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ABSTRACT: In this study, fine-resolution multimodel climate projections over China are developed based on 35 climate
models and two emissions scenarios (RCP4.5 and RCP8.5) from phase five of the Coupled Model Intercomparison Project
(CMIP5) by means of Bias Correction and Spatial Disaggregation. The yearly-averaged temperature is projected to increase
by 0.8 to 1.6°C (0.8 to 1.7°C), 1.5 t0 2.7°C (2 t0 3.7°C), and 1.9 to 3.3°C (3.4 to 6 °C) under RCP4.5 (RCP8.5) in three
time slices (2010-2039, 2040-2069, and 2070-2099), respectively. The most warming occurs in winter and the least in
summer, and the inland areas in the northwest will warm much faster than the southeast. Under the background of surface
warming, the probability of extreme low temperatures in winter defined as the monthly temperature being lower than the
9th percentile of the climatological distribution will sharply reduce to 0.1-1.7% under RCP4.5 for the period 2010—-2039
and even lower for the following decades. For precipitation change, a remarkable increase is found over most areas of
China except the Southwest, ranging from approximately 2 to 20%. The projected precipitation changes are highly robust
in northern China, but inconsistent in southern China. In spite of widespread precipitation increases, most areas of China
quantified by the Palmer Drought Severity Index are projected to become drier as a consequence of increasing evaporation
driven by temperature increases. Detailed examination shows that drought that is moderate or severe according to current
climate standards will become the norm in the future. Not only will incidences of severe and extreme drought increase
dramatically in the future, but extreme wet events will also become more probable. Furthermore, the increasing drought
risk in Southwest China and the Qinghai-Tibetan Plateau is nearly twice that for other parts of China.
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1. Introduction disasters, drought is a long-term phenomenon that affects
large regions and inflicts significant socioeconomic and
personal damage. In China, in contrast to floods, which
account for only 27.8% of the total loss from meteoro-
logical disasters, the average loss resulting from drought
can reach to about 50%, as in the extreme drought events
in both 2006 and from autumn 2009 to spring 2010 in
Southwest China (Liu, 2012). In recent decades, China
has experienced rapid economic growth, but with only
7% of the world’s arable land available to feed 22% of
the world’s population, China’s economy may be vul-
nerable to climate change. Consequently, great effort has
been expended on researching future temperature and pre-
cipitation change in China in order to serve economic

Nowadays, climate change is at the forefront of scientific
issues and poses a significant challenge to human sur-
vival and development, especially in China. Under the
background of global warming, the most noticeable cli-
mate characteristic in China since the late 19th century is
the remarkable increase in temperature (e.g., Ren et al.,
2005; Li et al., 2010b; Wei and Chen, 2011). Wang and
Li (2007) showed that the correlation between the global
mean temperature and the mean temperature for China
is 0.63 for the last 123 years, indicating good parallelism
between the warming in China and that of the world. For
precipitation, prominent features include northern China

becoming drier and central China becoming moister dur- : .
) . and social development. Previously, analyses of the pro-
ing summer and southern and east-central China becom-

ing moister during winter (e.g., Hu ef al., 2003; Chen jected variation in temperature and precipitation in China
et al., 2006; Zhou ¢t al., 2006; Gu ef al., 2009; Li et al,, dcpended mainly on phase three of the Coupled Model
2009, 2010c; Liu ef al., 2011; Ma et al., 2012; Wu et ql,, 10tercomparison Project (CMIP3; Zhou and Yu, 2006,
2012). It is also worth noting that China frequently suf- Feng et al., 2011). Up to the present, however, phase five

fers from natural disasters. Among the costliest of natural of the Couplgd Model I.ntercomparlson PrOJeCt, (CMIPS,)
has been carried out with a new set of coordinated cli-

- mate model experiments (Taylor ez al., 2012). Moreover,
* Correspondence to: W. Chen, Institute of Atmospheric Physics, the publication of the Fifth Assessment Report (AR5)
Chinese Academy of Sciences, P.O. Box 2718, Beijing 100190, China. from the Intergovernmental Panel on Climate Change
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itk ewiepostap.ac.cn (IPCC) is scheduled for late 2013. The key factors of
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ARS involve an understanding of climate change in the
past 100years and projections for the next 100 years.
Therefore, it is of paramount importance to assess future
changes in temperature, precipitation and climatological
drought over China under the CMIP5 framework.

Though coupled general circulation models (GCMs),
which describe oceanic and atmospheric dynamical pro-
cesses, are the primary tools for studying global climate
change, it is well known that global climate models
have a typical resolution of a few hundred kilome-
tres. Thus, their resolution is too coarse to provide the
regional-scale information required for regional impact
assessment. Consequently, it is necessary to bridge the
gap between the coarse resolution of current GCMs and
the level of detail desired at regional or local scales.
Downscaling techniques are commonly used to obtain
regional or local future climate scenarios. Two downscal-
ing approaches can be identified: dynamical downscaling
(high-resolution regional models nested in GCMs; Giorgi
and Mearns, 1991) and statistical downscaling (statis-
tical relationship between large-scale atmospheric vari-
ables and regional or local climate variables; Wilby and
Wigley, 1997). A number of studies have compared the
relative strengths and weaknesses of these two downscal-
ing techniques. Dynamical downscaling is implemented
using a fine-scale regional climate model (RCM) with a
better representation of local terrain that simulates climate
processes over the region of interest. On the other hand,
statistical downscaling is based on a stable climate rather
than physical processes. Dynamical downscaling is com-
putationally expensive, but it is feasible to perform down-
scaling for a large number of simulations with multiple
GCM configurations and emissions scenarios by using a
statistical approach that is computationally efficient.

In parallel, in addition to the inappropriate scale of
most regional impact analyses derived from GCMs, GCM
outputs also suffer from biases due to uncertainty in the
parameterization of unresolved processes. While large
or global-scale patterns of temperature and precipita-
tion simulated by state-of-the-art GCMs can be realistic
(Solomon et al., 2007), biases at the regional scale may be
large enough to negatively affect regional climate assess-
ment (Kunkel et al., 2006). Therefore, it is crucial that
GCM simulations be bias corrected in order to draw valid
conclusions in regional climate impact and vulnerabil-
ity assessment. The importance of bias correction was
described in a special IPCC report (Seneviratne et al.,
2012). To cope with the large biases in GCMs, many tech-
niques have been utilized to post-process the raw GCM
output, such as monthly mean correction (Fowler and
Kilsby, 2007), delta change (Hay et al., 2000) and quan-
tile mapping (Wood et al., 2002). Among these methods,
the most popular is quantile mapping, which adjusts the
distribution of the model output to match all statistical
moments with respect to observations.

