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Abstract 21 

The current study presents an efficient method for deriving precise operation rules from all 22 

subsystems of a distributed conjunctive use system (CUS), including aquifer, river, and reservoir. 23 

Distributed aquifer simulation has been performed using the URM method. Given that the 24 

historical flow time series can only represent one of the possible situations in the future and its use 25 

to determine the performance of the CUS is certainly not very reliable, in this study, river flow 26 

uncertainties are implicitly considered. To develop the operation rules, the time series of river flow 27 

were generated using autoregressive model. Then, the operation optimization model of the system 28 

was implemented with the objective function of minimizing water shortage for different river flow 29 

time series. 70% of the data was used for model training and 30% for model validation. Finally, 30 

using the decision tree algorithm (M5Rules), the conditional operation rules were extracted and 31 

compared with the single linear regression operation rules. Using five efficiency criteria CC, MAE, 32 

RMSE, RAE, and RRSE, the comparison of conditional and single linear regression operating 33 

rules has been done. The results showed that the the conditional operation rules reduces relative 34 

absolute error by a minimum of 39% and a maximum of 71%. If the system is operated according 35 

to the conditional rules, in the worst case, the amount of water shortage imposed will be 16.61 36 

MCM over ten years.  37 

Keywords: Conjunctive Use. Decision Tree Algorithm. Conditional Operation Rules. Uncertainty 38 

 39 

1. Introduction 40 

Given that the optimal use of water resources systems requires operation rules, it is necessary to 41 

provide valid methods for their extraction (Nayak et al., 2018; Nourani et al., 2020). Operation 42 
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rules are one of the appropriate tools in water resources planning that estimate the time and amount 43 

of optimal harvesting from different water sources (Fallah-Mehdipour et al., 2015).  44 

Uncertainty analysis is inevitable to extract operation rules because the extracted operation 45 

rules must be reliable for future uncertain conditions. In other words, operating rules that are 46 

presented only for a historical series of the river flow (as a representative of the state of the river 47 

flow in the future) do not provide a realistic assessment of the system (Schoups et al., 2006; Yang 48 

et al., 2017; Zhao et al., 2014). 49 

So far, relatively few studies have been conducted to provide rules for the optimal operation 50 

of conjunctive use system (CUS) of surface water (SW) and groundwater (GW). A group of these 51 

studies have not considered the uncertainty of SW resources and have derived the operation rules 52 

only for a historical series of flow, as a representative of the future flow (Fallah-Mehdipour et al., 53 

2013, 2015; Pan et al., 2016; Afshar et al., 2010). The second group of these studies has mainly 54 

adopted two approaches to extract operation rules that are accurate and optimal for possible runoff 55 

time series in the future (Schoups et al., 2006): (i) extract the operation rules based on explicit 56 

stochastic optimization (ESO), and (ii) extract the operation rules based on implicit stochastic 57 

optimization (ISO). In the first approach, uncertainties in the series of inflows to the reservoir are 58 

explicitly included in the objective function (Buras, 1963; Philbrick and Kitanidis, 1998; Onta et 59 

al., 1991). One of the most popular ESO methods is stochastic dynamic programming (SDP) which 60 

suffers from a curse of dimensionality as the optimization problem grows (Loucks et al., 1981). 61 

For this reason, ISO models are important in the analysis of water resources systems (Draper, 62 

2001). In the ISO approach, two methods are mainly used. In the first method, the operation rules 63 

formulated with unknown coefficients are explicitly and directly embedded in the optimization 64 

model. Then, by implementing the optimization model for a historical flow series, the decision 65 
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variables of the optimization problem, which are the unknown coefficients of the operating rules, 66 

are obtained. Finally, the validity of these rules is measured by comparing them with the outputs 67 

of the optimization model for other probable river flow time series (Schoups et al., 2006; Afshar 68 

et al., 2008). In the second method, the deterministic optimization model is implemented for 69 

several short-term artificial river flow time series or one long-term historical time series. Then the 70 

outputs obtained from the solution of the model can be presented as operation rules using different 71 

methods such as Fuzzy Inference System (Milan et al., 2018; Safavi et al., 2013; Chang et al., 72 

2013), Adaptive Neuro-based Fuzzy Inference System (Safavi et al., 2013), and Bayesian 73 

