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Abstract: Quantifying the effects of climate variability and human activities on runoff changes
will contribute to regional water resource planning and management. This study aims to separate
the effects of climate variability and human activities on runoff changes in the upper catchment
of the Red River Basin in China. The Mann–Kendall test and Pettitt’s test methods were applied
to identify the trends and change points of the hydro-meteorological variables. The hydrological
sensitivity, climate elasticity and hydrological simulation methods were adopted to estimate the
contributions of climate variability and human activities to runoff changes. Results showed that
annual runoff significantly decreased by 1.57 mm/year during the period of 1961–2012. A change
point in annual runoff coefficient occurred in 2002. Accordingly, the annual runoff series were divided
into the baseline period (1961–2002) and the impacted period (2003–2012). Mean annual runoff of
the impacted period decreased by 29.13% compared with the baseline period. Similar estimates of
the contributions of climate variability and human activities were obtained by the three different
methods. Climate variability was estimated to be responsible for 69%–71% of the reduction in annual
runoff, and human activities accounted for 29%–31%. Climate variability was the main driving factor
for runoff decrease in the catchment.

Keywords: climate variability; human activities; runoff change; hydrological sensitivity;
climate elasticity; hydrological simulation; Red River

1. Introduction

The hydrological cycle and water resource systems are extensively influenced by climate
variability and human activities [1,2]. Climate change, leading to rising temperatures and changes in
intensities and patterns of rainfall, as well as changes in evapotranspiration, has a significant impact on
regional hydrological processes [3,4]. Human activities—such as land use and land cover change, alter
vegetation retention, soil water infiltration and surface evapotranspiration—result in hydrological
alterations [5,6]. With a worsening of the water shortage problems globally, hydrologists have paid
considerable attention to the impacts of climate variability and human activities on hydrology and
water resources [7,8]. Separating the effects of climate variability and human activity on stream
discharge at the catchment scale is needed in order to develop adaptive measures to cope with climate
change [9,10].

Present studies mainly follow the paradigm of “identifying the change points and baseline period,
and then quantifying the effects of climate change and human activities [11]”. For a given river basin,
identifying the change point of stream discharge series between a baseline period and impacted period
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needs to be defined. Many statistical methods, such as the double cumulative curve (DCC), Pettitt’s test,
Mann–Kendall test, moving t-test, and visualization plots, are used to determine change points [12,13].
According to the change points, the stream discharge series can be divided into a baseline period
and an impacted period. The baseline period is assumed to have negligible human activity, while
the impacted period is assumed to have measurable effects of climate change and human activity on
stream discharge [9].

Both statistical methods and hydrological modeling methods have been proposed to assess the
impacts of climate change and human activities on runoff. The hydrological sensitivity method,
developed by Dooge et al. [14], and applied by Milly and Dunne [15], describing the first-order effect
of changes in precipitation and potential evaporation on runoff, has been successfully used to evaluate
the effects of climate variability and human activities on the hydrologic cycle [16–20]. Furthermore, the
climate elasticity method proposed by Schaake [21], which is similar to the hydrological sensitivity
method, has been continually extended and improved [22–24]. Climate elasticity of runoff provides
a measure of the sensitivity of runoff to the changes in climatic variables (e.g., precipitation,
temperature, and potential evaporation), and is widely used in impact assessments of climate change
on hydrology [25–28].

Hydrological modeling methods are commonly used to assess the impacts of climate change
and human activities on runoff. For example, Chiew et al. [29] used a simplified version of the
HYDROLOG model (SIMHYD) to estimate climate change impact on runoff across Southeast Australia.
Guo et al. [30] adopted the HBV (Hydrologiska Byrans Vattenbalansavdelning) model to investigate
the contributions of climate change and human activities on runoff for the upper reaches of the Weihe
River in China. Tang et al. [31] used the Soil Water Assessment Tool (SWAT) to investigate the responses
of natural runoff to climatic variations in the Yellow River Basin in China. Bao et al. [32] assessed the
impacts of climate variability and human activities on annual runoff in the Haihe River Basin in China
by using the Variable Infiltration Capacity (VIC) model. Xu et al. [26] applied a geomorphology-based
hydrological model (GBHM) to assess the impacts of climate variability and human activities on
annual runoff in the Luan River Basin in China. Wang et al. [33] used the Simplified Water Balance
Model (SWBM) to study the attribution of runoff change for the Xinshui River catchment on the Loess
Plateau of China. The hydrological modeling methods could provide more detail of the hydrological
cycle; however, there are always limitations in practice for hydrological model to be applied in large
basin with data scarce due to their requirement of more detailed inputs. Compared to the hydrological
modeling methods, the statistical methods have been considered as the more flexible methods for the
advantage of using fewer data. Therefore, statistical methods, together with hydrological modeling
methods, are considered an appropriate approach for separating climate and human activities effects
on runoff in a catchment.

