
1. Introduction
The Tibetan Plateau (TP) is warming faster than the rest of the Northern Hemisphere at the same latitudes (Liu & 
Chen, 2000), especially in winter. Even during the global warming hiatus in the first decade of the 21st century, 
a significant warming trend was measured over the TP (Duan & Xiao, 2015). The annual mean ground surface 
soil temperatures over the TP have warmed faster and more significantly than 2-m surface air temperatures during 
recent decades (Zhu et al., 2018). Many studies have addressed possible causes of rapid TP warming, such as 
changes in cloud amount and cloud-radiation feedback (Duan & Wu, 2006; Duan & Xiao, 2015; Pan et al., 2017), 
greenhouse effects caused by increases in water vapor (Rangwala et al., 2009; Rangwala & Miller, 2012), SAF 
due to snow cover change (Gao et al., 2019; Guo et al., 2018; Ji et al., 2020; Su et al., 2017), light-absorbing aero-
sol deposition on snowpack (Ji et al., 2015; Kang et al., 2019; Ma et al., 2019), and reduction of surface sensible 
heat flux and increases in heat storage (Wu et al., 2020). These mechanisms vary seasonally (Ji et al., 2020), and 
there is still no consensus on their relative importance (Kuang & Jiao, 2015; You et al., 2021).

Several recent studies (Gao et al., 2019; Ji et al., 2020; Su et al., 2017; Wu et al., 2020) used the perturbation 
surface energy budget equation (Lu & Cai, 2009b) and the coupled climate feedback-response analysis method 
(CFRAM, Lu & Cai, 2009a; Cai & Lu, 2009) to rank the relative importance of factors contributing to the ampli-
fied TP warming. Both methods are based on the surface energy budget equation, and are important tools for 
regional and global attribution studies as they can quantify the contribution of specific external forcing or climate 
processes to temperature change. Su et al. (2017), Gao et al. (2019) and Ji et al. (2020) applied the perturbation 
surface energy budget equation to the reanalysis datasets MERRA, MEERA-2 and JRA-55 finding that surface 
albedo feedback (SAF) and enhanced clear-sky downward longwave radiation heating are the dominant factors 
in the TP surface warming amplification, especially in winter. SAF warming works due to reductions in snowfall 
and increased snowmelt, leading to less snow cover over the TP and increased solar radiation absorption (Qu 
et al., 2019). Longwave radiative heating is the primary factor affecting the warming amplification in the Arctic, 
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while on TP it is SAF that most drives warming amplification in winter and spring (Gao et al., 2019). However, 
Wu et  al.  (2020) applied the CFRAM to the ERA-Interim reanalysis and found that changes in surface heat 
storage and surface sensible heat flux act to warm the surface temperature while changes in surface albedo tend 
to cool the surface of TP in winter. These opposing conclusions for the role of SAF in amplifying TP warming 
motivate us to carefully examine SAF effects diagnosed from the reanalysis datasets.

The contribution of SAF to surface temperature change depends on the surface albedo change and the surface 
downward shortwave radiation (𝐴𝐴 𝐴𝐴

↓). Therefore, conclusions on the relative importance of various climate 
processes or external forcing rely on the quality of the reanalysis datasets. Atmospheric reanalysis datasets are 
created via a fixed assimilation-forecast model system which ingests available observations every several hours 
over the period being analyzed (Fujiwara et  al.,  2017). Observational constraints in reanalysis datasets vary 
considerably depending on the location, time period and variable considered. The scarcity of observational data 
over the TP might jeopardize the reliability of the reanalysis in the region. The surface albedo over the TP during 
winter and spring is greatly affected by the snow cover. Several state-of-the-art atmospheric reanalysis datasets 
produce hugely excessive snowpack over the TP (Orsolini et al., 2019) and exhibit very different interannual 
variations (Bian et al., 2020) from observed. It is speculated that excessive snowfall is the primary factor for 
the large overestimation of snow depth and cover in ERA5 reanalysis (Orsolini et al., 2019). Inappropriate snow 
cover parameterization (Jiang et al., 2019), especially the representation of shallow snow (Wang et al., 2020) in 
the land surface schemes used in reanalysis can also create spurious and excessive snow depth and snow cover, 
which then exert significant influences on surface albedo over the TP.

The 𝐴𝐴 𝐴𝐴
↓ in reanalysis datasets contains substantial biases (Wang et al., 2015) due to uncertainty in clouds and aero-

sols (Fujiwara et al., 2017), and drives variability in 𝐴𝐴 𝐴𝐴
↓ (e.g., Ghan et al., 2012; Wang et al., 2012). Observations 

of 𝐴𝐴 𝐴𝐴
↓ are sparse with limited spatiotemporal coverage (Wild, 2016), especially over the TP. Long-term variability 

in observed surface solar radiation and in reanalysis datasets shows significant 𝐴𝐴 𝐴𝐴
↓ biases (Feng and Wang., 2019; 

He et al., 2018; You et al., 2013; Zhang et al., 2020). For example, ERA-40 and NCEP/NCAR reanalysis datasets 
cannot capture the significant decreasing trend of all-sky surface solar radiation for the period 1960–2010 over 
the TP (You et  al.,  2013). Several widely used atmospheric reanalysis, such as CFSR, MERRA, MERRA-2, 
JRA-55 and ERA-Interim, all overestimate the multi-year mean solar radiation over China (Feng & Wang, 2019; 
Zhang et al., 2020). The biases in the 𝐴𝐴 𝐴𝐴

↓ are mostly attributed to cloud and aerosol simulation in the reanalysis 
systems. How these biases in surface albedo and 𝐴𝐴 𝐴𝐴

↓ in the reanalysis datasets might affect the estimated contribu-
tion of SAF to the TP warming has not yet been investigated.

Realistic surface albedo and surface downward shortwave radiation are the basis for understanding the surface 
energy budget and qualifying the contribution of SAF to regional temperature changes. Ground-based obser-
vations of 𝐴𝐴 𝐴𝐴

↓ and surface albedo are rare over the high elevation and cold environment of the TP. Atmospheric 
reanalysis datasets have a complete spatiotemporal coverage, but they suffer from various biases over high moun-
tain regions (e.g., Li, et al., 2020; Orsolini et al., 2019; Yan et al., 2020). Previous generation climate models show 
largest spread in SAF over the TP (Qu & Hall, 2014). Therefore, a careful examination of the SAF as represented 
in reanalysis datasets and recent climate models compared with observations over the TP can lead to a better 
understanding of climate change over the TP. In this study, we use ground measurements of 𝐴𝐴 𝐴𝐴

↓ , 𝐴𝐴 𝐴𝐴
↓ derived from 

sunshine duration data (SunDu-derived 𝐴𝐴 𝐴𝐴
↓), surface albedo data derived from satellite products, six state-of-the-

art atmospheric reanalysis datasets and the most recent generation of climate models to study the contribution of 
SAF to the amplified TP warming in winter and spring seasons during the last several decades.

2. Data and Methods
2.1. In Situ Observations

Daily ground surface temperature (TS) at 75 meteorological stations higher than 2000 m above sea level (a.s.l.) 
over the TP were retrieved from the China Meteorological Administration/China, 2012. Most of the stations are 
scattered in the central and eastern TP which cover more than half area of the TP, but only a few stations are 
located in the western TP (Figure 1).
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2.2. Surface Downward Shortwave Radiation

Ground measurements of 𝐴𝐴 𝐴𝐴
↓ over the TP are sparse, so we use the 𝐴𝐴 𝐴𝐴

↓ data derived from meteorological obser-
vation of sunshine duration (SunDu-derived 𝐴𝐴 𝐴𝐴

↓ , He et al., 2018) at the same 75 stations recording daily ground 
surface temperature. Existing studies have shown that the SunDu-derived 𝐴𝐴 𝐴𝐴

↓ can be used as a reliable proxy 
data for 𝐴𝐴 𝐴𝐴

↓ and it has better spatial-temporal coverage than ground measurements of 𝐴𝐴 𝐴𝐴
↓ (Feng & Wang, 2019; 

He et al., 2018; Manara et al., 2015). To further validate the SunDu-derived 𝐴𝐴 𝐴𝐴
↓ over the TP, we compare the 

SunDu-derived 𝐴𝐴 𝐴𝐴
↓ with ground measurements of 𝐴𝐴 𝐴𝐴

↓ at 11 stations higher than 2000 m a.s.l. over the TP (China 
Meteorological Administration/China, 2005).

2.3. Surface Albedo Data Sets

The CLARA-A2 (The CM SAF Cloud, Albedo And Surface Radiation data set from Advanced Very High 
Resolution Radiometer (AVHRR) data - Edition 2) data set provides surface albedo and surface radiation fields 
derived from the AVHRR satellite data. The data set covers a 34-year time period (1982–2015) at a spatial reso-
lution of 0.25° × 0.25° (Karlsson et al., 2017). The retrieval algorithm in CLARA-A2 surface albedo included a 
mountainous topography correction and used a dynamic aerosol optical depth (AOD) time series for atmospheric 
correction. The CLARA-A2 data set and its earlier version (CLARA) have been used in the TP studies. For exam-
ple, Guo et al. (2018) has evaluated the CLARA data set over the TP and found that it is suitable for quantifying 
long-term surface albedo changes and constraining the strength of SAF. Ma et al. (2019) has used the CLARA 
data set to study the role of SAF strengthened by black carbon in the enhanced warming over the Himalayas. 
Pang et al. (2022) has used the CLARA-A2 data set to quantify the relationships between the spatial and temporal 
patterns of the albedo and associated influencing factors over the TP. In this study, we use the monthly averages 
of black-sky surface albedo from CLARA-A2 data set.

The GLASS (Global LAnd Surface Satellites) surface albedo data set derived from AVHRR satellite data is based 
on a direct estimation algorithm using the surface reflectance, with radiometric calibration and atmospheric 
correction (Beijing Normal University, 2013; Liang et al., 2013). It provides a consistent albedo data set through-
out the period of 1981–2018 with an accuracy that is comparable to that of the Moderate Resolution Imaging 
Spectroradiometer (MODIS) surface albedo product (He et al., 2013, 2014; Liu et al., 2013). The GLASS data set 
has been used to study the radiative cooling over the TP due to snow cover-induced surface albedo anomaly (Chen 
et al., 2017), and to evaluate surface albedo associated with optimizing snow cover parameterization schemes 
over the TP (Jiang et al., 2020). An et al. (2020) evaluated the performance of the GLASS satellite albedo product 
over the TP and found it coincides well with the ground-based observation. GLASS surface albedo is provided at 

Figure 1. The spatial distribution of the meteorological stations used in this study, the elevation range of station is 
denoted by different markers, the terrain height (m) is denoted by the contour shading. The black markers represent the 75 
meteorological stations providing ground measurements of surface temperature (TS), the red markers represent the 11 stations 
providing ground measurements of surface downward shortwave radiation (𝐴𝐴 𝐴𝐴

↓). SunDu-derived 𝐴𝐴 𝐴𝐴
↓ is available at all above 

stations, which are higher than 2000 m a.s.l.
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8-day intervals with a resolution of 0.05° × 0.05°. In this study we use its black-sky albedo and white-sky albedo 
of high quality (flags of 0 and 1) to calculate monthly mean blue-sky shortwave albedo, taking into account 
diffused skylight ratio in the shortwave range derived from the National Centers for Environmental Prediction 
(NCEP) reanalysis as described in He et al. (2014). For the GLASS data set averaged over the entire TP during 
winter and spring, the difference between climatological black-sky albedo and blue-sky albedo is in the range of 
0.0008–0.0058, and the difference between changes in black-sky albedo and blue-sky albedo over the two climate 
periods is in the range of 0.0003–0.0006. The rather small difference between black-sky albedo and blue-sky 
surface albedo has been reported in previous studies (e.g., Liu et al., 2009; Manninen et al., 2012) and this holds 
true for the GLASS data set over the TP as well. Therefore, in this study the CLARA-A2 black-sky albedo and 
GLASS blue-sky albedo are compared directly with the surface albedo derived from the reanalysis datasets and 
climate models.

