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ABSTRACT: Convective parameterizations used in climate models display sensitivity to model
resolution and variable skill in different climatic regimes. Although parameters in convective
schemes can be calibrated using observations to reduce model errors, it is not clear if the optimal
parameters calibrated based on regional data can robustly improve model skill across different
model resolutions and climatic regimes. In this study, this issue is investigated using a regional
modeling framework based on the Weather Research and Forecasting (WRF) model. To quantify
the response and sensitivity of model performance to model parameters, we identified 5 key input
parameters and specified their ranges in the Kain-Fritsch (KF) convection scheme in WRF, and calibrated them across different spatial resolutions, climatic regimes, and radiation schemes using
observed precipitation data. Results show that the optimal values for 5 input parameters in the KF
scheme are similar, and model sensitivity and error exhibit similar dependence on the input
parameters for all experiments conducted in this study, despite differences in the precipitation
climatology. We found that the model overall performances in simulating precipitation are relatively more sensitive to the coefficients of downdraft and entrainment mass flux, as well as to the
starting height of downdraft. However, we found that rainfall biases — which are probably more
related to structural errors — still exist over some regions in the simulation, even with the optimal
parameters. This suggests that further studies are needed to identify the sources of uncertainties,
as well as to reduce the model biases or structural errors, both of which are associated with missed
or misrepresented physical processes and/or potential problems with the modeling.
KEY WORDS: Sensitivity · Convection scheme · Parameters · Calibration · Optimization · Regional
climate model · WRF
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Unresolved subgrid physical processes are often
parameterized in numerical weather and climate
models to estimate the exchanges of mass, energy,
and momentum with the resolved grids (e.g. Hack
1994, Bechtold et al. 2001, Kain 2004, Qian et al.
2010). Physics parameterizations generally use conceptual or empirical relationships to approximate the

impact of subgrid processes on the resolved-scale dynamics and thermodynamics (e.g. Kain 2004, Bechtold et al. 2008). Consequently, the parameterization
schemes may contain some parameters that have no
direct physical equivalence in nature and are subject
to a certain degree of arbitrariness (Done et al. 2006,
Berner et al. 2012). Due to nonlinear interactions
among physical processes, large uncertainties could
be introduced when these parameterizations are
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applied to numerical weather or climate models
(Warren & Schneider 1979). Uncertainties associated
with parameterizations and model parameters
become a key challenge to skillful weather or climate
prediction (Bowler et al. 2008, Hacker et al. 2011a,
2011b, Reynolds et al. 2011, van Lier-Walqui et al.
2012). Quantifying and reducing uncertainties of
parameterizations is crucial for improving model simulations of present climate and obtaining more accurate projection of future climate.
Parameter tuning or perturbation can be applied to
calibrate climate models or investigate model sensitivity (Jackson et al. 2004, 2008). Yang et al. (2012)
found that model performance is improved over the
North American Monsoon (NAM) region when the
optimal parameters obtained from model calibration
over the Southern Great Plains (SGP) are used. Even
so, model parameter sensitivity could vary over different regions with different climate regimes, e.g.
SGP versus NAM, because the prevailing large-scale
circulation pattern, atmospheric moisture, and land
surface types can be very different (Zhu et al. 2009,
Qian et al. 2013). Large-scale circulation could
impose forcing on clouds by adjusting its radius and
entrainment rate (Bechtold et al. 2001, Kain 2004,
Berner et al. 2012), and land cover and land use types
could affect land –atmosphere interactions and, consequently, the intensity of convection and precipitation (e.g. Koster et al. 2004, Taylor & Ellis 2006). Furthermore, ambient moisture is a modulating factor in
convection activities (Redelsperger et al. 2002, Bechtold et al. 2008). It remains unclear how parameter
tuning and calibration may lead to different results in
different regions and climate regimes. Jackson et al.
(2008) suggested that the values of optimal parameters might change from one region to another
because of compensating errors. To determine the
robustness of parameter tuning and calibration, it is
important to compare their results over regions with
different climate regimes.
Currently, one of greatest challenges in climate
modeling is the scale dependence of model physical
parameterizations, which leads to sensitivity of
model simulations to model grid spacing (Arakawa et
al. 2011, Qian et al. 2010). In addition, Yang et al.
(2012) found that model-simulated precipitation is
sensitive to radiation schemes, with the model generating wet bias when the Rapid Radiative Transfer
Model for General Circulation Models (RRTMG), is
applied but dry bias appears when the Community
Atmosphere Model (CAM) scheme is used instead. It
is important to determine whether and how modelsimulated precipitation may converge in the calibra-

