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Green water resources, which are fundamental for plant growth and terrestrial ecosystem services, reflect precipitation that infiltrates into the unsaturated soil layer and returns to the atmosphere by plant transpiration and soil evaporation through the hydrological cycle. However, green water is usually ignored in water resource assessments, especially when considering future climate impacts, and green water modeling generally ignores the calibration of evapotranspiration (ET), which might have a considerable impact on green water resources. This study analyzes the spatiotemporal variations in blue and green water resources under historical and future climate change scenarios by applying a distributed hydrological model in the Xiangjiang River Basin (XRB) of the Yangtze River. An improved model calibration method based on remotely sensed MODIS ET data and observed discharge data is used, and the results show that the parallel parameter calibration method can increase the simulation accuracy of blue and green water while decreasing the output uncertainties. The coefficients (p-factor, r-factor, KGE, NSE, R2, and PBIAS) indicate that the blue and green water projections in the calibration and validation periods exhibit good performance. Blue and green water account for 51.9 and 48.1%, respectively, of all water resources in the historical climate scenario, while future blue and green water projections fluctuate to varying degrees under different future climate scenarios because of uncertainties. Blue water resources and green water storage in the XRB will decrease (5.3–21.8% and 8.8–19.7%, respectively), while green water flow will increase (5.9–14.7%). Even taking the 95% parameter prediction uncertainty (95 PPU) range into consideration, the future increasing trend of the predicted green water flow is deemed satisfactory. Therefore, incorporating green water into future water resource management is indispensable for the XRB. In general, this study provides a basis for future blue and green water assessments, and the general modeling framework can be applied to other regions with similar challenges.
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HIGHLIGHTS

1) The combination of future climate downscaling modeling with basin blue–green water modeling.
2) Revealing spatiotemporal variation of blue and green water components in the studied basin under historical and future climate change scenarios.
3) Using an improved parallel parameter calibration method to increase the accuracy of blue and green water simulations and decrease uncertainties.
4) Providing a basis for future blue and green water assessments at the basin scale and the general modeling framework can be applied to other regions with similar challenges.
1 INTRODUCTION
Many researchers have demonstrated in recent decades that climate change undoubtedly affects water resources worldwide (Haddeland et al., 2014; Reshmidevi et al., 2018). Consequently, assessing the impacts of climate change on water circulation and water resources at the basin scale is an important scientific issue (Sivapalan et al., 2011). In this context, it is more reasonable to link climate change and water resources according to water resource components, such as blue water and green water (Falkenmark and Rockström, 2010). Although the former has attracted widespread attention in many studies globally, the latter part needs further research in basin studies (Du et al., 2018).
Blue water and green water are both indispensable components of the hydrological cycle at the basin scale (Hoff et al., 2010; Keys and Falkenmark, 2018). The concept of blue and green water resources was initially proposed by Falkenmark (1995) at the Food and Agriculture Organization (FAO) Conference. Falkenmark and Rockstrom (2006) defined blue water resources, which are calculated based on the surface water yield (WYLD) and groundwater storage (GS), as liquid water in rivers, lakes, wetlands, and underground aquifers, whereas green water resources (Falkenmark and Rockstrom, 2010; Feng et al., 2020), which are estimated as the sum of evapotranspiration (ET) and soil water (SW), are divided into two components: green water flow (GWF) and green water storage (GWS). GWF, which refers to water vapor returned to the atmosphere through ET, is the potential water resource that benefits the ecosystem of the whole river basin and equals the actual ET, which comprises non-productive soil evaporation and productive plant transpiration (Cheng and Zhao, 2006). In contrast, GWS refers to the SW content (Rockström et al., 2009) contained within the upper unsaturated soil layers and is derived from the infiltration of precipitation, which is a potential source of GWF (Glavan et al., 2013).
On the continental scale, green water resources dominate the hydrological cycle, accounting for approximately 65% of the total amount of terrestrial blue and green water resources (Falkenmark and Rockström, 2010; Liu and Yang, 2010). Therefore, more precipitation returns to the atmosphere through soil evaporation and plant transpiration. Furthermore, green water is an important basis for agricultural production (Falkenmark, 2013), so it is indirectly consumed by humankind. Crops and trees predominantly rely on green water and sustain their growth by absorbing SW through transpiration, although irrigation (i.e., blue water) does play an important role. Hence, the green water cycle can improve and stabilize basin ecosystems (White et al., 2015) and provide terrestrial and aquatic ecological services (Kauffman et al., 2014) for nature and society.
Climate change may negatively impact freshwater circulation at the basin scale and further increase the uncertainties in the modeling of blue and green water resources (Vaghefi et al., 2014; Chen et al., 2014; Lee and Bae, 2015; Veettil and Mishra, 2018). Several blue and green water modeling studies have been performed in a few regions across China (Table 1). However, most of these studies have investigated the role of climate change in the variations in blue and green water resources under historical climate scenarios (e.g., Li et al., 2009; Liu et al., 2009; Xu., 2013; Zang and Liu, 2013; Zuo et al., 2015; Zhao et al., 2016; Xia et al., 2017; Lyu et al., 2019), whereas few publications have focused on the assessment of blue and green water variations and uncertainties at the basin scale under long-term future climate scenarios. In general, traditional basin water resource assessments pay inadequate attention to invisible green water resources (Hoff et al., 2010) and the impacts of future climate change, thereby underestimating the availability of water resources.
TABLE 1 | Comparison of relevant studies in China evaluating the impacts of climate change on blue and green water resources at the basin scale.a
[image: Table 1]Furthermore, previous studies in China have focused mostly on river basins located in northern China (characterized by arid or semiarid climates), such as the Yellow River (see Table 1), while only a few studies have been conducted on the Yangtze River Basin in southern China (characterized by a humid monsoon climate). In fact, the proportion of green water differs greatly between the Yangtze River (approximately 48.1% calculated within our studied basin, namely, the Xiangjiang River Basin) and the Yellow River (more than 80% as reported by previous papers) because the climate (e.g., precipitation) varies considerably between northern and southern China (Ye et al., 2013; Wang et al., 2021). Therefore, it is of practical significance to distinguish the blue and green water components (Mafuta, 2018) in a river basin characterized by a humid monsoon climate and to understand the implications of future climate change impacts on blue and green water resources (Abbaspour et al., 2009). These practices should improve water resource assessments in the studied basin and help establish a new approach for coping with water issues (such as water fluctuation, water scarcity, and water stress) (Rockström et al., 2015; Zhuo and Hoekstra, 2017) in other similar basins.
In addition, the surface runoff and ET processes of the basin water cycle are more complicated under the influence of climate change, and their effects vary in both space and time (Faramarzi et al., 2013; Rajib et al., 2018). Therefore, researchers have employed physical-based hydrological models (Zang and Liu, 2013) to replace the Budyko-based water balance methods (Budyko, 1974; Jiang et al., 2015), plant physiology methods (Postel et al., 1996; Rockström and Gordon, 2001), and traditional statistical methods based on the Penman–Monteith, Priestley–Taylor, and Hargreaves formulas (Xu, 2013; Vaghefi et al., 2014) to explore the transformation mechanism of blue–green water within the water cycle. Considering the differences in spatial scales, there are both global-scale models, such as the Lund–Potsdam–Jena managed Land (LPJmL) model, GIS-based Environmental Policy Integrated Climate (GEPIC) model, Global Water Resources H08 Model (H08), Global Crop Water Model (GCWM), and International Model for Policy Analysis of Agricultural Commodities and Trade (IMPACT) (Rockström et al., 2009; Hanasaki et al., 2010; Liu and Yang, 2010; Siebert and Doll, 2010; Robinson et al., 2015), and basin-scale models, such as the Soil and Water Assessment Tool (SWAT), Max Planck Institute Hydrology Model (MPI-HM), and Hydro-Informatic Modeling System Vegetation Impacts on Hydrology (HIM-VIH) (Chen et al., 2014; Abbaspour et al., 2015; Zuo et al., 2015; Liu et al., 2016).
However, the traditional blue and green water models not only ignore the selection and calibration of ET data but also use the default ET parameters of the model (Arnold et al., 2012; Badou et al., 2018). Hence, two questions arise: Can blue and green water components be accurately divided? Additionally, how can the spatiotemporal variations in blue and green water resources be predicted in the context of future climate change? These constitute two important scientific issues in the assessment of water resources in the Xiangjiang River Basin (XRB). Nevertheless, in practice, applying the concept of blue and green water to basin water resource assessments under future climate change remains difficult. These challenges include the combined modeling of future climate downscaling and basin-scale blue–green water resources (Reshmidevi et al., 2018; Farsani et al., 2019) and accurately identifying and quantifying blue and green water (Abbaspour et al., 2015; Zuo et al., 2015).
