
 
 

 
 

 
Remote Sens. 2022, 14, 175. https://doi.org/10.3390/rs14010175 www.mdpi.com/journal/remotesensing 

Article 

Attributing the Evapotranspiration Trend in the Upper and 
Middle Reaches of Yellow River Basin Using Global  
Evapotranspiration Products 
Zhihui Wang 1,2, Zepeng Cui 3, Tian He 3,*, Qiuhong Tang 4, Peiqing Xiao 1, Pan Zhang 1 and Lingling Wang 1,2 

1 Key Laboratory of Soil and Water Conservation on the Loess Plateau of Ministry of Water Resources,  
Yellow River Institute of Hydraulic Research, Yellow River Conservancy Commission,  
Zhengzhou 450003, China; wangzhihui@hky.yrcc.gov.cn (Z.W.); xiaopeiqing@hky.yrcc.gov.cn (P.X.); 
zhangpan@hky.yrcc.gov.cn (P.Z.); wanglingling@hky.yrcc.gov.cn (L.W.) 

2 Henan Key Laboratory of Ecological Environment Protection and Restoration of the Yellow River Basin, 
Zhengzhou, 45003, China 

3 School of Water Conservancy Engineering, Zhengzhou University, Zhengzhou 450001, China; 
czp835243561@gs.zzu.edu.cn 

4 Institute of Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences,  
Beijing 100101, China; tangqh@igsnrr.ac.cn 

* Correspondence: he_t@zzu.edu.cn; Tel.: +86-186-3859-5798 

Abstract: Climate variation and underlying surface dynamics have caused a significant change in 
the trend of evapotranspiration (ET) in the Yellow River Basin (YRB) over the last two decades. 
Combined with the measured rainfall, runoff and gravity recovery and climate experiment 
(GRACE) product, five global ET products were firstly merged using a linear weighting method. 
Linear slope, “two-step” multiple regression, partial differential, and residual methods were then 
employed to explore the quantitative impacts of precipitation (PCPN), temperature (Temp), sun-
shine duration (SD), vapor pressure deficit (VPD), wind speed (WS), leaf area index (LAI), and the 
residual factors (e.g., microtopography changes, irrigation, etc.) on the ET trend in the YRB. The 
results show that: (1) The ET estimates were improved by merging five global ET products using 
the linear weighting method. The sensitivities of climatic factors and LAI on the ET trend can be 
separately calculated using proposed “two-step” statistical regression method; (2) the overall ET 
trend in the entire study area during 2000–2018 was 3.82 mm/yr, and the highest ET trend was ob-
served in the Toudaoguai-Longmen subregion. ET trend was dominantly driven by vegetation 
greening, with an impact of 2.47 mm/yr and a relative impact rate of 51.16%. The results indicated 
that the relative impact rate of the residual factors (e.g., microtopography, irrigation, etc.) on the ET 
trend is up to 28.17%. The PCPN and VPD had increasing roles on the ET trend, with impacts of 
0.45 mm/yr and 0.05 mm/yr, respectively, whereas the Temp, SD, and WS had decreasing impacts 
of –0.19 mm/yr, –0.15 mm/yr, and –0.17 mm/yr, respectively. (3) The spatial pattern of impact of 
specific influencing factor on the ET trend was determined by the spatial pattern of change trend 
slope of this factor and sensitivity of ET to this factor. ET trends of the source area and the Qing-
tongxia–Toudaoguai were dominated by the climatic factors, while the residual factors dominated 
the ET trend in the Tangnaihai–Qingtongxia area. The vegetation restoration was the dominant fac-
tor causing the increase in the ET in the middle reaches of the YRB, and the impact rates of the LAI 
were ranked as follows: Yanhe Rive > Wudinghe River > Fenhe River > Jinghe River > Beiluohe River 
> Qinhe River > Kuyehe River > Yiluohe River. 

Keywords: evapotranspiration trend; linear weighting method; “two-step” sensitivity analysis; 
quantitative attribution; upper and middle reaches of the Yellow River 
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1. Introduction 
Evapotranspiration (ET) is a key process in the terrestrial water cycle and the surface 

energy balance [1]. Evapotranspiration is a complex physical process, and the accurate 
estimation of the actual regional evapotranspiration has always remained difficult in wa-
ter cycle studies [2]. Due to the influences of global climate change and drastic human 
activities, accurate simulation of the actual regional evapotranspiration and quantitative 
attribution of the ET dynamics are of great significance to clarifying regional water cycle 
processes, efficiently utilizing and optimizing the allocation of water resources, and eval-
uating the water resources required for ecological construction and sustainable socio-eco-
nomic development [3–5]. 

The actual ET can be directly measured using measuring instruments, such as evap-
otranspiration meters, vorticity correlators, and large-aperture scintillators, at different 
scales from the meter level to the kilometer level [6]. However, the spatio-temporal dy-
namics of the ET at the regional scale cannot be easily obtained due to the limited number 
of field observations. As remote sensing techniques, climate models, and land surface 
models have been gradually integrated into the numerical simulation of the ET, scientists 
have developed numerous global and regional ET products. These products can be di-
vided into three main categories based on the different estimation methods: (1) products 
interpolated using field measurements and machine learning methods (e.g., the marginal 
treatment effects method [7]); (2) products simulated using a remotely sensed evapotran-
spiration model (e.g., the moderate resolution imaging spectroradiometer [8] and proba-
ble maximum loss (PML) [9]); and (3) reanalysis data and products assimilated using dif-
ferent land surface models (e.g., the Japanese 55-year reanalysis [10], global land data as-
similation system (GLDAS) [11], and global land evaporation Amsterdam model 
(GLEAM) [12]). However, there are large inconsistencies in the spatial and temporal dis-
tributions of the ET products due to the complex model structures, inaccurate physical 
parameters, and input datasets with different scales. 

The Yellow River Basin (YRB) is an important ecological barrier in China, which feeds 
12% of the country’s population with only 2% of the water resources provided by the na-
tional river runoff [13]. The average water resources per capita in the YRB is only 27% of 
the national average level [14]. Since 1999, ecological restoration projects (e.g., the return-
ing farmland to forests and grassland project), have been implemented on the Loess Plat-
eau. Currently, dramatic increases in the evapotranspiration induced by increasing vege-
tation biomass have led to a significant reduction in the natural runoff in the YRB [15–17], 
and dryness of the deeper soils in some areas of the Loess Plateau [18]. Moreover, the 
exploitation rate of the water resources in the YRB has been as high as 80%, far exceeding 
the 40% ecological alert line of the general level [19]. Therefore, attribution analysis of the 
effects of the climate change and the underlying surface changes on the ET trend in the 
upper and middle reaches of the YRB has significant implications for the ecological con-
servation and high-quality development of the YRB. 

