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Abstract

Understanding the causes of long-term temperature trends is at the core of climate change
studies. Any observed trend can result from natural variability or anthropogenic inﬂuences or both. In the
present study, we evaluated the performance of 18 climate models from the Coupled Model Intercomparison
Project Phase 5 on simulating the Asian diurnal temperature range (DTR) and explored the potential causes of
the long-term trend in the DTR by examining the response of the DTR to natural forcing (volcanic aerosols
and solar variability) and anthropogenic forcing (anthropogenic greenhouse gases (GHG) and aerosols) in
the historical period of 1961–2005. For the climatology, the multimodel ensemble mean reproduced the
geographical distribution and amplitude of the DTR over eastern China and India but underestimated the
magnitudes of the DTR over the Tibetan Plateau and the high-latitude regions of the Asian continent. These
negative biases in the DTR over frigid zones existed in most models. Seasonal biases in the DTR pattern from
models were similar to the bias in the annual mean DTR pattern. Based on three selected state-of-the-art
models, the observed decreasing trend in the DTR over Asia was reasonably reproduced in the all-forcing run.
A comparison of separate forcing experiments revealed that anthropogenic forcing plays the dominant role
in the declining trend in the DTR. Observations and model simulations showed that GHG forcing is mainly
responsible for the negative trends in the DTR over Asia but that anthropogenic aerosol forcing was also
behind the decreasing trend in the DTR over China and especially over eastern China.

1. Introduction
The observed increase in global average surface air temperatures since the midtwentieth century has been
attributed to the increase in anthropogenic forcings [Meehl et al., 2004; Intergovernmental Panel on Climate
Change (IPCC), 2013]. The global mean warming trend over land has been associated with asymmetric
changes in minimum and maximum surface temperatures. A greater warming has been observed in Tmin
than in Tmax, inducing a decrease in the diurnal temperature range (DTR) on a global scale over the past
several decades [Karl et al., 1993; Dai et al., 1999; Vose et al., 2005]. The observed DTR trend may be affected
by the large-scale effects of increasing aerosols and greenhouse gases (GHG) and also by regional changes in
land surface processes [Collatz et al., 2000; Zhou et al., 2004, 2007, 2008]. General circulation models are
generally able to capture the observed warming in recent decades when natural and anthropogenic forcings
are included [IPCC, 2013]. Models have also revealed a decreasing trend in the DTR but with a much smaller
magnitude than that found in observations [Stenchikov and Robock, 1995; Stone and Weaver, 2002, 2003;
Karoly et al., 2003; Braganza et al., 2004; Zhou et al., 2009a; Lewis and Karoly, 2013].
Given that many of the factors that inﬂuence the DTR have strong regional variations and that the anthropogenic effect is strongest in Asia, the ability of models in reproducing the climatology and long-term trends of
the DTR is particularly challenging. One factor that could have a strong inﬂuence on the DTR is aerosols.
Aerosols, whose concentration is particularly high over Asia, and especially over China and India [Li et al.,
2015], can inﬂuence global and regional climate signiﬁcantly [e.g., Li et al., 2011a, 2011b].
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that induce biases in model performance, which is important for the improvement of models. Therefore, it is
necessary to evaluate these basic aspects of the DTR in Coupled Model Intercomparison Project Phase 5
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(CMIP5) models. In this study, we will try to address these questions: How well do the CMIP5 models
reproduce the observed mean DTR state and its long-term trend over Asia, and how much do anthropogenic
factors (GHG and aerosols) contribute to the trend? Some studies have suggested that the observed global
trend in the DTR is caused by anthropogenic forcing to a great extent [e.g., Zhou et al., 2010; Lewis and
Karoly, 2013]. However, the relative contributions of GHG forcing and anthropogenic aerosol forcing on the
DTR trend over Asia, where industrial growth at an unprecedented rate has taken place in the last few
decades, remains unclear.
This study further examines the relative contributions of natural, GHG, and anthropogenic aerosols to the
long-term trend in the DTR over Asia in recent decades based on outputs from the latest CMIP5 climate
models. The rest of this paper is organized as follows. Section 2 describes the observed data sets, the
CMIP5 models, and the analysis methods. Evaluations of the climatology of the DTR and the different
contributions of natural, GHG, and aerosol forcings to changes in the DTR over Asia are presented in
section 3. A summary and discussion are given in section 4.

