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Abstract

This study presents the normative knowledge source for the belief space of cultural algorithm(CA) based on an
adaptive Radial Basis Function Neural Network (RBFNN). The use of the RBFNN makes it possible to use the
previous upper and lower bounds of the normative knowledge to update them and to extract a logical
relationship between the previous parameters of the normative knowledge and their new values. The proposed
algorithm(N°KCA) is similar to what the human brain does, i.e. to predict the new values of the bounds of
normative knowledge based on the previous ones and some knowledge, which it has gained from the previous
successive updates. Finally, the proposed cultural algorithm is evaluated on 10 unimodal and multimodal
benchmark functions. The algorithm is compared with several other optimization algorithms including
previous version of cultural algorithm. In order to have a fair comparison, the number of cost function
evaluation is kept the same for all optimization algorithms. The obtained results show that the proposed
modification enhances the performance of the CA in terms of convergence speed and global optimality.

Keywords: Cultural algorithm (CA), global optimization, knowledge Sources, normative knowledge, adaptive

Radial Basis Function Neural Network (RBFNN).

1. Introduction

Optimization is an important issue in different
scientific applications. Many researchers dedicated
their studies to algorithms that can be used to find an
optimal solution for different applications.
Evolutionary computation techniques such as genetic
algorithm, evolutionary strategy, and evolutionary
programming and swarm intelligence algorithms such
as particle swarm intelligence algorithm and ant
colony optimization are powerful tools for solving
optimization problems [1]-[4]. Similar to particle
swarm optimization and ant algorithm in which
members try to share their experiences, CA tries to
model social intelligence based on natural cultural
evolution to solve the optimization problems [5]-
[6][24].

Facing with an engineering optimization
problem with extensive domain knowledge that
cannot be easily integrated into the population level,
CA is a proposed optimization method. The CA
Performance is studied in many benchmark
optimization problems [7] and in a number of diverse
application areas. For example the efficacy of a
version of CA is tested on Loney’s solenoid design
which is an electromagnetic engineering problem [8].
In [9] authors applied the CA to the pressure vessel
optimization problem which is a benchmark
engineering design problem. The CA is also applied
to some other engineering applications such as
prediction by functional link-based neural fuzzy
network [10], optimization of the tension
compression of a spring weight [11] and modeling
the evolution of agriculture [12].
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Three major components of CA are population
space, belief space and a protocol that defines the
relationship between the population and the belief
space. The population space can be based on any
population-based computing models such as genetic
algorithm, evolutionary programming and particle
swarm optimization method [10]. The belief space
stores and updates the knowledge acquired from the
experience of individuals in the population space. By
using this knowledge, the belief space conducts the
population to the optimal solution. This mutual
interaction between the population and the belief
space will continue until the stop criteria of the
algorithm are visited. One of these knowledge
sources is normative knowledge which determines
the upper and lower bounds for each variable. The
normative knowledge source identifies promising
variable ranges of the solutions.

This study presents a novel idea presenting the
normative knowledge source, in the belief space of
cultural algorithm; which is named "Neural Networks
for Normative Knowledge Source of Cultural
Algorithm"(N*KCA). The proposed novel normative
knowledge source benefits from an adaptive RBFNN.
RBFNN has been widely used in many areas, such as
data mining, pattern recognition, signal processing,
time series prediction and nonlinear system modeling
and control [13-23]. It is suggested that there exist a
relationship between the previous upper and lower
bounds of the normative knowledge and their new
values. Using RBFNN as a normative knowledge
source, it is possible to extract this logical
relationship. The proposed method tries to pretend
the way human brain thinks about the upper and the
lower bounds of variables, considering their histories.
Finally, the proposed cultural algorithm is evaluated
on 10 wunimodal and multimodal benchmark
functions. The algorithm is compared with several
other optimization algorithms such as previous
version of cultural algorithm, differential evolution,
particle swarm optimization and genetic algorithm. In
order to have a fair comparison, the number of cost
function evaluation is kept the same for all
optimization algorithms. The obtained results show
that CA with normative knowledge source based on
RBFNN outperforms these algorithms in terms of
convergence speed and global optimality.

The rest of this study is organized as follows.
The components of CA are reviewed in section II.
Section III presents normative knowledge source
based on an adaptive RBFNN approach in details.
Section IV compares the N'KCA algorithm with

existing CA and various optimization algorithms for
a set of benchmark functions. Discussions and further
investigations on the N’KCA are made in this
section. Final conclusion is presented in section V.

