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Temperature extremes in China are examined based on daily maximum and minimum temperatures from sta-
tion observations and multiple global climate models. The magnitude and frequency of extremes are expressed
in terms of return values and periods, respectively, estimated by the fitted Generalized Extreme Value (GEV) dis-
tribution of annual extreme temperatures. The observations suggest that changes in temperature extremes con-
siderably exceed changes in the respective climatological means during the past five decades, with greater
amplitude of increases in cold extremes than in warm extremes. The frequency of warm (cold) extremes in-
creases (decreases) over most areas, with an increasingly faster rate as the extremity level rises. Changes in
warm extremes are more dependent on the varying shape of GEV distribution than the location shift, whereas
changes in cold extremes aremore closely associatedwith the location shift. Themodels simulate the overall pat-
tern of temperature extremes during 1961–1981 reasonably well in China, but they show a smaller asymmetry
between changes in warm and cold extremes primarily due to their underestimation of increases in cold ex-
tremes especially over southern China. Projections from a high emission scenario show the multi-model median
change inwarm and cold extremes by 2040 relative to 1971will be 2.6 °C and 2.8 °C, respectively, with the stron-
gest changes in cold extremes shifting southward. By 2040, warm extremes at the 1971 20-year return values
would occur about every three years, while the 1971 cold extremes would occur once in N500 years.
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1. Introduction

Extreme weather events have become more frequent and severe as
climate warms during the past decades (Meehl and Tebaldi, 2004;
Coumou and Rahmstorf, 2012). The earth ecology, global economy,
and public health all are becoming increasingly vulnerable to these ex-
treme events, particularly temperature extremes (Kunkel et al., 1999).
For example, the hottest summer on record in 2013 over eastern
China, characterized by severe heatwaves and droughts, resulted in
enormous economic losses and affected more than half billion people
(Hou et al., 2014; Sun et al., 2014; Zhou et al., 2014). In this study, we
focus on temperature extremes in China using the return value of annu-
al maximum or minimum daily temperatures (e.g., Kharin and Zwiers,
2000, 2005; Goubanova and Li, 2007) as an indicator of temperature
extremes.
ation Science and Technology,
Due to the tremendous influence of extreme temperature events on
the society and ecosystems, variations in temperature extremes under a
warming climate have received much attention in recent years both
globally (e.g., Hansen et al., 2012; Donat and Alexander, 2012) and re-
gionally (e.g., in China, see Zhai and Pan, 2003; Zhang et al., 2011;
Zhou and Ren, 2011; Wen et al., 2013; Sun et al., 2014). Some previous
studies found that increases in temperature extremes aremainly caused
by a shift in the mean temperature (Simolo et al., 2011; Donat and
Alexander, 2012). Kharin and Zwiers (2005) suggested that changes in
temperature extremes, measured by return values, mainly reflect the
shift in the distribution of annual extreme temperatures without sub-
stantial changes in the shape. Rhines andHuybers (2013) demonstrated
that changes in the probability of extremely hot summers reflect chang-
es in the mean of the distribution of seasonally averaged temperatures,
not the variance of the distribution, accounting for the issues related to
normalizations, trends, and variable data density. However, many other
studies suggest that natural variability plays an important role in mod-
ulating temperature extremes (Schär et al., 2004; Ballester et al., 2010;
Hansen et al., 2012; Herring et al., 2014), even more important than
the mean climate (Katz and Brown, 1992). Goubanova and Li (2007)
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Table 1
Simple information of 28 global coupled climate models used in this study.

Model abbreviation Institution Resolution
(Lon × Lat)

ACCESS1-0 Commonwealth Scientific and Industrial
Research Organization/Bureau of
Meteorology, Australia

192 × 145

ACCESS1-3 As in ACCESS1-0 192 × 145
bcc-csm1-1 Beijing Climate Center, China

Meteorological Administration
128 × 64 (T42)

bcc-csm1-1-m As in bcc-csm1-1 128 × 64 (T42)
BNU-ESM Beijing Normal University, China 128 × 64 (T42)
CanESM2 Canadian Center for Climate Modeling

and Analysis, Canada
128 × 64 (T42)

CCSM4 National Center for Atmospheric
Research, USA

288 × 192

CESM1-BGC As in CCSM4 288 × 192
CESM1-CAM5 As in CCSM4 288 × 192
CMCC-CESM Centro Euro-Mediterraneo per i

Cambiamenti Climatici, Bologna, Italy
96 × 48

CNRM-CM5 National Centre for Meteorological
Research, France

256 × 128

CSIRO-MK3-6-0 Commonwealth Scientific and Industrial
Research Organization and Climate
Change Centre of Excellence, Australia

192 × 96 (T63)