The Red River is an important international river in Southeast Asia, and it plays an important role
in the sustainable development of economy and ecology for riparian countries. Recently, transboundary
eco-hydrological issues, such as the changes of hydrological regime, soil erosion, sedimentation change,
water pollution, and biodiversity conservation, have notably received more attention [34]. The Red
River Basin flows through several vulnerable areas, where hydrological processes were greatly affected
by Indian and East Asian monsoon activities [35]. Previous studies have reported that the observed
annual runoff in the upper reaches of the Red River has decreased over the past 50 years; climate
change, especially changes in precipitation, is the main reason for the results in the reduction of
runoff [36]. However, few studies have focused on the contributions of climate variability and human
activities to runoff changes.

With the rapid socioeconomic developments in the basin, water demand has increased
dramatically. However, hydro-meteorological drought has become more frequent over the past decade,
which has hindered social and economic development, and has resulted in severe environmental and
ecological problems [37]. Moreover, conflicting interests of water use, between riparian countries, are
expected to bring about increasing challenges to cooperation. Therefore, it is important to understand
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the effects of climate variability and human activities on runoff in order to develop sustainable
catchment management strategies. The objectives of this study are: (1) to determine trends and change
points in annual runoff of the catchment; and (2) to estimate the contributions of climate variability
and human activities on runoff changes.

2. Materials and Methods

2.1. Description of the Study Area

The Red River originates in the mountainous area of Yunnan Province, China, flows 1280 km to
the southeast, and ends in the Gulf of Tonkin, in the South China Sea. The upper catchment of the Red
River Basin (URRB) is selected as the study area, which refers to the catchment north the China and
Vietnam border (Figure 1). The catchment covers an approximate area of 33,614 km2. The elevation
of the catchment ranges from 76 m to 3123 m above sea level, and the elevation decreases from the
northwest to the southeast. It is characterized by a subtropical monsoon climate, with an annual
average temperature of 14.8–23.8 ◦C. The annual average precipitation was about 976 mm, ranging
from 643 mm to 1761 mm, and approximately 85% of the annual precipitation is concentrated in
the rainy season (May to October). The annual average discharge was 286 m3/s at Manhao Station
(the outlet of the Red River in China) for the period of 1961–2012. The estimation of the average annual
runoff depth was 283 mm. There are no glaciers in the basin.
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Figure 1. Location of the upper catchment of the Red River Basin (URRB) and distribution of
meteorological and hydrological stations.

Land use in the URRB can be divided into six types: Cultivated land, forest, grassland, water,
built-up area, and unutilized land (Figure 2). The dominant land use types are forest (about 61%) and
grassland (about 22%). The rest of the land is cultivated land (about 16%) and other types (including
built-up area, water, and unutilized land). From 1995 to 2010, changes in cultivated land and built-up
area were obvious. Cultivated land and built-up area expanded by 20% and 106%, respectively.
However, forest decreased by 5% during this same period. Grassland, water bodies, and unutilized
land remained stable.
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Figure 2. Land use maps in 1995 (a); 2010 (b); and change area (c) in the URRB.

2.2. Data

Discharge data from the period of 1961–2012 from the Manhao hydrological station was
obtained from the Hydrological Year Book and the Hydrological Bureau of Yunnan Province.
The meteorological data used in this study include daily precipitation, mean air temperature,
maximum temperature, minimum temperature, surface relative humidity, wind speed at 10 m
height, and sunshine duration, during 1961–2012, for 11 stations inside or close to the study area
(Figure 1). The meteorological data were collected from the China Meteorological Administration
(CMA). Daily potential evapotranspiration for each station was estimated using the Penman–Monteith
equation, as recommended by the Food and Agriculture Organization of the United Nations (FAO) [38].
NDVI (Normalized Difference Vegetation Index) data were obtained from the latest version of the
GIMMS (Global Inventory Modeling and Mapping Studies) NDVI data set, which spans the period
of 1982 to 2013, and is termed NDVI3g (third generation GIMMS NDVI, from Advanced Very High
Resolution Radiometer sensors of National Oceanic and Atmospheric Administration). The land
use maps from 1995 and 2010 were taken from the Institute of Geographical Sciences and Natural
Resources Research (IGSNRR), the Chinese Academy of Sciences (CAS).

