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This study focuses on optimizing the parameters of the Genetic Algorithm 
(GA) to solve the TSP. Besides, this research is helpful to real-world 
applications because it offers effective, scalable, and flexible solutions to 
challenging optimization problems. The contribution of approaches applied 
in the real world will enhance decision-making, save costs, and enhance 
efficiency in various fields including finance, engineering, logistics, 
transportation, manufacturing, and healthcare. Moreover, TSP instances 
were selected in this study based on the differences in dataset sizes and 
their uniqueness, which had not been used in previous research. 
Additionally, genetic operators such as Elitism, order crossover (OX), and 
swap mutation were employed in the GA. The objective of this study is to 
analyze the impact of parameter tuning on the performance of the GA by 
varying the values of population size, number of generations, crossover 
rate, and mutation rate. Several experiments were conducted, and the 
optimal parameter values such as population size of 100, 750 generations, 
and crossover and mutation rates (CMR 2 = [0.9, 0.01] and [0.7, 0.01]), were 
determined in this study. Subsequently, these values were compared with 
the values of the common approach used in previous research, which is CMR 
1 = [0.9, 0.03]. The study results indicate that the best combination is CMR 
2 which outperforms CMR 1 in finding the minimum travel distance and 
achieving a shorter computation time. Across datasets with varying 
characteristics for each instance, it was found that a high crossover rate 
(0.9) contributes to better algorithm accuracy compared to a low crossover 
rate (0.7). However, TSP instances with larger sizes demonstrated the 
ability to identify optimum travel distances using a lower crossover rate 
(0.7). Furthermore, an increase in mutation rate does not necessarily 
contribute to find the best solution. Nevertheless, the CMR 2 combination, 
with a lower mutation (0.01) rate compared to CMR 1 (0.03), has 
contributed to better solutions, especially in the TSP instances examined in 
this research. In future research, the paper could be extended by conducting 
comparative analyses between GA and other optimization methods, such as 
Particle Swarm Optimization (PSO), Simulated Annealing (SA), or Ant 
Colony Optimization (ACO), to investigate the performance of various 
applied metaheuristics. 
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1. Introduction 

The Travelling Salesman Problem (TSP) is a classic combinatorial optimization problem that has a wide range of 
real-world applications [1, 2]. TSP as an NP-hard problem requires finding the most efficient route that visits a 
collection of cities exactly once and returns to the origin while minimizing the total distance traveled and 
computational time [3]. In the context of the TSP, instances are specific problem scenarios or datasets that define 
the cities and the distances between them [4]. These instances are used to test and compare the performance of 
algorithms. As the number of cities increases, it becomes computationally difficult to solve the TSP and traditional 
algorithms may struggle to discover optimal or near-optimal solutions in a reasonable amount of time [5].  

According to [6], many metaheuristics techniques for solving approximate solutions have been born in 
succession to better solve the TSP of large search space such as genetic algorithm (GA), ant colony optimization 
(ACO), particle swarm optimization (PSO), tabu search (TS), and simulated annealing (SA). So, GA has been chosen 
and applied in this study because due to past research, GA has been effectively used to solve numerous 
optimization problems including complex TSP due to its broad application since it is a population-based technique 
where the algorithm is inspired by natural selection that uses reproduction, mutation, and selection to find near-
optimal solutions to a problem in reasonable time [7, 8]. Since this study involves small to large datasets, Integer 
Linear Programming (ILP) is not suitable because it will take longer time consumption for large datasets to obtain 
optimal solutions for the complex problem size [9]. In the setting of TSP, a population of candidate solutions 
(individual routes) evolves over generations, with the fittest individuals, representing shorter routes, being more 
likely to pass on their genetic material to the next generation [10].  

