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Abstract

:

With the warming and humidification process in the Northwest Arid Zone over the past 30 years, the runoff of a vast majority of rivers has been affected to different degrees. In this paper, the runoff from the Weigan River, a typical inland river in the arid zone of Northwest China, is taken as an example, and seven types of CMIP6 data are selected with the help of a SWAT model to predict the runoff volume of the Weigan River in the next 30 years under climate change. The results show that (1) the SWAT model can simulate the runoff from the Weigan River well and has good applicability in this study area. (2) With an increase in radiative forcing, the temperature, precipitation and runoff in the study area show an increasing trend. (3) Under the four radiative forcing scenarios in 2030 and 2050, the runoff from the Weigan River out of the mountain is predicted to be maintained at 25.68 to 30.89 × 108 m3, which is an increase of 1.35% to 21.91% compared with the current runoff, of which the contribution to the increase in future runoff caused by the changes in temperature and precipitation is 68.71% and 27.24%, respectively. It is important to explore the impact of climate change on the runoff from the Weigan River to understand the impact of climate change on the Northwest Arid Region scientifically and rationally, and to provide a scientific basis for evaluating the risk of climate change and formulating policies to deal with it.
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1. Introduction


With the continuation of global warming, increasing temperatures and intensified water cycle rates [1], the spatial and temporal distribution of water resources has changed. Extreme hydrological events are frequent in most regions, precipitation intensity has increased [2], and there is a general trend of increasing extreme precipitation [3,4]. The Special Report on Climate Change and Land released by the IPCC (The Intergovernmental Panel on Climate Change) in 2019 also suggests that the continuation of climate change amplifies the impacts and pressures that humans are exerting on land. As a result of land–air interactions, land degradation exacerbates climate change, which in turn exacerbates land degradation and desertification in a variety of ways. Climate change contributes to the intensification and frequency of extreme disasters, which also pose many challenges to land degradation and food security [5]. Currently, climate warming is a crisis that is of particular concern to the scientific community and governments, and global action to mitigate and adapt to climate change is urgent [6]. The World Climate Research Programme (WCRP) has launched a series of Coupled Model Intercomparison Projects (CMIP) to mitigate and respond to climate change. With the continuous development of the economy, the future development of a “path” is also changing and has entered the sixth phase (i.e., CMIP6), where great progress has been made to its physical properties, resolution and other parameters compared with previous generations. Compared to local regional models, global climate models (GCMs) exhibit better performance in matching actual observations in large-scale areas [7,8]. At the same time, due to the different sources of climate models, there is a certain degree of variability among them. Therefore, it is particularly important to harmonise the spatial resolution of different GCMs and downscale their bias revision before future climate prediction.



Currently, there are many statistical downscaling bias correction methods used by scholars at home and abroad. For example, Ferreira et al. [9] used the quantile delta mapping method for statistical downscaling to assess future precipitation changes and the occurrence of hydrological droughts in South Asia, and Velázque et al. [10] used a bias-corrected downscaling method to process four GCMs and assessed and analysed historical trends. Guo et al. [11], Xiang et al. [12], Hu et al. [13] and other scholars processed multiple GCMs under different scenarios with bias correction, and assessed and analysed the simulation ability of these models in terms of temperature and precipitation characteristics in China. Kang et al. [14] used ensemble averaging of five CMIP6 models to predict the spatial and temporal changes of blue–green water in the Wujiang River Basin, and quantitatively analysed its response to climate and land-use changes. Zhao et al. [15] used a weighting strategy to place constraints on 28 GCMs based on CMIP6 and carried out a simulation prediction analysis of the historical and future runoff change of the Yangtze River Basin. Dai et al. [16] evaluated the simulation ability of 11 climate models based on CMIP6 at Shiyang River Basin using observational data and downscaled their climate data using the Equidistant Cumulative Distribution Function Method (EDCDFm) to obtain the future climate change trend in the basin. He et al. [17] used the daily bias correction (DBC) method based on quantile mapping to explore the applicability of six climate models for the Hetian River Basin, and applied the r-MME (r-Multi-Model Ensemble) averaging method to calculate the bias correction results of each model in order to analyse the characteristics of the future temporal and spatial evolution of temperature and precipitation. Zhang et al. [18] predicted the annual and seasonal changes in temperature and precipitation in Xinjiang in the 21st century under three different scenarios using the data from 20 models, which demonstrated good simulation ability of temperature and precipitation in Xinjiang. It can be seen that, following the introduction of the CMIP6 climate model, many scholars have used various downscaling methods to apply GCMs to their study areas, based on which of the impacts of climate change can be further explored.



