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Abstract

:

Climate change can have critical impacts on ecosystem services (ESs) and their inter-relationships, especially for water-related services. However, there has been little work done on characterizing the current and future changes in these services and their inter-relationships under a changing climate. Based on the revised universal soil loss equation (RUSLE), the soil conservation service curve number model (SCS-CN), and the improved stochastic weather-generator-based statistical downscaled global climate models (GCMs), we examined two important water-related services, namely, the soil conservation (SC) service and the flood mitigation (FM) service, and their inter-relationship under baseline and future climate scenarios (Representative Concentration Pathways (RCPs) 4.5 and 8.5). We took the Upper Hanjiang River Basin (UHRB), which is the core water source area of the China’s South-to-North Water Diversion Project (S–NWDP), as an illustration. The findings revealed that (1) the SC and FM services will both decrease under the two climate scenarios examined; (2) the SC and FM services showed a significant synergistic inter-relationship and the synergy will be improved by 16.48% and 2.95% under RCP 4.5 and RCP 8.5, respectively, which provides an opportunity for management optimization; (3) the ecological degradation in the UHRB will likely have serious consequences for the middle and lower reaches of the Hanjiang river basin, and therefore impact the actual economic benefits of the S–NWDP. This study points to the necessity for understanding the dynamic changes and inter-relationships of ecosystem services under future climate change and provides information regarding the consequences of climate change, which is useful for policy and infrastructure investment.
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1. Introduction


Natural ecosystems are being affected by changing climate conditions through changes in ecosystem processes and ecosystem functioning [1,2]. The projected changes in climate pose a growing threat to ecosystems and biodiversity, which is predicted to become more severe in the coming decade [3]. Ecosystems become vulnerable and less resilient when the external stressors are beyond the level of the system’s self-regulation, affecting the distribution and amounts of ecosystem service (ES) benefits humans gain from nature [4]. The relationships between multiple ESs can be categorized as synergies (i.e., both an increase or a decrease) and trade-offs [5]. Synergies occur in situations in which two or more ESs increase or decrease at the same time, while trade-offs occur when an increase in the supply of one ES occurs at the cost of another. Both trade-offs and synergies may occur in response to the same driving factor [5] and they may change with changes in the ecosystem processes over time [6]. A better understanding of the spatial and temporal variations in ESs and their inter-relationships can inform stakeholders interested in optimizing synergies and reducing undesirable trade-offs, resulting in win–win strategies for ecologically sustainable development [7,8]. Failure to take account of changes in individual ESs and their interactions can result in sub-optimal planning for investments, particularly in a natural resource management infrastructure. In this study, we aimed to quantify the variations of ESs and the inter-relationships between them at spatial and temporal scales under different climate change scenarios.



Ecosystem shifts resulting from changes in external stressors are shaped by the resilience of the ecosystems, which may be altered by climate change [1]. Climate change impacts on ecosystems can occur as a slow dynamic process that is closely linked to a change in the regulating services [5]. A reduction in regulating services can weaken the ecosystem resilience [9]. Improving regulating ecosystem services can increase the production of provisioning and cultural services, for example, forest restoration can increase carbon storage, improve soil and water conservation, and provide an additional habitat [10]. There is increasing attention being paid to the projected change in provisioning services related to goods and services that are directly obtained from ecosystems; however, it is less clear how the underpinning regulating services may change with future climate projections.



Regulating services are abundant in the complex topographical environments with a high vegetation coverage and rich biodiversity in highly forested and high-altitude river basins. Forest ecosystems in watersheds are closely connected to the supply of hydrological regulation services throughout river basins [11]. Evaluating the variability of regulating services in river basins under climatic change is essential for policy formation toward ecological resilience at regional and global scales [12]. Changes in climate can interfere with ecosystem functions by altering eco-hydrologic processes [13] and subsequently triggering ecosystem regime shifts [14], altering the ecosystem service supply in watersheds [12]. Policy responses are likely to be needed to deal with water scarcity, water quality deterioration [15], floods, droughts, and water utilization clashes between local watersheds and water diversion projects. The starting points for changes leading to these problems are found in the soil- and water-related regulating services of the watershed. The soil management system is closely associated with water-regulating functions; however, increases in soil erosion caused by heavy rain, as well as landform features like topography at the watershed scale, can potentially modify evapotranspiration, infiltration, and some water regulation processes [16]. Moreover, soil erosion can reduce cropping productivity, cause water quality deterioration, and increase the probability of flooding and reservoir sedimentation, which interferes with the effective utilization of water at the site of interception [17,18]. The regulation of ESs in the upper reaches of watersheds may be critical to the optimization and economic viability of a downstream river infrastructure [19]. Understanding the changes in regulating services, such as soil conservation and flood mitigation in river basins, is essential for policy formation in relation to river and water management, including infrastructure planning.



