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Abstract

:

Attributing runoff change to different drivers is vital in order to better understand how and why runoff varies, and to further support decision makers on water resources planning and management. Most previous works attributed runoff change in the arid or semi-arid areas to climate variability and human activity on an annual scale. However, attribution results may differ greatly according to different climatic zones, decades, temporal scales, and different contributors. This study aims to quantitatively attribute runoff change in a humid subtropical basin (the Qingliu River basin, East China) to climate variability, land-use change, and human activity on multiple scales over different periods by using the Soil and Water Assessment Tool (SWAT) model. The results show that runoff increased during 1960–2012 with an abrupt change occurring in 1984. Annual runoff in the post-change period (1985–2012) increased by 16.05% (38.05 mm) relative to the pre-change period (1960–1984), most of which occurred in the winter and early spring (March). On the annual scale, climate variability, human activity, and land-use change (mainly for forest cover decrease) contributed 95.36%, 4.64%, and 12.23% to runoff increase during 1985–2012, respectively. On the seasonal scale, human activity dominated runoff change (accounting for 72.11%) in the dry season during 1985–2012, while climate variability contributed the most to runoff change in the wet season. On the monthly scale, human activity was the dominant contributor to runoff variation in all of the months except for January, May, July, and August during 1985–2012. Impacts of climate variability and human activity on runoff during 2001–2012 both became stronger than those during 1985–2000, but counteracted each other. The findings should help understandings of runoff behavior in the Qingliu River and provide scientific support for local water resources management.






Keywords:


climate variability; land-use change; human activities; SWAT












1. Introduction


Runoff is a key quantitative indicator for water resources availability and river regimes. Its variation may affect water-use patterns (in different sectors such as agriculture, domestic, and industry) and water resources management. Climate variability and human activity are suggested to be two primary driving factors for runoff variation [1]. Climate variability may alter runoff by changing the spatiotemporal distributions of temperature, evaporation, and precipitation [2]. Human activity includes land-use change, water withdraw, and hydraulic engineering operation, which exert impacts on runoff by changing the underlying properties and the runoff generation mechanisms of the basin [3]. Attributing the runoff change to different driving factors could help better understand how and why runoff varies, and could further support decision makers with water resources planning and management.



Numerous methods have been proposed for runoff attribution analysis, which can be broadly classified into three categories: diagrammatizing methods (i.e., Budyko curves [4], Tomer–Schilling framework [5], modified double-mass curves [6,7]), numerical calculation-based methods (e.g., elasticity [8], sensitivity [9]), hydrologic models [3,10], and field data-based methods [11]. Different methods have both advantages and shortcomings. Specifically, the field data-based method is often limited by the availability of long-term observations of paired experimental catchments. The diagrammatizing methods are easy for intuitive understanding, but the introduced parameters for actual evaporation estimation are difficult to be quantified [2]. Numerical calculation-based methods, particularly for hydrological model-based approaches, have been widely adopted in runoff attribution studies due to their consideration of basin hydrological processes. Among the diverse hydrological models, the Soil and Water Assessment Tool (SWAT) has demonstrated its effectiveness. For instance, Marhaento et al. [12] and Anand et al. [13] investigated the impact of land-use change on water balance using the SWAT model. Zuo et al. [14] assessed the effects of land-use and climate changes on runoff on the Loess Plateau of China by using the SWAT model.



There also have been extensive studies that separate the impacts of climate variability and human activity (including urbanization, deforestation) on runoff change across world [1,7,15]. Montenegro and Ragab [16] separated the contributions of climate and land-use changes in Northeast Brazil. Poelmans et al. [17] attributed runoff variation to climate change and human activity in central Belgium. Zhao et al. [18] estimated the effects of vegetation and climate changes on runoff in the paired catchments in Australia, New Zealand, and South Africa. Zhang et al. [19] investigated the attribution of runoff changes for 107 catchments in central and northern China. However, most existing studies more focus on runoff change in the arid and semi-arid areas, which are more likely to face water scarcity.



Nevertheless, rivers in the humid and semi-humid climate regions also suffer frequent and intensive flood and drought events, which result in huge losses in the riverine communities. For example, in the 1998 flood disaster in the Yangtze River, 223 million people were affected, 3004 people died, 15 million became homeless, and 15 million farmers lost their crops. By the end of August 1998, the direct economic damage was estimated at over USD $20 billion [20]. In addition, the effects of climate and human activity on runoff may vary greatly depending on the different geographic locations, climatic zones, decades, temporal scales, and different contributors considered [21,22]. Furthermore, different kinds of human activities exert different impacts on runoff. Land-use change, as one common and key type of human activity, and its impact on runoff is supposed to be quantified separately from that of the whole human activities. Therefore, it would be of great importance to comprehensively study the effects of climate variability, land-use change, and human activity on runoff variation at multiple scales in the river located in the humid and semi-humid areas.