2. Cultural algorithm overview

In this section we describe the traditional CA. The
key idea of CA is to store and update the problem
solving knowledge with the feedback from the
population and to guide the search using this
knowledge [24]. The components of CA are
population, belief space, acceptance function, and
influence function. These major components of CA
are depicted in Fig. 1.

2.1. The belief space

The experience of individuals are used and stored in
information repository called belief space. These
experiences can be used by other individuals. In other
words the members of the population share their
experiences in the belief space and subsequently the
knowledge is extracted from these experiences. The
benefit of CA over other evolutionary algorithms is
that other than sharing the information with offspring
the information is shared with other members of the
group. CA employs sets of knowledge sources which
are characterized by their appearing in the problem
solving process. Reynold and Ali [9] identified five
basic categories of Knowledge. Each of which are
added in different time to achieve a various problem
solving capabilities  [7][25][26]. These five
knowledge sources are normative knowledge,
situational knowledge, domain knowledge, history
knowledge and topographical knowledge. The range
of acceptable behaviors in each generation is
represented by normative knowledge [7]. Situational
knowledge keeps exemplars of successful solutions.
Relationships and interactions between the objects in
the domain are kept in the domain knowledge source
[25]. Temporal and special patterns of behavior are
stored in history and topographical knowledge
sources respectively  [25][26]. Any cultural
knowledge can be expressed as some combination of
these five knowledge sources [9]. The goal of this
study is to present a novel normative knowledge
source and to meet this goal normative and
situational knowledge sources are employed.
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Figl. The CA framework[9]

The formal syntax of belief space defined in this
paper is <N[n],S> where N is a normative knowledge
source and includes the interval information for each
n variable and S is a situational knowledge

component.
2.1.1. The existing normative knowledge source

In all pervious works N[j] 1is represented as
N[j]=<1,,L;,U; >. I; is the closed interval of j-th
variable, 7;=[l;,u;]= {x 11, <x <u,,x € R} where
for the j-th variable the lower bound,/;, and upper
bound, u; are initialized as the domain values and
they can be changed later. L; and U; denote the
performance score of the lower and upper bounds of
Jj-th variable, respectively. Also in previous studies
the normative knowledge update mechanism is as
follows. Assume that the i-th individual affects the
lower and upper bounds of the j-th variable at
generation . The update formulas are given below.

x' if x' <liorf(x')<L,
TS i .

l;ﬂ = " (1)
l; Otherwise
. . 1
[+ — f(xi) if X,-,j<lj 0rf(xl.)<Lj @
' L[,- Otherwise
t . 1 P , .
ul[ﬂ _ X if x' >ujorf(x;)<U; )
. u; Otherwise
D x> N<U!
ujrt= SO g, >ujor fa)<Us
. U; Otherwise

Where x| ;represents the j-th variable of i-th
individual at generation ¢ and f(x,) denotes the
fitness function for it.

2.1.2. The situational knowledge source

Some good experiences of individuals are kept in this
knowledge source. Situational knowledge guides
individuals to move towards these elite experiences.

NKCA

This is the earliest knowledge source used with the
CA which is inspired by elitist approaches in genetic
algorithm. The basic idea of situational knowledge
source is also very similar to the movement of
particles towards the global best in particle swarm
optimization (PSO). This knowledge is updated as
follows.

t
SI+1 — x/mr
S t

where x,,, is the best individual in the population at
current generation .

if flxp, ) <fS"):

Otherwise

&)

2.2. The population space

The population space consists of a set of possible
solutions for the problem, and can be modeled using
any population-based approach. The population
model used here is a simple evolutionary algorithm
where each individual is a vector of real-valued
variables. In each generation an individual is evolved
by the mutation operators using a specific knowledge
source. Each knowledge source specifies a different
mutation operator.

In this study population space is called P,
Each individual in P, has a number of features
that are problem variables. Therefore when we want
to optimize a function with »n variables, i-th
individual in P,,, can be considered as follows.

X, =[x, X, ... x,] (6)

ain *

2.3. The acceptance function

The acceptance function determines which of
individuals and their behaviors can impact the belief
space knowledge. The number of individuals which
impact the belief space can range between 1% and
100% of the population size, based on selected
criteria.

