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• Water resources in the upper reaches of
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a b s t r a c t
Climate change and human activities have changed the spatial-temporal distribution of water resources, especially in a fragile ecological area such as the upper reaches of the Minjiang River (UMR) basin, where they have
had a more profound effect. The average of double-mass curve (DMC) and Distributed Time-Variant Gain Hydrological Model (DTVGM) are applied to distinguish between the impacts of climate change and human activities
on water resources in this paper. Results indicated that water resources decreased over nearly 50 years in the
UMR. At the annual scale, contributions of human activities and climate change to changes in discharge were
−77% and 23%, respectively. In general, human activities decreased the availability of water resources, whereas
climate change increased the availability of water resources. However, the impacts of human activities and climate change on water resources availability were distinctly different on annual versus seasonal scales, and
they showed more inconsistency in summer and autumn. The main causes of decreasing water resources are reservoir regulation, and water use increases due to population growth. The results of this study can provide support
for water resource management and sustainable development in the UMR basin.
© 2018 Elsevier B.V. All rights reserved.

1. Introduction
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The hydrological cycle of watersheds in both spatial and temporal
changes is a complex process that is widely inﬂuenced by climate
change and human activities (Milliman et al., 2008; Zhang et al.,
2011a; Song et al., 2013). The Intergovernmental Panel on Climate
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Change (IPCC) report indicated that climate change has led to changes
in global precipitation patterns since the 20th century, which has
changed the global hydrological process and directly affect the spatial
and temporal distribution of global water sources; thus, it can cause
changes in discharge (Milly et al., 2005; Huntington, 2006). Human activities, such as changes in land use/cover, dam construction, and urbanization, have an obvious impact on all aspects of the water cycle
(Sterling et al., 2013), which can greatly change the spatiotemporal distribution of water resources. The contradiction between the supply and
demand of global water resources is becoming more and more

prominent, primarily due to human activities and climate change
(e.g., rapid economic development, increasing population and frequent
extreme weather problems) (Wang et al., 2013; Luo et al., 2015a),
which directly results in the reduction of discharge and causes challenges for global river ecosystem. Hence, it is of great signiﬁcance to
quantitatively assess the impact of climate change and human activities
on discharge variations, which will enhance our understanding of the
water cycle at both regional and global scales, improve water resource
planning and management, and help to mitigate extreme weather
events.

