ADVANCES IN ATMOSPHERIC SCIENCES, VOL. 34, DECEMBER 2017, 1447–1460

• Original Paper •

Understanding the Surface Temperature Cold Bias in
CMIP5 AGCMs over the Tibetan Plateau
Xiaolei CHEN1,2 , Yimin LIU∗1,2 , and Guoxiong WU1,2
1 State

Key Laboratory of Numerical Modeling for Atmospheric Sciences and Geophysical Fluid Dynamics,
Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing 100029, China
2 University

of Chinese Academy of Sciences, Beijing 100049, China

(Received 21 December 2016; revised 2 June 2017; accepted 5 June 2017)
ABSTRACT
The temperature biases of 28 CMIP5 AGCMs are evaluated over the Tibetan Plateau (TP) for the period 1979–2005. The
results demonstrate that the majority of CMIP5 models underestimate annual and seasonal mean surface 2-m air temperatures
(T as ) over the TP. In addition, the ensemble of the 28 AGCMs and half of the individual models underestimate annual
mean skin temperatures (T s ) over the TP. The cold biases are larger in T as than in T s , and are larger over the western
TP. By decomposing the T s bias using the surface energy budget equation, we investigate the contributions to the cold
surface temperature bias on the TP from various factors, including the surface albedo-induced bias, surface cloud radiative
forcing, clear-sky shortwave radiation, clear-sky downward longwave radiation, surface sensible heat ﬂux, latent heat ﬂux,
and heat storage. The results show a suite of physically interlinked processes contributing to the cold surface temperature bias.
Strong negative surface albedo-induced bias associated with excessive snow cover and the surface heat ﬂuxes are highly anticorrelated, and the cancelling out of these two terms leads to a relatively weak contribution to the cold bias. Smaller surface
turbulent ﬂuxes lead to colder lower-tropospheric temperature and lower water vapor content, which in turn cause negative
clear-sky downward longwave radiation and cold bias. The results suggest that improvements in the parameterization of the
area of snow cover, as well as the boundary layer, and hence surface turbulent ﬂuxes, may help to reduce the cold bias over
the TP in the models.
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1. Introduction
The Tibetan Plateau (TP) is the highest and most extensive plateau in the world, with an area of approximately
2.5 × 106 km2 and an average elevation of 4000 m. The TP
aﬀects not only the regional climate and environment in East
Asia, but also global atmospheric circulation via thermal and
mechanical forcing (Flohn, 1957; Yeh et al., 1957; Wu and
Zhang, 1998; Duan and Wu, 2005; You et al., 2013). As
a large mid-troposphere heat source during summer, the TP
plays an important role in the development of weather systems over East China (Tao and Ding, 1981), as well as the
onset and maintenance of the Asian summer monsoon (Wu
and Zhang, 1998; Li et al., 2001; Liu et al., 2007; Wu et al.,
2012). The net heating eﬀect from the TP surface to the atmosphere is due to the net surface radiation, latent heat ﬂux
and sensible heat ﬂux. Over the course of a year, the sensible
heat transport is primary (Ye and Gao, 1979). The surface
∗
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sensible heat ﬂux is closely related to the diﬀerence between
the surface temperature and air temperature, as well as the
surface wind speed.
Studies on skin temperature (T s ) and 2-m air temperature
(T as ) over the TP have long been largely dependent on satellite data, reanalysis data and model simulations, due to the
unique geographical environment of the TP, limited observation data and unevenly distributed meteorological stations.
Frauenfeld et al. (2005) compared the T as dataset retrieved
from ERA-40 with that obtained from 161 meteorological
stations on the TP. They found that the reanalysis temperatures were lower than the temperatures observed at the TP
stations. The temperature bias was almost exclusively due
to diﬀerences between the grid cell elevations and the station elevations. Wang and Zeng (2012) indicated that the T as
datasets of ERA-40, MERRA, NCEP-1, CFSR, ERA-Interim
and GLDAS were all underestimated over the TP, and suggested that elevation diﬀerences largely accounted for the
cold biases. Duan et al. (2014) compared simulations from
nine AGCMs using both observational data and ﬁve reanalysis datasets, and found that T as , T s and their diﬀerence (T s
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minus T as ) were all underestimated. Yang et al. (2007) attributed the surface cold bias to the absence of diurnal variations in the surface drag coeﬃcient.
Recently, Chen and Frauenfeld (2014) compared 20
GCMs from CMIP5 with observation data and found that
the GCMs have substantially cold-biased over the TP, especially during the cold season. In addition, 24 GCMs from
CMIP5 were assessed over the eastern TP by comparing the
surface air temperature from the model outputs with observations from the China Meteorological Data Sharing Service
System (http://cdc.cma.gov.cn/). The results showed a mean
underestimation of 1.18◦ C–2.58◦ C for December–May, and
an underestimate of less than 1◦ C for June–October (Su et
al., 2013). Downscaling has also been used over the TP, indicating the temperature at 500 hPa has a sizable cold bias
(Xu et al., 2017). Previous studies have shown that the cold
bias in models is prevalent in high-elevation areas, especially
the TP (Annan et al., 2005; Gao et al., 2011; Ji and Kang,
2013). Chen and Frauenfeld (2014) suggested that models
may fail to properly simulate the snow–albedo feedback over
the TP, causing signiﬁcant cold bias during the cold season
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and a small bias during the warm season.
Given that a cold bias exists over the TP in the majority of
CMIP5 models, it is important to fully understand its causes
and associated physical processes. The goal of this study,
therefore, is to document the underlying processes of the T s
cold bias towards model improvement. It has been shown
that T s and T as are underestimated over the TP (Hua et al.,
2014), and that the biases of T as are largely dependent on T s
(Yuichiro et al., 2006; Duan et al., 2014). This is because
the low-density air over the TP absorbs solar radiation very
weakly and, climatologically, the surface air energy budget is
mainly contributed by the underlying surface, i.e., the surface
sensible heat ﬂux, which is closely related to surface temperature. It can be seen from the scatter plots in Fig. 1 that T s and
T as have a good linear relationship; indeed, the correlation
coeﬃcient is more than 0.8 in all four seasons. Therefore, to
a certain extent, if the cold bias of T s can be improved, so
too could that of T as . For this reason, we focus initially on
the surface energy balance, rather than developing a detailed
vertical proﬁle of the surface and atmospheric temperatures.
The surface energy budget method of Lu and Cai (2009a) is

