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ABSTRACT
Tuning evolutionary algorithms is a persistent challenge in the
field of evolutionary computing. The efficiency of an evolutionary
algorithm relates to the coding of the algorithm, the design of the
evolutionary operators and the parameter settings for evolution.
In this paper, we explore the effect of tuning the operators and parameters of a genetic algorithm for solving the Traveling Salesman
Problem using Design of Experiments theory. Small scale problems
are solved with specific settings of parameters including population
size, crossover rate, mutation rate and the extent of elitism. Good
values of the parameters suggested by the experiments are used
to solve large scale problems. Computational tests show that the
parameters selected by this process result in improved performance
both in the quality of results obtained and the convergence rate
when compared with untuned parameter settings.

CCS CONCEPTS
• General and reference → Performance; Experimentation; •
Computing methodologies → Concurrent algorithms; Combinatorial algorithms;

KEYWORDS
Genetic Algorithm, Tuning Parameters, Design of Experiments
ACM Reference Format:
Mohsen Mosayebi and Manbir Sodhi. 2020. Tuning Genetic Algorithm Parameters using Design of Experiments. In Genetic and Evolutionary Computation Conference Companion (GECCO ’20 Companion), July 8–12, 2020,
Cancún, Mexico. ACM, New York, NY, USA, 8 pages. https://doi.org/10.1145/
3377929.3398136

1

INTRODUCTION

Genetic Algorithms (𝐺𝐴) are random search algorithms based on
evolutionary principles, introduced by Holland [21] and developed
by Goldberg [15]. 𝐺𝐴s have been used for solving many NP-hard
combinatorial optimization problems [25, 43]. Evolutionary computing (𝐸𝐶) specialists all acknowledge that good parameter values
are essential for efficient evolutionary algorithms (𝐸𝐴), and 𝐺𝐴 is
not an exception, but in practice parameters are mostly selected by
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Figure 1: A framework of 𝐺𝐴 parameters.

the implementer’s expertise and conventions in which crossover is
high and mutation is low [9, 22, 44]. The parameters are detailed in
figure 1 and categorised as follows:
1) The performance of a 𝐺𝐴 is greatly affected by the settings of
parameters such as the mutation rate, the cross over rate, population
size, elitism rate (parent rate) etc. Determining good parameter
values in advanced is referred to as the parameter tuning problem.
2) To achieve (near-) optimal solutions, the algorithm may use
different values of parameters in different stages of the algorithm.
The strategy by which this change is controlled is known as the
parameter control problem.
3) The same 𝐺𝐴 algorithm can be coded in different ways, and
these can affect the performance considerably. For example, some
𝐺𝐴s can be coded for parallel programming, whilst others are difficult to parallelize. Another fixed parameter that can make a significant difference is genome coding, and this is also a design parameter.
Other factors that may have an impact include objective selection,
termination conditions etc.
The tuning problem seeks settings for static parameters, while
the control problem searches for a strategy to dynamically generate parameter settings. The control parameter procedures improve
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Table 1: 10 most recent 𝐺𝐴 related papers and reviewing the tuning parameters explanation
Author

Population

Crossover-rate

Mutation-rate

Termination

Abbasi [1]
Ahmed [2]
Alzyadat [4]
Ha [17]
Hariyadi et al. [18]
Jiang [20]
Koohestani [24]
Mousakazemi [32]
Paul [35]
Thanh [46]

