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Abstract: The evaporation of intercepted precipitation (Ei) is an important component of evapo-
transpiration. Investigating the spatial and temporal variations of Ei and its driving factors can
improve our understanding of water and energy balance in the context of China’s greening. This
study investigated the spatial and temporal variation of Ei across China during 2001−2020 using PML
ET product with a temporal resolution of 8 days and a spatial resolution of 500 m. The results showed
that Ei generally decreased from southeast to northwest, which was contributed by the coupled effect
of precipitation and vegetation coverage variation across China. Generally, Ei showed an increasing
trend over the last two decades with an average changing rate of 0.45 mm/year. The changing rate
varied greatly among different regions, with the most obvious change occurring in tropical and humid
regions. Precipitation was the most important climatic factor driving the interannual change of Ei
over the past two decades, with an average contribution rate of 30.18~37.59%. Relative humidity was
the second most important climatic factor following precipitation. Temperature showed contracting
contribution in different thermal regions. The contribution rates of NDVI and LAI followed a similar
spatial pattern. Both the contribution rates of NDVI and LAI generally increased along the moisture
gradient from east to west and generally increased from south to north.

Keywords: Ei; spatial and temporal variation; contribution rate

1. Introduction

As an indicator to quantify the coupling between the water and energy balance, as well
as an important component of evapotranspiration (ET), the evaporation of the intercepted
precipitation (Ei) of the ecosystem is typically referred to as the precipitation that was
intercepted by branches, leaves and stalks of vegetation and returned to the atmosphere in
the form of evaporation [1]. Therefore, that part of precipitation does not undergo surface
and underground water cycling. Ei is the initial process of redistributing the precipitation,
which affects the spatial and temporal distribution of regional and even global precipitation,
as well as the changes in sensible heat flux and latent heat flux [2]. Investigating the spatial
and temporal variation of Ei and its driving factors is essential to understanding the
interaction between vegetation dynamics and water and energy exchange in future climate
change [3].

Two methods were generally employed to measure Ei at the field scale, one is the
classic water wiping method [4], and the other is the water balance method [5], where
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precipitation, throughfall, and stemflow were measured with rain gauges and collectors,
and Ei was calculated by subtracting throughfall and stemflow from the precipitation.
While Ei was usually obtained with a modeling approach at a regional scale [6], these
models can be classified into the empirical model, semi-empirical model, and theoretical
model. Empirical models are widely studied due to their simplicity yet reasonable accuracy;
however, they are site-dependent and cannot be applied to other places [7]. Semi-empirical
models were developed by adding the principle of interception to empirical models, such
as the Gash model [8] and the Rutter model [9]. Since canopy coverage, leaf area index,
canopy closure, and other indexes can be obtained and parameterized with remote sensing
technology, semi-empirical models are widely used to investigate the dynamic of Ei at a
regional scale [10]. The theoretical model can simulate the physical process of the Ei [11];
however, it is not only complex but also data-intensive, such as the detailed information on
vegetation canopy, which limits the applications of the theoretical model [12].

Remote sensing can provide information on land surface and vegetation at multiple
spatial and temporal scales. Coupled with the Ei simulation models, particularly the semi-
empirical models, it provides an approach to investigating the spatial-temporal variation of
Ei at a regional scale [11]. Zhang et al. [13] investigated the changing trend of Ei throughout
the world using the Penman–Monteith–Leuning (PML) model and MODIS data during
2003–2017 and found that vegetation change resulted in an average increase of Ei by
0.8 ± 3.9 mm/year. Shen et al. [14] used the Shuttleworth–Wallace (SW) model to estimate
ET components and found that Ei accounted for about 10% of ET. Song et al. [15] estimated
the maximum Ei of conservation forest in Danjiangkou Reservoir blocking river basin in
China based on the canopy interception model and Landsat ETM + Remote Sensing fusion
data. The results showed that the spatial variation of maximum Ei had a strong relationship
with vegetation cover. Duan et al. [16] added the canopy interception model to the PML
model to simulate the ET at Wangdu station in China. The results showed that Ei accounted
for 3.14% and 4.37% of the ET and precipitation, respectively.

