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Correspondence should be addressed to Eduardo Batista de Moraes Barbosa; eduardo.barbosa@inpe.br

Received 10 February 2017; Accepted 10 April 2017; Published 7 June 2017

Academic Editor: Ferrante Neri

Copyright © 2017 Eduardo Batista de Moraes Barbosa and Edson Luiz França Senne. This is an open access article distributed
under the Creative Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work is properly cited.

Usually, metaheuristic algorithms are adapted to a large set of problems by applying few modifications on parameters for
each specific case. However, this flexibility demands a huge effort to correctly tune such parameters. Therefore, the tuning of
metaheuristics arises as one of themost important challenges in the context of research of these algorithms.Thus, this paper aims to
present amethodology combining Statistical andArtificial Intelligencemethods in the fine-tuning ofmetaheuristics.The key idea is
a heuristic method, called Heuristic Oriented Racing Algorithm (HORA), which explores a search space of parameters looking for
candidate configurations close to a promising alternative. To confirm the validity of this approach, we present a case study for fine-
tuning two distinct metaheuristics: Simulated Annealing (SA) and Genetic Algorithm (GA), in order to solve the classical traveling
salesman problem. The results are compared considering the same metaheuristics tuned through a racing method. Broadly, the
proposed approach proved to be effective in terms of the overall time of the tuning process. Our results reveal that metaheuristics
tuned by means of HORA achieve, with much less computational effort, similar results compared to the case when they are tuned
by the other fine-tuning approach.

1. Introduction

Usually, metaheuristic algorithms are adapted to a large set
of problems with few modifications on parameters for each
specific case. However, this adaptation in some situations
demands a huge effort to correctly tune its parameters.
Sometimes, due to time restrictions for the tuning process,
the algorithms eventually may lead to solutions of poor
quality.

The flexibility of metaheuristics allows these algorithms
to find acceptable solutions to a wide range of problems, but
at the same time it is difficult to obtain good (or, sometimes,
optimal) solutions, due to the difficulty of fine-tuning of
parameters. Therefore, the tuning of metaheuristics arises as
one of the most important research challenges in the context
of the design and application of these algorithms.

These challenges are usually of interest to different
research communities. In the contemporary literature,

researches on statistical techniques stand out and are
supported by efficient methods, in order to aid the process of
understanding and also to reach effective settings (e.g., [1–7]
and many others).

This paper aims to contribute to the literature by present-
ing a methodology combining Statistical and Artificial Intel-
ligence methods in the fine-tuning of metaheuristics, such as
Design of Experiments (DOE) [8] and the concept of Racing
[9, 10]. Broadly, our approach employsDOE as a tool to define
a parameter search space. Then, we apply the Racing concept
to explore the previously defined search space looking for
alternatives close to promising candidate configurations, in
order to consistently find the good ones. The search process
is focused on dynamically created alternatives in an iterative
process, which evaluates and discards some of them based on
statistical evidences.

The proposed approach brings together the character-
istics of different strategies from the literature, such as
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CALIBRA [11], I/F-Race [10, 12], and ParamILS [13], in a
single heuristic method with the ability to define the search
space and efficiently concentrate on searches for the candi-
date configurations within this search space. This approach
will be illustrated by means of a simple case study, where a
set of parameters of two distinct metaheuristics (Simulated
Annealing, SA, and Genetic Algorithm, GA) will be tuned to
solve a classical optimization problem, such as the traveling
salesman problem (TSP).The quality of the proposed settings
will be compared with a racing tuning approach.

The rest of the paper is structured as follows: Section 2
presents the problem of tuning metaheuristics and our
approach combining Statistical and Artificial Intelligence
methods to address this problem. In Section 3 there is an
overview about the considered problem, as well as the
metaheuristics used in a case study. The proposed approach
is applied in a case study (Section 4) to fine-tune the
metaheuristics SA and GA. Section 4 also presents the case
study results and its analyses. Our final considerations are in
Section 5.

2. An Approach to the Problem of
Tuning Metaheuristics

In the contemporary literature it is possible to find formal def-
initions related to the problem of fine-tuning the parameters
of algorithms [10, 14, 15].

Let 𝑀 be a metaheuristic with a set of parameters (e.g.,
𝛼, 𝛽, . . . , 𝜉) that must be tuned to solve a class 𝑃 of problems.
The parameters of𝑀 can assume a finite set of values and its
cardinality can also vary extensively according to 𝑀 and 𝑃.
If Θ is a set of candidate configurations, such that 𝜃 is any
setting of𝑀, then the problem of tuning metaheuristics can
be formalized as a state-space:

𝑆 = (Θ, 𝑃) . (1)

Broadly, this problem consists of determining the best
setting 𝜃 ∈ Θ present in 𝑆 to solve problems 𝑃. However,
its determination is not always simple and, in the worst
hypothesis, it may require a full search in the state-space 𝑆.

