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Abstract Extreme climate events in China, including its 10 main river basins, were projected under
global warming of 1.5 °C–4 °C using the latest version of a regional climate model (RegCM4) for
dynamical downscaling, driven by the outputs of four global climate models. Firstly, evaluation indicated
that the simulations satisfactorily reproduced the spatial distribution of temperature extremes and, although
with lower performance, the spatial distributions of precipitation extremes were generally captured.
Additionally, a better description was achieved over areas with complex terrains by using RegCM4. Next, the
model was used to make projections under global warming of 1.5 °C–4 °C. Warm extremes were projected to
increase, while cold events were projected to decrease, particularly in northern and western China. In
addition, the number of wet days was projected to increase in the northern part of China, and to decrease in
the southern part. The maximum consecutive five‐day precipitation and the precipitation intensity were
projected to increase significantly throughout China, while the consecutive number of dry days was
projected to significantly decrease in northern and western China. The changes of atmospheric moisture
content and atmospheric circulation lead to the increase of extreme precipitation. Specifically, the increases
in the indices of wetness were closely correlated with the summer precipitation, wind, moisture flux
convergence, and surface specific humidity, while the consecutive number of dry days was related to the
change in summer moisture flux convergence and precipitation in dry seasons. Notably, the magnitude of
the changes in extremes events was projected to increase as the warming target increases.

1. Introduction

The global surface temperature has increased significantly over the last few decades. Compared to the pre-
industrial period, an increase in temperature of 0.85 °C (0.65 °C to 1.06 °C) occurred from 1880 to 2012 (IPCC,
2013). Accompanying this temperature increase, climate extremes have also increased significantly around the
world (Aslam et al., 2017; Piras et al., 2016; WMO, 2010). As reported by IPCC AR5, it is very likely that the
number of cold days and nights has decreased, and the number of warm days and nights has increased, while
the frequency of heat waves and extreme precipitation events has also increased (Alexander et al., 2006;
Min et al., 2011; Coumou & Rahmstorf 2012; IPCC, 2013). To avoid the severe risks resulting from extreme
climate changes, the Paris Climate Agreement aims to maintain global mean surface warming below 2.0 °C
and proposes a more ambitious target of 1.5 °C relative to preindustrial levels (UNFCCC, 2015).

In China, similar changes have been observed, including an increase in both the number of warm days and
heavy rainfall events and a decrease in light precipitation events (Chen & Zhai, 2017; Wang et al., 2012; Sun,
Mao, et al., 2014; Wu et al., 2017; Zhai & Pan, 2003; 2005). It is well known that society, the economy, and the
natural ecosystems in China have already been deeply affected by extreme climate change (Cheng et al.,
2014; Liu et al., 2017; Ye et al., 2018). For example, the frequency of temperature and precipitation extremes
and their associated disastrous droughts and floods have increased across China (Chen et al., 2012; Chen &
Sun, 2015; Lang & Sui, 2013; Liu et al., 2015; Sun & Ao, 2013; Wang et al., 2012; Zhai et al., 2005). This
increase is likely at least partially caused by anthropogenic activities (Chen & Sun, 2017; Li, Chen, et al.,
2017, 2018).
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Recently, a special report in 2018 on the impacts of 1.5 °C of global warming reported that approximately
1.0 °C of global warming above preindustrial levels has been caused by human activities. Global warming
will likely reach 1.5 °C between 2030 and 2052 according to the current rate of increase (IPCC, 2018). Many
studies have been conducted to address the potential 1.5 °C–4 °C of climate change globally (Karmalkar &
Bradley, 2017; King et al., 2017; Huang et al., 2017; Tian et al., 2017; Wang et al., 2017, 2018; Zhou et al.,
2018) and across China (Chen & Sun, 2018; Fu et al., 2018; Guo et al., 2016; Jiang et al., 2016; Li, Zhou,
et al., 2017; Wang et al., 2017; Xu et al., 2017). These studies indicate that the planet is very likely to exceed
1.5 °C ofwarming by the end of this century (Raftery et al., 2017; Schurer et al., 2017), andmore extreme events
and natural disasters will occur inmost regions of the world if the temperature increases by 2 °C rather than by
1.5 °C (Huang et al., 2017; King et al., 2017; Lehner et al., 2017; Wang et al., 2017). These effects will also
occur across China (Fu et al., 2018; Li et al., 2018; Wang et al., 2017; Xu et al., 2017).

Many previous studies have used global climate models (GCMs); however, regional climate models (RCMs)
provide more reliable climate change signals due to their finer resolution (Gao et al., 2008, 2012; Giorgi et al.,
2009; Ji & Kang, 2015; Niu et al., 2015; Shi et al., 2018; Yu et al., 2015, 2010; Zou & Zhou, 2013). Only a few
studies have conducted RCM simulations for China (Li, Zhou, et al., 2017, Li et al., 2018; Su et al., 2017; Sun
et al., 2018), and this lack of analysis—specifically, the use of an ensemble of RCM simulations driven by
multiple GCMs—may result in larger uncertainty. In addition, many studies have only concentrated on
1.5 °C and 2 °C of warming or the different effects caused by 1.5 °C and 2 °C of warming, with little effort
having beenmade to investigate warming of more than 2 °C (which creates additional risks), due to data lim-
itations. Fortunately, a new set of climate change experiments covering the East Asian domain were devel-
oped as part of the Coordinated Regional Climate Downscaling Experiment (Giorgi et al., 2012) and carried
out using four different GCMs with a 25‐km grid spacing over the period 1979–2099 for the high greenhouse
gas emission scenario (RCP8.5). Several projection studies have been conducted based on the results of these
simulations (Gao et al., 2017; Han et al., 2017; Wu et al., 2018).

In this study, future changes in extreme climate events in China under 1.5 °C–4 °C (1.5 °C, 2 °C, 3 °C, and
4 °C) of global warming were projected using an ensemble of RegCM4 downscaling simulations for the
RCP8.5 scenario. Following this introduction, section 2 introduces the data andmethods used. Then, the mod-
el's ability to simulate extreme climate events in China is evaluated in section 3. Future changes in extreme
events in China, including its 10 main river basins, under 1.5 °C–4 °C of global warming are described in
section 4. Finally, some further discussion and the study's key conclusions are presented in section 5.

