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ESD frequency is count data and shows a strong correlation with PCs. Consequently, we used
Poisson regression and neural networks to predict ESD. After trying different options to select PCs,
we choose PC1~4 as prediction parameters, which gives much better results than PC1~3 and cannot be
significantly improved by additionally choosing PC5. Table 3 shows the coefficients of each possible
predictors and the corresponding p-values (all p-values are near to 0) using Poisson regression, while
the coefficient of determination (R-squared value) between original ESD and simulated results by
Poisson regression is 0.834, which strongly suggests these variables to be prediction parameters.

Table 3. Coefficients of Poisson regression.

Estimate Std. Error z value Pr(>lzl) Remark
Intercept 4.6318 0.0186 249.018 <2 x 1071 i
PC1 —2.3031 0.1483 —15.530 <2 x 10716
PC2 1.5252 0.1111 13.728 <2 x 10716 ek
PC3 —1.0643 0.1128 —9.437 <2 x 10716
PC4 —0.7187 0.1155 —6.220 5x 10710 ek

*** means significance level is nearly 0.

After testing the effectiveness of four candidate predictors, we used leave-one-out cross-validation
to investigate the predictability of Poisson regression and neural networks. The predicted ESD versus
original records is given in Figure 5a,b, where the high R-squared value (0.791 for Poisson regression
and 0.924 for neural networks) suggests PCs of teleconnection indices to be useful in the prediction of
ESD over CDR. In addition, the application of the neural networks to the PCs resulted in a significant
improvement in the under-estimation of the top quartile group in ESD with a high determinant
(R? =0.924). For the ROC analysis, we predict the ESD of one decade for each time using Poisson
regression and neural networks, and then classify the predicted result and original ESD based on
thresholds, ranging from minimum to maximum ESD, to be positive (both greater than, equal to or less
than the threshold) or negative. After that, we plot the results as shown in Figure 5c,d. The diagonal
line connecting the left bottom and top right corners represent random guess results. Points below
the line indicate worse results than random guesses, points closer to (0,1) suggest better results. The
red points in the figure indicate FPR < 0.1 and TPR > 0.8, so the corresponding thresholds (around
80 for Poisson regression and 100 for neural networks) are useful in classifying the predicted results.
For neural networks, ten thresholds around 100 can lead to a perfect classification result with FPR =0
and TPR = 1. This result suggests Poisson regression and neural networks to be helpful in predicting
ESD over CDR using teleconnection indices.

(a) (b)

Figure 5. Cont.
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Figure 5. Extreme spring drought (ESD) frequency over CDR (a) using Poisson regression; and (b)
neural networks. Receiver Operating Characteristics (ROC) evaluation for prediction results of (c)
Poisson regression; and (d) neural networks.

FPR using neural network

4. Summary and Conclusions

This study analyzed the trend of spring precipitation and ESD frequency and their lagged
correlation with atmospheric teleconnection patterns over China to detect the characteristics and
causes of ESD and improve its predictability. Based on complete daily precipitation data from
1961-2017 covering 537 stations over Chia, SPI3 are computed for drought analysis. The main results
are summarized as follows. In recent decades (2001/2007/2011), central and southeast China has
undergone several severe drought disasters. Therefore, a CDR over 25 °N-35 °N, 105 °E-120 °E under
more severe drought risk is defined for drought prediction in this study. According to modified MK test
on spring precipitation and ESD, it was found that there is a significant decadal drying trend in central
and southeast China, which is approximately identical with CDR. To predict drought events over CDR,
eight teleconnection indices have been chosen as candidate parameters through lagged correlation
analysis. Firstly, PCA is employed to extract useful information in predictors and reserve it in linearly
uncorrelated variables, and then these PCs are adapted to conduct further forecasting analysis.

Based on PC1 and PC2 using the tree-based model, ESD over CDR is classified into three groups,
where ESD frequency is higher in Group 3 according to the empirical probability function. This result
may be used as a useful warning signal—when PC1 < 0. 04479 and PC2 > —0.02289, the drought
risk is higher over CDR. When we use Poisson regression to model ESD over CDR, the coefficient of
determination between the model result and original ESD has reached 0.834, which strongly suggests
these variables to be prediction parameters.

