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Abstract
This paper compares the historical simulations and future projections of surface air temperature over the Tibetan Plateau of the
updated Coupled Model Intercomparison Project phase (CMIP6) and the precedent phase of the project (CMIP5) to quantify differences
in the projections under different scenarios. Model evaluation for the historical period (1961-2005) indicates that the multi-model
ensemble (MME) mean of CMIP6 outperforms CMIP5 MME in simulating spatial-temporal characteristics of surface air temperature.
The temperature changes relative to 1986-2005 are projected in the near-term (2021-2040), mid-term (2041-2060), and long-term (2081-
2100) future under Shared Socio-economic Pathway (SSP)2-4.5 and SSP5-8.5 of CMIP6 and Representative Concentration Pathway
(RCP)4.5 and RCP8.5 of CMIP5. The projected temperature shows larger increases in the long-term compared with the near-term and
mid-term under both SSPs and RCPs. CMIP6 MME projects higher temperature changes and accelerated warming trends relative to
CMIP5 MME. Additionally, the temperature increases and warming rates show a signi�cant elevation dependency, especially in the long-
term. The uncertainty for future projections is quanti�ed by the square root of error variance (SREV) method. The results record a clear
reduction in the uncertainty of CMIP6 temperature relative to CMIP5 primarily concentrated at the elevation zones of over 5,000 m. The
analysis of the projected temperature over the Tibetan Plateau is of great signi�cance for policy-makers to make socio-economic
adjustments for the future warming. This study is conducive to the credibility of future temperature projections for CMIP6 and enhances
our comprehension of the uncertainty of SSP and RCP scenarios.

1. Introduction
In the �rst two decades of the 21st century (2001–2020), the global surface air temperature was 0.99°C higher than 1850–1900 (IPCC
2021). Global warming has become an accepted fact, particularly at northern high latitudes and high-altitude areas, such as the Rockies
Mountains, the Alps, and the Tibetan Plateau(Hansen et al. 2010); (Yao et al. 2012). The Tibetan Plateau (TP), the inland plateau of
Asia, is the largest and highest plateau in the world, with a mean altitude exceeding 4,000 m. It is described as the “Water Tower of Asia”
because several major rivers originate from the TP, including the Yellow River, the Yangtze River, the Mekong River, and the Brahmaputra
River (Yao et al. 2012).

The climate over the TP is complex and has intense sensitivity to climate change, primarily affected by the interaction of the Asian
monsoon and the mid-latitude westerlies (Yao et al. 2019). The TP has experienced remarkable warming during the recent decades (Zou
et al. 2014; Cai et al. 2017; Duan et al. 2020; Wang et al. 2021). Meteorological datasets indicate that the TP’s warming rate is twice of
that observed worldwide in the last 50 years (Duan and Xiao 2015). The strongest warming occurred in the winter months (Du et al.
2004; Chen et al. 2006; Zou et al. 2014; Chen et al. 2016). Growing evidence reveals enhanced warming with elevation (Li et al. 2017) or
elevation-dependent warming (Pepin et al. 2015) over the Tibetan Plateau. It is manifested that such inclinations may remain in the
future, particularly in winter and spring (Liu et al. 2009; You et al. 2020). The TP has the largest glaciers other than the polar regions, as
well as widespread alpine permafrost, snow cover, and lake ice (You et al. 2021). Signi�cant glacier retreating, snowmelt, the
degradation of permafrost, deserti�cation, and vegetation change over the TP have been rapidly in�uenced by the ampli�ed climate
warming (Thakuri et al. 2019; Kuang and Jiao 2016; Wang et al. 2017; Gao et al. 2015). Hence, Future warming and its elevation-
dependency are of signi�cant impacts on the ecological environment and water resources over the Tibetan Plateau.

Global climate models (GCMs) are crucial tools for climate attribution and projection researches and have been widely applied to
reproduce the historical climate and project the potential future climate change. Although climate models have experienced signi�cant
evolutions over the past decades, they still fail to capture the dynamics of a local scale process (e.g., cloud feedback, land-use changes,
topography) because of their coarse spatial resolutions (Reichler and Kim 2008; Sharma et al. 2018; Gusain et al. 2020). Climate change
projections have been reported in various study areas under different emission scenarios from the most frequent GCMs participating in
the Coupled Model Intercomparison Project (CMIP) Phase 3/5 (Jia et al. 2019; Fahad et al. 2018; Gu et al. 2015; Chen and Frauenfeld
2014a, 2014b; Maloney et al. 2014; Kharin et al. 2013; Rogelj et al. 2012). Despite the improvements (including terrestrial and marine
carbon cycles, dynamic vegetation and etc.) comprised in CMIP5 models (Jia et al. 2019; Fahad et al. 2018; Gu et al. 2015; Chen and
Frauenfeld 2014a, 2014b; Maloney et al. 2014; Kharin et al. 2013; Rogelj et al. 2012), CMIP5 models still have pronounced cold biases in
simulating surface air temperature over the Tibetan Plateau (Su et al. 2013; Chen and Frauenfeld 2014b).

Currently, the new sixth phase CMIP multi-model datasets developed by different institutions have become available. CMIP6 models
display a substantial extension relative to CMIP5, owing to the remarkable changes in CMIP6 dynamical core structure, such as
improved spatial and vertical resolutions, revised microphysics parameterizations, advanced deep convective schemes, modi�ed ocean-
ice models (Eyring et al. 2016; Gerber and Manzini 2016). The de�ciencies identi�ed in CMIP5 models are expected to be remedied or
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even overcome, notably in the TP. Shared Socioeconomic Pathway (SSP) scenarios are advocated for CMIP6 future projections, in place
of the Representative Concentration Pathway (RCP) scenarios of CMIP5 (O'Neill et al. 2016; Taylor et al. 2012). SSP scenarios clearly
describe and quantify both emission pathways and land-use changes (Riahi et al. 2017). Therefore, SSPs provide a more speci�c
explanation of future socio-economic evolution and offer more realistic future climate projections.

