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Abstract
A new bias-corrected, statistically downscaled product, the NASA Earth Exchange Global Daily Downscaled Projections 
(NEX-GDDP) dataset, has been developed and released to help in understanding climate change at local to regional scales. 
Here, we evaluate the performance of the NEX-GDDP data in simulating daily maximum temperature (TX) and daily 
minimum temperature (TN) in the historical period 1961–2005 over China at national and regional scales. Projected future 
changes in TX and TN are assessed under the Representative Concentration Pathways (RCPs) 4.5 and 8.5 emissions scenarios. 
Results show that the NEX-GDDP data can capture the basic spatial patterns of TX and TN, but these results underestimate 
the warming trends of TX and TN from 1961 to 2005 over China. The largest biases are found in western China due to its 
complex terrain conditions; these biases are 2.33 and 2.21 times larger than those found in eastern China for TX and TN, 
respectively. The climate projections show that the difference in uncertainties is small between the east and the west, and 
higher warming changes correspond to greater uncertainties. The increasing trends under the RCP8.5 are 2.22 and 2.31 times 
the size found under the RCP4.5 by the end of the twenty-first century for TX and TN, respectively. The Tibetan plateau has 
the fastest warming trend under the two scenarios.
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1  Introduction

The phenomenon of global warming has generated great 
concern worldwide, because it has a series of effects on the 
natural environment and human society (Smith et al. 2015; 
Matthews et al. 2017; Sun et al. 2019; Gou et al. 2020; Sun 
et al. 2020). In recent years, some extreme climate events 
such as floods (Blöschl et  al. 2017), droughts (Mazdi-
yasni and AghaKouchak 2015) have had great impacts on 
humans and ecosystems. Among them, the influence of 
extreme maximum and minimum temperature events is 
most widespread and obvious, and observations show that 
the frequency of these events is increasing (Yin et al. 2015; 

Zheng et al. 2019). The fifth assessment report of the Inter-
governmental Panel on Climate Change (IPCC) points out 
that future global temperature will continue to increase and 
the occurrence of extreme weather and climate events will 
become more frequent (IPCC 2014). To face future climate 
change with better information and reduce the economic 
losses caused by extreme maximum and minimum tem-
peratures, increasingly sophisticated climate models have 
been developed over time. Today, most research on climate 
change relies on global climate models (IPCC 2014). As 
an important means to simulate and predict climate change 
of the past and future, global climate models (GCMs) have 
been widely used in various research fields, such as agricul-
ture (Dawson et al. 2014), hydrology (Gosling and Arnell 
2013) and so on. The fifth phase of the Coupled Model Inter-
comparison Project (CMIP5) has provided data that supports 
related research in various fields at regional and local scales 
(Taylor et al. 2012).

Most GCMs run on grids of relatively coarse resolution, 
which limits their ability to capture the spatial details of 
regions. The spatial resolution of most CMIP5 models is 
relatively low, and it varies from model to model. Therefore, 
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when using CMIP5 data, an interpolation method is usually 
used to unify the data to the same resolution (Jiang et al. 
2016); however, this alone still cannot meet the needs of 
regional climate change research. Over the past decade, a 
variety of dynamical and statistical downscaling methods 
have been widely used in the field of climate change (Liu 
et al. 2012; Sunyer et al. 2012). In June 2015, a high-res-
olution NASA Earth Exchange Global Daily Downscaled 
Projections (NEX-GDDP) dataset was released. The NEX-
GDDP dataset is produced using results from downscaled 
climate models under two of the four greenhouse gas emis-
sions scenarios known as Representative Concentration 
Pathways (RCPs) (Meinshausen et al. 2011), which are 
derived from the GCM runs conducted under CMIP5 (Taylor 
et al. 2012). The dataset was provided to promote scientific 
research at regional scales and enhance public understanding 
about future climate change (Thrasher et al. 2013). Gen-
erating the NEX-GDDP dataset requires two steps. First, 
biases of the CMIP5 model data are corrected by compar-
ing with observation data; then, high-resolution model data 
is obtained through a statistical downscaling method—the 
bias-correction spatial disaggregation (BCSD) method. The 
BCSD method that is used to generate the NEX-GDDP data-
set is specifically designed to address some limitations of 
current GCMs’ outputs (Wood et al. 2002, 2004; Maurer and 
Hidalgo 2008; Thrasher et al. 2012). The resulting dataset 
contains daily precipitation, daily maximum temperature 
and daily minimum temperature data of 21 CMIP5 mod-
els, and it has a spatial resolution of 0.25° × 0.25° resulting 
from the statistical downscaling method (Taylor et al. 2012). 
Compared with raw CMIP5 model data, NEX-GDDP can 
provide more detailed information at regional scales on cli-
mate change, and the biases of model simulation results are 
greatly reduced (Bao and Wen 2017).

