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Abstract: Natural hydrological processes have been changed under the combined influences of
climate change and intensive human activities in the Huangbaihe River Basin, where large-scale
phosphate mining has been taking place. Therefore, evaluating the impact of climate change and
intensive human activities on runoff variation and detecting the main driving factor leading to
the variation are important for more efficient water resource management and more sustainable
development of the regional economy. Despite numerous studies having been performed on this
topic, little research focused on the impact of mining on runoff variation. The non-parametric
Mann-Kendall (MK) trend test and accumulative anomaly methods were applied to identifying basic
trends and change points of the hydro-meteorological elements over the period from 1978 to 2016.
Then, the Soil Water and Assessment Tool (SWAT) and the Slope Changing Ratio of Accumulative
Quantity (SCRAQ) were both used to quantify the contributions of climate change and anthropogenic
activities on runoff variation. In this step, the runoff data were restored to their natural state before the
construction of Xuanmiaoguan (XMG) dam. Due to the lack of locally observed evapotranspiration
data, Global Land Evaporation Amsterdam Model and an empirical equation applied to obtain the
evapotranspiration data. The results revealed that the change points are in 1985 and 2006. Therefore,
the total period was divided into three periods, that is, the baseline period Ta (1978–1984), change
period Tb (1985–2005) and change period Tc (2006–2016). Compared with the baseline period Ta,
climate change dominates the runoff variation in the period Tb and is responsible for 60.5 and 74.4%
of runoff variation, while human activities contribute the most to runoff variation for the period Tc
(79.3 and 86.1%). Furthermore, an analysis of the underlying mechanism of underground phosphate
mining indicates that mining can affect overland flow and baseflow simultaneously. This study can
provide some information in determining the contributions of climate change and human activities in
intensive phosphate mined basins and areas lack of evapotranspiration data.
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1. Introduction

Climate change and anthropogenic activities are considered two major factors driving changes
in hydrological processes; including precipitation; evapotranspiration; infiltration and runoff [1–3].
Human activities are considered an important factor driving changes in hydrological, ecological and
geochemical processes around the world at different spatial scales and the impact of anthropogenic
activities commonly consist of direct and indirect ones [2–5]. Direct impacts include water conservancy
construction and operation [6], irrigation [7,8], underground mining activities [9] and other human
modifications; while; the indirect influences are mainly through the changes of land cover [10], such
as urbanization; industrialization; soil and water conservation and so on [11,12]. Underground
mining activities can significantly affect hydrological cycles in a region where larger-scale and
intensive underground mining activities exited. Since underground mining could alter the interactions
between overland flow and groundwater; and the groundwater flow regime [13], such as quantity of
groundwater resources (discharge and recharge) and groundwater level. Thus; an understanding of
how underground mining affects the flow regime is critically needed to implement regional water
resources conservation. As the main component of hydrological variables; runoff undergoes variation
that is put down to the combined effects of direct human interactions; climate change and land use/cover
change [8,10,14].

In recent years, quantifying the impacts of human interactions and climate change on variation
of runoff has attracted widespread attention in hydrologic and climatic studies [6,12,15]. Previous
research has indicated that anthropogenic activities and climate change have changed the water cycle in
many catchments globally [16,17]. A number of approaches have been applied to evaluate the impacts
of climate change and human interactions on runoff changes [14,18,19]. To analyze the individual
impact of the two drivers in runoff, it is most important to identify the abrupt change point (time)
of these influences. Consequently, there are enormous literatures focusing on the changes in runoff

in different rivers throughout the world, which tries to identify the timing characteristics of these
abrupt changes and then ascertain the influences of climate change and human interactions [20–22].
The hydrological modeling method and quantitative assessment method are the main approaches for
determine the contributions of the two factors at basin scale [18].

In this study, the methods of Slope Changing Ratio of Accumulative Quantity (SCRAQ) [23]
and SWAT model [10] were applied to investigate the individual influence of climate change and
human interactions. SCRAQ is a quantitative assessment method, which can eliminate the noise and
inter-annual fluctuations of the measured data to a great extent. The major advantage of the SWAT
model is that it explicitly considers the impact of land use/land cover change on water yield and has
been successfully applied in many catchments under a diverse range of climatic conditions across the
globe. The trends and magnitude of the trends of hydro-meteorological data series were analyzed
by using the Mann-Kendall (MK) trend test together with the Sen’s Slope method, which can show
detailed changing trends and does not require the data to be normally distributed [8,24]. Accumulative
anomaly method was used to accurately identify the change point of hydro-meteorological data series,
which can avoid the defect of double mass curve of precipitation and runoff and multi-point change
points by using the non-parametric MK detection [25].

The Huangbaihe River, a first-order tributary of the Yangtze River, is the primary drinking water
source of Yichang city. The Huangbaihe River Basin is rich in phosphate rock resources, which has
attracted multiple phosphate mine companies to build factories here. Extensive large-scale phosphate
mining activities have changed the region’s geology and water environment. Some studies reported
that the wet season runoff significantly declined after 2008, during the period from 1978 to 2014, in
the up reach of Tianfumiao (TFM) dam [26] and deduced the phosphate mining activities driving the
decline of the runoff. However, as far as we know, no study has quantified the relative contributions of
climate change and anthropogenic activities to the variation in runoff in the Huangbaihe River Basin.

Therefore, the principal purposes of this paper are: (1) to analyze the trends of annual precipitation,
evapotranspiration and runoff time series during the period of 1978–2016 using MK test method
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together with Sen’s slope detection; (2) to identify the change points via the accumulative anomaly
method and separate the whole period into the baseline period and assessment periods; and (3) to
quantitatively evaluate the impacts of anthropogenic activities and climate change on runoff variation
based on the SWAT hydrological model and the SCRAQ method in the assessment periods in the
Huangbaihe River Basin. This work would provide insights into the impact of phosphate mining
activities to runoff variation and are helpful to water resources management.

