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Abstract: Dam reservoir operation plays a fundamental role in water management studies and plan-

ning. This study examined three policies to improve the performance of reservoirs: Standard Oper-

ation Policy (SOP), Hedging Rule (HR) and Multi-Objective Optimization (MOO). The objective 

functions were to minimize the LSR (Long-term Shortage Ratio) for HR and to minimize MAE 

(Mean Absolute Errors of released water) for SOP. MOO’s objective function was to reduce vulner-

ability and maximize reliability indexes. The research was conducted in two time periods (1985–

2005 and 2025–2045). Combining EPO (Empire Penguin Optimization) algorithm and Gene Expres-

sion Programming (GEP) with elementary arithmetic (EOPba) and logical operators (EPOad) modi-

fied HR and SOP policies. Multi-Objective EPO (MPOEPO) and GEP with trigonometric functions 

were used to create a multi-objective policies formula. The results showed that the generation of the 

operation rules with EPOad increased the dam reservoir Performance Indexes (Vulnerability and 

Reliability Indexes) compared to EPOba. Moreover, HR application compared to SOP improves the 

mean dam reservoir’s Performance Indexes by about 12 and 33% in the baseline and 12 and 21% in 

the future period (climate change conditions), respectively. The MOO method (MOEPO) improved 

the Vulnerability and Reliability Indexes by about 36 and 25% in the baseline and by 31 and 26% in 

the future, respectively, compared to SOP. 

Keywords: reservoir operation; emperor penguin optimization; standard operation policy; hedging 

rule 

 

1. Introduction 

Global warming and consequent climate change have caused irreparable damage to 

various sectors, especially water resources. It is necessary to apply adaptation strategies 

to deal with the destructive consequences of climate change and increase the resilience of 

regions to the effects of this phenomenon. There are several methods to manage water 

resources allocation; one of the most widely used is the SOP method studied in [1,2]. HR 

methods are used to manage water resources by considering limitations to allocation. Sev-

eral studies applied HR to manage water resources, including [3,4].  

In many studies, reservoir allocation using SOP and HR rules has been done with 

simulation tools [5–7]. However, the result of the studies in [6,8,9] showed that more pow-

erful tools are needed to cope with the continuously increasing complexity of optimiza-

tion problems and the poor performance of conventional analytical-based methods. To 

overcome difficulties related to the possibility of convergence to a local minimum as well 

as the requirement of a differentiable model, metaheuristic algorithms have been devel-
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oped. Metaheuristic algorithms have been applied as a solution approach in several dif-

ferent domains, including online learning [10,11], supply chain networks [12,13], vehicle 

routing POxd-0psproblems [14–16], and data classification [17,18]. This study investi-

gated the application of a Metaheustric algorithm in a decision problem (Simulation of 

SOP and HR rules), which can be referred to studies of [19,20]. Evolutionary algorithms 

and other metaheuristics for optimizing are used by different researchers in several 

areas of water resources like water distribution systems [21–23], groundwater man-

agement [24–26], river-basin planning and management [27–29], water supply [30–

32]. 

Another solution for managing the operation of the dam reservoir is multi-objective 

optimization. In this regard, we can refer to the [33–37] studies . For the optimal use of a 

reservoir, the objective function should be optimized to meet the desired demands. Dam 

reservoirs are usually used for several purposes: drinking, agriculture, industry, electric 

energy production, flood control, and recreation. These purposes can be consistent or in-

consistent. Therefore, to simultaneously consider all the above objectives, the defined sys-

tem is considered multi-objective to exploit the reservoir optimally. Due to the complexi-

ties of water resources issues, finding an optimal solution to multi-objective problems can 

be challenging. Consequently, the use of multi-objective evolutionary algorithms has been 

expanded. In the last two decades, several Multi-Objective Optimization methods, such 

as MOPSO [38], CMOPSO [39], NSGA-II [40], CGAMO [41], Multi-Objective FA (MOFA) 

[42], multi-objective teaching-learning-based optimization (MOTLBO) [43], multi-objec-

tive gravitational search algorithm (MOGSA) [44] and Multi-Objective Differential Evo-

lution (MODE) algorithms [45] were presented. These methods have proven effective in 

solving MOO problems in water reservoir management [46–48]. Although all of the above 

algorithms are sufficiently competent in solving a particular task, they cannot solve all 

optimization problems with different features [49]. Hence, there is always a place for a 

new method that can solve a problem that cannot be solved with existing methods. Opti-

mization algorithms help achieve the primary purpose of this study, which is to reduce 

deficits and improve vulnerability and reliability indexes through optimal allocation. An-

other goal of this research is to generate the formulaic representation of the output of the 

algorithms (create and modify policies). A data-driven approach, such as GEP, is required 

to formulate these outputs [38,50,51]. Therefore, coupling MOEPO and EPO algorithms 

with the GEP was considered for this end.  

The main prerequisite for reservoir management under climate change effects is to 

simulate climate variables in the future. This study examined the Karaj dam reservoir as 

a source for domestic, irrigation, hydropower, and industrial purposes. In this regard, the 

data of [52]’s study was used for this part. The mentioned study indicated that the dis-

charge and demand in the future period compared to the baseline period (1985–2005) de-

creased by 55 percent and 4 percent increases, respectively. As a result, climate change 

causes an increase in demand and a decrease in flow entering the Karaj dam reservoir. 

The dam operation instructions must be revised to address deficiencies and minimize vul-

nerabilities. This research aimed to optimize the Karaj dam reservoir allocations by apply-

ing SOP, HR and multi-objective optimization policies over the baseline (1985–2005) and 

future (2025–2045) periods. Proper managing released water from the dam is essential for 

minimizing deficits. The input variables included temperature, rainfall, inflow volume, 

and demands for the baseline and future periods. Algorithm outputs comprised the stor-

age volume, deficiencies and released water from the reservoir. Problems with a multi-

conditional and multi-discipline nature, such as the generating SOP and HR policies, will 

be formulated differently depending on the conditions. There are, however, ways in 

which it can be extended to provide better results for specific problems. This research also 

included developing and integrating the GEP with elementary arithmetic and logical op-

erators and MOEPO and EPO algorithms. 

A review of the research showed that Although SOP and HR methods and multi-

objective optimization have been used in several studies so far, a comprehensive study 
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has not compared these three methods.  In addition, the study of the metaheuristic and 

multi-objective algorithms application in the optimization of dam reservoir allocation in-

dicated that these algorithms were not used in any of the issues related to water resources. 