ESD over CDR is well predicted by Poisson regression and neural networks using PCs, with the
R-squared value equal to 0.834 and 0.914. The ROC evaluation of the prediction results also suggests
these two models be candidate prediction techniques. In addition, this study identified the applicability
of the ESD prediction in China’s CDR through combined neural networks and PCs for ATPs. The
results of the study were based on limited observations, but this study makes it possible to diagnose
ESD and clarify its drought prediction techniques and practical strategies for coping with ESD in China.
Then Leave-one-out cross-validation is applied to investigate the predictability of Poisson regression
and neural networks. The higher R-squared value 0.924 for neural networks (compared to 0.791
for Poisson regression) reveals that ESD over CDR is highly predictable using PCs and appropriate
methodology. Besides, the application of the neural networks to the PCs resulted in a significant
improvement in the under-estimation of the top quartile group in ESD. Using the ROC analysis, ten
thresholds around 100 can lead to a perfect classification result with FPR = 0 and TPR = 1 based on
neural networks. Based on the above analysis, we highly suggest that the excellent classification result
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of ESD based on PC1 and PC2 and the high predictability using neural networks on ESD may be
helpful in drought management in central and southeast China.
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Abstract: The global rainfall pattern has changed because of climate change, leading to numerous
natural hazards, such as drought. Because drought events have led to many disasters globally,
it is necessary to create an early warning system. Drought forecasting is an important step toward
developing such a system. In this study, we utilized the stochastic, autoregressive integrated moving
average (ARIMA) model to predict drought conditions based on the standardized precipitation index
(SPI) in southern Taiwan. We employed data from 1967 to 2006 to train the model and data from 2007
to 2017 for model validation. The results showed that the coefficients of determination (R?) were over
0.80 at each station, and the root-mean-square error and mean absolute error were sufficiently low,
indicating that the ARIMA model is effective and adequate for our stations. Finally, we employed the
ARIMA model to forecast future drought conditions from 2019 to 2022. The results yielded relatively
low SPI values in southern Taiwan in future summers. In summary, we successfully constructed an
ARIMA model to forecast drought. The information in this study can act as a reference for water
resource management.

Keywords: stochastic model; ARIMA model; drought forecasting; southern Taiwan

1. Introduction

Drought is a natural phenomenon which can be classified into four categories: meteorological,
hydrological, agricultural, and socioeconomic drought. Among these, meteorological drought can
precede and lead to the other three types. Itis essentially caused by insufficient precipitation and usually
results in severe disaster events. Dai [1] found that the global trends of observed annual precipitation
from 1950 to 2010 showed a decline in areas such as Africa, Southeast and East Asia, Eastern Australia,
and Southern Europe. These results indicate that water shortages are becoming increasingly severe,
which may lead to drought. However, drought events not only lead to environmental changes but also
have serious impacts on the social economy and agricultural development [2]. For example, between
1976 and 2006, the total cost associated with drought in Europe was as high as €100 billion, while the
number of people affected by drought increased by 20% [3]. Therefore, it is important to assess drought
conditions to develop a mitigation strategy.

Many drought indices have been proposed to assess meteorological drought to identify the
occurrence of drought events. Among these, the standardized precipitation index (SPI) has been widely
employed to evaluate the intensity of meteorological droughts, owing to the following advantages.
First, the SPI is based only on long-term rainfall data. Second, the SPI is in a standardized form, which
means that it can be compared between different regions. Third, it has variable timescales, which
allows it to describe different drought conditions. Therefore, the SPI was selected as the meteorological
drought index in the present study.

Because a drought varies slowly in time, it is generally not discovered until a disaster occurs.
Therefore, an effective monitoring system is required to mitigate the impacts of droughts. An effective
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monitoring system can help to establish an early warning system for drought [4], and drought
forecasting is an important step toward developing such an early warning system. Forecasting
future drought conditions in a region is critical for the sustainability of water resource planning and
management. In addition, drought forecasting plays a vital role in drought risk assessment [5,6] and
provides information for water resource managers and policy makers to take precautions against
droughts in advance [7]. There have been many previous studies concerning drought forecasting,
such as detecting occurrences of drought and predicting the duration and severity of a drought event.
However, the main challenge is to select a suitable and effective tool for forecasting [6-8].

