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Abstract
Pan Third Pole (PTP) region includes Tibet Plateau (TP), Central Asia (CA) and Southeast Asia (SEA) and it is one of the 
places on earth that are most sensitive to climate change. Meanwhile, PTP origins a series of large rivers such as Yangtze 
River, Yellow River and Lancang-Mekong River, which feed millions of people downstream. Therefore, climate change in 
PTP has significant impact on livings and water supply of local residents. In this study, 16 model predictions from the Cou-
pled Model Inter-comparison Project Phase 6 (CMIP6) and Climate Research Unit (CRU) observations are used to evaluate 
historical precipitation and temperature climatology changes in PTP region for the far (1901–1930), middle (1941–1970) 
and near history (1981–2010) respectively. In addition, Bayesian model averaging (BMA) approach is applied to obtain 
the multi-model weighted average prediction and the BMA values are further used to assess the climate variabilities in 
the near (2021–2050), middle (2046–2075) and far future (2071–2100) under four SSP-RCP scenarios. Results indicate 
that temperature is significantly underestimated by most CMIP6 models in TP especially IPSL-CM6A-LR and CanESM5 
whereas precipitation is overestimated for CA and TP. Most CMIP6 models do not predict precipitation very well in SEA, 
the difference of annual total precipitation between the highest estimation from UKESM1-0-LL and the lowest estimation 
from CAMS-CSM1-0 is about 800 mm. Overall, BMA prediction is more reliable compared with individual models. In 
addition, Pan Third Pole region is projected to be warmer and wetter in the future and the trend is stronger under SSP5-8.5 
scenario. The BMA predicted temperature uncertainty is larger for high latitude CA region whereas precipitation uncertainty 
is higher for low latitude SEA region.
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1  Introduction

The earth has witnessed significant climate change in the 
last a few decades (Change 2007; Fan et al. 2021b; Knutti 
et al. 2016; Liu et al. 2021; Sun et al. 2020). According 
to the recently released Intergovernmental Panel on Cli-
mate Change (IPCC) Assessment Report 6, global surface 
temperature in the first two decades of the 21st century 
(2001–2020) was 0.99 °C (ranges 0.84–1.10 °C) higher than 
1850–1900. In addition, continued unconstrained intensi-
fication in greenhouse gas emissions are likely to result in 
global warming that substantially exceeds the internationally 
agreed-upon target of 2 °C above the pre-industrial level 
(Diffenbaugh and Giorgi 2012). Climate change-induced 
extreme weather and disasters such as floods, droughts and 
heatwaves have caused severe productivity and life losses, 
particularly in economically and ecologically vulner-
able regions (Balbus and Malina 2009; Cook et al. 2018; 
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Hirabayashi et al. 2013; Woolway et al. 2021). Tibet Plateau 
is recognized as the Third Pole of earth since its average ele-
vation is above 4000 m (Zhao and Wu 2019). Pan-Third Pole 
(PTP) extends Third Pole to the southeast and northwest, 
covering Qinghai-Tibet Plateau, Pamirs, Hindu Kush and 
surrounding mountain ranges and origins a couple of large 
rivers such as Yangtze River, Yellow River and Lancang-
Mekong River which provide water supply for millions of 
people downstream. In recent years, the northwestern part of 
China and its surrounding regions have experienced warmer 
and wetter climate and accelerated warming put great 
retreats to glacier, snow cover and permafrost in PTP, which 
are critical forms of water storage and determine the char-
acter of the hydrology, ecology, and biogeochemistry of the 
region (Du et al. 2019; Feng et al. 2021). On the other hand, 
the climate variability of PTP also has significant feedbacks 
on regional and continental scale climatology. Therefore, it 
is of vital importance to understand how long the “warm and 
wet” climate of PTP region will last and its impact on large 
scale climate change.

Global Climate Model (GCM) is a vital tool for project-
ing future changes in climate. Considering a large number 
of GCMs worldwide, the World Climate Research Program 
(WCRP) organizes regular international projects to inter-
compare these models known as Coupled Model Inter-com-
parison Projects-CMIPs) (Dufresne et al. 2013). The state-
of-the-art CMIP experiment results are available as CMIP6 
ensemble and it provides main evidence for the sixth IPCC 
assessment report (AR6). Compared with CMIP5, CMIP6 
GCMs have shown significant improvements in spatial res-
olution, physical parameterizations and inclusion of addi-
tional earth system processes such as nutrient limitations 
on the terrestrial carbon cycle and ice sheets (Eyring et al. 
2016). However, dynamic model simulation outputs are sub-
ject to uncertainty since models are different with respect to 
their structures, parameters, inputs and boundary conditions 
(Li et al. 2021; Liu et al. 2019; Mustafa et al. 2020; Yin and 
Tsai 2018). Instead of relying on the results of one specific 
model, extracting information from the model simulation 
ensemble has higher reliability, which indicates the model 
has higher chance to perform well under different conditions 
(Duan et al. 2007; Liu and Merwade 2019).

