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Background and Aims: Evapotranspiration is an important part of the water cycle and energy cycle. However, even under the same climatic condition, there are spatial differences in actual evapotranspiration (ETa) due to different land use and land cover. To characterize the influence of different vegetation types on ETa in China, this study parameterized the vertical distribution of the root systems of different vegetation types.
Methods: A one-dimensional soil-plant-atmosphere continuum (SPAC) model was constructed, and these root distribution functions were used to improve the root water absorption modulus of the soil-plant-atmosphere continuum model. Based on the improved model, the actual evaporation actual transpiration and ETa under different vegetation types were calculated, and the reasons for different ETa of different vegetation types were analyzed.
Results: The results show that the root distribution of all vegetation types increases first and then decreases as the depth increases, and almost all the maximum values are in the range of 0–20 cm. The savanna has the shallowest root system, while the barren has the deepest root system. The average ETa calculated in China was about 342.2 mm/y in 2015. The average ETa of the broadleaf evergreen forests is the largest, about 773 mm/y and the barren is the smallest, about 151 mm/y. The average annual precipitation is the most important factor affecting the ETa differences of different vegetation types.
Conclusion: The results provide solutions for estimating the ETa of different vegetation types and are significant to water resources management and soil and water conservation.
Keywords: root distribution function, root water absorption module, SPAC, ETa, China
1 INTRODUCTION
Evapotranspiration (ET) is an integral part of the hydrological cycle and the second most significant part of the water cycle in most terrestrial areas (after precipitation) (Allen et al., 1998; Liu et al., 2010). To correctly manage and allocate water resources, it is necessary to accurately assess ET under different climates, geographic regions and land use, espically actual evapotranspiration (ETa) (Peters et al., 2011). However, the ETa under different vegetation types is still challenging to distinguish quantitatively. Accurately distinguishing the ETa under different vegetation types contributes to the rational allocation of water resources in different ecosystems and has an important guiding significance for agricultural water-efficient irrigation, combating desertification, and soil and water conservation (Li et al., 2017; Du et al., 2019; Sun et al., 2020). It is also crucial for the quantitative assessment of the hydrological cycles and climate change in different regions. For terrestrial ecological hydrology, climate change, and other models, estimating root water uptake is the key factor in quantifying vegetation transpiration, and the difference in root distribution is critical in distinguishing between the water uptake of different vegetation roots (Zeng et al., 1998; Zeng, 2001; Kumar et al., 2015).
When calculating the ETa under different vegetation types, if the water uptake by plants in several soil layers is considered, the vertical distribution of the roots can represent the water uptake rate of the plant’s roots in different soil layers (Zeng, 2001). The ETa of different vegetation types can be obtained by simulating the vertical distribution of different vegetation root systems. Therefore, in the relevant models of plant water absorption, the parameterization of root distribution is very important. However, as the root system grows in the soil, it is not easy to sample in a large area. Researchers often use different root distribution models for different land surface models, due to the lack of root distribution data to parameterize a global root distribution function (Nepstad et al., 1994; Jackson et al., 1996; Zeng, 2001).
The collection of a large amount of root data is a key to rebuild the root distribution of plants over a wide range. Some researchers supplement the parameterization of root distribution by collecting root distribution data from existing data. For example, Gale and Grigal (1987) summarized 123 root distribution data from 19 articles and fitted a single factor root distribution function. Jackson et al. (1997) and Canadell et al. (1996) integrated root data from over 200 documents worldwide. They built a comprehensive and significant database on maximum root depth, root distribution, biomass and other data of terrestrial biological communities. The root distribution parameters of 11 major terrestrial biological communities are obtained through single factor function fitting, which is widely used. Based on the database, Zeng (2001) improved the single factor root distribution function by considering the maximum root depth and obtained the two-factor root distribution function, which applies to the three most widely used land cover types with three sets of parameters. These root distribution data were used in the European Centre for Medium-Range Weather Forecasts (ECMWF) operational model and global reanalysis (Zeng, 2001). Schenk and Jackson (2002a) proposed a logistic dose-response curve (LDR), which collected 475 root profiles and fitted the root distribution parameters of 15 types of plants worldwide.
However, these global studies are extensive in scope, and the simulation of root distribution on a small scale is not accurate enough. More concentrated collection of target areas or target vegetation types is required. To obtain more precise vegetation root distribution parameters, some researchers collect and analyze data on the vegetation root of a specific type of vegetation or a particular area. For example, Fan et al. (2016) collected the root distribution data from temperate crops and used the LDR function to adjust them to obtain the root distribution parameters of 14 temperate crops. Yang et al. (2009) collected plant root samples from the Qinghai-Tibet Plateau and used a single factor function adjustment to obtain the parameter β (i.e., the parameter of the single factor function) of three alpine vegetation. The root distribution data of the area can be collected and parameterized to obtain the more accurate root distribution parameters with regional characteristics or vegetation characteristics, thus improving the accuracy of the eco-hydrological process simulation in the area. However, the study focused on the distribution of vegetation roots in the scale of the whole China is few. Furthermore, the three global root distribution models fit with limited data from China (Jackson et al., 1996; Zeng, 2001; Schenk and Jackson, 2002a). These models’ parameters are insufficient to replace the root distribution of Chinese vegetation. Therefore, China was selected as the study area.