2.3. Methods

2.3.1. Mann–Kendall Test

The Mann–Kendall test was used to detect trends in hydro-meteorological series [39]. In the
Mann–Kendall test, there is the null hypothesis, H0, that the data (x1, x2, ..., xn) are a sample of
n independent and identically distributed random variables. The alternative hypothesis H1 of a
two-sided test is that the distributions of xk and xj are not identical for all k, j. The Mann–Kendall’s
statistic, S, is given by:

S =
n−1

∑
k=1

n

∑
j=k+1

sgn
(
xj − xk

)
, (1)

where the time series xk is from k = 1, 2, . . . , n − 1, and xj from j = k + 1, . . . , n. In addition,

sgn (θ) =


1 θ > 0
0 θ = 0
−1 θ < 0

, (2)

then, the parameters Zc and β are given as:

Zc =


S − 1/

√
var (S) S > 0

0 S = 0
S + 1/

√
var (S) S < 0

, (3)
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where Zc is the test statistic. When |Zc| > Z1−α/2, in which Z1−α/2 are standard normal deviates, and
α is the significance level for the test, H0 will be rejected. The magnitude of the trend is given as:

β = Median
( xj − xk

j − k

)
, ∀k < j, (4)

where 1 < k < j < n, A positive value of β indicates an upward trend, whereas a negative value of β

indicates a downward trend.

2.3.2. Pettitt’s Test

The Pettitt’s test is a non-parametric approach to determine the occurrence of a change point [40].
It tests the H0: the T variables follow one or more distributions that have the same location parameter
(no change), against the alternative: a change point exists. The non-parametric statistic is defined as:

KT = max |Ut, T |, (5)

where
Ut, T = ∑t

i = 1 ∑T
j = t+1 sgn

(
xi − xj

)
. (6)

The change point of the series is located at KT, provided that the statistic is significant.
The significance probability of KT is approximated for p ≤ 0.05 with

p ∼= 2exp(
−6K2

T
T3 + T2 ). (7)

2.3.3. Framework of Separating the Effects of Climate Variability and Human Activities

For a given catchment, we assume that a change in mean annual runoff can be estimated as:

∆R = Robs,i − Robs,b, (8)

where ∆R represents the total change in mean annual runoff, Robs,b is the average annual runoff during
the baseline period, and Robs,i indicates the average annual runoff during the impacted period.

It can be assumed that the total change in runoff can be attributed to climate variability and
human activities, which can be expressed as:

∆R = ∆RC + ∆RH , (9)

where ∆RC represents the change in mean annual runoff caused by climate variability, and ∆RH is the
change in mean annual runoff induced by human activities. With the estimation of ∆RC or ∆RH, the
contributions of climate variability and human activities to runoff changes, which are defined as µC
and µH, respectively, can be separated and estimated by:

µC =
∆RC
∆R

× 100%, (10)

µH =
∆RH
∆R

× 100%. (11)

In this study, ∆RC is estimated by using hydrological sensitivity and climate elasticity methods,
respectively. ∆RH is estimated by using hydrological simulation methods.

2.3.4. Hydrological Sensitivity Method

Hydrological sensitivity can be defined as the percentage change in mean annual runoff occurring
in response to a change in mean annual precipitation and potential evapotranspiration. The water
balance in a catchment can be described as:



Water 2016, 8, 414 6 of 16

P = E + R + ∆S, (12)

where P is precipitation, E is actual evapotranspiration, R is runoff, and ∆S is the change in catchment
water storage. Over a long period of time (i.e., 10 years, or more), ∆S can be assumed to be zero.

