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estimate, does not vary over a relatively large region. This 
approach is applied to evaluate 31-year WRF-downscaled 
extreme maximum temperature through comparison with 
North American regional reanalysis (NARR) data. Uncer-
tainty in GEV parameter estimates and the statistical sig-
nificance in the differences of estimates between WRF and 
NARR are accounted for by conducting a novel bootstrap 
procedure that makes no assumption of temporal or spatial 
independence within a year, which is especially impor-
tant for climate data. Despite certain biases over parts of 
the United States, overall, WRF shows good agreement 
with NARR in the spatial pattern and magnitudes of GEV 
parameter estimates. Both WRF and NARR show a sig-
nificant increase in extreme maximum temperature over 
the southern Great Plains and southeastern United States 
in January and over the western United States in July. The 
GEV model shows clear benefits from the regionally con-
stant shape parameter assumption, for example, leading to 
estimates of the location and scale parameters of the model 
that show coherent spatial patterns.

Keywords Dynamical downscaling · Temperature 
extremes · Generalized extreme value (GEV) distribution

1 Introduction

Regional climate models (RCMs) are constructed for 
limited areas with a considerably higher resolution than 
the conventional general circulation models (GCMs) to 
describe regional-scale climate variability and change. Dur-
ing the simulations, the RCM is constrained at the bounda-
ries and partially over the inner domain by a global or rela-
tively large-scale reanalysis data set or GCM output. This 
technique is called dynamical downscaling, and it is useful 
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for understanding regional and local climate, especially in 
regions with complex topography. Moreover, RCMs with 
relatively high spatial resolution can capture the magni-
tude and intensity of extreme events such as heat waves and 
storms/floods more realistically than GCMs (e.g., Durman 
et al. 2001; Bell et al. 2004; Wehner et al. 2010; Gao et al. 
2012).

Extreme weather/climate events, interacting with 
exposed and vulnerable human and natural systems, can 
lead to disasters. Global estimates of annual losses due to 
extreme weather/climate events have ranged since 1980 
from a few billion (US dollars) to more than 200 bil-
lion in 2010 (Field et al. 2012). Temperature extremes are 
expected to change in terms of their severity, frequency, 
and duration as a result of anthropogenic global warming 
(Easterling et al. 2000; Meehl and Tebaldi 2004; Tebaldi 
et al. 2006; Meehl et al. 2007). Unusual extreme heat 
events, such as those which occurred in Chicago in 1995, 
western Europe in 2003, Russia in 2010, and India in 2015 
are expected to become more commonplace in a warmer 
world (e.g., Beniston 2004; Schär et al. 2004; Stott et al. 
2004; Dole et al. 2011; Rahmstorf and Coumou 2011; Gao 
et al. 2012; Murari et al. 2015). Thus, evaluations of the 
ability of RCMs in downscaled temperature extremes and 
their changes are of clear value. There is also clear value 
added by high resolution downscaled temperature, espe-
cially in regions characterized by important surface forcing 
such as mountains or coastal zones (Di Luca et al. 2013). 
Moreover, the need of detailed climate information such 
as predictions of extremes at regional and even local scale 
in order to assess the possible impacts of climate change 
on human beings and natural environment is a major 
motivation. This detailed climate information is also vital 
for long-term planning at regional and national levels for 
mitigation and adaptation strategies. NCEP reanalysis data 
incorporates a large portion of the complexity of the global 
system, and accordingly it shows significant skill at large 
spatial scale. But they are not able to represent local/small 
spatial scale features/dynamics (Wang et al. 2015). While 
NARR is a relatively high resolution product which assimi-
lates observations, it is not able to provide information for 
the future. Therefore, we need to understand the perfor-
mance of RCMs (especially when they are driven by rea-
nalysis data, which is considered as the “perfect”) to build 
confidence for future projections.

The generalized extreme value (GEV) distribution is a 
statistical model for extremes of random quantities. For 
example, the maximum temperature at a location over a 
month or a season may be reasonably well approximated by 
a GEV model. There are three parameters for a GEV distri-
bution: the location parameter, the scale parameter, and the 
shape parameter. The GEV model has been applied widely 
to long-term climate data sets to describe the statistical 

behavior of the tails of the distribution of, for example, 
daily precipitation (e.g., Fowler et al. 2005; Kharin and 
Zwiers 2005; Frei et al. 2006; Kharin et al. 2007; Cooley 
et al. 2007; Cooley and Sain 2010; Wehner 2013), daily 
mean/maximum/minimum temperature (e.g., Kharin and 
Zwiers 2005; Kharin et al. 2007; Brown et al. 2008; Per-
kins et al. 2009; Craigmile and Guttorp 2013), and decadal 
maximum tree ring growth (Mannshardt et al. 2013). Kha-
rin and Zwiers (2005) estimated the return values of annual 
temperature extremes from a fitted GEV distribution with 
time-dependent location and scale parameters; they found 
that changes in temperature extremes are largely associated 
with changes in the location parameter of the distribution 
of annual extremes without substantial changes in the shape 
parameter over most of the globe. Brown et al. (2008) ana-
lyzed 55-year observed extreme temperature changes by 
fitting GEV models with a linear trend for location param-
eter and found that both warm and cold extremes show pos-
itive trends. Perkins et al. (2009) fitted a stationary GEV 
model to 20-year model output in historical and future peri-
ods (under A2 scenario), respectively, from phase 3 of the 
Coupled Model Intercomparison Project (CMIP3) GCM to 
compare the projected changes in extreme maximum/mini-
mum temperature. They found that GCMs with larger bias 
project larger increases in both warm and cold extremes 
than GCMs with smaller bias over various regions of Aus-
tralia, indicating that use of an all-model ensemble tends to 
over-predict the amount of increase in extreme temperature. 
Craigmile and Guttorp (2013, CG13 hereafter) evaluated an 
RCM’s performance for extreme minimum temperature by 
building a Bayesian hierarchical GEV model that assumes 
parameters for nearby pixels are spatially correlated ran-
dom quantities. We comment on CG13 further by compari-
son with our methods in Sect. 3.