2. Model, Data, and Methods

RegCM4 (http://gforge.ictp.it/gf/project/regcm/) was used for dynamical downscaling, which is the latest
version of this RCM series developed by the Abdus Salam International Centre for Theoretical Physics
(Giorgi et al., 2012). The first RCM system developed for climate downscaling (namely, RegCM) originated
in the late 1980s and early 1990s at the National Center for Atmospheric Research. The dynamical compo-
nent of the model originated from Mesoscale Model, version 4, and then a series of versions were released,
such as RegCM2, RegCM2.5, RegCM3,and RegCM4 (Dickinson et al., 1989; Giorgi 1990; Giorgi et al., 1993,
2012; Pal et al., 2007), as a hydrostatic, compressible, sigma‐p vertical coordinate model.

Four sets of simulations with a horizontal resolution of 25 km, for the period from 1979 to 2099 (the period
from 1986 to 2005 was considered to be the present day and the period from 2006 to 2099 was simulated for
the RCP8.5 scenario), were conducted. These simulations were driven by GCMs, including the
Commonwealth Scientific and Industrial Research Organization Mark 3.6.0 (CSIRO‐Mk3.6.0), the

Table 1
Information on the Four CMIP5 Driving GCMs

Model name Horizontal resolution (longitude × latitude) References

CSIRO Mk3.6.0 T63 (1.875° × 1.875°) Rotstayn et al. (2010)
EC‐EARTH T159 (1.125°) Hazeleger et al. (2010)
HadGEM2‐ES N96 (1.875° × 1.25°) Collins et al. (2011)
MPI‐ESM‐MR T63 (1.875° × 1.875°) Stevens et al. (2013) and Jungclaus et al. (2013)
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European Centre Earth SystemMode (EC‐EARTH)l, the Hadley Centre Global Environment Model version
2 with Earth System configuration (HadGEM2‐ES), and the Max Planck Institute Earth System Model,
medium resolution (MPI‐ESM‐MR), from CMIP5, which will hereafter be referred to as the CdR, EdR,
HdR, and MdR models, respectively. Detailed information on the GCMs is displayed in Table 1. The
physical parameterization schemes employed were the same as those used by Gao et al. (2016, 2017) and
Han et al. (2017): the land surface scheme of CLM3.5 (Oleson et al., 2008) and the convection scheme of
Emanuel (Emanuel, 1991) were used; the planetary boundary layer scheme was Holtslag et al. (1990);
resolvable‐scale precipitation was represented by Pal et al. (2000); and the atmospheric radiative transfer
scheme was from the National Center for Atmospheric Research's Community Climate Model, version 3
(Kiehl et al., 1998). The ensemble mean in this paper was calculated using the weighted average method.

Following Huang et al. (2017) and Li et al. (2018), the 1.5 °C–4 °C of warming used in themodels was defined
as the 11‐year smoothed global mean surface air temperature derived from the ensemble mean of the above
four driven GCMs, which increased by 1.5 °C–4 °C relative to the preindustrial period (1861–1900). The
results of the calculations showed that the ensemble mean of the GCMs would increase by 1.5 °C, 2 °C,
3 °C, and 4 °C in 2020–2030, 2034–2044, 2055–2065, and 2075–2085, respectively.

To validate the model performance, the gridded observational CN05.1 data set developed by Wu and Gao
(2013) was used, which was generated using a 2,400‐station data set and the CRU interpolation (New
et al., 2002), with a high resolution of 0.25° × 0.25°. To facilitate the comparison, the model outputs were
bilinearly interpolated onto the observation grids.

The daily maximum andminimum temperatures and the daily precipitation of the four RCM simulations for
the RCP8.5 scenario were used to calculate the 27 climate extreme indices defined by the Expert Team on
Climate Change Detection and Indices (Sillmann et al., 2013). The Expert Team on Climate Change
Detection and Indices' extreme indices have already been widely used in China and have been proven to
be robust and reliable (Chen et al., 2012; Chen & Sun, 2015; Li et al., 2018; Wang et al., 2012; Zhou et al.,
2015). Eight of the Expert Team on Climate Change Detection and Indices' indices were employed in the
study, including four temperature indices (TXx, TNx, SU, and ID) and four precipitation indices (R1mm,
RX5day, CDD, and SDII), as defined in Table 2.These indices provide a direct analysis of climate extremes,
and all of them have been widely used in China (Gao et al., 2017; Hui et al., 2018; Li et al., 2018; Shi et al.,
2018). The TXx and TNn indices represent extreme warm and extreme cold temperature, respectively, indi-
cating the intensity of temperature extremes, while the SU and ID indices represent the number of extreme
high and low temperature events that will occur. The R1mm, RX5day, and SDII indices indicate the number
of precipitation days, the amount of heavy precipitation, and the intensity of precipitation, respectively, thus

Table 2
Definition and Calculation of Extreme Climate Indices

Label Definition and calculation Unit

TXx Maximum of maximum temperatures: Let TXxkj be the daily maximum temperatures in month k, period j. Then,
the maximum daily maximum temperature in period j is TXxj = max (TXxkj)

°C

TNn Minimum of minimum temperature: Let TNnkj be the daily minimum temperature in month k, period j.
Then, the minimum daily minimum temperature each month is TNnkj = min (TNnkj)

°C

SU Summer days: Let TXij be the daily maximum temperature on day i in period j. Count the number of days where
TXij > 25 °C

day

ID Ice days: Let TXij be the daily maximum temperature on day i in period j. Count the number of days where TXij
< 0 °C

day

R1mm Number of wet days: Let PRij be the daily amount of precipitation on day i in period j. Count the number of days
where PRij > 1 mm

day

RX5day Maximum consecutive five‐day precipitation: Let PRkj be the amount of precipitation for the five‐day interval
ending on day k, in period j. Then, the maximum five‐day values for period j are RX5dayj = max (PRkj)

mm

CDD Consecutive dry days: Let PRij be the daily amount of precipitation on day i in period j. Count the largest number
of consecutive days where PRij < 1 mm

day

SDII Simple daily precipitation intensity: Let PRwj be the daily amount of precipitation on wet days (PR ≥ 1 mm) in

period j. If W represents the number of wet days in j, then SDIIj = ∑
W

w¼1
PRwj/W

mm/day
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representing different ways to assess precipitation. Additionally, the CDD index represents the number of
consecutive dry days, which is helpful for precipitation assessment over arid or semiarid regions of China.

