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An optimization method. 
 Population-based, 
 bio-inspired 

 first introduced as an evolutionary stochastic 
optimization technique for nonlinear 
functions by Kennedy and Eberhart  in 1995 .



It was originally inspired 
 in the way crowds of individuals move 

towards predefined objectives, 
 but it is better viewed using a social 

metaphor. 



Individuals in the population try to move 
towards 

 the fittest position known 

 to them and 

 to their informants, that is, the set of individuals 
that are their social circle. 

 The objective is to maximize or minimize a 
fitness function. 



The PSO algorithm is a 
 biologically-inspired algorithm 
 motivated by a social analogy. 

Sometimes it is related to the 
 Evolutionary Computation (EC) techniques,
 basically with Genetic Algorithms (GA) and

 Evolutionary Strategies (ES), 
but there are significant differences with those 

techniques.



The PSO algorithm is 
 population-based: 

 a set of potential solutions 

 evolves

 to approach a convenient solution (or set of 
solutions) for a problem. 



 Being an optimization method, the aim is 
finding the global optimum of a real-valued 
function (fitness function) defined in a given 
space (search space).



The social metaphor that led to this algorithm 
can be summarized as follows: 

the individuals that are part of a society 
hold an opinion that is part of a "belief space" 

(the search space) 
shared by every possible individual.



Individuals may modify this "opinion state" 
based on three factors:

 The knowledge of the environment (its fitness 
value)

 The individual's previous history of states (its 
memory)

 The previous history of states of the individual's 
neighborhood



 An individual's neighborhood may be defined 
in several ways, configuring somehow the 
"social network" of the individual. 

 Several neighborhood topologies exist 

 (full, ring, star, etc.) depending on 

 whether an individual interacts with all, some, or 
only one of the rest of the population.



Following certain rules of interaction, 
the individuals in the population adapt their 

scheme of belief to the ones that are more 
successful among their social network. 

Over the time, a culture arises, in which the 
individuals hold opinions that are closely 
related.



 Each individual is called a "particle", and 
 Each individual is subject to a movement in a 

multidimensional space that represents the belief space. 
 Particles have memory, thus retaining part of their 

previous state. 
 There is no restriction for particles to share the same 

point in belief space, but in any case their individuality is 
preserved. 

 Each particle's movement is the composition of an initial 
random velocity and two randomly weighted influences: 
individuality, the tendency to return to the particle's best 
previous position, and sociality, the tendency to move 

towards the neighborhood's best previous position.



 Each particle's movement is the 

composition of 

 an initial random velocity and 

 two randomly weighted influences: 
▪ individuality, the tendency to return to the particle's 

best previous position, and 

▪ sociality, the tendency to move towards the 

neighborhood's best previous position.



 The "continuous" version 

 uses a real-valued multidimensional 
space as belief space, and evolves the 
position of each particle in that space 

A “binary” version 

 the particle position is not a real value, 
but either the binary 0 or 1 . 





 The particle used to calculate depends on the 
type of neighborhood selected. 

 In the basic algorithm either a global (gbest) or 
local (lbest) neighborhood is used.

 In the global neighborhood, all the particles are 
considered when calculating . 

 In the case of the local neighborhood, 
neighborhood is only composed by a certain 
number of particles among the whole 
population. 

 The local neighborhood of a given particle does 
not change during the iteration of the algorithm.
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 A constraint (          ) is imposed on to 
ensure convergence. 

 Its value is usually kept within the interval        
[                    ],          being the maximum value 
for the particle position. 
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 A large inertia weight (w) favors global 
search, while a small inertia weight favors
local search. 

 If inertia is used, it is sometimes decreased 
linearly during the iteration of the algorithm, 
starting at an initial value. 



 An alternative formulation of above adds a 
constriction coefficient that replaces the velocity 
constraint (           ). 

 The PSO algorithm requires tuning of some 
parameters: 
 the individual and sociality weights (c1,c2), also known 

as acceleration coefficients and 

 the inertia factor (w). 
 Both theoretical and empirical studies are 

available to help in selection of proper values.
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• It is a derivative-free algorithm unlike many 
conventional techniques.

• It has the flexibility to be integrated with 
other optimization techniques to form hybrid 
tools.

• It is less sensitive to the nature of the 
objective function, i.e., convexity or 
continuity. 

• It has less parameters to adjust unlike many 
other competing evolutionary techniques.