Actual mean annual evapotranspiration can be estimated from precipitation and potential
evapotranspiration. Budyko developed a framework for estimating actual evapotranspiration based on
a dryness index [41]. Following a similar assumption to that of Budyko, Fu [42] combined dimensional
analysis with mathematical reasoning, and developed analytical solutions for actual mean annual
evapotranspiration (E) from P and potential evapotranspiration (E0):

E
P

= 1 +
E0

P
−
[

1 +

(
E0

P

)w]1/w

, (13)

where w is a parameter related to vegetation type, soil hydraulic property, and topography [43].
Precipitation and potential evapotranspiration are the dominant controls on mean annual water

balance [41,44]. Changes in mean annual precipitation and potential evapotranspiration can lead to
changes in annual runoff, and the relationship can be approximated as [15]:

∆RC =
∂R
∂P

∆P +
∂R
∂E0

∆E0, (14)

where ∆P, ∆E0 are changes in precipitation and potential evapotranspiration, respectively; and:

∂R
∂P

= P(w−1) (E0
w + Pw)1/w−1 and, (15)

∂R
∂E0

= E0
(w−1) (E0

w + Pw)1/w−1 − 1 (16)

are obtained from Equations (12) and (13).

2.3.5. Climate Elasticity Method

Schaake firstly employed the climate elasticity method to analyze the sensitivity of runoff to
climate change [21]. The runoff elasticity is defined as the ratio of the runoff variation rate to the
variation rate of a certain climate factor, as follows:

εX =
∂R/R
∂X/X

. (17)

Based on the assumption that the response of runoff to the climate factors are mainly caused by P
and E0, we can obtain the following equation [23]:

∆RC = ∆RP + ∆RE0 = εP ×
R
P
× ∆P + εE0 ×

R
E0
× ∆E0, (18)

where εP and εE0 are the precipitation elasticity and potential evapotranspiration elasticity, respectively.
Climate elasticity can be estimated based on the Budyko hypothesis. Yang et al. [45] derived the

analytical water-energy balance equation at a mean annual time scale, which is expressed as:

E =
PE0

(Pn + E0
n)1/n , (19)

where parameter n represents the catchment properties, which are mainly related to properties of
soil, topography, and vegetation [46]. Xu et al. [28] derived the climate elasticity of runoff from the
differential form of the Yang equation:
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εP =

1 −
[

(E0/P)n

1 + (E0/P)n

] 1
n +1
 /

1 −
[

(E0/P)n

1 + (E0/P)n

] 1
n

 , (20)

εE0 =
1

1 + (E0/P)n ×
1

1 −
[

1 + (E0/P)n

(E0/P)n

] 1
n

. (21)

2.3.6. Hydrological Simulation Method

The hydrological simulation method is used to calibrate and validate a hydrological model for
a natural period. The parameters of the hydrological model can represent the characteristics of a
catchment under natural conditions, without the impact of human activities. Then, using the same
model parameters, the runoff from the impacted period, without the impact of human activities, can
be reconstructed. The effect of human activities on runoff is represented by the differences between
the observed and simulated runoff for an impacted period.

∆RH = Robs,i − Rsim,i, (22)

where Robs,i and Rsim,i are the observed and simulated annual runoff in an impacted period, respectively.
The HBV model is a conceptual rainfall–runoff model, which is suitable for different purposes,

such as simulation of long streamflow, streamflow forecasting and hydrological process research [47,48].
The model consists of four subroutines, a subroutine for snow accumulation and snowmelt, based on
the degree-day approach; a soil routine groundwater recharge and actual evaporation are simulated as
functions of actual water storage; a runoff generation routine; and a flow-routing procedure consisting
of a simple filter with a triangular distribution of weights [49]. The HBV-light model, developed at the
University of Zurich, was used to simulate the hydrological process in this study [50].

Four statistics are used to indicate the accuracy of the hydrological model: Coefficient of
determination (R2), Nash–Shutcliffe efficiency (NSE), Benchmark efficiency (BE) and the relative
bias (BIAS) [51–53]. The purpose of these statistics is to provide a more comprehensive evaluation of
model performance. The expressions are as follows:

R2 = [∑n
i=1
(
Qobs (i) − Qobs

) (
Qsim (i) − Qsim

)
]
2/ ∑n

i=1
(
Qobs (i) − Qobs

)2
∑n

i=1
(
Qsim (i) − Qsim

)2 . (23)

NSE = 1 − ∑n
i=1 (Qobs (i) − Qsim (i))2 / ∑n

i=1

(
Qobs (i) − Qobs

)2, (24)

BE = 1− ∑n
i=1 (Qobs (i) − Qsim (i))2 / ∑n

i=1 (Qobs (i) − Qb (i))
2, (25)

BIAS = ∑n
i=1 (Qsim (i) − Qobs (i)) / ∑n

i=1 Qobs (i) , (26)

where n is the number of data points, Qobs(i) is the observed runoff (millimeters per day) at time step i,
Qsim(i) is the simulated runoff (millimeters per day) at time step i, and Qobs and Qsim are the means of
the observed and simulated values (millimeters per day), respectively. Qb(i) is the benchmark model
discharge (millimeters per day) at time step i.

