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Knowledge of groundwater recharge (GR) is important for the effective management of water resources under semi-arid continental climates. Unfortunately, studies and data in Mongolia are limited due to the constraints in funding and lack of research infrastructures. Currently, the wide accessibility of freely available global-scale digital datasets of physical and chemical soil properties, weather data, vegetation characteristics, and depths to the water table offers new tools and basic information that can support low-cost physically based and process-oriented models. Estimates of GR over 41 study sites in Mongolia were obtained using HYDRUS-1D in a 2-m-thick soil profile with root depths of either 0.30 or 0.97 m by exploiting the daily precipitation and biome-specific potential evapotranspiration values. The GR simulated by HYDRUS-1D arrives at the water table and becomes the actual GR with a lag time that has been calculated using a simplified form of the Richards equation and a traveling wave model. The mean annual precipitation ranges from 57 to 316 mm year−1, and on average about 95% of it is lost by mean annual actual evapotranspiration. In the steppe region, the vegetation cover induces higher-than-normal actual transpiration losses and consequently lower GR. The mean annual GR rates span between 0.3 and 12.0 mm year−1, while travel times range between 4 and 558 years. Model prediction uncertainty was quantified by comparing actual evapotranspiration and GR with available maps and by a sensitivity assessment of lag time to the soil moisture in the deep vadose zone. The partial least squares regression (PLSR) was used to evaluate the impact of available environmental properties in explaining the 47.1 and 59.1% variability of the spatially averaged mean annual GR and travel time, respectively. The most relevant contributors are clay content, aridity index, and leaf area index for GR, and depth to the water table and silt content for the lag time. In data-poor, arid, and semi-arid regions such as Mongolia, where the mean annual GR rates are low and poorly correlated to precipitation, the ever-increasing availability of world databases and remote sensing products offers promise in estimating GR.
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INTRODUCTION

Groundwater is a vital ecosystem service in arid and semi-arid regions where the surface water resources are generally scarce and highly unreliable, especially under the increasing number of projected drought events induced by climate change (Deng et al., 2015). Therefore, sustainable management of water resources relies on the accurate assessment of low annual groundwater recharge (GR) rates that nevertheless are significant in a vast territory such as Mongolia. Direct measurements of GR like lysimeters are unfeasible because they involve costly, time-consuming, and labor-intensive efforts (Lerner et al., 1990; Jyrkama et al., 2002; Scanlon et al., 2002). More affordable field approaches based on chloride mass balance are commonly used to estimate GR in regions with similar environmental characteristics, e.g., Inner Mongolia, China (Gates et al., 2008; Yin et al., 2011; Deng et al., 2015; Huang et al., 2017). However, these approaches have not been used yet in Mongolia, to our knowledge.

The main available source on renewable groundwater resources in Mongolia was published by Jadambaa et al. (2012, Figures A1–71). The “renewable resources” include both diffuse and focused recharge plus lateral inflow (here, definitions of diffuse and focused recharge follow Lerner et al., 1990 and Healy, 2011). Results are largely based on the hydrograph separation method and provide the only material relevant to groundwater recharge assessment. According to this map, 76% of the country has groundwater renewable resources of <10 mm year−1, and 84% of the country has groundwater renewable resources of <20 mm year−1. These low values indicate the prevalence of areas with diffuse recharge (Healy, 2011; Meixner et al., 2016). Higher GR rates due to focused recharge are reported in river catchments, where runoff generated by snowpack in mountainous areas serves as the water source for GR in topographic depressions with extensive surface water–groundwater exchange. However, there is a clear understanding that “…so far more detailed estimation of groundwater resources of Mongolia has yet to be done” as reported in Gombo and Dambaravjaa (2012, p. 23). According to the mean annual groundwater recharge map of the world (WaterGAP 2.1, University of Frankfurt/Main; modified by WHYMAP, B., 2008), groundwater recharge is <20 mm year−1 in most parts of the country.

Currently, the accessibility of freely available global-scale digital datasets of soil physical and chemical properties, weather data, leaf area indexes, root zone depths, and depths to water table opens new opportunities in providing low-cost basic information that can support physically based and process-oriented models (Zlotnik et al., 2016; Doble and Crosbie, 2017; Pozdniakov et al., 2020). These models simulate the water balance in the groundwater–soil–plant–atmosphere system and probably represent the most promising affordable methods in Mongolia (Bayanzul et al., 2019). Feeding these models with robust input data allows the modeler to establish relationships among groundwater recharge, precipitation, and evapotranspiration, influenced by vegetation, local topography, soil hydraulic properties, and groundwater depth (e.g., Scanlon et al., 2002; Crosbie et al., 2013). These numerical simulations can be supplemented by simplified approaches to estimate soil moisture travel time across the deep vadose zone.

Therefore, the objectives of the study are as follows:

• quantification of drainage (assumed as potential groundwater recharge, GRp) from a 2-m-thick soil profile (shallow vadose zone) by using HYDRUS-1D;

• evaluation of the consistency of our results with available maps of GRp and actual evapotranspiration (ETa) provided by the Regional Hydrogeological Map of Mongolia and Food And Agriculture Organization (FAO), respectively;

• calculation of the lag (travel) time of actual groundwater recharge, GRa, between the shallow vadose zone bottom (2-m depth) and the water table; GRa is assumed to be equal to GRp.