1024-16384
50
80-100
60
N/A
100
500
30
N/A
100

0.8
1
N/A
N/A
0.25
N/A
1
0.7
N/A
0.9

0.02
0.09
N/A
N/A
0.2
N/A
0
0.2
N/A
1/Nodes

N/A
Iteration
Iteration
Iteration
No-improvement
Iteration
N/A
N/A
N/A
Iteration

the 𝐺𝐴 performance by using real time data to change parameter settings for the run in progress. Static parameter tuning for
initializing the algorithm is also important for this gives a good
starting point for the control procedures to continue improvements
from. The design parameter problem relates to decisions that an
algorithm designer makes. As an example, developers may have
different interpretations of the cycle crossover operator - some
designers implementations of cycle crossovers with a parent and
its position [34], while the others may use two parents for cycle
crossover [14]. These design decisions can impact the performance
of the 𝐺𝐴 significantly.
A review of ten papers reporting the use of genetic algorithms for
solving different problems, and published in 2020, is summarized
in Table 1. Except for Mousakazemi [32], who used the proportional–integral–derivative (𝑃𝐼𝐷) controller, the others have not
explained how the parameters were tuned and the rationale for
selecting the ranges used for their parameters. [1, 2, 4, 7, 17, 18, 20,
24, 35, 46]. In this paper, we propose a systematic approach based
on well established Design of Experiments methods for determining
the settings of parameters for a 𝐺𝐴 for solving 𝑇 𝑆𝑃s.
Many parameter tuning methods [9, 38, 44], operator selection
approaches [19, 29], and parameter control methods [8, 22, 32] have
been reported over the past several decades. However, most have
analyzed the effect of the parameter values on the objective function
independently. There are some efforts to use design of experiments
for evolutionary algorithm such as ant colony algorithm [40], genetic algorithm for scheduling problem [5], and vehicle routing
problem with backhauls[42]. They just focused on the parameter
values. In this paper we use the design of experiments, specifically
general full factorial design, with small scale 𝐺𝐴 runs to analyze not
only the effect of each parameter and operator but also the effects
of the interactions between the parameters and operators. We then
test the effect of the chosen parameter values and operators with
large scale runs to evaluate the efficiency of this tuning.
Genetic Improvement (GI ) utilizes automated search to evaluate
software variations in order to find one that improves the criteria
while preserves the desired properties [36]. The improved version
of the software should behave identically to the previous version
but is better because, for instance: it executes faster [27], with less
memory [49], and less energy [6]. Although we have selected a
well-known example, the TSP, to show the advantageous effect

Focuses
A parallelizable 𝐺𝐴
A new crossover operator
Static and dynamic crossover
dynamic population
Hybrid 𝐺𝐴 and 𝐴𝐼
Hybrid models of 𝐺𝐴 and 𝐴𝐶
A new crossover operator
𝑃𝐼𝐷 parameter control
Comparing the crossovers
Two new crossovers

of parameter tuning in advance, the goal of this paper is to show
how parameter settings based on DOE and pilot runs improve the
performance of genetic algorithms, and the GI is not an exception.
So, using a small-scale sample set to analyze the properties of a GI
algorithm and searching for good initial parameter settings will
improve the GI performance in both the speed and power.
The remaining parts of this paper are organized as follows: Section 2 details the methodology including the Design of Experiments
approach. The results of the pilot runs for small scale problem and
parameter values presented in Section 3. Computational results obtained from large scale runs using parameters prescribed in Section
4, followed by a conclusion in Section 5.