Bayesian model averaging (BMA) is a statistical approach 
to combine estimations from individual models and produce 
the reliable prediction based on weighted average (Raftery 
et al. 1997, 2005). The weight of a member is determined 
by its prediction skill in the training period. One benefit of 
BMA is that this approach not only provides the determin-
istic model weighted average prediction, but also provides 
an associated probability distribution which can reflect 
the prediction uncertainty. Previous studies indicated that 
although BMA prediction may not always perform the best, 
it typically behaves better than most individual models and 

ensemble mean (Liu and Merwade 2018; Yan et al. 2020). 
Since one single model performs well for one specific loca-
tion and time period may not work equally well for another, 
given the reference information is lacking for future periods 
and ungauged locations, BMA prediction is more reliable 
than single model prediction.

Despite BMA has shown its advantages in various fields, 
it has seldom been applied for CMIP6 to investigate the vari-
ability of “warm and wet” condition for the future under 
complex system which is affected by westerlies and mon-
soons as well as various landforms (Eriṣ and Ulaṣan 2013; 
Jiang et al. 2012; Massoud et al. 2020; Yin et al. 2021). 
Additionally, there is few study that creates the mixed dis-
tribution from multi-Gauging distributions. In this study, 
annual temperature and precipitation predictions from 16 
CMIP6 models are trained with Climate Research Unit 
(CRU) historical observations through BMA approach to 
obtain the model weights and the weights are further applied 
to future under four different emission scenarios. We evalu-
ated the BMA predictions of six 30-year mean climatology 
for both historical and future periods respectively to under-
stand: (1) how CMIP6 models perform in capturing the spa-
tio-temoral variations of historical annual temperature and 
precipitation climatology in PTP region; (2) whether or not 
and to what degree PTP will experience warmer and wetter 
climate in the future given different emission scenarios; (3) 
how much uncertainty is associated with the BMA consen-
sus prediction of future climatology. The novel contribution 
of this study is that we investigate the performances of vari-
ous CMIP6 models in the westerlies and monsoon syner-
gistic affected region, which also has a range of landforms. 
This will provide useful information for future GCM model 
structure reformation and improvement under complexed cli-
matological and geographical conditions. The persistence 
and trends of warmer and wetter conditions in PTP region 
is also investigated through BMA under various emission 
scenarios and this is critical for the snow, ice and frozen soil 
in PTP. Besides, the Bayesian-Gauging prediction distribu-
tion is constructed for this region to evaluate the uncertainty 
range. Findings from this study will provide constructive 
information for climate model developers and policy makers.

2 � Study area and data

2.1 � Study area

The Tibetan Plateau is named the Third Pole of earth after 
the North Pole and the South Pole since it has an average ele-
vation of over 4000 m and contains the most spatially exten-
sive highland in the world. PTP covers an area of more than 
20 million square kilometers and provides the living envi-
ronment for more than 3 billion people (Fan et al. 2021a). 
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It extends from the third pole to the northwest and southeast, 
covering Pamirs, Hindu Kush, Southeast Asian and the sur-
rounding mountain ranges (Fig. 1). PTP origins a series of 
rivers including Yangtze River, Yellow River and Lancang-
Mekong River and provide water supply for millions of peo-
ple downstream (Yao et al. 2020). Cities in PTP have experi-
enced rapid urbanization during the last few decades, which 
puts great stress on water demand and water security in the 
region (Immerzeel et al. 2010; Luan and Li 2021). In addi-
tion, PTP contains the largest cryospheric area outside the 
polar regions and this region has experienced unprecedented 
accelerated warming in the past decades which significantly 
retreats the glaciers, snow and frozen soil (Yao et al. 2012). 
The climate of PTP ranges from arid continental in the Cen-
tral Asian to humid tropical in the Southeast Asian. Winter 
westerlies and summer Asian monsoon alternatively pre-
dominate the PTP regional. In this study, three subregions 
of PTP including Central Asian (CA, 35° N ~ 53° N, 44° 
E ~ 82° E), Tibetan Plateau (TP, 25° N ~ 45° N, 65° E ~ 105° 
E) and Southeast Asian (SEA, 8° N ~ 28° N, 90° E ~ 110° E) 
are studied respectively.

2.2 � Data

2.2.1 � CMIP6 climate data

Monthly temperature and precipitation predictions from the 
most recent Coupled Model Inter-comparison Project-Phase 
6 (CMIP6) are used in this study to investigate the histori-
cal (1901–2010) and future (2015–2100) climate change in 
PTP. We applied 16 CMIP6 model (Table 1) predictions 

(download from https://​esgf-​node.​llnl.​gov/​search/​cmip6/) 
in this study. For future forecasts, simulations in CMIP6 
are made under a set of combined Shared Socioeconomic 
Pathway (SSP) and Representative Concentration Path-
ways (RCPs). There are five SSPs which includes SSP1-
sustainability: taking the green road; SSP2-middle of the 
road; SSP3-regional rivalry: a rocky road; SSP4-inequality: 
a road divided; and SSP5-fossil-fuelled development: taking 
the highway (Balbus and Malina 2009; Meinshausen et al. 
2020; Van Vuuren et al. 2011). Each RCP value is corre-
sponding to the level of radiative forcing in the unit of W/m2. 
In this study, four combined SSP-RCP scenario outputs from 
“Tier1” simulations are used for future analysis (Table 2).