2.4. The influence function

The belief space can influence the new individuals of
the population space according to the knowledge
sources influence function. This function defines the
method by which the knowledge in the belief space
controls the mutation operator in the population
space. As mentioned earlier, different mutation
operators are defined by each knowledge source.
Since in current research only two sources of
situational knowledge and normative knowledge are
used, therefore influence functions are defined as two
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sources of knowledge.
according to situational knowledge is defined as

follows.

The mutation operator

x +‘(fo/ s, ).N(O,I)‘ i <s,

i

R S SO R
x! +b.‘(xi/ -§; )‘-N(OJ) otherwise

j=1,..,n

where n is the number of parameters; x;; is the j-th
element in the i-th individual at generation f;
B(0.01~0.6)is a constant that is selected equal to
0.3 as used by Chung [ 27 |, §; is the j-th parameter
in the best individual (S), and N, ; (0,1) is a random
number with normal probability distribution function.
The normative knowledge defines the following
mutation operator.

X' @, ~1)NOD] if X <
S y ®
2= =l —L)N O] i x! >u;

2
x' 4B, =1)|N(©1) otherwise

j=1.,n

3. RBFNN structure as normative knowledge
source

In this section we introduce the normative
knowledge-generating system. As mentioned earlier,
the normative knowledge produces the lower and
upper bounds for each dimension of an optimization
problem which is led to the optimal variables range.
Considering an optimization problem with n
variables, a normal RBFNN is designed to generate
the n —data pairs which represent the previous lower
and upper bounds for variables. The structure of a

normal RBFNN with m neurons is shown in Fig. 2.

3.1. The inputs of normal RBFNN

As can be seen from Fig. 2, this neural network has
four inputs which are the index number of the
feature, the feature value, the lower and upper bounds
of the feature. For determining the input x' of this
artificial neural network, accepted individuals in

Phuain » participate in a discrete recombination which
benefits from a roulette wheel mechanism. This
individual which is produced from the accepted
individuals is called Recombined Accepted
Individual (RAI). As Fig. 2 shows the features of the
RAI are fed to the network separately along with
x",1" and u'. In this way in order to compute the
normative knowledge source, this neural network is
evaluated n times. In general, the network equation
can be expressed as follow.
Y =XWa(X,G,.c) 9)
i=l
where m is the number of neurons. The neural
network input matrix at generation number ¢ is as
follows.
: t t t
i, RAL 1 u (10)
$_ i, RAI‘z 1‘2 u‘z

i, RAI‘n 11 u:‘

which i, (k=1,2,...,n) is the index of variables that is
normalized to the variable range, RAI, is value of k-
th variable at generation f, and [, and u, are the
lower and wupper bounds for k-th variable in
generation t respectively. In each stage, the neural
network is applied to a row of this matrix. The
network output is as follows.

t+1 t+1
I u, 1
t+1 t+1 ( )
- u
Y: 2 2
t+1 t+1
1l’l n

3.2. The feedforward algorithm of normal
RBFNN

Obviously, in every stage of the feedforward
calculation of the neural network, a row of Y s
achieved as the output of the neural network. So in
order to find the lower and upper bounds for all n
variables, it is required to run the neural network
feedforward algorithm for n times.
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Figure 2. The structure of Normal Radial Bases Function Neural Network with m neuron for normative knowledge source.

The output layer weights for m neuron are as
follows.

w w

11

- w 12

" (12)

Wy Wy o W,

These weights should be trained to achieve their
optimal values during the process. The normalized
output of each radial basis function is calculated as
follows.

9 (X ,6,.¢)
Z¢’/(i’6.f’5./‘)

j=1

¢ (X ,G,,¢.)= Li=12..m  (13)

where @ (X ,5,,¢,) is the Gaussian radial basis

functions as:
2

9,(X .G,.c;) =exp —0-5[[MJ +

i
2 2 2
t 13 t
[xk _Cizj +[l _C”j +[“ _Ci4]
Oy O3 Oy

As the relations above show, there are two
groups of parameters in this structure that should be

(14)

optimized in the process of the training artificial
neural network. These two groups of the parameters
related to the radial functions, namely:

