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The influence of variations in actual
evapotranspiration on drought
in China’s Southeast River basin

Sheng Hong%3*, Haijun Deng2%3%*, Zhouyao Zheng'%3*, Yu Deng%3*,
Xingwei Chen23% Lu Gao¥%3* Ying Chen'?3* & Meibing Liu%%3*

Revealing changes in actual evapotranspiration is essential to understanding regional extreme
hydrological events (e.g., droughts). This study utilized the Global Land Evaporation Amsterdam
Model (GLEAM) to analyse the spatial and temporal characteristics of actual evapotranspiration

over 40 years in the Southeast River basin of China. The relationship between changes in actual
evapotranspiration and the drought index was quantified. The results indicated a significant increase
in actual evapotranspiration in the Southeast River basin from 1981 to 2020 (2.51 mm/year, p<0.01).
The actual evapotranspiration components were dominated by vegetation transpiration (73.45%) and
canopy interception (18.26%). The actual evapotranspiration was closely related to the normalised
difference vegetation index (r=0.78, p<0.01), and vegetation changes could explain 10.66% of

the increase of actual evapotranspiration in the Southeast River basin since 2000. Meanwhile,

actual evapotranspiration and standardised precipitation evapotranspiration index (SPEI) showed

a highly significant negative spatial correlation, with a Moran’s | index of - 0.513. The rise in actual
evapotranspiration is an important trigger factor for seasonal droughts in the region. Therefore, these
results help deepen the understanding of hydro-climatic process changes in the southeastern coastal
region of China.

Evapotranspiration is a crucial hydrological process that connects water, soil, vegetation, and atmosphere'. Actual
evapotranspiration (ET,) includes evaporation from the soil and open water surfaces and transpiration through
the plant canopy. It accounts for approximately 59% of terrestrial precipitation®. The changing characteristics of
ET, and its potential impacts are at the forefront of climate change research®~>.

ET, in the southeastern coastal region of China has increased significantly (1.87 mm/year) during the past
four decades®. This region has experienced a temperature increase of approximately 0.03 °C/year since 20007.
Simultaneously, this region experienced one of China’s most significant upward trends in annual precipitation
during 1990-2019, with an increase of approximately 5.9 mm/year®. The rising ET, in this region may be due
to the combined effects of temperature and precipitation. In general, ET, changes in humid regions are energy
limited as they are related to changes in temperature or wind speed”!°. Current studies have mainly focused on
the temporal and spatial variations in ET, in the southeastern coastal region of China'"!. It is worth noting that
vegetation changes significantly impact ET,". Transpiration through plant canopy constitutes 57.2% + 6.8% of
global evapotranspiration'*, representing a key component of ET,. For example, in the Haihe River basin, forest
land is equivalent to only 38.57% of cultivated land, but ET, in the forest is approximately 81 mm higher than
those in cultivated land'*. In the eastern monsoon region of China, vegetation transpiration is dominated by
ET,, which accounts for more than 70% of the total ET,; therefore, changes in vegetation need to be considered
when attributing changes in ET,". Rapid land-use changes in the southeastern coastal region of China, ET,, and
the evolution of component proportions are important elements of the regional hydrological cycle'®. Research
on the variability of ET, components in this region and their impacts is still in its infancy”’.

Previous studies have indicated that increases in ET, lead to regional drought events by influencing soil
moisture deficits'”!®. For example, a past study showed that an increase in ET, accelerated the formation and
expansion of summer droughts in Europe'>'?, Seneviratne et al. determined that ET, was the most important
driving factor in the early drought stage but its role gradually weakened with the intensification of drought'’. In
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the southeastern coastal region of China, the drought frequency increased while ET, increased®. However, the
relationship between evapotranspiration and drought has been little studied and has not yet been determined* 2.

Therefore, this study selected the Southeast River basin as the study area and used Global Land Surface
Evaporation: Amsterdam Methodology (GLEAM) data to analyse ET, changes and their influencing factors from
1981 to 2020. The standardised precipitation evapotranspiration index (SPEI) data were then used to explore the
correlation between changes in ET, and drought. The remainder of the study is structured as follows: Section
“Materials and methods” outlines the “Materials and methods” used in the study; Section “Results” analyses ET,
changes and influencing factors, and the relationship between ET, and droughts; Section “Discussion” section
provides a comprehensive discussion; finally, Section “Conclusion” presents the concluding remarks.

Materials and methods

Study area

The Southeast River basin is located in the southeastern coastal region of China (Fig. 1). The basin covers the
provinces of Fujian, Zhejiang, Anhui, and Taiwan and is one of the most important water resource subdivisions
in China. Because of the lack of data for Taiwan, the scope of the Southeast River basin investigated in this
study was limited to mainland China. The watershed covers an area of 24.06 x 10* km? and is situated between
21°90'N ~30°42'N and 116°40'E ~ 122°14'E. The region features a subtropical monsoon climate with an average
annual temperature of 18.10 °C and an annual precipitation of 1624.06 mm. The Southeast River basin has expe-
rienced a temperature increase of approximately 0.03°C/year over the past two decades and has witnessed one of
China’s most significant upward trends in annual precipitation (5.9 mm/year)”®. Although the Southeast River
basin has a typical subtropical monsoon climate, it is subject to drought events and is less resilient to drought risk.

Data sources

Meteorological data

The meteorological data utilised in this study were sourced from the "Daily Value Data Set of Chinese Terrestrial
Climate Information (V3.0)" provided by the National Meteorological Information Center’s, China Meteorologi-
cal Administration (https://data.cma.cn/, accessed on 22 July 2023). The dataset comprised 31 meteorological
stations in the Southeast River basin (Fig. 1). This study collected daily meteorological data from 31 stations
spanning 1981-2020, encompassing mean temperature (‘C), maximum temperature (‘C), minimum temperature
(°C), wind speed (m/s), relative humidity (%), and precipitation (mm).