Several recent studies compare the simulations and outputs of CMIP5 and CMIP6 (Tokarska et al. 2020; Su et al. 2021; Wang et al.
2021; Tebaldi et al. 2020; Chen et al. 2021). The performance of CMIP5 and CMIP6 models has been found to be site-speci�c and
irregular (Song et al. 2021), and CMIP6 models exhibit better capabilities in historical climate simulations (Zhu et al. 2021; Zhu and
Yang 2020; Lun et al. 2021; Zamani et al. 2020). The above studies primarily focused on the evaluation and comparison of the
performance of CMIP5 and CMIP6 models in reproducing the historical climate. However, little achievements have been revealed for the
future projections of surface air temperature over the TP under different emission scenarios from CMIP5 and CMIP6 models.

GCMs are widely used for climate projections, but are subjected to high uncertainty owing to standard errors mainly resulting from the
model structures, scenarios and ensembles (Hawkins and Sutton 2011; Woldemeskel et al. 2014; Yip et al. 2011; Bennett et al. 2012).
Several studies have demonstrated that models are the main source of total uncertainty, followed by emission scenarios (Jobst et al.
2018; You et al. 2021). Square Root of Error Variance (SREV) method proposed by Woldemeskel et al. (2012) can quantify such
uncertainties in space and time. Woldemeskel et al. (2016) used the SREV to quantify and compare uncertainty in climate projections
using 6 CMIP3 and 13 CMIP5 models. Kim et al. (2020) adopted the SREV to access the uncertainty in extreme daily precipitation from
45 projections of CMIP5. Eghdamirad et al. (2016) utilized the SREV to quantify the contribution of different sources of uncertainty in
upper air climate variables. These studies manifested that uncertainty estimates using the SREV method have a high con�dence level.

This study uses CMIP5 and CMIP6 experiments to perform an assessment of the capability of the models to simulate the surface air
temperature over the TP and to quantify differences in their projections of future temperature changes for the near-term (2021–2040),
mid-term (2061–2080) and long-term (2081–2100) future from spatio-temporal and elevational perspectives. The moderate and high
scenarios (SSP2-4.5/SSP5-8.5 for CMIP6 and RCP4.5/RCP8.5 for CMIP5) are mainly focused on in this study. The key issues that we
emphasize are as follows. (1) How do the CMIP6 models perform in simulating the historical surface air temperature over the Tibetan
Plateau, whether CMIP6 models exhibit improvements over their CMIP5 predecessors? (2) What are the differences between CMIP5 and
CMIP6 in the possible changes of the projected warming pattern over the Tibetan Plateau? (3) Does the Tibetan Plateau’s warming
show dependency with elevation in the future projections? (4) For different elevation zones, are there any differences between CMIP5
and CMIP6 in uncertain estimates of surface air temperature over the Tibetan Plateau? This study can contribute to adjusting adaptive
measures based upon RCP scenarios for the future natural ecosystem.

2. Study Area, Data, And Methods

2.1 Study area
The study area locates in East Asia, limited to the plateau extending between 23°N-40°N and 73°E-106°E, which includes the main part
of the Tibetan Plateau within the boundary of China (the black line) (Fig. 1). Hereafter ‘TP’ refers to the range within these borders (the
red line).
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Table 1
Information of the GCMs used in this study

Modelling Centres CMIP5 Models Resolution(lat×lon) CMIP6 Models Resolution(lat ×lon)

ACCESS (Australia) ACCESS1-0 1.25°×1.875° ACCESS-CM2 1.25°×1.875°

ACCESS (Australia) ACCESS1-3 1.25°×1.875° ACCESS-ESM1-5 1.25°×1.875°

BCC (China) BCC-CSM1-1-m 1.1215°×1.125° BCC-CSM2-MR 1.1215°×1.125°

NCAR (USA) CESM1-BGC 0.9424°×1.25° CESM2 0.9424°×1.25°

CMCC (Italy) CMCC-CM 0.75°×0.75° CMCC-CM2-SR5 0.9424°×1.25°

FIO (China) FIO-ESM 2.7906°×2.8215° FIO-ESM-2-0 0.9424°×1.25°

GFDL (USA) GFDL-ESM2G 2.0225°×2.5° GFDL-ESM4 1°×1.25°

INM (Russia) INMCM4 1.5°×2° INM-CM4-8 1.5°×2°

CCSR (Japan) MIROC5 1.4005°×1.4063° MIROC6 1.4005°×1.4063°

MPI (Germany) MPI-ESM-LR 1.8653°×1.875° MPI-ESM1-2-HR 0.9272°×0.9375°

MPI (Germany) MPI-ESM-MR 1.8653°×1.875° MPI-ESM1-2-LR 1.8653°×1.875°

MRI (Japan) MRI-CGCM3 1.1215°×1.125° MRI-ESM2-0 1.1215°×1.125°

NCC (Norway) NorESM1-ME 1.8947°×2.5° NorESM2-LM 1.8947°×2.5°

NCC (Norway) NorESM1-M 1.8947°×2.5° NorESM2-MM 1.8947°×2.5°

2.2 Data
Simulations are evaluated with the observed surface (2m) monthly air temperature data provided by the National Meteorological
Information Center (China monthly gridded surface air temperature (Version 2.0), (Shen et al. 2010)), with a spatial resolution of
0.5°×0.5°. The gridded temperature is based on observations from more than 2400 national meteorological stations and spatially
interpolated using the Thin Plate Spline (TPS). The dataset has been widely applied in climate change research both for the entire
country and the TP (Yang et al. 2021; Zhao et al. 2022; Jin et al. 2013; Gao et al. 2017; Gao et al. 2020).

