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Abstract: This paper proposes a Genetic approach using Hybrid 
Crossover for Solving the Travelling Salesman Problem. 
Proposed hybrid method generates an initial population using 
Nearest Neighbor (NN) approach which is modified using 
“Sub-Path Mutation” (SPM) process. Modified population 

undergoes Distance Preserving Crossover (DPX) [2] and 2-opt 
Optimal mutation (2-opt) [1] to check for possible refinement. 
SPM searches position for the minimum distant city within a 
given path. This work is motivated by the algorithm developed by 
[3] who performed DPX and 2-opt mutation on the initial 
population generated using NN. For performance comparison, 
standard TSPLIB data is taken. The proposed hybrid method 
performances better in terms of % best error. It performs better 
than methods reported in [3 - 11]. 
 

Index Terms: Nearest Neighbor approach, Distance Preserving 
Crossover, Sub-Path Mutation, 2-opt mutation. 

I. INTRODUCTION 

A. Travelling Salesman Problem 

For given cities with distance/cost between each pair of the 
city, the objective is to visit each city such that overall 
travelling cost is optimal. Travelling cost incurred for 
visiting a city may not be minimized, but the overall cost 
needs to be minimum known as optimal travelling cost. 
Travelling salesman problem holds if each city is visited 
exactly once or end the city and start a city are the same. The 
problem can be represented using graph theory, with vertices 
representing cities and edges representing the distance 
between joining cities. Travelling salesman problem can be 
better represented using tabular structure (cost matrix) as 
shown in Table 1.1 with diagonal elements as zero. In the 
graph-theoretic framework, finding Hamiltonian cycle is 
equivalent of Travelling Salesman Problem. This paper 
consists of five sections; Section II discusses problem 
formulation, followed by problem types in Section III. 
Section IV discusses related work describing NN, DPX and 
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2-opt. Section V presents the proposed hybrid method. 
Section VI discusses algorithm for NN, DPX, 2-opt and 
proposed hybrid method. Section VII presents the 
experimental setup used for the proposed hybrid method. 
Finally, Section VIII presents the conclusion of this paper. 

Table 1.1: Travelling salesman problem with n cities with 
cost of travelling within same city as 0. 

 

B. Literature Review 

Travelling salesman problem (TSP) belongs to network 
optimization problem and come under NP-complete 
problems in combinatorial optimization [12, 13]. The origin 
of TSP is unclear; however, it was mathematically formalized 
by Irish mathematician Hamilton and Thomas Kirkman. A 
detailed discussion of there works can be found in “Graph 

Theory 1736-1936” book by Biggs, Lloyd and Wilson [14]. 

Hamilton’s Icosian Game [15] was based on Hamiltonian 
Cycle [16]. It seems that it was Karl Menger [17] who first 
studied general form of TSP. Alexander Schrijver [18] 
explored the connection between works of Menger and 
Whitney along with the growth of TSP. The problem was 
considered mathematically by Merrill Flood [19] for the first 
time during the 1930s. It was Hassler Whitney [20] who 
coined the name Travelling Salesman Problem.TSP became 
increasingly popular during the 1950s and 1960s in scientific 
circles of Europe and the USA after prizes was offered by 
RAND Corporation for steps in solving the problem. Worthy 
contributions were made by Dantzig, Fulkerson and Johnson 
[21] of RAND Corporation, as they developed the cutting 
plane method [22] for its solution. The branch and bound 
algorithm [23] is believed to be used by them for getting the 
optimal solution for TSP. Karp [24] proved a Hamiltonian 
cycle to be NP-complete. Christofides [25] made a 
remarkable work as he presented a worst-case analysis of 
heuristic value to optimal value and proved the ratio to be less 
than 3/2. Lenstra and Kan [26] discussed some applications 
of TSP. In 1987, Padberg and Rinaldi [27] solved 532 city 
TSP using branch and bound algorithm. M. 
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 Padberg and Rinaldi [28] proposed Branch and cut approach 
to solving TSP for 2392 cities. M. Grotschel and O. Holland 
[29] used a cutting plane algorithm to solve TSP for up to 
1000 cities. Reinelt [30] provided TSPLIB - TSP Library 
which is the main source to collect problem instances. In last 
few decades, many heuristic algorithms merged aiming to 
provide near-by optimal solution at faster rate covering large 
number of cities.  
Some notable algorithms include: ant colony optimization 
[31-36], neural network [37], self-organizing maps [38-40], 
particle swarm optimization techniques [41, 42], simulated 
annealing [43, 44] weed optimization [45, 46], genetic 
algorithm [47, 48]. 

