1. Particle Swarm Optimization Algorithm
This algorithm was first introduced by Eberhart and Kennedy in 1995 (Eberhart and Kennedy, 1995). The Particle Swarm Optimization Algorithm is a population-based search algorithm such as genetic algorithm, ant colony algorithm, bee algorithm, etc. It is a nature-inspired algorithm designed based on collective intelligence and social behavior of birds and fish (Abido, 2002). The advantages of the Particle Swarm Optimization Algorithm include simple structure and implementation, low number of controllable parameters and high convergence speed as well as high computational efficiency (Abido, 2002; Del Valle et al. 2008). The structure of this algorithm will be discussed below.
1.1 Initial population creation
This algorithm starts by generating a random number of particles. Each of these particles is a possible answer to the optimization problem. Increasing the number of particles makes the algorithm complex. Of course, this increase in the initial population reduces the number of iterations of the algorithm. There must be a compromise between these two parameters. The number of this initial population as well as the number of iterations of the algorithm depends on the type and nature of the optimization problem.
In Particle Swarm Optimization Algorithm, each particle i has a position vector and a velocity vector, which are defined as equations (1) and (2) (Clerc, 2010).

                                                                                                                        (1)

                                                                                                                          (2)

: The current location of the ith particle

: The current speed of the ith particle
n in the above equations is the dimension of the search space of the optimization problem.








The Particle Swarm Optimization Algorithm must consider a variable that holds the best position of each particle in its memory. This variable is considered as. Where i is considered to represent the number of the particle. In the other word,  is cost function having the lowest value (or the profit or fitness function having the highest value). In the next step, after generating a random initial population, the variables   and  must be quantified according to equations 3 and 4 .  In equation 3,  is the best particle among the community of particles.  As  does not belong to any particular particle, index i has not been applied. As seen in equation 4, at this stage of the algorithm, because the particles have no motion, and are newly generated,  is equal to xi.  is the best personal experience of the ith particle (Clerc, 2010).

                                                         (3)

                                                                                                                          (4)
1.2 The particles movement toward the best particle
At this stage of the algorithm, a movement should be considered for the particles generated in the previous section.  Equation 3 is used to change the location of each particle.  In this equation, two random functions of r1 and r2 with uniform distribution are used to model the stochastic nature of the algorithm. Speed update equation is in the form of equation 5. In this equation, r1 and r2 are scaled using c1 and c2. In this equation, 0<c1, c2<2, that these coefficients are known as Acceleration Coefficients. It is called so because if the value of equation 5 is rewritten as the equation 6, by dividing the two sides of the equation 6 in unit of time, the value on the left of the equation represents the acceleration coefficients.  The acceleration coefficients have an effect on each step of each particle in each reiteration. In the other word, the value of c1 represents the affectivity of a particle from its best memory position and the value of c2 represents the affectivity of the particle from the total. In equations 5 and 6, index j represents the jth dimension of each particle in which j is j-0,1,….n (Eberhart and Kennedy, 1995).

                                                         (5)

                                                         (6)

In the above equation, over time, if a particle has cost function less (or benefit function higher than) the, it will replace this particle and the cost value and position of the particle will be updated. The speed update equation has three components. The first component of this equation corresponds to the velocity of the particle in the previous step and is therefore called the inertia component. This component reflects the tendency of the particle group to maintain its orientation in the search space. As shown in Equation (6), the performance of the algorithm is influenced by the best position of each particle, the best individual experience of the particle (the best individual experience of the particle) as well as the position of the best neighbor particle in the neighborhood of the same particle ( the best collective experience). Therefore, each particle with a special ratio will be attracted toward its best value and its best neighbor particle. Therefore, the second component of this equation is called the cognitive component and the third component is called the social component.
1.3 Inertia coefficient  



The value of velocity vector  in equation (5) can be considered as a variable.  This vector is weighted by w which is called the inertia coefficient. This parameter is one of the important parameters in the Particle Swarm Optimization Algorithm that its proper tuning makes this algorithm robust (Ting et al. 2012). This parameter was first introduced by Shay and Eberhart in 1998 and added to the velocity equation (Shi and Eberhart, 1998). By incorporating this parameter into Equation (5), it is modified into Equation (6) (Di Cesare et al. 2015). To improve the convergence of the algorithm, the coefficient can be adjusted so that it decreases by passing time and approaching to the optimal response. Adjusting this parameter provides a variety of linear, nonlinear, and adaptive functions such as Constant inertia weight, Random inertia Weight, linear decreasing inertia weight, Oscillating Inertia Weight, etc. in reference (Bansal et al. 2011),  the authors have discussed 15 of these functions and have investigated the performance of these functions on  function 5, which is discussed in the following sections.  The decreasing trend of the inertia coefficient and consequently the decrease of the inertia component of the velocity equation is due to the particle moving initially with larger steps and as approaching to the final answer to the optimization problem, decreasing the particles step makes the particles not to get far from the optimal response.  This modification can be done by multiplying coefficient w into a damping constant, so that at the end of each iteration in the main circle of this algorithm, this constant is re-multiplied into w. Moreover, the value of inertia coefficient can be defined as equation (8) (Eberhart et al. 2001; Lee and Park, 2006). In this equation, ωmin and ωmax, respectively, represent the initial and final values of inertia coefficient and and  represent Current iteration number and iteration number. 

