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Abstract 10 

The optimal operation of reservoirs is regarded as one of the most vital issues in water resources 11 

management, which also plays an important role in environmental processes and control of 12 

ecosystem pollution, especially in river water. The present study seeks to develop a new algorithm 13 

on single and multi-reservoir water resources systems, namely Atom Search Optimization (ASO). 14 

For this purpose, the algorithm is analyzed on mathematical benchmark functions. In the 15 

following, the algorithm's performance on the hypothetical systems is evaluated by performing 16 

sensitivity analysis on the effective coefficients of the algorithm, the number of particles, and the 17 

number of logical iterations to be implemented on four reservoir systems. The results of the best 18 

coefficients showed the proximity of 95.33% to the absolute solution of the four-reservoir system, 19 

i.e. 308.29, which implies the good and high accuracy of the algorithm. Then, to supply water 20 

downstream of Dez dam while addressing the monthly flow of sediment in the reservoir, which is 21 

a very important environmental phenomenon, the atom search algorithm and four other common 22 

optimization algorithms are applied, the results of which were prioritized using multi-criteria 23 

decision-making (MCDM) process by TOPSIS ranking technique. The results indicated the 24 
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superiority of the Atom Search Algorithm (ASO), Salp Swarm Algorithm (SSA), Sine Cosine 25 

Algorithm (SCA), Particle Swarm Optimization (PSO) algorithm, and Genetic Algorithm (GA), 26 

respectively. Therefore, the use of the ASO algorithm in solving optimization problems, especially 27 

in the field of reservoir operations concerning environmental factors such as sedimentation is 28 

recommended. 29 

Keywords: ASO,  Reservoir Optimization, Sensitivity Analysis,  Topsis. 30 

 31 

1. Introduction 32 

Nowadays, the growing need of humans for high-quality water to meet various needs such as 33 

agriculture, drinking, health, environment, and industry has highlighted the importance of water 34 

resources management. On the other hand, observing environmental issues such as the 35 

phenomenon of river sedimentation in the operation of reservoirs is of particular importance. In 36 

this regard, the correct and optimal operation of dams and reservoirs plays a key role in water 37 

resources management. Reservoir management and optimization are complex issues because of 38 

the high number of decision variables, as well as relationships and constraints in issues related to 39 

reservoirs. Therefore, a large number of researchers have paid great attention to the optimization 40 

and management of water resources systems.  41 

Ehteram et al.(2017) used a hybrid algorithm by merging the genetic algorithm (GA) with the Krill 42 

Algorithm for Karun-4 reservoir in Iran as an example for hydropower generation dam. Two 43 

benchmark problems of hydropower operations for multi-purposes reservoir systems, namely four- 44 

and ten-reservoir systems, were considered in the study. Results showed that the proposed hybrid 45 

algorithm outperformed the well-developed traditional non-linear programming solvers. 46 

Karami et al. (2018) evaluated the performance of the newly improved Krill Algorithm (NKA) 47 

concerning the Krill Algorithm (KA), Genetic Algorithm (GA), and Particle Swarm Optimization 48 

(PSO) in the Timah Dam reservoir operation. The results indicated that NKA could meet 97% of 49 

irrigation needs and had the lowest vulnerability index among GA, PSO, and KA methods. Further, 50 

the mean of NKA solutions was close to the global solution. 51 
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Rabiei et al. (2018) utilized Colliding Bodies Optimization (CBO), Improved Colliding Bodies 52 

Optimization (ICBO), and Vibrating Particle System (VPS) algorithms to optimize the 53 

performance of hypothetical four- and ten-reservoir systems. Comparing the results illustrated the 54 

successful performance of the VPS algorithm compared to CBO and ECBO methods. 55 

Allawi et al. (2018) obtained the optimal reservoir operation curves by applying the Shark Machine 56 

Learning Algorithm (SMLA). The main objective function was to reduce the volume of output 57 

water and agricultural water demand. Ultimately, comparing the results of the model with other 58 

optimization algorithms and conducting a case study on a dam in Malaysia revealed the superiority 59 

of the SMLA algorithm. 60 

Karami et al. (2018) evaluated the performance of the Weed Optimization Algorithm (WOA) in 61 

reservoir operation through two objective functions in two separate reservoirs and compared it to 62 

