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Key points:  

 An ensemble of four RCM dynamical downscaling simulations driven by four 

contrasting GCMs is used to study changes in extreme high and low temperatures 

in China. 

 Marked dissimilarities are shown in western China across the four simulations, 

implying a dependency on individual GCM-driven RCM simulation for this region. 

 Greater changes in extreme temperature are generally shown in the Tibetan Plateau 

and its adjacent regions for the majority of indices, demonstrating the enhanced 

sensitivity of the plateau to changes in extremes. 
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ABSTRACT 

Extreme climate events are often of great interest because of their close relationship 

with meteorological and hydrological disasters. In this study, four RCM simulations 

driven by different GCMs (CSIRO-Mk3.6.0, EC-EARTH, HadGEM2-ES, and MPI-

ESM-MR) are used as an ensemble to project changes in extreme high and low 

temperatures in China as represented by selected Expert Team on Climate Change 

Detection indices. Each simulation is performed at 25 km resolution from 1980 to 2099 

using RegCM4.4 RCM. Results show the following: (1) All four reasonably reproduce 

climatological maximum daily maximum temperature (TX), warm spell duration, 

minimum daily minimum temperature (TN), and cold spell duration, but the majority 

shows relatively weak ability to capture climatological warm day and cold night 

frequencies. (2) Although the RCM homogenizes much of the variance originally 

shown between driving GCM simulations, marked dissimilarities are still shown in 

western China across the four downscaling simulations, implying a dependency on the 

individual GCM-driven RCM simulation for this region. (3) All of China shows an 

increase in maximum TX, warm days, warm spell duration, minimum TN, and a 

decrease in cold nights and cold spell duration, during the near-term, middle-term, and 

long-term. The Tibetan Plateau and its adjacent regions show more significant changes 

in extreme temperature, indicating stronger sensitivity to changes in extremes. RCM 

downscaling projects less significant change in extreme temperatures than the driving 

GCM. (4) The ensemble of RCM simulations projects that area-averaged maximum TX, 

warm days, warm spell duration, and minimum TN increase over China as a whole by 

2.5 °C, 21.1%, 43.6 days, and 3.3 °C respectively, while cold nights and cold spell 

duration decrease by 6.8% and 2.0 days respectively during the long-term under the 

RCP4.5 scenario relative to 1986–2005. Future episodes of extreme high temperature 

are likely to require more research as they become more common. 
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1. Introduction 

There is increasing concern that with a warming global climate, there could be an 

increase in the occurrence of climate-related disasters, which threaten economic 

development and the safety of the human population (IPCC, 2013). Many previous 

studies have focused on changes in mean climate (Li et al., 2009; Hansen et al., 2010; 

Tang et al., 2010; Jones et al., 2012), however, climate extremes are more closely 

related to most meteorological and hydrological disasters (Seneviratne et al., 2012). For 

example, the extraordinary heat wave which occurred in Russia in 2010 caused 

approximately 55000 deaths, a drop in annual crop production of 25%, and an economic 

loss over 15 billion US dollars (Barriopedro et al., 2011). Other examples also include 

the heavy rain that fell in Beijing in July 21, 2012, killing 78 people and causing 

economic loss of more than 11 billion US dollars (Sun et al., 2012). Thus, reliable 

projections of changes in climate extremes are critical for disaster prevention and 

mitigation. 

Previous work has shown that changes in extremes have not been globally uniform 

and that regional disparities can be pronounced (Alexander et al., 2006; Sillmann et al., 

2013a, 2013b). This means that regional studies are essential. China is characterized by 

a wide variety of climates, including areas of complex topography and/or high elevation 

such as the Tibetan Plateau. The East Asian monsoon regime impacts much of China, 

making the country sensitive to changes in this component of the global climate system 

(Huang and Zhou, 2002). Extreme climate events have occurred frequently in China in 

recent decades (Wang et al., 2012; Zhou et al., 2016) and thus understanding their 

synoptic controls and how these may change in future are critical for understanding the 

effects of future climate change in China (Wang et al., 2012; Lu and Chen, 2016). The 
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eastern regions in China contain a high density of population and depend on agriculture 

which is particularly sensitive to extreme events such as high and/or low temperatures, 

drought and/or heavy rainfall. 

Many studies have examined past and future changes in climate extremes in China 

(Zhai and Pan, 2003; Gong et al., 2004; Ding et al., 2010; Zhou and Ren, 2011; Wang 

et al., 2012; Chen and Sun, 2015a; Zhou et al., 2016). General climate models (GCMs) 

were used in many studies, but results were often limited by their coarse resolution 

(Jiang et al., 2004; Chen and Sun, 2015a; Xu et al., 2015; Sun et al., 2016). Thus 

regional climate models (RCMs) have been developed to incorporate more realistic 

topographic forcing (Gao et al., 2002; Zhang et al., 2006; Gao et al., 2012; Wang et al., 

2012; Yu et al., 2015; Gao et al., 2017a; Gao et al., 2017b). Consequently, RCMs have 

been widely applied to climate extreme analyses (Feng et al., 2011; Gao et al., 2012; 

Xu et al., 2013; Yu et al., 2015; Ji and Kang, 2015; Park et al., 2016; Li et al., 2018; 

Niu et al., 2018; Zhou et al., 2018; Kong et al., 2019). However, most existing studies 

are based on individual GCM-driven RCM simulations, which result in a strong model 

dependency (Gao et al., 2012). Multiple GCM-driven RCM ensembles are expected to 

better represent model derived uncertainty and so provide more robust projections of 

changes in climate extremes (Kalognomou et al., 2013; Guo et al., 2018), but the 

corresponding studies remain scarce for China.  