Many researchers have used the NEX-GDDP data to con-
duct research in various regions worldwide. Projections for 
future heat waves over Pakistan were analyzed using NEX-
GDDP, and results indicate an increase in the number of both 
heat wave events and heat wave days in Pakistan (Ali et al. 
2018). Thilakarathne and Sridhar (2017) studied characteri-
zation of future drought conditions in the Lower Mekong 
River Basin using NEX-GDDP, and report that the area is 
expected to experience more severe and intense droughts. 
Nauman et al. (2019) assessed the impact of future climate 
change on streamflows upstream of Khanpur Dam in Paki-
stan using NEX-GDDP, and the study indicates that the max-
imum and minimum temperatures are anticipated to increase 
from RCP4.5 to RCP8.5 in the future. In a study evaluating 
over Southeast Asia, the warming trend was overestimated 
compared with Climate Research Unit (CRU) observations 
(Raghavan et al. 2018). A study investigating the advan-
tages of using NEX-GDDP over CMIP5 and data from the 
Coordinated Regional Climate Downscaling Experiment 

(CORDEX) for simulating the Indian summer monsoon was 
also conducted, and it was found that NEX-GDDP can cap-
ture the relevant spatial patterns of seasonal mean tempera-
tures and precipitation with the highest accuracy and fewest 
errors (Jain et al. 2019). The centennial drought outlook 
over the contiguous United States was investigated using the 
NASA-NEX downscaled climate ensemble, and researchers 
found a tendency toward more frequent and intense summer 
droughts (Ahmadalipour et al. 2017). Furthermore, studies 
on rice exposure to heat stress (Zhang et al. 2018a, b) and 
malaria hotspots (Semakula et al. 2017) were also conducted 
using NEX-GDDP. However, research using NEX-GDDP 
over China is relatively rare. Currently, only a few such 
studies have been conducted, focusing on drought (Cao 
and Gao 2019), extreme precipitation (Chen et al. 2017), 
population exposure to extreme heat (Huang et al. 2018) 
and so on. Other relevant research over China has focused 
only on small watersheds or regions (Zhang et al. 2018a, b). 
In general, most research over China as a whole has focused 
on extreme climate events, and few studies have paid close 
attention to temperature extremes. Small-scale studies are 
often conducted, while research over China as a whole is rel-
atively scarce. At the same time, China is one of the regions 
with the largest climate variability in the world due to its 
unique geographical location and monsoon climate (Zhou 
and Yu 2006). Research conducted over China as a whole 
requires high-resolution data due to its complex terrain, and 
high-resolution data can better show the detailed character-
istics of climate change over China (Gao et al. 2012; Guo 
and Wang 2016). Therefore, in light of past global warming 
and the continuing warming expected in the future, the study 
of daily maximum and minimum temperatures using NEX-
GDDP over China has become an urgent task for climate 
change research.

2 � Data and methods

2.1 � Data

The observed daily maximum temperature (TX) and daily 
minimum temperature (TN) in mainland China during the 
period 1961–2005 were obtained from the China surface 
temperature 0.5° × 0.5° gridded dataset (V2.0), developed 
by the National Meteorological Information Center, China 
Meteorological Administration. The datasets are constructed 
from 2472 station observations (Fig. 1).

Modeled TX and TN from NEX-GDDP were used in this 
study (data available at https​://cds.nccs.nasa.gov/nex-gddp). 
Results from 21 models (Table S1) for historical simulations 
(1961–2005) and future projections (2006–2099) under a 
medium-emissions scenario (RCP4.5) and a high-emissions 
scenario (RCP8.5) were involved in this study. We defined 

https://cds.nccs.nasa.gov/nex-gddp
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a 30-year baseline period for our analyses as 1970–1999. 
The raw resolution of NEX-GDDP data is 0.25° × 0.25°, and 
for evaluative purposes, all NEX-GDDP outputs in histori-
cal simulations were upscaled to the same resolution as the 
observed data (0.5° × 0.5° grid) by averaging every 2 × 2 
pixels.

