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Abstract

This paper presents a quick review of the basic concepts and essential steps for implementing of metaheuristic algorithms. It can be
therefore used as a roadmap to shed light on solving an optimization problem using a metaheuristic algorithm. We provide a brief review of
the topics, including general concepts for metaheuristics, the need to design metaheuristics, the need for further improvement of
metaheuristics, parameters tuning and performance assessment of metaheuristic algorithms. Finally, the paper ends with a guideline
framework which aims to assist new researchers for solving optimization problems via metaheuristics.
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1. Introduction

Heuristic means ‘to find” or ‘to discover solutions by
trial and error’. Heuristic methods aim at searching feasible
solutions for large-scale problems (Yang, 2010). They have
proven to overcome many shortcomings of traditional
optimization methods, however, they are typically
experience-based methods. Heuristic methods find the
solution which hopes to be near optimal solution, rapidly.
However, heuristic techniques are not considered effective
for the complex problems. There are two main reasons for
this:

i Although heuristic techniques are usually (not
always) provide a decent and acceptable answer in solving
complex problems; they do not promise and guarantee the
optimal solution for solving complex problems (Chinneck,
2004).

ii.  Heuristic techniques are highly depending on
experience and mathematical knowledge of the model
developer (Coello et al., 2007).

The development of heuristic algorithms is named
metaheuristic algorithms. The term “meta” means
“beyond” or “higher level”. Metaheuristics often perform
better compare to simple heuristics. Basically,
metaheuristic algorithms use certain trade-offs of
randomization and local search (Yang, 2010). Since
metaheuristic algorithms conduct a more thorough search,
they have rapidly become the favoured methodology for
generating solutions to complex real-life problems which
exact methods are unable to solve (Glover and
Kochenberger, 2003). There are several available

classifications for metaheuristic algorithms in the literature.
Fig. 1 presents a general classification of metaheuristic
algorithms.

2. The need to design a metaheuristic algorithm:
complexity of problems

The main branch of the theory of computation, which is
known as computational complexity theory, aims at sorting
problems concerning their inherent difficulty. The
complexity associated with a problem is actually equivalent
to the finest algorithm tackling that problem. Furthermore,
the complexity theory concerns with the decisions which
they always have a ‘yes’ or ‘no’ answer. In this line, a
problem is called easy or tractable if a polynomial-time
algorithm can solve it. If no polynomial-time algorithm can
solve a problem, it is known as a difficult or intractable
problem.

Another goal in computational theory is to sort problems
into specified complexity classes. For a given amount of
computational resources, a complexity class corresponds to
the set of all problems that can be solved. P (polynomial
time) and NP (nondeterministic polynomial time) are two
main classes of problems in complexity classes (Coello et
al., 2007).

A problem is in P class if a deterministic algorithm can
solve all the decision problems in polynomial time and a
problem is NP if a non-deterministic algorithm can solve
all decision problems in polynomial time (Talbi, 2009). In
this line, one of the central open questions is whether P =
NP or not? The answer would have a broad impact on
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computational complexity theory. Clearly, P € NP, since
for any problem in class P there is a non-deterministic
algorithm solving it. On the other hand, the following
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surmise P < NP is still an open question (Talbi, 2009;
Coello et al., 2007).

Metaheuristic Algorithms

Single solution-based algorithms Hybrid algorithms Population-based algorithms
e Local and neighborhood searching o Low-level relay hybrid » Evolutionary algorithms

algorithms

i.e. Tabu search, Simulated
annealing, , Local search, Iterated

local search e High-level relay hybrid

i.e. Island model for GA

Embedding local search into simulated annealing

o Low-level teamwork hybrid

Single solution-based metaheuristics are embedded into
Population-based metaheuristics

i.e. Tabu search and Simulated annealing to improve the
population obtained by a Genetic Algorithm (GA).
e High-level teamwork hybrid

i.e. GANSGA-II, NRGA, DE, PAES
e Swarm intelligence algorithms

i.e. PSO, firefly, ant colony, bee colony,
bat algorithm

Fig. 1. General classification of metaheuristic algorithms.