2.2.2 � CRU historical climate observations

Climatic Research Unit (CRU) is a widely used gauge-based 
gridded dataset developed by University of East Anglia 
(Harris et al. 2020). This dataset has 0.5° × 0.5° spatial 
resolution and monthly temporal resolution respectively. 
The CRU data is derived by interpolating monthly climate 
anomalies from extensive networks of weather station obser-
vations and extensively used by various studies as reference 
climate data for validating the model performances (Chen 
and Frauenfeld 2014; Lindvall and Svensson 2015; Liu et al. 
2014; Nasrollahi et al. 2015; New et al. 2002). In this study, 
CRU TS v. 4.0.3 (download from https://​cruda​ta.​uea.​ac.​uk/​
cru/​data/​hrg/​cru_​ts_4.​03/) temperature and precipitation 
datasets are used as reference to evaluate CMIP6 historical 
prediction performance in PTP. Both the CMIP6 predictions 
and CRU observations are remapped to 1° × 1° spatial reso-
lution using bilinear interpolation for model comparison and 
performance evaluation. It needs to be noted that bilinear 
interpolation might bring some uncertainty to the original 
CMIP6 predictions, however, various studies have adopted 
this approach in the resampling process and proved that its 
influence is not significant enough to alter the findings (Yang 
et al. 2021; Yue et al. 2021; Zhu and Yang 2020).

3 � Methodology

3.1 � Bayesian model averaging method

Bayesian model averaging approach is designed to combine 
multi-model predictions and provide a more reliable estima-
tion by assigning weights to different models (Liu and Mer-
wade 2018; Raftery et al. 2005). Assuming the probability 
density function (PDF) of variable y predicted by kth models 
is  and the weight is wk , the BMA predicted distribution can 
be estimated using Eq. (1). Since the multi-year mean annual 

Fig. 1   Layout map of Pan Third Pole region. The scopes of Central 
Asian (CA), Tibet Plateau (TP) and Southeast Asian (SEA) used in 
this study are displayed in three blue boxes

https://esgf-node.llnl.gov/search/cmip6/
https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.03/
https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.03/
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temperature and precipitation are used for analysis, the Gauss-
ian distributions are assumed for both of them in this study.

The model weights representing posterior probabilities 
of the models given target historical observations defined as 
pk(Mk|yT ) . The maximum logarithmic likelihood function is 
applied to estimate the weight wk , which is described in Eq. 
(2).

Equation (2) is difficult to solve analytically or numeri-
cally and thus an Expectation Maximization (EM) algorithm 
is used to find out the maximum likelihood (Liu and Merwade 
2018; Vrugt and Robinson 2007). The details of EM method is 
shown in the “Appendix”. The EM method produces the model 
weight wk and we can calculate BMA consensus prediction 
using Eq. (3).

The associated total variances that are measures of the 
spread (or uncertainty) of the posterior PDFs given by Eq. 
(4). The first term on the right side of Eq. (4) is the inter-model 
contribution and the second term is intra-model contribution 
to the measure of overall uncertainty. A Monte Carlo sam-
pling approach is applied to generate BMA consensus Gauss-
ian mixture PDF and calculate the corresponding mean BMA 
prediction (Duan and Phillips 2010).

(1)p
(
y|M1,M2 … ,Mk

)
=

K∑

k=1

wk × pk(y|Mk)

(2)l(�) =
∑

s

ln

(
K∑

k=1

wkpk(ys|Mk,s)

)

(3)E
(
y|M1,M2 … ,Mk

)
=

K∑

i=1

wk ×Mk

(4)

�
2
(
y|M1,M2 … ,Mk

)
=

K∑

i=1

wk ×

(
K∑

i=1

Mk −

K∑

i=1

wk ×Mk

)2

+

K∑

i=1

wk × �
2
(
yT |Mk

)

3.2 � Evaluation of CMIP6 model performance 
in historical periods

In this study, we separate historical data into three 30-year 
periods to represent far history (1901–1930), middle his-
tory (1941–1970) and near history (1981–2010) respectively. 
Since the historical period we investigated ranges from 1901 
to 2010 (110 years), there exist a 10-year gap between each 
two defined periods, but this won’t affect their representa-
tion of model outputs for different time spans in history. The 
spatial distributions of bias of annual mean temperatures 
and annual total precipitation between model predictions (16 
CMIP6 models and BMA) and corresponding CRU observa-
tions are calculated. Besides model prediction bias, the Tay-
lor diagram is also applied to further evaluate the RMSD, 
correlation coefficient and standard deviation between model 
predictions and observations. The details of model bias and 
Taylor diagram are described in Sect. 3.4.

3.3 � Assessment of BMA projected climatology 
for future periods

Similarly, three 30-year periods representing near future 
(2021–2050), middle future (2046–2075) and far future 
(2071–2100) are evaluated in this study. The defined peri-
ods are slightly overlapped since the future data only ranges 
from 2015 to 2100 (86 years) and we want to keep each 
period to be consistent with 30-year length for conveni-
ent comparison. Four future scenarios including SSP1-2.6, 
SSP2-4.5, SSP3-7.0 and SSP 5-8.5 are applied in this study 
to assess the future annual mean temperature and annual 
total precipitation. The spatial distribution of BMA predic-
tion is calculated for each modeling scenario and the differ-
ence between predictions in each future period and base-
line period (1981–2010) are investigated. In addition, the 
linear trends of annual mean temperature and annual total 
precipitation are also calculated for each future period and 
each modeling scenario respectively. The significance test of 
trend is performed and marked when increasing or decreas-
ing rate is below the statistical threshold.