This proposed composite low-cost methodology has practical significance for Mongolia in the absence of ground truth measurements. The renewable groundwater resources map is a primary available data source for water resource planning in Mongolia. However, other studies ignore GR or fail to use recent methodologies. Previously, GR was often neglected in Mongolia or methods failed to consider various factors influencing GR. Our method helps understand GR dynamics in several locations with different vegetation characteristics, precipitation regime, and soil properties. Most importantly, the site-specific groundwater recharge results can be exploited for supporting sustainable management of water resources and can be the basis for future studies.



MATERIALS AND METHODS


Study Area and Available Data

Mongolia is a landlocked territory of 1,564,116 km2 in the heart of the Asian continent on a high plateau surrounded by mountain ridges, in the transition zone between the Siberian taiga and the dry steppes and semi-deserts of central Asia. The country has a distinctly dry subarctic continental climate, with long cold winters and short hot summers. The mean annual precipitation in Mongolia is about 200 mm year−1, ranging from <50 mm year−1 in the Gobi Desert region to over 500 mm year−1 in the mountainous regions in the north. Maximum seasonal precipitation occurs in the summer (Yu et al., 2016).

About half of the Mongolian territory is mountainous with an average elevation of 1,580 m a.s.l.; about 81% of its territory is above 1,000 m and 19% below 1,000 m (Yembuu, 1906). These mountains are divided into cool and dry types according to their vertical vegetation range. The Khentii, Khuvsgul, northwestern Mongolian Altai, Northern Khangai, and Khyangan mountains are cool types and are covered with steppe vegetation of the lower range. The Southern Altai, Gobi Altai, Gobi, and Zuungar mountains are of the dry type with desert vegetation and high-cold steppe (Indree, 2014). The steppe ecosystems are associated with the semi-arid and arid continental temperate climates of the region and are ecologically fragile and sensitive to climate change and anthropogenic disturbances (Li et al., 2007). Perennial plants (50–90%) dominate the Mongolian steppe. The highest percentage of perennial plants occurs in the high-cold steppe. In contrast, the percentage of shrub, dwarf shrub, biennials, and annuals is minimum in the high-cold steppe and gradually increases in the desert steppe (Indree, 2014). About 80% of the territory is covered by pasture land, 10% by forest, 1% by farmland, and 9% by other land cover types. Steppe vegetation occupies about 83% of the territory (Indree, 2014).

A number of meteorological and other datasets are needed to feed the vadose zone model and for the calculation of vadose zone lag time. The data have been collected from various sources in order to fulfill the lack of in situ measurements. The daily precipitation data have been acquired from NAMEM for the 2007–2011 study period. The daily grass-reference potential evapotranspiration, ET0, was calculated by using the temperature-based Hargreaves method (Batsukh et al., 2021). According to the FAO, the Aridity Index (AI) is computed as the ratio between mean annual precipitation and ET0 and will be used in our study to determine climate classes (Spinoni et al., 2015). A daily crop coefficient, Kc, was used to convert ET0 into the biome-specific potential evapotranspiration, ETp, according to the protocol used by Batsukh et al. (2021). Potential evaporation, Ep, and potential transpiration, Tp, were obtained from ETp by using the time-variant leaf area index (LAI) maps based on remote-sensing products (Batsukh et al., 2021). There are no permanent stations for measuring ETa in Mongolia. In this study, we use an available map of ETa provided by FAO (2009) to test and validate our model simulations. In general, the mean annual groundwater recharge rate in Mongolia is low especially in the southern parts; it is entirely neglected when this component of the water budget is compared to precipitation (e.g., Nandintsetseg et al., 2010). The main study related to the groundwater recharge in Mongolia by Jadambaa et al. (2012) is based historically and methodologically on the “Regional Hydrogeological Map of Mongolia, Multi-year Mean Flow of Surface Water and Groundwater (Regional Hydrogeologic Map of Mongolia, Multi-year Mean Flow of Surface Water and Groundwater, 1981)” at the scale of 1:1,000,000. The map shows the surface water runoff as contours and the groundwater flow as polygons. The groundwater flow polygons represent the total flow that originates from lateral groundwater flow, infiltration of surface water, and precipitation and are presented in mm year−1. Using data from stream gauging, spring analyses, aquifer characteristics, and borehole information, the Renewable Groundwater Resource Map (Jadambaa et al., 2012, Figures A1–74) was developed by hydrograph separation and used over 40 years for state planning, but GR concept was never used. The renewable groundwater resources (GR and lateral inflow) represented on the Renewable Groundwater Resource Map have been explained as dependent on precipitation, the hydraulic connection between surface water and groundwater, and groundwater flow from adjacent areas. The legend presents a classification of the natural resources per 1 km2 as follows: <5, 5–10, 10–20, 20–50, 50–100, 100–200, and >200 mm year−1 (Jadambaa et al., 2012, p. 305).

It is worth noticing that in the north and in the mountainous regions, the density of streams increases together with the natural groundwater resources (Jadambaa et al., 2012, p. 20, Figure 1 and p. 23, Figure 2). Low density of streams in the southern part are signs of the negligible contribution of focused recharge into GR, which is low itself.

The depth to water table data in our study locations were obtained from available hydrogeological maps (Mineral Resources and Petroleum Authority, 1994) with substantial uncertainty. The unknown depths to the water table in some locations are approximated as 10 m.