Fig. 1. Scatter plots and correlation between T as and T s averaged over the TP in all four seasons [(a) March–
May; (b) June–August; (c) September–November; (d) December–February] based on 28 CMIP5–AMIP models, their ensemble mean, and reanalysis (CFSR and ERA-Interim) data. The T as of the CRU dataset is presented
by the bold purple lines.
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applied to evaluate the relative importance of various surface
ﬂuxes in the T s bias. Based on the surface energy balance,
this method was successfully applied by Lu and Cai (2009a)
to study the seasonality of a polar surface warming ampliﬁcation via climate simulations. This study may help to explain
the causes of the cold bias over the TP in CMIP5 AGCMs,
and may also provide useful information for improving these
models (Fig. 2).
The remainder of the paper is organized as follows: Section 2 describes the models, data and analysis method used in
this study. Section 3 uses the energy balance method to decompose the T s bias and determine the cause of the TP cold
bias. A discussion is presented in section 4, followed by a
summary in section 5.

2. Models, data and analysis method
2.1.

Models and data

The data used in this study are the outputs of the AMIP
experiment from the CMIP5 dataset (https://pcmdi9.llnl.gov),
in which the AGCMs are forced by historical SST and seaice data. The analysis uses the monthly mean outputs of the
27-yr (1979–2005) averaged climate data from 28 models,
including sensible heat ﬂux, latent heat ﬂux, air temperature, surface temperature, downward shortwave (SW) radiation, upward SW radiation, clear-sky downward SW radiation, clear-sky upward SW radiation, clear-sky downward
longwave (LW) radiation (DLR), and upward LW radiation
data. Table 1 presents the institute, nation, modeling center

Fig. 2. Annual mean T as (◦ C) diﬀerences between various models and CRU data averaged during 1979–2005. All air temperature values in the models have been corrected to real elevation at a resolution of 2.5◦ × 2.5◦ .
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Table 1. Details of the CMIP5 AGCMs used in AR5. The models are available at http://cmip-pcmdi.llnl.gov/cmip5/docs/CMIP5 modeling
groups.pdf. See text for further details.
Atmospheric resolution
No.

Modeling center (or group)

Nation

Model name

(lat × lon)

1

Commonwealth Scientiﬁc and Industrial Research Organisation/Bureau
of Meteorology

Australia

ACCESS1.0

1.25◦ × 1.875◦

2

Beijing Climate Center, China Meteorological Administration

China

BCC CSM1.1

2.8125◦ × 2.8125◦

3

College of Global Change and Earth System Science, Beijing Normal
University

China

BNU-ESM

2.8125◦ × 2.8125◦

4

Canadian Centre for Climate Modelling and Analysis

Canada

CanAM4

2.8125◦ × 2.8125◦

5

National Center for Atmospheric Research

USA

CCSM4

0.9375◦ × 1.25◦

6

Community Earth System Model Contributors

USA

CESM1(CAM5)

0.9375◦ × 1.25◦

7

Centro Euro-Mediterraneo per I Cambiamenti Climatici

Italy

CMCC-CM

0.75◦ × 0.75◦

8

Centre National de Recherches Météorologiques/Centre Européen de
Recherche et Formation Avancée en Calcul Scientiﬁque

France

CNRM-CM5

1.40625◦ × 1.40625◦

9

Commonwealth Scientiﬁc and Industrial Research Organization in collaboration with Queensland Climate Change Centre of Excellence

Australia

CSIRO Mk3.6.0

1.875◦ × 1.875◦

10

EC-EARTH consortium

England

EC-EARTH

1.125◦ × 1.125◦

11

State Key Laboratory of Numerical Modeling for Atmospheric Sciences
and Geophysical Fluid Dynamics, Institute of Atmospheric Physics,
Chinese Academy of Sciences

China

FGOALS-g2

3◦ × 2.8125◦

12

State Key Laboratory of Numerical Modeling for Atmospheric Sciences
and Geophysical Fluid Dynamics, Institute of Atmospheric Physics,
Chinese Academy of Sciences

China

FGOALS-s2

1.7◦ × 2.8125◦

13

National Oceanic and Atmospheric Administration Geophysical Fluid
Dynamics Laboratory

USA

GFDL CM3

2◦ × 2.5◦

14

National Oceanic and Atmospheric Administration Geophysical Fluid
Dynamics Laboratory

USA

HiRAM-C180

0.5◦ × 0.625◦

15

National Oceanic and Atmospheric Administration Geophysical Fluid
Dynamics Laboratory

USA

HiRAM-C360

0.25◦ × 0.3125◦

16

National Aeronautics and Space Administration Goddard Institute for
Space Studies

USA

GISS-E2-R

2◦ × 2.5◦

17

National Institute of Meteorological Research/Korea Meteorological
Administration

Japan

HadGEM2-A

1.25◦ × 1.875◦

18

Institute for Numerical Mathematics

Russia

INM-CM4.0

1.5◦ × 2◦

19

L’Institut Pierre-Simon Laplace

France

IPSL-CM5A-LR

1.875◦ × 3.75◦

20

L’Institut Pierre-Simon Laplace

France

IPSL-CM5A-MR

1.2587◦ × 2.5◦

21

L’Institut Pierre-Simon Laplace

France

IPSL-CM5B-LR

1.875◦ × 3.75◦

22

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

Japan

MIROC5

1.40625◦ × 1.40625◦

23

Max-Planck-Institut für Meteorologie (Max Planck Institute for Meteorology)