2. Materials

2.1. Introduction of the Huangbaihe River Basin

The Huangbaihe River Basin (Figure 1) is in the Hubei province; the main river channel length is
162 km and the drainage area is 1923.5 km2. In this paper, the study area is upstream of the Tianfumiao
dam, covering an area of 553.6 km2, which has experienced large-scale phosphate mining activities.
This area has the typical continental monsoon climate. The mean annual precipitation is approximately
1005.9 mm from 1978 to 2016 (Table 1), of which approximately 60% is received during wet season
(May–October). The mean annual temperature is 16.9 ◦C. There are four dams, namely, Xuanmiaoguan
(hereafter referred to as XMG), Tianfumiao (TFM), Xibeikou (XBK) and Shangjiahe (SJH), which were
constructed from upstream to downstream in 2005, 1978, 1991 and 1971, respectively.

In the Huangbaihe River Basin, abundant phosphate resources have been recognized and explored.
The proven reserves are about 1.137 billion tons. Since the last ten years, mining activities have
continuously intensified [27]. The phosphate mining areas are primarily distributed in the watershed
of the middle and upper courses of the Huangbaihe River, such as the Yuantou, Dongjia, Xicha, Lilin,
Shenlong and Shaiqi Rivers in the upper reach of TFM Reservoir.

Water 2019, 11, x FOR PEER REVIEW 3 of 19 

 

(3) to quantitatively evaluate the impacts of anthropogenic activities and climate change on runoff 
variation based on the SWAT hydrological model and the SCRAQ method in the assessment periods 
in the Huangbaihe River Basin. This work would provide insights into the impact of phosphate 
mining activities to runoff variation and are helpful to water resources management. 

2. Materials 

2.1. Introduction of the Huangbaihe River Basin 

The Huangbaihe River Basin (Figure 1) is in the Hubei province; the main river channel length 
is 162 km and the drainage area is 1923.5 km2. In this paper, the study area is upstream of the 
Tianfumiao dam, covering an area of 553.6 km2, which has experienced large-scale phosphate mining 
activities. This area has the typical continental monsoon climate. The mean annual precipitation is 
approximately 1005.9 mm from 1978 to 2016 (Table 1), of which approximately 60% is received during 
wet season (May–October). The mean annual temperature is 16.9°C. There are four dams, namely, 
Xuanmiaoguan (hereafter referred to as XMG), Tianfumiao (TFM), Xibeikou (XBK) and Shangjiahe 
(SJH), which were constructed from upstream to downstream in 2005, 1978, 1991 and 1971, 
respectively. 

In the Huangbaihe River Basin, abundant phosphate resources have been recognized and 
explored. The proven reserves are about 1.137 billion tons. Since the last ten years, mining activities 
have continuously intensified [27]. The phosphate mining areas are primarily distributed in the 
watershed of the middle and upper courses of the Huangbaihe River, such as the Yuantou, Dongjia, 
Xicha, Lilin, Shenlong and Shaiqi Rivers in the upper reach of TFM Reservoir.  

 
Figure 1. The locations of the Huangbaihe River Basin, reservoirs, weather stations and phosphate 
mining sites. 

2.2. Data 

In this paper, a digital elevation model (DEM), soil map, land use/cover type map and hydro-
meteorological time series are needed. In addition to the observed precipitation data, the other 
meteorological data were generated applying SWAT’s weather generator (WGEN). The data for 
constructing WGEN was obtained from National Centers for Atmospheric Prediction (NCEP) 
Climate Forecast System Reanalysis (CFSR). Weather stations w3231134 and w3261138 were included 
to calculate the statistical parameters of WGEN for the study basin (https://globalweather.tamu.edu/). 
The Digital Elevation Model (DEM) was obtained from Computer Network Information Center, 

Figure 1. The locations of the Huangbaihe River Basin, reservoirs, weather stations and phosphate
mining sites.

2.2. Data

In this paper, a digital elevation model (DEM), soil map, land use/cover type map and
hydro-meteorological time series are needed. In addition to the observed precipitation data, the
other meteorological data were generated applying SWAT’s weather generator (WGEN). The data
for constructing WGEN was obtained from National Centers for Atmospheric Prediction (NCEP)
Climate Forecast System Reanalysis (CFSR). Weather stations w3231134 and w3261138 were included
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to calculate the statistical parameters of WGEN for the study basin (https://globalweather.tamu.edu/).
The Digital Elevation Model (DEM) was obtained from Computer Network Information Center,
Chinese Academy of Sciences (http://www.gscloud.cn/), with a spatial resolution of 90 m, which
was applied to delineate the study basin and gain sub-basin, flow accumulation and flow direction.
Land Cover/ Land Use Data map was extracted from datasets (1:100000 scale) for 1980, 2000 and
2008 provided by Resource and Environment Data Cloud Plat From, Institute of Geographic Sciences
and Natural Resources Research of Chinese Academy of Sciences (CAS) (http://www.resdc.cn/). Soil
map (1:1000000 scale) was selected from the Harmonized World Soil Database (HWSD) version 1.1
(http://westdc.westgis.ac.cn/data/tag/key/HWSD).

The evapotranspiration data was obtained from Global Land Evaporation Amsterdam model
(GLEAM) (https://www.gleam.eu/), which was proved more accurate in China [28]. However, the data
begins from the year 1980. Therefore, the evapotranspiration of other two years (1978 and 1979) were
spanned using the correlation equation between precipitation and actual evapotranspiration.