This study therefore uses an ensemble of four new dynamical downscaling 

simulations to carry out projections of the future change in extreme high and low 

temperatures in China, concentrating on the following questions:  

(1) how well do individual GCM-driven RCM simulations and their ensemble 

reflect the current climatology of extreme temperatures? 

(2) how does an ensemble of multiple GCM-driven RCM simulations project 

future changes in temperature extremes?  
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The four simulations are conducted using the RegCM4.4 RCM nested within EC-

EARTH, MPI-ESM-MR, HadGEM2-ES, and CSIRO-Mk3.6.0 GCMs, respectively. 

Gridded observations of CN05.1 based on 2416 weather stations in China are used to 

validate the simulations. 

2. Data, model, experimental design, and methods 

2.1 Data: input GCM data and observations 

Historical and future six-hourly climate data (wind speed, temperature, and 

humidity) from the relevant GCMs of the fifth phase of the Coupled Model 

Intercomparison Project (CMIP5) simulations are used to drive the RCM. The four 

GCMs, CSIRO-Mk3.6.0, EC-EARTH, HadGEM2-ES, and MPI-ESM-MR, have 

relatively high resolution (Table 1) and have shown reasonable performance over China 

(Jiang et al., 2016). They are referred to as “driving GCMs” in this study. The future 

scenario used is representative concentration pathway (RCP) 4.5, which is a medium-

low emission scenario with radiative forcing peaking at 4.5 W m−2 by 2100 (Moss et 

al., 2010). Detailed information regarding CMIP5 model simulations can be found in 

Taylor et al. (2012) and data are available through the Earth System Grid Federation 

(ESGF) data service at http://pcmdi9.llnl.gov/esgf-web-fe/. CMIP5 data have been used 

widely in previous research on historical and future climate change (Collins et al., 2013). 

A set of gridded daily maximum and minimum surface air temperatures (TX and 

TN, respectively) observations (CN05.1) across China are used to assess the 

performance of the RCM simulations (Wu and Gao, 2013). The CN05.1 dataset, based 

on 2416 weather stations (1961–2015), interpolated to a 0.25° × 0.25° grid, is one of 

the best available observed datasets on mean and extreme air temperatures and 

precipitation in China and has been widely used both to quantify climate change (Zhou 

et al., 2016) and validate model simulations in previous work (Guo and Wang, 2016; 
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Gao et al., 2018; Chen and Gao, 2019). 

2.2 Model (RCM) 

    The regional climate model used to perform the dynamical downscaling 

simulations is the Abdus Salam International Centre for Theoretical Physics Regional 

Climate Model version 4.4 (RegCM4.4), which is developed by the International Centre 

for Theoretical Physics (ICTP) (Giorgi et al., 2012). The model has 18 vertical layers 

from 1000 hPa up to 10 hPa. A combination of physical schemes is employed based on 

those demonstrated to be suitable for other climate simulations in China (Gao et al., 

2016). Atmospheric radiative transfer is calculated based on the radiation package from 

the Community Climate Model version 3 (CCM3) model. The planetary boundary layer 

calculation is the non-local formulation (Holtslag et al., 1990). Convective precipitation 

is represented by Emanuel scheme (Emanuel, 1991), while large-scale precipitation is 

diagnosed by Subgrid Explicit Moisture Scheme (SUBEX) (Pal et al., 2000). The land 

surface processes are modelled using CLM3.5 model (Oleson et al., 2008). The original 

land cover data in the model have relatively coarse resolution (0.5° × 0.5°) and may 

include large bias and uncertainty in China (Ran et al., 2010). Thus the data were 

corrected using the vegetation scheme of Han et al. (2015) based on the 1:1,000,000 

Vegetation Atlas in China (Zhang, 2007). Corrected land cover data not only address 

more regional details (25 km), but also decrease bare ground and crop coverage and 

increase shrub coverage, relative to original data. RegCM4.4 and its earlier version 3.0 

have been used worldwide in numerous climate simulations during the past decade 

(Gao et al., 2002, 2018; Shi and Gao, 2008). 

2.3 Experimental design 

Four dynamical downscaling simulations are conducted using RegCM4.4 driven 

by each GCMs in turn, keeping the physical schemes fixed as described above. The 

simulations cover 1979–2098 with the first two years for model initialization. The 
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period 1981–2005 is considered as historical, while 2006–2098 is considered as future. 

The domain of the simulations complies with the recommended East Asia region in the 

International Coordinated Regional Climate Downscaling Experiment (CORDEX) 

phase II (For details see http://www.cordex.org), which includes China and adjacent 

regions (Giorgi et al., 2009; Han et al., 2017; Wu and Gao, 2020). The horizontal 

resolution of the simulation was set at 25 km, following the specifications of the 

CORDEX phase II. The four GCM-driven RCM simulations are abbreviated hereafter 

as EdR (EC-EARTH-driven RegCM4.4), MdR (MPI-ESM-MR-driven RegCM4.4), 

HdR (HadGEM2-ES-driven RegCM4.4), and CdR (CSIRO-Mk3.6.0-driven 

RegCM4.4). A summary of the simulations is shown in Table 1. 