2.2 � Methodology

In the following analyses, we evaluate the performance of 
NEX-GDDP model outputs during the historical period 
(1961–2005) and then project future scenarios over the 
medium-term (2040–2069) and long-term (2070–2099) 
future periods. There are many uncertainties in the evalua-
tion of climate change, and multi-model ensembles (MMEs) 
are considered to be effective in reducing the uncertainties 
(Dale et al. 2017). MME estimation results are also more 
reliable than estimations from single models (Slater et al. 
2016). Therefore, an MME was constructed by applying 
equal weights to all 21 models in our study. The Chinese 
mainland is divided into eight subregions based on admin-
istrative divisions and the characteristics of the monsoon 
climate over China (Shi and Xu 2007) (Fig. 1 and Table S2). 

In our study, subregions 1 to 4 are in eastern China and sub-
regions 5 to 8 are in western China.

2.2.1 � Evaluation skill score

Two methods have been used to evaluate the performance 
of the NEX-GDDP data. First, for the spatial distribution of 
biases for TX and TN, we used the simulation value minus 
the observation value at each grid point. Second, Taylor 
diagrams (Taylor 2001) were used to evaluate the annual 
variation for TX and TN in the historical period. The Taylor 
diagram can succinctly summarize the relationship between 
model results and observations. Three statistics (the corre-
lation coefficient, the root mean square error (RMSE) and 
the ratio of the standard deviations) are displayed in the 
diagram, which can more comprehensively and intuitively 
reflect the simulation ability of different models than any 
individual statistic.

2.2.2 � Uncertainty analysis

The spatial distribution of changes in the trends for TX and 
TN in the future was calculated by evaluating values at each 

Fig. 1   The regional divisions over China (subregion 1: Northeast 
China (NEC), subregion 2: North China (NC), subregion 3: Jianghuai 
(JH), subregion 4: South China (SC), subregion 5: Southwest China 

(SWC), subregion 6: Tibetan plateau (TP), subregion 7: Western part 
of Northwest China (WNW), subregion 8: Eastern part of Northwest 
China (ENW))
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grid point. To estimate the uncertainty for the average cli-
mate state over China in the future, we used an uncertainty 
analysis method described by Li and Zhou (2010). For 
measuring the effectiveness and reliability of the estimation 
results, we calculated a signal-to-noise ratio (SNR) as the 
ratio of the absolute value of variable variation (the anomaly 
value DN) to the standard deviation (SD). Here, DN took the 
absolute value of the difference between the MME value in 
the future period (2040–2069 and 2070–2099) and its base-
line value (1970–1999) over China. The formulas for SD and 
SNR were as follows:

where N is the number of models, Y
i
 is the multi-year mean 

of the model i in the simulation period and Ȳ  is the multi-
year simulation mean of the MME.

3 � Results

3.1 � Evaluation of historical daily maximum 
and minimum temperatures

3.1.1 � Spatial pattern

Figure 2 shows the spatial distribution of the biases in the 
simulation data (defined as the differences between the simu-
lation and observation values) for TX and TN, respectively. 
We found that NEX-GDDP can capture the basic spatial pat-
terns of TX and TN well, and simulation biases are relatively 
small. For TX, the simulation biases are mainly contributed 
by western China, and the biases in the west (2.03 °C) are 
2.33 times the size of those in the east (0.87 °C). For TN, the 
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√

√

√
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(2)SNR = DN∕SD

spatial distribution of simulation biases is similar to those 
of TX, and the biases in the west (1.92 °C) are 2.21 times 
the size of those in the east (0.87 °C). Xu and Xu (2012) 
found that simulation biases are also larger for temperature 
in western China than other subregions, which is relatively 
consistent with our results. With respect to seasonal patterns, 
the simulation biases of TX and TN are relatively small in 
winter (December-January–February (DJF)) and somewhat 
larger in summer (June-July–August (JJA)) (Fig. S1). But 
the difference in simulation biases between winter and sum-
mer is very small. For TX, the simulation biases are mainly 
contributed by summer, and the simulation biases in summer 
(1.74 °C) are 1.29 times the size of those in winter (1.35 °C). 
The simulation biases of TN and TX are similar, and the TN 
simulation biases in summer (1.53 °C) are 1.06 times the 
size of those in winter (1.45 °C).

