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4- Linear Programming

5- Nonlinear Programming

6- Dynamic Programming

7- Genetic Algorithms

8- Particle Swarm Optimization
9- Ant Colony Optimization
10- Simulating Annealing
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6- Unconstrained Ant Colony Optimization Algorithms

7- Partially Constrained Ant Colony Optimization Algorithms
8- Fully Constrained Ant Colony Optimization Algorithms

9- Imperialist Competitive Algorithm
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1- Honey Bee Mating Optimization

2- Boolean Integer Nonlinear Programming

3- Fuzzy Stochastic Dynamic Programming

4- Stochastic Dynamic Nash Game with perfect information
5- Folded Dynamic Programming
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1- Simple Modified PSO
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Figure 1- Genetic algorithm flowchart
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1- Crossover
2- Mutation
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3- Hybrid Genetic Algorithm and Particle Swarm
Optimization
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1- Personal Learning Coefficient
2- Global Learning Coefficient
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Table 1- Inflow and demands for Dez reservoir (Mm?3)

abalo (63959 Ob
(Monthly inflow)

o 1 2 3 4 5 6 7 8 9 10 11 12 Gl (e
(Year) (Average annual)
1 1669.90 1492.09 825.04 506.81 325.83 238.78 198.04 300.54 522.64 576.70 824.13 1154.82 8635.31
2 570.29  509.57 281.76 173.08 111.27 8155 67.63 102.64 17849 19695 28145 394.38 2949.06
3 1020.65 911.97 504.27 309.76 199.15 14594 121.04 183.69 319.44 35248 503.71 705.83 5277.92
4 81526 72845 402.80 247.43 159.07 11658 96.69 146.73 255.16 28155 402.35 563.80 4215.86
5 1051.46 939.50 519.49 319.11 205.16 150.35 124.70 189.24 329.08 363.12 518.92 727.14 5437.28
(Deﬁid) 516.40 603.70 757.20 831.10 818.80 706.00 467.60 318.00 163.00 150.10 203.00 365.50 5900.40
HGAPSO 5 SMPSO (GA (sl o1 51 o3liiw] b 35 dww 335w 31 (8515530 w Mo (5o gl ¥ Jgan
Table 2- Statical resultsin Dez reservoir operation problem using by GA, SMPSO and HGAPSO
1551 3lazs HGAPSO PSO GA ICA FCACOA PCACOA UACOA
RuUN number 2o Lok (YY) o) Ken 5 jLiél (Yorh) (shame s ;L_&é‘
(Current study) (Afshar et al., 2014) (Afshar and Moeini, 2008)
1 1.0098 1.1135 1.4705 4.02
2 0.94551 1.2265 1.3014 4.199
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Figure 2-The convergence solutions in Dez reservoir operation using by GA, SMPSO and HGAPSO
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Table 3- The selected values for GA and SMPSO algorithm parameters using by GA, SMPSO and HGAPSO
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Introduction: The reservoir operation is a multi-objective optimization problem with large-scale which
consider reliability and the needs of hydrology, energy, agriculture and the environment. There were not the any
algorithms with this ability which consider all the above-mentioned demands until now. Almost the existing
algorithms usually solve a simple form of the problem for their limitations. In the recent decay the application of
meta-heuristic algorithms were introduced into the water resources problem to overcome on some complexity,
such as non-linear, non-convex and description of these problems which limited the mathematical optimization
methods. In this paper presented a Simple Modified Particle Swarm Optimization Algorithm (SMPSO) with
applying a new factor in Particle Swarm Optimization (PSO) algorithm. Then a new suggested hybrid method
which called HGAPSO developed based on combining with Genetic algorithm (GA). In the end, the
performance of GA, MPSO and HGAPSO algorithms on the reservoir operation problem is investigated with
considering water supplying as objective function in a period of 60 months according to inflow data.

Materials and Methods: The GA is one of the newer programming methods which use of the theory of
evolution and survival in biology and genetics principles. GA has been developed as an effective method in
optimization problems which doesn’t have the limitation of classical methods. The SMPSO algorithm is the
member of swarm intelligence methods that a solution is a population of birds which know as a particle. In this
collection, the birds have the individual artificial intelligence and develop the social behavior and their
coordinate movement toward a specific destination. The goal of this process is the communication between
individual intelligence with social interaction. The new modify factor in SMPSO makes to improve the speed of
convergence in optimal answer. The HGAPSO is a suggested combination of GA and SMPSO to remove the
limitation of GA and SMPSO. In this paper the initial population which caused randomly in all metha-heuristic
algorithms consider fixing for the three mentioned algorithms because the elimination of random effect in initial
population may make increase or decrease the convergence speed. The objective function is the minimum sum of
the difference between the downstream demand reservoir and system release in the period time. Also the
constrains problem is continuity equation, minimum and maximum of reservoir storage and system release.

Results and Discussion: The performance of GA, SMPSO and HGAPSO evaluated based on the objective
function for Dez reservoir in the south east of Iran. In this study the programming of GA, SMPSO and HGAPSO
was written in Matlab software and then was run for the time period with a maximum of 400 iterations. The
minimum of the objective function for GA, SMPSO and HGAPSO was obtained 1.19, 1.05 and 0.9 respectively,
and the maximum of objective function was calculated 1.66, 1.26 and 1.10 respectively. The results showed that
the minimum of the objective function by HGAPSO was estimated 32 and 16 percent lower than the counts
which calculated by GA and SMPSO. The standard deviation of SMPSO and HGAPSO were near to each other
and less than GA which shows the diversity between solutions for SMPSO and HGAPSO are much less than
GA. Also the HGAPSO had the better performance rather than previous method in terms of minimum,
maximum, average and standard deviation. The convergence speed of HGAPSO for finding the optimal solution
is much faster of GA and SMPSO. The difference graphs between system release and monthly demand in
HGAPSO is much less than GA and SMPSO. Also the storage calculated in HGAPSO and SMPSO is highly
close to each other but in GA method the storage calculated more in the first and second years.

Conclusions: The convergence speed in finding the optimal solution in SMPSO in more than GA but in
other hand the probability of caughting in local optima for SMPSO is great whereas GA can make the diverse
optimal solutions. For this reason, in this paper was trying to improve the performance of the GA and SMPSO
and remove their disadvantage based on combining them and presenting a new hybrid method. The results
showed the HGAPSO method which presented in this paper to use without any complexity and additional
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operator to GA and SMPSO has the ability to use for reservoir operation with large-scale. In addition it is
suggested which the HGAPSO apply to other water resources engineering problems.

Keywords: Dez reservoir, Genetic algorithm, Hybrid algorithm, Objective function, Simple modified particle
Swarm optimization algorithm