GA and PSO. Based on the results, the WOA algorithm was superior in both cases by considering 63 

different criteria of resilience, vulnerability, and reliability. 64 

After examining the Charged System Search (CSS) optimization algorithm in reservoir 65 

optimization and comparing it to other common optimization algorithms, Asadieh and Afshar 66 

(2019) concluded the better performance of the CSS method in long periods of reservoir operation.  67 

Wang et al. (2019) used a two-step approach for dam parameter adaptation (including Principal 68 

Component Analysis (PCA) and Genetic Algorithm (GA), for optimizing the performance of 69 

reservoir operation. The result showed that the proposed reservoir model could provide better 70 

results. 71 

Samadi-koucheksaraee et al. (2019) sought to optimize a single- and four-reservoir system by 72 

using the Gradient Evolution (GE)-based algorithm. For this purpose, they compared the results 73 

with those of LP (Linear Programming), NLP (Non-Linear Programming), and Genetic Algorithm 74 

(GA), which showed the superiority of the GE algorithm over other methods. 75 

Yaseen et al. (2019) proposed a new hybrid optimization algorithm based on the Bat Algorithm 76 

(BA) and the Particle Swarm Optimization Algorithm (PSOA) called the Hybrid Bat-Swarm 77 

Algorithm (HB-SA). The HB-SA method was validated by minimizing the irrigation shortage 78 

using a multi-reservoir system consisting of Golestan and Voshmgir dams. Furthermore, different 79 
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optimization algorithms from previous studies were reviewed to compare the performance of the 80 

proposed algorithm with the existing algorithms for the case study. The results revealed that HB-81 

SA achieved the minimum irrigation shortage in the study period and performed better than that 82 

of other optimization algorithms and reduced computational time for the convergence process. 83 

By introducing the Atom Search Optimization (ASO) algorithm, Zhao et al. (2019) used it in the 84 

optimal estimation of aquifer parameters in a groundwater model, aiming to estimate the 85 

hydrogeological parameters of the aquifer. After comparing the atom search algorithm with the 86 

information obtained from the observational data, the results showed the good accuracy of the 87 

algorithm. 88 

By utilizing Logical Genetic Programming (LGP) in a water resources system, Ashofteh et al. 89 

(2020) illustrated that the LGP-based model could enhance the results of the objective function in 90 

the mentioned system compared to the Genetic Programming (GP) model. 91 

Azadi et al. (2021) implemented a hybrid firefly algorithm – 𝑘-nearest neighbor (FA-KNN) 92 

algorithm to obtain the best reservoir output for optimizing total dissolved solids (TDS) under 93 

climate change conditions in Aydughmush Dam in Iran and showed that the highest TDS was 94 

obtained in wet and dry years. 95 

Dogan et al. (2021) introduced a hybrid algorithm of linear and non-linear programming of 96 

hydropower reservoir optimization and implemented it on six hydropower plants in  California to 97 

compare the values of the objective function and run time of the algorithm in short- and long-term 98 

periods with respect to Linear Programming (LP) and Non-Linear Programming (NLP) 99 

algorithms. 100 

Ahmadianfar et al.(2022) presented the analysis and principle of an innovative optimizer named 101 

weIghted meaN oF vectOrs (INFO) in order to optimize different problems such as mathematical 102 

test functions, and five constrained engineering test cases including optimal design of multi-103 

reservoir systems. Excellent results have been obtained during test functions and engineering 104 

experiments. 105 

In recent years, a large number of researchers have addressed the need for using modern and highly 106 

efficient optimization methods regarding the large-scale nature and complexity of water resources 107 
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problems. In this regard, meta-heuristic optimization algorithms are well known among 108 

researchers due to their simple concepts and easy implementation process, the lack of need for a 109 

lot of information, the ability to bypass the ideal local mode, and the coverage of a variety of issues 110 

with different mechanisms (Mirjalili and Lewis, 2016) The aforementioned studies show that 111 

meta-heuristic algorithms have relatively a satisfactory performance in optimizing the operation 112 

of water reservoirs. Also, the Atom Search Optimization algorithm (ASO) has been used in 113 

different optimization problems such as estimating aquifer parameters in a groundwater model 114 