2.1. The Dynamic of State-Space. In this study we propose an
automatic approach to avoid a full search in the state-space
(1) and still find a good setting of 𝑀 to solve 𝑃. The idea is
to consider the existence of an agent, whose actions modify
the state of (1) [16]. In our approach this agent is a heuristic
method, which combines robust statistical methods in an
iterative process to create candidate configurations and find
the good ones, based on statistical evaluations of a wide range
of problems. An action (e.g., the creation of alternatives)
is valid if it respects some constraints (e.g., the state-space
bounds). Thus, given an initial state (e.g., the best known
candidate configuration) we apply the heuristic method to
explore (1) through the creation of candidate configurations
at the neighborhood of a promising alternative.

The actions yielded by the heuristic method modify the
state of (1) by creating candidate configurations on demand

at the neighborhood of some best known alternative, as a
sequence of sets of candidate configurations:

Θ0 ⇒ Θ1 ⇒ Θ2 ⇒ ⋅ ⋅ ⋅ . (2)

Such actions can be thought as a directed graph in the
state-space, where the nodes are the states and the arcs are
the actions (Figure 1).

From step 𝑘 to 𝑘 + 1 the set of candidate configurations
is built possibly discarding some alternatives considered sta-
tistically inferior. Given that some candidate configurations
persist in this set, they are evaluated on more instances.
Therefore, finding a solution is equivalent to finding a path
in (1); that from an initial state reaches the final state, that is,
a good setting for𝑀.

To illustrate this process (Figure 1), let us consider any
state-space, where at each iteration 𝑘,𝑚 = 3 candidate config-
urations are created. At the end of iteration, all alternatives in
the setΘ of candidate configurations are evaluated and those
with inferior quality are discarded. Therefore, the set Θ is
dynamic; that is, its size can increase or decrease.The process
continues pursuing the alternatives in the search space until a
stopping criterion (e.g., number of alternatives inΘ, runtime
limit) is met.

2.2. Automatic Tuning of Metaheuristics. The tuning process
begins with an arbitrary selection of 𝑛 instances (𝑛 >
1) from a class of optimization problems and follows by
defining ranges for the parameters of metaheuristic. The
previously selected instances are treated as a training set, on
which experimental studies are performed with the Response
Surface Methodology (RSM) to define the best parameters
settings for each instance. Therefore, at the end of the
experimental phase there will be 𝑛 different settings for each
parameter, each one being related to an instance.

The settings identified in the training set ensure diversity
for the parameters, and they are used to define the bounds
of each parameter, that is, a search space of parameters
limited by the maximum and minimum values of each
parameter in the training set. Then, the goal is to pursue
alternatives dynamically created at the neighborhood of some
best known candidate configuration, with respect to the
previously defined bounds of the search space. For each of
the alternatives, the target algorithm is run in an expanded
set of instances, larger than the previous one.

This process (Figure 2) is called Heuristic Oriented Rac-
ing Algorithm (HORA), due to the means of exploring the
alternatives in the search space, that is, using a heuristic
method, and by its evaluation process through a racing
method.

3. Considered Problem and
Metaheuristics: Overview

Optimization problems are common in many areas (e.g., sci-
ence, engineering, management, and business) and different
domains. Essentially, they involve finding an extreme value
(maximum or minimum) called optimal, from a function
with numerous local extremes, called objective function.
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Figure 1: Illustrative process of creating (black) and excluding (red) alternatives in the state-space.

Some of those problems are classical in Operations Research
area, such as the traveling salesman problem, and involve a
significant number of publications in the specialized litera-
ture [17–20].

The traveling salesman problem (TSP) is a classical
optimization problem, whose idea is to find the shortest route
between a set of given cities, starting and ending at the same
city, such that each city is visited exactly once. A TSP consists
of a set 𝐶 of cities (𝑐 = 1, 2, . . . , 𝑛) and the corresponding
distance 𝑑𝑖𝑗 of each pair of cities 𝑖, 𝑗 ∈ 𝐶, such that 𝑖 ̸= 𝑗.
The problem is classified as symmetric if 𝑑𝑖𝑗 = 𝑑𝑗𝑖, ∀𝑖, 𝑗, or
asymmetric if 𝑑𝑖𝑗 ̸= 𝑑𝑗𝑖, ∀𝑖, 𝑗 [20].