II. PROBLEM FORMULATION 

 
Let the travelling salesman problem consist of n cities with 
cuv being the cost involved in travelling from city u to city v, 
The Travelling salesman problem can be written as the      
following integer lpp (linear programming problem): 

           

 

       

 

   

  

                   

 

       

 

               

 

       

 

     

 

   

 

   

            

           

III. PROBLEM TYPES 

 
Travelling Salesman Problem is confined with visiting a 
given number of cities such that every intermediate city is 
visited exactly with start city being the end city. However, 
it’s not the case that the cost of travelling city A to city B is 
the same. There may be cost differences due to toll tax 
differences, airfare differences, etc. Hence, the problem can 
be Symmetric or Asymmetric. 

A. Symmetric TSP 

If the cost of visiting city A to city B is equal to that of 
visiting city A from city B, the problem forms an undirected 
graph representing symmetric TSP. This symmetry halves 
the number of possible solutions.  

B. Asymmetric TSP 

There is a possibility that a direct path exists from city A to be 
but not from city B to city A or travelling costs are different. 
This is the same as a directed graph with both edges 
 representing different costs. Examples include toll tax   
differences, one-way streets, and different airfares with 
 different departure and arrival fees. 

IV. FRAMEWORK OF PROPOSED ALGORITHM 

This section will discuss standard methods which motivated to 
develop the proposed heuristic algorithm. 

A. Nearest Neighbor Algorithm (NN) 

NN is one of the simplest algorithms based on a greedy 
approach to solving the Travelling Salesman Problem. This is 
similar to spanning tree formation approaches of Prim and 
Kruskal. It starts with selection of a random city as a starting 
point and searches for the minimum distant city until all cities 
have been visited. The algorithm generally misses a good 
heuristic solution due to its greedy nature. This forces to 
generate multiple tours by changing the starting city. For 
example, consider Travelling Salesman Problem with 6 cities 
given in Table 1.2, tour cost by taking city 1 as starting city is 
21 (1423561), whereas its 20 (2351462) if starting city is 2. As 
an informal rule, if the last few stages of the tour are not 
comparable in length to the first stages, then there might exist a 
better tour. Section VI.A discusses the algorithm of NN. 

Table 1.2: [49] Travelling salesman problem with 6 cities 
with the cost of travelling within the same city as 0. 

 

 

 

 

 

 

 

 

B. Distance Preserving Crossover (DPX) 

Distance Preserving Crossover (DPX) was introduced by 
Merz and Freisleben for producing offspring for the 
Quadratic Assignment Problem.  The distance d between 
two paths (s1 and s2) is defined as a number of cities that are 
not at the same position in both paths. in Figure 1.1, the 
distance is 8, because out of 10 cities only city 4 and 8 share 
a common position. This helps to check whether the distance 
is preserved in offspring or not with respect to both parents 
and within offspring. 
DPX selects two parents randomly to generate two offspring 
preserving positions that are common in both parents. 
Remaining positions are filled by the following condition: 

                        if(s1(v))== s2(u)) 
                         c1(u) = s2(v) 
                        if(s2(v) == s1(u)) 
                          c2(u) = s1(v) 

where u and v vary from 1 to n(number of cities), and c1, c2, 
s1 and s2 represent two offspring and two parents 
respectively.  

 

City 1 2 3 4 5 6 

1 0 3 4 2 8 3 

2 5 0 3 4 4 5 

3 4 1 0 5 3 4 

4 4 2 6 0 4 5 

5 3 3 3 5 0 4 

6 7 4 5 6 7 0 
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This property is the same as transitive property which makes 
the transition from A to C if A→B and B→C. Figure 1.1 

shows the process for DPX with arrows indicating position 
number for cities. Section VI.B discusses the algorithm of 
DPX. 