Currently, most studies fit a GEV distribution to obser-
vational/modeled output for each station/grid cell separately 
(e.g., Kharin and Zwiers 2005; Kharin et al. 2007; Brown 
et al. 2008; Perkins et al. 2009). Such an approach makes 
no attempt to exploit possible close relationships in param-
eters between adjacent locations. We name this approach 
the pixel-wise GEV (hereafter, PW GEV) model. In con-
trast, this study estimates the GEV parameters at each pixel 
assuming that the shape parameter is constant within a fairly 
large region (larger than a single pixel), while the other 
parameters (location and scale) are different for each pixel. 
We name this approach the common shape parameter GEV 
(hereafter CSP GEV) model. The shape parameter is gener-
ally the hardest to estimate based on limited data and is also 
unlikely to change much over short distances (e.g., Brown 
et al. 2008; Cooley and Sain 2010; Papalexiou and Kout-
soyiannis 2013; Craigmile and Guttorp 2013; Mannshardt 
et al. 2013). We discuss the reasons for slow changes of 
shape parameter in Sect. 3.1. The Bayesian hierarchical 
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GEV model (hereafter BHM) is another approach that can 
be used to address the problem of unstable parameter esti-
mates of GEV distribution (Cooley et al. 2007; Cooley and 
Sain 2010; Schliep et al. 2010). However, we believe using 
the CSP GEV model, which is computationally less expen-
sive than the BHM and does not require specification of 
prior distributions on the multivariate spatial pattern of the 
parameters, can achieve many of the benefits of the BHM. 
Assuming that one or more parameters of a GEV distribu-
tion are constant over multiple locations to estimate extreme 
distributions and return levels when one has relatively short 
data records is not new. For example, Zwier and Kharin 
(1998) assume that the time series of annual maxima of 
daily precipitation in any four or nine adjacent grid boxes 
(grid spacing 3.75° lat × 3.75° long) come from the same 
extreme value distribution, which means all three param-
eters are constant in the four or nine adjacent grid boxes. 
Then they estimate the parameters of the GEV distribution 
using the L-moment approach (Hosking 1990, 1992, 2006). 
Fowler et al. (2005) compare regional frequency analysis 
[RFA, Hosking and Wallis (1988, 1997)] and individual grid 
box analysis in flood frequency analysis. RFA first defines 
homogeneous spatial regions, and then fits a regional prob-
ability distribution to the pooled data. They find RFA pro-
vides more robust return period estimates than individual 
grid box analysis.

For much of the United States, in most years, the annual 
maximum will be the same as the July–August maximum, 
so the annual maximum is mainly informative only for that 
time of year. Thus, we believe there is more to be learned 
by fitting a GEV distribution for each month of the year. 
We apply the CSP GEV model to an RCM and a regional 
reanalysis data set for each of 12 months to assess the per-
formance of the RCM in terms of extreme maximum tem-
perature. We estimate parameter uncertainties using a novel 
resampling scheme that only requires independence of 
extreme values for a given month in different years. Spe-
cifically, this procedure makes no assumption of temporal 
or spatial independence within a year, which is critically 
important for climate data such as temperature.

Section 2 describes the RCM model setup and the 
evaluation data set used in this study. Section 3 describes 
the CSP GEV model, including assumptions. Section 4 
assesses the RCM performance in terms of estimated GEV 
parameters and return levels through comparisons with 
evaluation data. In Sect. 5 we discuss the improvement of 
the CSP GEV model over the PW GEV model, the impacts 
of different block lengths, and the impact of the size of the 
region with a constant shape parameter on estimated GEV 
parameters and return levels. Section 6 summarizes our 
findings. Three appendices in supporting information (SI) 
provide details of the CSP GEV model, calculations of 
return levels, and our bootstrap approach.

2  RCM description and evaluation data

2.1  RCM description

We use the WRF model, version 3.3.1, to generate the 
daily maximum temperature. The model domain is cen-
tered at 52.24°N and 105.5°W and has dimensions of 600 
west-east × 516 north–south grid points with grid spac-
ing of 12 km, covering most of North America (Figure 1 in 
Wang and Kotamarthi 2014, WK14 hereafter). The initial 
and boundary conditions are constructed from the National 
Center for Environmental Prediction (NCEP)–U.S. Depart-
ment of Energy (DOE) Reanalysis II data (NCEP-R2) 
(Kanamitsu et al. 2002). Spectral nudging (Miguez-Macho 
et al. 2004; von Storch and Feser 2000; Wang and Kotama-
rthi 2013) is applied to horizontal winds, temperature, and 
geopotential height above 850 hPa to wavelengths around 
1200 km with a nudging coefficient of 3 × 10−4 s−1. Model 
output is saved once every 3 h for the entire period of the 
simulations—31 years from 1980 through 2010. For more 
details about the configuration/setup of the WRF model, 
see WK14.