The analysis focuses on the change in extreme climate events in China, including its 10 main river basins
(Chen et al., 2011; Gao et al., 2017; MWRC, 1981; Qian & Leung, 2007; Sun, Zhang, et al., 2014), that is,
the Songhuajiang River Basin (SRB), the Liaohe Basin (LRB), the Haihe Basin (HaiRB), the Yellow River
Basin (YLB), the Huai River Basin (HRB), the Yangtze River Basin (YRB), the Zhujiang River Basin
(ZRB), the Southeast River Basin (SERB), the Southwest River Basin (SWRB), and the interior rivers in
the Northwest Basin (NWRB). These basins are mapped in Figure 1, including detailed information on
the topography. Their definition as the 10 main river basins in China was based on a consideration of the
major rivers in eastern China in terms of the population density and economic conditions in this region.
For western China, the rivers of the northern Tibetan Plateau and Northwest China, as interior rivers, were
categorized together as the NWRB, while the rivers in the southwest of the country entering Southeast or
South Asia were defined as the SWRB. These definitions are officially recommended by The Ministry of
Water Resources of China and used widely in various associated scientific communities (e.g., water
resources, hydrological, and climate research). Additionally, the river basins also tally roughly with the
major climatic zones of China.

3. Validation of the Model Performance

The ability of RCMs to represent the current regional climate provides a basis for future projections. Previous
studies have indicated that RegCM4 is capable of determining the characteristics of the East Asian climate
(Gao et al., 2017; Han et al., 2017; Wu et al., 2018).

Taylor diagrams (Taylor, 2001) are presented in Figure 2, and the statistical results of the spatial correlation
coefficients (CORs) and root‐mean‐square errors (RMSEs) are presented in Table 3. These results were used
to conduct a concise statistical analysis of the ability of the model to represent the observed spatial distribu-
tion of the extreme indices in China. As can be seen in Figure 2a, all of the RCM simulations and their
ensemble means showed good performance in reproducing the temperature extremes. All of the CORs
between the model simulations and the observations were greater than 0.9, the normalized RMSEs of the
simulations relative to the observations were generally in the range of 0.25–0.75, and the ratios of the

Figure 1. The topography (units: m) and the 10 main river basins over China: Songhuajiang River Basin (SRB), Liaohe
Basin (LRB), Haihe Basin (HaiRB), Yellow River Basin (YLB), Huai River Basin (HRB), Yangtze River Basin (YRB),
Zhujiang River Basin (ZRB), Southeast Rivers Basin (SERB), Southwest Rivers Basin (SWRB), Interior rivers in the
Northwest Basin (NWRB).
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variances of the simulations to the observations mainly ranged from 1 to 1.25. A relatively better
performance in determining the warm extremes (TXx and SU) was found, with CORs greater than 0.95.

For the precipitation extremes (Figure 2b), all of the points were farther from the reference point, and they
had remarkably lower CORs compared to the temperature extremes (Figure 1a). The CORs were generally in
the range of 0.4–0.8, and the ratios of the variances of the simulations to the observation ranged from 0.5 to
1.5. The lowest CORs occurred for CDD, ranging from 0.29 to 0.54 (Table 3). Although the RMSEs were rela-
tively large for R1mm (64.4–74.8 mm), RX5day (50.3–81.7 mm), and CDD (38.1–42.9 days), with systematic
bias, their CORs were significant at the 99% confidence level, which confirmed the consistency of their
spatial distributions.

Overall, the ensemble mean (ENS; black circles) outperformed the individual models. Compared to the
worse simulation, the ENS had a higher COR and a lower RMSE for all of the indices (Table 3). For example,
in the MdR simulation, CDD had a lower COR (0.29) and a larger RMSE (42.9 days). However, the ENS
simulation had a higher COR (0.48) and a lower RMSE (40.4 days). Overall, these results indicated that
the ENS outperformed half of the individual simulations, demonstrating an overall reliability. Thus, the
results of the ENS were analyzed.

The observed and ENS‐simulated surface air temperatures for both tem-
perature extremes are shown in Figure 3, and the ranges of the 10 main
river basins are presented in Figure 3a. In general, the model captured
the observed spatial patterns of TXx, TNn, SU, and ID well, and was in
good agreement with the observations. The warm events described by
TXx and SU were characterized by higher values in the south and lower
values in the north, with the lowest values occurring over the Tibetan
Plateau and in the mountainous areas in northwestern and northeastern
China. The cold events described by TNn and ID exhibited the opposite
pattern. The spatial correlation coefficients between the ENS results and
the observations for TXx, TNn, SU, and ID were 0.98, 0.92, 0.97, and 0.91
(Table 3), respectively, and were all much higher than the 99%
confidence level.

Higher TXx values occurred over most of the 10 river basins; however,
cold biases could be found over the YLB, SERB, SWRB, and NWRB
(Table 4). The ENS generally underestimated the TNn of most of the 10
main river basins, but it overestimated the TNn of the HRB. The largest
cold biases occurred in the SWRB, in which the regional means of the

Figure 2. Multivariable Taylor diagrams of the (a) temperature extremes and (b) precipitation extremes in China during
1986–2005. RegCM4was driven by CSIRO‐Mk3.6.0, EC‐EARTH,HadGEM2‐ES, andMPI‐ESM‐MR, referred to as the CdR
(red), EdR (blue), HdR (orange), and MdR (green) simulations, respectively. The ensemble of the above RegCM4 simu-
lations is abbreviated to ENS (black). Each number represents an individual index.

Table 3
Statistical Results of the Spatial Correlation Coefficients (CORs)/the Root‐
Mean‐Square Errors (RMSEs) Between the Observations and the Historical
Simulations of the Ensemble Mean and Its Members for 1986–2005

CdR EdR HdR MdR ENS

TXx 0.98/2.1 0.98/2.2 0.98/1.8 0.98/1.9 0.98/1.9
TNn 0.94/7.3 0.90/8.4 0.93/7.3 0.89/8.5 0.92/7.8
SU 0.97/16.1 0.96/24.8 0.97/16.7 0.96/21.1 0.97/17.9
ID 0.93/35.7 0.89/46.3 0.92/36.5 0.90/39.6 0.91/39.1
R1mm 0.76/74.8 0.80/64.9 0.77/70.3 0.71/64.4 0.78/67.6
RX5day 0.61/81.7 0.65/55.7 0.77/50.3 0.62/55.0 0.70/55.3
CDD 0.47/41.3 0.54/38.1 0.51/40.9 0.29/42.9 0.48/40.4
SDII 0.67/2.3 0.73/2.1 0.80/1.8 0.73/2.1 0.75/2.0

