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Abstract: Evapotranspiration (ET) affects the dry and wet conditions of a region, particularly in
arid Central Asia, where changes in evapotranspiration profoundly influence society, the economy,
and ecosystems. However, the changing trends in and driving factors of evapotranspiration in
Central Asia remain unclear. Therefore, we used estimated ET and reanalysis data to answer research
questions. Our results showed that (1) potential evapotranspiration (PET) and ET showed a generally
downward trend, in which PET and ET decreased in 37.93% and 17.42% of the total area, respectively.
However, PET and ET showed opposite trends in 59.41% of the study area, mainly showing a
decrease in PET and an increase in ET. (2) The absolute contribution rates of vegetation–human
activity coupling factor (VH), PET, and precipitation (P) to ET were 43.19%, 40.02%, and 16.79%,
respectively, and the VH was the main determiner of ET. (3) Transpiration (ETc) dominated the
change in ET in 56.4% of the region, whereas soil evaporation (ETs) dominated the change in ET in
the rest of the region. The coverage threshold that determines the dominant contributions of ETc

and ETs to ET was approximately 18–19%. Below this coverage threshold, the contribution rate of
ETs to ET exceeded that of ETc and vice versa. In the context of global climate change, this study
can provide scientific support for the restoration of water resources and sustainability evaluation of
water resources.

Keywords: potential evaporation (PET); climatic factors; transpiration; soil evaporation

1. Introduction

Terrestrial evapotranspiration (ET) is a physical process closely related to factors
including the atmosphere, vegetation, soil, and human activity. Changes in ET directly
affect the water cycle and energy balance of the land surface, and profoundly affect water
availability, food supply, and economic development [1,2]. In Central Asia (CA), owing
to the inherently water-scarce and arid environment [3], variation in ET, particularly an
increase, leads to significant challenges to the water supply [4]. As ET is sensitive to
climatic factors [5,6], the CA region could show a trend of increasing ET and decreasing
precipitation [7], and could face severe water shortages in the context of future climate
change. Therefore, understanding the dynamic processes of ET and the driving factors in
changing environments has significant implications for hydrology, ecological research, and
socially sustainable development.

Accurately estimating ET is crucial to determining the changing trends and driving
factors of ET. At present, ET is conventionally estimated by employing four methods:
(1) direct observation by a lysimeter or flux system (EC method), which is currently the
most accurate method to obtain site-scale ET data [8,9]. However, it is difficult for site-scale
observations to meet the requirements of regional-scale research. (2) In research on agricul-
tural water demand and irrigation decision-making, ET can be obtained by multiplying the
reference crop evapotranspiration (also called potential evapotranspiration, PET) and crop
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coefficient [10]. This method is effective for crops, but problems occur when it is applied to
natural vegetation communities with mixed species, as the Kc coefficient (ratio of actual
crop evapotranspiration to reference crop evapotranspiration) of natural vegetation cannot
be effectively obtained. Moreover, studies have shown that the Kc coefficient could vary
with changes in PET [11]. (3) In the field of hydrology, ET is typically estimated using the
water balance method [12,13] based on sufficient hydrological observation data. The ET
estimated in this manner is usually the total ET amount of a region, but low spatiotemporal
resolution limits the application of the method. (4) Another effective approach is estimat-
ing ET using a surface energy balance (SEB) model based on remote sensing data [14,15].
Considering that ET has two main components, transpiration and soil evaporation, the
community land model (CLM) [10] and two-source energy balance (TSEB) model [16] have
been developed and applied to effectively partition these components.

Under the pressure of climate change and the discrepancy between water supply and
demand, it is crucial to understand the driving mechanisms of ET variation to facilitate the
formulation of sustainable water management policies. Generally, PET is highly correlated
with ET and has the same value as ET in areas with ample water supply. Therefore,
PET could be a key factor driving changes in ET. However, PET and ET often have a
complementary relationship because of the spatial heterogeneity of the available water and
energy conditions and the influence of vegetation processes [17]. Consequently, the main
drivers of ET could differ in different regions. Studies have shown that, at the global scale,
precipitation and catchment characteristics are dominant factors controlling the monthly
and annual-scale variations of ET. However, in humid regions, the effect of PET on monthly
ET variability is generally greater than that of precipitation or catchment characteristics [18].
In the arid regions of northwest China, precipitation is the main determining factor of
ET, contributing 73% to the variation in annual ET in vegetated areas [6]. In addition, the
coupling factors between rainfall and vegetation, and rainfall and PET significantly affect
ET [19]. Furthermore, vegetation usually plays an active role in ET changes and dominates
such changes in some regions. In the arid regions of China, an increase in vegetation
dominates positive ET trends for shrubs, meadows, and steppe [6]. In the semi-arid Loess
Plateau, revegetation contributes approximately 32% to the increase in ET [5], whereas
in the Mekong River Basin of South Asia, vegetation greening accounts for 54.1% of the
annual ET change [20].

The arid and semi-arid regions of CA cover an area of 5 × 106 km2 [21], accounting
for approximately 8.4% of the global arid region. In such a vast arid region, changes in
ET inevitably have profound effects on water resources, ecosystems, human society, and
the economy. However, the changing trend of ET and its driving factors in the arid CA
region remain unclear. Current research shows a CA warming rate of 0.4 ◦C per decade
over the past 30 years, which exceeds the Northern Hemisphere average of 0.3 ◦C per
decade [21]. Generally, a temperature rise could lead to a significant increase in PET,
implying an increase in ET. However, considering the complementary relationship between
PET and ET [8,17], the changing trends in PET and ET might not be consistent. In addition,
precipitation in arid regions is completely consumed by the evapotranspiration process.
An increase in precipitation has direct positive effects on ET, but could have a negative
effect on PET [4]. Therefore, in the context of climate change with warming and increased
precipitation [21,22], the changing trends of PET and ET in CA, as well as the effect of PET
on ET need to be investigated.

