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Abstract

Nature-inspired optimization algorithms have received more and more attention from researchers due to their several advantages.
Genetic algorithm (GA) is one of such bio-inspired optimization techniques, which has mainly three operators, namely selection, cross-
over, and mutation. Several attempts had been made to make these operators of a GA more efficient in terms of performance and
convergence rates. One of the critical stages in the genetic algorithm is the crossover process. The crossover operator is believed to
be the main search operator in the working of a genetic algorithm (GA) as an optimization tool.A number of crossover operators exist
in the GA literature; however, the search power to achieve both of the above aspects differs from one crossover to another. In genetic
algorithm (GA), mutation is one of the most important operators responsible for maintaining diversity in the population. The objective
of the present study is to introduce a newly designed crossover operator called Logistic Crossover which uses Logistic Distribution. In
a genetic algorithm (GA), the mutation is one of the most important operators responsible for maintaining diversity in the population.
For a real-coded genetic algorithm (RCGA), this mutation operator is applied variable-wise. In this study, a new positional exponential
mutation operator has been proposed for an RCGA. The locations of mutated solutions are made biased to the said information of the
problem with the higher probability value. Positional exponential mutation operator, a novel, simple, and efficient real-coded genetic
algorithm (RCGA\) is proposed and then employed to solve complex function optimization problems. For a real-coded genetic algorithm

(RCGA), this mutation operator is applied variable-wise.
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INTRODUCTION
Optimization signifies to procuring the leading solution
in a solution space with reference to some pre-estab-
lished criteria in a decision-making problem. An op-
timization problem can be defined which optimizes a
given function, the norm which is maximized or mini-
mized refers to objection function, the parameters op-
timizing a given function are called decision variables
and the restrictive condition to which parameters are
subjected are called constraints.
The basic optimization problem is mathematically for-
mulated as

Minimize/Maximize (Objective function)

Z =F(x)
subject to constraints
g zor<b:x=0

The optimization problems can be categorized in two
different categories as mentioned below:

(a) Linear Optimization Techniques:
The term linear programming indicates that the objec-
tive function is linear and all the constraints are linear
inequalities or equalities. A linear programming prob-
lem for optimization techniques can be defined as
Max or Min Z = CX
s. t. constraints AX = B; X = 0

(b) Non- Linear Optimization Techniques:
Non-linear optimization generally refers to that prob-
lem where the objection function inclines to become
non- linear or one or more constraint inequalities pos-
sess non-linear relationship or there may be the case
where both the conditions apply. In matrix notation, the
basic non-linear programming problem can be formu-
lated as follows:-

Max. (or Min.) Z = Fix)

subject to the constraints g; (x) = or = b;; x = 0

T
L

=12,..... e x =0

where either the objective function F{x) or some g;(x)
or both are non-linear real valued functions of in Ge-
netic algorithms are computerized optimization algo-
rithms that rely on the mechanism of natural genetics
to solve both unconstrained and constrained non-linear
optimization problems Genetic algorithms attain more
significance because of its adaptative behaviour that is
it can adjust itself under stochastic conditions and are
found to be potential optimization algorithms for com-
plex engineering optimization problems. The need is to
obtain a solution in a search space, 5 = X satisfying
all the constraints such that f(x) is global minimum or
maximum in § .
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Genetic algorithms are non-traditional algorithms with
few primary differences with almost all conventional
optimization methods that these algorithms use coding
of variables instead of using variables directly, a pop-
ulation of points in place of a single point and proba-
bilistic operators instead of predefined and determined
operators. They are applicable in solving most of the
problems that cannot be solved easily by conventional
optimization techniques. The global optimum of a multi
- modal function cannot be anticipated by classical opti-
mization methods at every simulation. Global optimiza-
tion plays a vital role if the function space has a number
of optimum values of which few values are local and
few are global. Traditional optimization methods alone
may not be sufficient to solve such problems which in-
volve multiple optima thus paving a way for Genetic
Algorithms. Genetic algorithms are based on the bi-
ological theory of evolution devised by Charles Dar-
win in the mid-19th century and provides an extended
description to the theory of survival of the fittest. For
a specific optimization problem, its feasible solution
corelates with the sections of a peculiar class where the
fitness of each member is evaluated by the value of the
objective function. Instead of working on a single trial
solution at a time, GA’s process an entire population of
trial solutions. As a global search technique, Genetic al-
gorithms work effectively, however they could usually
take a somewhat extensive duration to arrive at a glob-
al optimal value. Local solution search methods can be
integrated with Genetic Algorithms for their smooth
conduct and functioning. Genetic Algorithms can be
smoothly hybridized with other optimization methods
to upgrade its execution.