In summary, the purpose of this research is to answer the following issues: 

• Investigating the reservoir Performance Indexes through the change of operation pol-

icies (HR, SOP, and multi-objective optimization)  

• Comparing operation policies generated by GEP logical and arithmetic operators 

• Developing appropriate policies for the future period.  

2. Materials and Methods 

2.1. Study Area and Input Data 

The case study is the Karaj River basin, located in the Central Alborz Mountains of 

northern Iran. The Karaj Dam Reservoir is a multipurpose water reservoir it provides wa-

ter for various water uses (irrigation, hydropower, drinking water, industrial use and rec-

reational activities). The total capacity of the reservoir and its dead volume are equal to 

206 MCM and 16 MCM, respectively. Due to the main objective of this study, which is to 

find the best operation rule for a dam reservoir under climate change, the input data were 

prepared as part of it. The following section provides more information about this matter. 

2.1.1. Baseline and Future Temperature and Precipitation  

Daily precipitation, temperature, and river flow data were collected from the rain 

gauge, synoptic, and hydrometric stations (the locations of stations are presented in Fig-

ure 1). The data with no missing values for the period of 1985–2005 were selected for this 

study. The basin-wide daily precipitation time series were generated using the Thiessen 

polygon method from the available data of seven rain gauges. The daily time series of 

inflow to the Karaj dam reservoir was obtained from the hydrometric station located close 

to the dam. Daily time series of mean, maximum, and minimum temperature data were 

gathered from Karaj synoptic station. 

 

Figure 1. Study basin and reference stations used in this research. 

The Fifth Assessment Report (AR5) and Representative Concentration Pathway 

(RCP8.5) provided by the IPCC were used in this study. The Statistical Downscaling 

Model (SDSM) was used to downscale the AR5 output data to a regional scale. 

2.1.2. Simulate Inflow to Dam Reservoir  

The Support Vector Machine (SVM) was applied to predict the inflow to the Karaj 

dam reservoir in the baseline period and under climatic change conditions. The selection 

of model input parameters using the M and Gamma tests (see [53] and [54], respectively 
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for more details) showed that the combination of average temperature, maximum tem-

perature and minimum temperature, evapotranspiration and runoff in the baseline period 

was the best parametric combination to predict runoff in the future. More information can 

be found in [52]. 

2.1.3. Future Agriculture and Domestic Demands 

The method proposed in FAO Irrigation and Drainage Paper 24 [55], 56 [56], Pen-

man-Monteith and [57] methods were used to calculate crop yield, evaporation and tran-

spiration potential, irrigation demand and water consumption in agriculture section for 

baseline and future periods. In this study, per capita domestic water consumption, ac-

cording to the Tehran Regional Water Authority announcement, is considered 240 L per 

day. Regarding population forecast in the coming years, according to the characteristics 

of the study area, the exponential growth model was selected as the most appropriate 

method for the present study by considering the average growth rate and population fore-

cast based on the current situation. Maximum demand in the baseline and under climate 

change conditions equals 126.75 MCM and 194.79 MCM, respectively. Figure 2 shows the 

mean monthly inflow volume to the reservoir, the average monthly evaporation depth, 

and demand corresponding to the baseline and climate change conditions. The inflow 

volume to reservoir and demand under climatic change will decrease by approximately 

55% and increase by approximately 4%, respectively, relative to the baseline condition. 

 

Figure 2. Average monthly inflow volume to the reservoir, average monthly evaporation depth, and 

the average monthly volume of water demand in the baseline and under climate change conditions. 

2.2. Research Models  

The primary purpose of this study was to determine the best operation rule under 

climate change conditions. In this regard, the objective functions (minimizing LSR in HR, 

minimizing MAE in SOP, and maximizing reliability and minimizing vulnerability In-

dexes in the MOO method) and analyzing the output (released, storage and deficits vol-

umes), the Performance Indexes (reliability and vulnerability indexes) were considered to 

evaluate the results. The main stages of this study are presented in Figure 3. Several algo-

rithms and models were used to achieve this study’s goals, which are briefly introduced 

below. Please refer to Appendix A for more information about constraints and details re-

garding SOP, HR, and multi-objective optimization. 
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Figure 3. Flowchart of the research methodology. 

2.2.1. Reservoir Operation Using Standard Operation Policy (SOP) 

Based on the SOP simulation model, the amount of released water from the reservoir 

is assumed to equal the required demand. The reservoir provides a percentage when it 

cannot fully meet the need. In this policy, the amount of total shortage is minimized, but 

the intensity is high. If the volume of water exceeds the reservoir capacity, the excess vol-

ume will overflow from the spillway. The total amount of deficiency is minimized, but 

the severity of the deficiency is high, and it cannot be controlled. To optimize the SOP 

approach, an optimization model was defined to minimize the average absolute value of 

the reservoir release error (see Equation (1)). A simulation-optimizer model was devel-

oped as there is no explicit relationship between the objective function and the decision 

variables. For this purpose, the SOP simulation model was defined in the MATLAB envi-

ronment as a subprogram for the EPO optimization model based on the formulas pre-

sented in Appendix A.1. 

Minimize 𝑀𝐴𝐸 =
1

𝑇
 ∑|𝑟𝑠𝑝𝑡 − 𝑅𝑆𝑃𝑡|

𝑇

𝑡=1

       ∀ 𝑡 = 1,2, … , 𝑇        (1) 

where: 

MAE: mean absolute errors as objective function 

RSPt: total demand per month   

rspt: total output based on SOP (observational) in t period. 

2.2.2. Reservoir Operation Using Hedging Rule (HR) 

HR are used to store water in high water seasons to meet needs in dry and low water 

periods and when the river has little potential to refill the reservoir or there are uncertain 

flows in the area to create a safety factor for water supply. The primary purpose of HR is 

to reduce the cost of dealing with a significant water shortage. When these stresses can be 

controlled to be applied intermittently, but in a small amount, they will result in better 

performance than when they have been applied abruptly. Hedging starts when the 

monthly water is less than the threshold volume. Its objective function is to minimize the 

Long-term Shortage Ratio (LSR), and the optimal hedging coefficients (Kp) are obtained 

using the EPO optimization algorithm based on LSR minimization. These coefficients are 

the slope of the operation line in a given month (see Appendix A.2 for more details). 

2.2.3. Multi-Objective Optimization 

When generating the rules of reservoir operation to meet the demands due to the 

variability of policies and objectives at the basin level, in the long run, it is not possible to 

determine what the main focus is. Therefore, all objectives should be considered according 
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to the system’s policies. There is a need to use multi-objective optimization models by 

which all the study objectives can be regarded using the Pareto curve. This helps manag-

ers and users to make the best possible decision based on the set of goals and available 

options. In this study, by applying the multi-objective optimization method, the dam res-

ervoir rules of operation were extracted by considering the conditions resulting from cli-

mate change as multi-objective. The objective functions were minimizing vulnerability 

and maximizing the Reliability Indexes. See Appendix A.3 for more information about the 

constraints, objectives and penalty functions. 