Streamflow and precipitation time series at the TFM gauging station over a period of 39 years
(1978 to 2016) were collected from the Huangbaihe Catchment Authority. Daily precipitation data is
measured by a weather station, which is located at TFM dam site. The daily inflow data, water level
data and outlet data of the TFM and XMG reservoirs were recorded after the construction of the dams.
After the construction of the dams, the hydrological processes have been altered [29]. In this paper,
the dam construction is not included here. In order to identify the effect of climate change and direct
human interactions, a new runoff time series was calculated.

The inflows to the TFM reservoir have been altered due to the construction of the XMG reservoir.
To eliminate the influence, the inflows into the TFM reservoir are restored to the original condition
using the water balance equation. Therefore, the inflows into the TFM reservoir in their natural state
are calculated by:

QT
o = QT

in −QX
out + QX

in, (1)

where, QT
o and QT

in are the inflows at the natural condition and the observed inflows to the TFM reservoir,
respectively. QX

out and QX
in are the observed outflow from and inflow to the XMG reservoir, respectively.

3. Methods

3.1. Trend Test and Change Point Analysis

3.1.1. Trend Test

The Mann-Kendall (MK) test [30] is a non-parametric method, which does not require the data
to be normally distributed and can display the detailed trends over the study period. The method
is widely applied to detect the monotonic trend in hydro-meteorological elements, such as runoff,
precipitation, temperature and evapotranspiration [31–33]. The detailed expressions could be referred
to Burn and Elnur (2002) [34] and Tabari et al. (2015) [35]. However, the assumption of this method
is uncorrelated time series. Therefore, autocorrelation was examined using the autocorrelation and
partial autocorrelation function for hydrological data series. If there is a serial correlation in data
series, the method given by Yue et al. (2002) [36] and Hamed and Ramachandra Rao (1998) [37]
can be applied to test the monotonic trend. In this study, there are no significant autocorrelation in
hydrological elements.

The MK method is always used together with the Sen’s Slope method to estimate the magnitude
of the trend., The Sen’s Slope method is established by Sen (1968) [38] and Hirsch et al. (1982) [39] and
has been widely used in investigating the slope of the trend in many recent studies [40–42].

3.1.2. Change Points Analysis

Accumulative anomaly method is commonly applied to determine the change points of
precipitation runoff and evapotranspiration data [12,25,43]. Since the runoff generation can be

https://globalweather.tamu.edu/
http://www.gscloud.cn/
http://www.resdc.cn/
http://westdc.westgis.ac.cn/data/tag/key/HWSD
https://www.gleam.eu/
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affected by evapotranspiration and precipitation, change points for a long period of these two
hydro-meteorological components also affect the change points of streamflow data in the nature
condition. In order to be more confident to select the more reasonable change points in the annual
runoff time series, it is suggested that change points of annual precipitation and evapotranspiration
data are to be assessed simultaneously [18].

3.2. Hydrological Model Simulation Method

We used the SWAT model to evaluate the effects of climate variation and anthropogenic activities on
runoff variation. SWAT model is a watershed-scale, continuous time and semi-distributed hydrological
model, which incorporates meteorological elements, soil characteristics, land cover/use to simulate the
effects of land management practices on the hydrological processes [44]. In SWAT model, the whole
basin is divided into a certain number of sub-basins, then each sub-basin is further separated into
multiple hydrologic response units (HRUs), which is composed by homogenous soils properties, land
cover and slopes. In each HRU, the hydrological processes are calculated by the water balance method.
A detailed explanation about SWAT model are given in the SWAT theoretical documentation [45]
and http://swatmodel.tamu.edu. In this study, we used the Soil Conservation Service curve number
(SCS-CN) method to estimate surface runoff, kinematic storage routing to lateral flow, creating a
shallow aquifer to return flow, Penman-Monteith to potential evapotranspiration and variable storage
routing method to channel routing.

The sequential uncertainty fitting Version 2 (SUFI-2) algorithm [46], incorporated into SWAT
Calibration Uncertainty Procedure (SWAT-CUP) program [47], was applied for parameter sensitivity,
model calibration, validation and uncertainty analysis. The twenty-six parameters related to streamflow
simulation were conduct for parameter sensitivity applying global sensitivity method. The sensitive
parameters based on their sensitivity ranks are selected to calibrate the SWAT model.

Numerous evaluation criteria are available to determine the performance of hydrological models.
Here, the performance of the SWAT model is determined by three widely-used statistical indicators,
which are the Nash-Sutcliffe efficiency (NSE) [48], the root mean square error (RMSE)-observations
standard deviation ratio (RSR) [49] and percent bias (PBIAS) [50], respectively. The three criteria are
relative independent and have different interpretations for the differences between observations and
simulations. The NSE measures the overall goodness of fit between the observations and simulations.
The RMSE measures how concentrate the simulated data around the line of best fit and is directly
interpretable in terms of measurement units. The PBIAS measures the water balance error between the
total simulated and observed values over the entire modeling period, with the optimal value of zero.
According to the performance criteria of Moriasi et al. [51], the monthly runoff simulation could be as
satisfactory if NSE>0.5, RSR≤0.7 and PBIAS is within <±25% in the calibration and validation periods.

3.3. Evaluation of the Contribution of Climate Change and Human Activities to Runoff Variation

Both climate change and anthropogenic activities could alter the runoff in the study basin. The total
difference (4Q) between the period of before and after the change point is attributed to the impacts of
both climate change (4QC) and human activities (4QH).