(Zhao et al.,2019), automatic data classification (Abd Elaziz et al.,2019) and also hydrogeological 115 

parameters of the leaky aquifer (Zhao et al.(B),2019). 116 

 Due to the capabilities of the Atom Search Optimization algorithm, in this research, its application 117 

development is implemented for the first time in the multi-reservoir benchmark system. Another 118 

important point is that in the operation of reservoirs, sedimentation as one of the effective 119 

environmental factors is an important issue that is often overlooked due to the lack of information 120 

and the difficulty of calculations. Due to the importance of sedimentation phenomenon, especially 121 

in large dams, and to study and compare the capabilities of Atom Search algorithm, this 122 

phenomenon is studied in one of the most important dams in Iran and the results compared and 123 

prioritized with other common optimization algorithms using the multi-criteria decision-making 124 

(MCDM) process by TOPSIS ranking technique. 125 

 126 

2. Materials and methods 127 

Nature-based meta-heuristic algorithms can solve optimization problems by imitating physical and 128 

biological phenomena. The atom search algorithm is one of the new algorithms used to optimize 129 

problems based on physical phenomena. 130 

Atoms are the structural and basic basis of all materials, which are constantly moving and shifting. 131 

Atoms' motion, which is studied by mechanics science (Zhao et al.,2019),has been the basis of the 132 

atom search algorithm. While studying the new atom search optimization algorithm, the present 133 

study first seeks to validate this algorithm on the mathematical benchmark functions and four 134 

reservoir systems and then compare it with other common optimization algorithms to develop and 135 

use it in water reservoir systems management. 136 
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2.1. Atom Search Optimization algorithm 137 

Molecular dynamics inspire the mathematical model of the atom search optimization (ASO) 138 

algorithm. In ASO, the position of each atom in the search space, which is affected by its mass, 139 

represents a solution. In other words, it can be said that the heavier the mass, the better the solution 140 

will be in this process. All atoms affect each other according to their distance. Heavier atoms have 141 

less acceleration, which makes them more likely to seek better solutions in close and local spaces. 142 

On the other hand, lighter atoms have higher acceleration, making them widely find new promising 143 

areas throughout space (Zhao et al.,2019). 144 

Similar to other meta-heuristic exploration algorithms, ASO starts the optimization by generating 145 

a set of random particles in an N-dimensional space. Then, the solutions of each atom are evaluated 146 

based on the objective function. Atoms update their location and velocity in each iteration, and the 147 

position of the best atom is updated in each iteration. 148 

The velocity of particles is a function of their acceleration, and the acceleration of atoms is 149 

calculated according to Newton's second law based on the ratio of the forces applied to the mass 150 

of the particle. 151 

The mass of the ith   atom in the iteration of t, 𝑚𝑖(𝑡) is calculated by the following equations: 152 

Mi(t) = e Fiti(t)−FitBest(t)FitBest(t)−FitWorst (1) 

mi(t) = Mi(t)∑ Mj(t)Nj=1
 

(2) 

Where FitBest(t) and FitWorst represent atoms with the best and worst values in the t th iteration 153 

and Fiti(t) indicate the value of the 𝑖th atom's objective function in the 𝑡th iteration, respectively. 154 

Concerning the minimization issues, FitBest and FitWorst are considered based on the following 155 

relationships: 156 

FitBest(t) = min(Fiti(t)), i ∈ {1,2, … , N} (3) 
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FitWorst(t) = max(Fiti(t)), i∈ {1,2, . . . , N}                           (4) 

In each period, the number of neighbors of each atom, with which they interact, is determined 157 

using equation (5): 158 

K(t) = N − (N − 2) × √ tT 

(5) 

  Where T represents the total number of iterations of the algorithm, or in other words, the life of 159 

the system. As observed, the parameter K, which is a function of time, gradually decreases over 160 

the iterations. The forces applied to each particle include two types of interaction forces and 161 

internal constraint forces. The interaction force, which is defined using the Lennard-Jones 162 

potential concept, and the internal constraint force, which is related to the bond length potential 163 

and varies based on the distance between each atom to the best atom, are calculated using 164 

Equations (6) and (7), respectively. 165 

Fid(t) = ∑ randjj∈KBest Fij(t)d                             
Fij(t) = −α (1 − t − 1T )3 e−20tT [2 (hij(t))13 − (hij(t))7] 

 

(6) 

Gid(t) = −λ(t) (xbestd (t) − xid(t)) , λ(t) =  βe(−20 tT)
 

(7) 