Germany

MPI-ESM-LR

1.875◦ × 1.875◦

24

Max-Planck-Institut für Meteorologie (Max Planck Institute for Meteorology)

Germany

MPI-ESM-MR

1.875◦ × 1.875◦

25

Meteorological Research Institute

Japan

MRI-AGCM3.2H

0.5625◦ × 0.5625◦

26

Meteorological Research Institute

Japan

MRI-AGCM3.2S

0.1875◦ × 0.1875◦

27

Meteorological Research Institute

Japan

MRI-CGCM3

1.125◦ × 1.125◦

28

Norwegian Climate Centre

Norway

NorESm1-M

1.875◦ × 2.5◦
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(or group), model name, and atmospheric resolution associated with each model. Since the resolutions of the 28 models
vary, a bilinear interpolation method is used to interpolate the
model data onto a common horizontal grid of 2.5◦ × 2.5◦ .
Because of the complex topography and severe weather
conditions of the TP, most meteorological stations are located in the east-central part of the region. Plus, it is diﬃcult
to obtain long-term meteorological data series. We use the
most recent dataset (CRU-TS3.10; New et al., 1999) from
the Climatic Research Unit (CRU) as the “observation”. The
monthly dataset includes surface temperature and precipitation on a 0.5◦ × 0.5◦ latitude–longitude grid from 1901–2009
(New et al., 1999). Previous studies have found that the interannual temperature variations observed by the CRU are consistent with reconstructed proxy series from tree rings, ice
cores and lake sediments in China, with the correlation between the data series reaching 0.84 (Wen et al., 2006).
To evaluate the performance of CRU-TS3.10 data over
the TP, Wang et al. (2013) compared monthly mean CRU data
for the region (25◦ –42◦ N, 70–105◦ E) with monthly mean
data from 111 Chinese standard meteorological stations at
elevations  2000 m from 1982–2001. A high interannual
correlation (0.99) was found between the annual CRU and
station temperature data, indicating the former can reﬂect the
climate variability over the TP eﬀectively.
The reanalysis datasets used are ERA-Interim (Dee et
al., 2011) and CFSR (Saha et al., 2010). ERA-Interim is
a global atmospheric reanalysis dataset covering the period
from 1979 to the present. It has a horizontal resolution of
1.5◦ × 1.5◦ , with 37 pressure levels ranging from 1000 hPa to
1 hPa. CFSR is a global high-resolution reanalysis product
released in 2010 by the NCEP. The CFSR data used in this
study include monthly mean data at a horizontal resolution
of 0.5◦ × 0.5◦ from 1979–2005. Wang and Zeng (2012) compared the performances of six reanalysis products (MERRA,
NCEP-1, CFSR, ERA-40, ERA-Interim and GLDAS) over
the TP. The results showed that, compared with measurements from 63 China Meteorological Administration stations, ERA-Interim provides the best overall performance
based on both daily and monthly air temperatures. Meanwhile, compared with measurements from nine Coordinated
Enhanced Observing Period Asia–Australia Monsoon Project
stations, CFSR provides the best overall performance.
2.2.

Analysis method

Following Lu and Cai (2009a), the surface energy balance
equation is as follows:
Q = S ↓ − S ↑ + F ↓ − F ↑ − H − LE
= (1 − α)S ↓ + F ↓ − F ↑ − H − LE ,

1451

CHEN ET AL.

(1)

where Q represents the heat storage term for the land surface;
S ↓ and S ↑ represent the surface downward and upward SW
radiation, respectively; α is the surface albedo; F ↓ and F ↑
represent the surface downward and upward LW radiation,
respectively, in which F ↑ ≈ σT s4 ; The term σ is the Stefan–
Boltzmann constant, σ = 5.67 × 10−8 W m−2 K−4 . T s is sur-

face temperature, H and LE represent the sensible and latent
heat ﬂux, respectively. Here, we consider the diﬀerence (Δ)
between the models with cold surface bias over the TP (cTP)
and warm surface bias over the TP (wTP). By rearranging Eq.
(1), we obtain the following:
ΔF ↑ = Δ[(1 − α)S ↓ ] + ΔF ↓ − ΔQ − Δ(H + LE) .

(2)

We also introduce surface cloud radiative forcing (CRF),
which is the diﬀerence between the net total-sky radiation
and clear-sky radiation at the surface. This parameter has
long been used to represent the eﬀects of clouds on climate
(Cess and Potter, 1988; Ramanathan et al., 1989). Because
the diﬀerence of CRF includes the impacts of surface albedoinduced diﬀerence (SAF) and other feedback processes, Lu
and Cai (2009a) excluded the SAF in the surface CRF diﬀerence (ΔCRFs ):
↓
↓
↑
+ Fcld
− Fcld
]
ΔCRFs = Δ[(1 − ᾱ)S cld
↓
↓
= (1 − ᾱ)ΔS cld
+ ΔFcld
,

(3)

where (A)cld = (A) − (A)clr , in which (A) represents radiation
under total-sky conditions, (A)clr represents radiation under
clear-sky conditions, and ᾱ is the surface albedo of the unperturbed mean climate state. In Eq. (3), we utilize the fact that
↑
= 0 at the surface, because the mathematical expression
ΔFcld
for the radiation emitted from the surface is not directly related to clouds. According to Eq. (3), Eq. (2) can be rewritten
as follows:
↓
4σT̄ s3 ΔT ≈ ΔFs↑ = −(Δα)(S̄ ↓ + ΔS ↓ ) + ΔCRFs + (1 − ᾱ)ΔS cld
↓
+ΔFcld
− ΔQ − Δ(H + LE) .