Note. RegCM4 was driven by CSIRO‐Mk3.6.0, EC‐EARTH, HadGEM2‐
ES, andMPI‐ESM‐MR, referred to as the CdR, EdR, HdR, andMdR simu-
lations, respectively. The ensemble of the above RegCM4 simulations is
abbreviated to ENS. All correlations are statistically significant at the
99% confidence level.
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Figure 3. Spatial distribution of TXx (°C), TNn (°C), SU (day), and ID (day) in China during 1986–2005. (a) Observed TXx. (b) Ensemble‐simulated TXx. (c)
Observed TNn. (d) Ensemble‐simulated TNn. (e) Observed SU. (f) Ensemble‐simulated SU. (g) Observed ID. (h) Ensemble‐simulated ID.
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observed and ENS‐simulated values were−16.1 °C and−27.0 °C, respectively. The ENS‐simulated SU values
were generally lower than the observed values in the 10 main river basins, except in the YRB and ZRB. The
largest differences occurred in the HaiRB and LRB, which had regional mean observed values of 103.0 and
84.4 days and ENS‐simulated values of 81.4 and 62.5 days, respectively.

The overestimation of ID in most of China was evident, with biases ranging from 10 to 40 days. In addition,
the largest bias occurred in the SWRB. The regional mean observed and ENS‐simulated ID values were 42.8
and 108.7 days, respectively.

The observed and ENS‐simulated extreme precipitation indices of R1mm, RX5day, CDD, and SDII, are pre-
sented in Figure 4. The values of R1mm, the southeast–northwest gradient of RX5day and SDII, and the gen-
eral distribution of CDD were satisfactorily reproduced by the ENS simulations. The spatial CORs of R1mm,
RX5day, CDD, and SDII between the model simulations and the observations were 0.78, 0.70, 0.48, and 0.75
(Table 3), respectively, and all of the indices were above the 99% confidence level.

The observed and ENS‐simulated regional means of the four extreme precipitation indices of the 10 main
river basins are shown in Table 5. The observed R1mm was high in the SWRB (153.2 days) and YRB
(132.6 days) and low in northern China, especially in the NWRB (48.5 days; Figure 4a). The simulated
R1mm values (Figure 4b) were overestimated for most of China, except for parts of the NWRB. This overes-
timation may have been due to the wet bias of the RegCM4model in simulating the precipitation (Gao et al.,
2017) and/or the GCM's coarse resolution, which does not adequately describe the real topography and pro-
duces a systematic bias in RegCM4 (Jiang et al., 2005; Phillips & Gleckler, 2006; Xu & Xu, 2012). In addition,
the uncertainty in the observational data set may also have played an important role in this overestimation
(Gao et al., 2017; Wu & Gao, 2013).

Observationally, RX5day, which is an indicator of the extreme aspect of precipitation, was high in the south-
east and low in the northwest (Figure 4c), and the total amount of precipitation exhibited a similar pattern
(not shown for brevity). The ENS simulation generally overestimated the RX5day values for all the main
river basins of China (Table 5). As for CDD, the largest values (greater than 50 days) occurred in western
and northern China, where arid and semiarid climates prevail, and smaller values (less than 40 days)
occurred in southern China (Figure 4e). The simulated values generally agreed with the observations, but
they were underestimated owing to the wet bias of the model (Figure 3f and Table 5). The distribution of
SDII (Figure 4g) followed that of RX5day, but the maxima occurred further into the HaiRB (34.3
mm/day) and the HRB (34.5 mm/day). The main bias was an underestimation in southern China. Similar
conditions have been seen in RegCM3 when simulating heavy precipitation events driven by a different
GCM (Gao et al., 2012).

Comparison between the GCMs and RCM simulations showed that the evident biases of the GCMs in terms
of TXx, TNn, SU, and ID were generally passed on to the RCM simulations. Meanwhile, the overestimations
of the GCMs in terms of precipitation extremes were also generally evident in the RCM simulations, and
with even larger magnitude to some extent. The improvement of RegCM4 was more significant in terms
of temperature extremes, with the largest added value (lower biases) over regions with complex terrain.

Table 4
The Observed (OBS) and Ensemble‐Simulated Regional Means (ENS) of TXx (°C), TNn (°C), SU (day), and ID (day) in China and Its 10 Main River Basin
During 1986–2005

TXx‐OBS TXx‐ENS TNn‐OBS TNn‐ENS SU‐OBS SU‐ENS ID‐OBS ID‐ENS

SRB 32.5 33.0 −34.3 −36.6 51.6 45.3 125.1 140.0
LRB 33.5 34.2 −25.3 −29.2 84.4 62.5 79.3 94.9
HaiRB 35.1 35.6 −19.0 −21.4 103.0 81.4 38.1 55.5
YLB 30.6 29.9 −21.9 −26.5 64.4 45.5 49.6 83.0
HRB 36.6 38.5 −10.5 −9.6 136.2 122.7 4.9 7.4
YRB 31.0 31.9 −9.5 −16.5 86.7 90.0 17.3 38.4
ZRB 34.9 35.9 0.5 −2.0 188.9 203.9 0.1 0.5
SERB 35.8 34.8 −4.2 −8.4 150.6 143.4 0.1 0.4
SWRB 22.2 20.9 −16.1 −27.0 37.7 33.4 42.8 108.8
NWRB 29.2 29.0 −25.7 −31.6 64.1 52.7 95.5 119.5
CN 32.1 32.4 −16.6 −20.9 96.8 88.1 45.3 64.9
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Figure 4. Same as in Figure 2 but for the precipitation indices of R1mm (day), RX5day (mm), CDD (day), and SDII (mm/day).
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For precipitation extremes, a significant difference between mountain regions and the lowlands was evident
in the RCM simulations, as compared to the GCMs, which was also not shown in the observations owing to
the lack of observation stations (Gao et al., 2017; Wu & Gao, 2013). Notably, the RCM simulations showed
more consistencies among the runs for all the indices, compared to the GCMs, which might be attributable
to the consistent internal model physics of the RCM (figures not shown).

Also of note was that the large bias generally found in the SWRB and NWRB was also a common feature in
the driving GCM simulations. However, previous studies have also reported that these large uncertainties
might be related to the uncertainty in the observational data sets over large uninhabited regions, which
are generally characterized by complex topography and sparse station distributions (Gao et al., 2017; Shi
et al., 2018; Wu & Gao, 2013).