Fig. 1. Locations of the upper reaches of the Minjiang River Basin, meteorological grid points and hydrological station.
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Numerous studies have demonstrated how to quantify the effects of
climate change and human activities on discharge changes (Li et al.,
2013; Zhang et al., 2016; Li et al., 2017). At present, three methods
have already been applied: statistical analysis, elasticity methods and
hydrological modeling. Wei and Zhang (2010)) used modiﬁed doublemass curves to determine the quantitative allocation of forest disturbance and climate variability to streamﬂow in the Willow River watershed. Yuan et al. (2016) used sensitivity analysis based on Budyko-type
equations to indicate that climate change was the main driving factor
controlling streamﬂow changes during the change period I
(1981–2002), accounting for 60.07%–67.27% of the changes in most
parts of Dongting Lake. However, human activity was the dominant factor during the change period II (2003−2010), accounting for 58.89%–
78.33% of the changes. Li et al. (2016) employed the Soil and Water Assessment Tool (SWAT) model to separate out the effects of climate
change, land cover change and direct human activities on the runoff variations in the Wei River Basin. Zhao et al. (2014) used Budyko's curve
and linear regression methods to assess the potential impact of climate
change and human activities on the annual mean streamﬂow in the
middle reaches of the Yellow River basin (MRYRB). These results
showed that human activities were the main driving factor in some tributaries, particularly in the northern basin. Li et al. (2017) utilized the
Budyko framework and the hydrological model (SIMHYD) to study possible causes of the reduced discharge in the Yellow River basin. It was
found that human activities were the main reason for the decrease in
discharge, and it reduced discharge by 73.4% and 82.5% in 1980–2000
and 2001–2014, respectively.
The Minjiang River is the largest tributary in the upper reaches of
the Yangtze River. Many studies of the Minjiang River have analyzed
the trends and variable characteristics of water resources. Yang et al.
(2014) analyzed and predicted the tendency of precipitation and
runoff from 1955 to 2008 at the UMR. The result indicated that
both precipitation and runoff had decreasing trends and that
changes in runoff had a certain lag relative to changes in precipitation. Zhang et al. (2012) used a combination of statistical analysis
and graphical methods to obtain the relative contributions of climate
variability and forest disturbance to annual runoff, and they clearly
showed that forest harvest and climate change had an offsetting effect on annual runoff changes. While it is meaningful to study the
contribution of forest disturbance to runoff changes, it does not
fully represent all human activities. After all, human activities include many factors. In recent years, elasticity methods have been
widely applied to separate the contributions of climate change and
human activities on discharge changes at different spatial scales.
Wang (2014) showed that elasticity methods do not eliminate the
impact of human activities on the baseline periods, resulting in a
bias in the contribution rate. In addition, elasticity methods are
based on an annual time scale, which is rough and cannot be used
to quantitatively analyze the impact of climate change and human
activities on discharge variations during the year (Hu et al., 2012).
Therefore, we choose a combination of statistical analysis (DMC)
and hydrological modeling (DTVGM) to analyze the contribution of
human activities and climate change to discharge changes in the
UMR.
The objectives of this study are as follows: (1) to determine the
change trend of precipitation on a spatiotemporal scale in the UMR
and compare them with the variation tendency of discharge at Zipingpu
station (the outlet of the upper reaches of the Minjiang River) from
1961 to 2012; (2) to compare the difference and consistency of the
double-mass curve (DMC) and Distributed Time-Variant Gain Model
(DTVGM) in assessing the effects of climate change and human activities to discharge changes on different time scales; (3) to quantify and
compare the relative contributions of climate change and human activities to discharge changes on annual and seasonal scales; (4) to discuss
the possible causes of discharge variations due to climate change and
human activities.
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This paper is organized as follows: Section 2 introduces the study
area and data; Section 3 describes the methodologies, including the
Mann-Kendall test, the Double-mass curve method (DMC), the Distributed Time-Variant Gain Model (DTVGM) and the Quantitative estimate
method; Section 4 presents the results and discussion; and Section 5
presents the conclusions.
2. Study area and data
2.1. Study area
The Minjiang River is an important tributary of the Yangtze River
(Fig. 1). The upper reaches of the Minjiang River (UMR) refers to the
river above Dujiangyan, which is the main source of water for agriculture, industry and life in the Chengdu Plain. The ecological environment
of the UMR is very vulnerable because of its typical alpine gorge landscape, which mainly comprised the following: the sharp decline in forest area, severe soil erosion and frequent natural disasters. In recent
years, the discharge of the Minjiang River has continued to decrease,
and making the contradiction between the supply and demand of
water resources more prominent. Thus, it is necessary to better understand these hydrological processes, then, to quantify the contribution
of human activities and climate change to discharge variations in the
UMR. The UMR has a drainage area of 22,722 km2 and ranges in elevation from 726 m to 5578 m. The Dujiangyan was constructed around
256 BCE by the State of Qin as an irrigation and ﬂood control project,
and it is still in use today.
The precipitation in the UMR basin has a strong seasonality, with
N60% of the annual precipitation (987 mm, 1961–2012) concentrated
in the ﬂood season from May to September, which is caused by the typical continental monsoon climate and is characterized by long-lasting
and light intensity (Fig. 2). The annual mean discharge is 462 m3/s,
and the annual mean water resource availability is 14.5 billion m3 at
Zipingpu station. The runoff coefﬁcient describes the ability to produce
runoff in the basin, and it is affected by the underlying condition. Fig. 2
shows that the runoff coefﬁcients are b1 in the UMR basin, except in November, December and January. Runoff coefﬁcients N1 may be caused
by the fact that runoff comes from alpine snowmelt, soil water and reservoir outﬂow in winter. The runoff coefﬁcients in the UMR basin show
the periodicity change rule during the study period, and it reaches its
peaks in January and December.
2.2. Data
Daily precipitation data during 1961–2012 was collected from the
China Meteorological Administration (CMA), with a spatial scale of a
0.5-degree grid (Table 1). The daily discharge data of the Zipingpu

Fig. 2. The mean seasonal cycle of precipitation, runoff and runoff coefﬁcient (R/P: runoff/
precipitation) in the upper reaches of the Minjiang River Basin (1961–2012).
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Table 1
Information of base data in the upper reaches of the Minjiang River Basin.
Data types

