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Abstract – In this article the main features of a Genetic 

Algorithm based optimization toolbox (GAtoolbox) are 

presented. The toolbox was developed to be used as a teaching 

tool for undergraduate/postgraduate optimization courses. To 

this end, it was developed in Matlab scientific programming 

environment due to the extended use of this software in most 

academic and scientific environments. After a brief theoretical 

background about Genetic Algorithms, the general structure of 

the GAtoolbox is presented. Finally, it is presented an example of 

implementation where the procedure to solve an optimization 

problem using the GAtoolbox is shown step by step. 
 

Keywords – evolutionary algorithms; mono objective 

optimization; multiobjective optimization; programming; 

teaching tool. 

I.  INTRODUCTION 

enetic Algorithm (GA) constitutes an important topic in 

an evolutionary computing undergraduate/postgraduate 

course. The course plays an important role in system 

optimization, which is very attractive and stimulating for 

engineering students. In the present paper we present the 

GAtoolbox, a Matlab optimization toolbox that can be used as 

a tool to teach the basic concepts of the metaheuristic of GA. 

GAtoolbox uses Matlab computational language functions to 

provide a flexible tool that enables the implementation of a 

wide range of GA configurations. It is a general purpose 

optimization tool, which can be used to solve mono and 

multiobjective optimization problems, with and without 

restrictions. The purpose of this article is to describe the main 

features of the developed GAtoolbox. First, the theoretical 

concepts of GA are briefly presented, in the context of system 

optimization. Then, it is described the general structure of the 

GAtoolbox, which incorporates four main modules: problem 

definition, variable setting, generation of initial population and 

evolution. The operators incorporated in each of these 

modules are briefly described. Then, an example of 

implementation is presented where the procedure to solve an 

                                                         
J. J. Roberts, IPBEN-UNESP Guaratinguetá, São Paulo State University 

(UNESP), Brazil. (justo@feg.unesp.br). *Corresponding author. 

A. Marotta Cassula, São Paulo State University (UNESP), Brazil. 

(agnelo@feg.unesp.br). 

J. L. Silveira, IPBEN-UNESP Guaratinguetá, São Paulo State University 

(UNESP), Brazil. (agnelo@feg.unesp.br). 

P. O. Prado. National University of Mar del Plata (UNMdP), Argentina. 

(poprado@fi.mdp.edu.ar). 

J. C. Freire Jr., São Paulo State University (UNESP), Brazil. 

(jcfreire@reitoria.unesp.br). 

optimization problem using the GAtoolbox is shown step by 

step. It is concluded that the GAtoolbox is a useful tool to 

teach the basics of GA in an undergraduate/postgraduate 

course, further the implementation of the toolbox in open 

architecture software such as Matlab meets the expectations of 

a flexible tool for researching purposes as well. 

II.  THEORETICAL BACKGROUND 

Genetic Algorithms are probabilistic algorithms that belong 

to the larger class of Evolutionary Algorithms, a family of 

computational models inspired by the process of natural 

evolution [1]. 

GAs were conceived in 1960 by the American scientist 

John Holland [2], with the initial aim of studying phenomena 

related to species adaptation and natural selection, as well as 

to develop a way to incorporate these concepts into computers. 

In 1975, Holland published the book “Adaptation in Natural 

and Artificial Systems, the starting point of Genetic 

Algorithms”, which initiated this field of study, presenting the 

theoretical foundations and exploring applications. Also in 

1975, Holland's student Kenneth De Jong finished his doctoral 

dissertation, titled “An analysis of the behavior of a class of 

genetic adaptive systems.” De Jong's dissertation was the first 

systematic and thorough investigation of the use of GAs for 

optimization. Later, in the 1980s, David E. Goldberg [3], 

another student of Holland, obtained his first success in 

industrial application with GAs. Since then, they have been 

largely used to solve machine optimization and learning 

problems. 

As in the evolutionary process of species, GAs manipulate 

a population of individuals, each of them with an associated 

fitness value, to a new generation of individuals, using the 

Darwinian principles of reproduction and survival of the 

fittest. Each individual of the population represents a possible 

solution; therefore, the GA searches among the set of solutions 

in the search space, always toward the global optimum, the 

individual with the highest aptitude. The standard procedure of 

the GAs in its simplest configuration is presented in Fig. 1. 

The most important steps of the algorithm are the generation 

of the initial population, the evaluation of the fitness function 

and the generation of a new population of individuals through 

the application of the genetic operators: selection, 

recombination and mutation. 
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Fig. 1 Standard procedure of simple GA (based on [4]). 

A.  Genetic Algorithms for Optimization 

The increasing popularity of GAs can be attributed to their 

robustness and efficiency to solve complex problems in which 

many classical mathematical programming methods fail [5]. 