C11 CIZ CIS C14 (15)
(—:' — CZI CZZ C23 C24

ml

(16)

where ¢,0 are the matrix of center and standard
deviations of the radial bases functions(RBFs)
respectively. The output layer weight vector of the
neural network is specified asW . Since there is not
any target values for the lower and upper bounds,
gradient based estimation methods cannot be used. In
fact, there is no neural network error to optimize the
neural network parameters. The derivative free based
methods, such as evolutionary algorithms [31]-[34]
and swarm intelligence algorithms [35]-[41] are
independent from objective function with respect to
neural network parameters and hence can be used, to
optimize the parameters of neural network. We use
the PSO to optimize the output weights W and EP to
optimize the center values of the radial basis
functions. In order to optimize w parameters, and
the center parameters, two populations are considered
as P, and P. . The values of variance are selected as
one third of distance between the centers in each
dimension and these parameters are not trained
during the optimization.

3.3. Training w parameters

We use PSO algorithm for the training of W . In this
algorithm each particle in P, is a vector of m x2
variables. These weights are initialized with random
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numbers. In order to calculate the best personal and
the global experiences, we need to evaluate these
particles. In order to evaluate a particle, first we
calculate the lower and upper bounds corresponding
to this particle by neural network feedforward
algorithm. Using the achieved lower and upper
bounds, RAI is mutated by normative knowledge
source influence function. This procedure is done for
all particles in F,, and subsequently the fitness of the
corresponding mutated RATJ
fitness of each particle.

It should be noted that the centers of RBFs which
are used to train W , are selected as the best member
of P.. The optimization of P. is described as
follows.

is considered as the

3.4. Training categories centers parameters C

In order to obtain the best values for the parameters
C , evolutionary programming is utilized, which
benefits from a simple mutation. The centers of the
RBFs are uniformly distributed in each dimension.
The members of P,
permutations of these uniformly distributed centers.
Thus each member is defined by a matrix, whose

are selected as different

rows are centers of a neuron and its columns include
different dimensions of the inputs space which is
considered to be 4 (see equation 15). We define a
mutation operator on the members of P. that
changes the places of the centers within the same
dimension between different neurons. In other words,
no new center values of the RBF’s are generated and
the values of the offspring are a permutation of its
parent. This simple mutation will considerably lessen
the computational cost. Using the mutation operator
the offspring are generated. In order to evaluate a
member, first we calculate the lower and upper
bounds corresponding to this member using neural
network feedforward algorithm. It should be noted
that the output weights of neural network are the
same for all members and are equal to the global best
particle of P, . Using the achieved lower and upper
bounds, RAI is mutated by normative knowledge
source influence function. This procedure is repeated
for all members in P. and its offsprings. The fitness
of the corresponding mutated RAI is considered as
the fitness of each member. A selection operator
chooses | P, | (the number of members of P, ) from
the best members of the next generation. This
procedure is repeated in each generation; In this way,

with simultaneous optimization of RBFs centers and
output weights, we obtain the best configuration for
RBFs and neural network parameters.

3.5. The Pseudo code of the whole algorithm

The Pseudo code of the described algorithm can be
briefly presented as follows.

1. Initialize randomly Py, ¢ Pw and Pc .

2. [Iterate the following steps until the stop

criteria are visited.

2.1. sort the Py, based on fitness function.

2.2. update situational knowledge as equation 5

2.3. Select individuals from Py,;, considering
acceptance function and generate RAI as
described in section 3.1.
Perform the procedure described in section
3.3 for one generation and update the

24.

particles in Py .
Perform the procedure described in section
3.4. for one generation and update the

2.5.

particles in Pc .
update normative knowledge using RBFNN
(the best individual in P would be replaced

2.6.

by C and the best particle in Py would be
replaced by W).

2.7. Mutate Individuals in Py, using the
normative  knowledge and situational
knowledge Influences function (50% by
each).

4. Simulation result

In this section, some experiments are carried out on
the benchmark functions to evaluate the proposed CA
which benefits from a RBFNN normative knowledge
source. In addition, the proposed method is compared
with existing structures for The CA and The other

optimization = methods e.g. particle swarm
optimization (PSO)[42]-[44], The genetic
algorithms(GA) [45]-[47]and The differential

evolution(DE)[42],[48],[49].
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Table 1. Ten Benchmark functions are used in this paper. The first five functions are unimodal and the remaining are multimodal

