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Abstract

:

Evapotranspiration (ET) is an important component of terrestrial ecosystems and is sensitive to climate and land-use change due to its obvious link to ecohydrological processes. Therefore, understanding the spatiotemporal variability of evapotranspiration and its drivers under different land cover types plays an important role in estimating the impact of environmental change on the regional water cycle. In this study, we first estimated the spatiotemporal variations of ET for different land cover types in the Yunnan Province from 2001 to 2020 using the MODIS-Terra ET product (MOD16A2.06) and meteorological datasets, and quantified the contribution of six factors: namely, temperature (TEMP), precipitation (PRCP), relative humidity (RH), wind speed (WDSP), soil moisture (SLME), NDVI, elevation, and slope, to the ET under different land cover types by using a ridge regression model. We then discussed the main reasons for the differences in ET in the Yunnan Province under different land cover types. The conclusions are as follows: during the study period, the annual mean ET ranged from 27 to 1183 mm, and there was a large spatial heterogeneity in its spatial distribution, with the smallest increasing trend of 2.1 mm/year in agricultural land and the largest increasing trend of 4.7 mm/year in grassland. Except for cropland, the sum of the relative contributions of the three influence factors, precipitation (PRCP), NDVI, and elevation, to all land cover types exceeded 40%, making them the most dominant factors influencing ET changes in the Yunnan Province. This study provides a comprehensive assessment of the impacts of climate, vegetation, topography, and soils on ET, and contributes to the development of appropriate water resource management policies for different subsurface types in the context of climate warming and revegetation programs.
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1. Introduction


Evapotranspiration (ET) is an important component linking the water, energy, and carbon cycles, reflecting an important physical process of interaction between the atmosphere, vegetation, and soil [1,2,3,4]. ET directly affects the total water resources of a region by returning more than 60% of global terrestrial precipitation to the atmosphere [5]. Also, ET is critical for modeling terrestrial ecosystems, assessing soil moisture stress, and estimating water use for agricultural irrigation. Because ET is involved in multiple processes in terrestrial ecosystems, it is sensitive to climate and land use change [6,7,8]. The significant changes that have occurred in ET over the past few decades on spatiotemporal scales, in conjunction with climate change and human activities, have far-reaching implications for water resources management, the ecosystem, and economic and social development [9,10,11,12]. Therefore, the study of ET trends and their drivers from multi-year datasets is important to ensure the efficient use of water resources and ecological protection.



Evapotranspiration remains the most controversial component of the water cycle due to subsurface spatial heterogeneity, complex near-surface meteorological conditions, and the dynamic variability in water–heat transport processes [13,14]. The accurate estimation of the spatial and temporal variability of surface evapotranspiration (ET) on regional scales currently faces great challenges. In recent decades, scholars have conducted a large number of ET estimation studies around site, basin, and regional scales in order to estimate ET more accurately [15,16,17]. Among them, in situ measurements, such as eddy covariance techniques, liquid-flow measurements, and Bowen’s ratio system, are considered to be relatively reliable methods for estimating ET [18,19], but they are made on small scales (station scales), are not representative of entire ecosystems, and are difficult to generalize to regional or even global scales [17,20]. With the development of remote sensing technology, many process-driven physical models and data-driven models have been developed to accurately estimate ET on regional and global scales. Process-driven physical models such as the Surface Energy Balance System (SEBS) [21], Surface Energy Balance Algorithm for Land (SEBAL) [22], Penman-Monteith (PM) equation based on the Moderate Resolution Imaging Spectroradiometer (MODIS) LAI [23,24], and Priestley-Taylor (PT) algorithm [25,26] et al., compared to data-driven models, can characterize the interactions between the atmosphere, vegetation, and soils, which in turn are more conducive to the study of physical processes in the hydrologic cycle, energy balance, climate, and biogeochemical cycles of ET [8]. Relevant studies [24,27] have demonstrated that the accuracy and timeliness of existing MOD16 products can meet the needs of large-scale, long-term ET change studies to a certain extent.



Climate change has gained prominence in recent years and the water cycle and atmospheric circulation have been altered as a result, with significant impacts on ET [28,29,30]. The study of changes in ET is necessary to understand the extent of changes in the water cycle and energy transport processes. Factors affecting ET can be divided into two categories: climatic conditions (water and energy supply) and surface characteristics. Climatic conditions such as temperature, precipitation, relative humidity, and wind speed affect ET by changing the amount of moisture and energy. Surface characteristics such as land cover type, soil moisture content, vegetation cover, etc., lead to changes in ET by altering water–heat transport processes. Fu et al. [31] investigated the trend of ET in China between 2000 and 2019 using the MOD16 product and attributed the significant increase in ET to climate change, with precipitation being the most important factor. Similarly, Yang et al. [32] suggested that in the Qilian Mountains of NW China, climate change is also directly responsible for the rise in ET, where P (precipitation) is the dominant factor. There have been just as many studies of surface features, especially vegetation changes. Shao et al. [33] used the PT-JPL model to study ET change on the Loess Plateau and found that vegetation greening was the main driver of ET change. In the Loess Plateau region, where the impact of afforestation projects is high, vegetation greening is the dominant factor in the interannual variability of ET in 56% of the region, with a relative contribution of 93% of NDVI [34]. Therefore, it is particularly important to study the important factors affecting the changes in ET.