An optimization method to be considered efficient must 

provide an optimal balanced between two processes: the 

search for new, useful solutions (exploration), and the use and 

propagation of these solutions (exploitation) [6]. Although in 

GAs, as in all metaheuristic methods, finding the 

configuration of the algorithm that allows the best balance 

between exploration and exploitation is not trivial, it has been 

demonstrated that the use of GAs for function optimization 

provides good solutions for a large variety of problems [7]. 

III.  DESCRIPTION OF GATOOLBOX 

The GAtoolbox has four main modules, as shown in Fig. 2, 

the optimization problem definition module, the variables 

setting module, the generation of the initial population module 

and the evolution module. These modules interact with each 

other by exchanging information that enables the operation of 

the algorithm. Within each module there are a number of 

subroutines with specific tasks. Each of these subroutines can 

be executed by different operators available in the GAtoolbox. 

In this way, the GA algorithm can be configured differently 

according to the way the operators are set by the user. In the 

next sections, each of the modules is briefly described.  

A.  Problem Definition Module 

Before running the optimization algorithm it is necessary to 

characterize the optimization problem, defined as: 

 

 

Minimize  ( )mf x  1,2,...,m M  

(1) 

Subjected to  ( ) 0jg x   1,2,...,j J  

  ( ) 0kh x   1,2,...,k K  

  i i ixLB x xUB   1,2,...,i n  

  x S   

Thus, in the problem definition module, the user must 

provide the next information: the objective function/s

 1 2( ) ( ), ( ),...., ( )
T

m Mf x f x f x f x ; the number of objectives

m ; the number of variables n ,  1,...,
n

nx x x  ; the 

inequality constraints ( ) 0jg x  ; the equality constraints 

( ) 0kh x  ; and the interval of variation of the decision 

variables  ,i ixLB xUB . 

By definition, the algorithm implemented in the GAtoolbox 

minimizes the objective function, that is, it solves the problem 

min ( )mf x . However, the user can solve a maximization 

problem by applying the property 

   max ( ) : min ( ) :m mf x x S f x x S     [8]. 

B.  Variable Setting Module 

After setting the optimization problem, it is necessary to 

define the type of variable and the representation of the 

variables used by the algorithm. GAs can directly work with 

real variables or with codified variables. Thus, depending on 

the type of variable defined by the problem and the type of 

representation used by the GA, there will be a necessity for 

coding/decoding to pass from the actual workspace to the GA 

workspace. The representations supported by GAtoolbox are 

presented in TABLE I. 

To work with integer variables, the truncation method 

proposed by [9] is adopted. This method generates integers 

from real variables allowing the use of the same operators for 

both types of variables. 

Typically the choice of which representation to use depends 

on the characteristics of the problem being studied. 

Nonetheless, the recommendation is to use the representation 

of the variables that need no conversion. 

C.  Generation of Initial Population Module 

Having decided on the variable representation, the first step 

in the GA is to create the initial population. This is done by 

generating a required number of individuals using random 

number generator that uniformly distributes numbers in the 

desire range. 

 

Start

Generate first 

population

Evaluate fitness
Are optimization 

criteria met?

Best 

individuals

Yes

Translate

End

Selection

No

Recombination

Mutation

Generate 

first 

population

TABLE I. VARIABLE REPRESENTATIONS SUPPORTED BY GATOOLBOX 

GA works on Variable representation Need conversion? 

binary real decimal Yes 

binary integer decimal Yes 

real decimal real decimal No 

integer decimal integer decimal No 
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Fig. 2  Operational structure of the GAtoolbox. 
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For a binary representation, a matrix of random numbers 

uniformly distributed from the set {0,1} would be produced 

with dimension poppopSize N chromLength  . Where popN  

is the number of individuals in the population and 

chromLength strLength n   is the length of the 

chromosome, that is, the number of bits of each gene 

strLength  times the number of variables n . 

In the case of real variable representation, the first 

generation of individuals is generated randomly within the 

range defined by the upper and lower limits of each variable 

 ,i ixLB xUB  resulting in a population of size 

poppopSize N n  . 

D.  Evolution Module 

This module applies the evolution operators to the 

population of individuals; it is composed of the following 

subroutines. 

    1)  Selection 

Constitutes the first operator in the evolution process being 

its role to distinguish among the individuals based on their 

fitness, and in particular, to allow the better individuals to 

undergo variation and create offspring in the next generation. 

To do this, the algorithm creates a mating pool (an 

intermediate population) to reserve the individuals selected to 

breed. The individuals in this intermediate population will be 

subjected to the next operator of recombination. The selection 

process follows the next steps: 

          a)  Assign a fitness value to each individual 

In the GAtoolbox this can be done by one of the following 

methods [10]: 

Linear ranking 

The population is sorted according the individual’s 

objective value, from the least fit ( 1Pos  ) to the best fit 

( popPos N ). In the case of a minimization problem, 1Pos   

corresponds to the highest objective values, whereas 

popPos N  corresponds to the lowest objective value. If the 

selective pressure is SP , then the fitness fitF  of the each 

individual is calculated as follows: 

   
 
 

1
2 2 1

1

ix

fit i

pop

Pos
F x SP SP

N


   


 (2) 

The selective pressure is usually chosen in the interval [1.0, 

2.0] [11]. 

