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ABSTRACT: Optimization of active power loss in Electrical Power systems is complicated because of large, 

complex, and geographically widely distributed power systems. It is advisable to use the most efficient 

optimization technique based on its suitability to find an optimized solution of the problem. Active power loss 

minimization in a system is obtained by controlling the flow of reactive power. The reactive power flow control 

can be achieved through generator bus voltage, transformer tappings and shunt capacitor banks. 

An overview of different artificial intelligence (AI) optimization techniques used in power optimization problems 

are discussed in this paper. Hybrid or improved AI techniques having peculiar characteristics are also 

presented. This paper studies different techniques implemented for active power loss minimization. 

 

Keywords: Artificial intelligence, genetic algorithm, particle swarm optimization, active power loss 
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I. INTRODUCTION 
Electrical power system operations require optimization techniques for reduction of power losses. Due 

to large size of electrical power systems problems, it is not easy for formulation and application of optimization 

techniques to these problems. The formulation of optimization technique to a loss minimization problem needs 

to inculcate the assumptions and specific conditions related to the electrical system under consideration. The 

conventional optimization techniques are unable to globally optimize a system effectively. They are generally 

single path search algorithms, starting from an initial condition and improving the control variables in every 

iteration [2]. These techniques require large amount of time for execution and generally get trapped in a local 

optima. Conventional methods are also unable to handle the complex nature of electrical power system. 

In recent times, artificial intelligence techniques have been implemented to overcome the above mentioned 

demerits of conventional optimization techniques. Different AI techniques considered for solving optimization 

problem in electrical power systems are: Genetic Algorithm (GA), Swarm Optimization, Colony Optimization, 

Tabu Search, Simulated Annealing, etc. A combination of these techniques i.e., the hybrid techniques combines 

the merits of different artificial intelligence techniques. Improvements in these artificial intelligence techniques 

have also been suggested over the years. 

Section 2 describes different Artificial Intelligence techniques. Section 3 & 4 deals with improved and 

hybrid artificial intelligence techniques respectively. 
 

II. ARTIFICIAL INTELLIGENCE TECHNIQUES 
Artificial intelligence techniques try to simulate human behavior. They present a better, faster and accurate 

solution to an optimization problem than the existing conventional techniques. Artificial intelligence techniques 

generally make use of multiple solutions to obtain an optimal solution. Some of the peculiar properties of these 

techniques are: 

 These methods remember past findings. 

 They learn and adapt their performance. 

 These methods can plan their path forward. 

 These methods act intelligently according to human or social intelligence. 

This section presents an overview of AI techniques for reactive power optimization. 

 

2.1 Genetic Algorithm (GA): 

GA uses the method of natural selection and genetics for obtaining an optimized solution. David 

Goldberg (1989) [1] has worked extensively on genetic algorithms. The genetic algorithm search method is 

based on Darwin’s theory of evolution. Genetic algorithm is a population based search method. In genetic 

algorithm multiple solution are generated called as chromosomes. The chromosomes constitute of random 

values of different control variables whose values are to be optimized. The variation in these chromosomes 
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values causes its movement which is utilized in the search process. The population of chromosomes is evaluated 

for the objective function. The chromosomes having better values of objective function are chosen and retained 

through selection process for next iteration. The chromosomes for next iteration are generated through crossover 

and mutation of chromosomes of previous iteration. The chromosomes of previous iteration are called as parents 

and the chromosomes generated for next iteration are called as child. In the crossover process, a part of one of 

the parent chromosome is mixed with another part of a different parent chromosome to generate a child 

chromosome. In mutation process, some values of parent chromosome are altered to generate a child 

chromosome. The new pool of child chromosomes is then evaluated for objective function. These child 

chromosomes then act as parent chromosomes and the process continues till the stopping criterion is met. The 

stopping criterion may be based on number of iterations or convergence of control variable values stored in 

chromosomes. GA is a rugged optimization technique with simple methodology. The demerit of GA is it getting 

trapped in local minima. 