Recently, numerous studies on the spatio-temporal changes in the ET and its driving 
factors for the YRB have been conducted, and the results have revealed that climate 
change and underlying surface change have significantly affected the ET trend in the YRB. 
It is well known that precipitation is the main source of ET and predominantly control 
dynamics of hydrological cycle in water-limited regions [20]. Temperature [21], sunshine 
duration [22] associated with solar radiation, vapor pressure deficit [23], and wind speed 
[24] also played important roles on influencing evapotranspiration process of land sur-
faces through changing air dryness and air flow. Vegetation growth affects ET through 
their regulatory effects on land surface roughness, albedo, and water interception [25]. 
Therefore, in this study, precipitation (PCPN), temperature (Temp), sunshine duration 
(SD), vapor pressure deficit (VPD), and wind speed (WS) were selected as the key climatic 
factors affecting the ET trend, and leaf area index (LAI) was used to characterize the var-
iation in the vegetation structure. The attributing methods mainly included remote sens-
ing models [26,27], hydrological models [28,29], and statistical regression models [30–33]. 
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Although remote sensing models and hydrological models can depict the physical mech-
anism of the hydrologic cycle processes, it is very hard to obtain accurate model parame-
ters, which inevitably leads to uncertainties in the attribution analysis of the ET changes 
[28]. Therefore, statistical regression has become a more widely used method since the 
quantitative relationships between the ET and the different influencing factors can be di-
rectly calculated using simple regressive calculations. According to previous studies [30–
33], the statistical analysis results based on different ET products are significantly diver-
gent. In addition, the correlations between the ET and the influencing factors with obvious 
trends can be easily overestimated when using statistical regression, which has caused 
inaccurate sensitivity of ET to its influencing factors. To minimize the uncertainties when 
calculating theses sensitivities, detrended time-series datasets have been used for statisti-
cal regression in previous studies [32,33]. However, this method is only suitable for most 
of the climatic factors associated with inherent fluctuating characteristics (e.g., precipita-
tion, temperature, radiation, and wind speed). The correlations between the detrended ET 
and the other influencing factors without fluctuation characteristics, such as the LAI and 
the CO2 concentration, may be underestimated by the statistical regression method. There-
fore, statistical regressions based on detrended time-series still cannot objectively derive 
the sensitivity of the ET to these specific factors [34]. To solve these problems, the linear 
weighting method was firstly used to generate ensemble ET to reduce the uncertainty of 
single ET product, and a “two-step” statistical regression strategy was then proposed to 
separately derive the sensitivity of ET to climatic factors and vegetation to improve the 
sensitivity calculated by “one-step” regression. Finally, the quantitative impacts of the cli-
matic factors, vegetation, and residual factors on the ET trend were evaluated throughout 
the YRB. 

2. Materials and Methods 
2.1. Study Area 

The Yellow River is the second longest river in China, with a total length of 5464 km 
(Figure 1). Annual precipitation and annual average temperature over the YRB are 460 ± 
165 mm and 7.2 ± 3.4 °C. The upper reaches of the YRB are the main source area of the 
river runoff, and the middle reaches are the main source area of the sediment. The multi-
year average runoff volume and sediment discharge in the main river channel are 58 bil-
lion m3 and 1.6 billion tons, respectively. Historically, climate change and intense human 
activities have led to severe degradation of the ecosystem in the YRB. Therefore, major 
ecological restoration projects have been implemented in this area since 1999. The ecolog-
ical environment and the capacity of the soil and water conservation have been signifi-
cantly improved during the last two decades [35]. 
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Figure 1. Spatial distribution of the meteorological and streamflow gauge stations in the YRB. Gauge 
stations are Tangnaihai, Qingtongxia, Toudaoguai, Longmen, and Huayuankou from upstream to 
downstream respectively. 

2.2. Data 
In this study, five widely used global ET products were selected, including the 

GLDAS product, which is driven by three different land surface models (NOAH, VIC, and 
CLSM), the GLEAM_v3.3a product, and the PML_V2 product. In addition, the terrestrial 
water storage anomaly (TWSA) was derived from the average of the GRACE Jet Propul-
sion Laboratory (JPL) RL06_mascon and the Center for Space Research (CSR) RL06_mas-
con products. The global land surface satellite (GLASS) leaf area index (LAI) product was 
selected to characterize the vegetation structure parameter. Detailed information about 
these global products of the ecohydrological parameters is provided in Table 1. 

The field observations of the precipitation, temperature, wind speed, sunshine dura-
tion, and relative humidity observed at the meteorological stations were obtained from 
the China Meteorological Data Service Centre (http://data.cma.cn/, accessed on 19 No-
vember 2021). The measured annual runoff measured at five major gauging stations 
(Tangnaihai, Qingtongxia, Toudaoguai, Longmen, and Huayuankou) located along the 
main river channel were obtained from the Hydrological Bureau of the Yellow River Con-
servancy Commission. Detailed information about these field measurements is provided 
in Table 2. 

The ET or LAI product was downscaled by averaging the values of all pixels within 
a 0.25° grid. The GLDAS_VIC and GLDSA_CLSM products were upscaled to 0.25° using 
the nearest neighbor resampling method. All observations from the meteorological sta-
tions were spatially interpolated to a resolution of 0.25° using the AUSPLINE software. 
The VPD was calculated from the meteorological data using the method of Yuan et al. 
[36]. Finally, the daily meteorological data was averaged to the value at annual scale. 

Table 1. Global products used in this study. 

Parameters Products Spatial Resolution 
Temporal 

Resolution 
Time Duration Reference 

ET 

GLDAS_NOAH 0.25° 

monthly 

2000–2018 
Rodell et al. [11] GLDAS_VIC 1° 2000–2018 

GLDAS_CLSM 1° 2000–2018 
GLEAM_v3.3a 0.25° 2000–2018 Matens et al. [12] 

http://data.cma.cn/
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PML_V2 500 m 8-day 2000–2018 Zhang et al. [9] 

TWSA 
JPL RL06_mascon 0.25° monthly 2003–2018 Wiese et al. [37] 
CSR RL06_mascon 0.25° monthly 2003–2018 Save et al. [38] 

LAI GLASS 1km 8-day 2000–2018 Xiao et al. [39] 

Table 2. Field observation datasets used in this study. 

Parameters Data Sources 
Number of 

Sites 
Temporal 

Resolution 
Time 

Duration 
Precipitation 
Temperature 
Wind speed 

Sunshine duration 
Relative humidity 

China Meteorological 
Administration 

295 daily 2000–2018 

Measured Runoff 

Hydrological Bureau, 
Yellow River Water 

Conservancy 
Commission 

5 yearly 2000–2018 

2.3. Method 
2.3.1. Overall Methodology 

The overall flow scheme of attributing the evapotranspiration trend is shown in Fig-
ure 2. It includes the following major steps: (1) generate an ensemble ET in the YRB using 
a linear weighting method based on five global ET products and measured precipitation 
and runoff observations and GRACE products; (2) validate the ensemble ET with the re-
gional ET calculated from the water balance principle; (3) explore the spatial-temporal 
change of ET from 2000 to 2018; (4) develop a “two-step” statistical regression strategy to 
derive sensitivity of the ET to climatic factors and LAI; and (5) evaluate the quantitative 
impacts of the climatic factors, vegetation, and residual factors on the ET trend  

 
Figure 2. Overall flow scheme of this study. 