Non-linear ranking 

A possibility of higher selective pressure can be 

implemented using the non-linear ranking fitness assignment 

method. In this case, the fitness of each individual is 

calculated as: 

 
1

1

1

xi

pop

Pos

pop

fit i N

i

i

N X
F x

X












 
(3) 

 

where X  are the roots of the polynomial: 

   

   

1 2
0 pop popN N

popSP N X SP X

SP X SP

 
   

 
 (4) 

The selective pressure may set in the interval [1, 
popN -2]. 

          b)  Select good individuals 

This step constitutes the selection process itself and 

determines which individuals are chosen for mating 

(recombination). In the GAtoolbox the parents that will form 

the mating pool are selected according to their fitness, which 

was assigned to each individual as explained in the previous 

section, by means of one of the following operators: 

Roulette wheel selection 

In this operator, developed by [2], each individual has a 

probability to be selected which is proportional to its fitness 

value as represented in equation (5): 

 
 

 
1

i

i n

j

j

f x
P x is selected

f x





 

(5) 

This process may be viewed as a roulette wheel where each 

member of the population is represented by a slice that is 

directly proportional to the member’s fitness. A selection step 

is then a spin of the wheel, which in the long run tends to 

eliminate the least fit population members. 

Stochastic universal sampling 

In this algorithm proposed by [12] the individuals are 

mapped to contiguous segments of a line, such that each 

individual's segment is equal in size to its fitness exactly as in 

roulette wheel selection. Then, equally spaced pointers are 

placed over the line as many as there are individuals to be 

selected. Consider NPointer the number of individuals to be 

selected, then the distance between the pointers are 1/NPointer 

and the position of the first pointer is given by a randomly 

generated number in the range [0, 1/NPointer]. This algorithm 

presents less variance than the roulette wheel selection. 

Tournament method 

In this method [13], k  number of individuals are randomly 

chosen from the population and they participate in a 

“tournament” where the best individual from this group is 

selected as parent to participate in the mating pool. This 

process is repeated as often as individuals must be chosen. The 

“tournament size” may range from 2 to Npop. The selective 

pressure augments with the tournament size, thus this 

parameter may be controlled by varying the number of 

participants in the tournament. 

Normalized geometric selection 

Differently from the roulette wheel and stochastic universal 
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sampling methods which assign the selection probability based 

on the relative fitness of the individuals, the normalized 

geometric selection [14] calculates the probability of selection 

based on the position of the individual in the population when 

sorted, according to equation (6): 

 
 

 

 

1
1

1 1

irank x

i popSize

q q
P x is selected

q





 

 (6) 

where rank(xi) is the rank of the individual (rank(xi) = 1 means 

best individual and rank(xi) = Npop the worst one), q  is the 

probability of selecting the best individual. 

          c)  Eliminate less fit individuals 

In this step the worst individuals are removed and replaced 

by copies of the good individuals. 

    2)  Recombination 

Selection operator does not generate new individuals, but 

rather generates multiple copies of the fittest ones. Therefore, 

it is necessary to apply the recombination operator to generate 

new individuals and thus to diversify the population 

(exploration process). The recombination operator produces 

new chromosomes that have some parts of both the parent’s 

genetic material [11]. It is usually applied probabilistically 

according to a crossover/recombination rate, which typically 

ranges from 0.5 to 1.0 [15]. 

The type of recombination operator depends on the 

representation of the variables used. In the GAtoolbox there 

are available the recombination operators shown in TABLE II. 

TABLE II. RECOMBINATION OPERATORS AVAILABLE IN GATOOLBOX. 

Recombination operator Variable representation 

Discrete recombination All representations 

Single-point crossover Binary and decimal integer 

Double-point crossover Binary and decimal integer 

Multi-point crossover Binary and decimal integer 

Shuffle crossover Binary and decimal integer 

Blend recombination (BLX-α) Decimal real 

Line recombination Decimal real 

Arithmetic recombination Decimal real 

Discrete recombination 

Performs an exchange of variable values from the 

individuals chosen for mating (parents). For each position, 

each parent has a 50% probability of contributing its variable 

values [16]. Let  1 11 12 1, , , nx x x x  and 

 2 21 22 2, , , nx x x x  be the pair parents. Then the offspring 

1x  and 2x  result: 

    
    

1 11 11 21 11 1 1 2 1

2 21 11 11 11 2 1 1 1

1 , , 1

1 , , 1

n n n n

n n n n

x x x x x

x x x x x

   

   

     

     
 (7) 

where n  is the number of variables, and  0,1ij   uniform 

at random, 1: popi N  and 1:j n . 