2

METHODOLOGY

Generally, 𝐺𝐴 generates a set of solutions called population of individuals (chromosomes) that are evaluated by a fitness function.
After evaluating all individuals, parents are selected and a crossover
mechanism is applied to obtain a new generation of offspring. A
mutation function is also applied in order to preserve diversification
(variation of genotypes) in the population. In the context of using
𝐺𝐴’s for solving 𝑇 𝑆𝑃s, a great deal of effort has been invested in developing new operators to improve the solution performance. Some
of the operators developed include Edge Recombination Crossover
(ERX) [48] , Order Based Crossover (OX2) [48], Distance Preserving
Crossover (DPX) [13], Partially Mapped Crossover (PMX) [16], Improved PMX (IPMX) [24], Partition Crossover (PX) [48], Maximal
Preservative Crossover (MPX) [33], Adaptive Sequential Constructive Crossover [2], ODV-based crossover operator [35], as well as different mutation operators such as Scramble mutation (SM) [45], Inversion mutation (IVM) [12], Insertion Mutation (ISM) [11], Greedy
Sub-Tour Mutation (GSTM) [3].
Eiben and Smit [9] distinguished between operator design/ selection and value setting. The choice of operators is an integer
choice, whereas the parameter values can be real values in IR such
as crossover rate (𝑝𝑐 ), which can be 𝑝𝑐 ∈ [0, 1]. Optimization methods can be used to find best values for continuously varying parameters, but for operator selection, the only option for exhaustive
evaluation is enumeration . Different approaches for tuning parameters have been developed such as Taguchi Orthogonal Arrays [41],
ANOVA [26], Racing [37], Meta-𝐺𝐴 + Racing [50], REVAC [47], and
F-RACE [47] (see [44] P 75).
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Table 2: DOE factors and their levels
Parameter
Crossover operator
Mutation operator
Population rate
Parent rate
Crossover rate
Mutation rate

level 1

level 2

Level3

1-Point
Inversion
10
0.7
0.4
0.05

2-Point
Swap
20
0.9
0.6
0.1

Cycle
-

Many researchers have tried to compare the effectiveness of
operators used in Genetic Algorithms [4, 28, 34]. This is difficult,
even for the same problem type, because of differences between the
coding approaches and the hardware involved. While the quality
of the solutions for test problems can be evaluated across different
approaches, the solution times and iterations are not comparable.
When faced with a new problem type, guidance from past problems
is not easily applicable. Operators have to be reviewed and adapted
for new problem types. Finding a good range of initial values for
common parameters, such as population size, mutation rate etc.
is crucial. This paper consider the 𝑇 𝑆𝑃 problem as an example
to show the effect of tuning on operators, operator values, and
design parameters. In this regard, we select three famous crossover
operators: 1-point, 2-point [28], and Cycle crossover [14]; and two
mutation operators: Inversion mutation and Swap mutation [10].
Also, we use the relative population rate to generate the population
size as a fixed value in design parameters.
This paper considers two population sizes: 10 and 20 time the
number of nodes in the 𝑇 𝑆𝑃. Most 𝑇 𝑆𝑃 implementations consider
the elitism rate for 𝐺𝐴 operators to be between 0.5 and 1.0. When
the mutation rate is low, it is recommended that the crossover rate
be high [9, 44]. In addition, the operators may create the offspring
that are completely the same as one or some of the current members
in the population. Duplicates must be removed, either after each
iteration, or, for efficiencies sake, after a certain number of unimproved generations. The number of generations between removal
of duplicates can be considered a design parameter that affects the
solution but it is not a conventional parameter of the 𝐺𝐴.
Design of experiments (𝐷𝑂𝐸) methodology is a systematic method
for experimental data analysis that ranges from a full factorial approach to a fractional factorial design. For all parameters of interest,
different operating levels are first identified. It is recommended
that these be two to three levels only, although uniform Latin Hypercube designs work on multiple levels of parameters in many
dimensions. A full factorial design uses all combinations of the
the parameters at different levels, whereas a fractional factorial
selects a subset of level combinations. The goal of the design is to
evaluate the effects and interactions of the parameters to determine
the statistical significance of the main and interaction effects of
parameters. In general, experiments are designed by adopting an
orthogonal array from which experimental runs will be determined
aiming at the specific results [23].
In order to find the efficient combination of the parameters and
their values for using a 𝐺𝐴 to solve a𝑇 𝑆𝑃, an experiment is designed
using 6 parameters, listed in Table 2 along with the level settings.
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Because the execution time for 𝐺𝐴 heuristics for small problems
is short, a full factorial design is used as opposed to a fractional
factorial design. Also, ten replications are used for each setting,
result in a total of 960 (3 ∗ 2 ∗ 2 ∗ 2 ∗ 2 ∗ 2 ∗ 5 = 960) runs. The results
are analyzed using Minitab 17.0 [30]. The termination condition
used for all runs is when there is no improvement of the fitness
value for a set number of generations, and this parameter was set
to 30. The value of this parameter is a design parameter that can
affect the quality of the objective function.