Due to the absence of in situ measurements of soil hydraulic parameters, the pedotransfer functions (PTFs) are used to get soil hydraulic parameters from soil physical properties in the study locations (Nasta et al., 2021). In these locations, the most reliable source is Soilgrids250m (van den Bosch and Batjes, 2013; Hengl et al., 2017), and therefore, this data product was used in our study. SoilGrids250m is a system of global digital soil mapping based on state-of-the-art machine learning methods to map the spatial distribution of soil properties across the globe. Sand (%), silt (%), clay (%) content, and bulk density (BD, expressed in kg m−3) have been obtained in six functional layers (0–0.05, 0.05–0.15, 0.15–0.30, 0.30–0.60, 0.60–1.0, and 1–2 m) up to 2-m depth (https://soilgrids.org/). The soil physical and hydraulic properties pertaining to the sixth layer were assumed for the deep vadose zone between the soil depth of 2 m and depth to water table. SoilGrids250m prediction models are fitted using over 230,000 soil profile observations from the WoSIS database and a series of environmental covariates. The outputs of SoilGrids250m are global soil property maps at six standard depth intervals (according to the GlobalSoilMap International Union of Soil Sciences working group and its specifications) at a horizontal spatial resolution of 250 m. Prediction uncertainty is quantified by the lower and upper limits of a 90% prediction interval (van den Bosch and Batjes, 2013).

Yanagawa et al. (2015) identified a 0.50-m-thick soil layer in Mongolia as the predominant root zone. Some of the species present in the study area have a well-developed root system, such as Haloxylon ammodendron, Nitraria sphaerocarpa, and less often Tamarix ramosissima. In our study, Ekhiin gol and Tooroi locations are covered by Haloxylon ammodendron; thus, a root depth of 0.97 m has been set for this specific vegetation according to Wang et al. (2017). The root zone in other study locations was considered as a 0.30-m-thick soil layer.



Methodology
 
Model Conceptualization

Precipitation is partly intercepted by vegetation and partially lost by the runoff. Infiltrating water is transpired by plant roots, evaporated from the soil surface, and drained downward below the root zone. GRp is assumed as the infiltrated water past the root zone (drainage). GRa is assumed equal to GRp after soil moisture traverses the vadose zone toward the water table (Crosbie et al., 2010). Our study estimates the recharge at plot scale in 41 experimental locations in Mongolia by setting up a soil profile, which separates the soil surface from the depth to water table.

The soil profile (Figure 1) is split into a layered shallow vadose zone delimited by the blue rectangle from soil surface up to the soil depth of 2 m and a uniform deep vadose zone (orange rectangle from soil depth of 2 m up to depth to the water table). The shallow vadose zone is assumed as the operational water mass control volume. HYDRUS-1D is used to simulate water flow across the shallow vadose zone and estimate GRp assumed as drainage at the soil depth of 2 m (Dcv) under specific soil, vegetation, and climate conditions (Wang et al., 2009). The shallow vadose zone is made up by six soil layers (0–0.05, 0.05–0.15, 0.15–0.30, 0.30–0.60, 0.60–1.0, and 1–2 m delimited by the horizontal solid lines in the blue rectangle). Water flow in the shallow vadose zone is described by the Richards equation that requires the net precipitation (P), obtained by subtracting rainfall intercepted by vegetation from gross precipitation measured by the weather station, and biome-specific potential evapotranspiration, ETp, as boundary forcings. ETp is split into potential evaporation (Ep) and potential transpiration (Tp) by using a time-variant leaf area index obtained from remote-sensing products. Other important input data are root zone depth (Drz) and soil hydraulic properties (SHPs). The output data include actual evaporation (Ea), actual transpiration (Ta), water storage (WS), and GRp.


[image: Figure 1]
FIGURE 1. Schematics of the soil profile split into shallow (blue rectangle) and deep (orange rectangle) vadose zone to estimate actual groundwater recharge (GRa) depending on potential groundwater recharge (GRp) and lag time (τ). All symbols are reported and explained in the following sections.


The soil moisture from GRp travels through the deep unsaturated vadose zone and becomes GRa at the water table depth (Dwt) after a delay (or lag time, τ). It is apparent from the calculations of water mass conservation that the GR rate will not change if there are no impeding soil layers between the root zone and the aquifer (Zlotnik et al., 2007; Rossman et al., 2014). The time to reach the water table is calculated by using a simplified physically based equation defined by the depth to the water table, soil moisture profile, and soil hydraulic parameters. This time may vary on the scale from years to many centuries (Rossman et al., 2014; Dandekar et al., 2018).



Setup of HYDRUS-1D in the Shallow Vadose Zone

HYDRUS-1D is a public-domain Windows-based model used for simulating water, heat, and solute movement across the vadose zone (Šimunek et al., 2016). HYDRUS-1D solves the Richards equation for describing water flow in unsaturated or fully saturated porous media:

[image: image]

where t is time expressed in units of days (d), ψ is the pressure head (m), z is the soil depth (positive upward) (m), θ is the volumetric soil water content (m3 m−3), and S is the sink term (d−1) describing the actual plant root water extraction rate function depending on z, ψ, and the potential transpiration (Tp).

The soil water retention function, θ (ψ) is described by van Genuchten's equation denoted here as VG for brevity (van Genuchten, 1980):

[image: image]

where αVG (m−1), m (–), and n (–) are water retention shape parameters, and θr (m3 m−3) and θs (m3 m−3) are residual and saturated water contents, respectively.