3. Results

3.1. Change Trends of Meteorological and Hydrological Variables

The variations of annual precipitation (P), temperature (T), potential evapotranspiration (E0), and
runoff (R) during 1961–2012 are presented in Figure 3. The trends, and their significance to the time
series were detected using the Mann–Kendall test (Table 1). The mean annual P over 1961–2012 is
approximately 976.42 mm, with a higher inter-annual variability, as shown in Table 1 and Figure 3a.
The annual P showed a non-significant decreasing trend of 1.53 mm/year. The annual T showed a
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significant increasing trend of 0.01 ◦C/year for the whole period, with an average of 17.37 ◦C and a
variation range of 16.49 ◦C to 18.48 ◦C, as shown in Table 1 and Figure 3b. The annual E0 varied from
1111.93 mm to 1293.72 mm, and had no significant trend during 1961–2012, as shown in Figure 3c.
Figure 3d shows that the annual R presents high variability, ranging from 515 mm in 1971 to 129 mm
in 2011. The annual R decreased by 1.57 mm/year at the 10% significance level (Table 1). The Pettitt’s
test was applied to detect the change points of the hydro-meteorological series. The results showed
that an abrupt change in annual R series occurred in 2002, with a significance level of 10%. Two change
points in annual T series were detected in 1993 and 1997, with a significance level of 1%. However, no
change points were detected for the annual P and E0 series.Water 2016, 8, 414  8 of 15 
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Table 1. Mann–Kendall test for the annual P, T, E0 and R in the upper catchment of the Red River Basin
(URRB) during 1961–2012.

Variables
Mann–Kendall Trend Test

Mean Value Z Statistic Significance Level Slope

P (mm) 976.42 −1.002 NS −1.53
T (◦C) 17.37 2.905 1% 0.01

E0 (mm) 1197.00 −0.134 NS −0.06
R (mm) 282.94 −1.775 10% −1.57

3.2. Change in the Precipitation-Runoff Relationship

The relationship between precipitation and runoff is a recapitulative description of the
hydrological process [32]. The runoff coefficient (RC) is a simple index reflecting the relationship
between precipitation and runoff, and may be a comprehensive index to describe the environment
of a regional hydrological cycle, which is a useful measure for evaluating the effect of underlying
surface change [17,54]. Figure 4 shows the trend and change point in annual RC series. Overall, the
mean annual RC of the URRB was approximately 0.28, with a significant decreasing trend at the 5%
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significance level during 1961–2012 (Figure 4a). The Pettitt’s test was applied to detect the change
points of the annual RC series. A change point was detected in 2002, with a significance level of 5% for
the annual RC series (Figure 4b). The mean RCs were 0.30 and 0.23 over 1961–2002 and 2003–2012,
respectively. Compared with the period of 1961–2002, the RC obviously decreases by 23% during
2003–2012. This implied that the ability of production flow of the catchment decreases, and that runoff
generation might be impacted by underlying surface changes.Water 2016, 8, 414  9 of 15 

 

Figure 4. The variation of annual runoff coefficient series (a) and change point test of annual runoff 

coefficient series (b) in the URRB during 1961–2012. 

According to the analysis results of trends and change points, the evolution of annual runoff can 

be divided into a baseline period and an impacted period. The baseline period (1961–2002) is assumed 

as the natural period, during which time the effects of human activities on runoff were less recognized, 

while the impacted period (2003–2012) is assumed to have measurable effects of climate change and 

human  activities  on  runoff.  For  the  two  periods,  changes  in mean  annual  P,  T,  E0  and R were 

calculated, as shown in Table 2. Compared with the baseline period, observed P and R decreased, 

respectively, by 9.28% and 29.13% in the impacted period; however, E0 increased by 1.83%, which is 

lower than that of P and R. The T increased by 0.48 °C from the baseline period to the impacted period. 

Based on the divided periods, the effects of climate variability and human activities on runoff can be 

separated by using hydrological  sensitivity  analysis,  climate  elasticity  analysis,  and hydrological 

simulation methods, respectively. 

Table 2. Changes in mean annual P, T, E0, and R during the two periods. 

