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Abstract:  20 

Many studies have shown that the downstream flood regimes have been significantly altered by 21 

upstream reservoir operation. Reservoir effects on the downstream flow regime are normally carried out 22 

by comparing the pre-dam and post-dam frequencies of some streamflow indicators such as floods and 23 

droughts. In this paper, a rainfall-reservoir composite index (RRCI) is developed to precisely quantify 24 

reservoir impacts on downstream flood frequency under the framework of covariate-based flood 25 

frequency analysis. The RRCI is derived from both the reservoir index (RI) of the previous study and 26 

the joint cumulative probability (JCP) of multiple rainfall variables (i.e., the maximum, intensity, 27 

volume and timing) of multiday rainfall input (MRI), and is calculated by a c-vine copula model. Then, 28 

using RI or RRCI as covariate, a nonstationary generalized extreme value (NGEV) distribution model 29 

with time-varying location and/or scale parameters is developed and used to analyze the annual 30 

maximum daily flow (AMDF) of Ankang, Huangjiagang and Huangzhuang gauging stations of the 31 

Hanjiang River, China with the Bayesian estimation method. The results show that regardless of using 32 

RRCI or RI, nonstationary flood frequency analysis demonstrates that the overall flood risk of the basin 33 

has been significantly reduced by reservoirs, and the reduction increases with the reservoir capacity. 34 

What’s more, compared with RI, RRCI through incorporating the effect of the scheduling-related 35 

multivariate MRI can better explain the alteration of AMDF. And for a given reservoir capacity (i.e., a 36 

specific RI), the flood risk (e.g., the Huangzhuang station) increases with the JCP of rainfall variables 37 

and gradually approaches the risk of no reservoir (i.e., RI=0). This analysis, combining the reservoir 38 
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index with the scheduling-related multivariate MRI to account for the alteration in flood frequency, 39 

provides a comprehensive approach and knowledge for downstream flood risk management under the 40 

impacts of reservoirs. 41 

Keywords: Nonstationary; reservoir; flood frequency analysis; multiday rainfall; generalized 42 

extreme value distribution; the Hanjiang River 43 

1 Introduction 44 

River floods are generated by various complex nonlinear processes involving physical factors 45 

including “hydrological pre-conditions (e.g. soil saturation, snow cover), meteorological conditions (e.g. 46 

amount, intensity, and spatial and temporal distribution of rainfall), runoff generation processes as well 47 

as river routing (e.g. superposition of flood waves in the main river and its tributaries)” (Nied et al., 48 

2013; Wyżga et al., 2016). In the absence of reservoirs, a nature extreme flow at the site is directly 49 

related to the extreme rainfall in the drainage area. However, after the construction of large or medium-50 

sized reservoirs, the downstream extreme flow is the result of the reservoir scheduling mainly based on 51 

reservoir capacity and inflow processes. In recent years, because of its importance for the risk 52 

assessment of downstream floods, the study of flood frequency under the impacts of reservoirs has 53 

received increasing attention. For example, Benito and Thorndycraft (2005) reported various significant 54 

changes of the pre- and post-dam hydrologic regimes (e.g., minimum and maximum flows over 55 

different durations) across the United States. 56 
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For conventional or stationary frequency analysis to be used in assessing the impact of dams on 57 

downstream flood regimes, a basic hypothesis is that hydrologic time series keeps stationarity, i.e., “free 58 

of trends, shifts or periodicity (cyclicity)” (Salas, 1993). However, in many cases, changing flooding 59 

regimes and the nonstationarity of observed flood series have demonstrated that this strict assumption is 60 

invalid (Kwon et al., 2008; Milly et al., 2008). Nonstationarity in the flood regimes downstream of 61 

dams makes frequency analysis more complicate. Actually, the frequency of floods downstream of 62 

dams is closely related to both climate variability and upstream flood operation. In recent years, there 63 

are a lot of attempts linking flood generating mechanisms and reservoir operation to the frequency of 64 

flood variable (Gilroy and Mccuen, 2012; Goel et al., 1997; Lee et al., 2017; Liang et al., 2017; Su and 65 

Chen, 2018; Yan et al., 2016).  66 

Previous studies have meaningfully increased knowledge related to the reservoir-induced 67 

nonstationarity of downstream hydrological extreme frequency (Ayalew et al., 2013; López and Francés, 68 

2013; Liang et al., 2017; Magilligan and Nislow, 2005; Su and Chen, 2018; Wang et al., 2017; Zhang et 69 

al., 2015). There are two main approaches to incorporate the effects of reservoirs into flood frequency 70 

analysis: the hydrological model simulation approach and the nonstationary frequency modeling 71 

approach. In the first approach, a simulating regulated flood time series for the regulated frequency 72 

analysis is available by three model components, i.e., stochastic rainfall generator the rainfall-runoff 73 

model and the reservoir flood operation module (e.g., reservoir storage capacity, the size of release 74 

structures and operation rules). However, as indicated by Ayalew et al. (2013), many simplifying 75 
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assumptions of this method is suitable just for small single reservoirs; for large single reservoirs or 76 

reservoir systems, first approach would fail; besides, a lot of detailed information related to reservoir 77 

flood operation module, especially for reservoir systems, may not be available. For this reason, our 78 

attention is focused on the second method, the nonstationary frequency modeling approach. 79 

Nonstationary distribution models have been widely used to deal with nonstationarity of extreme values. 80 

In nonstationary distribution models, distribution parameters are expressed as the functions of 81 

covariates to determine the conditional distributions of the extreme values. According to extreme value 82 

theory, the maxima series can generally be described by the generalized extreme value distribution 83 

(GEV). Thus, previous studies have used the nonstationary generalized extreme value distribution 84 