In the past decades, scholars have conducted in-depth studies on the spatiotemporal trends of ET and its drivers in China; however, studies on the trends of ET and its drivers under different land cover types are still lacking. In order to better understand the regional hydrologic cycle, it is important to quantify the contribution of influences to ET under different land cover types. Since changes in land cover types are influenced by climate change and human activities such as afforestation, urbanization, and returning farmland to the forest and grassland, different land cover types tend to reflect different ET trends and different dominant factors. Moreover, because different land cover types have different land cover, surface albedo, and soil moisture content, their corresponding ET amounts can vary widely. For example, Lin et al. [35] used a generalized nonlinear-complementary model (nonlinear-CR) to address the attribution of ET changes in different land cover types on the Tibetan Plateau, which showed that the dominant factor for ET changes in wet areas such as forests and shrubs between 1961 and 2014 was available energy, whereas in arid areas, such as deserts, ET changes were determined by water and energy factors. Therefore, an in-depth understanding of the individual impacts of different land cover types on ET is important for the development of targeted water management measures in the Yunnan Province, especially in the face of rapid climate change and frequent land resource management and planning.



The aim of this study was to use the MODIS-Terra ET product based on the Penman-Monteith (PM) method to explore: (1) the spatiotemporal patterns of ET change in the Yunnan Province from 2001 to 2020; (2) the quantification of the contribution of each influencing factor to ET and the identification of the main drivers of the different land cover types; and (3) the attribution of the differences in ET under different land cover types.




2. Materials and Methods


2.1. Study Area


The Yunnan Province, between latitude 21°8′–29°15′ N and longitude 97°31′–106°11′ E, is bordered by Guizhou and Guangxi in the east, Sichuan in the north, Tibet in the northwest, Myanmar in the west, and Laos and Vietnam in the south (Figure 1). The Yunnan Province is 56~6477 m above sea level, the terrain is high in the northwest and low in the southeast, declining step by step from north to south, and is a mountainous plateau terrain, with the mountainous area accounting for 88.64% of the total area of the province. The Yunnan Province is rich in land cover types, covering almost all of China’s land cover types, including a very vast area of grassland, which accounts for about 62.7% of the total area of the Yunnan Province, and the second largest area of forest, which accounts for about 27.8% of the total area of the Yunnan Province. The Yunnan climate basically belongs to the subtropical and tropical monsoon climate; northwestern Yunnan is a plateau mountainous climate. Across the Yangtze River, Pearl River, Yuanjiang River, Lancang River, Nujiang River, and Daying River are 6 major water systems. The average annual temperature is high in the southeast and low in the northwest, ranging from 0.6 °C to 26.6 °C, and the areas with greater precipitation are concentrated in the western and southeastern margins, ranging from 651.3 mm to 1695.2 mm, and the wet and dry seasons are distinct, with 85% of the total annual rainfall in the wet season (May–October, the rainy season), and 15% of the total annual rainfall in the dry season (November–April, the dry season). The average annual precipitation and average annual temperature varies widely from region to region.




2.2. Data Sources


2.2.1. ET Data


The MODIS-Terra ET product (MOD16A2.06) obtained from the U.S. Geological Survey (https://earthexplorer.usgs.gov/ (accessed on 9 April 2023)) as the ET data source for this study is an 8-day composite produced with a 500-m pixel resolution. The dataset includes total evapotranspiration (ET), potential evapotranspiration (PET), latent heat flux (LE), and potential latent heat flux (PLE). The evapotranspiration in the MOD16 model was estimated using the algorithm developed by Mu et al. [23] and subsequently improved by Mu et al. [24] The algorithm used for the MOD16 data product collection is based on the logic of the Penman–Monteith equation with input datasets including land cover type (MOD12Q1), FPAR/LAI (MOD15A2), surface albedo data (MCD43B2/MCD43B3), and daily meteorological datasets from MERRA GMAO. The MOD16 model is regarded as the base model for the MODIS evapotranspiration model, which pre-gives surface impedances based on the land cover type, and the magnitude of individual impedances is obtained through a semi-empirical relationship with the vegetation index.




2.2.2. Influencing Factors for Analysis Data


In this paper, a total of eight influencing factors, namely, TEMP, PRCP, RH, WDSP, SLME, NDVI, elevation, and slope, were selected to study the relationship between them and ET. Among them, the temperature, precipitation, air humidity, and wind speed data come from the National Earth System Science Data Center (http://www.geodata.cn/ (accessed on 14 April 2023)), which contains meteorological data with a spatial resolution of 1 km over the land area of China, and the data are obtained based on the reanalysis of meteorological data through spatial downscaling. The NDVI data were obtained from google (https://earthengine.google.com/ (accessed on 14 April 2023)), which was generated from the “MODIS/006/MOD09GA” surface reflectance composite with a spatial resolution of 463.313 m. The ASTER DEM data were obtained from NASA Earthdata (https://search.earthdata.nasa.gov/ (accessed on 15 April 2023)), which provides 30-m spatial resolution DEM data covering the global landmass, and the slope data were generated from the ASTER DEM data. Soil moisture was obtained from the NASA Earthdata (https://search.earthdata.nasa.gov/ (accessed on 15 April 2023)) Global Land Data Assimilation System (GLDAS) 2.1, which provides four soil moisture bands of 0–10 cm, 10–40 cm, 40–100 cm, and 100–200 cm, which were summed to obtain 0–2 m depth soil moisture data. The spatial resolution of the integrated soil moisture data at a depth of 2 metres is 27,830 m. Soil moisture data were interpolated to 500 m resolution by kriging, data for other impact factors were preprocessed by projection rastering and cropping, and the resolution of the impact factor data at 500 m resolution obtained from resampling was consistent with that of the ET data.