2. Data, Model Experiments, and Method
2.1. Observations
Monthly mean observed daily near-surface minimum temperature (Tmin) and near-surface maximum
temperature (Tmax) over land used in this study are from the Climatic Research Unit (CRU) high-resolution
gridded data set, version 3.22 (CRU TS v.3.22), which has a horizontal resolution of 0.5° × 0.5° [Mitchell and
Jones, 2005; Harris et al., 2014]. Climatological DTR values are mainly from the Hadley Centre Global
Climate Extremes Index 2 (HadEX2) product, which has a horizontal resolution of 3.75° × 2.5°. Donat et al.
[2013] showed that the HadEX2 stations data are assessed more rigorously for both quality and homogeneity
prior to gridding than other data sets.
To further single out the effect of anthropogenic aerosols on the DTR trend, homogenized daily climate data
from observation stations provided by the National Meteorological Information Center of the China
Meteorological Administration were also used. The inhomogeneity of data due to the relocations of station,
the changes of observational instruments, and computation methods have been corrected [Wang et al., 2007;
Wang, 2008a, 2008b].
2.2. Model Experiments
CMIP5 models include different types of experiments: the historical experiment (Historical) including all
forcings, the nature forcing experiment (HistNat) including solar radiation variability and volcanic aerosols,
and the GHG forcing experiment (HistGHG) which is forced by well-mixed GHG changes. Eighteen historical
simulations from 18 CMIP5 models were analyzed. The differences among realizations of the same model
mainly denote the internal variability. The CMIP5 multimodel spread thus encompasses both the internal
variability and response uncertainty. To make the analysis more concise, we choose only one realization from
each model to evaluate the overall performances of the models in simulating the DTR over Asia. The HistGHG
and HistNat experiments of models are also employed to analyze the relative contribution of nature and
anthropogenic forcing on DTR trend over Asia. Detailed descriptions of the models are listed in Table 1.
2.3. Methods
In this study, the monthly mean DTR data are used which are the differences between the monthly means
of Tmax and Tmin for both observations and models data. Following Taylor et al. [2012], the response to
anthropogenic forcing is calculated as the difference between all forcing and natural forcing. The response
of aerosol forcing is calculated as the difference between anthropogenic forcing and GHG forcing. For ease
of comparison, all models and CRU data were bilinearly interpolated to a resolution of 3.75° × 2.5°.
Analyses of observations and CMIP5 models results are from 1961 to 2005. Spring, summer, autumn, and
winter means are constructed by averaging monthly mean data from March–May (MAM), June–August
(JJA), September–November (SON), and December–February (DJF), respectively. A linear regression analysis
was done and the signiﬁcance of the results was assessed with a two-tailed Student’s t test. The multimodel
ensemble (MME) was calculated by averaging the variables over all the models with equal weighting. The
intermodel uncertainty was assessed using the standard deviation of the models’ performances.
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Table 1. The CMIP5 Models Used in This Study
Model
BCC-CSM1.1
CanESM2
CCSM4
CESM1-CAM5
CNRM-CM5
CSIRO-Mk3.6.0
EC-EARTH
FGOALS-g2
GISS-E2-H
GISS-E2-R
HadCM3
HadGEM2-CC
MIROC5
MIROC-ESM
MPI-ESM-LR
MPI-ESM-MR
MRI-CGCM3
NorESM1-M
a

Research Center

Atmospheric Resolution

Beijing Climate Center, China Meteorological Administration
Canadian Centre for Climate Modelling and Analysis
National Center for Atmospheric Research
Community Earth System Model Contributors
Centre National de Recherches Météorologiques/Centre Européen de Recherche et
Formation Avancée en Calcul Scientiﬁque
Commonwealth Scientiﬁc and Industrial Research Organization in collaboration
with Queensland Climate Change Centre of Excellence
EC-EARTH consortium
LASG, Institute of Atmospheric Physics, Chinese Academy of Sciences
and CESS, Tsinghua University
NASA Goddard Institute for Space Studies
NASA Goddard Institute for Space Studies
Met Ofﬁce Hadley Centre (additional HadGEM2-ES realizations
contributed by Instituto Nacional de Pesquisas Espaciais)
Met Ofﬁce Hadley Centre (additional HadGEM2-ES realizations
contributed by Instituto Nacional de Pesquisas Espaciais)
Atmosphere and Ocean Research Institute (The University of Tokyo), National Institute
for Environmental Studies, and Japan Agency for Marine-Earth Science and Technology
Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute (The University of Tokyo), and NationalInstitute for Environmental Studies
Max-Planck-Institut für Meteorologie (Max Planck Institute for Meteorology)
Max-Planck-Institut für Meteorologie (Max Planck Institute for Meteorology)
Meteorological Research Institute
Norwegian Climate Centre

