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ABSTRACT
Evapotranspiration is an essential element of the hydrological process. This study derived the long-term series of evapotranspiration from
1982 to 2014 over the three basins, namely source regions of the Yangtze River (SRYR), the Huang River (SRHR) and the Lancang River
(SRLR) in the Three-River Source Region of China by integrating multiple sources of evapotranspiration estimates based on the Bayesian
model averaging approach, which made full use of the strengths of land surface models and satellite-based products to constrain uncertainties. Then, we analyzed the inﬂuences of climate change on evapotranspiration based on the partial least squares regression model. Results
indicate that (1) the agreement between various evapotranspiration products and water balance-derived evapotranspiration estimates varies
from region to region in the Three-River Source Region of China; (2) annual evapotranspiration increases in the SRYR (3.3+0.8 mm/yr) and the
SRHR (0.8+0.4 mm/yr), whereas no signiﬁcant trends are observed in the SRLR during 1982–2014; (3) annual evapotranspiration is found
most sensitive to precipitation and temperature in the SRYR and the SRHR, while it is dominated by relative humidity and temperature in
the SRLR during 1982–2014. Our results have important implications for understanding evapotranspiration variability and future water
security in the context of global climate change.
Key words: Bayesian model averaging (BMA), ET, partial least squares regression (PLSR), water balance method, the Three-River Source
Region (TRSR)
HIGHLIGHTS

•
•
•

Estimations of regional ET during the period of 2003–2014 are obtained by using the water balance method.
Bayesian model averaging (BMA) is applied to merge multiple ET estimates with the goal of obtaining a long-term series of ET from 1982 to
2014.
Dominant drivers of ET across the TRSR have been thoroughly analyzed based on a PLSR analysis.

1. INTRODUCTION
Evapotranspiration (ET) is one of the most essential elements in global water and energy cycles, which can play an important
role in the process of hydrological cycles via a wide range of feedbacks acting on relative humidity, soil moisture and precipitation (Hu et al. 2018; Pascolini-Campbell et al. 2021). ET has long been viewed as the most difﬁcult component to measure
in hydrological cycles, because it is closely associated with the complex interactions within the land–plant–atmosphere
system (Lemordant et al. 2018; Lian et al. 2018). In particular, it is difﬁcult to estimate ET at regional scales in some
high-mountain regions with limited meteorological stations, such as the Three-River Source Region (TRSR) of China
(Figure 1), which are headwaters of many Asian rivers. Acting as a critical water reservoir, the TRSR of the Qinghai–Tibetan
Plateau is an important source of fresh water for billions of people living in Asia. The water balance between ET and precipitation over this region can signiﬁcantly inﬂuence the amount of water resources available in downstream regions and thus has
a strong impact on future water security. Furthermore, this region is particularly sensitive to global climate change and plays
an important role in the Asian climate because of its unique atmospheric circulation and high-altitude ecosystem (Immerzeel
et al. 2010; Li et al. 2021b). In response to global warming, regional water circulation and hydrological processes over this
region have been profoundly affected during the past decades (Wang et al. 2015; Xu et al. 2018a). Therefore, accurate ET
This is an Open Access article distributed under the terms of the Creative Commons Attribution Licence (CC BY 4.0), which permits copying, adaptation and
redistribution, provided the original work is properly cited (http://creativecommons.org/licenses/by/4.0/).
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Figure 1 | Location of the Three-River Source Region (TRSR) of China, including the source regions of the Yangtze River (SRYR), the Huang
River (Yellow; SRHR) and the Lancang River (SRLR); weather stations and runoff gauging stations.

estimates and the investigation of its sensitivities to climatic variables in the TRSR are crucial for water resource management
and sustainable utilization.
Many studies have proposed different types of approaches to estimate regional ET, including remote sensing-based
methods, land surface models and in situ measurements (e.g., FLUXNET eddy covariance towers, Bowen ratio energy balance). However, the inconsistency among various ET estimates is frequently found in previous studies (Liu et al. 2016;
Pan et al. 2017), which can be mainly attributed to uncertainties in the meteorological variables and discrepancies in data
processing. Since the successful launch of the Gravity Recovery and Climate Experiment (GRACE) satellite in 2002, some
studies have attempted to calculate ET as a residual of the water balance equation by jointly using the GRACE data and
hydro-meteorological data (mainly refer to precipitation and streamﬂow) (Billah et al. 2015; Xing et al. 2018). In comparison
with traditional methods of estimating regional ET, the water balance method can effectively capture the true state of the
hydrological process and has no requirements for extra forcing data, such as the type of land use, relative humidity and temperature, all of which are usually indispensable in hydrological models. To this end, this method has been regarded as one of
the most optional methods to derive regional ET due to its great advantages.
The TRSR is located in the central region of the Qinghai–Tibet Plateau, which is also known as the ‘Asia’s water tower’
(Immerzeel et al. 2010; You et al. 2020). The balance among ET, precipitation and runoff in this region can signiﬁcantly inﬂuence downstream water availability. In addition, the cold region is an important area reﬂecting the complex interactions
among soil, atmosphere and vegetation; therefore, variations in ET are of great importance for the water and energy balance
for the TRSR under climate change. It has been widely acknowledged that the hydrological changes in cold regions are mostly
attributed to global climate change (Zhao & Wu 2019; Shen et al. 2020). For example, various studies show that signiﬁcant
warming trends have been observed in the Qinghai–Tibet Plateau and the Tien Shan over the past decades, resulting in
remarkable changes in regional hydrology, such as ET change and glacier shrinkage (Sorg et al. 2012; Wang et al. 2018;
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Ma et al. 2019b). Previous study also noted that the spatial and temporal distributions of precipitation and temperature had
clearly changed within the TRSR and its surrounding regions in recent years (Chu et al. 2019). However, long-term variation
of ET, which can be signiﬁcantly inﬂuenced by environmental changes, has been limitedly investigated in this region. Furthermore, few studies have fully analyzed the sensitivities of ET to climatic variables across the TRSR due to sparse gauging
networks caused by its harsh environment.
Therefore, the present study mainly has three objectives: (1) to derive the regional ET based on the water balance method
and evaluate the performances of different ET products in the TRSR; (2) to develop a long-term series of ET by merging different ET products and (3) to clarify the dominant factors of inter-annual variability in ET during the past decades. The rest of
this paper is organized as follows. In Section 2, we make a brief introduction to the study region. Sections 3 and 4 describe the
datasets and methods that are applied to analyze the changes in ET over the study region, respectively. Section 5 mainly
includes the results and discussions regarding regional ET derived from the water balance method and long-term dynamics
of ET by merging different ET products. Meanwhile, the sensitivities of annual ET to climatic variables across the TRSR have
been fully investigated in this section. Finally, the conclusions drawn from this study are presented in Section 6.