∆Q = ∆QC + ∆QH = Oi −Ob, (2)

∆QH = Ri −Oi, (3)

∆QC = ∆Q− ∆QH, (4)

http://swatmodel.tamu.edu
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where, Oi and Ob denote the observed mean annual runoff for the assessment periods and the baseline
period (m3/s). Ri denotes the simulated annual runoff for the assessment periods (m3/s). Therefore, the
contribution of human activities (CH) and climate change (CC) to total variation of runoff are defined as:

CH =
|∆QH |

|∆QH |+ |∆QC|
× 100%, (5)

CC =
|∆QC|

|∆QH |+ |∆QC|
× 100%, (6)

3.4. Slope Change Ratio of Accumulative Quantity Method

The SCRAQ method developed by Wang et al. (2012) [23] was applied to calculate the contribution
rates of anthropogenic activities and climate factors on the variation of runoff. The contribution rate of
precipitation (CP, unit: %) is expressed as follows:

CP = 100× (|SPa/SPb| − 1)/(|SRa/SRb| − 1), (7)

where SRa and SRb are the linear relationship slopes between time (i.e., year) and accumulative runoff,
after and before the inflection points (mm/year); SPa and SPb are the linear relation slopes between time
(i.e., year) and accumulative precipitation, after and before the inflection point (mm/year).

The contribution ratio of the evapotranspiration (CET, unit: %) is calculated by:

CET = −100× (|SETa/SETb| − 1)/(|SRa/SRb| − 1), (8)

where SETa and SETb are the linear relation slopes between time (i.e., year) and accumulative
evapotranspiration, after and before the inflection point (mm/year).

The contribution rate of anthropogenic activities (CH, unit: %) on the runoff variation is
computed by:

CH = 100−CP −CET, (9)

There were no evapotranspiration and temperature data series in the study basin. In this study, we
have modified the method proposed by Wang et al. (2012) [43], inwhich the annual evapotranspiration
in every year was not needed, only including the mean annual evapotranspiration Therefore, the
contribution of evapotranspiration was given by:

CET = −100×
((

Ea − Eb
)
/Eb

)
/
((

Ra −Rb
)
/Rb

)
, (10)

where, Ea and Eb are the mean annual evapotranspiration after and before the inflection point (mm).
The mean annual evapotranspiration in different period can be calculated based on the

evapotranspiration (ET) model provided by Zhang et al. (2001) [52]. The evapotranspiration (ET)
model has been used in large number of basins around the word. When the annual precipitation ranges
from 500 and 1500 mm, the evapotranspiration is the same as the Budyko method. Furthermore, the
precipitation in the study basin is in the interval between 500 and 1500 mm. Therefore, in this study,
the mean annual evapotranspiration in different period was estimated as:

ET =

 f
1 + 2 1410

p

1 + 2 1410
p +

p
1410

+ (1− f )
1 + 0.5 1100

p

1 + 0.5 1100
p +

p
1100

× p, (11)

where, f is the mean fraction of forest cover (%) in baseline period and assessment periods; p is the mean
annual precipitation (mm) in corresponding period; 1410 mm is the assumption of evapotranspiration
when the forest is the main land use and plant-available water coefficient is 2.0; 1100 mm is the
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assumption of evapotranspiration when the herbaceous plants is the main land use and plant-available
water coefficient is 0.5.

4. Results

4.1. Trends Test

The annual precipitation, runoff and evapotranspiration of the upper areas of TFM dam are
shown in Figure 2. The annual runoff declines at the rate of −1.1 mm/year. The lower values of
annual runoff are in 1995 (243.2 mm) and 2001 (241.2 mm). The highest runoff occurs in 1983, which
is up to 805.7 mm. Furthermore, the remarkably continuous dry years from 1985 to 2006 are found.
The decreasing rate of annual precipitation is −0.5 mm/year between 1978 and 2016. The maximum
annual precipitation occurs in 2007, achieving 1540.4 mm and the second highest is in 1983 (1440.3 mm).
The annual evapotranspiration significantly increases at the rate of 1.96 mm/year. The maximum
annual evapotranspiration occurs in 2013, achieving 882.7 mm and the second highest is in 2002
(878.4 mm). However, compared with the corresponding annual runoff data in 2007 and 1983, the
annual runoff in 2007 (675.9 mm) is significantly smaller than that in 1983 (805.7 mm). Even though the
annual evapotranspiration in 2007 (852.0 mm) is larger than that in 1983 (807.1 mm), the increasing
rate of annual evapotranspiration (5.3%) is significantly smaller that of annual runoff (19.2%). That is
to say, the more precipitation occurs in 2007 than that in 1983 but on the contrary, less runoff produces
in 2007. The runoff coefficient (0.44) in 2007 is significantly smaller than that (0.56) in 1983. Therefore,
it implies that the runoff in 2007 is remarkably affected by other factors.
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(a) Annual runoff (b) Annual precipitation.

The decadal of mean annual precipitation, runoff and runoff coefficient are then shown in Table 1.
During the period of 1978–2009, the values of distance to mean in runoff data are consistent with
that in precipitation data, however, during the period the 2010 to 2016, the value is opposite. This
phenomenon indicates that the relationship between precipitation and runoff is weaker, in other words,
the same precipitation produces less runoff. Furthermore, the runoff coefficient (0.41) is the smallest in
this period (Table 1).

The change in trend and magnitude of annual runoff, precipitation, evapotranspiration and
runoff coefficient are listed in Table 2. The results showed that only the Z value (3.79) in annual
evapotranspiration is larger than the threshold of Z1−a/2 (i.e., Z1−a/2=±1.96 at a=5% significance level),
indicating that the increasing trend of annual evapotranspiration is significant. However, the decreasing
trend of annual runoff, precipitation and runoff coefficient are all not significant because of the Z
values of −0.44, −0.17 and −0.82 for the whole period (1978–2016), respectively. The trend magnitude
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of annual runoff coefficient is larger than that of both annual precipitation and runoff and the change
rate of annual precipitation is much weaker than that of annual runoff.