Additionally, parameter tuning with genetic algorithms (GAs) proves to be an efficient method for enhancing 
the performance of TSP solvers across a wide range of instances, as many researchers have successfully proposed 
improvements to GA approaches [11]. Therefore, the effectiveness of GAs in solving TSP is strongly dependent on 
the appropriate tuning of algorithmic parameters. That is why, it is important to consider the determination of 
parameter values including population size, crossover rate, mutation, and termination criteria to balance between 
exploration and exploitation while ensuring that the algorithm efficiently converges to a high-quality solution. 
Further, many researchers in the previous studies have made various comparisons of metaheuristic approaches 
such as Genetic Algorithm (GA) and Ant Colony Optimization (ACO), Simulated Annealing (SA) and ACO and 
Particle Swarm Optimization (PSO), and ACO to find the best solution of the TSP instances [12, 13]. Then, the 
impact of parameter values becomes more obvious when dealing with TSP instances of varying sizes due to the 
complexity of the instances while smaller instances may necessitate different parameter settings than larger 
instances due to changes in the search space and solution difficulty. Thus, adopting a one-size-fits-all approach to 
parameter tuning may not be optimal across diverse TSP instances. xx Other previous studies were done in using 
forecasting method with the statistics technique in worldwide according to various fields of studies [14, 15, 16, 
17]. 

Moreover, the objectives of this study are to analyse the effect of varying population sizes and number of 
generations on the performance of the GA for solving the TSP across various instance sizes. Next, to determine the 
optimal combination of crossover and mutation rates (CMR) that result in minimized travel distance for four TSP 
instances at a fixed population size and number of generations. Lastly, to compare the performance of optimal 
parameters obtained from this study with a common approach by previous studies for different TSP instances. 
This paper will discover the impact of parameter tuning on the performance of GA to obtain the lowest travel 
length and computational time across four TSP instances that have not been used in previous research [18]. 
Besides, this research is helpful to real-world applications because it offers effective, scalable, and flexible 
solutions to challenging optimization problems. The contribution of approaches applied in the real world will 
enhance decision-making, save costs, and enhance efficiency in various fields including logistics, finance, 
engineering, transportation, manufacturing, healthcare, and many other fields where optimizing resource 
utilization and minimizing costs is crucial.  

2. Methodology 

2.1 Dataset Selection 

In this study, four TSP instance datasets, namely dantzig42, xqf131, xit1083, and djb2036, have been taken from 
the Traveling Salesman Problem library (TSPLIB) retrieved from 
https://people.sc.fsu.edu/~jburkardt/datasets/tsp/tsp.html and a very large-scale integration dataset (VLSI) 
retrieved from https://www.math.uwaterloo.ca/tsp/vlsi/ to represent diverse problem complexities. The 
number associated with the TSP name refers to the number of cities contained in each instance. Table 1 shows the 
summary of instances used. 
 

Table 1 Summary of instances used by Genetic Algorithm 
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Instance dantzig42 xqf131 xit1083 djb2036 

Source TSPLIB VLSI Dataset VLSI Dataset VLSI Dataset 

Number of datasets 42 cities 131 cities 1083 cities 2036 cities 

 

2.2 Genetic Algorithm Operation Process 

In GA, chromosome representation, fitness selection, and biologically inspired operators are essential for locating 
optimal solutions [19]. Table 2 shows the analogy of GA terminology to nature. 

Table 2 Analogy of AG terminology to nature 

Nature GA 

Chromosome String 

Gene Character 

Locus String position 

Genotype Population 

Phenotype Decoded structure 

2.3 Initial Population 

The initial of the GA for general basis outline, a population is created by generating and encoding n random sets 
of solutions into chromosomes using real-coded representations. The population size is determined by the user 
of the application. To avoid repeating cities, a list of ordered city numbers is randomly generated. For example, 
there are 8 cities in a certain area [20], and the chromosome representation is shown in Table 3. 

Table 3 Example of chromosome representation 

 
2 3 1 5 6 4 8 7 

 
Based on Table 3, the path of this chromosome is 2→3→1→5→6→4→8→7 which shows that the salesman 

traveled from city 2 to city 3 until city 7. 

2.4  Fitness Evaluation 

TSP, as it is known, seeks to find a route that travels between each city exactly once and eventually returns to the 
starting city. The distance between cities is a crucial factor in determining the fitness or quality of a potential 
solution in the GA. The formula is shown in eq. (1).  
 

