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Abstract:



This study applies an integrated methodology to assess short-term over-levee risk and long-term water shortage risk in the Da-Han Creek basin, which is the most important flood control and water storage system in northern Taiwan. An optimization model for reservoir flood control and water supply is adopted, to determine reservoir releases based on synthetic inflow hydrographs during typhoons, which are generated by Monte Carlo simulations. The release is then used to calculate the water level at a downstream control point using a novel developed back-propagation neural network-based model, to reduce computational complexity and achieve automatic-efficient risk evaluation. The calculated downstream water levels and final reservoir water levels after a typhoon event are used to evaluate the mapped over-levee risk and water shortage risk, respectively. The results showed that the different upper limit settings for the reservoir have a significant influence on the variation of 1.19 × 10−5% to 75.6% of the water shortage risk. This occurs because of the insufficient inflow and narrow storage capacity of the Shih-Men Reservoir during drought periods. However, the upper limit settings have a minor influence (with a variation of only 0.149% to 0.157%) on the over-levee risk in typhoon periods, because of the high protection standards for the downstream embankment.
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1. Introduction


A reservoir can be operated for various purposes, such as water supply, flood control, power generation and entertainment. For planning purposes, a management model is usually built for either short-term planning, such as flood control during storms [1,2,3,4,5,6,7], or long-term planning, such as water flow distribution optimization [8,9,10,11] and reservoir operation rule optimization [12,13,14,15,16,17]. Those studies developed complete formulations and algorithms for managing the abovementioned planning topics. However, they did not evaluate the effects of reservoir operations on the competing demands of simultaneous flood control operations and water supply allocation.



In general, risk in reservoir operations involves: (1) short-term flood damage risk (e.g., over-levee, inundation); and (2) long-term shortage (water deficit) risk [13]. Short-term flood damage risk is caused by flooding from external waters (i.e., creek, river) during reservoir operations, and inundation risk is caused by flooding from internal waters (i.e., rainwater from the urban inland) during the operations of a pumping station and anti-tide gate. However, inundation loss is hard to quantify, primarily because the loss data involved in this process are multifarious and difficult to establish, measure and collect [18]. Hence, only a few previous studies have evaluated flood risk by primarily referring to over-levee risk, because such processes require the development and integration of multiple optimization and simulation models, e.g., a reservoir release optimization model for flood control, a solver algorithm, rainfall-runoff simulations, reservoir continuity routing, downstream channel flow routing and an over-levee risk analysis considering multiple types of inflow scenarios [19,20,21]. Regarding previous studies on flood damage risk, Wood (1977) [22] proposed an integral transformation method to evaluate the risk of embankment overflow. Kuo et al. [23] thoroughly compared popular risk analysis methods for assessing reservoir overtopping risk, including Rosenblueth’s and Harr’s point estimation method, Monte Carlo simulation (MCS), Latin hypercube sampling and the mean-value first-order second-moment (MFOSM) method. Paik [24] used the MFOSM method and advanced first-order second-moment method to evaluate hydrological risk to urban stormwater and water storage facilities. However, the inflow hydrographs for different types of typhoons are very diverse. Previous analyses of over-levee risks have seldom considered possible diverse typhoon-induced inflow scenarios.



Regarding previous studies on long-term shortage risk, Klemes [25] calculated long-term water supply reliability using hypothetically-generated inflows. Klemes [26] estimated the reliability of reservoir operations using seasonal inputs. Wurbs [27] studied the water resources management, water allocation and supply reliability of a reservoir system. Yamout et al. [28] studied the effects of incorporating the conditional value-at-risk when analyzing a water allocation problem, as opposed to using frequently expected values, two-stage modeling, scenario analysis and linear optimization tools. Higgins et al. [29] applied MCS to estimate trade-offs between the amount of allocated water and the risk of failing to achieve minimal reservoir levels. Hsu et al. [9] studied the relationship between potential bottleneck locations and water supply deficits. Kuo and Hsu [30] used the minimum cut-set method to calculate the mechanical reliability of a water distribution system after a long-term water supply period. Bekri et al. [11] optimized water allocation within a river basin using a fuzzy-boundary-interval linear programming method. Their method used the simultaneous generation of stochastic equal-probability hydrologic scenarios to consider the uncertainty of random water inflows. However, the trade-offs between (1) hedging rules for reservoir levels and shortage risks and (2) reservoir target storage levels (i.e., upper limits) and shortage risks have seldom been analyzed in previous studies. The upper limit defines the empty space in a reservoir for flood control, as well as the storage space for future water supply.



In reality, over-levee and shortage risks are associated with reservoir operation hedging rules, particularly the upper reservoir level limits. However, the trade-off relationship between short-term reservoir flood operation rules and long-term shortage risks (considering diverse hydrological scenarios) is rarely studied, because such studies require automatic integrated optimization-simulation routing algorithms, which are very time consuming. To resolve these issues, this study first applies an integrated methodology to generate a series of representative synthetic inflow hydrographs using MCS with historical typhoon-induced flash flood hydrographs. Then, this study calculates mapping damage based on the stream water level and top elevation of the levee at the downstream control point. The water level simulation model is embedded into the reservoir flood operation optimization model. This is done so that automatic risk analysis is performed using MCS instead of conventional rainfall-runoff routing approaches [31]. A novel back-propagation neural network (BPNN) model is developed for calculating the water level at a downstream control point. This will allow for a rapid, integrated optimization analysis process. BPNN is a data-driven model that does not require multi-parameterized physical properties such as topography, geology and bathymetry [32,33]. To evaluate shortages (water deficits) for various types of demand nodes, this study employed a network flow-based optimization model to analyze water supply and allocation patterns in the distribution system, under reservoir operating scenarios for multiple hedging rules.