Iba [2] presents the application of GA for reactive power optimization. 

 

2.2 Particle Swarm Optimization: 

Particle Swarm Optimization (PSO) is the most widely applied artificial intelligence optimization 

technique. It is based on the behavior of the flock of birds or pool of fishes for searching food. The initial work 

on PSO has been presented by Shi and Eberhart [3]. PSO is a population based search method. In PSO, a 

number of particles are randomly generated to form a population. Unlike in GA, the particles in PSO are not 

discarded. The particles move in the multidimensional space searching for the optimal solution.  

A particle represents a potential solution of the optimization problem. Each particle moves in the 

multidimensional space. The movement of the particles is governed by its velocity. The velocity of a particle is 

calculated using following equations [3]: 

vid=w*vid+c1*rand()*(pid-xid)+c2*rand()*(pgd-xid) 

xid=xid+vid 

where vid  velocity of particle 

w  inertia weight 

c1, c2  constants 

pid  individual best position 

pgd  global best position 

xid  current particle position 

rand()  function to generate random value 

The particles moves through the multidimensional space taking into consideration the previous 

individual best position it had visited and the best position visited by any of the particles. A large inertia weight 

facilitates a global search while a small inertia weight facilitates a local search. By linearly decreasing the inertia 

weight from a relatively large value to a small value through the course of the PSO run, the PSO tends to have 

more global search ability at the beginning of the run while having more local search ability near the end of the 

run [3]. A detailed discussion on the values c1 and c2 is presented in [4]. The stopping criteria applied in PSO 

may be a certain number of iterations or convergence of particles or if the global best does not change for a 

specific number of iterations. Proper selection of inertia weights and constants is necessary for optimum 

performance of PSO. 

PSO has been applied to optimize reactive power flow in different standard and real electrical power systems 

[5,6,7,8].  

 

2.3 Ant Colony Optimization: 

Ant Colony Optimization (ACO) was introduced in 1992 by Dorigo. ACO is based on foraging 

techniques of real ant colonies. ACO is a population based search, where the ants search for food i.e., optimized 

solution. Artificial ants follow a construction procedure for stochastic solution. A solution is built by adding 

iteratively the components of a solution to incomplete solutions considering (i) any heuristic information about 

the problem being solved, and (ii) pheromone trails. Pheromone trails are present on paths visited by ants. These 

trails vanish with time to facilitate search in new unexplored areas. Ants do not move arbitrarily on construction 

graph, but rather follow a construction policy which is a function of the problem constraints. In general, ants try 

to build feasible solutions, but, if necessary, they can generate infeasible solutions [10]. In ACO, the colony of 

ants moves through adjacent solutions of the optimization problem by construction of paths. The movement of 

ants also builds solution of the optimization problem. Daemon actions are performed by the ants to execute 
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centralized actions which cannot be performed by a single ant. Poor computational performance of ACO forms 

the main drawback of this technique.  

ACO is implemented for reactive power flow optimization in [11, 12]. 

 

 

 

2.4 Tabu Search: 

Tabu Search (TS) is a kind of neighborhood search. It has been mainly propagated by Fred Glover 

[13,14,15]. TS starts with a random solution and then neighborhood of current solution is searched. The change 

in solution value from one iteration to other is called as a move. As the current solution moves, in each iteration, 

the neighborhood also changes. The possible neighborhood search is restricted by the number of solutions and 

the constraints of the optimization problem. The restrictions on the movement of a solution are also placed due 

to the ―Tabu List‖. Tabu list contains a set of moves which are prohibited. The list generally is used to prevent 

cycling and it removes the chances of searching a solution which has been previously visited. The size of tabu 

list plays an important role in optimization of problem. The tabu list keeps changing as the search process 

progresses. The older entries in the tabu list are eliminated with newer entries. An aspiration criterion may also 

be introduced to override the tabu list, which helps achieve better results. The search process can be stopped 

after some predefined number of iterations or if the optimum result does not change for a certain number of 

iterations. TS on its own in not efficient to solve power optimization problem, it should be combined with some 

other search process to enhance the capability of the search process. 