The Gaussian mixture PDFs of BMA consensus estimates 
are generated for each modeling scenario and period based 
on the Monte Carlo sampling technique with 10,000 sample 
times in this study (Duan and Phillips 2010). The mean value 
corresponds to 50% percentile of Gaussian mixture PDF is 
also calculated for annual mean temperature and annual total 
precipitation respectively. Moreover, the ensemble model 
predicted temperature and precipitation anomalies are also 
evaluated and compared with BMA prediction anomaly in this 
study. Both Gaussian mixture PDF of BMA prediction and 

Table 2   Tier 1 combinations of SSP-RCP scenarios

SSP RCP Combination Pathway property

1 2.6 SSP1-2.6 Sustainability and 2.6 W/m2

2 4.5 SSP2-45 Middle of the road and 4.5 W/m2

3 7.0 SSP3-70 Regional rivalry and 7.0 W/m2

5 8.5 SSP5-85 Fossil-fueled development and 8.5 W/m2
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model ensemble anomaly declare the uncertainty associated 
with BMA consensus prediction.

3.4 � Performance measures

3.4.1 � Model bias

Bias is the difference between modelled and observed values. 
Previous studies have shown that the bias of predictions from 
GCMs can be the same order as observations, therefore, it is 
used to quantify the model performance in this study (Lyu 
et al. 2020; Tian and Dong 2020). Firstly, the bias of 30-year 
mean temperature and precipitation climatology values are 
derived from CMIP6 models and CRU for each grid respec-
tively and this displays the spatial pattern of model perfor-
mance in PTP region. Secondly, the 30-year mean values are 
further averaged along the longitude and latitude dimensions 
to obtain the regional averaged climatology values for CA, TP 
and SEA respectively (Eq. 5).

3.4.2 � Taylor diagram

Taylor diagram is commonly used to compare the relative 
merits of a collection of different models (Taylor 2001). 
Taylor diagram summarizes three statistics in one figure, 

(5)Bias = Modelt,lon,lat − Observationt,lon,lat

horizontal and vertical axes show standard deviation, radial 
axis shows spatial correlation coefficient and concentric cir-
cle denotes centered RMSD. The values with correlation 
coefficient and the standard deviation are 1 and the RMSD is 
0 yield the best match between observation and model simu-
lation. The detailed equation of Taylor diagram is shown in 
the Appendix.

4 � Results and discussion

4.1 � CMIP6 model performance in historical periods

The spatial distributions of 30-year (1981–2010) mean 
climatology of annual temperatures and precipitation bias 
between models (16 CMIP6 models as well as BMA) and 
CRU observations over the PTP region are shown in Figs. 2 
and 3 respectively. The last subfigure on the lower right side 
of figure shows the observed annual mean temperature or 
annual total precipitation with the corresponding color bar. 
Comparatively, another color bar shown in Figs. 2 or 3 is 
absolute model bias of annual temperature or precipitation. 
Generally, the observed annual mean temperature exhibits 
an increasing gradient from the north to south. Most models 
underestimate annual mean temperature for the high eleva-
tion TP region except for CESM2 and CESM2-WACCM 
models which slightly overestimate temperature. Simi-
larly, most models underestimate annual mean temperature 

Fig. 2   Spatial distributions of annual mean temperatures bias between 16 CMIP6 models as well as BMA and CRU observations over the PTP 
region for 1981–2010
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(underestimate 0.5–1.8 °C) for SEA whereas overestimate 
for CA (0–4 °C). The SEA and southeast part of TP have 
larger annual total precipitation around 1500 mm, which are 
strongly related to south Asian monsoon. Comparatively, 
the annual total precipitation for northwest part of TP and 
CA is less than 300 mm. All models overestimate annual 
total precipitation for CA and TP whereas significant model 
differences exist for SEA. For instance, UKESM1-0-LL, 
MIROC6, CESM2 and CESM2-WACCM models overes-
timate annual total precipitation for about 200 mm for SEA 
whereas CAMS-CSM1-0 and FGOALS-g3 models under-
estimate annual total precipitation close to 400 mm. Over-
all, the bias distribution of BMA prediction shows better 
performance than most individual models. Moreover, we 
also conducted seasonal temperature and precipitation bias 
analysis for the PTP regions (see Figure S1–S4 in the sup-
plementary materials). In general, it shows bias patterns are 
very different between JJA and DJF. Temperature has posi-
tive bias in JJA for most mid to low latitude regions (except 
high elevation part of TP) whereas bias turns to be negative 
for DJF for these regions. Comparatively, precipitation bias 
is higher for JJA in monsoon affected southern TP and SEA 
regions whereas it is lower for DJF. This reflects that cur-
rent CMIP6 models still have certain capacity to improve 
their ability in capturing temperature more accurately in 
high elevation mountainous regions and precipitation more 
precisely in monsoon affected regions.