2.2.4. Gene Expression Programming 

In symbolic regression or function find, the goal is to find an expression that satisfac-

torily explains the dependent variable. In this study, the GEP was employed to find a 

symbolic function between Re (Total Released Water) as a dependent variable and Q (In-

flow), D (Demand) and S (Storage) as independent variables. In fact, GEP is commonly 

used to solve some nonlinear and unstable problems, in which the dependent variable 

cannot be simply formulated. For instance, combining MOEPO algorithm with GEP is a 

useful tool to formulate the outputs of Metaheuristic Algorithms. For further study on the 

framework of GEP, refer to [58]. 

2.2.5. Emperor Penguin Optimization (EPO) and Multi-Objective Emperor Penguin  

Optimization (MOEPO) 

The Emperor Penguin Optimization (EPO) algorithm was first introduced by [59]. 

They introduced this new innovative algorithm and compare the performance of this al-

gorithm with other MOA to solve various problems. In this regard, the performance of 

the EPO algorithm on benchmark test functions was compared to 44 linear and nonlinear 

criteria with the performance of eight MOA (Spotted Hyena Optimizer (SHO), Grey Wolf 

Optimizer (GWO), Particle Swarm Optimization (PSO), Multi-Verse Optimizer (MVO), 

Sine Cosine Algorithm (SCA), Gravitational Search Algorithm (GSA), Genetic Algorithm 

(GA), Harmony Search (HS)). Additionally, for better determination of the proposed al-

gorithm performance, this algorithm was applied to seven real-life engineering optimiza-

tion problems with nonlinear structure and mixed-integer.  

MOEPO borrows the properties of multi-objective operators of NSGA-II, which is an 

established fast and efficient multi-objective method mentioned in the literature review. 

The MOEPO algorithm uses the Non-Domained Sort (NDS) and the Crowding Distance 

(CD) operator to select the most appropriate solution. The solution with the highest level 

(level = 1) and the highest CD value is selected as the most suitable solution. These selec-

tion criteria are used as a solution in a less crowded area of the target space may guide the 

search process. After obtaining the most suitable solution, the rest of the solutions are 

modified. After all solutions have been modified, the modified solutions (n) are combined 

with the initial population (n) to give the total number of solutions 2n. These 2n solutions 

are re-levelled based on the unknown Pareto fronts and their mass distance operator. 

Based on the new level and the CD value, the top-n solutions are selected from the 2n 

solutions. For more information on the MOEPO multi-objective optimization algorithm, 

please visit [60]. 

2.2.6. Reservoir Operation Rule Generation Using EPO, MOEPO Algorithms and GEP 

Since metaheuristic algorithms produce only numerical outputs and do not produce 

formulaic outputs, one of the leading issues in EPO application can be the development 

of this algorithm and its integration with other methods so that it can provide more desir-

able results for specific problems [61,62]. Since some data-driven models like GEP convert 

system inputs to outputs using the desired mathematical relationship, this model was 

used to achieve the desired mathematical relationship for generating policies . It should 

be noted that before generating a model or estimating a mathematical relation to solve a 
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problem in GEP, the user must first specify the number of mathematical functions and 

operators; one development could be the combination of EPO with GEP by integrating 

various logical operators (EPOad) and elementary arithmetic operators (EPOba) and the 

coupling of MOEPO with GEP by trigonometric functions. It is worth mentioning that the 

GEP model performs better in producing output formulas related to the HR and SOP, 

except for the four elementary arithmetic operators (×,÷,+,−), there are several other op-

erators such as the multi-criteria function (≤, ≥ <,>,) operators of logical functions (if, and) 

and Boolean function were considered as logical operators. This condition is known as 

modified GEP in this study.  

To generate the HR and SOP policies, four scenarios are considered as below: 

I. The first scenario, development of baseline rules based on the volume of available 

water in the reservoir using EPOba in the baseline condition. 

II. The second scenario, development of baseline rules based on the volume of available 

water in the reservoir using the EPOad in the baseline condition. 

III. The third scenario, development of future rules based on the volume of available 

water in the reservoir using the EPOba under future condition. 

IV. The fourth scenario, development of future rules based on the volume of available 

water in the reservoir using the EPOad under future condition. 

2.3. Vulnerability and Reliability Indexes 

Reliability, vulnerability, and resilience are the most commonly cited performance 

metrics within WRM (Water Resource Management) literature [63,64]. These performance 

criteria generally refer to how likely a system is to fail (its reliability) and how severe the 

consequences of failure might be (its vulnerability). The vulnerability of a system is also 

implicitly included in the control rules and triggers of each “level of service” event for a 

given resource system. Water system reliability is defined as the probability of water sup-

ply fully meeting demand over the planning horizon. According to the definitions cited 

above, the vulnerability and reliability indexes defined in Equations (2) and (3) were em-

ployed in the study in terms of percentage. 

Vulnerability Index =
∑ (𝐷𝑡 − 𝑅𝑒𝑡|𝑅𝑒𝑡 < 𝐷𝑡)
𝑇
𝑡=1

[𝑁𝑡=1
𝑡 (𝑅𝑒𝑡 < 𝐷𝑡)]𝐷𝑚𝑎𝑥

× 100%   ∀𝑡 = 1,2, … , 𝑇 (2) 

Reliability Index =
𝑁𝑡=1
𝑇 (𝐷𝑡 − 𝑅𝑒𝑡|𝑅𝑒𝑡 > 𝐷𝑡)

𝑇
× 100%     ∀𝑡 = 1,2, … , 𝑇    (3) 

In the above equations: 

Dt: Demand volume in the t period 

Dmax: Maximum demand in the under-review period. 

𝑅𝑒𝑡: the released volume from the reservoir in the t period. 

3. Results 

3.1. Integrate SOP and HR Using EPOad and EPOba 

Following, after validation of the mentioned methods in extracting the SOP and HR, 

these methods were applied to produce allocation rules in future and baseline periods. 

3.1.1. Validation of the SOP Simulation with EPO 

Figure 4 shows the convergence curve of SOP obtained from EPOad and EPOba algo-

rithms. According to the Figure, the convergence rate of EPOad and EPOba are almost the 

same; both algorithms reach the final result of the objective function after about 400 itera-

tions; EPOad reaches the objective function of 0.32 while the EPOba reaches the objective 

function of 0.75.  
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Figure 4. Convergence curve of SOP extraction using EPO algorithms. 