There exist many methodologies for forecasting drought events based on drought indices, such as
regression analysis [9,10], stochastic models [7,11-14], probability models [15], artificial intelligence
(AI)-based models [16-19], and dynamic modeling [20,21].

The stochastic model, also known as the time series model, has been utilized to predict hydrological
time series. In general, the time series model has a weak capability for modeling data with nonlinear
characteristics but is able to effectively fit linear data such as streamflow and precipitation. In addition,
there are periodic characteristics and serial correlations between observations in hydrological time
series, and the time series model can describe these features well and perform systematic modeling.
The most useful and common class of stochastic model is the autoregressive integrated moving
average (ARIMA) model. The advantages of the ARIMA model include low data input requirements,
a simple computational process [22], and few model parameters being required to describing the time
series [10,11]. It is also suitable for nonstationary data. Owing to these merits, this time series model is
superior to other statistical models [7,23].

The purpose of this study was to develop a valid linear stochastic model based on an SPI time
series in southern Taiwan. According to a previous study, most studies have only developed the
ARIMA model to fit their own time series data, and few studies have actually predicted future drought
situations. Hence, in this study, we utilized the ARIMA model to forecast drought conditions over
next four years, from 2019 to 2022.

2. Study Area

The study area is located in southern Taiwan and includes the Pozi River basin, Bazhang River
basin, Jishui River basin, Yanshui River basin, Erren River basin, Gaopping River basin, and Linbian
River basin. It belongs to the tropical monsoon climate zone. There is abundant rainfall, but owing to
the uneven distribution of rainfall in time and space, the region is characterized by distinct wet and
dry seasons. In this study, we selected one rainfall station in each basin, with records from the years
1967 to 2017. Information on the rainfall stations is presented in Table 1, and the spatial distributions of
the rainfall stations at each basin are shown in Figure 1.

Table 1. Information on rainfall stations at each basin.

Basin Station Short Name
Pozi River basin Zhang Nao Liao-2 PR1
Bazhang River basin Da Hu Shan BR1
Jishui River basin Guan Zi Ling-2 GR1
Yanshui River basin Qi Ding YR2
Erren River basin Gu Ting Keng RR2
Gaoping River basin Ping Dong-5 KR3
Linbian River basin Nan Han LR2
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Figure 1. Spatial distribution of the elevation and rainfall stations at each basin.

3. Methodology

3.1. SPI

There exist many methods that can identify drought events, and using drought indicators is the
most convenient and effective method to do this. In this study, we explored meteorological drought in
southern Taiwan. The SPI was proposed by McKee et al. [24]. This index simply utilizes the cumulative
precipitation data over different periods for calculation. Because the index is standardized, it can
be compared between different regions. The World Meteorological Organization [25] listed this as
the preferred index for describing precipitation drought events. Considering the rainfall pattern in
Taiwan, over a shorter aggregation time scale, the SPI only exhibits periodic oscillations in time, and it
is difficult to evaluate long-term drought events. In contrast, it is easier to identify drought events with
a longer aggregation time scale. Therefore, we chose a 12 month aggregation time scale for the SPI.
In this study, we utilized historical SPI time series to predict future drought conditions using a time
series model.
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3.2. Time Series Model

The time series model is a stochastic model that is commonly used for time series forecasting.
Common time series models include the autoregressive (AR), moving average (MA), and autoregressive
moving average (ARMA) models. Many studies have employed time series models to predict
hydrological and meteorological time series [7,11,26].