Figures  4 and 5 show the bias of regional averaged 
annual mean temperature and annual total precipitation cli-
matology for the far historical period (1901–1930), middle 
historical period (1941–1970) and near historical period 
(1981–2010) respectively. As shown in figures, overall bias 
displays similar patterns (overestimate or underestimate) 
among different models except annual temperature in CA 
and annual total precipitation in SEA. In addition, Fig. 4 
shows the CA region has the largest temperature difference 
between the high latitude and low latitude areas. The annual 
mean temperature increase for CA is about 1.2 °C during 
the past century whereas it is 0.6 and 0.3 °C for TP and 
SEA respectively. Comparatively, Fig. 5 shows that annual 
total precipitation has been slightly increased for CA (from 
277 to 291 mm) during 1901–2010 whereas there is no 
monotonously change for TP and SEA. Although models 
behave distinctly, most models underestimate annual mean 
temperature for TP (1 ~ 5 °C) and SEA (0.2 ~ 1.8 °C) and 
overestimate annual total precipitation for CA (10 ~ 200 mm) 
and TP (30 ~ 350 mm). BMA performs the best regarding 
annual mean temperature prediction for TP and annual total 
precipitation for SEA since the regional averaged bias is 
smallest. For other regions, BMA prediction is also reliable 
and performs better than most individual CMIP6 models.

Figures 4 and 5 only evaluate the model and BMA per-
formances based on the regional averaged bias, which is not 
enough to quantify the overall model behavior. Figures 6 and 
7 show the Taylor diagrams for assessing the performance 

Fig. 3   Spatial distributions of annual total precipitation bias between 16 CMIP6 models as well as BMA and CRU observations over the PTP 
region for 1981–2010
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of models in simulating the spatial pattern of annual mean 
temperature and annual total precipitation climatology for 
CA, TP and SEA respectively. Figure 6 indicates that all 
16 CMIP6 models and BMA annual mean temperature 
predictions have great agreement with CRU observations. 
The correlation coefficients are 0.8–0.95 for CA, 0.94–0.96 
for TP and 0.9–0.97 for SEA respectively among differ-
ent models. Comparatively, Fig. 7 illustrates that CMIP6 
model historical annual precipitation predictions are also in 
line with CRU observations, however the correlation coef-
ficients (0.6–0.8 for CA, 0.68–0.86 for TP and − 0.1 to 0.4 
for SEA) are slightly worse compared with those for annual 
temperature climatology. Similarly, RMSDs and STDs are 
smaller for annual mean temperature predictions, both of 
which are 0.3–0.6 for three regions in PTP. Comparatively, 
RMSDs of annual total precipitation are 0.5–1.5 for PTP 
and STDs are 0.7–1.3 for CA and TP and 0-0.5 for SEA. 
It can be seen from Figs. 2, 3, 6 and 7 that CMIP6 models 
generally captures temperature very well for monsoon and 
westerlies synergistic affected region with various landform 
types. However, models behave differently in precipitation 

predictions. Current models simulate precipitation very well 
for mountainous regions such as northwest part of Tibet Pla-
teau and east part of CA, but most CMIP6 models could not 
reproduce precipitation well enough for SEA region, which 
suggests that future improvement need to be made for GCM 
models to better represent precipitation for low latitude, 
monsoon affected area.

As we mentioned before, BMA is a weighted average 
prediction and the weight is obtained based on the posterior 
distribution given historical observations and it does not 
guarantee that BMA will be better than any model prediction 
in the ensemble. Figures 6 and 7 have proved this and indi-
cate that although models perform differently among regions 
and periods, BMA prediction is always one of the best per-
formed models in the ensemble (as can be found from the 
distances between model points to the reference point). This 
points out that BMA prediction is generally more reliable 
than individual models given the best individual model is 
unknown for future prediction under various regions and 
periods and BMA consensus prediction is a robust choice 
for future projections and analysis.

Fig. 4   Regional averaged CMIP6 models (blue bars) and BMA (red 
bar) annual mean temperature bias for the far historical period (1901–
1930, first row), middle historical period (1941–1970, second row) 

and near historical period (1981–2010, third row). The first to third 
column corresponds to CA, TP and SEA respectively
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4.2 � BMA projected temperature and precipitation 
change for the future

Figures 8 and 9 show the BMA projected 30-year mean 
temperature and precipitation climatology change between 
near future, middle future, far future and the baseline 
period (1981–2010) under SSP1-2.6, SSP2-4.5, SSP3-7.0 
and SSP5-8.5 scenarios for PTP region. Figure 8 states that 
temperature is projected to continuously increase till the 
end of the century under all four scenarios. In addition, the 
high latitude mountainous region has stronger temperature 
increase than the low latitude costal and monsoon affected 
region. For instance, SEA is projected to increase 1–2 °C in 
far future (2071–2100) whereas CA is projected to increase 
2–3 °C under SSP1-2.6 scenario. Figure 9 indicates that 
precipitation is projected to increase in PTP for the future 
as well. However, on the contrary, monsoon affected SEA 
and southern part of TP have stronger precipitation increase 
than CA. Additionally, Figs. 8 and 9 also indicate that both 
temperature and precipitation increase become heavier under 
more severe SSP scenarios.

