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a  b  s  t  r  a  c  t

Adaptive  directed  mutation  (ADM)  operator,  a novel,  simple,  and  efficient  real-coded  genetic  algorithm
(RCGA)  is  proposed  and  then  employed  to solve  complex  function  optimization  problems.  The suggested
ADM  operator  enhances  the  abilities  of  GAs  in  searching  global  optima  as  well  as  in  speeding  convergence
by  integrating  the  local  directional  search  strategy  and  the  adaptive  random  search  strategies.  Using  41
benchmark  global  optimization  test  functions,  the performance  of  the  new  algorithm  is  compared  with
five  conventional  mutation  operators  and  then  with  six  genetic  algorithms  (GAs)  reported  in literature.
Results  indicate  that  the  proposed  ADM-RCGA  is fast, accurate,  and  reliable,  and outperforms  all  the  other
GAs  considered  in the  present  study.

©  2012  Elsevier  B.V.  All  rights  reserved.

1. Introduction

Many real-life applications can be modeled as nonlinear opti-
mization problems and, often, their global optimal solution is
sought [1].  A typical nonlinear global optimization problem follows
the form

maximize
minimize

f (x = x1, x2, . . . xN) subject to x ∈ ˝ (1)

where x is a continuous variable vector with search space  ̋ ⊆ RN,
and f(x) is a continuous real-valued function having N variables.
The domain  ̋ is defined within the upper and lower limits of
each dimension. The problem is to find the global optimal solution
x* with its corresponding global optimal function value f(x*). Two
major classes of optimization techniques for solving general non-
linear optimization problems can be found in the literature, namely,
gradient-based optimizers and evolutionary algorithm optimizers
[1,2].

All gradient-based optimizers (also called deterministic opti-
mizers) are point-by-point algorithms and are therefore local
optimization techniques in nature. Gradient-based optimization
techniques start the search procedure with an initial guess solution.
If this guess solution does not come close enough to the global opti-
mal  solution, the gradient-based optimization techniques are likely
to be trapped in the local optimal solution. In practice, finding such
a suitable starting solution is the major difficulty when trying to
optimize automatically. Gradient-based optimizers with about 20
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variables are usually impractical [2] because as the number of vari-
ables increases, so does the number of evaluations. Most of them
are designed to solve a particular class of optimization problems
with few variables.

In other words, all evolutionary algorithm optimizers work
with random sets of potential solutions—they are stochastic
searching algorithms and therefore global optimization meth-
ods. Evolutionary algorithm optimizers generally scale well to
solve higher dimensional optimization problems by comparing
with gradient-based optimizers. Evolutionary algorithms con-
sist of three population-based heuristic methodologies: genetic
algorithms (GAs), evolutionary programming, and evolutionary
strategies. GAs are perhaps the most popular evolutionary algo-
rithms [3].

In traditional GA implementations [4,5], the decision variables
were encoded as binary strings, namely, binary coded genetic algo-
rithm (BCGA). The performance of BCGA has been satisfactory on
small- and moderate-size problems requiring less precision in the
solution, but BCGA entails huge computational time and memory
[6] for high-dimensional problems that call for greater precision.
To improve these drawbacks when applying BCGA to multidi-
mensional and high-precision numerical problems, the decision
variables can be encoded as real numbers, namely, real-coded
genetic algorithm (RCGA), which has become increasingly popu-
lar [1,7]. The superiority of RCGA to BCGA has been established for
continuous optimization problems [8] and medical data mining [9].

The performance of GAs relies on efficient search operators to
guide the system toward global optima. One problem afflicting GAs
is premature convergence. To mitigate or even avoid trapping into
the local optima, the mutation operator provides a mechanism to
explore new solutions and maintains the diversity of the population
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in GAs search, but it does so at the cost of slowing down the learn-
ing process. In GAs literature, relatively less effort has been put
into designing a new mutation operator for RCGAs [1].  The step
size and search direction are major factors that determine the per-
formance of mutation operator [10]. The present study seeks to
propose a novel, simple, and efficient RCGA based on the adap-
tive directed mutation (ADM) operator, and whose performance is
demonstrated on a set of complex function optimization problems.

The remainder of this paper is organized as follows: Section 2
gives a brief review of the mutation operator in RCGAs. Section
3 provides a detailed description of the proposed methodology.
The set of benchmark problems, the compared algorithms, and the
experimental results are reported in Section 4. Finally, Section 5
presents a number of conclusions from the present study.

2. Review of literature on mutation operator

In general, a typical RCGA involves three main
operators—selection, crossover, and mutation—to evolve the
fitness of a population of guesses over a sequence of generations
toward convergence at the global optimum. The method can be
viewed as an evolutionary process. The mutation operation is
used to change the offspring genes. Mutation is a key operator
to increase the diversity of the population, hence enabling GAs
to explore promising areas of the search space [10]. For common
mutation operations, the random mutation (RM), uniform muta-
tion, non-uniform mutation (NUM), polynomial mutation (PLM),
and Gaussian mutation can be found [1,11].