 

Single-point, double-point and multi-point crossover 

These are the most employed recombination operators for 

binary variable representation. Single-point crossover is the 

classical and simplest operator originally proposed by [2]. It 

works by randomly choosing an integer  ~ 1, 1k U  , and 

then splitting both parents at this position and creating two 

offspring by exchanging the right-most part of the parents (8). 

 

 

 

 
1 11 1 1 1 1 1 11 1 2 1 2

2 21 2 2 1 2 2 21 2 1 1 1

, , | , , , , | , ,

, , | , , , , | , ,

k k k k

k k k k

x x x x x x x x x x

x x x x x x x x x x

 

 

 


 
 (8) 

In the double-point crossover operator, two crossover 

positions  1 2,k k  are randomly chosen and the genetic 

material from the parents is exchange between these positions. 

This concept can be then extended to multipoint-point 

crossover, where m  crossover points  1, , mk k  are 

randomly selected and the segments of the parents, defined by 

them, are exchanged to generate the offspring. 

Shuffle Crossover 

In this operator [17] a single crossover point is selected, as 

in the single-point crossover, but before exchanging the 

genetic material, the bits are randomly shuffled (rearranged) in 

both parents. After the recombination is performed, the bits in 

the offspring are unshuffled (undo the rearrangement). 

Blend Recombination (BLX-α) 

The BLX-α [18] uniformly picks values that lie between 

two points that contain the two parent, but may extend equally 

on either side determined by a user specified parameter. The 

offspring generated by this operator are as follows: 

    
    

1 11 11 21 11 1 1 2 1

2 11 21 21 21 1 2 2 2

1 , , 1

1 , , 1

n n n n

n n n n

x x x x x

x x x x x

   

   

     

     
 (9) 

where  1: , 1:ij popi N j n    is a scaling factor chosen 

uniform randomly in the interval  , 1d d  , different for 

each new variable. The value of d  defines the size of the area 

for the possible offspring. When d = 0 (BLX-0.0) the operator 

is called Flat Crossover [19], and the offspring are randomly 

(uniformly) created within the interval  1 1,x x . When 

d  = 0.25 (BLX-0.25) the operator is called Intermediate 

Recombination operator [16]. 

Line Recombination 

Is similar to intermediate recombination, except that in this 

case only one value of   is used for all the variables [20]: 

    
    

1 11 1 21 1 1 2

2 11 1 21 1 1 2

1 , , 1

1 , , 1

n n n n

n n n n

x x x x x

x x x x x

   

   

     

     
 (10) 

where  1:i i n   is a scaling factor chosen uniform 

randomly in the interval  , 1d d  , identical for each 

variable, and 0.25d  . 

Arithmetic Recombination 

This operator [21] creates two offspring that are a linear 

combination of the two parents: 
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1 11 1 21 1 1 1 2 1

2 11 1 21 1 1 1 2 1

1 , , 1

1 , , 1

n n

n n

x x x x x

x x x x x

   

   

     

     
 (11) 

where 
i  is uniform randomly chosen in the interval  0,1 , 

one for each pair of parents. If 0.5   the two offspring will 

be identical. 

    3)  Mutation 

The recursive application of selection and recombination 

operators can lead to the loss of potentially important genetic 

information. Therefore, it is necessary to apply an operator 

that promotes the diversity of the population (exploration 

process), in order to not get trapped in a local optimum [22]. 

This is done through the mutation operator, which randomly 

changes the genetic information of the individuals in the 

population. The mutation process is controlled by a mutation 

rate, 
mp . When the GA works with binary variable 

representation, a low mutation rate is used [0.001, 0.01], while 

for real coding it is recommend a value of 1mp n , where n  

is the number of variables [23]. 

In the GAtoolbox there are available the mutation operators 

shown in TABLE III. 

TABLE III. MUTATION OPERATORS AVAILABLE IN GATOOLBOX. 

Mutation operator Variable representation 

Binary mutation Binary 

Breeder GA Decimal real and integer 

Boundary mutation Decimal real and integer 

Uniform mutation Decimal real and integer 

Multi-uniform mutation Decimal real and integer 

Non-uniform mutation Decimal real and integer 

Multi-non-uniform mutation Decimal real and integer 

Binary mutation 

This is the most common method used for mutating binary 

coded variables; considers each gene separately and allows 

each bit to flip, i.e. from 0 to 1 or from 1 to 0, with a mutation 

probability mp , as shown in equation (12) [2]. 

 1 , 0,1

,

i m

i

i

x if U p
x

x otherwise

 
  


 (12) 

Breeder GA mutation 

This mutation operator  and is defined as follows [24]: 

i i i i ix x s rang       (13) 

where,  1, 1is     uniform at random (with a probability of 

0.5);  i i irang r xUB xLB   ; r  is the mutation range, and 

1

0

2
k

i

i i

i

 






   (14) 

where  0,1i   is randomly generated with a probability 

 1 1ip k    ; k  mutation precision. 

