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ABSTRACT

This research investigated the application of Genetic Algorithm capable of solving the traveling salesman 

problem (TSP). Genetic Algorithm are able to generate successively shorter feasible tours by using information 

accumulated in the form of a pheromone trail deposited on the edges of the TSP graph. Computer Simulations 

demonstrate that the Genetic Algorithm is capable of generating good solutions to both symmetric and 

asymmetric instances of the TSP. The method is an example, like simulated annealing, neural networks, and 

evolutionary computation of the successful use of a natural metaphor to design an optimization algorithm. A 

study of the genetic algorithm explains its performance and shows that it may be seen as a parallel variation of 

tabu search, with an implicit memory. Genetic algorithm is the most efficient in computational time but least 

efficient in memory consumption. The Genetic algorithm differs from the nearest neighbourhood heuristic in that 

it considers the nearest route while the neighbourhood heuristic considers the nearest path. The Genetic 

algorithm requires a system with parallel architecture for its optimal implementation. The activities of each 

genetic algorithm should be run as a separate operating system process.
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INTRODUCTION

The traveling salesman problem (TSP) is a well-known and important combinatorial optimization 

problem. The goal is to find the shortest tour that visits each city in a given list exactly once and then 

returns to the starting city. In contrast to its simple definition, solving the TSP is difficult since it is a 

Negative-Positive (NP) complete problem. Apart from its theoretical approach, the TSP has many 

applications. Some typical applications of TSP include vehicle routing, computer wiring, cutting wallpaper 

and job sequencing. The main application in statistics is combinatorial data analysis, e.g., reordering rows 

and columns of data matrices or identifying clusters. The NP-completeness of the TSP already makes it 

more time efficient for small-to-medium size TSP instances to rely on heuristics in case a good but not 

necessarily optimal solution is sufficient.

In this Research Work, genetic algorithm is used to solve Travelling Salesman Problem. Genetic 

algorithm is a technique used for estimating computer models based on methods adapted from the field of 

genetics in biology. To use this technique, one encodes possible model behaviors into ''genes". After each 

generation, the current models are rated and allowed to mate and breed based on their fitness. In the 

process of mating, the genes are exchanged, crossovers and mutations can occur. The current population is 

discarded and its offspring forms the next generation. Also, Genetic Algorithm describes a variety of 

modeling and optimization techniques. Typically, the object being modeled is represented in a fashion that 

is easy to modify automatically. Then a large number of candidate models are generated and tested against 

the current data. Each model is scored and the "best" models are retained for the next generation. These 

models are then randomly perturbed (as in asexual reproduction) and the process is repeated until it 

converges. If the model is constructed so that they have "genes," the winners can "mate" to produce the 

next generation.

The Traveling Salesman problem (TSP) is one of the benchmark and old problems in Computer 

Science and Operations Research. The goal is to find the shortest tour that visits each city in a given list 

exactly once and then returns to the starting city. 

Genetic algorithm is a technique used for estimating computer models based on methods adapted 

from the field of genetics in biology. To use this technique, one encodes possible model behaviors into 

''genes". After each generation, the current models are rated and allowed to mate and breed based on their 
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fitness. In the process of mating, the genes are exchanged, crossovers and mutations can occur. The current 

population is discarded and its offspring forms the next generation.

In a way of using GA in solving TSP, The following methods are used;

 Simulated Annealing, based on natural annealing processes.

 Artificial Neural Networks, based on processes in central nervous systems.

 Evolutionary Computation based on biological evolution processes.

The algorithms inspired by Evolutionary Computation are called evolutionary algorithms. These 

evolutionary algorithms may be divided into the following branches: genetic algorithms (Holland 1975), 

evolutionary programming (Fogel 1962), evolution strategies (Bremermann et al. 1965), classifier systems 

(Holland 1975), genetic programming (Koza 1992) and other optimization algorithms based on Darwin’s 

evolution theory of natural selection and “survival of the fittest”. In this project, we will only examine one 

of the above mentioned types of algorithms: genetic algorithms, although some of the exposed mutation 

operators have been developed in relation to evolutionary programming.

