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ABSTRAK 
Makalah ini bertujuan untuk menjabarkan penerapan Evolutionary Algorithm (EA) di dalam memecahkan permasalahan 
dunia nyata seperti TSP problem, dimana algoritma bukanlah satu-satunya jaminan dicapainya hasil optimal sebuah 
solusi melainkan pemilihan nilai-nilai dari parameter yang juga memegang peranan penting. Metode yang digunakan 
adalah dengan membandingkan beberapa solusi menggunakan berbagai parameter. Walaupun tidak semua problem set 
dapat dipecahkan menggunakan EA, namun untuk efektifitas EA pada TSP Problem cukup optimum dengan 
membandingkannya terhadap salah satu metode popular lainnya – Lin Kernighan Algorithm. Di dalam makalah dapat 
ditemukan langkah-langkah detail penerapan algoritma tersebut beserta hasil beberapa percobaan pemilihan 
parameternya. Sebagai kesimpulan, optimasi terhadap hasil dari EA (solusi) maupun pemilihan parameternya dengan 
menggunakan berbagai metoda optimasi lainnya masih diperlukan, walaupun telah mendekati hasil optimal bagi 
problem set dengan karekteristik TSP problem. 
Kata kunci: Evolutionary Algorithm, TSP Problem, Lin Kernighan Algorithm.  
 
1.  Introduction 
Traveling Sales Person (TSP) problem describes the need to optimize cost of traveling (the tours) given numbers of cities 
in a Euclidean plane and their coordinates. The sales person(s) can take a start from any city to travel the entire cities 
(once per city) and then come back to the starting city. Although the basic understanding of TSP itself is straightforward, 
it has been a fashionable problem in the field of Heuristic method as the search space to find “good solutions” (or might 
be global optimum) is very big. If the problem is to be described as a permutation problem, than the search space to find 
the best combination of cities is n! (n factorial) where n is the number of the cities/points in permutation[2]. This in fact 
has made the TSP problem interesting, as it is ineffective (or may be impossible for some cases) to exhaustively search 
the entire search space for an n! problem size – especially when n > 10,000 cities for example. In addition, the 
implementation of TSP is not limited to a traveling problem; it can be applied to any cases that have a similar behavior.   
 
In general, there are many types of TSP problems used in the real world problem sets, as the entities involved may vary 
one from the other. In some cases, the problem may be more complicated; it may involve more than one person to travel 
the cities; the cost/distance between two cities is not symmetric, or there may be some other restrictions that can be 
applied to the problem. However, we will focus on a standard TSP problem that has the following properties: 
 There is only one sales person to travel the entire cities. 
 No restriction in traveling all the cities (but each city can be visited only once). 
 Each path between two cities is “symmetric”. 
 The starting point can be from any city, however as mentioned previously the stopping point should be the same city 

as the starting point. 
 
2.  Fundamental Theory 
2.1 Evolutionary Algorithm (EA) 
The idea behind EA is quite similar with the natural genetic concept[3]. Therefore, it is also known as Genetic Algorithm 
(GA). Some terminologies from natural genetic concepts that are adopted in EA/ GA that will be used in this paper are as 
followed[1,2]: 
 Genotype, also named chromosome - is a solution candidate that are encapsulated in a string of real number of binary 

permutation.  
 Gen – is part of genotype/chromosome, thus may represent cities’ names or path. 
 Phenotype – is the meaning of each chromosome[3]. This can be carried out using an evaluation operator (fitness 

function) to measure the fitness of a chromosome.  
 Crossover – is a process of combining two chromosomes in order to produce a new offspring.  
 Mutation – is a process of altering or modifying a chromosome in order to get some variety of solution. 

More explanation about crossover and mutation is given in the algorithm description section. However, the illustration in 
Figure 1 may also describe the terminologies explained above. 
 
