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Abstract
The variety of methods used to solve the traveling salesman problem attests to the fact that the problem is still vibrant 
and of concern to researchers in this area. For problems with a large search space, similar to the traveling salesman 
problem, evolutionary algorithms such as genetic algorithm are very powerful and can be used to obtain optimized 
solutions. However, the challenge in applying a genetic algorithm to the traveling salesman problem is the choice of 
appropriate operators that could produce legal tours. In the literature, additional repair algorithms have been introduced 
and employed and the offspring produced by these genetic algorithm operators are modified to ensure that the gener-
ated chromosomes represent legal tours. Rather than sticking to repair algorithms, a double-chromosome approach is 
proposed in this article. The proposed method can be employed to optimize problems similar to the traveling salesman 
problem. The double-chromosome approach has been tested with a variety of traveling salesman problems, and the 
results indicated that the proposed method has a high rate of convergence toward the shortest tour.
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1 Introduction

The traveling salesman problem (TSP) with its extremely 
large search space is one of the most well-studied NP-hard 
combinatorial optimization problems [1–5]. The classic 
form of TSP has been successfully applied to many real-
world applications such as the genome sequencing, scan 
chains, drilling problems, and aiming telescopes [6].

In a symmetric TSP where the distance between two cit-
ies is same in each opposite direction, the total number of 
possible tours (θ) of n cities can be obtained by eliminating 
the similar tours as:

In order to solve a TSP with even a moderate number of 
cities and in the interest of optimized tour, an extremely 
huge search space should be investigated and a mas-
sive computational time will be required. Although exact 

algorithms similar to the brute force approach (BFA) that 
allow for evaluating all possible solutions are guaranteed 
to find the optimal solution, they can only be applied to 
small TSPs up to 10 cities [7, 8], and thus, for average and 
big TSPs the direct methods are, in fact, useless. Therefore, 
the development and application of heuristic algorithms 
that could find the optimal or near-optimal solution in a 
limited time frame [7] have been massively studied. Algo-
rithms like but not limited to tabu search [9], Lin–Ker-
nighan heuristic [10] have been significantly improved 
over years as successful methods for obtaining the optimal 
or near-optimal solutions [11] as well as genetic algorithm 
(GA) [8, 12–17].

For problems with a large search space, like the TSP, 
evolutionary algorithms such as genetic algorithm are 
very powerful and can be used to obtain the optimized 
solution [18]. However, the pure genetic algorithm can-
not be applied to combinatorial optimization problems 
and proposing a genetic algorithm that can be applied 

(1)�(n) =
(n − 1)!
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to TSP-like problems is quite challenging. To apply GA to 
the TSP with n cities, a chromosome representation for 
genetic information is required. The classic type of GA 
chromosomes is not applicable as the possible tours can-
not be mapped by binary strings. Instead, in the literature, 
path representation has been widely used [14]. In the path 
representation, the chromosome corresponding to a TSP 
tour is an array of n integers. Each chromosome with a 
length of n genes will be a permutation of (1, 2,…, n). In 
the generated chromosome, the gene with a value of i in 
the position of j indicates that the city i is visited in the j-th 
time order instant [15].

As each chromosome should be a representative of a 
legal tour, the objective of GA is to find a legal chromo-
some that represents the shortest tour. The crossover and 
mutation genetic algorithm operators are used to produce 
new solutions that could be used to explore the entire 
search space. However, the operators do not necessarily 
result in a legal tour. Through pure GA, there are many 
possibilities that illegal tours are generated and a city is 
visited more than once, or a city is not visited at all. Thus, 
the main challenge in applying GA to the TSP is to propose 
operators that could produce legal tours. What could be 
observed from the literature is that instead of proposing 
modifications to the operators, usually additional repair 
algorithms have been proposed. The offspring produced 
by the GA operators are modified by the repair algorithms 
to ensure that the obtained chromosomes represent the 
legal tours [13, 15, 17]. Consequently, these repair algo-
rithms affect the GA by changing the pure process of GA. 
Rather than proposing a repair algorithm that will cause 
a change in pure GA, a double-chromosome approach is 
proposed in this article. The proposed approach could also 
be applied to problems similar to the TSP.

This report is organized in four sections. After Introduc-
tion, the proposed methodology is discussed. In Sect. 3, a 
discussion of the proposed method as applied to different 
problems and the results are presented. Finally, in Sect. 4, 
the conclusion of the study is presented.

2  Methodology

A variety of GA approaches have been used to solve the 
TSP problem [8]. However, in those algorithms, chromo-
somes are based on path representation that could hardly 
be directly optimized through the GA approach. A new 
form of chromosome is, therefore, presented in this article 
that could be simply optimized through the GA approach.