Figures  10 and 11 illustrate the linear trends of 
BMA projected 30-year temperature and precipitation 

climatology under SSP1-2.6, SSP2-4.5, SSP3-7.0 and 
SSP5-8.5 scenarios for the near future, middle future and 
far future respectively. The statistical significance tests 
are performed and those grids pass the significance test 
(α = 0.05) are marked with black dots. Overall, Fig. 10 
indicates that temperature in PTP region has an increas-
ing trend for the future periods. The increasing rate is 
projected to be 0.2 ~ 0.8 °C/decade under SSP1-2.6, SSP2-
4.5 and SSP3-7.0 scenarios and it could reach above 1 °C/
decade under SSP5-8.5 scenario especially for the high 
latitude CA and TP regions. In addition, the increasing 
trend of 30-year mean temperature climatology is pre-
dicted to slightly decreases from near future to far future 
under SSP 1-2.6 and SSP2-4.5 scenarios (i.e. increasing 
trend decreases from 0.5 to 0.2 for TP region) whereas it 
is projected to continuously increase under SSP3-7.0 and 
SSP5-8.5 scenarios. This implies that the rate of global 
warming can be alleviated in the future if we reduce the 
greenhouse gas (GHG) emission and apply the sustain-
able development strategy. On the contrary, without proper 
supervision on socio-economic development and strict 
control on GHG emission, the temperature of PTP will 
increase quicker in the future which will have irreversible 

Fig. 5   Regional averaged CMIP6 models (blue bars) and BMA (red 
bar) annual total precipitation bias for the far historical period (1901–
1930, first row), middle historical period (1941–1970, second row) 

and near historical period (1981–2010, third row). The first to third 
column corresponds to CA, TP and SEA respectively



	 Z. Liu et al.

1 3

impact on PTP environment. In general, the high latitude 
CA region has higher increasing trend compared with 
lower latitude TP and SEA regions and the increasing 
trend all pass significance test except when the SSP1-2.6 
scenario is applied for the middle to far future. Figure 11 
demonstrates that 30-year precipitation is also projected 
to have an increasing trend for PTP region in the future. 
The trend is stronger for the SEA and southeast part of 
TP regions which could be more than 20 mm/decade. The 
trend becomes stronger as prediction scenario changing 
from SSP1-2.6 to SSP5-8.5. Comparatively, the increase 
rate for the rest part of TP and CA is less than 10 mm/
decade. Different from temperature trend, generally most 
parts of CA and SEA did not pass significance tests for 
precipitation trend under all four scenarios. However, pre-
cipitation trends in large portion of TP pass the signifi-
cance test under SSP3-7.0 and SSP5-8.5 scenarios.

4.3 � The uncertainty associated with BMA forecasts

Figure 12 demonstrates the BMA predictions of annual 
mean temperature and annual total precipitation anomaly 
as well as the 5th percentile to 95th percentile prediction 
ranges of CMIP6 anomaly ensemble for CA, TP and SEA 
respectively. Results indicate that BMA prediction of tem-
perature anomaly has increased in the past century and will 
continue increase from 0.012 to 0.078 °C/year for CA, 0.012 
to 0.074 °C/year for TP and 0.010 to 0.054 °C/year for SEA 
under SSP1-2.6 to SSP5-8.5 scenarios. Considering the 90% 
confidence interval, the range of temperature anomaly is pro-
jected to increase to 0 ~ 10 °C for CA, -3 ~ 8 °C for TP and 
− 1 ~ 7 °C for SEA till the end of the century under differ-
ent scenarios. Comparatively, the precipitation anomaly is 
relatively stable for the historical period whereas the BMA 
predictions show slightly increasing trend for the future for 

Fig. 6   Taylor diagram of climatological annual mean temperature 
generated from 16 CMIP6 models, BMA and CRU in the PTP region 
for far historical period (1901–1930), middle historical period (1941–

1970) and near historical period (1981–2010). The first to third col-
umn corresponds to CA, TP and SEA respectively
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all three regions. Figure 12D shows precipitation anomaly 
is projected to increase the most in TP (from 180 to 300 mm 
under SSP5-8.5 scenario) whereas Fig. 12B indicates pre-
cipitation anomaly is projected to increase less in CA (from 
80 to 110 mm) till the end of the century. This might be 
because TP has high elevation difference and affected by 
India monsoon as well as westerlies and this makes TP more 
sensitive to precipitation variation. Comparatively, the land-
form is relatively uniform and monsoon have less influence 
on CA region, thus the corresponding precipitation change 
is less. The range of precipitation anomaly is projected to be 
0–300 mm for CA, 50–500 mm for TP and − 400 to 600 mm 
for SEA respectively.

Figures 13 and 14 show the Probability Density Func-
tion (PDF) of BMA prediction, which is the weighted 
combination of normal distribution from individual model 
members. Instead of showing only the mean predictions 
which are summarized in Table 3, PDF also demonstrates 

the uncertainty (BMA prediction ranges) associated with 
BMA consensus predictions. Figure 13 indicates that CA 
have higher temperature increase for future compared with 
TP and SEA regions as the peak of annual mean tempera-
ture PDFs shift significantly to the right side from his-
torical baseline period to far future. For instance, the tem-
perature ranges from 2 ~ 15 °C for CA (BMA mean 8.5 °C, 
Table 3) and 15 ~ 26 °C for SEA (BMA mean 19.8 °C) 
for historical baseline period. While for the far future, the 
range of annual mean temperature is projected to increase 
to 6 ~ 23 °C for CA (BMA mean 14.6 °C) and 19 ~ 33 °C 
for SEA (BMA mean 24.1 °C) respectively. In addition, the 
amount of temperature increase becomes more from SSP1-
2.6 to SSP5.85 scenarios for all three regions. Figure 14 
shows that the BMA Gaussian mixture PDF of annual total 
precipitation are generally the same as historical period 
for the future. However, under severe scenarios (i.e. SSP 
5-8.5), there is a slightly increasing trend for the future. 