(NGEV) to describe nonstationary maxima series. Scarf (1992) modeled the change in the location and 85 

scale parameters of GEV over time through power function relationship. Coles (2001) introduced 86 

several time-dependent structures (e.g., trend, quadratic and change-point) into the location, scale and 87 

shape parameters of GEV. Adlouni et al. (2007) provided a general NGEV model with an improved 88 

parameter estimate method. In recent years, “generalized additive models for location, scale and shape” 89 

(GAMLSS) was widely used in nonstationary hydrological frequency analysis (Du et al., 2015; Jiang et 90 

al., 2014; López and Francés, 2013; Rigby and Stasinopoulos, 2005; Villarini et al., 2009), but GEV is 91 

rarely involved in candidate distributions of GAMLSS. In terms of parameter estimation method for 92 

nonstationary distribution model, the maximum likelihood (ML) method is the most common parameter 93 

estimate method. However, the ML method for NGEV model may diverge when using numerical 94 
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techniques to solve likelihood function with small sample. Another drawback of the ML method is that 95 

it is not convenient to describe the uncertainty of the estimators. Adlouni et al. (2007) developed the 96 

generalized maximum likelihood estimation method (GML) and demonstrated that the GML method 97 

has better performance than the ML method in their all cases. Ouarda and El‐Adlouni (2011) 98 

introduced the Bayesian nonstationary frequency analysis. The Bayesian method can directly describe 99 

the uncertainty of extreme flood estimates through providing the prior and posterior distributions of the 100 

shape parameter which controls the tail behavior of the NGEV. 101 

In the nonstationary frequency modeling approach, a dimensionless reservoir index (RI), as an 102 

indicator of reservoir effects, was proposed by López and Francés (2013), and it generally is used as 103 

covariate for expression of distribution parameters (e.g., location parameter) (Jiang et al., 2014; López 104 

and Francés, 2013). Liang et al. (2017) modified the reservoir index by replacing the mean annual 105 

runoff in expression of RI with the annual runoff, so that the modified reservoir index can reflect the 106 

impact of reservoirs on flood extremes under different total inflow conditions each year. However, this 107 

improvement doesn’t reveal more accurate effects of reservoirs on the downstream floods. In fact, the 108 

effects of reservoirs, especially small or medium-sized reservoirs, may be closely related to not only 109 

static reservoir capacity, but also dynamic reservoir operation associated with the multiday rainfall input 110 

(MRI), not just annual runoff.   111 

Therefore, the aim of the study is to develop an indicator of reservoir effects coupling the RI and 112 

the effect of the scheduling-related multivariate rainfall (SRMR), named the rainfall-reservoir 113 
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composite index (RRIC), and then to assess the reservoir effects through a NGEV model with this 114 

indicator as covariate. The specific objectives of this study are: (1) to calculate the RRCI to accurately 115 

quantify reservoir effects; (2) to compare RRCI with RI through the covariate-based flood frequency 116 

analysis; and (3) to quantify downstream flood risks based on the final NGEV model. 117 

2 Methods 118 

To quantify the effects of reservoirs on the frequency of the AMDF series, a three-step 119 

framework (Figure 1), termed the covariate-based flood frequency analysis using the RRIC as covariate, 120 

is established. In this section, the methods in this framework are introduced. First, RI of the previous 121 

literature is presented. Second, based on RI, the RRCI is developed through incorporating the effect of 122 

SRMR. And then, the C-vine copula model is used to construct the cumulative distribution function of 123 

MRI variables which is treated as the measure function for the effect of SRMR. Fourth and last, the 124 

NGEV model with the Bayesian estimation is clarified.  125 

2.1 Reservoir index (RI) 126 

Intuitively, the larger the reservoir capacity relative to the natural flow of a downstream gauging 127 

station, the greater the effect of the reservoir on streamflow regime is possible. To quantify the 128 

reservoir-induced alteration to streamflow regime, Batalla et al. (2004) proposed the impounded runoff 129 

index (IRI), a ratio of reservoir capacity ( C ) to (unimpaired) mean annual flow ( mR ), indicated as 130 

mIRI C R . For a single reservoir, the IRI is a good indicator of the extent to which the reservoir alters 131 
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streamflow. To analysis the effect of multi-reservior system on the alteration of flood frequency, López 132 

and Francés (2013) proposed a dimensionless reservoir index to indicate the effects of reservoirs on the 133 

hydrological regimes in a river. The reservoir index (RI) for a gauging station is defined as 134 

 135 

 
1

N
i i

i T m

A C
RI

A R

  
   

   
  (1) 136 

where N is the total number of reservoirs upstream of the gauge station, Ai is the total basin area 137 

upstream of the i-th reservoir, AT is the total basin area upstream of the gauge station, Ci is the water 138 

storage capability of the i-th reservoir, and Rm is the mean annual runoff at the gauge station. the Eq. (1) 139 

indicates that for a reservoir system consisting of small and middle sized reservoirs, the RI of a gauging 140 

station is generally less than 1, but for a system with some large reservoirs, e.g., multi-year regulating 141 

storage reservoirs, the RI of the gauging station near this system may be close to 1 or higher. In the 142 

following subsection, we will develop a new index to indicate the more precise effects of reservoirs on 143 

flood regimes. 144 

2.2 Rainfall-reservoir composite index (RRCI) 145 

In addition to reservoir capacity, multiday rainfall input (MRI) is a key initial condition for the 146 

scheduling results of the reservoir system. To add the effect of SRMR into the new indicator of 147 

reservoir effects, the multiple scheduling-related variables (denoted as 1 2, ,..., dx x x ) of the MRI, 148 
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corresponding to the inflows to the reservoir which will be regulated to become downstream flood 149 

events, are considered. The extraction procedure of the MRI is detailed in the section 3.2.  150 