In China, among seven major rivers, five large rivers (Yellow River [10,23], Haihe River [2,24], Huaihe River [25,26], Liao River [21], and Songhua River [27,28]) are situated in arid and semi-arid northern China, and have been widely investigated. In contrast, attribution for runoff change in the humid and semi-humid climate zone is insufficiently studied [29]. More recently, Shen et al. [21] evaluated runoff variation and its causes within the Budyko framework across 224 catchments in China, including the humid climate regions. Zhai and Tao [3] studied the contributions of climate change and human activities to runoff change in seven typical catchments in China by using the hydrological model. However, separating contributions of land-use change from human activity and runoff attribution on multiple temporal scales still needs to be further studied.



In this study, the authors aim to quantitatively assess the contributions of climate variability, land-use change, and human activity to runoff change in the Qingliu River on multiple (monthly, seasonal, annual) scales over different periods (1985–2012, 1985–2000, and 2001–2012) by using a SWAT model. The objectives are to answer the following questions: (1) What changes have occurred in the runoff of the forest-dominated Qingliu River basin? (2) What are the dominant driving factors behind runoff change in the Qingliu River: climate variability, human activity, or land-use/cover change? (3) Will the dominant driving factor differ according to the different temporal scales and change over different periods?




2. Study Area and Data Acquisition


2.1. Study Area


The Qingliu River, a secondary order tributary of the lower Yangtze River, originates from the Huangfu and Mopan mountains, and flows southeast through Chuzhou city with a length of 84 km. The Qingliu River basin (36°21′–37°19′ N, 108°38′–110°29′ E; Figure 1) covers a drainage area of 1070 km2. The basin was dominated by evergreen broad-leaved forest, but has experienced climate variability, forest-cover change, and dam constructions in recent years [30,31,32]. The mean altitude of the basin is 77 m, and the mean slope of river channel is 1.23‰ [33]. The study area belongs to a humid subtropical climate zone that is hot and rainy in summer while mild and dry in winter. The mean annual temperature ranges from 11.1 °C to 17.2 °C, and the mean annual precipitation was about 1053 mm between 1960 and 2012 [34]. Seven rain gauges and one hydrological station were set up in the study area. The Shaheji reservoir and the Chengxi reservoir started operations since 1962 and 1965 with storage of 52.1 million m3 and 44 million m3, respectively [31].



Chuzhou city experienced rapid socio-economic development between 1960 and 2012. Specifically, statistical data indicate that the total population in Chuzhou has increased from 2.12 million in 1964 to 3.44 million in 1984 and 4.52 million in 2012 [35]. The mean annual growth rates of the population over the periods of 1964–1984, 1984–2000, and 2000–2012 were 24.40‰, 13.36‰, and 5.17‰, respectively. The gross domestic product (GDP) has grown from 2.45 billion CNY (China Yuan) in 1978 to 97.07 billion CNY in 2012. The structure of the primary, secondary, and tertiary industries has changed from 70.51:15.42:14.07 in 1974 to 19.8:52.3:27.9 in 2012 [35]. With the development of society and the economy, land use also has undergone changes, mainly transferring from forest and farmland to residential areas [32,36].



The basin also undergone extreme hydro-meteorological events such as floods in 1991, 2003, and 2008, and droughts in 1967–1969 and 2017. According to the hydrological record [33], the flood event from 2003 caused the flooding of an area of 2680 km2, and an economic loss of USD $0.65 billion. Besides, 2.43 million people in 163 counties were affected, 79,000 houses collapsed, 139 embankments were destroyed, and the Beijing–Shanghai railway was interrupted twice.