Networks (Rafipour-Langeroudi et al., 2014). Finally, the validity of these rules is confirmed by 74 

validation data. 75 

Each of these studies, which presents the operation rules of a CUS, has shortcomings and 76 

needs to be examined in more depth. Some of these studies did not address uncertainties in the 77 

development of operating rules (Fallah-Mehdipour et al., 2013, 2015; Pan et al., 2016; Afshar et 78 

al., 2010). Some of them have provided the operation rules for lumped CUSs (Buras, 1963; 79 

Philbrick and Kitanidis, 1998; Onta et al., 1991). Another set of studies has developed operation 80 

rules for only one element of the CUS (Schoups et al., 2006; Safavi et al., 2013; Milan et al., 2018). 81 

However, water resources management with the view of integrated management of SW and GW 82 

resources needs to provide valid rules for all subsystems in a CUS. 83 

Our reviews show that the presentation of operating rules for all subsystems of a distributed 84 

river-reservoir-aquifer system with regard to hydrological uncertainties remains intact. Therefore, 85 

in this study, the development of a simulation-optimization framework for extracting the operation 86 

rules of a complete and distributed CUS has been considered. In this study, we have used decision 87 

tree algorithm to derive the conditional operation rules (multi-linear regression operation rules or 88 
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M5Rules). Using the concepts of ISO, the operation rules of different parts of the CUS are 89 

presented as a function of available SW and GW. In this regard, first 50 river flow time series were 90 

produced using autoregressive model. Then, by implementing the optimization model with the 91 

objective function of minimizing water shortage in the agricultural sector, the decision variables 92 

of the optimization problem that indicate the optimal water transmission between various parts of 93 

the system were extracted. 70% of the output of the optimization model was used as training data 94 

and 30% as validation data. To extract the operation rules, in addition to fitting the multi-regression 95 

model, a single-regression model was used to confirm the efficiency of the decision tree algorithm 96 

in this field. It should be noted that in this study, distributed aquifer simulation has been performed 97 

using the unit response matrix (URM) method. 98 

 99 

2. Methodology 100 

2.1. Case Study 101 

The study region includes the Abhar River basin and Kinevers Dam (SW reservoir), which is 102 

located in Iran. The studied system consists of a local aquifer with an area of 80 km2. Table 1 103 

shows the historical series of the Abhar River in 40 seasonal time steps from 2008 to 2018. SW is 104 

conjunctively used with GW for urban water supply and agricultural purposes in the region. 105 

Seasonal environmental, urban, and agricultural water demands are shown in Table 2. 106 

Table 1. Seasonal inflow to the reservoir (MCM) 107 

Year 1 2 3 4 5 6 7 8 9 10 

Fall 2.34 2.85 3.59 5.15 15.84 4.96 4.95 3.96 2.77 1.84 

Winter 6.54 5.96 8.63 15.70 13.60 11.75 7.89 10.41 5.51 5.17 

Spring 7.37 33.59 9.48 15.32 19.58 49.20 6.17 17.85 2.57 5.80 
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Summer 0.58 1.16 0.87 0.94 1.76 1.45 0.91 0.93 0.52 0.24 

 108 

Table 2. Agricultural, urban, and environmental water demands (MCM) 109 

Environmental Urban Agriculture  Season 

0.262 2.056 0.834  Fall 

0.262 1.464 0.000  Winter 
0.542 2.850 8.169  Spring 
0.542 4.030 6.597  Summer 
1.608 10.400 15.600  Annual 

 110 

According to studies, the best area for artificial recharge is the pumping wells. The 111 

maximum drawdown in wells is 10 meters. The minimum and maximum recharging and pumping 112 

are equal to 3 MCM/season. According to field data, 10% of precipitation and 10% of the supplied 113 

water recharge the aquifer. The river is considered as a rectangular section with a width of 20 114 

meters and a length of 20 kilometers. Manning coefficient and river slope are equal to 0.02 and 115 

0.0001, respectively. 10% of the supplied water returns to the river. More information is available 116 

in the study of Afshar et al., 2021. 117 

 118 

2.2. Conjunctive Use System )CUS( 119 

Figure 1 shows a simplified model of the CUS under study. A description of all the components is 120 

shown in Table 3. According to Figure 1, the CUS is a complete system including SW reservoir, 121 

river, and GW reservoir that meet the region's water demands. The amount of transmission 122 

between different parts of the CUS is directly or indirectly determined by the operation rules. For 123 

example, the amounts of Rds (t), Rdg (t), and Divdriv(t) are determined directly, and the amount of 124 

deep percolation into the aquifer is indirectly determined by the operation rules. In fact, the deep 125 
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percolation into the aquifer is a function of total values Rds (t), Rdg (t), and Divdriv(t) and the 126 

amounts of Rds (t), Rdg (t), and Divdriv(t) are determined by the operation rules. 127 