The purpose of this study is to apply an integrated methodology to: (1) generate diverse possible synthetic inflow hydrographs during typhoons; (2) assess how the upper limit for the reservoir level in the operation hedging rules influences over-levee risks during typhoons (and corresponding annual water supply shortage risks in a semi-arid region); and (3) analyze the trade-offs and priority relationships between over-levee risk and water shortage risk for different types of upper limit levels. The developed methodology was applied to the Shih-Men Reservoir basin located in the upper Da-Han Creek, which is the most important flood control and water storage system in northern Taiwan. The adopted models and algorithms include: (1) the MCS; (2) a deterministic reservoir operation optimization model for flood control; (3) mixed integer linear programming; (4) a novel BPNN-based water level simulation model; (5) a water allocation optimization model for a network flow-based distribution system; and (6) an approach for evaluating over-levee and shortage risks.




2. Study Area and Data


Taiwan has been threatened by floods because of its topography, uneven precipitation distribution and exposure to extreme hydrological events, such as typhoons. Because Taiwan has steep mountains and short creeks, massive precipitation in Taiwanese watersheds causes heavy and rapid runoff during the summer and autumn. Appropriate reservoir operations could retard severe floods during catastrophic typhoons. The ability to mitigate downstream flooding is directly determined by the empty storage space in a reservoir at a specific time; this space is defined by time-varying upper limit levels in the reservoir operation rules. If the empty storage is insufficient during peak flow, over-levee risk increases. If reservoirs leave too much empty storage space at the end of flood control operations, serious shortages may occur during the subsequent dry season.



Among the 109 reservoirs in Taiwan, the Shih-Men Dam is the third largest, supplying water to over three million people in northern Taiwan. The Shih-Men Dam is constructed at Da-Han Creek, the length of which is 126 km. Figure 1 shows a map of the study area, comprising 1163 km2. The creek starts at an elevation of 3536 m, ends near Hou-Chun Weir and then enters Tam-Shui River. There are four agricultural irrigation demands (upstream of Da-Han Creek, Shih-Men, Tao-Yuan and downstream of Da-Han Creek), two municipal demands (Shih-Men and Ban-Xin) and five water treatment plants (Long-Tang, Ping-Chen, Shih-Men, Ban-Xin and Da-Nan). The Shih-Men Reservoir, which is a multipurpose reservoir with a total capacity of 219 × 106 m3, was constructed in 1964 to meet public and agricultural demands. It is used for flood control, water supply, irrigation, tourism and hydropower generation.


Figure 1. Map of the study area at Da-Han Creek basin.
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Based on the rainfall patterns in the Da-Han Creek basin, a year is divided into a wet season and a dry season. Each season is six months long. The dry season begins on 1 November and ends on 30 April. If the stored water in the reservoir at the beginning of the dry season is insufficient, agricultural water shortages will occur. Accordingly, it is important to assess shortage risks during drought periods and over-levee risks during typhoon periods for different upper limit settings of the reservoir. The period used for planning purposes is ten days, and this is consistent with agricultural planning and practices in Taiwan. Each month has three periods. The first 20 days of a month comprise the first and second periods of that month, and the remaining days of the month comprise the last period of that month [13].



In practice, in order to guide reservoir releasing operations during typhoon-flood periods and intake operations during water supply periods, hedging rules are invented to formulate an operational strategy [34]. There are three level curves in the hedging rules of Shih-Men Reservoir: (1) the upper limit of the water surface level (WSL); (2) the lower limit of the WSL; and (3) the severe lower limit of the WSL, as shown in Figure 2. The upper limit of the WSL is regarded as the target WSL of a reservoir at the end of a typhoon-flood event. When the current WSL for the reservoir is above the lower limit of the WSL, the capacity of water supply for the demand node is the same as the planning water distribution volume. When the current WSL is below the severe lower limit of the WSL, the agricultural demand node can only receive 50% of the planning water distribution volume, while the public demand node can only receive 80% of the planning volume. The upper limit of the WSL for Shih-Men ranges from 235 to 245 m during a one-year period. The upper limit of the WSL in the wet season is lower than in the dry season, which is done to manage anticipated typhoon-flood events and prepare sufficient water supply storage in the drought season. However, the probability exists that unexpected abnormal dry weather will occur in the wet season or that an unexpected typhoon-flood will suddenly occur in the dry season [35]. Hence, an assessment of possible over-levee and shortage conditions for the specific upper limits of the WSL in Shih-Men reservoir is an important research topic in this study. The elevation of the dam crest, maximum allowable safe WSL for flood control and dead WSL are 252.1, 249.5 and 195 m, respectively. The reservoir WSL can be operated within the range of the lower WSL and maximum safe WSL during typhoon periods.


Figure 2. Hedging rule curves and characteristic elevations of Shih-Men Reservoir water surface level (WSL).
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In this study, the original water supply system elements of the Da-Han Creek basin are characterized by nodes and arcs. For example, inflows, reservoirs, diversion structures and demands are represented as nodes, whereas rivers, channels and pipes are represented as arcs, as shown in Figure 3. The data needed for the water allocation optimization model are the ending storage of the reservoir after a typhoon event, historical inflow data, the water demands of public and agricultural demand nodes, the water delivery network and the capacity of various types of water supply infrastructure (including pipes, reservoirs and water treatment plants).


Figure 3. Water supply system for Da-Han Creek.
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3. Methods


3.1. Methodology Flowchart


Figure 4 shows a flowchart of the developed methodology. The step-by-step procedures for the integrated risk analysis algorithm are as follows:

	Step 0:

	
Data collection. The variables include historical inflow and release hydrographs and water levels at the downstream control location during typhoons. These water levels were measured by the Shih-Men Reservoir Management Bureau, Taiwan.




	Step 1:

	
Generation of the inflow hydrograph. First, test the optimal probability distribution function, and calibrate the corresponding parameters for the historical inflow hydrographs. Then, use Monte Carlo simulation (MCS) to generate 10,000 synthetic inflow hydrographs for typhoon events.