In addition to climatic factors, human activities often significantly affect natural sys-
tems and could even determine the evolution of regional microclimates and ecosystems in
arid areas. For example, human activities have dominated the evolution of hydrological
and ecological processes in the lower reaches of the Tarim River over the past century [23].
Furthermore, the recent Aral Sea crisis in the CA region is attributed to human activi-
ties [24,25]. Notwithstanding, information on the extent of the influence of human activity
on ET remains insufficient. Therefore, we focused our analysis on the arid CA region and
addressed three research questions through the estimated ET and employing reanalysis
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data. The research questions pertain to (i) the spatiotemporal variation of PET and ET in
CA; (ii) the contribution rate of PET, precipitation, vegetation status, and human activities
to evapotranspiration; and (iii) the roles of transpiration and soil evaporation in ET trends.

2. Data and Methods
2.1. Study Area

CA is located in the hinterland of Eurasia, with a total land area of approximately
566.69 × 104 km2. The coordinates of CA is between 46◦–97◦E and 34◦–56◦N, spanning
six countries from east to west, namely, Kazakhstan (272.49 × 104 km2), Kyrgyzstan
(19.85 × 104 km2), Tajikistan (14.31 × 104 km2), Turkmenistan (48.81 × 104 km2), Uzbek-
istan (44.74 × 104 km2), and the Xinjiang region of China (166.49 × 104 km2) (Figure 1).
Influenced by land and sea location and the interaction between the westerly wind and
the monsoon caused by the “pan-third pole” [26], precipitation in the study area is rare
(about 200 mm/year), with huge regional variations. The annual average precipitation
ranges from less than 30 mm (desert) to more than 1000 mm (mountain). Therefore, the de-
mand of atmospheric evapotranspiration in this region is strong, and almost all the limited
precipitation is consumed by evapotranspiration, thus, becoming a typical resource-water
shortage region [27]. At present, under the influence of global climate change, the ranges
of temperature rise and precipitation fluctuation in CA are higher than the global level,
which has led to great variation of the hydrothermal conditions [27,28] and vegetation
activities [29]. The change of these conditions directly results in the redistribution of water
and heat flux between vegetation transpiration and soil evaporation.
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2.2. Data Sources

In this study, ET was calculated based on remote sensing image data. The data
used were the normalized vegetation index (NDVI), surface temperature (Ts), surface
emissivity (Es), surface albedo (A), and downward shortwave radiation (Sd). These data
were downloaded from Moderate Resolution Imaging Spectrometer (MODIS) data products.
The MOD13A2 dataset was selected for NDVI, with a spatiotemporal resolution of 1 km
and 16 days. We selected Ts and Es from the MOD13A2 dataset, with a daily spatiotemporal
resolution of 1 km. The surface albedo data were selected from the MCD43A3 dataset, with
a spatiotemporal resolution of 500 m, and the Sd data were from the Global Land Surface
Satellite (GLASS) data provided by the University of Maryland team, with a spatiotemporal
resolution of 1 day and 0.05◦. The above datasets were for 2000–2020.

In addition, we used Famine Early Warning Systems Network (FEWS NET) Land Data
Assimilation System (FLDAS) products during 2000–2020. Monthly net radiation, soil heat
flux, air temperature, wind speed, atmospheric pressure, and air-specific humidity (con-
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verted to relative air humidity) were used to calculate PET. The FLDAS monthly datasets,
with a spatial resolution of 0.1◦, were derived from the Noah version 3.6.1 land-surface
model (LSM) (FLDAS_NOAH01_C_GL_M, FLDAS_NOAH01_CP_GL_M) (National Aero-
nautics and Space Administratio, Washington, DC, USA).

Precipitation data from 2000 to 2020 were derived from the European Centre for
Medium-Range Weather Forecasts (ECMWF) Reanalysis V5 (ERA5) land monthly averaged
data, with a spatial resolution of 0.1◦. Elevation data were derived from 1 km global digital
elevation data provided by the US National Oceanic and Atmospheric Administration. The
land cover data were chosen from the 2016 land cover data produced by the European Space
Agency Climate Change Initiative (ESACCI) with a spatial resolution of 300 m. According
to the IPCC land classification, the land cover data were reclassified into eight categories;
forest, shrub, grassland, sparse vegetation (coverage less than 15%), urban land, irrigated
cropland, rain fed cropland, and bare land.

All these data were processed by ArcGIS Desktop V10.3 (Environmental Systems
Research Institute Inc., Redlands CA, USA) and MATLAB software (R2013a, MathWorks,
Natick, MA, USA).

2.3. Methods
2.3.1. Algorithm of ET and PET

We used the Priestley–Taylor diurnal land surface temperature range (PT-DTsR) model
proposed by Yao and coworkers [16] to estimate ET based on the MODIS datasets. This
model partitions evapotranspiration (ET) into four components; soil evaporation (ETS),
vegetation transpiration (ETC), canopy interception (ETi), and wet soil surface evaporation
(ETws). The Priestley–Taylor equation was used to calculate the potential value of each
evapotranspiration component. Subsequently, environmental limiting factors (e.g., soil
moisture limit and temperature limit) were used to correct the potential value and obtain
the actual value of each component.