Scale

Source

Data attributes

DEM
Precipitation
Discharge

3s
0.5°
Zipingpu station

USGS
CMA http://data.cma.cn/
Hydrological yearbook

Elevation
Daily and monthly precipitation during 1961–2012
Daily discharge during 1961–2012, annual discharge during 1937–2012

hydrological station was gathered from the Hydrological Yearbook of
the China Hydrological Bureau. The DEM data was obtained from the
NASA Shuttle Radar Topography Mission (SRTM) 3 arc-seconds digital
elevation data. Population data from 1964 to 2010 was obtained from
the Sichuan Statistical Yearbook. The data of the cumulative numbers
of reservoirs in the UMR was taken from Li (2014). There are 187 reservoirs, 4 large hydropower stations and 29 middle hydropower stations
in the UMR by 2017. The total reservoir storage is N20 billion m3. Land
use data were collected from Li et al. (2005) and Tan (2016) for 1972,
1986, 1990, 2000, 2010, and 2015. The grassland area is about 50%
and forest land area is about 46% in the UMR, and the other land use distribution is b5%.
3. Methodologies
The Mann-Kendall test method was used to detect the trend and
mutation point of discharge. The double-mass curve method and the
Distributed Time-Variant Gain Hydrological Model (DTVGM) were
employed to quantify the inﬂuences of climate change and local
human activities on discharge changes.

If the sample size n is large enough (n N 10), the standard normal
variable Z can be used to evaluate the trend of the time-series (Eq. (3)
and Eq. (4)). E(S) and Var(S) are the expected value and variance of S,
respectively. This time-series has increasing trends if the value of Z is
greater than zero; otherwise, the time-series has decreasing trends. If |
Z| ≥ Z1−(α/2), the null hypothesis of no trend is rejected at the signiﬁcance level α. The null hypothesis can be tested at 5% and 10% signiﬁcance levels. The values of Z1−(α/2) at the 5% and 10% signiﬁcance
levels are 1.96 and 1.28, respectively.
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The standard normal distribution UFj can be calculated based on the
X series (Eq. (7) and Eq. (8)). (Sj) and Var(Sj) are the expected value and
the variance of Sj, respectively. If |UFj| N Uα, the hypothesis of the trend is
accepted at the signiﬁcance level α. The time-series has increasing
trends if the value of UFj is greater than zero; otherwise, the timeseries has decreasing trends.
UF 1 ¼ 0
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For a time-series of n observations X = x1, x2, …, xn, the M-K mutation statistic (Sj) is computed using Eq. (5) and Eq. (6).

3.1. Mann-Kendall test
The Mann-Kendall test (M-K) is a nonparametric test used for trend
and mutation detection in time series (Mann, 1945; Kendall, 1948). The
Mann-Kendall test, as recommended by the World Meteorological Organization (WMO), is a nonparametric statistical method (Mitchell
et al., 1966) widely used in the trend analysis and mutation detection
of hydro-meteorological data. For a time-series of n observations, X =
x1, x2, …, xn, the M-K trend statistic (S) is computed using Eq. (1) and
Eq. (2). In this study, the autocorrelation of the data did not reach a signiﬁcant threshold of 0.05; thus, we directly used raw data to perform
the Mann-Kendall trend analysis (Yue et al., 2002; GAO et al., 2010).
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Table 2
Description of the common veriﬁcation measures used in the study. The x is observed data, y is simulated data, i is time, and N is the total number of data.
Veriﬁcation measures

Formulas

Descriptions

PN
ðxi −yi Þ2
NSE ¼ 1− PNi¼1
2
ðy
i −yÞ
i¼1
PN 1 1 2
NSE calculated on inverse
ð
−
Þ
x
y
NSEI ¼ 1− i¼1 i i 2
transformed ﬂows
PN 1 1
ð
−
Þ
i¼1 yi
yi
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃ
P
Root mean square error (RMSE)
RMSE ¼ N1 Ni¼1 ðxi −yi Þ2
PN
Pearson correlation coefﬁcient
ðx −xÞðyi −yÞ
i¼1 i
ﬃqﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
R ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
PN
PN
2
2
ðxi −xÞ
ðyi −yÞ
i¼1
i¼1

PN
Relative bias
rBias ¼ ð i¼1 xi PN −1Þ  100%
Nash-Sutcliffe efﬁciency value
(NSE)

y
i¼1 i

Perfect/no
skill

Assessing the predictive power of hydrological models; quantitatively describe the accuracy 1/≤0
between forecasts and observations

Association of forecasts and observations over a long time period

0/∞

Linear dependency between forecasts and observations

1/≤0

Relative difference between forecasts and observations

0/∞
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The standard normal distribution UBj can be calculated based on the
reversed order of the X series using the same method. The intersection
point of the UF and UB curves reﬂects the beginning of the abrupt
change (Zhang et al., 2011b).