Where F and G indicate the interaction and the internal constrain forces, respectively, randj shows 166 

a random number between zero and one, and 𝐾Best is a subset of the atoms population, consisting 167 

of K atoms with the best objective function values. Moreover, xbestd (t) displays the position of the 168 

best atom in the 𝑡 th iteration in the d dimensional space, 𝜆(𝑡) shows the Lagrangian coefficient, 𝛼 169 

indicates the depth coefficient, and 𝛽 is the weight coefficient. 170 
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In the following, the acceleration of the 𝑖 particle in the dimension 𝑑 and period 𝑡 is calculated 171 

from the equation (8): 172 

aid(t) = Fid(t)mid(t) + Gid(t)mid(t) =
−α(1⋅ e(−20 tT) × ∑ ri[2 × ((hij(t))13 − hij(t))7]mi(t)j∈Kbest

(Xjd(t) − Xid(t))‖Xi(t), Xj(t)‖2
+ βe(−20 tT)(Xbestd (t) − Xid(t))mi(t)

 

(8) 

The final step in each iteration is to update the particle velocity and location, which is obtained 173 

from the following equations: 174 

vid(t + 1) = randidvid(t) + aid(t) (9) 

xid(t + 1) = xid(t) + vid(t + 1) (10) 

All updates and calculations are performed continuously until the stop criterion is met. Finally, the 175 

location and value of the objective function of the best atom are considered as the optimal 176 

approximation of the problem. 177 

 178 

2.2. Evaluation of the optimization algorithm 179 

2.2.1. Mathematical benchmark functions 180 

So far, various research has evaluated the atom search algorithm through mathematical benchmark 181 

functions (Zhao et al.,2019). In order to show the search performance in ASO in this study, two 182 

well-known benchmark test functions were selected whose dimensions, search space, and absolute 183 

optimum, are listed in Table (1). 184 

 185 

 186 
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Table 1. Dimensions, search space, and global optimum of test functions 187 

Test Function Function Dimension Search Space Global Optimum 

Ackley f1 30 [-10,10]D 0 

Sphere f2 30 [-100,100]D 0 

 188 

f1(x) = 20 + e − 20exp[−0.2 ∑ √1D (∑ x )i2D
i=1 ] − exp [1D

D

i=1
∑ COS(2πxi)]D
i=1         

(11) 

 

f2(x) = ∑ xi2D
i=1  

(12) 

2.2.2. Four reservoir systems 189 

The problem of the four-reservoir system proposed by Chow and Cortes (Chow and Cortes, 1974) 190 

is among the most complex problems of water resources, which have been highly considered by 191 

researchers. These hypothetical systems consist of series and parallel reservoirs, the order and 192 

arrangement of which are shown in Figure (1). 193 

 194 

Figure 1. Arrangement of four reservoir systems 195 



10 

 

It is worth noting that constraints such as maximum and minimum volume and permissible 196 

restrictions on the release of reservoirs are defined in these systems. The releases from each 197 

reservoir are used to generate energy, the profit of which is a linear function of the discharge 198 

coefficient. In fact, the objective function of these problems is to operate the system to maximize 199 

profits in twelve 2-hour periods (T=12), which is defined as relation (13): 200 

Max . OF = ∑ ∑ btiT
i=1

n
t=1 × Rti  

(13) 

  

where OF represents the objective function related to the profit, n shows the number of reservoirs, 201 

T indicates the operation period, 𝑅𝑡𝑖 and 𝑏𝑖𝑡 are the rates of water release from the 𝑖th reservoir in 202 

period 𝑡 and the profit rate resulting from this release, respectively. The equations of system 203 

dynamics for reservoirs are based on equation (14): 204 

St+1i = Sti + Iti + MRtit = 1,2, . . . T, i = 1, . . . , n 
(14) 

   Where M is the matrix of reservoir relationships, n is the number of reservoirs in each system, 205 

and T is the number of time steps, which is considered 12 in these problems. The M matrix will be 206 

written as relations (15):  207 

4 4

1 0 0 0

0 1 0 0
M

0 1 1 0

1 0 1 1











 

(15) 

The constraints related to water release and storage limit for reservoirs are defined based on the 208 

following: 209 
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Rti (min) ≤ Rti ≤ i

tR (max)∀i = 1, . . , n  و ∀t = 1, . . , T  
(16) 