2.2  Evaluation data set

NCEP North American Regional Reanalysis (NARR, 
Mesinger et al. 2006; Bukovsky and Karoly 2007), 
which has been assimilated by using multiple sources of 
observation such as aircraft, satellite, and near surface 
measurements (Tables 1 and 2 in Mesinger et al. 2006), 
is employed as evaluation data (31 years from 1980 to 
2010) in this study. NARR is performed using a hori-
zontal resolution of 32 km and generates 3-h output for 
the period from 1979 to the present, and has been widely 
used (e.g., Bowden et al. 2012; Otte et al. 2012; Liu et al. 
2012; Loikith et al. 2013). It shows good consistency 
with observed seasonal means over most of the contigu-
ous United States (CONUS), except in coastal zones such 
as southern California (Kanamaru and Kanamitsu 2007). 
The evaluation region in this study is confined to the 
CONUS. The daily maximum temperature of WRF and 
NARR are calculated on the basis of 3-h output over each 
grid cell. There could be some differences between the 
real daily maximum temperature and those we extracted 
from the 3-h output (Fita et al. 2010). However, because 
we are largely interested in comparing WRF with NARR 
in terms of the estimated parameters of GEV distribution, 
the bias that may be caused by this difference will likely 
have negligible impact on our conclusions, except possi-
bly in the location parameter of the GEV. We also apply 
daily maximum temperature data developed by Climatic 
Research Unit (CRU) at 50 km and monthly average max-
imum temperature data (PRISM) developed by Daly et al. 
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(1994, 2008) to evaluate the performance of NARR in 
maximum temperature.

3  GEV distribution

The GEV distribution arises as the limiting distribution 
of the maximum of a large number of independent ran-
dom variables from a common distribution; however, this 
limiting result can be extended to dependent random vari-
ables (Leadbetter et al. 1983). The details of a GEV dis-
tribution can be found in Appendix A in SI. In practice, 
extreme temperature often follows a reversed Weibull dis-
tribution, which is a special case of the GEV distribution 
with a bounded tail and negative shape parameter (e.g., 
Brown et al. 2008; Hasan et al. 2012), while extreme pre-
cipitation follows a Fréchet distribution, a GEV distribu-
tion with a heavy tail and positive shape parameter (e.g., 
Cooley and Sain 2010; Papalexiou and Koutsoyiannis 
2013). The parameters of the GEV distribution are useful 
climate descriptors. Changes in the values of these param-
eters indicate spatio-temporal variation and possible long-
term trends in extremes. The data sets used here are daily 
maximum 2-m temperature (extracted based on 3-h output) 
over 31 years (1980–2010). We fit a separate GEV model 
for each of the 12 months rather than by season, because 
there can still be a substantial variation in climatology for 
temperature within a 3-month season in many parts of the 
United States.

3.1  Important assumptions

Before we introduce the methods developed in this study, 
we first review two studies that apply extreme value theory 
and attempt to address the problem of unstable parameter 
estimates of GEV distributions. Mannshardt et al. (2013) 
(hereafter MCT13) investigated decadal maxima and 
minima of tree ring growth over northern North America. 
CG13 studied seasonal minima of average daily tempera-
ture at 17 stations in Sweden; the time series lengths of 
their study vary from 12 to 48 years. Both studies assume 
that the shape parameter is constant over the entire stud-
ied region; MCT13 also assume that the scale parameter is 
constant over the entire region. These studies also assume 
that the location parameter is linear in time with coef-
ficients that depend on space and that there is spatial cor-
relation between these coefficients, with correlations that 
decrease with increased distance between locations. CG13 
also assume the scale parameter varies in space according 
to the spatial distance. Finally, both studies assume that, for 
any given time period, the observed extremes at different 
spatial locations are (conditional on all GEV parameters) 
independent.

In this study, rather than assuming that the shape param-
eter is fixed throughout the entire CONUS, we assume that 
it is constant within regions measuring 96 km × 96 km 
(8 × 8 pixels for WRF and 3 × 3 pixels for NARR). The 
assumption that the shape parameter is constant over a 
region is reasonable because the shape parameter varies 
less in space than the location and scale parameter. The 
shape parameter governs the rate at which the tail of the 
temperature distribution goes to zero. A change in this 
parameter means that the distribution of temperature is 
changing fundamentally, and is not limited to just a shift 
and scale adjustment. Since climate patterns and tempera-
ture in particular can be expected to have qualitatively 
similar behavior over fairly large regions, it makes intui-
tive sense that this parameter should vary slowly in space. 
Furthermore, models have a limitation on their physical 
resolution (Pielke 2002), which is greater than four times 
the grid spacing of the model. So when one considers a 
quantity like the shape parameter of the GEV distribution 
that reflects regional patterns in climate, one should take 
into account this constraint of the model. In this study, 
in part to lessen the computational requirement, we con-
sider 3 × 3 and 8 × 8 pixels as the region having constant 
shape parameter for NARR and WRF, respectively. Impor-
tantly, using fairly small regions minimizes any potential 
bias due to an assumption that a very large region has the 
same shape parameter. We discuss the effects of the size 
of a region with constant shape parameters in Sect. 5.3. 
As in MCT13 and CG13, we assume the location param-
eter changes linearly in time at each pixel. However, in 
contrast to MCT13 and CG13, we allow both the location 
and scale parameters to vary freely across pixels. This CSP 
GEV approach yields clear improvement over the PW GEV 
model that fits the data pixel by pixel. In particular, not 
only does this approach (unsurprisingly) lead to spatially 
smoother estimates of the shape parameter, it also leads 
to smoother estimates of the other parameters due to the 
fact that poor estimation of the shape parameter makes it 
more difficult to estimate the location and scale parameters 
(Cooley and Sain 2010; Katz et al. 2013). In addition, the 
estimates are fairly easy to compute numerically and can 
be done separately for each 96 km × 96 km region, so can 
be trivially parallelized. All of our parameters vary freely 
across months. As in MCT13 and CG13, for a given month 
and 96 km × 96 km region, we estimate the parameters by 
maximizing a likelihood function that assumes that extreme 
values in different pixels and different time blocks are inde-
pendent of each other (Appendix A in SI). In fact, espe-
cially for weekly periods, maxima for consecutive weeks 
within a month will be non-negligibly dependent. This 
dependence does not bias our estimates, but it does affect 
the uncertainties of estimated parameters. As described in 
Sect. 3.4 and Appendix C in SI, we develop a bootstrapping 