 
(1) 

where: 
 i = 1, 2,3, . . . n 

Di = Distance between cities   
 x = x – coordinate of the cities in the map 
 y = y – coordinate of the cities in the map 
 

Next, fitness evaluation aims to minimize distance. So, the fitness function will be used as a solution evaluation 
in TSP by calculating the total distance of the visit represented by the chromosome. The formula is shown in eq. 
(2).  
 

 
 

 
(2) 

where:  
  n  = Number of population size 
  Di = Distance between cities   

Fitness = 
1

∑𝑖=1
𝑛 𝐷𝑖
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As a result, chromosomes with shorter distances for visits will have higher fitness values, thereby increasing 
their chances of being selected as parents. 

2.5  Selection Operator 

During the selection stage, the selection operator of GA identifies individuals with desirable traits, which leads to 
better solutions. The purpose of selection is to prioritize individuals with higher fitness values with the 
expectation that their offspring will inherit beneficial traits and improved fitness values. Elitism is a technique 
that involves initially replicating a select number of the highest-scoring chromosomes into the new population 
before proceeding to generate the remaining population. Through elitist selection according to [21], the GA 
preserves the best solutions, preventing the loss of valuable genetic material. Figure 1 below shows the Elitism 
steps after fitness values are obtained in the fitness evaluation section. 
 
 
 
 
 
 
 
 

 
 

Fig. 1 Example of Elitism operator [17] 

2.6 Crossover Operator 

In this stage, regarding the TSP, the crossover operator is commonly employed to exchange genetic information 
between two parent individuals. This exchange results in the creation of one or more offspring, with genetic 
information representing the order or sequence of cities visited during the TSP tour [22]. Order crossover (OX) is 
the common crossover operator used for TSP and the example is as follows: 

Let: Parent 1: [1,3,2,4,5] 
  Parent 2: [5,2,3,1,4] 
Step 1:A subset of cities are randomly selected from one parent. For example, select the subset between positions 
2 and 4. 

Let: Subset of Parent 1: [3,2,4] 
  Subset of Parent 2: [2,3,1] 
Step 2: Generate an offspring by keeping the same order of selected subsets from Parent 1 and Parent 2. 
  Offspring 1: [ _,3,2,4, _] 
  Offspring 2: [ _,2,3,1, _] 
Step 3:Complete the remaining cities in the offspring by following the order of the cities from the other parent, 
ensuring that no cities are repeated. 
  Completed Offspring 1 based on Parent 2 order: [ 5,3,2,4,1]  
  Completed Offspring 2 based on Parent 1 order: [4,2,3,1,5] 
The Order Crossover operator allows for the exchange of genetic algorithms between parents by keeping the 
certain order characteristics of each parent’s path.   

2.7  Mutation Operator 

The mutation process involves the use of exchange techniques called swap mutation, where two random points 
(position of cities) in the chromosome are selected, and the elements corresponding to those points are exchanged 
with each other [23]. Fig. 2 provides an illustrative example of this mutation operator. 
 

 
 
 
 
 
 

Fig. 2 Example of mutation operator [19] 

 

 

 

 

 

 

 

 

 

 

 

 

 

The fitness values are used to sort the population in ascending 

order. The sort function is used to obtain the indices (elite_idx) that 

would sort the fitness values. 

 

A portion of the individuals with the best fitness values is 

selected to be part of the elite group. In this case, the top 10% of 

the population (rounded) is considered elite. 

 

The remaining individuals for the next generation are selected 

randomly from the elite group. This helps maintain diversity 

and introduces a stochastic element to the selection process. 

Step 1: Sorting Individuals 

Step 3: Random Selecting from Elite 

Group 

Step 2: Selecting Elite Individuals 
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2.8  Termination Condition 

The decision to stop the algorithm is based on reaching the specified generation limit. Once this limit is reached, 
the algorithm is terminated. In this study, the generation limits used are 250, 500, and 750, with 10 repeated runs 
for each parameter tuning. Throughout the process, the distances between the tours and the computer's runtimes 
are carefully observed and recorded as the best distance along with the run time obtained respectively among the 
10 repeated runs. 

2.9 Flowchart of Research Framework 

Fig. 3 is a visual representation of the completion process observed throughout this research. The figure illustrates 
outcomes, providing a comprehensive overview of the study's progression. 
 
