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Abstract
A new approach to incorporate the features and robust-
ness of the natural evolutionary process to evolutionary
computation is proposed. The key feature of this ap-
proach is maintaining the evolvability of the population
by controlling the mutation process by exploiting the
characteristic dynamics of a chaotic neuron. The pro-
posed method has been tested for optimizing in static
environments as well as in a changing environment. The
results show that it inherits the ability to cope with the
change in the optimizing criteria and converges fast while
maintaining evolvability.
Keywords:Chaotic Neuron, Evolutionary Program-
ming, Dynamic Environments.

1 Introduction

Evolutionary computation has been given much at-
tention in the recent history of engineering optimization
problems. Though evolutionary computation is effective
in finding a globally optimum solution to a static op-
timization criteria, work is yet to be done to enhance
it’s ability to cope with a dynamic environment, Bäck
[1]. In fact, actual engineering problems, are sometimes
coupled with phenomena such as emergence and disap-
pearance of constraints, changing optimization criteria,
etc. Therefore evolutionary computation needs to take a
turn towards incorporating the feature of evolvability in
dynamic environments.

This paper proposes a new concept that takes a step
towards natural evolution. It is important to be noted
that the ability of a population to continue surviving in a
changing environment comes from the ability to find the
global optimum in the current environment, while main-
taining enough diversity to face a potential change in the
environment. In the proposed method, this phenomenon
is simulated by making use of the characteristics of a
chaotic neuron proposed by Aihara et al. [2].

The new approach of chaotic mutation gives promising
results for some benchmark functions. In the sections
to come, the meta-evolutionary programming algorith-
m is taken as the conventional method of evolutionary
computation. All comparisons are being made with this
algorithm.

2 Meta-EP Algorithm

2.1 The Representation

In evolutionary programming (EP), the individuals
are defined based on real valued vectors in the form

aj = (xj,σj), j = (1...µ)

to deal with continuous parameter optimization problem-
s. Here x is the object variable vector and the strategy
parameters σj are used for the mutation of individuals
as explained later.

2.2 Recombination

Recombination is not found in meta-EP algorithm. In
the proposed method arithmetical crossover is adopted
with a relatively small probability (0.2). It is basically
performed as

x
′
S,i = xS,i + χ(xS,i − xL,i)

x
′
L,i = xL,i + χ(xL,i − xS,i)

where S and L denote two parent individuals selected at
random from the parent population, and χ ∈ [0, 1] is a
uniform random variable.
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2.3 Mechanism of Mutation

Mutation is performed to each individual in the form,

x
′
i = xi + σiNi(0, 1) (1)

where xi is the object variable of a randomly selected in-
dividual. σi is the standard deviation or so called strat-
egy parameter, and Ni(0, 1) is a Gausian random value
generator with a normal distribution of zero mean and
unity variance.

In the case of meta-EP, the standard deviation is con-
trolled as

x′
i = xi +

√
νiNi(0, 1). (2)

The variance νi is a constant and modified as follows.

ν
′
i = νi +

√
νiαNi(0, 1) (3)

where the value of α is an exogenous parameter that
makes sure that the variance remains positive. In the
case where the variance becomes negative or zero, it is
set to a small value ε > 0. As can be seen in equations
(1) , (2) and (3), the drawback in evolutionary program-
ming is that the standard deviation that is gradually be-
ing changed is blind to the diversity of the population.
As such the method is good in dealing with static envi-
ronments but lacks the robustness to work in dynamic
environments.

2.4 Selection Mechanism

In meta-EP, after creating µ offspring from µ parent
individuals by mutating each parent once, tournament
selection mechanism is adopted to produce the next gen-
eration. In the tournament selection method for each
individual aj ∈ P (t) ∪ P

′
(t), where P (t) is the parent

population and P
′
(t) is the population of mutated in-

dividuals, a random uniform sample of size T is picked
up from the population such that T > 1. Then a score
wj ∈ (0, T ) is attributed to each aj such that the score is
equal to the number of individuals in T that is less fitter
than the individual. Based on this score, the 2µ individ-
uals are ranked and the best µ individuals are selected
for the next generation.

3 Adaptive Chaotic Mutation Mechanis-
m

The standard deviation in the proposed mutation
mechanism is controlled depending on the instantaneous
diversity of the population by exploiting the character-
istics of a chaotic neuron proposed by Aihara et al. [2],
and adopted appropriately for the purpose. An extended

version of this chaotic neuron is adopted by Choi et al.
[3], to avoid local minimal problem in mobile robots. The
fundamental idea of avoiding local minimums is almost
the same in this method.

Before going into a detailed discussion let us briefly
look at the characteristics of the chaotic neuron model
used here.