GLEAM data

The GLEAM dataset is a commonly used remote-sensing-based actual evapotranspiration product developed
and provided by the University of Amsterdam (https://www.gleam.eu/, accessed 22 July 2023)>?%%, There are five
major remote sensing products for ET,: GLEAM, the Breathing Earth System Simulator (BESS), the Advanced
Very High-Resolution Radiometer (AVHRR), the Moderate-Resolution Imaging Spectroradiometer 16 (MOD16),
and the Operational Simplified Surface Energy Balance (SSEBop)?*-*°. Among these, GLEAM, BESS, and AVHRR
are more accurate in the wet region, while BESS has the largest average bias at the monthly scale (- 8.34 mm),
which indicates a large systematic error; AVHRR has a higher accuracy at the global scale but a larger mean
deviation of 114.05 mm/year at the basin scale, which is not applicable to the study area; MOD16 and SSEBop
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Figure 1. The location map of the Southeast River basin of China. (We used ArcGIS10.2 to generate the figure).
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products are more suitable for arid and semi-arid regions, which is not consistent with the climatic characteristics
of the Southeast River basin®'. The advantage of the GLEAM product over the other four products is that it is
suitable for cloudy conditions and has a higher accuracy in the Southeast River basin, with a deviation of — 1.60,
which is suitable for this study area®?. Therefore, the GLEAM product was selected for the study of temporal and
spatial changes and factors influencing ET,.

The GLEAM product utilised in this study exhibited a spatial resolution of 0.25° and a temporal resolution of 1
d for 1981-2020. The GLEMA ETa comprises five primary constituent components?”**-*: transpiration (Et), for-
est canopy interception (Ei), water evaporation (Ew), bare-ground evaporation (Eb), and snow sublimation (Es).
The amount of Es was negligible because of the low latitude of the Southeast River basin, and minimal seasonal
snow accumulation occurred only in the local northern area. Hence, Et, Ei, Ew, and Eb were analysed in this study.

Figure 2 shows a good correspondence between the GLEAM ET, and the Penman-Monteith model (P-M)
ET, of the stations. The Nash-Sutcliffe efficiency coeflicient (NSE), coefficient of linear regression determination
(R?), and percentage deviation (Py;,,) were used to assess the suitability of the GLEAM ET, data. The closer NSE
and R? are to 1 and the closer Py, is to 0, the more suitable the GLEAM ET, data. The results showed that the
GLEAM ET, data are suitable for application in Southeast River basins, with NSE, R?, and P;,, values of 0.87, 0.94,
and — 1.60% respectively. Therefore, this study utilised GLEAM v3.5a ET, data to examine the spatiotemporal
characteristics and components of ET, in the Southeast River basins.

NDVI index

This study used normalised difference vegetation index (NDVTI) data from the Geographic Remote Sensing
Ecological Network platform (http://www.gisrs.cn/, accessed on 22 July 2023). This dataset was based on a
continuous time series of SPOT/VEGETATION NDVT satellite remote sensing data using the maximum value
synthesis method to generate an annual NDVI dataset from 1981 to 2020 with a resolution of 30 m.

Soil moisture data

The soil moisture data used in this study were sourced from the ERA5-Land dataset (https://cds.climate.coper
nicus.eu/; accessed 22 July 2023). Specifically, the ERA5-Land dataset was employed to compute regional soil
moisture content at a spatial resolution of 0.1° and temporal resolution of 1 h, from 1981 to 2020. This compre-
hensive dataset offers four distinct layers of soil thickness, at depths ranging from 0 to 7, 7 to 28, 28 to 100, and
100 to 289 cm.

Drought index

This study employs SPEI data sourced from the SPEI base v.2.7 (https://spei.csic.es/, accessed on 22 July 2023).
This index efficiently identified various types of droughts and their impacts in the context of global warming.
The dataset is highly applicable in wet areas®>*, with positive values indicating regions with higher moisture
content and negative values representing dry regions. The dataset had a temporal resolution of monthly, spatial
resolution of 0.5°, and time series from 1981-2020.

Statistical methods

Mann-Kendall (M-K) nonparametric tests

The Mann-Kendall (M-K) nonparametric test is a time-series analysis method commonly used to analyse cli-
mate and hydrological changes®*~*°. In this study, the M-K trend test method was employed to calculate trends
in ET,, and Sen’s estimation method was used to estimate the trend rates*"*2, The M-K mutation test was used
to test for mutation points in ET,.
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Figure 2. Comparison of GLEAM ET, with monthly station P-M ET, in the Southeast River basin during the
period from 1983 to 2013.
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Multiple regression model

Multiple regression analysis was used to analyse the quantitative relationship between the respective variables
and the dependent variable in the context of linear correlation to obtain the level of response of the independent
variable to changes in the dependent variable. In this study, multiple regression analysis was employed to examine
the impact of the influencing factors on ET, changes*’. As the dependent variable, ET, data and its correspond-
ing variables, including air temperature, wind speed, relative humidity, and NDVI data, were standardised to
ensure that all data fell within the range of 0-1. Subsequently, multiple regression analyses were conducted for
each variable to derive regression coefficients for the standardised data series. The contribution of each variable
to a change in the dependent variable was calculated using the following equation:

Yy =aX1 +bXo 4+ +cX; (1)
_ aAX1
= "Ay, @

where Y is the standardised value of the dependent variable, X;, X», ..., X; is the standardised value of the
independent variable, g, b, ¢ ... are the regression coefficients after standardisation of the data series, i is the
actual contribution to the change in Y; when X; changes, AX is the change in X, and AYis change in Y.