 
 
 

 

 

 

 

 

 

 

 

 

Fig. 3 Flowchart of Research Framework 

2.10 Flowchart of Genetic Algorithm Process 

Fig. 4 is a visual representation of the steps involved in the Genetic Algorithm (GA). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4 Flowchart of Genetic Algorithm (GA) [11] 
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2.11 Parameter Tuning 

Parameter tuning involves adjusting algorithm settings to improve its effectiveness in finding the best path. This 
adjustment includes using various genetic operators, such as different selection methods like Tournament and 
Ranking selection. Therefore, parameter tuning ensures that the algorithm performs well for different types and 
sizes of TSP problems. In this study, parameter tuning was performed by employing various parameter values in 
the GA with specific genetics operators such as Elitism selection, Order crossover (OX), and swap mutation. Table 
4 shows the parameter values used in Genetic Algorithm. 

Table 4 Parameter values used in Genetic Algorithm 

Parameter Value 

Number of cities 42, 131, 1083, 2036 

Population size 20, 40, 60, 80 and 100 

Number of iterations 250, 500, 750 

Selection method Elitism 

Crossover rate 0.7, 0.8 and 0.9 

Mutation rate 0.01, 0.02, 0.4 and 0.5 

2.12 Flowchart of Parameter Tuning 

Fig. 5 is a visual representation of the steps involved in the experiment of parameter tuning. 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 5 Flowchart of Parameter Tuning 

3. Results and Discussion 

3.1 Experiments of TSP Instances  

In this study, the experimental codes were developed using MATLAB R2023b software. The initial phase of the 
experiment involved utilizing the TSP instance of dantzig42, which comprises 42 cities. Overall, there are four sets 
of experiments and each experimental set consisted of four test phases. Then, the initial test applied the elitism 
selection method with fixed parameters of 750 generations, a crossover rate of 0.9, and a mutation rate of 0.01 
with population size varied within a range from 20 to 100 in increments of 20. The results from 10 repeated runs 
for each population size were collected, and the lowest traveled distance was recorded as the best distance. 
Consequently, the population size of 100 which was associated with the shortest travel length value for these 42 
cities will be held constant in the subsequent experiment. This experiment aims to analyze the impact of varying 
population sizes on the performance of the GA in solving the TSP across instances of different sizes. 

Next, the testing phase proceeded by keeping other parameter values constant, while the number of 
generations varied specifically, at 250, 500, and 750. The recorded results followed the same steps as the previous 
experiment. As a result, 750 generations will be held constant in the subsequent experiment, which involves the 
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combination of crossover and mutation rates (CMR). The aim is to explore how changes in the number of 
generations influence the efficiency of the GA when solving the TSP across various instance sizes. 

Then, the experiment was conducted by testing varying crossover rates at a fixed mutation rate of 0.01, and 
other parameter values were held constant as employed in the previous tests. The method of recording results 
remained the same. Thus, the crossover rate of 0.9 appears to be the optimal value for finding the shortest travel 
distance and computational time. The final test in this set of experiments involves observing varying mutation 
rates. Hence, the result obtained shows that the mutation rate of 0.01 is deemed to be the optimal parameter value 
for this particular instance of 42 cities. The experiment was repeated for the remaining three TSP instances 
consisting of 131, 1083, and 2036 cities. 

3.2 Result of Parameter Tuning 

The table below represents the results of near-optimal travel length and computational time for each parameter 
tuning in the previous experiments for different sizes of TSP instances. 

3.3  Population size 

Table 5 Variations of population sizes at fixed generations = 750 and CMR (0.9, 0.01)  

Pop. 
Size 

42 cities 131 cities 1083 cities 2036 cities 

Distance Time (s) Distance Time (s) Distance Time (s) Distance Time (s) 