2.3.2. Ensemble ET derived using Linear Weighting Method 
Since the shared database of the ET flux data is extremely limited in the YRB, and the 

effective observation range of the flux towers is much less than the spatial scale (0.25°) of 
most of the global ET products, it is not practical to assess the accuracies of the ET prod-
ucts in the YRB using the flux data. Therefore, based on previous studies that focused on 
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areas with limited flux sites, the annual ET derived based on the water balance model was 
used as the field measurement at the regional scale [40]. 

A practical and easy-to-use linear weighting method [41] was employed to generate 
the ensemble estimates. The upper and middle reaches of the YRB were divided into five 
subregions, including the source region, Tangnaihai–Qingtongxia, Qingtongxia–Tou-
daoguai, Toudaoguai–Longmen, and Longmen–Huayuankou. The governing equation of 
the water balance model of each subregion is:  

WB - -ij ij ijij
ET P R S= ∆  (1) 

where 𝐸𝐸𝐸𝐸WB𝑖𝑖𝑖𝑖  is the spatially averaged ET of the jth sub-region in the ith year; Pij, Rij, and 
ΔSij are the measured precipitation (mm), runoff depth (mm), and the terrestrial water 
storage change (mm) derived from the TWSA in the jth subregion in the ith year, respec-
tively.  

ET estimates from each product was firstly normalized for each grid in each year 
using the following equation: 

-
ijnorm WB ijET ET ET ET= +  (2) 

where 𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖  is the spatially averaged ET of the jth subregion in the ith year, and 𝐸𝐸𝐸𝐸𝚤𝚤𝚤𝚤����� is 
the average of 𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖  for the all subregions in all years. 𝐸𝐸𝐸𝐸𝑊𝑊𝑊𝑊𝚤𝚤𝚤𝚤

��������� is the average of 𝐸𝐸𝐸𝐸𝑊𝑊𝑊𝑊𝑖𝑖𝑖𝑖  for 
the subregions in all years. ET represents the original ET product, and 𝐸𝐸𝐸𝐸𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 is normal-
ized ET, and the average of 𝐸𝐸𝐸𝐸𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 for the all subregions in all years is equal to the 𝐸𝐸𝐸𝐸𝑊𝑊𝑊𝑊𝚤𝚤𝚤𝚤

���������. 

1

n

ensemble k normk
k

V w ET
=

= ×∑  (3) 

1
/

n

k k k
k

w f f
=

= ∑  (4) 

2
1:1=(1- / )k k kf d d R×  (5) 

where 𝑉𝑉𝑒𝑒𝑛𝑛𝑒𝑒𝑒𝑒𝑛𝑛𝑒𝑒𝑒𝑒𝑒𝑒  is the ensemble ET, 𝑤𝑤𝑘𝑘 is the weight of kth normalized ET product, and 
n is the total number of ET products. Here, d1:1 represents the distance between the x axis 
(𝐸𝐸𝐸𝐸𝑊𝑊𝑊𝑊) and the 1:1 line, dk is the distance between line 𝑙𝑙𝑘𝑘 and the 1:1 line, and 𝑙𝑙𝑘𝑘 refers to 
the regression line between the 𝐸𝐸𝐸𝐸𝑊𝑊𝑊𝑊 and the normk

ET , as illustrated in the Figure 3 [41]. 

Thus, 𝑙𝑙𝑘𝑘 gives the following formula: 

= b
ijk ijnorm k WB kET k ET +  (6) 

where 𝑘𝑘𝑘𝑘 is the regression coefficient, 𝑏𝑏𝑘𝑘 is a constant, and 𝑅𝑅𝑘𝑘2 is the determination co-
efficient of this regression model for the kth ET product. Thus, we further combine Eqs. 
(5) and (6) to obtain the following equations [41]: 

2 2

2 2

, 0 1, 0 1
1 , 1, 0 1

k k k k

k
k k k

k

k R k R
f

R k Rk

 × < ≤ ≤ ≤=  × > ≤ ≤
 (7) 
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Figure 3. Schematic diagram of the weight calculations for different ET product. (a) lk refers to the 
regression line between the ETWB (x axis) and original ET estimates (y axis) of each product, (b) lk 
refers to the regression line between the ETWB (x axis) and normalized ET (y axis) of each product. 

In this study, we used the ET from odd-numbered years to calibrate the weight of 
different product, and the ET from even-numbered years were then used to validate the 
ensemble ET derived by a linear weighting method using the accuracy metrics of the root 
mean square error (RMSE), mean relative error (MRE) and relative RMSE (rRMSE). 

2.3.3. Linear Slope Calculation 
In this study, the slope of the linear regression model was used to characterize the 

annual rates of change of the different influencing factors and the ET. The slope was cal-
culated as follows: 

1 1 1
2

2

1 1

n n n

i i
i i i

n n

i i

n i X i X
Slop

n i i

= = =

= =

× × −
=

 × −  
 

∑ ∑ ∑

∑ ∑
 (8) 

2.3.4. Quantitative Attribution Analysis Method for the ET Trend 
Although commonly used detrended method can reduce the impact of interannual 

trends on overestimation of correlation between ET and climatic factors, this procedure 
can also inevitably underestimate the correlation between ET and LAI without obvious 
fluctuation characteristics. Therefore, a “two-step” scheme was developed to separately 
derive the sensitivity of ET to influencing factors.  

Step 1: 
We firstly calculated the sensitivity of ET to climatic factors with inherent fluctuating 

characteristics using detrended time-series data and multiple linear regression, as illus-
trated in the Equation (9): 

0_ _ _ _PCPN Temp SDde ET de PCPN de Temp de SDγ γ γ γ= + × + × + ×  

_ _VPD WSde VPD de WSγ γ+ × + ×  
(9) 

where de_ET, de_PCPN, de_Temp, de_SD, de_VPD, and de_WS are the detrended time-se-
ries of the PCPN, Temp, SD, VPD, and WS, respectively. 𝛾𝛾𝑃𝑃𝑛𝑛𝑒𝑒, 𝛾𝛾𝑇𝑇𝑒𝑒𝑛𝑛𝑇𝑇, 𝛾𝛾𝑆𝑆𝑆𝑆, 𝛾𝛾𝑉𝑉𝑃𝑃𝑆𝑆, and 𝛾𝛾𝑊𝑊𝑆𝑆 
are the coefficients of regression model, and represent sensitivity of ET to these climatic 
factors, respectively (e.g., 𝛾𝛾𝑇𝑇𝑒𝑒𝑛𝑛𝑇𝑇  represents the ET change amount (mm) when Temp 
change per celsius degree). 