FGOALS-g2 LASG, Institute of Atmospheric Physics,
Chinese Academy of Sciences

128 × 60

GFDL-CM3 NOAA Geophysical Fluid Dynamics
Laboratory, USA

144 × 90

GFDL-ESM2G As in GFDL-CM3 144 × 90
GFDL-ESM2M As in GFDL-CM3 144 × 90
GISS-E2-H Goddard Institute for Space Studies, USA 144 × 90
GISS-E2-R As in GISS-E2-H 144 × 90
Inmcm4 Institute for Numerical Mathematics,

Moscow, Russia
180 × 120

IPSL-CM5A-LR Institute Pierre Simon Laplace, France 96 × 96
IPSL-CM5A-MR As in IPSL-CM5A-LR 144 × 143
IPSL-CM5B-LR As in IPSL-CM5A-LR 96 × 96
MIROC5 Model for Interdisciplinary Research on

Climate, Japan
256 × 128 (T85)

MIROC-ESM-CHEM As in MIROC5 128 × 64 (T42)
MPI-ESM-LR Max Planck Institute for Meteorology,

Germany
192 × 96 (T63)

MPI-ESM-MR As in MPI-ESM-LR 192 × 96 (T63)
MRI-CGCM3 Meteorological Research Institute, Japan 320 × 160
NorESM1-M Norwegian Climate Center, Norway 144 × 96
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found that changes in return values of annual minimum temperatures
around the Mediterranean basin were associated with changes in the
interannual variability based on outputs of three global climate models.
Parey et al. (2013) documented that the role of variance cannot be
neglected in the evolution of temperature extremes based on observed
temperature time series in Eurasia and the United States. As such, it re-
mains elusive whether changes in temperature extremes are more con-
trolled by the changing mean climate or natural variability.

How the statistics of extreme events may change in the future is an-
other critical question to be addressed here since it is relevant to adap-
tation and risk management strategies (Zhai and Liu, 2012). Global
climate models are forced with various radiative forcing scenarios,
such as those from the Coupled Model Intercomparison Project
(CMIP), are primary tools for studying possible future changes in cli-
mate extremes (Kharin et al., 2013; Pan et al., 2013a; Wuebbles et al.,
2014). Studies have shown that the fifth phase of CMIP (hereafter
CMIP5) models reproduce temperature extremes reasonably well over
most areas of the globe, with larger inter-model variability for cold ex-
tremes than for warm extremes (Kharin et al., 2013). The projected
temperature extremes in the Representative Concentration Pathway
(RCP) scenarios remain increasing in the 21st century, with more sub-
stantial changes in cold extremes than in warm extremes over most
places (Kharin et al., 2013; Wuebbles et al., 2014). Yao et al. (2012) re-
ported that in some parts of China the 20-year return value of annual
maximum/minimumdaily temperatures in eight CMIP5models will in-
crease by 4 °C at the end of the 21st century. Based on model simula-
tions, changes in warm extremes approximately follow the changes in
the mean summertime temperatures, while changes in cold extremes
substantially exceed changes in the mean wintertime temperature
over the globe (Kharin et al., 2007) or Europe (Goubanova and Li,
2007; Nikulin et al., 2011). In our study, in order to investigate future
changes in temperature extremes in China, multiple CMIP5 model sim-
ulations are first validated against station data.Most previous studies on
return value statistics only focused on results from model simulations
(e.g., Goubanova and Li, 2007; Nikulin et al., 2011; Kharin et al., 2013).
So far, return values based on the combination of observational data
and multi-model simulations have not been studied in China, although
some previous studies have investigated return values based on model
data (e.g., Yao et al., 2012).

In this paper we aim to evaluate temperature extremes in China and
project their possible future changes by using surface station observa-
tions and 28 model simulations from CMIP5. Extreme temperature am-
plitude and frequency are expressed in terms of return values and
periods, respectively, derived from the Generalized Extreme Value
(GEV) distribution (Coles, 2001). We first analyze changes in distribu-
tion parameters,fitted fromhistorical station data, to examine contribu-
tions of a shifting mean and a changing shape of the distribution to
changes in temperature extremes. In addition, the skill of CMIP5models
in reproducing the observed temperature extremes is assessed before
presenting how temperature extremes would evolve in the future. We
also address uncertainty using the ensemble median approach, which
reduces the uncertainty associated with individual members.

2. Data

Daily maximum andminimum temperatures, abbreviated as TX and
TN, respectively, at 756 stations are provided by China's National Mete-
orological Information Center (NMIC). This dataset has been subjected
to rigorous quality control and homogeneity adjustment using the
RHtest software (http://etccdi.pacificclimate.org/software). Our study
focuses on the period from 1961 to 2013 because there were enough
stations (N650) in this period (Pan et al., 2013b). A total of 532 stations
were finally selected according to criteria described in Pan et al.
(2013b). The selected stations cover a large part of Chinawith relatively
sparse coverage inwestern China (see Fig. 3). Return values and periods
of annual maximum temperatures (TXx) and annual minimum
temperatures (TNn) are computed from each station data. To reduce
the spatial inhomogeneity of station distribution, we interpolate the re-
sults onto a 1° × 1°latitude-longitude grid using a triangle-based cubic
interpolation method (Barber et al., 1996). The gridded results are sub-
sequently used to obtain spatial averages.