We propose a new index called rainfall-reservoir composite index (RRIC) for more 151 

comprehensively assessing effects of reservoirs on floods by coupling the RI and the effects of SRMR, 152 

defined as 153 
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   (2) 154 

Where  F   is the measure function for the effects of SRMR. In this study, the OR-joint exceedance 155 

probability  
1
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of the multiple scheduling-related variables of the MRI is used as the 156 

measure function. The closer the value of MRIP
 is to 0, the greater impact the MRI, inferring that the 157 

reservoir scheduling is more inflexible, so that the resulting downstream flood is possibly greater, and 158 

vice versa. The Eq. (2) can be expressed as  159 
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  (3) 160 

Where  F   is the cumulative distribution function. Figure 2 illustrates the relationship in the Eq. (3), 161 

which shows that the RRCI is conditional on the joint cumulative frequency of scheduling-related 162 

rainfall variables when given the static capability of reservoirs (RI). The expectation of RRCI is as 163 

follow  164 
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   (4) 165 

In addition, for the OR case, we have 166 

    
1

d

MRI i i MRI i i
i

P X x P X x 



 
   

 
  (5) 167 

The Eq. (3) and Eq. (5) indicate that for the given MRI, RRCI considering the multivariate MRI will be 168 

greater than or equal to RRCI considering the univariate MRI. To give a reasonable RRCI, unrelated 169 

rainfall variables should not be incorporated. We use four variables (i.e., extremes, intensities, volumes 170 

and timings) of the MRI as candidate variables to construct the d-dimensional ( ) distribution 171 

for the calculation of RRCI. The identification of the scheduling-related variables from four candidate 172 

variables is based on the rank correlation coefficient between RRCI and the magnitude of AMDF. The 173 

construction method of d-dimensional ( ) distribution is described in the following subsection. 174 

<Figure 2> 175 

2.3 C-vine Copula model 176 

In this subsection, a c-vine Copula model for the construction of continuous d-dimensional 177 

distribution  1 2, ,... dF x x x  is clarified. The Sklar’s theorem (Sklar, 1959) showed that for a continuous 178 

d-dimensional distribution, one-dimensional margins and dependence structure can be separated, and 179 

the dependence can be represented by a copula formula as follows 180 

      1 2 1 2, ,... , ,..., ,
id d c i X i iF x x x C u u u u F x θ θ θ   (6) 181 

      1 2 1

(1/ )

2

1

1 , ,... , ,...
d

RI

d dE RRI F x x x dF x x x RI
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where  
iXF   is the univariate marginal distribution of iX ;  C   is the copula function. cθ  is the copula 182 

parameter vector; iθ  is the parameter vector of the corresponding margins.  1 2= , , ,...,c dθ θ θ θ θ  is the 183 

parameter vector of the whole n-dimensional distribution. Thus, the construction of  1 2, ,... dF x x x  can 184 

be separated into two steps: first is the modeling of the univariate margins; second is the modeling of 185 

the dependence structure. For the first step, we use the empirical distribution as univariate marginal 186 

distributions. Then, for the second step, the copula construction for dependence modeling is based on 187 

the pair-copula construction method which has been widely used in the previous research (Aas et al., 188 

2009; Xiong et al., 2015). According to Aas et al. (2009), the joint density function  1 2, ,..., df x x x  is 189 

written as 190 

        1 2 1... 1 2

1

, ,..., , ,..., ,
i i

d

d n d c X i i i X i i

i

f x x x c u u u f x u F x


 θ θ θ θ   (7) 191 

and the n-dimension copula density  1... 1 2, ,...,d dc u u u , which can be decomposed into ( 1) 2d d   192 

bivariate copulas, corresponding to a c-vine structure, is given by 193 

       
1

1... 1 2 1 1 1 1, 1,..., 1 , 1,..., 1
1 1

, ,..., = ,..., , ,...,
d jd

d d j j i j jj i j j j i jc
j i

c u u u c F u u u F u u u


    
 

θ θ  (8) 194 

where , 1,..., 1j i j j
c

   is the density function of a bivariate pair copula and , 1,..., 1j i j
θ  is a parameter vector of 195 

the corresponding bivariate pair copula. And the marginal conditional distribution is 196 
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where , 11,..., 2i j j j
C

    is a bivariate copula distribution function. The maximum dimensionality covered in 198 

this study is four. Thus for the four-dimension copula (of which the decomposition is shown in Figure 199 

3), the general expression of Eq. (8) is 200 
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<Figure 3> 202 

2.4 Nonstationary generalized extreme value distribution model with the Bayesian estimation 203 

The covariate-based extreme frequency analysis is extensively concerned and used (Villarini et 204 

al., 2009; Ouarda and El‐Adlouni, 2011; López and Francés, 2013; Xiong et al., 2018). In this 205 

subsection, the NGEV model based on Bayesian estimation is developed for flood frequency analysis, 206 

following Adlouni et al. (2007) and Ouarda and El‐Adlouni (2011).  207 

Suppose that flood variable tY  obeys nonstationary distribution  
tY tf y ηt  with parameters 208 

[ , , ]t t t  ηt . This allows stationary frequency analysis to be incorporated into our framework, 209 

because the procedure of model selection can identify whether the location, scale and shape parameters 210 
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change with the covariates. If they are constants, this process will be stationary frequency analysis. In 211 

this study, the flood estimate of NGEV using the RRCI as covariate will be compared with the one 212 

using the RI. Considering that the shape parameter is sensitive to quantile estimation of rare events 213 

(more details about the shape parameter are referred in the section of parameter estimation), only 214 

location and scale parameters are allowed to vary with covariates. Thus, a nonstationary GEV density 215 

function is given by: 216 

 
0 01 1 1

0 00
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, , 1 exp 1

, 0,

t

t t t t
Y t t t

t t t

t t

y y
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  (11) 217 

According to the linear additive formulation of Generalized Additive Models for Location, Scale, 218 

and Shape (GAMLSS) (Rigby and Stasinopoulos, 2005; Villarini et al., 2009), the NGEV models with 219 

different formula of the location and scale parameters are show in Table 1. 220 

<Table 1> 221 

Take the model ( ~ RRCI,NGEV ~ RRCI)t t   as an example, the parameter vector 222 