Table 1. Summaries of precipitation and runoff in different decades.

Decade 1978–1979 1980–1989 1990–1999 2000–2009 2010–2016 Mean

Precipitation (mm) 1117.7 1088.4 869.2 977 1092.8 1005.9
Distance to mean (%) 11.1 8.2 −13.6 −2.9 8.6

Runoff (mm) 479.8 487.1 434.9 453.0 440.3 458.8
Distance to mean (%) 4.6 6.2 −5.2 −1.3 −4.0

Runoff coefficient 0.43 0.44 0.49 0.47 0.41 0.46
Distance to mean (%) −5.6 3.1 7.7 4.1 −10.9

Table 2. Statistics of Mann-Kendall trend test with Sen’s slope analysis for annual runoff and
precipitation data.

Z β (mm/year) Significance level

Annual runoff −0.44 −0.005 ns
Annual precipitation −0.17 −0.003 ns

Annual evapotranspiration 3.79 0.06 y
Annual Runoff coefficient −0.82 −0.01 ns

Note: Z is the Mann-Kendall statistic; β is the trend magnitude; ns indicates the trend is not significant; y indicates
the trend is significant.

4.2. Change Point Analysis

The accumulate anomaly curve of the annual runoff data series for the whole period of 1978–2016
is displayed in Figure 3. The highest value of the accumulative anomaly curve of runoff is in 1985 and
the lowest value is in 2006 and second higher in 2010, second lower in 2013. There is a rising trend
and decreasing trend before and after 1985, respectively and there is also an upward and downward
trend before and after 2006. Furthermore, the accumulative anomaly curves of annual precipitation
and evapotranspiration are also calculated and presented in Figure 3. There are two significant change
points in 1985 and 2006 in annual precipitation data, which are the same as that of the annual runoff

data. However, there is only one change point in annual evapotranspiration data (2000). According to
the research by Dey and Mishra, (2017) [18], the change points of runoff should be in the interval of that
of precipitation and evapotranspiration. Therefore, the change points (1985 and 2006) were selected as
the final change points for the total 39 years.
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In the upper reach of TFM dam, the variation of runoff before 1985 had been majorly impacted by
the variation of precipitation, due to in this period there were few human activities. Since the year of
1985, human activities have gradually intensified and influenced the variation of runoff to some extent.
To determine the contributions of climate change and human interactions to variation of annual runoff,
the period of 1978–1984 is considered the reference period Ta, the other two change periods (i.e., Tb
(1985–2005) and Tc (2006–2016)) are treated as measurement periods.

Based on the change points of annul runoff time series, the mean annual values of runoff,
precipitation and evapotranspiration data in the three periods are listed in Table 3 and graphically
displayed in Figure 4. Due to the lack of observed evapotranspiration data, two data sources are
included in this paper. The evapotranspiration data were obtained from GLEAM, however. due to
the area of the study basin is smaller, the evapotranspiration map only includes a small percentage
of GLEAM map. The other method is that the mean annual evapotranspiration in every period was
calculated using the Equation (11). In this equation, the fraction of forest cover (f) is the most important
parameter. In this study, the mean fraction of forest cover for the baseline period Ta (1978–1984) is
obtained from the land use map in 1980 (0.886). For the change period Tb (1985–2005), mean fraction
of forest cover is calculated based on the two land use maps (1995 and 2000), which is the mean of the
values of two forest coverages. A fraction of the forest cover of the land use map 2008 is used for the
change period Tc (2006–2016), respectively. The mean fraction of forest cover in every period is listed
in Table 3 and the calculated value of mean annual evapotranspiration in every period is also shown
in Table 3.

Table 3. Summary of the annual precipitation and runoff in different periods.

Periods Mean Annual
Runoff (mm)

Mean Annual
Evapotranspiration

(mm) a

Mean Annual
Precipitation

(mm)

Mean Fraction
of Forest Cover

Evapotranspiration
(mm) b

Baseline period Ta 532.7 784.7 1186.8 0.886 919.5
Change period Tb 431.7 796.4 881.1 0.891 747.7
Change period Tc 466.8 840.5 1129.2 0.882 889.2

Note: Baseline period Ta (1978–1984); Change period Tb (1985–2005); Change period Tc (2006–2016). Mean is the
mean of precipitation, runoff and evapotranspiration data. a: The evapotranspiration data was obtained from global
land evaporation Amsterdam model (GLEAM) (https://www.gleam.eu/). b: Evapotranspiration was calculated by
using Equation (11). The mean fraction of forest cover in each period was calculated based on the land use maps in
1980, 1995, 2000 and 2008 provided by Resource and Environment Data Cloud Plat From, Institute of Geographic
Sciences and Natural Resources Research of Chinese Academy of Sciences (CAS) (http://www.resdc.cn/). The value
of mean fraction of forest cover in Tb is the mean forest cover in 1995 and 2000.
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Based on the GLEAM evapotranspiration and compared with the baseline period Ta, the mean
annual of precipitation during the change period Tb, decreases by 25.8% (1186.8 mm in Ta vs. 881.1 mm
in Tb) and evapotranspiration increases by 1.5% (784.7 mm in Ta vs. 796.4 mm in Tb), while that of
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runoff decreases by 19% (532.7 mm in Ta vs. 431.7 mm in Tb). The mean annual of precipitation during
the change period Tc reduces by 4.9% (1186.8 mm in Ta vs. 1129.2 mm in Tc) and evapotranspiration
increases by 7.1% (840.5 mm in Ta vs. 784.7 mm in Tc), whereas that of runoff reduces by 12.4%
(532.7 mm in Ta vs. 466.8 mm in Tc).