2.2.3. Land Cover Data


The land cover data are from NASA Earthdata (https://search.earthdata.nasa.gov/ (accessed on 15 April 2023)). The MCD12Q1V006 product has a spatial resolution of 500 m. The product provides global land cover types in six different classification schemes, the first of which uses the annual International Geosphere–Biosphere Program (IGBP). The first of these is an annual International Geosphere–Biosphere Program (IGBP) classification with 17 bands. We reclassified the Yunnan Province based on its land cover as a forest, shrub, grassland (including savanna: 10–30% tree cover (canopy > 2 m), woody savanna: 30–60% tree cover (canopy > 2 m), and grassland: predominantly annual herbaceous (<2 m)), wetland, agricultural land, bare land, urban and built-up land, water bodies, and snow and ice. Since the MOD16 ET product uses the leaf area index to indirectly reflect the soil moisture content and does not have data on water and the built-up area, six of the land cover types, namely, forests, shrubs, grasslands, wetlands, farmland, and bare land, were selected to analyze the spatiotemporal changes in ET and the contribution of the influencing factors in the Yunnan Province.





2.3. Methods


2.3.1. Trend Analysis


Theil-Sen [36,37] is a median-based nonparametric slope estimator for estimating time-series trends of variables in each pixel. The method reduces the effects of the measurement error and outliers by using the median as a function. The equations are as follows:


  β = M e d i a n       X   j   −   X   i     j − i     , i < j  



(1)




where j and i are used as ordinal numbers of the years, and Xj and Xi represent the variable X’s values within individual pixels during years j and i, respectively. The parameter β signifies the trend of change, with β > 0 denoting an ascending trend and β < 0 indicating a descending trend.




2.3.2. Significance Test


The nonparametric Mann–Kendall [38,39] test was used to assess the significance of long-term trends in different variables. The method does not require the sequence data to follow a normal distribution or a linear trend and is not significantly affected by a few missing values or outliers. Henceforth, it is advocated and extensively employed by the World Meteorological Organization as a standard practice for assessing trends within hydrometeorological temporal data sequences [40,41].



For the time series X = {x1, x2, …, xn}, the test statistic S is defined as:


  S =   ∑  i = 1   n − 1      ∑  j = i + 1   n    s g n     x   j   −   x   i          



(2)




where n is the length of the time series. The sign function sgn() is computed as:


  θ =   x   j   −   x   i    



(3)






  s g n   θ   =         1 , θ > 0         0 , θ = 0       − 1 , θ < 0       .  



(4)







If S is positive (or negative), it indicates a positive (or negative) trend in the time series. S = 0 indicates that there is no potential. When n ≥ 10, the significance of the trend can be tested by the following steps.



The variance of S is given by:


  V a r   S   =     n   n − 1     2 n + 5      /  18   .  



(5)







Therefore, the standardized normality test statistic Z is calculated as:


  Z =         S − 1    V a r   S      , S > 0         0 , S = 0         S + 1    V a r   S      , S < 0        



(6)







α is defined as the significance test level,     Z   ( 1 − α ) / 2     is defined as the standard normal variance, and     Z   >   Z   ( 1 − α ) / 2     indicates a significant change in the increase or decrease of the time series. In this study, we set the significance level at α = 0.05.




2.3.3. Correlation Analysis


Pearson correlation coefficients (PCCs) were used to calculate correlation coefficients between ET and various meteorological factors and NDVI in each pixel. The formula is as follows:


  R =     ∑  i = 1   n          x   i   −   x  ¯        y   i   −   y  ¯             ∑  i = 1   n          x   i   −   x  ¯      2       ∑  i = 1   n          y   i   −   y  ¯      2             



(7)




where n is the length of the time series, i is the number of years, xi and yi are the values of the two factors x, y in year i, and x, y are the n-year averages of the two factors.




2.3.4. Ridge Regression


A common problem in the practice of a regression analysis is multicollinearity. It has a significant negative impact on the least squares estimator. A number of shrinkage estimators have been developed to correct for this problem, prominently among which is the ridge regression model proposed by Hoerl and Kennard [42]. It essentially penalizes the least squares loss by applying a ridge penalty to the regression coefficients. While ridge regression may lead to a reduction in fitting precision, it concurrently yields regression coefficients of greater realism and reliability, accompanied by diminished mean square errors. The least squares estimation for the model is expressed as follows:


      β  ^    k   =       X   ′   X + k   I   p       − 1     X   ′   y  



(8)




where   X =       X   1   ′   , … ,   X   n   ′       ′     and k denotes the ridge coefficient, which is determined from the ridge trace plot. When the trajectories of all regression coefficients in the ridge trace plot tend to be stable, the smallest k is chosen as the ridge coefficient. When multicollinearity exists, that is, two or more covariates in the model are highly correlated,     X   ′   X   does not exist, so a constant matrix   k   I   p     k ≥ 0     is added to significantly reduce the likelihood of     X   ′   X + k   I   p     singularity.