2.4 Extreme Temperature Indices 

The Expert Team on Climate Change Detection (ETCCD) indices are used to 

represent extreme high and low temperatures. These are divided into three categories: 

absolute indices [such as maximum TX (TXx), minimum TX (TXn), maximum TN 

(TNx), and minimum TN (TNn)], fixed threshold indices [such as warm days (TX90p), 

cold days (TX10p), warm nights (TN90p), and cold nights (TN10p)], and duration 

indices [such as warm spell duration (WSDI) and cold spell duration (CSDI)]. In this 

study, extreme high temperature is represented by TXx, TX90p, and WSDI, while 

extreme low temperature is presented by TNn, TN10p, and CSDI. The period 1981–

2000 is used to determine the threshold values for calculation of the 10th and 90th 

percentiles for TX90p, TN10p, WSDI, and CSDI. This is different from the commonly 

used 1961–1990 because the simulations only start in 1979. More detail regarding 

ETCCD indices is shown in Table 2 (see also Alexander et al., 2006; Chen and Sun, 

2015a; Zhou et al., 2016).  

2.5 Other methods 

The Taylor diagram, correlation coefficient, root mean squared error, and Nash-
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Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970) are used to quantitatively evaluate 

the level of agreement between simulated and observed extremes. The NSE indicates 

how closely the plot of simulations vs observations fits the 1:1 line. The NSE ranges 

from −∞ to 1; the simulated values are more accurate when the NSE statistic is closer 

to 1. As is the custom for IPCC (2013), 1986–2005 is taken as the reference period and 

the differences between future and reference periods represent the change during the 

future period. The periods 2016–2035, 2046–2065, and 2080–2099 are commonly used 

to represent near-term, middle-term, and long-term futures. Exceptionally, the period 

2079–2098 is used to represent long-term in this study due to the lack of simulation 

data for 2099. When evaluating the performance of the four driving GCMs, their air 

temperature data were interpolated into 0.25° × 0.25° grid of CN05.1 for homogenous 

comparison. Topographic correction is considered during the process of interpolation. 

Linear trends of extreme temperature are calculated as the slope of the least squares 

regression line where appropriate. 

3. Results 

3.1 Evaluation of simulated historical climatology of extreme temperatures 

All four simulations and the ensemble reproduce well the observed climatology of 

TXx (Figure S1), with a high spatial correlation coefficient of 0.98 (Table 3). Simulated 

cold biases in TXx are shown around the edge of the Tibetan Plateau and in the Inner 

Mongolia Autonomous Region, while warm biases are shown in South China and in 

Xinjiang Autonomous Region (Figure 1). The simulations also reasonably capture the 

observed climatology of WSDI, with the spatial correlation coefficient ranging from 

0.47 to 0.62 dependent on simulation (Figure S1). WSDI is underestimated over most 

of China except some isolated areas, particularly in the southwestern Tibetan Plateau 

(Figure 1). Compared to TXx and WSDI, however, there is a much weaker performance 

This article is protected by copyright. All rights reserved.



  / 28 
 

of the simulations in reproducing the observed climatology of TX90p, with the spatial 

correlation coefficient ranging from −0.19 to 0.18 (Table 3). Areas where TX90p is 

over or underestimated are broadly similar to those for WSDI (Figure 1). This is 

unsurprising since WSDI is calculated in terms of six consecutive extreme warm days. 

The observed climatology of TNn is also reproduced well in all four simulations 

and in the ensemble (Figure S2), with the spatial correlation coefficient ranging from 

0.89 to 0.94 (Table 3). However, large cold biases in simulated TNn can be seen in the 

Tibetan Plateau (Figure 2). The observed climatology of CSDI is reasonably reproduced, 

with spatial correlation coefficients ranging from 0.32 to 0.47. Weak overestimations 

of CSDI are shown in the majority of China, with exceptions in the north part of 

northwestern and northeastern China and at the southern edge of South China. Similar 

to TX90p, simulations show fairly weak performance in capturing the observed 

climatology of TN10p, with the spatial correlation coefficient ranging from −0.22 to 

0.23, and they overestimate TN10p across most of China, particularly in the western 

Tibetan Plateau. 

Compared to pure driving GCM simulations (with no RCM downscaling) (Figure 

S3, Figure S4, Figure 3, Table S1), the RCM simulations show improved simulation of 

the observed climatology of some extreme high and low temperature indices. However, 

variable performances are shown for different temperature indices. For instance, after 

RCM downscaling, spatial correlation coefficients increase for TXx, WSDI and CSDI, 

but there is a relatively small increase or even decrease for the rest of indices. For TXx, 

although the spatial correlation increases, there is no improvement shown due to RCM 

downscaling according to RMSE and NSE. As shown in Figure 3, RCM downscaling 

effectively reduces the contrasts between different GCM simulations and thus reduces 

uncertainty between the four GCMs.  