Therefore, in this study, an improved parallel parameter calibration method was adopted to simulate the generation and transformation of blue and green water components that consider both observed discharge data and remotely sensed ET data to increase the accuracy of blue and green water simulations and reduce uncertainties (Rajib et al., 2018; Kunnath-Poovakka et al., 2021). In general, this work presents an analytical study of the impacts of climate change on the past and the future division of blue and green water resources within the Xiangjiang River Basin. In combination with the SWAT hydrological model and the downscaling of general circulation models (GCMs), we analyze the temporal variations and spatial distributions of blue and green water resources in the context of climate scenarios based on four representative concentration pathways (RCPs), namely, RCP2.6, RCP4.5, RCP6, and RCP8.5, within four GCMs (HadCM3, IPSL-CM5A, HadGEM2-AO, and CCSM4). The results are expected to enrich the study of basin water resource assessments under future climate change and to provide references for the strategic formulation of integrated blue and green water resource assessments in the XRB and in other similar basins. Accordingly, the main goals of this study are to assess the proportions of the blue and green water components separately and to analyze the blue and green water variations under historical and future climate scenarios in the studied basin by employing an improved model calibration method.
2 MATERIALS AND METHODS
2.1 Study Area Description
The XRB (94,660 km2), located in the Hunan Province of China between 24°38′N to 28°41′N latitude and 110°34′E to 114°15′E longitude, is a first-order tributary of the Yangtze River. The elevation of the basin ranges from −110 to 2,062 m, with an average of 302 m. The Xiangjiang River originates from Jinfengling Mountain in the Xingan County of Guangxi Province and has an overall length of 856 km. It flows from south to north through the cities of Yongzhou, Hengyang, Zhuzhou, Xiangtan, and Changsha into Dongting Lake and includes seventeen tributaries (the Liuyang River, Laodao River, Lianshui River, etc.). Moreover, the XRB is characterized by an East Asian subtropical humid monsoon climate; thus, its hydrological cycle also presents a monsoon climate regime. The average annual temperature in the XRB is between 18.0°C and 19.0°C, and its average annual precipitation ranges between 1,400 and 1,600 mm yr−1, most of which falls from April to July. Accordingly, the flood season of the Xiangjiang River extends from April to July and accounts for approximately 52.4% of the annual runoff.
The XRB is of strategic importance for the water supply of Changsha (the capital of Hunan Province) and the Changsha–Zhuzhou–Xiangtan urban agglomeration (a national urban agglomeration in the middle reaches of the Yangtze River in China). The Xiangjiang River is also indispensable for agricultural irrigation; indeed, the XRB is one of the most important agricultural areas in the nation and thus has been called the “breadbasket of China.” Hence, research on assessing the water resources in the XRB is representative of Hunan Province, the Yangtze River, and even southern China. However, previous water resource assessments in the XRB focused exclusively on blue water. For example, the first comprehensive legislation on river basin protection in China, namely, the “Regulations on the Protection of the Xiangjiang River System” issued by the government of Hunan Province of China in 2013, is a kind of river water assessment rather than basin water assessment (Xiao et al., 2016). Because this legislation paid inadequate attention to the water cycle at the basin scale and neglected invisible green water, this practice (in addition to neglecting the impacts of future climate change) led to the water resources within the basin being underestimated. As a case study of the blue and green water resources in the XRB is representative of the Yangtze River (and even southern China), the XRB is selected as a representative basin to assess the impacts of climate change on the past and the future division of blue and green water resources.
The Xiangtan hydrometric station (a national control station of China) is the most important hydrological gauging station on the Xiangjiang River and includes a control river length of 738 km and a control catchment area of 81,638 km2. In this paper, the catchment above the Xiangtan station was selected as the study area (81,638 km2), accounting for 86.24% of the total area of the XRB, as shown in Figure 1. This general map of the study area presents the modeling details and geographic distributions of the elevation, streams, watershed boundaries, climate stations, and discharge stations used in the hydrological model.
[image: Figure 1]FIGURE 1 | Location of the Xiangjiang River Basin, China.
2.2 Description of the Soil and Water Assessment Tool Model
SWAT is an integrated physical- and process-based distributed hydrological model (Arnold et al., 2013; Rathjens et al., 2015) specialized in analyses at the basin scale. Previous publications have demonstrated that the SWAT model can be computationally efficient when applied to characterizing the main processes of the water cycle, water quantity (surface runoff, baseflow, and stream flow), water quality (sediment load and nutrient flow), ET, and management practices (Keys and Falkenmark, 2018; Luan et al., 2018) in different landscapes (from small catchments to large river basins) at various spatial and temporal scales (Bieger et al., 2017).
The SWAT model has been extensively adopted for many international applications, e.g., the Savannah River Basin and Ohio River Basin in the United States (Veettil and Mishra, 2016; Du et al., 2018), Karkheh River Basin in Iran (Vaghefi et al., 2014), Cachoeira River Basin in Brazil (Rodrigues et al., 2014), Black Sea Basin (Rouholahnejad et al., 2014), Amazon River Basin (Lathuillière et al., 2016), Asian monsoon region (Lee and Bae, 2015), Europe (Abbaspour et al., 2015), Africa (Faramarzi et al., 2013; Mafuta, 2018), and the Heihe River Basin (Zang and Liu., 2013), Weihe River Basin (Zuo et al., 2015; Zhao et al., 2016), and Lianshui River Basin (Feng et al., 2017a) in China. Hence, SWAT is a valuable tool for investigating the different impacts of climate change on hydrological processes (Veettil and Mishra, 2016; Badou et al., 2018), as it provides spatial coverage of the entire hydrological cycle (Veettil and Mishra, 2018), including the atmosphere, plants, unsaturated zone, groundwater, and surface water. A more detailed description of the model is given in Section 3.
2.3 The Blue and Green Water Balance of the Soil and Water Assessment Tool Model
The water balance is the driving force that controls all the processes in the SWAT hydrologic model. The basic hydrological water balance equation used in the SWAT model can be expressed by Eqs 1, 2 (Arnold et al., 2013; Rodrigues et al., 2014; Farsani et al., 2019). In Eq. 1, PREC is the amount of precipitation (mm t−1) during the time period t, ET denotes the actual evapotranspiration (mm t−1) during the time period t (namely, GWF), and WYLD refers to the water yield (mm t−1) during the time period t:
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In Eq. 2, WYLD is the sum of surface runoff (SURQ, mm t−1), lateral flow (LATQ, mm t−1), and the groundwater contribution to streams (GWQ, mm t−1), ΔSW represents the relative change in the soil water content (mm t−1) (therefore, SW is equal to the amount of GWS, mm), ΔGS is the relative change in groundwater storage (mm t−1) and is represented by the difference between GW_RCHG (the total amount of water recharge to aquifers) and GWQ within the SWAT output database, and LOSSES (mm t−1) corresponds to the total losses of water interception and water transmission in the basin water cycle and the consumptive water use by human activities (domestic, industrial, or agricultural water use).
Therefore, the methodology and output parameters used in the SWAT model to calculate the blue and green water components are as follows: blue water (BW) = WYLD + GW_RCHG and green water (GW) = GWF + GWS = ET + SW (Arnold et al., 2013; Rodrigues et al., 2014; Veettil and Mishra, 2016). More details regarding the computation of WYLD, ET, and SW in SWAT can be found in the study by Feng et al. (2017b). The distributed structure of the SWAT model can efficiently characterize hydrological processes in catchments and distinguish the blue and green water components at the subbasin scale (Zhao et al., 2016; Veettil and Mishra, 2018). This model was therefore assumed to be suitable for the scenario analysis and simulation of blue and green water components across the XRB.
2.4 Climate Change Model and Scenario Design
The SWAT model, GCMs, and scenario analysis method (Faramarzi et al., 2013; Vaghefi et al., 2014; Lee and Bae., 2015; Badou et al., 2018) were used to project the impacts of climate change on blue and green water resources in the XRB. Analyses using GCMs and RCP scenarios from Coupled Model Intercomparison Project Phase 5 (CMIP5) might help further understand the impacts of climate change projections over the XRB. The SWAT model was forced by the historical climate scenario, scenario A (1996–2015), based on the observed meteorological conditions and by two future climate scenarios, scenarios B and C (2020–2049 and 2050–2079, respectively). These two future climate scenarios were generated from downscaled GCMs (HadCM3, IPSL-CM5A, HadGEM2-AO, and CCSM4) and four RCPs (RCP2.6, RCP4.5, RCP6, and RCP8.5). Accordingly, scenarios A, B, and C designed for this study are described as follows:
1) Scenario A (1996–2015). The baseline climate scenario was generated from meteorological data observed by weather stations from 1996 to 2015 in the XRB.