20 2446.58 1.20 4077.75 1.87 81551.1 2.07 201279.9 4.84 

40 2382.67 2.40 3584.55 3.63 79536 3.80 200675.9 6.09 

60 2382.67 3.09 3390.69 4.82 80141.5 5.57 200421.2 9.44 

80 2332.08 4.13 3467.6 5.92 79536 7.78 185771.6 11.61 

100 2215.75 5.07 3380.7 6.83 79688.2 9.61 185479.7 16.94 

The population size of 100 with 750 generations shows a consistent trend across all instances that have been 
tested. Based on the obtained results, a larger population size of 100 with 750 generations tends to produce better 
solutions compared to the smaller population size across different sizes of TSP instances used in this study. This 
is because it provides a more diverse set of potential solutions, allowing the algorithm to explore a broader portion 
of the solution space. Such diversity can aid in discovering a wider range of potential solutions, thereby increasing 
the chances of finding a global optimum. However, the time required tends to increase with population size, which 
is expected because the algorithm might require more computational time to converge. 

3.4  Number of Generations 

Table 6 Variations of generation number at fixed pop. size = 100 and CMR (0.9, 0.01)  

Generation 42 cities 131 cities 1083 cities 2036 cities 
Distance Time (s) Distance Time (s) Distance Time (s) Distance Time (s) 

250 2860.99 1.79 3472.34 2.04 85939.9 3.34 194821 5.32 

500 2382.67 3.59 3464.4 3.77 84622.9 6.64 193648.5 11.54 

750 2215.75 5.07 3337.46 5.97 79688.2 9.61 185479.7 16.94 

Similarly, a larger generation number also obtained the optimal solution of the best distance across different 
sizes of TSP instances. This is because a higher number of generations allows the algorithm more time for both 
exploration and exploitation. If the generation number is too small, it may lead the algorithm to converge early. 
When the algorithm reaches a point, it no longer explores new solutions and tends to settle on a suboptimal 
solution. Therefore, the balance between exploration and exploitation is crucial for finding optimal solutions. 

3.5  Crossover Rate 

Table 7 Variations of crossover rate at fixed mutation = 0.01, pop. size = 100 and generation = 750 

Crossover 42 cities 131 cities 1083 cities 2036 cities 
Distance Time (s) Distance Time (s) Distance Time (s) Distance Time (s) 

0.7 2101.77 5.20 3494.49 6.38 85464.2 9.51 184321.3 15.27 

0.8 2156.98 5.33 3464.31 6.07 85939.6 9.91 210900.3 15.31 

0.9 2078.89 5.65 3337.46 5.97 79688.2 9.61 185479.7 16.94 
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Besides, the crossover rate varies across instances as shown in Table 7 where only the instance of 2036 cities use 
a crossover rate of 0.7 while other instances such as 42, 131, and 1083 cities have the same value crossover rate 
of 0.9. Generally, higher crossover rates such as 0.9 encourage more exploration of the solution space. In the case 
of 2036 cities, the crossover rate to achieve the best travel distance is 0.7, which is lower than in other instances. 

3.6  Mutation Rate 

Table 8 (a) Variations of mutation rate at fixed crossover = 0.9, pop. size = 100 and generation = 750 

Mutation 42 cities 131 cities 1083 
Distance Time (s) Distance Time (s) Distance Time (s) 

0.01 2078.89 5.65 3337.46 5.97 79688.2 9.61 

0.02 2382.67 6.65 3636.9 5.79 80489.2 10.45 

0.4 2860.99 6.86 4496.53 5.55 79769.7 9.97 

0.5 2471.93 5.38 5178.99 5.36 80201.8 11.10 

Table 8 (b) Variations of mutation rate at fixed crossover = 0.7, pop. size = 100 and generation = 750 

Mutation 2036 cities 
Distance Time (s) 

0.01 184321.3 15.27 

0.02 205151.3 15.40 

0.4 184321.3 16.87 

0.5 190542.7 16.32 

Furthermore, the mutation rate appears to have a similar value of 0.01 for all TSP instances indicating the 
likelihood of producing a favourable solution. The optimal combination value of crossover and mutation rates 
(CMR) was determined for minimizing travel distance at a fixed population size of 100 and 750 generations which 
is CMR (0.9, 0.01) for TSP instances of 42, 131, and 1083 cities while CMR (0.7, 0.01) was found to be optimal for 
2036 cities. The difference in crossover value may be attributed to the importance of maintaining diversity in the 
population, as it is crucial to avoid premature convergence. Hence, a crossover rate of 0.7 may strike a better 
balance by allowing for sufficient exploration and preventing the loss of diversity, ultimately leading to the 
discovery of better solutions for this 2036 instance.  