 128 

Fig. 1. CUS elements and their interactions 129 

 130 

Table 3. Description of CUS components 131 

Description Component 
Water release from the dam to the river 𝐑𝐫𝐢𝐯𝐬  

 Inflow to the dam 𝐐𝐬 

Evaporation from the dam 𝐄𝐬 

Water transmission from the dam to area of demand 𝐑𝐝𝐬  

GW pumping 𝐑𝐝𝐠  

Water diversion from the river to area of demand 𝐃𝐢𝐯𝐝𝐫𝐢𝐯 

Seepage from the aquifer to the river, or vice versa 𝐐𝐚𝐫𝐫𝐢𝐯 

Water diversion from the river to the area of artificial recharge  𝐃𝐢𝐯𝐚𝐫𝐫𝐢𝐯 

Return water flow from demand sites to the river reaches 𝐑𝐞𝐭 

Natural recharge from infiltrated precipitation 𝐒𝐞𝐞𝐩 
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Deep percolation of irrigation water 𝐃𝐞𝐞𝐩 

SW leaving the system’s boundary 𝐐𝐫𝐢𝐯𝐨𝐮𝐭 
 132 

 133 

2.3. Simulation-Optimization Model of CUS  134 

In previous studies, modeling of CUSs has been mainly simulation-optimization (Song et al., 2020; 135 

Kerebih and Keshari, 2021; Heydari et al., 2016). In simulation-optimization approach, using 136 

various optimization techniques, the best management plans are extracted from the CUS 137 

simulation model. Given that the present study focuses on a complete CUS, the four subsystems 138 

of reservoir, river, aquifer, and demand area and the interactions of these subsystems should be 139 

simulated. The following presents a simulation-optimization model of the CUS. The decision 140 

variables of the optimization problem are Rds (t), Divdriv(t), Divarriv(t), Rdg  (t), and Rrivs  (t). The 141 

problem of nonlinear non-convex optimization is solved with Lingo software. 142 

Objective Function: 

Minimize ∑ WS(t)NT
n=1  

(1) 

 143 

The objective function of model is to minimize the water shortage (WS) in NT time steps. 144 

Reservoir Water Mass Balance: 

S (t + 1) = S (t) + ∆S (t) (2) 

∆S (t) = Qs (t) − Es (t) − Rds  (t) − Rrivs  (t);   ꓯt (3) 

 145 
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In which ∆S (t) = dam storage volume changes in time step t; S (t) = dam storage volume 146 

at the beginning of the time step t. 147 

Aquifer Water Mass Balance: 

Sg (t + 1) = Sg (t) + ΔSg (t);   ꓯt (4) 

ΔSg (t) = ∑ Divarriv(t) − ∑ Rdg  (t) + ∑ kqv(t). Qarriv(r, t)NRr=1NTn=1NTn=1  

+ Prc(t). Seep. AQA + Deep. Supply(t);  ꓯt 
 

(5) 

∑ qp(w, t)NWw=1 = Rdg  (t);   ꓯt    (6) 

∑ qar(w, t)NWw=1 = Divarriv(t);   ꓯt  (7) 

 148 

In which ΔSg (t) = GW volume changes in time step t; Sg (t) = GW volume at the 149 

beginning of the time step t; qar(w, t) = volume of recharge to the well w; qp(w, t) = volume of 150 

pumping from well w; kqv(t) = conversion factor (discharge to volume) in time step t; AQA = 151 

the aquifer surface area; NW, NR = number of total wells and river reaches, respectively; Prc = 152 

precipitation depth. 153 

River Water Mass Balance: 

ΔSriv (r, t) = (Qrivin (r, t) + qlriv(r, t) − Qrivout(r, t)) . kqv(t);   ꓯr, t  (8) 
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qlriv(r, t) = Area(r). Prc(t) − Divdriv(t) − Divarriv(t) + Retr(r). Sup(t)kqv(t) + Qarriv(t);   ꓯr, t (9) 