Many previous observations and studies showed that Ei was greatly affected by vege-
tation canopy status and precipitation [7,13,17–31]. The status of the vegetation canopy can
affect the amount and characteristics of precipitation undertaken by leaves. Ei is closely
related to vegetation coverage (Fcov) and leaf area index (LAI) [18,19]. Zhang et al. [13]
studied global land underlying conditions from 2003 to 2017 and found that shrub degrada-
tion and ice melting were the main reasons for the significant decline of Ei and vegetation
transpiration. In addition, in the latitude zones of 70◦N~80◦N and 20◦S~30◦S, vegetation
change led vegetation transpiration and Ei to increase by about 10~15%, respectively. Veg-
etation greening led to a significant increase of Ei in northern America, Europe, eastern
China, southern Africa, and northeastern Australia, where LAI significantly increased.
Similar results were also observed in Moso Bamboo, where Ei increased with the increase
of LAI mainly due to the reduction of rain penetration contributed by the increase of
LAI [20]. Deng et al. [21] used the coupled model ssib4t/triffid to analyze the variation of
ET components in two tributaries in the Yangtze River Basin. The results showed a positive
correlation between Fcov and Ei. Fan et al. [22] reported similar results for grassland in the
Hulun Lake Basin in China.

Precipitation is considered the most important factor influencing Ei [7,23]. Asdak et al. [24]
estimated the Ei of tropical rain forests in India. The result indicated that the Ei of tropical
rain forests accounted for an average of 8.5% of rainfall, which was lower than 11~35% for
the tropical areas of China [25]. Ei could account for more than 80% of precipitation when
the precipitation amount and precipitation intensity were low [5]. Previous observations
and analysis showed that Ei was positively correlated with precipitation intensity and
precipitation duration [26–28], while Ei was negatively correlated with the frequency of
rainstorms with large seasonal variations [29]. Ei increased with the increase of precipitation
intensity and reached a saturation state [30], and an exponential relationship between Ei
and precipitation intensity was observed for two desert shrubs [29]. Yang [31] found that
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the canopy interception capacity and interception rate varied among different grassland
communities under the same precipitation intensity.

Except for the vegetation canopy and precipitation, Ei was regulated not only by the
feature of vegetation, other climatological variables, and environmental conditions but
also by the interactions among these factors [32,33]. The features of vegetation included
vegetation type, plant age, and vegetation thinning density [26,34,35]. Ufoegbune et al. [36]
found that the Ei of pine and cypress plants was generally higher than that of broad-leaved
plants, which was mainly due to the different leaf shapes of different vegetation. Based on
the long-term observations and studies, Pypker et al. [37] reported that the Ei of young trees
differed greatly from that of the older trees, mainly due to the change of canopy structure
with the increase of tree age. Yu et al. [38] studied the Ei of alpine meadows and found that
the interception capacity of meadows varied with the change of meadow density, and the Ei
of the slightly degraded, moderately degraded, and significantly degraded alpine meadows
was 0.612 mm, 0.289 mm, and 0.217 mm, respectively. Other climatological variables
included air temperature, sunshine duration, relative humidity, and wind speed [39,40].
Many studies reported that Ei was negatively correlated with humidity and temperature,
while it did not show an obvious relationship with wind speed, evaporation rate, solar
radiation, and other meteorological factors [19,23,41].

Fleischbein et al. [42] found that the dominant driving factors were different and
depended on the scale of the study. Meteorological factors such as precipitation charac-
teristics, wind speed, and evaporation played a leading role on a large scale. At the same
time, the characteristics of the vegetation community were the leading factors on a small
scale. Song et al. [15] analyzed the sensitivity of Ei to climatic factors and detected the
essential roles of temperature and precipitation affecting the variation of Ei for the Loess
Plateau in China.

More and more studies and remote sensing observations showed a widespread in-
crease in LAI across China (greening), which is mainly due to the global warming, ecological
projects, and land use and management policies since the 1980s [43]. LAI was an important
indicator quantifying the status of the vegetation canopy; the vegetation greening reflected
the change of vegetation canopy structure [44], which will affect the spatially and temporal
variation of Ei. However, it was still not clear how the Ei changed spatially and temporally
under the influence of China’s greening and climate change.

Therefore, this study was carried out to fill the lack of knowledge. The main objectives
of this study were to (1) characterize the spatial distribution of Ei across China; (2) investi-
gate the temporal variation of Ei from 2001 to 2020; and (3) quantify the contribution of
climate change and vegetation dynamics to the temporal changes of Ei. The work can help
us to understand the effect of China’s greening and climate change on water and energy
exchange.