Parameters m and n are related as follows: m = 1–1/n (Mualem, 1976). Considering the degree of saturation, Se = (θ-θr)/(θs-θr), which varies from 0 (θ = θr) to 1 (θ = θs), the unsaturated hydraulic conductivity function, K(Se) is given by the following equation:

[image: image]

where Ks (m d−1) is the saturated hydraulic conductivity, and l is the tortuosity parameter that is assumed to be 0.5 (Mualem, 1976).

The upper boundary condition depends on fluxes occurring at the soil surface (namely P and Ep). Gross precipitation Pg is intercepted by vegetation; thus, rainfall interception IR has been calculated as shown in the following equation (Nasta and Gates, 2013):

[image: image]

where a (m d−1) is an empirical coefficient, assumed as 0.00025 m d−1, and b (–) denotes the soil cover fraction given by

[image: image]

where κ is a dimensionless extinction coefficient for global solar radiation inside the canopy and is assumed to be equal to 0.463. Interception is subtracted from Pg to obtain the net rainfall P that has been calculated in study locations and used as input in HYDRUS-1D.

ETp is calculated by multiplying ET0 by a dimensionless biome-specific coefficient, Kc (i.e., ETp = ET0 × Kc). The LAI is also used to partition ETp into Ep and Tp using the following equation (Ritchie, 1972):

[image: image]

Potential transpiration (Tp), corresponding to potential root water uptake, is obtained by subtracting Ep from ETp. Kc and LAI are time-variant and change daily (Batsukh et al., 2021). The root distribution is assumed to be linear in the soil profile and spans from 1 (corresponding to the maximum root density) at the soil surface to 0 (corresponding to the minimum root density) at the root zone bottom.

The sink term, S, is defined as the actual plant root water extraction rate function (Feddes et al., 1978):

[image: image]

where αF(ψ) is a piecewise linear function (0 ≤ αF(ψ) ≤ 1) depending on prescribed pressure head values for describing the root-water uptake water stress (de Melo and de Jong van Lier, 2021). HYDRUS-1D provides tabulated values for ψ depending on plant characteristics. In this study, pasture was selected as a suitable plant in Mongolia.

The lower boundary condition is set to free drainage (unit vertical hydraulic gradient). Information on initial soil moisture or matric potential profile at the beginning of the numerical simulation is unavailable (Yu et al., 2019). Thus, the initial condition was set with the soil moisture results from model spin-ups.

PTFs have been widely used to predict soil hydraulic parameters in favor of expensive laboratory or field measurements (Schaap et al., 2001; Zhang and Schaap, 2017). Most PTFs estimate VG parameters of empirical hydraulic functions with modest accuracy (Zhang and Schaap, 2017), when available from generalized regional data. The Rosetta PTF, built into the HYDRUS-1D and based on artificial neural network analysis, is used for the estimation of the soil hydraulic parameters in this study.



Calculation of Lag Time in the Deep Vadose Zone

Drainage rates in thick unsaturated zones rarely reflect current fluxes or recharge rates at the water table (Scanlon et al., 2002). Annual average drainage in HYDRUS-1D in the top 2-m-thick soil layer is assumed equal to GRp traveling from control volume bottom (Dcv=2 m) to the water table depth (Dwt). The assumption is made that the soil moisture profile in the deep vadose zone is uniform, which is characteristic for semi-arid regions with a stable climate, e.g., in the High Plains in the USA as observed by McMahon et al. (2006). Then, vadose zone lag time can be calculated using the water table depth and soil moisture vertical velocity (c) according to Zlotnik et al. (2007) and Rossman et al. (2014). The equation for calculating c is obtained using the traveling wave solution of the Richards equation and can be expressed for VG soil properties in Equations 1 and 2 as follows:
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where Sf is:

[image: image]

Once c has been determined from Equation 8, the lag time τ can be computed as follows:

[image: image]
 

Evaluation Criteria and Statistical Analysis

Datasets of water balance components obtained in HYDRUS-1D are summarized through basic indices of descriptive statistics such as mean ([image: image]), standard deviation (sd), coefficient of variation (CV), minimum (min), and maximum (max). Student's t-test is applied to estimate the population mean of P, ET0, ETp, AI, Ea, Ta, and GRp; the sample mean is used when the population standard deviation is unknown. Student's t-distribution is used to construct the 95% confidence interval (α = 0.05) around the sample mean in each emission scenario to infer the population mean (μ):

[image: image]

where n is the number of weather stations (degrees of freedom are therefore defined as n-1), and tα, n−1 is Student's t-value at 95% confidence interval and n-1 degrees of freedom. To measure the predictive capability of all prediction methods, we selected two statistical performance indicators: the root mean square error (RMSE), which combines both bias and lack of precision, and the coefficient of determination (R2), which measures how well the data pairs fit to a line:
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where oi is the reference value, [image: image] is the mean of reference values, and ei indicates values modeled by the prediction method. The subscript i is the index of the weather stations, and n is the total number of stations (n = 41).