2. STUDY AREA
The TRSR (31°120 –35°520 N, 89°540 –103°230 E) mainly includes the source regions of the Huang River (also termed the Yellow
River; SRHR), the Yangtze River (SRYR) and the Lancang River (SRLR) (Figure 1). The Yangtze River and the Huang
(Yellow) River are two major rivers in China and play a critical role in water supply, irrigation, as well as hydropower generation (Yu et al. 2014). The Lancang River is an important transboundary river in Asia, which provides fresh water to many
Asian countries such as China, Burma, Laos, Thailand, Cambodia and Vietnam (Bonnema & Hossain 2019). The TRSR has a
total area of approximately 330,000 km2 with elevations ranging from 3,000 to 6,000 m (Table 1). Moreover, the ecological
condition of this region is particularly sensitive to climate changes due to its high-altitude terrain and unique climate system,
which could profoundly affect the terrestrial ecosystem and energy exchange in the Qinghai–Tibetan Plateau.
The TRSR belongs to a typical plateau continental climate, which is featured by strong solar radiation, two distinct seasons
(wet and dry) and large diurnal variation in temperature. According to the observations from meteorological stations, the
annual mean precipitation in the TRSR ranges from 450 to 590 mm with an average value of 540 mm, over 85% of which
falls between May and September (Supplementary Figure S1). The annual runoff depth of this region ranges from 115 to
215 mm with a mean of 165 mm according to in situ observations acquired from Tangnaihai, Zhimenda and Changdu hydrological stations. In addition, the annual temperature ranges from 0.7 to 0.4 °C with an average of 0.3 °C. More detailed
information about the distribution of meteorological stations and hydrological stations located in the TRSR is shown in
Figure 1.
Table 1 | Detailed information about hydrological and meteorological variables over the three basins in the TRSR during 2003–2014
Study regions
Items

TRSR

SRYR

SRHR

SRLR

Location

90–103°E
31–36°N

90–97°E
32–36°N

96–103°E
32–36°N

94–98°E
31–34°N

Area (km2)

334,032

157,025

122,729

54,278

Mean elevation (m)

4,502

4,778

4,128

4,556

Precipitation (mm/yr)

540

480

583

620

Runoff (mm/yr)

162

116

157

309

Runoff coefﬁcient

0.3

0.24

0.27

0.49

Mean temperature (°C)

0.3

1.7

0.2

3.1

Hydrological station

–

Zhimenda

Tangnaihai

Changdu

Note. All the data sources for hydrological and meteorological variables included in this table are presented in Section 3. TRSR, Three-River Source Region; SRYR, Source Region of the
Yangtze River; SRHR, Source Region of the Huang River; SRLR, Source Region of the Lancang River.

Downloaded from http://iwaponline.com/hr/article-pdf/53/2/297/1012676/nh0530297.pdf
by guest

Hydrology Research Vol 53 No 2, 300

3. DATA
3.1. Typical long-term ET products
Although there are many types of ET products available for both hydrological and atmospheric communities, long-term ET
products with high resolution are relatively few, especially in some large scale and remote regions such as the TRSR. To accurately characterize the long-term variations in ET in the TRSR, three high-resolution ET products are applied in this study,
namely: (1) the newly published Global Land Evaporation Amsterdam Model Version 3.3a (GLEAM v3.3a) product with
a 0.25°0.25° resolution (hereafter ET_GLEAM) (Miralles et al. 2011a, 2011b; Martens et al. 2017); (2) the Global Land
Data Assimilation System with Noah Land Surface Version 2.0 (GLDAS Noah v2.0) product with a 0.25°0.25° resolution
(hereafter ET_Noah) (Rodell et al. 2004) and (3) the ET products simulated by the latest complementary relationship (CR)
with a 0.10°0.10° resolution (hereafter ET_CR) (Ma et al. 2019a). ET_GLEAM and ET_Noah were generated by a land surface model and a remote sensing model, respectively, while ET_CR was estimated by using a calibration-free nonlinear
complementary relationship. All these ET products have been widely used in different regions including the Qinghai–Tibetan
Plateau due to the advantages of high resolution and reliability (Liu et al. 2020; Shi et al. 2020; Sun et al. 2021).