Climate change will inevitably cause changes in the global hydrological cycle processes and directly or indirectly affect precipitation, evaporation, runoff, soil, humidity, etc. [19]. It will not only lead to the redistribution of water resources in time and space, and increase the frequency and intensity of extreme disasters such as floods and droughts, but will also increase evapotranspiration, change rainfall and rainfall distribution, and lead to changes in land/crop suitability [20]. In this paper, from the perspective of water resources, the flow-producing area of the Weigan River is taken as an example. Seven GCMs are selected for delta downscaling bias correction; the downscaling results of each meteorological element are processed via the r-MME averaging method; and then the simulation capabilities of temperature and precipitation are evaluated and predicted. Finally, after being processed by the r-MME averaging method, the CMIP6 climate model data are combined with the SWAT model to predict the evolution of the outflow of the Weigan River in the next 30 years under climate change, and to explore the impacts of climate change on flow production in the study area. The results of this study can provide an important theoretical basis for future economic development and ecological civilisation construction at the Weigan River Basin under climate change, as well as for the prediction of water resource supply and demand. At the same time, it also provides a scientific basis for assessing the possible risks of climate change and formulating response policies.




2. Data Sources and Methods


2.1. Overview of the Study Area


The upper watershed of the Weigan River out of the mountain pass (80°15′~83°02′ E, 41°31′~42°39′ N) is located in the Aksu region at the southern foot of the middle section of the Tianshan Mountains in Xinjiang, China (Figure 1). The topography of the basin is high in the northwest and low in the southeast, with elevations above 3500 m in the high mountainous areas in the north. The basin is fan-shaped, with a basin area of about 16,792.56 km2. The study area is located in the hinterland of the Eurasian continent, far from the sea and surrounded by mountains, and it has a continental arid climate with a large temperature difference between day and night, high evaporation and low precipitation. The average multi-year temperature is 1.95 °C, the average multi-year evaporation is 1139.3 mm, the average multi-year precipitation is 382.62 mm, and the distribution of temperature and precipitation is uneven during the year, which is mainly concentrated in June–August. The Weigan River is a first-class tributary of the Tarim River system, and its upper reaches consist of five tributaries that converge in the southeast corner of the Baicheng Basin, namely, Muzati River, Kapuslang River, Tylervichuk River, Karasu River and Heizi River. The recharge sources of the runoff of the Weigan River are mainly three types: glacial meltwater, snowmelt and rainfall, of which glacial meltwater accounts for about 32.40% of the total runoff [21]. The Heizi reservoir hydrological station was originally located 3 km above the dam site of Kizil reservoir, and after the official construction of Kizil reservoir in 1985, the Heizi reservoir hydrological station was relocated down to 1 km below the cross-section of the dam site and renamed the Heizi Reservoir (II) hydrological station.



Baicheng County in the study area has a special geographic location, surrounded by mountains, with a terrain of high north and low south and an arid and semi-arid natural environment, and its land-use type is mainly dominated by grassland and unused land. The area of arable land, forest land and construction land in Baicheng County increased year by year from 2005 to 2015, of which the area of arable land increased by 10.43 km2, the area of forest land increased by 5.62 km2, and the area of construction land increased most significantly by 48.74 km2. However, from 2005 to 2015, the area of grassland and unused land showed a decreasing trend of 43.56 km2 and 35.97 km2, respectively. Water areas showed a trend of increasing and then decreasing, with an increase of 5.92 km2 in 2005–2010 due to the increase in water conservancy facilities, and a decrease of 1.18 km2 in 2010–2015, which was a small decrease and an insignificant change [22]. Although the decrease in grassland and unused land and the increase in construction land are in line with the current situation of regional development, the increase in forest land is the result of the effective implementation of projects such as returning farmland to forest land and afforestation in recent years. However, it is undeniable that in addition to the impact of the rapid expansion of arable land and the significant reduction in grassland caused by the increasing exploitation of natural resources by human beings brought about by the rapid development of society, there are some parts of forest land and unused land in the study area that have been degraded by the effects of climate change.




2.2. Data Sources


The basic data used in this study included hydrological and meteorological data, digital elevation (DEM) data, glacier cataloguing data, soil data, land-use data and CMIP6 climate model data. The hydrological and meteorological data (temperature, precipitation and runoff data) were sourced from the CN05 grid observation dataset, the measured runoff data from the Heizi Reservoir (II) hydrological station, and the inflow runoff data from the Kizil Reservoir. The DEM data use SRTMDEM raw elevation data with a precision of 90 m, sourced from the Geospatial Data Cloud Platform. The glacier cataloguing data included the first and second glacier cataloguing data sourced from the National Glacier Frozen Soil Desert Science Data Center. The soil data were drawn from the 1:100,000 soil data provided by the Nanjing Soil Institute of the Second National Land Survey. The land-use data were adopted from the 1980 and 2000 national land-use data, with a resolution of 30 m, which were sourced from the Geospatial Data Cloud Platform. A global climate model is an important tool for predicting future climate change [23], and the model used in this study was sourced from the latest 6th International Coupled Model Comparison Program (CMIP6). This study selected 7 models from different countries, climate centres and climate scenario simulations (Table 1), and selected 4 greenhouse gas emission scenarios, including SSP1–2.6, SSP2–4.5, SSP3–7.0 and SSP5–8.5.