(4)

In Eq. (4), the overbar represents the reference mean climate
state. The terms on the right-hand side of Eq. (4) represent the
SAF, the diﬀerences in surface CRF, the non-SAF diﬀerences
in clear-sky SW radiation (due mainly to atmospheric water
vapor), the diﬀerence in DLR ﬂuxes respectively, the diﬀerence in heat storage, and the diﬀerence in surface heat ﬂuxes.
Additional details are provided by Lu and Cai (2009a).
Because of the resolution and elevation deviation between
the models and the CRU data, utilizing the direct temperature diﬀerence between the models and CRU data will result
in serious errors. Previous studies have also found that the
elevation diﬀerences of diﬀerent models can aﬀect temperature simulation. We correct the simulated temperature to the
actual elevation using the method of Sheﬃeld et al. (2006),
reducing the error caused by the diﬀerent model resolutions.
First, the model temperatures are corrected to those at sea
level based on a temperature lapse rate (6.5◦ C km−1 ). Then,
all the model temperatures are interpolated to a resolution of
2.5◦ × 2.5◦ . The model temperatures are then corrected from
sea level to the actual elevation.
The inter-model empirical orthogonal function (EOF)
used in this study is similar to the traditional EOF method
(Jackson, 1991), but includes the continuous model-space
matrix X (m, s) instead of the traditional time-space matrix
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X (t, s). Here, m, s and t denote diﬀerent model, space
and time components, respectively (Li and Xie, 2012, 2014;
Wang et al., 2014).

3. Results
The region (25◦ –45◦ N, 70◦ –105◦ E), with an elevation
> 2000 m, is chosen as the study area. Since the model outputs are interpolated to the resolution of 2.5◦ × 2.5◦ , there are
60 grid boxes in the TP region (Fig. 3).
3.1.

Cold bias on the TP

The average of the simulated T s and T as in most models is lower than those based on the reanalysis data of CFSR
and ERA-Interim in all four seasons (Fig. 4). The T as in all
models and the two reanalysis datasets is below that of CRU,
except in summer. The T as diﬀerences between each of the
28 CMIP5 AGCMs and their ensemble and the CRU data
suggest that most models and the ensemble mean underestimate the summer (June–August) mean temperature over the
TP (Fig. 4). The cold bias is more prevalent over the western
TP than the eastern TP. Figure 4 shows that the simulated T as
values are lower than the CRU values for the spring (March–
May) mean and winter (December–February) mean (Figs. 4a
and d). The diﬀerences between the simulated T as and that of
the reanalysis datasets (ERA-Interim and CFSR) are also presented in Figs. 4a–d. Compared with the reanalysis data, the
majority of the simulated T as values include a cold bias over
the TP during all four seasons. The T as cold bias is larger in
winter than in other seasons in most models, as well as the
ensemble mean (Fig. 4d), which is consistent with the results
of Su et al. (2013).
The simulated T s values also include a cold bias over the
TP, in half of the models (Fig. 4e–h). Except in autumn, a
cold bias dominates among the 28 models and the ensemble
mean. The diﬀerences between the simulation and ERAInterim or CFSR are larger for T as than they are for T s . This

may be due to the larger variability in air temperature than
ground temperature, associated with the greater heat content
of soil compared with air. We also ﬁnd the T s in CFSR and
ERA-Interim diﬀer from each other across the four seasons
over the TP (Fig. 1 and Figs. 4e–h). In summary, by comparing simulations from 28 AGCMs with CRU data and two
reanalysis datasets, we ﬁnd that most of the models underestimate T as , while half of the models, as well as their annual
ensemble mean, underestimate T s .
3.2.

Main mode of the T s bias

We examine the inter-model variability of annual mean T s
values over the TP via an inter-model EOF analysis of the 28
CMIP5 AGCMs. The ﬁrst inter-model EOF (EOF1), which
explains 63.2% of the total variance, suggests a general pattern of same-sign values over the entire TP, with a maximum
in the southwest (Fig. 5a). EOF1 is consistent with the spatial
distribution characteristics of the cold bias in most models
(Fig. 2). The ﬁrst principal component (PC1) is highly correlated with the mean T s of the TP, with a correlation coeﬃcient of 0.98 (Fig. 5b). By comparing with reanalysis data, we
check the necessary variables for Eq. (4) in the 28 models and
identify individual models with large diﬀerences between the
simulated results and observations.
While a cold bias may be represented by the diﬀerence
between a model simulation and observations, it may also be
understood through the diﬀerence between the cTP and wTP
models, i.e., through the model spread of the simulated temperature over the TP. This is particularly useful given that
direct observations over the TP are still rare, and reanalysis
datasets still contain large uncertainties. We choose three of
the lowest PC1 values as the cTP models and three of the
highest PC1 values as the wTP models. We choose the lowest values and highest values from the ﬁve PC1 sequences
(i.e., for each of the four seasons and the whole year), and
exclude two models with the coldest and warmest bias. As
a result, the selected cTP models are INM-CM4.0, MRIAGCM3.2H and MRI-AGCM3.2S; and the wTP models are
CSIRO Mk3.6.0, MIROC5, and NorESM1-M (Table 1). The
selected cTP (wTP) models also show a cold (warm) bias
in their simulation of T s compared with the reanalysis data
(ERA-Interim and CFSR).
3.3.

Fig. 3. Spatial distribution of elevation over the TP. The solid
lines indicate the TP region with an average elevation > 2000 m.
The locations of the 60 grid boxes are represented by squares.
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Surface temperature bias decomposition

We decompose the T s bias using Eq. (4). Figure 6a illustrates the T s diﬀerences between the cTP models and wTP
models over the TP. Figures 6b–g correspond, respectively, to
the terms on the right-hand side of Eq. (4), and Fig. 6h is the
sum of these terms. The spatial and temporal distributions in
Figs. 6a and h are relatively similar. The error between values
is mainly due to the linearization of surface upward LW radiation adopted on the left-hand side of Eq. (4), as well as the
interpolation calculation error. The diﬀerences between the
cTP models and the wTP models suggest that the cold bias
is widespread over the TP (Fig. 6a). The cold bias over the
western TP is higher than that over the eastern TP (Fig. 6a).
Additionally, the two largest terms contributing to the cold
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Fig. 4. Seasonal mean temperature diﬀerences between CMIP5 models and observations [CRU and two reanalysis
products (ERA-Interim and CFSR)] averaged over the 60 grid boxes from 1979–2005: (a–d) T as diﬀerences between
the models, CRU data and reanalysis products; (e–h) T s diﬀerences between the models and reanalysis products. All
temperature data in the models and reanalysis products have been corrected based on actual elevation at a resolution of
2.5◦ × 2.5◦ . The numbers at the bottom of the plots indicate the models listed in Table 1.

bias are SAF and the bias due to DLR (Figs. 6b and e).
3.3.1.