Abido [16] has successfully implemented Tabu Search to solve the reactive power flow control problem. 

 

2.5 Simulated Annealing: 

Simulated Annealing (SA) technique is derived from thermodynamics and is inspired by the formation 

of crystals in solids during cooling. Annealing is a process of thermodynamics in which low energy state of a 

solid is obtained. In annealing the temperature of the solid is increased till it melts and then the solid is cooled 

till the particles arrange themselves in a minimum energy state of the solid. The objective function of the 

problem is similar to the energy state of the solid. SA is also a kind of neighborhood search. The search begins 

with solution having a high (or low) value of objective function. The solution moves to other position if the new 

position has a lower (or higher) value of objective function. If the solution moves to a position with higher (or 

lower) value of objective function, then such a move is called as bad move. Bad moves are allowed depending 

on the progress of the search process. Initially more bad moves may be allowed but they are reduced at the end 

of search process. Bad moves are not accepted at the lowest temperatures called as freezing point. Bad moves 

accepted by solutions to break a local entrapment are called as hill climbing. [17, 18, 19]. The search algorithm 

continues till a specified number of iterations or the freezing point. The advantages of SA are its adaptability to 

implement different optimization problems, simplicity of programming and its ability to overcome local optima 

entrapment. The major drawback of SA is its reduction in ability to search globally towards the end of the 

search process. The hill climbing function should also be capable enough to help the solution come out of the 

local minima entrapment.  

 

2.6 Differential Evolution: 

Differential Evolution was introduced by Storn and Price [20, 21] in 1995. DE is similar to GA except 

that it can efficiently handle the floating point and continuous values. DE generates a random initial population, 

which then changes and improves through mutation, crossover and selection processes applied through 

iterations. The main differences between the genetic algorithm and DE algorithm are the selection process and 

the mutation scheme that makes DE self adaptive [23]. In the process of mutation, the existing solution is 

changed through a scaled mutation factor. The crossover either merges the factors of two parents or a parent and 

a random solution. The selection process, selects the parent or child solution through tournament selection 

process or any other similar process. The stopping criteria applied in DE is similar to that of GA, it may be a 

certain number of iterations, or convergence of solutions or if the best solution does not change for a specific 

number of iterations. 

The application of DE in power system optimization has been successfully demonstrated in [22, 23, 24, 25]. 

 

III. IMPROVED AI TECHNIQUES 
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In this section, the paper discusses changes introduced in different research work for some of the above 

discussed artificial intelligence methods.  

 

3.1 Genetic Algorithm: 

Genetic algorithm is modified to introduce operators like simulated binary crossover (SBX) and blend 

crossover (BLX). The mutation process is also completed through polynomial function. The process so formed 

is called self adaptive real coded genetic algorithm [26]. 

Adaptive Genetic algorithm based on Canonical GA is developed in [27]. The individual bits are 

considered as genes. For each generation the probabilities of mutation and crossover are adapted according to 

fitness statistics of the generation. 

Effect of immunity towards diseases during evolution of generations is implemented in [28]. 

Antibodies are employed as a natural form of defense against bacteria and viruses called antigens. Immune 

system is capable enough to recognize different antigens. The objective function is considered as an antigen and 

antibodies are prospective solutions. The affinity between the antibodies and antigens is stored and used for 

generation of next set of population. 

The crossover and mutation are controlled through factor pc and pm. A new method to calculate the 

factors is introduced in [29]. This new method of calculating pc and pm avoids the search method getting 

entrapped in local minima solution. 

Quantum Genetic Algorithm (QGA) is introduced in [30]. The algorithm has small population size, 

rapid convergence and greater capability of global search. The chromosomes are built up of quantum bits which 

not only stores 0’s and 1’s but also intermediate values. The algorithm also implements a quantum variation 

which is guided by information of the best individuals, and updates quantum individuals through the role of 

quantum gates, so that the whole population is adapted to the direction of a higher degree of evolutionary 

development. 