2837Evaluation of dynamically downscaled extreme temperature using a spatially-aggregated…

1 3

procedure that does not require spatial independence or 
temporal independence for maxima within any one year for 
its validity.

3.2  Analysis approach for GEV

There are two approaches for modeling extremes of dis-
tributions: the block-maxima approach and the peak-over-
threshold approach. In this study, we use the block-maxima 
approach, which groups the data into blocks of equal length 
and fits the data to the maxima of each block. There are 
several considerations in picking the block lengths. Taking 
blocks over a time interval in which the distribution of the 
quantity of interest clearly changes may be largely point-
less. For example, the block maximum of temperature over 
a spring season (defined as March to May) in the upper 
Midwest will very likely be the same as the maximum over 
just May, so the three-month block maximum may not 
actually be better approximated by a GEV distribution than 
the May block maximum. A block length of 1 year or one 
season has been used in a number of studies (e.g., Fowler 
et al. 2005; Papalexiou and Koutsoyiannis 2013; Craigmile 
and Guttorp 2013). In practice, the GEV approximation is 
less biased when longer block lengths are used. However, 
confined by the data record length (31 years) in this study, 
longer blocks result in fewer data, which can result in large 
variabilities for parameter estimates. Shorter block lengths 
yield more data and parameter estimates with smaller vari-
abilities, but the GEV model may be a poor approximation 
of the maximum of a short block, which could result in 
large bias for estimates of the block-maximum’s distribu-
tion, and this bias will be exacerbated when one extrapo-
lates to long return periods. In this study, we fit our GEV 
model with three block lengths—a month, half a month, 
and a quarter month—and we examine the issue of estimate 
biases on shape parameter and return level estimates (see 
Sects. 3.3, 5.2). In Sect. 4, we focus on using half a month 
as the block length, because, confined by the length of our 
data record, this block length offers what we believe is a 
reasonable compromise between loss of information due 
to too-long blocks and poor approximation to GEV distri-
bution due to too-short blocks. However, if one has longer 
data records, we do recommend considering longer block 
lengths, such as monthly or seasonal blocks. For extremes 
of daily precipitation, because of the preponderance of 
zeroes, longer blocks would clearly be needed. For half a 
month maxima temperature, we break each month into two 
(nearly) equal periods for estimating the GEV distribution 
of maximum temperature. For months with 31 days, we 
break each month into blocks of 16 and 15 days. Although 
these slightly unequal block lengths are somewhat prob-
lematic, we believe it is better than throwing out the last 
day of each 31-day month to attain equal block lengths. In 

particular, we are interested in comparing extremes across 
space and time; whatever small bias may be caused by the 
unequal block lengths will likely have negligible impact on 
these comparisons. The impacts of different block lengths 
on GEV parameter estimates are explored in Sect. 5.

3.3  Return level

When using GEV distributions, interest usually lies not 
only in estimates of GEV parameters, but also in how one 
can use the GEV model to estimate other quantities, such as 
how extreme an event we can expect over some long time 
period. Such quantities, in extreme value terminology, are 
usually referred to as return levels (Appendix B). We derive 
the estimated event magnitude of 10- and 30-year return 
periods for each month and each pixel based on our 31-year 
data set in Sects. 4.3 and 5.2. We note that longer return 
levels such as 50- and 100-year return would be of interest 
as well. However, the return level is strongly affected by 
the shape parameter (Appendix B in SI), which is the hard-
est parameter to estimate. As we stated in Sect. 3.2, given 
our relatively short data length, we employ half a month 
as the block length. This block length could lead to biased 
GEV parameter estimates, and consequently lead to biased 
return levels, which would be exacerbated further if we go 
beyond 30-yr return periods.