One technique that solves the abovementioned prob-
lems is the Bias Correction and Spatial Disaggregation
(BCSD) approach originally developed by Wood et al.
(2002, 2004). The BCSD method has been shown to
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provide downscaling capabilities comparable to other sta-
tistical and dynamical methods (Wood et al., 2004). Using
GCM precipitation as a predictor, on the one hand, makes
it possible to capture the complexity of physical pro-
cesses which cannot be achieved by using only larger-
scale circulation indicators (Maurer and Hidalgo, 2008).
On the other hand, Widmann er al. (2003) noted that
using local predictors such as precipitation yielded a per-
formance comparable with other downscaling methods.
This method has been widely used recently in regional
climate impact assessment. Sharma et al. (2007) uti-
lized BCSD to correct and downscale GCM precipitation
to improve hydrological simulation in the Ping River
Basin, Thailand. Based on a variant of BCSD called Bias-
corrected Local Scaling, Vidal and Wade (2008a) devel-
oped a multimodel high-resolution climate projection for
the United Kingdom in the 21st century and performed
a detailed assessment of future climatological drought
patterns (Vidal and Wade, 2009). Piani et al. (2010) val-
idated the bias correction method for daily precipitation
over Europe, showing that this method performs well in
all moments of the probability density distribution. Mau-
rer et al. (2007) developed a dataset of fine-resolution
climate projections using BCSD based on CMIP3 multi-
model dataset (Meehl et al., 2007). This globally down-
scaled dataset facilitates regional climate impact studies.

More recently, researchers have been analysing future
projections in China based on CMIP5 model outputs. Xu
and Xu (2012) described temperature and precipitation
changes over China using 11 climate projections. Zhang
(2012) employed 17 models out of CMIP5 to investigate
the temporal and spatial characteristics of 2°C warming
over China under RCP4.5. However, these studies did
not perform bias correction and spatial downscaling, the
importance of which was described above. In addition,
merely a small subset of the CMIP5 data repository was
used to generate a multimodel ensemble mean in these
studies. Moreover, for multimodel ensembles, the arith-
metic mean was used in all these studies. However, devel-
oping multimodel ensemble means requires considering
the various strengths and weaknesses of each individual
model. The key question is how to build climate pro-
jections for a set of global circulation models (GCMs).
Many different techniques have been developed, such as
the reliability average ensemble proposed by Giorgi and
Mearns (2002) and Bayesian methodology (Furrer et al.,
2007). However, instead of introducing a model weight-
ing scheme based on how well each model reproduces the
current climate, the bias-correction step in BCSD allows
us to assign the same weight to each individual projec-
tion (Vidal and Wade, 2008b). In addition, the change in
drought, which is of great concern in the changing cli-
mate, is not well documented. Precipitation alone is not a
good indicator of drought, because drought also depends
on the trend and fluctuation of temperature due to its
influence on evapotranspiration.

In this study, BCSD is first implemented in order to
increase confidence in examining future changes. This
paper is structured as follows: Section 2 presents the
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data, including the observations and the models used. In
Section 3, we describe the BCSD technique. The per-
formances of the models’ simulations over China are
assessed in Section 4. Future changes in temperature and
precipitation are assessed in Sections 5. Section 6 shows
the results of the projected change in climatological
drought. Finally, conclusions are presented in Section 7.

2. Data

The observed temperature (°C) and precipitation (mm
month™") used in this study are gridded data on a 0.5°
latitude—longitude resolution elaborated by the China
Meteorological Administration. These datasets cover the
time period from 1961 to 2005 in monthly time intervals.
The observational data are confined to mainland China
because of the unavailability of data from Taiwan.

To assess potential future changes in temperature, pre-
cipitation, and climatological drought, monthly outputs
from 35 GCMs are extracted from CMIPS. The projec-
tion data are archived by the Program for Climate Model
Diagnosis and Intercomparison (PCMDI). The two 21st-
century scenarios for future greenhouse gas emissions
used in this study are RCP4.5 and RCP8.5 as defined
in Moss et al. (2010), where RCP8.5 is a higher emis-
sion path and RCP4.5 assumes lower emissions. Monthly
mean surface temperatures and precipitation from simu-
lations of a historical run, an RCP4.5 run, and an RCPS8.5
run are used in this study. Though the historical run cov-
ers the period from the mid-19th century to 2005, the
data from 1961 to 2005 are extracted owing to the avail-
ability of observation data. In addition, only one ensem-
ble member from each model is chosen for this study,
though multiple ensemble members are generally acces-
sible. Table 1 lists the basic information about the models,
the associated institution, and the resolution of the atmo-
spheric component. In this study, we consider 1961—-1990
to be the reference period recommended by WMO
(2007) and also consider three additional time inter-
vals of 30years, 2010—-2039 (the beginning-of-century),
2040-2069 (the mid-century), and 2070—2099 (the end-
of-century). Accordingly, results from temperature, pre-
cipitation, and the Palmer Drought Severity Index (PDSI)
are analysed and displayed for these three time slices.

3. Methodology

Bias correction and spatial disaggregation relies on finer-
scale observation data and consists of the following steps:
(1) aggregate finer-scale observed data to a GCM-specific
scale; (2) correct the GCM’s systematic biases through
quantile mapping; and (3) disaggregate bias-corrected
outputs to a finer scale.

3.1

The principle of quantile mapping is to adjust the
distribution of the model outputs so it closely resembles

Quantile mapping
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the observed climatology by finding a transfer function
between the model outputs and the observations. This
method can be generally formulated as (Gudmundsson
etal., 2012):

fudjst =h(x) (D

where h is the transfer function established between
model outputs and observations in the reference period
and x is the climate variable in either the reference or
a projection period. Furthermore, if the theoretical distri-
bution of the variable of interest is known, expression 1
can be written as (Gudmundsson et al., 2012):

fadjst = F__lc' Fp_c (.X) (2)

o

where F,,_,lc is the quantile function corresponding to
observations and F,, _. is the cumulative distribution
function (CDF) of model outputs in the reference period.
The basic assumption of traditional quantile mapping
is that the future distribution of a variable of interest will
remain similar to that in the reference period. However,
this may not hold true, as argued by Li et al. (2010a), who
recently proposed a new quantile-based mapping method
called equidistant cumulative distribution function match-
ing (EDCDFm) as an improvement over the traditional
CDF matching method. This method explicitly takes into
account the changes between the reference and future dis-
tributions for a specific model. This improved quantile
mapping method can be mathematically written as:

;mfp.adjst = Xm—p + FJ,]C (mep (xm,p))
— Fyle (Fup (¥n—p)) S

where F,,_, is the CDF of the model for a future
projection period, and FO__IC and F,;lc are quantile
functions for observations and model in the reference
period, respectively. Though this method incorporates the
distribution change, the underlying assumption is that the
difference between the model and the observed values
during the reference period will remain stationary in a
future period. By performing a synthetic experiment, Li
et al. (2010a) concluded that the EDCDFm method is
superior to the traditional method.

However, the EDCDFm method has some shortcom-
ings when applied to bias-correct precipitation. It is
evident that all terms on the right side of expression
(3) are positive. However, we cannot guarantee the
positivity of the resultant value, the model precipitation
after bias correction in a future period. We have used
this exact same method on CMIP5 precipitation data and
found that this situation does exist. Since the validation
in Li et al. (2010a) focused mainly on the climatological
field, the negative values of precipitation were covered
up by long-term means.

The term F;_lc (Fm_p (xm_p)) — F,;ic (Fm_p (xm_p))
on the right side of expression (3) can be called
‘quantile mapping factors’. For temperature, this
works well and can be further designated the ‘addi-
tive factor’. For precipitation, in order to avoid
the problem of a negative value as a result of
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Table 1. Summary of 35 general circulation models from CMIP5 used for this study.