3.2. Double-mass curve method
The double-mass curve (DMC) method has been proven to be a relatively simple and effective statistical method that is used to study the
consistency of long-term hydro-meteorological data (Mu et al., 2010).
When the DMC method is used to extrapolate, there is a hypothesis
that the background before and after abrupt point is consistent (Gao
et al., 2010). The relationship between cumulative observed precipitaPj
bas
tion (CPbas
j ¼
i¼1 P i , P is precipitation) and cumulative observed disPj
bas
charge (CD j ¼ i¼1 Dbas
i , D is discharge) during the baseline period can
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be expressed as:
bas
CDbas
j ¼ a  CP j þ b ;

ðj ¼ 1; 2; ⋯; n Þ

ð9Þ

where n represents the length of the time series, j is the number of years,
a is a correction or rate of change, and b donates the intercept.
According to the linear regression equation established in the basePj
line period (Eq. 9), the cumulative simulated discharge (CDsim
¼ i¼1
j
Dsim
i ) of the changed period can be obtained using the cumulative obPj
var
served precipitation (CPvar
j ¼
i¼1 P i ) during the period of change. Finally, the annual simulated discharge Dsim
can be calculated based on
j
two years of cumulative simulated discharge. The speciﬁc formula is
as follows:
CDsim
¼ a  CPvar
j
j þ b ; ðj ¼ 1; 2; ⋯; n Þ

ð10Þ

Fig. 3. M-K test values of precipitation in the Upper reaches of the Minjiang River basin (1961–2012). “Zannual” is the Z-value of the annual precipitation; “Zdays” is the Z-value of wet days
(daily precipitation N1 mm); “Zmax” is the Z-value of the annual maximum daily precipitation. “Spring” is March to May. “Summer” is June to August. “Autumn” is September to November. “Winter” is December to next February.
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3.4. Estimating the contributions of climate change and human activities to
discharge
In order to quantitatively assess the contributions of climate change
and human activities to discharge changes, the entire study period was
divided into two parts: a baseline (benchmark) period (Zhang et al.,
2016), and a changed period (Chang et al., 2016). The discharge changes
in the baseline period are mainly due to climate change, while the discharge changes in the changed period result from both climate change
and human activities (Eq. (14)):
ΔQ t ¼ ΔQ c þ ΔQ h ¼ Q obs −Q base

sim
Dsim
¼ CDsim
j −CD j−1 ;
j

ðj ¼ 1; 2; ⋯; n Þ

ð11Þ

3.3. Distributed hydrological model
The Distributed Time-Variant Gain Hydrological Model (DTVGM)
was proposed by Xia et al. (2003), and has been applied to several basins (Wang et al., 2002). The runoff module is a simple nonlinear
time-variant gain hydrological model (TVGM), and the effectiveness of
the TVGM in rainfall-runoff simulations is better than that of linear
models (Xia, 1991). The DTVGM is a water balance model that uses
sub-basins (Ye et al., 2010). Eq. (12) shows the water balance equation
for a sub-basin:

g 2


W g Kg
Wu
P ¼ ΔW þ g 1
 P þ Kr  Wu þ f c 
þ Ep
WM
WM g

 u C
Wu

WM u  C

ð12Þ

where P is precipitation (mm); ΔW is the change in soil moisture (mm);
Wu is the upper soil moisture at the sub-basin (mm); Wg is the lower
soil moisture at the sub-basin (mm); WMu is the upper ﬁeld soil moisture (mm); u is the “upper” soil; WMg is the lower ﬁeld soil moisture
(mm); fc is the soil permeability coefﬁcient (mm/h); g1 and g2 are parameters (0 b g1 b 1,0 b g2); g1 is the runoff coefﬁcient when the soil is
saturated; g2 is the soil moisture parameter; C is the land cover parameter; Kr is the sub-surface runoff coefﬁcient; and Kg is the groundwater
runoff coefﬁcient.
The kinematic wave model is used for routing analysis (Ye et al.,
2006; Ye et al., 2013). The DTVGM assumes that the river ﬂow is gradually varying unsteady ﬂow in open channels. Eq. (13) shows the continuity equation:
∂A ∂Q
þ
¼q
∂t
∂x