2. Materials and Methods
2.1. Data Collection

The subdatasets of Ei from the PML ET datasets were used to investigate the spatial and
temporal variation of Ei across China in the current study. The PML model was presented
by Leuning et al. [45,46] and Zhang et al. [47] based on the Penman–Monteith (PM) model.
This model was later modified by Gan et al. [2] and Zhang et al. [48] by introducing a
canopy conductance model. The PML model can simulate Ei, vegetation transpiration,
and soil evaporation simultaneously. Combined with MODIS product data, including LAI,
NDVI, land use, reflectance, emissivity, and GLDAS meteorological datasets, including
temperature, rainfall, and radiation, the PML model was used to estimate ET components
datasets globally. The performance of the PML model and datasets was validated at
95 flux towers globally, with the RMSE of 0.69 mm/day [49]. It was also evaluated across
China, and the results suggested that the datasets can be used to study the spatial and
temporal distribution of Ei at regional scales [50–52]. In this study, the subdatasets of Ei
with 500 m and 8-day resolution covering China during 2001–2020 were downloaded from
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the Google Earth Engine (https://developers.google.com/earth-engine/datasets, accessed
on 12 November 2021).

Five meteorological variables data, including wind speed (m/s), temperature (◦C),
precipitation (mm), relative humidity, and sunshine duration (h), were obtained from the
daily dataset of surface climatic data at the National Meteorological Information Centre of
China (NMIC) (http://data.cma.cn/en, accessed on 20 November 2021). The quality of
meteorological data was checked by the NMIC, while meteorological data still contained
errors due to occasional voltage instability and equipment errors [47]. Therefore, the
meteorological data was further checked following the criteria presented by Feng et al. [17]
and Tang et al. [31].

MODIS product data, including LAI (MOD15A2H) and NDVI (MYD13A1) with the
same coverage and spatial and temporal resolution as the PML data, were collected from
the National Aeronautics and Space Administration (NASA) earth data search center
(https://search.earthdata.nasa.gov/, accessed on 15 November 2021). The pixel with
missing data was not excluded from the dataset.

The physical geographic division data of China, including the thermal regions and
moisture regions, were obtained from the Resource and Environment Science and Data Cen-
ter, Chinese Academy of Sciences (https://www.resdc.cn, accessed on 20 November 2021).
The thermal regions were determined using the ≥10 ◦C accumulated temperature, and
moisture regions were determined using precipitation and evapotranspiration. Continental
China was divided into 4 thermal regions, including temperate, subtropical, tropical, and
plateau climate regions, and 4 moisture regions, including humid, semi-humid, semi-arid,
and arid regions. The physical geographic division is presented in Figure 1.
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Figure 1. The physical geographic division of China. (a) Thermal regions. I, II, III, and IV are
tropical regions, subtropical regions, temperate regions, and plateau climate regions, respectively;
(b) moisture regions. V, VI, VII, and VIII are humid regions, semi-humid regions, semi-arid regions,
and arid regions, respectively.

2.2. Methods

The linear regression model was employed to analyze the changing trend [53] of Ei
across China during 2001–2020. The changing trend was calculated as:

K =
n ∑n

j=1 j× Eij −∑n
j=1 j× Eij

∑n
j=1 j2 − (∑n

j=1 j)2 (1)

https://developers.google.com/earth-engine/datasets
http://data.cma.cn/en
https://search.earthdata.nasa.gov/
https://www.resdc.cn
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where K is the linear regression slope of the time-series data, n is the length of time series,
Eij is the Ei of the jth year, and Eij is the multi-year average of Ei. K > 0 implies an increasing
trend, while K < 0 implies a decreasing trend.

F-test was used to measure the significance of the linear trend:

F =
U

Q/(n− 2)
∼ F(1, n− 2) (2)

U = ∑n
i=1 (Êii − Ei)2

(3)

Q = ∑n
i=1 (Eii − Êii)

2
(4)

where U and Q are the sum of regression squares and the sum of residual squares, respec-
tively, n is the sample size, Eii is the Ei from PML product, Êii is the estimated Ei by the
linear regression model, and Ei is the average Ei.