This problem is known to be NP-hard [21]; thus, in order
to get the optimal solution, a significant computational effort
is required and demands the use of efficient algorithms.
Metaheuristics are one of the best known approaches to
solving problems for which there is no specific efficient
algorithm. Many metaheuristics are inspired by metaphors
from different knowledge areas, like physics (particle swarm
optimization and SimulatedAnnealing) and biology (Genetic
Algorithms and neural networks). Usually, these algorithms
differ from each other in terms of searching pattern but offer
accurate and balanced methods for diversification (search
space exploration) and intensification (exploitation of a
promising region) and share features, such as the use of
stochastic components (involving randomness of variables),
and have a variety of parameters that must be set according
to the problem under study.

Simulated Annealing (SA) is a probabilistic method
proposed by Kirkpatrick et al. [22] and Černý [23] in
order to find the global minimum of an objective function
with numerous local minimums. Widely applied to solve
optimization problems, SA simulates a physical process from
which a solid is cooled slowly, so that the final product
becomes a homogeneous mass to achieve a minimum energy
configuration [24]. On the other hand, Genetic Algorithm
(GA) is a population-basedmethod invented by Holland [25]
inspired on principles of survival from Darwin’s evolution
theory. GA simulates an evolution process in which the
fitness of individuals (parents) is crucial to generating new
individuals (children).

The main difference between these algorithms is the
searching methods that are implemented. SA performs con-
stant movements between one solution (𝑠) and another (𝑠)
according to some predefined neighborhood structure, and
it uses a probabilistic test to accept new solutions, which
sometimes allows low-quality solutions to be considered in
the search process. On the other hand, GA operates on a
population of solutions, whose new generations (offspring)
are generated from the fittest individuals of previous gener-
ations (parents). This feature (survival principle) guarantees
an increase in the quality of solutions as new generations are
created.

Both SA andGA algorithms have a wide range of parame-
ters (e.g., initial temperature and its rate of decrease, number
of interactions, for SA, and rates of crossover and mutation,
population size, for GA) that must be tuned before starting
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Figure 2: Schema of the proposed approach.

to solve a problem. Since the metaheuristics are extremely
dependent on the values assigned to those parameters, they
must be carefully studied during the process of fine-tuning,
since they can define the success of the algorithm.

4. A Case Study

For our study, we selected a set of parameters of each
metaheuristic, which are the most frequently used in the
literature and seem to influence the performance of both SA
and GA, regardless of the studied problem. The considered
parameters for SA are value of the initial temperature (𝑇0),
number of iterations on one temperature stage (SAmax), and
temperature cooling rate (𝛼), while the chosen parameters for
GA are mutation rate (𝑝𝑚), crossover rate (𝑝𝑐), population
size (𝜇), and number of generations (𝑔). The parameters
(Table 1) were chosen within the region of operability of
parameters (their real limits), in order to promote diversity

Table 1: Parameters settings for GA and SA.

SA Low High
𝑇0 1.00𝑒4 1.50𝑒6

SAmax 500 1500
𝛼 0.900 0.980
GA Low High
𝑝𝑚 0.001 0.025
𝑝𝑐 0.400 0.900
𝜇 10 100
𝑔 100 1000

in the search space, as well as differences between each
particular parameter setting.

The tuning process begins from a training set with 𝑛 = 4
instances arbitrarily selected from the TSP benchmark from
the TSPLIB [26]. The studies with DOE were conducted by
means of a circumscribed Central Composite Design (CCD)
[8], in which some points overcome the previously set limits
to ensure an appropriate estimation for the parameters.

Thus, after the experimental studies we have four different
results for each parameter, each one being related to an
instance. From those results, we defined the search space of
parameters, whose limits are the maximum and minimum
values of the parameters in the training set. Accordingly, the
SA search space is

(i) 𝑇0: [1.35𝑒5, 1.45𝑒5];
(ii) SAmax: [1466, 1859];
(iii) 𝛼: [0.946, 0.947].

In the case of GA, we have the following search space:

(i) 𝑝𝑚: [0.012, 0.027]
(ii) 𝑝𝑐: [0.292, 0.774]
(iii) 𝜇: [55, 122]
(iv) 𝑔: [494, 1474]

Observing the results is noteworthy, where some param-
eter values are outside of the limits initially defined (Table 1).
However, as pointed out before, this occurs due to the chosen
CCD, whose axial points establish new limits for a region of
interest.

