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Abstract: This study conducted quantitative diagnosis on the impact of climate change and human
activities on drought risk. Taking the Kuye river basin (KRB) in China as the research area, we used
variation point diagnosis, simulation of precipitation and runoff, drought risk assessment, and
attribution quantification. The results show that: (1) the annual runoff sequence of KRB changed
significantly after 1979, which was consistent with the introduction of large-scale coal mining; (2) under
the same drought recurrence period, the drought duration and severity in the human activity stage
were significantly worse than in the natural and simulation stages, indicating that human activities
changed the drought risk in this area; and (3) human activities had little impact on drought severity
in the short duration and low recurrence period, but had a greater impact in the long duration and
high recurrence period. These results provide scientific guidance for the management, prevention,
and resistance of drought; and guarantee sustainable economic and social development in the KRB.

Keywords: drought risk; climate change; human activities; quantitative attribution; artificial
neural network

1. Introduction

Drought, an abnormal water shortage caused by imbalance in the water cycle, is an extreme event
in the water cycle. Many definitions of drought exist, including meteorological drought, agricultural
drought, socio-economic drought, and hydrologic drought [1,2]. The latter is defined as a deficit in
surface water or groundwater, including a reduction in water supply for drinking water, irrigation,
industrial needs, and hydropower production, causing the death of fish and hampering navigation [1].

The change in the hydrological drought risk of watersheds is the result of environmental change,
mainly modification in global natural conditions, such as climate change and human activities, which
can have strong local impacts and contribute to global effects. Influenced by climate change marked
by global warming, and driven by high-impact human activities, global change has become obvious
over the past 100 years. The water cycle process has changed to different degrees, reflected in the
increasing risk of natural disasters represented by flood and drought disasters [3–5]. The occurrence of
drought events is worsening, with higher frequency, greater severity, and wider scope [6]. Serious and
extreme drought events are increasing, as is the destruction caused by drought disasters [7], posing a
serious threat to human living environments, food security, social stability, and sustainable economic
development. With climate warming, population growth, and economic development, the frequency
of drought in Northwest China is among the highest in the country. Large-scale severe drought has
been frequently recorded, resulting in increasingly serious losses and impacts on the environment.
Therefore, drought is known to seriously threaten sustainable economic and social development [8].

Water 2019, 11, 1958; doi:10.3390/w11101958 www.mdpi.com/journal/water

http://www.mdpi.com/journal/water
http://www.mdpi.com
https://orcid.org/0000-0002-7384-3362
http://dx.doi.org/10.3390/w11101958
http://www.mdpi.com/journal/water
https://www.mdpi.com/2073-4441/11/10/1958?type=check_update&version=2


Water 2019, 11, 1958 2 of 14

On analyzing several research works, we found that drought is affected by climatic factors (natural
climate and anthropogenic climate), environmental resource factors, topographic and geomorphic
factors, water resource conditions, social and economic factors, population growth factors, coal mining,
water conservancy facilities, and other land use factors [7,9–13]. Strzepek et al. [14] and Kirono et al. [15]
used global climate models to study the factors affecting drought in Australia and most parts of the
United States, respectively. The results show that the emission of aerosols will increase the area affected
by drought and escalate the frequency of drought. Wang et al., based on 35 climate models and two
emissions scenarios (RCP4.5 and RCP8.5), applied the coupled model inter-comparison project phase 5
(CMIP5) model to forecast China’s future drought situation; the results showed that China’s drought
situation may worsen with temperature increases [16]. Based on the measured meteorological data of
101 meteorological stations in the Yellow River basin and the precipitation and temperature data of six
models from 1961 to 2099 under the three emission scenarios of CMIP5, Yang et al. (2018) assessed
the drought in the Yellow River basin, and the results show that the drought conditions in the early
21st century under the three emission scenarios were all severe, relative to the baseline period [17].
According to Williams et al.’s analysis of drought in California, the main driving factor is precipitation.
Although natural variation is dominant, the climate warming caused by human activities intensifies
the probability of drought occurrence in California, and with a continuous increase in temperature,
water will evaporate from plants and soil into the air, leading to the aggravation of drought severity in
the state [18].