Compared with the observations, simulation values for 
both TX and TN are overestimated over China, and the 
degree of overestimation is larger in the east than in the 
west. For TX, overestimation is mainly contributed by east-
ern China, and the contribution value in the east (0.33 °C) 
is 2.06 times the size of that in the west (0.16 °C). There are 
some similar results for TN. A previous study shows that 
the CMIP3/CMIP5 models tend to overestimate the tem-
perature in northeastern China (Hua et al. 2014). Therefore, 
we can assume that the simulated overestimation in eastern 
China is mainly contributed by the overestimation in north-
eastern China. However, the degree of overestimation for 
TN is much larger than for TX, and the contribution value 
in the east (0.51 °C) is 5.67 times the size of the value in 
the west (0.09 °C). For winter and summer, both TX and 
TN are overestimated over China. Moreover, the difference 
between winter and summer is small, and it has been con-
firmed that the models in CMIP5 underestimate the differ-
ences between winter and summer rates of temperature rise 
(Liu et al. 2014).

We also found that MME simulation performs better than 
a single model. This conclusion has also been reached by 

Fig. 2   Biases (simulation minus 
observation) for daily maxi-
mum temperature (a) and daily 
minimum temperature (b) of 
the MME over China from 1961 
to 2005
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previous researchers (Weisheimer et al. 2009). When com-
pared with the observations, the simulation results still have 
some biases. On the whole, the subregion with the largest 
simulation biases for TX and TN is the Tibetan plateau (TP) 
(see Fig. 1 for subregion designations). The TP subregion 
contributed a large simulation error to western China. It 
may be that the thermal state of the ground is significantly 
affected by the terrain, and the large thermal differences and 
strong non-uniformity near the steep terrain lead to a large 
simulation bias. At the same time, we also found that the 
TP subregion temperatures were always underestimated in 
winter and summer. Previous research also revealed that the 
majority of the models in CMIP5 have cold biases over the 
Tibetan plateau (Su et al. 2012). The subregion with the 
smallest simulation biases for TX and TN is the middle of 
the WNW subregion (Tarim basin). The Taklamakan Desert, 
located in the center of the Tarim basin in southern Xinjiang, 
is the largest desert in China. The small size of the simula-
tion biases there may be due to the fact that the desert terrain 
is flat and less affected by human activities than other areas. 
The simulation biases for TX and TN are also small in the 
Sichuan basin, which has been mentioned in previous stud-
ies (Bao and Wen 2017). Therefore, when studying these 
areas, we recommend the use of the NEX-GDDP dataset 
to obtain more accurate and reliable results. In addition, 

the biases in NEX-GDDP may be caused by biases in the 
observations themselves that are used in the bias correc-
tion (Raghavan et al. 2018). Among the reasons for this, 
first consider that the eastern coastal subregion of China 
has been experiencing rapid urbanization (Li et al. 2015). 
Most of the meteorological observation stations in eastern 
China are no longer located in the original natural ecologi-
cal environment. The meteorological observation stations 
in urban areas are now more affected by human activities 
than those in nonurban areas. To a large extent, this has led 
to distinct differences between the observational data from 
the eastern China meteorological observation stations and 
our actual, true meteorological values. Second, consider that 
the geographical conditions of western China are complex 
and diverse (Cheng et al. 2018). Using a small number of 
observation stations to represent the climate conditions of 
the entire vast western subregion will cause definite errors.

3.1.2 � Temporal variation

The annual variation of TX (Fig. 3) and TN (Fig. 4) anoma-
lies over China and different subregions is shown. In general, 
TX and TN fluctuate and rise yearly for observations and 
the MME, and the annual variation of TX is in good agree-
ment with that of TN. According to TX and TN anomaly 

Fig. 3   Annual variation of daily maximum temperature anomalies over China and different subregions from 1961 to 2005
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values for observations and the MME, the historical period 
can be divided into two periods: the anomaly values were 
mainly negative before 1985 and mainly positive after 1985. 
The warming trend of TX and TN accelerated notably after 
1995. Compared with a single model, the MME can better 
simulate the overall trend of TX and TN change. However, 
compared with the observations, the MME still has some 
biases in simulating the annual variation of TX and TN, 
and the biases of TX are larger than those of TN. We also 
found that the TX and TN anomaly values of the MME are 
significantly less than those of the observations. In most 
subregions of China, the warming trends of the observations 
for TX and TN are greater than those of the MME. For TX, 
NEX-GDDP underestimated the warming trend over China, 
and the warming trend of the observations (2.04 °C/100 yr) 
is 1.36 times that of the MME (1.50 °C/100 yr). For TN, 
observations indicate an increase during the historical period 
of about 3.77 °C/100 yr, while the MME shows a relatively 
mild increase of about 1.81 °C/100 yr. Xu and Xu (2012) 
revealed that most CMIP5 models underestimated the actual 
temperature, which is consistent with our findings. For TX 
and TN, the subregion with the fastest warming trend over 
the past few decades for both observations and the MME is 
the NEC subregion. Previous studies have shown that the 
warming trend apparent across most of China was highest in 