3

DESIGN OF EXPERIMENT RESULTS

As a test problem, gr17 from the well known 𝑇 𝑆𝑃𝐿𝐼𝐵 problems [39]
has been used for the pilot runs. The optimum solution for gr17
is 2085 units. Based on the results from the runs, Minitab determines the regression equation (1) relating the fitness value to the
parameters. We show only the coefficients that exceed a value of
3.00 for brevity. Note, the sum of the coefficients of each parameter
or combination of parameters totals zero, and the reader is referred
to [31] for further discussion. Equation (1) shows the effect of the
population rate (36.37) is much larger than the other coefficients.
The implication of this is that keeping the population rate to 20 as
opposed to 10 results in a much greater improvement in the objective function. The mutation operator coefficient (27.25) is second
highest in value, and the interpretation in this case is that lower is
better since the objective is to be minimized, and the first mutation
option, i.e. inversion selection is preferred to the swap mutation.
For the crossover operators, three settings are used, and the coefficients for the three levels are -8.31, -6.69 and +15. This indicates
that when the first crossover option (1 point crossover) was used,
the objective improved (reduced), on the average, by 8.31 units, as
compared with an improvement of 6.69 for the second option (2
point crossover) and an increase (detriment) of the objective by 15
for the third level (cycle crossover). Thus, the first for crossovers is
preferred. Based on the remaining coefficients, 90% of the parents
are retained per generation, the mutation rate of 0.1 is preferable
and the crossover rate of 0.6 is recommended.
Figure 2 and 3 present the interactions between the parameters
and the main effect of the responses. In figure 2, the first column
from right shows the interaction between the crossover operators
and the other parameters. In all the graphs of this column, the 1point crossover (operator 1) is shows a better (lower) fitness, and is
therefore the preferred setting. Equation (1) shows the interactions
coefficient between Mutation selection (choice) and Population Rate
is 6.99. Recall, the recommended choice of Mutation selection was
operator 1, and the Population Rate was 2. For this combination,
the effect on the objective is positive, i.e. a deterioration. However,
since the main effects are considerably larger than the interaction
effects, the original choices are retained. A similar discussion can
be proposed for the other parameters and interactions.
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Table 3: General full factorial tuning results
Parameter

tuned level

Crossover operator
Mutation operator
Population rate
Parent rate
Crossover rate
Mutation rate

1-Point
Inversion
20
0.9
0.6
0.1

Table 4: DOE factors with 2 levels
Figure 2: Interaction Plot for results.
Parameter

level 1

level 2

Crossover operator
Population rate
Parent rate
Crossover rate
Mutation rate

1-Point
10
0.9
0.6
0.1

2-Point
20
1.0
0.8
0.3

Figure 3: Main Effects Plot for results.