ΔSriv(r, t) = Area(r). dhriv(r, t);   ꓯr, t       (10) 

Qrivin (1, t) = Rrivs  (t) kqv(t)⁄ ;   ꓯt  (11) 

Qrivin (r + 1, t) = Qrivout(r, t);  ꓯr, t (12) 

 154 

In which ΔSriv(r, t) = river storage volume changes; Qrivin (r, t) = river inflow to the river 155 

reach r; qlriv(r, t) = summation of lateral inflows or outflows along the river reach r; dhriv(r, t) = 156 

river depth change in reach r in time step t; Area(r) = river surface area. Qrivin (r, t) and Qrivout(r, t) 157 

are a function of river inflow and outflow depths, respectively. 158 

Demand Site Water Mass Balance: 

Supply(t) = Rdg  (t) + Rds  (t) + Divdriv(t);   ꓯt (13) 

Demand(t) = WS(t) + Supply(t);   ꓯt (14) 

 159 

In which WS(t) = water shortage; Demand(t) and Supply(t) are refer to water demand 160 

and supply in time step t, respectively. 161 

Water Table Fluctuations in Aquifer: 162 

The amount of fall/rise in wells and river reaches can be calculated using the URM method 163 

(Afshar et al., 2021). Details of this method are available in the studies of Afshar et al., 2020 and 164 

Khosravi et al., 2020. Relation 14 states the basic equation of the URM method. 165 
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(15) D(x, n) = ∑ ∑ βx(x, j, n − t + 1). P(j, t)NS
j=1

n
t=1  

  166 

In which, D(x, n) is the drawdown at node x at the end nthof the time period, 167 βx(x, j, n − t + 1) or unit response coefficient is the change of water table in node x at the end of 168 nth the time period with unit stimuli at the node j at the end of tth time period, P(j, t) is the amount 169 

of stimuli at node j, and time period t and NS is the total number of stimuli nodes. 170 

River–Aquifer Interactions: 

Qarriv(r, t) = Criv(r). (hrivs (r, t) − hrivg (r, t))    if hrivg (r, t) > hrivbot(r);   ꓯr, t 
(16) 

Qarriv(r, t) = Criv(r). (hrivs (r, t) − hrivbot(r))      if hrivg (r, t) > hrivbot(r);   ꓯr, t 
(17) 

 171 

In which Criv(r) = the hydraulic conductance of the stream-aquifer interconnection which 172 

is a function of semi pervious streambed hydraulic conductivity, length, width and thickness of 173 

river reach r;  hrivs (r, t) = hydraulic head in the river reach r; hrivbot(r) = elevation of semi pervious 174 

streambed bottom; hrivg (r, t) = elevation of the aquifer water table below river reach r. 175 

Sustainable Abstraction: 

S (NT + 1) ≥ S (1)  (18) 

Sg (NT + 1) ≥ Sg (1) (19) 

 176 

 177 

 178 
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2.4. M5 Model Tree 179 

Quinlan first proposed the M5 tree model in 1992 based on the tree classification method to 180 

establish the relationship between independent and dependent variables. Unlike many decision tree 181 

model algorithms, which are used for qualitative data, this model can be used for both qualitative 182 

and quantitative data. 183 

The M5 model is similar to isolated linear functions, which is a combination of linear 184 

regression and tree regression models and is widely used in various sciences. The regression model 185 

provides a regression equation for the entire data space, but in the tree regression model, the data 186 

range is divided into sub-areas called leaves, and each leaf is given a numerical label. Replacing 187 

the linear regression equation with a label in nodes is a method used in the M5 model that can 188 

predict or estimate continuous numerical variables (Nourani et al., 2019a, 2019b). 189 

In the M5 model, two branches branch from each parent node. The construction of the 190 

decision tree model is done in two steps. In the first stage, the decision tree is formed by branching 191 

the data. The branching criterion in the M5 model is to maximize the reduction of the standard 192 

deviation of the data in the child node. When it is not possible to reduce the standard deviation of 193 

the child node data, the parent node does not branch and does not reach the final node or leaf. This 194 

division often produces a large tree-like structure that may cause overfitting (Nourani & Molajou 195 