We consider these algorithms in combination with the Travelling Salesman Problem (TSP). The 

TSP objective is to find the shortest route for a travelling salesman who, starting from his home city has to 

visit every city on a given list precisely once and then return to his home city. 

The main difficulty of this problem is the immense number of possible tours: (n-2)! /2 for n cities. 

Evolutionary algorithms are probabilistic search algorithms which simulate natural evolution.

Holland (1975) introduced genetic algorithms. In these algorithms the search space of a problem 

is represented as a collection of individuals. These individuals are represented by character strings which 

are often referred to as chromosomes. The purpose of using genetic algorithm to find the individual from 

the search space with the best “genetic material”. The quality of an individual is measured with an 

evaluation function.

STATEMENT OF PROBLEM

In nature, there exist many processes which seek a stable state. These processes can be seen as 

natural optimization processes. Over the last 30 years, several attempts have been made to develop global 

optimization algorithms which simulate these natural optimization processes.

There are mainly three reasons why TSP has been attracted the attention of many researchers and 

remains an active research area. First, a large number of real-world problems can be modeled by TSP. 

Second, it was proved to be NP-Complete problem. Third, NP-Complete problems are intractable in the 

sense that no one has found any really efficient way of solving them for large problem size. Also, NP-

complete problems are known to be more or less equivalent to each other; if one knew how to solve one of 
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them one could solve the rest.

The TSP finds application in a variety of situations such as automatic drilling of printed circuit 

boards and threading of scan cells in a testable VLSI circuit, X-ray crystallography, etc. The methods that 

provide the exact optimal solution to the problem are called Exact Methods. 

An implicit way of solving the TSP is simply to list all the feasible solutions, evaluate their objective 

function values and pick out the best. However it is obvious that this “exhaustive search” is grossly 

inefficient and impracticable because of vast number of possible solutions to the TSP even for problem of 

moderate size. Since practical applications require solving larger problems, hence emphasis has shifted 

from the aim of finding exactly optimal solutions to TSP, to the aim of getting heuristically, ‘good 

solutions’ in reasonable time and ‘establishing the degree of goodness’. Genetic algorithm (GA) is one of 

the best algorithms that have been used widely to solve the TSP instances.

1977 saw M. Grotschel’s thesis which contained much of the polyhedral work on the TSP that he 

carried out jointly with M. Padberg. It also provided the solution for a 120-city instance by means of a 

cutting-plane algorithm, where cuts (sub tour inequalities and comb inequalities) were detected and added 

by hand to the linear programming relaxation. From that time onward, further work in cutting planes 

methods was carried out by the likes of: Miliotis, “Using cutting planes to solve the symmetric travelling 

salesman problem”, Mathematical  programming 15, 177 – 188, and M.W. Padberg and S. Hong, “On the 

symmetric Travelling salesman problem: a computational study”, mathematical programming study 12, 78 

– 107. As recently as 1991 M. Grotschel collaborated with O. Holland on, “Solution of large- scale 

symmetric travelling salesman problems”.

The travelling salesman problem (TSP) is one which has commanded much attention of 

mathematicians and computer scientists specifically because it is so easy to describe and so difficult to 

solve.

The travelling salesman problem (TSP) is a deceptively simple combinatorial problem. It can be 

stated very simply:

A salesman spends his time visiting N cities (or nodes) cyclically. In one tour he visits each city 

just once, and finishes up where he started. In what order should he visit them to minimize the 

distance traveled?

“Given a collection of cities, the travelling salesman must determine the shortest route that will enable him 

to visit each city precisely once and then return back to his starting point.”

The travelling salesman problem can be re-phrased in term of a graph. Let a graph G=(X, A) 

whose vertices corresponds to the towns in the salesman’s district and whose arc correspond to the roads 
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joining two towns. Also let the length d(x, y) ≥0 of the arc (x, y) equals the distance of the corresponding 

joining along arc (x, y). A cycles that includes each vertex in G at least once is called a salesman cycle. 