Optimal reactive power flow problem has generator voltage, transformer tappings and capacitor banks as 

variables. Transformer tappings and capacitor bank are discrete variables whereas generator voltage is a 

continuous variable. These variables are treated separately through an improved genetic algorithm coding in 

[31]. 

In [32] the chromosomes generated randomly are evaluated for the objective function. The chromosomes are 

then distributed into low, medium and high groups. The chromosomes from low and medium groups are 

modified using a scaling factor and optimum solution or a random solution from the high group. The proposed 

method also changes the direction of solution if it crosses the limit. Roulette wheel method and multi stochastic 

crossover techniques are employed in selection and mutation process respectively. The probability of mutation 

is also set high. 

 

3.2 Particle Swarm Optimization: 

Particle swarm optimization has many variations and improvements, some of which are covered in this 

paper. 

The major drawback of PSO is that the movement of particles is based on inertia weights and 

constants. The values of these constants have been widely studied and may vary according to the problem being 

studied. The dynamic calculation of these weights is presented in [33]. 

The swarm size in PSO remains constant. In [34], the swarm size is supposed to change during the 

process of the search method. It also introduces neighborhood search and eliminates the affect of best position 

particles as the particle itself moves to better positions. 

The adaptive PSO presented in [35], introduces a number of measures to improve the performance of PSO. The 

inertia weight is adjusted non linearly depending on the population diversity. It also introduces velocity 

mutation operator and position crossover operator. 

A method of learning is adapted in PSO through Comprehensive Learning PSO in [36]. It helps to 

overcome the problem of premature convergence. In CLPSO, the particle considers the individual best of other 

particles also for its own movement.  

A local random search (LRS) and a splitting of cognitive experience are introduced in [37]. The 

cognitive experience is split into good and bad cognitive factors.  

The MPSO algorithm [38] combines a mutation operator and a dynamically adjusted inertial factor which are 

borrowed from different references. The inertial factor is defined as an exponential function.  

Adaptive focusing particle swarm optimization (AFPSO) [39] balances the local and global search in 

PSO. Acceleration coefficients are associated with inertial weight to provide high inertia weight to particles with 
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better objective function and low inertial weight to particles with low objective function value. A particle’s 

velocity is also made dependent on its neighbor’s individual best and a list of global best particles.  

 

3.3 Ant Colony Optimization: 

The pheromone trail is left due to a possible solution development by an ant. The pheromone trail does 

not signify a bad experience. The Artificial Immune Ant Colony Algorithm [40], also employs, pseudorandom 

visit of an ant to a location, local pheromone update and global pheromone update. 

 

3.4 Tabu Search: 

The chances of Tabu search method getting trapped in local minima are dependent on the tabu list. The 

procedure and rules of forming the tabu list are altered in [41].  

The generation of initial value is changed in [42]. It also introduces sensitivity analysis and expert knowledge to 

Tabu search process.  
3.5 Differential Evolution: 

In dynamic multi-group self-adaptive differential evolution (DMSDE) [43], the population is divided 

into multi-groups vector-individuals, which can exchange information dynamically. Also, in the mutation phase 

the best vector, among the three vectors selected randomly in the search space, is chosen as the base vector. The 

direction of the difference vector is determined by the other two stochastic vectors. Moreover, two parameters, 

scaling factor and crossover rate, are self-adapted. 

 

IV. HYBRID AI TECHNIQUES 
Hybrid techniques are applied to enhance the performance of optimization techniques by incorporating 

the better processes of two or more optimization techniques. Some of such hybrid techniques are presented 

below: 

Simulated annealing is combined with adaptive genetic algorithm to solve active power loss minimization in 

[44]. Genetic algorithm is applied for the global search whereas simulated annealing is used for local search. SA 

is applied after a new generation is created in each iteration. 

Three optimization techniques: Genetic Algorithm, Simulated Annealing and Tabu Search are merged 

in [45]. Simulated annealing is used to improve the convergence of genetic algorithm whereas tabu search is 

applied to further improve the obtained results. 