3.4  Uncertainty estimations

To provide additional confidence in the use of the CSP 
GEV model developed in this study, we develop a bootstrap 
procedure based on resampling years (Appendix C in SI) 
to estimate the uncertainties of GEV parameters (Eq. 1) 
and the significance of the differences in these parameters 
between WRF and NARR (Eq. 2). For each data set (WRF 
or NARR), 200-bootstrap random samples are generated. 
For each sample the GEV distribution is then fitted and the 
parameters are estimated. We also conducted 500-boot-
strap samples for NARR data, and find only small differ-
ences between 200-bootstrap and 500-boostrap in terms of 
the standard deviation of bootstrap ensembles. The resam-
pling scheme developed here only requires independence 
of extreme values for a given month in different years, 
which, while unlikely to be exactly true, should hold to a 
reasonable approximation. By resampling years rather than 
blocks (month, half a month, a quarter month), we avoid 
any assumption of independence of blocks within a year. 
More importantly, this procedure makes no assumption of 
spatial independence within a year, even though our proce-
dure for estimating the GEV parameters takes no account 
of possible spatial dependence of pixel-wise block maxima. 
Thus, unlike the Bayesian treatments used in MCT13 and 
CG13, our uncertainty estimates are still valid if there is 
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substantial statistical dependence in the extremes at differ-
ent pixels within a year.

To investigate whether the estimated long-term trend 
of the location parameter is statistically significantly dif-
ferent from zero, we calculate θi, which is defined by the 
following:

where i denotes each pixel and β̂W ,i (or β̂N ,i) denotes the 
long-term trend of location parameter estimated by the 
GEV model using 31-year WRF (or NARR) data at the ith 
pixel. β̃W ,i (or β̃N ,i) denotes the long-term trend of location 
parameter estimated by 200-bootstrap resamples. SE

β̃W ,i
 is 

the standard error of the 200-bootstrap samples of the long-
term trend of location parameter. An approximate test of 
statistical significance at the 5 % level is whether θi > 2, 
which means the long-term trend is statistically different 
from zero.

To investigate the statistical significance of the dif-
ferences in GEV parameter estimates between WRF and 
NARR over each pixel, we calculate ∆i, which is defined 
by the following:

where i denotes each pixel and γ̂W ,i (γ̂N ,i) denotes any one 
of the three GEV parameters or return levels estimated by 
31-year WRF (NARR) data at the ith pixel. γ̃W ,i and γ̃N ,i 
denote any one of the three GEV parameters or return lev-
els estimated on the basis of the 200-bootstrap resamples. 
SEγ̃W ,i−γ̃N ,i

 is the standard error of the differences in these 
parameter or return level estimates between WRF and 
NARR at the ith pixel. If ∆i > 2, then (at least approxi-
mately) the difference between WRF and NARR for the 
particular parameter is statistically significant at the 5 % 
level.

4  Comparing the GEV parameters of WRF 
with NARR

4.1  Location parameter

There are two terms for the location parameter (Appendix 
A in SI), one is the spatially varying intercept term, and 
the other is a spatially varying linear trend of the 31-year 
extreme maximum temperature (in units of degrees Celsius 
per decade). The intercept term estimated by WRF shows a 
high similarity in spatial pattern to that estimated by NARR 
but an underestimation over the western CONUS in both 

(1)θi =

∣

∣

∣
β̂W ,i

∣

∣

∣

SEβ̃W ,i

(2)�i =

∣

∣γ̂W ,i − γ̂N ,i

∣

∣

SEγ̃W ,i−γ̃N ,i

January and July and an overestimation over the Midwest 
and northeastern CONUS in January and over the south-
eastern and northeastern CONUS in July (Fig. S1 in SI). 
This bias in intercept affects the return level estimates. We 
discuss some possible causes in Sect. 4.4.

Figure 1 compares long-term trends of location param-
eters generated by NARR and WRF in January and July. 
WRF captures the positive trend of extreme maximum tem-
perature (here, half a month maximum temperature, here-
after HMMT) over most of the eastern CONUS in January: 
0.6–1.8 °C/decade warming over the southern Midwest and 
southeastern CONUS. This warming trend is statistically 
significant in both WRF and NARR. However, the trends 
estimated by WRF over the western CONUS are differ-
ent from those estimated by NARR. No trend or slightly 
cooling trends are shown in NARR; in comparison, WRF 
estimates much larger warming trends. In particular, over 
most of Nevada and Utah, NARR shows a slight cooling 
trend during the 31-year period, while WRF generates sig-
nificant warming trends (~0.6 °C/decade). Comparisons in 
long-term trend of monthly mean maximum temperature 
between NARR and PRISM as well as between NARR 
and CRU show that, in January, NARR overestimates the 
warming trend over Southeast, Nebraska and Kansas, and 
underestimates the warming trend over most of western 
CONUS. This bias in NARR suggests that the warm bias 
of WRF in January over western CONUS may not be as 
strong as shown in Fig. 1. In July, the extreme maximum 
temperature changes less during the 31-year period com-
pared with January. Both NARR and WRF show <0.6 °C/
decade positive trends over the western CONUS. The 
warming trends over the region west of the Rockies and 
down to Arizona are all statistically significant. Over the 
eastern CONUS, WRF generates stronger cooling trends 
than did NARR, especially over the northern Midwest and 
the Northeast and Southeast. However, none of these cool-
ing trends are statistically significant. Most of the differ-
ences in the trend in July’s extreme maximum temperature 
between WRF and NARR are not statistically significant 
except that over western Colorado. Given that this measure 
of statistical significance is not adjusted for the large num-
ber (spatial wise) of comparisons being made, an isolated 
occurrence of statistical significance such as this would 
be likely even if there is no bias in trend estimation from 
WRF. Comparisons in long-term trend of monthly mean 
maximum temperature between NARR and PRISM as well 
as between NARR and CRU show that, in July, the warm-
ing trend over western CONUS and the cooling trend over 
Midwest and eastern CONUS for NARR is mostly weaker 
than the observations, and the non-significant warming 
trend over Midwest and Southeast for NARR does not exist 
in observations. Thus, as with January the bias of WRF in 
July may be weaker than shown in Fig. 1.
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4.2  Scale parameter