Sti(min) ≤ Sti ≤ i

tS (max)∀i = 1, . . , n و  ∀t = 1, . . , T 
(17) 

Where Rti (min) and Rti (max) are the minima and maximum allowable outputs from the ith 210 

reservoir in period t, and Sti(min) and Sti(max) are the minimum and maximum allowable storage 211 

volumes of the 𝑖th reservoir in period t, respectively. The last constraint related to modeling this 212 

hypothetical reservoir operation problem is related to the equality of the initial volume and the 213 

volume of the last period of reservoirs, which is called the Carrey Over condition and presented 214 

according to the following equation: 215 

St=1i = i

t T 1S  ∀i = 1, . . , n  
(18) 

Accordingly, penalty amounts are considered for the conditions of violation of the restrictions, 216 

which are written as follows and will be deducted from the values of the objective function: 217 

penalty = C. (∑ din
i=1 + ∑ ∑ SLtiT

i=1
n

t=1 ) 

(19) 

di = [(ST+1i − S1i )2 ← if(S1i ) ≠ (ST+1i )] (20) 

SLti = {(Sti(min) − Sti)2, if(Sti) < Sti(min)(Sti − Sti(max))2, if(Sti) > Sti(max)} 
(21) 

Where SLti  represents the violation of the calculated storage volume of the ith reservoir from its 218 

minimum and maximum storage volumes, 𝑑𝑖 indicates the contradiction of the 𝑖th reservoir storage 219 

volume in the beginning (St=1i ) and the end of the operation (St=T+1i ), and C is the increase and 220 

importance coefficient of the penalty, which is considered 40 for the four reservoir system. 221 
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After optimizing these systems by the ASO algorithm, it is possible to compare the results with 222 

other evolutionary algorithms and study the release of water from each reservoir, as well as the 223 

storage of reservoirs in each period. 224 

2.2.3. Dez dam single-reservoir system 225 

Regarding the importance of agriculture in the south of the country and the necessity to meet the 226 

water needs of downstream lands, the Dez dam was studied in this research as one of the most 227 

important and strategic dams in the country. 228 

Dez dam is the tallest two-arched concrete dam in Iran, which is located 25 km northwest of Dezful 229 

and 23 km northeast of Andimeshk in deep valleys on the main branch of the Dez River(Figure 2). 230 

The construction operation of this dam started in December 1959 and has been operating since 231 

1962. 232 

 
 

 

Figure 2. The geographical location of Dez dam in Iran and the main rivers of the Dez catchment 233 

For this system, the objective function is to minimize the square to the ratio of the difference 234 

between the release of the reservoir and the downstream demand to the maximum downstream 235 

demand, which is shown as the following relation: 236 
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OF = MIN ∑(Rt − DtDmax )2T
t=1            ،      t = 1.2 … . T         

 

 

(22) 

 

where OF represents the objective function, Rt is the output of the reservoir in the t -th month, 𝐷𝑡 237 

is the tth month demand, 𝐷𝑚𝑎𝑥 is the maximum monthly reservoir demand, and T is the total 238 

number of periods. 239 

Considering the high importance of the sedimentation phenomenon in the Dez dam reservoir, 240 

despite numerous flushing of the dam over time, about 815 million cubic meters of sediment had 241 

been accumulated in the reservoir from the beginning of operation until 2016, according to the 242 

latest hydrography process in the dam reservoir. Therefore, it is not possible to neglect the 243 

sedimentation, and the present study has addressed the mentioned phenomenon. The continuity 244 

equation is introduced as the main equation of the reservoir operation system as follows: 245 

St+1 = St + Qt − Rt − Spt − Losst + Sedimentt               t = 1,2, … , T   (23) 

Where St+1 and St are the volume of the reservoir at time t and t+1, respectively, 𝑄𝑡 is the inflow 246 

discharge to the reservoir, Losst is the loss from the reservoir, which is usually considered as the 247 

difference between evaporation and precipitation, and Spt is the release amount from the reservoir 248 

overflow. The following formulas are used to calculate  𝐿𝑜𝑠𝑠𝑡: 249 

Losst = et × A̅t   1   و . . . , T (24) 

A̅t = At + At+12 t  و = 1,2, . . . , T 
(25) 