tion process when the model is systematically wet or
dry in control simulations owing to differences in
model resolution and/or physics parameterizations.
In this study, we use the same Weather Research
and Forecasting (WRF) regional climate model as in
Yang et al. (2012) to examine the sensitivity and
uncertainty of the parameter tuning process on 5
convective parameters in the Kain-Fritsch (KF) convection parameterization scheme (CPS). We also
calibrate the CPS by constraining simulated precipitation with the observations. We attempt to answer
the following questions: (1) How are the parameter
tuning and calibration processes sensitive to grid
spacing, climate regimes, and initial model biases?
(2) Are the optimal results transferable across
spatial resolution and climate regimes? To address
these questions, we conducted a series of simulations over SGP with the grid spacing of 12, 25, and
50 km and using 2 radiation schemes (RRTMG versus CAM). We also conducted parameter tuning and
calibration in the NAM region, a relative arid region
compared to the humid SGP, where the processes
influencing convection should differ (Zhu et al.
2009). The simulated stochastic approximation
annealing (SSAA) algorithm, a stochastic sampling
approach that has shown an advantage in efficiency
and lower proneness to local trap (Liang et al. 2013),
was chosen to sample identified parameters in the
CPS.

2. METHODOLOGY
2.1. Model setup and experimental design
In this study, the WRF model Version 3.2.1 (Skamarock et al. 2008) was employed. Following the previous parameter tuning study by Yang et al. (2012), the
Morrison 2-moment cloud microphysics scheme
(Morrison et al. 2005) and KF CPS (Kain 2004) were
used. The Noah land surface model (LSM) (Chen &
Dudhia 2001) and Mellor-Yamada-Janjic (MYJ)
(Janji 2002) planetary boundary layer (PBL) turbulence scheme were also applied.
We conducted a series of experiments over different regions including the SGP and NAM regions
(Fig. 1) at different horizontal resolutions (12, 25, and
50 km), which allowed us to investigate the dependence of the parameter tuning process on model spatial resolutions and climate regimes. To examine the
impact of different radiation schemes on parameter
tuning, we conducted the experiments with 2 different radiation schemes, i.e. RRTMG (Mlawer et al.
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minimize the potential effects of error in the simulated large-scale circulation and isolate the impact
of convective parameterization scheme on precipitation, atmospheric conditions were reinitialized using
the NARR data every 2 d in all experiments. Each
simulation was run for 3 d, but the first day was discarded as model spin-up. Therefore our analysis represent an average of 15 two-day ensembles (totaling 1 mo), which can loosely be called ‘climate’. Soil
moisture and temperature were initialized using
data from the last hour of the WRF simulation for
the prior 2 d. June 2007 was an extremely wet
month over SGP, and abundant moisture in the
atmospheric was mainly contributed by the lowlevel jet originated from the Gulf of Mexico.
Fig. 1. Two model domains used in this study: Southern
Great Plains (SGP) outlined in red and North America Monsoon (NAM) in black. Shades indicate the terrain (a.s.l.:
above sea level). The yellow rectangle represents the subdomain where statistics were conducted for this study

1997, Barker et al. 2003, Pincus et al. 2003) and CAM
3.0 (Collins et al. 2004). The experiments are summarized in Table 1.
The WRF simulations were driven by the 32 km
North American Regional Reanalysis (NARR), and
lateral boundary conditions are updated every 3 h.
For SGP, the first simulation was initialized at
00:00 h UTC 1 May 2007 and run for 1 mo with the
standard KF scheme until 00:00 h UTC 1 June. All
ensemble simulations were then run for another
month through June 2007, using identical initial
land surface conditions from the first simulation at
00:00 h UTC 1 June. The experiments over the
NAM regime were similar, except they were initialized at 00:00 h UTC 1 June 1991 and the analysis
period was July 1991 over the whole domain. To