Albedo, surface heat ﬂux and heat storage

The SAF is negative for most of the grid boxes (Fig. 6b),
which may be related to the albedo parameterization schemes
of the models. Qu and Hall (2007) evaluated 14 models from
the Fourth Assessment of the Intergovernmental Panel on Cli-

mate Change AR4 and found that models that did not explicitly consider the vegetation canopy in their surface-albedo
calculations typically had high eﬀective snow albedo values
and strong SAF. When the surface albedo increases, less solar
radiation is absorbed by the surface, resulting in net surface
cooling. A suﬃciently large albedo will inevitably lead to a
diminished heat source over the TP. Therefore, the larger the

1454

SURFACE TMEPERATURE BIAS IN CMIP5 AGCMS

VOLUME 34

Fig. 5. (a) First inter-model EOF patterns of annual mean T s for the 60 gird boxes over the TP based on 28
CMIP5 AGCMs. (b) PC1 and surface temperature averaged from the 60 grid points over the TP based on
28 CMIP5 AGCMs. The numbers at the top of (a) and (b) indicate the explained variance and correlation
coeﬃcient, respectively.

albedo, the smaller the sensible heat ﬂux. Figures 6b and g
show that the sensible and latent heat ﬂux patterns are similar to the SAF but with opposite signs, implying that the two
terms oﬀset each other. The cancelling out of these two terms
leads to a relatively weak contribution to the cold bias (Fig.
7h). Comparison between Figs. 7f and g illustrates that the
heat storage diﬀerence is a positive contribution during spring
and a negative contribution during summer.
The larger albedo diﬀerences mainly occur during spring
and increase with increasing elevation (Fig. 6b). Figure 7b
shows that the maximum albedo diﬀerences propagate from
east to west over the TP, with seasonal evolution from winter to summer. These temporal diﬀerences may be related to
the snow cover on the TP because snow cover signiﬁcantly
impacts the albedo of the area. Most models calculate the
area of snow cover using an empirical formula based on snow
depth. As Yang et al. (2016) indicated, parameterized albedos
have substantial discrepancies compared to observed albedo,
particularly during the melt period. Spring is the snowmelt
season over the TP; therefore, the largest albedo diﬀerences
are observed during this season. Figure 8 illustrates the snow
area fraction diﬀerences between the cTP models and wTP
models over the TP. The consistent snow area fraction and
SAF patterns indicate that the snow area fraction is larger
in the cTP models and smaller in the wTP models. Consequently, the albedo is higher in the cTP models and lower in
the wTP models. The higher cTP albedo leads to less solar radiation reaching the ground. The lower wTP albedo
leads to more solar radiation reaching the ground and a warm
bias. Given the importance of snow albedo in the majority
of the CMIP5 models, Qu and Hall (2014) indicated that the
snow area fraction parameterization scheme must be further
improved.
3.3.2. Surface CRF
The surface CRF diﬀerence is positive for most of the TP
grid boxes (Fig. 6c), and is negative over the central TP during winter (Fig. 7c). The surface CRF reaches a positive maximum during summer (Fig. 7c), which is mainly due to the in-

creased solar radiation reﬂection by clouds (Yan et al., 2016).
Although the surface CRF diﬀerences occur in-phase with
the winter cold bias, the diﬀerences do not contribute much
to the cold biases during the cold seasons compared to the
total cold bias shown in Figs. 7a and i. Figure 7d shows the
non-SAF net clear-sky downward SW radiation diﬀerences
at the surface. This term is mainly impacted by the changed
water vapor. Less/more water vapor reduces/increases the atmospheric absorption of solar radiation and increases/reduces
solar radiation at the surface.
3.3.3. Clear-sky DLR
The annual DLR cycle diﬀerences (Fig. 6e) exhibit similar spatio-temporal distributions as those displayed in Fig.
6a. The increase/decrease in DLR at the surface is due to
the net eﬀect of the water vapor, atmospheric CO2 concentration, and atmospheric temperature diﬀerences. As we know,
the AMIP5 models use the same CO2 concentration in the
AMIP experiments. Therefore, the diﬀerence in DLR in Fig.
6e should be mainly attributable to the diﬀerences in atmospheric temperature and water vapor content. Atmospheric
temperatures of the cTP models are lower than the temperatures of the wTP models below 300 hPa over the TP (Fig. 8b).
The atmospheric temperature is partly aﬀected by the surface
turbulence (Fig. 7h) and partly by atmospheric processes.
The latter is beyond the scope of the surface energy method in
this paper. Recently, Lu and Cai (2009b) developed the Coupled Surface–Atmosphere Climate Feedback Response Analysis Method to quantify the contributions of individual model
processes to the total temperature changes. This method will
be used to investigate the eﬀects of atmospheric processes on
atmospheric temperature in a future study.
The TP has experienced a winter warming trend of 0.4◦ C
(10 yr)−1 during the last ﬁve decades, caused by increased
near-surface water vapor, which has ampliﬁed the DLR
(Rangwala, 2013). Rangwala (2013) found that, when an
equal mass of water vapor is added into the atmospheric
boundary layer during winter, a substantially greater increase
(×8) in DLR occurs at high-elevation sites relative to low-
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Fig. 6. Diﬀerences (K) in the various terms in Eq. (4) between the cTP models and the wTP models. The vertical coordinates represent months. The horizontal axis represents the 60 grid boxes arranged by increasing elevation: (a) T s diﬀerence,
along with that due to (b) surface albedo feedback, (c) surface CRF, (d) non-SAF associated with clear-sky SW radiation,
(e) non-SAF associated with net clear-sky LW radiation ﬂuxes, (f) heat storage, (g) surface sensible and latent ﬂuxes, and
(h) the sum of (b) through (g).
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Fig. 7. As in Fig. 6, but the horizontal axis is the meridional mean averaged over the grid boxes with the same longitude. Panel
(h) is the sum of (b) and (g), while (i) is the sum of (b) through (g).

