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Abstract 

The travelling salesman problem (TSP) is a well-known, 

popular and extensively studied problem in the field of 

combinatorial optimization. It is an optimization problem of 

finding a shortest closed tour that visits all the given cities 

within the shortest time. There are many techniques used to 

solve the TSP problem such as Genetic Algorithm (GA), 

Particle Swarm Optimization (PSO), and Simulated Annealing 

(SA).In this paper, a comparison study was made to evaluate 

the performance of these three algorithms in terms of 

execution time and shortest distance. JAVA programming is 

used to implement the algorithms using two benchmarks and 

one personal instance on the same platform conditions. 

Among the three algorithms, we found out that the Simulated 

Annealing has the shortest time in execution but for the 

shortest distance, it comes in the second order. Furthermore, 

in term of shortest distance between the cities, PSO performs 

better than GA and SA.  

Keywords:-Travelling salesman problem (TSP), Genetic 

algorithm (GA), Particle swarm optimization (PSO), 

Simulated Annealing (SA) 

 

INTRODUCTION 

Travelling salesman problem (TSP) is one of the most famous 

problems in combinatorial optimization in which a 

salesperson intends to visit a number of cities exactly once, 

and return to its starting point, while minimizing the total 

distance travelled or the overall cost of the trip.(It belongs to 

the class of NP-hard optimisation problems [1],where the 

computational complexity increases exponentially wi  th the 

number of cities. Thus, if we have M cities, and we want to 

compute all paths between them, then the possible 

combinations or sequences of cities are M factorial. For 

example, 20 cities produce 20! Combinations which equals 

2.432902e+18.TSP is a sub-problem of many applications 

such as transportation[2],wireless communications [3], vehicle 

routing [4], integrated circuits[5] and semiconductor 

industries [6]. 

No efficient algorithm exists for the TSP and all its relevant 

variants or problem of the same class. The need to quickly 

find good (not necessarily optimal) solutions to these 

problems has led to the development of various approximation 

algorithms such as the metaheuristics [7, 8]. Metaheuristic 

algorithms use search strategies to explore only promising 

part of the search space, but most effectively. Among the most 

popular metaheuristics, ,to name a few are, genetic algorithms 

(GA), simulated annealing (SA), ant colonies optimization 

(ACO) which are presented in [8], particle swarm 

optimization (PSO) [9],Bee colonies optimization (BCO) [10], 

monkey search algorithm (MS) [11],harmony search 

algorithm (HS) [12], firefly algorithm (FA) [13], intelligent 

water drops (IWD) [14], and cuckoo search [15] are among 

the recently proposed metaheuristics. 

In [16], a GA-based algorithm has been introduced for TSP. It 

uses a topological encoding scheme to form ordering of 

vertices in a directed graph. The paper[17] provided a flexible 

method to solve the TSP using genetic algorithm. TSP is the 

main domain in the paper to solve the NP-hard problems. The 

referenced paper provides an implementation using genetic 

which is used to find shortest path for a specific problem. A 

modified particle swarm optimization was proposed in [18] to 

solve travelling salesman problem (TSP). The algorithm 

searched in the Cartesian continuous space, and constructed a 

mapping from continuous space to discrete permutation space 

of TSP, thus to implement the space transformation. 

Moreover, local search technique was introduced to enhance 

the ability to search, and chaotic operations were employed to 

prevent the particles from falling into local optima 

prematurely. Finally four benchmark problems in TSPLIB 

were tested to evaluate the performance of the algorithm. 

Experimental results indicate that the algorithm can find high 

quality solutions in a comparatively short time.Shi, et.al[19] 

modified the subtraction operator between two particle 

positions in PSO. The crossover eliminated technique and two 

local search techniques were also executed in their method. 

These local search techniques were used to accelerate the 

convergence speed, by employing the generalized 

chromosome.This paper[20]presents a hybrid discrete particle 

swarm optimization (HDPSO) for solving the travelling 

salesman problem (TSP). The HDPSO combines a new 

discrete particle swarm optimization (DPSO) with a local 

search. It is an approach designed for the TSP based on the 

binary version of particle swarm optimization. Unlike in 

general versions of particle swarm optimization, DPSO 

redefines the particle’s position and velocity, and then 

updates its state by using a tour construction. The embedded 

local search is implemented to improve the solutions 

generated by DPSO. The experimental results on some 

instances are reported and indicate HDPSO can be used to 

solve TSPs. This  paper[21] describes and analyses a novel 

distributed implementation of the simulated annealing 

algorithm to find a good solution to the travelling salesman 

problem. The implementation runs on a linear chain of 

processors driven by a host processor, which plays only a 
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supervisory role, so that the bulk of processing takes place on 

the chain and the efficiency of the algorithm remains high as 

the number of processors is increased. 