Moran’s Index

The global Moran’s Index and the local Indicators of Spatial Association (LISA) can well reflect the spatial cor-
relation of the variables. This study used these two methods to explore whether ET, affects soil moisture and
drought in the Southeast River basin. The Moran’s Index was proposed by the Australian statistician Parker Moran
in 1950, with a range of [- 1,1]*. The closer the Moran’s Index is to — 1, the stronger the negative correlation of
the elements in space, and the closer it is to 1, the stronger the positive correlation. LISA was divided into four
clusters of “high-high”, “low-low”, “low-high”, and “high-low”, which were represented by the attributes of one
factor in the region and the influence between it and another factor®*. When the “low-high” and “high-low” zones
were larger, the negative correlation of the region was more prominent. In this study, the Moran’s Index (Eq. (3))
and LISA (Eq. (4)) calculations were performed using the Geoda software.
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where z; is the deviation of the attribute of the element from its mean, wij is the spatial weight between elements
i and i, n is the total number of elements, and S, is the aggregation of all spatial weights.

Results

ET, changes in the Southeast River basin

Temporal changes

From 1981 to 2020, the Southeast River basin experienced a minimum annual ET, of 842.04 mm in 1984 and
maximum value of 949.34 mm in 2012. ET, exhibited a significant increasing trend (Fig. 3A) over this period,
with an acceleration rate of 2.51 mm/year (p <0.05). Figure 3A demonstrates a relatively substantial increase
in ET, from 1981 to 2020, with the average ET, increasing from 868.29 mm for 1981-2000 to 927.16 mm for
2001-2020, with a transition from negative to positive ET, anomalies occurring in the year 2000 (refer to Fig. 3B).
The M-K mutation test also indicated an abrupt change in ET, around 2000 (Fig. S1). This revealed large differ-
ences in annual ET, in the southeastern river basins and a significant increase after 2000.

Meanwhile, ET, variation exhibited significant seasonal disparities within the Southeast River basin. During
the winter, the average ET, was 122.43 mm, ranging from 102.74 mm in 1984 to 141.64 mm in 2016 (Fig. 4A).
Overall, there was a significant increasing trend in the winter ET, (0.45 mm/year, p<0.05). In spring, the average
ET, was 240.03 mm, with the highest recorded value of 276.77 mm in 2018 and lowest of 208.05 mm in 1988
(Fig. 4B). The most significant increase in ET, was observed during spring, at a rate of 1.16 mm/year (p <0.05).
During the summer, the average ET, was 329.61 mm, with an increasing trend of 0.43 mm/year (p <0.05).
There was a maximum value of summer ET, in 2006 of 348.12 mm and a minimum value of 293.72 mm in 1999
(Fig. 4C). The autumnal increase in ET, was comparable to that of summer, with an average total ET, of 205.67
mm. The highest value was recorded in 2012 at 226.90 mm and the lowest was recorded in 1981 at 181.86 mm
(Fig. 4D). A comparison of the average annual ET, for each season between 1981-2000 and 2001-2020 revealed
that the most significant change occurred in spring during the latter period, with the increase in ET, during
spring contributing 43% of the multiyear change in ET,, followed by summer (26%), winter (16%), and autumn
(15%). Over the past four decades, the increase in ET, in the Southeast River basin has been primarily attributed
to the spring and summer ET, increase.

Spatial variations
The spatial variability in the multiyear average ET, in the Southeast River basins exhibited significant differences,
ranging from 534.63 to 1345.96 mm. As shown in Fig. 5, ET, in most regions exhibited a dominant increasing
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Figure 3. Change in annual ET, from 1981 to 2020: (A) annual ET;; (B) ET, change. Blue bars indicate the base
period 1981-2010 red bars indicate the base period 1991-2020.
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Figure 4. Seasonal variation of ET, in the Southeast River basin from 1981 to 2020. (A) winter, (B) spring, (C)
summer, and (D) autumn.

trend, with a decreasing trend of ET, only occurring in the northern part. The histogram indicates that most
grids experienced an ET, increase rate ranging from 1.50 to 3.50 mm/year, which corresponds well with the
spatial pattern of ET,.

The spatial variation in ET, in the basin of the Southeast River showed significant seasonal differences. In
winter, the basin-wide ET, tended to increase, except at the individual grid points; however, the rate of increase
was relatively low, at less than 1 mm/year (Fig. 6A). Notably, the southern region exhibited a faster rate of increase
than its northern counterpart owing to higher temperatures during winter. In most areas, the ET, rate increased
by 1.0-2.0 mm/year during spring (Fig. 6B). The central part of the basin experienced a higher rate of increase
than other regions. In summer, the basin experienced an increase in ET,, with a rate of over 1 mm/year for most
grids (Fig. 6C), similar to that in spring (Fig. 6B). During autumn, the central and southern regions of the basin
showed a faster increase in ET, than other areas; however, some parts of the northern region witnessed a lower
rate of increase or even decrease (Fig. 6D). However, all four seasons showed lower growth rates in the northern
region than in the other regions. This may be attributed to the lower elevation of the region and greater increase
in urban land use, resulting in a lower increase in ET,".