Where et represents the depth of difference between evaporation and precipitation at time t in 250 

meters, At and At+1 show the reservoir surface at time t and t+1 in square kilometers, respectively, 251 

and A̅t indicates the average reservoir area, which should be calculated through trial and error due 252 

to the dependence on the reservoir surface. 253 



14 

 

Further, sediment is the amount of sedimentary material brought to the reservoir. In this research, 254 

a density of 1.5 tons per cubic meter and a bed-to-suspended sediment ratio of 20% were 255 

considered to calculate the sediment volume of the dam reservoir (Mosaedi. Et al.,2009). Table 2 256 

presents the coefficients of the monthly rating curve's function. 257 

 258 

Table 2. Monthly Coefficients related to the sediment rating curve of Dez dam 259 

b a Month 

1.9263 0.2353 April 

2.164 0.0521 May 

2.1157 0.0662 June 

2.6853 0.0024 July 

2.1844 0.0361 August 

2.8026 0.0023 September 

1.9394 0.1369 October 

2.9644 0.0027 November 

2.07 0.1094 December 

2.2808 0.0369 January 

2.0837 0.0845 February 

1.9597 0.2049 March 

 260 

 With the aim of considering the nature of the function, the aggregation of daily data is used to 261 

increase the accuracy of calculations. The sediment rating curve function is considered in the 262 

following form: 263 

QS = aQWb
  (26) 

Where QS represents the sediment discharge in tonnes per day, QW shows the flow discharge in 264 

cubic meters per second, and a and b are the coefficients of the rating curve equation. Table 2 265 
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reports the monthly coefficients a and b are related to the Tale-Zang station, which is the closest 266 

hydrometric station of the dam reservoir (Mosaedi. Et al.,2009). 267 

The following constraints are also used for the reservoir storage volume. 268 

Smin ≤ St ≤ Smax, t = 1,2, . . . , T (27) 

S1 = ST+1 (28) 

Where St and St+1 represent the reservoir volume at the beginning and end of the operation period, 269 

and Smax and Smin indicate the maximum and minimum reservoir storage volumes, respectively. 270 

For the period of time, we considered a ten-year statistical period from 2007 to 2016, in which the 271 

issue of meeting downstream demands was of particular importance due to drought and reduced 272 

reservoir's release. Table 3 provides the monthly needs of the lands downstream of the reservoir. 273 

 274 

Table 3. Total monthly need at the downstream of Dez Dam 275 

Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar 

528.9 308.98 238.71 199.36 206.2 364.82 524.09 596.48 643.08 763.83 742.99 620.64 

 276 

 277 

2.3. TOPSIS1 278 

TOPSIS is a multi-criteria decision-making method that ranks alternatives. This method uses two 279 

concepts of "ideal solution" and "similarity to ideal solution", the former is the solution that is best 280 

in every way, which does not generally exist in practice. The distance of the design from the ideal 281 

solution is calculated to measure the similarity of a design to an ideal and anti-ideal solution 282 

(Fallahi et al.2017). Then, the alternatives are evaluated and ranked based on the ratio of the 283 

                                                           
1 Technique for order preference by similarity to ideal solution 
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distance from the counter-ideal solution to the total distance from the ideal and anti-ideal solution. 284 

To implement the TOPSIS method, the following steps should be taken in order: 285 

1. Forming decision matrix: The TOPSIS method includes a series of criteria and options. The 286 

decision matrix is a matrix in which the criteria and options are placed in columns and rows, 287 

respectively. 288 

2. Non-scaling (normalization) the decision matrix: The non-scaling process is performed using 289 

the soft method in such a way that each element is divided by the square root of the squares of the 290 

values in the standard column. In this step, the decision matrix becomes a dimensionless matrix. 291 

3. Preparing non-scaled weighted matrix: In this step, the weight of the criteria, which is obtained 292 

from other methods, should be multiplied by the normal matrix to obtain the weighted matrix. 293 

4. Finding the ideal and anti-ideal solution: In this step, the type of criteria in terms of being 294 

positive and negative should be specified. Generally, an increase in the positive criteria improves 295 

the performance of the system, in which the ideal solution is equal to the largest element of the 296 

standard column while the anti-ideal is equal to the smallest element. This tip is the opposite of 297 

the negative criteria. 298 

5. Calculating the distance from the ideal and anti-ideal solution: In this step, the distance of each 299 

option from its positive and negative ideal is calculated based on the following equation: 300 

2

1

n

i ij j
j

d (V A ) 