2.3. Research Methodology


2.3.1. Delta Change Method


In this study, the delta change method was used for bias revision downscaling. The delta correction method assumes that model biases (absolute increase in temperature, relative rate of change in precipitation, etc.) do not change over time and applies them to point or regional historical observations to obtain point or regional future climate change scenarios. This method, as a part of the Bias Correction and Spatial Decomposition (BCSD) method, is mostly applied to correct data in the mean state, and has been widely used in research studies because of its relatively simple principle and high accuracy [24,25]. The specific calculation formulae are as follows:



Temperature:



(1) Calculation Bias


    d e l t a     m o n   i     =     T  ¯    M ,   m o n   i     −     T  ¯    O ,   m o n   i      



(1)







(2) Monthly Revisions


    T   C o r , M ,   m o n   i     =   T   M ,   m o n   i     −   d e l t a     m o n   i      



(2)







Precipitation:



(1) Calculation Bias


    d e l t a     m o n   i     =       P  ¯    O ,   m o n   i      /      P  ¯    M ,   m o n   i        



(3)







(2) Monthly Revisions


    P   C o r , M ,   m o n   i     =   P   M ,   m o n   i       × d e l t a     m o n   i      



(4)




where delta is the reconstructed future gridded model data series, i.e., the month-by-month deviation of the model data from the observed data within a historical period;       T  ¯      m o n   i       denotes the monthly average gridded temperature series;       P  ¯      m o n   i       represents the month-by-month mean gridded precipitation series; M and O represent model data and observation data, respectively; and Cor represents the corrected temperature series.




2.3.2. r-Multi-Model Ensemble


Due to the systematic errors and uncertainties in the data of each climate model, the effects on different meteorological elements are not consistent. A single “optimal” model has a large bias, which often has a large impact on the simulation and assessment of future climate change. Zhang et al. [26] and others have shown that the results of ensemble averaging of model data are better than most individual models. Therefore, this study adopted the Multi-Model Ensemble (MME) averaging method based on Pearson’s r-correlation coefficient (r-MME) to eliminate previous variability in and uncertainty of individual model data, reduce systematic errors and, thus, improve the accuracy of future climate change prediction. The calculation formula is as follows:


    F   r − M M E   =   ∑  i = 1   n      F   i     ×       r   i    /    ∑  i = 1   n      r   i          



(5)




where     F   r − M M E     is the result of the r-MME averaging method based on Pearson’s r-correlation coefficient; Fi is the simulation result of each single mode;       r   i    /    ∑  i = 1   n      r   i         is the weight based on the correlation coefficient r for the corresponding pattern; and ri is the correlation coefficient between each single model and the observation data within a historical period.




2.3.3. Building A SWAT Hydrological Model


A SWAT (soil and water assessment tool) model is a distributed watershed hydrological model based on GIS [27]. In recent years, this type of model has been developed rapidly and has been widely used at home and abroad. Zhao et al. [28] constructed a drought assessment model, SWAT-PDSI, based on the Palmer Drought Severity Index (PDSI) and a SWAT model, and analysed the spatial and temporal distribution characteristics and frequency characteristics of drought disasters in the Weihe River basin. This study constructed a hydrological model of the mountainous area of the Weigan River based on the SWAT platform and simulated the runoff from the Weigan River out of the mountain to recreate its hydrological process. On this basis, the SWAT model was combined with the CMIP6 climate model data to predict the future runoff evolution trend.



The modelling process of the SWAT model was mainly divided into the following steps: Firstly, we imported the DEM data, determined the catchment threshold of the study area and performed operations such as watershed and water system extraction and sub-watershed division. Secondly, we imported data from a pre-constructed soil-type database and land-use database for easy association with the constructed model in the later stage. Finally, we divided the hydrological response units in the study area and completed the model construction work. In terms of model tuning, the optimal operating parameters for localising the SWAT model in the Weigan River Basin have been described in detail in a research article by Su et al. [21], and the same parameters were used in this study. After completing the above steps, it was necessary to import the pre-downloaded and processed historical temperature and precipitation model data into the SWAT model for operation to verify its feasibility in order to obtain a SWAT model suitable for the prediction of future runoff.




2.3.4. Slope Change Ratio of Accumulative Quantity


The SCRAQ (Slope Change Ratio of Accumulative Quantity) was first proposed by Wang [29], and many scholars [30,31] have improved and applied it. This method is mainly based on the linear relationship between runoff, precipitation and evaporation during the period with an abrupt change in the year before and after, and then uses the slope change rate of each cumulative amount to calculate their contribution rate to the variation in runoff. The calculation formula is as follows:



The Contribution Rate of Precipitation Changes to Runoff Changes:


    C   P   =     R   S P    /    R   S R     =         S   P a    /    S   P b     − 1    /        S   R a    /    S   R b     − 1      



(6)







The Contribution Rate of Temperature Changes to Runoff Changes:


    C   T   =     R   S T    /    R   S R     =         S   T a    /    S   T b     − 1    /        S   R a    /    S   R b     − 1      



(7)







The Contribution Rate of Human Activities to Runoff Changes:


    C   H   = 1 −   C   P   −   C   T    



(8)




where CP, CT and CH represent the contribution rates of changes in precipitation, temperature and human activities to changes in runoff, respectively. RSP, RSR and RST represent cumulative precipitation, cumulative runoff and cumulative temperature slope change rate, respectively. Spb and Spa respectively, represent the slopes of the annual linear relationship of cumulative precipitation in the two periods before and after the inflection point, and SRb, SRa, STb and STa are the same.