2) Scenario B (2020–2049). This scenario is subdivided into scenarios B2, B4, B6, and B8 according to RCP2.6, RCP4.5, RCP6, and RCP8.5, respectively, within the HadCM3, IPSL-CM5A, HadGEM2-AO, and CCSM4 models, which present the impacts of climate change in the near future for the period of 2020–2049.
3) Scenario C (2050–2079). Similar to scenario B, this scenario is subdivided into scenarios C2, C4, C6, and C8, which present the impacts of climate change in the far future for the period of 2050–2079.
2.5 Data Collection
The data required for this study were compiled from different sources as follows: 1) The ASTER Global Digital Elevation Model (GDEM) V2 at a 30 m spatial resolution was extracted from the Geospatial Data Cloud Site, Computer Network Information Center, Chinese Academy of Sciences, to delineate the topographic features of the XRB. 2) A land cover map with a spatial resolution of 300 m for 2015 was derived from the Data Center for Resources and Environmental Sciences (RESDC), Chinese Academy of Sciences. 3) Soil data were obtained from the Harmonized World Soil Database (HWSD) archived by the FAO of the United Nations and maps of China at a 1:1 million scale based on data distributed by the Institute of Soil Science in Nanjing, Chinese Academy of Sciences. 4) Historical weather input data of the total precipitation, average maximum/minimum air temperatures, wind speed, relative humidity, solar radiation, and meteorological statistics at 37 weather stations within the XRB from 1996 to 2015 were collected from the Climatic Data Center, National Meteorological Information Center, China Meteorological Administration. 5) Future weather input data for the period of 2020–2079 originated from four RCPs (RCP2.6, RCP4.5, RCP6, and RCP8.5) in four GCMs (HadCM3, IPSL-CM5A, HadGEM2-AO, and CCSM4) provided by the Fifth Assessment Report (AR5) of the Intergovernmental Panel on Climate Change (IPCC). 6) ET data were obtained from the MODIS16A2_ET product with a 0.05° spatial resolution for the period of 2000–2015; this product was available from the global terrestrial ET Moderate Resolution Imaging Spectroradiometer (MODIS) database of NASA. 7) Daily runoff data from 1996 to 2015 at the Xiangtan gauging station as well as a digital river network map, reservoir outflow data, water use data, and agricultural irrigation information of the study area were provided by the Hydrology and Water Resources Survey Bureau in the Hunan Province of China.
3 MODEL INPUTS AND MODEL SETUP
3.1 Input Data Processing
3.1.1 Spatial and Attribute Data Processing
The 2015 land cover dataset was regridded to be consistent with the spatial resolution of the meteorological forcing data and then reclassified into eight classes according to the standard USGS land use and land cover categories used in the SWAT model, including 37.4% agricultural land (AGRL), 32.3% evergreen forest (FRSE), 10.1% deciduous forest (FRSD), 13.0% mixed forest (FRST), 1.7% shrubland (RNGB), 3.1% grassland (RNGE), 1.1% high-density residential urban land (URHD), and 1.3% water area (WATR), as shown in Figure 2.
[image: Figure 2]FIGURE 2 | Land cover map and soil type map of the Xiangjiang River Basin.
As soil parameters have a significant influence on the simulation of green water, the soil database of the XRB was established based on the HWSD, the Soil-Plant-Air-Water (SPAW) model, and the soil statistical yearbook of Hunan Province (2010). The HWSD dataset contains most of the soil water information necessary for the SWAT model, such as two soil profiles (0–30 cm and 30–100 cm depths), the available water capacity, and the bulk density. The soil database was reclassified into eight classes of soil types used in the SWAT model, including 4.1% Leptosols, 7.4% Ferric Lixisols, 25.7% Cumulic Anthrosols, 26.2% Haplic Acrisols (I), 11.7% Haplic Acrisols (II), 10.2% Humic Acrisols, 7.5% Haplic Alisols, and 7.2% Dystric Cambisols, as shown in Figure 2.
Meteorological input data from 1996 to 2015 recorded at 37 weather stations in the XRB (including 57687-Changsha station, 57679-Changsha station, 57773-Xiangtan station, 57780-Zhuzhou station, 57872-Hengyang station, 57763-Loudi station, 57866-Yongzhou station, and 57972-Chenzhou station, among others), as shown in Figure 1, were selected to run the SWAT model; these data were also leveraged to help build the weather generator (WXGEN) (Aouissi et al., 2016) simultaneously. Then, historical climate change was simulated with SWAT by manipulating the climate inputs (WXGEN parameters, potential ET, precipitation, temperature, solar radiation, relative humidity, and wind speed) which were input into the model.
3.1.2 Future Climate Data and Their Downscaling
Four commonly used RCPs, namely, RCP2.6, RCP4.5, RCP6, and RCP8.5, were established by CMIP5 models from the IPCC AR5 corresponding to scenarios with a total radiative forcing of 2.6, 4.5, 6.0, and 8.5 W/m2, respectively (approximately equal to mean CO2 emission concentrations of 490, 650, 850, and 1,370 ppm), in 2100 (Diffenbaugh and Giorgi, 2012). To quantify the available blue and green water resources under future climate change (2020–2079), future climate projections from four GCMs (HadCM3, IPSL-CM5A, HadGEM2-AO, and CCSM4) under the RCP2.6, RCP4.5, RCP6, and RCP8.5 scenarios were fed into the SWAT model and were used as the future meteorological conditions.
Furthermore, a key issue in the combination of hydrologic models with GCMs is the spatial and temporal downscaling of the results from the latter. GCM outputs (Reshmidevi et al., 2018; Pandey et al., 2019) cannot be directly applied to the spatial resolution (Lee and Bae., 2015; Badou et al., 2018) of blue and green water modeling at the basin scale, so they must be downscaled to an acceptable spatiotemporal resolution. Accordingly, the climate change data for two future periods (2020–2049 and 2050–2079) were downscaled (Knutti and Sedlácek, 2012) and bias-corrected (Hassan et al., 2014) using the statistical downscaling model (SDSM) based on the observed meteorological records from the 37 nearest weather stations in the XRB for the baseline period (1996–2015). As a consequence, the downscaled climate series from HadCM3 agreed relatively well with the measured historical data. All 37 stations had R2 values in the range of 0.81–0.89; hence, the downscaled HadCM3 model was identified as a better model for the XRB than the other three selected GCMs (IPSL-CM5A, HadGEM2-AO, and CCSM4).
3.1.3 MOD16 Data Processing
Given the high spatial variability in ET, satellite-derived MODIS16A2_ET data were used as the monthly average ET input for the model. This practice could achieve a better accuracy for the green water simulation if we calculate the spatial distribution of the actual ground surface ET (AET). The Penman–Monteith equation is used by the MOD16 ET algorithm (Mu et al., 2011) for remote sensing inversion, and this equation considers soil moisture evaporation, plant transpiration, water surface evaporation, etc. The quality control parameters of MOD16 have been verified by evaporation flux tower data at the global scale (Autovino et al., 2016), and application studies in China (Zhang and Chen, 2017) have shown that the MOD16 dataset is suitable for studying ET at the basin scale throughout most of China.
Additionally, ArcGIS software was used to calculate 0.05° monthly average ET raster data of the MOD16 ET product at a subbasin level for the purpose of calibrating the SWAT parameters for green water, and the satellite estimates were strongly correlated with the simulated results, as depicted and explained in Section 4.1.2.
3.2 Simulation Protocol
3.2.1 River Network Calibration and Division of Subbasins and Hydrological Response Units
The control river network of the XRB extracted from the DEM was calibrated with a 1:250,000 digital drainage map of the XRB according to the streamflow direction matrix (Feng et al., 2017a). Then, this control river network was used to calibrate the input river network generated by the SWAT model, which can improve the stream network’s accuracy of the D8 algorithm (Arnold et al., 2013) within the TOPOAZ module of SWAT. The threshold of the subbasin area in the SWAT model was set at 167,500 hm2 based on a comparative analysis (Koch et al., 2013) between the observed and simulated errors of the starting points of streams (Feng et al., 2017a) from the digital drainage map of the XRB. Therefore, the Xiangjiang watershed was divided into 25 subbasins, as delineated in Figure 3, and the dominant land use and soil types of each subbasin were assigned.
[image: Figure 3]FIGURE 3 | Spatial division of modeled units (subbasins) in the Xiangjiang River Basin.
It is recommended to reduce the computational burden by filtering unique combinations (Her et al., 2015). To spatially discretize each subbasin, SWAT utilizes hydrological response units (HRUs) which are delineated as the basis of the water balance calculation; this approach allows a subbasin to be split into unique combinations of soil, land use, and slope units. In this study, a 10% threshold of land use, soil, and slope that covered a fraction less than 10% of each subbasin was set up, which resulted in 382 HRUs distributed over 25 subbasins.