the northeast from 1955 to 2000 (Liu et al. 2004). The warm-
ing trend in the NEC subregion was underestimated, and the 
warming trend of TX for the observations (3.27 °C/100 yr) 
is 1.69 times that of the MME (1.94 °C/100 yr), while the 
warming trend of TN for the observations (5.60 °C/100 yr) 
is 2.43 times that of the MME (2.30 °C/100 yr). At the same 
time, we also found that the MME has the largest simulation 
biases for the NEC subregion. The warming trend is small-
est for the observations in the SWC subregion, and smallest 
for the MME in the SC subregion. The poor simulation of 
warming trends over the past few decades may be due in part 
to the short time series of the historical periods. Past studies 
have found that climate models are better at simulating long-
term climate sequences (Randall et al. 2007). In addition, 
the limited simulation capability of the climate model itself 
determines that the model simulation results deviate from 
observations (Flato et al. 2013).

To quantitatively evaluate the performance of NEX-
GDDP for annual variation, the Taylor diagrams show 
three statistics to reflect the simulation ability of the differ-
ent models (Fig. 5). The figures show the 21 NEX-GDDP 
models used in our study and their ensemble average com-
pared with the observations on an annual scale. The lefthand 
diagram shows high correlation coefficients of models and 
observations, ranging from 0.4 to 0.7. Only values for the 

Fig. 4   Annual variation of daily minimum temperature anomalies over China and different subregions from 1961 to 2005
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MME, ACCESS1.0, CanESM2 and GFDL-ESM2M are 
higher than 0.7, while those of INM-CM4 and MRI-CGCM3 
are lower than 0.2. The RMSEs of the MME, ACCESS1.0, 
CanESM2 and GFDL-ESM2M are less than 0.8, while the 
RMSEs of INM-CM4, IPSL-CM5A-MR and MRI-CGCM3 
are greater than 1. The ratios of standard deviations of most 
models are mainly between 0.5 and 1, and that of the MME 
is the least, close to 0.5. Compared with other models, the 
MME, ACCESS1.0, CanESM2 and GFDL-ESM2M have 
better simulation performance for the annual variation of TX 
over China. The righthand diagram shows high correlation 
coefficients between models and observations, ranging from 
0.5 to 0.8. Those of the MME and CanESM2 are higher than 
0.8, while those of INM-CM4 and MIROC-ESM-CHEM 
are lower than 0.5. The RMSEs of the MME, CanESM2 
and IPSL-CM5A-LR are less than 0.65, while the RMSE 
of MIROC-ESM-CHEM is greater than 0.9. The ratios of 
standard deviations of all models are between 0.4 and 0.8, 
among which that of the MME is the smallest. Compared 
with other models, the MME, CanESM2 and IPSL-CM5A-
LR have better simulation performance for the annual varia-
tion of TN over China. In general, the MME and CanESM2 
are in better agreement with observations for the annual vari-
ation of TX and TN over China.

The monthly variation of TX (Fig. S2) and TN (Fig. S3) 
anomalies over China and its different subregions is shown 
in the supplemental information. In general, the monthly 
variation of TX is in good agreement with that of TN. For 
TX and TN, the observation temperature anomaly curves 
are in good agreement with the model temperature anomaly 
curves, which indicates that NEX-GDDP data is good at 
simulating the monthly variation of TX and TN in different 

subregions. However, compared with the observations, there 
are some small simulation biases over China as a whole. TX 
and TN are underestimated slightly from January to Febru-
ary and overestimated slightly from June to September over 
China, but the biases are within 1 °C. In general, the MME 
has better simulation results for TX and TN in monthly vari-
ation than annual variation.

3.2 � Projection of future changes in daily maximum 
and minimum temperatures

3.2.1 � Spatial pattern of changes

For TX and TN, the warming is faster under the RCP8.5 
scenario relative to the baseline, and the warming in the 
long-term is faster than that in the middle-term, which indi-
cates that both TX and TN in the 21st century show a con-
tinuous rising trend (Fig. 6). The projected rates of rise of 
TX and TN in the 21st century are relatively similar. Under 
the RCP4.5 scenario, the warming relative to the baseline in 
the long-term is 1.26 (TX) and 1.24 (TN) times that in the 
middle-term over China; while under the RCP8.5 scenario, 
the warming relative to the baseline in the long-term is 1.66 
(TX) and 1.65 (TN) times as much as that in the middle-term 
over China. Furthermore, the warming of the east is slower 
than that of the west in the future, but the contribution values 
to warming are not very different between the east and the 
west. This indicates that the warming over various subre-
gions of China has a similar amplitude of variation in the 
21st century.