• It has the ability to escape local minima.
• It is easy to implement and program with 

basic mathematical and logic operations.
• It can handle objective functions with 

stochastic nature, like in the case of 
representing one of the optimization 
variables as random.

• It does not require a good initial solution to 
start its iteration process.



 Evolutionary computation (EC) techniques 
 exploit a set of potential solutions, named a 

population, 
 and detect the optimal solution through 

cooperation and competition among the 
individuals of the population. 

 These techniques often detect optima in 
difficult optimization problems faster than
traditional optimization methods. 



 The most frequently encountered 
population-based EC techniques inspired 
from the evolutionary mechanisms of nature.

 evolution strategies (ES) , 
 genetic algorithms (GAs), 
 genetic programming , and 
 evolutionary programming, 

GA subset of EA  subset of EC



 Like other evolutionary techniques such as
Genetic Algorithms (GA), PSO is 

 initialized with a population of random solutions 
and 

 updates the population every generation to 
search for the optimum.



 Instead of traditional evolutionary operators 
such as mutation or crossover, 

 PSO is inspired by the advantage of cooperative 
and social behavior seen in swarm intelligence. 

 In search of the global minimum, particles in the 
population fly through the search space, 
following particles with the current best 
optimum found. 

 Each particle keeps track of its personal 
besttness ever achieved, as well as the bestness
value of the current solution. 



 The swarm also tracks the best value ever achieved by 
the swarm as a whole, as well as in some 
implementations, the localized neighborhood of 
particles surrounding the particle. 

 The particles move in the space, according the best 
values of the particle itself, its neighborhood, and the 
entire swarm.

 However, the analogies to swarms and particle paths 
are slightly misconceived. 

 The particles in each iteration undergo a randomized 
acceleration and typically maintain a large velocity. 



 A more accurate understanding of PSO requires 
realizing that 

 the swarm dynamics simply create 
▪ an intelligent, 

▪ adaptive probability distribution for function evaluations  

▪ that efficiently investigates promising regions.

 Part of what makes PSO a particularly attractive 
algorithm is its multi-dimensional parameterization, 
which allows the algorithm to be fine-tuned to 
various problem requirements. 



 Many improvements have been incorporated
 into the basic equations.
 The original PSO did not have an inertia 

weight; this improvement was introduced by 
Shi and Eberhart .

 The addition of the inertia weight results in 
faster convergence.





 Although it was originally suggested that the 
constriction factor, as shown in following equations, 
should replace the clamping, Eberhart and Shi have 
shown that the constriction factor alone does not 
necessarily result in the best performance. 

 Combining the two approaches results in the fastest 
convergence overall, according to Eberhart and Shi .



 An entirely different approach to improving PSO 
performance was taken by Angeline [18]. 

 The objective was to introduce a form of selection so 
that the properties that make some solutions superior 
are transferred directly to some of the less effective 
particles.

 Angeline used a tournament selection process based 
on the particles’ current fitness, copying the current 
positions and velocities of the better half of the 
population onto the worse half, without changing the 
“personal best” values of any of the particles in this 
step. 

 This technique improved the performance of the PSO 
for most of the functions tested



 There exists another general form of particle swarm, 
referred to as the LBEST method .

 This approach divides the swarm into multiple 
“neighborhoods,” where each neighborhood
maintains its own local best solution. 

 This approach is less prone to becoming trapped in 
local minima, but typically has slower convergence.

 Kennedy has taken this LBEST version of the particle 
swarm and applied to it a technique referred to as 
“social stereotyping” [19]. 

 A clustering algorithm is used to group individual 
particles into “stereotypical groups.” 



 The cluster centre is computed for each group and 
then substituted into basic eq., yielding three 
strategies to calculate the new velocity

 The results indicate that only the method in (7) 
performs better than the standard PSO. 

 This improvement comes at increased processing cost 
as the clustering algorithm needs a non-negligible 
amount of time to form the stereotypical groups.



 Kennedy investigated other neighborhood 
topologies, finding that the von Neumann 
topology resulted in superior performance . 

 Suganthan investigated the use of spatial 
topologies, as opposed to topologies based 
on particle indices.





 The cooperative particle swarm optimizer, or CPSO, 
employing cooperative behavior to significantly 
improve the performance of the original algorithm. 

 Achieved by using multiple swarms to optimize 
different components of the solution vector 
cooperatively.
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