The contribution of climate change and vegetation dynamics to the interannual varia-
tion of Ei was investigated using the sensitivity analysis method. Climate change includes
the interannual changes in precipitation, relative humidity, air temperature, sunshine du-
ration, and wind speed. The vegetation dynamic was measured by LAI and NDVI. The
sensitivity of Ei to driving factors [54,55] was defined as:

Svi = lim
∆vi→0

(
∆Ei/Ei
∆vi/vi

)
=

∂Ei
∂vi
× vi

Ei
(5)

where vi is the influencing factor for the ith year, ∆Ei is the changes of Ei, and ∆vi are the
changes of the influencing factor.

The contribution rate (Cvi) of the influencing factor was defined as [56]:

Cvi =
∆vi
vi
× Svi × 100%. (6)

3. Results
3.1. Spatial Variation of Ei across China

The spatial distribution of Ei across China during 2001–2020 is shown in Figure 2. As
can be seen, Ei presented obvious spatial variation toward the changes in temperature
and moisture. It generally decreased from southeast to northwest. The spatial variation of
Ei was similar to those of LAI and NDVI over China. As can be seen from Figure 3, LAI
and NDVI had a similar spatial distribution which generally decreased from southeast
to northwest [57]. LAI and NDVI can explain 46.9% and 42.03% spatial variance of Ei,
respectively.

As far as the climatic region was concerned, the maximum Ei was observed in the
tropical region with the annual mean Ei varying between 98.63 mm and 139.03 mm,
following that in the subtropical region with the annual mean Ei varying between 78.85 mm
and 111.42 mm. At the same time, the lowest Ei occurred in the plateau climate region, with
the annual mean Ei varying between 8.23 mm and 13.94 mm. The simulated result from
the PML model found that the average annual Ei was 46.6 ± 77.2 mm at the global level,
and the Ei in most areas of China was in the range of 0~50 mm [13] which was consistent
with the results in this study. The Ei of the tropical region was similar to that of the tropical
rain forests in India [24]. The average Ei of southeast Asia, central Africa, and northern
South America was about 250 mm/year [54], much higher than that across China, while Ei
in other regions was basically at the same level as that of China [58–66].
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regions, temperate regions, and plateau climate regions, respectively; (c) the average Ei of different
moisture regions. V, VI, VII, and VIII are humid regions, semi-humid regions, semi-arid regions, and
arid regions, respectively.
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Higher Ei in the tropical region was probably because this region was dominated by
tropical rainforests with higher LAI. Satellite observations showed that the average LAI of
tropical rainforests could reach as high as more than six in China [67,68], which was higher
than that of subtropical evergreen broad-leaved forests in the subtropical region [69,70] and
the grassland in temperature regions [71]. While in the plateau climate region, vegetation
was dominant by grassland with lower vegetation coverage and LAI [72], resulting in lower
Ei compared to other thermal regions.
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Precipitation was another critical factor regulating the spatial distribution pattern of
Ei [73]. As can be seen from Figure 4, precipitation showed an obvious spatial variation
which was similar to the spatial distribution of Ei across China. Precipitation can explain
the 33.64% spatial variance of Ei.
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Ei showed a decreasing trend along the moisture gradient from east to west. The
maximum Ei was presented in the humid region, with the annual mean Ei varying between
68.92 mm and 96.64 mm, which was mainly contributed by the abundant precipitation.
Long-term observation showed that the annual mean precipitation was more than 800 mm
in this region, which was much higher than that in the semi-humid region, semi-arid region,
and arid region [74]. The annual mean Ei in the semi-humid region was about 30% lower
than that in the humid region. At the same time, the annual mean Ei in the semi-arid
and arid regions were only 6.24~10.25 mm and 1.29~1.9 mm, respectively, which were
much lower than those in humid and semi-humid regions. This was mainly contributed
by the low level of precipitation coupled with the lower vegetation coverage [75]. The
vegetation from the humid area to the arid area gradually transited from forest to grassland
to desert, and the vegetation coverage gradually decreased [76,77]. The results suggested
that coupled effect of precipitation and vegetation coverage variation resulted in the spatial
distribution of Ei from humid region to arid region.
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3.2. Temporal Variation of Ei during 2001–2020