Name of

§ . Test function Search space Global f,
unction
D
Sphare f(x)=> % [~100.100]" | X=0,f(X)=0
i=1
Schwefel2.21 | f,(x)= max(|x]) [<100,100]" | X=0.f(X)=0
D—1
Rosenbrock f3(x):Z[100( X — X ) H(x—1) [-30,30]° X=1£(X)=0
i=1
.d 3 D
ngidsem f, = 21&4 +rand[0,1) [~128,128] | X=0,f(X)=0
D 2
Step fi(x)=>|x +0.5] [~100.100]" | ¥=0,f(X)=0
i=1
1 D ) D T
Griewank f(x)=—— J—1 |cos(—=)+1 —600,600]" X=0,f(X)=0
s(0= 0002 H %) [ P k=01
Rasterigin f, :Z[xf —10cos(2mx; )+ 10] [-5.12,5.12] | X=0.f(X)=0
i=1
1= » 1
Ackl —0.2 723&; 7Zcos(2mg ) _ ° X = 0, f X)=0
e f(x)=—20e "7 "7 +20+e [-32.32] * 0
D—1
f,(x)= %{10 sin® (ﬁyl ) —i—Z(yi - l>2 [1 +10sin’ (ﬁym)] +
i=1
(yD — 1)2}+iu(x ,10,100,4), where y. = 1+l(x. + 1),
Generalized = ' ' 40! > o
Penalized . [750,50] x=0,f(x)=0
k(xi fa) , X.>a
u(x.a.k,m)=10, —a<x <a
k(-x, —a)", x, <-a
D
f,= Z[yf —10cos(2y, )+ 10],
Non =1
continuous X |Xi|<0'5 —5.12,5.12] | X=0,f(X)=0
Rasterigin
where y; = round (2x; )
L yfso0s

4.1. Benchmark functions and algorithm
configuration

We have chosen ten test functions that are widely
used in the nonlinear global optimization literature
[28-30]. Function names, formulas, range of variables
and the global optima are listed in Table I these
benchmark functions have a wide variety of the
different landscapes and present significant
challenges to the optimization methods. The step
function is a discontinuous unimodal function, but
Sphere, Schwefel's 2.21, Rosenbrock, and Quadric

Noise are continuous unimodal functions. Griewank,
Rastring, Ackley and Generalized Penalized are
difficult multimodal functions where the number of
local optima increases exponentially with the
problem dimension. “Non-continuous Rasterigin” is
also a discrete multi-modal function.

In contemplation of comparing the proposed
algorithm, the standard version of existing CA, PSO,
GA and DE algorithms which are widely applied to
optimization applications, are used. The existing CA
uses two knowledge sources: situational and
normative  knowledge. This algorithm uses
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evolutionary programming model for its population
space. In addition, it benefits from influence
functions operators defined by the knowledge sources
mentioned above, each one having a 50% chance to
be applied to an individual. DE is a simple method
that uses the difference between two solutions to
probabilistically adapt a third solution. For DE, we
use a weighting factor F~U(0.2,0.8) and a

crossover probability P.=0.2. GA is based on natural
selection in the theory of biological evolution. Here,
we use real value coding for variables, roulette wheel
selection, arithmetic crossover with a crossover
probability P,=0.7, uniform mutation with a mutation
probability P,,= 0.1 and elitism operator that uses the
best chromosome at each generation for the next
generation. The PSO algorithm is based on the
swarming behavior of birds and fish. For PSO we use
only global learning (star topology), the inertia
weight w decreases linearly from 0.9 to 0.4 and the
acceleration coefficients are set as ¢; = ¢, = 2 same
as the common configuration in a standard PSO.

The value of maximum velocity is set as the
scope of the search space for each case. The values of
the parameters for above mentioned algorithms are
shown in details in Table 2.

Two trends are used for determining the
population size. In the first set of experiences, the
sizes of population in all algorithms are kept constant
and equal to 10. In the second set of experiments in
order to have a fair comparison, the population sizes
of the algorithms are considered in such a way that
the orders of complexity of all algorithms are kept the
same.

The evaluation of the fitness function is
considered as the key operator, for determining the
algorithm complexity. In other words the other
operations of algorithms are considered to be
neglectable when compared to the evaluation of the
fitness function. As a result the complexity of these
algorithms can be calculated as in Table 3.

In addition, if the sizes of all populations are
considered equal as |P, . =l B, =l P, |=PopSize ,
then table 3 is updated as Table 4.