128 × 64 L26
128 × 64 L35
288 × 192 L26
288 × 192 L30
256 × 128 L31
192 × 96 L18
320 × 160 L62
128 × 60 L26
144 × 90 L40
144 × 90 L40
96 × 73 L19
192 × 144 L60
256 × 128 L40
128 × 64 L80
192 × 96 L47
192 × 96 L95
320 × 160 L48
144 × 96 L26

The horizontal resolution (longitude × latitude grids) and vertical levels (L) of each model are also listed.

3. Results
3.1. The Climatology of the DTR From CMIP5 Models
Figures 1a and 1b show the geographical distributions of annual mean DTR from the HadEX2 data set
(hereafter referred to as “observations”) and the MME of 18 CMIP5 models, respectively. From observations
(Figure 1a), larger DTRs are seen from Lake Baikal to India. DTRs greater than 12°C and with maxima in the
16–18°C range are also seen in northwest China and the Middle East. Low values are mainly found over
the high-latitude regions of the Eurasian continent and eastern China. The geographical differences in the
DTR may be related to the spatial distribution of aerosol concentration, cloud cover, precipitation, surface soil
moisture, and vegetation cover, etc. [e.g., Sun et al., 2006; Zhou et al., 2009b, 2010]. The MME (Figure 1b)
clearly captures the main features over eastern China, the Middle East, and India. However, the DTRs over
the Tibetan Plateau and north of 40°N in Asia are substantially underestimated by 2–4°C compared with
observations (Figure 1c). Figure 1d shows the intermodel uncertainty as represented by the intermodel
variance. The intermodel spreads of the DTR are small over eastern China but are larger over western
China, northern India, and the Middle East, which are arid or semiarid regions. Surface processes such as soil
moisture play an important role in the DTR in arid and semiarid regions [e.g., Wang et al., 2014]. Different
treatments of land processes in the models might be one of the reasons for the differences seen in
simulations of the DTR over dry regions by the different models.
Because the distribution of the DTR has seasonal patterns, the climatology of seasonal mean DTR over Asia
was evaluated (Figure 2). The observed DTR patterns in different seasons are similar, but some differences
are seen. The seasonal change in the DTR over India is clearly seen from observations. In JJA, the DTR is
smallest (Figure 2e) and steadily increases from JJA to MAM (Figures 2a, 2e, 2i, and 2m). This change in the
DTR is related to changes not only in cloud cover and soil moisture due to the wet and dry transitions but
also to aerosols which have the strongest effect on maximum temperatures in summer [Dai et al., 1997,
1999; Leibensperger et al., 2012; Yang et al., 2013]. The MME captures the seasonal change in the DTR over
India and the intensities of the DTR, in general, when compared to observations. The DTR from the MME is
slightly larger over northern India in MAM and JJA than the observations (Figures 2c and 2g). As with the
annual mean, the MME also underestimates the DTR north of 40°N over continental Asia and western
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Figure 1. (a) Climatology (1961–2005) of annual mean DTR based in the HadEX2 data set, (b) as in Figure 1a but for the
MME of 18 CMIP5 models, (c) the difference between Figures 1b and 1a, and (d) intermodel standard deviation of the
DTR from 18 CMIP5 models. The red boxes in Figure 1a outline the four subregions used in a later analysis.