However, based on the evapotranspiration calculated by Equation (11) and compared with the
baseline period Ta, the mean annual evapotranspiration decreases by 18.7% (919.5 mm in Ta vs.
747.7 mm in Tb). The mean annual evapotranspiration reduces by 3.3% (919.5 mm in Ta vs. 889.2 mm
in Tc).

Generally speaking, it could be seen that the change rate annual runoff in change period Tc is
larger that the sum of that of precipitation and evapotranspiration, indicating human activities in this
period is intensive and might be the most important influencing factor of the decline in runoff.

Furthermore, the mean runoff coefficients are 0.45 (532.7 mm/1186.8 mm) in the reference period
Ta, 0.49 (431.7 mm /881.1 mm) in the the change period Tb and 0.41 (466.8 mm/1129.2 mm) in the change
period Tc, respectively. Therefore, the value of runoff coefficient during the period Tc is the minimum
compared with other two periods, indicating that the correlation beween precipitation and runoff is
weakest, in other words, runoff variation might be less influenced by precipitation in this period Tc.

4.3. SCRAQ Method

4.3.1. Relationships between Year and Precipitation and between Year and Runoff

The scatter distributions, fitted lines by linear regression between accumulative runoff and year,
accumulative precipitation and year and accumulative evapotranspiration and year, for the every
period (Ta: 1978–1984, Tb: 1985–2005 and Tc: 2006–2016) are graphically displayed in Figure 5. It could
be seen that the correlation coefficients of R2 values are all high for the three periods, even exceeding
0.98. At the same time, the confidence levels of P values are less than 0.0001. Therefore, correlation
of accumulative streamflow and year is good in every period. The parameters of slope extracted for
every period are also listed in Table 4.Water 2019, 11, x FOR PEER REVIEW 11 of 19 
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Table 4. Extracted slopes from the relationships between accumulative quantities and year in
different periods.

Period Baseline Period Ta
(1978–1984)

Change Period Tb
(1985–2005)

Change Period Tc
(2006–2016)

The slope between accumulative runoff and
year (SR: mm/year) 532.9 439.1 461.5

The slope between accumulative precipitation
and year (SP: mm/year) 1213.8 873.9 1118.6

The slope between accumulative
evapotranspiration and year (SET: mm/year) a 776.4 796.5 835.5

Note: a: Evapotranspiration was calculated using the GLEAM data (https://www.gleam.eu/).

4.3.2. Quantification of the Impacts of Climate Change and Human Interactions

Based on the parameters shown in Tables 3 and 4, the results of contribution rates of precipitation,
evapotranspiration and human activities to the runoff variation are listed in Table 5. It could be seen
that the impact of precipitation to the variation of runoff is positive, while that of evapotranspiration is
negative (Table 5).

Table 5. Contributions rates of climate change and anthropogenic activities to runoff variation by Slope
Change Ratio of Accumulative Quantity (SCRAQ) method.

Influencing Factor Contribution Rate to Runoff Change Based on Ta (1978–1984) (%)

Tb (1985–2005) Tc (2006–2016)

Contribution of precipitation (Cp) 159.1 58.5
Contribution of evapotranspiration (CET) a 13.9 56.7
Contribution of evapotranspiration (CET) b −98.6 −37.8

Contribution of climate change (Cp+ CET) a 173 115.2
Contribution of human activities (CH) −73 −15.2

Contribution of climate change (Cp+ CET) b 60.5 20.7
Contribution of human activities (CH) 39.5 79.3

a: Evapotranspiration was calculated using the GLEAM data (https://www.gleam.eu/); b: Evapotranspiration was
calculated by the Equation (11).

When the period Ta (1978–1984) is treated as reference period, the contributions of precipitation on
the runoff variation for the period Tb (1985–2006) and Tc (2006–2016) are 159% and 58.5%, respectively.

When the evapotranspiration data were obtained from GLEAM, the contributions on the runoff

variation for the periods Tb and Tc are 13.9% and 56.7%, respectively. Hence, the contribution of
climate variabilities (precipitation plus evapotranspiration) to runoff changes are 173% and 115.2%,
respectively. Therefore, in the change period Tb and Tc, the climate change is the main driving factor.
However, the climate change is less influenced in the change period Tc, implying the contribution of
anthropogenic activities gradually increase.

When the evapotranspiration data were calculated using the Equation (11), it can be seen that the
contribution of evapotranspiration to the runoff variation for the measurement periods Tb and Tc are
−98.6% and −37.8%, respectively. In the whole, the contributions of climate change (precipitation plus
evapotranspiration) to runoff variation are 60.5% and 20.7%, respectively. Therefore, the contribution
of anthropogenic activities to the variation in runoff are 39.5% and 79.3%, respectively.

In general, in the change period Tb, the climate change is the main driving factor, whereas, in the
change period Tc, the human activities are increasing, which can be the dominant influencing factor.

https://www.gleam.eu/
https://www.gleam.eu/);
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4.4. SWAT Model

4.4.1. Calibration and Validation of the SWAT Model

Based on the result of change points, the SWAT model was calibrated for the baseline period
of 1979–1984 and validated for the change period from 1985 to 2005. The land use map in 1980 was
used. The optimal parameters are listed in Table 6. The most sensitive parameter is SOL_BD, which
is the important parameter to characterize soil properties and is closely related to soil porosity and
spatiotemporal distribution of precipitation.

Table 6. Optimal parameters for the Soil Water and Assessment Tool (SWAT) model.