This study is based on a comparison between 14 GCMs from CMIP6 and an equal number of models available from CMIP5 that belong
to the same institutions, to evaluate possible improvements in the representation of regional surface air temperature and detect the
changes for SSP scenarios (Prasanna et al. 2020; Song et al. 2020). The names, modeling centers, and resolutions of the analyzed
models are presented in Table 1. SSP scenarios can estimate future energy and land-use changes based upon adaptation and
mitigation intensity levels, SSP1-2.6, SSP2-4.5, SSP4-6.0, and SSP5-8.5 (O'Neill et al. 2016). The SSP2-4.5 scenario is a combination of
a moderate socio-economic development path (i.e., SSP2) with the medium-low radiation forcing, peaking at 4.5 W/m2 by 2100. The
SSP5-8.5 scenario is a combination of a high socio-economic developmental path (i.e., SSP5) with strong radiative forcing, peaking at
8.5 W/m2 by 2100 (Riahi et al. 2017; O'Neill et al. 2016). In this study, two SPP scenarios (SSP2-4.5 and 5-8.5) and their equivalent RCP
scenarios (RCP4.5 and 8.5) are used. To facilitate GCMs intercomparison, the 28 GCMs are bilinearly interpolated to a common grid of
0.5°×0.5°, consistent with the resolution of the gridded-observation datasets.

The multi-model ensemble (MME) mean reduces inter-GCM uncertainties on account of their diversities in model structures and physics.
To further evaluate the seasonal performance of GCMs, the annual, summer (June-August, JJA) and winter (December-February, DJF)
surface air temperature characteristics are discussed separately. In this study, we compare the spatial and temporal patterns of
simulated temperature with the observations during 1961–2005. Simulation outputs under RCP4.5/RCP8.5 and SSP2-4.5/SSP5-8.5 are
selected during 2006–2100 and 2015–2100, respectively. Three projection periods, de�ned as near-term (2021–2040), mid-term (2041–
2060) and long-term (2081–2100) future, are used for further research.

2.3 Analysis methods
A Taylor Diagram (Taylor 2001) is constructed to statistically quantify the correspondence between the observations and the individual
GCM and MME simulations in terms of three statistics (correlation coe�cient, root-mean-square error, and the ratio of standard



Page 5/23

deviations). The higher the correlation coe�cient, the smaller the root-mean-square error, and the smaller ratio of standard deviation
indicate the better simulations.

Uncertainty in the climate change projections can be divided into three main sources: the model structure, emission scenario, and
natural variability (Woldemeskel et al. 2012, 2016). In this study, only one run of each GCM is considered, identi�ed as r1i1p1 and
r1i1p1f1 for CMIP5 and CMIP6, respectively. Thus, the uncertainty of the climate projections primarily arises from model and scenario
uncertainty. The square root of error variance (SREV) proposed by (Woldemeskel et al. 2016, 2012) is employed to identify these two
sources of uncertainty. Here we provide a brief illustration of the SREV method.

1. Firstly, the GCM data are converted to percentiles at each grid cell to establish deviations across each simulation in percentile space.

2. SREV for a percentile of interest is estimated as standard deviations for each souce of uncertainty. The model (M) and senario (S)

uncertaionties at each pencentile (p), demostrated as SREVM
p  and SREVS

p respectively, are calculated by

SREVM
p =

1

nS nM − 1

nS

∑
j=1

nM

∑
i=1

xi , j , p −
−
x j , p

2 0.5

1

SREVS
p =

1

nM nS − 1

nM

∑
i=1

nS

∑
j=1

xi , j , p −
−
x i , p

2 0.5

2
where nM and nS represent the number of models and senarios, respectively. xi , j , p is the pth percentile of a projection for the ith model

and jth senario. The means of values for all models and senarios at the pth percentile are denoted as 
−
x j , p and 

−
x i , p, respectively.

3. The SREV method is based on the assumption that the two sources of uncertainty are independent of each other, i.e. there is no
interaction between them. Thus, the total uncertainty SREVT

p is

SREVT
p = SREVM

p
2 + SREVS

p
2 0.5

3

3 Results

3.1 Evaluation of historical temperature from CMIP5/6 models
Figure 2 shows the annual, summer (June to August, JJA)and winter (December to February, DJF) surface air temperature variations
from the observations (the �rst line), the multi-model ensemble (MME) mean of 14 CMIP6 models (the second line) and the
corresponding CMIP5 models (the third line), as well as their temperature bias (the fourth and �fth lines) over the TP during 1961–2005.

In general, similar spatial patterns can be found between the observation and CMIP5/6 MME, with a decreasing gradient from northeast
to southwest. In addition, both the CMIP6 and CMIP5 MMEs can identify the effects of topography on the surface air temperature that
the cold center appears in the northwestern TP with an elevation exceeding 5,000 m, and the warm center appears in the southern edge
of the TP and the Qaidam Basin where the elevation is relatively lower (Figs. 2a-i). There is a general underestimation of annual and
winter surface air temperature simulations, with larger biases in the northwestern TP. In addition, the warm bias is concentrated on the
eastern and northern edges of the TP. The annual and winter surface mean temperature biases are − 0.11/-1.38 ℃ and − 1.13/-2.78 ℃
respectively in CMIP6/5. In summer, although CMIP6 MME shows a positive bias over the TP (0.57 ℃) and the absolute value appears
to be larger, its cold bias in the northwest is smaller compared with CMIP5 MME (Fig. 2k). In contrast, the cold bias and warm bias of

[ ( ) ( ) ]

[ ( ) ( ) ]

[( ) ( ) ]
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CMIP5 are both large and cancel each other out, resulting in a small overall bias (-0.13 ℃) (Fig. 2n). Hence the CMIP6 MME reasonably
reduces the cold bias, and the simulation value is much closer to the observation than CMIP5.