2.1  A double‑chromosome representation

Firstly, similar to the path representation, one chromosome 
is generated to represent a legal tour. This chromosome will 
be referred to as the map chromosome. Next, a new popu-
lation of chromosomes are generated, each of them with 
the possibility of being attached to the map chromosome, 
thus creating a double chromosome. The new population 
of chromosomes will be referred to as guide chromosomes. 
The guide chromosomes are used to rearrange the map 
chromosome. In the proposed guide chromosomes, each 
pair of genes will determine which two cities in the map 
chromosome should be swapped. The guide chromosomes 
thus act in a way to sort the map chromosome to achieve 
the shortest tour. As the guide chromosome contains a set 
of genes, the length of it will always be an even number. 
Each of the two connected elements can be considered as 
a pair to be used to swap the position of two cities in the 
map chromosome. As illustrated in Table 1, this implies that, 
for a double-chromosome method, there will be one main 
path (map chromosome) and a population of guide chromo-
somes. For instance, in Table 1, the first guide chromosome 
[1, 2, 5, 6] indicates that in the map chromosome, first, c1 and 
c2 and after that c5 and c6 should be swapped.

The guide chromosomes have the advantage to be opti-
mized through the GA without requiring any repair algo-
rithms. The crossover and mutation, pure GA operators, can 
be applied to the selected guide chromosomes to generate 
a new population of guide chromosomes. The new guide 
chromosomes are applied to the map chromosome, and as 
a result, always a legal tour is generated. Instead of a popula-
tion of maps, one map will be considered and a population 
of guide chromosomes will be generated (Fig. 1).

The length of the guide chromosomes depends on the 
number of cities. By considering � as the number of the set 
of genes in the guide chromosome ( 𝛼 > 1 ), the maximum 
number of tours that could be generated by the guide chro-
mosome from a map chromosome can be calculated as:
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Table 1  Proposed map and guide chromosomes for a TSP with 7 
cities

Map Guide chro-
mosomes, first 
generation

Generated maps, based 
on guide chromosomes

[c1,c2,c3,c4,c5,c6,c7] [1, 2, 5, 6] [c2,c1,c3,c4,c6,c5,c7]
[1, 2, 5, 7] [c7,c5,c3,c4,c2,c6,c1]
[1, 5, 7] [c1,c2,c3,c4,c7,c6,c5]
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where � is the maximum number of tours. The maxi-
mum number of tours calculated through Eq.  (2) con-
tains repeated tours that can be eliminated. The mini-
mum unique tours could therefore be calculated using 
Eq. (3) where indeed there are unique tours that are not 
considered:

where � is the minimum number of unique tours. The 
exact number of unique tours is, in fact, within the interval 
of [ � , � ]. For example, for a TSP with 5 unique cities and a 
guide chromosome with a length of 4 genes ( � = 2 ) the 
maximum number of tours could be calculated through 
Eq.  (2) and equals 100, and the minimum number of 
unique tours could be calculated through Eq.  (3) and 
equals 30. However, the exact number of unique tours 
that could be generated from a map containing 5 cities 
and guide chromosomes with a length of 4 genes is 43.

Although there are maps that with lesser length of 
guide chromosome could converge toward the shortest 
tour, Eq. (3) is employed to obtain the required length of 
the guide chromosomes to ensure that always the short-
est tour will be obtained. As it was mentioned earlier, the 
total number of unique tours for a TSP with n cities can 
be obtained through Eq. (1). Hence, for an � where Eq. (3) 
is equal or bigger than Eq. (1), one could make sure that 
with guide chromosomes of the length of 2� , all possible 
tours for the TSP with n cities could be generated from 
a single map:

(3)𝜑 =

2𝛼
∏

i=0

(

C
n−2i,2

)

, n − 2i > 2

The constrain n − 2i > 2 plays the main role in Eq. (4). 
Through this constrain, it can be estimated that � should 
be equal to the number of cities. However, for an odd num-
ber of cities, n + 1 should be used. Therefore, in general, � is 
considered to be equal to n + 1. For instance, for a problem 
with 9 cities, � should be equal to 10 leading to the length 
of the guide chromosomes to be 20 genes.

2.2  Genetic algorithm operators

The main advantage of the proposed double-chromosome 
approach is that it could simply be optimized through all 
traditional and more recent genetic algorithm operators 
and the offspring will always be a legal tour. The operators 
that have been used to test the proposed algorithm are 
reviewed here.

2.2.1  New mutation operator

Mutation operators are typically used to modify one or 
more gene values in a chromosome. There are a variety 
of mutation operators that could be applied to a chro-
mosome. A random replacement is one of the mutation 
operators that has been widely used and easily applied to 
chromosomes where the values of the genes are integers. 
In the random replacement, a random gene is selected 
and its value is changed with a random value between 
lower and upper bounds [16]. In the proposed guide 

(4)

[
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∏
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)

, n − 2i > 2

]

≥ n!.