elevation sites. The water vapor contents of the cTP models
are generally lower than the contents of the wTP models over
the TP, which is associated with the lower temperature in the
lower troposphere in the cTP models (Figs. 8b and c). Therefore, lower water vapor content (Fig. 7a) and negative DLR
are generated (Fig. 7e), which result in a lower T s in the cTP
model simulations.

4. Discussion
The method of subtracting wTP model results from cTP
model results has been used previously to highlight the ori-

gins of SST biases in CMIP multi-model ensembles (Li
and Xie, 2012, 2014). We use diﬀerent models for our
comparison in this paper, and diﬀerent models have diﬀerences in their atmospheric state and/or model parameterizations. Therefore, is it reasonable that we use the results
of low-temperature models minus those of high-temperature
models?
The use of the surface energy budget is justiﬁed by the
fact that, in each model, the surface energy balance is maintained in the same way (i.e., use of the same equation), and
the biases of the models with respect to the “unknown” real
state (observations) may be considered as a perturbation of
the “real state”. Thus, the analysis presented in this paper
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Fig. 8. Diﬀerences between the cTP and wTP models in (a) meridionally averaged snow area fraction, (b) annual mean atmospheric temperature in the vertical direction, and (c) column water vapor content (kg m−2 ). The meridional mean over the TP is
used in (a) and (b).

is a kind of ensemble perturbation (bias) analysis, which is
methodologically reasonable.
The results presented in section 3 refer mainly to the
results of the cTP models minus those of the wTP models. Meanwhile, 15 other models (CanAM4, BCC CSM1.1,
CCSM4, CNRM-CM5, GFDL CM3, HiRAM-C180,
HiRAM-C360, GISS-E2-R, INM-CM4.0, IPSL-CM5ALR, IPSL-CM5A-MR, IPSL-CM5B-LR, MRI-AGCM3.2H,
MRI-AGCM3.2S, MRI-CGCM3) that exhibit a cold bias
over the TP are also used. Speciﬁcally, we analyze the bias
of T s between the multi-model ensemble and CFSR (Fig.
9). The results show that the multi-model ensemble bias is
contributed by the SAF (Fig. 9b), the LW radiation (Fig. 9e),
and the non-SAF clear-sky SW radiation (mainly due to atmospheric water vapor) (Fig. 9d). We also compare the bias
of each single model with CFSR. The results are basically
the same as those for the ensemble mean (not shown).
The use in this paper of the cTP model results minus
those of the wTP models is done mainly because these models use the same forcing ﬁelds in their CMIP5 experiments.
The performance of the multi-model ensemble is also tested.
The two types of analysis show similar physically interlinked
processes. The strong negative SAF is largely cancelled out
by the surface heat ﬂuxes. Therefore, these two terms contribute relatively weakly to the cold bias. Smaller surface turbulent ﬂuxes lead to colder lower-tropospheric temperatures
and lower water vapor content, which in turn cause negative
DLR and a cold bias.
The focus in this study is on the formation of a T s cold
bias, which is important in causing a T as cold bias. However,
the change in T as is not only due to change in T s ; it is also
associated with other physical processes, such as the absorption of radiation energy and latent heating/cooling related to
condensation/evaporation. For several of the models that possess a warm T s bias but a cold T as bias, the negative T as bias
should be related to either less water vapor content, which
absorbs less radiation heating, or stronger sub-cloud/nearsurface evaporation. Although such a case exists in only a
few models, the mechanism requires further investigation.

5. Summary
In this work, we adopt a surface energy balance decomposition method to analyze the T s cold bias over the TP in
CMIP5 AGCMs, and ﬁnd that T as is underestimated over the
TP by most of the models, while half of the models underestimate the annual T s . This cold bias is more pronounced over
the western TP. The snow area fraction is larger in cTP models than wTP models, resulting in higher albedos. The analyses show a suite of physically interlinked processes contributing to the cold surface temperature bias. The strong negative
SAF and the surface heat ﬂuxes are highly anti-correlated,
and the cancelling out of these two terms leads to a relatively
weak contribution to the cold bias. Smaller surface turbulent ﬂuxes lead to colder lower-tropospheric temperature and
lower water vapor content, which in turn cause negative DLR
and a cold bias.
In most of the models, albedo is mainly associated with
the parameterization of the area of snow cover, when there is
snow, and this is calculated based on snow depth. Swenson
and Lawrence (2012) indicated that when snowfall occurs,
the area of snow cover and the snow depth generally exhibit
a good relationship. However, during snowmelt periods, the
empirical algorithm based on snow depth exhibits obvious
discrepancies compared to the simulated snow area. Considering the importance of the area of snow cover in the albedo
calculation, and the importance of the eﬀects of albedo on
the cold biases over the TP shown in this study, we suggest
that improvements in the parameterization of the area of snow
cover, as well as the boundary layer, and hence the surface
turbulent ﬂuxes, may help to reduce the cold bias over the TP
in models.
The resolutions of most existing CGCM models are continuously improving. However, corresponding physical process improvements will also be necessary. Resolution enhancements in steep mountain areas may increase the diﬃculty in simulating land–atmosphere interaction, and the consequent change in land processes will aﬀect the simulation of
circulation, water vapor transport, and water vapor distribu-
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Fig. 9. As in Fig. 7, but the diﬀerences are from the multi-model ensemble and CFSR.