3.2. GRACE-derived TWSA
The GRACE satellites can provide monthly terrestrial water storage anomalies (TWSA) globally by measuring changes in
Earth’s gravity ﬁeld. Therefore, three GRACE-derived mass concentration (mascon) solutions with a spatial resolution of
0.5°0.5° are jointly used to detect the variations in TWSA in the TRSR, namely: (1) GRACE mascon solutions provided
by the Center for Space Research (CSR, at the University of Texas, Austin) (Save et al. 2016); (2) GRACE mascon solutions
provided by the Goddard Space Flight Center (GSFC, at NASA) (Awange et al. 2011) and (3) GRACE mascon solutions provided by the Jet Propulsion Laboratory (JPL, at NASA and California Institute of Technology, California) (Landerer &
Swenson 2012).
In this study, the averages of these three monthly GRACE-derived mascon solutions are estimated to extract monthly
TWSA in study regions (Tang et al. 2013; Xie et al. 2019a). Furthermore, terrestrial water storage changes (TWSC) at the
monthly scale can be estimated as a result of the time derivative of TWSA. A few months of GRACE data are not available
from 2003 to 2014 because of ‘battery management’. All these missing data can be effectively interpolated from the previous
and the next months, which has been proven useful and appropriate for perfectly maintaining the average seasonal cycle at
the monthly scale (Long et al. 2015).

3.3. Meteorological data
Daily meteorological variables, including precipitation (P), sunshine duration (SSD), relative humidity (RHM) and temperature (T) from 1982 to 2014 are acquired from 21 National Meteorological Observatory stations. All these meteorological data
are provided by the National Meteorological Information Center of the China Meteorological Administration (CMA) (http://
data.cma.cn/). In light of the sparse distribution of meteorological stations in the TRSR (Figure 1), we also adopt another two
high-resolution precipitation products besides the precipitation observations obtained from CMA in this study, namely: (1)
China Gauge-based Daily Precipitation Analysis (CGDPA; Shen et al. 2010; Shen & Xiong 2016) and (2) Precipitation Estimation from Remotely Sensed Information using Artiﬁcial Neural Networks-Climate Data Record (PERISANN-CDR;
Ashouri et al. 2016; Zhu et al. 2017).

3.4. In situ runoff observations
In situ runoff observations for several hydrological stations at the outlets of the three basins are obtained from the Yellow
River Conservancy Commission of Ministry of Water Resources (http://www.yellowriver.gov.cn/other/hhgb/) and the
Yangtze River Water Resources Commission of Ministry of Water Resource (http://www.cjw.gov.cn). Tangnaihai, Zhimenda
and Changdu runoff gauging stations (Figure 1) have been chosen as the outlets of the SRHR, the SRYR and the SRLR,
respectively. In addition, daily time series of in situ runoff observations are further aggregated into monthly values to keep
consistent with the other items included in the water balance equation. More details of the datasets used in this study are
presented in Table 2.

Downloaded from http://iwaponline.com/hr/article-pdf/53/2/297/1012676/nh0530297.pdf
by guest

Hydrology Research Vol 53 No 2, 301

Table 2 | Datasets used in this study
Variables

Data sources

Temporal resolution

Spatial resolution

Period

TWSA

CSR Mascon
JPL Mascon
GSFC Mascon

Monthly
Monthly
Monthly

0.5°
0.5°
0.5°

2002–2017
2002–2017
2002–2017

ET

GLEAM
GLDAS Noah
CR

Monthly
Monthly
Monthly

0.25°
0.25°
0.1°

1982–2018
1948–2014
1982–2017

Runoff

In situ

Daily

–

2003–2014

Precipitation

CMA
CGDPA
PERISANN-CDR

Daily
Daily
Daily

–
0.25°
0.25°

1982–2014
1971–2014
1983–2014

Air temperature

CMA

Daily

–

1982–2014

Sunshine duration

CMA

Daily

–

1982–2014

Relative humidity

CMA

Daily

–

1982–2014

Note. TWSA, Terrestrial water storage anomalies; CSR, Center for Space Research; JPL, Jet Propulsion Laboratory; GSFC, Goddard Space Flight Center; GLEAM, Global Land Evaporation
Amsterdam Model; GLDAS, Global Land Data Assimilation System; CR, Complementary Relationship; ET, Evapotranspiration. CGDPA, China Gauge-based Daily Precipitation Analysis;
PERISANN-CDR, Precipitation Estimation from Remotely Sensed Information using Artiﬁcial Neural Networks-Climate Data Record. CMA, China Meteorological Administration.

4. METHODS
4.1. Terrestrial water storage change
By using GRACE data provided by three centers, monthly TWSC across the study region can be estimated by the double
difference time derivative of TWSA (Ramillien et al. 2006; Long et al. 2013), which can be denoted as follows:
TWSC ¼

TWSA(t þ 1)  TWSA(t  1)
2Dt

(1)

where TWSC (mm) represents terrestrial water storage changes for month t across the study region; TWSA (tþ1) (mm) and
TWSA (t1) (mm) represent terrestrial water storage anomalies for month (tþ1) and month (tþ1), respectively; Dt denotes the
temporal sampling of GRACE-derived TWSA, which is taken as one month in this study.
4.2. Estimation of ET based on the water balance method
At basin scales, the water balance method has been viewed as the most appropriate method for estimating regional ET
(Reager & Famiglietti 2013; Wan et al. 2015). Therefore, in this study, the water balance method is applied to estimate
monthly time series of ET at a basin level based on the joint use of GRACE satellites and ground observations, that is,
ET ¼ P  R  TWSC