Figure 3 exhibits the spatial variability statistics of each model and their MMEs for CMIP6 and CMIP5 sets in reproducing the annual,
summer, and winter surface mean temperature based on the Taylor Diagrams (Taylor. 2001). Most (ten of fourteen) of the CMIP6
models simulate a similar or larger correlation coe�cient (R), and most (eleven of fourteen) of the CMIP6 models simulate a smaller
root-mean-square error (RMSE), relative to the corresponding CMIP5 models in annual temperature simulations. Additionally, the CMIP6
MME is superior to CMIP5 MME in capturing the spatial variability with the larger spatial correlation coe�cient and the lower RMSE in
reproducing the annual, summer, and winter surface air temperature over the TP.

Figure 4 reveals that the annual mean warming rate of the TP is 0.34 ℃/decade in the observation during 1961–2005, with more
signi�cant warming in winter (0.41 ℃/decade) than in summer (0.30 ℃/decade). Both the MMEs of CMIP6 and CMIP5 GCMs have
capability in capturing the observed annual, summer, and winter warming, but with lower warming rates. However, the warming trends
simulated by CMIP6 are relatively closer to the observed trends than that of CMIP5. To summarize, CMIP6 models have enhanced
capability in reproducing the historical surface air temperature over the TP.

3.2 Projected future temperature changes from CMIP5/6 models

3.2.1 Spatiotemporal variations in temperature changes
Time series of annual, summer, and winter surface mean temperature projections under RCP4.5/8.5 and SSP2-4.5/5-8.5 scenarios from
the MMEs of CMIP5 and CMIP6 respectively are shown in Fig. 4. The spatial distribution and trends of annual, summer, and winter
surface air temperature from the MMEs of CMIP5 and CMIP6 GCMs in the near-, mid- and long-term under RCP4.5/8.5 and SSP2-4.5/5-
8.5 scenarios are presented in Figs. 5,6, respectively. The projected changes in annual, summer and winter surface air temperature and
detailed trends for the same scenarios are also summarized in Table 2 and Table 3, respectively.

Table 2
Projected changes and differences (℃) in annual, summer and winter surface mean temperature relative to 1986–2005 period from the
MMEs of CMIP5/6 under RCP4.5, RCP8.5, SSP2-4.5 and SSP5-8.5 scenarios in the near-term (2021–2040), mid-term (2041–2060) and

long-term (2081–2100)
Change Annual Summer Winter

RCP4.5 RCP8.5 SSP2-
4.5

SSP5-
8.5

RCP4.5 RCP8.5 SSP2-
4.5

SSP5-
8.5

RCP4.5 RCP8.5 SSP2-
4.5

SSP5-
8.5

Near-term 1.15 1.3 1.29 1.41 1.04 1.17 1.22 1.39 1.23 1.4 1.42 1.58

Mid-term 1.8 2.42 2 2.52 1.63 2.19 1.88 2.46 1.95 2.59 2.23 2.77

Long-term 2.44 5.03 2.89 5.36 2.26 4.60 2.72 5.01 2.63 5.48 3.24 5.92

Difference Annual Summer Winter

(SSP2-4.5)-
(RCP4.5)

(SSP5-8.5)-
(RCP8.5)

(SSP2-4.5)-
(RCP4.5)

(SSP5-8.5)-
(RCP8.5)

(SSP2-4.5)-
(RCP4.5)

(SSP5-8.5)-
(RCP8.5)

Near-term 0.14 0.11 0.18 0.22 0.19 0.18

Mid-term 0.2 0.1 0.25 0.27 0.28 0.18

Long-term 0.45 0.33 0.46 0.41 0.61 0.44
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Table 3
As in Table 2, but for warming trends of surface mean temperature (℃/decade)

Trend Annual Summer Winter

RCP4.5 RCP8.5 SSP2-
4.5

SSP5-
8.5

RCP4.5 RCP8.5 SSP2-
4.5

SSP5-
8.5

RCP4.5 RCP8.5 SSP2-
4.5

SSP5-
8.5

Near-term 0.35 0.35 0.31 0.5 0.31 0.37 0.32 0.45 0.4 0.27 0.36 0.54

Mid-term 0.26 0.63 0.29 0.61 0.29 0.48 0.31 0.61 0.25 0.82 0.36 0.67

Long-term 0.02 0.68 0.18 0.74 0.07 0.57 0.11 0.68 -0.05 0.88 0.21 0.83

Difference Annual Summer Winter

(SSP2-4.5)-
(RCP4.5)

(SSP5-8.5)-
(RCP8.5)

(SSP2-4.5)-
(RCP4.5)

(SSP5-8.5)-
(RCP8.5)

(SSP2-4.5)-
(RCP4.5)

(SSP5-8.5)-
(RCP8.5)

Near-term -0.04 0.15 0.01 0.08 -0.04 0.27

Mid-term 0.03 -0.02 0.02 0.13 0.11 -0.15

Long-term 0.16 0.06 0.04 0.11 0.26 -0.05

The time series in Fig. 4 indicates little differences in the surface mean temperature change between SSP and RCP scenarios for the
near- and mid-term, but there are extensive differences in the long-term. The projected temperature increases are particularly rapid for
SSP5-8.5 and RCP8.5 compared with two moderate scenarios and this sensitivity is enhanced further for winter. Relative to reference
period 1986–2005, the increase in annual surface mean temperature by the end of the 21st century projected by the MME of CMIP6 are
2.92 ℃ and 6 ℃ under SSP2-4.5 and SSP5-8.5, respectively. Compared with the result projected by CMIP6, the MMEs of CMIP5
projected a smaller increase under RCP4.5 and RCP8.5 (2.57 ℃ and 5.78 ℃, respectively).