Therefore, calculating the proportion of the contribution of climate change and human activities to
the risk of drought is important to guide the work of local governments in preventing and combating
drought. However, little research has been conducted on the issue. For example, Jiang et al. used
empirical parameter statistical analysis to separate and quantitatively evaluate the factors impacting
flood disaster area in Xinjiang for more than 50 years; the results show that flood disasters in Xinjiang
were mainly affected by human activities and precipitation anomalies [19]. This research idea can
be applied to the quantitative attribution of drought risk change. Al-faraj et al. showed that the
construction of reservoirs in upstream regions in the Diyala River basin in central Asia significantly
changed the hydrological situation in the downstream region, aggravating the hydrological drought [20].
Zhang et al. studied the drought risk in the Huaihe River basin, showing that the construction and
operation of reservoirs can reduce the occurrence frequency of hydrological drought in the downstream
region and extend the duration of drought [21]. Luan et al. drew a drought scale map and found that
since the 1960s, drought events in the Fen and Wei plains have been increasing, but the occurrence
frequency of extreme drought and excessive drought has been significantly reduced, which is related
to the introduction of several water conservancy projects during this period, which reduced the harm
level of drought events to some extent [22]. Based on the monthly runoff data of Boluo station in
the Dongjiang River basin, Tu et al. constructed multivariate joint distribution of hydrological and
drought indicators using the meta-Gaussian Copula function, and quantitatively assessed the impact of
reservoir runoff regulation on hydrological and drought multivariate joint characteristics. The results
showed that the regulation of reservoir runoff alleviated the hydrological drought in the Dongjiang
River basin, but the multi-variable joint transcendence period of the same group of drought indicators
significantly increased under the influence of the reservoir [23].

However, most studies on the impact of climate change and human activities on drought risk
are qualitative or semi-quantitative, and very few have focused on drought risk change. With the
increasingly severe impacts of climate change and human activities on hydrology and water resources
in river basins, non-quantitative research does not help in understanding the internal mechanism of
hydrology [24]. Determining how to quantitatively distinguish the impacts of climate change and
human activities on the hydrological cycle and the water resource formation process within a region
has become a focus of academic research [25,26]. The lack of hydrological, soil, and vegetation data
in the region cannot meet the requirements of climate and hydrological models. Rainfall and runoff

data, which are easy to obtain, directly reflect change in water resources. Therefore, we propose a
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variation attribution analysis method based on the relationship between precipitation and runoff.
On the basis of identifying and dividing the reference period, this method starts from the runoff,
showing the change in hydrological and drought risk and the precipitation reflecting climate change,
and simulates a runoff series in the variation period only subject to climate change. Then, the monthly
runoff of the three stages (natural stage, human activity stage, and simulation stage) is obtained,
and the recurrence period, duration, and severity of drought are calculated according to the runoff of
the three stages, such that the contribution rate of various factors affecting the variation of drought risk
can be quantitatively calculated. A case study of the Kuye river basin (KRB) in China was conducted
to verify the effectiveness of the method.

The contributions of this method include: (1) coupling the precipitation and runoff simulation
and hydrological sequence variation points of diagnosis and methods, such as hydrologic drought
risk assessment; (2) revealing the factors driving drought risk in terms of climate change and human
activities on drought duration, drought severity, and return period of drought to guide disaster
prevention and mitigation practice; and (3) introducing an idea to study the variation in drought risk,
which can be used for attribution diagnosis of meteorological drought, agricultural drought, and social
and economic drought.

The following sections are arranged as follows. Section 2 introduces the framework of our
method in detail, including the ordered clustering method (OCM) for the diagnosis of variation points,
the artificial neural network (ANN) method to simulate the relationship between precipitation and
runoff, the Copula method for drought risk assessment, and the attribution diagnosis method for
hydrological factors. Section 3 introduces the hydrology and geography of the KRB. Section 4 applies
the above method framework and takes the KRB as an example to obtain variation point diagnosis
results, ANN simulation results, three-stage Copula drought risk assessment results, results of climate
change, and the human activity contribution ratio. Section 5 summarizes our conclusions.