Climate change can alter the quantity and spatio-temporal distribution of ESs [20] and their trade-offs [7,15], and a spatio-temporal assessment of the projected changes in an ES supply and trade-offs can contribute to ecosystem management and climate adaptation policy formulation [21,22]. Processes have been developed for evaluating the effects of climate change on the quantity and variability of ESs’ supply [23,24]. The study of the inter-relationships between ESs can assist stakeholders when exploring optimal ecosystem resource management scenarios [25]. However, little is known about how the inter-relationship between soil conservation (SC) and flood mitigation (FM) services will change as a result of climate-change-driven hydrological changes in watersheds, especially in climate-sensitive high-altitude basins [26]. Exploring the potential impact of the changing climate on ESs can also inform climate-related strategies that are used to mitigate the negative effects of climate change on human welfare [12]. Hence, it is essential to identify the spatio-temporal variations of ESs and changes in the pattern of inter-relationships between ESs under future climate scenarios [27].



Additionally, changes in ESs and their inter-relationships potentially impact built infrastructure such that key regulating ES changes under climate change scenarios should be considered as part of infrastructure investment planning. The South-to-North Water Diversion Project (S–NWDP) is the world’s largest water transfer project, transferring an average of 9.5 billion m3 yr−1 of water from the Hanjiang River to supply 53.1 million people in Northern China [28,29]. The upper Hanjiang River Basin (UHRB) is the core water source area of the middle route of the S–NWDP, and the ecological health of the basin directly affects the quality and quantity of the water being transferred [30]. While a large amount of effort has been devoted to studying the water and environmental conditions downstream of the S–NWDP offtake [31,32], little is known about the ecological health of the water source area upstream from the S–NWDP offtake or of the implications for the scheme of ES changes in the upper basin. Estimations of the positive benefits of the scheme for sustainability may prove over-optimistic in the face of upstream climate change impacts [19].



We modeled future climate scenarios and the anticipated impacts on SC and FM services and their inter-relationship under a baseline climate scenario (2000–2015) and two different climate change scenarios (Representative Concentration Pathways (RCPs) 4.5 and 8.5) from 2030 to 2045. The objectives of this study were (1) to assess the spatio-temporal variation of ESs under different climate change scenarios, (2) to investigate the spatio-temporal heterogeneity in the inter-relationship of ESs under different climate change scenarios, and (3) to explore the ecological conditions in the UHRB and the implications for the S–NWDP due to climate change.




2. Data and Methods


2.1. Study Area


The Hanjiang River Basin is the largest tributary of the Yangtze River, and the Upper Hanjiang River (UHR) is the water source area of the Middle Route Project of the South-to-North Water Diversion in China [33,34]. The river extends over a length of 652 km through the west to east of the UHRB, covering 6.02 × 104 km2 and accounting for 39.76% of the Hanjiang River drainage area. The UHRB is a typical natural ecological zone [34] located in the center of China (Figure 1a) and is a high-value basin for socio-economic activity, biodiversity conservation, and ecological sustainability, both at the watershed and national scales. The northern end of the UHRB is bordered by the Qinling Mountain and the south is bordered by the Daba–Micang mountains. The study area consists of three sub-regions: the Qinling Mountain Region (QM), the Hanzhong–Ankang Hilly Region (H–AH), and the Daba Mountain Region (DM), with elevations varying from 157 to 3473 m (Figure 1b). The study area is characterized by undulating mountains and ravines, with a high vegetation coverage of natural woodland and grassland, which in total accounts for more than 74% of the land-cover type. The land-cover types in decreasing order of prevalence are as follows: grassland (41.00%) > forest (33.53%) > cropland (24.43%) > settlement (0.66%) > wetland (0.36%) > unused (0.02%) (Figure 1c). The study area is in the northern subtropical monsoon climate zone, where the annual mean precipitation is 653 to 1183 mm. The UHRB features beaded river basins and plains, and it has become an important industrial, agricultural, and commercial center in the hinterland of the Qinling–Daba region. In the UHRB, due to significant differences in the natural environment, including terrain, altitude, slope, and climatic conditions, the precipitation is mainly concentrated in summer and rainstorms occur frequently. Rainstorms can not only result in soil erosion, debris flow, and other eco-environmental problems [35] in the upstream reaches but also threaten water quality in the reservoir and the ecological security of the middle and lower Hanjiang River Basin [33], including immediately upstream of the offtake for the S–NWDP.




