Warm and cool season (JJAS and November-
April, respectively) seasonal averages were calculated for each
year. This method can serve as a direct estimate on the skill of
the models for each season in different years. The potential skill
and biases of the models were assessed following the metrics
proposed by Murphy and Winkler (1992). The metrics are listed
in Table 2. Metric pg is the correlation coefficient between
the model simulations and observations; of and o, are the
standard deviations; s and |, are the mean of the forecast
and observations, respectively. The higher the correlation and
the lower the biases, the better the model skill and reliability.
Potential skill (PS) defines the model skill without any bias, slope
reliability (SR) represents a measure of conditional bias, and
standardized error (SE) represents a measure of conditional bias
following Salvi et al. (2017). A perfect model will have values
PS =1 and SR = SE = 0. Admittedly, the work presented herein
represents only one possible solution to assess credibility of CPM.
We acknowledge that an ensemble-based approach would be the
most desirable to determine the robustness. Uncertainty related
to the precipitation simulation is determined by a bootstrap
resampling (to create a synthetic set of simulation data) and a
confidence interval around the mean precipitation value, using
a total of 1000 samples. This non-parametric resampling-based

TABLE 2 | Representation of different skill and bias metrics used in the regionally
and seasonally (UCB and LCB for warm and cool season) averaged framework.

Metrics Mathematical form

Explanation

Potential skill (PS) 02
Slope reliability (SR)

Standardized mean error (SE) (L

Correlation between
predictions and
observations, this is skill
without any bias

Measure of a
conditional bias

Measure of
unconditional bias

The biases have negative effect on the skill of model forecast.

approach allowed us to quantify the uncertainty of a non-normal
distribution like precipitation (Zobel et al, 2017). A 95%
bootstrap confidence interval was used as an uncertainty bound
in the model. Inter annual variability of the yearly precipitation
was assessed in terms of standard deviation, calculated over the
simulation years.

RESULTS

RCM Validation: Warm and Cool Season

Temperature

RCM-generated 2 m air temperature was compared with North
American Land Data Assimilation System (NLDAS) (Mitchell
et al., 2004) with respect to mean and extreme temperature
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climatology. The JJAS mean temperature from the observed
NLDAS data is shown in Figure 2A. Considering the equivalent
plot from the dynamically downscaled reanalysis (Figure 2B)
a slight warm bias (1-2°C) is seen over most of the domain
(Figure 2C). The bias is stronger when extreme temperature
(95th Percentile) is considered (Figures 2D-F). This warm bias
of WREF is consistent with previous studies (TD13; Liu et al,
2017) and is attributed to the use of Exner function while
interpolating potential temperature to the WRF grids from the
grids of a different dataset to generate the initial condition (Wee
et al., 2012). During the cool season, a similar warm bias of
1-2°C was found in mean temperatures, although the spatial
representation was good as expected (Figures 3A-C). However,
extremely cold days have a negative temperature bias in the RCM
(Figures 3D-F), also a well-documented problem with WREF as it
produces unreasonably cold near-surface temperature over snow
(Mass and Ovens, 2013; Wyszogrodzki et al., 2013). This problem
is related to snow coverage, as November to April are the months
when most of the snowpack in this region forms. The bias is not
reflected in the mean winter temperature, as this error is apparent
in daytime temperature and not at night. RCM simulations
perform similarly with WRFD1 simulation in terms of simulating
temperature. In the warm season (Supplementary Figure S1), a
comparable warm bias is present in WRD1 and CPM simulations.
The bias in extremely warm days is slightly higher than that of
the mean. In the cool season (Supplementary Figure S2), some
of the cold bias present on extremely cold days is eliminated
with the application of CPM. Where the performance is quite
akin in terms of representing seasonal mean, value added can
be interpreted in terms of a higher resolution product obtained
from the CPM simulation. The analogous bias in CFSR data is
higher than WRF simulations in both the seasons (Figure 4).

The regional climate model product is therefore superior to
original CFSR data, in terms of its lower bias in the mean
and extremes, as well as a higher spatial resolution. Overall, we
showed that the RCM configuration used here produced realistic
representation of seasonal temperature, satisfying the broad
objective of this study. Next, we will emphasize on improvements
in precipitation from CPM.