Soil-plant-atmosphere continuum (SPAC) theory is a primary system theory in the field of ET evaluation. The SPAC system effectively integrates soil, plant and atmospheric systems. It suggests using a “water potential” energy unit to quantitatively study the energy change of water in each link to calculate water flux (Philip, 1966). A SPAC model based on this system can consider the effects of soil moisture and different vegetation cover types on ET. In the root water uptake module of the SPAC model, different root distribution functions can be used according to different vegetation types to distinguish the root water uptake of different vegetation types and then combined with the soil water stress function to obtain ETa. In the SPAC model, the actual evaporation can also be calculated based on the topsoil evaporation module. Therefore, this study uses a one-dimensional SPAC model to estimate the ETa under different vegetation coverage. Since the availability of meteorological date such as precipitation and temperature in 2015 is accessible, the ETa in 2015 was calculated to analyze the impact of root distribution parameters of different vegetation on ETa.
In summary, China was selected as the study area and 2015 was selected as the simulation period. There are two main goals: 1) to parameterize the vertical root distribution of different vegetation types in China’s terrestrial areas and obtain parameters that can more accurately simulate the vertical distribution of vegetation roots in China; 2) apply the root system distribution function to the one-dimensional SPAC model to explore the impact of different vegetation types in China on ETa. In this study, a database of vegetation root distribution in China was constructed, and vertical root distribution parameters with characteristics of Chinese vegetation were obtained, which provides a theoretical basis for simulating ecological processes, hydrological processes and climate simulation of different vegetation coverage types in China. This study is an essential practical guide for agricultural water-efficient irrigation, soil and water conservation, desertification control, etc.
2 MATERIALS AND METHODS
2.1 Root Data Sources
Based on the core collection of Web of Science (WoS) and China National Knowledge Infrastructure (CNKI), the research collected 277 articles related to the distribution of plant roots, including the vertical distribution data of plant roots at 281 research sites and 786 sections (Figure 1, references from Appendix). Among them, 20 (2.5%) sections are divided into two layers, 103 (13.1%) sections are divided into three layers, and 663 (84.4%) sections are divided into more than four layers. Among all sections, the maximum depth of 576 sections (73.3%) is less than 100 cm, and the maximum depth of 167 sections (21.2%) is between 100 and 200 cm. In addition to collecting and sorting out the root distribution data of each profile, this study also recorded other detailed information such as the geographic location (longitude, latitude, altitude), soil type, annual precipitation, annual average temperature, root measurement type (total, fine and thick), measurement methods, measurement items (root biomass, root length, root length density, etc.), sampling depth and others for each sample point. Because of the different measurement items of root distribution, this study will uniformly convert them into a proportional form to compare and analyze them.
[image: Figure 1]FIGURE 1 | Land cover map (IGBP) and geographic locations of root profiles in the China database. Data from Appendix.
The classification of vegetation types adopts the International Geosphere-Biosphere Program (IGBP) (Sweeney, 1997; Zeng, 2001; Friedl et al., 2010). This program divides all land cover types into 17 categories, including 12 types of natural vegetation (including wasteland) and five types of no vegetation cover. In this study, a land cover type map was drawn based on Moderate Resolution Imaging Spectroradiometer (MODIS) remote sensing data products (Figure 1). All root profiles collected were classified according to the IGBP classification scheme. Classification results are evergreen needleleaf forests (n = 43), evergreen broadleaf forests (n = 46), deciduous needleleaf forests (n = 1), deciduous broadleaf forests (n = 176), mixed forests (n = 2), closed shrublands (n = 33), open shrublands (n = 63), woody savannas (n = 1), savannas (n = 10), grasslands (n = 54), croplands (n = 315) and barren (n = 41). It should be noted that, although parameters of these vegetation types have been optimized in this study, the ETa of deciduous needleleaf forests, mixed forests, and woody savannas were not analyzed statistically due to the small number of samples (n < 3).