2.2. Soil Conservation Service Mapping


The amount of soil retention is commonly employed to assess the soil conservation service in ecosystems. Soil retention can be evaluated in terms of potential soil loss and actual soil loss [36] which are based on an empirical model, namely, the revised universal soil loss equation (RUSLE) [37,38], as follows:


  S C =  P e  −  A e  ,  



(1)






   P e  = R × K × L × S ,  



(2)






   A e  = R × K × L × S × C × P ,  



(3)




where SC is the annual amount of soil conservation (t hm−2 yr−1),    P e    refers to the annual amount of potential soil erosion (t hm−2 yr−1), and    A e    is defined as the annual amount of actual soil erosion (t hm−2 yr−1). The other parameters were computed as follows:


  R =   ∑   i = 1   12   1.735 ×   10    (  1.5 × lg  (     P i 2   P   )  − 0.8188  )    ,  



(4)






  K =  {  0.2 + 0.3 ×  e   [  − 0.0256 ×  S a   (  1 −    S i    100    )   ]     }     (     S i     C l  +  S i     )    0.3    {  1.0 −   0.25  C o     [   C o  +  e   (  3.72 + 2.95  C o   )     ]     }   {  1.0 −   0.7 ×  (  1 −    S a    100    )     (  1 −    S a    100    )  +  e   (  − 5.51 + 22.9 ×  (  1 −    S a    100    )   )       }  × 0.1317 ,  



(5)






   L =    (   λ  22.13    )   m        m =  {      0.5             θ ≥ 5 °         0.4     5 ° > θ ≥ 3 °       0.3     3 ° > θ ≥ 1 °       0.2             1 ° > θ       ,   



(6)






  S =    (    sin θ   0.0896    )    0.6   ,  



(7)






  C =  {        0                                       f > 78.3       0.6508 − 0.3436 × l g  ( f )              0 < f ≤ 78.3       1                                             f = 0       ,  



(8)






  P = 0.2 + 0.03 α ,  



(9)




where R is the rainfall erosivity factor (MJ mm hm−2 h−1 yr−1) that was evaluated using the Wischmeier and Smith empirical formula [38]; Pi and P are the monthly and annual precipitation (mm), respectively; K is the soil erodibility factor (t ha h h−1 MJ−1 mm−2) that was computed based on the Sharpley and Williams Erosion–Productivity Impact Calculator (EPIC) equation [39]; the proportion (%) of sand, silt, clay, and organic content in soil are expressed as    S a   ,    S i   ,    C l   , and    C o   , respectively; L is the slope length factor calculated by means of the equation proposed by McCool et al. [40];  θ  is the angle of the slope in degrees; the crop and management factor  C  is a dimensionless parameter obtained from the model developed by Cai et al. [41];  f  is the level of vegetation coverage; P is the soil retention factor [42];  α  is the radiant slope steepness [43].




2.3. Flood Mitigation Service Mapping


The flood mitigation service was determined from the soil conservation service curve number (SCS-CN) model, which is widely used for evaluating the direct runoff depth [44] based on one single rainstorm event [45] under various scales and climatic situations [46]. Precipitation events greater than 50 mm within 24 h are regarded as rainstorms resulting in floods based on the storm standards of the Meteorological Department. The quantity of flood mitigation service is equal to the difference between the rainstorm and runoff:


  FM =  R s  − Q  



(10)







Based on water balance theory, the surface runoff can be computed as follows:


   {      Q =      (   R s  − 0.2 S  )   2     R s  + 0.8 S                              R s  ≥ 0.2 S ,       Q = 0                                          R s  ≤ 0.2 S ,        



(11)






  S =   25400   CN   − 254  



(12)




where FM is the annual amount of flood mitigation service (mm);    R s    is the single-event precipitation (mm);  Q  is the surface runoff (mm); S is the potential maximum rainwater amount retained by the soil before runoff; CN represents the capacity of the surface runoff, which is a dimensionless parameter related to the hydrologic soil group, LULC types, antecedent moisture conditions predicted from the rainfall of the previous five days, the permeability, and the topography [47]. The value of CN can be found from the National Engineering Handbook [48].



The annual single rainstorm days and storm days were obtained from the series data of daily precipitation events from 19 meteorological stations in the UHRB. The FM can be estimated using:


  FM =  [   R s  −      (   R s  − 0.2 S  )   2     R s  + 0.8 S    ]  ×  R d   



(13)




where    R d    is the number of rainstorm days per year.




2.4. Change in Trends and the Inter-Relationship between ESs


The change in SC, FM, precipitation, and rainstorms in the UHRB from 2000 to 2015 and between 2030 and 2045 were quantified using a linear regression trend model. The linear regression trend model was used to explore the estimation trend of the variables over time based on a least-squares regression [49], which is a method that has been widely adopted to demonstrate that ecosystem and climate variation trends change as a continuous time series [50,51]. Integrating the linear trend (b) with the statistical significance level represented by p (0 < p < 1), the variables above were divided into five categories: significantly increased (b > 0 and p < 0.05), not significantly increased (b > 0 and p > 0.05), no change (b = 0), significantly decreased (b < 0 and p < 0.05), and not significantly decreased (b < 0 and p > 0.05).