2. Methodology

2.1. Ordered Clustering Method (OCM)

As global climate change and human activities increase, the statistical scale of hydrological
elements have changed, and the hydrological series, including precipitation and runoff, which are
closely related to human production and life, have lost their original consistency. Scholars have
conducted extensive and effective work in the diagnosis of water resource variation [26,27]. Xie et al.
proposed an approach to evaluate the significance of abrupt changes in time series at five levels: no,
weak, moderate, strong, and dramatic change; and stated that human activities contributed much more
than climate change to the abrupt changes in the corresponding surface water resources amount [26].
Song et al. studied the changes in the frequency of precipitation extremes and their contributions to
total precipitation at different extreme percentile thresholds. They found that extreme precipitation
events with high-percentile thresholds have more spatial and temporal variability than those with
low-percentile thresholds [27]. The affected series and the original series (natural series) of data can be
regarded as two different classes. Therefore, OCM can be used to deduce mutation points between the
natural series and the affected series.

OCM is essentially used to deduce the optimal segmentation point to minimize the sum of squares
of deviations among similar classes, when the sum of squares of deviations between classes is relatively
large [28,29]. If the hydrological series has two distinct stages, the time series changes of the sum of
squares of the total deviations show a single valley bottom, and the year corresponding to the valley
bottom is the optimal series mutation year. The optimal segmentation method is as follows:

Vτ =
τ∑

i=1

(xi − xτ)
2 (1)
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Vn−τ =
n∑

i=τ+1

(xi − xn−τ)
2 (2)

where n is the length of the series, and τ is the possible variation position; xτ and xn−τ are the mean
values of hydrological series before and after the variation points, respectively; Vτ and Vn−τ are the
sum of deviation squares of each stage.

The total sum of squares of deviations can be calculated as:

Sn(τ) = Vτ + Vn−τ (3)

when the Sn(τ) is a minimum value and the corresponding point τ is the optimal point of division.

2.2. ANN Method to Simulate the Relationship Between Precipitation and Runoff

Artificial neural network (ANN) has attracted attention due to its advantages in solving highly
nonlinear problems [30]. The back-propagation (BP) algorithm, which was used to train the ANN
models, is the most popular training algorithm for Multilayer Perception (MLP)—ANN models, which
are the most applied ANN types in the field of hydrology [31]. Experts have extensively applied the
BP ANN to the study of precipitation and runoff simulation over the years, perfecting its theory and
technology [32–35].

When we used the BP network to simulate the relationship between precipitation and runoff in
KRB, we mainly used the precipitation of the first six months to simulate the monthly runoff, so the
6-10-1 network structure was adopted for simulation. When choosing the month of precipitation data,
we considered that the model should reflect the change in soil water storage in the basin, and the
number of months should not be too small; to make the model more concise, the input data should
not be excessive, so we chose precipitation prediction runoff of the first six months. The calculation
process was mainly simulated using the Visual C++ 2010 (Microsoft Corporation, Redmond, DC, USA)
programming platform.

The Nash–Sutcliffe efficiency (NSE) coefficient, commonly used in the field of hydrological
simulation, was adopted as the evaluation tool for the simulation effect [36]:

NSE = 1−

∑N
i=1(Qoi −Qsi)

2∑N
i=1

(
Qoi −Qo

)2 (4)

where Qoi is the observed runoff, Qsi is the simulated runoff, and Qo is the total average of the observed
runoff. NSE has a range of −∞ to 1. An NSE value close to 1 indicates that the model is of good quality
and high reliability. An NSE close to or less than 0 indicates that the output value of the model is too
large from the observed value, and the cause of the problem needs to be found.

2.3. Drought Risk Assessment Method

The model includes the following four steps.