In order to reduce a decision problem polynomially,
suppose A and B are decision problems. A is reduced to B
in polynomial time, if for all input instances IA for A, it is
always possible to construct an input instance 1B for B in
polynomial time function to the size L (IA) of the input IA,
such that IA is a positive instance of A if and only if IB is a
positive instance of B (Talbi, 2009).

A decision problem A € NP is called an NP-complete
problem if all of other NP-class problems are reduced to the
problem A in polynomial time. If an NP-complete problem
can be solved by a polynomial deterministic algorithm,
then all problems in class NP may be solved polynomially.
The optimization problems with NP-complete decision
problems are called NP-hard problems. The majority of
real-life optimization problems belong to NP-hard class,
and in order to solve NP-hard problems, there are no
demonstrably efficient algorithms. NP-hard problems can
be optimally solved in exponential time (unless P = NP).
One of the main alternatives to solve this class of problems
is metaheuristic algorithms (Talbi, 2009; Coello et al.,
2007).

3. The need for further
metaheuristics: hybridization

improvement  of

Presently, upon solving a problem, the primary objective
is actually to find the best possible way in solving, rather
than promoting a specific metaheuristic. One of the key
alternatives to improve metaheuristic algorithms is
hybridization. The hybrid algorithms are believed to benefit
from synergy. This means that deciding on a sufficient
combination of complementary algorithmic concepts could
be one of the keys to achieve the highest performance in
solving many difficult optimization problems (Blum et al.,
2011). Adding a local searcher into evolutionary
algorithms, sometimes known as memetic algorithms, has

shown to be successful (Boussaid et al., 2013; Blum et al.,
2011; Lozano and Garcia-Martinez, 2010). Besides, Blum
et al. (2008) published the first textbook that specifically
devoted to different hybrid metaheuristic algorithms.

4. Parameters tuning of metaheuristics

In implementing of metaheuristic algorithms, the
obtained results are sensitive to algorithms® parameters.
Therefore, the parameters require being fine-tuned in order
to obtain solutions with better quality (fitness function
value). There are two different approaches for parameters
tuning of metaheuristics: the online parameter tuning and
the off-line parameter initialization approach. In the online
strategy, the parameters are updated and controlled
dynamically or adaptively during the metaheuristic
execution, whereas, in off-line parameter initialization (or
meta-optimization), the values of different parameters are
fixed before the metaheuristic is executed. For further
information about advantages and disadvantages of
different parameter tuning strategies, please refer to (Talbi,
2009).
metaheuristic

5. Performance assessment of

algorithms

With fast growing of metaheuristic algorithms, the
challenges in evaluating their performance have also
become more and more highlighted. In performance
assessment of single-objective optimization, empirical
performance assessment usually consists of the obtained
solutions’ quality and the computational resources to
generate these solutions. However, the main difficulty in
performance evaluation of multi-objective optimization
arises when the optimization output is not a single solution;
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however, a set of solutions demonstrating a Pareto front
approximation of a multi-objective problem.

For the performances’ assessment of multi-objective
metaheuristics, comparison of the non-dominated solutions
set is an essential (Fig. 2). In literature, different metrics
have been suggested for non-dominated sets; however, a
generally accepted standard for performance assessment
does not exist. Quality metrics may be categorized by
different properties (Talbi, 2009).
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Fig. 2. Comparing two sets of Pareto front solutions in a bi-objective
optimization case.

Fig. 2 shows some solutions of Algorithm 1 dominated
solutions of Algorithm 2 and vice versa. Besides, some of
the both algorithms solutions are incomparable.