Step 2: 
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Consequently, we calculated ET time-series (ETclimate) driven by the climatic factors 
using sensitivity calculated by Equation (9) and original time-series of climatic factors, as 
shown in the Equation (10). ET time-series (ETnon_climate) driven by the non-climatic factors 
was then derived using the Equation (11) and was employed to calculate the sensitivity of 
ET to LAI based on simple linear regression, as illustrated in the Equation (12).  

climate PCPN Temp SD VPD WSET PCPN Temp SD VPD WSγ γ γ γ γ= × + × + × + × + ×  (10) 

non_climate climate=  - ET ET ET  (11) 

where PCPN, Temp, SD, VPD, and WS are the original time-series with trends of each cli-
matic factor, ETclimate is the ET time-series driven by the climatic factors, and ETnon_climate is 
the ET time-series driven by the non-climatic factors.  

non_climate 1+ LAIET LAIγ γ= ×  (12) 

where 𝛾𝛾𝐿𝐿𝐿𝐿𝐿𝐿  is the sensitivity of the ET to the LAI, and LAI is the original time-series with 
a trend.  

In this study, the ET trend was assumed to be the sum of the ET trend driven by the 
climatic factors (PCPN, Temp, SD, VPD, and WS), the LAI, and the residual factors. The 
differential form is as follow: 

.+ + +TempPCPN SD VPD WS ResiLAI
dETdET dET dET dET dETdETdET

dt dt dt dt dt dt dt dt
= + + +  (13) 

where 𝑑𝑑𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑  is the slope of the ET variation trend (mm/yr), and 

𝑑𝑑𝑑𝑑𝑑𝑑𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑑𝑑𝑑𝑑 , 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑇𝑇𝑇𝑇𝑇𝑇

𝑑𝑑𝑑𝑑 , 𝑑𝑑𝑑𝑑𝑑𝑑𝑆𝑆𝑆𝑆𝑑𝑑𝑑𝑑 , 𝑑𝑑𝑑𝑑𝑑𝑑𝑉𝑉𝑃𝑃𝑆𝑆𝑑𝑑𝑑𝑑 , 𝑑𝑑𝑑𝑑𝑑𝑑𝑊𝑊𝑆𝑆
𝑑𝑑𝑑𝑑 , 𝑑𝑑𝑑𝑑𝑑𝑑𝐿𝐿𝐿𝐿𝐿𝐿𝑑𝑑𝑑𝑑 , and 𝑑𝑑𝑑𝑑𝑑𝑑𝑅𝑅𝑇𝑇𝑅𝑅𝑖𝑖.𝑑𝑑𝑑𝑑  are the impacts of PCPN, Temp, SD, 

VPD, WS, LAI, and the residual factors on the ET trend, respectively. 

According to the basic concept of total differentiation, the impacts of the climatic fac-
tors and the LAI in Equation (13) can be decomposed via partial differentiation [30,31] as 
follows: 

dET ET dPCPN ET dTemp ET dSD
dt PCPN dt Temp dt SD dt

∂ ∂ ∂
= × + × + ×
∂ ∂ ∂

 

.ResidETET dVPD ET dWS ET dLAI
VPD dt WS dt LAI dt dt
∂ ∂ ∂

+ × + × + × +
∂ ∂ ∂

 
(14) 

where 𝑑𝑑𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑑𝑑𝑑𝑑 , 𝑑𝑑𝑑𝑑𝑇𝑇𝑇𝑇𝑇𝑇

𝑑𝑑𝑑𝑑 , 𝑑𝑑𝑆𝑆𝑆𝑆𝑑𝑑𝑑𝑑 , 𝑑𝑑𝑉𝑉𝑃𝑃𝑆𝑆
𝑑𝑑𝑑𝑑 , 𝑑𝑑𝑊𝑊𝑆𝑆

𝑑𝑑𝑑𝑑 , and 𝑑𝑑𝐿𝐿𝐿𝐿𝐿𝐿
𝑑𝑑𝑑𝑑  are the annual rates of change of PCPN, 

Temp, SD, VPD, WS, and LAI, respectively. 𝜕𝜕𝑑𝑑𝑑𝑑
𝜕𝜕𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃, 𝜕𝜕𝑑𝑑𝑑𝑑

𝜕𝜕𝑑𝑑𝑇𝑇𝑇𝑇𝑇𝑇, 𝜕𝜕𝑑𝑑𝑑𝑑𝜕𝜕𝑆𝑆𝑆𝑆, 𝜕𝜕𝑑𝑑𝑑𝑑
𝜕𝜕𝑉𝑉𝑃𝑃𝑆𝑆, and 𝜕𝜕𝑑𝑑𝑑𝑑

𝜕𝜕𝑊𝑊𝑆𝑆 are the sensi-

tivity of ET to PCPN, Temp, SD, VPD, and WS, respectively, and they were calculated 

using Equation (9). 𝜕𝜕𝑑𝑑𝑑𝑑
𝜕𝜕𝐿𝐿𝐿𝐿𝐿𝐿 is the sensitivity of ET to LAI, which was calculated using Equa-

tion (12). 𝑑𝑑𝑑𝑑𝑑𝑑𝑅𝑅𝑇𝑇𝑅𝑅𝑖𝑖.𝑑𝑑𝑑𝑑  is the residual in Equation (13). 

The relative impact rate of each influencing factor on the ET trend was calculated 
using Equation (15). 

1

. 100%

i

i

X

i n
X

i

dET
dt

Contr X
dET

dt=

= ×

∑

 
(15) 

where 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶.𝑋𝑋𝑖𝑖 is the relative impact rate of the ith influencing factor (PCPN, Temp, SD, 
VPD, WS, LAI, or residual factors) on the ET trend. 
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3. Results 
3.1. Accuracy Assessment of the Ensemble ET 

The weight of each global ET products (GLDAS_CLSM, GLDAS_VIC, 
GLDAS_NOAH, GLEAM and PML) was calculated using Eqs.(3–5) respectively, and the 
ranking of weight of different ET products is PML (22%) > GLDAS_NOAH(22%) > 
GLDAS_CLSM (20%) > GLEAM (19%) > GLDAS_VIC (17%). This indicated that each se-
lected ET product equally contributed to the merged product during the merging calcu-
lations. 

The accuracies of the ET in the even-numbered years derived from five global ET 
products and the merged product were evaluated by 𝐸𝐸𝐸𝐸WB, as illustrated in the Figure 4. 
The results showed that among the five ET products, the PML product had the highest 
accuracy (RMSE = 44.2 mm). Compared with the PML product, the accuracy metrics of 
ensemble ET (RMSE = 34.1mm, MRE = 1.1% and rRMSE = 8.3%) were improved. The re-
sults show that the ensemble ET could more accurately capture the spatial-temporal dy-
namics of ET in the YRB from 2000 to 2018.  