Figure 2 compares the scale parameters between NARR 
and WRF in January and July. The differences shown in 
the third row are on a natural log scale. WRF performs well 

in capturing the seasonality in the scale parameters, show-
ing larger values in January and smaller values in July, 
similar to the results described in Brown et al. (2008) over 
North America. In January, the largest scale parameters are 
located over the central and eastern United States, while the 
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Fig. 1  Top two rows long-term trends for the location parameter of 
NARR (first row) and WRF (second row) in January and July, esti-
mated by a common shape parameter GEV model using half a month 
as the block length. The cross-hatching indicates locations where 
the estimated trends deviate significantly from zero, as determined 

by the bootstrap resampling. Note that although the estimated trends 
are negative in some locations, most of them are not statistically sig-
nificant. Bottom row the differences in the GEV-estimated long-term 
trends between WRF and NARR. The cross hatching indicates loca-
tions where the difference is statistically significant
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smallest scale parameters are located over the Rockies. WRF 
captures most of those features well, with small differences 
from NARR over most of the CONUS except over the region 
west of the Rockies and Wyoming, and the very northeastern 
CONUS. In July, WRF also captures the spatial pattern of 
the scale parameter, but underestimates the magnitude of the 
scale parameter over southern Texas and southeastern coastal 
zones. Figures 1 and 2 show that both the location and scale 
parameters have considerable seasonality. For both NARR 

and WRF, the warming of HMMT is stronger in January 
than in July, and the scale parameter is larger in January than 
in July, with a particularly large difference in a swath extend-
ing from Missouri to Virginia.

4.3  Shape parameter

Figure 3 compares the estimated shape parameters of the 
CSP GEV distribution for NARR and WRF in January 
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Fig. 2  Top two rows scale parameter of NARR (first row) and WRF 
(second row) in January and July, estimated by common shape 
parameter GEV model using half a month as the block length. Bot-

tom row the differences (natural log of WRF/NARR) in the GEV-esti-
mated scale parameter between WRF and NARR. The cross-hatching 
indicates locations where the differences are statistically significant
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and July. Generally, as expected, most HMMTs follow a 
reversed Weibull distribution (ξ < 0) (Fig. A1 in Appen-
dix A, SI). In comparison with NARR, in January, WRF 
shows smaller shape parameters over the southeastern and 
northeastern CONUS and larger shape parameters over 
the western CONUS and northern Great Plains. However, 
most of the differences are not statistically significant. In 
July, WRF shows spatial patterns and magnitudes similar to 
those generated by NARR, with no significant differences 
over the CONUS.

4.4  Goodness of fit

Figures 4 and 5 are quantile plots for the model fit to 
NARR- and WRF-simulated HMMT at ten sites (Fig. S2) 
in January and July, respectively. Quantile plots are used 
to assess the distributional assumptions made by the GEV 
model on a pixel-by-pixel basis (Coles 2001, Sect. 6.2.3). 
In this study, we assume a long-term trend for the location 
parameter, so the GEV distribution in each pixel is vary-
ing with time. To exclude this time-varying effect in the 
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Fig. 3  Top two rows shape parameter of NARR (first row) and 
WRF (second row) in January and July, estimated by common shape 
parameter GEV model using half a month as the block length. Bottom 

row the differences in the GEV-estimated scale parameter between 
WRF and NARR. The cross-hatching indicates the differences are 
statistically significant
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quantile plot, we shift the location parameter to zero and 
then use the residual component to make the quantile plot. 
Results show very good fit at all sites in January and July 
for both NARR and WRF. The majority of the values are 
located near the 45° line.

4.5  Return levels of given return periods

Figure 6 shows 30-year return levels for January and July 
HMMT in 1980 and 2009, respectively. In January, the 
30-year return levels are increasing from 1980 to 2009, 
with 2.5–5.0 °C (Fig. S6) warming increase during the 
31-year over much of the Great Plains and eastern CONUS. 
WRF captures the warming trends and the spatial patterns 
of return levels, but generates significant biases for the 
magnitude of the return levels. For example, WRF under-
estimates the 30-year return level over western CONUS 
by up to 4 °C for 1980. On the other hand, WRF overesti-
mates the 30-year return level by 1–4 °C over the Midwest 
and northeastern CONUS. In addition, small differences 
in shape parameter (WRF versus NARR) can result in big 
differences in return levels (Fig. A2 in Appendix B, SI). In 
July, the return level changes much less than that in January 
from 1980 to 2009, especially over Great Plains and eastern 
CONUS. There is a 1–3 °C warming for the return level 
over western CONUS. WRF captures this spatial pattern 
and seasonal differences of return level but significantly 
overestimates the 30-year return level over southeastern 
CONUS. The bias of WRF, especially the underestimations 
of return levels over western US, exists not only in 1980, 
but also in most of the 31 years. This bias is mostly due to 
the bias of the intercept of the location parameter (Fig. S1). 
To understand the potential causes for the bias in maximum 
temperature, we analyze several sensitivity experiments 
conducted by WK14. WK14 analyzed the same WRF 
model output as this study but focused on precipitation. 
We focus on temperature and energy balance here. We first 
compare the sensible heat flux at surface between NARR 
and WRF. While both these two data sets show reasonable 
seasonal variations, WRF underestimates the sensible heat 
flux and overestimates the latent heat flux in both January 
and July over western US, especially northwestern US. This 
is one of the most important reasons why the WRF gener-
ates heavier precipitation (as shown in WK14) and cooler 
temperature than the observations and the NARR data. We 
then find that replacing Single-Moment six-class graupel 
scheme (Hong and Lim 2006) with Morrison microphysics 
(Morrison et al. 2009) reduces the temperature bias in win-
ter, while using weaker nudging reduces the temperature 
bias in summer. Weaker nudging also reduces the warm 
bias over south central region and the cool bias over north-
ern Great Plains. Using Kain-Fritsch (Kain and Fritsch 
1990, 1993; Kain 2004) convective parameterization 