Fig. 1  Flowchart of the pro-
posed method. In the process 
of selection, elitism, roulette-
wheel, or tournament selection 
can be employed
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chromosome, the lower and upper bounds are considered 
as 1 and n, respectively.

In the process of generating guide chromosomes, the 
values of the genes are generated randomly. Thus, apply-
ing the generated guide chromosomes to a map chro-
mosome can lead to unnecessary swaps decreasing the 
accuracy of the results. To avoid unnecessary swaps, in 
addition to the mentioned random replacement muta-
tion operator, a new mutation operator is defined. In the 
new mutation operator, as shown in Fig. 2, a random pair 
of genes is selected and the values are equaled to each 
other. This means the modified genes will no longer affect 
the map chromosome and the order of the visited cities 
will not change.

2.2.2  Crossover

In this study, simple and well-known crossover operators, 
namely single-point crossover, two-point crossover, and 
uniform crossover, have been employed. Simple crossover 
operators have been selected to test the applicability of 
the proposed method. Recent and more advanced crosso-
ver operators, like but not limited to mixed crossover [19], 
parent centric crossover [20], sequential crossover, and 
random mixed crossover [21], could be used to increase 
the capacity, reliability, and accuracy of the proposed 
method.

3  Results and discussion

The proposed method was implemented in Python 3.6 on 
a computer with Intel(R) Core i5-4570 CPU @ 3.2 GHz with 
8 GB RAM. To investigate the accuracy of the proposed 
method, three types of examples were used. First, the 
proposed method was compared with BFA. TSPs contain-
ing 10, 11, 12, 13, and 14 cities were randomly generated, 
and for each number of cities 9, different problems were 

generated. The generated TSPs were solved through BFA. 
For instance, for TSPs containing 14 cities, all 3,113,510,400 
possible tours were checked and the best tour was 
selected. The process took 37 h for each problem. Next, 
bigger TSPs were considered. As it was impossible to solve 
bigger TSPs by BFA, two geometric shapes, a circle and a 
square, were considered and the cities were distributed 
over the perimeter of these two geometric shapes. Sim-
ply put, the perimeter of the shapes represents the best 
solution to the problems. Although the geometric-shape 
TSPs are easiest to be optimized, they are among complex 
problems for artificial intelligence (AI) approaches like GA. 
The geometric-shape TSPs may be considered as effective 
problems that could be used to evaluate the approaches 
that solve TSPs independent of their shape. Moreover, the 
applicability of the proposed method was tested by three 
well-known TSPs with the shortest tour as reported in the 
literature.

3.1  Proposed method applied to small‑size TSPs

Forty-five different problems containing 10, 11, 12, 13, 
and 14 cities were randomly generated (9 different prob-
lems for each number of cities). The proposed method 
was applied to all the 45 problems 10 times. The aim was 
to check if the proposed method was able to solve TSPs 
and find the shortest tour. The population size for guide 
chromosomes was considered to be 400. The result, as 
illustrated in Fig. 3 (the figure contains only TSPs with 14 
cities), indicates that for all 45 TSPs the proposed method 
was able to obtain the shortest path each and every time.

Based on Eq. (1) for each problem, the total number of 
possible unique tours (search space) has been calculated. 
The average number of iterations required to obtain the 
shortest tour is shown in Table 2. For each tour, the average 
number of paths that was checked is calculated as: aver-
age number of iterations × population size.

As it can be seen in Table 2, on average, the proposed 
method was able to find the shortest tour by checking 
only 1.02% of the total possible tours. The results obtained 
here indicate that the proposed method has high rate of 
convergence toward the shortest tour. Moreover, these 
results were obtained with basic crossover and mutation 
operators. More advanced operators may improve these 
results.

3.2  Proposed method applied to geometric shapes

It is almost impossible to solve TSPs with more than 14 
cities through direct methods using current computers. 
Therefore, to test the accuracy of the proposed method, 
three TSPs were generated in a geometric shape where 
mathematically the optimized solution could be obtained. 

2 3 5 7 1 4

2 3 5 7 1 1

Fig. 2  The new proposed mutation operator has been applied to 
a sample guide chromosome. The top chromosome in the figure 
is a random guide chromosome that has been selected, and the 
new mutation operator has been applied to the last set of genes. 
The values are modified to be equal to each other. By applying this 
chromosome to the map chromosome, in the map chromosome, 
only genes 2 and 3, and 5 and 7 will be swapped, respectively



Vol.:(0123456789)

SN Applied Sciences (2019) 1:1397 | https://doi.org/10.1007/s42452-019-1469-1 Research Article

There are a variety of methods such as the nearest neigh-
bor algorithm (NNA) that could be applied to TSPs with 
geometric shape and obtain the optimized tour instantly. 
However, for AI algorithms, where the aim is to optimize 
the problem without considering its shape, these types of 
problems may be classified as complex problems. As illus-
trated in Fig. 4, the problems that are considered here are 
a circle with 60 cities with a radius of 150 and two squares 

with 24 and 100 cities where the side length equals 300. 
The perimeter of these shapes can be simply calculated 
and represents the optimized tour.