ð13Þ

where A is the river cross section area (m2); t is time (s); Q is discharge
(m3/s); x is the ﬂow path (m), and q is the lateral inﬂow (m2/s).

where ΔQt is the total discharge changes, ΔQc is the discharge change
due to climate change, and ΔQh is the discharge change due to human
activities. Qobs represents the observed discharge during the changed
period, and Qbase represents the average observed discharge during
the baseline period.
The simulated discharge (Qsim) was obtained from the hydrological
model or the cumulative precipitation-discharge regression model,
which is calibrated based on the observed discharge during the benchmark period. The impact of new human activities (e.g. reservoirs, irrigation and afforestation) can seldom be simulated by models, so we used
the difference between Qobs and Qsim as the discharge change due to new
human activities during the changed period (Eq. (15)), and the difference between Qsim and Qbase reﬂected the change in discharge due to climate change (Eq. (16)).
ΔQ h ¼ Q obs −Q sim

ð15Þ

ΔQ C ¼ Q sim −Q base

ð16Þ

The relative contributions of climate change (ηc) and human activities (ηh) to discharge changes can be calculated using Eq. (17) (Ma
et al., 2014; He et al., 2013). The discharge increases if η is greater
than zero, otherwise, the discharge decreases.
ηh ¼

ΔQ h
 100%
jΔQ c j þ jΔQ h j

ηc ¼

ΔQ c
 100%
jΔQ c j þ jΔQ h j

ð17Þ

3.5. Model performance measures
The model performance measures include the Nash-Sutcliffe efﬁciency (NSE) value, the correlation coefﬁcient R, the Root Mean Square
Error (RMSE), and the Relative Bias (rBias), which are computed in
Table 2.

UF

2

M-K test values

Fig. 4. M-K test values of observed discharge in the Upper reaches of the Minjiang River
basin (1961–2012). “annual” is the Z-value of the annual mean discharge, “max” is the
Z-value of the annual maximum daily discharge, “days” is the Z-value of ﬂood days
(daily discharge N 1055 m3/s), “Spring” is the Z-value of the March to May mean
discharge, “Summer” is the Z-value of the June to August mean discharge, “Autumn” is
the Z-value of the September to November mean discharge, and “Winter” is the Z-value
of the December to next February mean discharge.

ð14Þ

UB
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1
0
-1
-2
-3
1937
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1967

1982

1997

2012

Year
Fig. 5. M-K mutation analysis of annual discharge at Zipingpu station during 1937–2012.
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4. Results and discussion
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Table 3
Performance indices calculated for discharge simulations at Zipingpu station.

4.1. Trend analysis of precipitation and discharge
The Mann-Kendall test values of precipitation across time and space
during 1961–2012 are shown in Fig. 3. Trend analysis indicates that the
Z-value of annual precipitation in the UMR is −0.81, which does not
reach the signiﬁcant threshold of 0.05 and only shows a nonsigniﬁcant downtrend. In terms of spatial distribution, the annual precipitation shows a downward trend except the north-western region
in the UMR basin. From the trend of seasonal changes in the whole
study area, the precipitation in spring (ZSpring = 2.94) and winter
(ZWinter = 2.16) both have prominent increasing trends at the 0.05
signiﬁcance level. The trends are opposite in the summer and autumn,
but only display a slight decline in the summer (ZSummer = −1.79)
and autumn (ZAutumn = −1.95). The trends of precipitation at each
grid point are consistent with the trends of the entire study area on different seasonal scales, although the Z values are different. Annual maximum daily precipitation increases, and wet days (the daily
precipitation is N1 mm) decrease, which means the precipitation is
heavy and concentrated. Thus, it is of great signiﬁcance for the management of water resources to understand the spatial and temporal distributions of water resources throughout the year.
The Mann-Kendall test was used to detect the change trends of annual and seasonal discharge at Zipingpu station. The discharge changes
are shown in Fig. 4. The M-K test index Z is −1.05 for the annual discharge, which indicates that no signiﬁcant decreasing trend occurred
from 1961 to 2012. The maximum daily discharge and the ﬂood days
(with a daily discharge N1055 m3/s, 5% frequency ﬂood) also show no
signiﬁcant decreasing trends. However, the changing trend of the annual maximum daily discharge is opposite that of the annual maximum
daily precipitation, which indicates that the underlying surface condition has a great inﬂuence on the direction of the discharge changes.
The average seasonal discharge increases in spring and winter and decreases in summer and autumn. These phenomena are mainly due to
precipitation changes, and show good consistency with precipitation
variations on seasonal and annual scales (Fig.3).
4.2. Mutation analysis of observed discharge
The annual discharge trend analysis of Zipingpu station is shown in
Fig. 5. The black line indicates the UF value, and the blue dotted line represents the UB value. The red line is 1.96 (−1.96) of the 5% signiﬁcance
level. The intersection of the curves reﬂects an abrupt change in the annual discharge that occurred in 1969. Based on the M-K test, the period
of the discharge record was divided into two parts: a baseline period
(1961–1969) representing discharge under natural conditions, and a
Precipitation