The EA basic concepts in finding quality solution is to generate a set of chromosomes (candidate of solution), evaluating 
them, selecting some of the chromosome with a better evaluation result, combining them using crossover operator to 
produce some new more promising offspring. Mutation operator may sometimes be applied to get some varieties of 
solutions and avoiding stagnation. This process will be repeated until some termination condition is satisfied. 
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Figure 1. Illustration1 – Chromosome 

 
2.2 Representation 
The tour can be represented as a permutation with element of cities or paths. In this experiment, we will see the use of the 
most natural representation of a tour – Path Representation[2, 3]. Path representation consists of cities’ names/numbers 
where their orders represent the orders of the cities to be visited. For example, a path representation of the following tour: 
 7 - 8 - 6 - 5 -1 - 3 - 2 - 4 
is describing that the tour will be started at city number 7 and will continue to city 8, 6, 5 through to city number 4. But 
city number 4 is not the stopping point. The tour should end at the same city with its starting point, thus, it should stop at 
city number 7. Explicitly putting this stopping point into the tour may be optional, as it is a static fact and can be easily 
covered through computational process. However, to be consistent the problem properties, in this paper we will see a tour 
representation with the stopping point written explicitly at the end of the tour. Thus the same tour string will looks like: 
  7 - 8 - 6 - 5 -1 - 3 - 2 – 4 - 7 
This tour string will continuously be called chromosome in this paper.  
 
3.  Research Methodology 
3.1 Evaluation function 
The evaluation function will calculate the cost of each chromosome in a population, indeed summarizing the Euclidian 
distance between each neighboring chromosome. The implementation will be carried out with an assumption such that 
there are exist two table of Eucledian coordinate for both X coordinate and Y coordinate, that are indexed. The function 
outline will be as follow: 
Function cost_evaluation( tour) 
begin 
 result  0.0 
 counter  0     
 while (counter < length(tour)) 
 begin 
  result  result+distanceEucli(citiyA, cityB) 
  advance cityA 
  advance cityB   
  end 
 return result; 
    end 
 
3.2 Mutation operator 
Mutation function will give a chance for all chromosomes in a population to be mutated according to some probability 
percentage. The mutation function outline is as follow: 
Function mutatePopulation(Population) 
begin 
 prepare MutatePopulation M 
 Prepare probability generator - mp 
 While (counter<PopulationSize) 
 begin 
     mp   new random number    
     if(mp<mutationProbability)  
  M[i]  mutateTour(P[i]) 
     else 
  M[i]  Population[i] 
 end  
 return M; 
    end 
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The function mutateTour() above will make use of converse mutation technique, which will converse the order of city 
of a randomly chosen tour subset. 
 
3.3 Crossover operator 
The crossover function will generate a new offspring of two selected parents. The crossover will make use of the order 
crossover technique. Its algorithm outline is as follow: 
Function crossOver(parent1, parent2) 
begin 
 Prepare a new offspring variable - offspring 
 offspring <- order_crossOver(parent1,parent2);   
 return offspring; 
 end 
     
3.4 Selection – Parents and Next Generation 
Parents’ selection in order to carry out a new offspring from crossover process will make use of the rank selection 
method. The entire chromosome in a population will be rank through their fitness value, and will be given some 
probability percentage to be chosen. A random number will be carried out and will be compared with each chromosome’s 
rank. The top part of the rank list will be assign a greater probability to be chosen. On the other hand, to select 
chromosome to enter new generation is entirely different than the parents’ selection process mentioned previously. Half 
of the old population (or can be set through some threshold) will be chosen to enter new generation. These are the better 
chromosome with good fitness value (lower tour cost). The other half will be eliminated and replaced by a new offspring 
from the good chromosome. 
 