3.2.1. Nonseasonal ARIMA Model

The AR and MA models can be effectively combined into an ARMA model. The current data
is analyzed by a linear combination of previous data plus error terms. However, the ARMA model
is only applicable when the data is stationary. If the original time series is nonstationary, then the
difference must be added. The resulting model is called the ARIMA model, as proposed by Box and
Jenkins [27]. The ARIMA model provides a new generation of forecasting tools, emphasizing the
stochastic properties of time series rather than constructing single and simultaneous equation models.
Each variable of the ARIMA model is represented by its own lagged value and stochastic error terms.
The general nonseasonal ARIMA model consists of a p-order AR model, a g-order MA model, and the
operators on the dth difference of the original time series data. This can be expressed as ARIMA(p,d,7),
and the algorithm of the model is as follows:

G(L)V9x; = O(L)es 1)

where ¢(L) and (L) are polynomials of order p and g, respectively. The operators for the nonseasonal
AR model of order p and MA model of order g are written as

O(L) = (1= ¢1L = poL? =+ = G LF)

O(L) = (1-61L—0:L2 —--- = G,LF) @

where L is the lag operator Lix; = x;_;.

3.2.2. Seasonal ARIMA (SARIMA) Model

Box et al. [28] extended the ARIMA model to deal with seasonality, with the result commonly
referred to as the SARIMA model. The SARIMA model is analyzed by introducing seasonal periodic
change to a general ARIMA mode, and it can be denoted as ARIMA(p,d,9)(P,D,Q)s, where (p,d,q) is the
nonseasonal part of the model and (P,D,Q)s is the seasonal part. This can be expressed as follows:

Op(L)Pp(L°)VIVDxy = 0,(L°)Oq (L%)ey @)

where p is the order of the nonseasonal AR model, g is the order of the nonseasonal MA model, d is the
order of the general difference, P is the order of the seasonal AR model, Q is the order of the seasonal
MA model, D is the seasonal differencing, and S is the length of a season.

3.3. ARIMA Model Development

In general, the development and selection of an appropriate ARIMA model consists of three steps:
model identification, parameter estimation, and diagnostic checking [23,27,29,30].
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3.3.1. Model Identification

This step involves transforming the data which is to confirm the original data to normality and
stationarity and utilizing the autocorrelation function (ACF) and partial autocorrelation function
(PACEF) to initially confirm the general form of the ARIMA model. Here, the ACF and PACF were
used to determine the order of the model, and the final model was selected using the goodness-of-fit
criteria through the Akaike information criterion (AIC) [31] and Schwarz-Bayesian criterion (SBC) [32].
The model that gives the minimum AIC and SBC value is selected as the best. The mathematical
formulations of the AIC and SBC are as follows:

AIC = nIn(MSE) + 2m (4)

SBC = nIn(MSE) + mIn(n) (5)

where m = (p + g+ P + Q) is the number of model parameters, 1 is the number of data, and MSE is
the mean-square error.

Mean square error (MSE) = —Z Yt — yt (6)

where y; is the observed data and #; is the predicted value.

3.3.2. Parameter Estimation

After identifying the ARIMA model, the parameters of the model must be estimated. This study
employed the method of maximum likelihood, as proposed by Box and Jenkins [27], to estimate the
parameters of the ARIMA model. Maximum likelihood estimation is a method of estimating the
parameters of a statistical model.

3.3.3. Diagnostic Checking

Once an appropriate model has been selected and the parameters have been estimated, diagnosing
the ARIMA model represents a crucial component of model development. In this step, it is necessary
to verify whether the residuals of the model satisfy the properties of independence, following a normal
distribution, and homoscedasticity to verify that the model is suitable for time series. Several statistical
tests and plots of residuals are utilized for diagnostic checking. For a good model, the residuals must
satisfy the white noise process requirements of being uncorrelated and normally distributed around a
Zero mean.

The residual autocorrelation function (RACF) and residual partial autocorrelation function
(RPACF) of a time series are utilized to determine whether the series is independent. If the ACF
and PACEF of the residuals are significant within the confidence limits, this indicates that there is no
significant correlation between the residuals. An alternative method is the Ljung-Box—Pierce (LBQ)
test, which is a statistical method of testing for residual autocorrelation. The null hypothesis of the
LBQ test is that the residuals are independent. The test statistic is defined in Equation (7):

@)

m
2)
n(n+ —i - k

k

where m is the number of autocorrelation lags, n is the number of data, and 7, is the sample
autocorrelation at lag k. The statistical Q values are compared with the critical value with the degree of
freedom at a 5% significance level. If the calculated values are less than the critical value, this means
the residuals of the model are in accordance with white noise.