Parameter Description Sensitivity
Rank

Original
Values

Optimal
Value

r__SOL_BD.sol Moist bulk density 1 −0.5~0.5 0.22
r__CN2.mgt SCS runoff curve number 2 −0.5~0.5 −0.45

v__ESCO.hru Soil evaporation compensation factor 3 0.01~1 0.7
r__HRU_SLP.hru Average slope steepness 4 −0.5~0.5 0.69

v__ALPHA_BF.gw Baseflow alpha factor (days) 5 0~1 0.8
r__SOL_K.sol Saturated hydraulic conductivity 6 −0.5~0.5 0.53

v__RCHRG_DP.gw Deep aquifer percolation fraction 7 0~1 0.72
r__SLSUBBSN.hru Average slope length 8 −0.5~0.5 −0.4

r__SOL_Z.sol Depth from soil surface to bottom of layer 9 −0.5~0.5 −0.58
r__SOL_AWC.sol Available water capacity of the soil layer 10 −0.5~0.5 −0.16

v__GWQMN.gw Threshold depth of water in the shallow aquifer required
for return flow to occur (mm) 11 0~1000 661.51

v__CH_K2.rte Effective hydraulic conductivity in main channel alluvium 12 0~100 42.87
v__EPCO.hru Plant uptake compensation factor 13 0.01~1 0.81

v__SURLAG.bsn Surface runoff lag time 14 1~24 7.48

Note: v: initial parameter value is replaced by an active value; r: initial value is changed by multiplying (1+ a given
value) [53].

The simulation and observation of streamflow during the calibration and validation period
is presented in Figure 6. The SWAT model is performed well with the observed streamflow and
the calibrated SWAT model could predict runoff well for the validation period. However, some
overestimates are found particularly for the high flows during the year of 1981 (Figure 6). We speculate
that might because of the overestimated precipitation.
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The performance values of the SWAT model for the calibration and validation periods are
summarized in Table 7. For the calibration period, the values of NSE and R2 reach up to 0.86 and 0.88,
respectively and simultaneously RSR is lower than 0.5 but the absolute value of PBIAS is higher than
10%. Therefore, the simulation result can be regarded as “good” [51,54]. Compared with calibration
period, the performance indicators during the validation period are lower (NSE=0.74). However,
the overall performance of the SWAT model is “very good” in terms of NSE (0.78), PBIAS (−6.49%),
R2 (0.79) and RSR (0.46). Therefore, the calibrated model is suitable to simulate the natural runoff

and estimate the impacts of climate change and human interactions in the study basin. Then the
meteorological data for the change period Tc (2006–2016) are applied as inputs to predict natural
streamflow. The other input factors including basin characteristics, land use and so on are kept constant.
Based on the calibrated parameters, the impacts of anthropologic activities and climate change could
be quantitatively assessed.

Table 7. Performance values of the SWAT model for the calibration and validation periods.

Period NSE PBIAS (%) RSR R2 p-factor r-factor

Calibration period (1979−1984) 0.86 −10.75 0.38 0.88 0.84 0.78
Validation period (1985−2005) 0.74 −4.88 0.51 0.74 0.69 0.67

Overall 0.78 −6.49 0.46 0.79

4.4.2. Quantification of the Impacts of Climate Change and Human Interactions

The comparison between observed and simulated runoff based on SWAT model for the whole
period is presented in Figure 7. Compared with the runoff during the baseline period, there are obvious
difference between observed and simulated runoff in change period Tc (2006–2016), indicating that
runoff generation in this period can be influenced by intensive anthropologic activities. The individual
contribution of climate change and anthropogenic activities on runoff variation is listed in Table 8.
It can be seen that for the change period Tb, the climate change is responsible for 74.4% to runoff

variation and the percentage resulting from human activities is 25.6%. Whereas for the change period
Tc, the human activities the main driving factor, accounting for 86.1%.
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Table 8. Contribution rates of climate change and anthropogenic activities to runoff variations using
SWAT model.

Period Runoff Observation
(m3/s)

Runoff
Simulation (m3/s) CC (%) CH (%)

Baseline period Ta (1978–1984) 9.22
Change period Tb (1985–2005) 7.23 7.74 74.4 25.6
Change period Tc (2006–2016) 8.21 9.08 13.9 86.1

Note: CC and CH represent the contributions of climate change and anthropogenic activities to variation in the
runoff, respectively.

5. Discussion

5.1. The Possible Causes for the Alteration of the Influence of Human Interactions and Climate Change

The principal purpose of this paper was to investigate and quantify the contribution rate of human
interactions and climate change on runoff variation in the Huangbaihe River Basin. The results showed
that runoff variation was the consequence of combination of human interactions and climate change.
The influence of climate change gradually decreased, whereas, the influence of anthropogenic activities
exhibited a gradually increasing trend. That is to say, human activities have become the dominant
driving factor to runoff variation, along with the intensification of human activities. Climate change
dominates the runoff variation in the period 1978–2005, while human activities contributes the most to
runoff variation for the period 2006–2016.

The human activities include direct and indirect influencing factors. The indirect human activities
are mainly influenced by the land use change. The land use areas of the study basin in 1980, 1995 and
2008 are listed in Table 9. The forest is main land cover for the three land use maps. The change rate is
little (−0.41% from 1980 to 2008). The percentage of other land use types is small. Overall, the land
use change is not the main human activities to runoff variation during the study period (1978–2016).
The direct human activities mainly include dam operation and other water resource management
and so on. In this study, the dam construction is not considered and the streamflow data have been
restored to natural condition. There are only intensive large-scale phosphate mining activities in this
basin, which have affected the hydrological processes [26]. Compared with no-mining and less mining
period (Ta and Tb, namely pre-mining period: P1), the correlation between precipitation and runoff