The validation results of the EPOad and EPOba algorithms are presented in Table 1. It 

shows the higher accuracy of EPOad in simulating the SOP. 

Table 1. Validation results of EPOba and EPOad in simulating the SOP. 

Algorithm MAD 1 MSE 2 RMSE 3 MAPE 4 R(XY) 5 NS 6 MAE 7 R2 SSE 8 

EPOad 0.774 1.513 1.230 4.487 0.999 0.995 −0.774 0.997 381.386 

EPOba 0.511 12.276 3.504 2.124 0.98 0.961 −0.24 0.961 3093.48 
1 Mean Absolute Deviation.2 Mean Square Error.3 Root Mean Square Error.4 Mean Absolute Percent-

age Error.5 Correlation Coefficient between X and Y.6 Nash–Sutcliffe.7 Mean Absolute Error.8 Sum 

of Squared Errors. 

In Equations (4) and (5), the rules derived from the EPOba and EPOad approaches with 

the minimum objective function value for the baseline period are presented. 

𝑅𝑆𝑃𝑡 = ((((( (𝐴𝑊𝑡)) − ( 𝐴𝑊𝑡 ×  4.393921)) × ( 𝐴𝑊𝑡
0.2))2)0.2)

+ (((( 𝐴𝑊𝑡
3)0.2) × (( 𝐴𝑊𝑡 ×  7.8331)/( 7.511993

5)))3)

+ (((( 𝐴𝑊𝑡
0.2)3) × (( 𝐴𝑊𝑡 × −8.513336)/( −8.513336

5)))5) 

(4) 

𝑅𝑆𝑃𝑡 = {

𝐴𝑊𝑡                                               0.82 ≤ 𝐴𝑊𝑡 < 18.50
18.23                                           18.50 ≤ 𝐴𝑊𝑡 < 223.77 
𝐴𝑊𝑡 − 205                                223.77 ≤ 𝐴𝑊𝑡 < 350

 (5) 

In the above equations: 

RSPt: Total released water based on Reservoir System Policy in the t period 

AWt: Available water in the dam reservoir (in the t period). 

The results of the reservoir Performance Indexes for the four proposed scenarios are 

shown in Table 2. Based on the information in this table, it can be noted that using the 

EPOad algorithm will improve the performance in the baseline and future conditions. 

Table 2. Vulnerability and reliability indexes in the four scenarios. 

Scenarios Reliability (%) Vulnerability (%) 

First 43.56 9.44 

Second 55.88 6.73 

Third 29.74 23.45 

Fourth 36.65 14.65 

According to the results of this section, since the EPOad algorithm has a better perfor-

mance in simulating the SOP, only the EPOad results (after this, referred to as the “SOP”) 

were used in the continuation. 
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3.1.2. Validation of the HR Simulation with EPO 

The results of deriving the HR using EPOad and EPOba algorithms are shown in Figure 

5 and Table 3 . As can be seen in the Figure, the EPOad by objective function of 0.87 compare 

with EPOba by objective function of 0.98 has a better performance in minimizing the MAE 

index.  Examination of the results of the implementation of the HR by the algorithms 

shows that when using the EPOad algorithm in simulating, the total output from the res-

ervoir is more balanced with the demand, so the less objective function is obtained. Com-

paring the results in Table 2 also shows that the EPOba outputs are more similar to the 

SOP. 

 

Figure 5. Convergence curve of HR extraction using EPO algorithms. 

Table 3. Validation results of EPOba and EPOad in simulating the SOP. 

Algorithm MAD MSE RMSE MAPE R(XY) NS MAE R2 SSE 

EPOad 1.734 22.838 4.779 10.245 0.97 0.927 −0.98 0.93 5755.17 

EPOba 1.113 9.656 3.107 5.308 0.99 0.966 −0.98 0.95 2433.26 

In Equations (6) and (7), the rules derived from the EPOba and EPad approach with 

the minimum objective function value (see Equation (A6) for more details) for the baseline 

are presented. 

𝑅𝑆𝑃𝑡  =  (((𝐴𝑊𝑡
4) × (𝐴𝑊𝑡

0.33))/((−7.8128052)5))

+ ((((6.393616) × 𝐴𝑊𝑡 × 6.393616))

− (𝐴𝑊𝑡
0.33) × 6.393616))0.25)  + ((((𝐴𝑊𝑡

0.33)

− (6.0738520.2)) × ((𝐴𝑊𝑡
2)0.33))0.33) 

(6) 

𝑅𝑆𝑃𝑡 = {

0                                                                      0 ≤ 𝐴𝑊𝑡 < 8
0.1368 𝐴𝑊𝑡 + 4.9053                                     8 ≤ 𝐴𝑊𝑡 < 105 
0.059 𝐴𝑊𝑡 + 8.7808                                        105 ≤ 𝐴𝑊𝑡 < 224

               0.9684  𝐴𝑊𝑡 − 202.44                          224 ≤ 𝐴𝑊𝑡 < 350             

 (7) 

3.1.3. Comparison of the Results of HR and SOP in Extracting Allocation Rules in Four 

Scenarios 

The reservoir optimization Hedging Rule provided for the baseline (scenarios 1 and 

2) and future conditions (scenarios 3 and 4) and SOP are shown in Figures 6 and 7. The 

changes in total and deficiencies volume by the rules extracted from both algorithms in 

four scenarios and the average demand volume are compared in Figure 6b,c. According 

to Figure 6, corresponding to the EPOad diagram, the storage volume for 75% of the study 

period is more than 49 MCM and less than 120 MCM. The released volume from the res-

ervoir for 25% of the study period is less than 20 MCM and more than 42 MCM. For 75% 

of the study period, the deficiencies amount is less than 1.2 MCM. Corresponding to the 
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EPOba diagram, the storage magnitude for 75% of the study period is more than 96 MCM 

and less than 171 MCM. For 50% of the study period, the released volume is between 22 

and 40 MCM. For 75% of the study period, the amount of deficiencies is less than 1.8 

MCM. According to the SOP diagram, for 50% of the months, the reservoir storage is about 

92–41 MCM. The released volume for 75% of the study period is more than 18 MCM and 

less than 44 MCM. For 75% of the period, the deficit is less than 2.2 MCM. 

  
(a) (b) 

 
(c) 

Figure 6. Change in output, storage, deficit volume using EPOad and EPOba algorithms in the first 

and second scenarios: (a) Released water and demand Volume (MCM); (b) Reservoir storage 

(MCM); (c) Deficit, demand and reservoir inflow volumes (MCM). 
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(a) (b) 

 
(c) 

Figure 7. Change in output, storage, deficit volume using EPOad and EPOba algorithms in the third 

and fourth scenarios: (a) Released water and demand Volume (MCM); (b) Reservoir storage (MCM); 

(c) Deficit, demand and reservoir inflow volumes (MCM). 