NSE
R
NSEI
RMSE
rBias

Calibration period, daily
(1961–1965)

Veriﬁcation period, daily
(1966–1969)

0.73
0.87
0.43
177
4.2%

0.72
0.85
0.77
185
2.1%

changed period (1970–2012) representing discharge under the combined inﬂuence of human activities and natural conditions.
4.3. Model calibration and performance assessment
The baseline period (1961–1969) was divided into two parts: a calibration period (1961–1965) and a veriﬁcation period (1966–1969)
(Fig. 6). The distributed hydrological model took a long time to run,
and automatic calibration would be too time-consuming, so we used a
manual calibration method to calibrate the model parameters. The
model was run a few times to ensure that NSE (NSEI), R and rBias were
good during manual calibration.
The NSE values are 0.73 and 0.72 between the simulated discharge
and observed discharge during the calibration and veriﬁcation periods,
respectively (Table 3). The correlation coefﬁcient R is N0.85, and the Relative Bias is 4.2% for the calibration period. The NSEI (Pushpalatha et al.,
2012) was used to verify the low ﬂow simulation. These results demonstrate that the hydrological model has sufﬁcient accuracy for the longterm simulation of discharge without considering the inﬂuence of
human activities. The NSEI (0.43) value is low in calibration period
which shows the model simulates low ﬂows poorly. The main cause is
low ﬂow simulation can also be complicated by human activities that
alter natural streamﬂow via reservoir regulation or water diversion for
irrigation (Ye et al., 2015).
Fig. 6 and Fig. 7 show the simulated and observed discharge at
Zipingpu station for the baseline period and changed period, respectively. The two ﬁgures show good agreement between the simulated
and observed discharge. The relationship between discharge and precipitation is stable, which demonstrates that the DTVGM can be used
to analyze the impacts of climate change and human activities on
changes in water resources. The difference between the simulated and
observed discharge represents the impact of human activities on
water resources change during the changed period.
Fig. 8 presents the double-mass curves for the cumulative discharge
and cumulative precipitation from 1961 to 2012 on different time
scales. The correlation coefﬁcients (R2) are all N0.99, thus showing a
high degree of correlation. In other words, the DMC method is reliable

Observed Discharge

Simulated Discharge
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Fig. 6. Long-term daily hydrographs for the calibration period (1961–1965) and the veriﬁcation period (1966–1969) at Zipingpu station.
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Fig. 7. Long-term daily hydrographs for the changed period (1970–2012) at Zipingpu station.