The parameter r  and the variable domain define the 

possible range for the variable to mutate. Typically a value of 

0.1r   is used, i.e. the possible values the individual can take 

are within 10% of the range defined by the variable 

boundaries. 

The parameter k  is called precision constant, and 

indirectly defines the minimum possible step size and the 

distribution of steps inside the mutation range. The smallest 

relative mutation step size is 2 k , the largest 02 1 . This 

parameters is usually set as 16k   , thus the mutation steps 

are generated within the range 16, 2r r    . 

Boundary mutation 

Selects one variable and sets it equal to either its lower 

( 
ixlb ) or upper bound (

ixub ) with equal probability [10]. 

Being  ~ 0,1r U  uniform at random, the operator is defined: 

, 0.5

, 0.5

i

i

i

xLB if r
x

xUB if r


  


 (15) 

Uniform mutation 

The uniform mutation [21] also referred as random 

mutation is the most straightforward options for mutating real 

valued individuals. It consists in selecting a variable and 

setting it equal to an uniform random number 

 ~ ,i iU xLB xUB : 

 ,i i m

i

i m

U xLB xUB if r p
x

x if r p


  


 (16) 

Multi-uniform mutation 

Is similar to uniform mutation, but in this case equation 

(16) is applied to all of the variables in the parent individual, 

i.e. is equivalent to apply the uniform mutation operator with a 

1mp   [25]. 

Non-uniform mutation 

In the non-uniform mutation operator [14] external 

information is used as feedback in order to determine the 

magnitude of the mutation change. It randomly selects a 

variable from the population, 
ix , to undergo mutation and 

setting it equal to a non-uniform random number: 

 

 

, if =0

, if =1

i i i

i

i i i

x nGen xUB x
x

x nGen x xLB





   
  

  
 (17) 

where nGen  is the current generation number,  0,1   

randomly generated, and  

 
1

, 1

b
nGen

maxGennGen y y r

 
 

 

 
   
 
 

 (18) 

where  ~ 0,1r U  randomly generated number, maxGen  is 

the maximum number of generations and b  is a parameter 

defined by the user to control the degree of dependency on the 

number of iterations (generally set at 5b  ). 

The function  ,nGen y  returns a value in the range 

 0, y  such that the probability of returning a number close to 
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zero increases as the algorithm advances [26]. This 

characteristic causes the algorithm to search all the solution 

space at low nGen , and very locally as nGen  reaches the 

maximum stipulated, this increases the probability of 

generating the new individual close to the original one. 

Multi-non-uniform mutation 

Applies equation (17) to all of the variables in the 

individual, i.e. is equivalent to apply the non-uniform mutation 

operator with a 1mp   [25]. 

    4)  Termination 

A termination criterion TC is a condition adopted to 

determine the end of a run. The GA will run until a given TC 

is true, deciding the end of the optimization process. This 

criterion prevents premature termination of the optimization 

algorithm as well as further unnecessary computation. 

The choice of which TC to use is not a trivial since it 

depends on the GA configuration and the characteristics of the 

objective function being assessed. In the GAtoolbox, there 

were implemented the TC studied in the work of Jain, 

Pohlheim and Wegener [27], which are explained following. 

Maximal time and maximal number of generations 

This termination criterion is fulfilled if a given amount of 

time is reached ( maxt ). The amount of time, t , may be 

measured in absolute time, CPU time, number of generations 

or number of function evaluations as: 

max 0

0

TC t t

TC maxGen nGen

  

  
 (19) 

Hitting bound 

This termination criterion is satisfied if the difference 

between the best objective value found in the current 

generation  *

objF t  and a predefined bound value lim

objF  is 

smaller o equal to a convergence threshold 0  :  

 * lim

obj objTC F t F     (20) 

The hitting bound criterion is best used for comparative 

studies of different algorithm configurations where the global 

optimum of the function *

objF  is known in advance [27]. 

Running mean 

This criterion determines the end of the simulation if the 

difference between the best objective value in the current 

generation  *

objF t  and the average of the best objective values 

   * *1 , ,obj obj lastF t F t t   of the last generations, lastt , is 

equal or less than a predefined convergence threshold 0  . 

   
1

*1

last

last

t
*

obj objt
i t t

TC F t F i 


 

    (21) 

A value of 15lastt   is recommended by [27]. 

Standard deviation 

The simulation is terminated if the standard deviation of all 

the objective values in the current generation is equal or less 

than a predefined convergence threshold 0  . 

   

2

1 1

1 1

pop pop

pop pop

N N

TC obj objN N
i i

TC F i F i 
 

 
     

 
   (22) 

where  objF i  are the objective value of the 
thi  individual in 

the current generation, 1 popi N . 