The ridge regression equation is as follows:


    y   i   =     β  ^    0   +     β  ^    1     x   1   +     β  ^    2     x   2   + ⋯ +     β  ^    k     x   k   .  



(9)







If we normalize yi and xi,     z   y   =     y   i   −   y  ¯        σ  ^    y      ,     z   x j   =     x   i j   −     x  ¯    j         σ  ^    j      .



The normalized equation is shown below:


      z  ^    y   =     b  ^    1     z   x 1   +     b  ^    2     z   x 2   + ⋯ +     b  ^    k     z   x k   .  



(10)







      b  ^    k     denotes the degree of influence of each factor on ET; if       b  ^    k      > 0, it means that the factor has a positive effect on ET, and if       b  ^    k      < 0, it means that the factor has a negative effect on ET.



The relative contribution of each influencing factor to ET is calculated from Equation (11).


    C   p   =         b  ^    p             b  ^    1     +       b  ^    2     + ⋯ +       b  ^    k        



(11)




where     C   p     is the relative contribution of an influencing factor to ET and       b  ^    p     is the regression coefficient for each influencing factor in the standardized equation.






3. Results


3.1. Temporal and Spatial Change of ET in Yunnan Province


3.1.1. Interannual Change Feature


Figure 2 shows the spatial distribution characteristics of the average ET in the Yunnan Province for the 20 years from 2001 to 2020. From the figure, it can be seen that the ET distribution in the Yunnan Province is low in the northwest and high in the southwest, and overall, high in the south and low in the north. The maximum value of ET is 1184 mm, which occurs in the southwest of the Yunnan Province, and the minimum value is 27 mm, which occurs in the northwest of the Yunnan Province, and the average value is 463 mm, which is mainly distributed in the northeast, southeast, and central parts of the Yunnan Province. The ET values in the range of 300–450 mm account for the largest proportion of 39.78%, in which it was distributed in all areas except the southwestern part.



In order to study the temporal change characteristics of ET under different land cover types, we used the annual average ET data and land cover type data in the Yunnan Province from 2001 to 2020 to obtain the annual average ET trends of six land cover types, namely the barren (BAR), wetland (WET), shrub (SHR), cropland (CRO), grassland (GRA), and forest (FOR) (Figure 3). As shown in the figure, forest had the highest annual mean ET of 513.96 mm over the 20 years, followed by the grassland (451.05 mm), cropland (415.76 mm), shrub (350.64 mm), wetland (309.19 mm), and barren (163.69 mm). The trend of the annual mean ET for different land cover types showed increasing trends to varying degrees, with a small peak in 2006 and a short surge in 2019. Of the six land cover types, agricultural land had the smallest increasing trend of 2.1 mm/year and grassland had the largest increasing trend of 4.7 mm/year.



The trend of sen slope and mk significance test for the Yunnan Province from 2001 to 2020 are shown in Figure 4. Among them, the areas with a growth trend accounted for 85.15% of the total area of the Yunnan Province, and after the mk significance test, it was found that 35.12% of the areas with a growth trend passed the significance test (p < 0.05). The areas with decreasing trends accounted for 14.85% of the total area of the Yunnan Province, of which only 6.9% passed the significance test (p < 0.05). As a whole, 30.04% of the districts showed a significant increase, which was concentrated in the south–west and central regions. Only 1% of the districts showed a significant decrease, with the significant decreases concentrated in the central region and the peripheral regions for which no data are available. This may be mainly due to the expansion of urbanization.




3.1.2. Monthly Change Characteristics


In order to make the change law of the monthly average ET in the Yunnan Province more intuitive, the monthly ET distribution in the Yunnan Province was characterized as shown in Figure 5. From the spatial distribution of ET in January–May and September–December, ET gradually decreases from southwest to northeast, while in the three months of June–August, it shows a significantly opposite spatial distribution, which is also contrary to the spatial distribution of the yearly average ET, which is most likely related to the rainy season in the Yunnan Province during the months of May–September, where appropriate precipitation promotes an increase in ET, and excessive precipitation inhibits ET instead. The spatial distribution of the Yunnan Province was highly variable from January to December, and the spatial variation of ET reached a maximum of 152.01 mm in March, while the spatial variation of ET was the smallest in June, but still reached 103.79 mm. All twelve-monthly mean ET maxima remained above 100 mm, with significant surface heterogeneity.