	Step 2:

	
Optimization of reservoir release. Construct a flood operation model to optimize the reservoir release hydrograph based on predefined sets of operation rules (i.e., the upper limits of target reservoir water levels) during typhoons, and simulate flow and storage during reservoir operations. The release hydrograph and final reservoir storage are used to evaluate the over-levee and shortage risks in Steps 3 and 4, respectively.




	Step 3:

	
Construction of a novel BPNN-based water level simulation surrogate model. The processes include single-moment training, single-moment validation and complete-event unsteady simulation verification. This model is used to calculate the water level at the downstream control point under reservoir release during typhoons.




	Step 4:

	
Optimization of water allocation. Construct a network flow-based optimization model using the water distribution system data and optimize the water allocation patterns for each municipal and agricultural demand.




	Step 5:

	
Risk analysis of over-levee and shortage risks during reservoir operations. Evaluate the over-levee risk and drought risk based on the defined over-levee threshold values for the control point and resistance for the shortage index, respectively. Then, assess the trade-offs and priorities between each type of demand, and analyze the relationship between various upper limits for reservoir hedging water levels and each type of risk.








Figure 4. Flowchart of the proposed methodology.
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3.2. Generation of Inflow Hydrographs


3.2.1. Monte Carlo Simulation


In this study, MCS is used to generate representative synthetic inflow hydrographs for typhoon events based on historical time series data for risk analysis. Most risks in the real world have hundreds of possible outcomes. MCS can provide a fuller picture of the risk in a hydrological system by considering different likelihoods of input assumptions, initial conditions, boundary conditions and scenarios [36]. MCS generates random variables that preserve distributional characteristics and provide numerical evaluations of the probabilistic features of the system response.



The steps for generating continuous random parameters via an inverse computational fluid dynamics method are as follows: (1) select a sample size n, and generate uniform random numbers [image: there is no content] from u(0,1); (2) define the optimal probability distribution functions (PDFs) [image: there is no content] for the parameter X for generating synthetic inflow hydrographs (described in Section 3.2.2), where x is the derived value of the parameter X; and (3) solve for [image: there is no content]




3.2.2. Synthetic Inflow Hydrographs


For generating synthetic hydrographs in this study, the parameters considered in the MCS are the peak inflow qp, base flow qb, storm runoff volume V, time to peak inflow tp and duration of the hydrograph td. We also assume some parameters: peak inflow (qp) and time to peak inflow (tp), which are independent of one another. To construct the multiphase inflow hydrograph during typhoons, this study adopted the methodology proposed by Bertoli and Moisello [37] and Hsu et al. [38], which generates an actual synthetic hydrograph using multiple integrated nonlinear regression formulae. They have formulated and validated that a reservoir inflow hydrograph during a typhoon is composed of a rising curve and a recession curve. The former and latter curves can be represented by a power function and exponential function, as shown in Equations (1) and (2), respectively.


[image: there is no content]



(1)






[image: there is no content]



(2)




where qt is the discharge during time period t, qp is the peak discharge, tp is the time to peak discharge, r is the power parameter of the ratio t/tp in the rising curve and k is the recessional parameter in the recession curve. The parameters and coefficients above are not the same for different historical flood events. Parameters qp and tp can be generated by random numbers with an appropriate distribution in the MCS. Parameters r and k are constants that influence the rising and receding slopes of the flood curve, respectively [37]. Parameters r and k for each historical flood event are calculated using Equations (3) and (4).



For each historical flood hydrograph, the volume of the inflow flood in the hydrograph under the rising curve is calculated by integrating the following equation from the starting period (t = 0) to the time to peak inflow (t = tp).


[image: there is no content]



(3)




where V1 is the volume of the inflow flood in the hydrograph of the rising curve. Similarly, for every historical flood hydrograph, the volume of the inflow flood in the hydrograph of the recession curve is calculated by integrating the following equation from the time to peak discharge (t = tp) to infinity (t = ∞).
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(4)




where V2 is the volume of the inflow flood under the hydrograph of the recession curve.



This study first analyzes the probability distribution function of qp, tp and td according to actual inflow data collected during historical typhoon events. Based on the optimal PDFs generated by probability plotting and the criterion of error index (RMSE), the random variables generated by MCS can be transformed into corresponding parameter values for the synthetic inflow hydrographs.



(1)  Statistic distributions:



This study selects the most widely-used probability distribution functions as candidates: normal (ND), lognormal (LND), Pearson Type III using a coefficient of skewness (PT3), log-Pearson Type III distribution using a coefficient of skewness (LPT3), Pearson Type III using a modified coefficient of skewness (PT3’), log-Pearson Type III distribution using a coefficient of skewness (LPT3’) and extreme value Type I (EX). The probability plotting method and smaller RMSE are used to select the most suitable distribution function for the parameters considered.



The probability plotting method checks the fitness of the hydrologic data for a specific probability distribution. The probability plotting function can be written as follows [31]:


[image: there is no content]



(5)




where n is the total number of variables in the sample, m is the rank of a variable in a list ordered by descending magnitude and [image: there is no content] is the exceedance probability of the m-th largest variable xm, for a large value of n. Note that the value of parameter b differs from the commonly suggested probability distributions (b = 0.0 in Weibull’s, b = 0.3 in Chegodayev’s, b = 0.326 in Yu’s, b = 0.33 in Tukey’s, b = 0.375 in Blom’s, b = 0.44 in Gringorten’s and b = 0.5 in Hazen’s distribution). The value of b that results in the lowest RMSE is chosen in this study.
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(6)




where [image: there is no content] is the variable of the probability distribution and [image: there is no content] is the variable of the probability plotting data.



(2)  Sampling generation of qp, tp and td:



To generate qp, a random number between 0 and 1 is sampled using MCS. This value represents a probability density value for the parameter, for the chosen distribution. The actual value of qp is then derived by reversing the optimal PDF with its corresponding random number.