Research effort has recently been spent to improve GAs per-
formance by using different mutation techniques. Following the
concept of induced mutation in biological systems, Bhandari et al.
[12] first used directed mutation technique to improve BCGAs.
Based on gradient or extrapolation, the directed mutation deter-
ministically introduces a new point in the population guided by
the information acquired in the previous generations. Zhou and Li
[13] proposed a directed variation technique for mutation opera-
tor to adjust some individuals by using the feedback information
from the current population. Berry and Vamplew [14] suggested
a co-evolutionary technique where each component of a solution
vector is added one extra bit to determine the direction of muta-
tion by using the feedback information from the current population.
Temby et al. [15] introduced a directed mutation based on momen-
tum, where each component of an individual is attached a standard
Gaussian mutation and the current momentum to mutate that com-
ponent. Korejo et al. [10] proposed a directed mutation operator
to improve the directed variation technique [13], in which the
statistics information regarding the fitness and distribution of indi-
viduals over intervals of each dimension is calculated according to
the current population and is used to guide the mutation of an indi-
vidual toward the neighboring interval that has the best statistics
result in each dimension.

Srinivas and Patnaik [16] described an adaptive BCGA for multi-
modal function optimization. In this adaptive GA, the probabilities
of crossover and mutation are varied depending on the fitness val-
ues of the solutions. High-fitness solutions are protected while
solutions with sub-average fitness are totally disrupted. Accord-
ing to the information of population evolutions in the impact of
changes on fitness level, Chen and Liao [17] suggested an adaptive
mutation operator to appropriate adjustment searching policies
in RCGAs by using the simulation of gradient or counter-gradient
direction. Tseng and Liao [18] proposed two adaptive strategies
to improve the evolutionary efficiency of GAs. One strategy is to
change crossover operators, which can randomly substitute the
current crossover operator for another crossover operator at any
time. The other strategy is to implement an adaptive adjustment

of the crossover and mutation rates to increase the level of genetic
diversity and guide the system toward global optimum if the sys-
tem sinks into the local optimum. A state-of-the-art method for
adaptive mutation is Covariance Matrix Adaptation Evolution Strat-
egy (CMA-ES) [19]. CMA-ES outperforms many other parametric
optimization algorithms, as witnessed in the 2005 CEC algorithm
contest, and is recommended by experts [20].

Ling and Leung [7] suggested the wavelet mutation, which is
based on wavelet theorem. Deep and Thakur [1] designed the power
mutation (PM) operator for RCGAs based on power distribution.
By applying the underlying biological and mathematical idea to
the generic framework of RCGAs, Vafaee and Nelson [21] proposed
an adaptive mutation method based on the frequency of the best
chromosomes’ genes.

3. Methodology

3.1. The proposed ADM

The objective of the present study is to introduce a new mutation
operator, namely, ADM, and to evaluate its performance against
other mutation operators existing in literature. The ADM opera-
tor was  designed to avoid both concentration of each chromosome
caused by a crossover operator and an unsystematic search of the
system due to RM.  The ADM operator will introduce a new solution
in the population. The new searching point is guided by the solu-
tions obtained earlier based on the adaptive direction of gradient,
hence its name. The direction of gradient is derived from the evolu-
tion of fitness value for each individual. The definition of �f(t − 1)
and �f(t) are variations of the fitness value for each chromosome
x in the three consecutive generations (t − 2, t − 1, and t):

�f  (t) = f (x(t)) − f (x(t − 1)) (2)

�f (t − 1) = f (x(t − 1)) − f (x(t − 2)) (3)

where x = {x1, x2,. . .xk,. . .xN}is a chromosome, f(x(t)) is the fitness
value of chromosome x at the t generation. The variations of the
k-dimensional gene for chromosome x in the three consecutive
generations (t − 2, t − 1, and t) are defined as

�xk(t) = xk(t) − xk(t − 1) (4)

�xk(t − 1) = xk(t − 1) − xk(t − 2) (5)

Combining (2) with (5),  the new solution of xk will be iteratively
updated as

xk(t + 1) = xk(t) + (�f (t), �f  (t − 1),  �xk(t), �xk(t − 1),  xk(t),

xUB
k , xLB

k ) · pm (6)

where xUB
k

and xLB
k

are the upper bound and lower bound of xk,
respectively. pm is the adaptive probability of mutation [16]. It
makes the bad chromosomes undergo a more substantial change
in the population, and it can be expressed as follows:

pm =

⎧⎨
⎩ 0.5 · fmax(t) − f (x(t))

fmax(t) − f (t)
, if f (x(t)) ≥ f̄  (t)

0.5, if f (x(t)) < f̄ (t)

⎫⎬
⎭ (7)

where fmax(t) is the maximum fitness value of the population, f̄ (t)
is the average fitness value of population.

In Eq. (6),  the function of g(·) can be termed as an accelera-
tion function which controls the directed mutation. In the present
study, four guided strategies were proposed based on nine differ-
ent evolution trends for any chromosomes. These are “directional
small-scale mutation,” “random small-scale mutation,” “random
medium-scale mutation,” and “random large-scale mutation.” The
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