Model acronym

Modelling center

Atmospheric component
resolution(Lon x Lat)

ACCESSI1-0 Commonwealth Scientific and Industrial Research Organization (CSIRO) and

ACCESS1-3 Bureau of Meteorology (BOM), Australia

bce-csml-1 Beijing Climate Center, China Meteorological Administration, China

BNU-ESM College of Global Change and Earth System Science, Beijing Normal
University, China

CanESM2 Canadian Centre for Climate Modelling and Analysis, Canada

CCSM4 National Center for Atmospheric Research, USA

CESM1-BGC Community Earth System Model Contributors, USA

CESM1-CAMS

CESM1-WACCM

CMCC-CM Centro Euro-Mediterraneo per I Cambiamenti Climatici, Italy

CNRM-CM5 Centre National de Recherches Météorologiques/Centre Européen de

CSIRO-Mk-3-6-0

Recherche et Formation Avancées en Calcul Scientifique, France
Commonwealth Scientific and Industrial Research Organization in collaboration
with the Queensland Climate Change Centre of Excellence, Australia

EC-EARTH EC-EARTH consortium, Europe

FGOALS-g2 LASG, Institute of Atmospheric Physics, Chinese Academy of Sciences and
CESS, Tsinghua University, China

FGOALS-s2 LASG, Institute of Atmospheric Physics, Chinese Academy of Sciences, China

FIO-ESM The First Institution of Oceanography, SOA, China

GFDL-CM3 NOAA Geophysical Fluid Dynamics Laboratory, USA

GFDL-ESM2G

GFDL-ESM2M

GISS-E2-H NASA Goddard Institute for Space Studies, USA

GISS-E2-R

HadGEM2-CC Met Office Hadley Centre (additional HadGEM2-ES realizations contributed
by Instituto Nacional de Pesquisas Espaciais), United Kingdom

HadGEM2-ES

HadGEM2-AO National Institute of Meteorological Research/Korea Meteorological

Administration, Korea
inmcm4 Institute for Numerical Mathematics, Russia

IPSL-CMS5A-LR
IPSL-CM5A-MR
IPSL-CMS5B-LR
MIROC5

MIROC-ESM

MIROC-ESM-CHEM

Institut Pierre-Simon Laplace, France

Atmosphere and Ocean Research Institute (The University of Tokyo), National
Institute for Environmental Studies, and Japan Agency for Marine-Earth
Science and Technology, Japan

Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute (The University of Tokyo), and National Institute
for Environmental Studies, Japan

Max-Planck-Institut fiir Meteorologie (Max Planck Institute for Meteorology),

MPI-ESM-LR
Germany
MPI-ESM-MR
MRI-CGCM3 Meteorological Research Institute, Japan
NorESM1-M Norwegian Climate Centre, Norway

1.875° x 1.25°

~2.8° % 2.8°
~2.8°x2.8°

~2.8°x2.8°
1.25° x 0.9°
1.25° x 0.9°
1.25° x 0.9°
2.5°%x1.9°
~0.75° x 0.75°
~1.4°x14°

1.875° x 1.875°

1.125° x 1.125°
2.8125° x 3°

~2.81° x 1.66°

~2.8° x2.8°
2.5°%x2°
2.5°%2°
2.5 % 2°
2.5°%x2°
2.5°%x2°

1.875° x 1.25°

1.875° x 1.25°
1.875° x 1.25°

2° % 1.5°
3.75° x 1.875°
2.5° x 1.25°
3.75° x 1.875°
~1.4° x 1.4°

~2.8°x2.8°

~2.8°x2.8°
1.875° x 1.875°

1.875° x 1.875°
1.125° x 1.125°
2.5° x 1.875°

applying the additive factor, the multiplicative factor
Fy o (Fuep (%m—p)) /Fmte (Fm—p (xm—p)) can be used.
The underlying assumption of the multiplicative scaling
factor is that the ratio between the observed and mod-
elled values during the reference period also applies to
the projection period. Consequently, this method can be
referred to as equiratio cumulative distribution function
matching (equiratio CDFm). A real-world assessment
based on an ensemble of GCMs from CMIP5 confirms
the effectiveness and robustness of equiratio CDF
matching in systematically removing biases in modelled
precipitations (Wang and Chen, 2013). The statistical
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transformation can be written as:
-1
Fo“e (Fu—p (¥m—p))
—1 *
Fole (Fu—p (Xm—p))
Subsequently, another important step is how to estimate
the transfer function. Gudmundsson et al. (2012) have
recently summarized methods of statistical transformation
and have classified them into three categories: (1)
distribution-derived transformations, (2) parametric
transformations, and (3) nonparametric transformations.
Nonparametric transformation is recommended by Gud-

mundsson et al. (2012) for most applications of statistical
transformation, since it can be applied without specific

4

Xm—p.adjst = Xm—p*
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assumptions about the distribution of the observed or
modelled data. Consequently, the quantile mapping
method used in this study can be formulated as:

3\CJm—p.aaf/ﬂvt =Xm—p + hl (Xm_p)

—h2(x,,—p) for temperature
_ R (xm—p)
= W2 np)

®)

Xm—p.adjst for precipitation.

In Equation (5), two transfer functions are constructed:
they represent the mapping from the quantiles of the
model in the projection period to (1) those of the
observation in the reference period, 21, and (2) those of
the model in the reference period, #2. These two transfer
functions are determined separately for each calendar
month, grid point, and variable and once again the bias
correction procedures are conducted after observations
being aggregated to the GCM-specific scale. Technically,
in the case of hl = F,,_,lcu F,,_p, the transfer function is
derived in the following steps: (1) sort the time series by
intensity for both the observations in the reference period
and the modelled values in a future projection period
which have the same sample size of 30 in this study, and
plot the quantile—quantile correspondence between two
time series; (2) make use of cubic smoothing splines,
one of nonparametric approaches, to fit the established
quantile—quantile plot and then obtain the smoothing
parameters. Because the cubic smoothing splines extend
beyond the range of training values, no additional
extrapolation is needed to treat the out-of-range new
values specially. Nevertheless, it is well known that
frequent extrapolations will introduce large uncertainties
in resulting bias-corrected values. Actually, the pro-
posed bias-correction procedure in this study requires
little extrapolation, which can be identified as another
advantage over the traditional quantile mapping. The
traditional method can be mathematically formulated as
Xadjst = F(,Zlc- F,_c (x), in which F,, _ . is determined by
the values in the reference period. As we know, however,
there may be a significant long-term trend for temper-
ature. Therefore, extrapolation is frequently required to
obtain F,, _.(x,), since most of the future temperature
would be outside of the present range. But this is not the
case for the improved method proposed in this study. For
the equidistant or equiratio CDF matching (see Equations
3 and (4)), the value F,, _,(x,) is calculated instead of
F . —(xp), so there is no need to do extrapolation since
the x, is definitely within the range of F,,_,. For the
same reason, no extrapolation is required to estimate