generates similar or even larger wet and cool bias. Higher 
resolution modeling at 4 km with the convective parameter-
ization turned off is also able to reduce the bias in tempera-
ture over western CONUS and Great Plains.

4.6  Transition seasons

There is a significant cooling trend over the northwestern 
CONUS in April and a warming trend over the southwest-
ern CONUS and Wisconsin in October (Fig. S3). WRF 
captures the spatial pattern of the long-term trend over part 
of the CONUS but shows a significantly warmer trend than 
NARR over the northwestern CONUS in April and a cooler 
trend than NARR over the eastern CONUS in October. The 
scale parameters in April and October are similar to each 
other and are different from those in January or July (Fig. 
S4). WRF captures the scale parameter well over most of 
the CONUS in April and October, except that it signifi-
cantly overestimates the values over Idaho and Wyoming. 
All the 96 km × 96 km regions over the CONUS show 
reversed Weibull distributions (ξ < 0) in April and October 
(Fig. S5). WRF successfully captures the shape parameter 
with few significant differences compared with NARR. 
Again, given that this measure of statistical significance is 
not adjusted for the large number (spatial wise) of compari-
sons being made, an isolated occurrence of statistical sig-
nificance such as those shown in the bottom row of Figs. 
S4 and S5 would be likely even if there is no bias in trend 
estimation from WRF.

5  GEV model discussion

5.1  Comparison with a PW GEV model

To investigate the improvement of the CSP GEV model 
developed in this study, we consider a PW GEV model that 
fits all three parameters separately for each pixel. Figure 7 
compares three parameter estimates between the two types 
of GEV models by using HMMT in January from WRF. 
For PW GEV parameter estimates, there are clearly unsta-
ble estimations of all three parameters. For example, the 
shape parameters over some pixels in North Dakota, Texas, 
Oklahoma, and Arkansas are much more negative than 
those over the nearby pixels. Accordingly, the scale param-
eters over these pixels are much larger, and the long-term 
trends are inconsistent with those for nearby pixels. In con-
trast, the CSP GEV model generates spatially smoother 
estimates of shape parameter. Accordingly, the unstable 
estimations of scale and location parameters shown in the 
PW GEV model are fixed by the CSP GEV model. By 
using the three parameters estimated by the PW GEV and 
CSP GEV models, we compute the 5- and 30-year return 
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Site 1 Site 2

Site 3 Site 4

Site 5 Site 6

Site 7 Site 8

Site 9 Site 10

Fig. 4  Site-by-site (10 sites shown in Figure S2) quantile plots to assess the goodness of fit of the common shape parameter GEV model fit to 
NARR (left) and WRF (right) at half a month maximum temperature in January
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Site 1 Site 2

Site 3 Site 4

Site 6Site 5

Site 7 Site 8

Site 9 Site 10

Fig. 5  The same as Fig. 4, but for July



2845Evaluation of dynamically downscaled extreme temperature using a spatially-aggregated…

1 3

level for 1980 and 2009 and plot the changes in the return 
level from 1980 to 2009 (Fig. S6). There are still unstable 
estimates over some locations from the PW GEV model, 
and the CSP model fixes the problems. Therefore, we 
believe that relatively accurate estimation of the shape 
parameter of a GEV model is very important for estimating 
the other parameters and return levels. In this study, we find 
that it helps to assume the shape parameter does not change 
within a reasonable size of region.

5.2  Different block lengths

As discussed in Sect. 3.2, longer block lengths generate 
smaller biases for GEV parameter estimates than do shorter 
block lengths, while shorter block lengths yield more data 
points, hence resulting in smaller variabilities for parameter 
estimates than do longer blocks. To explore the effects of 
different block lengths, in addition to using half a month as 
the block length to fit the CSP GEV model, we fit the CSP 
GEV model by using a whole month and a quarter month 
as block lengths to estimate parameters and return levels. 
Generally, as shown in Figs. S7 and S8, the spatial pat-
terns of the trend and shape parameters (the two parameters 
whose values should not systematically change with block 

length) estimated by different block lengths are similar to 
each other. However, the magnitudes of the parameters are 
different, especially between those parameters estimated 
by using a month and those by using a half month or quar-
ter month. The long-term positive trend over northeastern 
CONUS estimated by using a month is much stronger than 
those estimated by using a half month or a quarter month. 
The shape parameter over the southern Great Plains esti-
mated by using a month is more negative than those esti-
mated by using a half month or quarter month. These dif-
ferences exist in both January and July. However, as shown 
in Fig. S9, the actual differences between shape parameters 
estimated by a month and half a month are mostly small 
and not statistically significant, with 89.5, 78.1, and 48.3 % 
of the differences (over CONUS) between ±0.3, ±0.2, and 
±0.1 respectively in January for example. WRF shows the 
same features as does NARR in terms of the differences 
between parameter estimates that result from using differ-
ent block lengths. This comparison implies that when only 
a short data record length is available, it is possible to use a 
half month as the block length to estimate the GEV param-
eters for the daily maximum temperature without inducing 
too much significant bias due to insufficient block length. 
However, if one has longer data records, we do recommend 
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Fig. 6  Top two rows 30-year return levels of NARR (first row) and 
WRF (second row) in January (left panel) and July (right panel) of 
1980 and 2009, estimated by the common shape parameter GEV 
model using half a month as the block length. Bottom row the differ-