This study conducts a comparison between  GA, PSO, and SA 

to solve the travelling salesman problem in terms of execution 

time and shortest distance. Section 2  of the paper gives  a 

brief discussion of  the three optimization methods used in the 

study. Section 3 gives the experimental results and a 

comparison between the three algorithms (GA,PSO,SA) is 

accomplished to state the better one for solving travelling 

salesman problem. The conclusion section is presented at the 

end of this paper with future work. 

 

OPTIMIZATION METHODS 

The Genetic Algorithm(GA) 

Genetic Algorithm was introduced by Holland et al. [22]. It is 

motivated by Darwin's theory about evolution and based on 

mimicking the survival of the fittest among the species 

generated by random changes in the gene-structure of the 

chromosomes in the evolutionary biology [23].  

In the Genetic Algorithm logic, a solution vector is called 

individual or chromosome. Each chromosome is made of 

discrete units called genes and each gene controls one or more 

elements of the chromosome. Normally, a chromosome is a 

unique solution in the solution space. GA operates with a set 

of chromosomes, called population. The population is 

normally initialized randomly [23].  

The basic process for a genetic algorithm is as follows: 

1. Initialization: Generate random population of n 

chromosomes (suitable solutions for the 

problem).This population is usually randomly 

generated and can be any desired size, from only a 

few individuals to thousands.  

2. Evaluation: Each member of the population is then 

evaluated and a 'fitness' value for that individual is 

calculated.  

3. Selection: Discard the bad designs and keep only the 

best individuals in the population.  

4. Crossover: With a crossover probability, crossover 

the parents to form a new offspring (children). If no 

crossover was performed, offspring is an exact copy 

of parents. The hope is that by combining certain 

traits from two or more individuals, an even  'fitter' 

offspring which will inherit the best traits from each 

of its parents, will be created.  

5. Mutation: With a mutation probability, mutate new 

offspring at each locus (position in 

chromosome).This is done to maintain genetic 

diversity from one generation of a population of 

genetic algorithm chromosomes to the next by 

making small changes at random to an individual’s 

genome.  

6. Repeat: After obtaining the next generation, start 

again from step two until reaching a termination 

condition  

 

Figure 1. Genetic Algorithm 

 

 

Figure 2. Flowchart of Genetic Algorithm 
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Particle Swarm Optimization (PSO) 

Particle Swarm Optimization (PSO) is an optimization 

technique introduced by Kennedy and Eberhart in 1995 [24]. 

It uses a simple mechanism that mimics swarm behaviour in 

birds flocking and fish schooling to guide the particles to 

search for global optimal solutions. 

In PSO, each single solution is a “bird” in the search space 

which we call it “particle”. All of particles have fitness values 

which are evaluated by the fitness function to be optimized, 

and have velocities which direct the flying of the particles. 

The particles fly through the problem space by following the 

current optimum particles. PSO is initialized with a group of 

random particles (solutions) and then searches for optima by 

updating generations. At each iteration, each particle is 

updated by the following two values: the first one is the best 

solution (fitness) it has achieved so far, which is called pbest. 

Another value that is tracked by the particle swarm optimizer 

is the best value obtained so far by any particle in the 

population. This best value is a global best and called gbest. 

When a particle takes part of the population as its topological 

neighbours, the best value is a local best and is called lbest. 

After finding the two best values, the particle updates its 

velocity and positions . 

 The formulas of PSO algorithm are as follows [24,25]: 

𝑣𝑖𝑑
𝑡+1 = 𝑣𝑖𝑑

𝑡 + 𝑐1. 𝑟𝑎𝑛𝑑(0,1). (𝑝𝑖𝑑
𝑡 − 𝑥𝑖𝑑

𝑡 ) +
𝑐2. 𝑟𝑎𝑛𝑑(0,1). (𝑝𝑔𝑑

𝑡 − 𝑥𝑖𝑑
𝑡 )(1) 

𝑥𝑖𝑑
𝑡+1 = 𝑥𝑖𝑑

𝑡 + 𝑣𝑖𝑑
𝑡+1(2) 

Where𝑣𝑖𝑑
𝑡   and 𝑥𝑖𝑑

𝑡 are particle velocity and particle position 

respectively. d is the dimension in the search space, i is the 

particle index, and t is the iteration 

number. c1 and c2 represent the speed, regulating the length 

when flying towards the most optimal particles of the whole 

swarm and the most optimal individual particle. pi is the best 

position achieved so far by particle i and pg is the best position 

found by the neighbours of particle i. rand(0,1) is the random 

values between 0 and 1. The exploration happens if either or 

both of the differences between the particle’s best (𝑝𝑖𝑑
𝑡 ) and 

previous particle’s position (𝑥𝑖𝑑
𝑡 ), and between population’s 

all-time best (𝑝𝑔𝑑
𝑡 ) and previous particle’s position (𝑥𝑖𝑑

𝑡 ) are 

large, and exploitation occurs when these values are both 

small. 