Table 1. Experiments performed in this study. SGP: Southern Great Plains; NAM: North American Monsoon; CAM:
Community Atmosphere Model; RRTMG: Rapid Radiative
Transfer Model for General Circulation Models
Experiment

SGP12
SGP25
SGP50
NAM25
CAM25

Resolution

Region
(km)

Radiation
scheme

12
25
50
25
25

SGP
SGP
SGP
NAM
SGP

RRTMG
RRTMG
RRTMG
RRTMG
CAM

2.2. Kain-Fritsch convective parameterization
scheme
The KF convective parameterization is a simple 1dimensional mass flux cloud model (Kain & Fritsch
1990, Kain 2004) specifically designed for mesoscale
models. Convection is triggered when a mixture of
adjacent 60 hPa air generates positive buoyancy and
ascends. Then, updraft, downdraft, and entrainment
fluxes are calculated to redistribute air mass until
90% of the convective available potential energy
(CAPE) is eliminated. Entrainment between the environment and the cloud is proportional to the updraft
flux mass and is explicitly calculated according to the
cloud radius. Deep convection is activated when the
updraft flux rises upward over a certain cloud depth.
Otherwise, shallow convection is formed based on
turbulent kinetic energy (TKE) for the mass flux.
Downdraft process occurs within a layer of 150 to
200 hPa above the cloud base, and its mass is calculated according to relative humidity and stability. The
residual condensate after updraft detainment and
downdraft evaporation is considered as ‘convective
precipitation’. Different closure assumptions are applied to shallow and deep convections. For shallow
convection, the initial updraft flux mass is proportional to the TKE in the sub-cloud layer, while the closure assumption of deep convection depends on the
CAPE removal for an entraining parcel. A detailed
description of the KF CPS can be found in Kain &
Fritsch (1990), Bechtold et al. (2001) and Kain (2004).
As in Yang et al. (2012), the 5 most critical parameters of the KF scheme were identified to calibrate
model precipitation. Brief descriptions and value
ranges of the selected 5 parameters are shown in
Table 2.
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Table 2. Abbreviations, descriptions, default values, and the ranges of the 5 input parameters in the Kain-Fritsch (KF)
convective parameterization scheme in the Weather Research and Forecasting (WRF) model
Parameter
Pd
Pe
Ph
Pt
Pc

Description

Default value

Range

Coefficient related to downdraft mass flux rate
Coefficient related to entrainment mass flux rate
Starting height of downdraft above updraft source layer (USL) (hPa)
Maximum turbulent kinetic energy (TKE) in sub-cloud layer (m2 s−2)
Average consumption time of convective available potential energy (CAPE)

0
0
150
5
2700

[−1, 1]
[−1, 1]
[50, 350]
[3, 12]
[900, 7200]

2.3. Simulated stochastic approximation annealing
(SSAA) calibration algorithm
This study employed the SSAA algorithm (Liang et
al. 2013) to study the model sensitivity to the 5 convective parameters and calibrate them. The SSAA is an
approach for global calibration developed on the basis
of a very fast simulated annealing (VFSA) algorithm
(Ingber 1989, Jackson et al. 2004) with an element of
the stochastic approximate Monte Carlo (SAMC)
algorithm (Liang 2011) blended in. Thus, it takes
advantage of both the annealing and SAMC techniques, which enables the algorithm to accelerate the
converging speed while the SAMC skill reduces the
probability of trapping into local maxima or minima.
As the SSAA procedure progresses, the sampling
range of each parameter gradually narrows. As suggested in Yang et al. (2012), each experiment with a
specific configuration consisted of 150 simulations.
More details of this algorithm can be found in Liang et
al. (2013) and Yang et al. (2013). Model performance
was evaluated against the observational data after
each simulation is completed. The University of Washington 1/8 gridded daily precipitation data (Maurer et
al. 2002) was used to calculate the model skill score
according to the formula in Yang et al. (2012).

from the Gulf of Mexico by the northward low-level
jet, and enhance the frequency of thunderstorms and
their associated latent heat release (Qian et al. 2013).
The control simulation with default convective parameters can generally capture the observed intense
precipitation band, but they significantly overestimate the magnitude of precipitation at the northeast
corner of the domain. Fig. 2 also shows the comparison between skin temperature (Ts), latent heat (LH),
sensible heat (SH) flux and surface net radiation flux
(SWN) from the WRF control simulation and the
North American Land Data Assimilation System
Phase 2 (NLDAS-2) reanalysis dataset that were
driven by observed precipitation and NARR forcing
fields during the same period. It can be seen that the
WRF control simulation is able to capture the spatial
patterns and magnitude of the key land surface variables reasonably well, especially for Ts and SH, compared to the NLDAS-2 reanalysis dataset. However,
both LH (upward as positive) and SWN (downward
as positive) are significantly overestimated in the
control simulation with default parameters, especially over the eastern part of domain. In the simulation with the optimal parameters, both LH and SWN
are much improved (data not shown).