 

 
Figure 4. Accuracy assessment of the five global ET products and the ensemble ET: (a) 
GLDAS_CLSM, (b) GLDAS_VIC, (c) GLDAS_NOAH, (d) GLEAM_v3.3, (e) PML_V2, and (f) en-
semble ET. The point represents regional ET in the each subregion at each year. 

3.2. Spatial-Temporal Variation in ET and the Influencing Factors 
Figure 5a illustrates the spatial distribution of the multi-year average ET from 2000 

to 2018 in the YRB which yielded an average value 433 mm in the upper and middle re-
gions. The spatial distribution of the ET was characterized by a gradual decrease from 
southeast to northwest. The Longmen–Huayuankou subregion had the highest multi-year 
average ET (529 mm), whereas the multi-year average ET of the Qingtongxia–Toudaoguai 
subregion was the lowest (296 mm). 
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Figure 5. (a) Spatial distribution of the multi-year average ET, and the (b) interannual trend of the 
ET in the YRB from 2000 to 2018. Regions that lie within the pattern of diagonal lines represent areas 
with significant trend (α < 0.05). 

The spatial distribution pattern of the interannual ET trend in the YRB from 2000 to 
2018 is shown in Figure 5b. The overall ET trend in the upper and middle reaches of the 
YRB was 3.82 mm/yr. ET increased significantly in 77% of the study area, and the increase 
rate of Toudaoguai–Longmen subregion was >6 mm/yr. While ET decreased in only 7% 
of the study area, mainly distributed in the source area. It increased significantly from 
2000 to 2006 and decreased slightly after 2007. The spatial distributions of the interannual 
trends of the climatic factors and the LAI in the YRB from 2000 to 2018 are shown in Figure 
6. 

 
Figure 6. Spatial distributions of the trends of the climatic and vegetation factors: (a) Precipitation 
(PCPN), (b) temperature (Temp), (c) sunshine duration (SD), (d) vapor pressure deficit (VPD), (e) 
wind speed (WS), and (f) leaf area index (LAI). Regions that lie within the pattern of diagonal lines 
represent areas with significant trend (α < 0.05). 

3.3. Spatial Pattern in the Sensitivity of the ET to the Influencing Factors 
The spatial distributions of the sensitivity of the ET to climatic factors and the LAI 

are shown in Figure 7. The sensitivity of the ET to the PCPN (𝛾𝛾𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃) exhibited an obvious 
spatial distribution, and 𝛾𝛾𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 decreased with increasing precipitation. The sensitivity of 
the ET to the temperature (𝛾𝛾𝑇𝑇𝑒𝑒𝑛𝑛𝑇𝑇) exhibited obvious spatial differences, and the regions 
with negative 𝛾𝛾𝑇𝑇𝑒𝑒𝑛𝑛𝑇𝑇 values were mainly concentrated in the western and southeastern 
parts of the source aera, the eastern part of the Tangnaihai–Qingtongxia subregion, and 
the western part of the Longmen–Huayuankou subregion, while the rest of the regions 
basically had positive 𝛾𝛾𝑇𝑇𝑒𝑒𝑛𝑛𝑇𝑇. values. In most of the areas of the upper and middle reaches 
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of the YRB, the sensitivity of the ET to the SD (𝛾𝛾𝑆𝑆𝑆𝑆) was positive, and the areas with nega-
tive 𝛾𝛾𝑆𝑆𝑆𝑆  values were mainly concentrated in the Huangshui River, Yiluohe River, and 
Fenhe River areas. The sensitivity of the ET to the VPD (𝛾𝛾𝑉𝑉𝑃𝑃𝑆𝑆) had a spatial distribution 
similar to that of the 𝛾𝛾𝑇𝑇𝑒𝑒𝑛𝑛𝑇𝑇, and the regions with positive 𝛾𝛾𝑉𝑉𝑃𝑃𝑆𝑆 were mainly concentrated 
in the source area, the Qingtongxia–Toudaoguai subregion, and the Toudaoguai–Long-
men subregion; while the rest of the regions had negative 𝛾𝛾𝑉𝑉𝑃𝑃𝑆𝑆. The negative sensitivity 
of the ET to the WS (𝛾𝛾𝑊𝑊𝑆𝑆) was mainly concentrated in the Tangnaihai–Qingtongxia subre-
gion and the Toudaoguai–Longmen subregion, while the rest of the areas basically had 
positive 𝛾𝛾𝑊𝑊𝑆𝑆 values. The sensitivity of the ET to the LAI (𝛾𝛾𝐿𝐿𝐿𝐿𝐿𝐿) was significantly higher 
in the arid areas than in wet areas, and 𝛾𝛾𝐿𝐿𝐿𝐿𝐿𝐿  decreased with increasing precipitation. 

 
Figure 7. Spatial distribution of the sensitivity of ET to the (a) PCPN, (b) Temp, (c) SD, (d) VPD, (e) 
WS, and (f) LAI. 

3.4. Impacts of the Influencing Factors on the ET Trend 
The spatial distributions and statistics of the impacts of the different factors are 

shown in Figure 8a–g and Table 3. The areas with ET increased and decreased due to 
PCPN accounted for 75% and 25%, respectively, and the increasing and decreasing im-
pacts of the PCPN on the ET trend (ΔETPCPN) were 0.68 mm/yr and −0.23 mm/yr, respec-
tively. The areas in which the ET increased and decreased due to the Temp accounted for 
50% and 50%, respectively, and the increasing and decreasing impacts of the Temp on the 
ET trend (ΔETTemp) were 0.64 mm/yr and −1 mm/yr, respectively. The ΔETTemp was positive 
in the central part of the source area and in most areas of the Qingtongxia–Longmen re-
gion. The ΔETTemp was negative in the most areas of Tangnaihai–Qingtongxia and Long-
men–Huayuankou subregions. The areas with the ET increased and decreased due to the 
SD accounted for 40% and 60%, respectively, and the increasing and decreasing impacts 
of the SD on the ET trend (ΔETSD) were 0.19 mm/yr and −0.36 mm/yr, respectively. The 
lowest negative ΔETSD could be observed in the source region. The areas in which the ET 
increased and decreased due to the VPD accounted for 52% and 48%, respectively, and 
the increasing and decreasing impacts of the VPD on the ET trend (ΔETVPD) were 0.48 
mm/yr and −0.41 mm/yr, respectively. The areas with the ET increased and decreased due 
to the WS accounted for 40% and 60%, respectively, and the increasing and decreasing 
impacts of the WS on the ET trend (ΔETWS) were 0.38 mm/yr and −0.55 mm/yr, respec-
tively. The positive ΔETWS mainly occurred in most of the source area and in the Tang-
naihai–Qingtongxia subregion; and the ΔETWS was negative in most of the Qingtongxia–
Huayuankou region. The areas in which the ET increased and decreased due to the LAI 
accounted for 90% and 10%, respectively, and the increasing and decreasing impacts of 
the LAI on the ET trend (ΔETLAI) were 2.77 mm/yr and −0.35 mm/yr, respectively. The 
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areas with the ET increased and decreased due to the residual factors accounted for 87% 
and 13%, respectively, and the increasing and decreasing impacts of the residual factors 
on the ET trend (ΔETResi.) were 1.82 mm/yr and −1.87 mm/yr, respectively. The ΔETResi. was 
positive in most areas of the YRB, and the negative ΔETResi. values were mainly distributed 
in the central part of the source area. An image of the relative impact rates of the climatic 
factors, LAI, and residual factors was synthesized using a Maxwell color triangle, which 
provided a more visual and objective view of the relative contribution of each factor to ET 
trend (Figure 8h). 
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Figure 8. Spatial distributions of the impacts of the climatic and vegetation factors on the ET trend: 
(a) impact of PCPN, (b) impact of Temp, (c) impact of SD, (d) impact of VPD, (e) impact of WS, (f) 
impact of LAI, (g) impact of the residual factors, and (h) a visual view of the relative impact rate of 
climatic factors, LAI and residual factors on the map produced using a Maxwell color triangle. 