ET, components changes

The predominant contributor to ET, in the Southeast River basin was Et, which accounted for 73.45%, followed by
Ei, at 18.26%. Over the past four decades, Et, Ei, Ew, and Eb in the Southeast River basin have exhibited increas-
ing trends (Table 1), with Ei, Ew, and Eb passing the significance test at the 99% confidence level. By comparing
the changes in ET, between 1981-2000 and 2001-2020, a significant increase of 58.87 mm was observed in ET,
during the latter period compared to the former. This increase can be attributed to the Ei (18.49 mm; 31.41%)
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Figure 5. Spatial distribution of annual changes in ET, from 1981 to 2020. (We used MATLAB2021a to
generate the figure, https://ww2.mathworks.cn/products/matlab.html).
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Figure 6. Spatial variations of seasonal ET,, (a) winter, (b) spring, (c) summer, (d) winter. (We used
MATLAB2021a to generate the figure, https://ww2.mathworks.cn/products/matlab.html).

and Et (27.25 mm; 46.28%). Both Ew and Eb exhibited increasing trends, albeit relatively small. Therefore, the
primary contributors to the increase in ET, in the Southeast River basin over the past 40 years were Et and Ei;
thus, vegetation is one of several influential factors that warrant attention.

Et showed significant growth in most of the basin and a negative growth trend appeared only in the north-
ern and eastern coastal regions (Fig. 7A). The regional variation in Ei was similar to but smaller than that in Et
(Fig. 7B). Figure 7C shows that the changes in Ew were relatively dispersed. The distributions of Eb were opposite
to those of Et and Ei, forming a nearly complementary spatial pattern (Fig. 7D). In general, the change in the
distribution of Et and Ei was consistent with that of ET,, which further indicates that Et and Ei are the main
contributing factors to the growth of ET, in the Southeast River basin.
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Component 1981-2020 (mm) | T1: 1981-2000 (mm) | T2:2001-2020 (mm) | T2-T1 | Trend (mm/year)
ET, 897.73 868.29 927.16 58.87 2.51**

Et 659.36 645.77 673.02 27.25 0.87

Ei 163.97 154.73 173.22 18.49 0.93**

Ew 51.33 50.07 52.59 2.52 0.09**

Eb 19.27 17.72 20.83 3.11 0.13**

Table 1. Multi-year mean values and trends of each component of ET, in the basin. **Indicates significance at
a95% confidence level.
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Figure 7. Spatial variations of ET, components: (A) Et, (B) Ei, (C) Ew, (D) Eb. (We used MATLAB2021a to
generate the figure, https://ww2.mathworks.cn/products/matlab.html).

Regarding the proportional changes in components, Fig. 8 demonstrates that the interannual variations in
Ei, Ew, and Eb proportions are consistent with ET,. The trends of the Ei, Ew, and Eb ratios generally aligned with
those of ET,. However, increases in Et and its proportion exhibited opposite trends, particularly after 2000. Dur-
ing the same period, the proportion of Et experienced a more pronounced decrease, whereas that of Ei showed
a significant upward trend. The increase in Ei partially offsets the declining trend of Et; thus, ET, continued to
exhibit an increasing trend. Therefore, it can be assumed that the growth of ET, in the Southeast River basin over
the past four decades has mainly been attributed to vegetation, which needs to be considered when exploring
the factors influencing ET,.

Influencing factors in ET, change

In general, ET, changes in humid regions are mainly limited by energy conditions'®, such as temperature or wind
speed. The correlation coefficient between precipitation and ET, was calculated to be only 0.1 (p=0.27), which
is a small correlation, so it was not analysed as an influencing factor®.

The results of the correlation analysis (Table 2) indicated that temperature, relative humidity, and vegetation
were significant factors affecting ET, variation in the Southeast River basin. This was supported by the strong
correlations between ET, and T (r=0.76, p <0.01), relative humidity (Rhu) (r=- 0.72, p<0.01), and NDVI
(r=0.78, p<0.01).

The contribution of influencing factors to changes in ET, was calculated using a multiple regression model.
The R? of the regression equation was 0.89, indicating that the multiple regression model simulation was effec-
tive. A significant increase in T, Win, and NDVT occurred from 2001-2020 compared to 1981-2000, while
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Figure 8. Proportion changes for components of ET, between 1981 and 2020, (A) Et, (B) Ei, (C) Ew, (D) Eb.

Factors T Win Rhu NDVI
1981-2020 0.76*** 0.13

—0.72%%* 0.78***

Table 2. Pearson’s correlation coefficient shows ET, and the influencing factors in the Southeast River basin.
***Indicates significance at the 99% confidence level.

Rhu experienced a notable decrease. This shift resulted in a marked increase in ET, from 2001-2020. Table 3
indicates that T is the primary contributor to ET,, accounting for 47.93% of the total change, followed by Rhu
at 40.45% and NDVT at 10.66%. These three factors have accounted for a total contribution of 99.11% to ET, in

the Southeast River basin since 2000. Although the contribution of NDVI was only 10.66%, its spatial changes
(Fig. 9) exhibited a pattern similar to that of ET, (Fig. 5).

Relationship between changes in ETa and seasonal drought

The 12-month SPEI showed an increasing trend in the frequency of mid-droughts (SPEI < - 1.0) in the study area
during the period 1981-2020 (Fig. 10). In 1981-2000, 30 months with SPEI < — 1.0 were recorded; in 2001-2020,
36 months with SPEI < — 1.0 were recorded. At the same time, SPEI showed a decreasing trend in most regions,
indicating a drying trend, and only localised regions in the northeastern part showed an increasing trend in
SPEI (Fig. S2). This suggests that spatial variation in SPET has a good negative correlation with the variation in
ET (Fig. 5).