China (Figures 2c, 2g, 2k, and 2o) and has a larger intermodel uncertainty over western China and northern
India in all seasons (Figure 2d, 2h, 2l, and 2p). These results suggest that there are some common model
biases and intermodel uncertainties in annual mean and seasonal DTR simulations.
Taylor diagrams can succinctly describe the coherence between models and observations in terms of the
root-mean-square difference, the spatial pattern correlation, and the ratio of their standard deviations
[Taylor, 2001]. To assess the performances of the 18 CMIP5 models in representing the DTR climatology over
Asia in more detail, Taylor diagrams (Figure 3) are plotted for Asia (10°–55°N, 70°–135°E), which contains the
major regions of mainland China and India. The correlation coefﬁcients from least squares ﬁttings to the
relationships between modeled climatological DTRs and observations range from 0.4 to 0.8. The spatial
standard deviations of the model data are slightly lower than that of observations. The pattern correlation
between the MME and observations is 0.8, and its spatial standard deviation is also closer to observations.
The CanESM2, CNRM-CM5, and HadCM3 models have much larger spatial standard deviations than do
observations although their pattern correlations are comparable to the other models. This suggests that
climatological DTR simulations are reasonable because the pattern correlation coefﬁcients are comparable
with those in large-scale circulations [Gong et al., 2014].
The Taylor diagram can show the resemblance between different spatial patterns but it cannot describe the
differences in absolute intensity of the DTR, so we further examine the intensity of the DTR by calculating the
differences between model outputs and observations. Mainland China and India are ﬁrst divided into four
subregions: middle eastern China (MEC), northeastern China (NEC), western China (WC), and India (IND). The four
regions are outlined in red in Figure 1a. Figure 4 shows the differences in the annual mean DTR between observations and the 18 CMIP5 models in the four regions. The observed annual mean DTR is 10.8°C, 12.4°C, 13.9°C,
and 12.1°C in the MEC, NEC, WC, and IND regions, respectively. The DTR is highest in the WC region where
the climate is arid or semiarid and lowest in the relatively humid MEC region. This agrees with earlier studies that
have shown that the maximum temperature is reduced through cloud radiative and evaporative cooling effects,
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Figure 2. As in Figure 1 but for (a–d) MAM, (e–h) JJA, (i–l) SON, and (m–p) DJF.

which results in a smaller DTR in humid regions (Figure 4). DTR biases over the MEC, NEC, WC, and IND regions in
the MME are 0.9°C, 3.1°C, 1.1°C, and 0.2°C, respectively. The relatively small DTR bias over India suggests
that the MME of CMIP5 models can reproduce well the DTR over India (Figure 4d). Negative biases are seen over
the other three regions (Figures 4a–4c). In the MEC region, 17 of the 18 models show negative biases (Figure 4a).
Only the CNRM-CM5 model shows a positive bias (~2°C). In the WC region, only three models (CanESM2,
CNRM-CM5, and HadCM3) show positive biases (Figure 4c). The strongest negative biases are seen in the NEC
region (Figure 4b). These results suggest that the climatological strengths of the DTR over the MEC, NEC, and
WC regions are underestimated by most of the models. The causes for these biases are not clear, but they might
be associated with cloud cover, precipitation, the treatment of land processes in models, and anthropogenic
aerosol effects [Lindvall and Svensson, 2015].
The DTR in different seasons from observations has different intensities due to the different climate conditions (Figure 5). The climatological DTR is smallest over all four regions, especially over India, in JJA due to
the relatively wet conditions present then (Figures 5e–5h). Summer is the rainy season in India. Increased rain
in the daytime and increased clouds at night can both contribute to the declining trend in summer DTR over
India (Figure 5h). Modeled climatological DTR seasonal biases behave in a similar manner as annual mean climatological DTR biases. The MME reproduces well the DTR over the WC and IND regions in summer
(Figures 5g and 5h) and the MEC region in winter.
3.2. The Long-Term Trend in the DTR and Its Characteristics
The long-term trend in the DTR from both observations and model outputs is analyzed so that the natural
and anthropogenic signals in simulated DTR trends over mainland China and India from 1961 to 2005 can
be detected. Major features of the trend in the DTR on an annual basis and seasonally are similar. So the focus
is placed on analyzing the trend in the annual mean DTR only. Table 2 lists the trends in the annual mean DTR
from the HadEX2 and CMIP5 models in each region based on data from 1961 to 2005. The observed DTR
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Figure 3. Taylor diagrams of annual and seasonal climatologies of the DTR over Asia (10°–55°N, 70°–135°E) based on 45 years (1961–2005) of data. Red crosses
represent results from the MME, and blue crosses represent results from each model.

