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INTRODUCTION

• The Evolutionary Algorithms (EA) and the Swarm

Intelligence (SI) are different fields inside of the

Artificial Intelligence developed from the 70’s.

• The principal target is generate solutions to difficult

optimization problems using techniques inspired in

the natural evolution, such as mutation, selection,

and crossover.



Evolutionary Algorithms 

• In a Evolutionary Algorithm, we start with a randomly  
population of the candidate solutions (Agents) to an 
optimization problem.

• The agents may be of one or more dimensions 
(chromosomes) depends on the dimension of the search 
space

• The initial population is improved it through repetitive 
application of the mutation, crossover, and selection 
operators.

• In each generation, the agents with worst result in the 
objective function are discarded



Evolutionary Algorithms 
• The usual steps in a EA are:

– Initialization: the initial population is generated, the
principal factors in this step is the size of the initial
population, number of chromosomes by agent, and decide if
the initial population is random or not.

– Genetic operators: the creation of a new generation is
done by mutation and crossover of different agents and even
different chromosomes, each new agent can be generated
by two or more agents of the previous generation.

– Selection: compare the new and the old generation and will
survive the agents with best response in a objective function
desired, the new generation is a mixture of previous
generations with the best agents of each generation.

– Termination: This generational process is repeated until a 
termination condition has been reached



Swarm Intelligence

• In the swarm intelligence, a population of candidate

solutions (agents) moves in the search space, this

movement can be a random movement or guided

movement by different parameters.

• In each new position, the objective function is evaluated

and we decided if the new position is better or not



Swarm Intelligence
• The usual steps in a SI are:

– Initialization: the initial population is generated, the
principal factors in this step is the size of the initial
population, number of chromosomes by agent, and
decide if the initial population is random or not.

– Movement: each agent is moved to a new position
where the objective function is evaluated and it is
compared with the previous position, the final position
will be the position with better result in the objective
function

– Termination: This generational process is repeated until 
a termination condition has been reached



Examples of Evolutionary Algorithms

• Differential Evolution (DE) Storn, R.; Price, K. (1997). "Differential
evolution - a simple and efficient heuristic for global optimization over
continuous spaces". Journal of Global Optimization 11: 341–359.

• Backtracking Search Algorithm (BSA) Civicioglu, Pinar(2013)
“Backtracking Search Optimization for numerical optimization problems
”, Applied Mathematics and Computation Volume: 219 Issue:
15 Pages: 8121-8144.



Examples of Swarm Intelligence

• Particle Swarm Optimization (PSO) Cagnina,

L., Esquivel, S., Gallard R. “CEC2004:

Proceedings of the 2004 Congress on

Evolutionary Computation, Vols 1 and 2



Differential Evolution
The basic DE algorithm can be described with the following steps:

Initialization.

Mutation

Recombination

Selection



Differential Evolution
Initialization:
1. Initialize the initial population of agents (x) with random values in the search-space.

1 min max min
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First Generation

Agent "p" of a population of Np agents 

“m” chromosome of the “p” agent

Minimum acceptable value of m-chromosome

• Np = Size of the population

• m = 1...n with n=Dimension of thet searc space



Differential Evolution
Mutation:
1. Construction of Np new random agents using three agents "Xa", "Xb" and "Xc"

presents in the actual generation, these three agents must be distinct from each other.
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Differential Evolution
Recombination:
1. With the actual generation agents and the agents obtained in the mutation step, the next

step is the recombination with the following expression
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• The comparison is made chromosome by chromosome, 

so the test agent will be a mix of "x" and "y" agents.

Selection:
Finally, the selection is made comparing the "T" agents and the original 

agents, so that the survival agent will be the agent with better result in the 

objective function.
This generational process (Mutation, Recombination and Selection) is repeated until a 

termination condition has been reached



Backtracking Search Algorithm (BSA)
The basic BSA algorithm can be described with the following steps:

Initialization.