2.3.1. Step 1: Identification of Drought Processes

The run-length theory [1,37] is generally adopted to set the threshold value of the hydrological
series. In this paper, this hydrological series is the monthly runoff depth, which represents the river flow
discharge. The runoff falling below a certain threshold is recognized as a drought event. The threshold
value can usually be determined by the percentage of the historical mean of runoff in a certain period,
such as −20% and −40% [37]. According to the run-length theory and the set threshold, the drought
duration and corresponding drought severity can be identified. A schematic diagram identifying the
drought process is shown in Figure 1, where a, b, c and d represent 4 drought events. We then obtained
the drought duration (D) and drought severity (S) of each drought event.
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Figure 1. Schematic diagram of drought identification.

2.3.2. Step 2: Determination of Marginal Distribution of Drought Characteristics

The marginal distribution of drought duration and severity are the basis for determining the joint
distribution of drought risk. Generally, γ distribution and its deformation forms, such as exponential
distribution and Pearson type III distribution, can be adopted [27,37,38]. Considering the generality of
the marginal distribution calculation method, we uniformly adopted γ distribution to determine the
marginal distribution of drought characteristics. Then, we obtained the probability density function of
drought duration u(d) and drought severity v(s) and the distributed function FD(d) and FS(s).

2.3.3. Step 3: Determination of Joint Distribution of Drought Risk

Copula function is widely used to measure the joint distribution of drought risk. Various forms of
the Copula function exist, among which Gumbel–Hougaard (GH) Copula in Archimedean Copula is
the most commonly used, including in the field of hydrology [37,38]. The function form of GH Copula
is as follows:

FD,S(d, s) = C(u, v) = exp
{
−

[
(− ln u)θ + (− ln v)θ

] 1
θ

}
(5)

where the parameter θ can be obtained through the Kendall correlation coefficient between drought
duration and drought severity. Therefore, we also used the GH function to determine the joint
distribution of drought duration and drought severity.

2.3.4. Step 4: Recurrence Period of the Joint Distribution of Hydrological Drought Risk

According to joint distribution of the above Copula functions in Equation (3), when drought
duration D > d and drought severity S > s, the drought recurrence period T(d, s) is [39]:

T(d, s) =
E(L)

P(D > d∩ S > s)
=

E(L)
1− FD(d) − FS(s) + FD,S(d, s)

(6)

where E(L) is the expectation of the interval between two drought events, equal to the sum of the
average of drought duration and non-drought duration.

2.4. Quantitative Identification of Drought Risk Attribution

The precipitation and runoff simulation approach was adopted to simulate the runoff sequence
without the influence of human activities, and then the hydrological drought recurrence period of each
stage can be calculated according to the GH Copula function to quantitatively identify the attribution
of drought risk change.

We suppose that the variation points are divided into three stages: natural stage 1 (observation),
human activities stage 2 (observation), and ANN-simulated stage 2 (simulation). Under a certain
drought recurrence period T and drought duration D, the first stage has drought severity S1 and runoff

R1, and the second observation stage has severity S2 and runoff R2, as shown in Figure 2. According to
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the ANN simulation in Section 2.2, the functional relationship between R1 and P1 was established, R1

= F(P1), and, combined with the hydrological drought risk Copula calculation function, the runoff

R2s obtained after the simulation can be used to calculate the drought severity under each recurrence
period and drought duration.
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Figure 2. Schematic diagram of quantitative identification of drought risk attribution.

For the first stage, we have S1 = C(R1|T, D), where the F function constitutes the factors of
the underlying surface. If human activities have no influence, we think that this F function is also
applicable to the second stage. However, according to the calculation of R2s and Copula function, a
large difference 4SH exists between S2s and the observed S2. This indicates that the underlying surface
of the second stage has undergone significant changes under the influence of human activities. As the
underlying surface F adopted by S2s in the simulation calculation is the same as that of the first stage,
the difference in the value between S2s and S1, 4SC, reflects the influence of climate change.

In Figure 2, the difference between S1 and S2, 4ST, reflects the total change in drought severity.
It has two parts: one caused by human activities, and the other by climate change.