shows a signiﬁcant negative trend over Asia, which has a magnitude of 0.70°C, 0.79°C, 0.79°C, and
0.34°C over the 45 year period for the MEC, NEC, WC, and IND regions, respectively (all exceeding the
95% conﬁdence level). Most of the models can simulate the negative trend in the DTR in each region over
the time period chosen, but the magnitudes of the trends are smaller than those from observations. This
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Figure 4. Differences (K) in climatological annual mean DTR between 18 CMIP5 models and HadEX2 data for the (a) MEC,
(b) NEC, (c) WC, and (d) IND regions.

result conﬁrms the ﬁndings of Lewis and Karoly [2013]. The one exception is the GISS-E2-R model, which
shows a positive DTR trend in all four regions. The CNRM-CM5, MIROC-ESM, and MRI-CGCM3 modelsimulated trends are closest to the observed trend. Therefore, these three models are next chosen to analyze
the relative contributions of different forcings to the DTR trend.
Much research has shown that anthropogenic forcing factors such as GHG and aerosols can also affect
the trend in the DTR. A rapid increase in aerosol loading can mask the warming effect of GHG to some extent.
Here the different forcing runs from the MME of the three models are analyzed to investigate their contributions to the declining trend in the DTR over Asia. Due to the unavailability of monthly mean Tmax and Tmin
in the HadEX2 data set, the CRU TS v.3.22 data set is used to analyze the trends in the DTR, Tmax, and Tmin.
Hereafter, the CRU data set represents observations. Figure 6 shows the spatial distribution of the linear
trends in the DTR during 1961–2005 from observations and from different runs of the MME over Asia.
Negative trends in the DTR are found over most of the Asian continent in both observations and the allforcing run. The magnitudes of simulated negative DTR trends in the all-forcing run are smaller than that
of observations (Figures 6a and 6b). This suggests that the weak negative trend in the DTR is a common bias
of CMIP5 models. The DTR trend from the natural-forcing run is much weaker than the DTR trend from the allforcing run (Figure 6c). In this case, the anthropogenic forcing run has a similar pattern in the annual mean
DTR trend as the all-forcing run (Figures 6b and 6d). This result shows that anthropogenic forcing plays a
dominant role in the declining trend in the DTR over Asia. In terms of the GHG forcing, the negative trend
in the DTR covers most of the Asian continent and is signiﬁcant over midwestern China, central Asia, northern
India, southeastern Asia, and at high latitudes (Figure 6e). Compared with the GHG forcing run, the declining
trends in the DTR are more signiﬁcant over China, especially over eastern and northeastern China, in the
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Figure 5. As in Figure 4 but for (a–d) MAM, (e–h) JJA, (i–l) SON, and (m–p) DJF.

a

Table 2. Trends (K per 45 Years) in Annual Mean DTR From Observations and 18 CMIP5 Models
Obs/Model

MEC

NEC

HadEx2
BCC-CSM1-1
CanESM2
CCSM4
CESM1-CAM5
CNRM-CM5
CSIRO-MK-3-6-0
EC-EARTH
FGOALS-g2
GISS-E2-H
GISS-E2-R
HadCM3
HadGEM2-CC
MIROC5
MIROC-ESM
MPI-ESM-LR
MPI-ESM-MR
MRI-CGCM3
NorESM1-M

0.70**
0.05
0.28
0.20
0.37*
0.44**
0.03
0.27*
0.17
0.33**
0.21*
0.23
0.01
0.24*
*
0.24
0.03
0.04
0.42**
0.22*

0.79**
0.19
0.05
0.20
0.17
0.44**
0.02
0.18
0.05
0.34**
0.07
0.53**
0.09
0.22
0.41**
0.01
0.11
0.23*
0.15