(2)

where ET (mm) represents regional evapotranspiration estimated by the water balance method (hereafter ET_WB), P (mm)
represents precipitation, R (mm) denotes basin outﬂow in depth, which mainly consists of surface water ﬂow and groundwater ﬂow; TWSC (mm) is terrestrial water storage changes for a given period, which can be acquired from Equation (1).
To keep consistent with the temporal scale of GRACE-derived TWSA, all variables shown in the water balance equation
are further processed and spatially averaged to obtain a monthly time-series data during the study period.
4.3. Bayesian model averaging for ET
Bayesian model averaging (BMA) is a popular approach to combine different models or forecasts, which can greatly improve
the prediction accuracy of hydrological variables (Hoeting et al. 1999; Long et al. 2017). Rathinasamy et al. (2013) forecasted
streamﬂow at different scales using a new BMA-based ensemble multi-wavelet Volterra approach and signiﬁcantly increased
the forecast accuracy. Chen et al. (2020) proposed a general BMA framework for merging sub-daily soil moisture products
and improving their application in drought monitoring and prediction. In this study, the BMA approach is used to merge
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three different ET products at basin scales, with the goal of improving the accuracy of ET estimation. The forecast probability
density function (PDF) for ET is a weighted average of the PDFs for individual ET products (Madadgar & Moradkhani 2014;
Baran et al. 2019), which can be expressed as follows:

p(yjf1 , f2 , . . . , fN ) ¼

N
X

p( fi jY)  p(yjfi )

(3)

i¼1

where p(yjfi ) is the forecast PDF given a speciﬁc ET product fi ; Y is the reference ET that can be estimated by the water
balance method during the training period; p( fi jY) is deﬁned as the posterior probability or the likelihood of the product
fi being correct given the reference ET Y. p( fi jY) can be viewed as a statistical weight wi that can reﬂect the performance
of fi in matching the reference ET Y during training period. Hence, Equation (3) also can be expressed as follows:
p(yjf1 , f2 , . . . , fN ) ¼

N
X

wi  p(yjfi )

(4)

i¼1

P
where wi denotes the statistical weight that is static for each ET product and N
i¼1 wi ¼ 1.
Assuming that p(yjfi ) follows a Gaussian distribution with mean mi and variance s2i and can be denoted by g(yjui ), Equation
(4) can be rewritten to describe the likelihood that a particular observation is predicted, that is,

p(yjf1 , f2 , . . . , fN ) ¼

N
X

wi  g(yjui )

(5)

i¼1

where g denotes the Gaussian distribution, ui ¼ {mi , s2i , i ¼ 1, 2, . . . , N} is the vector of parameters.
The weight (wi ) and parameter vector (ui ) of each ET product can be obtained by maximizing the log-likelihood function l,
which can be expressed as follows:

l(ui ) ¼

X
s,t

log

N
X

!
wi  g(ys,t jui )

(6)

i¼1

where ui ¼ {mi , s2i , i ¼ 1, 2, . . . , N} is the vector of parameters; Σs,t is the summation of observed ET from different products
at basin s and time t; ys,t is an observed ET value for a speciﬁc basin s at time t.
Since the analytical solution to maximize the log-likelihood function l is complex, we maximize this function using the
Expectation-Maximization (EM) algorithm as suggested by Raftery et al. (2005) and Duan et al. (2007). More details of
BMA can also be found in the literature (Wöhling & Vrugt 2008; Lee et al. 2020).
In this study, a general approach that can effectively merge different ET products has been developed based on the BMA
with the goal of deriving a long-term ET estimate. This approach can be carried out as follows. Firstly, we use the basin-scale
water balance method to estimate monthly ET (ET_WB) during 2003–2014, which can be viewed as the reference ET in the
following steps. Then, using GRACE-derived ET estimates based on the water balance method (ET_WB), three ET products
including remote sensing-based GLEAM (ET_GLEAM), land surface model-based GLDAS Noah (ET_Noah) and complementary relationship-based CR (ET_CR), can be evaluated in each basin at monthly time scales relative to the reference
ET. Meanwhile, the weight wi of each ET product for the training period of 2003–2014 is obtained by the BMA approach.
Finally, the obtained weight wi is multiplied by the corresponding ET product to derive the long-term series of ET through
the entire study period (1982–2014). The merged ET can be further applied to analyze the inter-annual variability of ET
over the TRSR and its dominant drivers.
4.4. Partial least squares regression model
Partial least squares regression (PLSR) is a robust analytical tool that combines the features of multiple linear regression and
principal component analysis (Abdi 2007; Yan et al. 2013). The PLSR has been widely used in hydrology studies because it
can effectively address the problem of multi-collinearity among different predictors (Ma et al. 2015; Afriyie et al. 2020;
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Ndehedehe & Ferreira 2020; Zhang & Wang 2021). As a result, this method can ensure that only signiﬁcant components
relevant to the response variable are retained when conducting regression (Shi et al. 2013). In this study, the partial least
squares regression (PLSR) model is constructed to analyze the sensitivity of annual ET to different climatic variables
across the study regions. In PLSR modeling, the estimated coefﬁcients indicate the sensitivity of annual ET to different climatic variables for a speciﬁc basin. The terms with large coefﬁcient values are the most relevant for explaining the
variations in ET during the study period. Thus, it is possible to determine which climatic variables most strongly interact
with ET during the study period by using the PLSR method. The detailed algorithm can be seen in Hu et al. (2021).
According to the ﬁndings revealed by previous studies, the regional ET is driven essentially by climatic variables (Gao et al.
2007; Cui et al. 2020; Xie et al. 2021). For example, Li et al. (2021a, 2021b) indicated that precipitation was the most important factor controlling ET changes over the entire water-limited regions in China. Soni & Syed (2021) indicated that
precipitation was responsible for more than 65% of the ET changes observed in the Ganga River basins based on a Hierarchical Partitioning Analysis (HPA). Therefore, basin-averaged precipitation, temperature, sunshine duration and relative
humidity have been selected as inputs, which are applied to analyze the dominant drivers of the inter-annual variation of
ET based on the PLSR method in this work.
4.5. Performance metrics
In this study, evaluation criteria including correlation coefﬁcient (r), root mean square error (RMSE), relative bias (BIAS) and
the Kling-Gupta efﬁciency (KGE) are chosen to evaluate the performance of ET acquired from different products relative to
that derived by the water balance method. These statistical metrics can be deﬁned as:
N
P