In contrast, smaller instances such as 42 cities with higher crossover and mutation rates (CMR = 0.9, 0.01) 
may benefit from a more explorative approach to efficiently search the solution space and find optimal solutions 
since it is a small dataset. Additionally, GA can be effective for solving large-size TSP instances such as 1083 and 
2036 cities, but their performance depends on various factors, including the specific characteristics of the problem 
and the chosen algorithm parameters.  

3.7 Summary of Optimal Parameter Values 

Table 9 Summary of optimal values across TSP instances using GA 

Parameter 42 cities 131 cities 1083 2036 cities 

Population size 100 100 100 100 

Number of generations 750 750 750 750 

Crossover rate 0.9 0.9 0.9 0.7 

Mutation rate 0.01 0.01 0.01 0.01 

Table 9 shows a summary of optimal parameter values obtained from the experiment. Note that the experiment 
was conducted by taking the ten readings of the travel length when testing each parameter for population size, 
number of generations, crossover rate, and mutation rate. Then, the best distance obtained, which is the shortest 
tour is selected from those ten values and recorded in the table for each parameter being tested. 

To further explore the influence of parameter choices, an additional experiment was conducted. This 
experiment involved comparing the results obtained using the common approach of a crossover rate of 0.9 and a 
mutation rate of 0.03, shedding light on how this standard configuration compares with the varying parameter 
settings observed in the initial experiments. 
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3.8 Comparison of Common Approach with Optimal Parameter 

As shown in Table 10, a common approach is labeled as CMR 1 (0.9, 0.03), while the optimal approach, with two 
set values which are (0.9, 0.01) and (0.7, 0.01), is labeled as CMR 2. 

Table 10 Parameter configurations for various TSP instances 

 Instances Value (Crossover, Mutation) Note 

CMR 1 

42 

(0.9, 0.03) 
Common 
Approach 

[11] 

131 

1083 

2036 

CMR 2 

42 

(0.9, 0.01) Optimal 
Parameter 

131 

1083 

2036 (0.7, 0.01) 

 
Another experiment was conducted, and Table 11 represents the comparison of the results obtained for CMR 

1 and CMR 2.  

Table 11 Comparison of the results obtained by different combinations of CMR 

Instance 
CMR 1 CMR 2 

Best Distance Total Time (s) Best Distance Total Time (s) 
42 2471.93 5.94 2078.89 5.65 

131 3323.19 5.68 3337.46 5.97 

1083 79542.19 10.91 79535.99 10.20 

2036 190542.65 19.34 184321.31 15.27 

 
 
 
 

                        

 

 

 

 

 

 

 

Fig. 6 (a) Best distance of CMR; (b) Total time (s) of CMR 

Based on Fig. 6 (a), the analysis reveals minimal variation in the best distances achieved by CMR 1 and CMR 2 
as illustrated in the graph. Nevertheless, CMR 2 (0.9, 0.01) consistently exhibits superior performance over CMR 
1 (0.9, 0.03), especially in minimizing travel distance and total time, with significant advantages observed in 
instances of 42 and 1083 cities. However, this performance difference is not uniform across all instances, where 
CMR 1 has a slight advantage in an instance of 131 cities. This variation may be attributed to the specific 
characteristics of the instance, including potential differences in the geometrical arrangement of cities, the 
distance between each city, and the complexity of the solution space. Therefore, the specific arrangement of cities 
or the nature of the TSP instance of 131 might favour the exploration strategy employed by CMR 1. Besides, this 
difference also could be attributed to algorithm sensitivity, where the chosen operators, such as Order Crossover 
(OX) and swap mutation, can be highly sensitive to the choice of parameters. Thus, CMR 1 may be more suitable 
for the characteristics of this instance.  
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Furthermore, in the case of instance 2036, CMR 2 (crossover rate: 0.7, mutation rate: 0.01) outperformed CMR 
1 (crossover rate: 0.9, mutation rate: 0.03) in both achieving a lower travel distance (Figure 6 (a)) and completing 
the optimization process in less time (Figure 6 (b)). This implies that, for this specific instance, the combination 
parameters of CMR 2 prove more effective than those of CMR 1. A lower crossover rate, as observed in CMR 2, may 
be attributed to the importance of maintaining diversity in the population, as it is crucial to avoid premature 
convergence. Hence, a crossover rate of 0.7 may strike a better balance by allowing for sufficient exploration and 
preventing the loss of diversity, ultimately leading to the discovery of better solutions for the TSP with 2036 cities. 
Conversely, a lower mutation rate can contribute to a more focused and refined exploitation, potentially 
preventing premature convergence to suboptimal solutions. It allows the algorithm to exploit different 
possibilities without introducing excessive randomness. This suggests that, for this specific problem size 
containing 2036 cities, striking a balance between exploration (lower crossover) and exploitation (lower 
mutation) is crucial, and CMR 2 strikes a better balance for this instance compared to CMR 1. 