CMIP5 includes historical experiments (from 1850 to 2005) and fu-
ture projection experiments for the 21st century. The historical experi-
ments include all-forcing, greenhouse gas forcing, nature forcing, and
other specific forcing (such as aerosols) experiments. The projection ex-
periments consist of four new emission scenarios, called Representative
Concentration Pathways (RCPs), RCP2.6 through RCP8.5, reflecting spe-
cific radiative forcing paths. In this study, we only use the all-forcing
(reflecting both anthropogenic and natural sources) historical and
RCP8.5 experiments (i.e., the estimated radiative forcing by year 2100
is 8.5Wm−2). The RCP8.5 run represents the strongest warming future
scenario in CMIP5. CMIP5models have different spatial resolutionswith
a median horizontal grid resolution of about 160 × 96 grid points, so
temperature extremes are first estimated for each model on its original
grid, and then interpolated onto a 1° × 1° grid for averaging and inter-
comparison. Daily outputs provided by participating models in CMIP5
are limited and the majority of models have only a single member. As
such, we use a single ensemble member from each model, mostly the
r1i1p1 realization, as our first-order assessment. This also avoids possi-
ble error cancellations between individual members within a single
model. The models analyzed in this study are listed in Table 1 along
with their spatial resolutions.

http://etccdi.pacificclimate.org/software
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3. Methodology

The return value of annual maximum or minimum daily tempera-
ture is a measure of temperature extremes (e.g., Kharin and Zwiers,
2000, 2005). The T-year return value is interpreted as a threshold
exceeded by an annual extreme in any given year with probability
p=1/T. The time T in year is referred to as the return period or waiting
time. In this study, we choose T = 20 due to its wide use in literature
(e.g., Kharin et al., 2013; Wuebbles et al., 2014). To estimate the return
value, a GEV distribution is first fitted to a sample of annual extremes,
whose cumulative density function (CDF) is described by

F x; ξt ;αt ;γtð Þ

¼
exp − exp − x−ξtð Þ=αtð Þ½ �; γt ¼ 0;
exp − 1þγt x−ξtð Þ=αtð Þ−1=γt

h i
; γt≠0; 1þγt x−ξtð Þ=αtN0

(
ð1Þ

where ξt is the location parameter, αt is the scale parameter, and γt is
the shape parameter. The GEV distribution combines three special
cases depending on γt: heavy-tailed Frechet (γt N 0), bounded Weibull
(γt b 0), and light-tailed Gumbel (γt≈0) distributions. GEV distribu-
tions are widely used in extreme value analysis due to their quasi-uni-
versal applicability (e.g., Kharin and Zwiers, 2000, 2005; Goubanova
and Li, 2007; Nikulin et al., 2011; Kharin et al., 2007, 2013), even though
fitting GEV distributions to only the block maxima may produce sam-
pling uncertainties (Sardeshmukh and Compo, 2015). The standard Kol-
mogorov–Smirnov test was applied to examine the feasibility of the
fitted GEV distribution (e.g., Kharin and Zwiers, 2000).

Following Kharin and Zwiers (2005), the GEV parameters are as-
sumed to vary linearly over time in our study:

ξt ¼ ξ0 þ ξ1 t−t0ð Þ;
lnαt ¼ lnα0 þ α1 t−t0ð Þ;
γt ¼ γ0 þ γ1 t−t0ð Þ;

ð2Þ

where ξ0, α0, and γ0 are the parameter values at year t0; ξ1, α1, and γ1

are the slope. Note that a log–linear trend is adopted in αt to ensure
that it remains positive. After fitting the GEV distribution to samples
of annual extremes, the 20-year return value, X20, is obtained by
inverting the fitted CDF:

X20 tð Þ ¼ ξt− αt=γtð Þ 1− − ln 1−1=20ð Þð Þ−γt
� �

; γt≠0;
ξt−αt ln − ln 1−1=20ð Þ½ �; γt ¼ 0:

�
ð3Þ

From Eq. (3), it is clear that changes in the 20-year return value are
caused by two primary factors: shifts in the location parameter (thefirst
term on the right hand side (RHS) of the equation) and changes in the
GEV distribution shape (the second term on the RHS of the equation).
As such, the contributions from a shifting location or a changing shape
of the distribution to changes in the 20-year return values can be quan-
tified through Eq. (3).