Fy e (Fu—p (xm—p)) and F, ' (Fuuzp (xm—p))-

3.2. Spatial disaggregation

Following bias correction, the monthly GCM-scale fields
are then downscaled to 0.5° x 0.5° resolution. The
detailed process of spatial disaggregation is illustrated
in Figure 1, in which the raw modelled temperature from
IPSL-CM5A-LR in July 1985 is downscaled to the finer
grid scale, identical with that of observation. The reason
for choosing IPSL-CMS5A-LR as an example is its low-
est resolution among all GCMs, which may enhance the

© 2013 Royal Meteorological Society

visual effect of downscaling. First, the observed clima-
tological temperatures in July for the baseline period are
calculated (Figure 1(a)) and then aggregated to the GCM-
specific grid scale (Figure 1(b)). Second, the factors (also
called anomalies) exemplified in Figure 1(d) are obtained
by subtracting the coarse-scale observed monthly means
(Figure 1(b)) from the bias-corrected GCM outputs
(Figure 1(c), ‘GCM outputs’ for short hereafter in this
subsection). For precipitation, the ratios of GCM out-
puts to climatological observations after aggregation are
computed to create factor fields, in order to avoid nega-
tive precipitation values. Third, the factors are spatially
bilinear-interpolated to the resolution (0.5° x 0.5°) of
observation (Figure 1(e)). Finally, the coarse-scale GCM
outputs are translated to the finer scale (Figure 1(f)): the
factor fields having been subjected to interpolation step
(Figure 1(e)) are summed with observed means in origi-
nal scale (Figure 1(a)). For precipitation, to generate the
finer spatial pattern, the interpolated factors are multiplied
by the observed fine scale means.

It is necessary to stress that, though in this study we
focus on region- or nation-wide results, spatial disaggre-
gation process is inevitably crucial to construct multi-
model ensemble mean. As we know, different models
have different horizontal resolutions. Consequently, the
most troublesome issue is how to unify the horizontal res-
olution among different GCMs. We can interpolate each
model output field linearly to a prescribed grid. Never-
theless, which is the best way to objectively choose a
suitable target grid? Here, the spatial disaggregation is a
good choice.

3.3. PDSI as a drought index

To quantify drought severity and spatial distribution,
the PDSI is employed here. This index is a landmark
in the development of drought indices. The PDSI was
created by Palmer (1965), based on the supply and
demand of the two-stage ‘bucket’ model of soil. The
prominent advantage of PDSI is its sensitivity to changes
in evapotranspiration demand caused by temperature
fluctuations and trends (Dai, 2011). Moreover, in contrast
to other statistically based drought indices, the PDSI
is based on a physical water-balance model. However,
major deficiencies of the PDSI include high sensitivity
to the calibration period and spatial incomparability
(Alley, 1984). Wells et al. (2004), who developed
the self-calibrating PDSI, solved most of the PDSI’s
calibration problems. The classification of droughts
according to PDSI is shown in Table 2.

Potential evapotranspiration (PET), one of the inputs
to the PDSI, is estimated here following Thornthwaite
(1948). However, there are concerns that the Thornth-
waite method may overestimate PET (Hobbins et al.,
2008; van der Schrier et al., 2011), especially in the trop-
ics. This overestimation is closely associated with the
exclusion of cloud cover and vapour pressure deficit in
the parameterization of Thornthwaite. On the other hand,
the Penman-Monteith approach (Allen et al., 1994), rec-
ommended by the Food and Agricultural Organization
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(©) Bias-corrected GCM
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“4)

(b)

(1) aggregate
to GCM scale

(a)

Observed mean

26
22
18
14
10

Figure 1. Schematic illustration of the spatial disaggregation process. The downscaled temperature field is constructed from bias-corrected
IPSL-CMS5A-LR values for July 1985.

(FAO). is thought to give a more realistic estimate

Of "PET. However, it requires additional input fields
including solar radiation, wind speed, cloudiness, and
humidity, which make the calculations and evaluation
more complicated. Though model outputs comprise these
fields, there are no adequate observational data of these
variables for bias correction. Several previous studies
(Dai, 2011; van der Schrier et al., 2011) have demon-
strated that the choice of PET parameterization method
has a limited effect on the PDSI in the present climate.
However, this may not be the case in the future changing
climate and several recent studies pointed out that PET

© 2013 Royal Meteorological Society

change is highly dependent on parameterization scheme
(Shaw and Riha, 2011; Prudhomme and Williamson,
2013). It is necessary to stress that different formula-
tion of PET may lead to different results, which requires
further studies.

In this article, the self-calibrating PDSI is calculated
instead of the original PDSI. For simplicity, the self-
calibrating PDSI is referred to as PDSI hereafter. The
Thornthwaite method is utilized here and the calibration
period is from 1961 to 1990. For water-holding capacity,
we use a soil texture-derived water-holding capacity map
at 1° x 1° resolutions from Webb et al. (1993). The
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Table 2. Classification of PDSI values.

PDSI value PDSI category
>4.0 Extremely wet
3.00 to 3.99 Very wet

2.00 to 2.99 Moderately wet
1.00 to 1.99 Slightly wet
0.50 to 0.99 Incipient wet
0.49 to —0.49 Near normal
—0.50 to —0.99 Incipient drought
—1.00 to —1.99 Mild drought
—2.00 to —2.99 Moderate drought
—3.00 to —3.99 Severe drought
<—4.0 Extreme drought

data are first interpolated via a bilinear method to the
temperature or precipitation grid prior to computation of
the PDSI. Once again, the temperature and precipitation
after BCSD, rather than the original data, are used for the
PDSI calculation.

3.4. Climate divisions of China

Because China covers a large area with complex topog-
raphy and diverse climate zones, it is necessary to define
climate divisions in order to study the regional disparity
in climate change. Considering regional climate char-
acteristics and also taking into account administrative
divisions, China is classified into seven climate regions
according to Wang and Li (2007, Figure 3.3), namely
Northeast China (NE), North China (N), Northwest
China (NW), East China (E), Southwest China (SW),
Qinghai-Tibetan Plateau (QT), and South China (S).
Figure 2 shows a map of China’s terrain and seven
climate divisions.

4. Model biases

This section discusses a preliminary investigation of
GCM performance over China. Though many coupled
models that include major greenhouse gases and sulphate
aerosols are able to reproduce major trends in global
average surface air temperature, considerable systematic
errors may still exist at regional scales. In this study,
the average model-performance error is quantified by the
mean absolute error (MAE), which is a more natural
measure of average error than the root-mean-square error
(Willmott and Matsuura, 2005). This accuracy estimator
can be mathematically written as:

N
MAE =N"")"|P; — 04

i=1

(6)

where P; and O; are the model estimate and the observed
value, respectively for a specific grid cell, and N is the
total number of grid cells within China for a given model.

Figure 3(a) shows the MAE between the simulated and
observed monthly mean temperature for each model and
calendar month. With a few exceptions, the MAEs are

© 2013 Royal Meteorological Society

widespread over more than 2°C, with the largest bias
being 5.7 °C. The percentages of MAE greater than 2 °C
and 3 °C account for 83 and 34%, respectively, indicating
that most models could not accurately recreate the
observed climatology for temperature at a regional scale
(here in China). For the seasonal cycle, the simulated
temperature in warm seasons is better than that in cool
seasons since the medians in January and July are 3.1°C
and 2.3 °C, respectively. Overall, the model EC-EARTH
has the highest skill in reproducing the climatological
temperature over China, which is also the case for
precipitation simulation as discussed below.