The classic Penman–Monteith–United Nations Food and Agriculture Organization
(PM–FAO) method [30,31] was used to estimate PET. The data required for the calculation
mainly derive from FLDAS monthly data.

2.3.2. Attribution of ET Changes

Generally, PET refers to evaporative capacity. This variable combines several meteoro-
logical factors, such as air temperature, wind speed, and radiation. Under ideal conditions,
the PET trend is highly consistent with actual evapotranspiration, and variation in PET
represents change in ET.

As the influence of precipitation is not considered in potential evapotranspiration, we
presumed well-growing vegetation underlying the surface. In practice, precipitation and
vegetation are two crucial variables that affect actual evapotranspiration. In arid regions,
where water supply is insufficient, natural precipitation at annual scale is eventually
consumed directly or indirectly through evapotranspiration. Therefore, changes in annual
precipitation in arid regions directly contribute to annual-scale changes in ET. Considering
vegetation is often disturbed by human activities, coupling between vegetation and such
activities is another important and most complex factor in actual evapotranspiration. In
summary, the main influencing factors in the evapotranspiration trend can be summarized
in three aspects; evaporation capacity, water supply, and the coupling factor between
vegetation and human activities. This relationship is expressed mathematically as follows:

∆ET =∆ETpet + ∆ETp + ∆ETvh (1)

where ∆ET is the variability of ET over several years; ∆ETpet is the variability of ET caused
by PET, expressed by the linear slope of annual PET over the last 20 years; and ∆ETp is
the variability of ET caused by changes in precipitation. Based on the assumption that all
precipitation in arid regions is consumed by evapotranspiration, ∆ETp is the linear slope of
annual precipitation over the last 20 years. ∆ETvh represents the variability of ET caused
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by changes in vegetation and human activity, and its value can be solved by the inverse
operation of the above formula.

The contribution rate of each element to ET is estimated using the following formula:

εpet = ∆ETpet/(∣∣∆ETpet
∣∣+ ∣∣∆ETp

∣∣+ |∆ETvh |
)×100% (2)

where εpet represents the contribution rate of PET to ET. Similarly, the contribution rate
of precipitation and the coupling factor of vegetation and human activities to ET can be
calculated and recorded as εp and εvh, respectively.

2.3.3. Trend Analysis

In trend analysis, the Sen Slope estimation is conventionally used to calculate the trend
value and, subsequently, the Mann–Kendall (MK) method is used to judge the significance
of such a trend [32,33].

3. Results
3.1. Changing Trend of ET and PET

Both potential evapotranspiration and actual evapotranspiration showed significant
spatiotemporal variations. The PET in the study area ranged from 610 to 4348 mm, with a
multi-year average PET of 2215 mm. An obvious PET decreasing trend is observed along
with an increase in latitude. However, in an area with similar latitudes, PET also shows
a significant downward trend along with an increase in altitude, similar to the changing
trend of temperature (Figure 2a). The annual ET in CA ranges from 0 to 1038 mm, with a
multi-year average of 138 mm. These figures are consistent with the basic characteristics
of water shortages, sparse vegetation, and substantial distribution of bare land in arid
regions. In terms of spatial variation, ET does not show variation with latitude but does
show a tendency for high ET values in high-altitude areas, which is the opposite of the
performance of PET (Figure 2c). The relationship between ET and elevation mainly depends
on vegetation conditions. In arid regions, natural vegetation growth in mountainous areas
is often superior to that in the plains. Therefore, the spatial variation of ET is highly
consistent with the spatial variation of NDVI, tending to show higher values in mountains,
oasis farmland, and vegetation areas, as well as river systems.

Over the past 20 years, PET and ET have shown diverging trends (Figure 2b,d). In
the entire CA, PET shows a downward trend in 85.24% of the area, with 37.93% of the area
showing a significant downward trend. As regards to the increasing trend, PET shows
such a trend in only 14.76% of the total area, with 1.69% of the area showing a significant
increasing trend. The spatial variation of PET shows a downward trend in the central and
eastern regions of CA, with a significant decrease in the eastern Xinjiang region and the
northern high-latitude region (Figure 2b). Compared with PET, ET shows a downward
trend in only 51.92% of the area, with a significant downward trend in 17.42% of this
area. In the remaining 48.08% of the area, ET shows an increasing trend, with a significant
increasing trend in 16.43% of the area. In the eastern and central regions of CA, a more
obvious increasing trend in ET is shown, with a decreasing trend in the western region.
This trend is the opposite of the spatial distribution characteristics of PET trends (Figure 2d).
The transition matrixes of different PET and ET trends also show the robust opposite trends
of PET and ET (Figure 2e). The area where PET and ET maintain an increasing trend
accounts for only 1.51% of the total study area, whereas a decreasing trend accounts for
39.07% of the total area. In contrast, in the remaining 59.41% of the area, PET and ET show
opposite trends. In 13.22% of the total area, PET increases and ET decreases, whereas PET
decreases and ET increases in 46.19% of the total area.
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Figure 2. Spatiotemporal changing trends of annual PET and ET during 2000–2020. (a,b) Multi-year
average PET and its changing trend over the same period. (c,d) Multi-year average ET and its
changing trend during the same period. (e) Area transfer matrix between PET and ET, with different
change trends. The characters “DEC” and “INC” mean the decrease and increase trends, respectively,
and the symbol “*” shows that the change trend reaches the significant level (95% confidence).
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3.2. Attribution of ET Trend