As Table 4 illustrates, in order to achieve the
same complexity for N°KCA v.s CA, PSO, GA and
DE (6 =6, =06,, =6,, =6,,) the population

N3KCA

size of NKCA is set to 10 while for CA, PSO and
GA the size is set to 30 and for DE is set to 15.

4.2. Comparisons on the solutions

Table 5. shows the comparison results of N°KCA
and previous approaches. The dimension of the set of
functions is set to 30 and the simulations are repeated
for 15 times. As can be seen from the Table 5 the

proposed algorithm outperforms others, when they
are applied to f5, f; and f;. It should be noted that
since the complexity in terms of number of cost
function evaluation in the proposed algorithm is
higher than other methods, the population size of
other algorithms are considered bigger to achieve the
same complexity. But if the population sizes of the
algorithms are kept constant then the proposed
algorithm performs better in eight of ten functions. It
is also noticeable, in the functions that the proposed
algorithm is not the best; it is often the second best
algorithm.

Table 2. detail of all algorithms used in the
comparison

CA | knowledge sources=normative knowledge and
situational knowledge

influence function =see equation 7 and 8(50% by
each one)

acceptance function=decrease linearly from 70% to

1%(one individual) of the population

PSO | c1=2
c2=2

w= decreases linearly from 0.9 to 0.4

GA selection : roulette wheel
crossover : arithmetic crossover
mutation : uniform mutation
Pc=0.7

Pm=0.1

DE | weighting factor F ~U(0.2,0.8)

crossover probability=0.2

Table 3. The complexity of all algorithms used in the
comparison

TN3KCA(| PMain Ll PW Ll Pc |,MaxGen )=
MaxGen X(I Py, | +1 Py | +1Pc )

T..(I P, [.MaxGen ) = MaxGenx| P, . |

Main

T, (I P, I.MaxGen ) = MaxGenx| P, |

Main
Tsa (I Py 1, MaxGen ) = MaxGenx| P,

o |
Main
T,z (I P, I,.MaxGen ) = MaxGenx | 2P

Main

Table 4. The complexity of all algorithms used in the
comparison. The sizes of all populations are kept as

l PMain |:| PW |:| PC |: POpSiZC

(PopSize,MaxGen ) = 3 x MaxGen x PopSize

TN3KCA

T ,(PopSize,MaxGen ) = MaxGen x PopSize

T, (PopSize,MaxGen ) = MaxGen x PopSize

T;»(PopSize,MaxGen ) = MaxGen x PopSize

T,z (PopSize,MaxGen ) = 2 x MaxGen x PopSize
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Although other algorithms are comparable with
the proposed method in low dimensions, the
performance improvement of the proposed algorithm
in higher dimension is more significant.

The simulation results of the comparison
between N’KCA and the previous methods in higher
dimensions are given in Table 6. This table shows the
results of 15 independent runs of each algorithm in
terms of the "best", mean and overall standard
deviations (SD) of the solutions. Boldface in the table
indicates the best result among other contenders. As
can be seen from the table, when the dimension of the
functions increases, the proposed algorithm
outperforms previously mentioned algorithms. As
can be seen from the table, the performance of the
proposed method is significantly better than other
methods in both unimodal and multimodal
optimization functions. Especially the difference of
the optimal solutions found in f;, f f7 and fj, for the

N’KCA

proposed algorithm with respect to other studied
methods is much higher.

Furthermore, the N°’KCA can successfully jump
out of the local minima on all of the multimodal
functions and surpasses all the other algorithms on
functions f;, fs, and fy, when the dimension of the
problem is high. Considering the fact that the global
optimum of f; (Schwefel’s function) is far away from
any of the local optima, and the globally best
solutions of f; and fy (continuous/noncontiguous
Rastrigin’s functions) are surrounded by a large
number of local optima, it can be concluded that
when the dimension of the problem is high, the
proposed method has a great ability to avoid being
trapped in the local optima and achieving global
optimal solutions to multimodal functions. Hence,
when facing the high dimensional optimization
problems, the proposed algorithm is a viable choice.

Table 5. Search Result Comparison of N°KCA, CA, PSO, GA, DE And Ten Test functions. The dimension of the functions is set to
30 and the simulations are repeated for 15 times.