The following equations outline the method of analyzing the impact of environmental change
on runoff:

∆ST = S2 − S1 (7)

∆SH = S2 − S2s (8)

∆SC = S2s − S1 (9)

ηH =
∆SH

∆ST
× 100% (10)

ηC =
∆SC
∆ST

× 100% (11)

where ηH and ηC are the percentages of impacts of human activities and climate change on the
contribution to hydrological drought severity, respectively.

3. Site Description

The KRB is located between 109◦28’ and 110◦52’ E, and 38◦23’ and 39◦52’ N, with an area of about
8706 km2 and total length of 242 km. Elevation of the KRB is about 800–1300 m, with a river source
elevation of 1498.7 m and estuary elevation of 740.6 m, which is a total drop of 758.1 m with average
river slope of 2.55%�. The terrain in this region is high in the northwest and low in the southeast,
and the depth of gullies is more than 150 m. The basin has a warm temperate semi-arid continental
monsoon climate: dry and windy in spring, hot and rainy in summer, rainy and cold in autumn,
and dry and cold in winter. The annual average temperature is 8.9 ◦C, ranging from −28.1 ◦C to
38.9 ◦C, with snow cover in winter. The average annual precipitation is 375–450 mm, increasing from
northwest to southeast, mainly occurring from July to October, accounting for more than 70% of the
annual precipitation.
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We collected monthly precipitation data from 17 rain-measuring stations in the KRB and monthly
runoff data from the Wenjiachuan hydrological station from 1954 to 2005. The Wenjiachuan station
is the most downstream control station along the Kuye River, which flows into the Yellow River in
Shamao Village, Shaanxi Province, China [40]. The locations of the 17 rain-measuring stations and the
Wenjiachuan hydrology station are shown in Figure 3.
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The conditions of the underlying surface of the KRB are complex. The soil in the watershed is
loose and barren, and soil erosion is serious due to the lack of vegetation on the surface. The KRB
is rich in high-quality coal resources, and the famous Shenfu-Dongsheng coal field runs through the
middle of the basin. In the 1980s, with the focus shifting from coal resources development in China to
the fragile ecological environment in the west, large-scale coal mining began in the KRB [41,42].

4. Results and Discussion

4.1. Variation Point Diagnosis

To qualitatively understand the changes in precipitation and runoff in the KRB, annual precipitation
and runoff were plotted as shown in Figure 4.
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Figure 4a shows that average annual precipitation in the KRB is close to the horizontal line,
indicating that the annual precipitation changed little in the study period. However, annual runoff

decreased by more than 50% year by year from 1980 onward.
The results of the OCM are shown in Figure 4b. The figure shows the smallest sum of deviations

of squares in 1979, which can be used as a variation point. This result is consistent with the large-scale
coal mining that has occurred in the region since 1979 [41].

4.2. ANN Simulation Results

4.2.1. Simulation and Prediction Results

Monthly precipitation from 1954 to 1979 was used as the input and corresponding monthly runoff

as the output. The simulated monthly precipitation and monthly runoff results are shown in Figure 5a.
Monthly precipitation from 1980 to 2005 was input into the ANN; the monthly runoff predictions for
human activities are shown in Figure 5b.

Water 2019, 11, 1958 8 of 14 

 

Figure 4a shows that average annual precipitation in the KRB is close to the horizontal line, 
indicating that the annual precipitation changed little in the study period. However, annual runoff 
decreased by more than 50% year by year from 1980 onward.  

The results of the OCM are shown in Figure 4b. The figure shows the smallest sum of deviations 
of squares in 1979, which can be used as a variation point. This result is consistent with the large-
scale coal mining that has occurred in the region since 1979 [41]. 

4.2. ANN Simulation Results 

4.2.1. Simulation and Prediction Results 

Monthly precipitation from 1954 to 1979 was used as the input and corresponding monthly 
runoff as the output. The simulated monthly precipitation and monthly runoff results are shown in 
Figure 5a. Monthly precipitation from 1980 to 2005 was input into the ANN; the monthly runoff 
predictions for human activities are shown in Figure 5b. 