                                                       (7)

                                                                                                         (8)
Given the neighborhood concept of each particle and the social intelligence of the Particle Swarm Optimization Algorithm or the third component of equation (7), topologies are presented as follows.
1.4 Particle Swarm Evolutionary Algorithm Models
In general, the Particle Swarm Optimization Algorithm is examined by two main models. 1) Global best model (Gbest) and Local best model (Lbest). The main difference between the two models is in structure of the neighborhood model of each particle. In the first model, the neighborhood of each particle contains all members of the population and only one particle is known as the best particle, and all the particles in the group are absorbed by it. In this model, the best particle information is shared with the rest of the particles. Unlike the Gbest model, in Lbest, each particle only has access to the information related to the neighborhood of the same particle. In Gbest model, because all particles of the group is absorbed by a single particle, this model has a higher convergence rate than the Lbest model. One on the other, the probability of this model being trapped at local extreme points is higher than in the case of several defined neighborhoods (Poli et al. 2007; Mavrovouniotis et al. 2017). 
 For these models several topologies are presented which will be explained in the next section.
1.5 Types of network topologies or structures
1.5.1 Definition of particle topology
Particle topology is the symbolic network structure of particles that reflects how the population particles interact and share information with each other. 
As mentioned in the previous sections, this algorithm can be defined as a set of particles moving in areas determined by the best successful experience of each particle and the best experience of some other particles. According to the phrase "best experience of some other particles”, there are many structures in the references that three main cases will be discussed below.
1. Star 
2. Ring (Circles) 
3. Wheel
1.5.2 Star structure 
In the star structure, all the particles in the group are adjacent to each other. Therefore, the position of the best particle of the group is shared with all the particles of the group and affects their velocity updating equation. This structure is related to the Gbest model. In this structure, the probability of being trapped at the optimal local point is increased if the best solution of the problem is not close to the best particle. The properties of this structure can be attributed to its rapid convergence as well as the greater likelihood of being trapped in optimal local locations. The star structure is shown in the figure 1.
[image: ]
Fig. 1. Star structure
1.5.3 Ring (Circles) structure 
In this structure, each particle is adjacent to its n particle. So that there are n/2 particles on each side. This structure for state n=2 is shown in Fig. (2). In this case, each particle is associated with its two adjacent particles. This structure is corresponding to the Lbest model. In this structure, each particle strives to move toward the best particle in its defined neighborhood. In this structure more areas of the search space are examined, but the convergence rate of this structure is low (Kacprzyk, 2009).
[image: ]
Fig. 2. Ring structure in n=2

1.5.4 Wheel structure 
In the wheel structure, one particle is considered as the Focal particle (Hub). In this structure, the middle particle is attached to all the particles in the group, but the other particles are only attached to this particle and are insulated from each other. The focal particle moves to the best particle. If this focal particle movement improves its performance, it also affects other particles. This structure is shown in Fig. 3.
[image: ]
Fig. 3. Wheel structure
1.6 Improved convergence of Particle Swarm Optimization Algorithm
Morris Clarke and James Kennedy have proposed a method for selecting coefficients in equation (7) to improve the convergence of Particle Swarm Optimization Algorithms. In this method, equation (7) is modified in form of equation (9) (Clerc and Kennedy, 2002).

                                                     (9)

In the recent equation, is Constriction coefficient which is defined as equation (10). 

                                                                                                                 (10)

In the recent equation, coefficient is defined as equation 11 (Chan et al. 2007).

                                                                                                                 (11)
1.7 Limiting velocity
After obtaining the particle velocity vector of the group, it is necessary to check whether the velocities obtained are within the specified permissible range. This allowed range is usually expressed as a coefficient of the width of the search space. This range is shown in Equations (12) and (13).

                                                                                                                   (12)

                                                                                                                 (13)
In both recent equations, xmin and xmax represent the variables range in optimization problem. In addition, Alpha coefficient has a value between zeros to one, so that the velocity threshold value does not exceed the width of the research space. 
After determining the particle velocity vector and determining the particle velocity threshold, these ranges are applied as relation (14):

                                                              (14)
At this point, new values of group particle velocity are set and the necessary constraints are applied. Now the new position of the particles must be determined. This new position is determined by Equation (15).

                                                                                                         (15)
Displacement of the particle based on the velocity update equation and the displacement equation has been shown in Fig. (4).  After the displacement of the particle following the mentioned steps,  the above steps are repeated until the termination conditions of the algorithm are satisfied and the best particle position among all the group members is delivered as the optimal response.
[image: D:\PSO-algorithm-A-simple-diagram-for-movement-of-a-sample-particle-in-PSO.png]
Fig. 4. Displacement of the ith particle in Particle Swarm Optimization Algorithm
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