Warm Season (JJAS) Precipitation

In the Southwestern United States, June, July, August and
September are months of the North American monsoon
(NAM) season which produces more than 50% precipitation
(Reports to the Nation, 2004; TD13). The spatial distribution
of model simulated climatological mean JJAS precipitation was
interpolated onto the PRISM grid for comparison.

Mean Warm Season Precipitation

Figure 5 shows the seasonal mean precipitation values from
PRISM, WRFD1, UCB and LCB. The detailed spatial structure
observed in PRISM data, particularly in mountainous areas, was
not well captured in WRFD1, and areas of overestimation are
seen in both upper and lower Colorado basin (Figures 5A,B).
The excessive overestimation can be attributed to multiple
factors inclusive of exaggerated precipitable water and CAPE,
and shortcomings in the convection parameterization scheme
(TD13). The use of parameterization can trigger unrealistic
repeated convection in the model, which leads to a high
precipitation. In contrast, UCB and LCB (convection-permitting
domains of the model) more realistically represent the areas
of precipitation (Figures 5C,D). Figures 6A-C confirms the
fact and it was shown that bias in CPM simulations are
less than 1 mmday~! while in coarser WRFD1 there was a
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widespread area of overestimation, generally in the order of
2-2.5 mmday~!. This clearly demonstrates the value added
by the convection permitting modeling at meso-y scale, for
regions with complex topography. The value added of CPM
is more prominent in the LCB where monsoon precipitation
is relatively more (Adams and Comrie, 1997). Due to the
presence of the Rocky Mountains and the Mogollon Rim, the
topography is extremely varied here, which has implications
for mesoscale circulation features and spatial variability in

precipitation. The comparable precipitation result from CFSR
yields a comparatively worse representation of the seasonal mean
(Figures 7A,B), with a higher bias than regional models. Bias
was amplified over the mountainous regions. In some places,
bias in high precipitation exceeded even 4 2.5 mmday~!. High-
resolution CPM simulations therefore definitely add value to the
CFSR data, and these more reliable products can be used for
hydrologic modeling, and seasonal water management purposes
in the Southwestern United States.
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Diurnal Cycle of Warm Season Precipitation

The diurnal cycle of convective precipitation is an important
aspect of monsoonal precipitation and has a high effect on the
estimates of rainfall and the surface energy budget (TD13) of
Southwestern United States. The warm season diurnal cycle in

this region is extremely prominent, with precipitation spikes in
the afternoon due to monsoon thunderstorms. The incorrect
representation of the diurnal cycle of convective precipitation
has been noted as potential problem in most coarse resolution
general circulation models (GCMs), which misrepresents the
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diurnal pattern of warm season precipitation with the onset of
moist convection too early and too often (Trenberth et al., 2003).
Model simulated climatological mean diurnal precipitation at
WRFD1, UCB, and LCB was compared with the gridded Stage-
IV hourly data product (aggregated to 6-h). In the warm season
during the early afternoon, convection originates in the Rocky
Mountains and the systems then propagate eastward toward
the Great Plains (Carbone et al., 2002; Janowiak et al., 2007;
TD13). The distribution of sub daily and daily precipitation in
the Southwestern and Midwestern United States, is determined
by the propagation of these systems. The WRFD1 simulation
generates excessive rainfall over the high terrain and is not able
to produce organized, propagating convection (Figures 8E-H) as
compared to observations (Figures 8A-D). The stagnant nature
of the summer convection is also noted in coarse resolution
(meso-p scale) simulation of TD13. The figures illustrate the
movement of convection with respect to time of the day (plotted

