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Abstract: Genetic algorithms are inspired by the process of natural evolution and are one of the most widely
used optimization algorithms. This study deals with analyzing the convergence behavior of a new variant of
the genetic algorithms mvolving a modified version of the ternary crossover operator. To compare the
performance of the proposed variant of genetic algorithms with that of the traditional genetic algorithms both
of these are applied to two benchmark datasets of the Travelling Salesman Problem (TSP) taken from TSPLIB.
The convergence behavior of both these algorithms is analyzed for 100 iterations with tournament size as 30
and 50. The results indicate that the proposed variant of genetic algorithm inveolving a modified ternary
crossover operator converges to a better solution as compared to that of the traditional genetic algorithms.
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INTRODUCTION

Evolutionary algorithms are widely used for
solving the complex optimization problems (Jong, 2006).
The problems which belong to this category are
computationally too expensive and have exponential time
complexity. For these problems, a method which can give
a near-optimal solution is also considered as good For
these types of problem, an algorithm which has
randomness in its approach and can consider all the
possible combinations 13 preferable as it considers all
the possibilities to achieve the optimal solution in a
time-efficient manner. One such type of randomized
algorithms is the evolutionary algorithm. Genetic
algorithm belongs to the class of evolutionary algorithms
(Shukla et al., 2010). Genetic algorithms have been applied
to solve many problems (Abdelaziz, 2017, Djeffal and
Bendib, 2011; Datta et al., 2015; Suksonghong et al., 201 4;
Graziela et al., 2017).

A genetic algorithm is a meta-heuristic algorithm
based on natural selection of the fittest solution. The main
use of genetic algorithm is for solving the complex search
problems using operators like selection, mutation and
crossover. Many variants of these operators have also
been proposed (Mishra and Shukla, 2016, Zhu et al., 2016;
Qiongbing and Lixin, 201 6; Banerjee, 2013).

The first step involved in the working of a genetic
algorithm is to choose a random population of the
mndividuals and then the possible candidate solutions are
evolved using natural process of selection, crossover and
mutation to achieve better results.

Selection is a process through which the existing
population is allowed to breed to give rise to new
generation. Through this process, the solution which is

more fit than others in terms of the fitness function 1s
typically more likely to be selected. Different techniques
are used for the purpose of selection like round robin,
tournament, roulette wheel selection, etc. Each selection
scheme has some different algorithms for selecting the
individuals but each one of them have the mtention to
select the more fit individuals present at that stage. After
selection, comes the crossover part where parents breed
to produce the next generation. This new generation
shares quite a few properties with their parents. Some of
the major types of crossover are: single-pomnt crossover,
multi-pomnt crossover, scattered crossover, heuristic
crossover ordered crossover, etc.

Some of the recently proposed crossover operators
are: “3P-3C version of ternary crossover proposed by
Mishra and Shulda (2016), adaptive hybrid crossover by
Zhu et al. (2016), crossover for genetic algorithms having
variable length chromosomes by Qiongbing and Lixin
(2016) and probabilistically-guided context-sensitive
crossover operator by Banerjee (2013). After crossover,
the next operation is mutation. Tt i3 a process where
randomness is introduced in the population by changing
the bit representation of the solution; it may or may not
provide a better solution. Last step in the process of
genetic algorithms 1s the termination of the process of
continuous evolution. Few examples of termination
conditions are fixed number of iterations, time limit, fitness
function, etc. The working of a traditional genetic
algorithm 1s represented by Fig. 1.

In this study, we propose a modified version of
genetic algorithms (by replacing the method of binary
crossover with the method of ternary crossover) for
solving the Traveling Salesman Problem (TSP). TSP is a
NP hard problem as its running time complexity is
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Fig. 1: Working of traditional genetic algorithms P00 01
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exponential. This problem 1s a very old problem and many

algorithms including genetic algorithms have been used

in the past to solve it (Wang et al., 2016; Yuan et al., (P2-P3-P1):
2013; Liu and Zeng, 2009, Nguyen and Yoshihara, 2007). g8 7 6|5
The novel crossover operator introduced in this study
mvolves three parents that participate in the crossover
operation to produce one offspring as an outcome of the
operation.
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MATERIALS AND METHODS
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i which the three parents could combine to produce the PB=00 0]

oftspring is 3 = 6. The offspring contains some parts of all
the three parents. The formation of offspring for all these
81X scenarios is represented below to explain the working
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In all these scenarios (P1-P2-P3), (P1-P3-P2) and
(P3-P2-P1) represents the order in which the parents
combine to form the offspring.