𝑟𝑒𝑠𝑢𝑙𝑡𝑠 = 2241.71 + 7.82 𝑀𝑟𝑎𝑡𝑒1 − 7.82 𝑀𝑟𝑎𝑡𝑒2
+ 4.39 𝐶𝑟𝑎𝑡𝑒1 − 4.39 𝐶𝑟𝑎𝑡𝑒2
+ 7.96 𝑃𝑎𝑟𝑒𝑛𝑡𝑟𝑎𝑡𝑒1 − 7.96 𝑃𝑎𝑟𝑒𝑛𝑡𝑟𝑎𝑡𝑒2
+ 36.37 𝑃𝑜𝑝𝑟𝑎𝑡𝑒1 − 36.37 𝑃𝑜𝑝𝑟𝑎𝑡𝑒2
− 27.25 𝑀𝑂𝑝𝑒𝑟𝑎𝑡𝑜𝑟 1 + 27.25 𝑀𝑂𝑝𝑒𝑟𝑎𝑡𝑜𝑟 2
− 8.31 𝐶𝑂𝑝𝑒𝑟𝑎𝑡𝑜𝑟 1 − 6.69 𝐶𝑂𝑝𝑒𝑟𝑎𝑡𝑜𝑟 2 + 15.00 𝐶𝑂𝑝𝑒𝑟𝑎𝑡𝑜𝑟 3
+ 6.47 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 1 1 − 6.47 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 1 2
+ 8.08 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 2 1 − 8.08 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 2 2
− 14.55 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 3 1 + 14.55 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 3 2
− 3.65 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 2 1 + 3.65 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 2 2
− 3.00 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑎𝑟𝑒𝑛𝑡𝑟 𝑎𝑡𝑒 1 1 + 3.00 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑎𝑟𝑒𝑛𝑡𝑟 𝑎𝑡𝑒 1 2
+ 5.40 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑎𝑟𝑒𝑛𝑡𝑟 𝑎𝑡𝑒 3 1 − 5.40 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑎𝑟𝑒𝑛𝑡𝑟 𝑎𝑡𝑒 3 2
+ 4.40 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝐶𝑟 𝑎𝑡𝑒 1 1 − 4.40 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝐶𝑟 𝑎𝑡𝑒 1 2
+ 4.78 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑟 𝑎𝑡𝑒 2 1 − 4.78 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑟 𝑎𝑡𝑒 2 2
− 4.78 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑟 𝑎𝑡𝑒 3 1 + 4.78 𝐶𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑀𝑟 𝑎𝑡𝑒 3 2
− 6.99 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 1 1 + 6.99 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 1 2
+ 6.99 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 2 1 − 6.99 𝑀𝑂 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 2 2
+ 6.33 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 ∗ 𝑃𝑎𝑟𝑒𝑛𝑡𝑟 𝑎𝑡𝑒 1 1 − 6.33 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 ∗ 𝑃𝑎𝑟𝑒𝑛𝑡𝑟 𝑎𝑡𝑒 1 2
− 6.33 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 ∗ 𝑃𝑎𝑟𝑒𝑛𝑡𝑟 𝑎𝑡𝑒 2 1 + 6.33 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 ∗ 𝑃𝑎𝑟𝑒𝑛𝑡𝑟 𝑎𝑡𝑒 2 2
+ 4.61 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 ∗ 𝑀𝑟 𝑎𝑡𝑒 1 1 − 4.61 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 ∗ 𝑀𝑟 𝑎𝑡𝑒 1 2
− 4.61 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 ∗ 𝑀𝑟 𝑎𝑡𝑒 2 1 + 4.61 𝑃𝑜𝑝𝑟 𝑎𝑡𝑒 ∗ 𝑀𝑟 𝑎𝑡𝑒 2 2
(1)

Based on the interactions between the parameters and the main
effect of the responses, the higher level of population, parent rate,
crossover rate, and mutation rate with the inversion mutation and 1point crossover result in a better response. Table 3 lists the preferred
values of the tuned parameters.
One may argue that two crossover operators (1-point and 2point) are close, and the third, cycle crossover can be disregarded

Figure 4: Residual Plots for results.

from further investigation. We now design a second experiment
full factorial design with five factors (parameter rate) and 2 levels
for each factor, which is presented in Table 4.
Figure 4 shows the residual plot for results in which the residual
data versus the fitted value and observation well dispersed as is
desired.
Figure 5 shows that the population rate (symbol D); mutation
operator (symbol E); mutation rate (symbol A); and the interaction
between parent rate and population rate (symbol CD); as well as interaction between the mutation rate, population rate, and mutation
operator (symbol ADE) are significant.
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Figure 6: Interaction Plot for results.

Figure 5: Effects Plot for results.