Mutation

Crossover

Selection I



Backtracking Search Algorithm (BSA)
Initialization:
1. Initialize the initial population of agents (x) with random values in the search-space. the value of

each chromosome in a agent is obtained with a uniform distribution

, ( , )i j j joldX U low up

2. In the same way a second population is initialized to be used as historical 

population

, ( , )

i :1..Np  ; Np =Size of the population.

j:1..m; m = Dimension of search space

U: Uniform distribution

i j j jX U low up

* In every interaction, we will randomly work with X or oldx



Backtracking Search Algorithm (BSA)
Mutation:

BSA´s mutation step generates one Mutant population (Matrix Y) with the following
expression:

( )

 3 (0,1); Mutation Rate
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• Unlike the differential evolution in this mutation is considered 

agents of previous generations



Backtracking Search Algorithm (BSA)
Crossover:
• BSA’s crossover process generates the final test population matrix T. In this

step, a random binary matrix (MAP) is generated, the dimension of this
matrix is Np X m (size of the population X dimension of the search space).

• the elements of the matrix T are formed by the elements of the matrix X in the
coordinates in which MAP = 1, in the other positions have the value of the matrix Y

• X = Current Generation Matrix, Xij=Chromosome “j” of “i” agent.

•Y = Mutant Matrix, Yij=Chromosome “j” of “i” agent.

•M= MAP Matrix example.

•T= Test population matrix



Backtracking Search Algorithm (BSA)
Selection:

• Finally, the selection is made comparing the "T" agents and the original 

agents, so that the survival agent will be the agent with better result in the 

objective function.

This generational process (Mutation, Crossover and Selection) is repeated until a termination 

condition has been reached



Particle Swarm Optimization(PSO)
The basic PSO algorithm can be described with the following steps:

Initialization.

Initial assessment

Update speeds and positions

Assessment



Particle Swarm Optimization(PSO)
Initialization:

Initialize the initial population of agents (x) with random values in the search-space. The value of

each chromosome in a agent is obtained with a uniform distribution

, ( , )i j j jV U low up

Initialize the initial speed of each agent (V) with random values in the search-space.

Each agent will have a speed for each chromosome

, ( , )

i :1..Np  ; Np =Size of the population.

j:1..m; m = Dimension of search space

U: Uniform distribution

i j j jX U low up



Particle Swarm Optimization(PSO)
Initial assessment :
Each agent is evaluated with the objective function and the is searched the agent that has obtained the best
result

Update speeds and positions :
Update Speeds: the speed of each agent is updated with the following step:

, , 1 2 ,( ) ( 1) ( ( 1)) ( ( 1))i j i j ij ij b j ijV t W V t P X t P X t          

Velocity, agent “i”, Chromosome “j”

Inertia : random(0,1)

Random (0.5,1)

The best historical position of the Xij agent

The best historical position of all

agents

Update Positions: the speed of each agent is updated with the following step:

, , ,( ) ( 1) ( )i j i j i jX t X t V t  



Particle Swarm Optimization(PSO)
Assessment :

Evaluate the objective function for the new positions reached by the agents and the values of

"Pij" and "Pbj" will be actiualized

This generational process (Update speeds and positions, Assessment) is 

repeated until a termination condition has been reached



Adaptive DE
exist different adaptative variations of the DE algorithm:

• DESAP : Not only dinamically adapts the  parameter G.R. , but also the population size (Np). 

• FADE : Fuzzy Adaptive Differential Evolution : Uses fuzzy logic to adapt the control parameters F, 

G.R. for the mutation and recombination operations.

•SaDE : (Self-Adaptive Differential Evolution) : The “F” and “G.R.” factors are independently generated 

according to a normal distribution.

•SaNSDE: generates mutation agents in the same method as SaDE exce that the mutation rate is 

generated according to either a normal   or a Cauchy distribution.

•JDE : Adapts the control parameters “F” and “G.R.”associated with each agent.

•JADE : Adapts the control parameters “F” and “G.R.”associated with each agent and also, use a 

historical matrix to record the discarded agents like the BSA algorithm.



Adaptive BSA
ABSA : The probabilities of crossover and mutation are varied depending on the fitness values of the 

solutions

to refine the convergence performance.

Adaptive PSO
CLPSO : uses the best position of each agent to update a agent's velocity.

There are many more variants of the DE and PSO, only 

has tried to give an example of the existing variants
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