ences in the GEV estimated return level between WRF and NARR. 
The cross-hatching indicates the differences are statistically signifi-
cant
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considering longer block lengths, such as monthly or possi-
bly seasonal blocks, although spring and fall maxima will, 
in most locations, generally be the same as May and Sep-
tember maxima, respectively.

Figure 8 compares 10-year return levels computed 
from the GEV parameter estimates by using a month, half 
month, and quarter month as the block lengths in January 

and July of 1980 and 2009, respectively. See Appendix B 
(in SI) for some cautions on comparing return levels for 
differing block lengths; it shows that even when the GEV 
approximation is appropriate, the return levels might be 
slightly larger for shorter block lengths, although the effect 
should be small. It can be seen from Fig. 8 that the shorter 
block lengths does generate higher return levels over much 
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Fig. 7  Comparison of three parameter estimates between a pixel-wise GEV model (left) and a common shape parameter GEV model (right). 
The data used are the half a month maximum temperature in January from the WRF simulation
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of CONUS, except in January 2009 over the northeastern 
United States, which has lower return levels. The difference 
in the return level between a month and a quarter month 
is more significant than that between a month and half a 
month. The findings are similar when we calculate 20-year 
and 30-year return levels. These results suggest that when 
only a short data record length is available, it is possible 
to use a half month as the block length to estimate return 
levels for the daily maximum temperature without inducing 
obvious biases due to insufficient block length, at least for 
return periods that are not too long.

5.3  Larger regions with common shape parameters

As shown in Figs. S7 and S8, when we consider 
96 km × 96 km as the region with a common shape param-
eter, using a month as the block length generates very nega-
tive shape parameters for January over some groups of 
pixels (e.g., over Oklahoma), indicating that bigger regions 
(or more pixels) might be needed in order to make spatially 
smoother estimates of the shape parameters, even under the 
CSP assumption. So we fit the CSP GEV model using WRF 
and NARR data considering a group of pixels of 16 × 16 

and 6 × 6 respectively as the region with a constant shape 
parameter. Results show that the shape parameter vary less 
than those shown in Fig. 3, and the long-term return level 
(>20-year) for NARR data is spatially smoother than that 
in Fig. 6. In particular, as shown in Fig. S10, when using 
a month as the block length, considering a larger region 
generates spatially smoother shape parameter estimates 
than does considering a smaller region. However, consid-
ering a larger region does not change the general conclu-
sions drawn by using the smaller region. This study focuses 
on comparison of assumptions between CSP GEV and PW 
GEV, and it does show benefits gained from the regionally 
constant shape parameter assumption, even for relatively 
small regions.

6  Summary and remarks

WRF downscaled extreme maximum temperature is exam-
ined by comparing with reanalysis data (NARR) using a 
CSP GEV model developed in this study. The WRF model 
demonstrates reasonably good performance with regard 
to the distribution of the extreme maximum temperature 
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Fig. 8  Top row 10-year return level (°C) in January (left) and July 
(right) of 1980 and 2009, estimated by the common shape parameter 
GEV model using a month as the block length. Middle row the differ-
ences in the 10-year return level between that estimated by using half 
a month and that estimated by using a month as the block length. Bot-

tom row the difference in the 10-year return level between that esti-
mated by using a quarter month and that estimated by using a month 
as the block length. The cross-hatching indicates the differences are 
statistically significant based on bootstrapping. The data used are 
NARR
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over the CONUS when compared with NARR data. Both 
WRF and NARR data show a significant increase in the 
extreme maximum temperature over the southern Great 
Plains and southeastern United States in January and over 
the western United States in July. However, model biases 
exist: (1) WRF overestimates the warm trend in January 
and April over the southwestern CONUS by ~1 °C/decade. 
(2) WRF underestimates the scale parameter in January 
over the southwestern CONUS by 0.5 °C. (3) WRF over-
estimates the return level in January over the Midwest and 
in July over the southwestern CONUS by 2–3 °C. (4) WRF 
underestimates the return level in January over the western 
and southeastern CONUS and underestimates that in July 
over the Great Plains and western CONUS by 1–3 °C.

By assuming that the shape parameter is constant within 
a fairly large region, we develop a CSP GEV model. This 
assumption provides a relatively smooth estimation of 
the shape parameter; thus, it is very important for mak-
ing stable estimates of the other parameters (location and 
scale parameters) and return levels. This approach can be 
applied not only to the WRF model results shown in this 
study, but also to the hundreds of years of CMIP5 multi-
model ensembles to evaluate the ensemble performance in 
temperature extremes. From the exercise of using differ-
ent block lengths to fit GEV models, we learn that for our 
31-year data series, using a half month as the block length 
is able to achieve reasonable parameter and return level 
estimates in comparison with using a month as the block 
length, while using a quarter month as the block length 
generates significant biases.
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