A combination of genetic algorithm and simulated annealing is improved to handle continuous 

variables with the help of Primal Dual Interior Point method in [46]. 

In [47], the optimization techniques of GA and PSO are combined. Genetic algorithm is used to obtain 

good particles for the initial population of PSO. Also the values of constants c1 and c2 in PSO are varied for 

better search capabilities. 

PSO is improved with the addition of chaos mapping and linear interior point in [48]. The global 

exploration of PSO is complimented by the local search capabilities on linear interior point. 

The fast convergence of PSO and global convergence of SA are combined in [49]. If the solution of SA is better, 

then replace a random particle with it to add the variety of the particles. If the solution that PSO has searched is 

better, then take it as the initial solution of SA in the next iteration in the lower temperature to enhance the 

searching efficiency of SA. 

DEPSO is a combination of particle swarm optimization and differential evolution. The particles 

considered for the next generation are created through mutation of parent particles. The mutation method is 

varied according to a number of references presented in [50]. 

Particle Swarm Optimization Prior crossover Differential Evolution (PSOPDE) [51] is a combination 

of PSO and DE. The average position and average velocity of particles influence the movement of other 

particles. In order to improve local search performance of PSO, DE operator is integrated with PSO 

computation. Additionally, a new crossover operation is introduced between target population and an extra 

population is implemented before DE component, which increases the diversity of the particle swarm and helps 

to reach the global optimum. 

 

V. CONCLUSIONS 
Reactive power flow optimization problem is a non linear combinatorial problem. The generator 

voltage, transformer tappings and capacitor bank are variables of the problem. Many different optimization 

techniques have evolved over the years to provide an optimum solution to the problem. Artificial intelligence 
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methods have improved the performance of search process as compared to the older conventional methods. 

Genetic algorithm, Particle Swarm Optimization, Ant Colony Optimization, Tabu Search, Simulated Annealing 

and Differential Evolution are presented in this paper. Improved or hybrid artificial intelligence methods have 

been developed to combine the better performance characteristics of various search methods. 
 

REFERENCES 
[1] D.E. Goldberg. Genetic Algorithms in Search, Optimization and Machine Learning. Addison-Wesley, New York, 1989. 

[2] Kenji Iba, ―Reactive Power Optimization by Genetic Algorithm‖, IEEE Transactions on Power Systems, Volume 9, Issue 2, May 1994, 
pp 685-692. 

[3] Yuhui Shi, Russell C. Eberhart, "Empirical Study of Particle Swarm Optimization", Evolutionary Computation, CEC 99, Vol 3, 6-9 July 

1999. 
[4] Yuhui Shi, Russell C. Eberhart, ―Comparing Inertia Weights and Constriction Factors in Particle Swarm Optimization‖, Proceedings of 

the Congress on Evolutionary Computation, La Jolla, CA, Vol1, 2000, pp:84-88. 

[5] M.A. Abido, "Optimal Power Flow using Particle Swarm Optimization", International Journal of Electrical Power and Energy Systems, 
Elsevier, Vol24, Issue 7, October 2002, pp:563-571 

[6] A. H. Mantawy, M. S. Al-Ghamdi, "A New Reactive Power Optimization Algorithm", IEEE Bologna PowerTech Conference, June 23-

26, Bologna, Italy 
[7] Wen Zhang, Yutian Liu, "Reactive Power Optimization Based on PSO in a Practical Power System", IEEE Power Engineering Society 

General Meeting, Vol.1, 6-10 June 2004, pp:239 - 243  

[8] J. Hazra, A. K. Sinha, "A Study on Real and Reactive Power Optimization using Particle Swarm Optimization", Second International 
Conference on Industrial and Information Systems(ICIIS-2007), 8 – 11 August 2007, Sri Lanka 

[9] Marco Dorigo, Thomas Stutzle, ―Ant Colony Optimization‖, MIT Press, 2004. 