according to local time). By 5 am, the core of the observed
convection has almost exited out of the domain, while in WRFD1
it is still present. Strong overestimation of precipitation is also
found in WRFDI1 simulation. Looking at the UCB and LCB
simulations, it is clear that the diurnal cycle of precipitation is well
represented, and the precipitation magnitude is also realistically
represented in a seasonal scale (Figures 8I-P). CFSR fails to
represent the diurnal cycle in a manner consistent with the
daily precipitation (Figure 9). Due to coarse resolution and
lack of local feedbacks in the reanalysis data, the quality of
sub daily precipitation is compromised in CFSR, which would
ultimately affect the mean and extreme seasonal precipitation.
Climatologically, the high values present during 11pm - 5am
and 5 am-11 am are unrealistic, given the observed Stage-IV
data (Figures 8C,D). A regional climate model, at a convection-
permitting scale is necessary to accurately represent the sub daily
precipitation, and its organization and propagation in this region.
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FIGURE 9 | Climatological diurnal cycle of the warm season precipitation (mm/hr) of period 2002-2010 represented in CFSR. Representation of mean precipitation
during different times of the day, 11 am-5 pm, 5 pm-11 pm, 11 pm-5 am, 5 am-11 am (in local time) is plotted in (A-D) respectively.

Extreme Warm Season Precipitation

The extreme summer precipitation climatology is calculated
as a 95th percentile of the seasonal record (2000-2010)
(Manzanas et al, 2017). We analyzed the biases of CPM
simulations compared to the biases found in WRD1 simulations
using the PRISM data as a reference. Due to its coarse
spatial resolution which results in misrepresentation of essential
regional features, WRFD1 fails to represent the actual extreme
summer precipitation generated by mesoscale convective systems
(MCSs), particularly over regions of complex topography
(Figures 5E,F). A high bias was present (>4 mm dayfl) in
most of the domain (Figure 6D). The dynamically downscaled
UCB and LCB simulations performed much better in spatial
representation (Figures 5G,H) and bias was significantly lower
(Figures 6E,F), a result similar to Luong et al, 2017. The
CPM simulation was still wetter than observed in certain
regions, which could be physically interpreted by the interrelation
between a higher temperature (see Section “RCM validation:
Warm and cool season temperature”) and a wetter climate in
terms of the Clausius-Clapeyron relationship. With an increase
in temperature, the water holding capacity of atmosphere
increases; so higher amounts of rainfall can be produced
given suitable conditions for generating convective precipitation
(O’Gorman and Schneider, 2009; Allan et al, 2013). The
spatial correspondence of extremely high temperatures and
precipitation bias was most prominent in southern Colorado,
western Utah and mountainous regions of Arizona (Figures 6E,F
and Supplementary Figures S1E,F). However, this kind of
relationship is non-linear and could therefore not be explicitly
identified at all locations. It was not surprising that the model
produced slightly high precipitation, but the spatial pattern was
well captured. In addition, it added value to the coarse resolution
CFSR data (Figure 7C) by reducing its high bias (Figure 7D) at
much finer spatial resolution. Overall, CPM yields precipitation
amounts that better correspond to the observed data than the
equivalent coarse resolution model grid.

Cool Season Precipitation

Winter precipitation in the Southwest is driven by occasional
large size cyclonic storms that take more southerly tracks during
the winter season in North America. The strong westerly winds
associated with these storms help advect moisture from the
Pacific Ocean into this region.

Mean Cool Season Precipitation

Precipitation occurs mainly on the Mongollon Rim in Arizona
and the Rockies in New Mexico (Figure 10A). Both domains,
WRED1, and CPMs are able to reproduce this precipitation,
however, with higher accuracy in CPM (Figures 10B,D). The
bias is less than ~ 0.5 mmday_1 (Figures 11A,C). This
was expected, as the model captures large-scale driven winter
precipitation events better than summer convective events.
WRED1 grid resolution captured these types of events well,
consistent with past literature (TD13; Kirtman et al., 2014). This
also encouraged us to focus more on Convection-Permitting
simulations to improve warm season seasonal forecasts, in lieu of
developing completely new global models to capture large-scale
circulation anomalies, the capability of which is already present
in CFSR (Figures 7E,F).