 NGEV 0 1 0 1 0, , , ,    θ  is to be estimate. We use the Bayesian method to estimate NGEVθ . Let the 223 

prior probability distribution be  NGEV θ  and observations D  have the likelihood  NGEVl D θ , then 224 

the posterior probability distribution  NGEVp θ D  can be calculated with Bayes' theorem, as follow 225 

  
   

   
   

NGEV NGEV

NGEV NGEV NGEV

NGEV NGEV NGEV

l
p l

l d





 

Ω

D θ θ
θ D D θ θ

D θ θ θ
  (12) 226 
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where the integral is the normalizing constant and Ω  is the whole parameter space. The obvious 227 

difference between the Bayesian method and the frequentist method is that Bayesian method considers 228 

the parameters NGEVθ  to be random variables, and the desired distribution of the random variables can 229 

be obtained by a Markov chain which can constructed by using various Monte Carlo (MCMC) 230 

algorithms (Reis Jr and Stedinger, 2005; Ribatet et al., 2007) to process Eq. (12). And in this study, we 231 

use the Metropolis-Hastings algorithm (Chib and Greenberg, 1995; Viglione et al., 2013), which can be 232 

done by aid of the R package “MHadaptive” (Chivers, 2012). We use a beta distribution function with 233 

the parameters 6 and 9u v  , which is suggested by Martins and Stedinger (2000); Martins and 234 

Stedinger (2001), as the prior distribution on the shape parameter 0 . For the other parameters 235 

0 1 0 1, , ,    , the prior distributions are set to non-informative (flat) priors. There are two advantage of 236 

the Bayesian method. First, as noted by Adlouni et al. (2007), this method allows the addition of the 237 

other information, e.g., historical and regional information, through defining the prior distribution. 238 

Second, the Bayesian method can provide an explicit way to account for the uncertainty of flood 239 

estimation. In nonstationary case, in the t-year, the 95% credible interval for the estimation of the flood 240 

quantile corresponding to a given probability p  can be obtained from a set of stable parameters 241 

estimations 
NGEV

ˆ ( 1,2,..., )i

ci Mθ  in which cM  is the length of the Markov chain. 242 

The Akaike’s information criterion (AIC) (Akaike, 1974) is used to rank the performance of the 243 

NGEV models shown in Table 1, which is given by 244 
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  2logL 2AIC M df     (13) 245 

where  logL M  is the maximized log-likelihood of the NGEV model (M) and df is the freedom degree.  246 

In this study, to test the significance of the more complex model structure for nested models, we 247 

refer to the chi-square test (Coles, 2001). Given the models 0 1M M , the deviance statistic for the test 248 

is defined as 249 

     1 02 logL logLD M M    (14) 250 

When the p-value of the chi-square distribution k  ( k  is the difference of the number of the parameters 251 

between the two models 0M  and 1M ) is less than 0.05, the more complex model ( 1M ) is considered 252 

significant. We use the quantile plot based on the diagnosis method suggested by Coles (2001) to check 253 

whether the final model can well represent the data. In the nonstationary case, the diagnosis can be 254 

performed by testing the standardized series (denoted as 
tY  ) of the nonstationary flood series ( tY ), 255 

conditional on the fitted parameter values. The variable 
tY  is defined by 256 

 0

0

1
ln 1+ t t

t

t

Y
Y




 

 
  

 
  (15) 257 

If the model is correct (i.e.,  0~ , ,t t tY GEV    ), 
tY  have a standard Gumbel distribution.  258 

3 Study area and data 259 

3.1 Study area 260 

The Hanjiang River (Figure 4), with the coordinates of 30°30′-34°30′ N, 106°00′-114°00′ E and 261 

a catchment area of 159000 km2, is the largest tributary of the Yangtze River, China. Since 1960, many 262 
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reservoirs have been completed in the Hanjiang basin. The information of the middle-sized and large 263 

reservoirs has been shown in Table 2, including the longitude, latitude, control area, time for completion 264 

and capability. The Danjiangkou Reservoir in central China's Hubei province is the largest one in this 265 

basin, which is completed by 1967. After the Danjiangkou Dam Extension Project in 2010, the 266 

Danjiangkou Reservoir gained an additional capacity of 13.0 billion m3 and an extra flood control 267 

storage capacity of 3.3 billion m3. Previous studies demonstrated that the effect of reservoirs on the flow 268 

regime of the Hanjiang River is significant (Cong et al., 2013; GUO et al., 2008; Jiang et al., 2014; Lu 269 

et al., 2009).  270 

<Figure 4> 271 

<Table 2> 272 

3.2 Data 273 

The assessment analysis of reservoir effects on flood frequency utilizes the streamflow data, the 274 

reservoir data, and the rainfall data. The annual maximum daily flood series (AMDF) is extracted from 275 

the daily streamflow records of the three gauges in the Hanjiang River basin, namely Ankang (AK) 276 

station (with a drainage area of 38600 km2), Huangjiagang (HJG)  station (with a drainage area of 277 

90491 km2) and Huangzhuang (HZ) station (with a drainage area of 142056 km2). The streamflow and 278 

reservoir data are provided by the Hydrology Bureau of the Changjiang Water Resources Commission, 279 

China (http://www.cjh.com.cn/en/index.html). Annual series of the maximum ( M ), mean intensity ( I ), 280 
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volume (V ) and timing ( T ) in the annual critical MRI (defined as continuous daily rain records 281 

matching the timing of AMDF, and in which any two consecutive days of rainfall values require more 282 

than 0.2 mm) are obtained from the areal average daily rainfall series which are calculated using the 283 

inverse distance weighting (IDW) method, based on the rainfall records of 16 sites (shown in Figure 4) 284 

which are downloaded from the National Climate Center of the China Meteorological Administration 285 