Using the EPOad in Figure 7, the storage is over 33 MCM and less than 65 MCM in 

75% of the study period. For 50% of the study period, the released volume is between 38 

and 77 MCM. There are fewer than 1.9 MCM of deficiencies in 75% of the months. Based 

on EPOba, in 75% of the study period, the storage is less than 68 MCM. For 75% of the 

months, the released water from the dam reservoir is less than 30 MCM. Deficiencies are 

less than 4.4 MCM in 75% of months. According to the SOP diagram, 50% of the time, the 

storage volume is between 12 and 30 MCM. In 75% of the months, the dam reservoir’s 

release is greater than 11 MCM and less than 29 MCM. Deficiencies are less than 8.2 MCM 
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in 75% of months. As shown in part (a) of Figures 6 and 7, the EPOad performed better 

EPOba in extracting the total output rule from the reservoir (total discharge, deficit and 

storage volume from the reservoir) in the baseline and future. 

To evaluate the performance of the reservoir in meeting the demand, the values of 

Performance Indexes in the four scenarios are compared in Table 4. 

Table 4. Vulnerability and Reliability Indexes in the four scenarios (HR). 

Sc. Reliability % Vulnerability % Parameter Changes in Scenarios 
Reliability 

Change % 

Vulnerability 

Change % 

First 48.41 8.15 Comparison of the first and second 11.60 −40.03 

Second 54.76 5.82 Comparison of the third and fourth 12.44 −5.51 

Third 33.49 11.11 Comparison of the first and third −44.55 26.64 

Fourth 38.25 10.53 Comparison of the second and fourth −43.16 44.73 

The first and second scenario results showed that using the EPOad, has increased the 

reliability index in the baseline by 11% and decreased the vulnerability index (improve-

ment) by 40% compared to the EPOba. These changes (using EPOad instead of EPOba algo-

rithm) in future conditions (third and fourth scenarios) were 12% increasing the Reliability 

and 5% decreasing the vulnerability indexes. The results also show in the second and 

fourth scenarios (EPOad) the reliability and vulnerability indexes will decline by 43% and 

increase by 44%, respectively. In other words, the status of reservoir performance indexes 

in the future will be much worse than the baseline. 

3.2. Comparison of the Results of Multi-Objective Optimization (MOEPO) and SOP in 

Extracting Allocation Rules in Four Scenarios 

Figure 8 shows the Pareto curve of the MOEPO in the baseline and under climate 

change conditions. Each of these points on the Pareto curve can be considered an optimal 

solution. It represents an optimal operation policy that includes the released volume from 

the reservoir, which is a function of the amount of water entering the reservoir, the volume 

of demand and the volume of storage. It should be noted that none of the points of the 

Pareto curve is particularly superior to the other points; according to different objectives, 

the selected decision options can be different. 

 

Figure 8. Comparison of the Pareto curve of two objective functions (vulnerability and reliability 

Indexes) in the baseline and future periods. 
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For the same level of reliability, in the baseline, the vulnerability index is smaller than 

under the climate change conditions. For example, in the reliability of 60%, the vulnera-

bility index in the baseline is 8.8%, and in the future period is 11.2%. 

Operation Rules and Three Considered Scenarios 

Operation rules were calculated using the MOEPO algorithm with the objective func-

tions of minimizing Vulnerability due to reservoir deficiencies and maximizing the Relia-

bility of demand. Three operation rules (Scenarios) are defined in Equation (8). 

𝑅𝑒𝑖𝑡 = 𝑔𝑖𝑡(𝑄𝑖𝑡 , 𝑆𝑖𝑡 , 𝐷𝑖𝑡)        𝑖 = 1,2,3   𝑎𝑛𝑑   𝑡 = 1,2, … , 𝑇 (8) 

where Re is the total released water function of input discharge, storage and demand, 

𝑔1(𝑄1𝑡 , 𝑆1𝑡 , 𝐷1𝑡) is the first operation rule calculated for the baseline conditions (first sce-

nario), 𝑔2(𝑄2𝑡 , 𝑆2𝑡, 𝐷2𝑡) is applying the baseline rules to calculate water allocation for the 

future period, and 𝑔3(𝑄3𝑡 , 𝑆3𝑡, 𝐷3𝑡) is the third calculated rule in which the reservoir op-

eration rules are calculated for the future period (2025–2045) based on future inflow and 

demands (using future data). The following equations (Equations (9)–(11)) are the rules 

obtained for the reliability index of 46 and 48% (see Table 5) from the MOEPO for the First, 

Second and Thirds Scenarios. 

𝑅𝑒𝑡𝑡  = (𝑠𝑖𝑛(4.67392) − 𝑠𝑖𝑛((𝑠𝑡 × ( 𝑠𝑡 − 4.67392)))) + (𝐷𝑡

− (𝑐𝑜𝑠((𝐷𝑡 ×  𝑠𝑡))/(( 𝑠𝑡 − 4.340393) −  𝑠𝑡)))

+  𝑠𝑖𝑛((2.37323 + ((𝑠𝑖𝑛(2.37323) −  2.37323) ×  𝑄𝑡))) 

(9) 

𝑅𝑒𝑡𝑡  =  ((𝑐𝑜𝑠((𝐷𝑡/−7.004669)) − 𝑠𝑖𝑛(𝑠𝑡)) + 𝑐𝑜𝑠((𝐷𝑡 +  𝑄𝑡)))

+ (𝐷𝑡 × 𝑐𝑜𝑠(𝑠𝑖𝑛(((2𝐷𝑡) − 𝑠𝑖𝑛(𝐷𝑡))))) + ((𝑐𝑜𝑠((𝑄𝑡/ 𝐷𝑡))

− 𝑠𝑖𝑛(𝑠𝑡))/𝑐𝑜𝑠(𝑐𝑜𝑠(6.000701))) 

(10) 

𝑅𝑒𝑡𝑡  =  (𝐷𝑡 − (𝑠𝑖𝑛((𝐷𝑡 × 𝑠𝑡))/(𝑠𝑖𝑛(−4.340393) −  𝑠𝑡))) +  𝑠𝑖𝑛((2.37323

+ ((𝑠𝑖𝑛(2.37323) −  2.37323) ×  𝑄𝑡))) + (𝑠𝑖𝑛(4.67392)

− 𝑠𝑖𝑛((𝑠𝑡 × ( 𝑠𝑡 − 4.67392)))) 

(11) 

Table 5. The values of the objective functions examined in three scenarios. 