In the proposed method, the first step was to gener-
ate an initial map. For these geometric shapes, the initial 
map could then be the optimized path as the cities are 
connected to each other in a sequential order. As the 
aim was to test the accuracy of the proposed method, 

Fig. 3  The shortest path obtained by the proposed method for TSP with 14 cities. The dots in the figure show the location of the cities

Table 2  Average number of 
iterations required to obtain 
the shortest tour

Problem 
size (cit-
ies)

Population size α Guide 
chromosome 
length

Search space Average iterations Average paths 
checked (%)

14 400 15 30 3,113,510,400 2993 0.04
13 400 14 28 239,500,800 885 0.15
12 400 13 26 19,958,400 553 1.11
11 400 12 24 1,814,400 72 1.59
10 400 11 22 181,440 10 2.20

Average 1.02%
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the map chromosome was shuffled randomly to avoid 
any fast convergence toward the optimized solution. The 
main aim of genetic algorithm is to optimize problems 
with enormous search space. The results in Table 2 and 
Table 3 indicate that this aim has been satisfied. As it can 
be seen for bigger TSPs, the proposed method performs 
better and converges toward the shortest tour faster (in 
terms of the required number of iterations). To check the 
reliability of the proposed method, each problem has been 
solved 10 times and the average number of iterations has 
been calculated.

3.3  Proposed method applied to eil51, eil76, 
and st70

The proposed method was also applied to eil51, eil76, and 
st70, and the average results over 10 runs were obtained. 

These problems have also been investigated in the litera-
ture [15, 22, 23], and the shortest tour has been obtained. 
The proposed method was then applied to these three 
problems 10 times, and the average number of iterations 
required to find the shortest tour was obtained. The results 
are shown in Table 4.

4  Conclusions

There are many approaches used to solve TSPs with a high 
degree of accuracy. However, problems similar to the TSP 
cannot be solved through GA without any modifications. 
The solutions proposed in the literature include different 
repair algorithms that could be used along with GA to 
solve the TSP. The repair algorithms modify the GA process 
and make it possible to be applied to the TSP, but they lead 
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Fig. 4  TSPs with geometric shape, a 60 cities in the shape of a circle with radius of 150 and perimeter of 942, b, c 24 and 100 cities in the 
shape of a square with perimeter equal to 1200. The perimeter of each shape represents the optimized tour

Table 3  Average number of 
iterations required to obtain 
the shortest tour

Problem (size) Population size α Guide 
chromosome 
length

Search space Average iterations Average 
paths 
checked (%)

Square (24) 1000 25 50 1.293E+22 213,612 0 (1.65E−12)
Circle (60) 1000 61 122 6.934e+79 120,055,213 0 (1.73E−72)
Square (100) 1000 101 202 4.666e+155 155,393,340 0 (3.33E−143)

Average 0%

Table 4  Average number of 
iterations required to obtain 
the shortest tour

Problem (size) Population size α Guide 
chromosome 
length

Search space Average iterations Average paths 
checked (%)

eil51 (51) 1000 52 104 1.521e+64 126,387,468 0 (8.31E−57)
eil76 (76) 1000 77 154 1.240e+109 113,919,145 0 (9.183E−102)
st70 (70) 1000 71 142 8.556e+97 105,914,341 0 (1.24E−90)

Average 0%
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to a process that is no longer pure GA. The aim of the study 
reported in this article was to apply pure genetic algorithm 
to the TSP. To this end, a double-chromosome approach 
was proposed that could be simply optimized by pure GA 
operators, namely crossover and mutation. In the double-
chromosome approach, one chromosome is considered 
as the map chromosome. The map chromosome is similar 
to path representation suggested in the literature, where 
each gene indicates the city that should be visited. Along 
with the map chromosome, a population of guide chromo-
somes are generated. The aim of guide chromosomes is to 
modify the map chromosome in the direction of optimized 
solution. Each guide chromosome contains a number of 
set genes that identify which genes should be swapped in 
the map chromosome. The GA operators are applied to the 
guide chromosomes and guide chromosomes are applied 
to the map chromosome and new paths are generated. 
The advantage of the proposed double-chromosome 
method is that the generated paths will always be a valid 
tour and there will be no need for any repair algorithms.

The proposed method was also applied to a variety of 
examples, and it was found that the proposed method 
holds high rate of convergence toward the shortest tour. 
It should, however, be noted that simple and basic selec-
tion method, mutation, and crossover operators were 
used. More advanced operators could also be employed 
to improve the results even more significantly.
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