Spatial patterns of changes relative to baseline in TX 
(Figs. S4–S7) and TN (Figs. S8–S11) for a single model 

Fig. 5   Taylor diagrams for annual variation of daily maximum temperature (a) and daily minimum temperature (b) of observations and NEX-
GDDP model data over China from 1961 to 2005
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over China in the future are quite different. Most models 
show that the changes in TX and TN are greater than 2 °C; 
CNRM-CM5, GFDL-ESM2G, GFDL-ESM2M, INM-CM4 
and MRI-CGCM3 show slower warming, while GFDL-
CM3, MIROC-ESM and MIROC-ESM-CHEM show faster 
warming, especially in the western subregions and the NEC 
subregion, which show more obvious warming than other 
subregions. The changes in TX and TN for most models 
under the RCP8.5 in the long-term are greater than 5 °C, 
which would have a great impact on the natural environment 
and human development by the end of the century.

Spatial patterns of changes for TX in winter and summer 
in the middle-term and long-term relative to the baseline are 
shown (Fig. 7). Under the RCP4.5 scenario, the warming of 
TX in the west is 1.11 (middle-term) and 1.09 (long-term) 
times as much as that in the east. Under the RCP8.5 sce-
nario, the warming of TX in the west is 1.08 (middle-term) 
and 1.09 (long-term) times as much as that in the east. We 
found that the warming performance of TN is very similar to 
that of TX. This indicates that the warming changes of TX 
and TN are similar over different subregions of China, and 
the difference in warming between the west and the east is 
small. The warming of TX and TN fastest in the TP subre-
gion in winter and fastest in the WNW subregion in summer, 
which results in more overall warming in the west than in 
the east.

By comparing the warming in winter and summer, we 
found that the warming of TX in winter is 1.05 (middle-
term) and 1.07 (long-term) times as much as that in summer 

under the RCP4.5 scenario, and the warming of TX in winter 
is 1.14 (middle-term) and 1.06 (long-term) times as much 
as that in summer under the RCP8.5 scenario. The warm-
ing performance of TN is very similar to that of TX in both 
winter and summer. The warming changes of TX and TN 
in winter are slightly higher than those in summer, and the 
difference is very small. Some studies have also shown that 
winter temperatures are increasing at a higher rate than sum-
mer temperatures (Liu et al. 2014) and that the inland areas 
in the northwest will warm much faster than areas in the 
southeast (Wang and Chen 2014). Other research suggests 
that winter warming will reach 5–6 °C over China in the 
long term (Bao amd Wen 2017), which is consistent with 
our study results.

3.2.2 � Uncertainty analysis

According to spatial patterns of standard deviation for TX 
and TN under the two scenarios (Fig. 8), the subregions 
with larger standard deviations are distributed mainly in 
western China, especially the TP and WNW subregions. 
In addition, the NEC subregion also shows larger standard 
deviations for TX and TN. This indicates that the uncer-
tainties of TX and TN are relatively large in the above 
subregions. On the other hand, the uncertainties in the 
JH, SC and SWC subregions are relatively small, and spa-
tial patterns of the signal-to-noise ratio (SNR) also show 
that it is higher in these areas with smaller uncertainties 
(Fig. 9). However, the uncertainties vary weakly between 

Fig. 6   Spatial patterns of changes in daily maximum and minimum temperatures in the middle-term (2040–2069) and long-term (2070–2099) 
relative to the baseline period (1970–1999) over China
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the east and the west. As for specific performance, we 
found that under the RCP4.5 the uncertainties of TX in 
the west (0.73 °C for middle-term and 0.88 °C for long-
term) are 1.1 times those in the east (0.64 °C for middle-
term and 0.79 °C for long-term); and under the RCP8.5 
the uncertainties of TX in the west (0.85 °C for middle-
term and 1.26 °C for long-term) are 1.1 times those in the 
east (0.79 °C for middle-term and 1.12 °C for long-term). 
For TN, the spatial patterns of uncertainties are similar to 

those of TX, and the differences between the east and the 
west are also very small.