The CLARA-A2 and GLASS surface albedo datasets are both derived from AVHRR satellite data but using 
different retrieval algorithms and of different spatio-temporal resolutions. Since all observation-based products 
relating to snow and albedo contain significant uncertainties (Brown & Derksen,  2013), we treat the differ-
ence between CLARA-A2 and GLASS as observational uncertainty in surface albedo for both climatology and 
long-term change.

2.4. Reanalysis Data Sets

We use six sets of “full-input” reanalysis datasets, which assimilate both conventional and satellite data from 
the surface and upper-air (Fujiwara et al., 2017). ERA-Interim (Dee et al., 2011) was initially released in 2008 
by European Centre for Medium-Range Weather Forecasts, 2012. ERA-Interim has a horizontal resolution of 
0.75° × 0.75° and temporal resolution of 6 hr and it is widely used in climate change studies for the TP. ERA5 
(Hersbach et al., 2019) was recently released by European Centre for Medium-Range Weather Forecasts (2019) 
to supersede ERA-Interim. ERA5 improves on ERA-Interim with a horizontal resolution of 0.25° × 0.25° and 
temporal resolution of 1 hr. MERRA (Rienecker et al., 2011) was released in 2009 by NASA's Global Modeling 
and Assimilation Office, 2008, it has a horizontal resolution of 0.5° × 0.667° and temporal resolution of 1 hr. 
MERRA-2 (Bosilovich et al., 2015), a follow-up product to MERRA, was released in 2015 by NASA's Global 
Modeling and Assimilation Office (2015) with a horizontal resolution of 0.5° × 0.625° and temporal resolution 
the same as MERRA. JRA-55 (Kobayashi et al., 2015) was released by the Japan Meteorological Agency 2013 
with a horizontal resolution of 0.562° × 0.562° and temporal resolution of 6 hr. CRA was released in 2021 from 
CMA as its first-generation 40-year global atmosphere and land reanalysis product and extends to 1979. CRA 
assimilates more Chinese observed surface and radiosonde data than other reanalysis products and uses more 
than 50 kinds of satellite observations (China Meteorological Administration/China, 2021; Wang et al., 2018). 
The monthly CRA data set with a horizontal resolution of 0.31° × 0.31° was used in this study. The ERA5, 
MERRA-2, JRA-55 and CRA belong to the latest generation of atmospheric reanalysis data set.

The six reanalysis datasets used in this study do not assimilate any 𝐴𝐴 𝐴𝐴
↓ from conventional or satellite observa-

tions. 𝐴𝐴 𝐴𝐴
↓ derived from these reanalysis datasets is calculated using radiation transfer models. The six reanalysis 

datasets also do not assimilate any surface albedo data, but some of them do use some surface albedo parameters 
from satellite data, for example, MERRA and MERRA-2 used MODIS climatological surface albedo parameters 
(Reichle et al., 2017). JRA-55 calculates the land surface albedos by solving the equation of radiative transfer 
in vegetation canopies without assimilating satellite data (Kobayashi et al., 2015). The six reanalysis datasets 
assimilate snow depth and snow cover to various extents, and usually snow cover fraction is derived empiri-
cally from snow depth (Orsolini et al., 2019). ERA-Interim assimilates the Interactive Multisensor Snow and Ice 
Mapping System (IMS) snow cover at high altitudes, while ERA5 only assimilates IMS snow cover at altitudes 
below 1500 m a.s.l. Neither ERA-Interim nor ERA5 assimilates in situ observational snow information. JRA-55 
assimilates snow depth from a dozen CMA stations over the TP and snow cover from satellite data. MERRA and 
MERRA-2 do not assimilate any observational snow information, but MERRA-2 uses observed precipitation 
data, and has a better performance than MERRA in terms of snow cover and snow depth (Orsolini et al., 2019). 
We derive land surface albedo of the six reanalysis datasets by calculating the ratio between upward short-
wave radiation and downward shortwave radiation at the surface, the upward shortwave radiation is obtained by 
subtracting net solar radiation from downward shortwave radiation.
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2.5. CMIP6 Models

Climate models show that TP is one of the most important regions determining northern hemisphere SAF, and the 
largest spread in SAF occurs over TP (Qu & Hall, 2014). We collected the Atmospheric Model Intercomparison 
Project (AMIP) simulations from 28 climate models (Table S1 in Supporting Information S1) that participated 
in the CMIP6 (Eyring et al., 2016) to diagnose the surface albedo change and its contribution to TP warming 
during the recent decades. The AMIP simulation was driven by observational sea surface temperature and sea ice 
concentration and hence the models were expected to produce realistic historical global warming. To ensure an 
equal weight for different climate models, we selected the first ensemble AMIP run (r1i1p1f1) from the 28 CMIP6 
models. The CMIP6 models have horizontal resolutions varying from 2.815° × 2.815° to 0.703° × 0.703°, with 
most resolutions lower than 1° × 1°, which is much coarser than the reanalysis datasets. Most AMIP simulations 
cover 1979–2014, and we select the period of 1982–2014 to align with the time window of the observations used 
in this study.

2.6. Methods

The perturbation surface energy budget equation (Lu & Cai, 2009b) is used to calculate the contributions of the 
dynamic and thermal processes to the surface temperature change. The relative importance of climate processes 
and external forcing to the TP ground surface temperature change over the two climate periods 1982–1998 and 
1999–2014 are compared. Observations and reanalysis datasets extend to 2015 so the second period is 1 year 
longer in their case. Following Lu and Cai (2009b), the surface energy budget equation and its perturbation form 
can be written as Equations 1 and 2 respectively:

Q = (1 − 𝛼𝛼)𝑆𝑆↓ + 𝐹𝐹
↓ − 𝐹𝐹

↑ −𝐻𝐻 − 𝐿𝐿𝐿𝐿 (1)

4𝜎𝜎𝑇𝑇
3

sΔ𝑇𝑇𝑠𝑠 ≈ −Δ𝛼𝛼

(

𝑆𝑆↓ + Δ𝑆𝑆↓

)

+ ΔCRFs +
(

1 − 𝛼𝛼
)

Δ𝑆𝑆↓clr + Δ𝐹𝐹 ↓clr − Δ𝑄𝑄 − Δ(𝐻𝐻 + LE) (2)

where 𝐴𝐴 𝐴𝐴 is surface albedo, 𝐴𝐴 𝐴𝐴
↓ is surface downward shortwave radiation, 𝐴𝐴 𝐴𝐴

↓ is surface downward longwave radi-
ation, 𝐴𝐴 𝐴𝐴

↑ is surface upward longwave radiation with 𝐴𝐴 𝐴𝐴
↑ ≈ 𝜎𝜎𝜎𝜎

4
𝑠𝑠  assuming the surface emissivity to be one at all 

wavelengths, H and LE are surface sensible and latent heat fluxes. Q is land surface heat storage, by applying 
Equation 1 in both the first and second climate periods, the heat storage change term (∆Q) can be obtained 
from their difference (Lu & Cai, 2009b). The overbar (⁻) in Equation 2 denotes the average climate state in the 
first period 1982–1998, 𝐴𝐴 Δ denotes the difference between the second and first climate periods, and 𝐴𝐴 (⋅)

clr denotes 

the clear sky state, 𝐴𝐴 𝐴𝐴 = 5.67 × 10
−8
𝑊𝑊 ⋅ 𝑚𝑚

−2
⋅𝐾𝐾

−4 is the Stefan-Boltzmann constant, and TS is ground surface 
temperature. Equation 2 decomposes the change of ground surface temperature (∆TS) to six contributing terms 
representing dynamical and thermodynamic climate processes. The terms on the right-hand side of Equation 2 

respectively represent SAF (𝐴𝐴 − Δ𝛼𝛼

(

𝑆𝑆↓ + Δ𝑆𝑆↓

)

), change of cloud radiative forcing (𝐴𝐴 ΔCRFs), change of clear-sky 

downward shortwave radiation (𝐴𝐴
(

1 − 𝛼𝛼
)

Δ𝑆𝑆↓clr), change of clear sky downward longwave radiation (𝐴𝐴 Δ𝐹𝐹 ↓clr), 
change of ground heat storage (𝐴𝐴 Δ𝑄𝑄) and change of surface turbulent heat exchanging with the atmosphere (

𝐴𝐴 Δ(𝐻𝐻 + LE)). According to Lu and Cai (2009b), 𝐴𝐴 ΔCRFs is defined as the difference between the change of net 
total-sky radiation and the change of net clear-sky radiation at the surface, which excludes the SAF by only retain-
ing the mean surface albedo term, and equals to 𝐴𝐴

(

1 − 𝛼𝛼
)

Δ𝑆𝑆↓,cld + Δ𝐹𝐹 ↓,cld , where 𝐴𝐴 (⋅)
cld denotes difference between 

total-sky condition and clear-sky condition. By multiplying the sensitivity parameter 𝐴𝐴

(

1∕

(

4𝜎𝜎𝑇𝑇𝑆𝑆

3
))

 with the six 
contributing terms in the right-land side of Equation 2, we get the partial temperature changes (PTCs) due to six 
climate processes denoted as ΔTSAF, ΔTCRF, ΔTSW, ΔTLW, −ΔTQ and −ΔTH+LE respectively. Specifically, the 
contribution of SAF to surface temperature change is:

ΔT𝑆𝑆𝑆𝑆𝑆𝑆 =

−Δ𝛼𝛼

(

𝑆𝑆↓ + Δ𝑆𝑆↓

)

4𝜎𝜎𝑇𝑇
3

s

 (3)

Fields involved in Equation 2 can be obtained or calculated from ERA5, MERRA, MERRA-2, JRA-55, CRA 
reanalysis datasets and CMIP6 climate models. In the case of ERA-Interim which lacks clear-sky fields we 
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only calculate the PTCs due to SAF (ΔTSAF), surface heat storage (−ΔTQ) and surface turbulent heat fluxes 
(−ΔTH+LE). All calculations use monthly mean values. For calculations over the observation stations, the satel-
lite datasets, reanalysis datasets and CMIP6 models are bilinearly interpolated to the locations of observation 
stations. For calculations over the entire TP, we use the raw resolution of each data set and select grid cells of 
satellite datasets, reanalysis datasets and CMIP6 models enclosed in the TP region higher than 2000 m a.s.l. 
without applying spatial interpolation.

3. Results
3.1. Surface Temperature Changes

The observed TS change between the two climate periods 1982–1998 and 1999–2015 averaged over the 75 
stations is 1.66 ± 0.78 K for winter (DJF) and 1.12 ± 0.61 K for spring (MAM). TS is relatively flat during 
1982–1998 but increases significantly during 1999–2015 (Figure  2). The six reanalysis datasets and CMIP6 
models can reproduce much of the decadal temperature variation shown in the 75-station averaged observations. 
Only CRA of the reanalysis datasets can reproduce realistic winter (1.39 ± 1.17 K) and spring (1.21 ± 0.86 K) 
warmings, with the other five reanalysis datasets underestimating both winter and spring warmings. ERA-Interim 
shows least warming (0.22 ± 0.77 K for winter and 0.08 ± 0.54 K for spring). The underestimated TP warming in 

Figure 2. Winter (DJF, a) and spring (MAM, b) mean surface temperature (TS) anomalies over the 75 meteorological stations 
(solid lines) and the entire TP (dash lines) above 2000 m a.s.l. during 1982–2015. The black curve is the result of the 75 
stations averaged observation, and the pink, green, brown, blue, red, seagreen and darkgray lines represent ERA-Interim 
(ERAI), ERA5, MERRA, MERRA-2, JRA-55, CRA and Coupled Model Intercomparison Project Phase 6 (CMIP6) 
multi-model ensemble (CMIP6 MME) mean, respectively. The light gray shading denotes the one standard derivation of the 
CMIP6 models below/above the CMIP6 MME mean.
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reanalysis datasets has been noted in previous studies (e.g., Yan et al., 2020). The CMIP6 multi-model ensemble 
(CMIP6 MME) mean warming between the two climate periods is 0.67 ± 0.46 K for winter and 0.52 ± 0.23 K for 
spring, and the majority of CMIP6 models underestimate the observed warming. Only CESM2, CESM2-FV2 and 
NorCPM1 produce more than 80% of the 75-station averaged warming for winter and CESM2 and FGOALS-f3-L 
for spring. Most reanalysis datasets and CMIP6 models only realized about half of the observed warming ampli-
tude, but the six reanalysis datasets and CMIP6 MME mean show larger winter warming than spring warming, 
which is consistent with the observations.