3.5 Initialization and Termination criterion 
Initialization of population will be carried out randomly. Thus the algorithm has a tour generator that produces a random 
tour. The implementation of this experiment however will make use of the pseudo random provided in the Java 
platform. A local search such as Lin Kernighan algorithm can be used to produce a predefined solution, in order to give 
the population some good chromosome. This in fact will boost the speed of EA in finding the quality solution 
Termination criterion will be chosen alternatively between number of generation and some predefined elapsed time. In 
order to experiment with the algorithm performance, we will use the elapse time halt criterion instead of number of 
generation. 
 
3.6 Algorithm - Design and Implementation 
There are varieties of EA algorithm implementation available; however, this experiment will use the following EA 
algorithm: 
(1)  Module Evolutionary_Algorithm 
(2)   begin 
(3)    counter  0 
(4)    initialize (Population) 
(5)    while (counter < termination) 
(6)    begin 
(7)     sort (Population) 
(8)     SelectedPop generateNewPopulation (Population) 
(9)     Population  mutatePopulation (SelectedPop) 
(10)   end 
(11)  end 
 
The algorithm described above will make use the crossover in side the generateNewPopulation() function. The function 
will generate the new population from the input parameter of previous Population. The algorithm is described below: 
(1)  Function generateNewPopulation (Population) 
(2)   begin 
(3)    counter  threshold 
(4)    select some good chromosomes according to a threshold 
(5)    put them in NewPopulation 
(6)    while( counter < populationSize) 
(7)    begin 
(8)     rank_select from this good chromosomes to be parents 
(9)     crossover these parents to produce new offspring 
(10)    put them in NewPopulation  
(11)   end 
(12)   return NewPopulation  
(13)  end 
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The threshold mentioned in the algorithm above (starting at line 3) is the percentage of population carrying the better 
chromosomes from previous population and their offspring. The algorithm will return the new population with a 
combination of good chromosomes from previous population and new offspring taken from them by crossover operator. 
The cross over operator will make use of order crossover - OX [2] technique. In addition, the mutation operator 
mentioned at the EA module above will use the inverse mutation technique [2]. 
 
4.  Experiment 
In the following experiment, we will see how performance is influenced by parameters. The parameters involved in this 
experiment are listed in the following table, along with their impact to the algorithm process: 

Table 1. Parameter List 
Parameters Description Impact

Population_size

How many tour string 
can be accommodated 
in one generation

Bigger number of 
population_size will 
produce more variety 
of solution candidates, 
thus will give more 
option of solution.

Treshold_Offspring%

How many new 
offspring will be 
produced for the next 
generation. It set 
according to its 
percentage against the 
population_size

Bigger number will 
produce a population 
with more of its 
individuals carrying 
their previous parents 
characteristic.

number_of_generations

How many generation 
will be produced and 
evaluated

Bigger number will 
give more chances of 
evaluation

Roulette_wheel%

Is used in the rank 
selection method. It 
sets up the probability 
gaps between rank of 
individual/tour.

Bigger percentage 
will give the better 
individual/tour to be 
selected, as their 
position will be at the 
upper side of the rank. 
Lower percentage will 
give lower rank a 
better chances to be 
selected

mutation_probability

What is the chance of 
each individual/tour in 
a population to be 
mutated

Bigger probability 
provide bigger chance

crossOver_probability

What is the chance of 
selected 
individual/tour (most 
likely the better 
individual) to be 
crossed over in order 
to produce new 
offspring.

Bigger probability 
provide bigger chance

localSearch_probability

What is the chance of 
using predefined 
solution in generating 
initial population

Bigger probability 
will provide more 
chance for the initial 
population to have a 
promising tour (is 
predefined using local 
search algorithm).  

 
We will focus our experiment with the following parameters to be the objects of our experiment the two most important 
parameters of an Evolutionary algorithm: mutation and crossover probability. The following experiment will be carried 
out using the following parameters setting with att48.txt case[4]. 
 