Partial least-squares regression (PLSR) is a statistical method for analyzing the complex interaction of a large array of predictors and the dependent variable (Wold et al., 2001; Carrascal et al., 2009). PLSR is an extension of the multiple linear regression model for which the dependent variable (y) is predicted by a set of predictors (x) as follows:

[image: image]

where β0 is the regression coefficient for the intercept, βi is the i-th regression coefficient, and p is the total number of predictor variables. PLSR was used to define the explained variance of GRp and τ patterns by exploiting soil–climate–vegetation factors as predictor variables. Soil proxy data are the percentages of sand, silt, and clay contents, and bulk density, as well as the depth to water table. Climate data are FAO aridity index (AI), whereas the available land cover auxiliary variable considered in this study is the annual-average leaf area index (LAI) retrieved from freely available remote-sensing products. This technique generates new components as linear combinations of the original predictor variables. PLSR finds combinations of the predictors that have a large covariance with the dependent variable. The predictive ability of the PLSR will be expressed in terms of R2 and RMSE, which evaluate the scatter of the data points around the identity line and the bias between PLSR-based and composite model simulated GRp and τ values. In the PLSR modeling, the importance of a predictor is indicated by the variable importance in the projection (VIP) (Yan et al., 2013). The factors with high VIP values of more than 1 are the most relevant in explaining the dependent variable and are considered to be significantly influential predictors. Wold (1995) suggests that those predictors with VIP>0.8 are the most relevant for explaining the dependent variable, and those with VIP <0.5 are considered to be of minor importance for the prediction of the dependent variable. It is thus possible to determine those environmental factors (predictor variables) that strongly interact with GRp and τ (the dependent variables).





RESULTS


Assessment of Potential Groundwater Recharge Rates in the Shallow Vadose Zone

GRp simulated in HYDRUS-1D depends on climate forcings (P, Ep, and Tp), soil hydraulic parameters (SHPs) in each soil layer, root depth (Drz), root vertical distribution, initial conditions in terms of soil moisture, and prescribed pressure head values controlling the Feddes reduction factor (αF). Due to lack of information, the last three factors were kept constant over the 41 experimental sites in Mongolia. In contrast, the first three factors characterizing climate, soil, and vegetation influence the numerical simulations in HYDRUS-1D and the spatial variability of output data. As done in Batsukh et al. (2021), we considered the numerical simulations in two (Sukhbaatar, Arvaikheer) sites in the steppe region and one site (Saikhanovoo) in the Gobi Desert (Figure 2). The three sites are characterized by contrasting climate and vegetation cover with maximum (Sukhbaatar), average (Arvaikheer), and minimum (Saikhanovoo) AI and annual-average LAI values in Mongolia (Table 1).


[image: Figure 2]
FIGURE 2. Cumulative net precipitation (blue line), cumulative actual evapotranspiration (red line), water storage, WS (green line), and cumulative potential groundwater recharge GRp (black line) at (A–C) Sukhbaatar, (D–F) Arvaikheer, and (G–I) Saikhanovoo.



Table 1. Climate annual mean variables (ET0, P, AI, ETp, Ep, Tp), soil physical (Drz, Dwt, BD, clay, silt, sand), and hydraulic (θs, θr, αVG, n, Ks) parameters and vegetation characteristics (LAI) at Sukhbaatar, Arvaikher, and Saikhanovoo experimental sites.

[image: Table 1]

The numerical simulations of cumulative P, cumulative ETa, WS, and cumulative GRp can be visualized in Figure 2. The mean annual GRp in Saikhanovoo (Gobi Desert) is similar to the one simulated in Arvaikheer (steppe region). Mean annual precipitation (P = 113 mm year−1) and actual evapotranspiration (ETa = 99.7 mm year−1) fluxes in Saikhanovoo are half those in Arvaikheer (P = 219 mm year−1 and ETa = 202 mm year−1). Ta represents 11 and 19% of ETa in Saikhanovoo and Arvaikheer, respectively. This is reflected in average WS values of 382 and 415 mm. The mean annual GRp in Saikhanovoo and Arvaikheer is higher than the mean annual GRp in Sukhbaatar with a higher-than-normal P in Mongolia (P = 277 mm year−1). Nevertheless, the higher-than-normal vegetation cover in Sukhbaatar induces high actual transpiration fluxes (51% of ETa) occurring during the rainy season by reducing WS (296 mm < WS < 387 mm corresponding to vertical-average soil water content of 0.148 m3 m−3 < θ < 0.194 m3 m−3) and consequently GRp.

Table 2 shows the sample mean ([image: image]), standard deviation (sd), coefficient of variation (CV), minimum (min), and maximum (max) of soil physical (sand, silt, clay, bulk density) and soil hydraulic parameters (θr, θs, αVG, n, Ks) for the six functional layers over the 41 weather stations. The soil physical properties (sand, silt, clay, bulk density) downloaded from SoilGrids250m are quite uniform in space as depicted by their CV that is lower than 15%. The soil physical parameters are implemented in Rosetta PTF to obtain the soil hydraulic parameters featuring in the water retention function (Equation 2) and in the hydraulic conductivity function (Equation 3). The low spatial variability of SHPs is contrasted by the high spatial variability of annual-average LAI (Batsukh et al., 2021).


Table 2. Statistics of soil physical and hydraulic properties for six functional layers over the 41 weather stations.

[image: Table 2]

The descriptive statistics of mean annual water balance components, namely gross precipitation (Pg), rainfall interception (IR), grass-reference potential evapotranspiration (ET0), biome-specific potential evapotranspiration (ETp), actual evapotranspiration (ETa), and potential groundwater recharge (GRp), simulated in HYDRUS-1D over the 41 weather stations are reported in Table 3.


Table 3. Statistics of the water balance components simulated in HYDRUS-1D over the 41 weather stations.

