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4- Differential Evolution (DE)
5- Particle Swarm Optimization (PSO)
6- Ant Colony Optimization (ACO)
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1- Evolutionary Algorithms (EAS)
2- Meta Heuristic (MH)
3- Genetic Algorithm (GA)
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1- Mutation
2- Gravity Search Algorithm (GSA)
3- Enhanced Differential Evolution (EDE)
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1- DE and particle swarm intelligence (DE-SI)
2- Differential Evolution (DE) and Particle
Swarm  Optimization (PSO) with Multi-
Strategy, (DEPSO)
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Figure 1. Differential Evolution Optimization Algorithm steps.
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Figure 2. Process of solving the problem using the DEPSO.
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Table 1. Specifications of the benchmark test function.

):g\)_ea,,:@ Mﬂé.:ﬂalj.lm wa‘ Q_}AJTCU
Global optimum Decision variable range Dimension Test function
Bl s |
f,(X)=0 [-32,32]° 30 B K
Shifted Ackley
50 . é
fo(X)=0 [-600,600]° 30 St S5 62

Shifted Griewank

S bgse odal s bl gl el b
,» DEPSO s ABC PSO DE Lgbar.:i)jfll B

Llodds oals JZ.)'LU Y d}.)o-

Jols glengy glapn N by Ol 1

5555 S5 (PSO) s slesjl (DE) JulsS
DEPSO (sslguiy (o5 5 o208 5 (ABC) Jus
LS Ll a3 Wons Sl Solas slaws gl

«IS1 slre @b 5l DEPSO 5 PSO DE 2,581 (oolss sla il —Y Jsk
Table 2. The parameter settings of DEPSO, DE and PSO for the Shifted Ackley.

ol sl oS
Values Parameters Algorithm
[0'3‘ 0'8] [ Cr-min ’Crmax ]
10 a DEPSO
0.5 b
100 Comez o100
Population size
Scale factor (F)
03 e Ak
Crossover rate
0.7 W
15 C, PSO
2 c,

V2 AN FURCIN [ SO PO
RUIINE V7- L 70 A PRI A S PR
edalin ¥ Jsd= 55 by G IR osboles
5 x5 h6 sawils DEPSO v.:w}g\ g

ST 0505l b sl S b i b

laa ;S 5 eslinal b 5 Jines gl Ve (slsle
ok aglie UG LY Ju 3 DEPSO 5 G638
53 edal Cewsas s b i e o



O)ed g bses oy

2ol Glae S 4 0w, ;3 ABC

DEPSO K) ABC PSO DE (5"“(':'1).&‘ )'| J,él? |).?| 63 > ‘)S| @U Jg‘:u.d -y dj-\?
Table 3. The results of 10 runs for Shifted Ackley function using DEPSO, DE, ABC and PSO.
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Abstract

Background and Objectives: Optimal operation of the reservoirs of dams, as one of the most
important water resource systems, has a high complexity. This complexity is due to the stochastic
nature of the river discharge, the high dimensionality and conflicting objectives of reservoir
operation problems. Increasing the number of dams, placing dams relative to each other and having
different objectives will significantly increase the dimensions of the problem, which can complicate
and non-linearize the structure of these problems. In this research, with respect to the unique nature
of evolutionary algorithms (EAS) in the evaluation of objective functions and the probability of low
localization in the local optimum solutions, a hybrid of differential evolution (DE) and particle
swarm optimization (PSO) with multi-strategy (DEPSO) is used to optimize operation of a system
with three reservoirs of Karoonl, Godar and Dez with the purpose of hydropower generation.

Materials and Methods: In this research, by modifying the parameters and factors affecting both
algorithms of DE and PSO, a new hybrid algorithm is presented. The proposed algorithm (DEPSQ)
promotes the local and global search capability of the basic DE algorithm to obtain optimal
operating policies. Initially, the efficiency and accuracy of the proposed algorithm are evaluated
using the Ackley and Griewank mathematical functions. Then, the results of the DEPSO were
compared to the DE, PSO and ABC algorithms. Finally, the proposed algorithm is applied to
optimally solve a three-reservoir system in Iran to generate hydropower energy. It should be noted
that the results are presented in ten different runs for all problems to evaluate the reliability and
accuracy of the contestant algorithms.

Results: The obtained results by the proposed hybrid algorithm (DEPSO) indicated that the average
of objective function value for 10 runs and during 15-year operation period was 14.33, 10.00 and
38.50 percent better than those form the DE, ABC and PSO algorithms, respectively. Also, by
increasing the number of operation period from 180 to 240 monthly periods, the average of objective
function value calculated by the DEPSO for 10 runs was 14, 22 and 35 percent better than those
from the DE, ABC and PSO, respectively.

Conclusion: Considering the results obtained by the DEPSO, it can be clearly seen a significant
improvement in the objective function value compared to the DE and PSO algorithms and especially
with the increase of decision variables from 180 to 240 the performance of the method was more
suitable than the other algorithms. This indicates the superior performance of this method compared to
the other algorithm for optimizing the hydropower energy generated from multi-reservoir systems.

Keywords: Hybrid of Differential Evolution and Particle Swarm Optimization, Hydropower Dam,
Multi-reservoir system, Optimization of reservoir operation
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