The spatial distribution of changing rate of Ei during 2001−2020 is shown in Figure 5.
Generally, Ei changed dramatically over the last two decades across China, with an average
changing rate of 0.45 mm/year, while the changing rate varied greatly among different
regions. A large portion of the area showed an upward trend, which accounted for 53.85%
of continental China. Ei significantly (p < 0.05) increased in most areas of the sub-tropical
region, tropical region, eastern humid region, and central semi-humid region (Figure 6),
accounting for 39.65% of continental China. In contrast, Ei showed a downward trend at
46.15% of the area of China, with a significantly (p < 0.05) decreasing trend occurring in
western China and the southern part of the plateau climate region, which only accounted
for 3.35% of continental China.
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The temporal trends of Ei for four thermal regions during 2001−2020 are shown
in Figure 7. The results indicated a significantly increasing trend of Ei for all thermal
regions, and the most obvious change occurred in the tropical region with a changing rate
of 1.45 mm/year. The changing rate of Ei for the temperate region was similar to that for
the subtropical region, while the plateau climatic region had the lowest increasing rate
of 0.22 mm/year. As far as the moisture region was concerned, Ei increased significantly
(p < 0.05) in all regions (Figure 8), and the increasing rate generally decreased along the
moisture gradient from east to west. The most obvious change occurred in the humid region
with a changing rate of 1.11 mm/year which was much higher than that in semi-humid
regions. The arid region had the lowest changing rate of 0.02 mm/year, which was much
lower than that in a semi-arid region.
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3.3. Contribution of Influencing Factors to the Temporal Variation of Ei
3.3.1. Climatic Factors

The spatial distribution of the contribution rate of climatic factors to the interannual
change of Ei during 2001–2020 is presented in Figure 9, and the contribution rates for
four thermal regions and four moisture regions are shown in Figure 10. As can be seen,
the contribution rate varied obviously from region to region. On average, precipitation
contributed mostly to the interannual change of Ei over China, with an average contribution
rate of 30.18~37.59%; this suggested that precipitation was the most important climatic
factor driving the interannual change of Ei over the past two decades, confirming the
previous finding that the variation of precipitation was the main reason responsible for the
change of Ei [78]. Zhang et al. [79] investigated the Ei of single sand fixing shrub caragana
and semi shrub Artemisia annua crown in 210 precipitation events from 2004~2014 and
concluded that precipitation could better explain the variance of Ei than canopy structure.
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The most dominant contribution of precipitation was observed in the humid and
semi-humid regions, where precipitation contributed about 40% of the interannual change
of Ei (Figure 10b).

The contribution rate in the semi-arid region was slightly higher than that in the arid
region, and they were 4.94~5.85% lower than those in the humid and semi-humid regions.
The contribution rates of precipitation ranged from 31.51% to 35.59% among different
thermal regions (Figure 10), indicating that precipitation contributed equally approximately
to the interannual change of Ei in different thermal regions.

Relative humidity contributed negatively to the interannual change of Ei, probably due
to the fact that a decrease in relative humidity increased the atmospheric demand for evap-
otranspiration [80]. This was another important factor affecting the interannual change of
Ei following precipitation. The average contribution rate varied between −40.19~−18.06%
in different regions, with the most pronounced contribution occurring in the humid region
and tropical region, where relative humidity negatively contributed about 40% interannual
change of Ei.
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The contribution rate of temperature changed greatly among different thermal regions.
Temperature contributed negatively to the interannual change of Ei in tropical, subtropical,
humid, and arid regions, while a positive contribution was observed in other regions.

The increase in wind speed would cause an increase in the evaporation rate, leading
to an increase in Ei [81]. The contribution rate of wind speed ranged from 8.78% to 19.39%,
with the most obvious effect observed in the humid region, while wind speed contributed
almost equally to the interannual change of Ei in the semi-humid region, arid region, and
semi-arid region. Wind speed also contributed nearly equally to the interannual change
of Ei in tropical and subtropical regions, and the contribution rate of wind speed was
slightly higher than that in the plateau climatic region. Similarly, the contribution rate of
sunshine duration also varied obviously among different moisture regions, with a positive
contribution in the humid region and semi-humid region, while providing a negative
contribution in the arid region and semi-arid region.

3.3.2. Vegetation Dynamic

The spatial distribution for the contribution rate of vegetation dynamic to the interan-
nual variation of Ei during 2001–2020 was presented in Figure 11. The contribution rates
of NDVI and LAI followed a similar spatial pattern, mainly that LAI was retrieved from
NDVI, and they showed similar spatial distribution. On average, LAI contributed 46.9% of
the interannual change of Ei, which was slightly higher than 42.04% for NDVI, indicating
that the interannual change of Ei was significantly affected by vegetation dynamic; the
result agreed well with many previous studies. Zhang et al. [13] studied global land un-
derlying conditions from 2003 to 2017 and concluded that LAI was the main controlling
factor affecting the change of Ei. Increasing LAI led to a significant increase in Ei in many
regions globally. Similar results were also observed in Moso Bamboo, where Ei increased
with the increase of LAI mainly because the increase of LAI reduced the amount of rain
penetration [48]. Deng et al. [21] reported that there was a positive correlation between the
interannual change of LAI and Ei in the Yangtze River Basin.