 

 
Figure 5. Artificial neural network (ANN) (a) simulation results from 1954 to 1979, and (b) model 
prediction results from 1980 to 2005. 

In the ANN simulation results in Figure 5a, the observed values are consistent with the 
simulated values, indicating that simulation quality was satisfactory. The NSE value of 0.801 further 
quantitatively indicates that the ANN model has accurately established the functional relationship 
between monthly precipitation and monthly runoff. 

However, the prediction in Figure 5b shows that the calculated value of the model is much larger 
than the observed value, indicating a significant error between the calculated value of the model and 
the observed value. The NSE value of −2.312 is far less than 0, which further indicates that the monthly 
runoff calculated by the model deviates from reality.  

0 

10 

20 

30 

40 

50 

60 

70 

80 

M
on

th
ly

 ru
no

ff
 /m

m

Year

Observed

Simulated

(a)

0 

10 

20 

30 

40 

50 

60 

70 

80 

M
on

th
ly

 ru
no

ff
 /m

m

Year

Observed

Simulated

(b)

Figure 5. Artificial neural network (ANN) (a) simulation results from 1954 to 1979, and (b) model
prediction results from 1980 to 2005.

In the ANN simulation results in Figure 5a, the observed values are consistent with the simulated
values, indicating that simulation quality was satisfactory. The NSE value of 0.801 further quantitatively
indicates that the ANN model has accurately established the functional relationship between monthly
precipitation and monthly runoff.

However, the prediction in Figure 5b shows that the calculated value of the model is much larger
than the observed value, indicating a significant error between the calculated value of the model and
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the observed value. The NSE value of −2.312 is far less than 0, which further indicates that the monthly
runoff calculated by the model deviates from reality.

4.2.2. ANN Simulation Discussion

The calculation results of the simulation model are relatively high because the ANN model used
to establish the relationship between monthly precipitation and monthly runoff is based on historical
data, which were not affected by human activities from 1954 to 1979. The model was used to predict
the annual runoff from 1980 to 2005, which was a period affected by human activities. However,
this deviation reflects the extent of human activities. For example, during the period from 1980 to
2005, the newly built water diversion irrigation system or the introduction of high-water consumption
industries, such as coal mining, consumed a large amount of water from the river. The result is that the
discharge measured by hydrologic stations was relatively small.

Figure 6 further demonstrates the difference between the simulated monthly runoff and the
observed monthly runoff on the annual scale.
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Figure 6. Simulated and observed annual runoff.

Figure 6 shows that in the period from 1954 to 1979, which was not affected by human activities,
the simulated results of the model are basically consistent with the observed annual runoff, indicating
that the simulated results of the model were accurate. However, during the period from 1980 to 2005,
the annual runoff simulated by the model was higher than the observed value. In this period, at the
beginning of the 1980s and 1990s, this phenomenon was not obvious. Later, the simulated runoff of the
model was seen to be generally larger than the observed runoff. This is directly related to the coal
mining that started in the early 1980s [42]. Until the 1980s, almost zero coal was mined annually in
the KRB. In the 1980s, the average annual coal mining amount was about 29 × 104 t. In the 1990s,
the average annual coal mining amount increased to 520 × 104 t. In the first five years of the 21st
century, the average annual coal mining amount increased rapidly to 5452 × 104 t, seriously damaging
the ecological environment in the region.

4.3. Results of Drought Risk Assessment

Based on the observed R1 in the first natural stage, and R2 and R2s in the second human activity
stage, the drought process was identified by the run theory, and the hydrological drought risk in each
stage was calculated by the GH Copula function, as shown in Figure 7. The parameters of the Copula
function are shown in Table 1.
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Table 1. Copula function parameters. R2—coefficient of determination.

Monthly Runoff Series Kendall Correlation
Coefficient (τ)

Copula Parameters (θ)
θ = 1/(1 − τ) R2

1954–1979 observed 0.394 1.650 0.946
1980–2005 observed 0.515 2.154 0.911
1980–2005 simulated 0.438 1.779 0.816

Figure 7 shows that the drought duration and drought severity in the natural state stage in
Figure 7a are generally consistent with Figure 7c in the simulated state under each recurrence period.
This indicates that without large-scale increase human activities, the drought risk status in the basin
from 1980 to 2005 would not have changed significantly.