[image: Table 3]

The spatial-average mean annual Pg and ET0 are about 180 and 860 mm year−1, respectively. Precipitation spans between 56.6 and 323 mm year−1 and therefore is characterized by relevant spatial variability (CV = 43%) while ET0 is spatially quite uniform. By using a time-variant crop coefficient adapted for Mongolia, we report a relevant reduction of ET0 into ETp (Batsukh et al., 2021). The population mean (μ) values of ETa and GRp range between 151 and 184 and 2.5 and 4.0 mm year−1, respectively. ETa represents the main water balance component simulated in HYDRUS-1D and on average ETa constitutes more than 95% of rainfall. Runoff was zero in all numerical simulations over the 41 study locations as the soil is dry during most of the year (Banzragch and Shinoda, 2011).

We point out that, according to Batsukh et al. (2021), 29 stations belong to the steppe region where spatial-average mean annual P and ET0 are about 213 and 810 mm year−1, respectively, resulting in semi-arid climate (AI = 0.27). The remaining 12 stations belong to the Gobi Desert, where spatial-average mean annual P and ET0 are about 97 and 974 mm year−1, respectively, resulting in AI = 0.10, which corresponds to the arid climate. ETp/ET0 is on average 50 and 20% in the steppe and Gobi Desert, respectively. Tp/ETp is on average 30 and 11% in the steppe and Gobi Desert, respectively.

The simulations of the water balance in HYDRUS-1D report the following outcomes. In the steppe region, spatially averaged mean annual Ea, Ta, and GRp are 130, 61, and 3.3 mm year−1, respectively. On average ETa and GRp represent 94 and 1.7% of P, respectively. In the Gobi Desert, spatially averaged mean annual Ea, Ta, and GRp are 77, 14, and 3.8 mm year−1, respectively. On average, ETa/P = 94% is similar, while GRp/P = 3.5% doubles if compared to the values reported for the steppe region. On average Ta is 33% of ETa in steppe regions with higher LAI, while it decreases toward the Gobi region where Ea constitutes from 71 to 89% of ETa.

The model simulations were tested with values reported in the available maps. The simulated mean annual ETa values were compared to those reported in the FAO map (Figure 3A). Figure 3B shows the relationship between mapped and simulated mean annual ETa values by reporting RMSE = 59.3 mm year−1 and R2 = 0.61. This relatively high discrepancy is due to underestimation in seven locations, especially in the steppe region in northern Mongolia.


[image: Figure 3]
FIGURE 3. ET characteristics: (A) mean actual annual evapotranspiration (ETa) simulated in HYDRUS-1D (black dots) over the 41 weather stations on the FAO map; and (B) comparison between ETa values reported in the FAO map (FAO ETa) and ETa values simulated in HYDRUS-1D (ETa). Green and yellow circles indicate the steppe region and Gobi Desert, respectively.


The simulated mean annual GRp values are compared to the values reported in the Renewable Groundwater Resources map (Figure 4A). We observe fair agreement only in the class at the lowest GRp values (<5 mm year−1) over 20 weather stations (Figure 4B). In all other classes, we report a significant underestimation of GRp, especially in classes with the highest GRp values (10–300, 50–100, and 100–200 mm year−1).


[image: Figure 4]
FIGURE 4. GR statistics: (A) mean annual potential groundwater recharge (GRp) simulated in HYDRUS-1D (black dots) on the Renewable Groundwater Resources Map grouped in GRp classes; (B) boxplots (box delimited by the two quartiles and vertical bars indicate the range between the 10th and 90th percentile) of mean annual potential groundwater recharge (GRp) simulated in HYDRUS-1D by considering GRp classes. Mean values are indicated by the cross symbol, while outliers are depicted by the circle.


These results can be compared quantitatively in more detail by analyzing the effect of environmental controls on mean annual GRp values (Yin et al., 2017). We used the PLSR approach to assess soil–climate–vegetation controlling factors (bulk density, sand, silt, clay, LAI, and AI) (Figure 5). The PLSR automatically generates six new components, which reproduce mean annual GRp patterns with R2 = 0.53, RMSE = 2.3 mm year−1, and an explained variability of 47.1%. However, the match with the identity line (1:1 line) is consistent up to GRp = 8 mm year−1, but it deteriorates for greater values. GRp values higher than 8 mm year−1 are underestimated by PLSR-modeled estimates. The variable importance in the projection (VIP) of each explanatory variable helps indicate the most important predictors in explaining the spatial variability of GRp. By considering a total of six components (the same number of predictor variables), clay, LAI, and AI are the most important predictors with VIP>0.8 while the least relevant ones are bulk density and sand content with VIP of 0.22 and 0.49, respectively.


[image: Figure 5]
FIGURE 5. Comparison between GRp simulated in HYDRUS-1D and modeled by using PLSR over the 41 weather stations.


Few studies use PLSR for explaining the spatial variability of GRp. Shawul et al. (2019) found that land cover classes are able to explain more than 90% of GR at catchment scale in a PLSR analysis carried out in Ethiopia. Most studies use PLSR analysis to detect those environmental factors controlling near-surface soil moisture or other water balance components (Huang et al., 2015; Li et al., 2017).