 

Figure 3. Particles movement 

 

 

Figure 4. Flowchart of the PSO algorithm 

 

Simulated Annealing (SA) 

The SA is a meta-heuristic optimization method founded on 

the annealing process of metal re-crystallization[26]. If this 

process is allocated with enough time, SA could then find the 

optimal solution of a considered problem. Based on this 

analogy of how metal is cool and annealed, each step of the 

SA algorithm replaces the current solution by a random 

nearby solution which is gradually decreased during the 

searching process 

 

System Design and Implementation 

All the simulations were completed on a Windows8 64-bits 

laptop computer with an i3-2350M processor clocked at 

2.30GHz, and 2 GB of Ram. All the three algorithms was 

developed in JAVA. 

To test the algorithmic approaches, it was decided to run 

several experiments, varying the complexity of the TSP. The 

three algorithms were tested on two benchmark instances and 

one personal instance which coordinates are: 

 

X {30, 50, 43, 40, 40, 36, 21, 8, 16, 7, 3, 80, 55, 60, 45, 1, 30, 

45, 25, 3};  

 

Y {5, 9, 10, 30, 20, 43, 48, 40, 36, 21, 18, 16, 27, 17, 80, 1, 

12, 21, 65, 4}; 

 

TSPLIB: http://www.iwr.uniheidelberg.de/iwr/comopt/soft/ 

TSPLIB95/TSPLIB.html, provides most of the benchmark  

problems. It offers problem coordinates, best tour and the 

optimum solutions for the three test problems The benchmark 

TSPs used are Berlin52,Att-48. 
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EXPERIMENTAL RESULTS 

(a)The Genetic Algorithm 

 

Table 1. Basic  GA algorithm parameters values 

 

Personal Instance 

 

Figure 5. Evolution of GA results over time in Personal Instance 

 

Att-48.tsp 

 

Figure 6. Evolution of GA results over time in Att-48 

 

Berlin52.tsp. 

 

Figure 7. Evolution of GA results over time in Berlin- 52 
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Table 2. Summary of GA results over time for the  three tsp 

maps 

Map Name Node Time 

Personal 

instance 
20 141 

Att-48 48 250 

Berlin-52 52 390 

 

(b)Particle Swarm Optimization 

Table 3. Basic  PSO algorithm parameters values 

 

 

Personal Instance 

 

Figure 8. Evolution of PSO results over time in Personal Instance 

 

Att-48.tsp 

 

Figure 9. Evolution of PSO results over time in Att-48 

 

Berlin52 .tsp. 

 

Figure 10. Evolution of PSO results over time in Berlin-52 
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Table 4. Summary of PSO results over time for the  three tsp 

maps 

Map Name Node Time(in 

millisecods) 

Personal 

instance 
20 64267 

Att-48 48 72747 

Berlin-52 52 131578 

 

(C) Simulated Annealing (SA)  

Table 5. Basic SA algorithm parameters values 

 

 

 

 

Personal Instance 

 

Figure 11. Evolution of SA results over time in Personal Instance 

 

Att-48.tsp 

 

Figure 12. Evolution of SA results over time in Att-48 

 

Berlin52.tsp 

 

Figure 13. Evolution of SA results over time in Berlin-52 
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Table 6. Summary of SA results over time for the  three tsp maps 

Map Name Node Time(in 

millisecods) 

Personal 

instance 
20 16 

Att-48 48 15 

Berlin-52 52 31 

 

Table 7. Overview of Simulation Results 

Data Set GA PSO SA 

Distance (mtr.) Time (Mil.Sec) Distance (mtr.) Time (Mil.Sec) Distance (mtr.) Time 

(Mil.Sec) 

Personal 1092 141 422 64267 1014 16 

Att-48 74142 250 18704 72747 64134 15 

Berlin-52 12456 390 2550 131578 10679 31 

 

Distance Comparison Graph 

 

Figure 14. Evolution of GA, PSO and SA results over best distance for Personal Instance, Att-48, and berlin52. 

 

Figure 15. Evolution of GA, PSO and SA results over time(s) for Personal Instance,Att-48, and berlin52. 

 

Time Comparison Graph 
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CONCLUSIONAND FUTURE WORK 

This paper presented a comparative study view between most 

widely used optimization algorithm techniques(GA, PSO,SA) 

in terms of shortest distance and execution time. Our goal was 

to evaluate the performance of these algorithms in terms of 

execution time and shortest distance under the same platform 

conditions. JAVA programming was used to implement the 

algorithms using two benchmark and one personal instance. 

We found out that the Simulated Annealing has the shortest 

execution time  but it was at the second order for the shortest 

distance term among the compared algorithms. Furthermore, 

in term of shortest distance between the cities, PSO stated 

better than GA and SA. However, PSO appeared in the last 

order in term of execution time. 

In the future ,a combination between two of the compared 

approaches (SA & PSO) is suggested, whereas PSO give the 

best shortest distance and SA saves time in execution. So they 

complement each other and cancel out their own limitations 
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