 
           

(29) 

2

1

n

i ij j
j

d (V A ) 



 
   

(30) 

where d𝑖+ and d𝑖− are the distance of each option from the positive ideal and anti-ideal, respectively. 301 

6. Calculating the similarity index and ranking the options: The similarity index indicates the score 302 

of each option and is calculated based on the following equation. The closer this index is to one, 303 

the more it indicates the superiority of that alternative.  304 
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(31) 

 305 

3. Results and discussion 306 

3.1. Sensitivity analysis and parameter adjustment 307 

To test the mathematical functions, the number of particles was set to 300, and alpha and beta 308 

coefficients were considered 50 and 0.5, respectively. Table 4 provides the statistical results for 309 

ten runs with 2500 iterations. The low standard deviation for different runs of the model can be 310 

considered as the advantage of the algorithm. 311 

 312 

Table 4. Summary of the results of 10 different runs of the atom search algorithm on mathematical functions 313 

Test Function Mean Maximum Minimum SD 

Ackley 8.29E-13 1.27E-12 5.84E-13 2.21E-13 

Sphere 1.99E-24 3.48E-24 8.12E-25 8.599E-25 

 314 

In this research, the sensitivity analysis was performed for the effective coefficients in the 315 

algorithm to carry out operations on reservoir systems and address the multiplicity of variables. In 316 

the mentioned algorithm, the Alpha and Beta coefficients, which are used in the calculations of 317 

the forces applied to the particle, are the most important coefficients with a range between 10 to 318 

100 and 0.1 to 1, respectively. To perform the sensitivity analysis of the coefficients, Table 5 319 

provides the results of the average of ten runs of the four-reservoir system by the ASO algorithm. 320 

As shown, the coefficients 50 and 0.5 are suitable for the Alpha and Beta coefficients, respectively. 321 

 322 

 323 
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Table 5. Results of the average of ten runs of the four-reservoir system by the atom search algorithm to 324 

analyze the sensitivity of Alpha and Beta coefficients 325 

Alpha Objective 

function 

Beta Objective 

function 

10 281.1 0.1 282.4 

20 283.6 0.2 284.1 

30 286.5 0.3 286.3 

40 287.7 0.4 291.9 

50 293.9 0.5 293.9 

60 289.6 0.6 283.9 

70 281.2 0.7 281.6 

80 282.1 0.8 282.6 

90 279.3 0.9 280.3 

10 281.8 1 279.1 

 326 

 327 

In general, the higher the number of particles and the number of iterations of the algorithm in an 328 

optimization operation, the more accurate the final optimal solution will be, despite the increased 329 

operation time. For this reason, to achieve the optimal values of the number of particles and the 330 

maximum number of iterations in evaluating four reservoir systems, their different values were 331 

investigated, and the graphs of which are illustrated in Figure (3). By reviewing the results, the 332 

number of particles and in iterations for the four-reservoir system were set to 300 and 7000, 333 

respectively. 334 
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(a) (b) 

Figure 3. Changes in the objective function with regard to different values of the number of particles (a) and 335 

the number of iterations (b) in the four-reservoir system 336 

 337 

3.2. Results of singe and Multi-reservoir optimization 338 

After determining the optimal coefficients, ten different runs of the ASO optimization algorithm 339 

were implemented on four reservoir systems, the results of which are given in Table 6. 340 

 341 

Table 6. Results of ten different runs of ASO algorithm on Four Reservoir System 342 

Run Objective Function of Four-reservoir 

1 291.05 

2 288.98 

3 293.90 

4 290.62 

5 285.54 

6 287.93 
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7 289.55 

8 289.71 

9 289.20 

10 289.96 

Worst solution 285.54 

Best solution 293.90 

Average 289.64 

Standard deviation 2.15 

Coefficient of variation 0.01 

Absolute optimum 308.29 

The similarity of the best solution with the absolute 

optimum 

95.33 

 343 

Table 7 compares the results of Dez dam reservoir optimization of the atom search algorithm with 344 

four common optimization algorithms of Salp swarm algorithm (SSA), sine cosine algorithm 345 

(SCA), particle swarm optimization (PSO), and genetic algorithm (GA), after conducting 346 

sensitivity analysis and determining the best coefficients of the algorithm. It is worth mentioning 347 

that in the calculations, the monthly sedimentation of the reservoir has been taken into account. 348 