Under the SSP2-4.5 scenario, the annual surface mean temperature of the CMIP6 MME over the TP projects signi�cant warming relative
to the 1986–2005 period in the near-and mid-term, and then the warming rate slows down in the long-term. The temperature increase
will reach 1.29/2.01/2.89 ℃, with an annual mean warming trend of 0.31/0.29/0.18 ℃/decade in the near-/mid-/long-term,
respectively (Figs. 5,6). Under the SSP5-8.5 scenario, the annual surface mean temperature of the CMIP6 MME increases by 2.52 ℃ in
the mid-term, and breaches 5 ℃ in the long-term, with annual mean warming rates of 0.61 and 0.74 ℃/decade, respectively. Spatial
projections under both RCP and SSP scenarios are proved to be highly consistent. The annual surface mean temperature over the TP is
projected to increase and exhibit positive trends in the near-, mid-, and long-term (Figs. 5,6 and Table 2 and Table 3). Additionally, the
annual surface mean temperature under SSP scenarios is characterized with higher magnitudes of increase and warming rate than
those under RCP scenarios (Table 2 and Table 3), except for the warming rate under SSP2-4.5 in the near-term and SSP5-8.5 in the mid-
term. Consequently, compared with the RCP scenarios, the SSP scenarios project greater variability and more extremes in temperature.
The warming patterns exhibit consistency for the entire TP, with larger temperature changes in the long-term than in the near- and mid-
term and a higher magnitude of increase and a more rapid warming rate under high scenarios than those projected under moderate
scenarios. The coldest region of the TP, the Qiangtang plateau, exhibits a particularly rapid warming rate than the rest of the TP. At the
seasonal scale, the result reveals that the magnitudes of increase and warming trends in the freezing season (winter) are higher than
those in the melting season (summer), except for the warming rate in winter under RCP4.5 in the long-term.

3.2.2 Elevation-dependent warming in the future
The projected annual, summer and winter surface air temperature changes (relative to 1986–2005 period) and warming trends from the
two CMIP MMEs under RCP/SSP scenarios are compared from the perspective of different elevation zones (Figs. 7,8). The means of
annual surface air temperature changes and warming trends over individual elevation zones are shown in Table 4 and Table 5.
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Table 4
Means of annual surface air temperature changes (℃) over individual elevation zones

Elevation (m) < 2000 2000–3000 3000–4000 4000–5000 > 5000

Near-term RCP4.5 1.01 1.08 1.1 1.16 1.2

SSP2-4.5 1.02 1.24 1.25 1.31 1.34

RCP8.5 1.08 1.22 1.24 1.32 1.36

SSP5-8.5 1.11 1.38 1.37 1.42 1.47

Mid-term RCP4.5 1.55 1.69 1.71 1.82 1.9

SSP2-4.5 1.65 1.94 1.94 2.02 2.06

RCP8.5 2.03 2.25 2.29 2.46 2.54

SSP5-8.5 2.1 2.45 2.45 2.56 2.6

Long-term RCP4.5 2.14 2.3 2.33 2.48 2.56

SSP2-4.5 2.49 2.82 2.81 2.93 2.98

RCP8.5 4.33 4.76 4.81 5.1 5.26

SSP5-8.5 4.64 5.21 5.21 5.41 5.52

Table 5
As in Table 4, but for warming trends (℃/decade)

Elevation (m) < 2000 2000–3000 3000–4000 4000–5000 > 5000

Near-term RCP4.5 0.33 0.35 0.36 0.35 0.34

SSP2-4.5 0.30 0.35 0.35 0.31 0.28

RCP8.5 0.34 0.32 0.33 0.36 0.36

SSP5-8.5 0.41 0.47 0.48 0.51 0.50

Mid-term RCP4.5 0.26 0.30 0.28 0.25 0.26

SSP2-4.5 0.31 0.31 0.31 0.29 0.28

RCP8.5 0.59 0.63 0.62 0.63 0.63

SSP5-8.5 0.54 0.62 0.60 0.61 0.61

Long-term RCP4.5 0 0 0.01 0.03 0.04

SSP2-4.5 0.11 0.13 0.14 0.19 0.21

RCP8.5 0.60 0.64 0.63 0.69 0.71

SSP5-8.5 0.67 0.74 0.72 0.74 0.79

Under SSP scenarios, the annual temperature change increases with a rise in elevation for three time slices (Fig. 7 (left column)). The
average temperature increases at the elevation of less than 2,000 m are much lower than those at other elevation zones, especially in
the long-term. Notably, the maximum average temperature increase appears at the elevation zone exceeding 5,000 m, which is a bit
higher than the average temperature increase of the whole TP (Table 4). In terms of the projected differences between RCP and SSP
scenarios, the magnitudes of temperature increase under SSP scenarios are higher than those under RCP scenarios, and more visible
differences occur at the elevation of 2,000–3,000 m and in the long-term. Furthermore, values projected under SSP scenarios exhibit a
wider range of temperature change than those under RCP scenarios, which indicates that CMIP6 considers the complexity and
heterogeneity inherent in the TP. At the seasonal scale, the difference of temperature increases between winter and summer mainly
re�ects in the high-altitude areas above 4,000 m, which is enhanced under SSP scenarios.