Fig. 7   Taylor diagram of climatological annual total precipitation 
generated from 16 CMIP6 models, BMA and CRU in the PTP region 
for far historical period (1901–1930), middle historical period (1941–

1970) and near historical period (1981–2010). The first to third col-
umn corresponds to CA, TP and SEA respectively
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The BMA mean annual total precipitation are 359, 601 
and 1582 mm for CA, TP and SEA respectively for the 
historical baseline period and under SSP5-8.5 scenario, 
these become 391, 711 and 1761 mm for the far future 

(Table 3). Moreover, uncertainty range associated with 
BMA annual total precipitation prediction is higher for 
SEA region (0–3800 mm).

Fig. 8   BMA projected 30-year 
mean temperature change 
(baseline period:1981–2010) 
under SSP1-2.6 (A–C), SSP2-
4.5 (D–F), SSP3-7.0 (G–I) 
and SSP5-8.5 (J–L) scenarios 
respectively for near future 
(2021–2050), middle future 
(2046–2075) and far future 
(2071–2100)

Fig. 9   BMA projected 30-year 
mean precipitation change 
(baseline period:1981–2010) 
under SSP1-2.6 (A–C), SSP2-
4.5 (D–F), SSP3-7.0 (G–I) 
and SSP5-8.5 (J–L) scenarios 
respectively for near future 
(2021–2050), middle future 
(2046–2075) and far future 
(2071–2100)
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5 � Conclusions

This study evaluates the historical performance of temper-
ature and precipitation climatology of 16 CMIP6 models 
with CRU observations in capturing spatio-temporal vari-
ations over westerlies and monsoon synergistic affected 
PTP region. BMA predictions are further projected to the 

near future (2021–2050), middle future (2046–2075) and 
far future (2071–2100) under SSP1-2.6, SSP2-4.5, SSP3-
7.0 and SSP5-8.5 respectively to investigate the persis-
tence of “warmer and wetter” conditions in the future. 
Moreover, the Bayesian-Gaussian mixture PDFs are gen-
erated for Central Asian, Tibet Plateau and Southeast Asia 
respectively to evaluate the uncertainty associated with the 

Fig. 10   BMA projected 30-year 
temperature trend under SSP1-
2.6 (A–C), SSP2-4.5 (D–F), 
SSP3-7.0 (G–I) and SSP5-8.5 
(J–L) scenarios respectively 
for near future (2021–2050), 
middle future (2046–2075) and 
far future (2071–2100). Black 
dots denote the trends pass 
the statistical significance test 
(α = 0.05)

Fig. 11   BMA projected 30-year 
precipitation trend under SSP1-
2.6 (A–C), SSP2-4.5 (D–F), 
SSP3-7.0 (G–I) and SSP5-8.5 
(J–L) scenarios respectively 
for near future (2021–2050), 
middle future (2046–2075) and 
far future (2071–2100). Black 
dots denote the trends pass 
the statistical significance test 
(α = 0.05)
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Fig. 12   Time series of anomaly 
in annual mean temperature 
and annual total precipitation 
over CA, TP and SEA during 
1901–2100 (baseline period: 
1981–2010). The shaded areas 
are the spreads from the 5th 
to the 95th percentiles of the 
annual mean temperature and 
annual total precipitation. 
The solid lines in the middle 
are BMA consensus predic-
tions for historical period and 
future under different scenarios 
respectively

Fig. 13   Bayesian Gaussian mix-
ture probability density function 
of annual mean temperature 
under SSP1-2.6 (A–C), SSP2-
4.5 (D–F), SSP3-7.0 (G–I) and 
SSP5-8.5 (J–L) scenarios for 
CA, TP and SEA during his-
torical baseline period (1981–
2010), near future (2021–2050), 
middle future (2046–2075) and 
far future (2071–2100)
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BMA predictions. Specifically, the following conclusions 
are drawn from this study:

1.	 Most CMIP6 models underestimate historical annual 
mean temperature about 1 ~ 5 °C for the TP region and 
0.2–1.8 °C for SEA whereas overestimate 0 ~ 4 °C for 
CA. Comparatively, most models overestimate pre-
cipitation around 0 ~ 100  mm (0–36%) for CA and 
about 30–350 mm (6–73%) for TP. Large discrepancy 
(− 400 ~ 400 mm bias, around − 22~22%) exist among 
models in simulating precipitation for SEA region. 
This demonstrates that CMIP6 models have relatively 
worse performance in southeast Asian region and cur-
rent model structure and physics might not capture pre-
cipitation dynamics well enough for the low latitude, 
monsoon-affected SEA regions. Seasonal bias analy-
sis results indicate that bias patterns vary significantly 
between JJA and DJF. Models need to improve their 

ability in capturing accurate temperature in high altitude 
mountainous regions.

2.	 BMA predictions are always the best or among one of 
the best performed models in simulating the spatial pat-
tern of annual temperature and precipitation climatology 
for all three regions. This suggests that BMA is a robust 
and reliable estimation which is proper for analyzing 
future climatology.