The standard deviation across all four GCM-driven RCM simulations is calculated 
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as an indicator of the differences between them. As shown in Figure 4, these differences 

in reproducing extreme high and low temperatures are small for China as a whole. From 

a regional perspective, the differences are much more obvious in western China. This 

is especially true for TX90p, WSDI, and TN10p (Figure 4). Part of the differences may 

of course be caused by differences among the four driving GCMs (Figure S5). However 

using the four GCM-driven RCM simulations removes much of the variance originally 

shown between driving GCM simulations (Figure S5), such as the center in North China 

for WSDI and the variance in CSDI over the Tibetan Plateau. These are reduced 

substantially after the RCM is used showing that the RCM has a homogenizing effect 

to some extent. However there remain some differences in the GCM-driven RCM 

simulations, implying some dependency on the choice of driving GCM in those regions. 

Caution is therefore needed when an individual GCM-driven RCM simulation is used 

to quantitatively estimate extreme temperatures over these regions.  

Among the four individual simulations, HdR overall shows superior simulated 

climatologies for extreme high and low temperature (Figure 3, Table 3) but all four 

show broadly the same pattern of over/under estimation across China. The multiple-

model ensemble (MME) produces a similar but slightly weaker performance than that 

of HdR individually (Figure 3, Table 3). The bias in extreme high temperatures is 

related to bias in the mean temperature. For instance, HdR has overall superior 

simulated climatologies for extreme high temperature in correspondence to superior 

mean temperature among the four individual simulations, while EdR has overall 

inferior simulated climatologies for extreme high temperature in correspondence to 

inferior mean temperature (Figure 1 and Figure S6). For extreme low temperature, such 

relation still exists, but behaves much weaker than extreme high temperature (Figure 2 

and Figure S6). 

3.2 Ensemble projection of future changes in extreme temperatures 
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In the following discussion we use the MME to examine projected future changes 

in extreme high temperature indices averaged over China. Trends in most indices agree 

well with observed changes (black line) during the historical period 1981–2005 (Figure 

5). The simulated trends are +0.4 °C decade−1, +2.4% decade−1, and +4.1 days decade−1 

for TXx, TX90p, and WSDI, respectively, which are close to but slightly smaller than 

the observed trends of +0.5 °C decade−1, +3.3% decade−1, and +5.3 days decade−1.  

For the future, extreme high temperature indices continue to increase strongly at 

first but gradually become more stable near 2098 under the RCP4.5 scenario (Figure 5). 

In the near-term (2016–2035), ensemble-mean TXx, TX90p, and WSDI will increase 

by approximately 1.0 °C, 6.9%, and 11.1 days respectively (future minus reference 

period) (Table 4). By the long-term (2080–2099), they will have increased by 

approximately 2.5 °C, 21.1%, and 43.6 days respectively (future minus reference 

period). Northwestern China overall is expected to show slightly greater increases in 

TXx than northeastern and southern China during the near-term (Figure 6). But during 

the middle and long-term, central China and the southeastern Tibetan Plateau show a 

greater increase in TXx than the rest of the country (Figures 7–8). A clear Tibetan 

Plateau/northeast China oriented pattern of greater/weaker changes in TX90p and 

WSDI is shown during the near-term, middle-term, and long-term (Figures 7–8) 

demonstrating the enhanced sensitivity of the Plateau region to future changes in 

extremes. As expected, all three high temperature indices increase more strongly as the 

future periods move from the near-term to long-term.  

Simulated ensemble-mean historical changes in extreme low temperature indices 

are also broadly comparable to observations although the trend in TNn over the 

historical period is somewhat weaker than observed (Figure 5). Simulated TNn, TN10p, 

and CSDI trends are +0.6 °C decade−1, −2.1% decade−1, and −0.3 days decade−1, 

respectively, while the observed trends are +1.4 °C decade−1, −3.0% decade−1, and −0.1 

This article is protected by copyright. All rights reserved.



  / 28 
 

days decade−1, respectively. 

For the future, TNn first shows an increasing trend, and then remains more stable 

over the longer term (Figure 5). Relative to 1986–2005, TNn increases by 1.1 °C (future 

minus reference period) on average during the near-term (2016–2035) and by 3.3 °C on 

average during the long-term (2080–2099). TN10p and CSDI show significant 

decreasing trends in the future, with decreases of 3.5% and 1.0 days (future minus 

reference period) respectively during the near-term, increasing to 6.8% and 2.0 days 

respectively during the long-term. TNn shows more significant increases in northern 

China and on the Tibetan Plateau and weaker increases in south China during the near-

term, middle-term, and long-term (Figures 6–8). Large decreases in TN10p are shown 

for the Tibetan Plateau for all three future periods. For northeastern China, although 

TN10p does not show such as strong a decrease during the near-term, it becomes 

stronger during the middle-term and long-term (Figures 6–8). Decreases in CSDI do 

not show distinct regional differences during the near-term, but they became more 

distinct in the Tarim and Sichuan Basins during the middle and long-term. Similar to 

extreme high temperature indices, the changes in extreme low temperatures intensify 

in nearly all cases from the near-term to the long-term. 

It is interesting to examine the relationship between the magnitude of the projected 

changes and the original climatological bias (Liang et al., 2008; Liu et al., 2012; Wu 

and Gao, 2020). HdR projects the most significant changes in extreme high and low 

temperature indices (Figures S7–S8), but in general it has the smallest climatological 

bias (Figures 1–2). Although projected changes are much smaller for EdR than CdR 

(Figures S7–S8), EdR has similar climatological bias to CdR (Figures 1–2). Thus there 

is no simple relation between the size of projected changes and climatological bias. 