Table 7. Comparing the results of ten different runs to meet the downstream needs of Dez Dam reservoir with 349 

five optimization algorithms 350 

 351 
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 352 

 353 

 354 

 355 

 356 

 357 

 358 

 359 

 360 

 361 

 362 

 363 

 364 

 365 

3.3. Ranking different algorithms 366 

In this study, the TOPSIS method was used to rank the five mentioned algorithms. In this regard, 367 

the error criteria of RMSE, NSE, MAE, and PBIAS, which have been calculated between the 368 

values of reservoir release and the amount of downstream demands, and the value of the objective 369 

function as the fifth ranking criterion(Table 8). In this regard, the weight coefficients of each 370 

criterion are considered the same and equal to 0.20. 371 

 372 

 373 

Run  ASO SSA SCA PSO GA 

1 2.94 3.12 3.24 3.67 4.89 

2 3.02 3.54 3.22 4.12 4.12 

3 2.99 3.15 3.22 3.89 4.12 

4 2.94 3.15 3.67 3.67 4.67 

5 2.94 3.12 3.58 3.67 4.12 

6 2.94 3.12 3.22 3.67 4.12 

7 2.94 3.12 3.22 3.67 4.12 

8 2.94 3.12 3.22 3.67 4.12 

9 2.94 3.12 3.22 3.67 4.12 

10 2.94 3.12 3.22 3.67 4.12 

Worst solution 3.02 3.54 3.67 4.12 4.89 

Best solution  2.94 3.12 3.22 3.67 4.12 

Average  2.95 3.17 3.30 3.74 4.25 

SD 0.03 0.13 0.17 0.15 0.28 

Coefficient of 

variation   
0.01 0.04 0.05 0.04 0.07 
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Table 8. Results of different criteria for ranking algorithms 374 

 375 

The TOPSIS technique was implemented to rank different algorithms, the results of which are 376 

described in Table 9. 377 

Table 9. Results of ranking algorithms by TOPSIS technique 378 

Rank Algorithm Score 

1 ASO 0.46521 

2 SSA 0.32557 

3 SCA 0.16077 

4 PSO 0.048449 

5 GA 0 

 379 

As observed, the atom search algorithm ranks first, which shows the ability of the mentioned 380 

algorithm in optimization. The Salp swarm, sine cosine, particle swarm optimization, and genetic 381 

algorithms are in the next ranks, respectively. 382 

 383 

 384 

Algorithm  RMSE NSE MAE PBIAS Objective 

Function 

ASO 36.2167863 0.966398031 33.47213333 0.07 2.95 

SSA 62.08591937 0.901251356 57.3808 0.12 3.17 

SCA 93.12887905 0.777815551 86.0712 0.18 3.3 

PSO 113.8241855 0.668094835 105.1981333 0.22 3.74 

GA 118.9980121 0.637235884 109.9798667 0.23 4.25 
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4. Conclusion 385 

Nowadays, a growing trend is observed in using optimization tools such as meta-heuristic 386 

algorithms to solve complex and extensive problems of water resources management. The atom 387 

search algorithm is one of the new optimization algorithms with physical nature, which has been 388 

implemented in this research on single and multiple reservoirs of water resources systems. After 389 

analyzing the results of the algorithm on the mathematical benchmark functions and determining 390 

the effective coefficients of the algorithm through sensitivity analysis, this algorithm was 391 

implemented on Four Reservoir Benchmark System (FRBS), the results of which revealed the high 392 

accuracy of the algorithm. In the following, the issue of supplying the downstream demands of the 393 

Dez dam during ten years was investigated using five optimization algorithms. Meanwhile, due to 394 

the importance of sedimentation of large reservoirs in the environment of the region, the issue of 395 

monthly sedimentation of the dam reservoir was also considered. According to the criteria of 396 

objective function values, RMSE, MAE, NASE, and PBIAS errors, as well as the TOPSIS ranking 397 

technique, the atom search algorithm (ASO) was selected as the best approach, followed by the 398 

Salp swarm algorithm (SSA), sine cosine algorithm (SCA), particle swarm optimization (PSO), 399 

and genetic algorithm (GA), respectively. Therefore, the use of atom search algorithm in solving 400 

optimization problems, especially in the field of water resources management with environmental 401 

factors such as sedimentation is recommended. 402 
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