As shown in Fig. 8 (left column), under SSP2-4.5 in the near-term and mid-term, the warming rates of annual surface air temperature �rst
increase as the elevation raises until 4,000 m and then decline as the elevation continues to raise over 5,000 m. The warming rate in the
long-term increases with a rise in elevation and it is lower as compared with those in the near- and mid-term. The means of the warming
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rates at the elevation of 4,000–5,000 m and more than 5,000 m in the long-term are 0.19 and 0.21 ℃/decade, respectively. Similar
change characteristics in warming rates can be found under RCP4.5. However, the trend magnitude under RCP4.5 is a bit higher in the
near-term, and lower in the mid-term and long-term relative to SSP2-4.5. Even some negative values appear in the long-term at different
elevation zones. Under SSP5-8.5, the warming rates generally increase as the elevation raises over 5,000 m for three time slices, and the
magnitude of the warming rate is higher than that under SSP2-4.5. The result reveals that the elevation-dependency of warming can
expand to higher elevation when encountering enhanced warming from higher emission scenarios. Contrary to the moderate scenarios,
the trend magnitude is higher in the long-term as compared with the other two periods. The means of the warming rate at the elevation
of 4,000–5,000 m and more than 5,000 m in the long-term are 0.72 and 0.79 ℃/decade, respectively. The trend magnitude under
RCP8.5 is a bit higher in the mid-term and signi�cantly lower in the near- and long-term than that under SSP5-8.5, especially at an
elevation over 5,000 m (Table 5). At the seasonal scale, under both high emission scenarios, the difference between winter and summer
warming rates in the near-and mid-term is reinforced in the high-altitude areas above 4,000 m relative to other areas of the TP, while
SSP2-4.5 of CMIP6 still exhibits the ampli�cation of high altitude warming in the long-term.

3.3 Spatial and elevational uncertainties analysis of CMIP5/6 models
The uncertainties of climate change projections can be divided into three sources: the model structure, emission scenario, and natural
variability. In this study, only one run (r1i1p1 for CMIP5 and r1i1p1f1 for CMIP6) of each GCM is considered. Consequently, the
contributions of model structure and emission scenario to total uncertainty in the annual, summer, and winter temperature projections
are analysed in this section.

Figure. 9 presents the spatial variations of temperature uncertainty from CMIP5 and CMIP6 models for the three time slices. The results
reveal that the uncertainty estimates of CMIP5 and CMIP6 both exhibit conspicuous spatial variability, with the maximum values
generally obtained in the northwestern TP, where the temperature is relatively colder. The model uncertainty of annual surface mean
temperature projections in CMIP6 remains somewhat constant for all regions in the near-, mid-, and long-term, with the unchanging
dominance of the contributions (reaching up to more than 80% in the near-term). While as time progresses, an increasing trend
regarding scenario uncertainty in the long-term is observed, with the relative percent contribution reaching up to 46%. Comparison of
uncertainty estimates from CMIP5 and CMIP6 indicates that remarkable reduction in uncertainty is estimated in CMIP6, which is mainly
focused on the model uncertainty in the northwestern and central-eastern TP.

Furthermore, a comparison of CMIP5 and CMIP6 uncertainty estimates is conducted from the perspective of different elevation zones
(Figs. 10,11,12). Uncertainty of grids with elevation above 5,000 m is clearly larger than that of the regional average for the three time
periods. Relative to CMIP5, there is a general reduction in the total uncertainty of annual surface mean temperature projections in CMIP6
at �ve elevation zones during three time periods. This phenomenon is chie�y on account of the reduction of model uncertainty, which is
more conspicuous in the low-altitude area below 2,000 m and the high-altitude area above 5,000 m. Scenario uncertainty also presents a
reduction in CMIP6 projections throughout the three time slices as compared with CMIP5, particularly in the high-altitude region above
5,000 m. The uncertainty of temperature projections presents notable differences between summer and winter, with generally larger
uncertainty in winter than in summer (Figs. 11,12). However, the fraction of model uncertainty is similar between seasons and almost
constant through time. In summer, there is an amelioration of the uncertainty for CMIP6 in the near-term but a slight deterioration in
areas with an elevation of over 4,000 m in the mid- and long-term compared with CMIP5. Meanwhile, the reduction in uncertainty
estimates for CMIP6 in winter is marvelous at �ve elevation zones, most notably in the near- and mid-term. It is concluded that CMIP6 is
more reliable compared with CMIP5 in temperature projections over the Tibetan Plateau, including high-altitude areas.