3. Results


3.1. Evaluation of Temperature and Precipitation Simulation Capability and Future Prediction


3.1.1. Temperature


The simulation ability of the selected climate models, the r-MME maximum and minimum temperature data was evaluated by using Taylor diagrams (Figure 2a,b) to more comprehensively assess the simulation results after downscaling the data of each model. Compared with the maximum temperature observation series, the simulation effect of the ACCESS-ESM1-5 model in terms of maximum temperature is relatively better, and the correlation coefficient can reach up to 0.776, showing a strong correlation with the observed data. The simulation effect of the CNRM-ESM2-1 model is relatively poorer than that of the CanESM5 model, and the correlation coefficient only reaches about 0.440. The simulation effects of the remaining four models (BCC-CSM2-MR, INM-CM5-0, MRI-ESM2-0 and CMCC-ESM2) are not much different, with correlation coefficients ranging from 0.524 to 0.559, thus showing moderate correlations with the observed data. In the lowest-temperature simulation scenario, the ACCESS-ESM1-5 model has the best simulation effect, with a strong correlation coefficient as high as 0.899. The CNRM-ESM2-1 model has, relatively, the worst simulation effect, with a weak correlation coefficient, and the correlation coefficients of the INM-CM5-0 model and the CanESM5 model are around 0.730, demonstrating a good simulation effect. The correlation coefficients of the remaining three models (MRI-ESM2-0, BCC-CSM2-MR and CMCC-ESM2) are between 0.613 and 0.674, showing relatively good correlations. The r-MME correlation coefficients of the maximum and minimum temperature data are 0.846 and 0.902, respectively, and the correlations are all relatively significant. In summary, the simulation effect of the models for the minimum temperature is better than that for the maximum temperature, and there are some differences in the simulation effects of different GCMs regarding the maximum and minimum temperatures. The simulation results of r-MME data for temperature are better than single-model data.



A comparison of temperature changes in the study area from 1961 to 2014 based on the observed data, each model’s data and r-MME data is shown in Figure 3a. The maximum and minimum temperature data simulated by each GCM showed a trend of fluctuating and increasing, with the annual average maximum temperatures ranging from 8.39 °C to 8.43 °C and the annual average minimum temperatures ranging from −4.49 °C to −4.44 °C, and the upward trend of the observed series of minimum temperatures was more significant than that of the maximum temperature series. The annual average maximum and minimum temperatures of the observed series were 8.20 °C and −4.31 °C, respectively. In the observed temperature series, the maximum temperature increased to 9.45 °C in 2014, with an average rate of increase of 0.03 °C/a. The minimum temperature increased from −4.80 °C to −3.56 °C, with an average rate of increase of 0.02 °C/a. The annual mean maximum and minimum temperatures of the r-MME data were 8.40 °C and −4.47 °C, respectively, and compared to the observed series, the maximum temperature of the r-MME series was higher by 0.2 °C and the minimum temperature was lower by 0.16 °C. The projected temperature change using the r-MME data for 2020–2050 (Figure 3b) demonstrates that the maximum and minimum temperatures based on the r-MME data under the four radiative forcing scenarios show an increasing trend. The average annual increase rates in maximum temperature are 0.02 °C/a, 0.05 °C/a, 0.05 °C/a and 0.09 °C/a. The average annual increase rates in minimum temperature are 0.03 °C/a, 0.05 °C/a, 0.07 °C/a and 0.09 °C/a. Among them, the increase rates in maximum temperature are closer under the SSP2–4.5 and SP3–7.0 scenarios. The overall increase in minimum temperature is greater than that of maximum temperature in the simulated future period. Under the SSP5–8.5 scenario, the r-MME minimum temperature increases from −3.38 °C in 2020 to −0.66 °C in 2050, which is the fastest growth rate.