The variation in ET not only depended on the changing trend of PET but also was
affected by precipitation, vegetation conditions, and human activities. In particular, the
coupling factor between vegetation and human activity (VH) was the main determinant
of the change in ET. The contribution rate of VH to ET change was positive in 82.64%
of the entire CA region, with an average contribution rate of 45.62%. In the remaining
17.36% of the region, the contribution rate of VH to ET change is negative, with an average
contribution rate of −31.64% (Figure 3a). Further, PET has a significant effect on ET, with
its contribution to ET being second only to that of VH-PET. The contribution rate of PET
to ET change in 22.33% of the total area is positive, with an average of 34.83%. In the
remaining 77.67% of the area, the contribution rate of PET to ET change is negative, with
an average value of −41.38% (Figure 3b). The average contribution rate of precipitation
to ET is the lowest. In 36.71% of the study area, the contribution rate of precipitation
to ET is positive, with an average rate of 10.29%. In the remaining 63.29% of the area,
variation in precipitation leads to a decrease in ET, with an average contribution rate of
−20.34% (Figure 3c). Overall, at a regional scale, the average contribution rates of VH, PET,
and P to ET (considering positive and negative effects) are 32.21%, −24.26%, and −9.07%.
The average absolute contribution rates are 43.19%, 40.02%, and 16.79%, respectively. In
addition, the standard deviations of the contribution rates of VH, PET, and P to ET are
54.73, 34.83, and 26.40, respectively, indicating that VH has the most significant effect on
ET, followed by PET, whereas precipitation is a relatively stable factor. The absolute value
of the contribution rate of VH is the main factor leading to ET change, regardless of the
effect being positive or negative.

From the perspective of different land-use types (Figure 4c), from Crop I, urban land,
bare land, Crop R, forestry, shrubs, and grassland to sparse vegetation, the absolute value of
the contribution rate of VH to ET decreases from 51.19% to 40.54%. The absolute values of
the contribution rate of PET and precipitation to ET show a slight fluctuation and increase,
with no significant negative correlation between them (R2 = 0.44, p < 0.05). The absolute
value of the contribution rate of PET to ET is between 32.32 and 44.45%, of which PET has
the highest contribution rate to Crop R and the lowest to Crop I. The absolute value of the
contribution rate of precipitation to ET is between 11.85 and 22.65%, of which P has the
lowest contribution rate to Crop R and the highest to sparse vegetation.

The contribution rate of PET to changes in ET was highest in low-coverage areas.
Along with an increase in vegetation coverage, the contribution rate of PET generally
showed an obvious downward trend; however, with intense fluctuation in high-coverage
areas (mountainous areas with high-vegetation coverage and irrigated agricultural areas).
The contribution rate of precipitation to ET increased with an increase in coverage, but the
contribution rate tended to be stable when the coverage exceeded 30%. The contribution
of VH to ET along the coverage gradient shows a relatively gradual increasing trend
(Figure 4b). Similar to the contribution rate of PET to ET, the contribution rates of P and
VH show substantial fluctuations in high-coverage areas.

Along the altitude gradient, the contribution rate of PET showed a trend of initially
slowly decreasing and then increasing, and PET often had the lowest contribution rate
at altitudes of approximately 2050–3500 m. The contribution rate of VH to ET reached a
maximum at an altitude of approximately 1000 m, after which it started to decrease with
the increase in elevation. The contribution rate of VH to ET increased with an increase in
elevation above 4000 m. The contribution rate of P to ET remained low at an altitude of
approximately 1000 m, increased with an increase in altitude, and significantly decreased
when the altitude exceeded 4000 m (Figure 4a). The contribution rate of precipitation to ET
along the altitude gradient was negatively correlated with PET (R2 = 0.42, p < 0.01) and VH
(R2 = 0.61, p < 0.01).
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(a) and vegetation cover (b) grades, and that in different vegetation types (c). In panel (c), the Crop
I and Crop R present the irrigated and rain-fed cropland, and Sparse V is the sparse vegetation
(coverage less than 15%).
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3.3. Contribution of Soil Evaporation and Transpiration to ET Change

The contribution rates of ETC and ETS to ET are similar, but with obvious regional
differences (Figure 5). In the study area, the average contribution rates of ETC and ETS to
ET variation are 49.62% and 50.38%, with ETC dominating the change in ET in 56.4% of
the area, and ETS dominating in the rest of the area. The contribution of ETC to ET change
is highly correlated with vegetation coverage, and the contribution rate rapidly increases
along with an increase in vegetation coverage. The contribution rate of ETC to ET change
tends to be smooth when the vegetation coverage exceeds 40%. The changing trend of the
contribution rate of ETS to ET with vegetation coverage is the opposite of that of ETC. The
coverage threshold that determines the dominant contributions of ETC and ETS to ET is
approximately 18–19%. Below this coverage threshold, the contribution rate of ETS to ET is
greater than that of ETC, and the lower the coverage, the stronger is the dominance of ETS.
However, when the coverage exceeds this threshold, the contribution rate of ETC to ET is
greater than that of ETS, and the higher the coverage, the greater is the contribution rate of
ETC (Figure 5a).
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crop I and crop R represent the irrigated and rain-fed croplands, respectively, and sparse V indicates
sparse vegetation.