The relative amplitude of projected changes between the four GCM-driven RCM 

simulations broadly corresponds to that between pure driving GCM simulations (i.e. no 
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downscaling). For instance, the more significant changes in extreme temperatures 

simulated by CdR and HdR in comparison with EdR and MdR (Figures S7–S8) 

correspond well to the more significant changes in extreme temperatures simulated by 

CSIRO-Mk3.6.0 and HadGEM2-ES compared with EC-EARTH and MPI-ESM-MR 

(Figures S9–S10). Thus this implies that the projected changes are influenced by the 

driving GCM. In spite of this, every GCM-driven RCM simulation (Figures S7–S8) 

consistently projects less significant change in extreme temperatures than the 

corresponding driving GCM (Figures S9–S10), which is possibly attributed to the 

internal model physics of the RCM.  

4. Discussions  

4.1 Discussions on simulation performance of extreme temperature climatology 

Our evaluations show that the four GCM-driven RCM simulations reasonably 

reproduced the climatology of TXx, TNn, WSDI, and CSDI. However, there was 

relatively weak performance in reproducing TX90p and TN10p, similar to previous 

findings based on GCM simulations (Jiang et al., 2012; Chen and Sun, 2015b). TXx 

and TNn are a function of daily extreme temperatures alone (TX and TN respectively) 

for a certain year, while TX90p and TN10p are a function of both the threshold value 

(the 90th or 10th percentile derived from the reference period) and the daily extreme 

temperatures (TX and TN respectively) for a certain year. The increased number of 

independent variables encourages larger uncertainty and probably contributes to the 

weaker performance for TX90p and TN10p. On the other hand, WSDI and CSDI are 

calculated as a function of the same independent variables as TX90p and TN10p, but 

they have better performance. However, because WSDI and CSDI are expressed using 

the count of days when groups of at least 6 consecutive days meet the extreme criterion, 

the effective degrees of freedom (number of independent samples in the array) are 
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reduced. The total number of days in an individual year (the “spell duration”) can only 

be a summation of numbers of ≥6 for WSDI and CSDI. In many cases slight model 

uncertainties will not influence the number of ≥ six-day periods which qualify. 

Uncertainties on individual days distributed at random within a model simulation will 

all therefore influence TX90p and TN90p but not necessarily WSDI or CSDI. Despite 

these statistical differences in relative performance, most simulations reasonably 

reproduce the historical trends in the regional-mean extreme high and low temperature 

indices from 1986 to 2005. 

We cannot assume that bias contained in the historical simulations equates with 

the potential bias in the future simulations of changes in extremes. Some of the bias in 

the simulated climatology is systematic (bias that deviates by a fixed amount from the 

true value) and is in theory removed from the future simulations which are calculated 

as the differences in temperature between the future and past periods. Thus bias in 

theory can be reduced in future simulations due to the removal of the systematic 

component, notwithstanding additional sources of bias due to incorrect 

parameterization of future climate change processes. 

4.2 Discussions on potential sources of the simulated bias 

In order to examine the extent to which the original driving GCM is responsible 

for the spatial pattern of bias, the spatial correlation coefficients between climatological 

biases for each GCM-driven RCM simulation versus those for the original driving 

GCM simulation (without downscaling) are shown in Table 5. In many cases these are 

fairly high and statistically significant, especially for TX90p, WSDI, TN10p, and CSDI. 

This indicates that part of the bias in the RCM simulations is derived from biases 

inherent in the driving GCMs. However, biases in the four GCM-driven RCM 

simulations (Figures 1–2) have more similar spatial patterns compared to the results 

from the GCM simulations alone (Figures S3–S4). Thus the internal model physics of 
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RCM also influences the bias and to some extent homogenizes the results.  

In the RCM, convective precipitation is represented by the Emanuel scheme 

(Emanuel, 1991), which is demonstrated to have the best performance when CLM is 

used as land surface model (Gao et al., 2016). Therefore, it is likely that the contribution 

of the convection parameterization scheme to the bias is reduced. In addition, land cover 

data in CLM has been corrected based on finer scale observations in China (Han et al., 

2015) and thus could also contribute less to the bias. Previous studies indicate that 

model bias decreases when a higher resolution is used in regional climate simulation, 

especially for climate extremes (Ji and Kang, 2013; Shi et al., 2018). However, the 25 

km resolution in the present study still cannot address realistic finer-scale topographic 

forcing (such as local scale thermal convergence zones, cold air drainage) and thus will 

contribute to at least part of the bias. Observations used for validation are also sparse 

in western China, especially on the western Tibetan Plateau (Wu and Gao, 2013). 

Interpolation is used to create the gridded “observations” which will increase 

uncertainty relative to eastern China, thus potentially contributing to the bias. Special 

field campaigns on a local scale, including more accurate observations, are required for 

in-depth understanding of sources of bias in the simulations. 

4.3 Comparison with previous projection results 

This study predicts future increases in TXx, TX90p, WSDI, and TNn, but 

decreases in TN10p and CSDI over China as a whole, similar to results from other 

previous studies (Jiang et al., 2012; Zhou et al., 2014; Chen and Sun, 2015a; Ji and 

Kang, 2015; Chen et al., 2018), although the magnitudes of individual increases or 

decreases are sometimes different. 