From there, the exploration of the state-space is con-
ducted by means of the HORA heuristic creating the alter-
natives at the neighborhood of some best known candidate
configuration. For each of the alternatives we run the target
metaheuristics (e.g., SA and GA) during 15 seconds on an
expanded set of instances (e.g., for this study, the expanded set
matches 40 instances from the benchmark TSP).This process
was repeated 10 times and the results of fine-tuning of the
metaheuristics by means of HORA are presented in terms of
mean and standard deviation (𝜇±𝜎) in Table 2.This table also
presents the total time (in seconds) of the tuning process.

For comparisons, we considered the previously defined
search space of parameters and one other fine-tuning
approach, such as a racing algorithm based on F-Race
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Table 2: Fine-tuning of metaheuristics (HORA).

SA Settings
𝑇0 1.40𝑒5 ± 2445

SAmax 1584 ± 106

𝛼 0.947 ± 0.000

— —
t 969
GA Settings
𝑝𝑚 0.020 ± 0.005

𝑝𝑐 0.665 ± 0.123

𝜇 81 ± 12

𝑔 760 ± 202

t 896

Table 3: Fine-tuning of metaheuristics (Racing).

SA Settings
𝑇0 1.39𝑒5 ± 2411

SAmax 1672 ± 112

𝛼 0.947 ± 0.000

— —
t 8338
GA Settings
𝑝𝑚 0.020 ± 0.007

𝑝𝑐 0.549 ± 0.164

𝜇 84 ± 14

𝑔 690 ± 217

t 16740

method [10, 12, 14], from hereon called Racing. The settings
used for SA are the following: 𝑇0 = {1.35𝑒5, 1.37𝑒5, 1.38𝑒5,
1.40𝑒5, 1.42𝑒5, 1.43𝑒5, 1.45𝑒5}, SAmax = {1466, 1564, 1662,
1761, 1859}, and 𝛼 = {0.946, 0.947}; and for GA we have
𝑝𝑚 = {0.012, 0.020, 0.027}, 𝑝𝑐 = {0.292, 0.453, 0.613, 0.774},
𝜇 = {55, 77, 100, 122}, and 𝑔 = {494, 821, 1147, 1474}.

These settings were defined in a discrete interval limited
by the previously defined search space, with a number of
levels that seem to be enough for the algorithms leading to a
good result. Thus, each possible combination of parameters
leads to a different algorithm setting, such that the search
space is composed of 70 and 192 different parameter settings
for SA and GA algorithms, respectively. The idea is to use the
Racing to select a possible good configuration from a number
of options, after running the target algorithms for 15 seconds
on the same set of instances previously used by HORA. This
process was also repeated 10 times and the fine-tuning results
of the studied metaheuristics (Table 3) are presented in terms
of mean and standard deviation (𝜇 ± 𝜎). The Table also
presents the total time (𝑡, in seconds) of this tuning process.

From these results (Table 3) it is possible to note the
similarities betweenHORA andRacing in terms of parameter
settings, since both approaches employ the same evaluation
method for the candidate configurations. But it is possible to
highlight that the tuning process using HORA spends about

Table 4: Statistics of the fine-tuning approaches for themetaheuris-
tic SA.

Inst. gapH tH gapR tR
Berlin52 0.00 98 0.00 60
St70 1.48 190 1.63 178
Rat99 2.73 260 5.53 243
Rd100 1.78 263 3.67 245
Lin105 0.83 266 1.96 256
Pr124 1.66 285 1.84 271
Bier127 3.12 293 3.40 292
Ch130 2.39 297 4.66 299
KroA200 7.91 300 8.49 299
Ts225 3.23 300 5.32 299
𝜇 2.51 255 3.65 244
𝜎 2.04 61 2.33 71

11.6% and 5.3% of the time required in the fine-tuning process
using Racing, for SA and GA, respectively.

4.1. Analysis of Results. Although it is not the main purpose
of this paper, it is interesting to verify whether the meta-
heuristics tuned by HORA and Racing achieve good results
for the TSP. Note that the quality of the results yielded by
an algorithm configured by Racing can depend heavily on
the number of candidate configurations initially established,
since this approach performs an exhaustive analysis of the
search space of previously defined candidate configurations.
Thus, the smaller the candidate configurations space, the
greater the probability that the tuning process will finish with
a poor parameters setting, compromising the quality of the
results (and, even, the execution time) of an algorithm which
has been tuned by this process. For HORA approach, this
limitation does not exist, since it starts from any candidate
configuration and dynamically builds the space of parameters
settings.