3.2.2 Model Calculation Method Setup
In this study, the surface runoff volume was simulated at the HRU level using a modified Soil Conservation Service (SCS) curve number (CN) procedure based on soil hydrologic groups, land use/land cover characteristics, antecedent soil moisture, etc. The variable storage method was used for routing the runoff aggregated from HRUs to each delineated subbasin and then routed to the associated reach and basin outlet through the river network. The FAO Penman–Monteith equation was selected to calculate the reference ET (Arnold et al., 2012; Aouissi et al., 2016). The leaf area index (LAI) and root development were estimated using the crop-growth component of SWAT, which is a simplification of the EPIC crop model.
3.2.3 Setup of Water Resource Use Scenario
Water use scenarios were set up within the SWAT model according to the average water use rate and domestic, industrial, and agricultural water use data in the XRB collected from the “Water Resources Bulletin of Hunan Province, China,” from 2006 to 2015. In addition, the outflow data of eight large-scale reservoirs in the study area, namely, the Centianhe Reservoir (2.50 billion m3 of flood control storage), Dongjiang Reservoir (1.58 billion m3), Taoshui Reservoir (1.00 billion m3), Shuifumiao Reservoir (0.70 billion m3), Ouyanghai Reservoir (0.62 billion m3), Shuangpai Reservoir (0.58 billion m3), Qingshanlong Reservoir (0.29 billion m3), and Jiubujiang Reservoir (0.11 billion m3), which may affect river discharge, were included in this model starting from 1996 to 2015. However, to study blue and green water variations under historical and future climate change scenarios in the long term (1996–2015 and 2020–2079), small reservoirs in the XRB were considered to mainly affect the daily runoff simulation in the flood season (Abbaspour et al., 2009; Ngo et al., 2016; Feng et al., 2017b) but have little effect on the monthly average river discharge calibration and validation.
Moreover, approximately 37% of the basin area is irrigated; therefore, the reservoirs listed above were built for agricultural irrigation districts downstream of the XRB. According to the operation scheme of gate dams in each reservoir and their annual average irrigated water volume, we set a corresponding irrigation management scenario in the model. Then, scenarios of water resource use and agricultural irrigation information were spatially parameterized (Dechmi et al., 2012; Rouholahnejad et al., 2014) for the model simulations within SWAT.
3.2.4 The Methodology of Blue and Green Water Modeling
Most previous studies on blue and green water simulations generally used the blue water calibration (discharge calibration) method in specific SWAT applications (Li et al., 2009; Arnold et al., 2012; Badou et al., 2018). Based on the observed discharge data and remotely sensed MODIS ET data (Feng et al., 2018; Rajib et al., 2018; Kunnath-Poovakka et al., 2021), this study used the particle swarm optimization (PSO) algorithm (Kennedy and Eberhart, 1995) in the SWAT-Calibration and Uncertainty Programs (SWAT-CUP) (Abbaspour et al., 2015) to simulate the blue and green water components (discharge and ET) simultaneously and characterize the overall uncertainty in the model output. The PSO algorithm and the Kling–Gupta efficiency (KGE) objective function in the SWAT-CUP were further applied to the sensitivity analysis, parameter estimation, and uncertainty quantification in this study. Based on the SWAT-CUP used in this study, the specific SWAT application was simultaneously combined and calibrated with the river discharge data (observed river discharge at the Xiangtan station) and basin ET data (MOD16 ET data at the subbasin scale) in the KGE objective function during model simulation, thereby providing a more reliable estimate of the coupling mechanism between blue and green water resources in a river basin. Ideally, the best simulation was calibrated with the largest objective function value.
3.3 Sensitivity Setup and Analysis
Compared with predicting the runoff in a river basin, calibrating the blue and green water resources is more complicated and must consider extra parameters (Abbaspour et al., 2015; Aouissi et al., 2016; Kundu et al., 2017) related to green water resources. Therefore, the sensitive parameters that control the calibration of runoff and ET calibration (and hence the calibration of blue and green water resources) in the basin should be identified.
In this study, the t-stat and p-value of Latin hypercube sampling one-factor-at-a-time (LH–OAT) (Kucherenko et al., 2011) and global sensitivity analysis within the SWAT-CUP (Abbaspour, 2014) were used to estimate the statistical significance of the parameters. The greater the absolute value of the t-stat is, the more sensitive the parameter is. Generally, the parameter is not sensitive at t < 0.05, weakly sensitive at 0.05 < t < 0.2, generally sensitive at 0.2 < t < 0.5, very sensitive at 0.5 < t < 1.0, and extremely sensitive at t > 1.0 (Mengistu and Sorteberg, 2012; Abbaspour, 2014; Zhao et al., 2016).
The selection of model parameters to calibrate was based on the sensitivity analysis and previous studies (Feng et al., 2017b and 2018). Based on an evaluation criterion, that is, t > 0.2, the 18 most sensitive hydrologic parameters within SWAT related to discharge and ET (blue and green water) within the XRB were identified, as shown in Table 2. In this study, these blue and green water parameters were employed to assess the blue and green water variations and to reflect the changes among the scenarios.
TABLE 2 | Results of the sensitivity analysis and SWAT calibration procedure (the initial range, range adjustment in calibration, and final range) for the blue and green water parameters in the Xiangjiang River Basin.
[image: Table 2]3.4 Model Uncertainty Setup and Description
Blue and green water simulations contain uncertainties associated with the input data, model parameters, etc. This study used the parallel PSO algorithm (Kennedy and Eberhart, 1995) in the SWAT-CUP to characterize the overall uncertainty in the model output. In this method, all uncertainties are mapped onto the parameter ranges as the procedure attempts to capture most of the measured data within the 95% parameter prediction uncertainty (95 PPU) range (Abbaspour, 2014; Abbaspour et al., 2015).
Accordingly, the goodness of the model calibration strength and prediction uncertainties was judged by two indices, the p-factor and r-factor, of the 95 PPU. The p-factor indicates that the percentage of measured data falls in the 95 PPU band and varies from 0 to 1, where 1 is the maximum value of the p-factor, that is, 100% bracketing of the observed data by the 95 PPU (Rouholahnejad et al., 2014). In contrast, the r-factor represents the average width of the 95 PPU band divided by the standard deviation of the observed data and ranges from 0 to infinity, where a lower value of the r-factor indicates better model performance.
Ideally, we would like to bracket most of the measured data (plus their uncertainties) within the 95 PPU band (p-factor value tending to 1) and to have a narrow 95 PPU band (r-factor value close to 0) because these conditions signify a more reliable model. Generally, when the p-factor value is greater than 0.5 and the r-factor value is less than 1.5, the simulation uncertainty is believed to be covered within the confidence region. Furthermore, the simulation uncertainty is accepted to be within the desirable range when the p-factor value is greater than 0.7 and the r-factor value is less than 1 (Abbaspour, 2014; Abbaspour et al., 2015; Feng et al., 2018).
In addition, the KGE, an improved parameter calibration method proposed by Gupta et al. (2009), was used as the objective function for the SWAT model calibration. To compare the measured and simulated discharge and ET, the simulation performance of the SWAT model was evaluated by using the following goodness-of-fit criteria: the coefficient of determination (R2) between the measured and simulated data, Nash–Sutcliffe efficiency (NSE, which indicates the variance ratio of the simulated value to the measured data), and bias percentage (PBIAS, representing the overall trend in which the simulation value deviates from the measured data).
R2 and NSE values close to 1 indicate good correspondence between the two series, and values between 0.7 and 1 are considered optimal for validating models on observations. In contrast, as the PBIAS tends toward 0, the simulation results become more representative. Relevant studies (Arnold et al., 2013; Koch et al., 2013; Abbaspour, 2014; Abbaspour et al., 2015; Daggupati et al., 2015; Zuo et al., 2015; Zhao et al., 2016; Veettil and Mishra, 2018) have shown that blue and green water simulations are credible when R2 > 0.6, NSE > 0.6, PBIAS < 15%, and KGE > 0.7, and the simulation results are relatively good when R2 > 0.8, NSE > 0.8, PBIAS < 5%, and KGE > 0.9. The preprocessing of the SWAT model input data was accomplished mainly in ArcGIS 10.3 and ENVI 5.3. More details on the model inputs and model setup, sensitivity setup and analysis, and uncertainty setup and description can be found in the studies of Abbaspour (2014), Feng et al. (2017b), and Feng et al. (2018).
4 RESULTS AND DISCUSSION
4.1 Model Calibration, Validation, and Uncertainty Analysis
4.1.1 Design of the Calibration–Validation Period
The overall calibration and validation period selected in this study was 1996–2015. Different from the traditional calibration–validation method (Abbaspour et al., 2009; Rodrigues et al., 2014), we adopted the validation–calibration method (i.e., in reverse order) (Vaghefi et al., 2014; Feng et al., 2017b) to divide the validation period (1996–2005) and calibration period (2006–2015). Because this method might be conducive to the prediction of future blue and green water resources, it was proposed based on the following considerations.