The decadal variations and warming trends from both the reanalysis datasets and CMIP6 models over the entire 
TP at elevations above 2000 m a.s.l. are similar to the 75-station averaged results (Figure 2), which indicates 
that the 75 stations can represent the entire TP in terms of amplified warming between the two climate periods, 
despite most stations being in the central and eastern TP. The discrepancies in surface temperature change among 
the reanalysis datasets, climate models and observations might be attributed to deficiencies in the physical param-
eterization schemes, not enough observations assimilated in the reanalysis system, and inaccurate topography 
used in climate models and reanalysis systems and their differences from the locations of meteorological stations 
(Yan et al., 2020).

3.2. Surface Albedo

The contribution of SAF to the TP warming depends on the surface albedo change, surface downward shortwave 
radiation and its change over time. Among these factors, the surface albedo change usually determines the magni-
tude of SAF (Colman, 2013; Li et al., 2016; Loranty et al., 2014). Satellite data shows that on average 16% of the 
entire TP is covered by snow with more snow in winter (Basang et al., 2017). Several state-of-the-art reanalysis 
datasets have significant biases in snow depth and snow cover over the TP (Orsolini et al., 2019), these biases can 
result in unrealistic surface albedo over the TP and affect the surface energy budgets. In the following, we use the 
CLARA-A2 and GLASS surface albedo datasets to evaluate the performance of reanalysis datasets and CMIP6 
models over the TP in terms of climatology and changes over the two climate periods.

Figure 3a shows the climatological surface albedo averaged over the 75 stations and the entire TP above 2000 m 
a.s.l. in winter (DJF) and spring (MAM). The 75-station averaged surface albedo is 0.21 ± 0.08 and 0.21 ± 0.07 
in winter, 0.21 ± 0.07 and 0.20 ± 0.07 in spring for CLARA-A2 and GLASS respectively. The entire TP averaged 
surface albedo is 0.24 in winter for both satellite products, 0.25 and 0.24 in spring for CLARA-A2 and GLASS 
respectively. As both surface albedo products are derived from AVHRR satellite data, it is expected that they 
share nearly same seasonal climatology. For the surface albedo climatology over the 34-year period from 1982 
to 2015, only MERRA and MERRA-2 are close to the satellite products, the other four reanalysis datasets, espe-
cially for ERA5, JRA-55 and CRA overestimate surface albedo in both winter and spring. MERRA-2 shows the 
best performance in surface albedo climatology and this might be due to its usage of observed precipitation data 
improving snow depth and snow cover simulation (Orsolini et al., 2019). The spread of surface albedo clima-
tology among the six reanalysis datasets is large, comparable to the magnitude of surface albedo represented by 
the satellite products. The majority of CMIP6 models have larger surface albedo than the satellite products, but 
a few are close to or even smaller than the satellite products. The CMIP6 MME mean surface albedo over the 
entire TP is 0.42 ± 0.09 in winter and 0.34 ± 0.08 in spring. The serious surface albedo biases in winter and 
spring are probably due to excessive snowfall and cold temperature biases over the TP, implying deficiencies in 
the representation of snow-ice albedo in the climate models (Gao et al., 2015; Su et al., 2013; Yan et al., 2020). 
Systematic overestimation of surface albedo may result in cold temperature bias in the Northern Hemisphere, 
especially at high altitudes (Li et al., 2016). The overestimated surface albedo and cold biases over the TP in the 
reanalysis datasets and climate models likely interact with each other through snow albedo feedback.

Figure 3b shows that the surface albedo has decreased over the two climate periods, and GLASS generally exhib-
its larger surface albedo reduction than does CLARA-A2. The range of surface albedo change (Δα) averaged 
over the 75 stations is −0.004 to −0.012 for winter, and −0.005 to −0.010 for spring (Table S2 in Supporting 
Information S1) with similar ranges for the entire TP above 2000 m a.s.l (Table S3 in Supporting Information S1). 
The satellite surface albedo averaged over the entire TP decreases by 2.0%–4.5% in winter and by 2.0%–5.8% in 
spring over two climate periods, depending on the product. These are close to the decreasing trends in surface 
albedo over the Arctic since the 1980s (Zhang et al., 2019). Although CLARA-A2 and GLASS are both derived 
from AVHRR satellite data and have nearly same surface albedo climatology over the TP, there is a relatively 
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large discrepancy in their changes over two climate periods. The spread of surface albedo change can be attrib-
uted to difficulties in distinguishing snow cover and cloud, especially the distinct characteristics of snow cover 
over the TP, which are often shallow, patchy and frequently of short duration (Qin et al., 2006). As stated earlier, 
the range of surface albedo changes from two satellite albedo products is taken as observational uncertainty and 
is used to estimate uncertainty in snow albedo feedback over the TP.

The reanalysis datasets exhibit a much larger spread in the TP averaged surface albedo change than the two satel-
lite products (Figure 3 and Table S3 in Supporting Information S1). MERRA, CRA and JRA-55 overestimate 
the surface albedo reduction in winter compared with the two satellite products, ERA5 overestimates surface 
albedo reduction in spring. Only ERA5 has its winter surface albedo reduction in the observational range −0.005 
to −0.011, MERRA, JRA-55 and CRA have their spring surface albedo reduction in the observational range 
−0.005 to −0.014 given by the two satellite products. MERRA-2 exhibits very weak surface albedo change in 
both winter and spring, although it has best performance in seasonal climatology of surface albedo. ERA-Interim 
shows an opposite trend in surface albedo change from the satellite products and other reanalysis datasets in 
both winter and spring. Increasing surface albedo over the TP in ERA-Interim was previously reported by Wu 
et al. (2020). For the CMIP6 models, the multi-model ensemble mean surface albedo change averaged over the 
entire TP is −0.008 ± 0.010 for winter and −0.010 ± 0.008 for spring, both of them are within the range given by 
the two satellite products. The spread of surface albedo change in CMIP6 models is comparable to that of the six 
reanalysis datasets (Figure 3b). Hence, the six analysis datasets do not show obvious advantages over the CMIP6 
models in representing TP surface albedo change, although the reanalysis datasets have assimilated various kind 
of observations.

Figure 4 shows the spatial distributions of surface albedo change for mean results of satellite datasets, reanalysis 
datasets (excluding ERA-Interim) and CMIP6 models. Figure S1 Supporting Information S1 shows the spatial 
distributions of surface albedo change for individual reanalysis datasets. The reanalysis datasets can reproduce the 
notable surface albedo increase at the northern TP in winter (Figures 4a and 4c) and decrease at the southwestern 

Figure 3. Surface albedo climatology over the whole study period (a) and surface albedo change over two climate periods 
(b) for winter (DJF) and spring (MAM). Colored cross markers denote satellite products and reanalysis datasets averaged 
over the 75 meteorological stations. Colored solid dot markers denote satellite products and reanalysis datasets averaged 
over the entire Tibetan Plateau (TP) above 2000 m a.s.l. Boxplots denote Coupled Model Intercomparison Project Phase 
6 (CMIP6) models averaged over the entire TP above 2000 m a.s.l, with each box represents the 25th and 75th percentiles 
(the interquartile range), the horizontal line in box represents the median, the ends of the whiskers represent the range of 
values falling within 1.5 inter-quartiles from the median. Solid dot in boxplot represents CMIP6 multi-model ensemble mean 
averaged over the entire TP.
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TP in spring (Figures 4b and 4d). The reanalysis can also reproduce the general surface decrease in the central 
TP in winter and spring. Contrary to satellite datasets and other reanalysis datasets, ERA-Interim presents rela-
tively large surface albedo increases over the central and eastern TP (27°N ∼ 40°N, 82°E ∼105°E, the black box 
as shown in Figures S1a and S1b in Supporting Information S1), which causes the entire TP averaged surface 
albedo to increase over the two climate periods (Figure 3b). This might be ascribed to its assimilation of gridded 
snow cover data from IMS since 2004 (Orsolini et al., 2019), as ERA-Interim shows an abrupt increase in surface 
albedo and larger inter-annual snow cover variations over the middle and eastern TP since 2004 (Figure S2 in 
Supporting Information S1). The CMIP6 MME mean cannot reproduce the notable surface albedo changes on the 
northern TP in winter (Figure 4e), but can reproduce the decrease at the southwestern TP with a smaller spatial 
extent in spring (Figure 4f). The relatively uniform decrease in surface albedo represented in the CMIP6 models 
might be attributed to their coarse horizontal resolution without adequate description of the complex terrain over 
the TP. In addition, there is large inter-model variation in the spatial distribution of surface albedo change over the 
TP for the CMIP6 models (not shown), and CMIP6 MME mean surface albedo change more likely reflects  the 
response of surface albedo to external climate forcing and topography varying across the TP.

3.3. Surface Downward Shortwave Radiation

Previous studies have found that several widely used atmospheric reanalysis datasets overestimate the multi-year 
mean 𝐴𝐴 𝐴𝐴

↓ over China and have larger relative biases in winter and spring than in other seasons (Feng & 
Wang, 2019; Zhang et al., 2020). SunDu-derived 𝐴𝐴 𝐴𝐴

↓ has a good agreement with ground measurements of 𝐴𝐴 𝐴𝐴
↓ 

and better spatial-temporal coverage compared with ground measurements (He et al., 2018; Wang et al., 2015). 
Figure 5 compares 𝐴𝐴 𝐴𝐴

↓ from SunDu-derived data set, reanalysis datasets and CMIP6 climate models with the 
ground measurements at 11 stations over the TP. The anomalously low values before 1993 in the ground meas-
urements of 𝐴𝐴 𝐴𝐴

↓ is mainly due to instrument change (Tang et al., 2011; Wang et al., 2015) and excluded in the 
following analysis. The significant decadal declining trend since 1994 in the ground measurements of 𝐴𝐴 𝐴𝐴

↓ has been 

Figure 4. The spatial distributions of surface albedo change (𝐴𝐴 Δ𝛼𝛼) from 1982 to 1998 to 1999–2015 in winter (DJF, left 
column) and spring (MAM, right column) for mean results of two satellite surface albedo datasets (CLARA-A2 and 
GLASS) (a and b), five reanalysis datasets (ERA5, MERRA, MERRA-2, JRA-55 and CRA) (c and d) and Coupled Model 
Intercomparison Project Phase 6 (CMIP6) multi-model ensemble mean (e and f) over the entire Tibetan Plateau.
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explained as mainly due to the increase in water vapor and deep cloud cover related to rapid TP warming (Yang 
et al., 2012). The SunDu-derived 𝐴𝐴 𝐴𝐴

↓ well represents ground measurements of 𝐴𝐴 𝐴𝐴
↓ in terms of multi-year seasonal 

mean, especially in winter (Figure 5a). In spring, the SunDu-derived data overestimates 𝐴𝐴 𝐴𝐴
↓ by about 14.8 W/m 2. 