(source: http://www.cma.gov.cn/). For the Ankang and Huangzhuang stations, all records are available 286 

from 1956 to 2015, while the records of the Huangjiagang station are available from 1956 to 2013.  287 

4 Results  288 

4.1 The identification of the reservoir effects 289 

In this section, to confirm the impact of reservoirs on annual maximum daily flow (AMDF) in the study 290 

area, the two statistical tests were performed, including the Mann–Kendall test (Kendall, 1975; Mann, 291 

1945) for trend component and the Pettitt test (Pettitt, 1979) for change point, and then, the statistical 292 

characteristics of AMDF before and after reservoir construction were analyzed. According to the Table 293 

3, the mean and standard deviation of flood series in AK, HJG and HZ stations were significantly 294 

reduced after reservoir construction. Taking the HJG station as an example, after the completion of two 295 

large reservoirs (in 1966 and 1992, respectively), the mean of AMDF (1992-2013) is 4139 m3/s, which 296 

is only 0.28 time of 14951 m3/s (1956-1966) and the standard deviation is 4074 m3/s, about 0.52 time of 297 

7896 m3/s (1956-1966). Thus, the results of Table 3 indicate that the impact of reservoirs is significant 298 

for floods in the Hanjiang River basin.  299 
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<Table 3> 300 

Actually, although the Danjiangkou Reservoir (built in 1967) is a very large reservoir, its 301 

construction time and change point of floods series are inconsistent. This could be caused by the effects 302 

of other medium-large reservoirs (listed in Table 2) and rainfall factors (e.g., special extreme MRI may 303 

limit or reduce the effects of the reservoir). Figure 5 presents the linear correlation between the four 304 

variables of the MRI and AMDF. It is found that for the three stations (AK, HJG and HZ), except for 305 

the timing (T ) of the MRI in the AK station, Pearson correlation coefficients between each rainfall 306 

variable and AMDF range from 0.27 to 0.71 (p-value>0.05), indicating that multivariate MRI 307 

significantly affects AMDF. The further analysis for more precise effects of reservoirs is performed in 308 

the 4.2 and 4.3 sections.  309 

<Figure 5> 310 

4.2 Results for rainfall-reservoir composite index (RRCI) 311 

The C-vine copula model was applied to model the joint probability of the rainfall variables. To 312 

identify the scheduling-related rainfall variables (i.e., the best subset from four rainfall variables), the 313 

RRCI for all subsets were calculated and compared. The Pearson, Kendall, and Spearman correlation 314 

coefficients between RRCI and AMDF are listed in Table 4. In Table 4, the ordering of the root nodes 315 

(T1 of C-vine decomposition in Figure 3) determining the whole decomposition structure matches the 316 

ordering of variables in the cell of the first column. As shown in the first row of Table 4, there is a 317 

negative correlation between AMDF and RI for the AK, HJG and HZ stations. The values of the 318 
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Pearson correlation coefficient between AMDF and RI for the AK, HJG and HZ stations are -0.36, -319 

0.56 and -0.53, respectively, demonstrating that there is a significant relation between reservoirs 320 

capacity and reduction of AMDF. And after introducing the effect of multivariate MRI (measured by the 321 

OR-joint exceedance probability MRIP
 of the variables in MRI) into RRCI, the negative correlation 322 

becomes stronger, indicating that RRCI can more accurately represent the impacts of the reservoirs. To 323 

derive the RRCI, the rainfall variables are identified as the scheduling-related variables through the 324 

highest Kendall correlation. According to the highest Kendall correlation, the scheduling-related 325 

variables for the AK station are the maximum, intensity, volume and timing; those for the HJG station 326 

are the intensity and timing; and those for the HZ station are the intensity, volume and timing.  327 

<Table 4> 328 

Table 5 is the results of the final C-vine copula model for modeling the joint distribution of the 329 

scheduling-related variables, by aid of the R package “VineCopula” (https://CRAN.R-330 

project.org/package=VineCopula). For each bivariate pair in the third column of Table 5, three one-331 

parameter bivariate Archimedean copula families (i.e., the Gumbel, Frank, and Clayton copulas) 332 

(Nelsen, 2006), are used to select from. As shown in Table 5, the results of the Cramer-von Mises test 333 

(Genest et al., 2009) show that the C-vine copula model passed the test at the significant level of 0.05, 334 

indicating the model can be effective for simulating the joint distribution of the scheduling-related 335 

variables. Finally, the change of RI and RRCI over time is displayed in Figure 6. It is found that after 336 

reservoir construction, for most years, the values of RRCI are larger (close to 1) than those of RI, which 337 
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implied that the effects of reservoirs on AMDF in these years may be underestimated by RI. On the 338 

other hand, for few special years, because of special rainfall events, the effect of reservoirs on AMDF 339 

may be overestimated by RI. 340 

<Figure 6> 341 

<Table 5> 342 

4.3 Flood frequency analysis 343 

In this section, nonstationary flood frequency analysis using RRCI or RI as covariate is performed to 344 

investigate how reservoirs affect the frequency of AMDF. The results of AIC in Table 6 show that for 345 

the models (M11, M12 and M13) using RI as covariate, the performance of model (M13) in which both 346 

location and scale parameters of GEV distribution are time-varying is better than the models (M11 and 347 

M12) in which only location or scale parameter are time-varying. And this situation is the same for the 348 

models (M21, M22 and M23) using RRCI as covariate. Thus, to compare RRCI with RI, we only focus 349 

on the model M13 and the model M23. Take the HZ station as an example. The time-varying GEV 350 

distribution parameters for the HZ station are given as follows 351 

(1) Model M13 352 

 353 

  

0

9333 12257

exp 9.048 2.531

0.099

t

t

RI

RI







 

 