In summary, the performance of RegCM4 was generally consistent with the findings of previous studies
(Gao et al., 2017; Hui et al., 2018; Li et al., 2018; Shi et al., 2018), indicating the reliability and applicability
of the current simulations. The ENS outperformed the individual simulations, which displayed higher CORs
and relatively lower RMSEs than at least two out of four individual simulations, reproducing the observed
characteristics of extreme climate events in China. Overall, the performance of the ENS remained reliable
and could therefore be used with confidence for the subsequent analysis. In particular, it provided justifica-
tion for the use of this simulation method in the future projections.

4. Future Changes in Extreme Events Under 1.5 °C–4 °C Global
Warming Targets
4.1. Temperature Extremes

Figure 5 shows the spatial distribution of changes in the temperature extremes due to different degrees of
warming based on the RCP8.5 scenario. Substantial warming can be seen from the TXx values
(Figures 5a–5d) throughout China due to 1.5 °C of global warming, with the largest warming value (1.2 °
C–2.4 °C) occurring for 2 °C of warming. When the global temperature was increased by 3 °C and 4 °C,
the ENS predicted an increase of greater than 2.4 °C and 3.6 °C in China, respectively. As the degree of
warming was increased, the magnitude of warming in China increased. These changes were significant at
the 90% confidence level.

To understand the changes in extreme events more intuitively, Figure 6 presents the changes in the four
extreme temperature indices averaged over China and its 10 main river basins due to 1.5 °C–4 °C of global
warming. TXx was projected to increase over all of the river basins, and greater warming occurred for higher
degrees of global warming (Figure 6a). The increase was higher in northern China, that is, in the LRB,
HaiRB, YLB, HRB, and the area along the SWRB, which is consistent with the results of previous studies
(Chen et al., 2015; Fu et al., 2018; Li, Zhou, et al., 2017). However, a smaller increase occurred in the ZRB
and SERB. There was larger uncertainty in the changes in northern China and less uncertainty in southern
China, especially in the ZRB and SERB.

Table 5
Same as in Table 4 but for the Precipitation Indices of R1mm (day), RX5day (mm), CDD (day), and SDII (mm/day)

R1mm‐OBS R1mm‐ENS RX5day‐OBS RX5day‐ENS CDD‐OBS CDD‐ENS SDII‐OBS SDII‐ENS

SRB 84.2 131.4 66.9 79.1 55.6 23.1 5.7 5.5
LRB 70.5 114.6 84.9 110.7 58.8 25.5 7.4 6.9
HaiRB 62.3 104.7 86.0 138.2 58.2 34.3 8.1 8.0
YLB 73.6 130.2 55.5 102.0 56.2 29.8 5.7 6.2
HRB 77.0 98.5 127.6 134.4 37.8 34.5 10.5 9.2
YRB 132.6 180.9 107.7 130.9 35.0 22.0 7.9 7.6
ZRB 146.9 182.2 159.6 161.7 30.3 27.1 10.2 8.2
SERB 153.2 171.6 180.7 201.5 25.2 24.6 10.7 10.7
SWRB 134.6 230.4 60.5 149.5 55.1 19.4 4.8 7.3
NWRB 48.5 102.6 22.1 38.1 88.4 42.4 3.1 3.5
CN 98.3 144.7 95.2 124.6 50.1 28.3 7.4 7.3
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For 1.5 °C–4 °C of global warming, TNn was projected to increase significantly (Figures 5e–5h). The magni-
tude of the increase in TNnwas generally greater than that of TXx (Figures 5a–5d). For 1.5 °C of global warm-
ing, the changes were significant at the 90% confidence level, except for in some areas in the YLB and YRB
and in some areas of the Huang‐Huai region for 2 °C of global warming. The largest increase occurred in
northeastern, northwestern, and northern China, which is consistent with the results of previous studies
(Chen et al., 2015; Fu et al., 2018; Li, Zhou, et al., 2017). As can be seen from Figure 6b, the largest increase
in TNn occurred in the SWRB, with values reaching 1.0 °C, 2.1 °C, 4.7 °C, and 7.3 °C for 1.5 °C, 2 °C, 3 °C, and
4 °C of global warming, respectively, while the smallest increases still occurred in the ZRB and SERB.

With the exception of a slight change over the Tibetan Plateau and in some areas of northwestern China, SU
was projected to increase significantly under 1.5 °C–4 °C of global warming (Figures 5k and 5l), significant at
the 90% confidence level. The largest increases occurred in southern China and parts of southwestern China,
which is similar to previous results reported for heat waves and extreme temperature events (Guo et al.,
2016; Li, Zhou, et al., 2017), in which higher degrees of global warming led to larger increases. As can be seen
from the results presented in Figure 6c, the regional average increase in SUwas the largest in the SERB, with

Figure 5. Projected changes in TXx (°C), TNn (°C), SU (day), and ID (day) across China for 1.5 °C–4 °C of global warming, relative to 1986–2005. The results are
based on the RCP8.5 scenario. The white regions represent changes that are not significant at the 90% confidence level based on the Student's t test.
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increases of 13.5, 21.6, 39.4, and 56.8 days for 1.5 °C, 2 °C, 3 °C, and 4 °C of global warming, respectively,
while the smallest change occurred in the SWRB, with increases of 4.9, 8.1, 14.2, and 21.1 days,
respectively. Thus, unlike TXx and TNn, the spatial distinction of the uncertainty in SU was not significant.

Figure 6. Projected changes in (a) TXx (°C), (b) TNn (°C), (c) SU (day), and (d) ID (day) over China and its 10 main river
basins under 1.5 °C–4 °C warming targets, relative to 1986–2005. The black bars indicate the uncertainty ranges of the four
simulations.
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For 1.5 °C–4 °C of global warming, ID was projected to decrease significantly (significant at the 90% confi-
dence level) in most parts of China, except for in southeastern China (Figures 5m–5p). Similar to Lang and
Sui (2013) and Li, Zhou, et al. (2017), the largest decrease in ID occurred over the Tibetan Plateau and in
northern China, where this higher threshold led to larger decreases. The largest regional average decrease
occurred in the YLB (Figure 6d), with decreases in excess of 9, 14, 30, and 45 days for 1.5 °C, 2 °C, 3 °C,
and 4 °C of global warming, respectively. However, in the ZRB and SERB, a smaller change occurred. It
should be noted that these regions have lower ID values or even zero ID at present (Figure 3). In addition,
the HRB and YRB experienced smaller decreases and their uncertainties occurred over smaller areas, while
the LRB and YRB experienced more significant decreases and their uncertainties occurred over larger areas.
Generally, a larger uncertainty in the changes in northern China and less uncertainty in southern China
were found.