In contrast, the reanalysis datasets overestimate the seasonal mean of 𝐴𝐴 𝐴𝐴
↓ , by between 13.1 W/m 2 and 28.7 W/m 2 

in winter and between 33.1 W/m 2 and 50.8 W/m 2 in spring. Among the six reanalysis datasets, CRA presents 
smallest 𝐴𝐴 𝐴𝐴

↓ biases in both winter and spring, while JRA-55 presents the largest 𝐴𝐴 𝐴𝐴
↓ biases in both winter and 

spring. The CMIP6 MME mean 𝐴𝐴 𝐴𝐴
↓ is generally closer to both the ground measurements of 𝐴𝐴 𝐴𝐴

↓ and SunDu-derived 
𝐴𝐴 𝐴𝐴

↓ than are the reanalysis datasets, especially in spring. The 𝐴𝐴 𝐴𝐴
↓ discrepancies between the SunDu-derived data 

set and ground measurements are substantial less than the biases of the reanalysis datasets and CMIP6 climate 
models relative to the ground measurements.

Figure  6 compares 𝐴𝐴 𝐴𝐴
↓ of the reanalysis datasets with SunDu-derived 𝐴𝐴 𝐴𝐴

↓ at the same 75 stations selected for 
comparing surface albedo and surface temperature. The six reanalysis datasets overestimate the 75-station aver-
aged 𝐴𝐴 𝐴𝐴

↓ by between 9.9 W/m 2 and 28.7 W/m 2 in winter, and by between 16.1 W/m 2 and 41.9 W/m 2 in spring 
(Figure 6a and Table S2 in Supporting Information S1). While SunDu-derived 𝐴𝐴 𝐴𝐴

↓ does not reproduce the declin-
ing trend at the 11 𝐴𝐴 𝐴𝐴

↓ ground measurement stations from 1994 to 2014 (Figure 5), it does show an obvious 
decline at the 75 meteorological stations, by −0.33 W/m 2 in winter and −1.82 W/m 2 for spring between the two 
climate periods (Figure 6b and Table S2 in Supporting Information S1). The declining trend of SunDu-derived 

𝐴𝐴 𝐴𝐴
↓ seen as more stations are used increases its credibility for the TP as a whole. All reanalysis datasets show a 𝐴𝐴 𝐴𝐴

↓ 
decline in spring, but only JRA-55 can reproduce the declining trend of 𝐴𝐴 𝐴𝐴

↓ in winter. JRA-55 exhibits a realistic 
𝐴𝐴 𝐴𝐴

↓ declining trend compared with the ground measurements at the 11 stations (Figure 5) and SunDu-derived 𝐴𝐴 𝐴𝐴
↓ 

at the 75 meteorological stations (Figure 6b), although JRA-55 has one of the largest 𝐴𝐴 𝐴𝐴
↓ biases in seasonal mean. 

Figure 5. Comparison of surface downward shortwave radiation (𝐴𝐴 𝐴𝐴
↓) from ERA-Interim (ERAI), ERA5, MERRA, 

MERRA-2, JRA-55, CRA and Coupled Model Intercomparison Project Phase 6 (CMIP6) multi-model ensemble (MME), 
SunDu-derived data set and observations averaged at the 11 ground measurement stations over the Tibetan Plateau for 
winter (DJF, a) and spring (MAM, b). The linear regression (dashed lines) and time mean are calculated over the period of 
1994–2015 (1994–2014 for the CMIP6 models). The mean (units of W/m 2) and linear trend (slope, units of W/m 2/10 years) 
are labeled for each data set. The * marker indicates a linear regression is significant at the 95% confidence level with 

𝐴𝐴 p ≤ 0.05 . The light shading denotes the one standard derivation of the CMIP6 below/above the CMIP6 MME mean.
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Figure 6 also compares the TP averaged 𝐴𝐴 𝐴𝐴
↓ for the six reanalysis datasets and CMIP6 climate models. Generally, 

the reanalysis datasets present larger 𝐴𝐴 𝐴𝐴
↓ than CMIP6 MME mean 𝐴𝐴 𝐴𝐴

↓ , except for CRA in winter. On the other 
hand, CMIP6 models present a relatively larger spread in 𝐴𝐴 𝐴𝐴

↓ than do the six reanalysis datasets. For the entire TP 
averaged 𝐴𝐴 𝐴𝐴

↓ changes over the two climate periods, CMIP6 MME mean shows an 𝐴𝐴 𝐴𝐴
↓ decrease in winter, while the 

six reanalysis datasets all suggest 𝐴𝐴 𝐴𝐴
↓ increases. In spring, ERA-Interim and CRA suggest 𝐴𝐴 𝐴𝐴

↓ increases, while the 
other four reanalysis datasets and CMIP6 MME mean suggest 𝐴𝐴 𝐴𝐴

↓ decreases. In both seasons, the CMIP6 MME 
mean changes in 𝐴𝐴 𝐴𝐴

↓ are closer to the 75 station-averaged SunDu-derived 𝐴𝐴 𝐴𝐴
↓ changes than that of most reanalysis 

datasets. The poor performance of the reanalysis and climate models on representing the mean and declining 
trend of 𝐴𝐴 𝐴𝐴

↓ is likely due to the atmospheric factors, such as cloud coverage and water vapor content (Zhang 
et al., 2020) or the neglect of time varying aerosol in reanalysis assimilation systems (You et al., 2013). The 
inability of reanalysis datasets and climate models to correctly reproducing the decline in 𝐴𝐴 𝐴𝐴

↓ exerts only minor 
impacts on the mean 𝐴𝐴 𝐴𝐴

↓ (Table S2 and S3 in Supporting Information S1). Therefore, in Equation 3 the magnitude 

of 𝐴𝐴 𝑆𝑆↓ + Δ𝑆𝑆↓ is overwhelmingly determined by 𝐴𝐴 𝑆𝑆↓ .

Figure 7 shows the spatial distributions of 𝐴𝐴 ΔS↓ derived from SunDu-derived 𝐴𝐴 𝐴𝐴
↓ at the 75 stations and the mean 

results from the reanalysis datasets (excluding ERA-Interim) and CMIP6 models over the entire TP. In winter, 
the reanalysis datasets can reproduce the increasing 𝐴𝐴 𝐴𝐴

↓ over the southern TP as shown in the SunDu-derived 𝐴𝐴 ΔS↓ 
(Figures 7a and 7c). In spring, the reanalysis datasets can capture the spatial pattern of SunDu-derived 𝐴𝐴 ΔS↓ with 
increases mostly over the northern TP and decreases over the central and southeastern TP (Figures 7b and 7d). 
The spatial pattern of 𝐴𝐴 ΔS↓ mainly reflects changes in cloud amounts. Most of station observations across the 
central and eastern TP show decreasing trends in total cloud cover and the most significant decrease occurs in 
the central TP (Duan & Wu, 2006; You et al., 2014). Satellite and reanalysis dataset. also highlight long-term 
decreasing trends of cloud cover over TP during cold seasons (Lei et al., 2020; You et al., 2014). This may explain 

Figure 6. Surface downward shortwave radiation (𝐴𝐴 𝐴𝐴
↓) climatology over the whole study period (a) and change over two 

climate periods (b) for winter (DJF) and spring (MAM). Colored cross markers denote SunDu-derived and reanalysis 
datasets averaged over the 75 stations. Colored solid dot markers denote SunDu-derived 𝐴𝐴 𝐴𝐴

↓ and reanalysis datasets averaged 
over the entire Tibetan Plateau (TP) above 2000 m a.s.l. Boxplot denotes Coupled Model Intercomparison Project Phase 6 
(CMIP6) models averaged over the entire TP above 2000 m a.s.l, with each box represents the 25th and 75th percentiles (the 
interquartile range), the horizontal line in box represents the median, the ends of the whiskers represent the range of values 
falling within 1.5 inter-quartiles from the median. Solid dot in boxplot represents CMIP6 multi-model ensemble mean value 
averaged over the entire TP.
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the positive 𝐴𝐴 ΔS↓ over most area of TP in winter as shown for the reanalysis datasets. The decreasing 𝐴𝐴 𝐴𝐴
↓ over the 

southeastern TP and increasing 𝐴𝐴 𝐴𝐴
↓ over the other regions of TP in spring (Figures 7b and 7d) is in line with results 

from regional climate model simulations under the doubled CO2 concentration scenario, in which the cloud 
amount increases at lower elevations and decreases at higher elevations in the eastern TP (Chen et al., 2003). 
There is large inter-model variation in the spatial distribution of 𝐴𝐴 Δ𝑆𝑆↓ over the TP for the CMIP6 models. The 
CMIP6 MME mean shows an overall decreasing 𝐴𝐴 𝐴𝐴

↓ over the TP in both winter and spring. However, the gradient 
of 𝐴𝐴 Δ𝑆𝑆↓ from the northwest to southeast of TP as represented in CMIP6 MME mean (Figures 7e and 7f) resembles 
that in reanalysis datasets during spring (Figure 7d). This spatial resemblance in the gradient but not the absolute 
values of 𝐴𝐴 Δ𝑆𝑆↓ for the CMIP6 models is likely due to their much coarser spatial resolution that cannot resolve 
the terrain gradients from western to eastern TP as well as do the reanalysis datasets with their higher spatial 
resolution.

3.4. SAF Contribution to TP Warming

Several studies have quantified the contribution of SAF to the surface temperature change over the TP (Gao 
et al., 2019; Ji et al., 2020; Su et al., 2017) using the perturbation form of surface energy budget equation. Accord-
ing to Equation 3, the contribution of SAF to surface temperature change (ΔTSAF) over two climate periods is 
determined by four terms: (a) the sensitivity parameter 𝐴𝐴

(

−1∕

(

4𝜎𝜎𝑇𝑇𝑆𝑆

3
))

 and (b) the surface downward solar radi-
ation (𝐴𝐴 𝑆𝑆↓) in the first climate period, (c) the surface albedo change (𝐴𝐴 Δ𝛼𝛼) and (d) surface downward solar radiation 
change (𝐴𝐴 Δ𝑆𝑆↓) across the two climate periods. The magnitude of the sensitivity parameter is nearly the same for all 
six reanalysis datasets (Table S2 in Supporting Information S1), even though surface temperatures averaged over 
the 75 stations range from −15.4 K to −9.5 K in winter and from −2.0 to 2.9 K in spring. 𝐴𝐴 Δ𝑆𝑆↓ is two-orders of 
magnitude smaller than 𝐴𝐴 𝑆𝑆↓ , therefore the magnitude of ΔTSAF is mainly controlled by the sensitivity parameter, 

Figure 7. The spatial distributions of downward surface downward shortwave radiation change (𝐴𝐴 ΔS↓) from 1982–1998 to 
1999–2015 in winter (DJF, left column) and spring (MAM, right column) for SunDu-derived data set at the 75 stations 
(a and b) and mean results of five reanalysis datasets (ERA5, MERRA, MERRA-2, JRA-55 and CRA) (c and d) and 
Coupled Model Intercomparison Project Phase 6 models (CMIP6) multi-model ensemble (e and f) over the entire Tibetan 
Plateau.
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𝐴𝐴 𝑆𝑆↓ and 𝐴𝐴 Δ𝛼𝛼 . In the following, we compare the ΔTSAF calculated for the 75 stations and the entire TP from the 
observational datasets, reanalysis datasets and CMIP6 models.