3.2. Correlation Analysis of ET Impact Factors


3.2.1. Influence of Climate and Vegetation Factors on ET


Meteorological factors influence ecosystem cycles and flows, and even more so, the three conditions of ET: water conditions, energy conditions, and dynamic conditions. In order to investigate the effects of four meteorological factors: precipitation, wind speed, air temperature, and relative humidity, on ET, correlation analyses were carried out to control for the joint effects of the factors. Seasonal changes in the vegetation canopy alter surface albedo and aerodynamic roughness. Transpiration from plant leaf stomata and evaporation from precipitation trapped by vegetation over large areas play a particularly important role in the water and energy cycle [43,44]. Suzuki & Masuda found and investigated the interannual covariance between continental-scale land surface NDVI and ET from 1982 to 2000. The results indicate that vegetation is the main factor controlling the inter-annual variability of evapotranspiration [45]. Thus, inter-annual or “long-term” changes in vegetation may bring about changes in cycling processes in the atmosphere and hydrosphere through a number of processes. ET can be divided into soil moisture evaporation and groundwater evaporation from evaporating water sources. A portion of the water in the soil evaporates directly in the soil, and the other portion is transpired by the vegetation into the surface and atmosphere. This means that the water content of the soil from 0 to 2 m depth directly affects the evaporation of the soil moisture.



As shown in Figure 6, in general, the correlation between air temperature and ET showed a positive correlation (79.74%) in the vast majority of image elements, and a significant positive correlation (PCCs > 0.6) was observed in some low-lying areas in the southern part of the Yunnan Province and higher areas in the northwestern part of the Yunnan Province, and the percentage of significant positive correlation areas was 6.00%, which indicated that the air temperature had a significant effect on the spatial distribution of ET. The correlation between RH and ET showed a positive correlation (76.60%) in most image elements, with a significant positive correlation in the southwestern and southeastern Yunnan Province (PCCs > 0.6). The correlation between precipitation and ET showed a positive correlation (65.51%) in most of the image elements, and the negative correlation was mainly concentrated in the northeastern, northwestern, and southern parts of the Yunnan Province. Wind speed decreased ET in most of the areas (50.86%), and the negative correlation areas were irregularly distributed in a point-like pattern, and the sum of the percentage of the significant negative correlation (PCCs < −0.6) and significant positive correlation (PCCs > 0.6) was 2.5%, which indicated that the correlation between wind speed and ET was not significant. During the period 2001–2020, the correlation between ET and NDVI was positive in the vast majority of the study area, with only 2.43% of image elements showing a negative correlation, and 37.16% of image elements showing a significant positive correlation (PCCs > 0.6). The correlation between soil moisture and ET was predominantly positive (54.73%), with severe regional differentiation, with a positive correlation in the east and a negative correlation in most of the west.




3.2.2. Correlation with Topography Factors


Elevation and slope are basic topographic features, and complex topography has important impacts on climate change, vegetation cover, soil moisture, and surface runoff, and their changes alter regional atmospheric circulation patterns, which in turn alter the distribution of ET and its dynamical mechanisms [46]. Overall, topography influences the spatiotemporal distribution of evapotranspiration in watersheds, regions, and countries [47,48]. The ASTER DEM data of the Yunnan Province are shown in Figure 7a, which is categorized into nine classes based on its spatial distribution characteristics at 700 m intervals (56–700 m, 700–1400 m, 1400–2100 m, 2100–2800 m, 2800–3500 m, 3500–4200 m, 4200–4900 m, 4900–6477 m). Elevation in the Yunnan Province is generally high in the northwest and low in the southeast, and the overall distribution characteristics are similar to those of ET spatial distribution. Among them, the area with an elevation of 1400–2100 m accounts for the largest proportion of 43.6%, and there is a certain distribution in all cities in the Yunnan Province, with a wide geographical distribution. This is followed by elevation in the area of 700–1400 m with 23.47% ranking second. The average ET of each land cover type under different elevation classes was obtained by analyzing the spatial overlay of ET, land cover type, and elevation data. As shown in Figure 7b, in the forest, grassland, and bare ground areas, the values of ET decreased continuously with increasing elevation, and the decreasing trend was essentially linear. In the wetland and farmland areas, ET increases to a certain extent in the range of 700 m to 2800 m, and then begins to decrease linearly, which may be related to the higher temperatures in the lower regions of the terrain. Wetlands and agricultural fields contain more standing water, have higher soil moisture content, and warm conditions favor the evaporation of soil moisture. The ET of shrubs showed a decreasing and then steady trend with increasing elevation, which indicated that the ET of shrubs was not sensitive to high elevation.



Based on the ASTER DEM data, the slope distribution of the Yunnan Province was mapped (Figure 8). According to the International Geographical Union (IGU) terrain slope classification standard, the slopes of the Yunnan Province were categorized into six categories (0–0.5°, 0.5–2°, 2–5°, 5–15°, 15–35°, and 35–55°). The average ET of each land cover type at different elevation classes was obtained by analyzing the spatial superposition of ET, land cover type, and slope data. The ET of agricultural land and bare land increased with slope. Grassland and wetland ET decreased with an increasing slope, differing in that wetland ET tended to decrease slowly while grassland ET decreased rapidly at higher slopes. Forest and shrub ET showed an increasing and then decreasing trend with an increasing slope, which may be related to the reduced ability of vegetation in areas of high root growth to absorb soil moisture from surrounding areas on steep slopes. In general, with the exception of bare land where surface runoff is sparse and agricultural land where terracing is the dominant cropping method, steep slopes tend to cause a decline in soil evaporation and vegetation transpiration by altering surface runoff, which in turn leads to a decline in ET.