2.2. Data Acquisition


Climatic data of daily precipitation, temperature, wind speed, pan evaporation, and solar radiation from 1960–2012 were collected by the China Meteorological Data Service Center (http://data.cma.cn). Monthly runoff data of the Chuzhou hydrometric station were provided by the Anhui Hydrology Bureau (http://www.ahsl.gov.cn). The digital elevation data (DEM) data with a spatial resolution of 30 m were obtained from the Geospatial Data Cloud (http://www.gscloud.cn). Land-use maps from 1981 and 2010 were interpreted from Landsat imagery downloaded from the United States Geological Survey (USGS) (https://www.usgs.gov). Here, the land-use classification results in 1981 and 2010 were used to represent land-use status in the baseline period and the disturbed period, respectively. Soil type data were collected from the Harmonized World Soil Database (HWSD) (https://daac.ornl.gov/SOILS/guides/HWSD.html). Necessary soil attributes (e.g., soil depth, soil texture, and soil grain composition) were extracted from the Soil Topography of China. Sectional attributes were calculated in the Soil–Plant–Atmosphere–Water Model (SPAW) according to organic matter, soil texture, organic matter, and gravel content.





3. Methodology


3.1. Mann–Kendall Test for Trend Analysis


The non-parametric rank-based Mann–Kendall test [37], which has been recommended by the World Meteorological Organization to identify trends in the hydrological and meteorological time series [14], has been adopted for the purpose of this study. In the Mann–Kendall test, there is a null hypothesis (H0) that no trend exists in the data. For a data series x = {x1, x2, …, xn} in which n > 10, the standard normal statistic Z is estimated by following Equations (1) to (4)):


Z={S−1var(S)   S>00           S=0 S+1var(S)    S<0



(1)






S=∑i=1n−1∑j=i+1nsgn(xj−xi)



(2)






var(S)=n(n−1)(2n+5)18



(3)






sgn(xj−xi)={+1   xj−xi>00    xj−xi=0−1   xj−xi<0



(4)




where n is the number of the data points. Given a certain level of confidence (α), the null hypothesis of no trend is rejected if |Z|≥Z1−α2. When the significance levels are set at 0.01, 0.05, and 0.1, the values of |Z1−α2| are 2.58, 1.96, and 1.65, respectively. A positive value of Z denotes an increasing trend, and the opposite corresponds to a decreasing one.




3.2. Mann–Kendall Method for Change Detection


A number of parametric and non-parametric methods have been widely used for abrupt change detection in time series [38]. Most parametric methods (e.g., the moving t-test technique [14] and Yamamoto method [39]) assume that the data series are independent and normally distributed. However, unknown probability distribution is frequently encountered in hydrological and meteorological records. Therefore, in this study, the authors selected the non-parametric Mann–Kendall method to detect the abrupt change point of the runoff series.



The Mann–Kendall method is based on the Mann–Kendall test (see Section 3.1) statistic, but it is calculated for sub-sets of the series. For the time series xi (1 ≤ i ≤ k), the numbers ai of elements xj preceding it (j ≤ i) have been calculated (Equations (5) and (6)). Under the null hypothesis (i.e., no trend assumed), the rank series Sk is normally distributed with mean and variance being E(Sk) (Equation (7)) and Var(Sk) (Equation (8)), respectively. Let UFk be the standard normal distribution (Equation (9)).


Sk=∑i=1kai(k=2, 3, 4,…,n)



(5)






ai={1 Xi≥Xj0 Xi<Xj ;1≤j≤i



(6)






E(Sk)=k(k+1)4



(7)






Var(Sk)=k(k−1)(2k+5)/72



(8)






UFk=[Sk−E(Sk)]Var(Sk) (k=1,2,…,n)



(9)







For a specific level of significance α, if UFk is greater than Uα/2 then the sequence has a significant increasing or descending trend. UBk is the opposite of UFk; namely, UBk = −UFk and k = n + 1 − k (k = 1, 2, …, n). The intersection of the forward trend (UFk) and backward trend lines (UBk) within the confidence interval indicates an abrupt change point in the runoff series.




3.3. SWAT Model Construction, Calibration, and Validation


The SWAT model construction, calibration, and validation were all implemented via a visual user interface in the ArcSWAT version 2012. Firstly, the stream network was generated from the DEM of the Qingliu River catchment. A total of 23 sub-basins and 109 hydrological response units (HRU) were further created based on the land-use, soil, and slope layers. Afterwards, according to the abrupt change point (1984) of runoff, the entire study period was divided into two phases: the baseline period (natural phase, 1960–1984) without significant human activities, and the disturbed period (1985–2012) associated with intensive human activities. Considering the availability of clear Landsat imagery before 1984, the authors used a land-use map from 1981 to represent the land-use conditions over the baseline period. Regarding the land-use status over the disturbed period, the authors selected a land-use map in the almost middle year (2000) to represent. Subsequently, the SWAT model was calibrated over the period 1960–1971 and validated over the years 1972–1984 with the first three years (1957–1959) as the warm-up period. The partial parameters of the SWAT model that were determined in this study are listed in Table 1. CN2, ESCO, and GWQMN are the most sensitive parameters for runoff simulation. The SWAT model is configured to output monthly runoff.