3.2. Dependence on model spatial resolution
3. RESULTS
3.1. Evaluation for default simulation
Fig. 2 (top panel) shows the spatial distribution of
monthly mean precipitation observed and simulated
by WRF at 25 km spatial resolution with the default
configuration over SGP in June 2007. The most intense precipitation occurs in central Texas, Oklahoma, southeastern Kansas, and southwestern Missouri. The precipitation events during the extreme
wet period are initially generated by active synoptic
weather patterns, linked with moisture transport

Fig. 3 shows the responses of the cost function E to
the 5 convective parameters in the simulations with
different spatial resolutions at SGP. Among all the
simulations sampled using SSAA, E varies from 66 to
282 in all simulations, with values of 165, 139, and
148 for the default simulations at 12, 25, and 50-km
grid spacing, respectively. The cost function E decreases as the downdraft mass flux rate (Pd) and the
starting height of downdraft (Ph) increase or the
entrainment mass flux rate (Pe) decreases. Similar
trends of E can be found across the 3 spatial resolutions. The model performances are found to be more
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Fig. 2. Comparison of climate variables
from the Weather Research and Forecasting (WRF) default simulation (left) and observation/reanalysis (right). Ts: surface skin
temperature; LH: latent heat flux; SH: sensible heat flux; SWN: net shortwave radiation flux at surface. Observation for precipitation is from the University of Washington
1/8 gridded daily precipitation dataset
(UW) and for other variables from North
American Land Data Assimilation System
Phase 2 (NLDAS-2) reanalysis

sensitive to Pd, Pe and Ph, with approximately linear features. The
slopes of trends for the above 3 parameters, as well as the maximum TKE
(Pt), are smaller in coarse resolution
than in fine resolution, suggesting a
more sensitive model performance to
the KF parameters at higher resolution. The response of E to CAPE consumption time (Pc) shows a decrease
when Pc is < 3700, then increases with
increasing Pc.
Fig. S1 in the Supplement at www.
int-res.com/articles/suppl/c059p135_
supp.pdf shows the responses of
the monthly mean explicit (nonconvective), convective, and total
precipitation (explicit + convective) to
the 5 parameters, averaged over the
subdomain highlighted by the yellow
rectangle in Fig. 1. The mean explicit
precipitation is ~0.2 to 1.8 mm d−1,
and the convective precipitation is
~4.5 to 8.0 mm d−1. On average,
> 70% of the total precipitation is contributed by the convection scheme
over SGP during the summer months.
The total rain amount varies from 9.7
to 4.6 mm d−1 in the parameter tuning
ranges, with more rainfall usually
produced in the 12 km simulation and
less rainfall at 50 km resolution, and
this difference across model resolution is more apparent for non-convective precipitation. Indeed, Fig. S1
shows that explicit precipitation increases with spatial resolution because more clouds are resolved at
finer resolution, but less significant
difference can be found in the con-
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Fig. 3. The response of model performance, quantified as the cost function E (see Section 2.2) to the 5 input parameters (see
Table 2) over the Southern Great Plains (SGP) region through the simulated stochastic approximation annealing (SSAA)
procedure based on 3 experiments (see Table 1) with spatial resolutions of 50, 25 and 12 km