Among the different land-use types, ETS almost completely dominated the changing
trend of ET on bare land, being dominant in 92.25% of the total bare land area. Moreover, in
areas of sparse vegetation, shrubs, grassland, and urban land, ETS influenced ET changes,
being dominant in 33.99%, 38.49%, 19.35%, and 16.66% of the total area of the above land-
use types, respectively. As regards forest and farmland types, ETC dominated the changing
trend of ET, being dominant in more than 95% of the area. Generally, except for bare
land, ETC is the dominant factor in ET change in different land-use types, being dominant
in 99.51%, 96.98%, 95.10%, 83.34%, 80.65%, 66.01%, and 61.51%, respectively, of rain fed
cropland, forestry, irrigated cropland, urban land, grassland, sparse vegetation, and shrub
areas (Figure 5b).

4. Discussion
4.1. Driving Forces of ET Variation in Arid Region

Generally, variations in ET are influenced by climatic factors, vegetation, and human
activities. In the humid areas of mainland China, the contribution of climate variation to
ET change is higher than 90%, and the contribution of vegetation greening is lower than
10% [34]. Among the climatic factors; precipitation, air temperature, wind speed, and
relative humidity have obvious effects on the evaporation process [35]. Current research
shows that, from regional to global scales, precipitation is the most important climatic factor
influencing ET [6,18,36]. However, vegetation factors could make a more significant contri-
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bution to ET in some areas [6]. For example, re-vegetation of the Loess Plateau (quantified
by an increase in NDVI) contributed approximately 32% to the increase in ET [5], whereas
vegetation greening accounted for 54.1% of the annual ET variation in the Mekong River
Basin [5,20]. Our study showed that climate variation dominated the inter-annual variation
in ET in the arid regions of CA. The contribution of evaporation capacity, represented by
PET to ET, was far greater than that of precipitation, with the average absolute contribution
rates of the two factors being 40.02% and 16.79%, respectively. However, the average
absolute contribution rate of the coupling factor of VH to ET was also high at 43.19%. This
indicates that coupling factors of VH remain the most important influence on ET among the
three elements [evaporation capacity, water supply (precipitation), and coupling between
VH activities] in the arid region of CA.

Human activity is one of the most important factors affecting the water cycle. On
the one hand, it changes the runoff process and total land water storage [37,38], and on
the other hand, it directly or indirectly affects ET by altering the local hydrological and
vegetation processes [39,40]. However, quantitatively assessing the effect of large-scale
human activities on ET remains a challenge. This study tries to estimate the approximate
spatial characteristics and degree of influence of human activities on ET based on the
following workflow (Figure 6). In areas with no or sparse vegetation, the coupling factor of
VH should be dominated by human activities. In such areas, human activities affect the
groundwater level and soil moisture by changing the surface runoff process, groundwater
pumping for irrigation, farmland drainage, and other events, thereby affecting the ET
process. Here, we set the proportion of ETS to ET at higher than 90% to represent areas
with no or sparse vegetation. Therefore, the contribution rate of VH may be understood as
that of human activities in these areas. Thus, human activities could dominate ET variation
in 34.39% of the total CA area, and the average absolute contribution rate of that was
approximately 43.74% (Figure 6a). In the remaining 65.61% of areas with vegetation activity,
we set the threshold for the contribution rate of human activities to NDVI at greater than
50% to quantify the influence of human activities on ET (the estimation method is shown in
Appendix A). The area where human activities could be dominant comprises 32.70% of the
total area, and the absolute average contribution rate of human activities to ET is at least
32.97% (Figure 6b).

Although this study can roughly distinguish the impact of human activities on ET,
there is still some uncertainty in this analytical framework. In an area with ETS greater
than 90% of ET, the contribution of human activities could be overestimated because
the influence of vegetation is not excluded, although the vegetation is extremely sparse.
Underestimation could occur in the remaining areas, as only the indirect contribution of
human activities to ET is considered through a direct effect on NDVI, whereas the possible
effect of direct human activities on ET is not considered. Nevertheless, it is inferred that
the contribution rate of VH to ET in the arid region of CA may be dominated by the
contribution rate of human activities. The dominant area of human activities accounts for
approximately 67% of the total area, and the average absolute contribution rate is between
32% and 43%.

The estimated contribution rate of human activities to ET change in this study is
within the range of the estimations in the temperate monsoon and northwest arid regions of
China (12–45.54%) [41,42]. Moreover, our estimation was consistent with those in the Aral
Sea basin of Central Asia, where the contribution rate of human activities to ET changes
was 45.54% [43]. While in the Aksu River basin in the Xinjiang region of Central Asia,
human activities can explain more than 80% of ET changes in the vegetation system [44].
The above results mean that in the arid region of Central Asia, human activities may be
the main driving factor leading to ET changes, and its role is often higher than that of
precipitation. Furthermore, the impacts of human activities on ET may be less affected by
local water conditions.



Remote Sens. 2023, 15, 1150 11 of 18Remote Sens. 2023, 15, x FOR PEER REVIEW 12 of 20 
 

 

 
Figure 6. Contribution rate of human activities to ET, distinct from the contribution rate of VH cou-
pling factors to ET. (a) Contribution rate of human activities to ET in areas with no or extremely 
weak vegetation; (b) Contribution rate of human activities to ET in other areas where human activ-
ities dominate the NDVI. The histogram in panels (a,b) shows the area percentages where human 
activity dominates ET change and the average absolute contribution rate of human activity to ET in 
the area where human activity dominates the contribution rate of the VH coupling factor to ET. 