L-moment (LM, Hosking, 1990) and Maximum Likelihood (ML) are
two common methods for estimating the GEV parameters (Kharin et
al., 2013). The ML method allows accurate estimation of return values
for each individual year due to its time-varying covariate, but is less ef-
ficient than the LMmethod for shape parameter estimates over a small
sample size (Martins and Stedinger, 2000). On the other hand, estima-
tions of return values from the LM method are representative of a
time period and thus cannot reflect the transient nature of changes in
extremes. Thus, in this study we employ the ML method to examine
the evolution of spatially averaged return values, while use the LM
method to estimate return values for 21-yr time slices (e.g., 1961–
1981). The 21-year window in the LMmethod was widely used in pre-
vious studies (e.g., Kharin and Zwiers, 2000; Kharin et al., 2007, 2013;
Wuebbles et al., 2014). Although theMLmethodmay generate large un-
certainties, we found that therewere no significant differences in return
values estimated by the two methods.
In addition, we can calculate the exceedance probability of extreme
events at a certain level to examine changes in the frequency of temper-
ature extremes. In this study, changes in the exceedance probability of
temperature extremes in the reference period (chosen to be 1971 or
from 1961 to 1981) are expressed in terms of return periods. Generally
speaking,warmextremes in the reference periodwill be exceededmore
frequently by an annual extreme in a warmer climate, and thus the re-
currence time becomes shorter, while the recurrence time of cold ex-
tremes becomes longer. According to Eq. (3), the return periods of
temperature extremes of a given level can be expressed as:

Tt ¼ 1= 1− exp − 1þ γt X−ξtð Þ=αtð Þ−1=γt
� �� �

; γt≠0; ð4Þ

where X is the return value in the reference period 1961–1981. Note
that a negative sign is taken for TNn time series in the above estimation.
Then another negative sign is applied to the estimated results to obtain
trends of cold extremes.

It is difficult to quantify the statistical uncertainties of estimated re-
turn values and return periods in climate research largely due to the
short period of data availability. Here we use the method of bootstrap
to address the uncertainties. For example, the statistical significance
for changes in return values is determined by 1000 parametric boot-
straps of the original samples of annual extremes. The GEV distribution
parameters and return values are first re-estimated from these new
samples and then the difference between two return values is consid-
ered to be statistically significant when their 80% confidence intervals,
obtained as the lower and upper 10% percentiles of the resulting collec-
tion of return values, do not overlap. This approximately corresponds to
a 0.1 significance level (Kharin and Zwiers, 2005). The significance of
changes in GEV parameters is determined in the same manner.

4. Historical temperature extremes

4.1. Return values

Before presenting changes in return values of annual extreme tem-
peratures in China,we first examine changes in the GEV distribution pa-
rameters, which may have merits on its own and offer some insights
into the nature of changes in temperature extremes. Here, the GEV pa-
rameters are estimated by the ML method, with a 31-year moving win-
dow to allow for possible nonlinear changes during 1961–2013. The
estimated parameters during the 31-year window are treated as the
GEV parameters for the center year of the window. The parameters for
the first and last 15 years of the whole period are obtained by linear ex-
trapolation according to Eq. (2). Then, the 20-year return values are cal-
culated using Eq. (3) based on these fitted GEV parameters. It is noted
here that our estimated return values are very close to those using
non-stationary GEV when applied over the whole period, which has
been also widely used to analyze temporal evolutions of extremes
(e.g., Coles, 2001; Gilleland and Katz, 2011; Cheng et al., 2014). For sim-
plicity, the 20-year return values of TXx and TNn are denoted as TXx20
and TNn20, respectively.

The temporal evolution of GEV parameters (dashed curves) and the
corresponding 20-year return values (solid curve) are displayed in
Fig. 1. We also display in gray the 80% bootstrap confidence intervals
of changes in 20-year return values. The results are area-averaged
over the 1° × 1° grid in China asmentioned in Section 2. The location pa-
rameter ξ and return values are referenced to their counterparts in 1961
in order to display them on the same axis with the scale parameter α;
the location parameter ξ and the return value in 1961 are 33.8 °C and
36.3 °C, respectively, for TX, and −17.7 °C and −21.9 °C, respectively,
for TN. The location parameter ξ, representing the overall position of
the GEV distribution of annual extreme temperatures, increases by
above 3 °C for TN but below 1 °C for TX during the analysis period.
The scale parameter of TN is about twice as that of TX. It slightly
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Fig. 1. Estimates of the location parameter (blue dashed line), scale parameter (green
dashed line), and shape parameter (red dashed line) of the GEV distribution fitted to
annual extremes, and the corresponding 20-yr return values (black solid line) for TX
(top) and TN (bottom) from 1961 to 2013. The results are area-averaged over China.
The 20-yr return values and the values of the location parameter are relative to their
references in 1961. Shaded areas indicate the 80% confidence intervals of changes in
return values. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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increases (decreases) for TX (TN) with time, which is consistent with
results over the global land shown in Kharin and Zwiers (2005) based
on global climate model outputs. The shape parameter γ is negative,
that is, the fitted distribution of annual extremes is a Weibull distribu-
tion. The values of γ are higher for TX than for TN, with an increase for
TX but a slight decrease for TN.