vective and total precipitation simulated at different
resolutions.
Similar changes and variability of the simulated
precipitation to the 5 parameters can be found across
all 3 spatial resolutions, which demonstrate the specific roles of these parameters during the precipitation-related processes. For example, convective precipitation amounts decrease with increases of
parameters Pd, Ph, and Pc, and explicit precipitation
amounts increase as Pe and Pc increase. Larger Pd and
Ph usually generate greater downdraft mass flux and
higher precipitation-driven downdraft starting levels.
Thus, more condensate in the downdrafts is evaporated, and less precipitation is produced. The parameter Pe is the ratio of entrainment to the updraft flux,
and measures how much ambient air is brought into
the updraft flux, which can lessen the difference between the updraft parcel and the surrounding environment. A higher entrainment rate favors a more stable atmosphere, so less frequent deep convection is
activated. As a larger portion of the initial instability
could be removed by shallow convection, more explicit precipitation can potentially be produced. The
increase of Pc generally results in decreased convective precipitation and increased explicit precipitation
(Done et al. 2006, Yang et al. (2012)). With a longer Pc
a deep convection event would weaken, and more
generated shallow convections would reduce the instability in the atmosphere, which could potentially

provide additional moisture for the resolved scales
(Kain 2004).
Many atmospheric variables (e.g. cloudiness, air
temperature, humidity, and surface energy budget)
are expected to be sensitive to the perturbation of the
convective parameters (e.g. Bechtold et al. 2001,
2008, Jackson et al. 2004, 2008, Berner et al. 2012)
because latent heating from convective clouds can
influence many atmospheric processes. For example,
Fig. 4 shows the responses of several selected physical variables to the Pd. Low-level clouds, air temperature, humidity, and surface soil moisture and energy
flux all depict a clear response to the parameter Pd.
Larger Pd could result in more evaporation of condensate generated in the updraft process, which will
cool and moisten the atmosphere in layers of 900 to
600 hPa. Consequently, more low-level clouds are
formed, which could decrease the downward shortwave radiation flux. Decreased precipitation leads to
lower soil moisture, larger SH, and lower LH. The
changes of air humidity are opposite at low level
(1000 to 900 hPa) and upper layers (900 to 600 hPa).
And the low level air humidity, LH and soil moisture
all show a decrease, consistent with the PBL humidity that is more influenced by mixing from the surface
rather than the upper layer atmosphere.
While the overall responses of physical variables to
convective parameters are consistent across different
resolutions, remarkable differences of magnitude in
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Fig. 4. The response of 14 model output variables (averaged over the subdomain [yellow box] shown in Fig. 1) to variations in
the input parameter Pd (see Table 2) over the Southern Great Plains (SGP) region, based on 3 experiments (see Table 1) with
spatial resolutions of 50, 25 and 12 km. The 14 variables are: surface skin temperature; soil moisture; specific humidity and temperature at the boundary layer (1000−900 hPa), low troposphere (900−800 hPa) and middle troposphere (800−600 hPa); cloud
liquid water at 900−800 hPa; downward shortwave and longwave radiation flux at the surface; outward longwave radiation flux
at the top of atmosphere; and sensible and latent heat flux at the surface
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the response can be found among the experiments
with different horizontal resolutions. For example,
the atmospheric humidity at all levels is lower in the
simulation with finer resolution than coarser resolution (see Fig. 4), and the drier atmosphere may result
from more condensation (so more precipitation generated) which consumes more moisture at the finer
resolution
Fig. 5 shows the monthly mean precipitation differences between default simulations and observation
and between optimal and default simulations at 3
spatial resolutions, respectively, over SGP in June
2007. Using default parameters, all 3 simulations
overall produce too much rain except for a few areas
in central Texas, Oklahoma and southeastern Kansas.
With the optimal parameters, the overall overestimated precipitation is improved. Optimal simulation
largely removes the wet biases over the northeastern
part of the domain and over western Texas, but
strong precipitation in the main precipitation band
along central Texas, Oklahoma, and southeastern
Kansas is suppressed. The cost function E is reduced
from 165 to 76, 139 to 70, and 148 to 66 for SGP12,
SGP25, and SGP50, respectively (see Table 3).
Fig. 6 shows the correlation coefficients between

different simulated variables with each CPS parameter, which, to a certain extent, can be used to represent the sensitivity between the 5 convective parameters and the physical variables at 3 spatial
resolutions. As discussed in Section 3.1, parameters
Pd and Ph have a larger impact on convective precipitation, while explicit rainfall is more sensitive to Pe
and Pc. Pe also has a large impact (with a correlation
coefficient > 0.8) on surface and low-level air temperature and downward shortwave radiation flux. The
most sensitive parameter for SH is Pd while Pc has the
largest impact on downward longwave radiation flux
at the surface because longer Pc favors the formation
of stratiform clouds especially with larger spatial
scale. All variables are least sensitive to Pt below
clouds. Generally, almost all variables show similar
sensitivities to the parameters across different spatial
resolutions.