Method Sc. Vulnerability % Reliability % 
Parameter Changes in 

Scenarios 

Vulnerability 

Change % 

Reliability 

Change % 

MOEPO 

First Scenario 4.33 48 
Comparison of the first 

and third 
0 −4.3478 

Second Scenario 5.98 46 
Comparison of the Sec-

ond and third 
−38.106 0 

Third Scenario 4.33 46 
Comparison of the first 

and second 
27.592 −4.3478 

SOP 

Baseline Condi-

tion 
14 48 

Comparison of the first 

scenario and Baseline 

condition 

−35.714 25 

Future Condition 16 46 

Comparison of the Sec-

ond scenario and Base-

line condition 

−31.25 26.087 

To evaluate this method on the overall performance of the reservoir, the results were 

compared with the results of the SOP method. Results of the three mentioned scenarios 

are presented in Figures 9–11. In Figure 9, for the MOEPO and SOP, the storage in 75% of 

the months is less than 166 and 119 MCM, respectively. The released volume in 75% of 

months for the MOEPO and SOP equals 40 and 44 MCM, respectively. These algorithms’ 
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deficiencies in 75% of the study period are less than 0.4 and 2.2 MCM, respectively. The 

storage, released, and the deficiencies for the MOEPO in 75% of the months are less than 

61, 32 and 0.3 MCM, respectively. These amounts are 67, 29 and 1.8 MCM for SOP, respec-

tively (Figure 10). According to Figure 11, the amount of storage in the dam reservoir 

related to the MOEPO and SOP in 75% of the months is less than 59, 60 and 65 MCM, 

respectively. The volume of water re-leased in 75% of the months is less than 44, 38 and 

32 MCM, respectively. Deficiencies are less than 0.9 MCM in 75% of months for the 

MOEPO, and less than 1.6 MCM for SOP.  

  
(a) (b) 

 
(c) 

Figure 9. Comparison of: (a) Released volume; (b) Storage volume; (c) Deficit volume, correspond-

ing to the first scenario. 
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(a) (b) 

 
(c) 

Figure 10. Comparison of: (a) Released volume; (b) Storage volume; (c) Deficit volume, correspond-

ing to the second scenario. 
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(a) (b) 

 
(c) 

Figure 11. Comparison of: (a) Released volume; (b) Storage volume; (c) Deficit volume, correspond-

ing to the third scenario. 

In these figures, the released volume calculated by the MOEPO in the baseline is less 

than the released volume by the SOP. Subsequently, the stored volume in these scenarios 

is higher than the SOP. Regarding the released volume and meeting the demands as 

shown in part (c) of the Figures, the SOP has tried to make the allocated water equal to 

the demands, and the deficiency volume is less than the MOEPO. As mentioned earlier, 

the primary purpose of the optimization method is to reduce the vulnerability index and 

increase the reliability index, which means that this optimization algorithm, in addition 

to meeting the demands, is to increase reservoir resilience. In fact, the MOEPO, by apply-
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ing minor deficiencies throughout the operation time, tries to reduce the number of fail-

ures and the deficiency amounts to increase the capacity to supply demands. A compari-

son of the third and first scenarios shows that released volume has increased (about 16%) 

due to an increase in the demand volume over time. The second and third scenario com-

parison results indicate that the released volume in the third scenario is more consistent 

with the demand volume. In addition, based on part (b) of all figures, storage volume in 

the third scenario is less than in the other two scenarios. In general, based on Figures 9–

11, the third scenario is more suitable for future conditions. 

To evaluate the dam reservoir’s performance, the values of two vulnerability and 

reliability indexes in different scenarios are compared in Table 4. Reservoir allocation us-

ing the multi-objective optimization method improves the reliability and vulnerability in-

dexes by about (25%, 35%) and (26%, 31%) in baseline and future periods, respectively. In 

addition, according to Figures 10 and 11 and Table 5, it is necessary to mention that the 

baseline rule is not appropriate for the future period; in fact, this will reduce the dam 

reservoir performance indexes. So, applying future rules for the future period (scenario 3) 

can be helpful to face this issue. 

4. Discussion 

According to this study’s contents, using obtained rules of MOPEO improved the 

resilience and performance of the dam reservoir in the study area. The use of multi-objec-

tive optimization will reduce the number of failures and general deficiencies of the dam 

reservoir system during the operation period compared to the SOP allocation rule. This 

subject is also investigated in [5,65,66]. In [67], the performance of multi-objective Modi-

fied Genetic Programming in optimizing dam allocation with the SOP method is investi-

gated. This study also shows that the valuable roles of multi-objective optimization rules 

improve dam reservoir performance compared to SOP. 

5. Conclusions 

In this research, in the first step, two reservoir management method, SOP and HR, 

were evaluated, and two algorithms, EPOad and EPOba, was used for the simulation of this 

part. The validation results of algorithms in the extraction of the SOP indicated an appro-

priate performance of the EPOad. In other words, the EPOad improved the objective func-

tion by 57% over the EPOba in reconstructing the SOP and decreased RMSE by 1.27%, and 

NS increased by 4% compared to the EPOba. 

After proving the effectiveness of the proposed EPOad and EPOba approach, it was 

used to derive the HR. The result of this part is also the EPOad will improve the objective 

function by 15% compared to the EPOba approach. Next, the optimal allocation rules 

(storge and deficit volume changes) based on EPOad and EPOba approaches for baseline 

and futures were compared in four scenarios. The results indicated the higher perfor-

mance of the EPOad. 

A comparison of the first and second scenarios showed that the use of EPOad resulted 

in an 11% increase in reliability, a 40% decrease in vulnerability indexes in the baseline. 

Additionally, in the third and fourth scenarios, the use of EPOad increased the reliability 

index by 12% and reduced the vulnerability index by 5%. The results showed that in the 

second and fourth scenarios using EPOad (future period), the reliability and vulnerability 

indexes in the future compared to the baseline will increase by 43% and decrease by 44%, 

respectively. Meanwhile, in the first and third scenarios, the above indexes will decrease 

by 44% and increase by 26%, respectively. In other words, the status of Reservoir Perfor-

mance Indexes in both algorithms declined in future compared to the baseline period. 

The optimal multi-objective rules in the baseline were evaluated for water demand 

in the next step. For this purpose, three scenarios are defined. The storage, deficiencies 

and release volumes were calculated by the MOEPO for the three scenarios. The release 

volume in the third was higher than in the first scenario. This happened due to the in-

crease in water demand in the third scenario compared to the first. Comparing the third 
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and second scenarios showed that the release volume was more in line with the demand 

volume in the third scenario. Overall, the results showed that the dam performance has 

improved in the third scenario. 