For daytime indices, this study shows greatest change in TXx in north-western 

China during the near-term. Chen el al. (2018) presented greatest change in TXx in not 

only north-western China but also the Tibetan Plateau in a simulation of 1.5 °C warming 
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(roughly comparable to our near-term simulation) based on an ensemble of multiple 

GCMs. We also show strong change in TXx in central China and the southeastern 

Tibetan Plateau in the longer term. The former is also indicated by Zhou et al. (2014) 

based on an ensemble of multiple GCMs, but the sensitivity on the plateau is not (Zhou 

et al., 2014). For TX90p and WSDI, this study shows greater increase over the Tibetan 

Plateau, but weaker increases in north-eastern China in near-term, middle-term, and 

long-term. Similar results regarding these two indices are indicated by Chen et al. (2018) 

and Zhou et al. (2014). Jiang et al. (2012) and Ji and Kang (2015) also presented 

stronger increases in WSDI in the Tibetan Plateau. Ji and Kang (2015) however also 

showed additional regions to have greater increase in WSDI based on individual RCM 

simulations, which included north-east China, south Xinjiang, and the middle reaches 

of the Yellow River during the long-term. 

For nighttime indices, this study shows greater increase in TNn in northern China 

and on the Tibetan Plateau, but weaker increases in southern China in the near-term, 

middle-term, and long-term. Similar results are indicated by Zhou et al. (2014) and 

Chen et al. (2018). Regarding changes in TN10p, our study also shows similar results 

to the same past two studies i.e. greater decrease in the Tibetan Plateau and north-

eastern China for all future periods. Finally, for CSDI, both this study and Zhou et al. 

(2014) show greatest decreases in the Tarim and Sichuan Basins. However, some 

regional differences are shown, with this study showing greater decrease in the southern 

part of the Sichuan Basin, and Zhou et al. (2014) showing greater decrease in southern 

China. 

In summary, the major tendencies and regional characteristics of changes in future 

extreme temperatures from this study are broadly comparable to those from previous 

studies based on GCMs or an individual RCM. However small regional differences may 

be due to contrasting models and ensemble methods. In general, application of a range 

This article is protected by copyright. All rights reserved.



  / 28 
 

of methodologies will encourage an increase in reliability of projected results. Using an 

ensemble of multiple GCM-driven RCM simulations in this study thus helps advance 

our understanding of the future changes in extreme temperatures in China. 

5. Concluding remarks 

This study has carried out future projections of extreme high and low temperature 

events in China based on four new GCM-driven RCM dynamical downscaling 

simulations, and a combined multi-model ensemble (MME) simulation (mean of all 

four models). The main findings are as follows: 

1. TXx, WSDI, TNn, and CSDI are reasonably reproduced for historical 

climatologies by all four individual simulations, as opposed to TX90p and 

TN10p that show relatively weak performance.  

2. Although the use of a RCM homogenizes much of the variance originally 

shown between driving GCM simulations, marked differences between the four 

downscaling simulations remain in western regions, implying a dependency on 

the individual GCM-driven RCM simulation for this region.  

3. Significant increases in TXx, TX90p, WSDI, and TNn are projected during 

both the near-term and long-term, accompanied by significant decreases in 

TN10p and CSDI. Greater changes in extreme temperatures are generally 

shown in the Tibetan Plateau and in northern China for the majority of indices. 

In general, RCM downscaling projects less significant change in extreme 

temperatures than sole use of the driving GCM. 

4. From a quantitative perspective, area-averaged TXx, TX90p, WSDI, and TNn 

are projected by an ensemble of RCM simulations to increase in China as a 

whole by 2.5 °C, 21.1%, 43.6 days, and 3.3 °C respectively and TN10p and 

CSDI to decrease by 6.8% and 2.0 days respectively during the long-term under 
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the RCP4.5 scenario. Large attention therefore needs to be paid to such changes 

in extreme high temperatures because of the considerable increase in frequency 

and/or severity in the future. 

These results illustrate the response of extreme temperatures in China to a widely 

accepted customized emission scenario (RCP4.5). They may not necessarily reflect 

actual changes in extreme temperature in the future, but provide a useful reference 

given moderate emissions. The main results of this study compare well with many 

previous studies, although some disagreements are shown in areas of complex climate 

and topography such as the edges of the Tibetan plateau.  

Historically, research on extreme temperature projections in China has moved, in 

terms of methodology, from early individual RCM studies (Gao et al., 2002; Xu et al., 

2005; Zhang et al., 2006; Shi and Gao, 2008; Xu et al., 2013; Yu et al., 2015; Ji and 

Kang, 2015), to use of multiple GCMs (Jiang et al., 2004; Wang et al., 2008; Jiang et 

al., 2012; Chen and Sun, 2015a; Xu et al., 2015; Sun et al., 2016; Zhou et al., 2016). 