Table 3. The impact quantities and area percentages of increasing and decreasing roles of different 
influencing factors on the ET trend over the whole YRB. 

Impacts of Influencing Factors PCPN Temp SD VPD WS LAI Resi. 

Increasing 
role on ET 

trend 

The amount of 
impact(mm/yr) 

0.68 0.64 0.19 0.48 0.38 2.77 1.82 

The percentage of the 
area(%) 

75 50 40 52 40 90 87 

Decreasing 
role on ET 

trend 

The amount of impact 
(mm/yr) 

–0.23 –1 –0.36 –0.41 –0.55 –0.35 –1.87 

The percentage of the 
area(%) 

25 50 60 48 60 10 13 

The average impacts and relative impact rates of the different factors on the ET trend 
for different regions were calculated and are shown in Figure 9. Vegetation restoration 
was the dominant deriving factor for ET increase in the entire study area, with an impact 
of 2.47 mm/yr and a relative impact rate of 51.16% on the ET trend. The PCPN and VPD 
had increasing effects on the ET trend, with impacts of 0.45 mm/yr and 0.05 mm/yr, re-
spectively. The Temp, SD, and WS had decreasing effects on the ET trend, with impacts 
of −0.19 mm/yr, −0.15 mm/yr, and −0.17 mm/yr, respectively. It should be noted that re-
sidual factors (e.g., changes in the microtopography and irrigation, etc.) cannot be ignored 
in affecting the ET trend, with a relatively great impact rate of 28.17%. Spatially, the ET 
trends of the Toudaoguai–Longmen and Longmen–Huayuankou subregions were domi-
nated by the LAI, with impacts of 4.41 mm/yr and 3.56 mm/yr, respectively. The residual 
factors dominated the ET trend in the Tangnaihai–Qingtongxia subregion, with an impact 
of 2.63 mm/yr. The residual factors contributed more to the ET trend in the Longmen-
Huayuankou subregion than in the Toudaoguai–Longmen subregion. The residual factors 
had a decreasing effect on the ET in the source area, with an impact of −0.28 mm/yr. The 
ET trends in the source area and the Qingtongxia–Toudaoguai subregion were dominated 
by the climatic factors. The climatic factors had the least effect on the ET trend in the Long-
men–Huayuankou subregion (17.49%). 

 
Figure 9. (a) Impacts and (b) relative impact rates of the different influencing factors on the ET 
trends in the different subregions in the YRB. 
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Further statistics on the average impacts and relative impact rates of the different 
factors on the ET trend in 12 typical subbasins are illustrated in Figure 10. The LAI is the 
dominant factor affecting the ET trend for subbasins in the middle reaches of the YRB, 
except for the Daheihe River where the vegetation increasing is not significant. The rela-
tive impact rates of LAI on ET trend were ranked as follows: Yanhe River > Wudinghe 
River > Fenhe River > Jinghe River > Beiluohe River > Qinhe River > Kuyehe River > 
Yiluohe River > Weihe River. The residual factors dominated the ET trend of the two rivers 
in the upper reaches of the YRB (Huangshui River and Taohe River), and the effect of the 
residual factors in the Huangshui River area was the largest (59.89%) among the selected 
subbasins. It should be noted that the climatic factors dominated the ET trend in the 
Daheihe River area, in which PCPN, Temp, and VPD had increasing effects on the ET 
trend, with impacts of 0.55 mm/yr, 0.54 mm/yr, and 0.31 mm/yr, respectively, while the 
SD and WS had decreasing effects on the ET trend, with impacts of −0.13 mm/yr and −0.89 
mm/yr, respectively. 

 
Figure 10. (a) Impacts and (b) relative impact rates of the climatic and subsurface factors on the ET 
trend in the different subbasins in the YRB. 

4. Discussion 
4.1. Implications of the Sensitivity of the ET to the Influencing Factors Derived Using the “Two-
Step” Scheme 

In order to investigate the effects of the different statistical regression methods on 
deriving sensitivity of the ET to the influencing factors, the sensitivity of the ET to the 
influencing factors were calculated using multiple linear regression based on the original 
time-series data (“with trend” method) and the detrended time-series data (“detrended” 
method). The results derived from these two methods were compared with the proposed 
“two-step” method. 

Figure 11 illustrates the sensitivity coefficients of the ET to the climatic factors ob-
tained using the “two-step” method and the “detrended” method have similar spatial 
pattern, meanwhile, the sensitivity coefficients of the ET to the LAI by the “two-step” 
method and the “with trend” method have similar spatial distributions. This indicates 
that the “two-step” method can overcome the overestimation of sensitivity of ET to cli-
matic factors associated with inherent fluctuating characteristics (precipitation, tempera-
ture, etc.) derived from “with trend” method and the underestimation of sensitivity of ET 
to influencing factors without fluctuation characteristics (vegetation structure, CO2 con-
centration, etc.) derived from “detrended” method. 
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Figure 11. Spatial distributions of the sensitivity coefficients of the ET to the influencing factors cal-
culated using two methods (“with trend” and “detrended”) and their differences with the “two-
step” method. 