Best-worst 

This criterion is met if the difference between the best and 

the worst objective value in the current generation is equal or 

less than a predefined convergence threshold 0  . For the 

case of minimization, it is defined as: 

  * *max 1obj obj popTC F F i i N     (23) 

Phi 

The Phi termination criterion is fulfilled if the quotient of 

the best objective value and the mean of all the objective 

values in the current generation is equal or greater than a 

predefined convergence threshold 1   with 1 0  : 

 

*

1

1

1 1
pop

pop

obj

N

objN

i

F
TC

F i


  


 

(24) 

    5)  Reinsertion 

If the termination criterion is not met, the population will 

undergo a new process of evolution. Therefore, it is necessary 

to insert the new individuals generated in the original 

population. The simplest criterion is to generate equal number 

of children and parents, and replace the entire population. 

However, it is possible to generate a different number of 

children than the original population size, in this situation it is 

necessary to establish rules to define which parents will be 

replaced. In GAtoolbox, the reinsertion methods available are: 

· Pure reinsertion, produce as many offspring as 

parents and replace all parents by the offspring. 

· Uniform reinsertion, produce less offspring than 

parents and replace parents uniformly at random. 

· Elitist reinsertion, produce less offspring than parents 

and replace the worst parents. 

· Worst and fitness-based reinsertion, in each 

generation a number of least fit parents are replaced by 

the fittest offspring. A truncation selection scheme is 

implemented before replacing the offspring and the 

number of parents to be replaced is controlled by the 

generation gap. 

E.  Constraint Handling 

Evolutionary Algorithms have an advantage in dealing with 

constraint optimization problems, since they can maintain a 

population of individuals, either feasible or infeasible, that 

could promote the evolution in different feasible regions, the 

finding of new feasible regions or approaching the optimum 

from different directions. This is especially useful in cases 

where the feasible regions are disconnected or when the 
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feasible optimum is at the edge of a feasible region [28]. 

The GAtoolbox incorporates two methods for handling 

constraints based on the rules of dominance. 

Method of Deb 

The author Deb [29] proposed a penalty-free approach to 

handle constraint problems. It uses a binary tournament 

selection operator, where two solutions are compared at a 

time, according to the next domination rules for setting the 

superiority of feasible solutions over infeasible ones: 

i) Any feasible solution is preferred to any infeasible 

solution. 

ii) Among two feasible solutions, the one having better 

objective function value is preferred. 

iii) Among two infeasible solutions, the one having 

smaller constraint violation is preferred. 

Employing these rules, the solutions are never compared in 

terms of both objective function and constraint violation, thus 

the use of a penalty parameter to make the constrains and the 

objective value of the same order is not needed [29]. 

The author [29] recommend using niching strategy based in 

the Euclidean distance between solutions to maintain the 

diversity of the population. 

Method of Coello Coello and Montes 

The authors Coello Coello and Montes [30] proposed 

another dominance-based method which is quite similar to the 

one proposed by Deb [29]. Both methods use the same 

domination rules for comparing two individuals and determine 

its superiority, but they differ in the way the tournament 

selection is performed. 

In [30] the tournament has a variable number of 

competitors, which must be set beforehand. Further, the 

tournament is not completely deterministic. A selection ration 

( rS ) is used to indicate the minimum number of individuals 

that will not be selected through tournament selection. In this 

way rS  individuals are selected through tournament selection 

and  1 rS  individuals are selected using a probabilistic 

procedure. This mechanism is responsible for keeping a 

diverse population. 

F.  Multiobjective Optimization 

The main difference of the multiobjective optimization with 

respect to the mono-objective optimization relies in the 

inexistence of a single optimal solution, but a set of efficient 

solutions in which no solution is better than the others in 

relation to all the objectives, since the tradeoff between the 

conflicting objectives is important [31]. 

    1)  Pareto dominance 

To understand multiobjective optimization is important to 

introduce some definitions related to Pareto dominance. In this 

case for a minimization problem, but the concept is analogous 

for maximization problems. 

          a)  Pareto dominance 

Taking any two feasible solutions 1 2,x x S  ( S  is the 

search space) it is said that 
1x  dominates 

2x  (
1 2x x ) if the 

conditions below are true: 

i)      1 2 1,2,...,m mf x f x m M    

ii)    1 2m mf x f x  in a least one  1,2,...,m M  

In other words, 
1x  is at least equal to 

2x  with respect to all 

objectives, and 
1x  is better to 

2x  in a least one objective. 

          b)  Pareto optimality 

A solution x F  is a Pareto optimum if and only if there is 

no such solution x F  that dominates x  ( F S , being F  

the feasible region). 

          c)  Pareto optima set 

The set of solutions that are not dominated over the entire 

search space S  are called the Pareto optimal set ( *P ): 

 * : | :P x S x S x x      (25) 

          d)  Pareto front 

The image of the Pareto optimal set in the objectives search 

space is called Pareto front ( *PF ) 

  * *: |PF u f x x P    (26) 

To illustrate the concepts of Pareto dominance, Fig. 3 

presents a set of solutions for a multiobjective optimization 

minimization problem with two conflicting objectives 

( 1f  , 2f  ). Solutions A, B, C, D, E and F are non-dominated 

solutions since there is no other solution that results in lower 

objective function values than these. Thus, these solutions 

belong to the Pareto front. On the other hand, solutions 1, 2, 3 

and 4 are dominated solutions, since there is some other 

solution with at least one value of the objective function of 

smaller value. 