𝑟𝑒𝑠𝑢𝑙𝑡𝑠 = 2194.94 − 4.96 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 − 1 + 4.96 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 1
+
−
−
+

23.05 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 − 1 − 23.05 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 1
6.33 𝑃𝑟 𝑎𝑡𝑒 − 1 + 6.33 𝑃𝑟 𝑎𝑡𝑒 1
0.67 𝐶𝑟 𝑎𝑡𝑒 − 1 + 0.67 𝐶𝑟 𝑎𝑡𝑒 1
18.42 𝑀𝑟 𝑎𝑡𝑒 − 1 − 18.42 𝑀𝑟 𝑎𝑡𝑒 1

Figure 7: Main Effects Plot for results.

− 3.36 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 − 1 − 1 + 3.36 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 − 11
+
+
−
+
−

3.36 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 1 − 1 − 3.36 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 1 1
7.60 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑟 𝑎𝑡𝑒 − 1 − 1 − 7.60 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑟 𝑎𝑡𝑒 − 11
7.60 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑟 𝑎𝑡𝑒 1 − 1 + 7.60 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝑃𝑟 𝑎𝑡𝑒 1 1
3.05 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝐶𝑟 𝑎𝑡𝑒 − 1 − 1 − 3.05 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝐶𝑟 𝑎𝑡𝑒 − 11
3.05 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝐶𝑟 𝑎𝑡𝑒 1 − 1 + 3.05 𝐶𝑜 𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ∗ 𝐶𝑟 𝑎𝑡𝑒 1 1

Table 5: Full factorial tuning results
Parameter

+ 6.60 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 ∗ 𝑃𝑟 𝑎𝑡𝑒 − 1 − 1 − 6.60 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 ∗ 𝑃𝑟 𝑎𝑡𝑒 − 11
− 6.60 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 ∗ 𝑃𝑟 𝑎𝑡𝑒 1 − 1 + 6.60 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 ∗ 𝑃𝑟 𝑎𝑡𝑒 1 1
+ 3.82 𝑃𝑟 𝑎𝑡𝑒 ∗ 𝐶𝑟 𝑎𝑡𝑒 − 1 − 1 − 3.82 𝑃𝑟 𝑎𝑡𝑒 ∗ 𝐶𝑟 𝑎𝑡𝑒 − 11
− 3.82 𝑃𝑟 𝑎𝑡𝑒 ∗ 𝐶𝑟 𝑎𝑡𝑒 1 − 1 + 3.82 𝑃𝑟 𝑎𝑡𝑒 ∗ 𝐶𝑟 𝑎𝑡𝑒 1 1
(2)

tuned level

Crossover operator
Mutation operator
Population rate
Parent rate
Crossover rate
Mutation rate

1-Point
Inversion
20
0.9
0.6
0.3

Table 6: Computational results gr17
Figure 6 and 7 present the interactions between the parameters
and the main effect of the responses. In figure 6, the first column
from left shows the interaction between the mutation rate and the
other parameters. In all graphs the higher mutation rate results in
lower (lower objective value) fitness. So, the first selection is upper
level of mutation rate. The graphs of crossover rate, in the second
column from left, show no preference between the crossover rates.
To decrease the processing time and based on the main effect of the
crossover rate, we select the lower value. The graphs in the third
row show the upper level of the population has a better fitness. The
graphs in the last row show the first crossover operator has the
better responses. Finally, based on the graphs in the third column
from left as well as the result of the main effect, after selecting
the upper level of population and the first crossover operation, the
lower level of parent rate is chosen.
Based on the interactions between the parameters and the main
effect of the responses, the larger population size and mutation rate
along with inversion mutation, 1-point crossover, the lower level
elitism and crossover rates result in better responses. Table 5 lists
the tuned values.

Tuned

UnTuned

Run

Obj.

# Gen

Obj.