To assess the performance of the SWAT model, the Nash–Sutcliffe coefficient (NSE) and the relative error (RE) were selected as evaluation indicators. The calculation formulas (Equations (10) and (11)) of NSE and RE are as follows.


NSE=1−∑i=1n(Qobs(i)−Qsim(i))2∑i=1n(Qobs(i)−Q¯obs)2



(10)






RE=Q¯sim−Q¯obsQ¯obs×100%



(11)




where Qobs(i) is the observed runoff at time step i, Qsim(i) is the simulated runoff at time step i, Q¯obs is the mean value of the observed runoff, Q¯sim is the mean value of the simulated runoff, and n is the number of the data sequence.




3.4. Attribution Analysis


Based on the calibrated SWAT model, the authors run the SWAT model to simulate runoff under three different scenarios. Specifically, Scenario 1 (S1) takes climatic data during 1960–1984 and the land-use map for 1981. Scenario 2 (S2) uses climatic data during 1989–2012 and the land-use map for 1981. Scenario 3 (S3) is based on climatic data during 1960–1984 and the land-use map for 2000.



Comparing S1 and S2 with each other, the only difference is their climatic inputs. Thereby, the simulated runoff under Scenario 2 can be regarded as the naturalized runoff in the disturbed period, and its difference from the simulated runoff under S1 in the baseline period is primarily caused by climate variability. In contrast to Scenario 1, the only discrepancy in Scenario 3 is the input of land-use data. Hence, the difference of runoff simulation between Scenario 3 and Scenario 1 is induced by land-use change.



Finally, runoff variations caused by climate variability, land-use change, and human activity are quantified (as shown in Equations (12)–(15)), and their relative contributions to runoff changes relative to the baseline period are formulated (as written in Equations (16)–(18)) as follows:


ΔQTotal=Qobs,d−Qobs,b



(12)






ΔQClimate=QS2−QS1 



(13)






ΔQHaman activity=ΔQTotal−ΔQClimate



(14)






ΔQLand use=QS3−QS1



(15)






CClimate=ΔQClimateΔQTotal×100%



(16)






CHuman activity=ΔQHuman activity ΔQTotal×100%



(17)






CLand use=ΔQLand useΔQTotal×100%



(18)




where ΔQTotal is the total change of runoff; Qobs,b and Qobs,d represent the mean observed runoff over the baseline period and the disturbed period, respectively; QS1, QS2, and QS3 are the mean simulated runoff under three different scenarios; ΔQClimate, ΔQLand use and ΔQHuman activity mean the runoff change induced by climate variability, land-use change and human activity, respectively; Page: 7 and CClimate, CLand use, and CHuman activity indicate the contributions in percentage of climate variability, land-use change, and human activity to runoff change, respectively.





4. Results and Discussion


4.1. Change Trend of Hydro-Meteorological Variables


The trends of precipitation, temperature, pan evaporation, wind speed, solar radiation, and runoff depth over the period of 1960–2012 for the Qingliu River basin have been analyzed by using the simple linear regression method and the Mann–Kendall test method. Figure 2 illustrates the inter-annual change of these hydro-meteorological variables, and Table 2 shows the statistical information of the trend analysis on the annual and seasonal scales.



The results indicate that the mean annual runoff increased insignificantly, while the winter runoff increased significantly with a magnitude of 0.37 mm/year (Figure 2a). The mean annual temperature shows an upward trend during 1960–2012 with a rate of 0.02 °C/year (p < 0.01, Figure 2b). All of the seasonal temperatures increased significantly (p < 0.01) except for the summer temperature. In contrast, the average annual pan evaporation declined significantly with a magnitude of 2.01 mm/year (p < 0.01, Figure 2b). It infers that there exists an evaporation paradox, which has been widely observed across China [40,41]. The phenomenon of the evaporation paradox can be attributed to the significant decrease of solar radiation and wind speed (Figure 2c) in the study area. The findings are consistent with the results published by Han et al. [41,42].