 

Fig. 3 Representation of Pareto front in a bi-objective minimization problem. 

    2)  Multiobjective Optimization Genetic Algorithm 

To deal with multiobjective optimization problems, the 

GAtoolbox incorporates the NSGA-II (Nondominated Sorting 

Genetic Algorithm II) proposed by [32]. This algorithm has 

shown good results in solving complex multiobjective 

F
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optimization problems, being able to find diverse solutions of 

the Pareto front with little computational effort. The good 

performance of NSGA-II is based on three mechanisms: 

· Elitism: mechanism to ensure the survival of the fittest 

individuals of the population. 

· Fast Nondominated Sorting: selection mechanism 

based on the rules of dominance. 

· Crowding Distance Assignment: mechanism to 

promote the diversity of the population of individuals. 

The Matlab code implementation for NSGA-II is based on 

the work of [33]. 

G.  Parallel Computing 

Some optimization problems may be computationally 

expensive due to the complexity of the objective function or 

because of the difficult assessment of the search space. 

To reduce the computational time in the execution of the 

optimization algorithm, GAtoolbox allows the possibility of 

parallel computation, which is a programming technique used 

to increase the computational performance of very extensive 

and independent tasks. For this, the GAtoolbox makes use of 

the function parfor (parallel for-loops) available in the 

Matlab Parallel Computing Toolbox (PCT). The parfor 

function executes for-loop iterations in parallel on workers in 

a parallel pool [34]. This function is applicable if the for-loop 

iterations are independent, such as the GAtoolbox algorithm. 

IV.  EXAMPLE OF IMPLEMENTATION 

In this section it is demonstrated how to implement the 

GAtoolbox Matlab code to solve an optimization problem 

formulated by equation (27). 

Minimize      
2 2

2 2

1 2 1 211 7f x x x x x       

(27) 

s.t.      

   

2 2
2

1 1 2

2

2 1 2

1 2

4.4 0.05 2.5 0

2.5 4.84 0

0 6 , 0 6

g x x x

g x x x

x x

     

    

   

 

This problem, proposed by [29], represents a bi-

dimensional minimization problem with a very narrow 

feasible region (approximately 7% of the total search space) 

with the optimum solution lying on the first constraint  1g x . 

The search space and the restrictions of the problem are 

illustrated in Fig. 4. 

A.  Step 1: setting up the optimization model 

In this step the script file named 

ga_constraint_optimization_call.m is used to set 

up all the optimization model parameters such as number of 

design variables, number of objectives, number of constrains, 

type of variables, type of operators, etc. If no parameters are 

given, the algorithm will use the default values created by the 

function ga_options() in the form of a data structure. 

In Fig. 5 it is shown the Matlab script used to provide the 

parameters to the GA algorithm for the optimization problem 

studied. The GA configuration used was: decimal real variable 

 

Fig. 4 Evolution of the population at first generation (filled red circles), at 

generation 5 (filled blue squares) and the generation 50 (black cross). 

 

% OPTIMIZATION MODEL 

GaOptions = ga_options(); 

GaOptions.popSize = 50; 

GaOptions.maxGen  = 100; 

GaOptions.numObj = 1; 

GaOptions.numVar = 2; 

GaOptions.numCons = 2; 

GaOptions.xLB = [0,0]; 

GaOptions.xUB = [6,6]; 

GaOptions.varType = [2]; 

GaOptions.objFun = @test_fun305c; 
  

% COMPONENTS' NAME 

GaOptions.nameObj = {'Obj_1'};  

GaOptions.nameVar = {'x_1','x_2'}; 
  

% SELECTION 

GaOptions.selFun = 'coelloSelec';  

GaOptions.coelloSr = 0.7; 
  

% GENETIC ALGORITHM OPERATORS 

GaOptions.recombiFun = 'blxRecombin'; 

GaOptions.BLXalpha = 0.5; 

GaOptions.pXover = 0.9; 

GaOptions.mutateFun = 'nonUniformMutate'; 

GaOptions.shapeB = 5; 

GaOptions.pMut = 0.2; 
  

% PARALLEL COMPUTING 

GaOptions.useParallel = 'no'; 
 

% PLOT EVOLUTION 

GaOptions.fitEvolutionPlot = 1; 
 

% PLOT RESULTS 

GaOptions.bestFitMeanPlot = 1; 
 

% CALL GA FUNCTION 

[xBest,bestObjValue,timeRun,GaOptions,Result] 

= ga_constraint_optimization(GaOptions); 

Fig. 5 Matlab script used to set up the parameters of the optimization problem 

in the GAtoolbox. 
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representation; population size of 50popN  ; recombination 

operator BLX-α with 0.5  ; recombination rate 0.9rp  ; 

non-uniform mutation operator with 5b  ; mutation rate 

0.2mp  ; the Coello Coello and Montes restriction handling 

method with 
rS = 0.7, maximum number of generations 

100maxGen   and no parallel computing was used. 