because the reconstruction equations perform well during the baseline
period. The relationship between discharge and precipitation is not linear and stationary, caused by human activities. The cumulative observed discharge curves gradually drop below the red regression lines,
thus indicating that human activities decrease the discharge. Although
the impact of human activities on discharge is different in different seasons, it caused discharge to decrease in all seasons.
4.4. Quantitative evaluation of the impact of climate change and human activities on discharge variations
The contributions of climate change and human activities to discharge changes is separated using the DMC and DTVGM models in the
changed period (1970–2012), as shown in Fig. 9, on annual and seasonal
scales. The horizontal axis represents time and the vertical axis represents the discharge changes (m3/s). It can be seen clearly from Fig. 9
that the patterns of discharge changes obtained using these two
methods are overall very similar in distinguishing impacts on different
temporal scales. Therefore, we can obtain more reliable results by combining the DMC and DTVGM methods. The histogram shown in Fig. 9
represents the average of the discharge changes based on these two
methods. The magnitude and direction of the inﬂuence of climate
change and human activities on discharge changes are different on annual and seasonal scales. Thus, it is necessary to study the response of
water resources on both seasonal and annual scales, which is beneﬁcial
to the allocation of water resources within a year. In general, climate
change tends to increase discharge and human activities tend to decrease discharge on different time scales, except during summer and autumn when the discharge changes caused by climate change and
human activities do not have a speciﬁc rule.
Fig. 10 shows the relative contributions of climate change and
human activities to discharge changes on annual and seasonal scales,
calculated using the average discharge variations obtained by the DMC
and DTVGM models. At the annual scale, human activities are the dominant factor affecting discharge changes, and tend to reduce discharge,
accounting for −90%, −75%, −68%, −93% and − 47% in the 1970s,
1980s, 1990s, 2000s and 2010s, respectively. However, the impact of climate change on discharge variations trends to increase discharge apart
from 1970s, accounting for −10%, 25%, 32%, 7%, and 53% in the 1970s,
1980s, 1990s, 2000s and 2010s, respectively. In general, the contributions of human activities and climate change to discharge changes
were −77% and 23%, respectively. At seasonal scales, particularly in
the spring and winter, the direction of the inﬂuence of climate change
and human activities on discharge changes is basically consistent with
the direction of the inﬂuence at the annual scale. Compared to human
activities, climate change is the main driving factor of the discharge
changes in the summer, yet, it has the opposite driving factor in autumn

from the 1970s to 2010s. Determining the main causes of changes in
water resources within the year is helpful in reducing ﬂood and drought
risks, especially vulnerable region like the UMR.
4.5. Discussion
Climate change, especially precipitation, is a key factor in discharge,
which changes the magnitude and spatial distribution of precipitation.
It can be seen from Fig. 3 that the annual precipitation presents a slight
decreasing trend, and the annual discharge corresponds well to annual
precipitation (Fig. 4) in the UMR from 1961 to 2012. On a seasonal scale,
seasonal precipitation and discharge have synchronized changes. This
means that precipitation directly inﬂuences discharge variations.
As shown in Fig. 11a, the trends of precipitation changes and discharge changes were opposite in the 1970s–1990s and consistent in
the 1990s–2010s at the annual scale. Except during the 2000s, the annual precipitation changes relative to the baseline period are positive;
however, the annual discharge changes are all negative, except during
the 2010s. This reﬂects the combined effects of climate change and
human activities. At seasonal scales (Fig. 11b-e), there was a good
match between the trends of precipitation changes and discharge
changes in spring and summer, although differences still exist in their
speciﬁc magnitude. On the other hand, there was little correlation in autumn and winter months. These results indicate that human activities
play an important role in changing the mechanism of precipitationdischarge, which directly affects discharge variations.
With societal development, human activities, changing the underlying surface to change the relationship between precipitation and discharge, have constantly intensiﬁed over the past 52 years. Human
activities, such as population increase, water conservancy construction,
and land use change, have altered natural water circulation patterns.
Fig. 12 shows changes in population size, the cumulative number of reservoirs, and land use area in the UMR basin from 1961 to 2012. Fig. 12a
illustrates that the population has grown over the past 52 years in the
UMR basin. The total population size is not large, and growth was
rapid before the 1990s and slow after the 1990s. This increase in population size is always accompanied by an increase in water consumption,
which inevitably results in the reduction of discharge. Hydropower development started early and was constructed rapidly in the UMR, which
resulted in the construction of 187 reservoirs by 2017 (Fig.12b). On the
one hand, the reservoirs have a direct impact on discharge, such as seasonal water storage and diversion, it can be used to adjust the seasonal
distribution of water resources and to prevent ﬂoods and droughts. This
may be the main reason for the inconsistency of discharge and precipitation throughout the seasons. On the other hand, the cumulative effects of multilevel hydropower cannot be ignored, and we found that
river dehydration occurred consistently in the UMR basin, which
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directly reduced the magnitude of discharge and changed the distribution of water resources.
Land use change can cause meaningful changes in hydrological processes (Fig. 12c-d). Luo et al. (2015b) explored the inﬂuence of land use
change on hydrological processes by designing extreme rainfall over the
period 1976 to 2006 in the Kamo River basin. The results showed that
the discharge was different under different land use patterns. As
Fig. 12c shows, the cultivated land area experienced growth overall,
and increased rapidly in 1990–2010, reaching its maximum value of
731.87 km2 by 2010. Afterwards, the area of cultivated land decreased
to 699 km2 in 2015. More cultivated land requires more irrigating
water. The trends of forest area and grassland are just the opposite. During the early days of the People's Republic of China, the destruction of
forests in the URM basin increased annually from 1950 to 1978 (Bao
et al., 1995; Zhang, 1992). Additionally, the sharp decline in forest
area is an important reason for the decrease of discharge in the URM