2.2 Root Vertical Distribution Model and Parameter Optimization Method
In this study, three cumulative root distribution functions were selected for parameter optimization, i.e., finding the optimal parameters of the root distribution function within a given range based on the measured data. These three functions are all fitted from global root distribution data and consider several types of vegetation (Jackson et al., 1996; Schenk and Jackson, 2002a; Zeng, 2001). The cumulative distribution functions of the three root systems are shown in Eqs 1–3. Eq. 1 is a single factor function of the vertical distribution of root systems of major terrestrial communities in the world (Gale and Grigal, 1987). This equation has simple parameters and wide applications and is widely cited (Jackson et al., 1996). Zeng (2001) developed Eq. 2 using the single factor function (Jackson et al., 1996), considering the depth of the root and refined it to obtain a two-factor function. This equation and associated parameters were used in the open ECMWF model and the global reanalysis dataset. Eq. 3 is the LDR curve proposed by Schenk and Jackson (2002a), based on the relationship between root system depth and root system distribution.
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In the equation, Y is the cumulative root distribution ratio of the soil surface to the depth d (cm), the range is [0,1]; β is a single parameter with no physical significance; a and b are typical plant-related parameters, and the unit is m− 1; D refers to the soil depth, in m; r(d) refers to the cumulative root number (or biomass, length) above the profile depth d, corresponding to the [image: image] unit; [image: image] refers to the total root number in the profile (or total biomass, total Length); [image: image] refers to the depth when r(d) = 0.5 [image: image], in cm; c refers to a dimensionless parameter, which is only related to plant types.
Since Eq. 3 describes the cumulative distribution function of the root system, the unit of r(d) in the equation will with the change in [image: image]. To unify the units of each function and make it easier to calculate the root distribution ratio of each layer of the plant, Eq. 3 is converted into a root cumulative distribution function, as shown in Eq. 4:
[image: image]
In Eq. 4, Y is the cumulative proportion of the root system, and the range is [0,1]; [image: image] is the root system depth when Y = 0.5, in cm; the other parameters are the same as in Eq. 3.
Root Mean Square Error (RMSE) ranged from 0 to 1 was chosen as a quantitative index (Kennedy and Neville, 1986), which is given by:
[image: image]
In Eq. 5, [image: image] and [image: image] represent the proportion of observed and predicted roots in layer i, and n is the number of root layers. The optimization ranges of the parameters of the single factor function (Eq. 1) are fixed at [0.9,1] (Jackson et al., 1996). The range of the four parameters (a, b, [image: image], c) in the two-factor function (Eq. 2) and LDR curve (Eq. 4) is defined between the maximum and minimum values, that is, the ranges of a, b, [image: image], and c are 4.372 to 10.74, 0.978 to 2.614, 5 to 28, and -2.621 to -1.176, respectively (Zeng, 2001; Schenk and Jackson, 2002a).
In this study, each vegetation type will be fitted according to three root distribution models, and the three mean RMSE will be calculated according to the three fitting results. The root distribution model with the smallest mean RMSE was selected for each vegetation type.
2.3 Construction of One-Dimensional SPAC Model and Calculation of ET
A one-dimensional SPAC model was constructed in this study, including a soil infiltration module, a soil water movement module, a topsoil evaporation module, and a root water absorption module. The model’s basic assumption is that the water in the cell mainly moves vertically, and the water movement in the horizontal direction is ignored. The SPAC model concept diagram was shown in Figure 2.
[image: Figure 2]FIGURE 2 | One-dimensional Soil Plant Atmosphere Continuum model concept diagram. [image: image] is daily precipitation at the current time step. [image: image] is daily actual transpiration at the current time step, which is the sum of root water uptake volume. [image: image] is daily actual evaporation at the current time step. [image: image] is soil moisture of nth layer before the current time step. [image: image] is the infiltration volume of the nth layer at the current time step. [image: image] is the root water uptake volume of the nth layer at the current time step. [image: image] is the root percent of the nth layer in this pixel. [image: image] is the response coefficient of water stress in the nth layer at the current time step. [image: image] is the amount of uninfiltrated water at the end of the current time step.
2.3.1 Soil Infiltration Module
The soil infiltration module adopts the Green-Ampt layered infiltration model modified by Fleechinger (2000) to calculate the cumulative infiltration amount in each layer:
[image: image]
where [image: image] is the dimensionless cumulative infiltration volume; [image: image] is the dimensionless time; [image: image] is the dimensionless depth.
2.3.2 Soil Moisture Movement Module
The soil water movement module uses the one-dimensional Richards equation, combined with the Van Genuchten model, to numerically simulate the soil water movement (Richards, 1931; Van Genuchten, 1980), which is given by:
[image: image]
where C is the specific water capacity; ψ is the soil matrix potential; is the soil moisture content, m3/m3; K is the soil unsaturated hydraulic conductivity, m3/d; t is the time, day; z is the vertical coordinate, down is positive.
2.3.3 Topsoil Evaporation Module
The evaporation modulus of the topsoil uses the empirical function proposed by Belmans et al. (1983). According to the extinction coefficient and leaf area index (LAI), the ETp is divided into potential transpiration (Tp) and potential evaporation (Ep).