1) The input scenarios within the SWAT model were performed by using the land cover scenario in 2015 and water use scenarios in 2006–2015. Therefore, we selected the calibration period 2006–2015 to match the time series of the input scenarios to interpret the model parameters and simulation process more properly. Accordingly, the future blue and green water resources within the XRB were simulated under future climate change scenarios, but the constant land cover scenario did not consider future land use conditions. This practice controls the current input land cover scenarios within the SWAT model, which could allow the modeled future blue–green water resources to be more properly interpreted under future climate projections. In this way, the uncertainties of future blue–green water projections under future climate scenarios can be measured more precisely. Thus, the cumulative error of uncertainties from both future climate change scenarios and future land use change scenarios can be avoided. 2) Compared to the validation period (1996–2005), the calibration period (2006–2015) was closer to the simulation period (2020–2079) of future climate change. Therefore, the parameter calibration results were more suitable for predicting blue and green water resources in the long-term future. 3) The real-time sequence did not determine the selection of the calibration–validation period because the SWAT model considers mainly the input scenario (Koch et al., 2013; Rathjens et al., 2015; Bieger et al., 2017) in the calibration–validation period, not the time sequence.
In blue and green water modeling, the initial values of some green water parameters, such as the SW content, default to 0, which is inconsistent with the actual conditions of the basin water balance. To alleviate the influences of unknown initial parameters on the green water simulation, we set up three-year periods before the calibration and validation periods (1992–1995 and 2002–2005, respectively) as warm-up periods. Such warm-up periods can precisely initialize parameters (e.g., soil moisture) and properly simulate green water resources (Kundu et al., 2017). Then, the warm-up periods were excluded from the simulation. The calibration and validation periods from 1996 to 2015 are described as follows: 1) During model calibration, 2006–2015 was set as the calibration period and 2003–2005 was set as the model warm-up period. 2) During model validation, 1996–2005 was set as the validation period and 1992–1995 was set as the model warm-up period.
4.1.2 Uncertainty Analysis of the Improved Blue and Green Water Simulations
Most previous studies on the simulation of blue and green water resources generally used the blue water calibration method (Li et al., 2009; Arnold et al., 2012; Badou et al., 2018). Therefore, they focused mainly on calibrating discharge and then simply calculated the total green water according to the water balance equation. However, this approach may neglect to calibrate green water in the context of basin hydrologic processes, increasing the uncertainty of green water projections and making it difficult to distinguish GWF from GWS.
In fact, blue and green water simulations are different from traditional blue water simulations (Rouholahnejad et al., 2012; Aouissi et al., 2016). We recommend considering discharge and ET simultaneously to increase the prediction accuracy of green water and to diminish uncertainties (Feng et al., 2018; Rajib et al., 2018; Kunnath-Poovakka et al., 2021). Therefore, this study used an improved parallel parameter calibration method to simultaneously calibrate the discharge and ET (Rajib et al., 2018; Kunnath-Poovakka et al., 2021) and hence the blue and green water resources. This parallel calibration method combined river discharge with ET in the objective function during the model simulations, thereby providing a more reliable estimate of the coupling mechanism between blue and green water resources in the river basin. This approach could be an effective practice to improve the model simulation performance of green water to some extent.
In this study, the specific SWAT application was calibrated and validated simultaneously using monthly observed discharge (1996–2015) at the Xiangtan station located at the downstream end of the XRB (Figure 1) and MOD16 ET data (2000–2015) at the subbasin scale in the study area. At the same time, the PSO algorithm and KGE objective function in the SWAT-CUP were applied to the sensitivity analysis, parameter estimation, and uncertainty quantification. Ideally, the best simulation was calibrated with the largest objective function value. Furthermore, to assess the reliability of our model projection, Figure 4 is constructed to visualize the model calibration and validation performance of discharge and ET. The shaded range within Figure 4 indicates the 95 PPU range, which is used to express the combined confidence (Daggupati et al., 2015) of the blue and green water projections, including the uncertainties of the input data, climate variation, and hydrological model.
[image: Figure 4]FIGURE 4 | Simulation results and 95% parameter prediction uncertainty (95 PPU) ranges of the discharge and ET in the SWAT calibration (2006–2015) and validation (1996–2005) periods.
Based on the time-series plots between the simulated and observed values in Figure 4, the simulation performance coefficient and uncertainty analysis results within the calibration and validation periods are summarized in Table 3. As shown in Table 3, for all calibration and validation stages, the KGE statistic is greater than 0.85, R2 is greater than 0.80, NSE is greater than 0.75, and PBIAS is less than 2.5%. The goodness of these KGE, NSE, R2, and PBIAS coefficients (as discussed in Section 3.4) indicates reasonable agreement between the measured and simulated data. Therefore, compared to those of previous studies, the SWAT application results for the parallel simulation of discharge and ET during the calibration (2006–2015) and validation (1996–2005) periods were credible (Koch et al., 2013; Abbaspour et al., 2015; Zhao et al., 2016; Veettil and Mishra, 2018).
TABLE 3 | Results of the simulated evaluation and uncertainty analysis of the discharge and ET in the SWAT calibration and validation periods in the Xiangjiang River Basin.
[image: Table 3]Referring to Table 3 for the calibration and validation periods of modeling, the p-factor values of the discharge and ET within the 95 PPU range are all greater than 0.70, indicating that, for the discharge and ET, more than 70% of the data are bracketed by the 95 PPU range. Likewise, all the r-factor values are below 0.95, indicating low prediction uncertainties for both the calibration and validation periods. According to the criteria of the uncertainty evaluation (p-factor greater than 0.7 and r-factor less than 1.5) recommended by Abbaspour et al. (2015), the uncertainties in the blue and green water simulations for the XRB conducted by the SWAT hydrological model were in the confidence area. As a consequence, the simulation performance of this hydrologic modeling by the improved parallel parameter calibration method in the XRB can be judged as satisfactory and hence can be applied to the spatiotemporal analysis of blue and green water in the basin.
4.2 Temporal Analysis of Blue and Green Water Under Climate Change Scenarios
The annual average values of blue water (BW) resources, green water flow (GWF), and green water storage (GWS) based on baseline scenario A (1996–2015), the four near-future climate scenarios B2, B4, B6, and B8 (2020–2049), and the four far-future climate scenarios C2, C4, C6, and C8 (2050–2079) are shown in Figures 5–7, respectively. We compared the relative differences among the eight future climate scenarios (B2, B4, B6, and B8 of 2020–2049 and C2, C4, C6, and C8 of 2050–2079) against baseline climate scenario A (1996–2015) and hence assessed the effects of different climate scenarios (Sections 4.2.1–4.2.4). Briefly, we analyzed the blue and green water projections under the best downscaled HadCM3 scenario in the XRB, as discussed in Section 3.1.2, while the IPSL-CM5A, HadGEM2-AO, and CCSM4 scenarios were used only to validate the confidence in the blue and green water predictions, as depicted in Figures 5–7, which show that almost all uncertainties in the blue and green water predictions plot within the 95 PPU ranges.
[image: Figure 5]FIGURE 5 | Annual average blue water resources in different climate scenarios simulated by baseline scenario A (1996–2015) and four GCMs (HadCM3, IPSL-CM5A, HadGEM2-AO, and CCSM4) in the Xiangjiang River Basin. Note: Future scenarios B (2020–2049) and C (2050–2079) are subdivided into climate scenarios B2, B4, B6, B8 and scenarios C2, C4, C6, C8 according to the four RCPs, RCP2.6, RCP4.5, RCP6, and RCP8.5, within the above four GCMs, as illustrated in Section 2.4; the terms in Figures 6, 7 are the same.
[image: Figure 6]FIGURE 6 | Annual average green water flow in different climate scenarios in the Xiangjiang River Basin.
[image: Figure 7]FIGURE 7 | Annual average green water storage in different climate scenarios in the Xiangjiang River Basin.
4.2.1 Annual Variation in Blue Water Resources Under Different Climate Scenarios
Figure 5 shows the annual average BW over 20 years in the past (1996–2015) and 60 years in the future (2020–2049 and 2050–2079). The future changes in BW were calculated between the averages of scenarios B (2020–2049) and C (2050–2079) and that of baseline scenario A (1996–2015). Accordingly, 1) comparing scenario B (2020–2049) under RCP2.6, RCP4.5, RCP6, and RCP8.5 with scenario A (1996–2015; BW = 818.3 mm), BW shows different magnitudes of decline, with decreases of 97.9, 156.9, 148.7, and 87.2 mm, respectively. 2) Comparing scenario C (2050–2079) with scenario B (2020–2049) under RCP2.6 and RCP4.5, BW still shows dwindling trends, with decreases of 11.9 and 21.2 mm, respectively. However, the BW predictions in RCP6 and RCP8.5 are exceptionally large during scenario C (2050–2079), with increases of 68.1 and 43.6 mm, respectively. 3) The above analysis demonstrates that BW presents a decreasing trend when compared among all three climate periods of A, B, and C. In contrast with those in baseline scenario A (1996–2015), BW in the far-future scenario C (2050–2079) is predicted to decrease by 109.8, 178.1, 80.6, and 43.7 mm under RCP2.6, RCP4.5, RCP6, and RCP8.5, respectively, with reductions of approximately 5.3–21.8%.