Variables 
Mean Value

Magnitude  Rate (%) 
1961–2002 2003–2012

P (mm)  994.17  901.87  −92.31  −9.28 

T (°C)  17.28  17.76  0.48  2.78 

E0 (mm)  1192.80  1214.62  21.81  1.83 

R (mm)  299.73  212.42  −87.31  −29.13 

3.3. Hydrological Sensitivity Analysis 

In  the hydrological sensitivity method,  the parameter w  in  the Fu equation, representing  the 

catchment characteristics, was calibrated according to Equations (12) and (13), based on mean P, E0, 

and R in the baseline period; the obtained w value is 2.266. Based on the Equations (15) and (16), the 

sensitivity coefficients of runoff  to P  (∂R/∂P) and E0  (∂R/∂E0) were calculated as 0.598 and −0.247, 

respectively. The absolute value of ∂R/∂P is larger than that of ∂R/∂E0, revealing that runoff is more 

obvious sensitive to change in P than it is to change in E0. According to Equation (14), the effect of 

climate variability on runoff can be estimated. A P reduction of 92.31 mm resulted  in a 55.19 mm 

decrease in runoff, while an E0 increase of 21.81 mm resulted in a 5.39 mm decrease in runoff. Thus, 

the combined effects of P and E0 lead to a runoff reduction of 60.58 mm. 

3.4. Climte Elasticity Analysis 

In the climate elasticity method, the parameter n in the Yang equation was estimated according 

to Equations (12) and (19), based on mean P, E0, and R in the baseline period; the obtained n value is 

1.562. Using Equations (20) and (21), the elasticity coefficients of runoff to P (εP) and E0 (εE0) were 

calculated as 1.994 and −0.994, respectively. It indicates that a 10% decrease in P will cause a 19.94% 

decrease in R, and a 10% increase in E0 will cause a 9.94% decrease in R. Comparing the elasticity 

coefficients of runoff to P and E0, a stronger response of runoff to P than that to E0 are found, which 

Figure 4. The variation of annual runoff coefficient series (a) and change point test of annual runoff
coefficient series (b) in the URRB during 1961–2012.

According to the analysis results of trends and change points, the evolution of annual runoff
can be divided into a baseline period and an impacted period. The baseline period (1961–2002) is
assumed as the natural period, during which time the effects of human activities on runoff were less
recognized, while the impacted period (2003–2012) is assumed to have measurable effects of climate
change and human activities on runoff. For the two periods, changes in mean annual P, T, E0 and R
were calculated, as shown in Table 2. Compared with the baseline period, observed P and R decreased,
respectively, by 9.28% and 29.13% in the impacted period; however, E0 increased by 1.83%, which is
lower than that of P and R. The T increased by 0.48 ◦C from the baseline period to the impacted period.
Based on the divided periods, the effects of climate variability and human activities on runoff can
be separated by using hydrological sensitivity analysis, climate elasticity analysis, and hydrological
simulation methods, respectively.

Table 2. Changes in mean annual P, T, E0, and R during the two periods.

Variables
Mean Value Magnitude Rate (%)

1961–2002 2003–2012

P (mm) 994.17 901.87 −92.31 −9.28
T (◦C) 17.28 17.76 0.48 2.78

E0 (mm) 1192.80 1214.62 21.81 1.83
R (mm) 299.73 212.42 −87.31 −29.13

3.3. Hydrological Sensitivity Analysis

In the hydrological sensitivity method, the parameter w in the Fu equation, representing the
catchment characteristics, was calibrated according to Equations (12) and (13), based on mean P, E0,
and R in the baseline period; the obtained w value is 2.266. Based on the Equations (15) and (16), the
sensitivity coefficients of runoff to P (∂R/∂P) and E0 (∂R/∂E0) were calculated as 0.598 and −0.247,
respectively. The absolute value of ∂R/∂P is larger than that of ∂R/∂E0, revealing that runoff is more
obvious sensitive to change in P than it is to change in E0. According to Equation (14), the effect of
climate variability on runoff can be estimated. A P reduction of 92.31 mm resulted in a 55.19 mm
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decrease in runoff, while an E0 increase of 21.81 mm resulted in a 5.39 mm decrease in runoff. Thus, the
combined effects of P and E0 lead to a runoff reduction of 60.58 mm.