The present study combines the two approaches by evaluating the ability of multiple 

GCMs to drive one RCM and perform an ensemble projection of high and low 

temperature extremes over China in the near-term, middle-term, and long-term. The 

results help advance our understanding of the future evolution in extreme climate events 

and thus to prevent associated disasters. For the future, multiple RCM dynamical 

downscaling simulations with finer spatial resolution are required for ensemble 

studying extreme temperature changes especially in regions which are topographically 

complex and/or where changes in extremes are expected to be particularly rapid, such 

as the Tibetan plateau.  
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Figure 1. Observed (OBS) extreme high temperature climatologies (1986–2005, top row) and difference between 

simulated and observed extreme high temperature climatologies (second to sixth row, second row refers to CdR 

results followed by EdR, HdR, MdR, and their ensemble (MME)) in China. Extreme high temperature is specified 

as maximum TX (TXx, °C, left), warm days (TX90p, %, middle), and warm spell duration (WSDI, days, right). The 

top row has a unique color bar below it, while the second to sixth rows have a common color bar at the bottom of 

the entire figure. MB (mean bias) represents area-averaged bias of simulated versus observed results. The names of 

the simulations are given in the top left corner of each panel. 
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Figure 2. Observed (OBS) extreme low temperature climatologies (1986–2005, top row) and difference between 

simulated and observed extreme low temperature climatologies (second to sixth row, second row refers to CdR 

results followed by EdR, HdR, MdR, and their ensemble (MME)) in China. Extreme low temperature is specified as 

minimum TN (TNn, °C, left), cold nights (TN10p, %, middle), and cold spell duration (CSDI, days, right). The top 

row has a unique color bar below it, while the second to sixth rows have a common color bar at the bottom of the 

entire figure. MB (mean bias) represents area-averaged bias of simulated versus observed results. The names of the 

simulations are given in the top left corner of each panel. 
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Figure 3. Taylor diagrams comparing simulated and observed climatologies (1986–2005) from the four driving 

GCM simulations with the four GCM-driven RCM dynamical downscaling simulations: (a) high temperature 

[maximum TX (TXx, °C), warm days (TX90p, %), and warm spell duration (WSDI, days)], and (b) low temperature 

[minimum TN (TNn, °C), cold nights (TN10p, %), and cold spell duration (CSDI, days)]. Notes: For (b), the TN10p 

from EC-EARTH is not shown due to its large negative correlation coefficient (−0.43) in spite of a standard deviation 

of 0.94 and the CSDI from EC-EARTH is not shown due to its large standard deviation (1.68) and negative 

correlation coefficient (−0.21). 
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Figure 4. Standard deviation of the extreme high temperature climatologies [maximum TX 

(TXx, °C, a), warm days (TX90p, %, b), and warm spell duration (WSDI, days, c)], and low 

temperature climatologies [minimum TN (TNn, °C, d), cold nights (TN10p, %, e), and cold spell 

duration (CSDI, days, f)] (1980–2005) across the four GCM-driven RCM dynamical downscaling 

simulations. 
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Extreme high temperature Extreme low temperature

RCM
CN05.1

Figure 5. Multi-model ensemble (MME) projected temporal changes in extreme high 

temperature [maximum TX (TXx, °C, a), warm days (TX90p, %, c), and warm spell 

duration (WSDI, days, e)] and low temperature [minimum TN (TNn, °C, b), cold nights 

(TN10p, %, d), and cold spell duration (CSDI, days, f)] during the period from 1986–

2099 relative to 1986–2005 under the RCP4.5 scenario. Shaded areas represent one 

standard deviation across the four GCM-driven RCM simulations (RCM). The black 

line represents observed (CN05.1) changes in high and low temperature indices from 

1986 to 2005. 
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Figure 6. Projected multi-model ensemble (MME) spatial changes in extreme high 

temperature [maximum TX (TXx, °C, a), warm days (TX90p, %, c), and warm spell 

duration (WSDI, days, e)] and low temperature [minimum TN (TNn, °C, b), cold nights 

(TN10p, %, d), and cold spell duration (CSDI, days, f)] during the near-term (2016–

2036) relative to 1986–2005 under the RCP4.5 scenario. Changes in all areas have 

significance level exceeding 95% except those denoted with dots. 
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Figure 7. Projected multi-model ensemble (MME) spatial changes in extreme high 

temperature [maximum TX (TXx, °C, a), warm days (TX90p, %, c), and warm spell 

duration (WSDI, days, e)] and low temperature [minimum TN (TNn, °C, b), cold nights 

(TN10p, %, d), and cold spell duration (CSDI, days, f)] during the middle-term (2046–

2065) relative to the 1986–2005 under the RCP4.5 scenario. Changes in all areas have 

significance level exceeding 95% except those denoted with dots. 
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Figure 8. Projected multi-model ensemble (MME) spatial changes in extreme high 

temperature [maximum TX (TXx, °C, a), warm days (TX90p, %, c), and warm spell 

duration (WSDI, days, e)] and low temperature [minimum TN (TNn, °C, b), cold nights 

(TN10p, %, d), and cold spell duration (CSDI, days, f)] during the long-term (2079–

2098) relative to 1986–2005 under the RCP4.5 scenario. Changes in all areas have 

significance level exceeding 95% except those denoted with dots. 
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Table 1 Details of the four GCM-driven RCM dynamical downscaling simulations. 

General 

climate model 

Regional 

climate 

model 

Abbreviatio

n 

Horizontal resolution 

Perio

d 

Scenari

o 

Model 

domain 
Drivin

g 

GCM 

GCM-drive

n RCM 

CSIRO-Mk3.6

.0 

RegCM4.

4 
CdR 

1.861° 

× 

1.861° 

25 km 

1960

–

2099 

RCP4.5 
CORDEX-Ea

st Asia 

EC-EARTH 
RegCM4.

4 
EdR 

1.125° 

× 

1.125° 

25 km 

1979

–

2099 

RCP4.5 
CORDEX-Ea

st Asia 

HadGEM2-ES 
RegCM4.