3.3. The Relative Contribution Rate of Influencing Factors to ET


Because there are serious cases of multicollinearity among the eight influencing factors, namely, TEMP, PRCP, SLME, RH, NDVI, WDSP, elevation, and slope, the ridge regression model (RRM) is used to cut down the multicollinearity among the influencing factors, and to obtain more realistic and reliable regression coefficients, at the cost of losing part of the information and lowering the accuracy to a certain extent [49]. The dataset for the ridge regression was obtained from the eight influence factors (xi) of TEMP (°C), PRCP (mm), SLME (mm), RH (%), NDVI, WDSP (m/s), elevation, and slope and the corresponding ET values (yi), and the spatially-balanced sampling was used to obtain the sample points to construct the training sample set (xi, yi), and to use ridge regression modeling to quantitatively analyze the relative contribution of the influence factors to ET.



3.3.1. Histogram of Ridge Regression Coefficients and Contributions of Each Factor on Different Grassland Types


The grassland can be categorized by canopy height and tree cover into grasslands (predominantly annual herbs, canopy < 2 m), savannas (tree cover 10–30%, canopy > 2 m), and woody savannas (tree cover 30–60%, canopy > 2 m). The results of the ridge regression for different grassland types are shown in Table 1 below, where the coefficients of fit (R2) for both grasslands and woody savannas were above 0.6. NDVI; TEMP positively affected ET values for all three vegetation cover types, RH, SLME; DEM negatively affected ET for all three vegetation cover types; slope and WDSP were the factors that increased ET for woody savannas and decreased ET for grasslands. PRCP only had a positive effect on ET in savannas.



The statistics of the relative contribution of different factors to the ET trend in different grassland types are shown in Figure 9. SLME was the dominant factor influencing the ET trend in woody savannas, and unlike woody savannas, the dominant factor influencing the ET trend in savannas was NDVI, with a contribution rate of 27.831%, which may be related to the mixed vegetation cover. The relative contribution of NDVI to ET trend was ranked as savanna > woody savanna > grassland. It is worth noting that elevation, PRCP, NDVI, and WDSP all exceeded 15% of the influences affecting grassland’s ET trends, with no obvious dominant factor.




3.3.2. Histograms of Ridge Regression Coefficients and Contributions of Each Factor on Different Land Cover Classifications


The results of the ridge regression for different land cover types are shown in Table 2 below, where the coefficients of fit (R2) were higher for grassland, cropland, and forest, all exceeding 0.6. The standardized regression coefficients from the ridge regression showed that only NDVI was positively correlated with ET for all land cover types, and only SLME had a negative effect on ET in grassland, while the other influencing factors had a positive effect, and the factor that had the greatest effect on ET was NDVI with a standardized regression coefficient of 0.261; only TEMP, NDVI, and WDSP had a positive effect on ET in shrub, while the others had a negative effect, and elevation had the largest negative effect on ET, with a standardized regression coefficient of −0.259; elevation in barren has a significant negative effect on ET, and NDVI and SLME have a significant positive effect on ET; TEMP, RH, and SLME had a negative effect on ET and SLME with a standardized regression coefficient of −0.391 causing a significant negative effect in cropland. The effects of TEMP and NDVI on ET in the forest were positive, with NDVI with a standardized regression coefficient of 0.283 being the main factor influencing the increase in ET in forest, and PRCP with a standardized regression coefficient of -0.24 being the main factor influencing the decrease in ET in forest. The factors that significantly affect the change in ET of wetland is NDVI and elevation, both of which have a positive effect on ET.



The relative rates of influence of different factors on ET trends in areas with different vegetation cover types were calculated and are shown in Figure 10. Except for the cropland area, the sum of the relative contributions of the three influence factors, PRCP, NDVI, and elevation, in all land cover types exceeded 40%, which became the most dominant factor influencing the change of ET in the Yunnan Province, while WDSP and slope had no significant influence in all six land cover types, and had the least significant effect on the ET in the Yunnan Province. In terms of each land cover type, NDVI became the dominant factor influencing the ET change in grassland with a relative contribution of 24.952%; elevation was the dominant factor affecting the change in ET of shrub with a relative contribution of 30.981% and RH was the second dominant factor with a relative contribution of 28.349%; NDVI, elevation, and SLME in barren all contributed to ET, with NDVI being the dominant factor; SLME contributed the most to the ET change in cropland among the six land cover types with a relative contribution of 35.225%, making it the dominant factor influencing the ET change in cropland; in forest, NDVI was obviously the dominant factor influencing ET, PRCP, elevation, and TEMP also contributed significantly to the change in ET, with relative contributions of 25.94%, 21.998%, 19.89%, and 16.499%, respectively. WDSP, RH, elevation, and NDVI all had some contribution, among which the influence factor with the largest relative contribution was NDVI.