)(yi  y)
(xi  x
i¼1
ﬃ
r ¼ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
N
N
P
P
2
2
) 
(xi  x
(yi  y)
i¼1

RMSE ¼

(7)

i¼1

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
uN
uP
u (xi  yi )2
ti¼1
N

(8)

N
P

(xi  yi )
BIAS ¼ i¼1 N
 100%
P
(yi )

(9)

i¼1

KGE ¼ 1 

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
(r  1)2 þ (a  1)2 þ (b  1)2

(10)

where N represents the number of months during the study period; xi represents the monthly ET estimated by the water bal and y are the averages of monthly ET. For the
ance method; yi represents the monthly ET acquired from different products; x
KGE, r represents the linear correlation, a represents the variability bias and b represents the mean bias.

5. RESULTS AND DISCUSSION
5.1. Monthly time series of TWSA, TWSC, precipitation and runoff during 2003–2014
For all basins included in the TRSR, monthly time series of TWSA during 2003–2014 have been estimated by GRACE data
from the three centers. As shown in Figure 2, there are large variations for TWSA and TWSC in different basins, especially for
the SRYR. In general, regional TWSA shows an increase trend for the SRYR (2.2+2.0 mm/yr, at the 95% conﬁdence intervals) and the SRHR (1.9+1.5 mm/yr, at the 95% conﬁdence intervals), whereas it indicates a decreasing trend for the SRLR
(4.4+1.7 mm/yr, at the 95% conﬁdence intervals) during the period 2003–2014. This indicates that there exists obvious
spatial heterogeneity in TWSA trends for the entire TRSR, reﬂecting the different hydrological responses to climate
change in different regions. According to Equation (1), regional TWSC over the TRSR can be calculated from GRACE-derived
TWSA, with a range from 24.5 to 41.4 mm/mon, 26.6 to 48.3 mm/mon and 20.0 to 32.1 mm/mon for the SRYR, the
SRHR and the SRLR, respectively. Generally, monthly time series of TWSC across study regions exhibit an obvious seasonal
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Figure 2 | Monthly time series of TWSA (mm), TWSC (mm), P (mm) and R (mm) in (a–d) the SRYR, (e–h) the SRHR and (i–l) the SRLR,
respectively, from 2003 to 2014. TWSA, Terrestrial water storage anomalies; TWSC, Terrestrial water storage changes; P, Precipitation;
R, Runoff; SRYR, Source region of the Yangtze River; SRHR, Source region of the Huang River; SRLR, Source region of the Lancang River.

cycle, showing a maximum value in summer (June to August) and a minimum value in winter (December to February) as
expected.
5.2. Reference ET estimated by the water balance method during the training period (2003–2014)
In this study, we compute monthly times series of ET using the water balance method over the three basins in the TRSR,
which overcomes the limitation of ﬁeld observations due to its harsh environment and complex geophysical conditions.
Figure 3 shows the comparison of monthly ET estimated by the water balance method and other three ET products
during 2003–2014 which is a common period for all ET estimates. For the SRYR, ET_Noah is clearly lower than that estimated by the water balance method (i.e., ET_WB, shown in Figure 3) with a result of BIAS¼48.30%, r¼0.91 (shown in
Table 3). Contrary to ET_Noah, monthly ET estimated by the complementary relationship (i.e., ET_CR) is generally higher
than that of ET_WB in both low and high ends, with BIAS¼23.14%, r¼0.87. In comparison, ET_GLEAM shows a better performance in matching ET_WB than the above two ET products, indicating r¼0.92, KGE¼0.90, BIAS¼5.89% and
RMSE¼10.71 mm/mon.
For the SRHR, the ET estimation simulated by GLDAS Noah most closely matches ET_WB among all three ET products
with r¼0.90 and KGE¼0.86. In comparison, intra-annual variation of ET simulated by GLEAM is slightly different from
ET_WB (r¼0.87, KGE¼0.82). It should be noted that ET_CR shows the largest discrepancy with ET_WB in the SRHR, indicating r¼0.85, KGE¼0.66, BIAS¼21.12% and RMSE¼21.95 mm/mon.
For the SRLR, ET_CR shows the smallest discrepancy with ET_WB among all three products at both low and high ends of
the ET estimates, with r¼0.85 and KGE¼0.81. In addition, both ET_GLEAM and ET_Noah greatly underestimate seasonal
variations of ET relative to ET_WB in this region, with relatively high biases (BIAS¼21.34 to 39.77%).
In summary, GRACE-derived ET estimates and that acquired from the various ET products show good agreements in the
SRHR, whereas there are large discrepancies in the other two basins (i.e., the SRYR and the SRLR). This can be mainly attributed to the sparse distribution of meteorological stations for the SRYR and the SRLR (shown in Figure 1). Large uncertainties
in forcing data that are caused by limited meteorological stations will inevitably lead to errors in ET estimates through the
water balance method, which was also revealed by Xie et al. (2019b).
Using GRACE-derived ET estimates based on the water balance method (ET_WB), three ET products including remote
sensing-based GLEAM (ET_GLEAM), a land surface model-based GLDAS Noah (ET_Noah) and the complementary
relationship-based CR (ET_CR), can be evaluated in each basin at monthly time scales. In general, ET_GLEAM most closely
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Figure 3 | Comparison of monthly ET estimated by the water balance method (ET_WB) and the other three ET products (ET_CR, ET_GLEAM
and ET_Noah) over (a) the SRYR, (b) the SRHR and (c) the SRLR, respectively, from 2003 to 2014. ET, Evapotranspiration; SRYR, Source region of
the Yangtze River; SRHR, Source region of the Huang River; SRLR, Source region of the Lancang River. ET_WB represents monthly evapotranspiration estimated by the water balance method; ET_GLEAM represents monthly evapotranspiration derived from the Global Land
Evaporation Amsterdam Model Version 3.3a product; ET_Noah represents monthly evapotranspiration derived from the Global Land Data
Assimilation System with Noah Land Surface Version 2.0 product; ET_CR represents monthly evapotranspiration derived from the datasets
simulated by the latest complementary relationship.