As can be seen from Fig. 1, there is clear asymmetry between chang-
es in warm and cold extremes (e.g., Hua et al., 2014; You et al., 2014).
The increase averaged by 2001–2010 since 1961 is 1.2 °C for TXx20 but
3.6 °C for TNn20 (Fig. 1), implying that changes in cold extremes are
notably more significant than those in warm extremes. However, the
increase in TXx20 appears to accelerate during the analysis period,
while the increasing rate in TNn20 is nearly constant with a slight de-
celeration. Changes in 20-year return values are clearly larger than
those in ξ for both TX and TN since the corresponding increment in ξ
is 0.5 °C for TX and 2.9 °C for TN. Given that changes in ξ represent con-
tributions of the location shift to changes in temperature extremes, the
contributions of the location shift to changes in 20-year return values
can be roughly estimated as 42% for TX and 80% for TN. This indicates
that changes in temperature extremes are largely associated with the
location shift, especially for cold extremes, although the trends are
not strictly linear.
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Fig. 2. GEV probability density functions (PDF) fitted to annual extremes in 1961–1981 and 19
parameter and corresponding 20-yr return value are indicated by the vertical dashed line and
To further illustrate changes in the GEV parameters, Fig. 2 displays
the GEV distribution density functions and the corresponding GEV pa-
rameters in 1971 (solid curve) and 2003 (dashed curve). The location
parameters and the 20-year return values are indicated by the vertical
dashed lines and triangles, respectively. It is pointed out here that the
GEV parameters shown in Fig. 2 are calculated using the LMmethod in-
stead of the ML method, as discussed in Section 3. The two years 1971
and 2003 are chosen since they correspond to the time periods 1961–
1981 and 1993–2013, respectively, and hence they are the first and
last distributions that can be obtained using the LMmethod.

As mentioned earlier, two principal causes for changes in return
values are a shifting location and a changing shape of the GEV distribu-
tion (Katz and Brown, 1992). Fig. 2 shows that the location shift towards
warmer temperatures relative to changes in return values is less signif-
icant for TX than for TN, implying that the shifting location impact on
TXx20 is less. On the other hand, the width of the distribution of TXx
has expanded, while the distribution width of TNn is slightly reduced.
The shape parameter γ increases from −0.24 to −0.19, closer to 0, for
TX, but remains at a larger negative value (−0.45) for TN, implying
that the distribution of TXx become closer to a Gumbel distribution
with a thinner upper tail while TNn remains to follow a Weibull distri-
bution with a finite upper tail. In summary, changes in the shape of
the distribution play amore important role inmodulating changes in re-
turn values for TX than for TN.

The sampling variability of extreme value statistics is greatly re-
duced by averaging over large areas (Kharin and Zwiers, 2005). Aver-
aged changes in 20-year return values over China are statistically
significant, as can be seen from the fact that the confidence intervals
for 2003 do not overlap with those for 1971 (Fig. 1). This is also true
for the location parameters as shown in Fig. S1. But the area-averaged
scale and shape parameter changes are not statistically significant, as in-
dicated by the wider confidence intervals relative to their temporal
changes (Fig. S1). So we use the GEV distribution shape instead of
scale and shape parameters in examining the contributions to changes
in return values in the following analyses.

Previous studies have shown that observed changes of temperature
extremes in China have a large spatial variability (Zhang et al., 2011;
Zhou and Ren, 2011). Fig. 3 displays local changes in 20-year return
values of annual extremes and the corresponding changes in climato-
logical means in 1993–2013 relative to 1961–1981. Only stations with
changes statistically significant at the 10% significant level are shown.
Since warm and cold extremes tend to occur in summer andwinter, re-
spectively, summer TX and winter TN averaged over 1961–1981 and
1993–2013 are treated as the warm or cold climatological mean tem-
peratures. Note that here winter mean TN was calculated from January,
February and December data in the same year. Changes in warm ex-
tremes agreewell with changes inmean summer TX but have larger ab-
solute magnitudes, with the domain-averaged values of 1.0 °C versus
0.4 °C. The largest increase in TXx20 occurs mainly in northern China,
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likely resulting from a decrease in soilmoisture content partly due to re-
duced precipitation. In contrast, the negative trends in some parts of
central southern China are associated with the increased precipitation
(Xu et al., 2006). Changes in cold extremes considerably exceed changes
in mean winter TN (2.5 °C versus 1.4 °C, domain-averaged over China),
except for stations with negative trends. The biggest change in TNn20
occurs in far western China and parts of northern China, which are part-
ly attributed to the enhanced melting of snow cover under a warming
climate (Kharin and Zwiers, 2000, 2005). Note that, different from pre-
vious studies suggesting that changes in warm extremes closely follow
changes in mean summer temperatures over the globe (Kharin et al.,
2007) and Europe (Goubanova and Li, 2007), changes in warm ex-
tremes in China, along with changes in cold extremes, substantially ex-
ceed changes in the mean temperatures.