tion, which will ultimately aﬀect the simulation of surface
temperature via DLR variations. The results of the present
study suggest that the T s cold bias over the TP is closely associated with snow cover and the SAF, and therefore provide
a reference for reducing the cold bias and improving climate
model performance.
Acknowledgements. We are indebted to Prof. Jianhua LU for
his countless suggestions in conducting the study. This research
is supported by the National Natural Science Foundation of China
(Grant Nos. 91437219 and 91637312); the Third Tibetan Plateau
Scientiﬁc Experiment (Grant No. GYHY201406001); the Key Research Program of Frontier Sciences, Chinese Academy of Sciences
(Grant No. QYZDY-SSW-DQC018); and the Special Program for

Applied Research on Super Computation of the NSFC–Guangdong
Joint Fund (second phase).
REFERENCES
Annan, J. D., D. J. Lunt, J. C. Hargreaves, and P. J. Valdes, 2005:
Parameter estimation in an atmospheric GCM using the ensemble Kalman ﬁlter. Nonlinear Processes in Geophysics, 12,
363–371.
Cess, R. D., and G. L. Potter, 1988: A methodology for understanding and intercomparing atmospheric climate feedback
processes in general circulation models. J. Geophys. Res., 93,
8305–8314, doi: 10.1029/JD093iD07p08305.
Chen, L., and O. W. Frauenfeld, 2014: Surface air temperature
changes over the twentieth and twenty-ﬁrst centuries in china

DECEMBER 2017

CHEN ET AL.

simulated by 20 CMIP5 models. J. Climate, 27(11), 3920–
3937, doi: 10.1175/JCLI-D-13-00465.1.
Dee, D. P., and Coauthors, 2011: The ERA-Interim reanalysis: conﬁguration and performance of the data assimilation system. Quart.J.Roy. Meteorol. Soc., 137, 553–597. doi:
10.1002/qj. 828.
Duan, A. M., and G. X. Wu, 2005: Role of the Tibetan Plateau thermal forcing in the summer climate patterns over sub-tropical
Asia. Climate Dyn., 24, 793–807, doi: 10.1007/s00382-0040488-8.
Duan, A.-M., Z.-X. Xiao, and J. Hu, 2014: Can current AGCMs
reproduce historical changes in the atmospheric diabatic heating over the Tibetan Plateau? Atmospheric and Oceanic Science Letters, 7, 143–148, doi: 10.3878/j.issn.1674-2834.13.
0084.
Flohn, H., 1957: Large-scale aspects of the “summer monsoon” in
South and East Asia. J. Meteor. Soc. Japan., 35A, 180–186,
doi: 10.2151/jmsj1923.35A.0 180.
Frauenfeld, O. W., T. J. Zhang, and M. C. Serreze, 2005: Climate
change and variability using European Centre for MediumRange Weather Forecasts reanalysis (ERA-40) temperatures
on the Tibetan Plateau. J. Geophys. Res., 110, D02101, doi:
10.1029/2004JD005230.
Gao, J., V. Masson-Delmotte, T. Yao, L. Tian, C. Risi, and G. Hoﬀmann, 2011: Precipitation water stable isotopes in the South
Tibetan plateau: Observations and modeling. J. Climate, 24,
3161–3178, doi: 10.1175/2010JCLI3736.1.
Hua, W. J., H. S. Chen, and S. L. Sun, 2014: Uncertainty
in land surface temperature simulation over China by
CMIP3/CMIP5 models. Theor. Appl. Climatol., 117, 463–
474, doi: 10.1007/s00704-013-1020-z.
Jackson, J. E, 1991: A User’s Guide to Principal Components. Wiley, New York, 569 pp.
Ji, Z. M., and S. C. Kang, 2013: Double-nested dynamical downscaling experiments over the Tibetan Plateau and their projection of climate change under two RCP scenarios. J. Atmos.
Sci., 70, 1278–1290, doi: 10.1175/JAS-D-12-0155.1.
Li, G., and S. P. Xie, 2012: Origins of tropical-wide SST biases
in CMIP multi-model ensembles. Geophys. Res. Lett., 39,
L22703, doi: 10.1029/2012GL053777.
Li, G., and S.-P. Xie, 2014: Tropical biases in CMIP5 multimodel
ensemble: The excessive equatorial Paciﬁc cold tongue and
double ITCZ problems. J. Climate, 27(4), 1765–1780, doi:
10.1175/JCLI-D-13-00337.1.
Li, W. P., G. X. Wu, Y. M. Liu, and Y. Liu, 2001: How the surface processes over the Tibetan Plateau aﬀect the summertime Tibetan Anticyclone: Numerical experiments. Chinese
Journal of Atmospheric Sciences, 25, 809–816, doi: 10.3878/
j.issn.1006-9895.2001.06.08. (in Chinese with English abstract)
Liu, Y. M., Q. Bao, A. M. Duan, Z. A. Qian, and G. X. Wu,
2007: Recent progress in the impact of the Tibetan Plateau
on climate in China. Adv. Atmos. Sci., 24(6), 1060–1076, doi:
10.1007/s00376-007-1060-3.
Lu, J. H., and M. Cai, 2009a: Seasonality of polar surface warming ampliﬁcation in climate simulations. Geophys. Res. Lett.,
36(16), doi: 10.1029/2009GL040133.
Lu, J. H., and M. Cai, 2009b: A new framework for isolating individual feedback processes in coupled general circulation climate models. Part I: Formulation. Climate Dyn., 32(6), 873–
885, doi: 10.1007/s00382-008-0425-3.
New, M., M. Hulme, and P. Jones, 1999: Representing twentieth-

