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The performance of the Harmony Search (HS) algorithm is highly dependent on the parameter settings
and the initialization of the Harmony Memory (HM). To address these issues, this paper presents a new
variant of the HS algorithm, which is called the DH/best algorithm, for the optimization of globally con-
tinuous problems. The proposed DH/best algorithm introduces a new improvisation method that differs
from the conventional HS in two respects. First, the random initialization of the HM is replaced with a
new method that effectively initializes the harmonies and reduces randomness. Second, the conventional
pitch adjustment method is replaced by a new pitch adjustment method that is inspired by a Differential
Evolution (DE) mutation strategy known as DE/best/1. Two sets of experiments are performed to evaluate
the proposed algorithm. In the first experiment, the DH/best algorithm is compared with other variants of
HS based on 12 optimization functions. In the second experiment, the complete CEC2014 problem set is
used to compare the performance of the DH/best algorithm with six well-known optimization algorithms
from different families. The experimental results demonstrate the superiority of the proposed algorithm
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in convergence, precision, and robustness.
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1. Introduction

Optimization refers to the process of selecting the best solution
from the set of all possible solutions to maximize or minimize the
cost of the problem (Moh'd Alia & Mandava, 2011). Optimization
problems can be categorized into discrete or continuous groups
based on the solution set (Velho, Carvalho, Gomes, & de Figueiredo,
2011). An additional category is based on the properties of the ob-
jective function, such as unimodal or multimodal.

Therefore, various optimization algorithms are required to
tackle different problems. There are two types of optimization al-
gorithms: exact and approximate (Stiitzle, 1999). Exact algorithms
are guaranteed to find the best solution within a certain period of
time (Weise, 2009). However, real world problems are mostly NP-
hard, and finding the solutions for this type of problem using exact
algorithms consumes exponential amounts of time (Johnson, 1985;
Michael & David, 1979). Thus, approximate algorithms have been
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applied recently to find near-optimal solutions to NP-hard prob-
lems in reasonable amounts of time.

Meta-heuristics are approximate algorithms that are able to
find satisfactory solutions for optimization problems in reasonable
amounts of time (Blum & Roli, 2003, 2008). Meta-heuristics are
also used to address a major drawback of approximate local search
algorithms, which is finding local minima instead of global min-
ima.

Differential Evolution (DE) (Price, Storn, & Lampinen, 2006;
Storn & Price, 1995, 1997) emerged in the late 1990 s and is one of
the most competitive metaheuristic algorithms. The DE algorithm
is somewhat similar to the Genetic Algorithm (GA), but the so-
lutions consist of real values instead of binary values and gener-
ally converge faster than the GA (Hegerty, Hung, & Kasprak, 2009).
The performance of DE greatly depends on the parameter set-
tings (Islam, Das, Ghosh, Roy, & Suganthan, 2012). Many variants
of DE have been proposed to address different problems, but DE
still faces several difficulties in optimizing some types of functions
as has been pointed out in several recent publications (Hansen &
Kern, 2004; Ronkkonen, Kukkonen, & Price, 2005). However, due
to the optimization power of the DE algorithm, it is commonly
applied for the optimization of real world problems, such as op-
timizing compressor supply systems (Hancox & Derksen, 2005),
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Fig. 1. General process of DE.

determining earthquake hypocenters (RuZek & Kvasnicka, 2005)
and for 3D medical image registration (Salomon, Perrin, Heitz, &
Armspach, 2005).

Another recent and well-known meta-heuristic algorithm is
Harmony Search (HS), which was proposed by Geem, Kim, and
Loganathan (2001). HS is inspired by the way that musicians ex-
periment and change the pitches of their instruments to impro-
vise better harmonies. The HS algorithm has been applied to many
optimization problems, such as the optimization of heat exchang-
ers, telecommunications, vehicle routing, pipe network design, and
so on (Cobos, Estupifian, & Pérez, 2011; Geem, Kim, & Loganathan,
2002; Geem, Lee, & Park, 2005; Manjarres et al., 2013; Omran &
Mahdavi, 2008; Pan, Suganthan, Tasgetiren, & Liang, 2010; Wang &
Yan, 2013; Xiang, An, Li, He, & Zhang, 2014).