4.2. Effects of PET on ET 
Research regarding the effects of climatic factors on ET often focuses on the influence 

of specific meteorological elements, such as temperature, precipitation, wind speed, radi-
ation term, and sunshine time [6,19]. However, analysis results could contain uncertainty 
owing to a probable autocorrelation between these meteorological factors. Therefore, PET, 
as a comprehensive index combining several meteorological elements, could represent 
regional evaporation capacity and climatic effects on ET, with the exception of precipita-
tion. Generally, an increase in PET indicates an increase in ET, and this relationship is 
widely used in estimating crop water requirements [47]. Our research showed a positive 
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coupling factors to ET. (a) Contribution rate of human activities to ET in areas with no or extremely
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dominate the NDVI. The histogram in panels (a,b) shows the area percentages where human activity
dominates ET change and the average absolute contribution rate of human activity to ET in the area
where human activity dominates the contribution rate of the VH coupling factor to ET.

The results of typical regions in the study area also show that the analysis framework
proposed in this study is a robust method. For example, owing to the intensification of
human activities, especially agricultural activities, the 321 km river course in the lower
reaches of the Tarim River was cut off for several years (1982–2000), groundwater level sig-
nificantly decreased, and vegetation was severely degraded [23]. Since 2000, a sustainable
ecological water conveyance project has been carried out in the lower reaches of the Tarim
River, and the vegetation in the lower reaches has been restored [40]. As a result, ET in this
region has shown a significant increase trend. The absolute contribution rate of human
activities to ET is as high as 50%, higher than that of PET (47.32%) and precipitation (2.68%).
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In the plains-desert area of the whole Tarim River basin, owing to the need to guarantee
the ecological water demand of rivers and natural vegetation which has arisen in the past
10 years, as well as the expansion of irrigation areas and the impact of other projects [45,46],
human activities have always been the greatest factor affecting the natural system in the
region. Our assessment results also showed that the absolute contribution rate of human
activities to ET in this region is as high as 48.77%. In addition, irrigation agriculture in
CA is strongly affected by human activities, so the absolute contribution rate of human
activities to ET is 37.16% in irrigated crop land. At the same time, owing to the demands
of water supply of irrigated crop land, the variation of evaporation capacity is another
key factor contributing to ET. In this regard, this study also successfully detected that the
absolute contribution rate of PET to ET is 32.32%, which is second only to the impact of
human activities.

4.2. Effects of PET on ET

Research regarding the effects of climatic factors on ET often focuses on the influence of
specific meteorological elements, such as temperature, precipitation, wind speed, radiation
term, and sunshine time [6,19]. However, analysis results could contain uncertainty owing
to a probable autocorrelation between these meteorological factors. Therefore, PET, as a
comprehensive index combining several meteorological elements, could represent regional
evaporation capacity and climatic effects on ET, with the exception of precipitation. Gener-
ally, an increase in PET indicates an increase in ET, and this relationship is widely used
in estimating crop water requirements [47]. Our research showed a positive relationship
between PET and ET in 40.59% of the CA region. However, this positive relationship is not
universal. Our study also showed that PET and ET had opposite trends in 59.41% of the
total study area (Figure 2e). This finding could be mainly ascribed to the combined effects
of precipitation, vegetation, and human activities. In areas with high annual precipitation
and low temperatures, vegetation grows well, vegetation coverage is high, and it has a
larger ETC, often presenting the paradoxical phenomenon of PET and ET, and vice versa.
In our study, the paradox between PET and ET mainly manifested as a decrease in PET
and an increase in ET. In the context of climate change, the declining trend of PET could be
ascribed to an increase in temperature [47], inhibiting the trend of promoting PET increase
through temperature rise. In addition, other factors, such as wind speed, significantly affect
PET. In the arid region of northwest China, which is the eastern part of CA, the decline in
wind speed dominates the decline in PET [35,48].

4.3. Effects of Soil Evaporation and Mitigation Measures

Water is limited for the evaporation process in most of the CA region, except in
several mountainous areas where the water conditions are sufficient. Water conditions
determine evapotranspiration and the growth and development of natural vegetation;
however, the sparse vegetation in the region leads to severe loss of soil evaporation. In our
study, total soil evaporation accounted for 56.51% of total evapotranspiration. Artificial
vegetation (farmland), natural vegetation, and bare land accounted for 13.48%, 55.03%, and
31.49% of the total study area, and contributed 15.53%, 54.34%, and 30.13% of the total soil
evaporation, respectively (Figure 7). Artificial vegetation showed the highest contribution
rate to soil evaporation in terms of the contribution rate per unit area.

The water-energy-food-ecology system is particularly vulnerable in CA, and the
available water resources cannot meet the demand for the expansion of arable land. For
example, in the Tarim Basin, the proportion of agricultural water consumption of total
water consumption has reached 95%, with prominent overutilization of water resources [47].
Accordingly, if soil evaporation of existing farmlands could be reduced, the utilization
rate of water resources could be significantly improved. According to our preliminary
calculation results, soil evaporation related to rain-fed agriculture and irrigated agriculture
was equivalent to 42.7% and 75.42% of transpiration, respectively. Measures to reduce soil
evaporation could effectively expand the planting area, particularly for irrigated farmland.
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Referring to the successful experience of irrigated agriculture in Xinjiang, China, technical
measures such as drip irrigation and film mulching could be effective ways to improve the
current water resource utilization efficiency and reduce wasteful soil evaporation.
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5. Conclusions

Both PET and ET exhibited significant spatial and temporal variabilities. Over the
past 20 years, PET and ET have generally shown a downward trend, but ET had a weaker
downward trend and a stronger increasing trend than PET. In 59.41% of our study area, the
changing trends of ET and PET showed contradictory trends.