To further quantitatively evaluate the changes in temperature extremes projected by the ENS, the probability
density function (PDF) of the projected temperature extremes averaged over China for 1.5 °C–4 °C of global
warming was calculated (Figure 7). As can be seen from Figures 7a and 7b, over China as a whole, TXx and
TNn increased significantly with increasing levels of global warming. TXx increased by approximately
1.1 °C, 1.5 °C, 2.8 °C, and 4.5 °C for 1.5 °C, 2 °C, 3 °C, and 4 °C of global warming, respectively, while TNn
increased remarkably by 1.0 °C, 1.6 °C, 3.8 °C, and 5.5 °C, respectively. SU (Figure 7c) was projected to more
likely occur in the future, with increases by 9.7, 15.0, 26.4, and 39.8 days for 1.5 °C, 2 °C, 3 °C, and 4 °C of global
warming, respectively. However, ID (Figure 7d) was projected to decrease by 5.3, 7.7, 15.6, and 22.2 days,
respectively. The PDFs of TXx, TNn, and SU shifted greatly to the right as the degree of global warming was
increased, and the curve broadened. The PDF of ID, meanwhile, shifted left, and again the curve broadened.
In conclusion, for 1.5 °C–4 °C of global warming, the hot events (both magnitude and frequency) in China
were projected to increase profoundly in the future, while the number of cold events will substantially
decrease. In addition, the magnitude of these changes was projected to increase as the degree of global warm-
ing was increased, illustrating a great spatial heterogeneity of the changes in temperature extremes.

Figure 7. Probability density distributions of (a) TXx (°C), (b) TNn (°C), (c) SU (day), and (d) ID (day) for 1.5 °C–4 °C of
global warming relative to 1986–2005. The box in each panel presents the magnitude of the changes ranging from the 25th
percentile to the 75th percentile, while the dots indicate the mean of the changes.
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For the dynamic mechanisms behind the changes in extremes of temperature, previous studies have
reported that the change of temperature extremes might largely contribute to a shift of the mean tempera-
ture (McKinnon et al., 2016; Tingley & Huybers, 2013). In addition, as did in Loikith & Broccoli (2012),
we found that the increase of warm extremes at some locations (e.g., SRB river basin) were associated with
positive change of 500‐hPa geopotential height. As the warming increased, the 500‐hPa geopotential height
was projected to enhance over most of China, expect some portions over north part of NWRB and YLB river
basin, which again indicated the potential effect of atmospheric circulation on the extreme temperature
events (figures not shown). Besides, other studies also pointed out that the land surface also plays a crucial
role (Fischer et al., 2007; Teuling et al., 2010), implying complex nonlinear interactions. So it is difficult to
address this question simply; the specially designed numerical experiments in the model and further case
studies are required to better understand this issue.

4.2. Precipitation Extremes

The spatial distribution of the changes in precipitation extremes for different degrees of global warming
based on the RCP8.5 scenario are presented in Figure 8. A significant increase in R1mm occurred in

Figure 8. Same as in Figure 5 but for percentage changes (units: %) in precipitation for the indices R1mm, RX5day, CDD, and SDII. The oblique region indicates
changes that are significant at the 90% confidence level based on the Student's t test.
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northern and western China for 1.5 °C–4 °C of global warming (Figures 8a–8d), especially in the NWRB,
which exhibited the greatest amount of change. A decrease of less than 10% occurred in most of southern
China and the southern part of northeastern China. Also, both the increases and decreases were projected
to increase in magnitude as the degree of global warming was increased. For 1.5 °C of global warming,

Figure 9. Same as in Figure 6 but for percentage changes (units: %) in the precipitation indices of (a) R1mm, (b) RX5day,
(c) CDD, and (d) SDII.
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parts of the NWRB and small areas in northeastern China and the YRB experienced significant changes at
the 90% confidence level, and these areas gradually grew as the degree of global warming was increased.

Similar to the temperature extremes, the changes in the four extreme precipitation indices averaged over the
10 main river basins and China as a whole for 1.5 °C–4 °C of global warming are shown in Figure 9. As can
be seen from Figure 9a, R1mmwas projected to increase in 6 out of the 10main river basins, with the greatest
increase occurring in the NWRB (increases by 1.6%, 3.2%, 8.2%, and 10.8% for 1.5 °C, 2 °C, 3 °C, and 4 °C of
global warming, respectively). However, decreases occurred in the YRB, ZRB, SERB, and SWRB. Thus,
higher degrees of global warming led to more significant increases or decreases in most of China, except
for the HRB.

Although RX5day was generally projected to increase over the whole China under 1.5 °C–4 °C of global
warming targets, only a few places in the eastern part of the Tibetan Plateau, eastern China, and northeast-
ern China experienced statistically significant increases at the 90% confidence level (Figures 8e–8h).
Notably, the maximum increase occurred in SWRB for 1.5 °C–2 °C of global warming, while the greatest
value was found in northwestern and southeastern China for 3 °C–4 °C of global warming. For basin‐scale
regional mean (Figure 9b), almost all of the 10 main river basins were projected to experience an increase in
RX5day, except for the LRB under 1.5 °C of global warming and the HaiRB under 2 °C of global warming
which showed a slight decrease. Additionally, a larger increase in RX5day occurred in the HRB, with values
reaching 9.9% and 13.2% for 1.5 °C and 2 °C of global warming, respectively, while the greater increase
shifted into the SWRB, with increased values of 15.7% and 21.4% for 3 °C and 4 °C of global
warming, respectively.