Salesman problem can be formulated on either undirected or directed graph.

THE VARIOUS METHODS AND ALGORITHM FOR T.S.P

These are some of the various methods for solving travelling salesman problem developed by 

mathematicians and computer scientist.

 The shortest path algorithm: This approximately finds the shortest path all pairs of node or 

vertices on a weighted graph.

 The simple Insertion Algorithms: This is based on the branch- and -bound algorithm. It derives 

an n-city tour from an (n-1) city tour. This process is applied recursively to build up to modify and 

produce a complete n-city solution.

 Genetic Algorithm: The idea of genetic algorithm is to stimulate the way nature uses evolution to 

solve T.S.P

 The Elastic Net Methods: This is a kind of artificial neural network, which is used primarily for 

optimization problem.

 The Simulated Annealing Algorithm; This involves the simulation of a physical process of 

annealing which is then used to develop a software program to solve T.S.P

 Ant Algorithm: This tries to use real ant abilities to solve various optimization problems.

Shortest path Algorithms

The shortest- paths problem involves a weighted, possibly directed graph described by the set of 

edges and vertices { E, V } Given  a source vertex, s, the goal is to find the shortest existing  path 

between s and any of the other vertices in the graph. Each path, therefore, will have the minimum 

possible sum of its component edges’ (u, v) weights (w [u, v]). The method described here is 

Dijkstra’s algorithm. Syswerda, G. (1991)

Dijkstra’s Algorithm

The basic reasoning behind the algorithm is as follows:

 The algorithm gradually creates a tree from the vertices and some of the edges in the graph; the 
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root of this tree is the source of the search, vertex s, as specified at the outset of the algorithm. 

Thus for each vertex u, we maintain a parent pointer p[u] and a distance field d[u] (the distance, 

of course, is measured from the source.)

 The algorithm maintains a queue in which it keeps the vertices it has not yet examined. However, 

this is a priority queue, not a simple first – in – first – out queue. This priority queue is sorted 

using the d[] field of the vertices.

 Dijkstra’s algorithm maintains a solution set S, which contains all the vertices, examined so far 

whose minimal distance to the source has been determined. As the algorithm progresses and 

examines more and more vertices, this set grows.

 At the outset, we set all parent pointers to NIL and all distance fields to infinity, except that of the 

source which we set to zero. Likewise, we set the solution set to empty.

 Each vertex in the priority queue is extracted in sequence (remember, the priority queue is ordered 

based on the d [] field of the vertices).

GENETIC ALGORITHMS

Genetic Algorithms (GAs) are adaptive heuristic search algorithm premised on the evolutionary 

ideas of natural selection and genetic. The basic concept of GAs is designed to simulate processes in 

natural system necessary for evolution, specifically those that follow the principles first laid down by 

Charles Darwin of survival of the fittest. As such they represent an intelligent exploitation of a random 

search within a defined search space to solve a problem. 

First pioneered by John Holland in the 60s, Genetic Algorithms has been widely studied, 

experimented and applied in many fields in engineering worlds. Not only does GAs provide alternative 

methods to solving problem, it consistently outperforms other traditional methods in most of the problems 

link. Many of the real world problems involved finding optimal parameters, which might prove difficult for 

traditional methods but ideal for GAs. However, because of its outstanding performance in optimization, 

GAs have been wrongly regarded as a function optimizer. In fact, there are many ways to view genetic 

algorithms. Perhaps most users come to GAs looking for a problem solver, but this is a restrictive view [De 

Jong, 1993]. 

GAs were introduced as a computational analogy of adaptive systems. They are modelled loosely 

on the principles of the evolution via natural selection, employing a population of individuals that undergo 

selection in the presence of variation-inducing operators such as mutation and recombination (crossover). 