[10] Marco Dorigo,Thomas St¨utzle, "The Ant Colony Optimization Metaheuristic: Algorithms, Applications, and Advances", Handbook of 
Metaheuristics, International Series in Operations Research & Management Science, Springer, Volume 57, 2003, pp 250-285. 

[11] K. Lenin, M. R. Mohan, "Ant Colony Search Algorithm for Optimal Reactive Power Optimization", Serbian Journal Of Electrical 

Engineering Vol. 3, No. 1, June 2006, pp:77 – 88. 
[12] Oumarou, I., Daozhou Jiang, Cao Yijia, "Optimal Reactive Power Optimization by Ant Colony Search Algorithm", Fifth International 

Conference on Natural Computation, ICNC '09, Tianjin, China, 14-16 Aug. 2009, Vol:3, pp: 50 – 55. 

[13] Fred Glover, "Tabu Search and Adaptive Memory Programming — Advances, Applications and Challenges", Interfaces in Computer 
Science and Operations Research Computer Science Interfaces Series Volume 7, 1997, pp 1-75. 

[14] Fred Glover, ―Tabu Search – Part I‖, Operations Research Society of America Journal of Computing, Vol 1, No 3, Summer, 1989. 

[15] Fred Glover, ―Tabu Search – Part II‖, Operations Research Society of America Journal of Computing, Vol 2, No 1, Winter, 1990. 
[16] M. A. Abido, "Optimal Power Flow Using Tabu Search Algorithm", Electric Power Components and Systems, Taylor and Francis, 

Volume 30, Issue 5, November 2002, pp: 469-483. 

[17] L. Ingber, "Simulated Annealing: Practice versus Theory", Mathl. Comput. Modelling Vol. 18, No. 11, pp. 29-57, 1993. 
[18] S. Kirkpatrick, C. D. Gelatt, M. P. Vecchi, "Optimization by Simulated Annealing", Science, New Series, Vol. 220, No. 4598. (May 13, 

1983), pp. 671-680. 

[19] Dimitris Bertsimas, John Tsitsiklis, ―Simulated Annealing‖, Statistical Science, Vol 8, No. 1, 1993, pp:10-15. 
[20] R. Storn and K. Price, ―Differential Evolution – A Simple and Efficient Adaptive Scheme for Global Optimization over Continuous 

Spaces‖, Technical Report TR-95-012, March 1995. 

[21] Rainer Storn, Kenneth Price, "Differential Evolution – A Simple and Efficient Heuristic for global Optimization over Continuous 
Spaces", Journal of Global Optimization, December 1997, Volume 11, Issue 4, pp 341-359. 

[22] G. A. Bakare, G. Krost, G. K. Venayagamoorthy, U. O. Aliyu, "Differential Evolution Approach for Reactive Power Optimization of 

Nigerian Grid System", IEEE Power Engineering Society General Meeting, Tampa, FL, 24-28 June 2007, pp:1-6. 
[23] A.A. Abou El Ela, M.A. Abido, S.R. Spea, "Differential evolution algorithm for optimal reactive power dispatch", Electric Power 

Systems Research, Elsevier, Volume 81, Issue 2, February 2011, pp: 458–464. 

[24] M. Varadarajan, K.S. Swarup, "Network loss minimization with voltage security using differential evolution", Electric Power Systems 

Research, Elsevier, Volume 78, Issue 5, May 2008, Pages 815–823. 

[25] M. Varadarajan, K.S. Swarup, "Differential evolutionary algorithm for optimal reactive power dispatch", International Journal of 

Electrical Power & Energy Systems, Elsevier, Volume 30, Issue 8, October 2008, pp:435–441. 
[26] P. Subbaraj, P.N. Rajnarayanan, "Optimal reactive power dispatch using self-adaptive real coded genetic algorithm", Electrical Power 

Systems Research, Elsevier, Volume 79, Issue 2, February 2009, Pages 374–381. 