In contrast to the changes in R1mm (Figures 8a–8d), CDD (Figures 8i–8l) decreased significantly in northern
and western China, especially in the NWRB, while it increased in most of southern China and the southern
part of northeastern China, under 1.5 °C–4 °C of global warming. Also, both the increases and decreases
were projected to become more remarkable as the degree of global warming was increased. For 1.5 °C of glo-
bal warming, the changes that were significant at the 90% confidence level occurred in parts of the NWRB.
The area influenced by warming gradually increased, and the increase becamemore significant as the degree
of global warming was increased. As can be seen from Figure 9c, CDDwas projected to generally decrease in
most of the main river basins, except for the LRB, HRB, YRB, ZRB, and SERB. This demonstrated that the
largest amount of decrease occurred under 3 °C–4 °C of global warming in most basins. For 1.5 °C–4 °C
of global warming, the maximum decreases of −4.3%, −9.7%, −13.4%, and −16.4% occurred in the YLB
for 1.5 °C, 2 °C, 3 °C, and 4 °C of global warming, respectively.

The changes in SDII (Figures 8m–8p) were similar to those of RX5day (Figures 9e–9h), increasing in most
parts of China under 1.5 °C–4 °C of global warming. The changes in the eastern part of the Tibetan
Plateau, in eastern China, and in northeastern China were significant at the 90% confidence level. The max-
imum increase occurred in northwestern China. As can be seen from Figure 9d, all of the 10 main river
basins were projected to experience an increase, with maximum increases of 2.4%, 3.6%, 7.7%, and 14.3%
in the NWRB occurring for 1.5 °C, 2 °C, 3 °C, and 4 °C of global warming, respectively.

The above analysis suggested that the changes in CDDwere mainly affected by the changes in the number of
rainy days (R1mm), while the increases in SDII were related to the increases in of the number of heavy pre-
cipitation events (RX5day). This is consistent with previous results from a single RCM (Li, Zhou, et al., 2017)
and GCM ensembles (Chen et al., 2015). It can also be concluded that the uncertainties in the precipitation
extremes were more complicated than those of the temperature extremes (Figures 6 and 9), which depended
on different indices and different regions. However, larger uncertainties existed in the CDD values of the 10
main river basins in China, compared to other precipitation indices. The larger increase in R1mm, RX5day,
and SDII, and the significant decrease in CDD, occurred in most parts of northern and western China.

Note that although the areas with larger biases located in northern and western China (SWRB and NWRB),
characterized by complex topography and a sparse station distribution, also showed large uncertainties in
projection results (Figures 6 and 9), quantitative COR analysis (not shown) indicated that there was no
obvious relationship between model biases and simulation uncertainty.

The PDFs of the projected precipitation extremes averaged over all of China for 1.5 °C, 2 °C, 3 °C, and 4 °C of
global warming are presented in Figure 10. For China as a whole, the R1mm (Figure 10a) increased as the
degree of global warming was increased, with values of 0.9%, 0.7%, 1.3%, and 1.4%, respectively. In addition,
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more remarkable increases of 4.6%, 6.3%, 10.6%, and 17.4% for RX5day occurred (Figure 10b). However,
CDD (Figure 10c) was projected to decrease in the future, with values of −3.3%, −3.7%, −4.8%, and −5.8%
for 1.5 °C, 2 °C, 3 °C, and 4 °C of global warming, respectively. SDII, meanwhile, increased significantly
(Figure 10d) by 2.2%, 3.1%, 5.7%, and 9.0% for 1.5 °C, 2 °C, 3 °C, and 4 °C of global warming, respectively.
Thus, the PDFs of R1mm, RX5day, and SDII shifted to the right and their curves broadened as the degree
of global warming was increased. However, the PDF of CDD shifted left, but with the curve still
broadening. it can also be concluded that the projected precipitation indices (R1mm, Rx5day, and SDII),
which represent the number of rainy days, extreme precipitation, and the precipitation intensity over
China, respectively, increased substantially under 1.5 °C–4 °C of global warming, especially extreme preci-
pitation. Thus, the number of drought events can be expected to decrease greatly. In addition, except for
CDD, which had a larger magnitude for 3 °C of global warming than for 4 °C (Figure 10c) due to the greater
increase in southern China (Figure 8k), the changes in the magnitudes of the other indices increased as the
degree of global warming was increased, demonstrating the increased spatial heterogeneity of the changes in
precipitation extremes.

4.3. Possible Factors Affecting the Changes in Precipitation Extremes

Extreme climate changes are closely related to mean climate change, and thus, examinations of the possible
factors controlling the change in mean precipitation are helpful for further understanding extreme precipi-
tation changes (Meehl et al., 2005). Previous studies have indicated that precipitation events in Chinamainly
occur in summer (Ding et al., 2008), and their changes may be responsible for changes in atmospheric moist-
ure content and changes in atmospheric circulation (Diffenbaugh et al., 2005; Meehl et al., 2006; Singh et al.,
2013; Zhou & Yu, 2005; Zou & Zhou, 2016). Therefore, in the present study, the change in water vapor flux
convergence (also called moisture flux convergence (MFC)), vertically integrated from the surface to the top
of the atmosphere in summer (Figure 11), was investigated using the method of Seager and Henderson
(2013) based on the 6‐hourly output of RegCM4. As can be seen from the figure, an increasing convergence
of the summer water vapor transport was generally projected over most of eastern and western China under

Figure 10. Same as in Figure 7 but for the percentage changes (units: %) in the precipitation indices of (a) R1mm, (b)
RX5day, (c) CDD, and (d) SDII.
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1.5 °C–4 °C of global warming, which will contribute to more precipitation and more extreme precipitation
events. Further analysis conducted with the 500‐hPa geopotential heights and winds as well as the 850‐hPa
specific humidity and winds (figures not shown) showed enhanced cyclonic flow and a corresponding weak
increase in 500‐hPa geopotential height off the southeast coast and southwest of China, coupled with posi-
tive anomalies of 850‐hPa moisture and winds across these regions, which supports the MFC result. In addi-
tion, the changes in MFC were projected to strengthen further as the degree of global warming was
increased. This was consistent with the findings for precipitation changes in summer (figure not shown),
with the CORs between the changes of summer precipitation and MFC being 0.45, 0.41, 0.32, and 0.30 (all
significant at the 99% confidence level) for 1.5 °C–4 °C of global warming, respectively. These results indi-
cated that the changes in MFC could be the main explanation for the changes in the mean precipitation.