We further calculated the differences in the impacts of the climatic factors, LAI, and 
residual factors on the ET trend using three methods, as shown in Table 4. It can be clearly 
seen that the “two-step” method is able to significantly reduce the impacts of climatic 
factors on the ET trend calculated by overestimated sensitivity using “with trend” 
method, and can significantly enhance the impact of LAI on the ET trend calculated by 
underestimated sensitivity using “detrended” method. According to the “detrended” 
method, vegetation greening is not the dominant factor for deriving ET trend in the YRB, 
which is inconsistent with most previous studies [32,33,42]. Meanwhile, Shao et al. [26] 
found the revegetation has led to a significant increase (4.39 mm/yr) in ET trend across 
the Loess Plateau during 2000–2015 based on the PT-JPL Model, which approximates to 
the impact (3.98 mm/yr) of vegetation on the ET trend in the middle reaches of YRB de-
rived from the “two-step” method. In addition, according to the research of Zhang et al. 
[29], the impact of human activities (e.g., irrigation) on the ET trend in the YRB during 
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2003–2010 based on the measured runoff, soil moisture, and GRACE products was similar 
to the impact of residual factors derived from “two-step” method. These could be indirect 
evidence for demonstrating the improvement of “two-step” method on the impact assess-
ment of influencing factors on the ET trend. 

Table 4. The differences in the impacts of the climatic factors and the LAI on the ET trend calculated 
using three methods. 

“Two-Step”-“with trend” (mm/yr) 
Subregion PCPN Temp SD VPD WS LAI Resi. 
Source area 0.070 0.222 –0.086 –0.051 0.028 –0.006 –0.177 

Tangnaihai—Qingtongxia 0.158 –1.263 –0.202 –0.407 –0.243 0.092 1.765 
Qingtongxia—Toudaoguai 0.214 –0.262 –0.314 0.008 –0.284 –0.200 0.838 

Toudaoguai—Longmen 0.170 0.009 0.022 –0.039 –0.023 –0.747 0.408 
Longmen—Huayuankou 0.020 –0.883 –0.167 –0.164 –0.367 0.425 1.136 

The upper and middle reaches –0.174 –0.521 –0.143 –0.144 –0.211 –0.018 0.863 
“Two-Step”-“Detrended” (mm/yr) 

Subregion PCPN Temp SD VPD WS LAI Resi. 
Source area 0.024 0.199 –0.016 –0.009 0.122 –0.046 –0.273 

Tangnaihai—Qingtongxia 0.068 –0.033 –0.015 0.055 –0.010 1.091 –1.156 
Qingtongxia—Toudaoguai 0.015 –0.051 –0.007 0.035 –0.030 0.056 –0.218 

Toudaoguai—Longmen 0.078 0.270 0.044 –0.018 0.037 –0.692 –0.018 
Longmen—Huayuankou 0.050 –0.001 –0.019 –0.060 0.048 1.703 –1.722 

The upper and middle reaches 0.038 0.058 –0.004 –0.008 0.021 0.616 –0.822 

4.2. Underlying Causes of the Effects of the Influencing Factors on the ET Trend 
In this study, the sensitivity coefficients of ET to climatic factors and vegetation were 

calculated separately using a simple statistical analysis method, and the impact of climatic 
factors and LAI on ET variations were finally quantitatively attributed. It was found that 
the ET trend in the upper and middle reaches of the YRB from 2000 to 2018 was 3.82 
mm/yr, which is generally consistent with the findings of Bai et al. [43]. According to the 
Equation (14), it was known that the net ET trend can be decomposed into several impacts 
of different influencing factors on the ET trend, and the spatial pattern of impact of specific 
influencing factor on the ET trend was determined by the spatial pattern of change trend 
of influencing factor and the spatial pattern of sensitivity of ET to this factor. For example, 
if the signs of slope of PCPN trend and γPCPN are same, the impact of PCPN on the ET 
trend is positive (and vice versa). The spatial pattern of the ΔETPCPN and ΔETLAI were ba-
sically consistent with the spatial pattern of γPCPN and γLAI as a result of slopes of PCPN 
and LAI trend are positive in most areas. The spatial pattern of the ΔETtemp was basically 
same as the interannual trend of temp due to γtemp was positive over the whole study area. 
Although γSD is positive in most areas, there is negative trend of it in the source area, 
which led to the decreasing impact of SD to the ET trend. In the Loess Plateau, the combi-
nation of obvious decreasing trend of WS and positive γwind caused the decrease of ET 
trend. Except for source area, the factor of ‘resi.’ played an increasing role in the ET trend 
in other regions over the study area. 

According to the previous studies, the precipitation influenced the evapotranspira-
tion by increasing the soil water content and promoting plant growth in the water-limited 
regions [44–46]. The ΔETPCPN increased with the decreasing southeast-northwest precipi-
tation gradient (Figure 8a), which was probably due to the rapid evaporation rate of the 
precipitation that was intercepted by the sparse vegetation canopy and infiltrated into the 
shallow soil in the arid region [47]. Therefore, the precipitation variability was the domi-
nant factor controlling the evapotranspiration in the dryland ecosystems. 
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The spatial heterogeneity of impact of Temp on the ET trend (Figure 8b) can be ex-
plained by the fact that the low vegetation cover in the area where the soil evaporation 
was dominant and that the soil evaporation increased with increasing temperature. In 
contrast, in the high vegetation cover area, where the vegetation transpiration dominated 
the ET, the elevated temperature and drought stress physiologically reduced the vegeta-
tion photosynthesis and transpiration [48]. The higher SD meant more radiant energy, and 
evaporation was more likely to occur. While the SD changed the magnitude of the ET to 
some extent, the impact of the SD on the ET trend was lower in the arid and semi-arid 
regions compared to those of the other factors [22] (Figure 8c). The VPD was the degree 
of air dryness and, as the VPD increased, the vegetation transpiration became more in-
tense. However, when the stomatal conductance decreases to a certain threshold, the veg-
etation transpiration is inhibited [36]. In recent years, the WS has been decreasing in the 
YRB, and the decrease in the WS will weaken the air flow and reduce the ET [32]. 

The vegetation mainly affects the ET through three ways: (1) vegetation increases can 
increase the vegetation interception evaporation [49,50]; (2) the vegetation can impede 
surface runoff, and developed roots can increase the soil infiltration rate, hence increasing 
the soil water content [51]; and (3) the changes in the vegetation transpiration and soil 
evaporation are directly affected by the changes in the soil water content, and the increase 
in the vegetation biomass can increase the vegetation transpiration and reduce the soil 
evaporation by shading the land [50]. The analysis of the combined effect of the vegetation 
on the ET shows that the increases in the vegetation transpiration and the vegetation in-
terception evaporation were much larger than the decrease in the soil evaporation. The 
vegetation growth dominates the changes in the ET in biomes with higher canopy cover 
(e.g., agricultural fields, forests, and shrubs) [52,53]. 