Figure 3(b) shows that the biases of precipitation
quantified by the MAE are much larger in summer than
in winter, about 60 mm versus 20 mm in terms of median.
Relatively large biases are noticeable in the summer half
of the year, with the largest MAE being more than 80 mm.
If we inspect the percentage error instead of absolute
error, however, the largest biases occur in dry season
due to low climatological precipitation. Furthermore, it
is very common for percentage error to exceed 100%
with the largest reaching up 1600% during dry season.

It is worth noting that the main purpose here is to
quantify the magnitude of model errors regardless of
cold or warm biases (for precipitation, dry biased or
wet biased). Figures showing the spatial distributions
of biases are omitted here due to the large number of
individual simulations, but we found that large biases
exist in various models. Furthermore, there are significant
systematic errors in monthly higher-order statistics (i.e.,
variance and skewness) of both temperature and precip-
itation when compared to observations. In addition, we
do not intend to rank each model according to its per-
formance but to illustrate the enormous systematic errors
inherent in GCMs. Obviously, current GCMs still have
substantial deficiencies in simulating the regional climate
over China. To produce the reliable projections required
for regional climate assessment, we need to bias-correct
the raw GCM outputs.

5. Projected changes in temperature and
precipitation

5.1.

For a given time period (2010 to 2039, 2040 to 2069,
or 2070 to 2099) and emission scenario (RCP4.5 or
RCPS8.5), projections from different GCMs are consid-
ered equally plausible in the representation of future
climate, and subsequently the multimodel ensemble is
built through the arithmetic mean. In this section, we first
analyse the projected changes in temperature and then
precipitation. Because the projected changes to a vari-
able of interest differ among various GCM runs, a ratio
of the same sign is employed here to quantify this kind of
uncertainty. Hereafter, changes in temperature, precipita-
tion, and PDSI from the reference period (1961-1990)
to the projection period (2010 to 2039, 2040 to 20609,

Changes in the mean temperature
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Figure 2. China’s terrain and distribution of seven climate divisions.

or 2070 to 2099) are denoted as AT, AP, and APDSI,
respectively.

The projected changes in national average temperatures
from all GCM runs are portrayed by boxplots in Figure 4.
National average temperatures are expected to increase
by 1.0-1.3°C, 2.0-2.5°C, and 2.4-3° C, depending on
the calendar month, for the beginning, middle, and end of
the 21st century, respectively, under RCP4.5 on the basis
of multimodel medians. The seasonal signature is pro-
nounced in surface warming, with the greatest warming
in the wintertime and the least in the summertime, espe-
cially in the period of 2070-2099. The boxplots in Figure
4 measure the model dispersion through five statistics:
sample minimum, lower quartile, median, upper quar-
tile, and sample maximum. Obviously, the dispersion
described by the maximum minus minimum increases
steadily from 1 to 4 °C under RCP4.5 from the beginning
to the end of the 21st century, which implies the inter-
model dispersion tends to broaden with time for all cal-
endar months, reflecting the increase in uncertainty when
we move further into the future. Additionally, for the
minimum to maximum range of GCM-projected temper-
ature change, there is no substantial variation with respect
to the seasonal cycle. For the period 2010-2039 (Figure
4(a) and (b)), the magnitudes of temperature increase for
RCP4.5 and RCP8.5 are similar due to the small differ-
ence between the two emission pathways before 2050. As
a result of the rising radiative forcing pathway leading to
8.5Wm~2 by 2100 for scenario RCP8.5, the climatolog-
ical temperature begins to show vastly different features
after the mid-century. The monthly temperature increase
can reach 4—-6°C under RCP8.5, but only about 2—4 °C
under RCP4.5 for the end-of-century.

Geographic distributions of projected changes in
climatological annual temperature are shown in Figure 5.
The models project widespread temperature increases
across the whole country, with the largest increase in
winter (figure not shown), which closely resembles the
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seasonality of the national mean temperature increase
illustrated in Figure 4. For a given future period and
emission scenario, though warming is found in all
regions of China, larger relative increases are projected
for inland regions, especially the Northwest, with a rel-
atively small increase in coastal regions, perhaps due to
the ocean’s moderating influence. When considering the
beginning-of-century, the different emission scenarios do
not lead to dramatically different temperature responses
since the MAE between the two fields in subplots (a)
and (b) of Figure 5 is only 0.12°C. Nevertheless, for
the time period 2070-2099, changes under RCP8.5
scenario are more pronounced than under RCP4.5, since
the MAE is 2.3°C. Besides, the mid-century can be
viewed as a transition period during which the different
temperature responses under lower and higher emissions
scenarios become increasingly noticeable. Additionally,
compared to the period 2010-2039, the percentage of
areas in which AT >2°C will prevail in the mid- and
end-of-century under both emissions scenarios.

5.2. Changes in the distribution of winter temperature

Though the temporal-averaged temperature undoubtedly
will increase in the 21st century, the coldest winter in the
reference period may still be experienced in the future
climate. Supposing that temperature series are normally
distributed, if the mean shifts to the right and the vari-
ance also becomes greater as time progresses, there is
still a remarkable probability of an extremely cold win-
ter. For example, massive snowstorms hit China from 9
January to 25 February in 2008, resulting in transporta-
tion disruption, infrastructure damage, and higher food
prices, among other problems (e.g., Chen et al., 2008;
Zhou et al., 2009, 2010). Consequently, higher mean
temperatures under global warming do not necessarily
indicate a decreasing incidence of extreme low temper-
atures. In order to assess the change in probability of
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Figure 3. Biases of (a) simulated climatological monthly mean temperature (°C) and precipitation (mm) expressed in mean absolute error during
the reference period for each calendar month and individual model. Colour intensities reflect the magnitude of the biases. x- and y-axis correspond
to calendar months and GCMs, respectively.

extreme cold events in the future, a mapping between the
future under RCP4.5 and historic percentiles is shown
in - The blue curve in each subplot is below
the diagonal line,

line is broadened toward the
. It is worth noting the starting
and ending points of the blue curve. At the beginning-
of-century, the percentile—percentile curves over most
climate regions (except the Qinghai-Tibetan Plateau) start
at (0, 0), which means that the coldest winter tempera-
ture in the reference period will still appear in the future.
Relative to the current climate, however, the probability
of extreme low temperatures will decrease dramatically
in this time slice. If we define the 9th percentile of the
climatological distribution in the reference period as the
threshold, the probability of such events will reduce to
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09, 1.8, 1.9, 1.3, 0.6, 0.2, and 1.6% for each climate
region (NE, N, NW, E, SW, QT, and S), respectively.
Especially for the Qinghai-Tibetan Plateau, the lowest
temperature recorded in the reference period will disap-
pear in the beginning-of-century since the starting point
of the blue curve is not at the origin. As a transition
period, during the mid-century the blue lines (second
row in Figure 6) representing correspondence between
percentiles of winter temperature in the reference and the
future period tend to deviate from the diagonal (dash—dot
line). As time goes on, the pronounced gap between the
ending point of the blue curve and the X =Y line for
the period 2070-2099 indicates that the warmest win-
ters in the future are completely outside the range of
the current distribution and the warmest winter temper-
ature found in the current climate is ranked only in the
40-70th percentile in the NE, N, NW, E, and S and in
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Figure 4. Projected changes in national average temperature for each calendar month from the reference period (1961-1990) to (a, b) 2010-2039