The average absolute values of the contribution rates of VH, PET, and P to ET were
43.19%, 40.02%, and 16.79%, respectively. The contribution rate of VH coupling elements
dominated the ET changes in CA regions. In addition, the contribution rates of ETC and
ETS to ET were comparable, although regional differences were observed. Overall, except
for bare land, ETC was the dominant factor in ET in the various land-use types. The
contribution rates of ETC and ETS to ET change were highly correlated with the vegetation
coverage. The coverage threshold determining their dominance was approximately 18–19%.
Below this coverage threshold, the contribution rate of ETS to ET was greater than that of
ETC, and vice versa.

The data required by the analysis method proposed in this study are easy to obtain and
the calculation process is simple, and it should, therefore, have high applicability in other
regions. However, the impact of human activities and natural factors on ET is complex,
and it is often difficult to partition the individual effects. Thus, this study can only give
an approximate estimation of the impact of human activities on ET. As pointed out, our
research method may overestimate the impact of human activities on ET in areas with
sparse vegetation, while the opposite may occur in areas with lush vegetation. Therefore,
a more accurate assessment method based on biological and physical processes is still
required and needs to be addressed in future studies.

The driving factors of ET are the key issues of the water-energy-food-ecology system.
Insightfully revealing the contribution of VH, PET, and P to ET would help to elucidate the
influencing factors and driving mechanisms of ET under future climate change conditions,
improve the efficiency of utilizing water resources, and ensure ecological and water security.
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Appendix A

a. ET estimation and validation

This study estimated ET by using the modified satellite-based Priestley–Taylor algo-
rithm [16]. This model is based on the PT-JPL model [49], and uses the apparent thermal
inertia (ATI) instead of relative humidity (RH) and water vapor pressure deficit (VPD)
to calculate soil moisture constraints. The modified algorithm simplifies the calculation
process and reduces data requirements, which can well overcome the lack of ground data in
CA [50]. This model partitioned evapotranspiration (ET) into four components: soil evapo-
ration (ETs), vegetation transpiration (ETc), canopy interception (ETi), and wet soil surface
evaporation (ETws). The calculation formulas for the above components and variables are
shown in Table A1.

Considering that using data from different data sources will bring uncertainty to ET
simulation results, this study uniformly uses MODIS data to estimate ET. For the acquisition
of air temperature (Ta), we took Ta, NDVI, Ts, and DEM as input variables, and performed
a linear regression estimation based on the measured temperature at the site, thus obtaining
the Equation (A1):

Ta= 0.87× Ts+3.03×NDVI − 0.008×DEM + 35.14 (A1)

Table A1. Model parameters and equations.

Parameter Description Equation

ET Evapotranspiration ETs + ETc + ETi + ETws
ETc Vegetation transpiration (1− fwet) fv fTα ∆

∆+γ Rnc
ETs Soil evaporation (1− fwet) fsmα ∆

∆+γ (Rns − G)

ETi Vegetation interception evaporation fwetα
∆

∆+γ Rnc
ETws Wet soil surface evaporation fwetα

∆
∆+γ (Rns − G)

fv Fraction of green vegetation in the scene NDVI−NDVImin
NDVImax−NDVImin

fT Plant temperature constraint exp
[
−
((

Ta − Topt
)
/Topt

)2
]

fsm Soil moisture constraint ( 1
DT )

DT/DTmax

fwet Relative surface wetness fsm
4

Lu Upward long wave radiation εsσ(Ts + 273.15)4

Ld Downward long wave radiation (1 + 0.26 n)εaσ(Ta + 273.15)4

εa Atmospheric emissivity 1− 0.261 · exp[−7.77× 10−4 × (Ta + 0.15)2]
Rn Net radiation Sd(1− A) + εs Ld − Lu
Rnc Net radiation to the vegetation Rn fv
Rns Net radiation to the soil Rns = Rn(1− fv)

https://ladsweb.modaps.eosdis.nasa.gov/
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land-monthly-means?tab=overview
https://www.ngdc.noaa.gov/mgg/topo/DATATILES/elev/
https://www.ngdc.noaa.gov/mgg/topo/DATATILES/elev/
https://cds.climate.copernicus.eu/cdsapp#!/dataset/satellite-land-cover?tab=form
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In the above formulae, Ta represents the air temperature, Ts represents the surface
temperature, Topt represents the optimum temperature (25 ◦C), A is the surface albedo,
and NDVI is the normalized vegetation index. ∆ is the slope of the saturated vapor
pressure curve (kPa/◦C); γ is the psychrometric constant (0.066 kPa/◦C) and DT is the
diurnal temperature range, DTmax = 60◦; n is the cloudiness varying from 0 to 1 and is
set as an invariant constant (0.5) in this paper; εs is the surface emissivity; σ is the Stefan–
Boltzmann constant (5.67 × 10−8 W m−2 K−4); Sd is the surface downward shortwave
radiation (W/m2).

The modified satellite-based Priestley–Taylor algorithm used in this study has been
demonstrated to be effective in estimating ET under large-scale environmental gradi-
ents [16,50]. Furthermore, compared with the PM-mod model [51] and the PML model [52],
this model has significant advantages in simulating ET temporal changes in China [50].