 

 

Figure 1.1: DPX crossover. 

C. 2-opt mutation (2-opt) 

Croes’s introduced the 2-Opt method and works by 
interchanging connections/edges in a given path such that 
two edges from the path is replaced by two new edges that are 
not in solution to improve path cost. This is also known as 
inversion and can be seen from Figure 1.2, where Inversion 
leads to 2-opt mutation. Here inversion is involved for two 
connecting cities to check for possible improvement in the 
solution. Interchanging of connections continue until no 
more improvements are possible. The 2-opt method was 
generalized in the form of k-opt mutation that works by 
removing k-edges and adding k-new other edges that are not 
in solution. Section VI.C discusses the algorithm of 2-opt. 

 

Figure 1.2: 2-opt mutation vs Inversion. 

V.  PROPOSED HYBRID METHOD 

The efficiency of hybrid heuristic method depends on the 
quality of the initial solution and approach to refine it. In other 
words, solution quality depends on the use of search strategy: 
exploration and exploitation. The proposed hybrid algorithm 
is motivated from the work of Singh et al. who used a hybrid 
approach by generating the initial population using NN 
algorithm and refined the population using DPX crossover and 
2-opt mutation. The proposed hybrid method makes two 
modifications: it refines initial population generated using NN 
by SPM process and changing crossover probability (pc) from 
0.8 to 0.5 and mutation probability (pm) from 0.2 to 0.1. 
Figure 1.3 presents the working of the proposed algorithm. 
Section VI.D discusses the algorithm of the proposed hybrid 
method. 

A. Sub-Path Mutation (SPM) 

Sub-Path Mutation process searches the best position for 
sub-path containing the minimum distant city. This process is 
repeated for randomly generated paths using the NN 
algorithm. This approach helps in improving path cost which 
undergoes DPX and 2-opt mutation. Another approach could 
search for inserting sub-path between maximum distant city 
to improve path cost, but this process can become complex, a 
number of cities in sub-path may vary depending upon path 
construction. We used SPM which require only 2 cities in 
sub-path which reduces the complexity. 

https://www.openaccess.nl/en/open-publications
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Figure 1.3: Proposed Hybrid Crossover flowchart. 

VI. ALGORITHM 

 

A. Nearest Neighbor (NN) 

Step 1: Select start city sc randomly and marks it as current 
city cc. 
Step 2: Select unvisited city uc which is at the minimum 
possible distance from cc. 
Step 3: Mark city uc as current city cc. 
Step 4: Repeat step 2 and 3 until all cities are visited. 
Step 5: Connect last visited the city with sc. 
Step 6: Calculate the total path cost. 

The algorithm of NN is simple, as it tries to connect different 
cities which are at a minimum possible distance. The process 
starts by randomly selecting start city sc, which is marked as 
the current city cc. After start the city is selected, the next 
step is to select the minimum distant city from current city cc 
that is not visited yet. Step 2 depicts this process. After 
finding such city, we mark it as current city cc which is the 
third step of the algorithm. After this, the process repeats 
step 2 and 3 until all cities are visited once. Finally, the last 
city is connected with start city sc and total path cost is 
calculated. 
As discussed earlier, more paths need to be formed because 
of the greedy nature. Although it doesn’t guarantee that 

constructing different paths will provide good heuristic 
solution always. 

B. Distance Preserving Crossover (DPX) 

Step 1: Generate initial population using any TSP method. 
Step 2: Select two parent chromosome (s1 and s2) to create 
two offspring (c1 and c2). 