A fitness function is used to evaluate individuals, and reproductive success varies with fitness.
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Genetic algorithms are algorithms developed from the concept of genetics. In genetics, it is 

understood that very living being’s structure was developed from a ‘data bank’ of information (its gene, or 

genetic code) that controls the being’s form and type. For example, a human being’s gene contains his 

genetic information, which includes his skin colour, his eye hue, his teeth structure and even his brain 

capacity. The gene is so minute, it takes a very powerful microscope to view it, and its ‘coding’ is to 

complex; it took quite a while- and a whole brood of scientists years to decode it.

Control parameters

These are the parameters that govern the GA search process. Some of them are:

(a) Population size: - It determines how many chromosomes and thereafter, how much genetic material is 

available for use during the search. If there is too little, the search has no chance to adequately cover the 

space. If there is too much, the GA wastes time evaluating chromosomes.

(b) Crossover probability: - It specifies the probability of crossover occurring between two chromosomes.

(c) Mutation probability: - It specifies the probability of doing bit-wise mutation.

(d) Termination criteria: - It specifies when to terminate the genetic search.

Structure of genetic algorithms

GAs may be summarized as follows:

                 GA ( )

                  { Initialize random population;

                      Evaluate the population;

                                       Generation = 0;

                                              While termination criterion is not satisfied

                                                {Generation = Generation + 1;

                                                   Select good chromosomes by reproduction procedure;

                                                     Perform crossover with probability of crossover (Pc);

                                                             Select fitter chromosomes by survivor selection procedure;

                                                                 Perform mutation with probability of mutation (Pm);

                                                                         Evaluate the population;

                                                                        }

                                                                         }

The algorithm consists of the following fundamental steps

Initialization: Chromosomes are randomly created. At this point it is very important that the population is 

diverse otherwise the algorithm may not produce good solutions.

Evaluation: Each chromosome is rated how well the chromosome solves the problem at hand. A fitness 
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value is assigned to each chromosome.

Selection: Fittest chromosomes are selected for propagation into the future generation based on how fit 

they are.

Recombination: Individual chromosomes and pairs of chromosomes are recombined and modified and 

then put back in the population.

Methods through which Travelling salesman problem can be solved include simulated annealing, ant 

colony, Genetic algorithm to mention but few.

RESEARCH METHODOLOGY

We have developed a solution to the Traveling Salesman Problem (TSP) using a Genetic Algorithm 

(GA). In the Traveling Salesman Problem, the goal is to find the shortest distance between N different 

cities. The path that the salesman takes is called a tour. 

Testing every possibility for an N city tour would be N! math additions. 50 cities tour would have to 

measure the total distance of be 3.041 X 1064 different tours. Adding one more city would cause the time to 

increase by a factor of 51. Obviously, this is an impossible solution. 

A genetic algorithm can be used to find a solution in less time. Although it might not find the best solution, 

it can find a near perfect solution for a 50 city tour in less than a minute. There are a couple of basic steps 

to solving the traveling salesman problem using a GA. 

 First, create a group of many random tours in what is called a population. This algorithm uses a 

greedy initial population that gives preference to linking cities that are close to each other.

 Second, pick 2 of the better (shorter) tours parents in the population and combine them to make 2 

new child tours. Hopefully, these children tour will be better than either parent.

A small percentage of the time the child tours are mutated. This is done to prevent all tours in the 

population from looking identical.

The new child tours are inserted into the population replacing two of the longer tours. The size of the 

population remains the same.

New children tours are repeatedly created until the desired goal is reached.

As the name implies, Genetic Algorithms mimic nature and evolution using the principles of Survival of 

the Fittest.
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The two complex issues with using a Genetic Algorithm to solve the Traveling Salesman Problem are the 

Encoding of the Tour and The Crossover Algorithm that is used to combine the two parent tours to 

make the child tours.

In a standard Genetic Algorithm, the encoding is a simple sequence of numbers and Crossover is 

performed by picking a random point in the parent's sequences and switching every number in the 

sequence after that point. In this example, the crossover point is between the 3rd and 4th item in the list. To 

create the children, every item in the parent's sequence after the crossover point is swapped.