2017). Consequently, the tree must be pruned back. So, the second stage would involve pruning 196 

the overgrown tree and replacing the subtrees with linear regression functions. This technique of 197 

generating the model tree splits the parameter space into subspaces and builds a linear regression 198 

model in each of them (Nourani et al., 2019b). 199 

 200 

 201 

https://www.sciencedirect.com/topics/engineering/subspace
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3. Results and Discussion 202 

3.1. Stochastic Streamflow Generation 203 

Classic black box models such as Autoregressive Integrated Moving Average (ARIMA) are widely 204 

used to predict hydrological time series. The essence of this model is linear and is based on the 205 

assumption that the data is static. This model has the ability to identify complex patterns in the 206 

data and provides the possibility of predicting the future in accordance with the input data of the 207 

past (Valipour, 2015; Molajou et al., 2021). ARIMA (p,d,q) has three trend elements: i) p: trend 208 

autoregression order ii) d: trend difference order iii) q: trend moving average order. 209 

The Seasonal-ARIMA (SARIMA) model is also one of the classic black box models and 210 

is the general version of the ARIMA model. The SARIMA model, unlike the ARIMA model, also 211 

involves the seasonality of the data in modeling (Molajou et al., 2021). SARIMA (p,d,q)(P,D,Q) 212 

has three seasonal elements that are not part of ARIMA (p,d,q): i) P: Seasonal autoregressive order 213 

ii) D: Seasonal difference order iii) Q: Seasonal moving average order. In the current study, the 214 

autocorrelation function (ACF) plot is used to identify the time series data structure (see Figure 2). 215 

 216 

Fig. 2. The autocorrelation function (ACF) plot for historical time series of river flow 217 

 218 
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3.2. Operation Rules 219 

This section presents the operation rules for the different subsystems of the CUS. In order to apply 220 

uncertainty, the concepts of the ISO method are used. The steps for generating operation rules of 221 

the CUS are as follows: 222 

(i) Generation of 50 time series of river flow using an autoregressive model. Based on the data, 223 

the best autoregressive model, SARIMA, was selected. 224 

(ii) Implementation of the operation optimization model for the time series produced in the first 225 

step considering capacities for various subsystems of the CUS (see Table 4).  226 

Table 4. Known capacities of subsystems 227 

Capacity Subsystem 
10.5 MCM Dam 

2.9 MCM/season Water transfer from the dam to demand area 

1.8 MCM/season Water diversion from the river to demand area 

1.2 MCM/season Water diversion from the river to the artificial recharge area 

 228 

(iii) Fitting the multi-regression and single regression models to 70% of optimization model 229 

outputs obtained from the second step.  230 

It should be noted that 30% of the data is used to verify operation rules. Available SW 231 (S(t) + Qs(t)) and available GW (Sg(t)) are considered as independent variables in single-232 

regression and multi-regression models. Five efficiency criteria are used to evaluate the 233 

performance of the operating rules, which are: Correlation coefficient (CC), Mean absolute error 234 

(MAE), Root mean squared error (RMSE), Relative absolute error (RAE), Root relative squared 235 

error (RRSE). The multi-regression model is fitted to the output data using the M5 algorithm of 236 

the decision tree. Relation 20 shows the fundamental relationship between dependent variables 237 
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(Rba  (t)) and independent variables in single and multiple regression models. In which Rba  (t) =238  water transmission from element a to element b in time step t. 239 

Rba  (t) = a ∗ (S(t) + Qs(t)) + b ∗ Sg(t) + C                     (20) 

 240 

By implementing the three steps mentioned above, the results for the single regression 241 

model are presented in Tables 5 and 6. Table 5 shows that Divdriv(t) has no dependence on the 242 

volume of water stored in the aquifer. Table 6 shows that the fit of the single linear regression 243 

model is not very accurate except for the variable Rrivs (t). In addition, the predicting error of 244 

variable Divarriv(t) in the single-regression method is significant. Given that 50-time series, both 245 

low water and high water, have been generated to apply uncertainty in the future, it seems that the 246 

high-efficiency criterion in the multi-regression method is due to the classification of independent 247 

and dependent data. 248 

Table 5. Coefficients of operation rules in the single regression model 249 

Decision variable a b c 𝐃𝐢𝐯𝐚𝐫𝐫𝐢𝐯 0.0121 -0.0136 4.0949 𝐃𝐢𝐯𝐝𝐫𝐢𝐯 0.0325 0.0000 0.8686 𝐑𝐝𝐠  0.0955 0.1830 -40.4194 𝐑𝐝𝐬  0.0541 0.0246 -4.7780 𝐑𝐫𝐢𝐯𝐬  0.7030 -0.0737 14.1188 