The 75-station averaged ΔTSAF from the six reanalysis datasets is between −0.77 K (ERA-Interim) and 1.38 K 
(JRA-55) for winter, and between −0.84 K (ERA-Interim) and 1.73 K (ERA5) for spring. ERA-Interim presents 
a substantial cooling contribution of SAF (negative ΔTSAF) in both winter and spring due to its significant surface 
albedo increases (Wu et al., 2020). JRA-55 presents the largest warming contribution of SAF (positive ΔTSAF) in 
winter and ERA5 in spring due to their overestimated surface albedo reductions. To explore which item controls 
the inter-reanalysis spread in ΔTSAF, Table S2 in Supporting Information S1 shows the coefficient of variation 
(CV) of the sensitivity parameter, 𝐴𝐴 𝑆𝑆↓ , 𝐴𝐴 Δ𝑆𝑆↓ and 𝐴𝐴 Δ𝛼𝛼 for the six reanalysis datasets, and 𝐴𝐴 Δ𝛼𝛼 shows the largest CV 
magnitude. Therefore, the broad inter-reanalysis spread of ΔTSAF can be attributed to the broad inter-reanalysis 
spread of surface albedo change.

The dominant role of 𝐴𝐴 Δ𝛼𝛼 in determining the magnitude and spread of ΔTSAF can be clearly illustrated by calcu-
lating ΔTSAF for each reanalysis but substituting the reanalysis surface albedo with the satellite albedo (Table 
S2 in Supporting Information S1). In Table S2 in Supporting Information S1, 𝐴𝐴 ΔT𝐶𝐶𝐶𝐶𝐴𝐴𝐶𝐶𝐴𝐴−𝐴𝐴2

𝑆𝑆𝐴𝐴𝑆𝑆
 and 𝐴𝐴 ΔT𝐺𝐺𝐺𝐺𝐴𝐴𝐺𝐺𝐺𝐺

𝐺𝐺𝐴𝐴𝑆𝑆
 show 

contributions of SAF to surface temperature change using 𝐴𝐴 Δ𝛼𝛼 from the satellite products and other items of Equa-
tion 3 from the reanalysis datasets. The spread of 𝐴𝐴 ΔT𝐶𝐶𝐶𝐶𝐴𝐴𝐶𝐶𝐴𝐴−𝐴𝐴2

𝑆𝑆𝐴𝐴𝑆𝑆
 reduces to between 0.20 and 0.22 K in winter and 

between 0.31 and 0.36 K for spring, similar reductions also occur for 𝐴𝐴 ΔT𝐺𝐺𝐺𝐺𝐴𝐴𝐺𝐺𝐺𝐺

𝐺𝐺𝐴𝐴𝑆𝑆
 . Consequently, the magnitudes of 

CV for 𝐴𝐴 ΔT𝐶𝐶𝐶𝐶𝐴𝐴𝐶𝐶𝐴𝐴−𝐴𝐴2

𝑆𝑆𝐴𝐴𝑆𝑆
 and 𝐴𝐴 ΔT𝐺𝐺𝐺𝐺𝐴𝐴𝐺𝐺𝐺𝐺

𝐺𝐺𝐴𝐴𝑆𝑆
 are greatly reduced. The results of ΔTSAF averaged over the entire TP higher 

than 2000 m a.s.l. are presented in Table S3 in Supporting Information S1. The averaged sensitivity parameters 
derived from the reanalysis datasets for the entire TP are very close to those averaged for the 75 stations. The 
ΔTSAF of the entire TP exhibits as large a spread among the reanalysis datasets as that for the 75 stations, from 
−0.62 K (ERA-Interim) to 1.18 K (JRA-55) in winter and from −0.23 K (ERA-Interim) to 1.25 K (ERA5) in 
spring, the spread of ΔTSAF is dominated by the spread of 𝐴𝐴 Δ𝛼𝛼 as well. Similarly, using the two satellite-derived 
surface albedo changes over the TP, the spread of contributions of SAF to TP warming (𝐴𝐴 ΔT𝐶𝐶𝐶𝐶𝐴𝐴𝐶𝐶𝐴𝐴−𝐴𝐴2

𝑆𝑆𝐴𝐴𝑆𝑆
 and 𝐴𝐴 ΔT𝐺𝐺𝐺𝐺𝐴𝐴𝐺𝐺𝐺𝐺

𝐺𝐺𝐴𝐴𝑆𝑆

) are significantly narrower than that of ΔTSAF calculated directly from the six reanalysis datasets.

Equation 3 expresses a linear relationship between Δα and ΔTSAF. Figure 8 explores this relationship by show-
ing the averaged Δα and ΔTSAF over the 75 stations and the entire TP for the six reanalysis datasets and CMIP6 
models. One emergent feature of Figure 8 is that the six reanalysis datasets exhibit a strong, and very similar, 
linear relationships between the averaged Δα and ΔTSAF for the 75 stations (𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑆𝑆𝑆𝑆𝑆𝑆)

𝑆𝑆𝐴𝐴𝑆𝑆
 ∼ Δα), and for the entire 

TP (𝐴𝐴 ΔT
𝑙𝑙𝑙𝑙(𝑇𝑇𝑇𝑇 )

𝑆𝑆𝐴𝐴𝑆𝑆
 ∼ Δα), meaning that the 75 stations do well represent the entire TP in terms of relationship between 

Δα and ΔTSAF. Furthermore, the relationship derived from the CMIP6 models (𝐴𝐴 ΔT
𝑙𝑙𝑙𝑙(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 6)

𝑆𝑆𝐴𝐴𝑆𝑆
 ∼ Δα) are very close 

to those from the reanalysis datasets, which suggests the CMIP6 models represent very similar SAF processes 
as the reanalysis datasets over the TP.  The linear relationship between averaged Δα and ΔTSAF shows great 
poten tial  to be used to estimate ΔTSAF in conjunction with the averaged Δα change from each data set. Table S4 
in Supporting Information S1 compares the entire TP averaged ΔTSAF calculated directly by Equation 3, 𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑇𝑇𝑇𝑇 )

𝑆𝑆𝐴𝐴𝑆𝑆
 

estimated from the linear regression between Δα and ΔTSAF averaged for the entire TP, and 𝐴𝐴 ΔT
𝑙𝑙𝑙𝑙(𝑆𝑆𝑆𝑆𝑆𝑆)

𝑆𝑆𝐴𝐴𝑆𝑆
 estimated 

from the linear regression between Δα and ΔTSAF averaged for the 75 stations. The linear relationship of Δα and 
ΔTSAF can predict the SAF contribution to the TP warming reasonably well, with an absolute difference less than 
0.08 K (difference between ΔTSAF and 𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑇𝑇𝑇𝑇 )

𝑆𝑆𝐴𝐴𝑆𝑆
 , ΔTSAF and 𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑆𝑆𝑆𝑆𝑆𝑆)

𝑆𝑆𝐴𝐴𝑆𝑆
 in Table S4 in Supporting Information S1). 

These comparisons prove that the linear regressions between averaged Δα and ΔTSAF over the 75 stations are 
accurate and can be used to estimate the ΔTSAF for the entire TP.

To explain the representativeness of the 75 stations for the entire TP in terms of the relationship between Δα 
and ΔTSAF, we apply a linear regression ΔTSAF = λ · Δα + ε for the 75 stations and the grid cells of entire TP 
for each reanalysis data set (Figure 9). The linearly regressed relationships for the 75 stations are very close to 
that regressed for the grid cells of entire TP for each reanalysis data set, especially for winter. The difference in 
regression slopes (λ) for the 75 stations and the entire TP may result in different ΔTSAF for a given Δα, but quan-
titatively their impacts on ΔTSAF is low because of the small magnitude of Δα. Therefore, the linear relationship 
between Δα and ΔTSAF derived from the 75 stations can well represent the entire TP, and this is a robust feature 
across the six reanalysis datasets and directly leads to the emergent feature presented in Figure 8. The linear 
regression formulas between Δα and ΔTSAF shown in Figures 8 and 9 all have small residual terms that are insig-
nificantly different from zero, which is consistent with Equation 3. According to Equation 3, the regression slope 
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(λ) represents a spatial averaging effect of 𝐴𝐴 𝐴𝐴𝑖𝑖 =

(

𝑆𝑆↓ + Δ𝑆𝑆↓

)

∕

(

4𝜎𝜎𝑇𝑇
3

s

)

 . The 75 stations can reasonably capture 

the statistical characteristics of 𝐴𝐴 𝐴𝐴𝑖𝑖 for the entire TP, although most of the 75 stations are located over the central 
and eastern TP, and only few of them are located over the western TP. The representativeness of the 75 stations 
for the entire TP might be attributed to two reasons, (a) that the spatial inhomogeneity in surface temperature has 

Figure 8. The linear regression between Δα and ΔTSAF for winter (a) and spring (b). The circles markers denote the entire 
TP averaged Δα and ΔTSAF for the six reanalysis datasets, the long-dash line is the linear regression for the six circle 
markers (𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑇𝑇𝑇𝑇 )

𝑆𝑆𝐴𝐴𝑆𝑆
 ∼ Δα). The crosses markers denote the 75-station averaged Δα and ΔTSAF for the six reanalysis datasets, 

the short-dash line is the linear regression for the six crosses markers (𝐴𝐴 ΔT
𝑙𝑙𝑙𝑙(𝑆𝑆𝑆𝑆𝑆𝑆)

𝑆𝑆𝐴𝐴𝑆𝑆
 ∼ Δα). The diamonds markers denote the 

75-station averaged Δα and ΔTSAF for the six reanalysis datasets but using the SunDu-derived 𝐴𝐴 𝐴𝐴
↓ , the solid black line is the 

linear regression for the six diamond markers (𝐴𝐴 ΔT
𝑙𝑙𝑙𝑙(𝑂𝑂𝑂𝑂𝑂𝑂)

𝑂𝑂𝐴𝐴𝑆𝑆
 ∼ Δα). The solid gray dot markers denote the entire Tibetan Plateau 

(TP) averaged Δα and ΔTSAF for the Coupled Model Intercomparison Project Phase 6 (CMIP6) models, the long-short-dash 
line is the linear regression for the solid gray dot markers (𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶6)

𝑆𝑆𝐴𝐴𝑆𝑆
 ∼ Δα). All linear regressions are significant at the 

99.9% confidence level. The vertical gray band marks the uncertainty of the entire TP averaged surface albedo change above 
2000 m a.s.l. based on CLARA-A2 and GLASS datasets, the horizontal gray band marks the corresponding range of ΔTSAF 
according to the linear regression formula (𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑂𝑂𝑂𝑂𝑂𝑂)

𝑂𝑂𝐴𝐴𝑆𝑆
 ∼ Δα).
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Figure 9. The linear regression between Δα and ΔTSAF for the 75 stations (dashed colored lines and its corresponding 
formula 𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑆𝑆𝑆𝑆𝑆𝑆)

𝑆𝑆𝐴𝐴𝑆𝑆
 ∼ Δα) and the entire Tibetan Plateau higher than 2000 m a.s.l. (solid black line and its corresponding 

formula 𝐴𝐴 ΔT
𝑙𝑙𝑙𝑙(𝑇𝑇𝑇𝑇 )

𝑆𝑆𝐴𝐴𝑆𝑆
 ∼ Δα) of each reanalysis data set at winter (DJF, left column) and spring (MAM, right column). All linear 

regressions are significant at the 99.9% confidence level.
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little effect on the spread of 𝐴𝐴 𝐴𝐴𝑖𝑖 , and (b) that the multi-year average of 𝐴𝐴 𝐴𝐴
↓ tends to be relatively uniform due to the 

limited spatial horizon of the TP.