ET, plays a triggering role during drought events. The results depicted in Fig. 11 also demonstrate good
correspondence between the variation in ET, and alterations in soil moisture (SM) and SPEI. From 1981-2000,
negative ET, anomalies corresponded to positive soil moisture anomalies, whereas the SPEI changes remained
relatively small, indicating a low incidence of drought. However, from 2001 to 2020, positive ET, anomalies

Factors ET, |T Win | Rhu NDVI
T1:1981-2000 0.25 0.33 | 041 0.81 | 0.34
T2:2001-2020 0.79 0.69 |0.49 0.37 | 0.62
Amount of Change 0.54 | 036 |0.08 | —0.44 | 0.28
Regression coefficients 0.63 | 0.06 -044 | 0.18
Actual contribution rate /% 47.93 | 0.96 40.45 | 10.66

Table 3. Contribution of each influencing factor to ET, increase (%).
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Figure 9. A spatial pattern of averaged NDVI index (A) and trend (B) over the Southeast River basin from
1981-2020. (We used MATLAB2021a to generate the figure, URL: https://ww2.mathworks.cn/products/matlab.
html).
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Figure 11. Changes in ET, (A), SM (B), and SPEI (C) in the Southeast River basin from 1981 to 2020. The base
period of ET, and SM is 1981-2020.

were accompanied by negative soil moisture anomalies, resulting in an escalating frequency of drought events.
Therefore, ET, changes are closely related to drought in the Southeast River basin.

Here, we selected two of the most severe drought years from 1981 to 2020 for a brief analysis (Figs. $3,54). In
spring 2003, there was a shift from a negative to a positive; however, at this time, there was more soil moisture
and the drought was less severe. In 2011, ET, did not change much but the spring drought was the most severe
of the year. Compared to 2003, 2011 was less dry throughout the year but there was significant drought in the
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spring. This suggests that although there is a tendency for wetting in the Southeast River basins, droughts are
more likely to be concentrated in one period and therefore may lead to more severe water shortages.

The spatial correlations between ET,, SM, and SPEI were analysed and the results are shown in Fig. 12. From
1981 to 2020, the Moran’s Index of ET, and SM was — 0.194, showing a negative correlation (Fig. 12A). Regard-
ing the cluster distribution (Figs. 12B,C), significant negative correlations occurred in the north (low-high
correlation) and south (high-low correlation). Moran’s Index of ET, and SPEI was — 0.513, indicating a highly
significant negative spatial correlation (Fig. 12D). The cluster distribution (Fig. 12E,F) indicated that high-low
and low-high markers occurred in most areas (the low-high correlation occurred in the northern part, and the
high-low correlation was in the central and southern regions), proving that ET, and SPEI are predominantly
negatively correlated, suggesting that increased ET, will lead to drought occurrence to a certain extent. Therefore,

an increase in ET, is an essential driving factor for drought in this region.

Discussion

The drivers of ET, variability are multifaceted and are influenced by various climatic factors. The ET, changes
in humid zones are primarily influenced by energy limitation**. For instance, among the 110 watersheds in
southern China, temperature increase was identified as the dominant climatic factor contributing to the rise in
ET, in 104 watersheds*. As a typical humid subtropical region, the temperature variation in the Southeast River
basin was closely correlated with changes in ET,. Over the last half-century, the temperature in the Southeast
River basin has increased significantly, contributing nearly half of ET, changes in the basin®. Rhu is a crucial fac-
tor affecting the variation of ET,. The findings in Table 2 demonstrate a significant negative correlation between
relative humidity and ET,, as higher relative humidity levels led to lower saturated water vapour pressure differ-
ences, suppressing variations in ET,”". Rhu in the Southeast River basin showed a general decreasing trend dur-
ing 1981-2020, which is consistent with the conclusion found by Lu that the relative humidity in eastern China
(east of 100°E) generally decreased from 1987 to 2007°% Thus, the elevated growth in ET, over the 2001-2020
period may have been partly a result of the apparent reduction in Rhu. Additionally, winning might be one of
the factors that influence changes in ET,. Wind primarily affects ET, by affecting the moisture conditions of
the surface and higher wind speeds result in increased ET,>. Over the past 40 years, wind speed has increased
slightly within the Southeast River basins, while ET, has increased significantly in this region. Furthermore, the

A) Moran' s I: -0.194 B) ©
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I Low-Low (393)
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ETa

(E) (F)
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Al P=0.05 (1519)
P=0.01 (1396)
P=0.001 (1748)

Non-significant (4072)

Non-significant (3386)

Figure 12. Spatial correlation analyses between ET, and SM/SPEI in the Southeast River basin based on
Moran’s index. Moran’s scatterplot (A), spatial clustering (B), and significance distribution (C) of ET, and SM.
Moran’s scatterplot (D), spatial clustering (E), and significance distribution (F) of ET, and SPEIL (We used

GeoDa (1.20.0.36) to generate the figure, http://geodacenter.github.io/download.html).
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correlation coefficient between winds and ET, was insignificant (Table 1), suggesting that changes in winds may
have less influence on ET, than other climatic factors.

In addition to climatic factors, vegetation had a significant effect on ET,. Vegetation change significantly
influences changes in ET, and variations in the proportion of its components®***. The marked increase in urban
land use within the Southeast River basin’s northern and southeastern coastal regions between 1990 and 2015 is
more closely aligned with the distribution of negative NDVI growth (Fig. 9). Being both the primary land-use
type and exhibiting a significant growth trend (937 km? increase)'®, forested areas within the basin may account
for the growth of the overall NDVI. An increase in vegetation will significantly increase vegetation transpiration
and forest canopy interception, while concurrently leading to a decline in Eb. This decrease occurred because Eb
accounted for a smaller proportion of the total ET,*. Therefore, future studies on ET, influencing factors should
focus on a quantitative analysis of the degree of contribution of climate and vegetation factors to ET, variation,
the contribution of multiple factors in different seasons of the year, and further investigate the influence of ET,
variation on the regional hydrological cycle and water storage.