  (16) 354 
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(2) Model M23 355 

  

0

11850 8937

exp 9.007 1.418

0.065

t

t

RRCI

RRCI







 

 

 

  (17) 356 

For the model M13, the estimate values of 1  and 1  are -12257 and -2.531, respectively, while for the 357 

model M23, the estimate values of 1  and 1  are -8937 and -1.418. The negative estimate values of 1  358 

and 1  in the Eq. (16) and Eq. (17) reveal reduction of both magnitude and scale of AMDF due to the 359 

reservoir construction. As shown in Table 6, the best model for each gauging station is M23 with the 360 

smallest AIC value, which means that RRCI as covariate is better than RI for explaining the alteration 361 

of both location and scale parameters of GEV distribution. The results of the chi-square test in Table 6 362 

indicate that the more complex structures of the best models (M23), compared to other models (except 363 

for M21 in the AK station) are significant at the significant level of 0.05. The results of parameter 364 

estimation of M23 are displayed in Table 7. 365 

<Table 6> 366 

<Table 7> 367 

Figure 7 presents the performance of the best model (M23) for AK, HJG and HZ stations. The points in 368 

the quantile-quantile plots of Figure 7 are close to 1:1 lines, indicating that the NGEV model (M23) 369 

with RRCI as covariate is a reasonable model. And according to the centile curves plots of Figure 7, the 370 

flood series is well fitted by M23 using the covariate RRCI. Take the case of the HZ station. After the 371 

construction of Danjiangkou Reservoir (1967), due to flood operation, the magnitude and scale of 372 
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floods are significantly reduced. Moreover, considering the limits of the multivariate MRI to flood 373 

operation, RRCI well explain the variation characteristics of flood after 1967.  374 

<Figure 7>375 

The 100-year return levels with the 95% credible interval from the NGEV models (M13 and M23) for 376 

the three stations are presented in Figure 8. For each station, compared to M13, M23 provides a lower 377 

100-year return level and a smaller uncertainty range, which means that M13 with RI as covariate may 378 

underestimate the effect of reservoirs on the floods. An overestimated return level of M13 is possibly 379 

because in most years, the impact of the reservoir indicated by RI is less than that indicated by RRCI 380 

considering the multivariate MRI. Further explanation from the perspective of reservoir operation is that 381 

weak dependence relationships between the scheduling-related variables of MRI indicated by the 382 

Kendall's tau of Table 5 is likely to reduce the flood magnitude during the periods of flood control. 383 

Besides, the other advantage for RRCI is that the consideration of the multivariate MRI reduced the 384 

uncertainty range of flood estimates. 385 

<Figure 8> 386 

Take the HZ gauging station as an example to illustrate the reservoir effects on the flood risk. 387 

We investigate the risk rates (the exceedance probability) of four levels (8000, 12000, 16000 and 20000 388 

m3/s) corresponding to different flood losses according to the study of DUAN Weixin (2018). Figure 9 389 

presents the risk rates of AMDF from M23 in the 1956-1966 (RI=0), 1967-1992 (RI=0.30), 1992-2012 390 

(RI=0.32), and 2013-future (RI=0.50) periods. First, for every certain multivariate MRI, the risk rate on 391 
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each level of flood decreases with the increasing RI. Second, given a non-zero RI, the risk rate on each 392 

level of flood increases with the increasing joint cumulative probability of the scheduling-related 393 

rainfall variables (i.e., intensity, volume and timing) and gradually approaches the risk of no reservoir 394 

effects (RI =0).  395 

<Figure 9> 396 

5 Discussions 397 

Table 8 shows the top 5 floods and related variables after the construction (1966) of 398 

Danjiangkou reservoir in the HZ station. It is found that the largest floods of 1967-2015 in the HZ 399 

station occurred in 1983. For this flood event, the multiday rainfall input (MRI) can be considered rare 400 

( 0.474MRIP   ranking the 3rd) due to the largest mean intensity (20.2 mm) and second late occurrence 401 

(the 281th day). It is interest that the timings (ranking 2-6) of the extreme MRI for all of top 5 402 

downstream floods seem to be overall later than those for the ordinary floods. It may be because near 403 

the end of the major flood control period (July-October), the remained capacity of reservoir is not 404 

sufficient to regulate the inflow floods caused by the late extreme MRI. Therefore, the timing of the 405 

extreme MRI may be an important factor for producing the exceptional downstream flood events for the 406 

HZ station.  407 

In this study, the multivariate rainfall samples are obtained though corresponding the annual 408 

maximum streamflow. This means that some extreme MRI samples due to correspond to non-maximum 409 
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flow are not included, resulting in the estimation error for MRIP
. Nonetheless, the good performance of 410 

frequency modeling demonstrates these multivariate rainfall samples may still have representativeness.  411 

The peaks-over-threshold sampling method would be considered to obtain enough samples in the future 412 

study.  413 

6 Conclusions  414 

We have shown that the regime of downstream floods in the study area was affected by the large 415 

reservoirs. The real effect of reservoirs on floods is possibly related to both the reservoir capability and 416 

the joint variation of scheduling-related rainfall variables (i.e., the maximum, intensity, volume and 417 

timing of the MRI). It is found that the NGEV model using RRCI as covariate can lead to more accurate 418 

flood estimations than either that using RI as covariate or the stationary GEV model. The result 419 

demonstrates that the consideration of scheduling-related rainfall variables of the MRI is necessary for 420 

assessing the impact of reservoirs on flood frequency.  421 

Results in the identification of the reservoir effects show that the nonstationarity of AMDF is 422 

significant and is possibly related to construction of the two large reservoirs (i.e., Danjiangkou and 423 

Ankang reservoirs completed in 1967 and 1992, respectively). This is consistent with the results on the 424 

effect of reservoirs on the flow regime in previous literature (Cong et al., 2013; GUO et al., 2008; Jiang 425 

et al., 2014; Lu et al., 2009). The results of the C-vine copula show that the dependence relationships 426 

between multiple rainfall variables are weak (Table 5). The Comparison between RRCI and RI (Figure 427 