Algorithm N°K CA CA PSO GA DE
No of Population 10 10 30 10 30 10 30 10 15
Best 3.93E-05 8417.978 6.41E-24 7639.522 1100.535 | 24.37858 | 10.48305 | 0.000393 | 1.1E-14
f, Average | 0.003462 | 19801.03 5.05E-15 13558.66 6417.345 | 56.19411 | 23.35973 | 51.79014 | 3.01E-13
STD 0.00795 9427.495 1.45E-14 3860.135 4130.721 | 21.01692 | 6.294131 | 79.60155 | 6.62E-13
Best 0.131758 | 47.07699 18.77534 | 30.08316 2239965 | 3.352188 | 2.319512 | 12.66573 | 2.631799
f, Average | 0.910074 | 68.7028 40.47477 | 43.05844 35.50529 | 5.997855 | 2.775654 | 25.27999 | 8.188588
STD 1.142646 | 11.55835 10.62628 | 9.566417 8.010516 | 1.559576 | 0.461447 | 8.095543 | 5.763398
Best 20.86967 | 14000058 | 4.00031 3242712 4545659 | 5757049 | 408.444 102.0368 | 21.70866
f; Average | 53.94288 | 38585206 | 195.1178 | 11875061 | 3759853 4876.847 | 5397.628 | 158494.7 | 1130.938
STD 75.1631 32249031 | 326.1038 | 5612486 4024922 5018.659 | 11000 376828.9 | 4109.979
Best 0.002555 | 11.75635 0.011568 | 1.763573 0.485143 | 0.041842 | 0.019812 | 0.019513 | 0.016842
in Average | 0.013913 | 29.34757 0.101171 | 6.064976 1.559537 | 0.087164 | 0.03512 0.179901 | 0.026718
STD 0.014 15.89923 0.079775 | 5.527126 1.358883 | 0.028879 | 0.011958 | 0.356727 | 0.00545
Best [} 10034 [} 7487 1442 18 12 0 0
fs Average | 2 17899.13 2.6 14462.47 7271.133 | 71.73333 | 23.53333 | 113.2 0.066667
STD 2.299068 | 7850.139 6.663332 | 4626.26 4115.836 | 38.74545 | 6.57774 201.7889 | 0.2582
Best 0.000504 | 76.7618 0 69.75569 10.90482 | 1.219407 | 1.094347 | 0.008531 | 3.31E-13
fe Average | 0.076971 | 179.8822 0.013811 | 123.0279 58.7561 1.505747 | 1.210238 | 0.739918 | 0.000329
STD 0.141774 | 84.22516 0.013342 | 34.74121 37.17648 | 0.189153 | 0.056648 | 0.855637 | 0.001273
Best 15.04736 | 181.2648 78.6016 208.3556 1455899 | 67.57997 | 45.50053 | 7.866826 | 16.40774
f; Average | 44.19348 | 237.7617 140.8192 | 244.105 190.0289 | 86.77335 | 68.11653 | 17.07578 | 39.45923
STD 20.48986 | 36.14612 35.93035 | 21.62167 2134706 | 15.87286 | 15.78489 | 5.801352 | 14.03291
Best 0.011503 | 15.52469 2.958087 | 14.2152 1113221 | 2.895991 | 2.07254 0.000562 | 3.24E-08
fg Average | 1.700451 | 18.22393 7.577175 | 16.66763 14.18926 | 3.398749 | 2.384077 | 1.809054 | 3.28E-07
STD 1.010621 | 1.281967 3.891022 | 1.35747 1.880678 | 0.347746 | 0.225495 | 1.130469 | 5.18E-07
Best 1.77E-06 1294841 1.25E-13 84144.02 12.98313 | 1.745092 | 0.856514 | 0.251774 | 1.24E-15
fy Average | 0346674 | 43318410 | 1.81378 6612810 3187647 3.769537 | 2.935819 | 710.5996 | 0.133309
STD 0.712239 | 38858718 | 3.498671 | 8270429 9257429 1.704181 | 2.033324 | 1950.43 0.356261
Best 21.00065 | 131.6282 49 179.1644 139.3256 | 47.63865 | 48.36197 | 20.59906 | 27.10211
fio | Average | 55.10014 | 219.7189 82.33333 | 224.4698 176.4306 | 7429062 | 86.46813 | 28.36417 | 33.8463
STD 26.6007 42.63726 18.4765 36.53753 48.03541 | 12.84533 | 23.85494 | 5797934 | 4.764468
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Fig. 3 and Fig. 4 depict the convergence graph of
the studied algorithms. These figures show that the
convergence speeds of the proposed algorithm when
it is applied to different unimodal and multimodal
functions, is much higher than the other algorithms.
These figures also imply that if the generation
number of the algorithms is set to a small value, the
proposed method noticeably outperforms other
methods. For example if the generation number for
all algorithms is set to 100, almost none of the
algorithms can achieve comparable results with
respect to the N*KCA.