The mean annual precipitation exhibited a weak increase trend (1.68 mm/year, p > 0.05) during 1960–2012, which was associated with insignificant decrease in spring and autumn, and a significant increase in winter (1.19 mm/year, p < 0.01) (Table 2). Correspondingly, it can be noted that the number of rainy days has decreased in the spring (p < 0.05) and autumn (p < 0.05), and increased in winter (p < 0.01). The annual maximum daily precipitation indicated an increasing trend (p = 0.018) over the study period. Similar trends can also be identified in the summer maximum daily precipitation and winter maximum daily precipitation. The number of days with daily precipitation over 25 mm increased significantly in winter. The results imply that: (1) the winter became wetter and warmer, while the spring and autumn became drier and warmer; (2) the maximum daily precipitation intensity on the annual, summer, and winter scales all tended to be higher; and (3) precipitation in winter became more intensive.




4.2. Abrupt Change Detection of Runoff Series


Based on the Mann–Kendall method, an abrupt change of runoff in the Qingliu River basin was detected in 1984 (as shown in Figure 3). The UF value for each year indicates the trend from the starting year (1960) to that specific year. In addition, Figure 4 presents the double-mass curve of the accumulated runoff depth and precipitation. It can be observed that since 1988, the curve started to deviate from the original regression line, which implies that human activities had more intensive impacts on runoff.



Furthermore, since 1984, the population has increased rapidly, with a mean annual growth rate of 13.36% during 1984–2000. Due to the reform of the economic system during 1978–1984, agriculture and partial industry have developed dramatically since 1984 [43]. Compared with the GDP in 1978 being 4.2 times that in 1949, the GDP in 1986 doubled from 1980, indicating a more rapid development [43]. With the growths of the population, agriculture, and industry, transportation and urbanization have developed, and water withdrawals have increased accordingly [43]. The Chengxi reservoir provided irrigation for an area of 70 km2 during 1960–1980, and was mainly used for domestic and industrial water supply since the mid-1980s.



According to the results of the Mann–Kendall method and the double-mass curve as well as the socio-economic development, we selected 1984 as the abrupt change point of the runoff series, and divided the study period into the baseline period (1960–1984) and the disturbed period (1985–2012).



To investigate the variations of hydro-meteorological data before and after the abrupt change point, comparisons were made on the mean annual level and inner-annual level, respectively (illustrated in Table 3 and Figure 5, correspondingly). Table 3 indicates that during 1985–2012, the temperature rose by 0.67 °C, while precipitation, pan evaporation, and runoff changed by 4.65%, −6.67%, and 16.05% relative to 1960–1984, respectively. However, the variations were uneven over the year (Figure 5).



In general, the variations in winter and early spring were much higher than those between April and November. The larger the change magnitudes of precipitation and pan evaporation, the large change in the runoff. Runoff increases were often associated with an increase of precipitation and decline of pan evaporation. Specifically, the temperature rose in all the months except for August, ranging from −0.28 °C to 1.39 °C, with the highest rise occurring in February. The mean precipitation increased by 12.27%, with the largest increase (54.61%) in January and the largest reduction (−25.67%) in September. Pan evaporation declined in all months except for April, May, and September, with the highest decrease (−17.89%) occurring in January. As an integrated result, runoff increased in most months (especially for January, February, March, and December), ranging from 0.69% to 301.20%. Runoff increased the most in January, which is consistent with the change features of precipitation and pan evaporation. The largest decrease (−9.73%) of runoff occurred in June. The variations in April, May, and June imply that there should be some other factors affecting runoff.




4.3. Land-Use Change for the Qingliu River Basin


Based on the Landsat imagery and random forest classifier, land use was classified into five categories, namely forest, farmland, residential area, water body, and barren land. Figure 6 shows the land-use classification results for 1981 and 2000, respectively. It can be observed that the forest dominates land use in the study area, and the residential area has expanded between 1981 and 2000. Table 4 displays the transmission matrix for land-use changes from 1981 to 2000. The results indicate that in total, 10.35% of the study area (110.79 km2) experienced land-use changes, which mainly refer to transmission among the forest, farmland, and residential area. Specifically, the residential area expanded from 52.40 km2 in 1981 to 73.64 km2 in 2000, increasing by 40.53% relative to 1981. However, the total increase of residential area (21.24 km2) only accounts for 1.99% of the whole research area. The forest decreased by 57.44 km2, while the farmland increased by 41.59 km2, accounting for 5.37% and 3.89% of the study region, respectively.