The inter-relationship between two water-related ecosystem services in the three cases in the UHRB was detected using Pearson’s correlation coefficient analysis, which produces a test statistic based on covariance [52]. The statistic is denoted by r, the range of which is between −1 and 1. Overlaid with the significance level p, Pearson’s correlation analyses were processed with the function [r, p] = corr (X, Y) in MATLAB Version R2010b [50], where X and Y here represented the two water-related ecosystem services, namely, SC and FM, respectively. The inter-relationship between SC and FM was classified into five categories: significant synergy (r > 0 and p < 0.05), no significant synergy (r > 0 and p > 0.05), no inter-relationship (r = 0), significant trade-off (r < 0 and p < 0.05), and no significant trade-off (r < 0 and p > 0.05).




2.5. Future Climate Change Scenarios Generation


Future climate data of global climate models (GCMs) have been widely used to underpin investigations of the potential impact of climate change on surface processes and effective adaptation responses [22,53]. In this research, we used the statistical downscaling model, NWAI-WG (weather generator developed at New South Wales Department of Primary Industries, Wagga Wagga Agricultural Institute), developed by Liu and Zuo [54] based on the improved stochastic weather generator (WGEN) [55], to generate daily and specific site data. The future projected climate data were obtained from the Earth System Model of the GCM supplied by the Beijing Normal University (BNU-ESM) in the Coupled Model Intercomparison Project phase 5 (CMIP 5, https://pcmdi.llnl.gov/mips/cmip5/index.html) from the World Climate Research Program [56]. Two future greenhouse gas emission scenarios (GGESs) from 2030 to 2045 were used: RCP 4.5 (the intermediate emission scenario) [57] and RCP 8.5 (the high emission scenario) [58], which represent two ecological development models with a near-term stabilization of greenhouse gas emissions or rapid economic development with growing emissions, respectively. The integration of the GCMs and GGESs provides a representative range of potential climate conditions for the future [59]. The baseline period in our study was from 2000 to 2015.



The required daily precipitation data needed in this study was downscaled in three steps. First, the monthly climate change projection outputs from the BNU-ESM GCM with a spatial resolution of 2.8° × 2.8° were downscaled to the site scale (19 sites in the UHRB) through an inverse distance-weighted method. Second, the observed and raw GCM projected monthly data for the historical period, e.g., 1961–2000, for each site were then used to establish a relationship that was applied to correct the biases of the GCM-projected historical climate. Third, daily site-specific climate projections were generated from bias-corrected monthly outputs using a modified stochastic WGEN model [54]. The detailed description of our downscaling procedure can be found in [54].




2.6. Data and Materials


The data and materials adopted in this study are listed in Table 1. The daily precipitation data for the baselines at 19 meteorological stations were obtained from the National Meteorological Information Center. Topographical parameters (i.e., the digital elevation model (DEM)) were derived from Shuttle Radar Topography Mission digital elevation data. The soil property and texture data were from the Chinese soil dataset based on the Harmonized World Soil Database version 1.1 [60]. The 250 m MODIS NDVI (moderate resolution imaging spectroradiometer, normalized difference vegetation index) data were acquired from NASA’s Earth Observing System. The LULC data were processed from the Landsat 5 Thematic Mapper data and the accuracy levels were above 94% according to site investigations and verification using Google Earth, which met the accuracy requirements of the ES simulation [61,62]. The value of CN was found in the National Engineering Handbook [48]. All the data were interpolated or resampled (all using a nearest neighbor assignment resampling algorithm, and a majority resampling algorithm for LULC data) to a 250 m spatial resolution before modeling [61,63].





3. Results


3.1. Spatio-Temporal Variations in SC


The ecological quality in the UHRB has been gradually enhanced by the implementation of the “Grain for Green” project and the Ecological Construction of Protection Forestry in the upstream reaches of the Yangtze River [26]. The resulting revegetation facilitated a significant increase in soil and water ecosystem services [34]. The annual mean SC in the UHRB was 439.72 t hm−2 yr−1 and the annual SC was slightly enhanced (p > 0.05), ranging across the study area, accounting for 91.79% (Figure 2b) under current climatic conditions (between 2000 and 2015). The annual mean SC was higher overall in the QM and DM highlands that were covered by forest than the grassland and H–AH lowlands, where cropland, wetland, settlement, and unused land were occupied (Figure 2a). Areas of medium SC were aggregated in the northern and southern QM and DM, accounting for 46.8%, followed by the high-value area (35.58%), which was located in the center of the QM and the southern DM. The medium and high SC areas were centered at high altitudes and characterized by forest, while the low SC areas were widespread in the H–AH valley basin area and were covered by wetland and cropland.