during large scale phosphate mining activities period (Tc, post-mining period: P2) is weaker (Figure 8).
The R2 for P1 is larger than that of P2, implying that in P2, the precipitation is not the major factor
driving the variation of runoff. Therefore, runoff could be more influenced by phosphate mining
activities. Furthermore, the regression line for P2 lies below that of P1, which illustrates the fact that
with the same annual precipitation, runoff generation in P2 is smaller than that in P1, which also can
be concluded that phosphate mining activity is the main reason leading to the runoff decreasing. In the
Huangbaihe River Basin, the percentage of phosphate mining pits area is from 0.32% to 63% (mean
26%) of the areas of he investigated phosphate mining sites. Only approximately 0.5% of areas of
the phosphate mining pits are directly exposed to the outside and the others are under the ground.
During the large-scale phosphate mining and construction of the pits in the Huangbaihe River Basin,
trinitrotoluene (TNT) was used to explore the phosphate rocks. When the TNT explosions occur
in the mining sites, the water infiltration capacity could be increased due to fracture development
located above the pits. Meanwhile, most of the abandoned goafs were not backfilled, leading to runoff

retention and precipitation capture. Just when the precipitation falls to the surface ground, large
amount of precipitation firstly runs into the underground river channels through the cracks. Then the
underground water flows into other basins. In general, runoff declined because of the flow running
through cracks and the interception by goafs [53,55,56]. The principle of runoff variation caused by
phosphate mining is the same as the runoff reduction influenced by coal mining activities, which was
analyzed in these papers [24,57]. Therefore, during the phosphate mining period, the measures should
be put forward and implemented to prevent the reduction of the runoff.
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Table 9. Land use areas in 1980, 1995 and 2008.

Period
Areas (km2)

Agriculture Forest Grassland Water

1980 43.57 490.21 17.83 1.99
1995 32.66 498.13 15.83 6.92
2008 40.58 488.22 20.80 3.99

Note: Ta, Tb and Tc represent the periods of 1978–1984, 1985–2005 and 2006–2016, respectively.
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5.2. Uncertainty Analysis of the Research Methods

Quantitative evaluation of the influences of anthropologic activities and climate change on runoff

variation has been a hot topic around the world. Quantitative assessment method and hydrological
modeling method are good approaches [10,18,23]. In this study, uncertainty exited in the two methods
and the sources of uncertainty were analyzed, include the evapotranspiration data, the model inputs
and an assumption used in this study.

Due to the lack of the temperature and observed evapotranspiration data, two sources of
evapotranspiration data were used and analyzed. One data is downloaded from the GLEAM.
The resolution of GLEAM data is (0.25◦ × 0.25◦), which is too coarse for the study basin. In addition,
the time span of GLEAM data is from 1980 to 2016, which is relative short to our study (1978–2016).
Therefore, the evapotranspiration data has relatively large uncertainty influenced by these factors.
The other data is deduced by empirical Equation (11). The empirical Equation (11) was proved in
many watersheds around the word, however, it was not compared with the actual evapotranspiration
data in the study basin which also might be different with the natural condition, therefore, uncertainty
was existed.

The SWAT model could provide the detailed information of hydrological processes but its
limitations are also existed. Because the SWAT model structure is complex and there are large number
of parameters and input data, it would take a lot of time and effort to study the model structure,
collect input data and calibrate the parameters. In this study, the data obtained from the only one
weather station are used as the meteorological input, which is located near to the TFM Reservoir Dam.
However, one station is not enough to force the model, because in a mountainous area, the distribution
precipitation is uneven [58]. Furthermore, there are also no observed temperature, wind speed and
other the meteorological elements, only precipitation data was used to drive SWAT model.
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The assumption of method to evaluate the contribution of climate change and anthropologic
activities is that the impact of anthropologic activities is independent with the climate change. However,
climate change could change the anthropologic activities to some extent, including land use change and
then change the streamflow [59]. On the contrary, the rising population might cause the temperature
increase [60]. Therefore, these uncertainties should be considered in the further studies.

6. Conclusions

The purpose of this study is to assess the impacts of climate change and human activities to
variation in runoff in the intensive large-scale phosphate mining areas (Huangbaihe River Basin).
We analyze the trends and change points of annual runoff, precipitation and evapotranspiration from
1978 to 2016 based on Mann-Kendall trend test with Sen’s slope detection and accumulative anomaly
method and then identify the contribution rates of climate change and anthropologic activities to
variation of runoff using SWAT hydrological model and SCRAQ method. In this study, due to the lack
of observed evapotranspiration data, two sources of evapotranspiration data were used and analyzed.
The main conclusions are drawn as follows:

(1) During the research period (1978–2016), there are no significant decreasing trends in annual
precipitation and runoff time series. However, there is a significant increasing trend in annual
evapotranspiration data. Furthermore, the change rate of annual precipitation is larger than that of
annual runoff data.

(2) Runoff and precipitation time series showed similar change features and the change points
were detected in 1985 and 2006. Based on the result of change points, the whole period was separated
into baseline period Ta (1978–1984), change period Tb (1985–2005) and change period Tc (2006–2016).

(3) For the change period Tb, the climate change is the main influencing factor resulting in the
runoff variation based on the results of both SCRAQ, method and SWAT model. Whereas during
the change period Tc, human interactions is the dominant driving factor using both two methods.
Therefore, compared with the contribution of climate change, the impact of anthropologic activities
has increased along with the intensification of phosphate mining activities.

Finally, due to the lack of the actual observed evapotranspiration data, two sources of
evapotranspiration data were used and analyzed. However, due to the low resolution of remote sensed
data and the difficulty in calibrating the empirical equation, the uncertainty of the evapotranspiration
data may not to be ignored. Therefore, more reliable observation of basin-scale evapotranspiration will
be preferable for such kind of research.
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