WC
0.79**
0.06
0.52**
0.14
0.37**
0.58**
0.48**
0.26*
0.36**
0.19**
0.14
0.45*
0.80**
0.10
0.18**
0.05
0.14
0.24**
0.04

IND
0.34*
0.13
0.16
0.21
0.12
0.14
0.29*
0.02
0.14
0.03
0.15
0.36
0.47*
0.54**
0.12
0.20
0.22
0.72**
0.18

a

MEC: Middle Eastern China, NEC: Northeastern China, WC: Western China, IND: India.
*95% conﬁdence levels.
**99% conﬁdence levels.
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Figure 6. Linear trends in annual mean DTR (1961–2005) from (a) the CRU data set, (b) the all-forcing experiment, (c) the
natural-forcing experiment, (d) the anthropogenic forcing experiment, (e) the GHG forcing experiment, and (f) the aerosol
forcing experiment. Dotted areas show where trends in the DTR are statistically signiﬁcant at the 90% level. The MME is
constructed using the three CMIP5 models with the most similar simulated trends as the observed trend in the DTR.

anthropogenic aerosol forcing run (Figure 6f). This suggests that anthropogenic aerosol forcing plays a more
important role in the decreasing trend in the DTR over China. GHG forcing is a major factor inducing the
negative trend in the DTR over India. Signiﬁcant positive trends in the DTR over southeastern Asia and at high
latitudes are seen in the anthropogenic aerosol forcing run, which is contrary to the trends seen in the GHG
forcing run (Figures 6e and 6f).
To determine the causes behind the strong declining trends in the DTR over Asia, linear trends in Tmax
and Tmin in different forcing runs are shown in Figures 7 and 9, respectively. Figure 7 shows the spatial
distributions of observed and simulated Tmax trends over the period of 1961–2005. Positive trends in Tmax
from both observations and the all-forcing run are seen over most regions in Asia. The simulated trends in
Tmax in the all-forcing run generally capture observed large-scale features and some small-scale features, in
particular, the weak trend in Tmax over mideastern China (Figures 7a and 7b). The trend in Tmax in the
natural-forcing run (Figure 7c) is overall weaker than in the anthropogenic forcing run (Figure 7d). The
anthropogenic forcing and all-forcing runs have similar patterns in the distribution of Tmax (Figures 7b and
7d). This suggests that anthropogenic forcing plays a major role in the trend in Tmax over Asia. A warming
trend in Tmax over Asia is seen in the GHG forcing run (Figure 7e) with increases toward higher latitudes.
LIU ET AL.

TEMPERATURE RANGE CHANGES AND CAUSES

3527

Journal of Geophysical Research: Atmospheres

10.1002/2015JD024549

Figure 7. As Figure 6 but for Tmax.

Over the southern part of the Asian continent, a cooling trend in Tmax is seen in the anthropogenic aerosol
forcing run (Figure 7f) as well as a warming trend in Tmax over the inner regions of the Asian continent. The
cooling effect of anthropogenic aerosol forcing on Tmax counteracts the warming trend of GHG forcing to a
great extent, which amounts to a negligible trend in Tmax over eastern China from models. In JJA, negative
trends in Tmax are seen over eastern China both in observations and in the all-forcing run (Figure 8). The signiﬁcant negative trend in Tmax is mainly due to anthropogenic aerosol forcing in models. While anthropogenic
aerosols may be heavier during winter over China, aerosol radiative forcing in winter is weaker than that in
summer due to reduced solar insolation in winter and so is the winter trend. Based on the model results, we
do see a relatively weak trend in annual mean Tmax over eastern China as a result of this offsetting effect.
The spatial distributions of observed and simulated Tmin trends are shown in Figure 9. Strong warming trends in
Tmin over the Asian continent can be seen in both observations and the all-forcing run. Simulated positive trends
in Tmin in the all-forcing run are smaller in magnitude than observed positive trends in Tmin, especially over China
(Figures 9a and 9b), which results in a weaker trend in the DTR from models than from observations over this
region. Underestimation of the urbanization effect over China might be a reason for this bias [Zhou et al.,
2004; Ren et al., 2008; Ren and Zhou, 2014]. As was seen for Tmax, the trend in Tmin in the natural-forcing run is
much weaker compared with that in the anthropogenic forcing run, which also suggests that the trend in Tmin
is signiﬁcantly affected by human activity and not by natural variability (Figures 9c and 9d). Although the spatial
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Figure 8. As in Figure 7 but for JJA.