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The actual surface evaporation (Ea) is calculated as follow:
[image: image]
In Eqs 8–10, [image: image] , [image: image] , and [image: image] in mm/day; [image: image] is the water stress coefficient (see section 2.3.4); [image: image] is the reduction coefficient, set at 0.6 in this study.
2.3.4 Root Water Absorption Module
The root water absorption module calculates the layered stress of Tp to obtain the actual water absorption (i.e., Ta) of plant roots. This module is modified based on the Feddes model (Feddes and Zaradny, 1978). Considering the influence of soil moisture, root distribution functions of different vegetation can also be used to distinguish their root water absorption. For example, after determining that the vegetation coverage type is an evergreen coniferous forest, the corresponding root system distribution function and parameters can be obtained according to the root vertical distribution model and parameter optimization method. These root distribution functions and their parameters are used to calculate root water absorption. Finally, the ET of evergreen coniferous forest vegetation can be obtained. The modified equation is as follows:
[image: image]
In Eq. 11, S(z, t) refers to the root water absorption in mm; [image: image] is the response function of water stress; [image: image] is the root density distribution function, which is replaced by Eqs 1–3. Different formulas are used for land cover types. See Supplementary Table S1 for details; [image: image] in mm.
The water stress response function is a key function of soil moisture affecting ETa, which is very important throughout the model. This study uses the water stress response function proposed in the FAO-56 (Allen et al., 1998). The equation is as follows:
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In Eqs 12–15, [image: image] refers to the coefficient of water stress, in the range [0,1]; TAW refers to the total available soil moisture in the root zone in mm; RAW refers to the soil moisture available in the root zone in mm; [image: image] refers to the water consumption in the root zone, [image: image] refers to the root water consumption of the i-1 layer in mm; p refers to the proportion of TAW that the crop can be extracted from the roots without being exposed to water stress, the fixed value is 0.5 in this model; [image: image] refers to the wilting point in m3/m3. In this study, the residual moisture content [image: image] is used instead; [image: image] refers to the field water holding capacity in m3/m3; [image: image] refers to the soil moisture content of the i-1 layer in m3/m3; zr is the root depth in m.
2.3.5 Boundary Conditions and Initial Conditions Setting
The upper boundary is defined as a free boundary, including ET, precipitation, and so on. The lower boundary condition is set as a free drainage state. The model simulation time step is 1 day, the simulation continues for 365 days, the only moisture source is precipitation, and the unit is mm/day. The soil layer selected in the model is 0–200 cm, divided into 20 layers; each layer is 10 cm. The initial soil water potential is set to -0.5 to -1.95 m with an interval of 0.1 m. Depending on the growing conditions of the plants, plants only have transpiration when the temperature is 10°C or above, and there is no transpiration when the temperature is less than 10°C.
2.3.6 Calculation of ETa
This article aims to simulate the ETa under different vegetation types. We chose 2015 as the simulation period and China as the study area. The study is divided into 10 km [image: image] 10 km grids based on the vegetation cover obtained from remote sensing data. Precipitation and daily average temperature data were used for simulating ETa in 2015 on a grid-by-grid basis. The model uses the corresponding root distribution function to get the ETa based on the vegetation cover type in each grid. The Ea is calculated through the topsoil evaporation module, and the Ta is estimated through the root water absorption module. The simulated ETa for each vegetation type is distinguished based on IGBP vegetation classification in each grid. Finally, the spatial distribution of ETa across the country is obtained by the inverse distance weighted interpolation method.
2.3.7 Meteorological Data and Soil Data Sources
The daily meteorological data used in this study has been taken from Yang and He. (2019). The dataset, named the China Meteorological Forcing Dataset (CMFD), is a high spatial-temporal resolution gridded near-surface meteorological dataset explicitly developed specifically for studies of land surface processes in China (Yang and He, 2019). The CMFD starts from January 1979 to December 2018, with a temporal resolution of 3 h and a spatial resolution of 0.1° (Yang and He, 2019). The daily potential evapotranspiration (ETp) data is calculated based on the CMFD by Penman-Monteith methods (Allen et al., 1998). The soil parameters used the saturated water content [image: image] (m3/m3), residual water content [image: image] (m3/m3), field water holding capacity [image: image] (m3/m3), saturated hydraulic conductivity [image: image] (m/day), model parameters n, m, α (1/m) and the Chinese soil attribute dataset published by Shangguan et al. (2013). Due to the lack of withering point [image: image] (m3/m3) data, the residual moisture content [image: image] data is temporarily used instead. Since the soil parameters of different soil depths are different, the surface soil parameters are used uniformly. Vegetation type data includes land cover type and LAI. The data has been taken from the MODIS remote sensing satellite data product of the National Aeronautics and Space Administration (NASA). The land cover type data uses the 2015 MCD12Q1 product, the temporal resolution is 1 year, and the resolution is 500 m. The LAI data uses the MCD15A2H product in 2015, with a temporal resolution of 8-days and a spatial resolution of 500 m.