1459

century space-time climate variability. Part I: Development
of a 1961-90 mean monthly terrestrial climatology. J. Climate, 12, 829–856, doi: 10.1175/1520-0442(1999)012<0829:
RTCSTC>2.0.CO;2.
Qu, X., and A. Hall, 2007: What controls the strength of
snow-albedo feedback? J. Climate, 20(15), 3971–3981, doi:
10.1175/JCLI4186.1.
Qu, X., and A. Hall, 2014: On the persistent spread in snow-albedo
feedback. Climate Dyn., 42, 69–81, doi: 10.1007/s00382013-1774-0.
Ramanathan, V., R. D. Cess, E. F. Harrison, P. Minnis, B.
R. Barkstrom, E. Ahmad, and D. Hartmann, 1989: Cloudradiative forcing and climate: Results from the earth radiation
budget experiment. Science, 243, 57–63, doi: 10.1126/science.243.4887.57.
Rangwala, I., 2013: Ampliﬁed water vapour feedback at high altitudes during winter. International Journal of Climatology,
33(4), 897–903, doi: 10.1002/joc.3477.
Saha, S., and Coauthors, 2010: The NCEP climate forecast system
reanalysis. Bull. Amer. Meteor. Soc., 91(8), 1015–1057, doi:
10.1175/2010BAMS3001.1.
Sheﬃeld, J., G. Goteti, and E. F. Wood, 2006: Development of a
50-year high-resolution global dataset of meteorological forcings for land surface modeling. J. Climate, 19, 3088–3111,
doi: 10.1175/JCLI3790.1.
Su, F. G., X. L. Duan, D. L. Chen, Z. C. Hao, and L. Cuo,
2013: Evaluation of the global climate models in the CMIP5
over the Tibetan Plateau. J. Climate, 26, 3187–3208, doi:
10.1175/JCLI-D-12-00321.1.
Swenson, S. C., and D. M. Lawrence, 2012: A new fractional
snow-covered area parameterization for the Community Land
Model and its eﬀect on the surface energy balance. J. Geophys. Res., 117(D21), D21107, doi: 10.1029/2012JD018178.
Tao, S.-Y., and Y.-H. Ding, 1981: Observational evidence of the
inﬂuence of the Qinghai-Xizang (Tibet) Plateau on the occurrence of heavy rain and severe convective storms in China.
Bull. Amer. Meteor. Soc., 62, 23–30, doi: 10.1175/1520-0477
(1981)062<0023:OEOTIO>2.0.CO;2.
Wang, A. H., and X. B. Zeng, 2012: Evaluation of multireanalysis
products with in situ observations over the Tibetan Plateau. J.
Geophys. Res., 117(D5), doi: 10.1029/2011JD016553.
Wang, C. Z., L. P. Zhang, S.-K. Lee, L. X. Wu, and C. R. Mechoso, 2014: A global perspective on CMIP5 climate model
biases. Nat. Clim. Change, 4(3), 201–205, doi: 10.1038/nclimate2118.
Wang, X. J., M. X. Yang, G. N. Wan, X. L. Chen, and G. J. Pang,
2013: Qinghai-Xizang (Tibetan) Plateau climate simulation
using the regional climate model RegCM3. Climate Research,
57(3), 173–186, doi: 10.3354/cr01167.
Wen, X. Y., S. W. Wang, J. H. Zhu, and D. Viner, 2006: An
overview of China climate change over the 20th century using UK UEA/CRU high resolution grid data. Chinese Journal
of Atmospheric Sciences, 30, 894–904, doi: 10.3878/j.issn.
1006-9895.2006.05.18. (in Chinese with English abstract)
Wu, G. X., and Y. S. Zhang, 1998: Tibetan Plateau forcing and the
timing of the monsoon onset over South Asia and the South
China Sea. Mon. Wea. Rev., 126, 913–927, doi: 10.1175/
1520-0493(1998)126<0913:TPFATT>2.0.CO;2.
Wu, G. X., Y. M. Liu, B. He, Q. Bao, A. M. Duan, and F.-F. Jin,
2012: Thermal controls on the Asian summer monsoon. Scientiﬁc Reports, 2, 404, doi: 10.1038/srep00404.
Xu, J. W., Y. H. Gao, D. L. Chen, L. H. Xiao, and T. H. Ou, 2017:

1460

SURFACE TMEPERATURE BIAS IN CMIP5 AGCMS

Evaluation of global climate models for downscaling applications centred over the Tibetan Plateau. International Journal
of Climatology, 37, 657–671, doi: 10.1002/joc.4731.
Yan, Y. F., Y. M. Liu, and J. H. Lu, 2016: Cloud vertical structure,
precipitation, and cloud radiative eﬀects over Tibetan Plateau
and its neighboring regions. J. Geophys. Res., 121(10), 5864–
5877, doi: 10.1002/2015JD024591.
Yang, K., and Coauthors, 2007: Initial CEOP-based review of the
prediction skill of operational general circulation models and
land surface models. J. Meteor. Soc. Japan, 85, 99–116, doi:
10.2151/jmsj.85A.99.
Yang, Q. H., and Coauthors, 2016: Albedo of coastal landfast sea
ice in Prydz Bay, Antarctica: Observations and parameterization. Adv. Atmos. Sci., 33, 535–543, doi: 10.1007/s0037–0155114-7.

VOLUME 34

Ye, D. Z., and Y. X. Gao, 1979: Qinghai-Xizang Plateau Meteorology. Science Press, Beijing. (in Chinese)
Yeh, T. C., S. W. Luo, and P. C. Chu, 1957: The wind structure and
heat balance in the lower troposphere over Tibetan Plateau
and its surrounding. Acta Meteorologica Sinica, 28, 108–121,
doi: 10.11676/qxxb1957.010. (in Chinese with English abstract)
You, Q. L., K. Fraedrich, G. Y. Ren, N. Pepin, and S. C. Kang,
2013: Variability of temperature in the Tibetan Plateau based
on homogenized surface stations and reanalysis data. International Journal of Climatology, 33(6), 1337–1347, doi:
10.1002/joc.3512.
Yuichiro, O., H. Shigenori, S. Haginoya, and Y. M. Ma, 2006: Recent trends in land surface temperature on the Tibetan Plateau.
J. Climate, 19, 2995–3003, doi: 10.1175/JCLI3811.1.