4.4. SWAT Model Calibration and Validation for Monthly Runoff Simulation


Taking the detected abrupt change in 1984 as a break point, the whole study period was divided into the baseline period (1960–1984) and the disturbed period (1985–2012). The SWAT model was calibrated and validated over the baseline period. Specifically, data during 1960–1971 were used for model calibration, while data during 1972–1984 were applied for model validation.



Figure 7 illustrates the simulated and observed monthly runoff between 1960 and 1984. The performance evaluation of the SWAT model is listed in Table 5. It indicates that on the monthly scale, the Nash–Shutcliffe efficiency (NSE) were 0.76 and 0.81 for the calibration and validation periods, respectively. The relative error values imply that the monthly runoff was underestimated in the calibration period, and overestimated in the validation period.



Over the validated period (1972–1984), in contrast to performance of the monthly runoff simulation, the SWAT model performed better on the annual runoff simulation (NSE = 0.83) and runoff simulation in the wet season (NSE = 0.87). The relative error of runoff simulation in the dry season (11.57%) was higher than that in wet season (−3.30%), which might be because the Qingliu River almost dried up in dry seasons between 1976 and 1980, but the SWAT model overestimated the runoff.




4.5. Attribution Analysis of Runoff Change for the Qingliu River Basin


Based on the runoff observations and runoff simulations derived from the SWAT model under three scenarios (S1, S2, and S3), the contributions of individual factors (climate variability, land-use change, and human activity) to runoff change in the Qingliu River were quantified at multiple scales (annual, seasonal, and monthly) over three periods (1985–2012, 1985–2000, and 2001–2012). Specially, the attribution to land-use change was only analyzed on the annual and seasonal scales over the whole disturbed period (1985–2012). One reason is that the computation of land use-induced runoff change (i.e., the discrepancies between runoff simulations under Scenario 3 and Scenario 1) requires the comparison period having the same length as the baseline period. Furthermore, land-use change is mostly characterized by annual and seasonal scale changes instead of at a monthly scale.



Table 6 presents the attribution analysis results for the Qingliu River on the annual scale. It indicates that annual runoff during 1985–2012 increased by 38.05 mm in total relative to 1960–1984. Climate variability, land-use change, and human activity contribute 95.36%, 4.64%, and 12.26% to the total change of runoff, respectively. The results imply that climate variability dominates runoff variation in the Qingliu River on the annual scale. Land-use changes (mainly for deforestation and urbanization) resulted in a runoff increase, which may be derived from the reduction of evaporation and interception, and the increase of impermeable area. Compared with land-use change, human activity showed a smaller contribution to runoff change. It infers that some other human activities caused runoff decrease such as water withdraw by irrigation due to the increase of farmland from 1981 to 2000 (41.59 km2).



It is worth noting that runoff change and its attribution vary over different periods. For instance, the total increase of runoff during 1985–2000 (42.81 mm) was larger than that during 2001–2012 (31.70 mm). Over the periods of 1985–2000 and 2001–2012, climate variability and human activity accounted for 58.64% and 41.36%, and 161.49% and −61.49% of runoff change, respectively. The results imply that human activity after 2000 has become more intensive, and runoff subsequently decreased. It may partially due to more water withdrawals for different sectors to support the socio-economic development.



Here, considering the property of precipitation distribution, we divided the whole year into the wet season (from May to September) and the dry season (from January to April, and from October to December). Table 7 displays the results of attribution for runoff change in the Qingliu River on a seasonal scale during 1985–2012. The results indicate the total change of runoff in the wet season over the whole disturbed period increased by 6.26 mm relative to the baseline period. However, the runoff increased by 27.42 mm, which was induced by climate variability, and declined by 21.15 mm, which was induced by human activity, respectively. The finding implies that in the wet season, climate variability and human activity both have a major impact on the runoff, and their influences counteract with each other. In contrast, the total change of runoff in the dry season was 31.78 mm, accounting for 61.12% of that in the baseline period. The contributions of climate variability, land-use change, and human activity account for 27.89%, 0.18%, and 72.11% of runoff change in the dry season, respectively. It indicates that human activity is the primary contributor to runoff increase in the dry season, which might be because of the operations of reservoirs in the basin. However, due to the relative error of runoff simulation (−3.30% for the wet season, 11.57% for the dry season), uncertainties are associated with the attribution analysis results on the seasonal scale especially for the dry season.