Fig. 4 further shows the spatial variability of changes in the contribu-
tions from changes in the location parameters and the GEV distribution
shape to changes in return values. Here the contribution from changes
in the distribution shape is the second term in the right side of Eq. (3),
including changes in the GEV scale and shape parameters. Overall it is
clear that changes in warm extremes are more closely associated with
changes in the distribution shape than with changes in the location pa-
rameters. In particular, decreases in TXx20 in central southern China are
consistent with the negative trends of the distribution shape (Fig. 4c).
Changes in cold extremes broadly follow changes in the location param-
eter (Fig. 4b). However, there are still some stations showing negative
changes in TNn20 (Fig. 3b), which ismostly due to changes in the distri-
bution shape (Fig. 4d) that reflect changes in both scale and shape pa-
rameters. Spatial correlation coefficients between changes in extremes
(20-year return values) and changes in location parameters are 0.36
and 0.87 for TXx and TNn, respectively, while the spatial correlation co-
efficient between changes in TXx20 (TNn20) and changes in the GEV
distribution shape is 0.81 (0.62). All the values are statistically signifi-
cant at the 0.05 significance level. Katz and Brown (1992) demonstrated
that extreme events are more dependent on changes in the natural var-
iability than changes in the mean climate, which is consistent to our re-
sults but only for warm extremes. As such, it can be concluded that
changes in temperature extremes are associated with changes of both
the location and shape of the fitted GEV distribution. The changing
shape of the GEV distribution plays a more important role in altering
warm extremes, whereas the contribution of a shifting location is
more significant for cold extremes.

4.2. Return periods

To examine changes in the frequency of temperature extremes, Fig. 5
displays changes in the spatially averaged probability of temperature
extremes exceeding the 1971 (1961–1981) 10-year, 20-year, and 50-
year return values, expressed in terms of return periods, as well as the
corresponding 90% bootstrap confidence intervals (dashed curves). Re-
turn periods of temperature extremes at the 1971 10-year and 50-year
return values are added here to compare to 20-year results. It can be
seen that return periods of warm extremes are reduced by a factor of
about 3 for TXx10, 4 for TXx20, and 7 for TXx50 by the end of the anal-
ysis period. The return period for the 1971 TXx20 in 2003 is 6.5, indicat-
ing that, on average, warm extremes that occur at a probability of 1/20
in any given year during the period 1961–1981 would occur at a prob-
ability of 2/13 during the period 1993–2013. Conversely, return periods
of cold extremes increase substantially, with the averaged value of 64
for TNn10, 172 for TNn20, and 626 for TNn50 in 2003. The confidence
intervals for 2003 generally do not overlap with the 1971 return pe-
riods, indicating that area-averaged return period changes are statisti-
cally significant, although the uncertainties of return periods for cold
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extremes are relatively large. In addition, the transition rate of return
periods is greater as the window length of return values increases
(e.g., the green line changes faster than the blue line), suggesting that
changes in the frequency of warm or cold extremes aremore significant
as extremity level increases.

Fig. 6 further displays the spatial variability of return periods of tem-
perature extremes in 2003 at the 1971 20-year return values and the
corresponding 90% bootstrap confidence intervals. The confidence in-
tervals calculated as the differences between 5% and 95% percentiles
are shown in Fig. 6c, d. The colors of dots indicate the values of return
periods and the confidence intervals. Here changes in return periods
relative to 1971 are considered to be statistically significant when its
90% bootstrap confidence interval do not cover the value of 20 years,
corresponding to a 10% significant level. The 90% confidence intervals
of return periods in 2003 at the 1971 TXx20 are narrow (b2 years)
over most places, except for some parts of central southern China,
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whereas the confidence intervals of return periods for cold extremes
are much wider due to much larger estimated values (Fig. 6c, d). How-
ever, changes in return periods relative to 20 years are statistically sig-
nificant at most stations, as shown in Fig. 6a, b. Return periods of
warm extremes are reduced over most of the country, which is consis-
tent with increases in the amplitude of warm extremes (Fig. 3a). In par-
ticular, the shortening of return periods for the 1971 TXx20 is larger in
central western China as well as parts of northern China and the south-
eastern coast, with the recurrence time reduced from 20 years to
b6 years. There are some scattered stations with return periods
N20 years, whichmainly exist in southern China and are roughly within
the regions where the amplitude of TXx20 decreases. Changes in return
periods for the 1971 TNn20 broadly coincidewith changes in the ampli-
tude of cold extremes (Fig. 3b), with the largest values N200 in 2003
over many parts of China, indicating that the exceedance probability
of the 1971 cold extremes becomes so small that the recurrence time
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of the 1971 TNn20 in 2003 becomes longer than 200 years. It should be
noted that some nearby stations show different patterns, whichmay be
due to differences in station elevations, underlying surface features and
the surrounding environment. Future investigations are needed to un-
ravel these different patterns at local scales. In summary, the frequency
ofwarmextremes (i.e., the 1971TXx20) increaseswhereas the frequen-
cy of cold extremes (i.e., the 1971 TNn20) decreases over most areas in
China during the past five decades.