By analysing 40 years of ET, and SPEI, it was found that the annual scale of the Southeast River basin exhibited
a gradual wetting trend, with a slow increase in both ET, and SPEI. This may be attributed to other factors, such
as the significant increase in vegetation cover within the basin, leading to increased Et and Ei*. These findings are
consistent with those reported by Yang et al.’. From 1981 to 2020, the largest increase in ET, within the Southeast
River basin occurred in spring, followed by winter, summer, and autumn. Meanwhile, the SPEI displayed signifi-
cant decreases during spring, smaller decreases during autumn, and an increasing trend throughout summer and
winter. This suggests that drought conditions intensify in spring in the Southeast River basin. The observed trend,
particularly the alteration in SPEI during spring, is consistent with the relationship with the trend in ETa during
spring, as ascertained in the present study. In turn, this study also found a significant positive correlation between
ET, and SPEI through Moran’ index; thus, a decline in SM and intensification of spring drought may occur within
the Southeast River basin due to the persistent escalation of ET, during springtime over recent years and ampli-
fied agricultural irrigation activities®”. The Southeast River basin is economically developed and populated and
the occurrence of droughts can affect the region’s economic development and the ecological environment. Thus,
the basin needs to strengthen its preparedness for seasonal droughts, such as spring droughts, to minimize the
regional social and economic impacts of droughts when they occur. However, there are some limitations in this
study, such as the resolution of the GLEAM product being 0.25°, which may be rough at the basin scale. In the
future, other high-precision ET products based on the fusion of meteorological station data and multi-source
remote sensing data should be considered to improve the accuracy of the analysis of ET elements and provide
better guidance and support for water resource management and planning in the Southeast River basin.

Conclusion

There was a significant upward trend in ET, within the Southeast River basin from 1981-2020, with an increase
rate of 2.51 mm/year (p <0.05). Meanwhile, an abrupt change in ET, occurred in 2000 as the average ETa showed
an increase from 868.29 mm in 1981-2000 to 927.16 mm in 2001-2020. Seasonal differences in ET, were sub-
stantial, with the highest total amount observed during summer and the most remarkable growth rate observed
during spring. This increase was primarily due to contributions from spring and summer. The spatial distributions
of seasonal and annual ET, changes increased in most regions. The increase in ETa in the Southeast River basin
was due to Et, Ei, Ew, and Eb, with Et (46.28%) and Ei (31.41%) being the dominant contributors.

Strong correlations were observed between ETa and T (r=0.76, p <0.01), Rhu (r=-0.72, p<0.01), and NDVI
(r=0.78, p<0.01) in the Southeast River basin. Of these factors, temperature was identified as the dominant con-
tributor (47.93%) to increased ET, since 2000, followed by relative humidity (40.45%) and vegetation (10.66%).

There was good correspondence between the variation in ET, and alterations in SM and SPEI. The Moran’s
Index of — 0.513 and LISA showing high-low and low-high markers prove that ET, and SPEI had a highly sig-
nificant negative spatial correlation. Therefore, an increase in ET, is an essential trigger of drought in this region.

Data availability
The raw data supporting the conclusions of this article will be made available by the authors, without undue
reservation.

Received: 22 July 2023; Accepted: 29 November 2023
Published online: 04 December 2023

References

1. Fisher, J. B. et al. The future of evapotranspiration: Global requirements for ecosystem functioning, carbon and climate feedbacks,
agricultural management, and water resources. Water Resour. Res. 53, 2618-2626 (2017).

2. Oki, T. Global hydrological cycles and world water resources. Science 313, 1068-1072 (2006).

3. Dong, Q. et al. Analysis of the spatial and temporal patterns of actual evapotranspiration in the Weihe River basin since 2000. Arid
Land Geogr. 39, 327-335 (2016).

4. Deng, H., Chen, Y. & Chen, X. Driving factors and changes in components of terrestrial water storage in the endorheic Tibetan
Plateau. J. Hydrol. 612, 128225 (2022).

5. Nistor, M.-M., Satyanaga, A., Dezsi, $ & Haidu, I. European grid dataset of actual evapotranspiration, water availability and effec-
tive precipitation. Atmosphere 13, 772 (2022).

6. Wei, W. & Mo, C. Study of spatiotemporal evolution characteristics of evapotranspiration in southeast coastal areas of china based
on remote sensing data. Water Saving Irrig. https://doi.org/10.12396/jsgg.2022391 (2023).

7. Lu, Y. et al. Evapotranspiration variations of the Minjiang River Basin in Southeastern China from 2000 to 2019. Atmosphere 13,
562 (2022).

Scientific Reports |

(2023) 13:21336 | https://doi.org/10.1038/s41598-023-48663-8 nature portfolio


https://doi.org/10.12396/jsgg.2022391

www.nature.com/scientificreports/

10.

11.
12.

13.
14.

15.
16.
17.
. Berg, A. & Sheffield, J. Climate change and drought: The soil moisture perspective. Curr. Clim. Change Rep. 4, 180-191 (2018).
19.
20.

21.

22.
23.

24.
25.

26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.
44.
45.
46.
47.
48.
49.
50.

51.

52.

. Deng, H. et al. Dynamics of diurnal precipitation differences and their spatial variations in China. J. Appl. Meteorol. Clim. 61(8),

1015-1027 (2022).

. Yang, X,, Yong, B, Ren, L., Zhang, Y. & Long, D. Multi-scale validation of GLEAM evapotranspiration products over China via

ChinaFLUX ET measurements. Int. J. Remote. Sens. 38, 5688-5709 (2017).