To make Genetic Algorithms more efficient, several
crossover schemes had been founded by various re-
searchers. From the literature survey, it has been ob-
served that there exist numerous crossover techniques
with their intrinsicmerits and demerits. The novel con-
cept of crossover is presented in a more effective way
in this study. For solving Real Coded Genetic Algo-
rithms, several researchers had focused on evolving
diverse mutation operators. It can be said that aexclu-
sive performance of an algorithm on a particular set of
problems does not assure an equal execution in solving
all other problems. This fact stimulates the researchers
to contribute by either refining the existing algorithms
or recommending new kind of algorithms. Moreover,
this statistic is also the foundation of inspiration for
the present study, where a new logistic crossover and
positional exponential mutation has been proposed and

combined for a real-coded genetic algorithm. It is to be
noted that the present work is quite different from the
previous work of the authors related to crossover and
mutation operation.

In our work, we apply Current optimum opposition.
In this opposition scheme, the opposite point is in the
vicinity of the global optimal solution all through the
course of progression, specifically in advanced phases.

Let x(xl,xz,....x d) be a point in d-dimensional search

space, x,,, (xf’“’, X, xj“’) be the best solution in the

current population and x,,x" €[a,,b ]; i=1.2,.....d.
The current optimum opposite point of X is denoted

coo

by x"””( X570 ey X ) where x =2x"" —x, ;
i=1,2, ..., d. Here is the center of opposition. There
is a probability of the opposition candidate taking a
leap and jumping out of the box constraint . In such
cases, the opposition candidate is assigned a value as

follows: oo _ {af;xf v < ‘11}

’ b3 x( > b,
After applying the Current opposition mechanism on
an initial population, the union of both the data set val-
ues is taken and the optimal individuals with the fittest
solution vector are moved further for processing and
operations.

2. Logistic Crossover

The crossover operator applied here is Logistic Cross-
over. Logistic distribution is a continuous distribution
function where its PDFs and CDFs are usually em-
ployed in various diverse fields such as logistic regres-
sion, logit models, neural networks. It is extensively
used in physical sciences, sports modeling, finance,
agriculture, etc. The logistic distribution has extensive
tails than a normal distribution consequently it is more
reliable with the fundamental statistics and delivers an
improved perception into the probability of happening
of extreme events. The probability density function for
the distribution is
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Fig. 1 Probability density function of Logistic distri-
bution
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z=u)
Fr:po) = 5 —x<r<0
o (] B P._T)
The cumulative density function of the distribution is
1
Flz;p,s) = ———
1+e

1.0

15 20

Fig. 2 Cumulative density function of Logistic Distri-
bution

i=1+e s
U

x=pits log( % ] , where U is the uniformly distributed

random number between 0 and 1.

To use Logistic Distribution, two parents pl and p2 are
taken to produce two off springs y1 and y2 in the fol-
lowing equations:

yl =pl*log(x) + p2 * (1-log(x))

y2 =p2 *log(x) + pl * (1-log(x))

3. Positional Exponential Mutation Operator

For solving Real Coded Genetic Algorithms, several
researchers had concentrated on evolving diverse mu-
tation operators. In this paper, a new mutation operator,
namely Position-based Exponential Mutation (PEM)
has been proposed. The name of the proposed mutation
operator recommends that it is directed by the position-
al information of the variables. The positional statistics
of a problem supports the algorithm to arrive at global
optimum solutions effortlessly. The degree of accuracy
of this data serves in obtaining the globally optimum re-

sults. As the iteration count proceeds, then the probabil-
ity of acquiring the expected global optimum solution
is more if the positional information of the variables is
gathered accurately. In this paper, we have proposed
an approximation technique to collect this information
during the progress of the solutions. By employing the
recommended process, the following steps are depicted
for locating the desired information for the variables:
Step 1: At the beginning of each iteration, the average
value of all the variables existing in the population is
evaluated.

Step 2: At this point, the evaluated average value of the
variable is coordinated with its current value already
existing in the population solution. At this instant, if
the average value of the variable is found to be greater
than the value of the parent solution, then the mutated
solution proceeds positively in the direction of the par-
ent solution. Else, this information leads to its negative
counterpart.

The Positional Exponential Mutation operator is op-
erated variable-wise and self-reliantly with a well-de-
fined mutation probability pm.