Assessment of Lag Time in the Deep Vadose Zone

Once the GRp values are simulated in HYDRUS-1D, the lag time τ can be calculated from soil moisture vertical velocity (c), depth to the water table (Dwt), and depth of control volume (Dcv) in Equation 10. While Dwt and Dcv are known, soil moisture featuring in the degree of saturation Se in Equation 10 is unknown. Therefore, we assume that soil moisture at the soil depth of 2 m (θ2m) at the end of the numerical simulation is equal to the soil moisture across the deep soil profile (Dwt – Dcv) by crudely ignoring its vertical variation. Therefore, a sensitivity analysis of τ-values to the soil moisture profile is highly recommended (Figure 6). In doing so, we calculate the lag time (Equation 10) depending on the soil water content at the soil depth of 2 m in Sukhbaatar (0.148 m3 m−3 < θ2m <0.194 m3 m−3), Arvaikheer (0.189 m3 m−3 < θ2m <0.239 m3 m−3), and Saikhanovoo (0.169 m3 m−3 < θ2m <0.235 m3 m−3). Figure 6 shows that the lag time is highly sensitive to soil moisture simulated in HYDRUS-1D. The lag time decays exponentially between 25.3 and 352.3 years in Sukhbaatar, between 5.2 and 37.8 years Arvaikheer, and between 5.2 and 84.6 years Saikhanovoo. Therefore, a small change in soil moisture might influence the lag time by two orders of magnitude, and this indicates the paramount importance of numerical simulations in the shallow vadose zone.


[image: Figure 6]
FIGURE 6. Relationship between soil moisture at a soil depth of 2 m (θ2m) simulated in HYDRUS-1D and lag time τ in Sukhbaatar (black circles), Arvaikheer (blue diamonds), and Saikhanovoo (red asterisks).


The lag times calculated over the 41 experimental sites span between 4.4 and 557.8 years with spatial-average τ of 92.5 years. We analyzed the predictive ability of the five soil controlling factors (bulk density, sand, silt, clay, depth to water table) to explain the spatial variability of τ. To do so, the PLSR was used, and the results are illustrated in Figure 7. The comparison betweenτ simulated in HYDRUS-1D and modeled with the PLSR is expressed using the R2, RMSE, and explained variance by using five components that are fairly able to reproduce τ patterns with R2 = 0.61, and explained variability of 59.1%. RMSE = 71.69 years indicates a large uncertainty. According to the VIP values, the most important contributors are depth to the water table and silt with VIP = 1.88 and VIP = 0.86, respectively. Bulk density is the least relevant factor in explaining the spatial variability of τ by reporting VIP = 0.37. The PLSR results highlight the relevant importance of assessing the depth to water table and silt as key predictors for travel time in Mongolia.


[image: Figure 7]
FIGURE 7. Comparison between τ based on θ2m in HYDRUS-1D and τ modeled by using PLSR over the 41 weather stations.





DISCUSSION

Groundwater modeling requires aquifer properties (hydraulic conductivity, thickness of saturated zone, specific yield, storage coefficient), lateral boundary conditions, and rates of groundwater recharge GRa and withdrawals. Nonetheless, obtaining this set of input data is time-consuming and expensive, especially in data-poor countries under arid and semi-arid conditions (Scanlon et al., 2006). It is apparent that over a vast territory such as Mongolia, the magnitude of the diffuse recharge compared to focused recharge from surface water–groundwater interactions varies significantly due to the diversity of hydrologic conditions, and previously such estimates were entirely missing. Therefore, our results are not applicable in areas with extensive surface water–groundwater interactions. The diffuse GRp depends on the climate, water table depth, soil hydraulic properties of the vadose zone, and vegetation characteristics influencing evapotranspiration fluxes. It is very difficult to characterize the soil hydraulic properties of layered soil profiles throughout large-scale domains. In this study, only information on soil physical properties within the top 2 m of the vadose zone was used to simulate water fluxes in HYDRUS-1D. The Rosetta PTF was employed in six soil layers to retrieve five unknown soil hydraulic parameters (θr, θs, αVG, n, Ks) describing the soil water retention and hydraulic conductivity functions. Other existing PTFs developed for large datasets could be tested as well (Nasta et al., 2021; Weihermüller et al., 2021). Nonetheless, the SoilGrids250m database provides soil texture data distributed mainly in the following classes: clay loam, sandy clay loam, and loam. The mean annual GRp values depicted using the USDA texture triangle (Figure 8) are lower than 2 mm year−1 (reddish color) in the sandy clay loam and clay loam classes and are variable in the loam class. In contrast, lag time τ tends to be lower than 100 years in the loam class, with some exceptions.


[image: Figure 8]
FIGURE 8. GRp values and τ values in the soil texture distribution (Sa, sand; Si, silt; Lo, loam; Cl, clay) over the 41 experimental soil profiles.


Estimating all of the water balance components of the vadose zone is the key to providing a robust assessment of diffuse GR. This recharge is the residual amount of water moving to the water table after the water losses of actual evapotranspiration and runoff. Topography was ignored in this study, and we assumed one-dimensional independent soil columns for 41 experimental soil profiles (Cuthbert et al., 2019).

We observed weak sensitivity of the mean annual precipitation–recharge relationship in Mongolia, which is supported by some studies in similar regions (Deng et al., 2015; Huang et al., 2017). Soil moisture profiles across the vadose zone under permanent dry conditions simulated in HYDRUS-1D induce weak sensitivity of mean annual GRp to precipitation supply. Therefore, it is unfeasible to obtain simple empirical relationships as done in other parts of the world (Crosbie et al., 2010; Cuthbert et al., 2019).