matches with ET_WB among all three ET products, showing both relatively low BIAS (21.34 to 5.78%) and RMSE (10.71–
22.56 mm/mon), as well as good correlation (r0.87 and KGE0.69) over the three basins in the TRSR. ET_Noah generally
underestimates seasonal variations in ET relative to GRACE-derived estimates to some degree, showing negative values of
BIAS over all basins in the TRSR (SRYR: 48.3%; SRHR: 9.79%; SRLR: 39.77%). Contrary to ET_Noah, ET_CR
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Table 3 | Evaluation metrics for ET acquired from different ET products (i.e., ET_CR, ET_GLEAM and ET_Noah) relative to that estimated by the
water balance method (ET_WB) over the three basins in the TRSR
SRYR
Metrics

ET_Noah

SRHR
ET_CR

ET_GLEAM

SRLR

ET_Noah

ET_CR

ET_GLEAM

ET_Noah

ET_CR

ET_GLEAM

r

0.91

0.87

0.92

0.90

0.85

0.87

0.87

0.85

0.88

BIAS (%)

48.30

23.14

5.89

9.79

21.17

5.78

39.77

4.21

21.34

RMSE (mm)

19.08

18.28

10.71

12.99

19.24

15.23

28.42

21.95

22.56

KGE

0.42

0.63

0.90

0.86

0.66

0.82

0.48

0.81

0.69

Note. The most consistent performance for a speciﬁc basin is represented by the bold values. ET, Evapotranspiration; SRYR, Source region of the Yangtze River; SRHR, Source region of
the Huang River; SRLR, Source region of the Lancang River. ET_WB represents monthly evapotranspiration estimated by the water balance method; ET_GLEAM represents monthly
evapotranspiration derived from the Global Land Evaporation Amsterdam Model Version 3.3a product; ET_Noah represents monthly evapotranspiration derived from the Global Land
Data Assimilation System with Noah Land Surface Version 2.0 product; ET_CR represents monthly evapotranspiration derived from the datasets simulated by the latest complementary
relationship.

shows an overestimation of seasonal ET in all study regions except for the SRLR, which denotes a negative value of
BIAS¼4.21%. The KGE values shown in Table 3, considering cross-correlation, bias in the mean and bias in the variability,
indicate that ET_GLEAM for the SRYR, ET_Noah for the SRHR and ET_CR for the SRLR are most consistent with GRACEderived estimates during the study period. That is to say, one ET product may have a high performance at some sites but a
poor performance at other sites. For example, ET_Noah has the largest bias over the SRYR and has the smallest bias over the
SRHR. Furthermore, it also highlights the importance and necessity of developing a new approach to merge different ET estimations for improving the accuracy of regional ET.
Figure 4 plots the multi-year averages of monthly ET in 2003–2014 over the three basins included in the TRSR. All ET estimates show a typical unimodal distribution with the maximum in July and minimum in December or January, which can be
attributed to the joint effects of precipitation and temperature (Supplementary Figure S1). According to ET_WB estimated by
the water balance method, ET exhibits strong seasonality with more than 75% of annual ET occurring in the monsoon period
(May to September) across the TRSR. In addition, there exist large discrepancies between water balance-derived ET and all
ET products in terms of the magnitude of seasonal variations (Figure 4). For example, among all three ET products applied in
this study, ET_Noah has the weakest seasonal ET variations while ET_CR has the strongest seasonal ET variations in study
regions. This inconsistency in various ET estimates mainly arises from different model algorithms and processing methods.
5.3. Long-term series of ET during 1982–2014 by merging different ET products based on the BMA approach
Although monthly ET over the study regions can be estimated by using the water balance method, long-term series of ET are still
not available due to a short period of GRACE data. To better understand the hydrological responses to climate change across the
TRSR, long-term series of ET in this region should be further estimated. As a result, a general approach that can effectively merge
different ET products has been developed with the goal of deriving a long-term ET estimate (described in Section 4.3).
The BMA algorithm assigns weights to each individual ET product based on a priori performance evaluation of these products in the common period (i.e., 2003–2014). Table 4 presents the weights wi of each ET product over the study regions
during 2003–2014, which reﬂects the contribution of each individual ET product in the BMA method. It can be seen that
the BMA weights can vary a lot from region to region, implying that the relative contribution of each individual ET product
to the ensemble of ET estimates is not the same in different regions. These weights are then assigned for the corresponding ET
products during the entire period (i.e., 1982–2014) to generate an ensemble of ET estimates.
The BMA estimates of annual ET over the three basins in the TRSR are shown in Figure 5. For the SRYR, the estimated
annual ET ranges from 281 to 401 mm during the 1982–2014 period (Figure 5(a)), showing a signiﬁcantly increasing trend at a
rate of 3.3+0.8 mm/yr. A previous study (Li et al. 2014) has estimated the annual variation of ET for the SRYR and the SRHR
during 1983–2006, showing an upward trend for annual ET in these two large basins. Liu et al. (2011) indicated that annual
total ET in the SRYR showed a signiﬁcant increasing trend at the 99% conﬁdence level from 1980 to 2007. Compared to the
SRYR, annual ET in the SRHR shows a lower variation range from 391 to 439 mm during the same period (Figure 5(b)),
which is comparable to other estimates in the literature. For example, Xue et al. (2013) indicated that annual ET values
were 306.6 and 359.7 mm in the SRYR and the SRHR, respectively, from 1982 to 2006 according to the water balance
method. In addition, Xu et al. (2018a, 2018b) suggested that annual ET exhibited an increasing trend at a rate of
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Figure 4 | Multi-year averages of monthly ET over (a) the SRYR, (b) the SRHR and (c) the SRLR during the period of 2003–2014. ET, Evapotranspiration; SRYR, Source region of the Yangtze River; SRHR, Source region of the Huang River; SRLR, Source region of the Lancang River.
ET_WB represents monthly evapotranspiration estimated by the water balance method; ET_GLEAM represents monthly evapotranspiration
derived from the Global Land Evaporation Amsterdam Model Version 3.3a product; ET_Noah represents monthly evapotranspiration derived
from the Global Land Data Assimilation System with Noah Land Surface Version 2.0 product; ET_CR represents monthly evapotranspiration
derived from the datasets simulated by the latest complementary relationship.