Furthermore, a comparison between baseline scenario A and the future RCP scenarios shows that the decreasing trend of BW slows down successively from RCP2.6 to RCP4.5, RCP6, and RCP8.5. In other words, the larger the RCP number is (i.e., the greater the radiative forcing is), the smaller the reduction in BW is. The main reason for such differences may be that the regional atmospheric circulation and basin hydrological processes (e.g., precipitation, runoff) influenced by the different GCMs, different RCP scenarios, different CO2 emission concentrations, and (more directly) the rainfall pattern and atmospheric temperature vary.
Especially under RCP6 and RCP8.5, BW is unexpectedly predicted to increase. This could be because the local precipitation and hence BW may increase in the mid-latitude areas, which are greatly affected by the intensification of global warming and monsoon circulation (Knutti and Sedlácek, 2012; Lee and Bae, 2015; Badou et al., 2018), e.g., the higher CO2 concentrations of 850 and 1,370 ppm in the RCP6 and RCP8.5 scenarios, respectively, in 2100. The XRB is located exactly in the mid-latitude region and is characterized by a subtropical humid monsoon climate with typical monsoon climate properties, as discussed in Section 2.1. In general, climate change is predicted to reduce the BW within the XRB over the next 60 years (2020–2079), but these resources are expected to fluctuate according to different RCP scenarios and their future total radiation intensities and CO2 emission concentrations.
4.2.2 Annual Variation in Green Water Flow Under Different Climate Scenarios
Figure 6 illustrates the annual average GWF based on the historical data of scenario A (1996–2015) and the future graphs of scenarios B (2020–2049) and C (2050–2079). 1) From historical scenario A (1996–2015; GWF = 680.9 mm) to future scenario B (2020–2049), GWF was predicted to show different growth rates under RCP2.6, RCP4.5, RCP6, and RCP8.5 with increases of 11.3, 33.7, 45.1, and 52.5 mm, respectively. 2) Moreover, from scenario B (2020–2049) to scenario C (2050–2079), GWF still shows an increasing trend, with increases of 28.9, 25.8, 35.4, and 47.3 mm. 3) In the comparison of baseline scenario A (1996–2015) with far-future scenario C (2050–2079), GWF is simulated to increase by 40.2, 59.5, 80.5, and 99.8 mm under the four different RCPs, which are equal to future growth rates of 5.9–14.7%.
Ultimately, the comparison among scenarios A, B, and C in Figure 6 indicates that the GWF under different RCPs exhibits a growth trend under the future climate background, and the larger the RCP emissions are, the greater the enhancement in GWF is. Similarly, the green water coefficient (equal to green water resources divided by blue–green water resources) was found to rise with an increase in GWF. By calculating the ratio of green water resources to blue–green water resources, the average green water coefficient (Falkenmark, 2013; White et al., 2015) is predicted to increase from 48.1% (average from 1996 to 2015) to 53.4% (average from 2050 to 2079).
The main reason for this enhanced GWF may be that ET increases with increases in the CO2 emission concentration and temperature, whereas BW decreases slightly. As CO2 emissions and temperatures increase, vegetation cover may become denser, and actual transpiration may rise. Simultaneously, soil evaporation, water surface evaporation, and groundwater re-evaporation may increase. This is because the XRB, located in an area with a subtropical humid monsoon climate (precipitation between 1,400 and 1,600 mm yr−1), has diverse terrestrial and aquatic ecosystems with an extensive river network system and abundant surface water (e.g., lakes, reservoirs, ponds, paddy fields), soil water, and groundwater resources.
In addition, the GWF exhibited a growth trend even considering the 95 PPU range and the prediction results for four GCMs (HadGEM2-AO, IPSL-CM5A, HadGEM2-AO, and CCSM4), as presented in Figure 6. Although differences were discovered among the four GCM scenarios because of uncertainties and their underlying assumptions, the four GCM scenarios fell almost entirely within the predicted 95 PPU bands of the historical period (1996–2015) and future period (2020–2079). This implies that the increasing trend of GWF is highly credible under future climate scenarios in the XRB.
4.2.3 Annual Variation in Green Water Storage Under Different Climate Scenarios
Analyzing the different climate periods of scenarios A, B, and C in Figure 7 reveals a decreasing trend in GWS in each RCP. 1) A comparison of future scenario B (2020–2049) with historical scenario A (1996–2015; GWS = 78.7 mm) indicates that the GWF will decrease by 5.0, 4.9, 6.8, and 9.8 mm under RCP2.6, RCP4.5, RCP6, and RCP8.5, respectively. 2) Comparing scenario C (2050–2079) with scenario B (2020–2049), this decreasing trend is predicted to continue in scenario C, with decreases of 1.9, 4.1, 6.6, and 5.7 mm. 3) As a consequence, from scenario A (1996–2015) to scenario C (2050–2079), the GWS is simulated to decrease by 6.9, 9.0, 13.4, and 15.5 mm, diminishing on average by 8.8–19.7%.
Furthermore, even considering the 95 PPU range and the referenced GCMs (IPSL-CM5A, HadGEM2-AO, and CCSM4), a decreasing trend of GWS can be found. The increase in GWF (e.g., soil evaporation and plant transpiration) caused by future increases in the CO2 emission concentration and temperature may explain the decline in GWS in the XRB. Accordingly, these findings provide convincing evidence emphasizing the negative relationship between GWF and GWS.
Moreover, the total annual GWS calculated simply by the accumulation of the 12 monthly amounts of GWS is considerably redundant. GWS represents soil moisture, which changes over time and may be affected by the initial soil water content. The output parameter “SW” (Veettil and Mishra, 2016; Kundu et al., 2017) within the SWAT model described in Section 2.3 actually represents the GWS at the end of a certain time period t. Therefore, the GWS illustrated above (Figure 7) represents the monthly average GWS summarized at the end of each month.
Above all, as depicted in Figures 5–7, the 95 PPU ranges of the predicted BW (82.4–117.1 mm), GWF (64.6–98.3 mm), and GWS (10.6–14.9 mm) differed under scenarios A, B, and C. The difference among the 95 PPU ranges may be attributed to the different simulated time scales of BW (annual), GWF (annual), and GWS (monthly), as explained above. Therefore, the 95 PPU range of the GWS simulation (10.6–14.9 mm) is the smallest. The fact that the 95 PPU range of BW (82.4–117.1 mm) is larger than that of GWF (64.6–98.3 mm) may be caused by the larger uncertainty in precipitation because BW is more sensitive than GWF to precipitation throughout the XRB.
4.2.4 The Division of Blue and Green Water Resources and Their Monthly Variation
The analysis of baseline climate scenario A spanning 1996–2015 (Figures 5–7) showed that blue and green water accounted for 51.9 and 48.1%, respectively, of the water resources in the XRB. Hence, the utilization potential of green water resources in the XRB is very important, and the total amount of blue and green water resources was estimated to be approximately twice the assessed amount of BW. Therefore, the green water proportion (48.1%) of the XRB (southern China) is far less than the green water proportion (more than 80%) in northern China, as reported in previous papers (Zang and Liu., 2013; Zuo et al., 2015; Zhao et al., 2016). The main reason for the large difference in the green water proportion between northern and southern China may be the distinct difference in the climate (e.g., precipitation).
In addition, this study also analyzed the monthly variations in blue and green water resources in the XRB during 1996–2015. As illustrated in Figure 8A, the blue water flow is greater during the flood season in the XRB, when rainfall is relatively abundant from April to July, amounting to 446.4 mm and accounting for 54.6% of the annual BW. This implies that BW has a good correlation with precipitation throughout the year. In other words, an increase in precipitation causes an increase in streamflow and hence BW. However, there is a time lag between the maximum precipitation during March–June and the maximum BW observed in April–July. This may be due to the surface runoff lag time (reflected by SURLAG.bsn) and groundwater delay time (reflected by GW_DELAY.gw) in the basin hydrological process. Furthermore, the maximum temperature and higher amount of ET reduce the peak runoff in July, which may be responsible for the lower amount of BW in July (accounting for only 17.8% of the total from April to July).
[image: Figure 8]FIGURE 8 | Distributions of the monthly average (A) blue water resources, (B) green water flow, and (C) green water storage simulated under historical climate scenario A (1996–2015) in the Xiangjiang River Basin.