The regression slope between ∆α and ΔTSAF denotes the strength of SAF, that is how much surface temperature 
change responds to a unit change in surface albedo, and the strength of SAF mainly depends on the sensitivity 
parameter and 𝐴𝐴 𝐴𝐴

↓ . Our previous analysis has shown that the sensitivity parameter is similar between datasets, 
therefore it is 𝐴𝐴 𝐴𝐴

↓ that moderates the strength of SAF over the TP. The reanalysis datasets and CMIP6 models over-
estimate the 𝐴𝐴 𝐴𝐴

↓ in winter and spring, therefore the strength of SAF in these datasets are overestimated as well. At 
the same time, the reanalysis datasets and CMIP6 models show varying biases in surface albedo change, which 
further enlarges the spread of estimated ΔTSAF (Figure 8). To reduce the impacts of overestimated 𝐴𝐴 𝐴𝐴

↓ and varying 
biases in surface albedo change as represented in reanalysis datasets and CMIP6 models, the SunDu-derived 

𝐴𝐴 𝐴𝐴
↓ at the 75 stations can be used to constrain the strength of SAF, and the surface albedo change from satellite 

products can be used to constrain the contribution of SAF to the TP surface warming. As the SunDu-derived 
𝐴𝐴 𝐴𝐴

↓ and surface albedo change from satellite products are expected to be more reliable than the reanalysis and 
climate models over the TP, the observation constrained relationship between ∆α and ΔTSAF and surface albedo 
change should give a better estimation of the TP warming due to surface albedo change. Figure 8 shows that the 
regression slope of the observation constrained relationship between ∆α and ΔTSAF (solid line) is flatter than 
that directly regressed from the reanalysis datasets and CMIP6 models. In conjunction with the averaged surface 
albedo change over the 75 stations estimated from GLASS and CLARA-A2, the estimated ΔTSAF is in the range 
of 0.23 K (CLARA-A2) to 0.55 K (GLASS) for winter, 0.29 K (CLARA-A2) to 0.56 K (GLASS) for spring, 
which is 14%–33% of the 75-station averaged surface warming for winter (1.66 ± 0.78 K) and 26%–50% of the 
75-station averaged surface warming for spring (1.12 ± 0.61 K). In conjunction with the averaged surface albedo 
change over the entire TP, the estimated ΔTSAF over the TP (𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑂𝑂𝑂𝑂𝑂𝑂)

𝑂𝑂𝐴𝐴𝑆𝑆
) is in the range of 0.26 K (CLARA-A2) to 

0.50 K (GLASS) for winter, and 0.27 K (CLARA-A2) to 0.77 K (GLASS) for spring (Figure 8), which is slightly 
smaller than 𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑆𝑆𝑆𝑆𝑆𝑆)

𝑆𝑆𝐴𝐴𝑆𝑆
 , 𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝑇𝑇𝑇𝑇 )

𝑆𝑆𝐴𝐴𝑆𝑆
 and 𝐴𝐴 ΔT

𝑙𝑙𝑙𝑙(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶6)

𝑆𝑆𝐴𝐴𝑆𝑆
 given same surface albedo changes over the TP (Table S4 in 

Supporting Information S1). Hence, the linear relationship directly derived from the six reanalysis datasets tends 
to slightly overestimate the ΔTSAF mainly due to its overestimated 𝐴𝐴 𝐴𝐴

↓ . Since the range of surface albedo changes 
from CLARA-A2 and GLASS are treated as observational uncertainties, the corresponding range of estimated 

𝐴𝐴 ΔT
𝑙𝑙𝑙𝑙(𝑂𝑂𝑂𝑂𝑂𝑂)

𝑂𝑂𝐴𝐴𝑆𝑆
 is considered as uncertainty for observation constrained contribution of SAF to the TP warming.

3.5. Revisiting Contributions of Climate Processes to TP Warming

The perturbation surface energy budget equation is used to decompose TP warming represented in the six reanal-
ysis datasets and 28 CMIP6 models during the two climate periods, focusing on winter (DJF) and spring (MAM) 
when SAF is most important. The sums (ΔTSUM) of the decomposed PTCs are very close to the surface temper-
ature change (ΔTS) represented by each reanalysis data set and CMIP6 model (Figure 10). The majority of the 
reanalysis datasets and CMIP6 models show SAF and clear-sky longwave heating are the two main contributing 
processes to the TP warming. Changes in cloud radiative forcing, clear-sky shortwave radiation and surface turbu-
lent heat exchange mainly offset warming from SAF and clear-sky longwave heating. These cooling contributions 
are relatively stronger in most CMIP6 models than in the reanalysis datasets.

Most of the reanalysis datasets and CMIP6 models have their PTCs due to SAF (ΔTSAF) outside the range of 
observation constrained SAF contribution to the TP warming (Figure 10). ERA5, CRA, MERRA and JRA-55 
overestimate the SAF contribution to winter warming due to their overestimated surface albedo reduction and 
surface downward shortwave radiation (ΔTSAF of 0.53 K, 0.78 K, 0.80 K and 1.18 K respectively). No reanaly-
sis data set has winter ΔTSAF within the observation constrained range of 0.26–0.50 K (Figure 10a). In spring, 
ERA5 largely overestimates the ΔTSAF (1.25 K), and only MERRA has its ΔTSAF (0.49 K) within the observa-
tion constrained range of 0.27–0.77 K. For the 28 CMIP6 models, the multi-model ensemble mean ΔTSAF is 
0.35 ± 0.47 K for winter and 0.64 ± 0.52 K for spring. Only 9 models in winter, and 12 models in spring have 
ΔTSAF in the observation constrained range. Similar to ERA-Interim, five CMIP6 models (CMCC-CM2-SR5, 
FGOALS-g3, IITM-ESM, INM-CM5-0 and SAM0-UNICON) exhibit significant SAF cooling effects on the 
TP surface temperature change due to surface albedo increase, contrary to the surface albedo decrease in the 
two satellite products. In general, the spread of ΔTSAF represented by the six reanalysis datasets is similar to that 
represented by the 28 CMIP6 models.
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The spread of clear-sky longwave heating effect on the TP warming (ΔTLW) is much narrower than ΔTSAF both 
for the reanalysis datasets and CMIP6 models. Previous studies (Gao et al., 2019; Su et al., 2017) conclude that 
SAF generally contributes more to the TP warming than does the clear-sky longwave heating. However, this is 
not valid for many reanalysis datasets and CMIP6 models analyzed here when considering the observational 
constraints on the contribution of SAF to the TP warming. In winter, ERA5, CRA and most CMIP6 models have 
their ΔTLW larger than the observation constrained ΔTSAF, JRA-55 and MERRA-2 have their ΔTLW within the 
observation constrained range of ΔTSAF, and MERRA shows much weaker contribution of clear-sky longwave 
heating. In spring, all six reanalysis datasets and most of CMIP6 models have their ΔTLW within the observation 
constrained range of ΔTSAF. The reanalysis datasets and CMIP6 models tend to suggest the clear-sky longwave 
heating is more important in winter TP warming, while the SAF and the clear-sky longwave heating are of equal 
importance in spring TP warming. The important role of clear-sky longwave heating in winter TP warming is 
more robust for CMIP6 models that simulate TP warming close to observation.

Reanalysis datasets of successive generations from the same data center might suggest different climate process 
dominating the TP warming. ERA-Interim shows surface heat storing and surface turbulence heat exchanging 
are the main processes warming the TP, while SAF exerts a significant cooling effect to counteract the TP warm-
ing, especially during winter. Wu et al. (2020) draw a similar conclusion for ERA-Interim in winter using the 
CFRAM. ERA5 shows SAF and clear-sky longwave heating are main processes warming the TP in winter, and 
SAF is the main process warming the TP in spring. For ERA5, the contribution of change in surface heat storage 
to the TP warming is negligible, and turbulent heat exchanging counteracts part of the TP warming, especially 

Figure 10. Surface partial temperature changes (PTCs) over the entire Tibetan Plateau (TP) higher than 2000 m a.s.l. 
decomposed by the perturbation surface energy budget equation for the six reanalysis datasets (colored solid dots) and 28 
Coupled Model Intercomparison Project Phase 6 (CMIP6) models (boxplot) in winter (a) and spring (b) from 1982–1998 to 
1999–2015. For the boxplot, each box represents the 25th and 75th percentiles (the interquartile range), the horizontal line in 
box represents the median, the ends of the whiskers represent the range of values falling within 1.5 inter-quartiles from the 
median, the outliers are marked as × . Solid dot in boxplot represents the multi-model ensemble mean value. ΔTSAF denotes 
PTC due to SAF, ΔTCRF denotes PTC due to cloud radiative forcing, ΔTSW denotes PTC due to downward clear sky shortwave 
radiation, ΔTLW denotes PTC due to downward clear sky longwave radiation, ΔTQ denotes PTC due to surface heat storage, 
ΔTH+LE denotes PTC due to latent heat flux and sensible heat flux. ΔTSUM denotes the summer of the six decomposed PTCs. 
ΔTS denotes the total surface temperature change represented by reanalysis datasets. The horizontal gray zones indicate the 
observation constrained range of ΔTSAF for the entire TP.
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during spring. MERRA and MERRA-2 show very different contributions of SAF to the TP warming as well. 
MERRA shows relatively strong warming contribution of SAF to the TP warming, while MERRA-2 shows a 
weak cooling contribution of SAF. For MERRA-2, clear-sky longwave heating process dominates the TP warm-
ing both for winter and spring, and the ΔTLW is within the observation constrained range of ΔTSAF. However, 
Ji et al. (2020) found MERRA-2 fails to capture the accelerated winter TP warming during recent decades. The 
evolving and inconsistent contribution of SAF to the TP warming represented in different generations of reanal-
ysis datasets indicates large uncertainties in the reanalysis datasets over the TP.

Figure 10 presents a strong compensating effect between 𝐴𝐴 ΔTSAF and −𝐴𝐴 ΔT(H+LE) . It is especially clear in the six 
reanalysis datasets, JRA-55 shows strongest positive 𝐴𝐴 ΔTSAF and strongest negative −𝐴𝐴 ΔT(H+LE) while ERA-Interim 
shows strongest negative 𝐴𝐴 ΔTSAF and strongest positive −𝐴𝐴 ΔT(H+LE) during winter, similar contrast occurs for ERA5 
and ERA-Interim in spring. The uncertainty of 𝐴𝐴 ΔTSAF is mainly caused by differences in surface albedo changes 
(𝐴𝐴 Δ𝛼𝛼) among datasets. The uncertainty of −𝐴𝐴 ΔT(H+LE) in the reanalysis datasets comes from both sensible heat flux 
and latent heat flux, while for the CMIP6 models the uncertainty of −𝐴𝐴 ΔT(H+LE) is mainly from sensible heat flux 
(not shown). The uncertainty of sensible heat flux and latent heat flux may be attributed to gradients in land-air 
temperature and humidity and near surface wind. Both the reanalysis datasets and CMIP6 models show low 
consensus on 𝐴𝐴 ΔTSAF and −𝐴𝐴 ΔT(H+LE) due to their relatively large inter-model spread. However, the spread of their 
sum (𝐴𝐴 ΔTSAF−(H+LE)) is considerably smaller than that of 𝐴𝐴 ΔTSAF and −𝐴𝐴 ΔT(H+LE) (Table S5 in Supporting Informa-
tion S1), as models may have compensating biases when simulating the various components of the surface energy 
budget (Boeke & Taylor, 2016; Liu et al., 2021) and this manifests in their contribution to surface temperature 
change. For the reanalysis datasets and CMIP6 models overestimating the contribution of SAF to surface warm-
ing, the opposite contribution from the turbulent heat fluxes tends to be overestimated as well. Therefore, using 
the observations to constrain the uncertainty of 𝐴𝐴 ΔTSAF would contribute to reducing the uncertainty of turbulent 
heat fluxes.