3 RESULTS
3.1 Root Distribution Parameterization
The root distribution of twelve vegetation types in China was parameterized based on three types of global-scale root cumulative distribution functions and root distribution data from 786 plant roots. The results are shown in Figure 3. The results show that there are four types of optimal functions as single factor functions, namely evergreen needleleaf forests (β = 0.967); deciduous needleleaf forests (β = 0.983); woody savannas (β = 0.912); savannas (β = 0.908). Among them, savannas have the smallest β, and deciduous needleleaf forests have the largest β. It is also evident from the results that there are five types of optimal functions as two-factor functions, namely evergreen broadleaf forests (a = 8.28, b = 2.45), deciduous broadleaf forests (a = 5.51, b = 1.66), mixed forests (a = 9.71, b = 2.61), crops (a = 7.78, b = 2.18) and barren (a = 5.89, b = 1.51). From the results, three types of optimal functions as LDR function, namely closed shrublands ([image: image] = 20.21, c = -1.83), open shrublands ([image: image] = 17.74, c = -1.85), and grasslands ([image: image] = 13.47, c = -1.79). Among them, [image: image] of grasslands is the smallest, and [image: image] of closed shrublands is the largest. Based on the parameter optimization results, the average value of each vegetation type is taken as the vegetation type parameter (Supplementary Table S1).
[image: Figure 3]FIGURE 3 | Root distribution parameters after optimization of 12 vegetation types (ENF = evergreen needleleaf forests, DNF = deciduous needleleaf forests, WS = woody savannas, savannas, EBF = evergreen broadleaf forests, DBF = deciduous broadleaf forests, MF = mixed forests, CL = Croplands, Barren = Barren, CSL = closed shrublands, OSL = open shrublands, Grasslands).
3.2 Vertical Distribution Characteristics of Root System of Twelve Vegetation Types
A statistical analysis of the data collected on the root distribution depth revealed that 94.5% of the plant root profile maximum depth is within 200 cm (Jackson et al., 1996; Schenk and Jackson, 2002a; Schenk and Jackson, 2002b). However, most of the collected articles did not specify the maximum root depth of the root profile (Schenk and Jackson, 2002a). Therefore, this study uses the maximum sampling depth of 200 cm as the maximum root depth to analyze the vertical distribution characteristics of the root system.
The processed data were compared to the root distribution curve obtained by optimizing the parameters of the root distribution ratio of 12 types of plantation in each layer (Figure 4). In general, the root distribution simulation curve (line) basically conforms to the changing trend of the measured data (point). The simulation curves are all single-peak curves. As the depth of the soil layer increases, the proportion of roots first increases and then decreases, and the peak value is often found at a depth of 10–20 cm. Although the proportion of roots of some vegetation in the measured data tends to decrease with increasing soil depth, a large number of research results show that the distribution of plant roots mainly increases with increasing soil depth, and the root distribution first increases and then decreases.
[image: Figure 4]FIGURE 4 | Observation data (the blue point is mean values, and the red line is SD) and simulation results (black line) of root distribution of 12 vegetation types.
The distribution ratio of shallow roots (0–30 cm) can reflect the depth of the root distribution to a certain extent; that is, the higher the ratio of shallow roots, the shallower the root distribution (Jackson et al., 1996). According to the simulation curve of the vertical distribution of roots of 12 vegetation types, the average distribution of the shallow roots is about 70.6%. In general, the root systems of the grassland (3 species) are relatively shallow, with an average shallow root system distribution rate of 89.6%. Trees (5 species) have a deep root distribution, with an average shallow root distribution ratio of 62.0%. The depth of shrubs and crops root distribution is between those of grasslands and trees. Among all vegetation types, savannas have the shallowest root system distribution, and the distribution ratio of the shallow root systems is 94.5%. The deciduous needleleaf forests have the deepest distribution of roots, and the distribution of shallow roots is 40.2%.
3.3 Overall Characteristics of ETa, Ta, and Ea
The ETa, Ta and Ea of China in 2015 were calculated based on the calculation of the SPAC model (Figure 5). The ETa showed a gradually decreasing trend from southeast to northwest (Figure 5A), ranging from 18 to 1,172 mm/y, with an average value of 342.2 mm/y ± 244.2 mm/y, and a median value of 273.2 mm/y. The Ta range is between 0 and 700 mm/y, with an average value of 123.9 ± 98.1 mm/y, and the median value is 104.7 mm/y. The Ea in China exhibits prominent regional distribution characteristics, showing lower value in the Qinghai-Tibet Plateau and desert areas while highest in the semi-humid regions. The Ea range is 1–968 mm/y, with an average value of 218.3 ± 183.0 mm/y, and the median value is 161.2 mm/y, with a decreasing trend from southeast to northwest.