3.	 The annual mean temperature of PTP region has con-
tinuously increasing trend till the end of this century 
under SSP2-4.5, SSP3-7.0 and SSP5-8.5 scenarios. This 
indicates that PTP region will be likely to experience 
accelerated warmer and wetter climate in the future. The 
high latitude mountainous CA and northwest part of TP 
regions have higher temperature increase than the rela-
tively lower latitude, monsoon affected SEA regions. 
As scenario becomes more severe, the level of annual 
mean temperature increase becomes higher and annual 
temperature is projected to increase more than 5 °C for 
CA and TP under SSP5-8.5 scenarios by the end of the 
century. Comparatively, annual total precipitation is pro-
jected to increase slightly under SSP3-7.0 and SSP5-8.5 
scenarios for the future and the increase is more obvious 
for monsoon affected SEA region.

4.	 The annual mean temperature has an increasing trend 
for the future and almost all the grids pass the statistical 
significance test except SSP1-2.6 scenario. The trend 
is 0.2 ~ 0.8 °C/decade under SSP1-2.6, SSP2-4.5 and 
SSP3-7.0 scenarios whereas it reach above 1 °C/decade 
under SSP5-8.5 scenario. This indicates that anthropo-
genic contributions of greenhouse gas emissions and 
socio-economic development could significantly affect 
the warming rate and the warming could slow down if 
we apply the sustainable development strategy. Precipi-
tation is also projected to have a slightly increasing trend 
for PTP region for the future. The trend is stronger for 
the SEA and southeast part of TP regions which could 
be more than 20 mm/decade. However, most parts of 
CA and SEA did not pass statistical significance test for 
annual total precipitation trend.

5.	 The temperature anomaly is projected to increase to 
0 ~ 10 °C for CA, -3 ~ 8 °C for TP and − 1 ~ 7 °C for 
SEA till the end of the century based on 90% confidence 
interval of model prediction ensemble. Comparatively, 
precipitation anomaly is projected to be 0–300 mm 
(0 ~ 103%), 50–500 mm (10 ~ 104%) and − 400–600 mm 
(− 22 ~ 34%) till the end of century for CA, TP and SEA 
regions. In addition, Bayesian-Gaussian mixture PDF 
indicates that the uncertainty associated with BMA tem-
perature prediction is larger for high latitude CA region 
and smaller for TP and SEA regions. Comparatively, 
BMA Gaussian mixture PDF of annual total precipita-
tion are generally the same as historical period for the 

Table 3   Mean of BMA consensus predictions for annual mean tem-
perature and annual total precipitation under SSP1-2.6, SSP2-4.5, 
SSP3-7.0 and SSP5-8.5 scenarios for CA, TP and SEA during his-
torical baseline period (1981–2010), near future (2021–2050), middle 
future (2046–2075) and far future (2071–2100)

Tannual_mean (°C) Scenario Period CA TP SEA

Historical 1981–2010 8.5 8.4 19.8
SSP126 2021–2050 10.2 9.9 20.9
SSP126 2046–2075 10.6 10.3 21.3
SSP126 2071–2100 10.7 10.3 21.3
SSP245 2021–2050 10.3 9.9 20.8
SSP245 2046–2075 11.2 10.8 21.6
SSP245 2071–2100 11.9 11.4 22.2
SSP370 2021–2050 10.4 9.9 20.9
SSP370 2046–2075 11.7 11.1 21.8
SSP370 2071–2100 13.4 12.7 23.1
SSP585 2021–2050 10.6 10.2 21.1
SSP585 2046–2075 12.5 11.9 22.4
SSP585 2071–2100 14.6 13.9 24.1

Pannual_total (mm) Historical 1981–2010 359 602 1582
SSP126 2021–2050 357 594 1517
SSP126 2046–2075 360 609 1574
SSP126 2071–2100 362 614 1584
SSP245 2021–2050 369 619 1603
SSP245 2046–2075 374 640 1644
SSP245 2071–2100 384 657 1666
SSP370 2021–2050 347 589 1473
SSP370 2046–2075 355 612 1511
SSP370 2071–2100 366 645 1560
SSP585 2021–2050 369 629 1607
SSP585 2046–2075 379 663 1674
SSP585 2071–2100 391 711 1761
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future and uncertainty associated with BMA precipita-
tion prediction is higher for low latitude SEA region.

Appendix

Taylor diagram equation

In Taylor diagram, the correlation coefficient, standard devi-
ation and RMSD have the following relationship (Eq. 6):

 where R is the correlation coefficient between the model 
and reference data. E′ is the centered RMSD and �2

M
 and �2

r
 

are the variances of the model and reference data respec-
tively. In this study, spatial patterns of annual mean tempera-
ture and annual total precipitation climatology from CMIP6 
and CRU observations are evaluated with Taylor diagram.

Expectation Maximization algorithm

The Expectation Maximization (EM) algorithm is iterative 
and alternates between two steps, the E (or expectation) 
step, and the M (or maximization) step by using a latent 
variable z. In the E step, z is estimated given the cur-
rent estimates of the model weight wk and σk (Eq. 7). The 

(6)E�2 = �
2
M
+ �

2
r
− 2�M�rR

superscript j refers to the jth iteration of the EM algorithm 
and  is a normal density with mean Mk,s and standard devi-
ation . In the M step, the weight wk and standard deviation 
σk are calculated with the current estimate of zk,s (Eqs. 8 
and 9). Where n is the number of observations for distinct 
values of locations. The E step and M step are iterated to 
convergence.
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