Figure 11 shows the spatial distributions of 𝐴𝐴 ΔTS , 𝐴𝐴 ΔTSUM and three main PTCs contributing to the TP tempera-
ture change: 𝐴𝐴 ΔTSAF , 𝐴𝐴 − ΔT(H+LE) and 𝐴𝐴 ΔTLW from the mean results of reanalysis datasets and CMIP6 models. As 

Figure 11. The spatial distributions of 𝐴𝐴 ΔTS (a–d), 𝐴𝐴 ΔTSum (e–h), 𝐴𝐴 ΔTSAF (i–l), 𝐴𝐴 − ΔT(H+LE) (m–p), and 𝐴𝐴 ΔTLW (q–t) from 
1982–1998 to 1999–2015 in winter (DJF) and spring (MAM) for mean results of five reanalysis datasets (ERA5, MERRA, 
MERRA-2, JRA-55 and CRA) (left two columns) and Coupled Model Intercomparison Project Phase 6 (CMIP6) multi-model 
ensemble (right two columns) over the Tibetan Plateau.
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ERA-Interim lacks clear-sky fields and its 𝐴𝐴 ΔTLW can not be calculated directly, only five reanalysis datasets are 
included for analysis. The similar spatial distribution of the characteristics of the 𝐴𝐴 ΔTS and 𝐴𝐴 ΔTSUM in the reanal-
ysis datasets and CMIP6 models (except for several grid cells in the northwestern TP) confirm the reliability 
of linear decomposition of the perturbation surface energy budget equation over the TP. In CMIP6 models, the 
obvious  difference between 𝐴𝐴 ΔTS and 𝐴𝐴 ΔTSUM for several grid cells in the northwestern TP comes from EC-Earth3-
AerChem and EC-Earth3-CC models, which might be due to some imbalance in their surface energy budget 
where snow is thick. Both the reanalysis multi-dataset mean and CMIP6 multi-model mean show more winter 
warming occurs in the southeastern TP, controlled mainly by SAF and clear-sky longwave heating effects, and 
more spring warming occurs in the southwestern TP controlled mainly by SAF effects. The outstanding warming 
over the southwestern TP, especially the warming over the Himalayas, has been primarily attributed to the SAF 
strengthened by black carbon (Ma et al., 2019). The spatial distributions of 𝐴𝐴 ΔTSAF and 𝐴𝐴 − ΔT(H+LE) are highly 
anti-correlated, the cooling effects of the turbulent heat fluxes compensates a large part of the warming effects 
due to SAF, and is notable over the southwestern and southeastern TP. Over the northern TP, the cooling effect 
due to surface albedo increase is also compensated by the warming effect from turbulent heat fluxes. In general, 
the spatial variation of clear-sky longwave heating effects (𝐴𝐴 ΔTLW) is smaller than 𝐴𝐴 ΔTSAF and 𝐴𝐴 − ΔT(H+LE) , as 𝐴𝐴 ΔTLW 
is mainly attributed to uniform changes in atmospheric CO2 concentration and variations in regional water vapor 
and terrain height.

Figure 12 shows the matrix of correlation coefficients between pairs of PTCs decomposed by the perturbation 
surface energy budget equation in five of the six reanalysis datasets and 28 CMIP6 models in winter and spring. 

Figure 12. The correlation coefficient matrix of the partial temperature changes decomposed by the perturbation surface energy budget equation for five reanalysis 
datasets (ERA5, MERRA, MERRA-2, JRA-55, CRA) and 28 Coupled Model Intercomparison Project Phase 6 (CMIP6) models in winter (a and b) and spring (c and 
d). Colors and numbers in each cell correspond to color bar (*: significant at p < 0.05, **: significant at p < 0.01).
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The ERA-Interim is excluded in the matrix analysis here due to its lack of 𝐴𝐴 ΔTCRF , 𝐴𝐴 ΔTLW and 𝐴𝐴 ΔTSW . 𝐴𝐴 ΔTSUM and 
𝐴𝐴 ΔTS are highly correlated, indicating the reliability of the decomposition of the perturbation surface energy 

budget equation. The CMIP6 models show that TP warming (𝐴𝐴 ΔTS, ΔTSUM) is significantly (p < 0.01) correlated 
with 𝐴𝐴 ΔTSAF , 𝐴𝐴 ΔTLW , and 𝐴𝐴 − ΔTH+LE in winter and spring (Figures 12b and 12d), but they are not significant for the 
five reanalysis datasets (Figures 12a and 12c). We note that when using all six reanalysis datasets, the TP warm-
ing is significantly correlated with 𝐴𝐴 ΔTSAF in winter and spring (p < 0.05). The SAF induced warming explains 
55% (winter) and 36% (spring) of the TP warming variation in reanalysis datasets, and 44% (winter) and 56% 
(spring) of the TP warming in CMIP6 models.

The significant positive correlation between 𝐴𝐴 ΔTS and 𝐴𝐴 ΔTSAF , and significant negative correlation between 𝐴𝐴 ΔTS 
and 𝐴𝐴 − ΔTH+LE directly results from surface energy balance as SAF leads to change in surface energy input and 
the land surface balances it through changes in turbulent heat fluxes. The anticorrelation between 𝐴𝐴 ΔTSAF and 

𝐴𝐴 − ΔTH+LE can be as high as −0.95 for reanalysis datasets in spring and −0.83 for CMIP6 models in winter. The 
joint effect of SAF and turbulent heat fluxes on the TP warming is about half of the standalone SAF contribution 
to the TP warming as shown in Table S5 in Supporting Information S1, reflecting their compensating effects 
as discussed earlier. Therefore, reasonable representation of SAF processes in reanalysis systems and climate 
models is necessary to reproduce the historical TP warming and it would help reduce the uncertainties in surface 
turbulent heat fluxes as well.

The significant positive correlation between 𝐴𝐴 ΔTS and 𝐴𝐴 ΔTLW directly results from increased greenhouse gases. 
Figure 12 shows a significant negative correlation between 𝐴𝐴 ΔTLW and 𝐴𝐴 ΔTCRF for CMIP6 models in both winter 
and spring. This seems to imply a negative correlation between 𝐴𝐴 ΔTS and 𝐴𝐴 ΔTCRF , but it is only true for CMIP6 
models in spring with relatively broad spread of 𝐴𝐴 ΔTCRF (Figure 12d), not in winter with relatively narrow spread 
of 𝐴𝐴 ΔTCRF (Figure 12b). The spread of 𝐴𝐴 ΔTLW among CMIP6 models can be mostly attributed to varying changes 
in atmospheric water vapor content resulting from differences in water vapor feedback and regional atmospheric 
circulation change, as the CMIP6 models are specified with the same anthropogenic greenhouse gas concentra-
tions for the AMIP simulations analyzed here. Higher atmospheric water vapor content tends to produce more 
clouds and negative contributions to shortwave cloud radiative forcing on the surface temperature change over the 
TP, and this is manifested as a negative correlation between 𝐴𝐴 ΔTLW and 𝐴𝐴 ΔTCRF .

Due to the small number of reanalysis data set samples, the correlations presented in Figures 12a and 12c should 
be interpreted with caution. For example, the significantly high correlation between 𝐴𝐴 ΔTCRF and −𝐴𝐴 ΔTQ in winter 
(Figure 12a) presented in the five reanalysis datasets, but not in the CMIP6 models. Both 𝐴𝐴 ΔTCRF and −𝐴𝐴 ΔTQ play 
small roles in TP surface temperature change and their roles in TP winter warming are inconsistent in the reanal-
ysis datasets, as well as in CMIP6 models. The reanalysis datasets also present a significantly high correlation 
between 𝐴𝐴 ΔTSW and 𝐴𝐴 ΔTS in spring (Figure 12c), which might suggest less decline in 𝐴𝐴 𝐴𝐴

↓ is in line with more TP 
surface warming, this reflects varying performance of the reanalysis datasets on reproducing the declining trend 
of 𝐴𝐴 𝐴𝐴

↓ in observations.

4. Discussion and Conclusion
The amplified TP warming is an issue of wide scientific concern. Previous studies (Gao et al., 2019; Ji et al., 2020; 
Su et al., 2017; Wu et al., 2020) attribute the surface warming amplification over the TP in winter and spring to 
SAF, clear-sky longwave heating and heat storage changes. However, we find that the fidelity of surface albedo 
and surface downward shortwave radiation in reanalysis datasets, which directly affect the contribution of SAF to 
the TP surface temperature changes is suspect.

The state-of-the-art reanalysis datasets and CMIP6 climate models exhibit varying biases in surface albedo over 
the TP compared with the satellite products CLARA-A2 and GLASS. In terms of climatology, ERA-Interim, 
ERA5, JRA-55 and CRA significantly overestimate the surface albedo in winter and spring. MERRA over-
estimates the climatological albedo over the TP to a lesser extent and MERRA-2 shows the best climatology 
compared with the satellite surface albedo products. Most CMIP6 models also overestimate the TP surface 
albedo, with just a few models close to the observations. Li et al. (2016) found that systematic overestimation 
of surface albedo in climate models results in cold temperature bias in the Northern Hemisphere, especially at 
high altitudes. The cold biases over the TP in previous generations of climate models and reanalysis datasets 
has also been noted by Chen et al. (2017) and Yan et al. (2020). Therefore, we may expect that the systematic 
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overestimation of TP surface albedo in recently published reanalysis datasets and CMIP6 models should result in 
cold biases over the TP as well.

CLARA-A2 and GLASS show that the surface albedo changes averaged over the TP between the two consecutive 
climatic periods are in the range of −0.005 to −0.014 for winter and spring. The CLARA-A2 data set presents 
smaller averaged surface albedo changes over the TP than the GLASS data set in both winter and spring. Satellite 
surface albedo datasets over the TP could be biased due to the similar optical characteristics of snow cover, ice 
and cloud, complex topography and uncertainties in inversion algorithms (An et al., 2020; Chen et al., 2017; Shi 
& Liang, 2013a). Systematic biases that are constant over time will have no impact on the surface albedo change 
over two consecutive climate periods. If biases vary over time, then changes over specific periods will be affected. 
However, scarcity of long-term validation data does not allow us to assess the uncertainties of the estimated 
surface albedo change directly.

Surface albedo change is highly correlated with snow cover change over the TP both spatially and temporally 
(Chen et al., 2017; Pang et al., 2022; Shi & Liang, 2013b), the changes of surface albedo in cold season are 
mainly driven by snow cover change. Observations of TP snow cover vary spatially, for example, a significant 
increasing trend in the central-eastern area, and a significant decreasing trend in the southern area in winter 
and spring (Wang et al., 2018), which are consistent with varying top of atmosphere radiative forcing (Flanner 
et al., 2011). The spatially different snow cover change tends to produce small changes in area- and time-averaged 
surface albedo. However, the CLARA-A2 surface albedo data set shows substantially smaller differences over 
the two climate periods than does the GLASS data set. The cloud masking procedure applied in the CLARA-A2 
surface albedo production (Karlsson et al., 2017) might affect its long-term trend of surface albedo as the station 
observations and satellite datasets show decreasing trends in cloud cover over the TP (Duan & Wu, 2006; Lei 
et al., 2020). More snow surface being exposed under decreasing cloud cover change could lead to the smaller 
change in surface albedo derived from the CLARA-A2 data set during the historical period. This is consistent 
with the percentage of masked grid cells of the CLARA-A2 surface albedo data set decreasing from 13.2% to 
2.5% for winter and spring during the two climate periods over the TP. A previous study also found the decreasing 
trend of CLARA-A2 surface albedo over the TP during the period 2001–2015 is about three times smaller than 
that from the MODIS surface albedo data set (Pang et al., 2022), which has been validated extensively and widely 
used as a benchmark for evaluating satellite albedo datasets (He et al., 2014). If this artificially weakened declin-
ing trend of CLARA-A2 holds true for the two climate periods in this study, the lower bounds of constrained SAF 
contribution to TP warming would be underestimated when derived from the CLARA-A2 data set.