To further investigate the factors affecting the changes in precipitation extremes, scatterplots of extreme pre-
cipitation against various climate variables in summer, which indicates the role of summer monsoon, are
presented in Figure 12, and the associated correlation analysis is shown in Table 6. As can be seen from
the figure, R1mm was sensitive to the mean precipitation and the meridional wind (Vwind); however, rela-
tively weaker correlations were found in MFC, zonal wind (Uwind), and surface specific humidity (SH). The
RX5day and SDII indices showed similar correlations with the climate variables, characterized by higher
positive correlation with precipitation and MFC in summer due to the close relationship between precipita-
tion, MFC and SH, and negative relations evident for the changes in zonal and meridional winds. The dry-
ness index of CDD showed less correlation with summer precipitation; however, a negative correlation with
winter precipitation was found, related to the reduction of rainy days in winter (figure not shown), as well as
a negative correlation with MFC. Relatively weaker correlations, though, were found in winds and SH.
Therefore, it can be concluded that the contribution of increased atmospheric moisture content and changes
in atmospheric circulation that increased moisture convergence led to the increase in extreme precipitation.
To be more specific, the increases in RX5day and SDII were closely related to the mean precipitation, winds,
MFC, and SH, indicating the effect of both large‐scale and local processes, while the link between R1mm and
the change in Vwind indicated a more dominant effect of the large‐scale environment. Besides, the dryness
index of CDDwas related to the change in summerMFC and the change in precipitation during dry seasons.

Figure 11. Projected changes in vertically integrated water vapor flux convergence (MFC) (units: mm/day) under 1.5 °C–4
°C of global warming relative to 1986–2005.
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The analysis of the possible factors affecting the changes in extreme preci-
pitation presented in this paper can be viewed as an example to indicate
the potential influence of climate variables in regional extreme precipita-
tion projections in multimodel ensemble simulations. Deeper exploration
of the mechanisms involved is still needed in future work.

5. Conclusion and Discussion

Based on RegCM4 dynamic downscaling simulations driven by four his-
torical GCM simulations using the RCP8.5 scenario, the ability of the
model to reproduce extreme climate events in China, including its 10

Figure 12. Scatterplots of the precipitation extremes indices (a–e) R1mm, (f–j) RX5day, (k–o) CDD, and (p–t) SDII against the summer precipitation (Pr), water
vapor flux convergence (MFC), zonal (Uwind), and meridional (Vwind) winds at 850 hPa, and the surface specific humidity (SH) as well as the linear regres-
sions and CORs. The variables were averaged over the 10 main river basins in China under 1.5 °C–4 °C warming targets. The asterisk in (k) indicates the scatter of
CDD against precipitation in the dry season (September to February).

Table 6
The Correlation Coefficients (CORs) Between the Extreme Precipitation
Indices and the Summer Precipitation (Pr), Moisture Flux Convergence
(MFC), Zonal Wind (Uwind), and Meridional Wind (Vwind) at 850 hPa,
and Surface Specific Humidity (SH)

Pr MFC Uwind Vwind SH

R1mm 0.08 0.11 −0.08 0.28 −0.20
RX5day 0.43 0.17 −0.38 −0.44 0.78
CDD 0.03/−0.61 −0.30 −0.02 0.03 −0.10
SDII 0.51 0.24 −0.40 −0.29 0.69

Note. CORs in bold are statistically significant at the 90% confidence level.
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main river basins, was investigated. Then, future changes were projected under 1.5 °C, 2 °C, 3 °C, and 4 °C of
global warming.

The evaluation suggested that the ENS and individual simulations satisfactorily reproduced the features of
extreme climate events in China. Compared to the individual simulations, the ENS simulation better repro-
duced the spatial distribution of the temperature extreme indices (TXx, TNn, SU, and ID) and the precipita-
tion extreme indices (R1mm, RX5day, CDD, and SDII) than at least two out of four of the simulations,
indicating the overall reliable of the ENS for subsequent analysis. However, some biases occurred in the
simulations. For instance, in most of the 10 river basins, there was a general warming bias, with TXx,
TNn, and SU significantly underestimated. Meanwhile, ID was overestimated, probably because of the cold
bias in RegCM4 driven by the GCMs and the uncertainties in the observational data set. In addition, for most
of China, R1mm, RX5day, and SDII were significantly overestimated, and CDD was underestimated, which
was mainly caused by the wet biases of RegCM4 driven by the GCMs and due to the uncertainties in the
observational data set, indicating the difficulties faced by climate models in simulating extrememonsoon cli-
mate events over East Asia.

For 1.5 °C–4 °C of global warming, TXx, TNn, and SU were projected to increase substantially in China and
its 10 main river basins in the future. The largest TXx values occurred in the LRB, HaiRB, YLB, HRB, and in
the area along the SWRB, while the largest TNn values were seen in the SWRB and the largest SU values in
the SWRB. The number of cold events (ID) substantially decreased under 1.5 °C–4 °C of global warming,
especially in the YLB. In addition, the projected precipitation indices (R1mm, Rx5day, and SDII) remarkably
increased under 1.5 °C–4 °C of global warming, expect for R1mm in southern China. The magnitudes of
these increases generally increased in most of northern and western China, mainly due to the profound
increases in the amount of summer water vapor transport. However, the number of drought events (CDD)
greatly decreased in these regions and had larger uncertainties. Notably, the changes in the magnitudes of
extreme events increased significantly as the degree of global warming was increased.

Although added value was evident in the RCM simulations, the performance of RegCM4 was generally con-
sistent with previous studies (Gao et al., 2017; Hui et al., 2018; Niu et al., 2018; Shi et al., 2018) and there was
no remarkable improvement with respect to extreme precipitation, with some of the persistent biases found
in previous model versions, as well as many other climate models, remaining. More efforts are therefore
needed in the future to better understand and reduce these model biases. At present, RegCM4 is undergoing
further developments, with some new model physics options such as CLM4.5 and new convection parame-
terization options in the process of being updated. To improve these long‐standing biases, these new
schemes will need to be tested in the future. In terms of model uncertainty, further improvements to the
model will be carried out based on specifically designed experiments to check and identify the major reasons
behind the model's performance. Furthermore, at present, climate change simulations conducted using
RCMs in China are very limited, and thus, further data collection and more simulations are required to
reduce the uncertainty of future analyses. Additionally, efforts are being made to study whether the biases
in present‐day simulations might be having an effect on the projected results. For temperature, the results
thus far indicate that the forcing from the GCM is dominant both for the magnitude and large‐scale distribu-
tion of change signals at the regional scale, as well as the interannual changes (Wu & Gao, 2019). In general,
no clear relationships can be found between the model bias and change signal. Plans are also afoot in the
next phase of this research to analyze the bias and change with respect to precipitation.
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