3.3. Dependence on climate regimes
To examine the dependence of parameter calibration on different climate regimes, the calibration procedure for the convective parameters was repeated

Fig. 5. Differences of precipitation between Weather Research and Forecasting (WRF) default configurations and observations
(top) and between the optimal and default simulations (bottom) for 3 experiments (see Table 1) with spatial resolutions of 50,
25 and 12 km
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lower Pe favor a better performance of
the simulation over NAM, which is
consistent with the results over SGP.
Fig. S2 also shows the difference of
responses of E to Pe over SGP and
NAM: generally, E increases with Pe in
SGP; however, in NAM, E increases
with Pe when Pe < 0.1 but decreases
when Pe > 0.1. In addition, the
response of E to Pe scatters more
widely in NAM than SGP.
Fig. S3 in the Supplement depicts
the precipitation responses to the 5 parameters over NAM. The total precipitation amount varies from 5 to 8 mm
d−1, while convective and explicit precipitation are ~2 to 5 mm d−1and 0.25
to 2.5 mm d−1, respectively. The ratio
Fig. 6. Relative sensitivities of the response of selected output variables (y-axis)
of the explicit to total precipitation is
to the 5 convection parameterization scheme (CPS) input parameters shown in
larger over NAM than SGP. The total
Table 2 (x-axis) over the Southern Great Plains (SGP) region for 3 experiments
precipitation is most sensitive to Pd
(see Table 1) with spatial resolutions of 50, 25 and 12 km. For each parameter,
corresponding columns (left to right) represent simulations with 12, 25 and
and Ph, showing significant increases
50 km resolution. Sensitivity ranking is calculated based on the correlation coefin response to greater values of the paficients of 150 simulations between output variables and input CPS parameters.
rameters. Both explicit and convective
‘+’ (‘–’): positive (negative) correlation between input parameters and output
precipitation are especially sensitive
variables (i.e. that variables increase [decrease] with the parameters). TS: skin
to Pc but with opposite responses.
temperature; SM: soil moisture; Q(P): air specific humidity for 1000−900 hPa;
T(P): air temperature for 1000−900 hPa; QC: cloud liquid water content at layers
Thus, the total precipitation does not
from 900−800 hPa; Q(L): air specific humidity for 900−800 hPa; T(L): air tempershow an obvious response to this paraature for 900−800 hPa; Q(M): air humidity for 800−600 hPa; T(M): air temperameter, which is different from SGP,
ture for 800−600 hPa; SWD: downward shortwave radiation at surface; LWD:
where the total precipitation decreases
downward longwave radiation at surface; OLR: outward longwave radiation at
the top of atmosphere; SH: sensible heat flux at the surface; LH: latent heat flux
with increased Pc, because the convecat the surface; EP: explicit precipitation; CP: convective precipitation
tive rain dominates in the SGP case.
The precipitation response to E is also different from SGP, i.e. neither explicit nor convective
over the NAM region. Fig. S2 in the Supplement
precipitation shows a clear linear correlation with Pe
(www. int-res. com/ articles/ suppl/ c059 p135_ supp.
pdf) shows the response of E to 5 convective parameover NAM.
ters over NAM in July 1991. Among all the simulaFig. 7 shows the spatial distributions of monthly
tions in NAM25, E varies from 52.7 to 388. Similar to
mean precipitation of July 1991, observed and simuover SGP, E decreases as Pd and Ph increase or Pe delated with default and optimal parameters. The simulation with default parameters captures the maxicreases. Fig. S2 suggests that larger Pd or Ph and