This generation method is also applied for the time to peak flow [image: there is no content]. For generating the duration of the hydrograph [image: there is no content], instead of generating directly, we adopt a ratio (η) to ensure that the duration of the hydrograph is always longer than the time to peak discharge.


[image: there is no content]



(7)







This ratio is calculated from historical data. The probability distribution of η has been validated to be approximated by the Beta distribution [37].





3.3. Water Level Simulation at Downstream Control Point


This study developed an innovative simulation surrogate model to calculate the water level at a downstream control point using BPNN under unsteady reservoir operations. The BPNN is embedded into the optimization model for reservoir operations and water distribution to allow for rapid, automated risk evaluations. BPNN was developed by Rosenblatt [39] and Rumelhart and McClelland [40]. It belongs to a multilayer feed-forward network and manages the nonlinear relationship between inputs and outputs using a supervised learning approach. A commonly-used BPNN is a three-tier structure neural network, which includes an input layer, a hidden layer and an output layer. The input value for the neurons, which are connected by the associated weights of different layers in the network, is directly transferred into the hidden layer. Then, after performing the weighted accumulation ([image: there is no content]) and transfer functions [image: there is no content], we obtain an output value and pass it to the output layer following the same rules. The output value [image: there is no content] of j in the n-th layer is the conversion function value of the n − 1 layer neuron output value, which is given as follows:


[image: there is no content]



(8)







The weight-accumulated value of the output value of the n − 1 layer [image: there is no content] is:


netjn=∑iwjinyin−1−bjn



(9)







In this study, the hidden layer adopts the tan-sigmoid (Equation (10)) as the transfer function, while the output layer is linear. BPNN uses the steepest gradient descent method to calculate and adjust the network weight and bias values. This minimizes errors in the output value and actual target value for obtaining a calculation mode of precise learning.


[image: there is no content]



(10)







Figure 5 shows the structure of the BPNN-based simulation model. The BPNN structure includes five neurons in the input layer and one neuron in the output layer. The input data for the BPNN model include: (1) the inflow to the reservoir over the previous time period (t − 1) and current time period (t); (2) the reservoir release at time period (t − 1) and time period t; and (3) the water level at time period (t − 1) at the downstream control point, which is the San-Ying Bridge station. The output is the water level of the current period (t) at the downstream control point.


Figure 5. Structure of the back-propagation neural network (BPNN) for water level simulation at a downstream control point.
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The BPNN-based water level simulation model is constructed in three parts: single-moment training, single-moment validation and complete-event unsteady simulation and verification. The single-moment simulation primarily involves the calculation mechanism for the water level simulation at a steady state. Complete-event simulation and verification adds single-moment calculation units and provides feasibility verification for the unsteady simulation.



The number of neurons in the hidden layer is decided by a constructive algorithm with indicators for precision, stability and practicability. This study adopted the mean absolute error (MAE), mean squared error (MSE) and goodness of fit ([image: there is no content]) as indicators for selecting the number of neurons, as shown below:


[image: there is no content]



(11)






[image: there is no content]



(12)






[image: there is no content]



(13)




where [image: there is no content] is the simulated water level at period t, [image: there is no content] is the observed water level and [image: there is no content] is a standard sequence value for the water level (which was set as [image: there is no content] in this study). MAE is suitable for evaluating the simulated accuracy among all water level time series, whereas MSE is suitable for high water level periods. Smaller values of MAE and MSE indicate that the simulated accuracy and stability of the model is high. Moreover, [image: there is no content] is applied to evaluate the simulated efficiency of the model; a larger value indicates that the model effectiveness is high.




3.4. Optimization Model for Reservoir Operations and Water Allocation


For short-term flood control during typhoons, an optimization model is applied to optimize the reservoir release hydrograph and simulate the corresponding operational outcome. The details of the optimization model, operation rules and calculation of reservoir storage during typhoon events can be found in Hsu and Wei [3]. The objective functions of the optimization model include minimizing the downstream peak flow water level at a specified control point and maximizing final reservoir storage at the end of the flood, as shown below:


[image: there is no content]



(14)




where [image: there is no content] and [image: there is no content] are the elevation of the river levee and the riverbed at a downstream control point, respectively; [image: there is no content] and [image: there is no content] are the weighted coefficients for minimizing the downstream water level and for maximizing the final reservoir storage, respectively. In this study, we consider the two weighted objective functions to have equal importance. Reservoir storage routing is formulated on the basis of a mass balance equation, in which the difference between the reservoir inflow and outflow must be equal to the variation in storage, as shown below:


[image: there is no content]



(15)




where ∆t is a short time interval in hours for routing; It is the reservoir inflow at time t; [image: there is no content] is the reservoir release variable at time t, which is also the decision variable for the optimization model; [image: there is no content] is the reservoir storage variable at time t; and [image: there is no content] and [image: there is no content] are the starting and ending time of flood control operations, respectively. The final reservoir storage at the end of flood control operations [image: there is no content] is devised as the initial storage capacity for water supply in drought periods.



Furthermore, this study applied a network flow-based water allocation optimization model to estimate water supply and shortage characteristics. The applied regional water distribution system for water supply allocation considers practical reservoir operation criteria, including rule curves and hedging rules, can be formulated as a mixed integer linear programming-based minimum-cost problem [9,13]:


[image: there is no content]



(16)






s.t.{(17)∑(j,i)∈Ax(j,i),t−∑(i,j)∈Ax(i,j),t=bj,t, ∀j∈Ν(18)x(i,j),tmin≤x(i,j),t≤x(i,j),tmax, ∀(i,j)∈A








where t = time index; T = total number of time periods; i,j = node index; (i,j) = an arc that emanates from node i and terminates at node j; [image: there is no content] = nonnegative flow in arc (i,j); [image: there is no content] = lower bound of [image: there is no content]; [image: there is no content] = upper bound of [image: there is no content]; [image: there is no content] = weighting factor (unit cost) for arc (i,j); [image: there is no content] = source/sink term at node j; N = node set of the network; and A = arc set of the network.