þ1.15 mm/yr from 1960 to 2014 in the SRYR, which is consistent with the result (0.8+0.4 mm/yr) estimated by this study.
Annual ET in the SRLR has the highest variation range from 422 to 481 mm during the 1982–2014 period (Figure 5(c)). Meanwhile, a slightly decreasing trend in annual ET (0.1+0.5 mm/yr) has been observed in the SRLR during the entire study
period. More information about the variation of annual ET over the study regions at monthly and seasonal scales is presented
in Supplementary Figures S2 and S3, respectively.
5.4. Dominant drivers of annual ET across the TRSR
Global climate change has played a critical role in hydrological cycles and caused obvious variations in climatic variables
over many parts of the world. For example, we can ﬁnd an obvious increase in temperature for all three basins included
Table 4 | Weight wi of each ET product during the 2003–2014 period based on the BMA approach
Category

SRYR

SRHR

SRLR

ET_CR

0.28

0.29

0.41

ET_GLEAM

0.49

0.34

0.38

ET_Noah

0.23

0.37

0.21

Note. The ET product with the highest value of weight wi has been marked in bold. ET, Evapotranspiration; SRYR, Source region of the Yangtze River; SRHR, Source region of the
Huang River; SRLR, Source region of the Lancang River. ET_WB represents monthly evapotranspiration estimated by the water balance method; ET_GLEAM represents monthly
evapotranspiration derived from the Global Land Evaporation Amsterdam Model Version 3.3a product; ET_Noah represents monthly evapotranspiration derived from the Global Land
Data Assimilation System with Noah Land Surface Version 2.0 product; ET_CR represents monthly evapotranspiration derived from the datasets simulated by the latest complementary
relationship.
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Figure 5 | Inter-annual variability of annual ET based on the BMA approach for (a) the SRYR, (b) the SRHR and (c) the SRLR during the 1982–
2014 period. ET, Evapotranspiration; SRYR, Source region of the Yangtze River; SRHR, Source region of the Huang River; SRLR, Source region of
the Lancang River; BMA, Bayesian model averaging.

in the entire TRSR (Supplementary Figure S4) during the past decades, especially in the SRYR and the SRHR. To assess the
inﬂuences of climate change on ET, we further analyze the dominant drivers of annual ET across the TRSR based on the
PLSR model. Table 5 shows the coefﬁcients in the PLSR model, which can represent the sensitivity of long-term variation
of annual ET to different climatic variables across the TRSR. A larger absolute value means greater importance of a speciﬁc
climatic variable, while the sign of the coefﬁcients suggests either positive or negative effect of the variable. For the SRYR,
annual ET is more sensitive to precipitation and temperature with high coefﬁcients above 0.50, while relative humidity
and sunshine duration showed limited effects on annual ET. Li et al. (2014) suggested that annual mean precipitation correlated well with the annual mean ET across the SRYR, implying that increased precipitation was an important driving force for
increasing trends in annual ET over this region.
For the SRHR, the coefﬁcients of precipitation and temperature are obviously higher than the other climatic variables,
implying that annual ET are mainly determined by precipitation and temperature. The above results are in line with the ﬁndings in previous studies. For example, Cong et al. (2009) indicated that variations in actual ET in the upper reaches of the
Yellow River, which can be effectively calculated by a distributed hydrological model, were closely associated with precipitation. Liu & Yang (2010) found that precipitation was the main controlling factor for the annual series of actual ET in the
upper mainstream section of the Yellow River Basin. In addition, Jiang et al. (2020) suggested that an increasing mean
Table 5 | Sensitivities of the long-term variations in annual ET to the climatic variables for three different basins included in the TRSR
Variables