[image: Figure 5]FIGURE 5 | Spatial variations of (A) ETa (mm/a) (B) Ta (mm/a), and (C) Ea (mm/a) of 2015 in China region.
3.4 ETa of Different Vegetation Types
In 2015, the average ETa order of nine different vegetation types in China’s land area was evergreen broadleaf forests (773 mm/y) > savannas (618 mm/y) > evergreen needleleaf forests (612 mm/y) > deciduous broadleaf forests (451 mm/y) > croplands (387 mm/y) > closed shrublands (287 mm/y)> grasslands (228 mm/y) > open shrublands (180 mm/y) > barren (151 mm/y) (Supplementary Table S2). The average ETa of evergreen broadleaf forests is the highest, and the barren is the lowest. The ETa of the three tropical and subtropical vegetation types, viz., evergreen broadleaf forests, savannas and evergreen needleleaf forests, are much higher than the ETa of other vegetation types. The average ETa of closed shrubs is much higher than that of open shrubs. It is also evident from Supplementary Table S2 that the average Ta (299 mm/y) and Ea (474 mm/y) of evergreen broadleaf forests are the highest. The average Ta (53 mm/y) of open shrublands and the average Ea of barren (85 mm/y) are the lowest. The average ETa of open shrublands is higher than that of the barren, but the average Ta is lower than that of the barren. The average Ea of nine vegetation types is generally higher than the average Ta, a relatively large proportion. The average Ta accounted for about 24–51% of ETa, and the average Ea accounted for 49–76% of ETa. It should be noted that the ETa of deciduous coniferous forests, mixed forests and woody savannas are not analyzed due to limited root systems data.
4 DISCUSSION
4.1 Relationship Between Root Distribution Parameters and Environmental Factors
Among the three root distribution functions, the parameter β in the single factor function and [image: image] in LDR function may reflect the depth of root distribution to a certain extent (Jackson et al., 1996; Schenk and Jackson, 2002a). Although the parameters a, b, and c do not directly reflect the depth of root distribution, they may also indirectly reflect the relationship to the root distribution by calculations. Therefore, this paper selects the four factors of mean annual temperature (MAT), mean annual precipitation (MAP), latitude, and altitude to analyze the correlation between plant root distribution parameters and explore the relationship between environmental factors and root distribution parameters.
The results showed that the parameter β has a significantly negative correlation with MAP and MAT, and a significantly positive correlation with latitude (Supplementary Table S3), which the correlation with the MAT is the largest (r = -0.845, p < 0.01). With increasing precipitation and temperature, the distribution of plant roots becomes shallower. As latitude increases, the temperature and precipitation decrease, and the distribution of plant roots become deeper. The parameter [image: image] is negatively correlated with the average annual precipitation and has no significant correlation with the other three factors. It shows that the root distribution becomes shallower as precipitation increases. All root distribution parameters correlate significantly with MAP (p < 0.01), indicating that the influence of precipitation on root distribution is more significant than that of temperature and latitude. This trend may be because plants need to develop deeper roots to absorb water and nutrients in areas with low rainfall and relatively low soil moisture. On the contrary, in areas with high rainfall, the water content of the shallow soils is sufficient for plant growth and utilization, and the shallow root system can meet its growth needs (Fan et al., 2017). Some studies have shown that root distribution strongly correlates with soil moisture. Insufficient surface soil moisture capacity will cause roots to grow deeper to find water sources (Yu et al., 2007; Yu et al., 2015; Fan et al., 2017). The depth of water infiltration and the demand for evaporation are the main factors affecting the vertical distribution of root systems. Deep root systems are less likely to occur in humid areas (Dawson and Pate, 1996; Pregitzer et al., 2000; Powers and Peréz-Aviles, 2013; Fan et al., 2017). Previous studies have shown that in regions rich in water resources, the root distribution does not need to grow deeper but will still grow laterally, resulting in a larger proportion of shallow roots (Fan et al., 2017). However, the size of plant roots will increase with the increase in the aerial part of the plant, so that the tree roots are larger than shrub roots, and shrub roots are larger than grassroots (Schenk and Jackson, 2002b).
Parameters a and b have the same correlation, which is significantly positively correlated with MAP and MAT (p < 0.01) and significantly negatively correlated with latitude (p < 0.01). However, it is opposite to the correlation of parameters β. In the two-factor function, the larger a and b, the more shallow the root distribution. The parameter c in the LDR function reflects the plant type, which is significantly positively correlated with MAP (p < 0.01) and significantly negatively correlated with latitude (p < 0.05), indicating that the plant type has some correlation with MAP and latitude. For example, in the lower latitudes of southeast China, which is in a humid or semi-humid area, the vegetation mainly consists of tall trees (Su et al., 2015; Xiang et al., 2015). However, in the arid and semi-arid areas of high latitudes regions of northwest China, the vegetation is mainly shrubs, grasslands, and other low vegetation (Jia et al., 2012; Chen et al., 2017; Du et al., 2017).