Zhan, Y. et al. Analysis of actual evapotranspiration evolution and influencing factors in the Yangtze River Basin. Acta Ecol. Sin.
41, 6924-6935 (2021).

Teuling, A. J. et al. Evapotranspiration amplifies European summer drought. Geophys. Res. Lett. 40, 2071-2075 (2013).
Kumagai, T. et al. Transpiration, canopy conductance and the decoupling coefficient of a lowland mixed dipterocarp forest in
Sarawak, Borneo: dry spell effects. J. Hydrol. (Amst) 287, 237-251 (2004).

Zhang, Y. et al. Multi-decadal trends in global terrestrial evapotranspiration and its components. Sci. Rep. 6, 19124 (2016).

Wei, Z. et al. Revisiting the contribution of transpiration to global terrestrial evapotranspiration. Geophys. Res. Lett. 44, 2792-2801
(2017).

Yang, Z. et al. Spatial and temporal assessment of evapotranspiration and its components in nine major watersheds in China,
1980-2020. J. Geoinf. Sci. 24, 889-901 (2022).

Zhang, J. & Zang, C. Spatial and temporal land use change characteristics and driving mechanisms in the southeastern rivers basin,
1990-2015. Acta Ecol. Sin. 39, 9339-9350 (2019).

Marshall, M., Funk, C. & Michaelsen, J. Examining evapotranspiration trends in Africa. Clim. Dyn. 38, 1849-1865 (2012).

Senevirante, S. I. et al. Swiss prealpine Rietholzbach research catchment and lysimeter: 32 year time series and 2003 drought event.
Water Resour. Res. 48, 11749 (2012).

Jiang, J. et al. Southeast China extreme drought event in august 2019: Context of coupling of midlatitude and tropical systems. J.
Climate 35, 7299-7313 (2022).

Mitchell, P. J., Benyon, R. G. & Lane, P. N. J. Responses of evapotranspiration at different topographic positions and catchment
water balance following a pronounced drought in a mixed species eucalypt forest, Australia. J. Hydrol. (Amst) 440-441, 62-74
(2012).

Gebremeskel Haile, G. et al. Long-term spatiotemporal variation of drought patterns over the Greater Horn of Africa. Sci. Total.
Environ. 704, 135299 (2020).

Zhang, C. et al. A decadal (2008-2017) daily evapotranspiration data set of 1 km spatial resolution and spatial completeness across
the North China Plain using TSEB and data fusion. Remote Sens. Environ. 262, 112519 (2021).

Martens, B. et al. Towards estimating land evaporation at field Scales Using GLEAM. Remote. Sens. 10, 1720 (2018).

Jin, X. & Jin, Y. Calibration of a distributed hydrological model in a data-scarce basin based on GLEAM datasets. Water 12, 897
(2020).

Jiang, C. & Ryu, Y. Multi-scale evaluation of global gross primary productivity and evapotranspiration products derived from
Breathing Earth System Simulator (BESS). Remote Sens. Environ. 186, 528-547 (2016).

Miralles, D. G., De Jeu, R. A. M., Gash, J. H., Holmes, T. R. H. & Dolman, A. J. Magnitude and variability of land evaporation and
its components at the global scale. Hydrol. Earth Syst. Sci. 15, 967-981 (2011).

Zhang, K., Kimball, J. S., Nemani, R. R. & Running, S. W. A continuous satellite-derived global record of land surface evapotran-
spiration from 1983 to 2006. Water Resour. Res. 46, 8800 (2010).

Mu, Q., Heinsch, E A., Zhao, M. & Running, S. W. Development of a global evapotranspiration algorithm based on MODIS and
global meteorology data. Remote Sens. Environ. 111, 519-536 (2007).

Senay, G. B. et al. Operational evapotranspiration mapping using remote sensing and weather datasets: A new parameterization
for the SSEB approach. . Am. Water Resour. Assoc. 49, 577-591 (2013).

Zhu, W, Tian, S., Wei, J.,, Jia, S. & Song, Z. Multi-scale evaluation of global evapotranspiration products derived from remote
sensing images: Accuracy and uncertainty. . Hydrol. 611, 127982 (2022).

Khan, M. S,, Liaqat, U. W,, Baik, J. & Choi, M. Stand-alone uncertainty characterization of GLEAM, GLDAS and MOD16 evapo-
transpiration products using an extended triple collocation approach. Agric. For. Meteorol. 252, 256-268 (2018).

Martens, B. et al. GLEAM v3: satellite-based land evaporation and root-zone soil moisture. Geosci. Model Dev. 10, 1903-1925
(2017).

Wang, D. Spatial and temporal evolution of evapotranspiration and components in Guangdong Province over the past 30 years
based on GLEAM remote sensing data. People’s Pearl River 42, 34-41 (2021).

Wen, X. et al. Spatial and temporal characteristics of surface evapotranspiration in the southwest river headwaters based on multi-
source products. Water Resour. Prot. 37, 32-42 (2021).

Vicente-Serrano, S. M., Begueria, S. & Lopez-Moreno, J. I. A multiscalar drought index sensitive to global warming: The standard-
ized precipitation evapotranspiration index. J. Clim. 23, 1696-1718 (2010).

Yang, Q., Li, M., Zheng, Z. & Ma, Z. Regional adaptation of seven meteorological drought indices in China. Sci. Sin. Terrae 47,
337-353 (2018).

Zakeri, S., Samkhaniani, A., Adeli, S. & Nikraftar, Z. Evaluation of long term trend of different drought indices using Mann-Kendall
and Sen’s slope estimator over Iran. Int. Arch. Photogramm. Remote Sens. Spatial Inf. Sci. XLII-4/W18, 1141-1145 (2019).