 250 

Table 6. Prediction errors of single regression model for training and verification data 251 

Decision variable CC MAE RMSE RAE(%) RRSE(%) 𝐃𝐢𝐯𝐚𝐫𝐫𝐢𝐯 
train 0.3092 0.2179 0.3339 99.46 95.10 

verify 0.2774 0.2161 0.3322 100.11 96.11 

train 0.4162 0.4955 0.5825 91.30 90.93 



16 

 

𝐃𝐢𝐯𝐝𝐫𝐢𝐯 verify 0.4134 0.508 0.5921 91.76 91.10 𝐑𝐝𝐠   
train 0.3912 2.6975 2.9768 86.21 92.03 

verify 0.3994 2.6946 2.9757 85.85 91.69 𝐑𝐝𝐬  
train 0.408 0.9559 1.0693 87.46 91.30 

verify 0.4199 0.9437 1.0602 86.73 90.81 𝐑𝐫𝐢𝐯𝐬  
train 0.8979 2.2303 2.7902 57.59 44.02 

verify 0.8795 2.2473 2.7893 60.56 47.71 

 252 

By fitting the multi regression model to the variables Divarriv(t), Divdriv(t), Rdg (t), Rds (t), 253 

and Rrivs (t) the 14, 19, 31, 22, and 28 conditional operation rules (M5Rules) were obtained, 254 

respectively. For example, the first two operating rules for the variable Divarriv(t) were obtained as 255 

follows: 256 

Rule1: If S(t) + Qs(t) > 14.631 Then     Divarriv(t) = 0.0005 × (S(t) + Qs(t)) − 0.0005 × Sg(t) + 1.3258 
(21) 

Rule2: If Sg(t) ≤ 228.978 Then     Divarriv(t) = 0.0027 × (S(t) + Qs(t)) − 0.0008 × Sg(t) + 1.3747 
(22) 

 257 

Given that the M5 decision tree algorithm classifies the environment of decision variables 258 

and presents a regression model in each class, it is obvious that the rules obtained from this method 259 

will be better than the single-regression method. The results of the decision tree method for 260 

decision variables are showed in Table 7. As can be seen in Table 7, the errors of the multi-261 

regression method are significantly reduced compared to the single-regression method. For 262 

example, in the multi-regression method, the value of the efficiency criteria of CC (for training 263 

data) for the variable Divarriv(t) is improved by about 60%. By comparing Tables 6 and 7, it can be 264 
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seen that the least improvement is for variable Rrivs (t). A comparison of the actual and predicted 265 

values of both models for this variable is shown in Figure 3.  266 

Table 7. Prediction errors of multi regression model for training and verification data 267 

Decision variable CC MAE RMSE RAE(%) RRSE(%) 𝐃𝐢𝐯𝐚𝐫𝐫𝐢𝐯 
train 0.9035 0.0614 0.1518 28.01 43.22 

verify 0.7859 0.0801 0.2153 37.08 62.29 𝐃𝐢𝐯𝐝𝐫𝐢𝐯 
train 0.7841 0.2606 0.399 48.03 62.29 

verify 0.7003 0.3096 0.4642 55.94 71.42 𝐑𝐝𝐠  
train 0.9317 0.7838 1.2359 25.05 38.21 

verify 0.7862 1.1747 2.0067 37.43 61.83 𝐑𝐝𝐬  
train 0.8908 0.3931 0.5446 35.96 46.50 

verify 0.7672 0.5066 0.7515 46.56 64.37 𝐑𝐫𝐢𝐯𝐬  
train 0.9854 0.7145 1.0916 18.45 17.22 

verify 0.935 1.121 2.0797 30.21 35.57 

 268 

 269 

 270 

Fig.3. Actual and predicted values for decision variable Rrivs  271 

3.3. Water Supply to the Demand Area 272 
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The purpose of this section is to show how reliable the multi-regression operation rules for 273 

allocating water to the demand area. Figure 4 shows actual and predicted water shortage values for 274 