The spatial pattern of the annual mean SC under both RCPs was consistent with that under current climate conditions (Figure 2). The linear correlation of the annual mean SC and precipitation was significantly positive across the study region, with the area proportion over 90% under the two RCPs (Figure S1). The projected annual mean SC would respectively be 321.69 t hm−2 yr−1 and 329.99 t hm−2 yr−1 under RCP 4.5 and RCP 8.5 in 2030–2045, decreasing by 26.84% and 24.95%, compared to baseline. This was possibly due to the decreased future annual precipitation, which was expected to be −0.09% under RCP 4.5 and −8.69% under RCP 8.5 relative to the baseline (Figure S2). Under RCP 4.5, where the annual precipitation showed a slightly decreasing trend (p > 0.05) (Figure S2), the future annual SC also declined (p > 0.05) by 68.61% (Figure 2); specifically, the high SC was reduced by 60.16%, except in the southeastern zone of the UHRB where SC showed a rising trend, which was reflected in the growth of the low- and medium-service value. Under RCP 8.5, the spatio-temporal pattern of the annual precipitation showed an insignificant increasing trend throughout the study area, where the projected annual SC also increased (p > 0.05) (Figure 2) by 72.41%, while the high SC provision was reduced by 55.93%. The areas showing an increasing trend in value were in the low and medium SC areas, which did not prevent the likely decline in the annual mean service value under RCP 8.5 in comparison to current conditions.




3.2. Spatio-Temporal Variations in FM


The surface runoff was simulated by the water balance algorithm to estimate the flood mitigation service. The annual mean surface runoff was 41.44 mm per year under the baseline and the runoff in the central and the southern UHRB was greater than the other areas (Figure 3). The projected runoff is expected to decrease under the future climate scenarios, with a runoff of 25.29 mm yr−1 and 15.81 mm yr−1 under RCP 4.5 and RCP 8.5, respectively. The linear correlation showed that the annual runoff and rainstorm events had significant positive inter-relationships under the two RCPs (98.36% and 96.18%, respectively) (Figure S3). The linear trend in the annual runoff under future climate scenarios registered a spatio-temporal change in future rainstorms (Figure S4). The projected runoff was simulated to decrease by 38.96% and 61.84%, with a reduction of 34.99% and 59.17% in annual mean rainstorms, respectively, under the two RCPs compared to the baseline. Under RCP 4.5, rainstorm events decreased (p > 0.05) in the eastern part of the UHRB, where the runoff also decreased with a non-significant trend (57.80%). Rainstorm events increased (p > 0.05) in the eastern part of the UHRB, where the runoff also increased with a non-significant trend (40.69%). Under RCP 8.5, the annual runoff and rainstorm frequency had an increasing trend overall: when the rainstorms increased (p < 0.05), the annual runoff grew with a significant trend (accounting for 38.40%), and when the rainstorms rose with a non-significant trend, the annual runoff grew non-significantly (accounting for 58.09%). However, the annual mean values for both were lower than those under present conditions.



The annual mean FM for the baseline was 98.36 mm yr−1 and showed a slightly increasing trend between 2000 to 2015. The annual mean FM was relatively high in the northern and southern UHRB, which was characterized by a high altitude and forest (Figure 1), compared to other regions during the same period (Figure 4a). The largest area (57.78%) had a medium level of service distributed at moderate elevations with a large area of grassland, including the central and northeastern QM and the westernH–AH. High FM (35.05%) was present in the western and southern QM and DM.



The spatial distribution of annual mean FM under the two RCPs can be found in the pattern of that under baseline (Figure 4c,e). The annual mean FM was projected to decrease by approximately 34.12% and 58.56%, following a decline of 34.99% and 59.17% in annual mean rainstorm projections under RCP 4.5 and RCP 8.5, respectively, when compared to the baseline. Medium and low FM will cover a large proportion in the entire study area under RCP 4.5 and RCP 8.5, respectively. The linear correlation of annual mean FM and rainstorm was significantly positive under future climate change throughout the whole study area (Figure S5). Patterns of the linear trend change in FM projections (Figure 4) also reflected the projected rainstorm changes from 2030 to 2045 (Figure S4). Under RCP 4.5, where the rainstorm projections showed an increase (p > 0.05), the annual FM will increase (p > 0.05) by a total of 53.09% in low and medium service areas, while the FM will decrease (p > 0.05) by 88.45% in high service areas with non-significant rainstorm declines compared to present conditions. Under RCP 8.5, the increased rainstorms will result in growing FM, with a total of 58.63% in low and medium service areas. We also found that the low service areas were the areas of noticeable change with significant increasing trends. The low FM in this scenario will account for 72.06% of the study area, which indicated that the flood mitigation capacity overall will be apparently lower than that between 2000–2015 and under RCP 4.5.