4. Discussion


4.1. Impact of Climate and Vegetation Greening on Ecohydrological Processes


ET is controlled by three main drivers: available radiant energy, available water, and water vapor transport mechanisms between the surface and the atmosphere [50]. Similarly, the results of this study reveal that changes in precipitation and NDVI significantly influenced the changes in ET from 2001 to 2020, implying that climate change and vegetation greening play a crucial role in controlling the changes in ET. Similar conclusions were also found in the Karst region of Southwest China, where Liu et al. [51] concluded that NDVI was the dominant factor controlling the increase of ET in large forested areas in the northwestern and central parts of the region. Niu et al. [52] also observed that in the precipitation-rich southern humid zone, ET increased when precipitation increased. In addition, based on the land type and ET data in the Yunnan Province, it was possible to determine the annual ET of various vegetation covers. The results showed that the ET from the forest were 6.37%, 16.5%, and 37.51% higher than the ET from the xerophytic savanna, savanna, and grassland, respectively. As the proportion of forested land and tree height increases, ET also increases. Also, a significant increase in vegetation cover leads to an increase in ET [53]; it suggests that changes in vegetation cover type have an effect on changes in actual ET. Cropland has large leaf areas, dense vegetation plantings, and high SLME, so cropland also tends to have larger ET than other common substrates. Forests have higher canopy structures, larger leaf areas, and deeper root distributions, suggesting that afforestation and deforestation are the LUCC processes with the greatest impact on ET [54]. At the same time, there are some checks and balances between vegetation growth and water resources. Changes in the functional type of vegetation affect the effectiveness of soil moisture and alter evaporation, transpiration, and water yields [55,56]. The structure and abundance of terrestrial vegetation greatly influences water cycle patterns and the overall ecosystem water balance [57]. Recent research suggests that changes in the subsurface, dominated by vegetation cover, may have a greater impact on the water cycle than climate change in the 21st century [58,59]. Vegetation growth in the humid and semi-humid zones is not yet approaching the limits of sustainable water resource development, and moderate vegetation growth not only contributes to the ecohydrological restoration of the watershed, but also provides a moderate increase in ET, so that the region presents a soil–ecosystem balance.




4.2. Analysis of ET Differences under Different Land Cover Types


NDVI stands as a preeminent metric for assessing the state of vegetation growth and its spatial distribution density. This metric exhibits a linear correlation with the density of vegetation distribution, thereby affording an effective means to portray the current status of growth, as previously noted [60]. Lands characterized by sparse vegetation cover, accompanied by extensive exposed geological strata, exhibit considerable variability and are particularly susceptible to the influences exerted by alterations in both vegetation and climatic conditions. Vegetation status had a significant positive correlation with ET, with evapotranspiration in barren areas being most affected by NDVI, and sparsely vegetated areas tending to be more susceptible to NDVI. This suggests that the function and type of vegetation cover is important for ecohydrological restoration of wetter bare ground areas [61]. TEMP, as the main energy condition, showed different correlations with ET under different land covers. Increases in TEMP not only accelerate soil moisture evaporation, but also control the stomatal opening of plants, which in turn affects photosynthesis and plant growth, leading to changes in vegetation evapotranspiration. Variations in ET within regions characterized by humidity are primarily governed by NR or TEMP. In this context, NR signifies the amount of energy available for allocation to surface heat flux, and it assumes particular significance as a driving force behind the process of ET occurring at the subsurface level [35,62,63]. ET is more influenced by the available energy in forest, cropland, and grassland areas, which are relatively lush and have high vegetation cover, and cropland, which, unlike forests and grasslands, is negatively affected by the fact that the surface of the cropland area is covered by large amounts of artificially irrigated water, which inhibits ET from the soil and the plant root system. Our findings are consistent with previous studies that have shown that ET in highly vegetated areas is primarily related to available energy [25]. PRCP and SLME are the main sources of available water. Different vegetation types and densities are key factors influencing the uptake and maintenance of surface soil water content [64]. In the humid zone savanna, grassland, and forest, excessive PRCP instead had an inhibitory effect on ET, which was consistent with the spatial distribution of ET from June to September in the Yunnan Province (Figure 5). At the same time, SLME has an important role for wetter areas with exposed strata, areas with high SLME can be well watered, and the soil water supply has a clear role in ET. However, SLME was not able to discharge a large amount of irrigation water and PRCP water for wet terraces, which inhibited plant stomatal openings and led to a decrease in ET in the cropland area of the Yunnan Province with the rise of SLME. Slope can affect ET on a spatial scale by influencing the spatial distribution of surface and groundwater, and steep slopes tend to bring about a loss of surface runoff, resulting in a decrease in soil evapotranspiration and vegetation transpiration, which in turn, leads to a decrease in ET [65]. Elevation tends to indirectly affect the ET of an area by affecting the area’s TEMP and NDVI. In cropland and wetland, where the gap in elevation is small, elevation has a positive effect on ET. Therefore, studying the spatiotemporal variability of ET and its influencing factors from the perspective of water cycle characteristics of different land cover types is necessary to understand the variability of the hydrological cycle.