50 river flow series. The actual values are obtained from the optimization model output for each 275 

inflow to the SW reservoir. In fact, by implementing the optimization model for each of the 50 276 

river flow series, the objective function is shown in Figure 4. The predicted values have been 277 

obtained from the output of M5rules for each river flow. As can be seen  in Figure 4, the minimum 278 

and maximum water shortage for actual data are 0 and 11.725 MCM, respectively, and the 279 

minimum and maximum water shortage for predicted data are 0 and 25.908, respectively. 280 

 281 

Fig. 4. Actual and predicted values of water shortage at the end of 10-years planning 282 

horizon for 50 river flow series 283 

 284 
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water shortage more than the optimal management plan. Given that the maximum difference 290 

between actual and predicted data has occurred for flow No. 37, it can be concluded that the 291 

maximum cost of M5rules will be the same (i.e., 16.609 MCM).  292 

For river flow No. 2, the conditions are quite the opposite of river flow No. 37. In river 293 

flow No. 2, unlike river flow No. 37, the actual water shortage is greater than the predicted water 294 

shortage. The actual and predicted values of water shortage for river flow No. 2 are 6.763 and 0 295 

MCM, respectively. It is logical that there will never be operation rules that satisfy all the 296 

constraints of the optimization model and perform better than the optimal management plan 297 

(outputs from the optimization model). We attribute it to the model error. If you pay attention to 298 

constraints 18 and 19, you will notice that the operation of SW and GW resources is done in such 299 

a way that the amount of water stored in SW and GW reservoirs at the end of the simulation period 300 

is equal to their initial. In fact, these two reservoirs will be operated sustainably. The fact that 301 

acting according to the M5rules can reduce the amount of water shortage by 6.763 MCM indicates 302 

that at the end of the10-year period, the total water stored in SW and GW reservoirs will be 6.763 303 

million MCM less than their initial amount. It is important to know that among the 50 river flow 304 

series, the maximum error of the multi-regression model is for river flow No. 2. One of the notable 305 

points of Figure 4 is that in 28 cases, the water allocation conditions are the same as river flow No. 306 

2 and the average model errors for all 28 flows are 2.06 MCM. Therefore, it can be said with 307 

reasonable accuracy that the proposed operating rules, in addition to guaranteeing the water 308 

allocation sustainability, also guarantee the SW and GW resources sustainability. In addition, in 309 

22 cases, the water allocation conditions are the same as river flow No. 37, and the average cost 310 

of M5rules for all 22 flows are 4.33 MCM. Therefore, it seems that, in general, the proposed multi-311 
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regression operation rules have a high performance, and the water allocation to the demand area 312 

based on these rules can be suggested. 313 

 314 

4. Conclusion 315 

In this article, a simulation-optimization model is developed to extract the operating rules from a 316 

distributed CUS. The operation optimization model of CUS tries to minimize water shortage while 317 

satisfying physical, environmental, and social constraints. The single and multi-linear regression 318 

operation rules of the SW reservoir, pumping from the GW reservoir, aquifer artificial recharge, 319 

and water diversion from the river to the demand area have been extracted as a function of the 320 

available SW and GW. Based on surveys, the SARIMA statistical model is the best autoregressive 321 

model for river flow prediction. In order to take into account SW flow uncertainties in the 322 

development of rules, 50 time series of artificial river flow were first generated using the SARIMA 323 

model. Then, the operating rules were extracted from the fit of single and multi-linear regression 324 

models to the outputs of the optimization model. The M5 tree algorithm is used to derive the 325 

conditional operation rules. The results show the remarkable efficiency of the decision tree 326 

algorithm in extracting operating rules. For example, the CCs (for training data) for the aquifer 327 

artificial recharge, water diversion from the river to demand area, GW pumping, water transfer 328 

from the reservoir to demand area, and release from the SW reservoir to the river improved by 329 

59%, 37%, 54%, 48%, and 9%, respectively. In the single regression method, the CC was obtained 330 

desirable only for release from the dam, and for other variables, this coefficient was less than 0.5.  331 

Conditional operation rules ensure the sustainability of SW and GW water resources and 332 

the sustainability of water allocation to the demand site. The maximum cost of conditional 333 

operation rules was obtained 16.61 MCM of water shortage. Considering that the average cost of 334 
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M5rules was estimated to be about 4 MCM during the ten years of the planning horizon, the use 335 

of conditional operation rules is highly recommended. 336 

The present study can be improved by considering other existing uncertainties such as 337 

rainfall, aquifer hydraulic characteristics, climate change and water demands. 338 
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