3.3. Spatial Heterogeneity in the Inter-Relationship between SC and FM


The inter-relationship between SC and FM varied across different regions for the baseline (Figure 5a). Generally, it showed a synergistic pattern and the area of significant synergies (p ≤ 0.05) covered 85.61% of the UHRB. These areas were aggregated in the western and middle QM (42.36%), the northern and central DM (25.95%), and the H–AH (17.3%) subregions.



We then examined the inter-relationship of two ESs for 2030–2045 and the significant synergy between SC and FM will be enhanced by 16.48% and 2.95% under RCP4.5 and RCP 8.5 against the baseline, respectively, in the UHRB (Figure 5b,c). The dominant inter-relationship between SC and FM under RCP 4.5 was synergistic at a significant level, accounting for 99.72% of the UHRB. A similar inter-relationship pattern resulted under RCP 8.5, where the area proportions of the inter-relationship at significant and insignificant grades were 88.14% and 11.81%, respectively. The areas with a synergetic relationship at an insignificant level will shift from the northeast to the northwest of the UHRB under RCP 8.5. Overall, a synergistic inter-relationship between SC and FM was observed for all three future scenarios, with the synergistic relationship expected to increase under RCP 4.5 and RCP 8.5. Predicted changes in the climate could enhance the inter-relationship between SC and FM services across the UHRB.





4. Discussion


The changing precipitation as a consequence of changing climatic conditions in the UHRB is the main determinant of the ESs supply, where the changing trend in precipitation directly shows the magnitude of the corresponding changing ESs. This has also been found in ecosystem service and climate-related research in southern California [2] and the Gandheswari watershed in eastern India [17]. More recently, scientists have projected decreasing precipitation in southern Europe, and the same outcome was shown in this study; however, precipitation will grow in most areas of northern Europe [59].



Analyzing the impact of climate change on ESs and the inter-relationships between ESs in the near term may provide a timely scientific basis for policy design and formulating climate adaptation strategies. Our study indicated that the SC and FM supply will decrease along with the reduced precipitation and rainstorms in the UHRB under the two RCPs, further indicating that ecosystem resilience will be weakened and the regulation of soil and water services will be reduced from 2030 to 2045. That is, the changing climate conditions will exert pressure on the ability of the ecosystem to provide benefits for human beings, leading to resource losses, as well as ecological deterioration [64]. The degradation of ecosystem services exacerbates soil erosion and desertification [65,66], seriously affects food safety, and directly threatens regional ecological security [67,68]. Furthermore, as the water source for the middle route of the S–NWDP, the ecological degradation of the UHRB will reduce soil retention and result in water quality deterioration for the middle and downstream reaches of the UHRB and the beneficiaries of the middle line of the S–NWDP [28,33]. In order to ensure that water quality will be maintained for the middle line of the S–NWDP, the cost of water purification and infrastructure may increase in the future.



Considering the impact of changing climatic conditions on the inter-relationship between ESs is an important innovation in ES research. The governing of trade-offs and synergies is known to reinforce the resilience of ecosystems, consequently improving the ability of ecosystems to benefit human beings [5,8]. The results from this study indicated that the synergistic inter-relationship between SC and FM will be enhanced in the period 2030–2045. The inter-relationships between services are largely conditional on social and economic development [69], and trade-offs and synergies can switch through ecosystem regime shifts [5]. Strategies aimed at promoting socio-economic development should consider balancing resource exploitation and ecosystem sustainability given the crucial role ES inter-relationships play in ecologically sustainable development [5,8].



The findings of this study demonstrated that surface runoff will decrease under future climate scenarios, becoming worse under RCP 8.5. The decreasing runoff will not only inevitably affect water demand from the water diversion project but also influence urban water supplies, agricultural irrigation, and shipping traffic in the middle and lower reaches of the Hanjiang River, changing the erosion and siltation conditions in the river and reducing the self-regulating capacity of the river due to hydrological variations [33,64]. Studies have shown that the spatial distribution of crops across the landscape is subject to local climatic conditions (e.g., rainfall) [34]. Stakeholders are concerned about the efficacy of easing the negative stress from climate variability through land-use change [59]. This would result in changes in cropland management, such as an adjustment in farming patterns [59] and drought-tolerant crops planting, which can mitigate the vulnerability and increase the resilience to changed climate conditions [70] in the Hanjiang River Basin.



The operation of the middle line of the water transfer project has altered the Hanjiang river flow rate and consequently influenced the water quality since the water purification capacity of the middle and downstream river reaches would probably be reduced due to decreased inflow [71]. Moreover, Kuo [71] found that the flow rate in the middle and downstream end of the Hanjiang River should be raised in order to prevent water quality deterioration and effectively deal with pollutants. However, this would be a great challenge since the annual precipitation and runoff in the UHRB will be greatly reduced under future scenarios.