The yellow line shows that the generation evolution produces scatter best values. This is because the algorithm is not 
adding enough pressure to the new generation shown with a very low of crossover probability by 3%. Very big mutation 
function just will add more variety of chromosome, shown that the variety range from just above 90,000 to around 
130,000. On the other hand, the blue line produces more satisfactory results as it gives enough pressure to produce 
offspring from a “good chromosomes” by a large crossover probability of 80%. A very small probability of 3% was set 
for the mutation probability to add some variety to the population and increase more option to hit a quality results. 
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Table 2. Initial Parameters’ Values 

 
The result is as follows: 
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Graph1 – Mutation and Crossover Parameters Setting 

 
4.1 Result Comparison - Evolutionary Algorithm vs LK Algorithm 
It is quite tricky to compare EA with LK (Lin Kernighan) algorithm[1] as each of them has their own properties and poles 
apart in their behavior in finding a quality solution(s). Thus, the better way to compare them is by elapsed time and 
measure the algorithm quality by printing out the best fitness value of their solutions. The following tables and 3D graph 
shows us the off-line measurement of both algorithms. Just to remind us that we are looking for the lowest cost of the 
tour, thus maximization process in both cases meant to minimize the cost, whereas, the fitness value are expressed in 
these tour cost form. The results for EA were carried out using the following parameters: 
 

Table 3. EA Parameters Initial Values 

 
 
On the other hand the results for LK algorithm were carried out using a maximum of 100 times number_of_tries. Details 
of the results can be seen through the following tables: 
 
Table 4. expressed the behavior of both EA and LK algorithm. EA results are shown by Purple bars, whereas LK results 
are shown in Blue bars. LK maximizing process is faster in finding a quality solution than EA in this case.  
 
The graph above showed that the LK algorithm deterministically produces solutions that are increasingly closer to the 
global optimum. It reaches results around the global optimum quicker than EA, however may suffer from local optima, as 
the algorithm does not incorporate way to escape from such problem. On the other hand, EA produce result that are near 
global optimum slower than LK but incorporating mechanism of escaping local optima problem. 
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Table 4. EA vs LK Algorithm in the Search of Minimum Cost 

        
 
The following graph shows the summary of the above results: 
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Graph2 - Result Comparison – EA, LK Algorithm 

 
We can see the elapsed time code detail in Table 2. 
 
5. Conclusion 
Parameters setting in the Evolutionary algorithm are as important as designing the algorithm itself. Without a good 
setting parameter, and a thorough understanding of their impact to the algorithm performance, the algorithm will not 
perform effectively as required. The experiment shows that EA is better in finding optimum solution and less likely to be 
trapped in local maxima, however this comes with the cost of time. On the other hand LK algorithm needs lesser time to 
but has higher probability of trapped at the local maxima.  
 
The experiment was limited to less than 1000 cities problems[4], additional studies is needed for extreme cases such as[5]. 
In addition, further research on the application of optimum methodology is still needed to acquire lesser time for EA 
particularly in finding the “optimum parameter setting”. 
 
References 
[1] Helsgaun, K. (2000). An Effective Implementation of the Lin-Kernighan Traveling Salesman Heuristic. European 

Journal of Operational Research 126 (1)-106-130.  



Konferensi Nasional Sistem dan Informatika 2008; Bali, November 15, 2008                                                                     KNS&I08-040 

 

 232

[2] Michalewicz, Z., Fogel, DB. (2004). How to Solve It: Modern Heuristics. 2nd edition. Springer-Verlag. 
[3] Michalewicz, Z. (1992). Genetic Algorithms + Data Structures = Evolution Programs. 2nd extended edition. 

Springer-Verlag. 
[4] TSP Problem – VLSI data on 2D Euclidian pane, http://www.tsp.gatech.edu/vlsi/index.html, date accessed: 26 

August 2005. 
[5] TSP Problem – Real world data on 2D Euclidian pane, http://www.tsp.gatech.edu/world/index.html, date accessed: 

26 August 2005. 
 

Table 2 – Time Code 

 
 
 
 
 
 
 
 