The uncertainties over China under the RCP8.5 are 
greater than under the RCP4.5. For example, the uncertain-
ties in the middle-term under the RCP8.5 (0.82 °C (TX) 
and 0.78 °C (TN)) are 1.3 times those under the RCP4.5 
(0.65 °C (TX) and 0.62 °C (TN)), and the uncertainties in 
the long-term under the RCP8.5 (1.25 °C (TX) and 1.19 °C 
(TN)) are 1.5 times those under the RCP4.5 (0.85 °C (TX) 

Fig. 7   Spatial patterns of changes for daily maximum and minimum temperatures in winter and summer in the middle-term (2040–2069) and 
long-term (2070–2099) relative to the baseline period (1970–1999) over China
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and 0.79 °C (TN)). We also found that the uncertainties over 
China in the long-term are greater than those in the middle-
term. More specifically, the uncertainties under the RCP4.5 
in the long-term are 1.3 times those in the middle-term, and 
the uncertainties under the RCP8.5 in the long-term are 1.5 

times those in the middle-term. Previous studies have shown 
that higher warming changes correspond to greater uncer-
tainties under the future scenarios (Meinshausen et al. 2011). 
For TX and TN, the signal-to-noise ratios of the simulation 
results over all subregions of China under the two scenarios 

Fig. 8   Spatial patterns of standard deviation (SD) for daily maximum and minimum temperatures in the middle-term (2040–2069) and long-
term (2070–2099) over China

Fig. 9   Spatial patterns of the signal-to-noise ratio (SNR) for daily maximum and minimum temperatures in the middle-term (2040–2069) and 
long-term (2070–2099) over China
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are greater than 1 (Fig. 9), which indicates that the output 
signals are larger than the noise values, and the reliabilities 
of the simulation results are higher than the uncertainties 

caused by the simulation biases. The signal-to-noise ratios 
of the estimation results under the RCP8.5 are greater than 
those under the RCP4.5.

Fig. 10   Warming trends of daily maximum temperature over China 
and various subregions from 2006 to 2099. The values to the right 
of the blue arrows represent the warming trends under the RCP4.5 

scenario, and the values to the right of the red arrows represent the 
warming trends under the RCP8.5 scenario

Fig. 11   Warming trends of daily minimum temperature over China 
and various subregions from 2006 to 2099. The values to the right 
of the blue arrows represent the warming trends under the RCP4.5 

scenario, and the values to the right of the red arrows represent the 
warming trends under the RCP8.5 scenario



2626	 Y. Wu et al.

1 3

3.2.3 � Regional temporal change

The annual variation trends of TX (Fig. 10) and TN (Fig. 11) 
over China and different subregions are shown. The blue 
(RCP4.5) and red (RCP8.5) lines represent annual variation 
trends of TX and TN under the two future scenarios. The shad-
ings in light red and blue represent one standard deviation of 
TX and TN, as the range of uncertainties from the 21 models 
in NEX-GDDP. In the future, TX and TN over China and all 
subregions will continue to rise, and the warming trends will 
accelerate significantly under the RCP8.5. By the end of the 
century, TX and TN over China have a similar rising range. 
The increasing trend of TX under the RCP8.5 (6.16 °C/100 yr) 
is 2.22 times that under the RCP4.5 (2.77 °C/100 yr), and the 
increasing trend of TN under the RCP8.5 (6.27 °C/100 yr) is 
2.31 times that under the RCP4.5 (2.71 °C/100 yr). This is 
very close to the results of previous studies in CMIP5 that esti-
mated a warming trend from 2011 to 2100 of 0.24 °C/10 yr 
for RCP4.5 and 0.63 °C/10 yr for RCP8.5 (Xu and Xu 2012).

Under the RCP4.5, the subregion with the fastest warm-
ing trends is the TP subregion (3.05 °C/100 yr (TX) and 
2.94 °C/100 yr (TN)), while the SC subregion has the slow-
est warming trends (2.49 °C/100 yr (TX) and 2.26 °C/100 yr 
(TN)). Under the RCP8.5, the warming trends of TX and 
TN in various subregions are similar to those under the 
RCP4.5. Moreover, we find that the difference of warming 
trends between the TP and SC subregions is increasing under 
the RCP8.5, which indicates that the warming of the TP 
subregion accelerates significantly under the RCP8.5. Based 
on what has been discussed above, under both RCP4.5 and 
RCP8.5 the TP subregion has the fastest warming trends. 
This may be due to the high altitude of the TP subregion 
itself and the low temperature base, making its warming 
trends the fastest among the eight subregions under global 
warming. As a southern region of China, the SC subregion 
has a low latitude and a high temperature base, so its warm-
ing trends are not as obvious as those in the TP subregion.