Although the root distribution functions and parameters of different vegetation types were obtained in this study, there are also some differences in the root systems of the same plant under different growing environments. Multiple regression analyses on the root system distribution parameters and environmental factors were conducted, to quantify the relationship between each other (Supplementary Table S4). The results show that the adjustment R2 of parameter β is the best ([image: image] = 0.631). Except for parameter c, the regression results for the remaining four parameters are Sig (P) < 0.001, indicating that the four fitted multiple linear regression equations are statistically significant when the significance level is 0.01. However, the equation does not consider some factors such as soil properties, vegetation characteristics and climate characteristics (Schenk and Jackson, 2002a; Laio et al., 2006). The results are uncertain but statistically significant. Therefore, it has a certain guiding significance.
4.2 Analysis of the Vertical Distribution Characteristics of Root System
The simulation results show that as the soil depth increases, the root ratio first increases, peaks around 10–20 cm, and gradually decreases (Figure 4). However, the measured root distribution has two trends. The first is that as the soil depth increases, the proportion of roots gradually decreases; the second is the same as the simulation results. It may be because, under the field measurement conditions, the amount of root coefficients is mainly based on range statistics (such as 0–10 cm, 0–20 cm). It is impossible to measure the proportion of the root system within 1cm, and it is impossible to accurately obtain the change in the surface layer (0–20 cm). Therefore, the measured data tends to decrease gradually. In addition, the distribution of plant roots will also be affected by the local climate, so that the plant roots will exhibit different distribution trends in different climate zones. Studies have shown that water infiltration depth and evaporation demand are the main factors affecting the vertical distribution of roots (Schenk and Jackson, 2002b), and root distribution have a strong correlation with soil moisture (Yu et al., 2015; Wang B. et al., 2016; Wang Y. et al., 2016). Soil moisture is a relevant independent variable in some root distribution models (Jarvis, 1989; Wu et al., 2020). Therefore, many field measurements of the root system show that the root system decreases as depth increases (Guo et al., 2016; Feng et al., 2017; Chen et al., 2018). Studies have also shown that the vertical distribution of roots first increases and then decreases (Hao et al., 2013; Jian et al., 2015; Li et al., 2015).
The vertical root distribution is usually assumed following a single-peak curve in the root distribution model. This trend can also be verified in the model where plants absorb water from the soil profile (Ojha and Rai, 1996; Wu et al., 1999; Li et al., 2010). In addition, Schenk and Jackson (2002a) pointed out that the average [image: image] of global vegetation is mainly between 5 and 28 cm, indicating that the peak value of root systems of most vegetation in the world ranged is between 5–28 cm. It also proves that the simulated curve in this article may better reflect the actual trend of the root distribution than the measured data.
Of all vegetation types, crops are most affected by human activities (Schenk and Jackson, 2002a). However, this study did not consider the impact of human management practices on crops. The root distribution curve still has a good fit result (RMSE = 0.079) (Figure 4).
4.3 Estimation and Partition of ETa
This study focuses on the ETa of different vegetation types and does not consider and use water bodies and wetlands with high ETa capacity. Therefore, the results may differ slightly from those of other studies. But the overall spatial distribution trend is consistent with other studies and has certain credibility. For example, it is evident from Figure 5 that the trend of ETa results in 2015 is similar to previous studies, showing a decreasing trend from southeast to northwest (Li et al., 2017; Bai and Liu, 2018; Ma N. et al., 2019). The trend estimated from the GLEAM dataset (Bai and Liu, 2018) is most similar to our study.
While applying the SPAC model to regional simulation, this study also tried to partition the ETa of China’s land area and obtained the spatial distribution of Ta and Ea. Among them, the spatial distribution trend of average Ta is similar to that of MAT, and the spatial distribution trend of average Ea is identical to that of MAP. The main reason is that temperature is the main factor controlling plant transpiration in this model, and precipitation is the main factor influencing soil evaporation. Gonzalez Miralles et al. (2011) obtained the spatial distribution of worldwide evaporation for the first time and found that the evaporation is the highest near the equator. The higher the latitude, the lower the evaporation. The general trend in China is that evaporation from the southeast is higher than from the northwest, which is consistent with this study.
This study shows that the average Ta in different vegetation regions in China’s terrestrial land accounts for about 36%, and the average Ea accounts for about 64%. Gu et al. (2018) estimated the worldwide ET of different biomes based on the optimized remote sensing method, and the T/ET range is between 0.29 and 0.72. Due to differences in the proportion of ET of different scales and ecosystems (Hu et al., 2009; Kool et al., 2014; Talsma et al., 2018), there are significant errors in the evaporation of soil estimated from each model (Talsma et al., 2018). Therefore, the results obtained in this research are consistent with Gu et al. (2018).