The normality of residuals is verified by histograms and a probability plot of residuals.
The residuals are also verified for homoscedasticity, which means there is a constant error variance
over all the data. This is verified through a scatterplot of the residuals against predicted values. If the
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scatterplot exhibits no obvious patterns and the residuals are distributed randomly around zero, this
indicates the residuals are homoscedastic.

4. Results and Discussion

In this study, to perform the predictive analysis, we selected seven stations with long-term
monitoring data in the study area. The dataset was divided into two periods: training data (from 1967
to 2006) and validation data (from 2007 to 2017). Here, we used the ARIMA model to forecast future
drought conditions based on the SPI. The model development steps included model identification,
parameter estimation, and diagnostic checking. In this study, we utilized MATLAB to develop the
time series model.

4.1. Model Identification

There are two main stages in model identification: (1) confirm whether the data is stationary
and (2) utilize the ACF and PACF to determine the general form of the ARIMA model. According
to the Kwiatkowski, Phillips, Schmidt, and Shin (KPSS) test, our data was nonstationary, and so it
needed to be differenced. After applying the first-order difference, each station satisfied the model
development conditions. Because the data at every station exhibited a similar pattern, we simply took
the PR1 station as an example. Figure 2 shows that the ACF curve was damping out in a sine wave and
the PACF exhibited a significant spike at lag 1, which reflected the AR(1) process. In addition, there
were significant spikes in the PACF at lags 12, 24, 36, and 48, which indicated that the data exhibited
seasonality with a period of 12. In the ACEF, each station had a sine wave pattern, which also indicated
that the data was seasonal [13]. Therefore, we chose AR(1) as the nonseasonal part of the ARIMA
model, and the peaks at the lags that were multiples of 12 in the PACF indicated a seasonal model,
which comprised the SARIMA model. The AIC and SBC criteria were utilized to select the best model,
and the results are shown in Table 2. The model with the minimum AIC and SBC was selected as the
best model.

16 PRI rainfall station - PRI rainfall station
) ¢« ACFE ) © PACF
—— Conlidence bounds —— Conlidence bounds
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W04 = 04
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Figure 2. Autocorrelation function (ACF) and partial autocorrelation function (PACF) plots for model
selection at the PR1 station in the Pozi River basin.
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4.2. Parameter Estimation

After identifying the order of the model, the parameters must be estimated. Table 3 presents the
model parameters, standard errors, t-statistics, and p-values for the PR1 station in the Pozi River basin.
It can be observed that the standard error was reasonably small compared with the model parameters.
In addition, most of the p-values of the model parameters were less than the alpha level (0.05), which
implies that the estimations of the parameters were statistically significant. Therefore, these model
parameters should be included in the model.

Table 3. Statistical analysis of the model parameters for the PR1 station in the Pozi River basin.

Pozi River Basin: SARIMA(1,1,0)(3,0,4)12

Variables in the Model
Model Parameters
Value of Parameter ~ Standard Error t-Statistic p-Value
constant 0.0020 0.0112 0.1765 0.8599
@1 -0.0903 0.0355 —2.5469 0.0109
Dy —0.2841 0.0286 —9.9461 0.0000
D, —-0.2889 0.0203 —-14.2303 0.0000
D3 -0.7950 0.0195 —40.7233 0.0000
0 -0.4530 0.0366 -12.3870 0.0000
0, 0.1171 0.0360 3.2491 0.0012
03 0.6851 0.0304 22.5332 0.0000
Oy —0.6389 0.0307 —-20.8422 0.0000

@1 = nonseasonal AR parameter; ®1, ®,, 3, P4 = seasonal AR parameters; @1, ©,, @3, @4 = seasonal MA parameters.