The residual factors are also a significant driving force of the ET trend. Changes in 
the microtopography induced by terraces and check dams can effectively intercept surface 
runoff and increase the soil moisture, thus supplying sufficient water for vegetation 
growth and significantly increasing the vegetation transpiration, soil evaporation, and 
surface water evaporation [54,55]. In addition, irrigation can significantly increase the soil 
evaporation and transpiration of corps. The decreasing impacts of the residual factors on 
the ET trend in the source area may be due to the improved water storage capacity of the 
underlying surface caused by thawing of the permafrost [56]. The impacts of the residual 
factors in the Tangnaihai–Qingtongxia and Longmen–Huayuankou subregions were rel-
atively high, indicating that the human activities, including soil and water conservation 
measures and irrigation, were more intensive in these regions [29]. 

4.3. Impact on Water Yield Change Trend at the Subregion Scale 
The continuous increase in the actual evapotranspiration directly affects the water 

supply to the ecosystem in the YRB. Based on the principle of water balance, combined 
with the merged ET product and measured precipitation data, the trends of the water 
yield (P-ET) in the different subregions were calculated (Table 5). 

Since the 21st century, the annual precipitation trend in the YRB has been insignifi-
cant (Figure 6a), and the actual annual evapotranspiration has increased significantly (Fig-
ure 5b), resulting in a decrease in the water yield of basin. The source area of the YRB was 
affected by the increased precipitation, and the water resource supply increased. In con-
trast, the trend of the water yield in the Loess Plateau region has decreased, and the re-
gional drought has intensified. The Loess Plateau region is one of the main areas where 
ecological restoration projects have been implemented in China. During 1999–2013, the 
vegetation coverage in the Loess Plateau region increased from 31.6% to 59.6% due to the 
implementation of the reforestation project [15]. Afforestation can enhance the ecological 
service functions of a regional ecosystem, including carbon sequestration, oxygen release, 
and soil and water conservation, but it can also weaken the water supply capacity of the 
regional ecosystem [45]. Fast-growing anthropogenic forests have a greater evapotranspi-
ration capacity than natural forests [33]. Indeed, the forest-dominated areas in the YRB 
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have been suffering from increased drought in recent decades [57]. Deep-rooted trees are 
more prone to severe soil desiccation than shallow-rooted vegetation such as grasses [58]. 
Under the background of intensifying regional drought, it was recommended that one 
gives priority to strengthening the protection of the local native vegetation during the 
ecological protection and restoration in the arid areas of the YRB. Moreover, in afforesta-
tion and reforestation projects, tree species with weaker transpiration capacities should 
be selected to reduce the water consumption of the vegetation and mitigate the trend of 
intensifying drought. 

Table 5. Variations in the ecosystem water supply services in the upper and middle of the YRB 
during 2000–2018. 

Subregions 
Variation Rate of the Water Supply 

Services (mm/yr) 
Upper and middle reaches of the YRB −1.67 

Source area 3.07 
Tangnaihai–Qingtongxia −3.47 
Qingtongxia–Toudaoguai −1.34 

Toudaoguai–Longmen −1.01 
Longmen–Huayuankou −3.90 

4.4. Uncertainties 
In this study, the ETWB calculated by the water balance equation based on the meas-

ured runoff and rainfall data and GRACE products was taken to be the ET measurement 
at the regional scale. It should be noted that Blazquez et al. [59] found that the geocenter 
motion and glacial isostatic adjustment corrections dominate the uncertainty in GRACE 
estimate of the global water budget, and their contribution to the uncertainty in GRACE 
estimate is ±0.21 and ±0.12 mm yr−1, respectively. These uncertainties from the GRACE 
product could affect the accuracy of ETWB. However, the average of two GRACE products 
has a reduced uncertainty to some extent. Martens et al. [12] also found that the average 
correlations against global eddy-covariance measurements in a range between 0.78 and 
0.81 for the GLEAM products with different version. PML_V2 ET product was evaluated 
against eight-day measurements at global 95 widely-distributed flux towers for 10 plant 
functional types, with a RMSE and Bias of 0.69 mm d−1 and −1.8% [9]. The uncertainties of 
hydrological fluxes from GLDAS are affected by the different meteorological data sets and 
land surface models [11]. Therefore, the uncertainties existed in the global ET products 
used in this study would inevitably affect the attributing results of ET trend. The sensitiv-
ity of the ET to the influencing factors were calculated using the multiple regression 
method under the assumptions that there were no interactions between the different in-
fluencing factors and the ET has linear responses to these influencing factors. These as-
sumptions also contribute to some uncertainties. Since the biophysical and biochemical 
feedbacks of the underlying surface changes to the atmosphere were not considered, the 
attribution results in this study only reflect the direct impacts of the different influencing 
factors on the ET trend. Moreover, the impact of residual factors on the ET trend inevitably 
contained some uncertainties from the simulation error of multivariate regression model. 

Therefore, the present study requires further investigations. Sufficient precipitation, 
runoff, soil moisture, and ET measurement datasets should be collected in the YRB, and a 
combination of nonlinear statistical models, remote sensing models, and hydrological 
models should be employed to comprehensively evaluate the impacts of the different in-
fluencing factors on the ET trend and their spatial patterns in order to reduce the uncer-
tainties caused by using different datasets and analysis methods. In addition, the effects 
of the biophysical and biochemical feedbacks of the underlying surface changes to the 
atmosphere on the variation in the ET should be further discussed in the future. 
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5. Conclusions 
In this study, five global ET products were merged by a linear weighting method. It 

is demonstrated that the ensemble ET can utilize the advantages of each individual ET 
product to improve the accuracy of ET simulation at reginal scale. Based on the ensemble 
ET, the responses of spatial-temporal variation of ET trend to the climatic factors, LAI, 
and residual factors from 2000 to 2018 were explored using three different easy-to-use 
statistical methods. It was found that different statistical method would bring relatively 
great uncertainties for the sensitivity of ET to influencing factors, which inevitably led to 
divergent spatial pattern of estimated impacts of influencing factors on the ET trend. By 
comparing the results from different statistical methods, the proposed “two-step” method 
can improve the sensitivity of ET to influencing factors. Therefore, uncertainties for the 
impact assessment of climatic factors and vegetation could be reduced. The attributing 
analysis demonstrated that interannual trend of ET in the upper and middle reaches of 
the YRB was 3.82 mm/yr. This trend was dominantly controlled by the vegetation green-
ing, with an impact of 2.47 mm/yr and a relative impact rate of 51.16%. It should not be 
neglected for the impact of the residual factors on the ET trend mainly induced by the 
microtopography, irrigation, etc. with an impact of 1.36 mm/yr and a relative impact rate 
of 28.17%. The PCPN and VPD had increasing effects on the ET trend, with impacts of 
0.45 mm/yr and 0.05 mm/yr, respectively. However, the variations in the Temp, SD, and 
WS had decreasing effects on the ET trend, with impacts of –0.19 mm/yr, −0.15 mm/yr, 
and −0.17 mm/yr, respectively. 
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