3.4. Climte Elasticity Analysis

In the climate elasticity method, the parameter n in the Yang equation was estimated according
to Equations (12) and (19), based on mean P, E0, and R in the baseline period; the obtained n value
is 1.562. Using Equations (20) and (21), the elasticity coefficients of runoff to P (εP) and E0 (εE0) were
calculated as 1.994 and −0.994, respectively. It indicates that a 10% decrease in P will cause a 19.94%
decrease in R, and a 10% increase in E0 will cause a 9.94% decrease in R. Comparing the elasticity
coefficients of runoff to P and E0, a stronger response of runoff to P than that to E0 are found, which
is in consistent with the results from hydrological sensitivity analysis. According to Equation (18),
the effect of climate variability on runoff can be estimated. A P reduction of 92.31 mm resulted in a
55.48 mm decrease in runoff, while an E0 increase of 21.81 mm resulted in a 5.45 mm decrease in runoff.
Thus, a total of 60.93 mm in runoff reduction can be explained by climate variability.

3.5. Hydrological Simulation

The URRB can be regarded as a natural catchment before the mid-1980s because there was little
human activity in the area during this period. Therefore, the HBV-light model was first calibrated by
using Automatic Genetic Algorithm Package (GAP) optimization and manual calibration based on the
daily climatic and hydrologic data during the period of 1961–1975, and then validated for the period of
1976–1985. The statistics for evaluation of the hydrological model are shown in Table 3. The coefficients
of determination (R2) and Nash–Shutcliffe efficiency (NSE) are greater than 0.8 in both calibration
and validation periods, suggesting a satisfactory model performance [52]. The benchmark efficiencies
(BE) are greater than 0.7, indicating the seasonality in discharge could be captured by the model.
The relative bias (BIAS) is relative small (less than 7%) in both calibration and validation periods.
Figures 5 and 6 show the simulated and observed runoff during the calibration and validation periods.
The results shown in Figures 5 and 6 generally indicate a good match between the observed and
simulated runoffs. These indicate that the HBV-light simulations can capture the temporal variations
of runoff reasonably well in the URRB.
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Table 3. Performance of the hydrological model for the daily runoff simulation in the URRB.

Period NSE R2 BE BIAS (%)

Calibration (1961–1975) 0.89 0.89 0.77 −5.99
Validation (1976–1985) 0.85 0.86 0.72 6.21

After the HBV-light model is benchmarked, meteorological data (P, T and E0) for the impacted
period are used as input to simulated runoff with no consideration of human activities. According to
Equation (22), the difference between the observed and simulated annual runoffs in the impacted
period reflects the impact of human activities. The observed and simulated annual runoffs were
212.42 mm and 237.63 mm in the impacted periods, respectively. Therefore, human activities resulted
in a 25.21 mm decrease in runoff. Compared to the 87.31 mm of actual runoff reduction, climate
variability was responsible for a 62.10 mm reduction in runoff.

3.6. Contributions of Climate Variability and Human Activities to Runoff Decrease

With the simulated results from the three different methods, the effects of climate variability and
human activities on runoff can be separated based on Equations (8)–(11), and the results are shown in
Table 4. The hydrological sensitivity, climate elasticity, and hydrologic simulation methods provided
similar estimates of the change in runoff for the impacted period, induced by climate variability and
human activities. Climate variability should be responsible for 69%–71% of the reduction in annual
runoff, and the 29%–31% runoff reduction is explained by human activities. The runoff reduction
during the impacted period is mainly attributed to climate variability in the URRB; however, human
activities also played an important role in runoff reduction.

Table 4. Effects of climate variability and human activities on mean annual runoff for the impacted
period, as estimated using different methods.

Methods ∆R (mm) ∆RC (mm) ∆RH (mm) ηC (%) ηH (%)

Hydrological Sensitivity −87.31 −60.58 −26.73 69 31
Climate Elasticity −87.31 −60.93 −26.38 70 30

Hydrological Simulation −87.31 −62.10 −25.21 71 29

Figure 7 presents the yearly time series of ∆RC for the impacted period, based on the hydrological
sensitivity, climate elasticity, and hydrological simulation methods. ∆RC, estimated from the
hydrological sensitivity and climate elasticity methods, are basically consistent. Although there
are some differences in ∆RC estimated by hydrological simulation methods for some years, especially
for years when precipitation was very high or low, the overall process of ∆RC presents similar estimates.
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Moreover, a positive effect of climate variability on runoff can be found when the annual precipitation
is high. This phenomenon was also found in some earlier studies in other areas of China, for example,
the Haihe River Basin [12] and the Weihe River Basin [30]. Precipitation is the main source of runoff in
the URRB, and the relationship between P and R is closely related. Therefore, more surface runoff was
produced when precipitation was high.
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4. Discussion