4 
HdR 

1.25° 

× 

1.875° 

25 km 

1960

–

2099 

RCP4.5 
CORDEX-Ea

st Asia 

MPI-ESM-MR 
RegCM4.

4 
MdR 

1.861° 

× 

1.875° 

25 km 
1979–

2099 
RCP4.5 

CORDEX-East 

Asia 
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Table 2. Descriptions of selected extreme high (TXx, TX90p, and WSDI) and low (TNn, 

TN10p, and CSDI) temperature indices. 

Label Full name Defination Unit 

TXx Maximum TX Maximum of TX °C 

TX90p Warm days 
Percentage of days when TX > 

90
th

 percentile 
% 

WSDI Warm spell duration 

Annual count of days with at 

least 6 consecutive days when 

TX > 90
th

 percentile 

days 

TNn Minimum TN Minimum of TN °C 

TN10p Cold nights 
Percentage of days when TN < 

10
th

 percentile 
% 

CSDI Cold spell duration 

Annual count of days with at 

least 6 consecutive days when 

TN < 10
th

 percentile 

days 

Note. TX: daily maximum temperature; TN: daily minimum temperature. 
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Table 3. Statistics of the similarities between the three simulated high and low temperature climatologies during the period 1986–2005 and the 

corresponding CN05.1 data over China. CC denotes spatial correlation coefficient. RMSE denotes spatial root mean square error. NSE denotes 

spatial Nash-Sutcliffe efficiency. The bold type denotes the simulation closest to the observations. All correlation coefficients are statistically 

significant at the greater than 95% confidence level. 

 
CdR 

 
EdR 

 
HdR 

 
MdR 

 
Ensemble 

CC RMSE NSE CC RMSE NSE CC RMSE NSE CC RMSE NSE CC RMSE NSE 

High temperature 

TXx (°C) 0.98 2.19 0.91  0.98 2.26 0.91  0.98 1.86 0.94  0.98 1.93 0.93  0.98 1.87 0.94 

TX90p (%) 0.05 1.23 −2.39  −0.19 1.05 −1.45  0.18 0.82 −0.5  −0.13 0.98 −1.14  −0.03 0.89 −0.79 

WSDI (days) 0.51 3.61 −1.14  0.47 3.86 −1.44  0.62 3.10 −0.59  0.56 3.33 −0.82  0.60 3.14 −0.61 

Low temperature 

TNn (°C) 0.94 7.30 0.58  0.89 7.94 0.51  0.93 6.98 0.62  0.89 8.11 0.49  0.92 7.47 0.56 

TN10p (%) 0.09 0.87 −0.46  −0.22 1.15 −1.52  0.23 0.77 −0.12  0.09 0.74 −0.5  0.08 0.83 −0.31 

CSDI (days) 0.42 1.54 −0.06  0.32 1.69 −0.28  0.41 1.51 −0.01  0.35 1.58 −0.11  0.47 1.40 −0.13 
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Table 4 Simulated area-averaged ensemble-mean high and low temperatures in China 

during the present day, near term, middle term, and long term under the RCP4.5 

scenario. 

Variable 
Present day  

(1986–2005) 

Near term  

(2016–2036) 

middle term  

(2046–2065) 

Long term  

(2079–2098) 

High temperature     

TXx (°C) 30.6 (30.5) 31.6 (3%) 32.5 (6%) 33.1 (8%) 

TX90p (%) 12.0 (12.4) 18.9 (56%) 27.4 (128%) 33.1 (176%) 

WSDI (days) 4.7 (6.8) 15.8 (236%) 33.7 (617%) 48.3 (928%) 

Low temperature     

TNn (°C) −25.4 (−20.2) −24.3 (4%) −23.2 (9%) −22.1 (13%) 

TN10p (%) 9.2 (9.5) 5.7 (−38%) 3.4 (−63%) 2.4 (−74%) 

CSDI (days) 2.3 (2.5) 1.3 (−44%) 0.7 (−70%) 0.3 (−87%) 

Note. For present day, the values in brackets represent the observed values from 

CN05.1. For the future, the values in brackets represent percentage change relative to 

simulated present day values [calculated as: (projected value – simulated present day 

value)/simulated present day value]. 
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Table 5. Spatial correlation coefficients between climatological biases in extreme 

high and low temperature indices for GCM-driven RCM vs driving GCM (without 

downscaling). All correlation coefficients are statistically significant at 95% 

confidence level. 

Variabl

e 

CdR vs 

CSIRO-MK3.6

.0 

EdR 

vs 

EC-EART

H 

HdR vs 

HADGEM2-E

S 

MdR vs 

MPI-ESM-M

R 

MME of 

four 

GCM-drive

n RCM 

simulations 

vs MME of 

driving 

GCM 

simulations 

High temperature 

TXx 

(°C) 
−0.17 0.03 −0.27 −0.04 −0.15 

TX90p 

(%) 
0.69 0.61 0.11 0.70 0.62 

WSDI 

(days) 
0.79 0.68 0.64 0.85 0.90 

Low temperature 

TNn 

(°C) 
−0.06 0.47 0.05 0.30 0.19 

TN10p 

(%) 
0.49 0.47 0.32 0.56 0.65 

CSDI 

(days) 
0.81 0.80 0.53 0.77 0.90 
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