Furthermore, Figure 8 shows the contributions of different drivers to runoff change in the dry season and the wet season over three periods (1985–2012, 1985–2000, and 2001–2012). Similar to 1985–2012, during the two sub-periods, human activity dominated runoff change in the dry season, while climate variability dominated runoff change in the wet season. In the dry season, both climate variability and human activity increased runoff. The impact of climate variability on runoff during 1985–2000 (10.36%) became weaker than that during 2001–2012 (35.80%), while the impact of human activity exhibited an opposite trend. Regarding the wet season, climate variability increased runoff, while human activity decreased runoff, and their effects became stronger during 2001–2012 compared with the period of 1985–2000. The impact of land use on runoff in the wet season was much higher than that in the dry season.



Runoff change and its attribution in individual months for the Qingliu River are illustrated in Figure 9. The results show that the impacts of driving factors (i.e., climate variability and human activity) differ across different months and over different periods. During 1985–2012, the largest total change (14.30 mm) appeared in March. The highest changes caused by climate variability and human activity both occurred in August, where runoff increased by 19.64 mm due to climate variability and decreased by 14.37 mm due to human activity. Human activity dominated runoff change in all months except January, May, July, and August, most of which belong to the wet season.



In contrast, during 1985–2000, the largest total change was 18.50 mm in March. Climate variability caused the largest increase in runoff in June (12.29 mm), while human activity mostly increased runoff in March. Over the period of 2001–2012, the largest changes induced by climate and human activity appeared in August as well, but with greater magnitudes. Compared with 1985–2000, human activity had a more intensive impact on runoff decline during 2001–2012.



In combination with Table 8, it can be noted that the largest total change of runoff and the largest runoff change induced by climate are highly related with the magnitude of precipitation change. For all three periods, the largest increase of runoff induced by human activity occurred in March, and the largest decrease of runoff induced by human activity occurred in August. The reason behind it might be related to reservoir operations, which also reflects the roles that human beings play in water resources management.



Comparing the findings on three different scales, people may find that attribution on finer (seasonal and monthly) scales would reveal more detailed information for runoff attribution analysis, which might be weakened or offset on a coarser (annual) scale. Investigating runoff change and its causes over different time periods can also benefit attribution analysis. It can deliver how the dominant drivers change along with time. Therefore, attributing runoff change to different driving forces on multiple scales over different periods would provide more detailed support for decision and policy makers on adaptive water resources management, sustainable utilization, and planning.



A previous study on runoff attribution in humid and semi-humid regions in southern China indicated that climate change dominated runoff change and contributed to runoff increase [21]. In this study, findings on the annual scale are consistent with the results in the previous work. Zhai et al. [3] reported that in the 2000s, climate variability contributed to runoff decrease, and human activity contributed more to runoff change than in the 1990s, and dominated runoff change in the Xixian basin and Changle basin. In this study, human activity during 2001–2012 exerted more impact on runoff change compared with that during 1985–2000, which is consistent with the findings in the literature published by Zhai et al. [3]. However, differently, we found that climate variability caused an increase in runoff and dominated runoff change in all periods.




4.6. Discussion on Uncertainty and Future Work


The attribution analysis in this study is based on comparison between the observed runoff and the simulated runoff derived from the SWAT model. Although the hydrological model performed well, there exist some differences between the simulations and the observations. Specifically, the relative errors of runoff simulations on annual and monthly scales (6.56%) were relatively lower than those in the dry season (11.57%) and higher than those in the wet season (−3.30%). Correspondingly, uncertainties are associated in the attribution results of runoff change and differ from different temporal scales. Briefly, attribution results of runoff variation in the wet season and on monthly and annual scales have lower uncertainty than those in the dry season. However, the conclusions drawn regarding the contributions trends of different driving factors (climate variability, land-use change, and human activity) to runoff change are sound.



In this study, the impact of land-use change on run variation was quantified separately from that of human activity. However, other human activities such as reservoir operations and water withdrawals were not analyzed separately due to the lack of detailed data. Nevertheless, different kinds of human activities may exert different impacts on runoff. Therefore, separation of the impacts of different kinds of human activities on runoff variation can be further investigated in the future.



It has been well-documented that climate variability and human activities are two main contributors to runoff changes. In this study, similar to many previous studies, the authors have assumed that the impacts of climate variability and human activities are independent. In reality, climate and human activities interact with each other, and it is difficult to separate their impacts on runoff. Therefore, more detailed assessments could be made on how to integrate the relationships among different driving factors into an attribution analysis of runoff change in future work.