4. Conclusion 

This paper analyzes how parameter tuning affects the performance of a GA to obtain the lowest travel length and 
computational time across four TSP instances that have not been used in previous research. The GA operators 
used in this study are Elitism selection, order crossover, and swap mutation operators. Four sets of experiments 
were conducted, with each set consisting of four phases of testing. The experiments were repeated for the 
remaining TSP instances.  

The first objective has been successfully observed in Sections 3.2.1 and 3.2.2 which aim to study the effect of 
varying population sizes and number of generations on the performance of the GA in solving the TSP across 
various instance sizes. The results indicate that a population size of 100 was found to yield the best distance, 
indicating the lowest travel length across TSP instances. This is because a larger population size increases the 
diversity of solutions within a population. Despite this, a small population size may lead the algorithm to converge 
prematurely to suboptimal solutions. Next, each TSP instance being tested shows that the optimal number of 
generations yields the best distance at 750 generations as the algorithm has more opportunities to evolve and 
improve the solutions iteratively with more generations. 

Secondly, the optimal combination value of crossover and mutation rates (CMR) was determined in Section 
3.3 for minimizing travel distance at a fixed population size of 100 and 750 generations which is CMR (0.9, 0.01) 
for TSP instances of 42, 131, and 1083 cities while CMR (0.7, 0.01) was found to be optimal values for 2036 cities. 
The difference in crossover value may be attributed to the importance of maintaining diversity in the population, 
as it is crucial to avoid premature convergence. Hence, a crossover rate of 0.7 may strike a better balance by 
allowing for sufficient exploration and preventing the loss of diversity, ultimately leading to the discovery of better 
solutions for the 2036 instance.  

Lastly, the performance comparison between optimal parameter values with a common approach is observed 
in Section 3.4. The results indicate that the optimal approach of CMR 2 (0.9, 0.01, and 0.7, 0.01) tends to 
outperform the common approach used of CMR 1 (0.9, 0.03) in terms of minimizing travel distance and 
computational time in this study. So, the results can be used to verify the hypothesis that a high crossover rate 
contributes to an increased accuracy score of the algorithm with a lower mutation rate (0.9, 0.01), while a reduced 
crossover rate may lead to an early convergence of the algorithm, particularly as large instances demonstrate the 
capability to identify the optimal travel distance. Hence, it may strike a better balance by allowing for sufficient 
exploration when a lower crossover is combined with lower mutation rates (0.7, 0.01) for the large instances of 
2036 cities. Moreover, raising the mutation rate from 0.01 to 0.03 does not necessarily contribute to finding the 
best solution. Thus, the combination of CMR 2 contributes to better solutions in the TSP instances under study 
compared to CMR 1. 

In future research, the paper may be extended by conducting comparative analyses between GA and other 
optimization methods such as Particle Swarm Optimization (PSO), Simulated Annealing (SA), or Ant Colony 
Optimization (ACO). Furthermore, hybrid approaches that combine the strengths of different optimization 
methods could be investigated to determine whether they yield improved results. Comparative studies across a 
diverse set of optimization algorithms and hybrid approaches would guide practitioners in selecting the most 
suitable method for specific problem instances. 
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