The decision variables in the optimization model are the directional flows in each arc in the configuration. In the composite objective function, Equation (16), the weighting factor [image: there is no content] for each [image: there is no content], reflects the priority of each objective. Equation (17) is the general form of a set of continuity equations, which can be applied to inflow, diversion, junction, demand or reservoir nodes. Equation (18) specifies the lower and upper bounds of each flow variable. Moreover, the total water supply for the regional water distribution system should be lower than the difference between the initial reservoir storage capacity [image: there is no content] and the dead storage [image: there is no content], as shown below:


[image: there is no content]



(19)








3.5. Risk Analysis


Uncertainty and risk analysis provide a means to comprehend the relationship between the parameters and system responses. The U.S. began requesting uncertainty and risk analyses in 1976 for water resources planning and management, in addition to cost and benefit analyses [41]. This study applies risk analysis to evaluate the risk of over-levee conditions and drought during reservoir operations. We define the system reliability, Ps, as the probability of non-failure, in which the resistance of the system (R) exceeds the load (L) [42]; that is,


[image: there is no content]



(20)




where [image: there is no content] denotes the reliability (i.e., non-occurrence probability, safe probability) of over-levee and drought conditions. The failure probability, Pf, is the opposite of reliability and can be expressed as:


[image: there is no content]



(21)







Load (L) and resistance (R) are functions of a number of random variables, which are:


[image: there is no content]



(22)






[image: there is no content]



(23)




where [image: there is no content] are random variables used to define the load function, g(XL), and the resistance function, h(XR).



This study selects the performance function ([image: there is no content]) as [image: there is no content]. From the risk values for different variables and setting resistances, the mean ([image: there is no content]) and standard deviation ([image: there is no content]) of the performance function are obtained. The reliability index, β, is calculated as [image: there is no content]. In practice, the CDF is a normal distribution, and the reliability, Ps, is obtained by [image: there is no content], where [image: there is no content] is the CDF of the performance function W and W’ is the standardized performance function, which is defined as [image: there is no content]. By subtracting Ps from 1, the risk ([image: there is no content]) is obtained.




3.6. Shortage Index Definition


In this study, a shortage index (SI) is devised as an indicator of the degree of shortage. SI was proposed by the Hydrologic Engineering Center, U.S. Army [13]. It is the square of the shortage rate, showing the degree of influence of water deficit on society. This study employs the modified shortage index (MSI) proposed by Hsu and Cheng (2002) [8] to calculate the water supply risk in a drought period using different upper limits. MSI is shown as Equation (24), where n is the number of 10-day periods, DSt is the shortage in the tth 10-day period and DDt is the demand in the tth 10-day period.


[image: there is no content]



(24)









4. Application


4.1. Adopted Typhoon Events for Risk Analysis and Construction of the BPNN-Based Water Level Simulation Model


This study analyzed multiple reservoir operation risks, considering over-levee events and water shortages in the Da-Han Creek basin. Complete official records for hydrometeorology and reservoir operations are available from 1996. The outlet-intake engineering of Shih-Men Reservoir was rebuilt in 2005 after the flood-sedimentation invasion of Typhoon Aere in 2004 [43]. To assess the risks of over-levee events and water shortages prior to the rebuild, this study adopted storm inflow data from 23 typhoon events during 1996 and 2004 for risk analysis, as listed in Table 1. The data source is the Shih-Men Reservoir Management Bureau, Water Resources Agency, Taiwan. Among these adopted storm events, five are super typhoons. The average peak inflow is 1869 m3/s, and the average flood duration per typhoon event is 84 h. This study adopted flood events occurring prior to Typhoon Aere (i.e., 28 August 2004) for the single-moment training of the BPNN-based water level simulation model and flood events after Typhoon Aere for single-moment validation and complete-event verification of the BPNN-based model, because of data acquirability in that time.



Table 1. Adopted typhoon events for construction of the BPNN-based water level simulation model.







	
Stage of Model Construction

	
Starting Time (Day/Month/Year)

	
Name of Typhoon

	
Duration (h)

	
Peak Inflow (m3/s)

	
Return Period of Peak Inflow (y)






	
Single-moment training and validation

	
30 July 1996

	
Herb

	
104

	
6363

	
15.4




	
17 August 1997

	
Winnie

	
80

	
3411

	
5.3




	
28 August 1997

	
Amber

	
84

	
1351

	
2.4




	
26 September 1998

	
Yanni

	
120

	
486

	
1.5




	
3 October 1998

	
Flood

	
144

	
810

	
1.7




	
15 October 1998

	
Zeb

	
96

	
4643

	
8.7




	
23 October 1998

	
Babs

	
120

	
328

	
1.2




	
8 July 2000

	
Kai-Tak

	
72

	
393

	
1.3




	
22 August 2000

	
Bilis

	
60

	
2230

	
4.3




	
28 August 2000

	
Prapiroon

	
72

	
837

	
1.9




	
10 September 2000

	
Bopha

	
72

	
257

	
1.0




	
31 October 2000

	
Xangsane

	
72

	
1852

	
3.6




	
15 September 2001

	
Nari

	
117

	
4123

	
6.6




	
23 September 2001

	
Lekima

	
168

	
1505

	
2.7




	
15 October 2001

	
Haiyan

	
72

	
662

	
1.6




	
9 July 2002

	
Nakri

	
48

	
317

	
1.1




	
5 September 2002

	
Sinlaku

	
68

	
409

	
1.4




	
2 July 2004

	
Mindulle

	
48

	
276

	
1.1




	
11 August 2004

	
Rananim

	
48

	
1208

	
2.2




	
23 August 2004

	
Aere

	
93

	
8594

	
38.5




	
Single-moment validation and complete-event verification

	
11 September 2004

	
Haima

	
64

	
1637

	
3.2




	
24 October 2004

	
Nock-ten

	
57

	
958

	
2.0




	
3 December 2004

	
Nanmadol

	
44

	
335

	
1.3











4.2. Synthetic Inflow Hydrograph of Shih-Men Reservoir


To generate synthetic hydrographs, the parameters, peak inflow qp and time to peak inflow tp must be generated individually and are assumed to be independent of one another. To validate this assumption, the correlation coefficient (R2) is calculated. The R2 value between qp and tp is 0.00865 for the historical data of typhoon events, indicating that the assumption of independence is valid.