3.1 Characteristics of a Chaotic Neuron

The following equations are used to elaborate the char-
acteristics of the Aihara’s chaotic neuron.

p(n + 1) = f(q(n + 1)) (4)

q(n + 1) = kq(n) − βg(p(n)) + u(n) (5)

f(q) =
φ

1 + e−q/ψ
− φ

2
(6)

where p(n + 1) is the output value of the neuron at dis-
crete time n+1, which lies between φ/2 and −φ/2, ψ con-
trols the shape of the function f(q) while φ determines
the magnitude of it. In addition β is a positive parame-
ter, k is the damping factor of refractoriness. u(n) is the
input to the chaotic neuron.
The refractory function g()̇ is given by

g(p(n)) =

{
1

2πρ2
e−||p(n)||2/2ρ2 if p(n) − p(n− 1) ≥ 0

− 1
2πρ2

e−||p(n)||2/2ρ2 Otherwise.
(7)

The value of ρ controls the shape of g(p(n)). It can be
seen in Fig. 1 that the output undergoes chaotic motions
when the input u(n) draws closer to zero. The reason lies
in the shape of the refractory function which is sensitive
to the sign of the gradient of output.

3.2 Application to Adaptively Mutate Indi-
viduals

The relative diversity is defined as

ζn =
D(n)
D(0)

(8)

where D(n) is the population diversity [4] of the nth gen-
eration, which is given by

D(n) =

√∑N
j=1{fitm(n) − fitj (n)}2

N
(9)

In which fitm(n) is the mean fitness of the nth gener-
ation, fitj (n) is the fitness of the jth individual in the
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Figure 1: Behavior of the output of the chaotic neuron
with the input u(n) used as the bifurcation parameter.
The parameter values adopted in this application are,
k=0.3, β=0.5, φ=2.0, ψ=0.5, ρ=0.2.

nth generation and N denotes the number of individuals.
Then

a(n) ≡ ζn

The relative diversity decreases gradually as the popula-
tion converges to a global optimum and it gradually de-
creases the standard deviation due to the characteristics
of the chaotic neuron. When the relative diversity is near
zero, the standard deviation undergoes chaotic motion-
s regaining diversity and enhancing further evolvability.
Therefore the modified version of mutation mechanism
proposed in this approach is

x
′
i = xi + σi(ζn)Ni(0, 1) (10)

where the chaotic standard deviation σi(ζn) is defined by

σi(ζn) = θi{(1 + U([0, 1)))/2}ϑ(ζn) (11)

θi = cBi (12)

in which the function of chaotic neuron is given by ϑ, Bi
is the range of initialization of the object variable xi, c is
set to be 0.125. The value of c can be altered depending
on the degree of dynamics in the environment. U([0, 1)) is
the uniform Gausian random number generator between
[0,1).

4 Optimization of a Moving Function

For the testing of the proposed method in its ability to
optimize in a dynamic environment, the following moving

Initialize population
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Chaotic mutation
step size

Mutation

Evaluation

Reproduction

End

 Dynamic fitness
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Figure 2: The block diagram showing the proposed adap-
tive chaotic mutation method

function was considered.

H(n,x, y) =




1 + xe(−x2−y2) if 0 < n ≤ 100

1 + (x + 0.2)e(−(x+0.2)2−y2) if 100 < n ≤ 200

1 + (x + 0.3)e(−(x+0.3)2−y2) if 200 < n ≤ 300

1 + (x + 0.4)e(−(x+0.4)2−y2) if 300 < n ≤ 400

1 + (x + 0.5)e(−(x+0.5)2−y2) if 400 < n ≤ 450
(13)

where n is the number of generations. In this dynamic
environment, the test results of the proposed method for
tracking the optimum point are shown. A population size
of 60, crossover probability of 0.2, tournament size of 10
were used in the proposed method. In the conventional
method, same parameters except crossover were used.
The population was initialized in (−2, 2). It can be seen
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Figure 3: The behavior of the maximum fitness in
the proposed method and evolutionary programming
method, averaged over 100 trials.

that in the conventional method the ability to track the
optimum solution deteriorates when the function moves,
compared with the proposed method.
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Figure 4: The behavior of the relative population diver-
sity in the proposed method and evolutionary program-
ming method, averaged over 100 trials.

5 Optimizing static environments

Two bench mark functions have been used to demon-
strate the convergence ability and the reliability of find-
ing the global optimum in a static environment using
the proposed method. A population size of 50, crossover
probability of 0.2, tournament size of 10 was used in the
proposed method. In the conventional method, same pa-
rameters except crossover was used. For the function f1

the population was initialized in (−30, 30) and for f2 in
the range (−1.28, 1.28)

f1(x) =
30∑
i=1

x2
i (14)

f2(x) =
30∑
i=1

x4
i + U([0, 1)) (15)

As can be seen in Figs. 5 and 6, in both cases, the
proposed method has shown superior performance than
the conventional meta-EP method.

6 Summary

A new concept of adaptive mutation with the objec-
tive of optimization in dynamic environments has been
proposed. The new approach differs from the other meth-
ods in considering the diversity of the population as the
control input to a chaotic neuron to control the standard
deviation of mutation. The process works in observing
the diversity and then uses the relative diversity as the
input to the chaotic neuron and decides on a suitable
standard deviation for mutation.
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Figure 5: Comparison of the behavior of the best fit value
averaged over 100 trials for the quadratic function f1(x)
between the proposed and conventional methods.
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Figure 6: Comparison of the behavior of the best fit value
averaged over 100 trials for the noisy quadratic function
f2(x) between the proposed and conventional methods.
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