Our study on the potential impacts of future climates on SC and FM services and their inter-relationship in the UHRB provided evidence for integrating climate change into the designation of ecological conservation of watersheds. The management of landscapes for biological conservation and ecologically sustainable natural resource use are crucial global issues. Understanding the inter-relationships of soil and water conservation services can help with ecosystem resources management and improve the ratio of resource utilization [53,59]. More recently, it has been confirmed that 5.47% of the discharge areas in the UHRB have been identified as high priorities based on water–soil conservation [72] but this did not take into account climate change. Furthermore, the UHRB is in a highly forested river basin, and given the crucial role of forests in mitigation of changing climates, especially in carbon sequestration, climate adaptation strategies should be considered in forestry policies for ecological management [21]. Additionally, it is also imperative to incorporate climate-related policies into ecological environmental management and ecological reserve optimization policy initiatives, such as functional zonation and ecological red lines [2,73] since multiple ESs can be produced in protected areas [74]. Given the impacts of climate change on the ecosystem service inter-relationship, policies can be designed to optimize the synergies between SC and FM services for socio-economic benefits.



The simulation results of the models could not be calibrated effectively due to the scarcity of adequate measurement data; however, the revised universal soil loss equation (RUSLE) and the soil conservation service curve number (SCS-CN) model have been demonstrated to be effective for evaluating the soil conservation service in the UHRB [33,75] and middle and lower reaches of Hanjiang River basin, respectively, and the flood mitigation service in the UHRB [34] and the upper Yangtze River basin [35]. The statistical downscaling method was developed by Liu and Zuo [54] based on the improved stochastic WGEN [55]. Furthermore, the WGEN model we employed to gain daily and specific site climate data was used on the basis of the comparison between the observed and downscaled climate variables [54]. The overall mean confidence interval of parameters and the observed climate mean, as well as the maximum values, were 0.08 and 0.11, respectively, resulting in very high confidence in downscaling future monthly climate variables with reliable parameters. The principal criteria for the procedure were downscaled daily outputs that were consistent with monthly climate projections, both in terms of monthly means and totals. The theoretical framework and approach employed in this study could also be applicable in researching soil sediment, water conservation and purification, the estimation of water yield, etc., in the watersheds, and are also applicable in key natural reserves, biodiversity hotpots, and the water source reserves that are significantly affected by climate conditions.



Some limitations exist in this study. Given that the UHRB is located in the Qinling–Daba mountains, where about 80% of the area is covered by natural vegetation on steep slopes and the land use in this region changed slightly between 2000 and 2014 [34], we assumed that the land-use patterns will stay the same from 2030 to 2045; as such, we only stressed the effects of climate factors on the supply of ecosystem services. However, the change and evolution of the ecosystem structure and environment is a complex process, which is driven by a variety of factors, including socio-economic factors, policy elements, and human’s actual demands of resources [8]. In addition, different climate scenarios can cause different changes in the LULC, followed by the changes in the quality of vegetation coverage and the water–soil regime, resulting in the alteration of soil parameters and the change of the soil water retention capacity [76]. Eventually this changes the quantity and pattern of ESs provision, especially in SC and FM, and their inter-relationship [15]. Moreover, the ESs simulation in this study was a basic step for the comprehensive assessment of the ecosystem service, where the biophysical values of the ESs were not extended to the determination of economic values, which can link ecosystem services to the development of human society and inform economic and environmental policy [21]. Various patterns of trade-offs and synergies are presented based on different scales [6,8]; however, we did not take the spatio-temporal scale dependency of the ecosystem services inter-relationships into account in the study, which may reduce the accuracy of our inter-relationship assessment. The major limitation of our study was that we only selected one GCM model (BNU-ESM) to represent future climate projections. The climate system is a complex construct and the future climate conditions generated from different GCMs vary, resulting in great differences, especially in seasonal precipitation [77]. Previous studies have shown that using multiple GCMs under different emission scenarios is better for providing more robust climate projections [78]. Therefore, multiple GCMs that are downscaled by different methods (e.g., statistical downscaling and dynamical downscaling) under different emission scenarios should be applied to better assess the development of ESs in the future. Despite the above limitations and due to the uniqueness of the East Asian climate, the findings and the scenarios of the CMIP 5 BNU-GCM employed in this study can still provide a framework for understanding the ESs and their inter-relationships and the future consequences for core water supplies. Given the uncertainties of climate change, our next step is to explore multi-model ensemble climate projections with an integrated land–climate model at a high resolution and introduce multiple critical factors (i.e., shared socioeconomic pathways in the scenario framework) of ESs to understand the potential impacts of climate change and other dynamics on ESs and to derive more information to maintain regional and global ecological sustainability.