6) indicate that to some extent, for the given reservoir capacity, these weak dependency relationships 428 
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produced higher values of RRCI than that of RI in most case, however, some rare multivariate MRI still 429 

would produce lower values of RRCI than that of RI. According to the interannual variation of RRCI, 430 

for the downstream stations affected by reservoirs, it is expected to more significantly reduce the 431 

number of large floods in most years; meanwhile, some unexpected large floods still will occur 432 

conditional on rare high-impact multivariate MRI. Finally, the results of flood frequency analysis 433 

demonstrated that as expected, RRCI better explains the interannual variability of AMDF than RI and 434 

provided a lower flood estimation of 100-years return level with a smaller uncertainty range. 435 

Accurately assessing the impact of reservoirs on downstream floods is an important issue for 436 

flood risk management. In this study, to evaluate the more likely effects of reservoirs on downstream 437 

flood risk of Hanjiang River, RRCI is derived from Eq. (3) which takes account of a combination of the 438 

reservoir index and the joint frequency of scheduling-related rainfall variables. Then, the nonstationary 439 

frequency model using RRCI as covariate is developed to obtain flood estimates and risk rates, 440 

conditional on both multivariate rainfall frequencies and reservoir index. The flood risk corresponding 441 

to a certain level of loss has been reduced by reservoirs; while, given the reservoir index, the flood risk 442 

of rare multivariate MRI still is greater than that of ordinary multivariate MRI, but not higher than the 443 

flood risk of no reservoir. Thus, during flood control periods, the prediction of multivariate MRI may 444 

play an important role in assessing the downstream flood risk. The study provided a comprehensive 445 

approach and knowledge for flood risk management to perform more accurate analysis of reservoir 446 

effects. 447 
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 573 

Tables 574 

Table 1. The NGEV models with different formula of the location and scale parameters for flood 575 

frequency analysis. 576 

Model ID 
The formula of distribution parameters 

t ln(t) 

NGEV(t~1,t~1) M0   

NGEV(t~RI,t~1) M11 RI  

NGEV(t~1,t~RI) M12  RI 

NGEV(t~RI,t~RI) M13 RI RI 

NGEV(t~RRCI,t~1) M21 RRCI  

NGEV(t~1,t~RRCI) M22  RRCI 

NGEV(t~RRCI,t~RRCI) M23 RRCI RRCI 

 577 
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Table 2. The information of the reservoirs in the Hanjiang River basin. 579 

Reservoirs Longitude Latitude Area (km2) Year Capacity (109 m3) 

Shiquan 108.05 33.04 23400 1974 0.566 
Ankang 108.83 32.54 35700 1992 3.21 

Huanglongtan 110.53 32.68 10688 1978 1.17 

Dangjiangkou 111.51 32.54 95220 1967 21.0 

Dangjiangkou+ 111.51 32.54 95220 2010 13.0 

Yahekou 112.49 33.38 3030 1960 1.32 

 580 
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Table 3. The change in the mean and standard deviation of AMDF after the construction of the 584 

two large reservoirs (i.e., the Danjiangkou reservoir built by 1966, and the Ankang reservoir built by 585 

1992). 586 

Stations 
  Mean (m3/s)    Standard deviation (m3/s) 

  1956-1966 1967-1991 1992-2015 
 

1956-1966 1967-1991 1992-2015 

AK 
 

9451 10468 6506   4341 4623 4454 

HJG 
 

14951 7524 4139 
 

7896 5482 4074 
HZ   16603 10120 5958   8833 5420 4721 

 587 

 588 

 589 

 590 

 591 

 592 
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Table 4. Correlation coefficients between the RRCI and the AMDF. 594 

Subset of 
rainfall 

variables  

 
AK 

 
HJG 

 
HZ 

 
Pearson Kendall Spearman 

 
Pearson Kendall Spearman 

 
Pearson Kendall Spearman 

-* 
 

-0.36 -0.22 -0.29 

 

-0.56 -0.42 -0.55 
 

-0.53 -0.40 -0.53 

M 
 

-0.29 -0.28 -0.38 

 

-0.67 -0.53 -0.74 
 

-0.46 -0.38 -0.51 

I 
 

-0.34 -0.28 -0.37 

 
-0.78 -0.64 -0.84 

 
-0.55 -0.42 -0.57 

V 
 

-0.34 -0.28 -0.39 

 

-0.67 -0.54 -0.75 
 

-0.58 -0.47 -0.65 

T 
 

-0.12 -0.17 -0.24 

 

-0.68 -0.55 -0.73 
 

-0.49 -0.41 -0.58 

M, I 
 

-0.43 -0.29 -0.40 

 

-0.72 -0.62 -0.82 
 

-0.55 -0.42 -0.57 

M, V 
 

-0.45 -0.29 -0.41 
 

-0.67 -0.55 -0.75 
 

-0.55 -0.46 -0.62 

M, T 
 

-0.38 -0.25 -0.35 

 

-0.69 -0.59 -0.79 
 

-0.63 -0.47 -0.64 

I, V 
 

-0.50 -0.33 -0.44 

 

-0.72 -0.63 -0.82 
 

-0.65 -0.51 -0.68 

I, T 
 

-0.39 -0.25 -0.34 

 

-0.75 -0.65 -0.84 
 

-0.68 -0.50 -0.66 

V, T 
 

-0.46 -0.28 -0.39 

 

-0.70 -0.58 -0.79 
 

-0.69 -0.52 -0.70 

M, I, V 
 

-0.55 -0.33 -0.44 

 

-0.69 -0.63 -0.83 
 

-0.63 -0.47 -0.64 

M, I, T 
 

-0.45 -0.28 -0.39 

 