SRYR

SRHR

SRLR

Relative humidity

0.04

0.15

0.68

Sunshine duration

0.08

0.18

0.21

Temperature

0.51

0.29

0.65

Precipitation

0.58

0.32

0.04

Note. Dominant drivers of the dynamics of ET in the speciﬁc region have been marked in bold. ET, Evapotranspiration; SRYR, Source region of the Yangtze River; SRHR, Source region
of the Huang River; SRLR, Source region of the Lancang River.
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temperature played an important role in ET increase in the west part of the Yellow River Basin (mainly refer to the SRHR)
during 1981–2010.
For the SRLR, annual ET is most sensitive to relative humidity and precipitation during the study period (Table 5), which is
slightly different from the other two regions. Using a remote sensing-based process model, Hu et al. (2021) also demonstrated
that climate warming played a critical role in the ET variability for the upper reach of the Mekong River from 1980 to 2012.
According to Ma et al. (2018), temperature and relative humidity can signiﬁcantly inﬂuence the temporal pattern of potential
evapotranspiration in the Lancang River Basin during the period of 1957–2015.
The above results also indicate that the dominant drivers of annual ET across the TRSR clearly vary from region to region.
In general, temperature plays the most important role in inter-annual variations in ET among all climatic variables across all
basins included in the TRSR. Meanwhile, precipitation is identiﬁed as the main driver for the observed increase in annual ET
for the SRYR and the SRHR, while relative humidity is more sensitive to annual ET than the other climatic variables for the
SRLR. This phenomenon can be explained by the strong discrepancies in climatic conditions as well as geophysical characteristics among all regions. Compared to previous studies (Xing et al. 2018; Li et al. 2019; Zhong et al. 2020), the method
proposed in this study can successfully derive the long-term series of ET from 1982 to 2014 across the study region by integrating multiple sources of ET estimates, which makes full use of the strengths of land surface models and satellite-based
products to constrain uncertainties. Meanwhile, the PLSR model can effectively address the problem of multi-collinearity
among different variables when analyzing the sensitivities of annual ET to various climatic variables. As a result, our ﬁndings
not only reveal the long-term dynamics of ET under climate change but also clearly show the inﬂuences of meteorological
variables on those variations especially in high-mountain regions.
5.5. Uncertainties and limitations
In this study, the water balance method has been applied to estimate regional ET under the assumption that water exchange
across the basin boundary could be negligible. The reliability of ET acquired from the water balance method largely depends
on the accuracy of other hydrological variables included in the water balance equation (i.e., Equation (2); Li et al. 2019).
Therefore, some measurement errors or uncertainty in these hydrological variables may result in a bias for ET over study
regions. For example, traditional stream gauging stations only detect the variations of in-channel component of streamﬂow
within the study regions but fail to provide important information on the exchange of groundwater stored in deep aquifers
(Syed et al. 2005; Lv et al. 2017). This mismatch will inevitably lead to some differences between the actual ET for regions
and that estimated by the water balance method.
As documented in previous studies (Sang et al. 2016; Zhang et al. 2020), accurate and reliable precipitation information are
highly critical to understand the process of water exchange in high-mountain regions. Unfortunately, it has been challenging
to obtain accurate precipitation estimation especially in less developed regions such as the TRSR. Limited meteorological
stations can be regarded as an important source of uncertainties in the estimation of precipitation, which may signiﬁcantly
inﬂuence the ﬁnal result of ET based on the water balance method. As a result, another two high-resolution precipitation products have been applied in this study with the goal of improving the accuracy of precipitation for regions. However, it still
leads to uncertainty of precipitation, because rain gauges are unevenly and sparsely distributed over the study regions
especially in the SRLR and the SRYR (shown in Figure 1).
When analyzing the relationships between ET and climatic variables, the PLSR model is a useful statistical method but
cannot fully explain the inter-annual variations of ET over regions. In the context of future climate warming, tremendous
changes are likely to take place in the hydrological cycle and ecological processes over the cold regions. Therefore, more
attention still needs be paid to reveal the mechanism about how climate change inﬂuences ET variations in our next work.

6. CONCLUSION
Over the past decades, remarkable changes have taken place in the TRSR about ET under global climate change. However,
sparse gauging networks and harsh environment have limited our knowledge about the variations of ET in some high-mountain regions, such as the TRSR of China. Accurate ET estimates in this region are critical not only for understanding regional
water circulation but also for water resources management. The present study aimed to characterize the long-term dynamics
of ET within the TRSR and explore the effects of changing climate on the hydrological cycle. The following conclusions can
be drawn from this study:
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(1) Various ET estimates for the TRSR were compared and the results showed that GLEAM for the SRYR (KGE¼0.90),
GLDAS NOAH for the SRHR (KGE¼0.86) and CR for the SRLR (KGE¼0.81) were most consistent with the water balance-derived ET estimates, showing the unique capability of gravity satellites in estimating regional ET combined with
meteorological data.
(2) During 1982–2014, annual ET estimated by a BMA method was highest in the SRLR (422∼481 mm) and followed by the
SRHR (391∼439 mm) but lowest in the SRYR (281∼401 mm). Meanwhile, ET showed an upward trend at a rate of
3.3+0.8 and 0.8+0.4 mm/yr in the SRYR and the SRHR, respectively, whereas no signiﬁcant trends were observed in
the SRLR, indicating that hydrologic changes in response to climate change may vary from region to region.
(3) For the SRYR and the SRHR, annual ET was most sensitive to precipitation and temperature during the period of 1982–
2014, while the other climatic variables (e.g., relative humidity and sunshine) showed limited effects in these regions. In
comparison, temperature and relative humidity were the most important controlling factors that inﬂuenced the interannual variations of ET for the SRLR according to the PLSR model, which provided valuable information for understanding the effects of multiple driving factors on the hydrological process under climate change.
Overall, our ﬁndings have important implications for understanding the water-energy cycle in high-mountain regions in the
context of global climate change. Moreover, variations in regional ET estimated by the water budget method can provide beneﬁcial guidance for the management and assessments of local water resources. In future, more attention needs be paid to
further explore the mechanism of how ET changes under multiple deriving factors when more accurate and detailed
meteor-hydrological data are available.
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