5. Future temperature extremes in CMIP5 models

Simulations of historical and future temperature extremes in China
from 28 CMIP5models are analyzed in this section to assess themodels'
reliability and to examine possible future changes in temperature ex-
tremes in China.

5.1. Return values

Before presenting future changes in return values of annual extreme
temperatures, we first examine the skill of CMIP5 models in reproduc-
ing the observed behaviors. Fig. 7 displays the multi-model median of
20-year return values simulated from 28 CMIP5 models (see Table 1)
and the observation in 1961–1981, as well as their differences. Both
the observed station results and model simulations are interpolated to
a 1°× 1° grid for a better comparison.Model simulations tend to capture
the high TXx20 belts as observed in far northwestern and central north-
ern China, with differences within a few degrees overmost of the coun-
try (Fig. 7a, c, and e). However, CMIP5 models clearly underestimate
TNn20 over southern and western China, but the overall spatial pattern
is well reproduced (Fig. 7b, d, and f). There are anomalous negative
biases (up to 10 °C and more) in the simulations over the Tibet Plateau
for bothwarm and cold extremes, whichmight be also due to the inter-
polation error related to very sparse station observations (denoted by
the dots in Fig. 7a and b) in this region. Model biases are not significant
over most of the country, since most observations fall inside the central
90% intermodel range (Fig. 7e, f). Thus, in general, CMIP5 models well
reproduce the overall pattern of 20-year return values in China. In addi-
tion, discrepancies among the CMIP5 models are commonly larger for
cold extremes than for warm extremes (Kharin et al., 2013). Fig. 8
shows the inter-model standard deviation of TXx20 (left) and TNn20
(right) in 1961–1981. It can be seen that the inter-model differences
of 20-year return values are generally larger over western China than
over eastern China. The largest standard deviations occur in northwest-
ern China for TXx20, while over western and southern China for TNn20.
The averaged inter-model standard deviation is 3.2 °C for TXx20 and
4.9 °C for TNn20 in 1961–1981.

Changes in the magnitude of temperature extremes averaged over
China from the CMIP5 models during 1961–2050 relative to 1971 are
shown in Fig. 9. Here 20-year return values are estimated using the
ML method with 31-year moving time slices. Compared with the ob-
served values (thick dashed lines), simulations produce relatively rea-
sonable increases in TXx20 until 2000, but significantly underestimate
increases in TNn20with only twomodels (BNU-ESM, CESM1-BGC) cap-
turing the observed trend. The multi-model median increases in 2003
relative to 1971 are 0.8 °C and 0.9 °C for TXx20 and TNn20, respectively;
while the observed changes are 1.0 °C and 2.5 °C, respectively. It sug-
gests that simulations underestimate the increasing trends of TXx20
and TNn20 and are also unable to reproduce the asymmetry between
changes in warm and cold extremes as in observations. By 2040, the
projected increases in TXx20 and TNn20 are 2.6 °C and 2.8 °C,
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respectively, implying that both warm and cold extremes will continue
to increase in the 21st centurywith larger rates than those in the histor-
ical period. Given that models have been shown to underestimate the
increasing trends of TXx20 and TNn20 in the historical period, it is ex-
pected that increases in TXx20 and TNn20 by 2040 would be larger
than the aforementioned values.

Fig. 10 displays changes in 20-year return values in 2003 and 2040
relative to 1971 simulated by the historical and RCP8.5 experiment, re-
spectively. Only changes statistically significant at the 10% significant
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Fig. 10. Changes in 20-yr return values of TXx (left) and TNn (right) from the CMIP5 models in
Only differences significant at the 10% significance level are shown. Units are °C. (For interpretat
article.)
level are displayed in colors. It can be seen that models show larger in-
creases inwarm extremes than in cold extremes over southern China. It
is presumably due to the decreasing precipitation over these areas sim-
ulated by the CMIP5 models (Xu and Xu, 2012; Chen and Frauenfeld,
2014), and the consequent drier conditionweakens the daytime evapo-
rative cooling effect while enhances the nocturnal radiative cooling ef-
fect. Compared to warm extremes, the spatial variability of changes in
cold extremes in 2003 is stronger with a high-low pattern from north
to south. It is noted here that the corresponding observations show a
relatively uniform pattern with significant increases across China (Fig.
3b). By 2040, warmextremes are further amplified following the histor-
ical pattern, whereas cold extremes continue to increase with the larg-
est changes shifting from the north to central China. The largest
increases in warm and cold extremes relative to 1971 both exceed
3 °C in 2040.