B.   Step 2: create the objective function 

Here, the objective function must be specified through a 

separate Matlab script which will be an input for the main 

algorithm. Its prototype is: 

[y, cons] = objfun(x) (28) 

where, 

x: design variables vector, its length must equals 

GaOptions.numVar 

y : objective values vector, its length must equals 

GaOptions.numObj 

cons : constraint violations vector, its length must equals 

GaOptions.numCons 

 

The objective function script used for the present problem 

is shown in Fig. 6. 
function [y, cons] = test_fun305c(x) 

y = [0]; 

cons = [0,0]; 
 

% OBJECTIVE FUNCTION 

% MIN problem objective function 

y(1) = (x(1).^2 + x(2) - 11).^2 + (x(1) + 

x(2).^2 - 7).^2; 
 

% CONSTRAINTS 

% Compute the constraint violation 

c = 4.84 - (x(1) - 0.05).^2 - (x(2) - 2.5).^2; 

cons(1) = (c<0)*abs(c); 
 

c = x(1).^2 + (x(2) - 2.5).^2 - 4.84; 

cons(2) = (c<0)*abs(c); 

Fig. 6  Matlab script used to set up the objective function evaluation. 

C.  Step 3: results 

By running the script file 

ga_constraint_optimization_call.m the 

algorithm will compute the optimization results and store them 

in a data structure called Result. This structure has four 

fields: Pops, stores all the populations from the first to the 

last generation; States, stores the information related to the 

running time, current generation, number of function 

evaluations, etc.; GaStats stores all the statistics of the 

simulation like the mean objective value of the population, 

best and worst individuals, number of constraint violations, 

etc.; GaOptions stores the configuration of the GA used for 

the simulation. 

If the GaOptions.fitEvolutionPlot option is set 

to 1, the evolution of the objective function will be plotted 

while the simulation is running. If not, this plot can be called 

at the end of the simulation to show the evolution of the 

objective value and the mean objective value of the 

population, as displayed in Fig. 7. 

As observed in Fig. 7 the algorithm converges rapidly to 

the minimum objective value   13.590842f x   

corresponding to the solution  2.246826;2.381865x , this 

solution agrees to the one reported by [29]. With the 

configuration shown in Step 1, the GAtoolbox took, on 

average, 5 generations to find the optimum value and 15 

generations for the whole population to converge to the 

optimum value, as observed in Fig. 7. Also, Fig. 4 shows the 

evolution of the population in the decision search space. In the 

1
st
 generation the individuals are randomly distributed in the 

search space (filled red circles in Fig. 4), in the 5
th

 generation 

all the individual are within the feasible region (filled blue 

squares in Fig. 4) and in the 50
th

 generation all the individuals 

in the population have converged to the optimum value (black 

cross in Fig. 4). 

 

Fig. 7  Evolution of the objective value for the problem studied. 

V.  CONCLUSION AND FUTURE WORK 

In the present paper the main features of GAtoolbox, a 

Genetic Algorithms Matlab based optimization toolbox, is 

presented. Although the GAtoolbox was developed to aid in 

the treatment of a specific problem, the optimal design of 

Hybrid Power Systems, it can also be used to solve a variety 

of optimization problems, both, pure mathematical 

formulations and real engineering problems. 

The GAtoolbox is a useful tool to teach the basics of GA in 

an undergraduate/postgraduate course. One of the advantages 

of implementing the code in Matlab is that the students 

become familiar with some advanced features of Matlab, and 

furthermore, with the availability of other Matlab Toolboxes 

such as The Control Systems Toolbox, Neural Network 

Toolbox and Fuzzy Logic Toolbox, that can aid the students in 

developing their final projects. Further, the implementation of 

the toolbox in open architecture software such as Matlab 

meets the expectations of a flexible tool for researching 

purposes as well. 

The GAtoolbox is not a final product. Other functionalities 



THE 12
th
 LATIN-AMERICAN CONGRESS ON ELECTRICITY GENERATION AND TRANSMISSION - CLAGTEE 2017 11 

will inevitably be integrated in future versions of the toolbox 

to make it more general purpose, among them: a) a friendly 

graphical user interphase; b) other metaheuristics such as 

Particle Swarm Optimization, Tabu Search, Differential 

Evolution, among others; c) help documentation. 

Any reader interested in getting the GAtoolbox source code 

can contact the corresponding author. 
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