In practice, hours are typically used as the units for an observed inflow hydrograph. To enhance the precision of tp, this study computed tp considering the hydrological characteristic of the studied basin. The value of tp can be computed from the time to maximum rainfall intensity ([image: there is no content]) plus the time of concentration ([image: there is no content]). When the return period ([image: there is no content]) for typhoon rainfall is less than 100 y, [image: there is no content] can be calculated by length ([image: there is no content]) divided by the velocity ([image: there is no content]) and slope ([image: there is no content]) of overland flow. When the return period is larger than 100 y, [image: there is no content] can be calculated by Manning’s equation, which can be expressed as follows:


[image: there is no content]



(25)




where [image: there is no content], [image: there is no content], [image: there is no content] and [image: there is no content] are the roughness coefficient, length (m), velocity constant (m/s) and average slope of overland flow, respectively; and [image: there is no content] is the average rainfall intensity for a rainfall duration equal to [image: there is no content] (mm/h).



The relationship between different kinds of probability functions for different values of coefficient b and the corresponding RMSE values for the peak inflow (qp) and the time to peak inflow (tp) of the Shih-Men Reservoir are shown in Figure 6 and Figure 7, respectively. For the peak inflow (qp) of Shih-Men Reservoir, the RMSE value for the PT3’probability distribution function is lower than those for other distributions under 0.3 < b < 0.5. For the time to peak inflow (tp), the RMSE value for the LPT3’ probability distribution function is lower than those for other distributions under 0.3 ≤ b ≤ 0.44. According to Figure 6 and Figure 7 and Table 2, the results show that the optimal probability distributions (i.e., that with the lowest RMSE) for the peak inflow and time to peak inflow are PT3’ with b = 0.5 (RMSE = 297.48 m3/s) and LPT3’ with b = 0.326 (RMSE = 2.659 h), respectively. The ND is not acceptable for use with tp for Shih-Men Reservoir (RMSE > 5 h), so it is not shown in Figure 7. The probability plotting of qp and tp for the best distributions is shown in Figure 8 and Figure 9. Additionally, this study analyzed historical inflow data to obtain the values for these parameters for the synthetic inflow hydrograph of Shih-Men Reservoir: n = 2.83 and k = 16.42.


Figure 6. Values of RMSE for various probability functions for peak inflow (qp) of Shih-Men Reservoir.



[image: Water 09 00424 g006]





Figure 7. Values of RMSE for various probability functions for time to peak inflow (tp) of Shih-Men Reservoir.



[image: Water 09 00424 g007]





Figure 8. Probability plot of peak inflow (qp) of Shih-Men Reservoir for the Pearson Type III distribution.



[image: Water 09 00424 g008]





Figure 9. Probability plot of time to peak inflow (tp) for Shih-Men Reservoir for the log-Pearson Type III distribution.
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Table 2. Optimal probability distribution coefficients for the inflow hydrograph for Shih-Men Reservoir.







	
Probability Distribution Parameters

	
Peak Inflow (qp)

	
Time to Peak Inflow (tp)






	
Average

	
1869 (m3/s)

	
46.90 (h)




	
Standard deviation

	
2180 (m3/s)

	
15.12 (h)




	
Coefficient of skewness

	
1.91

	
0.93




	
Modified coefficient of skewness

	
2.80

	
1.38




	
Best probability distribution

	
PT3’

	
LPT3’




	
RMSE

	
297.48 (m3/s)

	
2.66 (h)




	
Correlation coefficient of probability plotting

	
0.994

	
0.987




	
Coefficient b

	
0.5

	
3/8










The main advantage of MCS is that it typically considers a much broader range of possible results than the historical returns method. After a sensitivity analysis, we found that the minimum number of simulation runs was 10,000 for obtaining reasonably accurate values of over-levee and water shortage risks.




4.3. Construction Outcomes of the BPNN-Based Water Level Simulation Model


To evaluate the validity of the selected inputs for the developed BPNN-based water level simulation model, we analyzed the correlation coefficients (R2) between the candidate inputs and the output (i.e., water level at the San-Ying Bridge at time t). The R2 values between the selected inputs (i.e., the inflow to the reservoir at time t − 1 and t, the outflow from the reservoir at time t − 1 and t and the water level at the downstream control point at time t − 1) and the output are 0.633, 0.629, 0.680, 0.674 and 0.987, respectively. These R2 values show that all of the selected model inputs are highly correlated with the simulation outputs. This means that the inputs are suitable potential simulators for predicting the outputs.



After several repeated tests of neurons in the hidden layer, with numbers ranging from 1 to 20, we compared appraisal indicators and determined that the optimal number of hidden layer neurons was 11. With 11 neurons, we obtained the highest [image: there is no content] training and validating values (0.992 and 0.956, respectively). Moreover, the training and validating MAE values (0.143 and 0.151 m, respectively) and MSE values (0.532 and 0.579 m, respectively) for the best model with 11 hidden layer neurons are smaller than those for models with other numbers of hidden layer neurons, indicating that this structure is optimal for the BPNN-based model. The simulated results for the single-moment training and validation for the water level at San-Ying Bridge are shown in Figure 10a,b, respectively. The results showed that the single-moment errors of MAE and MSE were small, demonstrating an accurate simulation trend (proven by the [image: there is no content] values). Therefore, the training and validation results of the single-moment simulation were satisfactory and could be continued for the entire event simulation.