3.1.2. Precipitation


When comparing the precipitation data simulated by each model, the r-MME data and the assessment of the observed data (Figure 2c), it is clear that the simulation effect of the precipitation data simulated by the MRI-ESM2-0 model is relatively the best, with a correlation coefficient as high as 0.937, showing strong correlation with the observation series. The simulation effect of the CNRM-ESM2-1 model and the CanESM5 model is relatively the poorest, with a correlation coefficient of only 0.428. The correlation coefficients of the precipitation data of the remaining four models (ACCESS-ESM1-5, INM-CM5-0, BCC-CSM2-MR and CMCC-ESM2) are in the range from 0.483 to 0.572, thus showing moderate correlations. The r-MME precipitation data have a correlation coefficient of up to 0.837, which shows strong correlation. It can be seen that most of the GCMs generally simulate temperature data better than precipitation data, except for individual models that optimally simulate precipitation. The r-MME method can reduce the variability among models, which enables the simulation results to have higher stability and accuracy compared to the use of single-model data.



A comparison of precipitation variations in the historical observed data, the data of each model and the r-MME data in the study area is shown in Figure 4a. The observed precipitation series showed a fluctuating upward trend, increasing from 301.55 mm in 1961 to 338.94 mm in 2014, with an average growth rate of 0.71 mm/a. The average annual precipitation during the historical period was 382.62 mm. The annual precipitation simulated by the GCMs ranged from 361.54 mm to 469.64 mm. The CNRM-ESM2-1 model’s precipitation value is overall 87.02 mm larger than the observed value, and the rest of the model data basically fluctuated up and down around it. However, the CNRM-ESM2-1 model data were not excluded from the r-MME of the GCM data because the trend of the CNRM-ESM2-1 model is more similar to that of the observed series and most of the values of the precipitation data predicted by the other models are smaller than those of the observed data. The prediction of future precipitation changes based on the r-MME data (Figure 4b) shows an increasing trend in r-MME precipitation under all radiative forcing scenarios from 2020 to 2050. Under the SSP1–2.6 scenario, the r-MME precipitation increases to 361.56 mm in 2050, which is the slowest increase of 2.63 mm. The increase under the SSP2–4.5 scenario and SSP3–7.0 scenario is 14.89 mm and 45.09 mm, respectively, during the next 30 years. Under the SSP5–8.5 radiative forcing scenario, it increases from 363.60 mm in 2020 to 428.63 mm in 2050, with an average annual increase of 2.17 mm, which is the fastest growth rate.





3.2. Evaluation of Model Simulation Results


In this study, the period 1961–1964 was selected as the model warm-up period, the period 1965–1989 as the model calibration period, and the period 1990–2014 as the model validation period. The monthly runoff of the study area in the last 50 years was simulated to recreate its hydrological process in order to construct a SWAT model applicable to the upper watershed of the Weigan River outflow. It should be noted that the measured runoff from the Heizi Reservoir (II) hydrological station since August 1991 is affected by the regulating effect of the Kizil Reservoir, and the dam site section and the Heizi Reservoir (II) hydrological station are close to each other, with a distance of only about 1 km. Therefore, in this study, when simulating and verifying the SWAT model upstream of the Weigan River outlet, the inflow flow of the Kizil Reservoir was used to replace the flow data measured at the Heizi Reservoir (II) hydrological station in the same period. The best simulation results of the model could be obtained after the model was adjusted and run.



From the simulation results of the multi-year monthly average flow (Figure 5), it can be seen that the difference between the simulated runoff value and the measured runoff value is relatively small, and the two runoff series’ curves are well-fitted. This indicates that the constructed SWAT model for the upper reaches of the Weigan River outflow can relatively accurately describe the annual runoff process in this study area. And from the evaluation of the model’s simulation results of monthly runoff for each time period (Table 2), it can be seen that the NSE coefficient is >0.75, the RSR is <0.50, the PBIAS is <±10%, and their simulation results are excellent. This indicates that the SWAT model has good applicability in the study area and can be used to predict future runoff evolution trends in the next step.




3.3. Prediction and Analysis of Future Runoff Evolution Trends


The r-MME temperature and precipitation data under four different radiative forcing scenarios were inputted into the well-constructed SWAT model to predict the future evolution of outflow runoff from 2020 to 2050 (Figure 6). From the statistics of the runoff data output by the SWAT model, it can be seen that the runoff out of the mountain in the upper Weigan River Basin under the four radiative forcing scenarios is maintained at 25.68~30.89 × 108 m3 in 2030 and 2050, which is an increase of 1.35~21.91% compared with the current runoff. Under the four different radiative forcing scenarios of SSP1–2.6, 2–4.5, 3–7.0 and 5–8.5, the average annual flow in the next 30 years shows an increasing trend, with an increase of 84.58 m3·s−1, 85.52 m3·s−1, 87.13 m3·s−1 and 90.01 m3·s−1, respectively. The average annual flow from 2036 to 2050 increases by 6.89%, 9.37%, 7.77% and 18.82%, respectively, compared to 2021 and 2035. Under the SSP2–4.5 radiative forcing scenario, the average annual outflow runoff of the Weigan River increases from 25.52 × 108 m3 in 2020 to 30.89 × 108 m3 in 2050, which is an increase of 5.37 × 108 m3 or 21.03% compared to 2020, with the fastest growth rate being about 1.79 × 108 m3/10a. The SSP1–2.6 scenario has the next fastest growth rate of future runoff out of the mountain of about 1.61 × 108 m3/10a. The SSP3–7.0 radiative forcing scenario has the slowest growth rate of future runoff, at only 1.26 × 108 m3/10a. And although the growth rate of the SSP5–8.5 scenario is 1.59 × 108 m3/10a, the fluctuation of its future runoff is the largest during the next 30 years, with the runoff out of the mountain as high as 34.41 × 108 m3 in 2049. It can be seen that the annual runoff of the upper Weigan River increases with an increase in radiative forcing intensity, and the different radiative forcing scenarios show different future runoff evolutions during the period 2020–2050.The future runoff predicted by the SSP3–7.0 radiative forcing scenario is relatively large, and the runoff predicted by the other three radiative forcing scenarios is similar during the same period. For the whole period, as the radiative forcing intensity increases, the upward trend of future runoff is more pronounced. As shown in Figure 6, the SSP5–8.5 radiative forcing scenario shows the most obvious increase in annual runoff in the study area, followed by the SSP3–7.0 radiative forcing scenario, and then the SSP2–4.5 and SSP1–2.6 scenarios.