The substantial role of recharge resulting from surface water–groundwater interactions clearly can explain higher values of GR in topographic depressions occupied by streams and wetlands with runoff from mountainous areas. The effects of the accumulation and snowmelt on recharge were ignored as well (Small, 2005).

Vegetation characteristics were provided in terms of LAI retrieved from freely available remote-sensing products (Mao and Yan, 2019). LAI is used to quantify rainfall interception, the partition of ETp into Ep and Tp, which are crucial steps for obtaining reliable numerical simulations in HYDRUS-1D (Kool et al., 2014; Anderson et al., 2017; Lama et al., 2021). Vegetation influences evapotranspiration that decreases exponentially with decreasing root depth (Adane et al., 2018). The role of vegetation characteristics in assessing ETp was already considered by Batsukh et al. (2021). The validation of ETa values simulated in HYDRUS-1D with those reported in the FAO-map corroborates the acceptable prediction capability. In New Mexico and Nevada, Gee et al. (1994) found that water percolated in vegetation-free deep lysimeters, whereas percolation did not occur in lysimeters with growing vegetation. Recharge is generally much greater in non-vegetated than in vegetated regions (Gee et al., 1994) and greater in areas with annual crops and grasses than in areas with perennial plant such as trees and shrubs (Prych, 1998; Scanlon et al., 2002; Adane et al., 2018). According to our results, GRp is lower in areas with denser vegetation as well as in areas with deeper root systems. Desert vegetation such as the shrub Larrea (Creosote bush) has relatively deep root systems (David and Vokhmin, 2002), and it transpires until the soil water pressure reaches the wilting point (ψ > 810.00 m) (Pockman and Sperry, 2000). GRp values in two of our study locations that are covered by shrubs with deep root systems are lower than those simulated in other study locations in the Gobi Desert. More detailed studies on the plant-specific uptake parameters in Mongolia are needed in the future for improving model simulations.

The Renewable Groundwater Resource Map representing diffuse and local GR is practically the only published material that can be used for indirect inference of groundwater recharge in Mongolia. Our results are consistent with the map: the renewable groundwater resources on the map are greater than simulated GR rates, especially in large river catchments as well as within the mountain ranges. The prediction of GRp in the study locations presented in this paper have similar results in surrounding regions such as Inner Mongolia, China (e.g., Huang and Pang, 2013; Huang et al., 2017). According to Huang et al. (2017), the diffuse recharge beneath the grassland is 0.11–0.32 mm year−1, based on the chloride mass balance over seven soil profiles. On the other hand, according to Huang and Pang (2013), recharge in the northwestern part of China is commonly <3.6 mm year−1, where precipitation is <200 mm year−1, and groundwater is mainly recharged by mountain runoff. The recharge rates increase in the rainfed Loess Plateau, ranging from 30 to 100 mm year−1 beneath the main crop represented by wheat. An average recharge rate of 1.4 mm year−1 is also found by Gates et al. (2008) in Badain Jaran Desert in northwestern China. These studies indicate that the groundwater recharge decreases toward the arid grassland steppe in China. According to our study, GRp does not typically exceed 12 mm year−1 in Mongolia without an additional irrigation supply. Our results are validated by groundwater observations, although uncertainties are still substantial (Taylor et al., 2013; Sood and Smakhtin, 2015; Turkeltaub et al., 2015).

Groundwater recharge occurs as water percolates through overlying unsaturated zones to become stored in an aquifer system. Determining the lag time for the vadose zone is critical for quantifying groundwater renewable resources and water quality (Jasechko, 2019). Some progress in the calibration of process-based models using isotope-based techniques (Stumpp et al., 2012; Sprenger et al., 2016; Boumaiza et al., 2020) has been published recently.

We have collated a basic data archive to feed physically based models for estimating GR over a limited number of locations in Mongolia and short time series of daily weather data (a 5-year-long dataset). The ever-increasing availability of input data from other archives and potential field studies will increase the reliability of analyses.



CONCLUSIONS

We present the first study explicitly estimating the diffuse GR in Mongolia by using a composite physically based model approach. Previously, the GR concept and analyses for water resource evaluations were underutilized in Mongolia.

Results provide diffuse GR in 41 locations of Mongolia at the spatial resolution of about 200 km × 200 km by using climate data for the 2007–2011 period. Estimates utilize easily accessible databases for weather data (precipitation and biome-specific potential evapotranspiration), soil physical properties (bulk density, sand, silt, clay), and freely available remote-sensing products for vegetation characteristics (leaf area index). Acquisition of key input data might further enhance model performance. PLSR analysis identifies the most important contributors in explaining the spatial variability of GR and τ.

In Mongolia, the diffuse GR rates are very low compared to precipitation in all locations, with an annual mean of <12 mm year−1 in all considered study locations. ETa is the most relevant water balance component that was verified by available FAO data.

Our results on GR values in most regions of Mongolia are consistent with the Renewable Groundwater Resource map that is based on hydrograph separation, while it shows differences in river watersheds, topographic depressions, and other areas of focused recharge. This comparison is also consistent with GR composition, which includes both diffuse recharge and localized recharge due to the surface water–groundwater interactions. Among future topics, research should evaluate the impact of climate, land use, and land cover changes on water balance components of the vadose zone, including GR and lag time. Verification of results can be assessed by setting up ground-truth measurements in representative locations for the steppe region and the Gobi Desert.
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