The results also indicate that climate change has contributed less to the recurrence of drought in
the region. However, the drought recurrence period during the stage of human activities (Figure 7b)
shows a significant increase in both duration and severity. For example, under the return period of
100 years, the drought duration increased about five times, while the severity of drought increased by
nearly four times, severely restricting local social and economic development.

The above results provide a qualitative analysis of the impact of climate change and human
activities on drought risk, which needed to be further quantitatively analyzed.

4.4. Quantitative Analysis of Contribution Rate of Climate Change and Human Activities to Drought Risk

According to Equations (7)–(11), the contribution rate of climate change and human activities to
the change in drought severity was quantitatively calculated under the condition of drought durations
of 1, 2, 5, and 10 months, and the recurrence periods of 2, 5, 10, 20, 50, and 100 years, as shown in
Figure 8. The figure shows that human activities and climate change jointly affected the drought
severity values under different drought recurrence periods. The red columns are longer, indicating
a greater impact of human activity. This is consistent with the little change occurring in annual
precipitation (Figure 4a) and large-scale human activity in the area.

Specifically, when the duration of drought is short, one or two months, and the recurrence period
is low (two years), the contribution of climate change and human activities to drought severity is
opposite compared to under other conditions. Figure 8a–d show that human activities contribute to
reducing drought severity in a low drought recurrence period. This shows that local water resources
protection measures, such as soil and water conservation, can promote the alleviation of frequent
small-scale droughts, though the effect on reducing major drought disasters is limited. The unlimited
development of rivers and other water resources, must still be reduced, and corresponding water
resources planning and use policies must be formulated.
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As the drought duration increased to 5 and 10 months, drought severity in the minor recurrence
period could not be calculated. For example, when D = 5 months, the drought severity in the recurrence
periods of two and five years can no longer be calculated because drought duration and drought
severity jointly determine the recurrence period of drought. Greater drought duration is usually
accompanied by greater drought severity.

For the 100-year drought recurrence period, the variation in each drought severity value is close to
100 mm. This value is also close to the difference between the simulated annual runoff and the observed
annual runoff in Figure 6, likely caused by the excessive exploitation of water resources by local
large-scale water industries. Therefore, if this region wants to prevent major drought disaster events
that occur once in a century, it is necessary to adjust the current high-consumption water industry
situation in the region and realize the sustainable use of water resources [43], for example, through the
transfer of high-consumption water industries to other areas with abundant water resources, improving
the water use rate of high-consumption water industries or massively increasing the proportion of
reclaimed water [44]; the idea of virtual water can also be used as a reference for changing the local
grain planting structure [45,46] to reduce the overall risk of large-scale drought disaster.

5. Conclusions

(1) The annual runoff series in the KRB changed significantly after 1979. The annual runoff

decreased year over year after the variation, while the average annual precipitation changed little.
(2) ANN can be used to simulate the relationship between monthly precipitation and monthly

runoff in the period not affected by human activities, but the simulation results for the period affected
by human activities are poor. Human activities became widespread in the area after 1979, leading to a
change in the relationship between monthly precipitation and monthly runoff. The difference between
simulated and measured results reflects the influence of human activities on runoff and hydrological
drought risk.

(3) The quantitative identification of drought risk generally reflects that human activities mainly
contributed to the increase in drought risk in this region, but human activities have a beneficial effect
on drought events with a short recurrence period of two years and contributed more to high-risk
drought events with recurrence of five years and longer.

We mainly focused here on the hazard of hydrological drought risk. Further research should
consider the vulnerability and exposure to hydrological drought. Additionally, the methods we used
are simple in that the data-driven precipitation–runoff model does not consider hydrological factors
such as evapotranspiration, temperature, and soil water storage in the basin. Therefore, further studies
should adopt a hydrological model with a physical mechanism.
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