From the interdecadal changes in future runoff out of the mountain (Table 3), it can be seen that under different radiative forcing scenarios, the runoff from the Weigan River increases with increasing radiative forcing. Compared to the historical runoff, the average annual flow in all time periods shows an increasing trend. The rate of change of runoff in the first time period (2021–2023) is lower under the SSP2–4.5 and SSP5–8.5 radiative forcing scenarios than under the SSP1–2.6 and SSP3–7.0 radiative forcing scenarios. The third time period (2041–2050) shows the most significant increase under all scenarios, and the increase in runoff is more pronounced with increasing radiative forcing. It can be seen that under different radiative forcing scenarios, the future runoff from the Weigan River out of the mountain shows a fluctuating upward trend, and with an increase in time, the impact of radiative forcing on runoff is more pronounced.





4. Discussion


4.1. Evaluation of Models’ Simulation Capability


In this study, data from seven global climate models from different countries and institutions were selected for delta downscaling bias revision for the upper watershed of the Weigan River outflow basin and evaluated and analysed in conjunction with Taylor diagrams. The maximum temperature simulated by the ACCESS-ESM1-5 model is better than the other six models, and the minimum temperature simulated by the ACCESS-ESM1-5, CanESM5 and INM-CM5-0 models is better than the other climate models. To date, most of the studies on climate models focus on the Tibetan Plateau and the Loess Plateau, and there are relatively few studies focused on Northwest China. In their simulation of temperature using various model data, Helali et al. [32], Zhang et al. [33] and Zhang [34] reported that the ACCESS-ESM1-5 model performs very well in temperature simulation and has the best effect. But the research results reported by Firpo et al. [35] and He et al. [36] showed that models such as CMCC-ESM2 and CanESM5 are the best for simulation of temperature, and the ACCESS-ESM1-5 model is not as effective. He et al. [17] showed that the temperature series simulated by the CanESM5 model is superior to the actual observed series. It can be seen that the optimal temperature model data identified in different regions are not exactly the same. Meanwhile, in this study, as far as the temperature data of each model are concerned, except for the CNRM-ESM2-1 model where the simulation accuracy of the maximum and minimum temperatures is close to that of the observed data, the simulation effect of the minimum temperature of the other models is better than that for the maximum temperature. This is more consistent with the results obtained by Wu et al. [37] in their study on the assessment of extreme climate change in the upper and middle Huaihe River Basin, which concluded that the simulation ability of the ACCESS-ESM1-5 and CMCC-ESM2 models for the minimum temperature is better than that for the maximum temperature.



As for the simulation of precipitation data, the MRI-ESM2-0 model has better simulation results, and the simulation results of the remaining six models, such as ACCESS-ESM1-5, are closer to each other, with a moderate correlation with the actual observation series. Yasen et al. [38], Ali et al. [39] and Yazdandoost et al. [40] also agreed that the MRI-ESM2-0 model can simulate the actual observed precipitation better when predicting the evolution of future hydrometeorological elements. The results of this study are more consistent with their results. On the other hand, Sime et al. [41], Chen [42] and Liu [43] reported that the precipitation data simulated by the MRI-ESM2-0 climate model differed greatly from the actual observed series. Zhang et al. [44] concluded that the ACCESS-ESM1-5 model is the single model with the best simulation effect in predicting daily-scale precipitation at the Jinsha River basin. It can be seen that the data of the optimal precipitation models in different regions are also not completely consistent. From the point of view of the meteorological elements simulated by each model, the simulation effect of air temperature is better than that of precipitation, which is more consistent with the results of the studies by He et al. [17], Liu [45] and others. However, there is also a single model with the best simulation effect for predicting precipitation, whose accuracy is closer to the observed values. In summary, there is a certain degree of variability between the simulation effects of different climate models for different meteorological elements, and the simulation effects reflected by the same model data in different regions are not the same as the actual observation series.