4.3. Diagnostic Checking

After completing the parameter estimation, diagnostic checking was performed. The residuals
of a model must be examined to verify that the model is adequate for the time series. The residuals
must satisfy the following statistical properties: (1) the residuals are independent of each other;
(2) the probability distribution is a normal distribution; and (3) homoscedasticity (constant variance) is
satisfied. That is, the residuals must satisfy the requirements of a white noise process. Because each
station yielded a similar result, we took the PR1 station as an example.

The independence of the residuals was checked by a correlogram and the LBQ test. Figure 3
shows the RACF and RPACF. The results show that most of the RACF and RPACF values were within
the confidence limit, which implies that the residuals did not exhibit a significant correlation with each
other. For the second method, the LBQ test was employed in this study to determine whether the
residuals are dependent, and the results are presented in Table 4. We can observe that the computed
statistics were less than the critical values at each station, which also indicates there was no significant
correlation between the residuals, and the residuals from the selected model were in accordance with
white noise.
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Figure 3. The ACF and PACF of residuals at the PR1 station in the Pozi River basin.
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Table 4. Ljung-Box-Pierce (LBQ) statistics for the residuals at each basin.

LBQ Test
Station PR1 BR1 GR1 YR2 RR2 KR3 LR2

Test statistic (Q)  55.33 58.41 73.58 53.91 41.43 37.89 48.18
Critical value 89.39 89.39 89.39 89.39 89.39 89.39 89.39

Degrees of freedom = 69; significance level = 0.05.

Figure 4 depicts the histogram and normal probability plot of the residuals at the PR1 station
in the Pozi River basin. The histograms show that the residuals were roughly centered on zero and
were more or less normally distributed [13,33]. The normal probability plot of the residuals indicates
that the residuals lay on a diagonal line, which represents the normal probability for residuals in each
basin [13,34]. Therefore, both methods provided evidence of the normality of the residuals.
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Figure 4. The histogram (left column) and normal probability plot (right column) of residuals at the
PR1 station in the Pozi River basin.

To determine whether the ability of the model to predict variable values is consistent, it is important
to verify the homoscedasticity of the residuals [35]. The homoscedasticity of the residuals was checked
by the scatterplot of the residuals against predicted values. The results are shown in Figure 5. The plot
exhibited no pattern, and the residuals were randomly scattered. That is, the residuals were evenly
distributed around a zero mean, which implies that the model was well fitted.

According to the above check, the residuals of the model were uncorrelated, had constant variance,
and were normally distributed, and the statistical properties of the residuals were compliant with

white noise. Thus, we confirmed that the selected model is adequate for the corresponding SPI time
series at each station.

PR1 rainfall staion

Residual

Predicted value

Figure 5. The scatterplot of the residuals against predicted values at the PR1 station.
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4.4. Model Validation

Here, we utilized data from 2007 to 2017 for model validation. Figure 6 presents a comparison of
the observed data with predicted values at each basin using the best SARIMA model. The predicted
value yielded a similar pattern to the observed data, and the performance measures are presented in
Table 5. In general, the higher the R? value, the better the performance of the model. According to our
results, the R? values in each station were greater than 0.8, and the root-mean-square error (RMSE) and
mean absolute error (MAE) were also sufficiently low. Therefore, the SARIMA model used to predict
drought index in this study is reasonably precise.
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Figure 6. Comparison of observed data with predicted values using the best seasonal ARIMA (SARIMA)
model at each basin.
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Table 5. Performance measures for the selected model for the observed data and predicted values.

Performance Measures

Station Model

Ry RMSE MAE
PR1 ARIMA(1,1,0)(3,0,4)12 0.8775 0.3220 0.2159
BR1 ARIMA(1,1,0)(3,0,4)12 0.8869 0.3628 0.2291
GR1 ARIMA(1,1,0)(4,0,4)12 0.8938 0.3241 0.2120
YR2 ARIMA(1,1,0)(2,0,3)12 0.8445 0.3123 0.2060
RR2 ARIMA(1,1,0)(2,0,4)1» 0.8602 0.3482 0.2239
KR3 ARIMA(1,1,0)(3,0,3)12 0.8337 0.3699 0.2339
LR2 ARIMA(1,1,0)(3,0,3)12 0.8213 0.3714 0.2281

Abbreviations: RMSE—root-mean-square error, MAE—mean absolute error.