In general, the metaheuristics employ some degree of
randomness to diversify the searches and avoid confinement
in the search space.Thus, a single run of these algorithms can
result in different solutions from the next run. So, to test the
quality of the settings, the experimental results were collected
after 5 runs of the metaheuristics SA and GA on the TSP. To
compare the results, we use

gap =
𝑓 (𝑠) − 𝑓 (𝑠∗)

𝑓 (𝑠∗)
× 100, (3)

where 𝑓(𝑠) is the computed solution and 𝑓(𝑠∗) is the best
known solution of the problem.Thus, lower the value of gap,
the better the performance of the algorithms.

The results were collected using the scientific soft-
ware Scilab (http://www.scilab.org) in an Intel� Core i5TM
1.8GHz, 6GB of memory, 1TB of hard disc on a Windows 8
64 bits.

The results were collected considering the settings of the
metaheuristics SA and GA presented in Tables 2 and 3, for
HORA and Racing, respectively. Tables 4 and 5 present the
results for 5 runs of SA and GA, in 10 instances of the TSP

http://www.scilab.org
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Table 5: Statistics of the fine-tuning approaches for the metaheuris-
tic GA.

Inst. gapH tH gapR tR
Berlin52 44.60 109 34.83 52
St70 72.15 103 74.67 69
Rat99 106.69 123 106.69 82
Rd100 116.94 114 114.80 74
Lin105 143.98 95 150.88 61
Pr124 194.38 110 205.06 60
Bier127 99.38 100 88.84 63
Ch130 142.36 125 130.70 103
KroA200 227.62 125 216.68 103
Ts225 245.84 112 282.68 74
𝜇 139.39 109 140.58 52
𝜎 62.33 11 70.97 17

benchmark, with the following stopping criteria: number of
iterations without changes in the objective function (200
iterations) and maximum running time (300 seconds). In
these tables, the results of the approaches are underlined in
capital letters H (for HORA) and R (for Racing). The column
gap is the best found value of (3), 𝑡 is average of the runtime
(𝑡), and 𝜇 and 𝜎 are arithmetic mean and standard deviation
of all selected instances.

From the results for the metaheuristic SA (Table 4) we
note that the fine-tuning process bymeans ofHORA achieves
solutions with better quality. Note that the gap of SA tuned
by HORA is, on average, about 30% better than the gap of the
corresponding version tuned byRacing, although the running
time for SAH is, on average, about 4.5% greater than for SAR.
This deficit of performance may be related to the parameter
𝑇0 (value of the initial temperature), which is slightly higher
according toHORA and can requiremore time to find a good
quality solution.

For the results achieved by GA (Table 5), we also note
slightly better quality solutions when the metaheuristic is
tuned by HORA, although this version demands, on average,
the double of the running time than its corresponding version
tuned by Racing.

The graphical analysis (Figure 3) reveals differences
between the data distributions from the studied metaheuris-
tics, such that the results of SA figure are closer to the
optimal solution. According to the results (Tables 4 and 5)
and supported by graphical analysis it is possible to confirm
that the fine-tuning process by means of HORA can achieve
better quality solutions.

5. Final Considerations

This paper presented a method addressed to the problem
of tuning metaheuristics. The problem was formalized as a
state-space, whose exploration is conducted effectively by a
heuristic method combining Statistical (DOE) and Artificial
Intelligence (racing algorithms).

The proposed method, called HORA, applies robust
statistics on a limited number of instances from a class
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Figure 3: Performance of the studied metaheuristics tuned by
different approaches.

of problems, in order to define a search space of parame-
ters. Thus, from the alternatives dynamically created at the
neighborhood of some best known candidate configuration,
it employs a racing method to consistently find the good
settings.

From a case study, HORA was applied in the fine-tuning
of two distinct metaheuristics. Its results were compared
with the same metaheuristics tuned by means of a racing
algorithm. The HORA method proved to be effective in
terms of overall time of the tuning process, since it demands
just a fraction of the time required by the other studied
approach. Through the experimental studies it is noted that
the metaheuristics SA and GA tuned by HORA can achieve
similar results (eventually better) from those obtained by
the Racing approach, but it is highlighted that the tuning
process is much faster with HORA. This better performance
can be explained by how the alternatives in the state-space
are explored, which consists in creating alternatives at the
neighborhood of some best known candidate configuration,
and evaluate them by a racing method.

The aim of this study was to present the proposed
approach and verify its effectiveness when applied on differ-
ent metaheuristics. Our results suggest that HORA may be a
promising and powerful tool to assist in the fine-tuning of dif-
ferent algorithms. Some additional studies can be conducted
to verify its effectiveness considering other metaheuristics
and problems, as well as explore other heuristic alternatives to
pursue good configurations in the state-space of parameters
settings.
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