Although HS has achieved significant success, several shortcom-
ings prevent it from rapidly converging toward global minima. HS
generally has inadequate local search power due to its reliance on
the parameter settings, which greatly affects its performance. The
Improved Harmony Search (IHS) (Mahdavi, Fesanghary, & Daman-
gir, 2007) was proposed to address the local search issue of HS by
dynamically adjusting the Pitch Adjustment Rate (PAR) and Band-
width (bw) when the algorithm is run. However, IHS has a high
demand on the parameter settings prior to starting the optimiza-
tion process. To dynamically adjust the HS control parameters with
respect to the evolution process and the search space of optimiza-
tion problems, Chen et al. (Chen, Pan, & Li, 2012) introduced a
new variant of HS called NDHS. Although NDHS outperforms con-
ventional HS and IHS, some of the parameters must be set before
the search process begins. To eliminate the labor that is associated
with setting the parameters, a new parameter-less variant of HS,
called GDHS, was proposed by Khalili, Kharrat, Salahshoor, and Se-
fat (2014) , which outperforms the existing variants of HS.

Although many variants of HS have been proposed, the demand
for improvement in evolutionary algorithms is increasing as real
world problems become increasingly complicated. Motivated by
the facts that the bw parameter of the HS algorithm is problem-
dependent and significantly influences the performance of the al-
gorithm and that most of the existing methods address this issue
by dynamically changing the bw based on the number of harmony
improvisations instead of considering the problem’s surface, this
paper proposes a new variant of HS, called the DH/best algorithm,
to eliminate the need for bw and to improve the accuracy and ro-
bustness of HS.

2. Methodology
In this section, we study the DE and HS algorithms in detail.

Later in the paper (Section 4), we propose a new hybrid algorithm
by combining these two algorithms.

2.1. Differential Evolution

The DE algorithm is a population-based global optimizer that
outperforms many optimization algorithms in terms of robustness

and convergence speed. Many versions of DE have been devel-
oped. The original version of DE is known as DE/rand/l/bin or “clas-
sic DE” (Storn & Price, 1997). The DE variant that is used in this
paper is called DE/best/1; it differs from the classical version of
DE only in terms of its mutation strategy. Experiments by Geem,
2010; Mezura-Montes, Veldzquez-Reyes, and Coello Coello (2006)
on various types of optimization functions demonstrated that the
DE/best/1 scheme is the most competitive DE scheme regardless of
the characteristics of the problem to be solved. The general process
of the DE algorithm is illustrated in Fig. 1.

Step 1: Initialization of parameter vectors

A random population of parameter vectors is initialized in this
step. The number of parameters of each vector is equal to the
number of problem parameters, and each parameter of the vec-
tor corresponds to one problem variable. In addition, the value of
each parameter is allocated randomly from the parameter range. A
DE parameter vector is defined as:

—

Xic =[X1.6,X26. %36, ---» Xpg] (1)

where D is the number of parameters, which will not change dur-
ing the optimization, and G indicates the current generation and
increases generation by generation.

Step 2: Differential-based mutation

The new parameter vectors are generated by adding the
weighted difference between two randomly selected population
vectors to the best vector (fittest). The mutant vector is calculated
by Eq. (2):

Vici1 = Xpest.c +F. (Xrl,c - sz,c) (2)

where best is the index of the fittest vector in the population, and
“r” and “r,” are the indexes of randomly selected vectors from the
population and are different from the index of the best vector.

Step 3: Crossover

To increase the diversity of the population, DE mixes the mu-
tated vector’s parameters with the parameters of another prede-
termined vector, which is called the target vector. The new vector
is called the trial vector. The generation of the trial vector is for-
mulated in Eq. (3):

Xj i, G if (randb(j)>CR)and j#rnbr(i)
j=1,2,....D (3)

U _ {Vj i, G+1 if (randb(j)<CR) or j=rnbr(i)
j i, G+1 —

where randb(j) is the jth evaluation of a random function, which
generates uniform random numbers between (0 and 1), CR is the
crossover constant (between 0 and 1), which is determined by the
user, and rnbr(i) is a randomly selected number € 1,2,..., D that
ensures that u; .1 obtains at least one parameter from v; ¢,1.
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