Extreme Cool Season Precipitation

Extreme cool season precipitation is exaggerated all over the
region as simulated by both WRFD1 and CPMs. However, the
spatial pattern is similar to that observed (Figures 10E-H).
This could be attributed to the model incorrectly representing
extreme winter temperatures. The cool season bias could also
be associated with large-scale atmospheric features embedded
in the boundary condition from CFSR. However, some of WRF
biases may enhance it. Since the error is just in magnitude
(Figures 11D-F), we suggest that application of some simple
bias correction techniques may be an important step, before
using these results as impact for subsequent impacts assessment
modeling. This framework of dynamical downscaling followed
by bias correction has become a common procedure in different
user applications (Manzanas et al., 2017). In this way, reliable
high-resolution precipitation products can be obtained, which
can be used for hydrologic modeling for applications such as
water management and extreme events, flood modeling, and
renewable energy forecasting. CFSR being a coarse resolution
model (Figure 7) is not suitable as a stand-alone product
for these purposes.

Skill, Reliability, and Uncertainty

As discussed in section “Statistical Methodology for Skill,
Reliability and Uncertainty Assessment,” the validations are also
illuminated in a spatially and regionally averaged approach
for each season and region. The values of different metrics
calculated are shown in Table 3. Overall, WRFD1 and CPM
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simulations are characterized by similar PS values, revealing
that coarse and high-resolution simulations have a similar
capability to simulate the interannual variability of seasonal
rainfall. Reduction in conditional and unconditional bias (less SR
and SE values) is the main positive aspect of CPM simulations.

This is consistent for all regions and seasons. However, in the
warm season the improvement in bias is significant (119.732 to
2.1509 in UCB and 33.3996 to 0.2403 in LCB) while nominal
in the winter season, which is also consistent with our results
in section “Mean warm season precipitation.” CFSR was also
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TABLE 3 | Statistical skill and bias metrics for seasonally and regionally averaged framework.

Summer Winter
PS SR SE PS SR SE

CFSR-UCB 0.7405 1.5143 4.4350 CFSR-UCB 0.5951 0.6372 7.2698
WRFD1-UCB 0.8125 5.2060 119.7320 WRFD1-UCB 0.6453 1.7570 4.2546
ucB 0.8158 3.5108 2.1509 ucB 0.6766 1.3611 1.3240
CFSR-LCB 0.7567 0.3221 0.9422 CFSR-LCB 0.6799 0.1071 0.0636
WRFD1-LCB 0.8453 2.8526 33.3996 WRFD1-LCB 0.6569 0.0718 0.0658
LCB 0.8623 0.0609 0.24083 LCB 0.6792 0.0310 0.0001

outperformed in terms of bias, by CPM in all seasons and
regions, especially in summer (4.435 in UCB and 0.942 in
LCB). Use of a bootstrapping method allows us to quantify
the uncertainty in the precipitation predictions (see section
“Statistical Methodology for Skill, Reliability and Uncertainty
Assessment”). Column 1 and Column 2 of Figure 12 reveals
that CFSR and WREFD1 predictions have a wider uncertainty
envelope compared to CPM simulations. It is noteworthy that
CPM simulations capture the interannual variability of warm
and cool season precipitation well and the observed precipitation
(PRISM) is within the uncertainty bound. However, WRFD1
simulations perform significantly worse and magnitudes are off
by ~ 2 mm/day in the warm season. In the cool season, the
improvement was not significant, but the uncertainty of the CPM
is within the observed values, along with overall prediction of
interannual variability, which is also well simulated in WRFD1
simulations. Column 3 of Figure 12 explains the model’s skill
to address the inter-annual variability (assessed here in terms of
standard deviation of a yearly time series at different regions).
For both the seasons, box plots affirm that, CPM outperforms

CFSR and WRFDI1 simulations in capturing the year-to-year
precipitation variability. However, to firmly comment on model
skill on an inter annual time-scale, requires data of a longer time
range which is beyond the scope of this study but should be
considered in future research.