‘Working of the proposed genetic algorithm with ternary
crossover: The working of the proposed genetic algorithm
with temary crossover operator 1s similar to the working
of traditional genetic algorithms, except the fact that
instead of having a binary crossover in the crossover
phase, ternary crossover operator 1s used. The working of
Genetic algorithm with ternary crossover operator is

| Create initial population |

v
—

represented by Fig. 2.

Evaluation fitness |

Check if termination

| Selection by tournament selection method |

[Next generation|
population

y Y Perform ternary

(3P-1C) crossover

Mutation

Fig. 2: Working of genetic algorithms with temary
crossover
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RESULTS AND DISCUSSION

Description of the dataset and simulation environment:
Simulation of the proposed algorithm 15 done on two
data sets “ATT48” and “BERLIN52” which are taken
from TSPLIB. The code of the genetic algorithm 1s written
in java programing language on Net beans IDE with the
mac-ox operating system with 2.7 GHz Intel Core 17. The
first dataset “ATT48” is a set of 4% cities (US state
capitals) taken from TSPLIB. The minimal tour has length
10628 and the other cne is a set of 52 locations in Berlin
taken from TSPLIB. The count of iteration is 100.

Simulation results (comparison of the ternary crossover
and traditional binary crossover): In this study, we
compare the performance of the proposed new version of
the ternary crossover operator (3P-1C) and the traditional
binary crossover operator. The results obtained by
applying genetic algorithm having ternary crossover and
traditional genetic algorithm to the two data sets “ATT48”
and “BERLIN52” for two different values of tournament
size (30 and 50) are depicted by Fig. 3-6.

Graph represented by Fig. 3 is for ATT48 dataset. In
this graph, tournament size 1s taken as 30. Graph
represented by Fig. 4 is also for ATT48 dataset. In this
graph tournament size 1s taken as 50.

Here, it can be observed from the graphs represented
by Fig. 3 and 4 that the convergence achieved by
applying terary crossover operator is better as compared
to the traditional binary crossover operator and the
convergence rate for ternary crossover operator with
tournament size of 50 1s better than the convergence rate
for ternary crossover operator with tournament size of 30.
So, if the space of selection is increased better results are

GA with modified operator

50 60 70 80 90 100

Iteration

Fig. 3: Comparative analysis of the convergence behaviors of genetic algorithm with termary crossover and traditional
genetic algorithm for ATT48 dataset when tournament size = 30, ATT 48.txt 3-1C 30
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Fig. 4 Comparative analysis of the convergence behaviors of genetic algorithm with ternary crossover and traditional
genetic algorithm for ATT48 dataset when tournament size = 50, ATT 48.txt 3-1C 50
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Fig. 5. Comparative analysis of the convergence behaviors of genetic algorithm with ternary crossover and traditional
genetic algorithm for BERLINS2 dataset when tournament size = 30; ATT 48.txt 3-1C 30
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Fig. 6 Comparative analysis of the convergence behaviors of genetic algorithm with ternary crossover and traditional
genetic algorithm for BERLINS2 dataset when tournament size = 50; ATT 48.txt 3-1C 50
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obtained. The graph represented by Fig. 5 is for
BERLINS52 dataset. In this graph, the tournament size is
taken as 30.

Graph represented by Fig. 6 1s also for BERLINS2
dataset. In this graph tournament size is taken as 50. In
Fig. 3-6, X-axis represents the number of iterations and the
Y-axis represents the normalized distance (distances are
very large so they are normalized).

Tt can be observed from the graphs represented by
Fig. 5 and 6 that the convergence achieved by applying
temary operator 1s better as compared to the traditional
binary operator and the convergence rate for temary
crossover operator with tournament size of 50 is better
than the convergence rate for ternary crossover operator
with toumament size of 30. So, 1if the space of selection 1s
increased better results are obtained.

From the graphs represented by Fig. 3-6, it is evident
that the convergence achieved by applying ternary
crossover operator 13 better as compared to that for the
traditional binary operator i all the four scenarios.

CONCLUSION

In this study, a new variant of the genetic algorithms
involving maodified version of the ternary crossover
(involving three parents and one offspring) operator has
been proposed. The convergence behavior of tlhis new
variant has been analyzed by applying it to two different
benchmark data sets of TSP taken from TSPLIB. It is
evident that as the number of iterations increases, the
proposed variant of the genetic algorithms starts
converging towards the near-optimal solution. It can also
be concluded from these figures that the proposed variant
of the genetic algorithms converges to a comparatively
better solution than the traditional genetic algorithms.
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