5.2. Return periods

Fig. 11 displays what return periods of temperature extremes at the
1971 20-year return value would become in 2003 (top) and 2040 (bot-
tom) based on CMIP5 model simulations. Only return periods signifi-
cantly different from 20 years at the 10% significant level are displayed
in colors. Simulated return periods for the 1971 TXx20 in 2003 tend to
capture the larger reductions in northern China and the scattered in-
creases in southern China as shown in the observations (Fig. 6a). How-
ever, simulations generally underestimate increases in return periods
for the 1971 TNn20, especially over northern and southern China com-
pared to the observations (Fig. 6b), which is associated with the under-
estimation of TNn20 by the CMIP5 models over these areas. By the
middle of the 21st century, model projections show that return periods
of warm (cold) extremes dramatically decrease (increase) almost
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everywhere over the country. The recurrence time of the 1971 TXx20 is
reduced to be b2 years over farwestern China and around 5 years in the
northeast, with the area-averaged value to be about 3 years. It suggests
that warm extremes that occur at a probability of 1/20 in the period
1961–1981 would occur at a probability of 1/2 over the far west and
1/5 over thenortheast. The recurrence timeof the 1971 TNn20 increases
to N500 years in most parts of China, except for a few parts of southern
China with return periods b100 years. Overall cold extremes would be
less frequent and even never exceeded in the future, which can also
be seen in Kharin et al. (2007) with the recurrence time from several
hundred years to infinity over China.

6. Summary

We evaluated both the observed and model-simulated temperature
extremes in China based on daily maximum and minimum surface air
temperatures from 532 meteorological stations and 28 CMIP5 models.
Return values and return periods of annual extreme temperatures are
analyzed to describe the magnitude and frequency of temperature ex-
tremes, respectively. The impact of climate change on changes in the
magnitude of temperature extremes is examined with a focus on the
relative roles of the varying location and shape of the fitted GEV distri-
bution of annual extreme temperatures. Moreover, CMIP5 model simu-
lations in the 20th century are validated against station data and future
changes in temperature extremes from RCP8.5 experiments are exam-
ined. The main conclusions of these analyses are drawn as follows:

1) Historical station observations exhibit cold extremes warming
faster thanwarm extremes over China as a whole, with amagnitude in-
crease of 3.6 °C and 1.2 °C, respectively, in the first decade of the 21st
century as compared to 1961. The increasing rate tends to accelerate
for warm extremes while is nearly constant for cold extremes during
the period 1961–2013. Changes in warm extremes follow well the pat-
tern of changes in summer means but with larger absolute magnitudes.
The largest warming occurs over northern China, whereas the cooling
trends happen mainly in central southern China, which are roughly
anti-correlated with changes in summer precipitation. Changes in cold
extremes exceed significantly changes in winter means, with largest
warming in far northwestern China and parts of the north.

2) Changes in temperature extremes reflect both shifting location
and changing shape of the GEV distribution. Moreover, warm extremes
are more dependent on changes in the scale and shape parameters (i.e.,
the shape of GEV distribution) than on changes in the location parame-
ter. On the other hand, changes in cold extremes are more closely asso-
ciated with the location shift in the GEV distribution, with relatively
weaker spatial correlations to the scale and shape parameters.

3) The frequency of warm (cold) extremes increases (decreases)
over most stations in China during the past five decades. And changes
in the frequency of temperature extremes are more significant for
events that are more extreme. The averaged recurrence time of warm
extremes at the 1971 TXx20 reduces down to 6.5 years during the peri-
od 1993–2013, with largest reductions in central western China. While
the recurrence time of cold extremes at the 1971 TNn20 increases to
N200 years in most parts of China.

4) CMIP5 models reproduce the overall pattern of temperature ex-
tremes in China during 1961–1981, with a larger inter-model difference
for cold extremes than forwarmextremes. However,model simulations
significantly underestimate increasing trends of cold extremes, showing
a much smaller asymmetry between changes in warm and cold ex-
tremes compared to the observations. The multi-model median in-
creases in 2003 relative to 1971 are 0.8 °C and 0.9 °C for TXx20 and
TNn20, respectively, while the corresponding observed changes are
1.0 °C and 2.5 °C. In addition, simulations generally capture the spatial
pattern of return periods at the 1971 TXx20 in 2003, whereas evidently
underestimate return periods at the 1971 TNn20 in 2003 over northern
and southern China due to the underestimation on TNn20 over these
regions.
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5) The future temperature extremes projected under the high emis-
sion RCP8.5 scenario continue to increase in the 21st century, with larg-
er increasing rates than in the historical period. The multi-model
median increases by 2040 relative to 1971 are 2.6 °C and 2.8 °C for
TXx20 and TNn20, respectively. Simultaneously, return periods dramat-
ically change almost everywhere over China. The recurrence time of the
1971 warm extremes will reduce from 20 years to b2 years over far
western China and about 5 years in the northeast by 2040, while the re-
currence time of the 1971 cold extremes will increase to N500 years
over most parts of China. However, given the underestimations of sim-
ulations on the historical increasing trends of temperature extremes, it
is very likely that the future return values are underestimated by the
models if similarmodels' systematic bias exists in both historical and fu-
ture simulations.

Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.atmosres.2016.10.018.
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