5. Conclusions


The responses of SC and FM service supplies and their inter-relationship to climate change in the UHRB were assessed by using two future climate scenarios and soil–water conservation models (RUSLE and SCS-CN). The decrease in the provision of SC and FM under the emissions pathways examined with a reduction in precipitation from 2030 to 2045 indicated a reduction in the capacity of the regulating services, which will reduce the ecosystem resilience and result in ecological degradation. The declines in surface runoff in this study were a result of water scarcity increases between 2030 and 2045. The findings above may have serious impacts on human beings in the middle and lower reaches of the Hanjiang river basin and the economic viability of the S–NWDP. Therefore, the potential effects of climate change should be integrated with ecological resource management policies, such as the adjustment of farming patterns and the planting of drought-tolerant crops in land use management, which can be employed to maintain the sustainable development of the river basin. Our results point to regional ecosystem management and climate-related adaptation policy packages for stakeholders to mitigate the negative stress that climate variability will trigger for human welfare and water infrastructure investment.
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Figure 1. Overview of the UHRB (Upper Hanjiang River Basin) in Shaanxi Province. The details are as follows: (a) the location of the Hanjiang River Basin and the UHRB in China, including the surrounding important rivers; (b) the distribution of the 19 meteorological stations and three subregions: QM (Qinling Mountain Region), H–AH (Hanzhong–Ankang Hilly region), and DM (Daba Mountain Region), and the elevation characteristics of the UHRB; (c) the LULC (land-use and land-cover) classifications in the UHRB in 2015. 
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Figure 2. The spatial pattern of annual mean soil conservation (SC) (t hm−2 yr−1) and the significance classifications of the linear trend (LT) of SC for the baseline from 2000 to 2015 and under the two emission Representative Concentration Pathways (RCP 4.5 and RCP 8.5) from 2030 to 2045. (a,c,e) shows the spatial patterns of the annual mean SC for three scenarios, and the size of the value was proportional to the amount of ecosystem services (ESs), that is, the larger the value, the larger the ES, and vice versa. The annual mean SC was categorized into four classes: low values (0–200), medium values (201–500), high values (501–1000), and highest values (>1000). (b,d,f) indicates the significance classifications of the linear trend of the annual SC under the three scenarios. 
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Figure 3. The spatial pattern of the annual mean runoff and the significance classifications of the LT of the runoff for the baseline from 2000 to 2015 and under the two emission pathways (RCP 4.5 and RCP 8.5) from 2030 to 2045. (a,c,e) shows the spatial patterns of the annual mean runoff in the three scenarios, where the annual mean runoff was categorized into four classes: low values (0–50), medium values (51–150), high values (151–250), and highest values (>250). (b,d,f) shows the significance classifications of the linear trend of annual runoff in the three scenarios. 
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Figure 4. The spatial patterns of the annual mean FM (mm yr−1) and the significance classifications of the LT of FM for the baseline from 2000 to 2015 and under the two emissions pathways (RCP 4.5 and RCP 8.5) from 2030 to 2045. (a,c,e) indicates the spatial patterns of the annual mean FM under three emissions scenarios, and the size of the value was proportional to the amount of ES. The annual mean FM was categorized into four classes: low values (0–50), medium values (51–100), high values (101–200), and highest values (>200). (b,d,f) indicates the significance of classifications of the LT of annual FM under three emissions scenarios. 
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Figure 5. Inter-relationship of SC and FM under three scenarios, where the significance level here was p ≤ 0.05. 
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Table 1. The data and materials.
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Datasets

	
Data Type

	
Spatial Resolution

	
Time Scale

	
Data Sources






	
Daily precipitation

	
Point

	
—

	
2000–2015

	
http://cdc.cma.gov.cn/




	
Soil properties

	
Raster

	
1 km

	
2000

	
http://westdc.westgis.ac.cn/data/




	
Soil texture

	
Raster

	
1 km

	
2008

	
China Soil-Map-Based Harmonized World




	
Soil Database




	
DEM 1

	
Raster

	
30 m

	
2010

	
http://www.gdem.aster.ersdac.or.jp/




	
LULC 2

	
Polygon

	
30 m

	
2000, 2005, 2010

	
http://www.landcover.org/data/




	
Raster

	
1 km

	
2015

	
http://www.gscloud.cn/




	
Runoff Curve Number

	
Value

	
—

	
1985

	
National Engineering Handbook




	
NDVI 3

	
Raster

	
250 m

	
2000–2015

	
http://ladsweb.nascom.nasa.gov/data/




	
GCM 4

	
Raster

	
2.8° × 2.8°

	
2030–2045

	
https://pcmdi.llnl.gov/mips/cmip5/index.html








1 DEM refers to digital elevation model; 2 LULC refers to land use and land cover; 3 NDVI refers to normalized difference vegetation index; 4 GCM refers to global climate model.
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