Step 3: Copy city number to same position in both offspring 
satisfying following condition: 

                                   s1(u) == s2(u) 
where u = 1 to n(number of city). 
Step 4: Fill remaining positions of c1 using following 
condition: 
                                if(s1(v) == s2(u)) 
                                   c1(u) = s2(v) 
where u, v = 1 to n(number of city). 
Step 5: Fill remaining positions of c2 using following 
condition: 
                                if(s1(u) == s2(v)) 
                                   c2(u) = s1(v) 
where u, v = 1 to n(number of city). 
Step 6: Calculate path cost for both offspring. 
Step 7: Replace s1 and s2 with offspring in case path cost of 
offspring is less than the parent. 

Being a genetic operator, DPX needs two parent chromosome 
for a crossover which is the first step of the algorithm. After 
generating the initial population using any TSP method, the 
next step is to select two parent chromosomes to create two 
offspring. Step 2 reflects this process. DPX can be divided into 
two steps: the first step copies city that is at the same position 
in both parents to both offspring at the same position, which is 
step 3 of the algorithm. After this, remaining positions are 
filled using conditions shown in step 4 and 5 of the algorithm. 
Finally DPX checks for improvement in path cost and if found 
replaces parent with offspring having higher fitness value. 
DPX may be applied for each possible pair of cities or may 
work on the best chromosome with other chromosomes of 
population. 

C. 2-opt mutation (2-opt) 

Step 1: Generate initial population using any TSP method. 
Step 2: Select single parent chromosome s1 to create 
offspring c1. 
Step 3: Select four cities A, B, C and D from s1 such that 
there is a connection between A, B and C, D. 
Step 4: Connect A to C and B to D by breaking the 
connection between A, B and C, D. 
Step 5: Calculate the new path cost. If lesser, accept this 
change, else discard it. 
Step 6: Repeat steps 3 to 5 for all possible combination of 4 
cities. 

As with DPX crossover, 2-opt needs an initial solution to 
perform mutation. Since, its a mutation operator, therefore it 
needs a single parent chromosome. 2-opt mutation works on 
the principle of inversion, it selects 4 cities with the 
connection between even and odd ones which is shown as 
step 3 of the algorithm. After selecting 4 cities, it creates two 
new connections between odd and even cities and breaks old 
connections discussed earlier. Step 4 depicts this process. 
Finally, it checks whether the improvement is made in path 
cost or not, if the improvement is not made, it rejects the 
mutation else accepts it. Steps 3 to 5 are repeated again and 
again with each possible combination so as to reduce path 
cost. As discussed earlier, newer connections may be 
reversed to maintain a predecessor-successor relationship. 
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D. Proposed Hybrid Method 

Step 1: Generate initial population P using NN method.  
Step 2: Use SPM approach to improve the initial population.  
Step 3: Calculate the fitness value of improved population 
P’. 
Step 4:  Select 20 chromosomes from P’ and select best 2 

using tournament selection for possible crossover and 
mutation. 
Step 5: Apply DPX crossover on the selected chromosome 
with crossover probability pc. 
Step 6: Apply 2-opt mutation on selected chromosomes with 
mutation probability pm.  
Step 7: Replace the selected chromosome with offspring 
generated using DPX and 2-opt if offspring has higher 
fitness value. 
Step 8: Repeat steps 4 to 7 until the desired number of 
iterations have been performed. 
The proposed hybrid method is motivated from NN+2-opt 
mutation method, therefore most of the working is the same 
for the proposed hybrid method. Step 1 generates an initial 
population P using NN method which is refined using the 
proposed SPM approach to get population P j.  SPM tries to 
find a better position for minimum distant sub-path with two 
cities for each chromosome. After improving initial solution 
P to P ‘ which is step 2 of the algorithm, pair of 20 
chromosomes are selected using tournament selection, out of 
which 2 chromosomes (including fittest chromosome among 
20) are selected for DPX crossover with probability rate pc. 
Offspring generation is dependent on pc and if generated, is 
compared with parent chromosome leaving only fittest 
chromosome.   

 

This fitter chromosome undergoes 2-opt mutation to check 
for further improvement with a probability rate of pm. The 
process of crossover and mutation is repeated until the 
desired numbers of iterations are performed. 

VII. EXPERIMENTAL RESULTS 

A. Experimental Setup 

For evaluating the time comparison of the proposed hybrid 
method, results were generated on 2.20 GHz Intel Core i5 
machine with 4096 MB RAM. 