In a multi-objective optimization problem, there are two
distinct goals. The first goal is to search for those solutions
that they are as close as possible to the Pareto-optimal
solutions and the second goal is to find the solutions as
diverse as possible in the obtained non-dominated front.
The first goal needs to discover towards the Pareto-optimal
front whereas the second goal needs to discover along the
Pareto optimal front. These goals, in some sense, are
usually orthogonal together, as depicted in Fig. 3.
Therefore, at least two performance metrics should be
considered for both these goals.
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Fig. 3. Schematic of two goals in bi-objective optimization.
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Many studies in this field have been done to develop the
performance metrics. Knowles and Corne (2000) have
compared most of these metrics based on their
compatibility without performance relations between two
sets of solutions and their monotonicity properties. Hansen
and Jaszkiewicz (1998) described three performance
metrics. These metrics evaluate two non-dominated sets
and determine the expected total number of cases that a set
of solutions dominates other solutions set.

According to Zitzler et al. (2002), a minimum n
performance metrics are required to compare two or more
sets of solutions when optimizing an n-objective problem.
Use of any number less than n would result in inaccurate
judgment because of dimensionality reduction. Deb and
Jain (2002) showed that using a functionally independent
set of variables can overcome this dimensionality problem.
This would make the problem inaccurate theoretically but
feasible practically. They also proposed two new running
performance metrics, one for measuring the population
members’ diversity in each generation of a Multi-Objective
Evolutionary Algorithm (MOEA) run and another for
determining the convergence to the reference set. As a
conclusion, performance metrics must be selected in a way
to consider two fundamental aspects: convergence and
diversity. In this research, the most frequently applied
performance indicators are introduced.

5.1 Convergence-based metrics

Convergence metrics estimate the solutions’ efficiencies
with regards to the closeness to the optimal Pareto front.
Various convergence-based measures such as error ratio,
contribution, distance from reference, etc. have been
suggested in the literature. Among the proposed metrics,
generational distance is the most applied metric.

=  Generational distance

Generational Distance (GD) metric measures the
average distance between a reference set R and an
approximated set A (Van Veldhuizen and Lamont, 2000).
The exact Pareto front PFtrue represents the reference set
R. In a given iteration t, the distance between the two sets,
at a given iteration t, is obtained based on average distance
over the pairwise minimum distances. The distance value is
calculated using the Euclidean distance in the objective
space. The value for generational distance is equal to 0,
while the approximated front A is involved in the reference

set A.
s

GDz-~= ~2 @)
n

Where di is the Euclidean distance between the closest

member of PFknown and the closest member of PFtrue,

p=2 and n denotes the number of vectors in PFknown. If

PFtrue = PFknown, then GD is equal to 0, any other value

of GD specifies PFknown deviates from PFtrue.
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5.2 Diversity-based metrics

Diversity-based metrics measures the uniformity
distribution of the solutions with regards to extension and
dispersion. The diversity is generally explored in the
objective space. In this kind of indicators, one can find two
set coverage, the entropy, spacing and spread. Among
them, two set coverage and spacing are the most applied
metrics in the literature.

= Spacing

The spread of the vectors in PFknown is numerically
described by the spacing metric. More precisely, the
distance variance of neighboring vectors in PFknown is
measured by this Pareto noncompliant metric. This metric
is presented in Eq. (2).

n

1 —
— 2@ -d)

n-1ixa

@

Where n is the number of vectors in PFknown and
fl(xi)_ fl(Xj)|+ fz(xi)_ fz(Xj)|)v iv J =1, 2,

..., Nn. d isthe mean of all d; and n is the number of vectors
in PFknown. The result of S = 0 specifies all PFknown
members are equidistantly spaced, however; the true
situation in PFtrue maybe not so (Coello et al., 2007).

d, = min,(

= Two set coverage

Two set coverage is a comparative measure which can
also be named as relative coverage comparison of two sets
(Zitzler et al., 2000). Suppose that X', X" < X" are two sets
of phenotype decision vectors. Two Set Coverage is
defined as the mapping of the order pair (X', X") to the
interval [0, 1] per Eqg. (3).