# Gen

1
2
3
4
5
6
7
8
9
10

2309
2249
2157
2085
2269
2138
2085
2331
2213
2090

62
68
66
116
93
81
75
74
86
92

2437
2324
2374
2328
2236
2331
2343
2437
2415
2422

52
82
64
123
87
89
67
74
60
78

best

2085

116

2236

87
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Figure 8: 𝐺𝐴 results, comparing tuned and untuned solutions for gr17 problem.

Figure 9: 𝐺𝐴 results, comparing tuned and untuned solutions for eli101 problem.

Figure 10: 𝐺𝐴 results, comparing tuned and untuned solutions for pr1002 problem.
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Table 7: Computational results eli101
Tuned

UnTuned

Run

Obj.

# Gen

Obj.

# Gen

1
2
3
4
5
6
7
8
9
10

712.63
735.56
712.63
686.04
755.37
681.32
698.88
758.17
702.3
752.05

730
708
640
665
604
733
674
680
732
652

1003.06
1056.82
970
1030
971.63
1096
1019.54
1073
1064.84
1069.63

833
658
901
998
999
581
942
839
743
776

best

681.32

733

970

901

Table 8: Computational results pr1002
Tuned

4

UnTuned

Run

Obj.

# Gen

Obj.

# Gen

1
2
3

297731
307135
309533

1999
1298
1177

2364934
2340669
2508922

2999
2999
2760

best

297731

1999

2340669

2999

APPLICATION TO LARGE SCALE PROBLEM

Using small scale problems for parameter tuning is based on the idea
that the size of the problem does not affect the original properties
of the solutions. In this case, parameter values can be obtained
from a small scale and applied to the medium-scale and large-scale
problems. To analyze this functionality, this paper tests eli101 and
pt1002 from well-known 𝑇 𝑆𝑃𝐿𝐼𝐵 using the tuned parameters from
gr17 from the same library.
The utility of tuning parameters using a design of experiments
approach has been investigated by solving different 𝑇 𝑆𝑃s with
several settings. The first test involves the original problem - gr17.
Ten runs were made with the tuned parameters, and ten runs were
made with antithetic parameters - i.e. for two level parameters,
the opposite setting was used. The results of these tests are shown
in Figure 8. In these figures, it can be seen that the runs with
tuned parameters have a greater convergence, terminate sooner,
and obtain better terminal solutions. Table 6 shows the detailed
results for both cases. A t-test for differences of means determines
that the probability of the means being equal is rejected at the 95%
level of confidence.
Figure 9 shows the results of ten runs for solving a 101 node
problem (eli101 from 𝑇 𝑆𝑃𝐿𝐼𝐵) with and without tuned parameters.
From this figure and from Table 7, again it can be seen that the
results obtained using the tuned parameters are better than those
obtained using the antithetical settings. Here too, a t-test for differences of means determines that the probability of the means being
equal is rejected at the 95% level of confidence.
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Finally, this approach has been used to solve a 1002 node TSP
problem (pr1002 in 𝑇 𝑆𝑃𝐿𝐼𝐵). Because of the problem size, only
three runs have been carried out. Figure 10 graphs the result of
three runs of the 𝐺𝐴 for pr1002. For the tuned parameter runs, the
gap between the final result of 𝐺𝐴 and optimum value (published
with the test library) is %14.93 whereas the gap for the untuned 𝐺𝐴
is %950. The convergence rates for the tuned runs also appear to
be much steeper.

5

CONCLUSIONS

This paper explored the effect of parameter tuning with genetic
algorithms for solving the traveling salesman problem. It utilized
a design of experiments approach. It showed that not only should
the main effects related to operator selection and value setting be
considered from pilot runs, but the interactions of parameters are
also important. The process of working with small scale (pilot)
runs for obtaining parameter settings was carried out, and the
effectiveness of the settings so determined was shown with medium
and large scale problems. Future work on the effectiveness of this
algorithm to other evolutionary approaches for optimization are
under investigation.
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