Both the contribution rates of NDVI and LAI generally increased along the moisture
gradient from east to west, with a maximum of 44.7% and 55.78% in the arid region,
respectively, and minimum contribution rates appeared in the humid region (40.69%) and
humid regions (43.05%), respectively. The results suggested that the effect of vegetation
dynamic on the interannual change of Ei was more pronounced in arid regions than that in
humid regions.
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4. Discussions

The evaporation of the intercepted precipitation (Ei) presented similar spatial dis-
tribution decreasing from southeast to northwest to LAI, NDVI and precipitation across
China. LAI, NDVI and precipitation can explain 46.9%, 42.03%, and 33.64% variance of Ei,
respectively, which confirmed the previous finding that Ei was greatly affected by vegeta-
tion canopy status and precipitation conditions [44] and was consistent with many studies
on the relationship between the spatial distribution of Ei and LAI, NDVI. For example,
Min [58] studied the ET of forest ecosystems in the north–south transect of eastern China
and found that the Ei and LAI decreased with the increase of latitude. Li [59] analyzed the
precipitation interception characteristics of the Tianlaochi watershed in the upper reaches of
the Heihe River in China. The result showed similar spatial distribution of Ei with LAI and
NDVI for shrubs. Véliz-Chávez et al. [60] investigated the spatial and temporal dynamic of
NDVI and surface ET of banyan forest in southern Africa and reported that the components
of ET and NDVI followed the general pattern of periodic seasonal changes. They also
presented similar spatial variations in different geographical regions, and Ei showed a
positive correlation with precipitation. Moreover, many studies reported that Ei was posi-
tively correlated with LAI [60–62]. For example, Liu et al. [20] investigated the Ei of larch
forest in Liupan Mountain in China and concluded that the seasonal variation of LAI was
the main factor affecting the spatial and temporal variation of Ei. Sun et al. [63] analyzed
the rainfall interception capacity and spatial and temporal variation characteristics of a
vegetation canopy in Guangdong Province in China from 2004 to 2016 and found a positive
correlation between LAI and Ei. Zheng et al. [64] conducted a field experiment on the Ei
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dynamic of corn during the growing season from 2015 to 2017, and the results confirmed
an obvious relationship between Ei and LAI in all rainfall events. For precipitation, Zhang
et al. [72] investigated the Ei distribution pattern and its influencing factors of the main
shelter forest types in northern Jiangsu province in China. The results revealed an obvious
positive correlation between Ei and precipitation. Jing et al. [34] observed and analyzed the
Ei of the soil and water conservation forests in the black soil area and found that Ei was
closely related to precipitation. Zhang et al. [48] studied the relationship between the Ei
and precipitation of the Quercus acutissima forest on Zijin Mountain and observed that Ei
increased with the increase of precipitation in a power function manner. Zhang et al. [71]
analyzed the Ei characteristics of maize canopy in China’s main production areas based
on the observation at 13 agro-meteorological stations and also found a positive correlation
between Ei and rainfall.

Ei has changed dramatically over the last two decades across China, with an average
changing rate of 0.45 mm/year. The changing rate of Ei throughout China was similar to
those in some regions of North America [17]. Cesar et al. [76] investigated the interannual
variation of Ei for deciduous banyan trees in Querétaro city in Mexico and reported an
average changing rate of 2.44 mm/year which was higher than those across different
climatic and moisture regions. Zhang et al. [13] investigated the changing trend of Ei
over the world during 2003–2017 and found the vegetation change resulted in an average
increase of Ei by 0.8 ± 3.9 mm/y. The changing rate in some regions in North America and
Europe was similar to that of the similar latitude regions in China [65].