A comparison of Figure 8B with Figure 8C shows that GWF gradually increases from January to June when GWS decreases and GWF continues to decline from July to December when GWS increases. Hence, GWF is negatively correlated with GWS throughout the year, indicating that GWS is a significant source of GWF. Specifically, GWS fell to the minimum value of 32.2 mm in July, when GWF reached its maximum value of 116.6 mm. The maximum value of GWF in July may be attributed to the higher temperature and precipitation during this period. Therefore, when the temperature increases, the actual ET (GWF) is also expected to increase, as demonstrated by Zang and Liu (2013), Veettil and Mishra (2016), Reshmidevi et al. (2018), and Farsani et al. (2019).
4.3 Impacts of Climate Change on the Spatial Distribution of Blue and Green Water
4.3.1 Spatial Distribution of Blue Water Resources
The spatial impacts of historical and future climate change scenarios (different RCPs within future HadCM3 scenarios under climate scenarios A, B, and C; see Section 2.4) were assessed on the subbasin scale, and blue and green water maps (Figures 9–12) were generated based on the subbasins and their representative values. The spatial distributions of BW under scenarios A (1996–2015), B (2020–2049), and C (2050–2079) are depicted in Figure 9 (historical period 1996–2015) and Figure 10 (future period 2020–2079). As shown in Figures 9, 10, at the subbasin scale, the amount of BW is different in the context of scenarios A, B, and C. However, at the basin scale for the whole XRB, the projected changes in BW exhibit similar spatial patterns under different climate scenarios and RCPs.
[image: Figure 9]FIGURE 9 | Spatial distributions of blue and green water resources under historical scenario A (1996–2015) in the Xiangjiang River Basin.
[image: Figure 10]FIGURE 10 | Spatial distributions of the annual average blue water resources (mm yr−1) under different RCPs in future HadCM3 climate scenarios (2020–2079) in the Xiangjiang River Basin.
[image: Figure 11]FIGURE 11 | Spatial distributions of the annual average green water flow (mm yr−1) under different RCPs in future HadCM3 climate scenarios (2020–2079) in the Xiangjiang River Basin.
[image: Figure 12]FIGURE 12 | Spatial distributions of the annual average green water storage (mm yr−1) under different RCPs in future HadCM3 climate scenarios (2020–2079) in the Xiangjiang River Basin.
Some previous studies have reported that the spatial distribution of BW is influenced mainly by the spatial pattern of precipitation (Veettil and Mishra, 2016; Farsani et al., 2019). Undoubtedly, taking climate change into account, an increase in precipitation will cause an increase in streamflow and hence BW (Reshmidevi et al., 2018). Therefore, at the subbasin scale, precipitation plays an important role in controlling the amount of BW under changing climate conditions (e.g., different amounts of BW among subbasins are shown in Figures 9, 10). However, at the basin scale, on the basis of Figure 3 (the spatial division of subbasins in the XRB), Figure 9, and Figure 10, the BW values downstream (subbasins 13–25 to the north) in the XRB are slightly higher than those upstream (subbasins 1–12 to the south) under different climate scenarios. In fact, the annual precipitation increases from downstream to upstream, as the precipitation depends mainly on the basin elevation and local climate characteristics of the XRB. Therefore, the spatial distribution of BW does not overlap with the spatial distribution of precipitation at the basin scale of the XRB.
The spatial differences between BW and precipitation at the basin scale of the whole XRB imply that BW is not only dependent on climate (e.g., precipitation) but also related to human activities (e.g., land use and land cover). In other words, BW is also influenced by the land use and land cover within the XRB. As depicted in Figures 9, 10, the subbasins with lower BW amounts (subbasins 1–6, 8–9, and 12–15 in the upstream and eastern areas of the XRB, as depicted in Figure 3) are spatially correlated with the forest area depicted on the land cover map (forest accounting for 55.4% of the XRB, as depicted in Figure 2). This indicates that relatively little BW exists within the forest cover of the XRB, while the amount of BW is much larger in agricultural and urban areas. Because forests can affect both land cover and soil permeability, precipitation may be more likely to permeate into the soil layer, thereby increasing the soil water content, soil evaporation, and plant transpiration. These factors all hinder the horizontal movement of water flow and surface runoff; therefore, BW may decrease correspondingly (Hoff et al., 2010; Hunink et al., 2012; Yang et al., 2016; Mafuta, 2018). According to the runoff dynamics of these areas, at the basin scale, this may explain why the spatial pattern of BW is relatively sensitive to the spatial distribution of land cover.
4.3.2 Spatial Distribution of Green Water Flow
The spatial distribution of GWF under different RCPs in scenarios A (1996–2015), B (2020–2049), and C (2050–2079) is plotted in Figures 9, 11. These two figures demonstrate that the three climate scenarios produce highly similar spatial patterns at the basin scale of the whole XRB, although the temporal results at the subbasin scale differ by varying degrees. At the basin scale, historical scenario A (1996–2015) and future scenarios B (2020–2049) and C (2050–2079) all show the same temporal increasing trend of GWF in the XRB, but there are spatial differences between the upstream (southern) and downstream (northern) parts. For example, Figures 3, 9, 11 show that the GWF value downstream (subbasins 13–25) is lower than that upstream (subbasins 1–12). In other words, more GWF is located in the upper part of the basin. This may be because the amount of GWF differs spatially depending on land use and land cover. The subbasins with relatively high GWF are spatially correlated with forest cover, such as subbasins 1–6, 8–9, and 12–15 in the upstream and eastern areas of the XRB, as shown in Figures 3, 9, 11, because more precipitation may permeate into the soil beneath forest cover and more soil moisture can be consumed by plants (e.g., plant transpiration), making precipitation more likely to be converted into GWF (Hunink et al., 2012).
However, in subbasins 7, 10–11, and 16–25, mostly located in the downstream part of the XRB, the GWF is relatively low and is found mainly on agricultural land, urban land, and their surrounding areas. This is in contrast to the spatial pattern of BW because the highly urbanized areas (e.g., the Changsha–Zhuzhou–Xiangtan urban agglomeration) and agricultural irrigated areas (e.g., the largest irrigation district of Shaoshan, approximately 67,000 ha) are located primarily in the downstream part of the XRB. Similarly, most farm crop production is cultivated predominantly in the downstream XRB, e.g., early-, middle-, and late-season rice, rapeseeds, beans, sweet potatoes, and vegetables. Compared to plants in forested areas, these crops may decrease the amount of GWF because of the lower crop transpiration and soil evaporation compensation factor (ESCO); similar findings were discussed by Liu and Yang (2010), Dechmi et al. (2012), and White et al. (2015).
Moreover, the amount of GWF in the forests (accounting for 55.4% of the XRB) is higher than that in the other land cover types; therefore, forest protection is the most effective measure for maintaining green water in the basin. However, agricultural land (accounting for 37.4% of the XRB) is also predominant; therefore, the soil evaporation and crop transpiration of farmland have important influences on controlling the GWF throughout the basin. In general, our findings suggest that, in addition to forest protection projects, improving the green water production efficiency (converting non-productive soil evaporation “E” into productive crop transpiration “T,” thereby raising the T/ET ratio) and developing the green water potential on farmland (Keys and Falkenmark, 2018) is also a feasible way to increase green water resources in the XRB. This practice needs to be given more attention in farmland management because this approach can balance blue and green water resources, which would have ecological service benefits for the whole basin.
4.3.3 Spatial Distribution of Green Water Storage
Figures 9, 12 indicate that the GWS in scenarios A (1996–2015), B (2020–2049), and C (2050–2079) in the downstream part of the basin (subbasins 13–25) is lower than that in the upstream part (subbasins 1–12). In other words, at the basin scale of the whole XRB, the GWS decreases from upstream (southern) to downstream (northern). Consequently, the spatial distribution of GWS is similar to that of GWF and different from that of BW. Similarly, this may be explained by the spatial correlation between green water and land cover (e.g., forest, agricultural, and urban lands), as discussed in Section 4.3.2. On the basis of Figures 3, 9, 12, we discover that the GWS in agricultural and urban areas (subbasins 7, 10–11, and 16–25, mostly in the downstream part of the XRB) is lower than that in forested areas (subbasins 1–6, 8–9, and 12–15 in the upstream and eastern areas of the XRB) under different climate scenarios and RCPs. Furthermore, the highly urbanized areas downstream (e.g., the Changsha–Zhuzhou–Xiangtan urban agglomeration) have the lowest GWS due to their lower soil depths, limited soil water supply, and predominantly impervious surface.