"eX"3Ja' eX':a' 22"}

cs(X’ x")=|{a
o X’]

®

If all points in X' dominant or equal to all points in X",
then by definition CS =1. CS = 0 implies the opposite.
Basically, CS (X', X") and CS (X", X") both have to be taken
into account in order to avoid empty sets of the
intersection. This metric can be applied for X = Pknown or
PFtrue as well. The main advantages of this kind of Pareto
compliant metric are the ease of calculation and providing
relative comparison based on dominance numbers among
MOEAs or generations.

5.3 Statistical-based metrics

Statistical-based metrics also can be used to measure the
performance of metaheuristic algorithms. For instance,
relative deviation index (RDI) and relative percentage
deviation (RPD) are among the popular statistical metrics.
RDI and the RPD are defined as (Dean, 1999):

Journal of Soft Computing and Decision Support Systems 4:6 (2017) 1-6

Algsol — Ivlinsol
RDI = | —=2——=L 1,100 @)
Maxsol - Mmsol
Algsol — Minsol
RPD =| ———— |x100 (5)
Ivlinsol

Where Algs, is the value of the fitness function and
Ming, and Maxs, denote the best and the worst obtained
solutions by a methaheuritics algorithm, respectively. Note
that lower values of both RDI and RPD are indicatives of
better efficiency of the solution algorithms.

6. Guidelines for solving an optimization problem
using metaheuristics

Once a problem was formulated, the roadmap below
may constitute a guideline in solving a problem (see Fig.
4).

‘ Model the problem ‘
Complexity analysis of the
problem

Optimizing the
problem using
exact methods

Need to design
metaheuristics?

‘ Design of a metaheuristics
Implementation of the
metaheuristics (Encoding)

Parameter Tuning Performance evaluationJ

Fig. 4. Guidelines for solving a given optimization problem.

JISICD SIS

E-ISSN: 2289-8603




JSCDS

First, the problem difficulty and complexity must be
taken into account. There are several reasons for choosing a
metaheuristic algorithm to solve a problem, and one of the
most important benefits of using metaheuristic algorithms
is to avoid being trapped in local optima when exploring to
find a feasible solution. Moreover, in optimization
problems, metaheuristic algorithms seek fine solutions
where the problem complexity or the search time does not
allow applying exact optimization methods. When the
need to design a metaheuristic algorithm is recognized, care
should be taken to two common issues (Talbi, 2009):

i. The parameters that may have a substantial effect on
the effectiveness and efficiency of the search should be
calibrated for every metaheuristic algorithm. Tuning of
Parameter may allow a robustness and larger flexibility;
however, needs a careful initialization. It should be noted,
there is no obvious prior exist to be defined which
parameters’ setting should be applied, but the optimal
values of the parameters highly depend on two issues: (i)
the problem or the instance at hand, (ii) the search time in
solving the problem which the user desires to spend. Note
that, a generally optimal parameter values set for
metaheuristics does not exist.

ii. The last step of this roadmap is to assess the
performance of the developed metaheuristic. It is an
essential task to achieve and must be completed on a
reasonable basis. Three steps must be considered to analyze
the performance of a metaheuristic: (i) experimental design
(e.g. selected instances and factors, goals of the
experiments), (ii) measurement (such as measuring the
quality of solutions) and (iii) reporting (such as box plots).

7. Conclusion

The purpose of the current study was to investigate the
essential steps in  implementing of metaheuristic
algorithms. Although an extensive literature is available
describing the implementation of metaheuristics; however,
a brief review focusing on their immediate implication is
almost sparse. It must be noted that when metaheuristics
were applied to solve an optimization problem (particularly
in engineering fields), in most cases; the complexity
analysis of the problem, performance assessment and
parameters tuning of the metaheuristics were totally
neglected. The guidelines presented here can be used as a
tool to assist the researchers in better implementation of
metaheuristics.
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