4 Discussion
In this study, we evaluate and compare the ability of 14 GCMs in CMIP5 and 14 corresponding GCMs in CMIP6 in reproducing the
spatial-temporal surface mean temperature characteristics by comparing with the observations during 1961–2005. CMIP6 still
underestimates the surface mean temperature with a general cold bias over the TP, similar to earlier results from previous generations of
CMIP (Su et al. 2013; Chen and Frauenfeld 2014b). Due to their relatively coarse spatial resolution, global climate models cannot portray
the complex underlying surface variations of the plateau, which may be responsible for the cold biases (IPCC 2013) (Gao et al. 2008;
Kim et al. 2008). On the other hand, the cold biases are pronounced in the freezing season and the western plateau, where there is
greater snow coverage. This feature reveals the diverse models suffer from a common failure to represent snow-ice albedo feedback
over complex terrain, which may lead to the reduction of the warming magnitudes (Taylor et al. 2012; Ji and Kang 2013; Kang et al.
2019; You et al. 2019). Meanwhile, it is suggested that the cold biases in the TP are probably attributable to model de�ciencies in
handling the cloud feedback processes, resulting in insu�cient plateau heating (Zhou et al. 2017; Zhou and Yu 2006). However,
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quanti�cation of the attribution accounting for the biases requires more detailed diagnoses. Although the bias still occurs in the
simulations of surface air temperature and its temporal trends in CMIP6 over the TP, this study reveals that the CMIP6 models show
better performance than CMIP5 models. Higher model resolution is a crucial step in further improving the con�dence of simulations
(Zhou 2021). Hence, compared with the CMIP5 models, the improvements in physical process (e.g., sea–air �uxes, ocean mixing, and
cloud physical processes) along with the higher spatial resolution in CMIP6 may be responsible for the reinforced simulation capability
of the climate models (Wu et al. 2021; Watterson 2015; Su et al. 2021; Zhou et al. 2020; Eyring et al. 2016).

Our diagnosis suggests that both CMIP5 and CMIP6 show consistent warming over the TP in the 21st century and the warming
projected in CMIP6 indicate a general ampli�cation relative to CMIP5. The differences of projections between CMIP5 and CMIP6 are
primarily owing to the upgrading of climate models and future emission scenarios (O'Neill et al. 2016). The evolution from RCP to SSP
manifests that the scienti�c institutions enhance the climate change topics from a purely physical issue to the socio-economic realm of
human society, including mitigation and adaptation. However, it is pointed that the projected differences of surface air temperature
between CMIP5 and CMIP6 are mainly ascribed to the upgrading of physical models and the change of their emission scenarios is
small and basically negligible (Zhu et al. 2021).

Our analysis of spatio-temporal and elevational changes in surface air temperature from CMIP6 models reveals that rapid warming will
continue over the TP in the near-term, mid-term and long-term future. Studies manifest that the accelerated warming over the TP may
result from absorbed energy through the snow–albedo feedback and cloud–radiation interactions(Duan and Xiao 2015; Liu and Chen
2000). Changes in land use, atmospheric circulation and surface water vapors are all likely responsible for the warming, particularly for
winter warming over the TP (Rangwala et al. 2009; Song et al. 2021). Additionally, snow–albedo feed-backs and solar radiations may
contribute to the elevation-dependent warming over the TP (Guo et al. 2016; Zhang et al. 2003; You et al. 2020). As the snow line retreats
to higher altitudes under the general climate warming, the surface absorbs more solar radiation, which thus leads to ampli�ed warming
at higher altitudes. The warming results in more snow-melting and snow line rise and then forms positive feedback (Yao et al. 2019; Guo
et al. 2021). Current demonstrations for accelerated warming and noteworthy elevation-dependency warming mainly come from in situ
data below 5,000 m (Ahmed et al. 2020; Guo et al. 2016; You et al. 2020; Guo et al. 2021). However, due to a lack of adequate
observations above 5,000 m where glaciers and snow are largely covered, how the air temperatures did, and will, change is still
unknown. Hence, the future work is to investigate how will surface air temperature changes at high altitudes and its driving
mechanisms.

In this study, the uncertainty resulting from model is the main contributor to the total uncertainty over the TP, similar to the previous
studies by (You et al. 2021) and (Gu et al. 2018), which adopt the method proposed by (Gu et al. 2018). Although scenario uncertainty
increases during 2081–2100, the dominance of model uncertainty remains the same throughout the 21st century. However, (Hawkins
and Sutton 2011) demonstrate that the percentage contribution from scenario uncertainty becomes larger than model uncertainty in
temperature projection after about 2050. This diversity of the results may be due to different methods utilized. In our study, uncertainty
calculations are identi�ed by concerning about a speci�c quantile, while previous studies estimate uncertainty for temporal mean of the
variable. In addition to spatial uncertainty distributions of temperature projection, our study estimates the uncertainty for grids at
different elevation zones. Uncertainty is found to be notably larger in areas with an elevation exceeding 5,000 m in the TP during the
future three time slices. These areas encounter relatively colder temperatures, which could result in larger uncertainty.

5 Conclusion
In this study, historical simulations and future projections of annual, summer, and winter surface air temperature outcomes over the TP
are compared from the spatial, temporal, and elevational perspectives using 14 models available in both CMIP5 and CMIP6. Two
corresponding scenarios RCP4.5/8.5 and SSP2-4.5/5-8.5 are adopted to compare future projections during three future periods: the
near-term (2021–2040), mid-term (2041–2060), and long-term (2081–2100). Along with the historical simulations and the trend
analysis, this study quanti�es and compares the contributions of the model and scenario to the total uncertainty using the square root
of error variance (SREV) method in CMIP5 and CMIP6 projections.

For the historical simulation during 1961–2005, both CMIP5 and CMIP6 MMEs underestimate the observed temperature and its
warming rate over the TP, particularly in the freezing season. Meanwhile, CMIP6 MME reduces the cold bias in the northwestern TP and
the warming rates simulated in CMIP6 are relatively closer to the observed trends. CMIP6 MME shows higher reproducibility of spatial-
temporal distribution characteristics of surface mean temperature over the TP compared with CMIP5 MME.
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CMIP6 MME indicates consistent warming (with reference to 1986–2005) over the entire domain in the twenty-�rst century, and
seasonal temperature increases drastically in freezing months. The projected temperature shows larger increases in the long-term
compared with the near-term and mid-term. The temperature increases projected in CMIP6 are larger than those in CMIP5 and higher
emissions always correspond to stronger warming in the mid-term and long-term. In addition, the projected warming rate of annual
mean temperature under SSP2-4.5 is similar to that under RCP4.5 in the near-term and mid-term, but larger than that under RCP4.5 in the
long-term; the warming rate under SSP5-8.5 is larger than that under RCP8.5 in the near-term but similar to that under RCP8.5 in the mid-
term and long-term. The projected warming trend in winter is characterized by generally higher rates than in summer, suggesting that the
cold season is more sensitive to future climate warming.