B. Experimental Design 

For performance comparison of the proposed hybrid method 
with some of the standard methods, following standard 

benchmark data were taken from TSPLIB: pr144, ch150, 
berlin52, kroA100, kroB150, pr152, kroA200, ts225, rat195, 
d198, pr226, pr299, lin318 and pcb442. In this experiment, we 
set pc and pm values to 0.5 and 0.1, respectively. The 
population size of 40 was randomly generated which was 
divided into a pair of twenty individuals using tournament 
selection procedure. We used Percentage Best Error (% Best 
Err.) for performance comparison. The Percentage Best Error 
is calculated as follows: 
 
PDbest = [{(Best past cost from n trail) – (optimal path cost 
from TSPLIB)} / (Optimal path cost from TSPLIB)] * 100. 

C. Experimental Result 

For each standard TSP data taken, we performed n = 10 
trails. Performance comparison is shown in Table 1.3 with 
best results shown in bold. It can be seen from Table 1.3 and 
Figure 1.4 that proposed hybrid method performs better than 
NN+2-opt mutation method. Out of 14 data-sets taken, the 
proposed hybrid method performed better for 8 data-sets 
excluding berlin52 and kroA100, for which our method gave 
almost the same %Best Error when taken to 4 decimal 
places. Proposed hybrid method differed from the optimal 
solution by 2 and 5 for berlin52 and kroA100. Out of 9 
standard methods taken for comparison, GSTM and 
NN+2-opt mutation methods gave the best result for 6 and 7 
data-sets. All other methods performed well for only 
berlin52 except DISP method and NN+2-opt. 

VIII. CONCLUSION 

 
The proposed hybrid method is motivated from the work of 
Singh et al. where they used NN+2-opt mutation. We 
followed the same crossover and mutation but with different 
crossover and mutation probability. The proposed hybrid 
method also refines the initial population generated using the 
NN method using SPM. The proposed hybrid method gives 
better performance to the standard algorithms: EXC, DISP, 
INV, INS, SIM, SCM, GSM and GSTM. Out of 14 data-sets 
taken, the proposed hybrid method performed better for 8 
data-sets excluding berlin52 and kroA100, for which our 
method gave almost same %Best Error when taken to 4 
decimal places whereas GSTM and NN+2-opt mutation 
methods gave the best result for 6and 7 data-sets with all 
methods except DISP and NN+2-opt methods giving the 
same result for berlin52. 

 

                   Table 1.3: Performance comparison of different methods. 

 

Methods 
% Best Error for TSP data-set 

kroA100 berlin52 ch150 pr144 pr152 kroB150 d198 rat195 ts225 kroA200 pr299 pr226 pcb442 lin318 

EXC 0.1692 0.0000 1.9761 0.2426 2.0358 2.9277 1.9709 4.4770 3.0424 2.5061 10.2198 4.9186 7.3437 10.1026 

DISP 4.2947 0.0663 3.4161 1.4845 4.7216 7.8263 3.8910 5.0336 3.3693 6.7284 12.2616 4.1322 11.3435 10.9996 

INV 2.6125 0.0000 2.9412 1.0284 3.1202 7.1183 2.6743 3.7021 3.1640 6.2245 10.9543 8.1512 10.5124 9.5410 

INS 0.4652 0.0000 0.6434 0.1879 1.3938 1.8178 2.0279 4.2617 3.1751 2.1554 3.8804 3.8423 8.9685 6.3099 

https://www.openaccess.nl/en/open-publications
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         Figure 1.4: Performance comparison of different methods with numbers representing data- sets in the x-axis.
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0.0141 0.0318 0.7077 -0.0030 0.1886 0.0421 0.5830 1.2613 0.0055 0.5925 1.2139 0.0535 1.8177 1.0027 

Proposed 
Hybrid 
Method 

0.0000 0.0000 0.7077 0.0000 0.1886 0.0421 0.3866 1.2613 0.0055 0.5925 1.0375 0.0535 1.8177 1.0027 
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