Figure 10. Relationships between simulated and observed water levels at San-Ying Bridge during the construction process of the BPNN-based model: (a) single-moment training; (b) single-moment validation; and (c) complete-event verification.



[image: Water 09 00424 g010a][image: Water 09 00424 g010b]






Figure 10c depicts the verification results for the complete-event iterative unsteady simulation of the developed BPNN-based model during Typhoon Haima. The MAE values for the water level simulation during the three verification events (typhoons Haima, Nock-ten and Nanmadol) were small: 0.161, 0.154 and 0.166 m, respectively. The corresponding MSE values were 0.625, 0.608 and 0.643 m, respectively. Although iterative unsteady simulations sometimes have one-hour shifts (because of the lack of unknown future hydrological information for model inputs), the best-constructed BPNN-based model still can capture fluctuation trends during high water level periods. Moreover, the Gbench values for typhoon Haima, Nock-ten and Nanmadol were 0.898, 0.927 and 0.861, respectively (that is, all Gbench values reached at least 0.86). These results indicate that the BPNN-based model developed in our research can effectively and rapidly simulate unsteady-state water level changes during typhoon events. Therefore, this alternative model can be embedded in the optimization model to quickly and automatically determine an optimal reservoir release hydrograph for each synthetic typhoon inflow event. However, the BPNN-based water level simulation model had been validated for the typhoon events with smaller return periods due to the availability of data when the research was conducted, but the validated events lack data with higher return periods. Hence, the BPNN-based simulation model may underestimate the downstream water level and the corresponding over-levee risk on the synthetic typhoon inflow events with higher return periods. This study suggests that the sufficient typhoon inflow events with different return periods could be collected for the model establishment and risk analysis to resolve this problem in the future research.




4.4. Risk Analysis Parameter Setting


4.4.1. Setting of the Threshold Value of Resistance of the Shortage Index


The first task when evaluating shortage risk is setting the resistance threshold. This threshold can reflect the shortage risk by reasonably considering the shortage tolerance degree for the demand node. This study sets an expected shortage rate [image: there is no content] in Equation (24) for the public demand node at every period t, according to the practical value at which the water supply must begin to decompress and at which water rationing must begin. Additionally, an expected shortage rate is set for the agricultural demand node, according to the practical value at which cultivation needs to start to fallow [44]. Then, the expected shortage rate is transformed to an MSI as the threshold for risk analysis. The tolerance degree for shortages to the public supply (which differ for each location) is more severe than for agricultural supplies, because of economic benefits. Based on the above principles, the expected shortage rate [image: there is no content] of the Shih-Men public supply is set as 7%, and the corresponding MSI is 0.50. The expected shortage rate of the Ban-Xin public supply is 3%, and the corresponding MSI is 0.09. The expected shortage rate of all agricultural supplies (downstream of Da-Han Creek, Shih-Men, Tao-Yuan and upstream of Da-Han Creek) is 10%, and the corresponding MSI is 1.00.




4.4.2. Setting the Threshold Value for Over-Levee Risk


The Water Resources Agency in Taiwan has predetermined the water level of the Da-Han Creek at the control location that will result in an over-levee event. This was done with in situ investigation and numerical computation. This specific threshold value at the San-Ying Bridge station is at 46 m at mean sea level [3]. This study used this characteristic value to determine the occurrence of over-levee events and compute the corresponding over-levee risk.





4.5. Results and Discussions of the Risk Analysis


4.5.1. Over-Levee Risk during Typhoon Period


The upper limit levels for the Shih-Men Reservoir ([image: there is no content], i.e., the target level for flood control at the final period of a typhoon and the initial level for water supply) are 245.0 m from November to January, 242.5 m at the beginning of March and at middle October, 240.0 m at the beginning of April and in the middle of September, 237.5 m at the beginning of May and in the middle of August and 235.0 m in the middle June, as shown in Figure 2. These values are selected for simulating over-levee and shortage risks. The over-levee risks during typhoon periods for different upper limit settings of the reservoir are shown in Figure 11. This figure indicates that the different upper limit levels of the reservoir have limited effects on the over-levee risk at the downstream control point. When the set upper limit of the reservoir increased from 235 to 245 m, the over-levee risk downstream of San-Ying Bridge increased accordingly, from 0.149% to 0.157%. On average, a 1-m increase in the set upper limit increases the over-levee risk by only approximately 0.0008%. This result shows that the over-levee risk for the Shih-Men Reservoir is not sensitive to different upper limit settings, because the protection standard (i.e., the return period) of the height of the constructed embankment downstream of the Da-Han Creek is greater than 200 years.


Figure 11. Over-levee risk analysis of San-Ying Bridge in a typhoon period for different upper limit settings of Shih-Men Reservoir.
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4.5.2. Shortage Risks during Drought Period


Figure 12 and Figure 13 show the shortage risks for the public and agricultural demands, respectively. Figure 12 indicates that the shortage risk to the Ban-Xin municipal demand during the drought period decreases from 7.8% to 1.19 × 10−5% with an increase in the upper limit settings of the Shih-Men Reservoir from 235 to 245 m. The shortage risk for Ban-Xin municipal demand becomes insensitive at upper limits higher than 240 m, indicating that this value represents the approximate critical storage value for ensuring sufficient water supplies. In contrast, the shortage risk for Shih-Men municipal demand decreases from 75.6% to 30.0% for a corresponding increase in the upper limits of the Shih-Men Reservoir from 235 to 245 m. This means that the shortage risk for the Shih-Men municipal demand during a drought period is consistently sensitive to decreases in the upper limit settings. The shortage risk for the Shih-Men municipal demand subsequently decreases after a stable recessional rate of 4.56% with the unit increase in the upper limit. The difference between the two curves in Figure 12 is caused by the following conditions: (1) the water demand of Shih-Men is 8.9% less than that of Ban-Xin; and (2) the threshold value of resistance for the shortage index of Shih-Men (i.e., MSI = 0.5) is larger than that for Ban-Xin (i.e., MSI = 0.09).