Furthermore, the magnitude of annual temperature change increases with a rise in elevation under both RCP and SSP scenarios, and
CMIP6 MME projects much larger values and wider ranges. The average temperature change at the elevation zone exceeding 5,000 m is
a bit higher than the average temperature increase of the whole TP. The trend magnitude under SSP2-4.5 is a bit lower in the near-term,
and higher in the mid-term and long-term relative to RCP4.5. And the trend magnitude under SSP5-8.5 is a bit higher in the mid-term and
signi�cantly lower in the near-term and long-term than that under RCP8.5, especially at an elevation over 5,000 m. Accelerated warming
rates at higher elevations (over 4,000 m) in the TP in the 21st century and the elevation-dependency of warming is projected to
strengthen by the end of the 21st century under a high-emission scenario. At the seasonal scale, the warming pattern of winter reveals
an ampli�cation relative to summer, and the difference of mainly re�ects in the high-altitude areas above 4,000 m.

Uncertainty estimates suggest that a signi�cant reduction in uncertainty is obtained in CMIP6 temperature projections relative to those
in CMIP5. The model uncertainty is the dominant contributor (more than 80% in the near-term) and remains somewhat constant in the
temperature projections in CMIP6. While as time progresses, the scenario uncertainty increases in the long-term (reaching up to 40%).
The uncertainty is relatively larger in colder areas at higher altitudes and in winter, and the reduction of the uncertainty in CMIP6 is
mainly due to the visible melioration of model uncertainty in high-altitude areas over 5,000 m. Better performance in the uncertainty can
reinforce credibility of the CMIP6 models in future temperature projections. Further uncertainty analysis should be included more
available climate models.

For continued study, more attention should be paid to the selection of appropriate GCMs for climate change assessments and ensemble
modelling of multiple downscaling to obtain more reliable high-resolution model data and project future climatology of the Tibetan
Plateau under different emission scenarios, which will have socio-economic implications for dealing with future climate change.
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Figure 1

Topography of the Tibetan Plateau (TP) in this study. The red line is the contour of the TP
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Figure 2

The spatial distribution of the average annual (left column), summer (JJA, middle column) and winter (DJF, right column) surface mean
temperature during 1961-2005 from the observations (the �rst line), CMIP6 model historical run (the second line), CMIP5 model
historical run (the third line), and the relative differences between the observation (the fourth and �fth lines). The multi-model ensemble
(MME) means of 14 CMIP5 models and 14 CMIP6 models are calculated over the Tibetan Plateau



Page 18/23

Figure 3

Taylor diagrams showing correlation coe�cients, standard deviations, and root mean square errors (RMSE) between observed and
simulated annual (a), summer (b) and winter (c) surface mean temperature from CMIP5 and CMIP6 over the TP during 1961-2005. The
MME refers to a combination of 14 CMIP5/6 models

Figure 4

Time series of annual (a), summer (b) and winter (c) surface mean temperature anomalies during 1961-2100 (relative to 1986-2005)
over the Tibetan Plateau for the observations, historical simulations and future projections from the MMEs of CMIP5 and CMIP6
models. The shadings denote the 95  model intervals (The warming rates are calculated for the observations and CMIP5/6 historical
run during 1961-2005, for RCP and SSP scenarios during 2015-2100, respectively.)
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Figure 5

Spatial distribution of annual (a), summer (b) and winter (c) surface mean temperature from the MME of CMIP5 and CMIP6 over the TP
under two RCP and two SSP scenarios during three future periods relative to the period of 1986–2005

Figure 6

As in Fig.5, but for warming trends of surface mean temperature (℃/decade)
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Figure 7

Range of projected changes in annual (left column), summer (middle column) and winter (right column) surface air temperature relative
to 1986-2005 period from the MMEs of CMIP5/6 under RCP4.5, RCP8.5, SSP2-4.5 and SSP5-8.5 scenarios with increasing elevation on
the TP in the near-term (2021-2040), mid-term (2041-2060) and long-term (2081-2100). The box plots indicate the 10th and 90th
percentiles (solid bars of the box ends), median (black dots) and mean (red bars)
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Figure 8

As in Fig.7, but for warming trends of surface mean temperature (℃/decade)
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Figure 9

Spatial distribution of square root error variance (SREV) values of annual surface mean temperature for total, model and scenario
uncertainty from CMIP5 (a) and CMIP6 (b) in the near-term (2021-2040), mid-term (2041-2060) and long-term (2081-2100)

Figure 10

Range of SREV values of annual surface mean temperature for total, model and scenario uncertainty from CMIP5/6 with increasing
elevation over the Tibetan Plateau in the near-term (2021-2040), mid-term (2041-2060) and long-term (2081-2100). The violin plots
represent the distribution of the data, and the box plots indicate the 25th and 75th percentiles (endpoints of the line segment) and mean
(black dots)
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Figure 11

As in Fig.10, but for SREV values of summer surface mean temperature

Figure 12

As in Fig.10, but for SREV values of winter surface mean temperature