4.4 Impact Factors of ETa for Different Vegetation Types
There are some differences in ETa under different vegetation cover (Zhang et al., 2001; Peters et al., 2011; Yang et al., 2012; Zheng et al., 2016; Du et al., 2019). The maximum ETa of the evergreen broad-leaved forest is 773 mm/y, and the minimum of barren is 151 mm/y. Perhaps this is because the evergreen broadleaf forests are mainly located in tropical and subtropical humid areas with sufficient water and energy, so the ETa is the highest. The barren is primarily located in arid regions with high temperature, low precipitation, low soil water content, less vegetation, and weak transpiration and evaporation capacity. Therefore, ETa of the barren is the lowest. Liu et al. (2010) estimated the ETa under different land-use types in the Skeleton Creek urban area. The results showed that the ET from the forest was the highest, around 850mm, except for open water and wetlands. Li et al. (2017) studied the changes in ET under different vegetation, showing that the impact of deforestation on ET is much more significant than other types of land cover. It also reflects that the ET capacity of forests is much greater than that of other vegetation. Zhang et al. (2001) studied the relationship between vegetation change and average annual ET at the regional scale. They found that the ET in forested catchments is higher than in grassed catchments.
The ETa under different vegetation types varies due to variation in climate types, geographic distribution and plant characteristics, and the main influencing factors will also change to some extent. Many studies have analyzed the influencing factors of ETa in different regions and different vegetation types. The main influencing factors are precipitation, temperature, radiation, vegetation types, soil moisture, leaf area index, etc. (Liu et al., 2019; Lu et al., 2011; Ma Z. et al., 2019; Peel et al., 2010; Sun et al., 2020; Zhang et al., 2001). Studies have shown that precipitation is the main factor affecting the actual spatial distribution of ET in the arid and semi-arid regions of northwest and northeast China. In the humid and semi-humid areas of southeast China, shortwave radiation, precipitation, temperature, and soil moisture are the main controlling factors (Sun et al., 2020). Therefore, according to the ETa estimation results of different vegetation types, this paper examines the main factors influencing the ETa under different vegetation types through correlation analysis. The results are shown in Figure 6. It is evident from the results that the four influencing factors were significantly correlated with the actual annual ET of nine vegetation types. The precipitation and the ETa of all vegetation were significantly positively correlated (p < 0.01) and impacted all vegetation types considerably. The results show that among the four factors, precipitation has the most significant impact on the ETa, and it is the main factor affecting the ET of the nine vegetation types (Zhang et al., 2001). Except for evergreen needleleaf forests, evergreen broadleaf forests and open shrubs, latitude has a significant negative correlation with other vegetation types, which may be related to the correlation between latitude and types of climate. Except for precipitation, the temperature significantly negatively correlates with most vegetation types (p < 0.01). However, the correlation coefficients between temperature and other vegetation are generally low (|r|<0.2) except for closed shrublands (|r| = 0.663).
[image: Figure 6]FIGURE 6 | Correlation analysis between ETa of different vegetation types and influencing factors. ∗p < 0.05, ∗∗p < 0.01. Lat (latitude); Pre (precipitation); Tem (temperature); LAI.
In addition to these influencing factors, plant physiological characteristics and soil texture also affect the ET capacity of plants (Schenk and Jackson, 2002a; Xue et al., 2020). Some studies have shown that the available water content of plants and the morphology of the plant growth somehow affect ET (Zhang et al., 2001; Kotani and Sugita, 2005; Balogun et al., 2009). The soil texture (such as sand, silt or clay) where vegetation grows affects water infiltration, which in turn affects the plant root depth (Fan et al., 2017), and also has some impact on ETa (Schenk and Jackson, 2002a).
5 CONCLUSION
The data collected in this study have obtained parameters that can accurately simulate the vertical distribution of different vegetation roots in China, with a high precision of fit (RMSE = 0.035–0.107). It has a wide range of applicability in mainland China and has some benchmark significance for estimating the ETa.
A SPAC model was built based on the optimized parameters, which improved the root water absorption module, and calculated the ETa of different vegetation types. The results showed that evergreen broadleaf forests (773 mm/y) > savannas (618 mm/y) > evergreen needleleaf forests (612 mm/y) > deciduous broadleaf forests (451 mm/y) > croplands (387 mm/y) > closed shrublands (287 mm/y) > grasslands (228 mm/y) > open shrublands (180 mm/y) > barren (151 mm/y).
The spatial distribution of Ta and Ea in mainland China was calculated through the SPAC model. The spatial distribution trend of Ta and Ea are the same as the ETa, and both show a decreasing trend from southeast to northwest. Among them, the ratio of average Ta to average Ea is 9/16.
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