Finally, to evaluate the reservoir’s performance in meeting the demand, the values of 

the objective functions were compared in the three scenarios. The comparison of objective 

functions in the first and second scenarios showed that the rules derived from the baseline 

were not suitable for future period. On the other hand, the comparison of the second and 

third scenarios showed that by applying future rules in the third scenario for future con-

ditions, in the Reliability Index of 46%, the Vulnerability Index improved about 38%. 

Based on the results of this research, the following conclusions can be drawn: 

• The boolean function increased the accuracy and performance of the generated allo-

cation rules. 

• The multi-objective optimization policy, SOP, and HR were classified from the most 

to the least based on improving the Performance Indexes. 

• To increase the performance of the dam reservoir, it is necessary to generate particu-

lar management policies for each interval. 

The suggestions for future study are: 

• Comparing this Metaheaustric algorithm with other well-known in terms of solving 

time consumption, convergence, etc. 

• Investigating the Agriculture adaptation strategies (Deficit Irrigation, Changing cul-

tivation date, etc.) in improving the system performance. 

• Investigating other decision variables in Performance Indexes. 

The optimization can be extended to the field of consumption and demands. In this 

study, only the issue of managing the volume of released water from the dam reservoir is 

discussed, a limitation that can be addressed in prospective investigations. 
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Appendix A 

Appendix A.1. Standard Operation Policy 

One of the situations in which reservoir operation simulation is performed is the 

Standard Operation Policy (SOP). This method is also called S-shaped curve of operation. 

In this multi-conditional rule, the amount of available water is considered as a threshold 

for determining the release of the reservoir. In this rule, available water is defined as the 

volume of storage in the reservoir, plus the amount of inflow with the deduction of losses 

due to evaporation, as follows (Equation (A1)). 

𝐴𝑊𝑡 = 𝑆𝑡 + 𝑄𝑡 − 𝐿𝐸𝑡   ∀𝑡 = 1,2, … , 𝑇 (A1) 

where: 

AWt: Available water volume during period t 

St: Reservoir storage volume in the t period 

Qt: Inflow volume during the period t 

𝐿𝐸𝑡 = 𝐸𝑡 × (
𝐴𝑡+𝐴𝑡+1

2
)    ∀𝑡 = 1,2, … , 𝑇 (A2) 
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where: 

Et: Evaporation depth from the surface of the reservoir during the t period 

At and At+1 : the reservoir surface areas at the beginning and end of the t th period, which 

use Equations (A3) and (A4), respectively. 

𝐴𝑡 = 𝑎0 + 𝑎1𝑆𝑡     ∀𝑡 = 1,2,… , 𝑇 (A3) 

𝐴𝑡+1 = 𝑎0 + 𝑎1𝑆𝑡+1   ∀𝑡 = 1,2, … , 𝑇 (A4) 

where a0 and a1 are constant coefficients of the surface-volume curve of the reservoir. 

The total output rule (sum of discharge and overflow) based on the SOP can be as 

follows (Equation (A5)): 

𝑟𝑠𝑝𝑡 = {

𝐴𝑊𝑡                               0 < 𝐴𝑊𝑡 < 𝐷 
𝐷                     𝐷 < 𝐴𝑊𝑡 < 𝐷 + 𝑆𝑚𝑎𝑥  
𝐴𝑊𝑡 − 𝑆𝑚𝑎𝑥      𝐷 + 𝑆𝑚𝑎𝑥 < 𝐴𝑊𝑡     

    (A5) 

where: 

rspt: total output based on SOP (observational) in t period  

D: the average volume of demand over the entire period of operation. 

Smax: the maximum volume or reservoir capacity (constant number). 

Appendix A.2. Hedging Rule 

One of the common water resources management strategies is to limit the allocation 

of water demand, even in cases where there are enough reserves to provide. This approach 

is used through methods called Hedging Rule in reservoir management. The HR aims to 

reduce the damage caused by a severe deficiency in exchange for accepting more extended 

periods of deficiency with less intensity. Therefore, this rule is based on the principle that 

when the estimated capacity of the reservoir, which is determined by available water, is 

below the threshold.  To preserve water for future use, a hedging is started. As can be seen 

in Figure A1, when the available water is between the SH and EH limits, the hedging will 

be in place. These two limits are called the Start Hedging (SH) and the End Hedging (EH), 

respectively. The  SH varies between 0 and D and EH between D and D + S. The operation 

policy for D = EH = SH is the same as the SOP in which there would be no hedging. The 

objective function can be to minimize the LSR (Long-term Shortage Ratio) in allocating to 

the average demand in the operating range. 

 

Figure A1. Comparison of HR and SOP. 
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To start the HR, a threshold volume is required, and the threshold volume is deter-

mined using the total storage St and the inflow to the reservoir Q(t) in the current period. 

According to this policy, at the time of applying HR, the demand and, consequently, the 

reservoir output is a function of the storage volume at the beginning of the current period 

plus the anticipated inflow. The objective function is to minimize the LSR defined in Equa-

tion (A6). 

Appendix A.2.1. Objective Function 

The objective function of HR can be found in Equation (A6). 

Min LSR =
1

𝑇
∑  

𝑛𝑡

𝑡=1

(
𝑅𝑆𝑃𝐻𝑡 − 𝐷𝑡
𝐷𝑚𝑎𝑥

)
2

+ penalty      𝑡 = 1……𝑛𝑡 (A6) 

where 

LSR: Long-term Shortage Ratio (as objective function) 

RSPHt: total output (sum of release and overflow) based on the HR in t period. 

Dt: the demand in t. 

Dmax: the highest demand during t. 

The penalty in the above equation is defined as follows (Equations (A7)–(A9)). 

If 𝑆𝑡 < Smin      penalty =∑  

𝑇

𝑡=1

(
𝑠𝑚𝑖𝑛 − S𝑡
𝑠𝑚𝑎𝑥 − S𝑚𝑖𝑛

)
2

 (A7) 

If 𝑅𝑆𝑃𝐻𝑡 < 0      penalty =∑ 

𝑇

𝑡=1

(
𝑅𝑆𝑃𝐻𝑡
𝐷𝑡

)
1

 (A8) 

if 𝐷𝑡 < 𝑅𝑆𝑃𝐻𝑡      penalty =∑  

𝑇

𝑡=1

(
𝑅𝑆𝑃𝐻t − 𝐷𝑡

𝐷𝑡
)
2

 (A9) 

Appendix A.2.2. Constraint 

The constraint used to apply HR are as follows (Equations (A10) and (A11)). 