4.1. Effects of Human Activities on Runoff

The parameters w and n in the Fu and Yang equations, respectively, represent the catchment
properties, which are mainly related to properties of soil, topography, and vegetation [43,46]. Since the
changes of soil and topography are not obvious over a period of several decades, changes in the w and
n values are mainly attributed to vegetation change, induced by climate change and local activities.
The average w and n values in the impacted period are higher than those in the baseline period.
Increases in w and n values mean an increase of vegetation [17,28]. In order to study vegetation change
in the catchment, NDVI data from 1982 to 2013 was used to analyze the trend of change in vegetation.
Annual NDVI increased significantly over the URRB during 1982–2013 (Figure 8a). A change point
was detected in 1994, with a significance level of 1% for the annual NDVI series (Figure 8b). The NDVI
increase may be attributed to soil and water conservation, and may also be partially due to climate
variability, especially the increase in temperature. Overall, an increase of vegetation leads to an increase
of evaporation and a decrease of runoff [28,44].
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Human activities, which mainly include water engineering projects, agricultural irrigation, and
increasing water demand, also have direct impacts on runoff changes. Since 2003, reservoirs were
constructed for water storage and supply in order to meet an increasing demand for water. For example,
at the mainstream of the Red River, the Nansha reservoir, with 0.265 billion m3 of storage, and the
Madushan reservoir, with 0.551 billion m3 of storage, were built in 2006 and 2008, respectively.
Reservoirs can result in enhancing the water-withdrawing capacity of the local population, and an
increase in total evaporation from the reservoirs. Moreover, with the enlargement of the irrigation area
in the catchment, dramatic increase in water demand has increased the amount of water drawn from
rivers and reservoirs. With economic development and an increase in population, water demand by
industries and domestic usage has increased, subsequently, resulting in a decrease in runoff.

4.2. Uncertainty of Methods

Uncertainty may come from the approximation in the framework to separate the effects of
climate variability and human activities on runoff. The framework is based on the assumption that
human activity is independent of climate change [12,23]. In fact, the effects of human activities and
climate are inter-related. Bosshard et al. [55] proposed an ANOVA-based method to quantify the
different uncertainty sources in hydrological climate-impact modeling, which will help to promote
the understanding of interactions between terms. Moreover, there is also uncertainty in using change
points to define the baseline period. One reason is that a change point can be the result of human
activity or climate variability. Another reason is the fundamental assumption that, prior to the change
point, human activity was negligible [9].

The hydrological sensitivity and climate elasticity methods denote the response of runoff to
annual P and E0. However, runoff can be influenced by changes in other precipitation characteristics,
such as seasonality, intensity, and concentration [12]. Furthermore, the HBV-light model easily satisfies
the data requirement, but it does not simulate all physical processes of the hydrological cycle when
compared with the distributed hydrological model. Although the model has satisfying results, the
simulated annual runoff still had a slight difference when compared to the observed annual runoff.
Some uncertainties in the simulation may arise from the model parameters [25]. Moreover, uncertainty
exists in the limited hydro-meteorological data. The meteorological data from 11 stations used in this
study might not be sufficient coverage for a mountainous catchment of 38,000 km2.

In the current study, the hydrological sensitivity, climate elasticity, and hydrologic simulation
methods were independently executed and were based on different time scales, and their simulated
results were compared with each other. These methods obtained very similar results for the effects of
climate variability and human activity on runoff, which also reinforced the assessment of effects in
this study.

5. Conclusions

This study quantifies the effects of climate variability and human activities on runoff changes
in the upper catchment of the Red River Basin, China. The results indicated that annual runoff had
a significant decreasing trend during the period of 1961–2012. A change point in the annual runoff
coefficient occurred in 2002. Accordingly, the annual runoff series were divided into a baseline period
(1961–2002) and an impacted period (2003–2012). Mean annual runoff in the impacted period decreased
by 29.13% when compared to the baseline period. The hydrological sensitivity, climate elasticity, and
hydrological simulation methods were used to separate the effects of climate variability from human
activities. Climate variability was the dominant factor, accounting for 69%–71% of the reduction in
annual runoff; human activities are responsible for 29%–31% of the runoff reduction. The results can
provide a scientific basis for sustainable water resource planning and management in the catchment.
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