In addition, we verified the estimation results of this study with flux observation data
(Akesu and Fukang sites) and simulation data from PML_V2 model [53]. On the site scale,
the determination coefficient (R2), root mean square error (RMSE), mean absolute percent
error (MAPE), and Nash-Sutcliffe efficiency coefficient (NSE) between the simulated and
measured ET values were 0.88, 9.68 mm, 17.24%, and 0.85, respectively (Figure A1a). Al-
though the estimated monthly evapotranspiration is often low, the simulated and measured
data are in good agreement over time.

Research has verified that the data of PML_V2 (with a spatiotemporal resolution of
0.05◦and per year) has good accuracy [53,54]. Therefore, this study compared the annual ET
data estimated in this study with the PML_V2 simulation data. The R2, RMSE, MAPE, and
NSE between the estimations and values of PML_V2 model were 0.85, 60.70 mm, 16.90%,
and 0.78, respectively (Figure A1b). Compared with the PML_V2 data, although the data
simulated in this study still has a certain degree of underestimation, the overall accuracy is
acceptable, especially the estimated results in this study are more advantageous in terms of
temporal changes.
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error (MAPE), and Nash-Sutcliffe efficiency coefficient (NSE) between the simulated and 
measured ET values were 0.88, 9.68 mm, 17.24%, and 0.85, respectively (Figure A1a). Alt-
hough the estimated monthly evapotranspiration is often low, the simulated and meas-
ured data are in good agreement over time. 

Research has verified that the data of PML_V2 (with a spatiotemporal resolution of 
0.05°and per year) has good accuracy [53,54]. Therefore, this study compared the annual 
ET data estimated in this study with the PML_V2 simulation data. The R2, RMSE, MAPE, 
and NSE between the estimations and values of PML_V2 model were 0.85, 60.70 mm, 
16.90%, and 0.78, respectively (Figure A1b). Compared with the PML_V2 data, although 
the data simulated in this study still has a certain degree of underestimation, the overall 
accuracy is acceptable, especially the estimated results in this study are more advanta-
geous in terms of temporal changes. 

 
Figure A1. Validation of the ET data estimated using the modified Priestley–Taylor algorithm based 
on the MODIS remote sensing dataset. Panel (a) is the scatter plot between the estimated and meas-
ured monthly ET in two flux sites (Akesu and Fukang sites). Panel (b) is a scatter plot of the annual 
ET data estimated in the study and PML_V2 model which was downloaded from the National Ti-
betan Plateau Data Center (DOI: 10.11888/Geogra.tpdc.270251; CSTR: 18406.11.Ge-
ogra.tpdc.270251). 

b. Contribution rate of human activities and climate factors to NDVI 
Vegetation changes are affected by climate factors and human activities (land use 
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Figure A1. Validation of the ET data estimated using the modified Priestley–Taylor algorithm based
on the MODIS remote sensing dataset. Panel (a) is the scatter plot between the estimated and mea-
sured monthly ET in two flux sites (Akesu and Fukang sites). Panel (b) is a scatter plot of the annual
ET data estimated in the study and PML_V2 model which was downloaded from the National Tibetan
Plateau Data Center (DOI: 10.11888/Geogra.tpdc.270251; CSTR: 18406.11.Geogra.tpdc.270251).

b. Contribution rate of human activities and climate factors to NDVI

Vegetation changes are affected by climate factors and human activities (land use
changes). Therefore, human activities not only directly affect ET, but also indirectly affect
ET by affecting NDVI. Therefore, further decomposition of vegetation and human activity
coupling factors (VH) is required.

In bare land or extremely sparse vegetation areas, the coupling factor between vegeta-
tion and human activities (VH) should be dominated by human activities. In these areas,
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human activities affect groundwater processes and soil hydrological processes by altering
surface runoff processes, pumping groundwater, or farmland irrigation and drainage,
thereby affecting ET processes. Here, we set the proportion of ETs/ET > 90% to represent
this area, and define the following discrimination rules:

εh = εvh, εndvi = 0 ETs > 0.9× ET

εh = εh_ndvi × εvh, εndvi = εvh − εh ETs ≤ 0.9× ET
(A2)

where εh represents the contribution rate of human activities to ET; εndvi is the contribution
rate of vegetation elements to ET; εvh is the contribution rate of coupled elements of
vegetation and human activities to ET; εh_ndvi represents the contribution rate of human
activities to NDVI.

The impact of human activities on NDVI can be expressed as:

∆NDVI = ∆NDVIt + ∆NDVIp + ∆EThum (A3)

where ∆NDVIt, ∆NDVIp, and ∆NDVIhum represent the influence of air temperature,
precipitation, and human activities on NDVI, respectively. ∆NDVI is the variability of
the average annual NDVI over many years, which can be expressed with its linear trend.
The relationship between annual NDVI and climatic factors can be fitted by the following
linear regression:

NDVI = a′ × T + b′ × P + c′ (A4)

The following formula can be deduced from the Equation (A4):

∆NDVIt = a′ × Tslope (A5)

∆NDVIp = b′ × Pslope (A6)

∆NDVIh = ∆NDVI − ∆NDVIt − ∆NDVIp (A7)

Thus, the contribution rate of human activities on NDVI expressed as:

εh_ndvi = ∆NDVIh/(|∆NDVIt|+
∣∣∆NDVIp

∣∣+ |∆NDVIh|
)× 100% (A8)
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