Figure 12. Shortage risk analysis during drought periods for different upper limit settings of Shih-Men Reservoir: public demand.



[image: Water 09 00424 g012]





Figure 13. Shortage risk analysis in drought periods for different upper limit settings of Shih-Men Reservoir: agricultural demand.
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Figure 13 indicates that all shortage risks for the four agricultural water demand nodes of the Da-Han Creek during the drought period obviously decrease along a recessional rate of 8.8% with the unit increase of the upper limit level before it reaches 240 m. When the upper limit level is larger than 240 m, all shortage risks are lower than 10%. The shortage risks for agricultural demand for the irrigation zones of Shih-Men, downstream of Da-Han Creek, Tao-Yuan and upstream of Da-Han Creek, decrease from 56.7% to 6.2%, 49.8% to 4.1%, 47.8% to 0.26% and 45.1% to 1.4%, respectively, for a corresponding increase in the upper limits of the Shih-Men Reservoir from 235 m to 245 m. The results show that between the risk curves of the four agricultural demand nodes in Figure 13, the agricultural shortage risks upstream of the Da-Han Creek and in Tao-Yuan are respectively less than those downstream and in Shih-Men. This is because the agricultural water demand of the downstream region is 21.3% lower than that of the upstream region, and the demand of Shih-Men is 62.4% lower than that of Tao-Yuan. Hence, the water demand nodes upstream of the Da-Han Creek and in Tao-Yuan have higher priority for water supply allocation than the others, according to the same threshold value of resistance of the shortage index (i.e., MSI = 1.0).



The Shih-Men Reservoir, which is the only storage space in the system, greatly influences shortage risks with regard to the different upper limit settings. This is particularly true for the Shih-Men municipal demand. However, if the upper limit is higher than 240 m, the effect on municipal demands is strictly limited, and the effect on agriculture demands is below 10%.




4.5.3. Comparison between Risk and Different Upper Limit Settings of the Reservoir


Figure 14 shows the over-levee risk versus the risk of agriculture demands, Shih-Men public demand and Ban-Xin public demands. As can be observed in the figure, the upper limit of the reservoir greatly influences shortages risk during a drought period, causing a huge variation (1.19 × 10−5% to 75.6%). However, it has a small effect on over-levee risk during a typhoon period, with a variation of 0.149% to 0.157%, because the constructed height standard (i.e., the return period) of the downstream embankment of the Da-Han Creek for overflow prevention is above 200 years. This means that the small storage capacity and inflow patterns of the Shih-Men Reservoir during drought periods cause extremely high shortage risks when the upper limit of the reservoir is low. Shortage during a drought period is the key point for evaluating the time-varying upper limit levels of the Shih-Men Reservoir.


Figure 14. Risk relationship between shortages of each kind of demand node in a drought period and over-levee risk of San-Ying Bridge in a typhoon period for different upper limit levels of Shih-Men Reservoir.
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Moreover, Figure 14 illustrates that the risk relationships between shortages and over-levee events for demand nodes with lower threshold values of resistance in the shortage index and higher water demand can be expressed as a concave quadratic curve. The critical upper limit of the reservoir for sufficient water supply in a drought period can be clearly identified (i.e., approximately 240 m); otherwise, it can be expressed as a convex quadratic curve, and the critical upper limit is not clear. These characteristics are caused by the trade-offs and water allocation priorities between the various types of demand nodes. In the future, the researchers can apply the proposed integrated methodology to determine the optimal upper limit sets of a reservoir and elevation of river embankment under future forecasted meteorological and hydrological scenarios.






5. Conclusions


This study proposed an integrated methodology for simultaneously estimating over-levee risks during typhoon periods and shortage risks during drought periods for different upper limit settings of hedging operation rules in the Shih-Men Reservoir. The study area is the Da-Han Creek basin, in which the most important flood control and water storage system in Taiwan is located. The actual discharge time series of the Shih-Men Reservoir during typhoons was analyzed to generate a sufficient number of representative hydrographs in MCS. Those hydrographs were then used as inputs to the flood operation optimization model for flood control. After simulating optimal reservoir operations in typhoon periods, the maximum water level downstream and corresponding over-levee risk were also calculated by an innovatively-developed BPNN model. This model was developed to reduce computational burdens and achieve automatic and rapid MCS risk evaluation. The final reservoir storage is used as the initial condition for the water allocation distribution optimization model, to estimate the shortage risk for multiple demand nodes.



This study found that the different upper limit settings for the Shih-Men Reservoir have a significant influence on changes in shortage risk during drought periods, causing huge risk variation (1.19 × 10−5% to 75.6%). This occurred because of the insufficient inflow patterns and narrow storage capacity of the Shih-Men Reservoir during drought periods, resulting in extremely high shortage risks for low upper limits. However, the upper limit settings have only a minor influence on changes to the over-levee risk during typhoon periods at the control point of the Da-Han Creek (with a variation of only 0.149% to 0.157%), because the constructed standard (i.e., the return period) height of the downstream embankment for overflow prevention is greater than 200 years. This result shows that the downstream levee is suitably designed for flood control purposes and that reservoir operation should focus more on long-term shortage management. Furthermore, the risk relationships between shortages and over-levee events for demand nodes with lower threshold values of resistance of the shortage index and higher water demands can be expressed as a concave quadratic curve. Dominated by trade-offs and water allocation priorities, the critical upper limit of reservoir water levels for sufficient water supply in drought periods can be clearly identified (i.e., approximately 240 m). The analytical results show that the integrated methodology is a powerful tool that will allow decision makers to determine the upper limits of the reservoir by simultaneously considering short-term flooding risk during typhoons and long-term water supply shortage risks. In the future, we suggest that the proposed integrated methodology be used to determine the optimal upper limit for a reservoir and the elevation of river embankments, using forecasted meteorological and hydrological scenarios.
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