4.3. Uncertainties and Future Improvements


It should be noted that this study is limited by some uncertainties. First, for the soil moisture data, we used the common Global Land Data Assimilation System (GLDAS) 2.1 soil moisture data to estimate the ET in the Yunnan Province; however, although the GLDAS 2.1 soil moisture data has soil moisture data up to a depth of two meters, it has a relatively coarse spatial resolution. Moreover, the selection of different soil moisture data, such as SMAP, may also lead to uncertainty in the estimation of the contribution of impact factors to ET. Secondly, certain land cover types such as barren and wetland have fewer pixel values in the study area compared to other land cover types, which may also lead to reduce the correlation of the impact factors on the contribution of ET under different land cover types. Finally, in quantifying the contribution of the influence factors to evapotranspiration, although the multicollinearity among the influence factors was considered, the multicollinearity differences among the eight influence factors were not quantified using the variance inflation factor (VIF). Future studies should consider further ET estimations of impact factors to obtain more comprehensive conclusions. Moreover, the differences in the contributions of the influencing factors to ET under different land cover types can be integrated into the prediction of the ET land surface model in the future.





5. Conclusions


By using MODIS-Terra ET products and meteorological datasets, this study revealed the ET trends of different land cover types and their correlations with influencing factors on the land scale in the Yunnan Province from 2001 to 2020, and applied a ridge regression model to quantify the contributions of influencing factors to ET under different land cover types. Nearly 85.15% of the area in the Yunnan Province showed an increasing trend in the past 20 years, with the smallest increasing trend of 2.1 mm/year in cropland and the largest increasing trend of 4.7 mm/year in grassland. Except for cropland, the sum of the relative contributions of the three influence factors of PRCP, NDVI, and elevation in all land cover types exceeded 40%, which became the most dominant factor influencing the change of ET in the Yunnan Province, while WDSP and slope had no significant influence in all six land cover types, and had the least significant effect on ET in the Yunnan Province. Among the three grassland types, the relative contribution of NDVI to the ET trend was ranked as: savannas > woody savannas > grasslands. The order of ET water depletion in the Yunnan Province was obtained as (forest > grassland > cropland > shrub > wetland > barren), which provides a reference for the future planning of regional ecosystems. This study provides a good reference. This study supports, to some extent, the variability of hydrological processes in the ecological and climatic environments of different regions by comprehensively evaluating the response of ET to different land cover types on land in the humid zone to hydrological, climatic, topographic, and vegetation factors, reveals the interactions between ecosystem functions and hydrological cycles in the humid zone, and provides a scientific basis for the rational management of water resources in China.
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Figure 1. Geographic location of the Yunnan Province in China: (a) map of the Yunnan Province; (b) spatial distribution of land cover types in the Yunnan Province. 
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Figure 2. Spatial distribution of ET in the Yunnan Province. 
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Figure 3. ET interannual variation of different land cover from 2000 to 2019. 
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Figure 4. Spatial distribution of ET trends in the Yunnan Province. 
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Figure 5. Spatial distribution of monthly ET in the Yunnan Province. 
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Figure 6. The correlation distribution of ET and meteorological factors. 
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Figure 7. (a) Spatial distribution of elevation in the Yunnan Province. (b) Mean evapotranspiration from different elevations under different surface cover types. 
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Figure 8. (a) Spatial distribution of slopes in the Yunnan Province; (b) Mean evapotranspiration at different slopes under different surface cover types. 
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Figure 9. Relative contribution of each impact factor under different grassland types. 
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Figure 10. Relative contribution of each impact factor under different land cover types. 
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Table 1. Results of the ridge regression analysis for different grassland types.
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Factors



	
R2

	
TEMP

	
PRCP

	
WDSP

	
RH

	
NDVI

	
SLME

	
Elevation

	
Slope




	
Landcover

	






	
Grasslands

	
0.62

	
0.113

	
−0.221 *

	
−0.211 *

	
−0.056

	
0.196

	
−0.065

	
−0.183

	
−0.03




	
Savannas

	
0.49

	
0.274 *

	
0.139

	
−0.145

	
−0.199

	
0.403

	
−0.105

	
−0.127

	
−0.056




	
Woody savannas

	
0.77

	
0.119

	
−0.283 *

	
0.025

	
−0.043

	
0.366 *

	
−0.451 *

	
−0.007

	
0.209








Note: * Indicates passing a significance test of p < 0.05.













 





Table 2. Results of the ridge regression analysis for different land cover types.
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Factors

	
R2

	
TEMP

	
PRCP

	
WDSP

	
RH

	
NDVI

	
SLME

	
Elevation

	
Slope




	
Landcover

	






	
grassland

	
0.61

	
0.18 *

	
0.203 *

	
0.055

	
0.079

	
0.261 *

	
−0.015

	
0.119

	
0.134




	
shrub

	
0.48

	
0.028

	
−0.047

	
−0.096

	
−0.237 *

	
0.054

	
−0.011

	
−0.259 *

	
0.104




	
barren

	
0.38

	
−0.022

	
−0.03

	
0.102

	
−0.124

	
0.362 *

	
0.214 *

	
−0.218 *

	
−0.188




	
cropland

	
0.77

	
−0.124 *

	
0.138 *

	
0.061

	
−0.17 *

	
0.033

	
−0.391 *

	
0.179 *

	
0.014




	
forest

	
0.74

	
0.18 *

	
−0.24 *

	
−0.052

	
−0.028

	
0.283 *

	
−0.01

	
−0.217 *

	
−0.081




	
wetland

	
0.41

	
0.008

	
0.082

	
0.183

	
0.178

	
0.307 *

	
−0.141

	
0.218 *

	
−0.058








Note: * Indicates passing a significance test of p < 0.05.
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