pattern of the Tmin trend is similar to that of the Tmax trend in the GHG forcing run, the magnitude of the Tmin
trend is larger over most regions of the Asian continent (Figures 7e and 9e). There tends to be more downwelling
longwave radiation at night than during the day [Lindvall and Svensson, 2015], especially at high latitudes and in
midwestern China, which results in a negative trend in the DTR in the GHG forcing run. The spatial patterns of the
Tmin and Tmax trends in the anthropogenic aerosol forcing run are similar, but some differences are seen
(Figures 7f and 9f). The negative trend in Tmin is weaker and less signiﬁcant than that in Tmax over eastern
China, and the positive trend in Tmin over northeastern China is stronger and more signiﬁcant than that in
Tmax, which results in a signiﬁcant declining trend in the DTR over eastern and northern China (Figures 7f and 9f).
3.3. Impact of the Aerosol Direct Effect on the DTR Trend Over China From Observations
Aerosols can inﬂuence surface temperature directly by scattering and absorbing solar radiation. This effect is
strongest during the daytime and especially on Tmax. Historical records of temperature and visibility collected
in China are used to validate our argument, or hypothesis, concerning the role of aerosols in the long-term
trends in Tmax and the DTR. Any long-term trend in temperature may result from a combination of changes
in many factors, such as natural variability on multiple time scales, the greenhouse effect, urbanization, and
aerosols. It is generally very difﬁcult to sort out the contributions of these factors to any observed trend. The
method is simple but effective to single out the effect of aerosols by using temperature data at pairs of
stations in close proximity but at different altitudes, i.e., stations located on mountain tops paired with
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Figure 9. As Figure 6 but for Tmin.

stations in the neighboring plains or valleys. The pairs of stations share a similar meteorology but have distinct aerosol loading which is much less at the top of high mountains than in the foothills [Yang et al., 2013].
Differences in the trends in Tmax and DTR between the low-land cities and nearby mountains were examined to
identify the possible inﬂuence of aerosols, and the long-term trend of visibility is used as a proxy for aerosol
loading which is only available over a long period. Two city/mountain pairs from rapidly developing industrial
regions of China were ﬁrst identiﬁed: Taiyuan/Mount Wutai in Shanxi Province and Xi’an/Mount Hua in Shaanxi
Province. Mean visibilities on clear days based on observations made from 1980 to 2012 in Taiyuan/Mount
Wutai and Xi’an/Mount Hua are 12.3/32.9 km and 13.9/22.5 km, respectively. The mountain stations are thus
ideal for representing background conditions. Although the Mount Wutai station has been relocated from
2895.8 m to 2208.3 m in 1998, the inﬂuence of the relocation has been corrected during the processes of data
homogenization. Figure 10a shows the time series of Tmax from the Taiyuan and Mount Wutai stations on clear
days from 1980 to 2012. The positive trend in Tmax from Taiyuan is signiﬁcantly smaller than that from Mount
Wutai (Figure 10a). In the time series of maximum temperature at Mount Wutai station, there was no abrupt
change near 1998, suggesting that the inﬂuence of station relocation on the data quality has been eliminated
at the Mount Wutai station. Similar patterns are seen in the time series for Xi’an and Mount Hua (Figure 10b).
Figure 10c shows the linear trends in Tmax from the city and mountain stations and their differences. The trends
in Tmax from Taiyuan and Xi’an are 0.16°C per decade and 0.3°C per decade smaller than those from Mount
Wutai and Mount Hua, respectively. This was accompanied by signiﬁcant negative trends in visibility observed
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at Taiyuan (~2 km per decade) and at
Xi’an (2.2 km per decade). These results
suggest that the signiﬁcant decreases
in visibility presumably due to increases
in aerosol concentration weakened the
upward trends in Tmax by the greenhouse effect in cities and thereby contributed to the reduction in the DTR.
This is consistent with the model results.