We compute two different mutation perturbation values

( pand p, ) using the following equations:

B =€ x e(r_%) ..... (1)

B, = e(r_"z) X e(rf%)....(Z)

where r is a non-zero uniformly distributed random
number in the interval (0,1).

A mutated solution y, is generated from a parent

solution y, depending upon the nature of positional
information as follows:

ym :yp i(ﬂlo ﬂZXypmean _yp‘
4. Algorithm:

1. Generate the initial set of uniformly distributed ran-
dom solutions inside the search arena

2. Compute the objective function value of each solu-
tion vector

3. Apply the Current Optimum Opposition-based
Learning Mechanism on the initial population with-
in the search space.

4. Select the fittest solution points by taking the union
of all the population points.
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Initialize the iteration countl = 0

whilell<l

for each individual solution

Employ the crossover operator between the best in-

dividuals and update the solution as defined in the

CTOSSOVer process

9. Compute the objective function value of the updat-
ed solution vector

10. Apply mutation operator as described in mutation

equationend of for 12.  0=0+ 1 end of while

PN

4.1  Results and Discussions

We execute the above introduced crossover and muta-
tion operators on Himmelblau Function

Minimize

Step 1: We generate the initial population randomly as
below:

Table 1Initial Random Population

Table 3 Union of above generated population points

x1 x2 f(x)
4.6925 5.349 959.68
1.355 0.452 105.520
3.120 3.413 65.026
1.455 1.343 70.868
0.041 2.035 88.273
4.358 3.736 265.556
2.422 0.358 42.598
4.164 2.639 97.699

Step 2: Next, we apply current opposition mechanism
on the initial population as

Table 2 PopulationCurrent OppositionMechanism

x1 x2 f(x)
1.5475 0 103.7899
1.355 0.452 105.520
3.120 0.657 12.2615
1.455 1.343 70.868
0.041 2.035 88.273
1.882 0.334 75.8169
2.422 0.358 42.598
2.076 1.431 35.9322

Step 4: Next, we apply crossover operator by taking the
parameters 10, s =2 and uniformly distributed random
number U= 2/3 on the above data points and obtain the
results as follows

Table 4 Logistic Crossover

x1 x2 f(x)
1.5868 0 101.2481
1.3779 0.4291 104.7802
3.1825 0.5945 12.0765
1.458 1.3402 70.7932
0 2.0857 86.4864
1.9213 0.2947 74.1135
2.4744 0.3056 40.5453
2.0924 1.4146 35.5634

Step 5: Next, we calculate mean of parent population
from above obtained crossover points and apply posi-
tional mutation scheme by taking r = 0.9 so that we
obtain = 0.5993 and = 0.2917 from equations (1) and
(2) and obtain the following results

x1 x2 f(x)

1.5475 0 103.7899 Table S Positional Exponential Mutation
4.885 3.618 392.0799 x1 X2 f(x)
3.120 0.657 12.2615 1.6916 0.2357 90.0465
4.785 2.727 241.103 1.6079 0.5397 88.0333
6 2.035 740.7585 2.331 0.6568 42.0619
1.882 0.334 75.8169 1.64 1.4954 56.2022
3.818 3.712 165.4265 1.0558 1.7134 75.8305
2.076 1.431 35.9322 2.0180 0.4444 64.9244

2.9015 0.4522 19.6965

Step 3: Next, we take union of the above generated set [ 2906 1.5915 22.0566

of values and the best individuals with the fittest solu-
tion are moved further for processing and operations as
follows:

5. Conclusions
In this paper, a novel recombination operator, namely
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Logistic Crossover and Positional Exponential Muta-
tion has been proposed and executed in a real-coded
genetic algorithm (RCGA). The operating principle
of the developed crossover operator is governed by the
parametric statistics of the optimization problem to be
solved. This acquiredfigures help the search procedure
to be focused towards the most potential areas of the
variable space. In this study, a new mutation operator,
namely positional exponential mutation (PEM) has been
proposed and implemented with an RCGA. The knowl-
edge of positional information and utilisation of expo-
nential functions in the proposed scheme, facilitate to
make the search procedure of an RCGA more effectual.
The recommended operators improve the abilities of Ge-
netic Algorithms in searching global optima as well as in
achieving convergence by putting together the local di-
rectional search scheme and the adaptive random search
approaches. Results indicate that the proposed RCGA 1is
fast, accurate, and reliable, and outperforms all the other
GAs.
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