(top row), (c, d) 2040-2069 (middle row), and (e, f) 2070-2099 (bottom row) under two emissions scenarios (columns), showing all model

results by means of boxplots. The band near the middle of the box shows the median and the bottom and top of the central rectangle spans the
first quartile to the third quartile. Whiskers above and below the box show the location of the maximum and minimum.

the 20-30th percentile in the SW and QT. In contrast,
for the period 2010-2039, the percentiles corresponding
to the warmest temperature recorded during the reference
period in all climate divisions range from 86th to 98th
percentile. In addition, the median in the reference period
is less than the 4th percentile over all regions for the end-
of-century, indicating that the current normal temperature
will become relatively cool compared to future climate
standard.

5.3.

Figure 7 displays the changes in climatological monthly
precipitation, averaged across China, for the periods
2010-2039, 2040-2069, and 2070-2099 under two
emissions scenarios. In any time slices, results from the
multimodel medians suggest an increase in precipitation
for all seasons, with no significant differences between
the two scenarios. The magnitude of the increase peaks
in summertime, with the smallest change in wintertime.
Also, seasonal differences in AP tend to become signifi-
cant toward the late 21st century. Because China is under
dry conditions from October to March due to the influ-
ence of the winter monsoon (Chen et al., 2005; Zhou
et al., 2007), and the summer monsoon prevails from
June to August (Huang et al., 2003), when precipitation

Changes in mean precipitation
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is plentiful, the seasonality of precipitation in the future
will become slightly stronger. In terms of the minimum
to maximum range, the intermodel dispersion increases
by approximately 10 mm from the beginning to the end
of century, with a month-to-month range from 2.7 to
31.9 mm under RCP4.5. However, the interquartile range
increases only slightly, by about 2.3 mm, with a high
value of 8.4 mm. The uncertainties in the projections have
a marked seasonal signature with high intermodel disper-
sion in the rainy season. Unlike temperature, AP is not
expected to have a consistent change in sign among all the
GCM runs. However, the majority (approximately 75%)
of GCMs show increases in precipitation.

To further investigate the spatial pattern of precipi-
tation changes, Figure 8 maps the multimodel averaged
results and gives the uncertainty in each grid cell. At the
beginning-of-century, the projected changes are rather
mixed, with a decrease in precipitation in Southwest
China and an increase in other parts of China. A
remarkable increase of up to 5—10% is found in North-
west China, Northeast China, and North China, where
the changes are coherent between the different model
projections. Moreover, the magnitude of the precipitation
increase under RCP8.5 in these regions is slightly larger
than that under RCP4.5. It is evident in Figure 8(a)
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Figure 5. Geographic distribution of projected changes in the mean annual temperature (°C) from the reference period (1961-1990) to beginning-
of-century (a, b: 2010-2039, top row), mid-century (c, d: 2040—-2069, middle row), and end-of-century (e, f: 2070-2099, bottom row) under
two emissions scenarios (columns), using the multimodel ensemble mean.

that the annual precipitation appears to decrease in
Southwest China with respect to the 1961-1990 norm
under RCP4.5. Moreover, this precipitation reduction
is more pronounced under RCP8.5. The maxima for
the annual precipitation decrease can reach 2—-5% on
the borders between Yunnan, Sichuan, Guizhou, and
Guangxi Provinces under the RCPS8.5 scenario. How-
ever, it should be noted that due to the lesser degree of
agreement among the various GCM runs, the projected
precipitation changes are subject to considerable uncer-
tainty over Southwest China, although the multimodel
ensemble mean shows a decrease in precipitation. In
the mid-century, precipitation increases nationwide, and
the magnitude of AP decreases from the inland regions
in western and northern China, with a maximum value

© 2013 Royal Meteorological Society

of 20-50%, toward southern and eastern China. In
contrast to the period of 2010 to 2039, the climatological
precipitation in the mid-century in Southwest China will
increase by 2—5% under either the RCP4.5 or RCP8.5
scenario and is still characterized by a high level of
uncertainty. In the end-of-century, the most noticeable
feature is that the precipitation increase in northern and
Northwest China is not as conspicuous as that in the mid-
century. Overall, the dominant feature in the 21st century
is the widespread precipitation increase over China.

6. Projected changes in climatological drought

The projected changes in climatological drought are first
investigated from a national perspective. Each subplot in
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Figure 6. Relationship between percentiles of temperature in three future time periods (2010-2039, 2040-2069, and 2070-2099, y-axis) and the
reference period (1961-1990, x-axis) for winter (December, January, and February). The December—February average temperature for seven
climate divisions is first averaged to obtain the regional average winter temperature for a given model. A point on each subplot corresponds to
one of the percentiles of the distribution in the reference period (x-coordinate) against the same percentile of the distribution in a future time
period (y-coordinate). The percentiles of distribution are estimated from the empirical cumulative distribution function. If the distribution in the
reference period remains unchanged in the future, the points in the percentile—percentile plot will lie roughly on the dash—dot line (X =Y).

Figure 9 shows the probability distribution of the PDSI
as calculated across the whole country during a certain
period under a given emission scenario. Specifically, each
GCM contributes a portion, which equals number of grid
cells multiplying total time steps, to the resulting his-
togram. It should be noted that no multimodel mean
values are calculated prior to creating the probability dis-
tribution. There is no need to distinguish different seasons
since the self-calibrating PDSI is a standardized mea-
sure of drought severity. As expected, the PDSI over the
reference period has a near standard normal distribution
due to the inherent property of the self-calibrating PDSI.
The only asymmetry is that the frequency of incipient (or
mild) drought is slightly greater than that of incipient wet
(or slightly wet). It can be seen in Figure 9(a) that nor-
mal conditions are present 17% of the time and drought
and wet occur 43 and 40% of the time, respectively. [The
frequencies of severe and extreme drought are reported
as approximately 6.4 and 2.1%, respectively, while the
frequencies of very wet and extremely wet are about 6.6
and 2.4%, respectively. In the beginning-of-century dis-
played in Figure 9(b) and (c), the central value of the
histogram shifts from about 0.0 to the bin centred at
—2.25 under both emissions scenarios, which means that
drought that is considered moderate by current and histor-
ical standards will become the norm in the future. Besides
the change in the mean, it should also be noted that the
distribution is flattened to both the left and right, indicat-
ing increasing variance. [Moreover, the peak frequency
of the distribution decreases from 10 to 7%. Due to the
shift of the distribution toward the left, the frequency of
severe and extreme drought in current climate standards
increases by 25%. However, the incidence of extreme
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wet conditions will rise rather than decrease, since the
frequency of the PDSI (>5.0), which is nearly nonexis-
tent in the reference period, will grow significantly to 2%.
It can be concluded that the climate will become more
extreme in the future under global warming. In addition,
there is no significant dissimilarity between the proba-
bility distributions of PDSI under RCP4.5 and RCPS.5,
because the p value derived directly from the resultant
histograms (subplot (b) and (c) of Figure 9) by means
of the Kolmogorov-Smirnov test (Corder and Foreman,
2009) is 0.99. Since the beginning-of-century, the apex
of the histogram continues to shift to the left in both sce-
narios. It is evident that the distribution change is more
pronounced under RCP8.5 than under RCP4.5, especially
for the period 2070-2099. Under RCP8.5, drought that
is classified as extreme according to current climate stan-
dards will become the norm in the end-of-century. Further
inspection shows that the frequency of drought conditions
(defined as PDSI< 0) is about 75% more than that of wet
conditions (PDSI> 0) under RCP8.5. Though severe and
extreme droughts become more probable in the future,
there is still a high likelihood of very and extreme wet
events. Though significant at the 95% confidence level,
the p values obtained by the two-sample Kolmogorov-
Smirnov test between the probability distributions under
RCP4.5 and RCP8.5 are only 0.84 and 0.27 for the
mid- and end-of-century respectively, indicating that the
probability distributions of the PDSI under RCP4.5 and
RCP8.5 begin to diverge since the mid-century.