4.2. Model Applicability and Prediction Results


In this study, the hydrological processes in the upper watershed of the Weigan River outflow in historical years were recreated by constructing a SWAT model. And the model data processed by using the r-MME averaging method were also input into the model to predict the trend of runoff evolution in the study area for the next 30 years. When evaluating the simulation results, the NSE coefficient of the calibration period and validation period are all greater than 0.75, and the R2 reaches higher than 0.8, suggesting that the simulation results are excellent, and the simulation results of the runoff curves in the historical period are better fitted. It can be seen that the SWAT model constructed in this study has good applicability in the upper watershed of the Weigan River outflow.



The SWAT model predicts that the average annual runoff values during the next 30 years under four different radiative forcing scenarios, namely, SSP1–2.6, 2–4.5, 3–7.0 and 5–8.5, are 84.58 m3·s−1, 85.52 m3·s−1, 87.13 m3·s−1 and 90.01 m3·s−1, respectively. The runoff of the Weigan River is predicted to be maintained at 25.68 to 30.89 × 108 m3 in 2030 and 2050, in which the contribution of temperature change and precipitation change to future runoff increase is 68.71% and 27.24%, respectively, and the contribution of human activities to future runoff increase is 4.05%. With the continuation of global warming, the increase in temperature directly affects the evaporation rate, the glacier ablation rate and the frequency of extreme precipitation. The study area is located in an alpine mountainous region, and the impacts on glaciers under warming will be more pronounced, so the obtained results are improved compared to past research results (the percentage of increase in incoming water due to temperature increase during the period 1965–2016 was 58.55%) [21]. In terms of interdecadal variation, the average annual runoff in the study area under the four different radiative forcing scenarios shows an increasing trend. This is more in line with the findings of Ni et al. [46]. The results of the current study suggest that with global warming and the gradual warming and humidification of Northwest China [47,48], the outflow runoff from the Weigan River will likely show an increasing trend in the future. However, it should be noted that warming and humidification will not change the basic characteristics of aridity and low rainfall in Northwest China and will only improve the degree of wetness in this arid region to a certain extent [49]. The results of this study can be applied to relevant research on typical inland river basins in the arid region of Northwest China, while providing scientific support for regional climate estimation to mitigate the potential risks of climate change and formulate timely response policies.




4.3. Shortcomings of This Study


As we all know, the Xinjiang region has perennial drought and little rain, most of the rivers in this region are glacial snow-melt recharge-type rivers, and many glaciers in southern Xinjiang are widely distributed, such as the Kanas Glacier, Moustagh Glacier and Ouyitak Glacier. The glacier flow rate is not only affected by the melting and evaporation of ice, but also by solar radiation, glacier size, ice surface nature and so on, which are closely related. The Weigan River is a typical arid inland glacier snow-melt recharge river. According to existing research results, the proportion of glacier runoff in the outflow of Weigan River reaches 32.40% [21], which is not small, and the glacier-produced flow in the context of global warming has a certain impact on the outflow of the Weigan River. However, although the SWAT model constructed in this study was validated for its applicability in the study area, it cannot fully and accurately reproduce the hydrological processes of the watershed. And when predicting the future runoff from the Weigan River, due to the immaturity of current research techniques and tools, we failed to complete the separation and prediction of the proportion of glacier runoff in future runoff. Therefore, the primary task of the next study is to separate glacier runoff from future runoff, and to clarify the proportion of future runoff due to the increases in precipitation and temperature caused by an increase in the incoming water from the perspective of the physical model, which can provide a reference for the allocation and management of water resources in the surrounding areas.



Although substantial work was performed in this study to correct the downscaling bias of the GCM data, and the simulation ability of the results is relatively consistent, it cannot be denied that the GCM data themselves have systematic errors and high levels of uncertainty. These uncertainties are related to factors such as the structure of the GCMs, spatial resolution, initial conditions and parameterisation scheme settings [50]. There is a certain variability in the simulation effects for different regions and elements [51], which also demonstrates the fact that different choices of climate models lead to certain differences in the simulation results. In the face of the large differences between models, and with the uncertainties in the simulation results of each model, the current solution is to target better-performing climate models. As for the many general common deviations and uncertainties in the simulation results of each model, these uncertainties can only be eliminated by using weighted ensemble averaging or other methods to reduce the deviations as much as possible so that the simulation and prediction results are more accurate. These problems are important obstacles to overcome in the use of numerical model simulation to predict climate change, which seriously affect the credibility of the model prediction method used [52]. Therefore, research in this area should be strengthened in the next phase of research work to solve such problems.