4. Summary and Discussion
Based on 45 year output data from historical, historical GHG, and historical
Nat runs of 18 CMIP5 models, and the
HadEX2 and CRU TS v.3.22 data sets, this
study presents an evaluation of the climatology of the DTR and attempts to
sort out the relative contributions of different forcings on the trend in the DTR
over Asia. In a climatological mean
sense, the MME of models generally
reproduced the geographical distribution of the annual DTR over Asia and
captured well the intensity of the DTR
over eastern China (~10.5°C) and India
(~12°C). However, compared with observations, the annual DTR of the MME
was substantially underestimated over
Figure 10. Time series of Tmax (°C) from (a) Taiyuan (red line) and Mount
western China and north of 40°N in
Wutai (blue line) stations and (b) Xi’an (red line) and Mount Hua (blue line)
stations on clear-sky days from 1980 to 2012. (c) Linear trends in Tmax (°C per Asia. The intermodel spread was particularly large in arid and semiarid regions in
decade) from city and mountain stations (left ordinate, red and blue bars,
respectively) and trends in visibility (km per decade) in the cities (right ordiAsia. Seasonal biases in the DTR from
nate, yellow bars). Green bars show the difference between red and blue bars.
models were similar to the bias in the
annual mean DTR. This suggests that
the models have low skill in simulating the DTR over arid and frigid zones. The treatment of land processes
in these regions may be a possible reason for the common bias seen in model outputs.
Taylor diagrams show that the MME captured reasonably well both the spatial pattern and the spatial
standard deviation in the annual DTR over mainland China and India. Three models (CanESM2, CNRM-CM5,
and HadCM3) showed large spatial standard deviations in the annual DTR. Four regions located in mainland
China and India were deﬁned (MEC, NEC, WC, and IND). The MME reproduced the intensity of the annual DTR
over IND relatively well, although negative biases were found in all four regions. The CNRM-CM5 model
showed the strongest positive biases in the MEC, WC, and IND regions. All models showed a negative bias
in the NEC region, which is partially located in a frigid zone. Seasonal biases were almost the same as the
annual mean bias. This suggests that the models fail to capture the intensity of the annual DTR over the NEC.
Trends in the DTR over Asia using observations and CMIP5 model outputs for the period of 1961–2005 were
also analyzed. Although most of the models simulated a negative trend in the DTR over Asia, the magnitude
was underestimated. Based on three selected state-of-the-art models, the observed decreasing trend in the
DTR over Asia was reasonably reproduced in the all-forcing run. A comparison of separate forcing experiments reveals that anthropogenic forcing plays the dominant role in the declining trend in the DTR. The
negative trends in the DTR over Asia were mainly determined by GHG forcing, but anthropogenic aerosol
forcing was mainly responsible for the decreasing trend in the DTR over China and especially over eastern
China. The relatively weak trend in Tmax over eastern China seen in both observations and the all-forcing
LIU ET AL.

TEMPERATURE RANGE CHANGES AND CAUSES

3531

Journal of Geophysical Research: Atmospheres

10.1002/2015JD024549

run may be caused by the compensating effects of aerosols’ cooling and GHG warming. Underestimation of
the urbanization effect over China might be a reason for the relatively weak warm trend in Tmin compared
with that from observations. Anthropogenic aerosol forcing caused a negative trend in Tmax over south
Asia but a large positive trend over north Asia.
This asymmetry may be partly due to the different effects of aerosols on Tmax and Tmin. Based on observations
from two big cities and nearby mountains in China, aerosol direct effects on the Tmax and DTR trends were
singled out. Long-term changes due to natural variability, greenhouse gases, should be similar between
the city/mountain pairs of weather stations except for the level of local pollution at both locations. The
two cities have experienced signiﬁcant reductions in visibility due to scattering and/or absorption by aerosol
particles whose effects are most notable during the daily peak in solar radiation. This serves to lower Tmax. As
a result, the difference in Tmax between the cities and nearby mountains had signiﬁcantly reduced. This is
consistent with impact of increasing loading aerosols in China and can help explain the systematic difference
in the trends in the DTR between the mountain and city stations.
The observed declining trend in the DTR at the decadal time scale may be driven not only by external forcing
but also by internal variability. Because the analysis here is based on an MME, internal variability is weakened
to a certain extent [Song et al., 2014]. In our analysis, we have suggested that external forcing, especially
anthropogenic forcing, plays a dominant role in the declining trend in the DTR over Asia. However, the
decreasing trend in the DTR over the high latitudes of the Asian continent in models is weaker than what
is seen in observations. This discrepancy may be related to internal variability. Thus, the contribution of internal variability on DTR trends deserves further study.
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