Precipitation contributed about 40% of the interannual change of Ei over China, which
suggested that precipitation was the most important climatic factor driving the interannual
change of Ei over the past two decades. Higher contribution rates appeared in tropical,
subtropical, humid, and semi-humid regions, which were mainly contributed by the
larger LAI, higher vegetation coverage, and more abundant precipitation. The areas were
dominated by subtropical evergreen broad-leaved forest and temperate deciduous broad-
leaved forest with wide leaves and larger LAI [74]. Furthermore, tropical, subtropical,
humid, and semi-humid regions had abundant precipitation throughout the year. On the
contrary, the coupled effect of low level of precipitation and lower vegetation coverage
and LAI contributed to the relatively lower contribution rate in other regions. In particular,
temperature contributed negatively to the interannual change of Ei in tropical, subtropical,
humid, and arid regions, while a positive contribution was observed in other regions.
The contracting contribution of temperature to the variation of Ei was probably due to
the different climate change patterns across different thermal regions [82]. Long term
observation showed that the average temperature in tropical regions and most areas of the
Yangtze River basin in subtropical regions presented a decreasing trend, while precipitation
significantly increased over the last two decades [56]. Precipitation dominated the variation
of Ei in humid and arid regions where increased precipitation contributed to the increase
of Ei, which resulted in the negative contribution of temperature to the change of Ei. While
both air temperature and precipitation increased in temperate regions [83], it resulted in
the positive contribution of temperature to the change of Ei. In the Tibet Plateau region,
which featured extremely cold temperatures, most of the water intercepted by the canopy
appeared in the form of snow and ice, and evaporation increased with the increase of
temperature [84], which contributed to the positive relationship between temperature and
Ei in this region.

LAI contributed a 46.9% interannual change of Ei, which was slightly higher than
42.04% for NDVI. The effect of vegetation dynamic on the interannual change of Ei was
more pronounced in arid regions than that in humid regions. The contribution rates of
NDVI and LAI generally increased from south to north, with the maximum in the temperate
region (Figure 11c). The spatial changing pattern was generally opposite that of NDVI and
LAI, which decreased from south to north. The results indicated that the contribution of
vegetation dynamic to the interannual change of Ei was more pronounced in the region
with lower LAI under the similar precipitation, probably due to the saturation effect of Ei
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at higher LAI [85]. In arid regions and western China, which were dominated by grassland
with lower vegetation coverage and LAI, Ei increased with the increase of LAI [27], while
in the humid and tropical regions, which were dominated by vegetation with higher LAI,
Ei did not significantly increase with the increase of LAI [86]. This saturation effect was
also observed in other regions around the world. Liu et al. [20] found a significant positive
correlation between Ei and LAI, while Ei did not increase significantly with the increase
of LAI at higher values. Fischer et al. [86] analyzed the water use efficiency of poplar in
the Czech Republic. The results showed that the relative respiration rate and transpiration
increased with the increase of LAI and reached saturation at higher LAI.

5. Conclusions

This study investigated the spatial and temporal variation of Ei for different thermal
regions and moisture regions across China during 2001–2020 using PML ET product and
analyzed the contribution of climate change and vegetation dynamics to the interannual
variation of Ei. The results showed that Ei generally decreased from southeast to northwest.
The spatial variation was similar to those of LAI, NDVI and precipitation across China.
As far as the climatic region was concerned, the maximum Ei was observed in tropical
regions, probably due to the dominant landscape of the tropical rainforest. Ei showed a
decreasing trend along the moisture gradient from east to west, mainly contributed by the
precipitation. The results suggested that the coupled effect of precipitation and vegetation
coverage resulted in the spatial distribution of Ei across China. Generally, Ei showed an
increasing trend over the last two decades, with an average changing rate of 0.45 mm/year.
As far as the climatic region was concerned, the most obvious change occurred in the
tropical region with a changing rate of 1.45 mm/year, and the increasing rate generally
decreased along the moisture gradient from east to west, with the most obvious change
occurring in the humid region with a changing rate of 1.11 mm/year. Precipitation was
the most important climatic factor driving the interannual change of Ei over the past two
decades, with an average contribution rate of 30.18~37.59%, with a higher contribution rate
occurring in the humid and semi-humid regions, while precipitation contributed equally
approximately to the interannual change of Ei in four thermal regions. Relative humidity
was another important factor affecting the interannual change of Ei following precipitation.
Temperature showed a negative contribution in the four thermal regions. The contribution
rates of NDVI and LAI followed a similar spatial pattern. Both the contribution rates of
NDVI and LAI generally increased along the moisture gradient from east to west and
generally increased from south to north.
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