[27] Q H Wu, Y J Cao, J Y Wen, "Optimal reactive power dispatch using an adaptive genetic algorithm", International Journal of Electrical 
Power & Energy Systems, Elsevier, Volume 20, Issue 8, November 1998, Pages 563–569. 

[28] Fang Liu, C. Y. Chung, K. P. Wong, Wei Yan, Guoyu Xu, "Hybrid Immune Genetic Method for Dynamic Reactive Power 

Optimization", International Conference on Power System Technology (PowerCon 2006), Chongqing, 22-26 Oct. 2006, pp:1 - 6. 
[29] Yang Guang, Liu Xin-Rong, "Novel Adaptive Genetic Algorithm for Reactive Power Optimization of Power System", International 

Conference on Computational Intelligence and Software Engineering (CiSE 2009), Wuhan, 11-13 Dec. 2009, pp:1 - 4. 
[30] Hongxia Miao, Honghua Wang, Zhixiang Deng, "Quantum Genetic Algorithm and Its Application in Power System Reactive Power 

Optimization", International Conference on Computational Intelligence and Security (CIS '09), Beijing, 11-14 Dec. 2009, Volume:1, pp:107 

- 111. 
[31] Pu Yonghong, Li Yi, "An Improved Genetic Algorithm for Reactive Power Optimization", 30th Chinese Control Conference (CCC), 

Yantai, 22-24 July 2011, pp: 2105 – 2109. 

[32] Guang Ya Yang, Zhao Yang Dong, "An Improved Genetic Algorithm for Reactive Power Optimization", Australasian Universities 
Power Engineering Conference (AUPEC'06), Victoria University, Australia, 2006, Vol. 1, No. 1, pp: 1-6. 

[33] Altaf Q. H. Badar, B. S. Umre and A. S. Junghare, Reactive Power Control using Dynamic Particle Swarm Optimization for Real 

Power Loss Minimization, International Journal of Electrical Power and Energy Systems, Vol 41, Issue 1, October 2012, pp 133 – 136. 



IOSR Journal of Electrical and Electronics Engineering (IOSR-JEEE) 

e-ISSN: 2278-1676, p-ISSN: 2320-3331  

PP 39-45 

www.iosrjournals.org 

International Conference on Advances in Engineering & Technology – 2014 (ICAET-2014)  45 | Page 

 

[34] Wen Zhang, Yutian Liu, Maurice Clerc, "An Adaptive Pso Algorithm For Reactive Power Optimization", 6th International Conference 
on Advances in Power System Control, Operation and Management (APSCOM 2003), Hong Kong, November 2003, pp: 302-307. 

[35] Dan Li, Liqun Gao, Junzheng Zhang, Yang Li, "Power System Reactive Power Optimization Based on Adaptive Particle Swarm 

Optimization Algorithm", 6th World Congress on Intelligent Control and Automation, June 21 - 23, 2006, Dalian, China, pp: 7572-7576. 
[36] K. Mahadevan, P.S. Kannan, "Comprehensive learning particle swarm optimization for reactive power dispatch", Applied Soft 

Computing, Elsevier, Volume 10, Issue 2, March 2010, Pages 641–652. 

[37] Gonggui Chen, Gonggui Chen, Junjie Yang, "A New Particle Swarm Optimization Solution to Optimal Reactive Power Flow 
Problems", Asia-Pacific Power and Energy Engineering Conference (APPEEC 2009), Wuhan, 27-31 March 2009, pp: 1 – 4. 