A detailed evaluation of future climatological drought
over China is illustrated in Figure 10. Generally, future
droughts become more severe and widespread from the
perspective of the PDSI. In the top panel of Figure 10, a
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Figure 7. Projected changes in national average precipitation (mm month™') for each calendar month from the reference period (1961-1990)

to (a, b: 2010-2039, top row), (c, d: 2040-2069, middle row), and (e, f: 2070-2099, bottom row) under two emissions scenarios (columns),

showing all model results by means of boxplots. The band near the middle of the box shows the median and the bottom and top of the central
rectangle spans the first quartile to the third quartile. Whiskers above and below the box show the location of the maximum and minimum.

noticeable feature is that the PDSI is generally projected
to decrease in Southwest China, indicating the increas-
ing risk of drought in that region. This phenomenon
can be interpreted as the superimposition of increas-
ing temperature and decreasing precipitation. Although
the projected precipitation changes have great uncer-
tainty, as shown by the disagreement of the multimodel
results in Figure 8, various models indicate greater con-
sensus on the PDSI decreases in most of Southwest
China. As a consequence of intermodel consistency in
projected temperature increases leading to increasing
evaporation, the disagreement in projected precipitation
change has been considerably damped in the calculation
of the PDSI. Therefore, drying over Southwest China
can be ascribed mainly to increasing evaporation, with
higher temperatures resulting in an increasing tendency
for drought in this region. In contrast, no drying ten-
dency is found in northern China, in line with the pro-
jected increase in annual precipitation. Under RCP4.5,
during the beginning of this century, as precipitation
increases over North China while surface warming is rela-
tively minimal, the PDSI remains unchanged or increases
slightly, indicating no increase in drought risk. As time
goes on, the PDSI continues to decrease over most of
China. In the end-of-century, Southwest China and the

© 2013 Royal Meteorological Society

Qinghai-Tibetan Plateau become considerably drier with
the APDSI reaching —4 to —5. This is also the case
over other climate divisions, where the PDSI decreases by
approximately 2. In spite of the overall projected increase
in precipitation (Figure 8), the increase in drier land
areas and drought severity can be attributed to increasing
evaporation caused by surface warming. As a conse-
quence, the mitigating effect of increasing precipitation
on drought will be totally offset by rising temperatures.

Regional and seasonal discrepancies in the projected
changes in drought are further revealed in Figure 11. An
overall surface drying is evident, denoted by a decrease in
the regional averaged PDSI. As can be seen from Figure
11, the regionally averaged PDSI decreases in the period
2010-2039 under RCP4.5 by approximately 1 (for NE,
N, NW, E, and S) or 2-3 (for QT and SW), which
is similar in magnitude to the decrease under RCPS.5.
During this period, different scenarios have a limited
effect on the change in climatological drought due to the
analogous spatial distributions of temperature and precip-
itation changes between the two emissions scenarios, as
shown in Figures 5 and 8.With respect to mid- and end-
of-century as a whole, however, the regional averaged
PDSI decreases about twice as much under RCP8.5 as
under RCP4.5. Under RCP8.5, the aggravation of drought
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Figure 8. Geographic distribution of projected changes in the mean annual precipitation (%) from the reference period (1961-1990) to beginning-

of-century (a, b: 2010-2039, top row), mid-century (c, d: 2040—-2069, middle row) and end-of-century (e, f: 2070-2099, bottom row) under

two emissions scenarios (columns), using the multimodel ensemble mean. These changes are plotted as a percentage relative to the 1961-1990
norm. The stippling indicates where 80% of the models agree at least on the sign of the mean change.

becomes more prominent in the end-of-century, com-
pared with the situation under RCP4.5. The subplots for
Southwest China and the Qinghai-Tibetan Plateau show
that the regionally averaged PDSI is projected to decrease
more sharply than in other climate regions of China,
indicating these two climate zones may experience more
severe drought. Consequently, advanced mitigation and
adaptation measures are inevitable, especially in densely
populated Southwest China.

Comparing each column of subplots in Figure 11
shows less evident seasonality even though the tempera-
ture and precipitation change has remarkable seasonality
(Figures 4 and 7). We have also examined the spatial
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distribution of the PDSI changes in all four seasons and
have found great consistency between different seasons
(figure not shown). This seems contradictory because pro-
nounced temperature increases and less significant precip-
itation increases in winter compared to summer should
lead to more severe drought in winter. This is, however,
the consequence of underlying nonlinear properties in the
relationship between temperature and PET in the Thorn-
thwaite equation.

The plots in Figure 12 show the dependence of PET on
temperature change. Since China ranges from roughly
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Figure 9. Probability distribution of the PDSI during (a) the reference period, (b) 2010—2039 under RCP4.5, (c¢) 2010-2039 under RCP8.5, (d)
2040-2069 under RCP4.5, (e) 2040-2069 under RCP8.5, (f) 2070-2099 under RCP4.5, and (g) 2070-2099 under RCP8.5. See text for further
details.

20°N to 50°N and latitude is an important input into the
PET calculation, four climate divisions that encompass
this whole latitude range, namely Northeast China, North
China, East China, and South China, are employed here
to investigate the relationship between PET and temper-
ature. The detailed procedure is to first add a given tem-
perature increment (0, 1, 2, 4, and 6 °C, respectively) to
each monthly climatological temperature and then apply
the Thornthwaite equation to this newly established tem-
perature series. In each subplot of PET versus month,
the shapes of the curves are very similar, with a peak
in July and a valley in winter. The most important point
here is that the PET not only goes up each time in all
calendar months when we raise the temperature, but it

© 2013 Royal Meteorological Society

goes up much more in the summer months. If we raise
the temperature by 2 °C for East China (Figure 12(c)),
for instance, the PET will increase by 25.9 mm in July,
but by only 1.9 mm in February. This means that the PET
will rise much faster in summertime than in wintertime as
temperature increases. In addition, the increasing rate of
PET for a given temperature and month is comparatively
high in the south and low in the north due to the tem-
perature gradient from the south to the north in eastern
China. The characteristics illustrated in Figure 12 can be
interpreted as warm air absorbing more water vapour than
cold air before saturation due to the relationship between
vapour pressure and temperature.
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Figure 10. PDSI changes for three time periods: 2010—-2039 (top row), 2040—2069 (middle row) and 2070-2099 (bottom row) with respect to
the 1961-1990 norm under RCP4.5 (left column) and RCP8.5 (right column). The stippling indicates where 80% of the models agree at least
on the sign of the mean change. Yellow to brown areas are projected to become drier.