Assuming the snow cover change dominates the surface albedo change over the TP, especially during cold 
seasons, then surface albedo differences over the two climate periods can be simply estimated from the surface 
snow cover change over the two climate periods and the seasonal sensitivity of surface albedo change to snow 
cover change. To evaluate the uncertainty of GLASS surface albedo change over the entire TP, we use an inde-
pendent data set to derive the seasonal sensitivity of surface albedo change to snow cover change: a daily snow 
depth product derived from the passive microwave remote sensing datasets with validation by CMA station 
observations (Che & Dai, 2015; Che et al., 2008; Dai et al., 2015), with an empirical equation (Wu & Wu, 2004) 
to transform snow depth to snow cover fraction. Passive microwave remote sensing has better cloud penetration 
and provides snow layer and surface information and high temporal resolution, and is an efficient approach to 
derive snow depth or snow water equivalent. As snow cover retreats and affects surface albedo mainly in spring, 
we consider two month-to-month transitions (from March to April and from April to May) to obtain multi-year 
mean month-to-month changes in snow cover fraction and surface albedo. For the entire period 1982–2015, the 
estimated mean month-to-month snow cover fraction change is −0.077 ± 0.024, and the corresponding mean 
month-to-month surface albedo change is −0.018  ±  0.003. Then the derived seasonal sensitivity of surface 
albedo change to snow cover fraction change is 0.257 ± 0.007. The decrease in snow cover fraction averaged over 
the TP is 0.048 and 0.038 for winter and spring respectively during the two climate periods, hence the estimated 
surface albedo change is −0.012 ± 0.003 and −0.010 ± 0.003 for winter and spring respectively, which are well 
close to the surface albedo changes directly calculated from the GLASS: −0.011 and −0.014 for winter and 
spring respectively.

Compared with two satellite surface albedo products, JRA-55 significantly overestimates the surface albedo 
reduction in winter, ERA5 significantly overestimates the surface albedo reduction in spring. CRA overestimates 
the surface albedo reduction but to a lesser extent. ERA-Interim exhibits a notable albedo increase both in winter 
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and spring, MERRA-2 exhibits weakest albedo change and underestimates the surface albedo change. CRA, 
JRA-55 and MERRA have their surface albedo reductions within the observational range over the TP in spring. 
The CMIP6 MME mean surface albedo change averaged over the TP is within the range given by the two satel-
lite products. The spread of surface albedo change in CMIP6 models is comparable to that of the six reanalysis 
datasets. The six analysis datasets do not show obvious advantages over the CMIP6 models in representing the 
TP surface albedo change. Biases in surface albedo changes affect surface radiation budget and exert influences 
on local and even remote climate (Thackeray et al., 2019), and these influences are partially manifested through 
SAF (Qu & Hall, 2014).

All six reanalysis datasets overestimate the averaged surface downward shortwave radiation compared with the 
ground measurements and SunDu-derived 𝐴𝐴 𝐴𝐴

↓ . The averaged 𝐴𝐴 𝐴𝐴
↓ biases in the reanalysis datasets can be as large 

as 28.7 W/m 2 in winter and 50.8 W/m 2 in spring compared with the ground measurements. Most CMIP6 models 
have their 𝐴𝐴 𝐴𝐴

↓ closer to the ground measurements than the reanalysis datasets. This might be due to coarser hori-
zontal resolution of CMIP6 models than that of reanalysis datasets, land surface grid cells of coarser horizontal 
resolution over the TP tend to be of lower altitude and receive less downward shortwave radiation due to stronger 
atmospheric attenuation. The overestimated 𝐴𝐴 𝐴𝐴

↓ results in relatively overestimated SAF warming contribution, 
given the same surface albedo change. However, our results show that the coefficient of variation of surface 
albedo change is much larger than that of 𝐴𝐴 𝐴𝐴

↓ among the reanalysis datasets. The spread of surface albedo change is 
the major factor determining the spread of contributions of SAF to the TP warming represented by the reanalysis 
datasets and CMIP6 models.

Six state-of-the-art reanalysis datasets and CMIP6 models reveal a strong linear relationship between surface 
albedo change (∆α) and corresponding surface temperature change (ΔTSAF) over the TP. The linear relationship 
between ∆α and ΔTSAF holds true both for 75 observation stations and the entire TP, and the linear relationship 
derived from the 75 stations can well represent the entire TP. To reduce the impacts of overestimated 𝐴𝐴 𝐴𝐴

↓ in the 
reanalysis datasets and CMIP6 models, the SunDu-derived 𝐴𝐴 𝐴𝐴

↓ is used to constrain the relationship between ∆α 
and ΔTSAF. Using the observation constrained linear relationship between ∆α and ΔTSAF in conjunction with 
surface albedo change from two satellite products, the estimated contribution of SAF to the TP warming over 
recent decades is in the range of 0.26–0.50 K for winter and 0.27–0.77 K in spring. The contribution of SAF to the 
TP surface temperature change directly estimated by Equation 3 from the six reanalysis datasets are in the range 
of −0.62 to 1.18 K for winter, and −0.23 to 1.25 K for spring. The observation constrained relationship between 
∆α and ΔTSAF significantly reduces the uncertainties in estimating the contribution of SAF to the TP warming.

TP topography is complex; climatic characteristics between western and eastern TP are different; western TP 
usually receives more surface downward shortwave radiation than eastern TP, while observation stations are 
usually in valleys near towns in eastern TP, raising doubts on the appropriateness of extending station obser-
vations to the entire TP (Yang et al., 2008). However, the linear relationship between ∆α and ΔTSAF derived 
from the 75 stations are representative of the ∆α and ΔTSAF relationship for the entire TP to good accuracy. The 
difference in estimated ΔTSAF from the 75 stations is less than 0.08 K for the reanalysis datasets, this difference 
tends to be overestimated considering the overestimated 𝐴𝐴 𝐴𝐴

↓ in the reanalysis datasets. The bias in ΔTSAF due to 
the representativeness of the 75 stations is much smaller than the range of estimated ΔTSAF due to uncertainty in 
∆α inferred from satellite products, which is about 0.24 K for winter and 0.50 K for spring. Our study suggests 
the inhomogeneity of surface downward shortwave radiation over the TP is a minor contributor in estimated SAF 
effects, while the surface albedo change related to snow cover change dominates the discrepancy in ΔTSAF.

The observation constrained SAF contribution to the TP surface temperature change provides an opportunity 
to revisit the dominant factor determining the amplified warming over TP. Most of the reanalysis datasets and 
CMIP6 models have their PTCs due to SAF (ΔTSAF) outside the range of observation constrained SAF contribu-
tion to the TP warming. CMIP6 MME mean ΔTSAF is within the observation constrained range for both winter 
and spring. Four of the six reanalysis datasets (CRA, ERA5, MERRA and JRA-55) and most CMIP6 climate 
models suggest the SAF and clear-sky longwave heating are the two main climate processes contributing to the 
amplified TP warming in winter and spring, consistent with previous studies (Gao et al., 2019; Ji et al., 2020; Su 
et al., 2017). The warming contribution due to clear-sky longwave heating tends to be stronger than the observa-
tion constrained contribution of SAF in winter and consistent with them in spring. The reanalysis datasets and 
CMIP6 models tend to suggest the clear-sky longwave heating is more important in winter warming, while the 
SAF and the clear-sky longwave heating are of equal importance in spring warming. The six reanalysis datasets 
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and CMIP6 models show significant correlation between ΔTSAF and the TP warming, the SAF induced warm-
ing explains about half of the TP warming variations in the reanalysis datasets and CMIP6 models. The strong 
anticorrelation between 𝐴𝐴 ΔTSAF and 𝐴𝐴 − ΔTH+LE indicates a strong compensating effect between the contributions 
of SAF and turbulent heat exchanging to the amplified TP warming. The spread of their joint contribution to TP 
warming is considerably smaller than that of 𝐴𝐴 ΔTSAF and −𝐴𝐴 ΔT(H+LE) . Therefore, reasonable representation of SAF 
processes in reanalysis systems and climate models is necessary to reproduce the historical TP warming and it 
would help reduce the uncertainties in surface turbulent heat fluxes as well.

Reanalysis datasets have assimilated available surface and upper air observations and have complete spatial 
coverage, they are widely used in the climate change studies. Due to scarcity of observational data set over the 
TP, atmospheric reanalysis is less well constrained over the TP than many other regions. The complex topography 
of the TP and associated energy and moisture flows produce a unique climatology that is difficult to simulate 
in reanalysis modeling systems (Bian et al., 2020; Orsolini et al., 2019; Yan et al., 2020). Of the six reanalysis 
datasets used in our study, ERA5 and MERRA-2 are evolving and directly supersede ERA-Interim and MERRA, 
but display opposite SAF effects over the TP. Biases in the reanalysis datasets contribute to a low consensus on 
the TP amplified warming mechanism when diagnosed purely from the reanalysis. On the other hand, the CMIP6 
multi-model ensemble mean behavior is relatively closer to the observations over the TP. The state-of-the-art 
reanalysis datasets, despite higher spatial resolution, exhibit no obvious advantages over the CMIP6 models 
in representing SAF over the TP.  Our study emphasizes the importance of using available observations to 
constrain  reanalysis datasets and climate models over the TP, and the importance of process-based evaluation 
of the reanalysis datasets and climate models. The surface albedo biases in the reanalysis datasets affect surface 
energy budgets, which should lead to caution when interpreting TP climate change purely based on reanalysis 
datasets. Improving the quality of reanalysis datasets requires both more in situ observations and improvements 
in model parameterization schemes.

Data Availability Statement
The observed daily ground surface temperature data is available from CMA at http://101.200.76.197/data/dtail/
dataCode/SURF_CLI_CHN_MUL_DAY_V3.0.html. The ground measurements of surface downward shortwave 
radiation are available from CMA at https://data.cma.cn/data/cdcdetail/dataCode/RADI_MUL_CHN_DAY.html. 
The long-term series of daily snow depth data set in China is available from the National TP Data Center (TPDC) 
at http://data.tpdc.ac.cn/zh-hans/data/df40346a-0202-4ed2-bb07-b65dfcda9368/. The CLARA-A2 surface albedo 
product is available from the Satellite Application Facility on Climate Monitoring (CM SAF) at https://wui.
cmsaf.eu/safira/action/viewProduktDetails?fid=18&eid=21707. The GLASS surface albedo product is available 
from National Earth System Science Data Center at http://www.geodata.cn/data/index.html?word=GLASS%20
albedo. The SunDu-derived surface incident solar radiation data is provided by He et al. (2018) at https://doi.
org/10.1029/2018GL077424. The ERA-Interim reanalysis data set is available from ECMWF at https://apps.
ecmwf.int/datasets/data/interim-mdfa/levtype=sfc/. The ERA5 reanalysis data set is available from ECMWF 
at https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-monthly-means?tab=form. 
The MERRA reanalysis data set is available from NASA Modeling and Assimilation Dara and Information 
Services Center (MDISC) at https://disc.gsfc.nasa.gov/datasets/MAT1NXRAD_5.2.0/summary. The MERRA-2 
reanalysis data set is available from NASA MDISC at https://disc.gsfc.nasa.gov/datasets/M2T1NXRAD_5.12.4/
summary. The JRA-55 reanalysis data set is available from the Japan Meteorological Agency (JMA) at https://
rda.ucar.edu/datasets/ds628.0/. The CRA reanalysis data set is available from China Meteorological Data Service 
Center at https://data.cma.cn/data/cdcdetail/dataCode/NAFP_CRA40_FTM_MON.html. The CMIP6 models' 
outputs are available from the Earth System Grid Federation at https://esgf-node.llnl.gov/projects/cmip6/.
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