Fig. 7. Observed (left) and Weather Research and Forecasting (WRF)-simulated (25 km) monthly mean precipitation with
default (middle) and optimal parameters (right) over the North American Monsoon (NAM) region for July 1991
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mum rainfall center over the monsoon core region in
the Sierra Madre Occidental (SMO), but evidently
overestimates the total precipitation over the northeast corner of the domain. When the optimal parameters were applied, the spatial pattern of simulated
precipitation is much improved, and the wet bias in
the northeast corner is significantly reduced. The
overall E is reduced from 110 in the default simulation to 53 in the optimal one.
Fig. 8 compares the sensitivity of selected physical
variables over SGP and NAM. Overall, the patterns
of parameter sensitivity are similar between NAM
and SGP, but there are a few differences: (1) the
impact of parameter Pc on explicit and convective
precipitation is greater in NAM than SGP; (2) the
sign of correlation coefficient between low-level
humidity and each parameter is opposite in NAM
and SGP; and (3) the impact of Pe on the surface and
low-level air temperature and the downward shortwave radiation flux is not as significant in NAM as in
SGP. As in SGP, none of the variables in NAM is sensitive to the Pt.

and NAM. Essentially, the model parameters in those
experiments (refer to Sections 3.1, 3.2 and 3.3) were
tuned to reduce the overestimated precipitation. As
Yang et al. (2012) pointed out, the precipitation over
SGP is underestimated compared to observation
when the CAM radiation scheme is used with KF
with the default convective parameters in the WRF
model. It is interesting to examine the model sensitivity and calibration based on the same model but with
a different precipitation climatology that results from
the use of a different radiation scheme. We performed an additional CAM25 experiment in which
the CAM radiation package was applied at 25 km
grid spacing over the SGP region (see Table 1).
Fig. S4 in the Supplement presents the response of E
(left panels) and the simulated precipitation (right 3
panels) to the 5 convective parameters. Among all
the simulations in CAM25, E varies from 390 to 69.
As with SGP25, E decreases as Pd and Ph increase or
Pe decreases. Larger Pd or Ph and lower Pe favor a better performance of the simulation. The values of the
optimized parameters for Pd, Pe, Ph, and Pc are 0.92,
−0.99, 306, and 3858, respectively (Table 3), similar to
the results of the simulations that used the RRTMG
3.4. Dependence on radiation parameterization
radiation scheme. The response of model performschemes
ance is generally consistent with that of SGP25, and
many common features can be found in the two sets
In the preceding experiments, the RRTMG radiaof simulations.
tion scheme is used, where precipitation is overestiThe explicit, convective, and total precipitations
mated with the default parameter setting in both SGP
vary at ~0.2–0.8, 2.0–5, and 3.0–6.0 mm d−1, respectively, and their ranges are smaller
than those of the simulations with the
RRTMG scheme. Compared with
other experiments, the convective
precipitation decreases with Pd at a
much larger rate. The precipitation
responses to the other 4 parameters,
especially Pe, are less sensitive in
CAM25 than in the simulations with
RRTMG. Again, as in SGP25, the convective precipitation dominates the
total precipitation amount in CAM25.
Fig. 9 shows the spatial distributions of precipitation from the observation and the simulations with default and optimal parameters. Both
simulations considerably underestimate the maximum intensity of preFig. 8. Relative sensitivities of the response of selected output variables (ycipitation against observation. The
axis) to the 5 convection parameterization scheme (CPS) input parameters
optimized simulation improves the
shown in Table 2 (x-axis) over the Southern Great Plains (SGP) and North
spatial pattern of precipitation by reAmerican Monsoon (NAM) regions, showing results for the experiment
moving the anomalous rainy areas in
SGP25 with 25 km grid spacing. See Fig. 6 for explanation of output variable
abbreviations and ‘+’, ‘–’
the eastern boundary. However, it
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Table 3. Optimal and default values of parameters shown in
Table 2 and the cost function E. See Table 1 for details of
experiments
Experiment

Default
SGP12
SGP25
SGP50
NAM25
CAM25

Pd

Pe

Ph

Pt

Pc

E

E
(default)

0
0.98
0.97
0.94
0.93
0.92

0
−0.94
−0.93
−0.96
−0.99
−0.99

150
345
334
334
331
306

5
4.25
4.65
8.78
4.62
3.41

2700
3914
3585
3867
3386
3858

–
76
70
66
53
69

–
165
139
148
110
110

decreases the total rainfall amount over the whole
region from 3.1 mm d−1 in the default simulation to
1.9 mm d−1 in the optimal one. The calibration process reduces values of E. Indeed, E is reduced from
110 in the default simulation to 69 in the optimal one.
Still, the maximum precipitation band is underestimated in the optimal simulation, which could be
largely related to the structural error associated with
the radiation package. Further studies targeted to
reduce model bias or structural errors associated
with the missed or misrepresented physical processes and potential problems in the nested modeling framework and initial and boundary conditions
are needed in the future.