-0.70 -0.63 -0.82 
 

-0.67 -0.50 -0.66 

M, V, T 
 

-0.54 -0.31 -0.41 

 

-0.67 -0.58 -0.78 
 

-0.67 -0.50 -0.67 

I, V, T 
 

-0.53 -0.31 -0.41 
 

-0.70 -0.64 -0.83 
 

-0.71 -0.53 -0.70 
M, I, V, T 

 
-0.55 -0.33 -0.44   -0.67 -0.62 -0.82   -0.69 -0.51 -0.68 

*The values in the first row are the correlation coefficients between RI and flood seires 595 
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Table 5. Results of copula models. 598 

Stations 
Scheduling-related 

variables 
Pairs Copula type Parameters c Kendall's tau 

Goodness-of-fit test based on the empirical 
copula 

CvM* p-value 

AK M, I, V, T 

14 Clayton 0.06 0.03 

0.108 0.965 

13 Clayton 0.47 0.19 

12 Clayton 0.27 0.12 

24|1 Frank 1.13 0.12 

23|1 Frank -1.8 -0.19 

34|12 Clayton 0.1 0.05 

HJG I, T 24 Clayton 0.95 0.32 0.624 0.755 

HZ I, V, T 
24 Gumbel 1.07 0.07 

0.107 0.95 23 Clayton 0.58 0.22 

34|2 Clayton 0.27 0.12 

* CvM is the statistic of the Cramer-von Mises test; if the p-value of the C-vine copula model is less than the significance level of 0.05, the model is considered to be 599 

not consistent with the empirical copula. 600 
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Table 6. The selection of the GEV models and the significance of the final model with the chi-603 

square test. 604 

Model ID 

AK HJG HZ 

AIC 
Chi-square test 

AIC 
Chi-square test 

AIC 
Chi-square test 

D
 p-value D p-value D p-value 

M0 1189.7 19.44 0.000 1158.9 64.17 0.000 1220.0 45.94 0.000 

M11 1182.4 12.12 0.000 1155.7 60.95 0.000 1214.5 40.50 0.000 
M12 1191.6 21.34 0.000 1155.8 61.10 0.000 1218.2 44.19 0.000 

M13 1184.5 14.25 0.000 1149.4 54.69 0.000 1207.0 32.98 0.000 

M21 1170.9 0.62 0.433 1146.8 52.10 0.000 1198.9 24.91 0.000 

M22 1191.6 21.39 0.000 1138.2 43.50 0.000 1201.7 27.66 0.000 

M23 1170.3 0.00 1.000 1094.7 0.00 1.000 1174.0 0.00 1.000 
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Table 7. The results of the parameter estimation for the best model (M23). 606 

Station t t 0 

AK 8323-5060RRCI exp(8.353-0.508RRCI) -0.065 

HJG 12180-1053RRCI exp(9.283-2.107RRCI) 0.006 

HZ 11850-8937RRCI exp(9.007-1.418RRCI) -0.065 

 607 
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Table 8. The top 5 floods and the corresponding RRCI, MRIP
and scheduling-related rainfall 609 

variables after the construction (1967) of Danjiangkou reservoir in the HZ station. 610 

Year AMDF (m3/s) 
Values (Ranking in 1967-2015)  

RRCI RI 
MRIP

 I V T 

1983 25600 0.176 (3) 0.301 (-) 0.474 (3) 20.2 (1) 121.4 (19) 281 (2) 

1975 19900 0.247 (6) 0.299 (-) 0.552 (6) 9.6 (18) 163.6 (13) 277 (6) 

1974 18200 0.246 (5) 0.299 (-) 0.551 (5) 12.0 (7) 120.4 (20) 278 (4) 

2005 16800 0.372 (12) 0.318 (-) 0.631 (11) 8.2 (27) 179.7 (10) 278 (4) 

1984 16100 0.164 (1) 0.301 (-) 0.460 (2) 9.9 (15) 256.3 (4) 273 (9) 

 611 
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Figures 613 

 614 

Figure 1. The flowchart of nonstationary flood frequency analysis with a rainfall-reservoir 615 

composite index (RRCI).  616 
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 618 

 619 

 620 

Figure 2. The relationship in the Eq. (3). The left panel is the contour of RRCI; the right panel is 621 

the F-RRCI curves under the different values of RI. 622 
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 624 

Figure 3. Decomposition of a C-vine copula with four variables and 3 trees (denoted by T1, T2 625 

and T3). 626 
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 629 

 630 

 631 

Figure 4. Geographic location of the reservoirs, gauging stations and rainfall stations in the 632 

Hanjiang River. 633 
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 635 

Figure 5. Linear correlation between the variables of multivariate MRI and AMDF. 636 
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 639 

 640 

 641 

Figure 6. Variation of RI and RRCI. 642 
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 644 

 645 

 646 

Figure 7. The performance of the best model (M23) for the Ankang (AK), Huangjiagang (HJG) 647 

and Huangzhuang (HZ) stations. The left panel is the centile curves plots (the 50th centile curves are 648 

indicated by thick blue; the light gray-filled areas are between the 5th and 95th centile curves; the dark 649 

grey-filled areas are between the 25th and 75th centile curves; the filled red points indicate the observed 650 
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series). The right panel is the quantile-quantile plots based on Eq. (15); a reasonable model should have 651 

the plotted points close to 1:1 line.  652 
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 654 

 655 

 656 

Figure 8. Statistical inference of the 100-year return levels from the models (M13 and M23) with the 95% 657 

uncertainty interval. 658 
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660 

 661 

Figure 9. Comparison of risk rates of flood events corresponding to different levels of loss in the 662 

HZ station between 1956-1966 (RI=0), 1967-1992 (RI=0.30), 1992-2012 (RI=0.32), and 2013-future 663 

(RI=0.50) periods based on the final model (M23).  664 
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