0 ≤ 𝑅𝑆𝑃𝐻𝑡 ≤ 𝐷𝑡  (A10) 

𝑆𝑡 ≥ 𝑆𝑚𝑖𝑛  (A11) 

where 

St: the reservoir storage in t. 

Smin: reservoir dead volume. 

𝑆𝑡+1 is calculated according to Equation (A11) and 𝑆𝑃𝑡 according to Equation (A12). 

𝑆𝑡+1 = (S𝑡 + 𝑄𝑡)
⏞      

𝐴𝑊𝑡

− (𝑆𝑃𝑡 + 𝑅𝑒𝑡 +−𝐿𝐸𝑡)
⏞            

𝑅𝑆𝑃𝐻𝑡

       
(A11) 

𝑆𝑃𝑡 = {
𝑆(𝑡) + 𝑄(𝑡) − 𝑆𝑚𝑎𝑥             if  𝑆(𝑡) + 𝑄(𝑡) > 𝑆𝑚𝑎𝑥

0                                               𝑖f  𝑆(𝑡) + 𝑄(𝑡) < 𝑆𝑚𝑎𝑥
 (A12) 

HR starts when the storage volume plus the amount of inflow is smaller than the 

value of Kp multiplied by the monthly demand, and the amount of release is obtained 

according to the Equation (A13). If this value is larger, the reservoir will supply the total 

demand. 
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𝑖𝑓 

{
 
 

 
 

 (S𝑡 + 𝑄𝑡)
⏞    

𝐴𝑊𝑡

< 𝐾𝑝 × 𝐷𝑡   →  𝑅𝑆𝑃𝑡 =
1

KP
(S𝑡 + 𝑄𝑡)
⏞    

𝐴𝑊𝑡

 

(S𝑡 + 𝑄𝑡)
⏞    

𝐴𝑊𝑡

> 𝐾𝑝 × 𝐷𝑡    →  𝑅𝑆𝑃𝑡 = 𝐴𝑊𝑡 − 𝑆𝑀𝐴𝑋 = 𝐷𝑡

 (A13) 

Appendix A.3. Multi Objective Optimization of Dam Reservoir Operation 

To achieve this maximum resilience, the problem of reservoir operation with two 

objective functions are expressed as Equations (A14) and (A15). 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐹(𝑢1) =
∑ (𝐷𝑡 − 𝑅𝑒𝑡|𝑅𝑒𝑡 < 𝐷𝑡)
𝑇
𝑡=1

[ 𝑁𝑡=1
𝑡 (𝑅𝑒𝑡 < 𝐷𝑡)]𝐷𝑚𝑎𝑥

   ∀𝑡 = 1,2, … , 𝑇 (A14) 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝐹(𝑢2) =
𝑁𝑡=1
𝑇 (𝐷𝑡 − 𝑅𝑒𝑡|𝑅𝑒𝑡 > 𝐷𝑡)

𝑇
     ∀𝑡 = 1,2, … , 𝑇     (A15) 

In the above Equations: 

F(u1): Objective function related to the vulnerability index 

F(u2): Objective function related to the reliability index 

Dt: Demand volume in the t period 

Dmax: Maximum demand in the under-review period. 

𝑅𝑒𝑡: the released volume from the reservoir in t period . 

The constraints applied to the reservoir operation are presented in Equations (A16) 

and (A17).  

𝑆𝑡 ≥ 𝑆𝑚𝑖𝑛     ∀𝑡 = 1,2, … , 𝑇     (A16) 

𝑅𝑒𝑡 ≥ 0     ∀𝑡 = 1,2, … , 𝑇     (A17) 

Smin is the minimum volume or dead volume of the reservoir, which can be obtained 

from the continuity equation (Equation (A18)). In this equation, time steps are considered 

monthly. 

𝑆𝑡+1 = 𝑆𝑡 + 𝑄𝑡 − 𝐿𝐸𝑡 − 𝑆𝑃𝑡 − 𝑅𝑒𝑡            (A18) 

where St+1 and St are reservoir storage volumes at the beginning and end of t and t + 1 

periods, respectively, Qt is amount of inflow volume to the reservoir during the t period, 

Ret is the volume of release from the reservoir during the t period, SPt is the amount of 

overflow volume from the reservoir at the beginning of the t period (Equation (A19)) and 

LEt is the volume of losses due to evaporation from reservoir surface during t period. 

𝑆𝑃𝑡 = {
𝑆𝑡+1 − 𝑆𝑚𝑎𝑥       𝑆𝑡+1 ≥ 𝑆𝑚𝑎𝑥
0                            𝑆𝑡+1 < 𝑆𝑚𝑎𝑥

   (A19) 

where Smax is the maximum volume of reservoir capacity and St+1 is reservoir storage vol-

ume at the beginning and end of the t + 1 the period. 

In this study, penalty values are added to the objective functions if the constraints are 

violated, as shown in Equations (A20) and (A21). 

𝑃𝑒𝑛𝑎𝑙𝑡𝑦1 = 𝐴′ {(
𝑆𝑚𝑖𝑛 − 𝑆𝑡

𝑆𝑚𝑎𝑥 − 𝑆𝑚𝑖𝑛
⁄ )

2

+ 𝐵′}    ∀𝑡 = 1,2, … , 𝑇     (A20) 

𝑃𝑒𝑛𝑎𝑙𝑡𝑦2 = 𝐶′. (
𝑅𝑒𝑡

𝐷𝑚𝑎𝑥
⁄ ) + 𝐷′     ∀𝑡 = 1,2, … , 𝑇     (A21) 

where Penalty1 is the penalty function is the allocation problem due to the violation of the 

constraint of Equation (A21) and Penalty2 is the penalty function is the specialized prob-

lem due to the violation of the constraint of the Equation (A22) and the coefficients 𝐴′ to 
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𝐷′ are the positive constants of the penalty function. In these cases, the penalty functions 

are added to the objective functions as follows (Equations (A22) and (A23)). 

𝐹(𝑢1) = 𝐹(𝑢1) + 𝑃𝑒𝑛𝑎𝑙𝑡𝑦1(𝑎𝑛𝑑 𝑃𝑒𝑛𝑎𝑙𝑡𝑦2)   ∀𝑡 = 1,2, … , 𝑇     (A22) 

𝐹(𝑢2) = 𝐹(𝑢2) + 𝑃𝑒𝑛𝑎𝑙𝑡𝑦1(𝑎𝑛𝑑 𝑃𝑒𝑛𝑎𝑙𝑡𝑦2)   ∀𝑡 = 1,2, … , 𝑇     (A23) 
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