[38] He Lihong , Yao Nan , Wu Jianhua , Song Ying ,Dong Jingjing ,Xing Ying, "Application of Modified PSO in the Optimization of 

Reactive Power", Chinese Control and Decision Conference (CCDC '09), Guilin, 17-19 June 2009, pp: 3493 - 3496. 
[39] Shu-kui Liu, Jing Tang, Qi Li, Xia Wu, Yan Luo, "Reactive Power Optimization in Power System Based on Adaptive Focusing Particle 

Swarm Optimization", International Conference on Electrical and Control Engineering (ICECE-2010), Wuhan, 25-27 June 2010, pp: 4003 - 

4006. 
[40] Siqing Sheng, Jing Li, "Study of Reactive Power Optimization Based on Artificial Immune Ant Colony Algorithm", Third International 

Conference on Electric Utility Deregulation and Restructuring and Power Technologies (DRPT 2008), Nanjuing, 6-9 April 2008, pp: 2311 - 

2315. 
[41] Wennan Lin, Yihua Li, Xingtao Xu, Maojun li, "Reactive Power Optimization in Area Power Grid Based on Improved Tabu Search 

Algorithm", Third International Conference on Electric Utility Deregulation and Restructuring and Power Technologies (DRPT 2008), 

Nanjuing, 6-9 April 2008, pp: 1472 - 1477. 
[42] Zou Yiqin, "Optimal Reactive Power Planning Based on Improved Tabu Search Algorithm", International Conference on Electrical and 

Control Engineering (ICECE-2010), Wuhan, 25-27 June 2010, pp: 3945 - 3948. 
[43] Xuexia Zhang, Weirong Chen, Chaohua Dai, Wenzhao Cai, "Dynamic multi-group self-adaptive differential evolution algorithm for 

reactive power optimization", International Journal of Electrical Power & Energy Systems, Elsevier, Volume 32, Issue 5, June 2010, Pages 

351–357. 
[44] Keyan Liu, Wanxing Sheng, Yunhua Li, "Research on Reactive Power Optimization based on Adaptive Genetic Simulated Annealing 

Algorithm", International Conference on Power System Technology (PowerCon 2006), Chongqing, 22-26 Oct. 2006, pp: 1 - 6. 

[45] Yutian Liua, Li Ma, Jianjun Zhang, "Reactive Power Optimization by GA/SA/TS combined algorithm", International Journal of 
Electrical Power & Energy Systems, Elsevier, Volume 24, Issue 9, November 2002, Pages 765–769. 

[46] Guo Liya, Ding Xiaoqun, Chen Guangyu, Song Jizhong, Cui Qihui, Liu Wenhua, "A Combination Strategy for Reactive Power 

Optimization Based on Model of Soft Constrain Considered Interior Point Method and Genetic-Simulated Annealing Algorithm", 
International Conference of Information Science and Management Engineering (ISME-2010), Xi'an, 7-8 Aug. 2010, Volume:2, pp: 151 - 

154. 

[47] Jingui Lu, Li Zhang, Hong Yang, "Combining strategy of genetic algorithm and particle swarm algorithm for reactive power 
optimization", International Conference on Electrical and Control Engineering (ICECE-2010), Wuhan, 25-27 June 2010, pp: 3613 - 3616. 

[48] Jiang Chuanwen, Etorre Bompard, "A hybrid method of chaotic particle swarm optimization and linear interior for reactive power 

optimisation", Mathematics and Computers in Simulation, Elsevier, Volume 68, Issue 1, 3 February 2005, Pages 57–65. 
[49] Zhenshu Wang, Linchuan Li, Bo Li, "Based on Particle Swarm Optimization and Simulated Annealing Combined Algorithm for 

Reactive Power Optimization", Asia-Pacific Power and Energy Engineering Conference (APPEEC 2009), Wuhan, 27-31 March 2009, pp: 1 

- 5. 
[50] Vaisakh K., Sridhar M., Linga Murthy K.S., "Differential Evolution Particle Swarm Optimization Algorithm for Reduction of Network 

Loss and Voltage Instability", World Congress on Nature & Biologically Inspired Computing (NaBIC 2009), Coimbatore, 9-11 Dec. 2009, 

pp: 391 - 396. 

[51] Shouzheng Wang, Lixin Ma, Dashuai Sun, "Hybrid Differential Evolution Particle Swarm Optimization Algorithm for Reactive Power 

Optimization", Asia-Pacific Power and Energy Engineering Conference (APPEEC-2010), Chengdu, 28-31 March 2010, pp: 1 - 4. 