DISCUSSION AND CONCLUSION

Clear evidence shows that CPMs can add value to low-resolution
meso-f scale simulations and greater relative improvement is
seen in warm season precipitation. During the warm season,
an interaction of with the enhanced convective environment,
associated with large scale atmospheric circulation patterns
and complex terrain, drives the rainfall in the Southwestern
United States. So, it can be dynamically characterized by
positioning of the Monsoon ridge, upper level disturbances
and moisture inflows from the gulf along with the topographic
effects. Seasonal precipitation prediction in the Southwest
using dynamical atmospheric modeling requires accurate
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representation of deep convection, here assessed in terms
of the timing of the climatological diurnal cycle of summer
precipitation, seasonal mean and extremes as well as inter-annual
variability. Improvements were found in representation of both
seasonal mean and extreme precipitation. The correct spatial
distribution of daily rainfall in CPMs is likely associated with
the improvement in the dynamics of deep convection during
JJAS as well as realistic representation regional features like
orographic uplift.

Our results agreed with previous findings from Prein
et al. (2013a,2013b) regarding CPM. Along with the mean
precipitation, an improvement of the extreme precipitation
rates in the winter and warm season in the CPMs clearly
indicates an added value in mountainous region because of the
impact of accurately resolved orography in complex terrain. In
addition, in the cool season the synoptic-scale flow is more
important than in the warm season, because it suppresses
the influence of local-scale processes on precipitation. Any
improvement in the winter precipitation forecasts would be
more attributable to skillful forecasting of the modes of climate
variability governing the synoptic-scale circulation. A limitation
of this study is the relatively small sizes of the CPM domains
(Figure 1) which are spread across ~1000 km (East-West )
and ~900 km (North-South ) in the upper Colorado Basin and
~1000km (East-West) ~700 km (North-South) in the lower
Colorado Basin. The boundary conditions from the 12 km
simulations have a strong influence on the CPMs, especially
in the situations with dominant large-scale weather patterns,
which occur more frequently in winter. In such situations, the
CPM simulations have a limited degree of freedom and are
highly influenced by the solution of their parent simulations.
However, despite these factors our CPM simulations performed
well in both the seasons. CPMs represent variability at the
inter-annual time scale, which is extremely important in a
region like Southwest where summer precipitation variability
is influenced by large-scale teleconnections (Ciancarelli et al.,
2013). This method is therefore highly recommended for seasonal
prediction in the context of a dynamical modeling system.
In addition, due to high computational expense, only one
ensemble member was generated for each basin and synthetic
simulations were generated to quantify the uncertainty (see
section “Skill, Reliability, and Uncertainty”). Despite this, useful
insight was gained on the value added of CPM in warm
season precipitation.

Quantifying the maximum potential forecast improvement,
namely by downscaling retrospective CFSv2 reforecast
simulations, remains a subject for ongoing and future research.
This methodology is capable of capturing the complex spatial
patterns of mean and extreme precipitation, especially in
the Southwestern United States, and is also would be fully
transferable to other geographic regions that experience
convection in complex topography.

The value added of the methodology, to represent the
spatial variability, is highly critical for impact assessment,
which demands reasonable skill over a much finer resolution
within a local region. At such a local scale, the regional
effects like topography control spatial variability. Therefore,

a framework that captures such regional effects can provide
realistic downscaled output, useful for impact assessment studies.
The enriched fine scale structure of precipitation can be
significantly advantageous for impact studies which deals with
small-scale problems like small watersheds, accurate streamflow,
or flash flood prediction. Accurate representation of the intensity,
location and spatial extent of severe precipitation events is
important for such applications (Prein et al., 2013a). However,
modeled temperature has a warm bias and regional climate
model products still overestimate the summer and fall Southwest
precipitations, consistent with the study by Liu et al., 2017 on
dynamical downscaling.

There are important broader implications of this
study relevant for improved S2S prediction. Anticipating
extreme precipitation, at sub-seasonal lead time of 2-
4 weeks, has been emphasized in the IPCC’s Managing
the Risks of Extreme Events and Disasters to Advance
Climate Change Adaptation (SREX). As some reforecast
S2S models have the necessary sub-daily information to
provide boundary forcing to a convection-permitting RCM,
and with new seasonal reforecast data availability, it is
technically feasible to apply CPMs at seasonal timescales
to deterministically characterize the model forecast skill of
extreme precipitation events over a long-term retrospective
climatology, essentially extending the same numerical
modeling paradigm that is presently applied to operational
weather prediction.
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