Parent 1 FAB ECGD

Parent 2 DEA CGBF

Child 1 FAB CGBF

Child 2 DEA ECGD

The difficulty with the Traveling Salesman Problem is that every city can only be used once in a tour. Let 

the letters in the above example represent cities, this child tours created by this crossover operation would 

be invalid if Child 1 goes to city F & B twice and never goes to cities  D or E.                                                                                    

The encoding cannot simply be the list of cities in the order they are traveled. Other encoding 

methods have been created that solve the crossover problem. Although these methods will not create 

invalid tours, they do not take into account the fact that the tour "A B C D E F G" is the same as "G F E D 

C B A". To solve the problem properly the crossover algorithm will have to get much more complicated. 

Our solution stores the links in both directions for each tour. In the above tour example, Parent 1 would be 

stored as

City First Connection Second Connection

A F B

B A E

C E G

D G F
9
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E B C

F D A

G C D

The crossover operation is more complicated than combining 2 strings. The crossover will take      every 

link that exists in both parents and place those links in both children. Then, for Child 1 it alternates 

between taking links that appear in Parent 2 and then Parent 1. For Child 2, it alternates between Parent 2 

and Parent 1 taking a different set of links. 

For either child, there is a chance that a link could create an invalid tour where instead of a single path in 

the tour there are several disconnected paths. These links must be rejected. To fill in the remaining missing 

links, cities are chosen at random. Since the crossover is not completely random, this is considered a 

greedy crossover.

Eventually, this GA would make every solution look identical. This is not ideal. Once every tour in the 

population is identical, the GA will not be able to find a better solution. There are two ways around this. 

The first is to use a very large initial population so that it takes the GA longer to make all of the solutions 

the same. The second method is mutation, where some child tours are randomly altered to produce a new 

unique tour. This Genetic Algorithm also uses a greedy initial population. The city links in the initial tours 

are not completely random. The GA will prefer to make links between cities that are close to each other. 

This is not done 100% of the time, because that would cause every tour in the initial population to be very 

similar. 

These parameters are to control the operation of the Genetic Algorithm: 

 Population Size - The population size is the initial number of random tours that are created when 

the algorithm starts. A large population takes longer to find a result. A smaller population 

increases the chance that every tour in the population will eventually look the same. This increases 

the chance that the best solution will not be found.

 Neighborhood / Group Size -In each generation, this number of tours are randomly chosen from 

the population. The best 2 tours are the parents. The worst 2 tours get replaced by the children. 

For group size, a high number will increase the likelihood that the really good tours will be 

selected as parents, but it will also cause many tours to never be used as parents. A large group 

size will cause the algorithm to run faster, but it might not find the best solution.

 Mutation % - The percentage that each child after crossover will undergo mutation when a tour 
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is mutated; one of the cities is randomly moved from one point in the tour to another.

  Nearby Cities - As part of a greedy initial population, the GA will prefer to link cities that are 

close to each other to make the initial tours. When creating the initial population this is the 

number of cities that are considered to be closed. 

 Nearby City Odds % - This is the percent chance that any one link in a random tour in the initial 

population will prefer to use a nearby city instead of a completely random city. If the GA chooses 

to use a nearby city, then there is an equally random chance that it will be any one of the cities 

from the previous parameter.

 Maximum Generations - How many crossovers are run before the algorithm is terminated

 Random Seed - This is the seed for the random number generator. By having a fixed instead of a 

random seed, you can duplicate previous results as long as all other parameters are the same. This 

is very helpful when looking for errors in the algorithm.

 City List - The downloadable version allows you to import city lists from XML files. Again, 

when debugging problems it is useful to be able to run the algorithm with the same exact 

parameters.

          The starting parameter values are:

Parameter Initial Value

Population Size 10,000

Group Size 5

Mutation 3 %

# Nearby Cities 5

Nearby City Odds 90 %

RESULTS AND ANALYSIS
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MODELLING THE GENETIC ALGORITHMS

This section explains the design of genetic algorithm in order to imitate the collective behaviour of the 

TSP.