In short, climatological droughts are predicted to be
more severe in future, especially under RCP8.5 scenario.
Such dramatic increases in drought conditions would
lead to substantial impacts on agricultural, hydrological,
and socioeconomic sectors and would present significant
adaptation challenges.

7. Conclusions

The effects of climate change will be global in scope
and will vary from region to region, with pronounced
implications for China. China has the confluence of a
huge population, insufficient arable land, and economic
underdevelopment, which makes it vulnerable to climate
change. Climate models, the most useful tools, are cen-
tral to gauging future changes. However, global climate
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models are frequently characterized by coarse resolution
and systematic error, which limit their direct application
to regional-scale assessment and make future projections
less reliable. Evaluation of model performances in China
shows that the systematic errors in reproducing climato-
logical temperature and precipitation as judged by MAE
are 1.4-5.5°C and 8.1-88.5 mm, depending on the cal-
endar months and the outcomes from various climate
models. Besides the climatological mean, large biases
also exist in higher-order statistics including variance,
skewness, and so on. Another issue is that the spatial
resolution of GCMs is typically too coarse to assess
regional climate change. As a result, to facilitate regional
impact studies and to increase confidence in model pro-
jections, fine-resolution multimodel climate projections
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Figure 11. Seasonal PDSI changes in the seven climate divisions for three time slices (2010-2039, 2040-2069, and 2070-2099) under RCP4.5

and RCP8.5. The four columns comprising two bars arranged from left to right are the seasonal PDSI changes for winter (DJF), spring (MAM),

summer (JJA), and autumn (SON). The two separate bars embedded within each column represent the changes under RCP4.5 and RCPS8.5,
respectively. Three colors (white, yellow, and orange) stand for PDSI changes for 2010—-2039, 2040—2069, and 2070—2099, respectively.

over China are established based on 35 climate mod-
els and two emissions scenarios (RCP4.5 and RCPS.5)
from CMIP5 by means of Bias Correction and Spatial
Disaggregation (BCSD). Thanks to the bias correction
procedure, the arithmetic mean is used in this study to
build multimodel ensemble results instead of introduc-
ing a model weighting scheme. The main purpose of this
study is to assess future changes in temperature, precip-
itation, and climatological drought over China based on
this newly developed dataset to provide a framework for
agricultural adaptation and water resource management
in the future.

For temperature, the results suggest an increase in tem-
perature over the whole country, with the largest increase
occurring in the inland regions in winter. The yearly-
averaged temperature is projected to increase by 0.8 to
1.6°C (0.8 to 1.7°C), 1.5 t0 2.7°C (2 t0 3.7°C) and 1.9
to 3.3°C (3.4 to 6°C) in three time slices (2010—2039,
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2040-2069, and 2070-2099) under RCP4.5 (RCP8.S5),
respectively, in terms of multimodel ensemble results,
depending on the subregions. In the beginning of the
21st century, the spatial patterns of temperature increase
are substantially similar under RCP4.5 and RCP8.5, indi-
cating the different emissions scenarios do not lead to
significantly different temperature responses. Since the
mid-century, however, the spatial distributions of temper-
ature increase begin to diverge under different emissions
scenarios, because the temperature increase is generally
2°C more under RCP8.5 than under RCP4.5. Besides an
increase in average temperatures nationwide, extreme low
temperatures in winter also become less frequent, since
the incidences of it defined as a seasonal temperature
lower than the 9th percentile of the climatological dis-
tribution will sharply reduce to 0.1-1.7% under RCP4.5
for the period of 2010—2039 and even lower over the
decades that followed. It is worth emphasizing that the
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Figure 12. Monthly potential evapotranspiration as estimated by the Thornthwaite equation (x-axis: calendar month; y-axis: monthly potential

evaporation, unit: mm month~") for (a) Northeast China, (b) North China, (c) East China, and (d) South China. 0 (black), 1 (orange), 2 (olive),

4 (orchid), and 6°C (red) is added to the climatological monthly temperature in all months and then the Thornthwaite equation is applied to the
new established series.

decrease in the occurrence of extreme low winter tem-
peratures in the future does not guarantee a decrease in
extremely low temperatures on a daily scale; this needs
to be further investigated by daily outputs from GCMs.

On the basis of the multimodel ensemble mean, north-
ern China may receive more precipitation in the period
of 2010-2039, and this pattern of precipitation increase
will expand to the whole country. In the beginning-
of-century, it is worth noting that the precipitation in
Southwest China is projected to decrease, especially
under RCP8.5, in spite of considerable inconsistency
among different GCM runs. Compared with temperature,
projected changes in precipitation are less certain,
especially in southern China. Analogous to temperature
changes, future precipitation changes will vary with
the seasons, with the largest change in summer and the
smallest in winter.

In spite of the projected precipitation increase, most
areas of China will become drier as described by the
PDSI. The rising temperature since the beginning of the
21st century, especially in the high-emission scenario,
increases the atmospheric demand for moisture and
plays an important role in increasing drought conditions,
indicating that the increase in precipitation will be totally
offset by surface warming. In both the beginning-of-
century and the mid-century, increasing precipitation over
Northwest China, North China, and Northeast China
will alleviate the drying tendency yielded by surface
warming. On the contrary, the joint effect of decreasing
precipitation and warming will intensify the severity of
drought in Southwest China. Furthermore, the severity
of climatological drought will continue to increase for
the rest of this century. The projected drying tendency
for the period 2010-2039 shows scenario-independent
geographical patterns. In contrast, drying is expected
to be more severe under RCP8.5 than under RCP4.5
in the periods of 2040-2069 and 2070-2099. It is
also worth noting that Southwest China is projected to
experience more severe climatological drought in the
future than any other part of China. Consequently, the
environmental, ecological, and socioeconomic conditions
in this region will be significantly affected by drought,
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and more efficient mitigation and adaptation strategies
need to be carried out to address the impact of future
droughts. The Sixth National Population Census of China
in 2012 found the total population of Mainland China to
be 1.3397 billion persons. If the drying actually occurs as
indicated in Figures 10 and 11, a very large population
will be severely affected in the coming decades.

Apart from temperature and precipitation responses on
a monthly scale under global climate change, it is also
important to focus on the change in extreme temperatures
and precipitation on a daily scale. In addition, the
frequency and duration of extreme drought, rather than
the climatological drought presented in this study, will
need to be further considered and examined.
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