Gao, H. & Jin, J. Analysis of water yield changes from 1981 to 2018 using an improved Mann-Kendall test. Remote. Sens. 14, 2009
(2022).

Gocic, M. & Trajkovic, S. Analysis of changes in meteorological variables using Mann-Kendall and Sen’s slope estimator statistical
tests in Serbia. Glob. Planet. Chang. 100, 172-182 (2013).

Burn, D. H. & Hag Elnur, M. A. Detection of hydrologic trends and variability. J. Hydrol. 255, 107-122 (2002).

Sen, P. K. Estimates of the regression coefficient based on Kendall’s Tau. J. Am. Stat. Assoc. 63, 1379-1389 (1968).

Zhang, S. et al. Analysis of the impact of climate change on potential evapotranspiration in the Aksu River Basin. J. Geogr. 65,
1363-1370 (2010).

Moran, P. A. P. Notes on continuous stochastic phenomena. Biometrika 37, 17-23 (1950).

Anselin, L. Local indicators of spatial association-LISA. Geogr. Anal. 27, 93-115 (2010).

Wang, Z. et al. Attributing the evapotranspiration trend in the upper and middle reaches of Yellow River Basin using global
evapotranspiration products. Remote. Sens. 14, 175 (2021).

Miiller Schmied, H., Miiller, R., Sanchez-Lorenzo, A., Ahrens, B. & Wild, M. Evaluation of radiation components in a global
freshwater model with station-based observations. Water 8, 450 (2016).

He, B. et al. Worldwide impacts of atmospheric vapor pressure deficit on the interannual variability of terrestrial carbon sinks.
Natl. Sci. Rev. 9, nwab150 (2021).

Zhang, D. et al. Attribution of evapotranspiration changes in humid regions of China from 1982 to 2016. J. Geophys. Res. Atmos.
125, €2020032404 (2020).

Wang, B. et al. Spatial and temporal characteristics of annual temperatures in first-order watersheds in China. Zykx 41, 152-163
(2019).

Zhong, Z. et al. Disentangling the effects of vapor pressure deficit on northern terrestrial vegetation productivity. Sci. Adv. 9, 3166
(2023).

Lu, A. Impact of global warming on regional relative humidity changes in China. J. Ecol. Environ. 22, 1378-1380 (2013).

Scientific Reports |

(2023) 13:21336 | https://doi.org/10.1038/s41598-023-48663-8 nature portfolio



www.nature.com/scientificreports/

53. Allen, R., Pereira, L. S., Raes, D. & Smith, M. Crop Evapotranspiration: Guidelines for Computing Crop Water Requirements (1998).

54. Lian, X. et al. Partitioning global land evapotranspiration using CMIP5 models constrained by observations. Nat. Clim. Change
8, 640646 (2018).

55. Tang, R. et al. Increasing terrestrial ecosystem carbon release in response to autumn cooling and warming. Nat. Clim. Chang. 12,
380-385 (2022).

56. Huang, K. et al. Effects of land use and climate change on spatial and temporal changes of evapotranspiration in the Haihe River
Basin. J. Geoinf. Sci. 21, 1888-1902 (2019).

57. Zhang, C. & Long, D. Estimating spatially explicit irrigation water use based on remotely sensed evapotranspiration and modeled
root zone soil moisture. Water Resour. Res. 57, 31382 (2021).

Acknowledgements

The authors are grateful to the Chinese Meteorology Administration (http://data.cma.cn/) for providing meteoro-
logical data and Global Land-surface Evaporation: the Amsterdam Methodology dataset (https://www.gleam.eu/)
for providing ET and components of ET data. In addition, the authors thank the ERA5-Land dataset (https://cds.
climate.copernicus.eu/) for providing the soil moisture data. The standardized precipitation evapotranspiration
index (SPEI) is available from https://spei.csic.es/.

Author contributions

S.H.: investigation, visualization, and writing—original draft. H.D.: conceptualization, methodology, validation,
and writing—review and editing. Z.Z. and Y.D.: visualization, supervision, and review. X.C., L.G., Y.C. and M.L.:
contributed to the revision of the manuscript. All authors reviewed and made substantial contributions to this
work and approved it for publication.

Funding

This research was supported by the Projects for National Natural Science Foundation of China (U22A20554),
and the Public Welfare Scientific Institutions of Fujian Province (2022R1002005), and the Natural Science Foun-
dation of Fujian Province(2023J01285), and the Guiding Project for Social Development of Fujian Provincial
Department of Science and Technology(2022Y0007).

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-023-48663-8.

Correspondence and requests for materials should be addressed to H.D.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:21336 | https://doi.org/10.1038/s41598-023-48663-8 nature portfolio


http://data.cma.cn/
https://www.gleam.eu/
https://cds.climate.copernicus.eu/
https://cds.climate.copernicus.eu/
https://spei.csic.es/
https://doi.org/10.1038/s41598-023-48663-8
https://doi.org/10.1038/s41598-023-48663-8
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	The influence of variations in actual evapotranspiration on drought in China’s Southeast River basin
	Materials and methods
	Study area
	Data sources
	Meteorological data
	GLEAM data
	NDVI index
	Soil moisture data
	Drought index

	Statistical methods
	Mann–Kendall (M–K) nonparametric tests
	Multiple regression model
	Moran’s Index


	Results
	ETa changes in the Southeast River basin
	Temporal changes
	Spatial variations
	ETa components changes

	Influencing factors in ETa change
	Relationship between changes in ETa and seasonal drought

	Discussion
	Conclusion
	References
	Acknowledgements