Both the red and blue shaded areas expand year by year, 
which indicates that the uncertainties of the simulation 
results also increase over time under the two scenarios. 
Moreover, the ranges of uncertainties under the RCP8.5 are 
larger than those under the RCP4.5, which is consistent with 
the uncertainty analysis results in Sect. 3.2.2. We think that 
the uncertainty ranges are not only related to the original 
CMIP5 model data (Taylor et al. 2012) but also affected by 
various downscaling methods (Woznicki et al. 2016).

4 � Summary and conclusions

Evaluation and projection of daily maximum temperature 
(TX) and daily minimum temperature (TN) in the historical 
period (1961–2005) and the future period (2006–2099) over 

China were performed using NEX-GDDP data. The results 
of the analysis show certain notable characteristics of NEX-
GDDP in simulating TX and TN over China.

In general, NEX-GDDP can capture the basic spatial pat-
terns of TX and TN, and multi-model ensemble (MME) sim-
ulation performs better than single-model simulations. When 
compared with the observations, the simulation results have 
some biases. The simulation biases of TX and TN are mainly 
contributed by western China, especially in summer, but the 
differences in simulation biases between winter and summer 
are very small. Among all subregions, the largest simula-
tion biases are found in the TP subregion. Both TX and TN 
are overestimated over China relative to the observations, 
and the degree of overestimation in the east is much larger 
than that in the west. With respect to temporal scale, the 
MME has better simulation performance for TX and TN in 
monthly variation than annual variation. Our research found 
that NEX-GDDP data underestimated the warming trends of 
TX and TN from 1961 to 2005 over China. For TX and TN, 
the subregion with the largest warming trend over the past 
few decades is the NEC subregion, and it also has the largest 
simulation biases.

We also examined the warming changes over various sub-
regions of China relative to the baseline period under two 
emissions scenarios. We found that the warming changes in 
TX and TN are similar over various subregions, and the dif-
ferences in warming between the west and the east are small. 
The warming of TX and TN in the TP and WNW subregions 
is faster than that in other subregions. And the warming of 
TX and TN in winter is slightly higher than that in summer. 
We carried out an uncertainty analysis for TX and TN in 
the future periods (2040–2069 and 2070–2099). The results 
show that the differences in uncertainties are small between 
the east and the west. The uncertainties over China under 
the RCP8.5 are greater than those under the RCP4.5, and 
the uncertainties in the long-term are greater than those in 
the middle-term, which shows that higher warming changes 
correspond to greater uncertainties. We also found that the 
reliability of the simulation results is higher than the uncer-
tainties caused by the simulation biases. To some extent, this 
indicates that NEX-GDDP is applicable for simulating TX 
and TN over China. By the end of the 21st century, the TP 
subregion has the fastest warming trend, while the warming 
of the SC subregion is relatively slow under the two sce-
narios. At the same time, the uncertainties of the simulation 
results are also increasing year by year.

We believe the high-resolution NEX-GDDP dataset 
will be widely used in the future, especially for regional 
climate change research when a high-resolution dataset 
is required. It not only provides long-time-scale informa-
tion for the past and future, but also presents more detailed 
spatial scale information than the raw CMIP5 dataset. Our 
research results provide not only a reference significance 
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for data users but also a scientific basis for policy formula-
tion in relevant governmental agencies and fields. At the 
same time, this study also has some shortcomings and limi-
tations. Although China is divided into eight subregions in 
this paper, we focused mainly on comparison between the 
east and the west, so it is not clear whether there are signifi-
cant differences between the simulation results of the north 
and the south. When evaluating the accuracy of TX and TN 
in the historical period, only one observational dataset was 
used, and the observational data itself may have some biases. 
Therefore, multi-source observational data should be used 
for further research. An ensemble of 21 models was used in 
our study, but if we remove some models with poor simula-
tion performance and only retain those with good simulation 
ability, this would be beneficial for obtaining more accurate 
and reliable results, which will be carried out in our future 
work. In addition, users of NEX-GDDP data can try to use 
different multi-modal set averaging methods, which may 
produce additional useful conclusions. It is suggested that 
future data users consider the deficiencies and limitations 
we mentioned above to improve their work.
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