These results imply that the upstream and eastern areas of the XRB with greater GWS (or sufficient soil water) have a higher potential for the development of rainfed agriculture. Similar results have been reported for study areas in Iran (Faramarzi et al., 2009) and Europe (Abbaspour et al., 2015). Rainfed agriculture could be a good complement to the irrigation agriculture that already predominates in the XRB. In particular, compared with rainfed agriculture, irrigation farming may decrease blue water availability, intensify soil erosion, and deteriorate the ecological environment.
Furthermore, GWS is not only the main source of GWF but also related to green water production efficiency, reflected by the T/ET ratio, that is, green water productivity. In irrigation farmland, increasing the green water production efficiency (Kauffman et al., 2014; Zhuo and Hoekstra, 2017) can enhance productive crop transpiration while decreasing unproductive soil evaporation. In the XRB, agricultural land accounts for 37.4% of the area and is predominantly irrigation farmland. Therefore, in addition to developing rainfed farmland, measures of green water management (e.g., soil conservation, surface cover) for irrigation farmland are also favorable for improving the green water production efficiency throughout the XRB. From the perspective of game theory, implementing green water management is a positive-sum game that better utilizes green water availability and does not reduce BW (Feng et al., 2018).
5 SUMMARY AND CONCLUSION
This study carried out a modeling approach aimed at assessing the influences of historical and future climate change on blue and green water resources in the XRB, located along the Yangtze River of China. After parallel calibration and validation based on discharge and ET data, the SWAT model, four GCMs, and four RCP scenarios were applied to analyze the results. One historical climate scenario (1996–2015) and two future climate scenarios (2020–2049 and 2050–2079) were considered in this study. The hydrological modeling framework incorporating both discharge and ET data was found to be useful for quantifying the status of blue and green water resources within the XRB. Our results revealed the spatiotemporal distributions of blue and green water components and their uncertainties by simulating blue water (BW) resources, green water flow (GWF), and green water storage (GWS) in the context of climate change scenarios across the XRB:
1) An improved parallel parameter calibration method based on observed discharge data and remotely sensed ET data was used in this study. This method considers the selection and calibration of observed discharge data and remotely sensed ET data simultaneously to improve blue–green water modeling. The goodness of the coefficients (p-factor, r-factor, KGE, NSE, R2, and PBIAS) in this study indicates a satisfactory performance of the blue–green water simulation in both the calibration and validation periods. Hence, this method could be effective for increasing the accuracy of blue and green water projections and for decreasing uncertainties in the studied basin, thereby providing more reliable estimates of the blue and green water components.
2) Regarding their temporal variations, the future blue–green water projections differed among the different future GCM scenarios and RCPs. The future BW and GWS in the XRB exhibit decreasing trends to varying degrees, whereas the GWF shows an increasing trend under the future climate background. From the perspective of uncertainty analysis, even if considering the 95 PPU range, the future trends of the predicted blue and green water components in this study are highly reliable. Although 95 PPU uncertainties were present in the simulated results, all climate scenarios predicted the future increasing trend in the green water proportion (an increase from 48.1 to 53.4% on average) for most regions of the XRB. Briefly, this study reveals relatively more pronounced effects of future climate change on green water (e.g., ET) than on blue water, which should be noted for the future water resource planning of the studied basin and other similar basins characterized by a humid monsoon climate. Therefore, integrating green water resources into the future water resource management of the XRB and comprehensively planning blue and green water resources are of practical significance.
3) Spatially, the blue–green water resources and land cover (e.g., forestland, agricultural land, and urban areas) show a good spatial correlation under all historical and future climate scenarios. We observed more green water (or less blue water) in the subbasins located in the upper parts of the basin, which could be related to the dense forest cover therein, whereas more blue water (or less green water) was noted in the subbasins in the lower parts of the basin, likely in association with the high degree of urbanization and widespread agricultural land. Hence, blue water and green water exhibit distinctive spatial patterns because of the land cover pattern in the whole XRB. According to the spatiotemporal analysis, we conclude that climate change mainly controls the temporal variations in blue and green water components in the XRB; therefore, future planning of blue and green water resources in the basin should take into account the influences of local climate change. However, climate change appears to have no significant impact on the spatial distribution of blue and green water at the basin scale of the whole XRB. Instead, land use and land cover are more likely to play an important role in the spatial distributions of blue and green water in the studied basin.
Overall, this study provides a basis for assessing blue and green water resources, and the general modeling framework utilized herein can be applied to other basins with similar challenges and may help decision-makers on a global scale. However, this study also has limitations. Uncertainties persist in the hydrological analyses, although we used a parallel parameter calibration method to decrease the uncertainties in the green water simulation. The modeling framework used to investigate the impacts of climate change on the blue–green water balance within the XRB may be affected by uncertainties in the input data (e.g., the deviation of the GCM projections and the MOD16 evapotranspiration data), model setup (e.g., the division of subbasins and HRUs), model parameters (e.g., not considering all blue and green parameters), calibration and validation, other modeling assumptions, and the uncertainty in the combination of the climate downscaling model with a basin hydrologic model.
Therefore, if the methods and results of this analysis of blue and green water in the XRB are directly applied to other watersheds of different sizes (i.e., smaller or larger basins), the uncertainties and scale effects of the blue and green water simulations should be carefully considered and addressed. In particular, the basin scale, climate conditions, land cover, and human activities of other watersheds might be different from those of the XRB. To conclude, there are four key issues to be addressed in our subsequent research: the evaluation of the simulated uncertainties and scale effect of blue and green water at different basin scales; the assessment of the potential impacts of blue and green water changes on water use by the agricultural, industry, and domestic sectors; the improvement of the combined effect of utilizing measured and remotely sensed data for calibrating the green water simulation; and the determination of the impacts of future human activities (e.g., future land cover change scenarios) on blue and green water.
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Parameter label* Parameter description Initial Range Finalrange  Sensitivity

range adjustment rank
r_ON2.mgt SCS runoff curve number 35-98 +25% 64-89 1
v_ESCO.hru Soil evaporation compensation factor 0-1 0.1-1 0.71-0.87 2
V_ALPHA BF.gw  Baseflow alpha factor (days) 0-1 0.1-1 0.58-0.94 3
r_SOL_AWC.sol  Available water capacity of the soil layer (mm H.O/mm soi) 0-1 +25% 0.09-0.17 4
vV.GWQMN.gw  Threshold depth of water in the shallow aquifer required for retum flow to 0-5,000 +1,000 625-1914 5

occur (mm H,0)
r_SOL_Z.s0l Depth from the soil surface to the bottom of the layer (mm) 0-3,500 +25% 107-984 6
v_GANMX hru Maximum canopy storage 0-100 0.1-50 14.7-49.6 7
r_SOL_BD.sol Soil bulk density (g cm™') 0.1-10 +25% 1.22-153 8
r_SOL_K.sol Saturated hydraulic conductivity (mm h™") 0-2,000 +25% 0.62-13.44 9
v_CH_K2.rte Effective hydrauiic conductivity in main channel alluvium (mm h™") 0.01-500 0.1-150 49.1-95.9 10
v_OV_N.hru Manning's N value for overland flow 0-08 0.1-08 0.12-0.27 1
v_EPCO.hru Plant uptake compensation factor 0-1 0.1-1 0.21-0.43 12
v_REVAPMN.gw  Threshold depth of water in the shallow aquifer for re-evaporation to ocour ~ 0-500 +100 313.4-447.1 13
(mm H,0)

v_GW_REVAP.gw  Groundwater re-evaporation coefficient 0.02-02 +0.036 0.083-0.13 14
v_BLALhru Maximum leaf area index 05-10 053 2.35-2.81 15
v_CH_N2.rte Manning’s N value for the main channel 0.01-03 0.01-03 0.023-0.045 16
v_GW_DELAY.gw  Groundwater delay time (days) 0-500 +10 253-93.7 17
v_RCHRG_DP.gw  Deep aqifer percolation fraction 0-1 0.1-1 0.42-0.59 18
rSOL_ALBsol  Moist soil albedo 0-0.25 - - -
v_SURLAG.bsn  Surface runoff lag time (days) 0.05-24 - - -
v_SLSUBBSN.hru  Average slope length (m) 10-150 - - -
r_BIOMIX.mgt Biological mixing efficiency 0-1 - - -
v_SFTMP.bsn Snowfall temperature (‘C) -5-5 - - -
v_SMFMN.bsn Minimum melt rate for snow during the year (mm C' day™') 0-10 - - -
v_SMFMX.bsn Maximum melt rate for snow during the year (mm ‘C™" day™) 0-10 - - -
v_SMTMP.bsn Snow melt base temperature ('C) -5-5 = = =
v_TIMP.bsn Snow pack temperature lag factor 0-1 - - -
v_TLAPS sub Temperature lapse rate (C km™) 0-50 - - -

Note: The v_parameter values are replaced by the given value or absolute change; the r_parameter values are relative changes in the parameter values. The final range of the aggregate
parameter is based mainly on the SWAT-CUP results.
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