4.5. Forecasting

The reason that drought forecasting is necessary for water resource management and planning is
that drought events can then be diagnosed in advance, so that experts can take precautions. In this
study, we employed the seasonal ARIMA model to forecast the drought condition in the next four
years, from 2019 to 2022. The results at each basin are depicted in Figure 7. It was observed that
the predicted values showed stochastic change for each SPI time series. According to the analytical
results, the lowest SPI values were concentrated in the summer, which means that this region may
be affected by drought in the summer in the future. In general, the main source of rainfall in Taiwan
during the summer is typhoons. Typhoons can introduce abundant water resources. However, if the
number of typhoons is small or the typhoons do not directly affect Taiwan, this sometimes results
in a water shortage in the summer. In 2018, the number of typhoons generated between June and
September was as high as 22. This is the year in which the most typhoons occurred in the past 10 years.
However, only two typhoons affected Taiwan, which may have led to insufficient summer rainfall in
Taiwan [36]. In addition, the Pacific high is the main climate factor during the summer in Taiwan, and
this is becoming stronger owing to climate change [37], making Taiwan'’s climate hotter and with less
precipitation. The Pacific high also guides the paths of typhoons. If the western edge of the Pacific high
extends westward to the Asian continent, then a typhoon may pass through the Philippines instead of
Taiwan. This is one of the reasons why there were fewer typhoons in 2018 in Taiwan. In recent years,
the Pacific high has exhibited a tendency to move increasingly westward [38]. Therefore, the summer
climate of Taiwan may change in the future under climate change. However, the details remain to
be discussed in future research. In this study, the ARIMA model was employed to forecast drought
events in the future. Unlike previous studies, we used a stochastic rather than deterministic method
to describe the forecasting results. According to historical drought events in Taiwan, drought events
occur approximately every three to four years. There was a water shortage situation in 2017 in Taiwan,
and 2020 may be a drier year, which is consistent with the results we found in this study. A statistical
method involves establishing suitable models to characterize climate factors such as precipitation.
Stationarity is generally assumed to exist between predictor and historical data, but this is not always
true. Thus, the uncertainty of the model may be higher. In addition, there are many factors that affect
environmental changes, and this may present a challenge under this situation. Further studies should
consider climate variability in the model for drought forecasting.
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Figure 7. Drought forecasting for the period 2018-2022 using the seasonal ARIMA model at each basin.
5. Conclusions

In this study, the ARIMA model was employed as a drought forecasting tool in southern Taiwan.
We used data from 1967 to 2006 to train the model. The model development included three steps:
model identification, parameter estimation, and diagnostic checking. In the model identification step,
we selected the general form of the model and chose the model with the minimum AIC and SBC as
the best fit. In the parameter estimation step, we utilized several statistics to determine whether the
parameters we estimated were significant. The results showed that most of the model parameters
had p-values below the alpha level (0.05). The diagnostic checking step indicated that the statistical
properties of the model residuals were compliant with white noise, including being uncorrelated with
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a constant variance and normal distribution. Then, the data from 2007 to 2017 were used to validate
the model. The results showed that there was a high coefficient of determination (R?) at each station
(all over 0.80) and low values for the RMSE and MAE, which implies that the model is adequately
precise at each basin. Finally, we used the ARIMA model to forecast the future drought conditions from
2019 to 2022. The forecasting results demonstrate that the SPI value is relatively low in the summer of
2020, which implies that there may be a water shortage in southern Taiwan. This phenomenon may
be related to climate change, which leads to an enhancement of the Pacific high extending westward,
thus affecting the paths of typhoons. In addition, the Pacific high dominates the summer climate in
Taiwan, and if its intensity continues to increase, this will reduce precipitation in Taiwan in the future.
However, the detailed evolution mechanism still remains to be discussed in the future.