5. Conclusions


In this study, data from seven GCMs from different countries and organisations were selected and subjected to downscaling bias correction using the delta method, and the correlations between the temperature and precipitation data of each model and the observed data of the historical period were assessed. The weighted ensemble averaging method based on Pearson’s r correlation coefficient was used to process the selected GCM data, and the ensemble averaged processed r-MME data were coupled with the SWAT model to predict the future runoff out of the mountain in the study area. The following conclusions are drawn based on the results:



(1) The SWAT model constructed in this study has good applicability in the upper watershed of the Weigan River outflow, which can recreate the hydrological process of the study area in historical years and reveal the trend of its future runoff evolution.



(2) Under four different radiative forcing scenarios, namely, SSP1–2.6, 2–4.5, 3–7.0 and 5–8.5, the maximum and minimum temperatures, precipitation and runoff in the study area in the years 2020–2050 show an increasing trend, and the magnitude of the increase and the trend of the increase in these elements are not the same, with the increase under the radiative forcing scenario of SSP5–8.5 being the most pronounced in comparison to the other three scenarios.



(3) Under the four radiative forcing scenarios, the runoff from the Weigan River out of the mountain is predicted to be maintained at 25.68~30.89 × 108 m3 in 2030 and 2050, which is an increase of 1.35~21.91% compared with the current runoff, among which the contribution of changes in temperature and precipitation to the increase in future runoff is 68.71% and 27.24%, respectively.
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Figure 1. Overview of the upper reaches of the Weigan River outlet. 
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Figure 2. Results of the assessment of the modelled values of maximum temperature (a), minimum temperature (b) and precipitation (c) compared to the observed values. 






Figure 2. Results of the assessment of the modelled values of maximum temperature (a), minimum temperature (b) and precipitation (c) compared to the observed values.



[image: Applsci 14 00541 g002]







[image: Applsci 14 00541 g003] 





Figure 3. Historical temperature data (a) and r-MME temperature prediction (b) situation. The solid, coloured lines in (b) represent the r-MME data for each scenario, and the shaded areas represent the range of plus or minus one standard deviation of the annual average temperature for each scenario. 
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Figure 4. Historical precipitation data (a) and r-MME precipitation prediction (b) situation. The solid, coloured lines in (b) represent the r-MME data for each scenario, and the shaded areas represent the range of plus or minus one standard deviation of the annual average precipitation for each scenario. 
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Figure 5. SWAT model’s monthly average flow simulation results for the 1965–2014 historical period. 
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Figure 6. Evolution of future runoff out of the mountain under different radiative forcing scenarios. 
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Table 1. Basic information on seven global climate models.
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	Number
	Pattern Name
	Research Institutions
	Source Country
	Original Resolution





	1
	ACCESS-ESM1-5
	Australian Community Climate and Earth System Simulator
	Australia
	1.88 × 1.25



	2
	BCC-CSM2-MR
	National Climate Centre
	China
	2.88 × 1.92



	3
	CanESM5
	Canadian Centre for Climate Modelling and Analysis
	Canada
	2.8 × 2.8



	4
	CMCC-ESM2
	Centro Euro-Mediterraneo sui Cambiamenti Climatici
	Italy
	1.25 × 1.0



	5
	CNRM-ESM2-1
	National Center for Meteorological Research
	France
	1.41 × 1.39



	6
	INM-CM4-8
	Marchuk Institute of Numerical Mathematics
	Russia
	2.0 × 1.5



	7
	MRI-ESM2-0
	Meteorological Research Institute
	Japan
	1.1 × 1.1










 





Table 2. Evaluation of monthly runoff simulation results by time period based on the r-MME data.
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	Time Period
	Actual Runoff/108 m3 a−1
	Simulate Runoff/108 m3 a−1
	NSE
	RSR
	PBIAS/%
	R2
	Simulation Results





	Calibration Period

(1 January 1965–31 December 1989)
	24.19
	22.77
	0.75
	0.50
	5.91
	0.82
	Good



	Validation Period

(1 January 1990–31 December 2014)
	26.70
	24.84
	0.83
	0.41
	6.98
	0.86
	Good



	Whole Period

(1 January 1965–31 December 2014)
	25.47
	23.82
	0.80
	0.45
	6.47
	0.84
	Good










 





Table 3. Interdecadal variation in future runoff from the Weigan River.
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Time Period

	
SSP1–2.6

	
SSP2–4.5

	
SSP3–7.0

	
SSP5–8.5




	
Runoff/m3·s−1

	
Rate/%

	
Runoff/m3·s−1

	
Rate/%

	
Runoff/m3·s−1

	
Rate/%

	
Runoff/m3·s−1

	
Rate/%






	
1965–2014

	
80.63

	
-

	
80.63

	
-

	
80.63

	
-

	
80.63

	
-




	
2021–2030

	
81.92

	
1.61%

	
80.73

	
0.12%

	
83.25

	
3.26%

	
81.03

	
0.50%




	
2031–2040

	
84.58

	
4.90%

	
86.48

	
7.26%

	
86.65

	
7.48%

	
90.69

	
12.48%




	
2041–2050

	
87.98

	
9.12%

	
89.83

	
11.42%

	
92.52

	
14.75%

	
99.44

	
23.34%
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