INTERFACE

The genetic algorithm was implemented using Visual C# Programming language. The choice of C# is as a 

result of the following;

 Object oriented technology

 Closeness to natural language

 Its good support for relational database

 Its execution speed and it’s generation of true native execution i.e. it does not require additional 

files for its implementation.

 Good support of rich control structures and recursion.

The interface is designed by using the C# environment. All the elements of the environment were modelled 

using C#. Since these elements are simple, the implementation becomes simple. Many properties and 

methods of C# are specific for the interface.

the interface include
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Figrure 4.1  program interface

Graph Name: This is name of each graph represented. It contains nodes and edges.

Graph Description: This shows how each node (each city) in the graph are connected to each other i.e. 

which loaction is linked with another as show in the screen shot of the interface. This also shows the way 

or manner in which the locations are visited.

Node Visited: This show the node that is visited at least once.

ENVIRONMENT

39



                       

Figure 4.3 interface with generated cities/nodes

EXPLANATION

Critically looking at the environment, some parameters used need to be well understood in determining a 

successful and accurate tour.

CITIES: the number of cities specified will determine the number of node to be generated on the graph. 

The minimum and maximum number of cities that can be accomodated by this application are 5 and 200 

respectively.

POPULATION SIZE: this specifies the maximum number of parent gene that can be combined in the 

process of mutation. The maximum number it can accommodate is 100.
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GREEDY CROSS-OVER:  this feature see to the mass selection of parent gene out the population size. It 

takes more parent to work upon when the feature is activated.

ITERATION: This is the number of time it uses to compute the graph. 

PATH LENGTH: The is the total distance between each node/cities.

After the number of cities is known and written into the column provided, the “generate” key will be press 

to generate the cities using nodes on the screen. Then the number of performance needed in the 

computation of the tour i.e iteration is also written in the slot provided. The population size is also included 

after which it should be decided whether to mark of unmark the the greedy-crossover column.

          

Figure 4.4  interface for the plotted cities generated

Considering the graph above and the foraging behaviour of genetic algorithm, it is easy to identify the 
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similarity between these two problems. While genetic algorithm try to find the best and shortest route 

between two places within an environment, a graph search algorithm tries to find the shortest path 

connecting two node within a graph. The main idea of the system proposed in this project is simply to put 

genetic algorithm on a graph to observe the accuracy with time.

A graph’s node is taken at different places where genetic algorithm could stop during a travel and we call 

them cities. The edges of the graph will represent the route connecting cities. This virtual environment will 

be populated by individual genetic algorithm.

RESULTS AND FINDING

 The optimal number of genetic algorithm to be dispersed for foraging is n! where n is the number 

of nodes in the network.

 Genetic algorithm is the most efficient in computational time but least efficient in memory 

consumption.

 The genetic algorithm differs from the nearest neighbourhood heuristic in that it considers the 

nearest route while the nearest neighbourhood heuristic considers the nearest path.

 The genetic algorithm requires a system with parallel architecture for its optimal implementation. 

CONCLUSION

The Genetic Algorithm is a very efficient and accurate optimization approach. Unfortunately it 

requires a large amount of memory and parallel system architecture for its complete implementation. 

The genetic algorithm was found to still be the best in solving combinatorial optimization problems (as 

it is general agreed by researcher around the world). We have successfully drawn out a model for the 

genetic algorithms, the design and the implementation.

It can be used successfully in large industries like Coca-Cola, Dangote Flour Mill to solve distribution 

problems, electronic industries like Intel® for circuit board drilling, order picking in a warehouse e.tc.
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RECOMMENDATION

Genetic algorithm and its application certainly have a prospectus for further research for its 

successful implementation onto a number of problems including real world and industrial applications. 

Although the result produce by this algorithm are competitive compare with any other meta-heuristic 

methods, it is observed that the performance of the algorithm can be improved by coupling this with 

other method like Ant Algorithm, neural network, Simulated Annealing  e.tc. The research work done 

by integrating with other techniques is very less and there is a lot potential to explore in this area.
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