(Fig. 11 and Fig. 12c). With reforestation, the forest began to recover,
and its area reached 11,467.92 km2 by 1990. After the ﬂood of the Yangtze River in 1998, the UMR began to implement the Natural Forest Protection and the Grain-to-Green Program, and the forest area was further
expanded in the UMR basin. Thus, it is necessary to control the area of
the forest, and we cannot blindly add plants or cut them down. After
all, the response of discharge to forest changes is prominent in the
UMR basin (Zhang et al., 2012). Fig. 12d shows that the water area increased by 79.73 km2 from 1972 to 2015, and the largest water area
was 127.85 km2 in 2010. Increased water area will cause an increase
in actual evaporation, leading to reduced discharge. There is a clear increase in construction land area and unused land area in 2010. This
may be related to the 2008 earthquake in Wenchuan. In addition, the
2008 Wenchuan earthquake caused forests to shrink from 2010 to
2015 and grasslands to expand. As the area of construction land increased, the amount of inﬁltration and vaporization decreased, which
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leads to increased discharge. The discharge variation results from the
combined effects of climate change and human activities, with many
impact factors and complex changes.
5. Conclusions
The Minjiang River is an important tributary of the upper reaches of
the Yangtze River; meanwhile, the UMR is the main water source in the
Chengdu Plain, as a case study area, the purpose of this article is to quantify the relative contributions of climate change and human activities to
discharge changes at annual and seasonal scales in the UMR, which is a
vulnerable region, and to discuss the possible causes of discharge

changes to support the decisions of relevant departments. The main
conclusions of this study are as follows:
(1) The patterns of discharge changes, affected by climate change and
human activities, obtained using the two methods are overall very
similar at different temporal scales from 1970 to 2012. We use the
average results of the DMC and DTVGM methods to assess the relative contributions of climate change and human activities to discharge changes in the UMR basin. Using these two methods to
cross validate each other will make their results more reliable.
(2) In general, climate change contributed to an increase in water resources, and human activities played an important role in decreasing water resources in the UMR. Human activities were the major
driving factor of discharge changes at the decadal scale, and tended
to reduce discharge, accounting for −90%, −75%, −68%, −93%
and −47% in the 1970s, 1980s, 1990s, 2000s and 2010s, respectively. Relative contributions displayed similar change directions
on spring, winter and decadal scales, but there were more inconsistent during summer and autumn.
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Fig. 11. Decadal variations in annual and season precipitation and discharge.

(3) At the decadal scale, the relative contribution of climate change to
discharge changes is positive, except during the 1970s. In contrast,
the relative contribution of human activities on discharge changes
is negative throughout the entire change period. This was mainly
due to the increase of the total population size of the UMR over
the past 52 years, which resulted in the increase of water consumption. The cumulative effect of multistage reservoirs led to
the increased occurrence of river dehydration, which indirectly resulted in the reduction of discharge. The changes of cultivated land,
grassland and forest area largely affected the magnitude of irrigation and evaporation, resulting in reduced discharge. At the

seasonal scale, the spatial and temporal distributions of water resources were changed due to the construction of a large number
of reservoirs, which stored water in summer and used water in
winter. This caused the time which the maximum and minimum
discharge occurred to shift. The UMR is a fragile environmental
zone (natural disasters, such as earthquakes, ﬂoods and debris
ﬂow, occur frequently). Therefore, quantifying the relative contributions of climate change and human activities to discharge
changes at different temporal scales in the UMR basin is beneﬁcial
for reducing the risk of disaster, reasonably allocating water resources, and supporting the decisions of water resource

Fig. 12. Changes in population (a), cumulative number of reservoirs (b), and land use (c, d) in the Upper reaches of the Minjiang River basin from 1961 to 2012.
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management. However, it is still difﬁcult to quantify exactly the
impact of each factor. The effects of speciﬁc human activities on
discharge changes require further study.
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