Based on the Mann–Kendall test method, double-mass curve, and the facts of socio-economic development, the study period was divided into the baseline period and the disturbed period (which was further divided into two sub-periods), and the authors assumed that there was no human intervention in the baseline period. However, human activity existed over the whole period and exerted different magnitudes of impacts on runoff over different periods. Therefore, more dynamic attribution that considers changing attribution should be recommended in the future.





5. Conclusions


The mean annual runoff in the Qingliu River increased during 1960–2012 and changed abruptly in 1984. Relative to 1960–1984, the temperature rose by 0.67 °C; summer and winter got wetter and warmer, while spring and autumn became drier and warmer between 1985 and 2012. On the annual scale, climate variability, human activity, and land-use change contributed 95.36%, 4.64%, and 12.23% to runoff increase during 1985–2012, respectively. Impacts of climate variability and human activity on runoff during 2001–2012 became stronger than those during 1985–2000. On the seasonal scale, climate variability was the dominant contributor to runoff increase in the wet season, while human activity was the primary driving force to runoff increase in the dry season. Climate variability and human activity accounted for 27.89% and 72.11% of runoff change in the dry season during 1985–2012. Land-use change had more impact on runoff in the wet season than in the dry season. Compared with 1985–2000, the contribution of climate variability to runoff change decreased in the dry season and increased in the wet season, while the contribution of human activity increased over the year during 2001–2012. On the monthly scale, human activity was the dominant contributor to runoff change in all of the months except for January, May, July, and August. It can be concluded that the dominant driver of runoff change differs on different temporal scales and varies over different periods. The results on different scales imply that attribution analysis on finer (seasonal and monthly) scales would reveal more detailed information, which might be weakened or offset on a coarser (annual) scale. Uncertainties are associated with the attribution results of runoff change, especially for those in the dry season. The findings provide better understanding of runoff behavior in the Qingliu River and provide scientific support for decision and policy makers on local water resources management.
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Figure 1. Location of the Qingliu River basin, East China. 
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Figure 2. The inter-annual change of hydro-meteorological variables ((a) precipitation, maximum daily precipitation, and runoff depth; (b) temperature and pan evaporation; and (c) wind speed and solar radiation) between 1960 and 2012 for the Qingliu River basin. 
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Figure 3. Change detection of runoff during 1960–2012 for the Qingliu River basin, China. UF and UB present the forward trend and backward trend line of the runoff series. UF >0 and UF <0 indicate the increasing trend and decreasing trend, respectively. 
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Figure 4. Double-mass curve of the accumulated annual runoff depth and the accumulated annual precipitation. 
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Figure 5. Intra-annual variations of meteorological variables during the disturbed period (1985–2012) relative to the baseline period (1960–1984) for the Qingliu River basin, East China. 
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Figure 6. Land-use classification results in 1981 (a) and 2000 (b) for the Qinliu River basin, East China. 
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Figure 7. Comparison of the observed and simulated runoff in the Qingliu River for the calibration (1960–1971) and validation (1972–1984) periods (a), and the scatter plot of the observed versus simulated runoff (b). Jan means January. 
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Figure 8. Contributions of climate variability, human activity, and land-use change to runoff variation on the seasonal scale over three different periods (1985–2012, 1985–2000, and 2001–2012) for the Qingliu River basin, East China. 
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Figure 9. Runoff change (mm) induced by climate variability and human activity on the monthly scale over three different periods (1985–2012, 1985–2000, and 2001–2012) for the Qingliu River basin, East China. J–D are the abbreviations of January to December. 
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Table 1. Ranges and final values of parameters used in the SWAT model calibration.
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	Parameter
	Parameter Description
	Range of Values
	Value Used





	CN2
	SCS curve number for Moisture Condition II
	35–98
	75



	ESCO
	Soil Evaporation Compensation Factor
	0–1
	0.142



	GWQMN
	Threshold depth of water in the shallow aquifer required for return flow to occur
	0–5000
	1.4



	GW_REVAP
	Groundwater revap coefficient
	0.02–0.2
	0.16



	ALPHA_BF
	Base flow alpha factor (days)
	0–1
	1



	SOL_AWC
	Available water capacity of the soil layer (mm/mm soil)
	0–1
	0.2



	RCHRG-DP
	Osmosis ratio in deep aquifer
	0–1
	0.28



	USLE-P
	USLE equation support practice
	0–1
	0.52



	SMTMP
	Snow melt base temperat