The stochastic models selected for forecasting the SPI time series provided information on
precipitation in southern Taiwan. This is a powerful tool, which can also be used to describe the
hydrological time series. The ARIMA model used in this study, based on the SPI, can be applied
to forecast drought impacts, playing a vital role in mitigating drought in water resource systems.
However, the corresponding natural phenomena are complicated, owing to the influences of many
factors. Stochastic models do not consider physical processes, and so it is difficult to understand the
physical mechanisms of climate change. In addition, the assumption of the model may lead to higher
uncertainty. Nevertheless, the model can be used to predict future trends and serve as a variable for
other physical models in further studies.
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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].
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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:

T

Ve=) (n—%) (1)

i=1
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n
Vie = Y. (-%)’ @)
i=t+1
where 7 is the length of the series, and 7 is the possible variation position; x; and X,,_; are the mean
values of hydrological series before and after the variation points, respectively; V; and V,,_; are the
sum of deviation squares of each stage.
The total sum of squares of deviations can be calculated as:

SH(T) =Vi+ Vi (3)
when the S, (7) is a minimum value and the corresponding point 7 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]:

Zi‘\i1 (Qm‘ - Qsi)z

NSE=1- —
Zg\il(Qni - Qa)

)

where Q,; is the observed runoff, Q; is the simulated runoff, and @ is the total average of the observed
runoff. NSE has a range of —co 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, ¢ 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, v 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 y 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 Fp(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:

Fps(d,s) = C(u,v) = exp{—[(—ln u)o + (—lnv)o]é} )

where the parameter 6 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]:

E(L) E(L)

T(d,s) = P(D>dNS>s) = 1-Fp(d) —Fs(s) + Fps(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 S; and runoff
Ry, and the second observation stage has severity S, and runoff R,, as shown in Figure 2. According to
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the ANN simulation in Section 2.2, the functional relationship between R; and P; was established, Ry
= F(P;), and, combined with the hydrological drought risk Copula calculation function, the runoff
Ry obtained after the simulation can be used to calculate the drought severity under each recurrence
period and drought duration.

Stage 2 (observation)
A/ST' Ro=Fa(P2) <+
Stage 1(observation) S2= C(R2|T,D)
Ri=Fi(P1) rs. ASH
§i~ CRIT.D) \ Stage 2 (simulation)
Ras=Fi(P2) -
Sas= C(R2s|T,D)

Figure 2. Schematic diagram of quantitative identification of drought risk attribution.

For the first stage, we have S; = C(R4|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 Ry; and Copula function, a
large difference ASy exists between Sp; and the observed S,. 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 Sy, in the simulation calculation is the same as that of the first stage,
the difference in the value between Sy; and Sy, ASc, reflects the influence of climate change.

In Figure 2, the difference between S and Sy, ASt, 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:
AST=S5,-51 (7)
ASy = Sy — Sps ®)
ASc = Sps — S4 ©)
= i—gf x 100% (10)
_ ASc )
e = 3. 100% (11)

where ny and 7 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 km? 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%o. 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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Figure 3. River system and location of the Kuye river basin (KRB), China.

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 runoffin the KRB, annual precipitation
and runoff were plotted as shown in Figure 4.
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Figure 4. Variation characteristics of precipitation and runoff series. (a) The trends in annual runoff
and annual precipitation, and (b) the result of ordered clustering, showing the variation point.
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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.
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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 X 10* t. In the 1990s,
the average annual coal mining amount increased to 520 x 10* t. In the first five years of the 21st
century, the average annual coal mining amount increased rapidly to 5452 x 10* t, seriously damaging
the ecological environment in the region.

4.3. Results of Drought Risk Assessment

Based on the observed R; in the first natural stage, and R, and Ry, 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.

Kendall Correlation  Copula Parameters (6)

i 2
Monthly Runoff Series Coefficient () 0=1/(1-1) R
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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Figure 8. Drought risk attribution contribution: (a,c,e,g) Changes in drought severity and (b,d,fh) the
corresponding contribution from human activities and climate change.
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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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