4. SUMMARY AND DISCUSSION
In this study, several issues related to parametric
sensitivity and calibration of physical parameterizations in climate model are investigated. We focus on
the KF convection parameterization in the WRF regional climate model. Five key input parameters in
the KF convection scheme are identified to investigate the response and sensitivity of model perform-
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ance. To obtain the optimal parameter set according
to the cost function E constrained by observed precipitation, the SSAA algorithm is employed to sample
the parameters at the 5-dimensional space iteratively. The parametric sensitivity and calibration processes across different spatial scales, climatic regions/regimes, and radiation schemes are compared.
The results show that E decreases (i.e. performance
improves) as Pd and Ph increase or Pe decreases. The
model performances are found to be more sensitive
to Pd, Pe and Ph. The responses of E to changes in
these 3 parameters, as well as Pt, are smaller in the
coarse resolution than fine resolution simulations.
The explicit precipitation increases with spatial resolution because more clouds are resolved at finer resolution. However, no significant difference can be
found in the convective and total precipitation simulated at different resolutions.
Similar trends and variability of the simulated precipitation in response to changes in the 5 parameters
can be found across 3 different spatial resolutions.
While the overall trends of the response of physical
variables to convective parameters are consistent
across different resolutions, remarkable differences
in the magnitude of the response can be found
among the experiments at different horizontal resolutions. For example, the atmospheric humidity at all
levels is lower in the simulation at finer resolution.
With the optimal parameters, the simulated spatial
pattern and magnitude of precipitation are improved
at all 3 spatial resolutions, especially over the northeastern boundary area. Generally, almost all physical
variables show similar sensitivities to the parameters
across different spatial resolutions.
Overall, the patterns of parameter sensitivity are
similar over NAM and SGP. Generally similar trends
and variability in model response are found at SGP
versus NAM, although the response of E to Pe scatters more widely in NAM than in SGP. The ratio of

Fig. 9. Observed (left) monthly mean precipitation over Southern Great Plains (SGP) region, and simulated default (middle)
and optimal values (right) for SGP with the CAM radiation scheme
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explicit to total precipitation is larger over NAM than
SGP. The spatial pattern of simulated precipitation is
much improved in the NAM simulation with the optimal parameters, and the model significantly reduces
the wet bias over the northeast areas.
We also examined the model sensitivity and calibration processes based on the same model but with
a different precipitation climatology resulting from
the use of a different radiation package when the
default convective parameters are applied. The model performance response was found to be generally
consistent, regardless of the precipitation climatology (i.e. initial wet versus dry bias) and many common features can be found in the 2 sets of simulations. However, the maximum precipitation band is
still underestimated in the optimal simulation, which
is likely related to structural error associated with the
radiation package. The general reduction of precipitation in all experiments due to calibration is partly
driven by the large wet biases near the outflow
boundary (i.e. northeast corner) and the use of equal
weighting of model errors for all grid cells in defining
E. Future studies are needed to target efforts on reducing model bias or structural errors associated
with the missed or misrepresented physical process
and addressing potential problems with the modeling framework such as the larger systematic errors
due to the nesting approach.
Another limitation in this study is that only observed precipitation data are used to evaluate model
performance. Although Yang et al. (2013) found from
a study where only convective precipitation is constrained by observation that the improved convection
has a positive impact on the general circulation and
other aspects of global climate, the benefits of parameter calibration on other variables at the process
levels (e.g. downdraft or entrainment mass flux) are
still not clear. While the tuning process may produce
parameter settings that approximate the observed
climate, this outcome may not have been achieved
through proper constraints of the balance of different
physical processes. That is, the improved ultimate
variables, such as precipitation and temperature,
could be a result of compensating errors, so such
optimization may not guarantee better performance
in projecting the future climate. In future studies, it
may be beneficial to calibrate model parameters by
constraining the behavior of physical processes (i.e.
turbulence or shallow and deep convection processes) rather than simply reducing differences
between simulated and observed variables, such as
precipitation, that are the outcomes of delicate balances among many processes.
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