Fig. 5 illustrates the Frobinous norm of the
neural network weights used in the normative
knowledge source of the proposed algorithm. As can
be seen from the figure the weights of this neural

network are trained to obtain their optimal values
during the optimization process. Fig. 5 shows that in
the multimodal optimization problem, the weights
need to be changed more, in order to obtain an
optimal result. In addition, it can be seen that the
weights of neural network are generally more rapidly
converge when the cost function is unimodal. Using
this neural network, make it possible to obtain an
optimal nonlinear and intelligent relationship
between the previous values of the normative
knowledge and its successful future values. The fact
that the proposed algorithm obtains the best results
especially in high dimensions shows that the
proposed method is successful in using its
experiences to obtain the desired knowledge source.

Table 6. Search Result Comparison of N°KCA, CA, PSO, GA, DE And Ten Test functions. The dimension of the functions is set to 100 and the
simulations are repeated for 15 times.

Algorithm N°K CA CA PSO GA DE
No of Population Ve 10 30 10 30 10 30 10 15
Best 0.006677 131970.6 194.6648 35708.52 27956.64 5237.26 1053.269 147.4437 0.234724
f Average 4.730868 172048 3121.186 57048.88 42477.02 7186.42 1874.682 1375.528 16.72613
STD 3.134215 23748.68 3864.554 19467.92 11704.7 1574.104 396.8235 1044.489 35.29168
Best 0.680019 87.36373 80.29721 42.27448 34.70838 50.70327 20.6777 53.51162 55.88381
f, Average 2.170413 93.20505 85.515 56.72238 47.98826 61.37755 28.91107 63.11614 64.64682
STD 0.933936 2.554767 2.616001 8.197084 6.510296 7.656064 5.483909 6.421677 5.863988
Best 93.30936 5.12E+08 57456.61 28820015 9986870 1176026 133556.4 451853.9 1757.679
f; Average 293.0077 7.43E+08 5200300 76430658 45115764 2920772 326489.1 4257928 74011.52
STD 446.892 1.27E+08 10295630 43703547 30643107 1705872 114017.5 4147288 174356
Best 0.005013 849.7301 4.93921 50.89253 14.296 4.017097 0.352146 2.517897 0.349747
£y Average 0.026627 1196.624 21.52691 116.9386 41.83727 7.506062 1.556055 7.710071 0.96677
STD 0.027368 182.4113 19.13405 63.6448 29.87847 3.228422 0.682821 5.879923 0.734905
Best 0 118541 6395 36194 26481 6040 1281 633 1
fs Average 28.4 170924.5 15485.6 56634.87 43672.93 7995.667 1925.467 2456.2 86.66667
STD 18.74567 27166.16 6479.059 19157.24 14071.25 1196.1 436.15 1597.94 125.8478
Best 0.23078 1188.735 2.752549 322.3767 252.6098 48.13534 10.47942 2.326993 1.000176
fs Average 0.867852 1549.369 29.06927 514.4399 383.2932 65.67778 17.87214 13.37975 1.150311
STD 0.311573 213.7883 34.72286 175.2601 105.2226 14.16693 3.571411 9.400402 0.317737
Best 7.584223 1106.751 562.2261 833.4902 788.6953 792.8895 662.5668 328.0291 542.2767
f; Average 97.72475 1313.261 665.5601 1008.288 883.7358 896.4352 788.5333 429.6297 585.3754
STD 79.71627 103.8822 69.62043 91.90354 61.38746 78.17053 78.02651 70.21832 26.42879
Best 0.012537 20.04262 18.52987 15.30085 15.13416 9.326511 5.307857 3.79213 0.087751
fg Average 0.372472 20.37859 19.15834 17.50186 16.4221 11.97795 6.130698 6.363929 0.557159
STD 0.661231 0.17619 0.363509 1.128633 0.967738 3.442238 0.500685 1.389185 0.5149
Best 1.05E-05 1.00E+09 1.19E+01 2.68E+06 6.95E+05 1.67E+04 3.50E+01 1.01E+05 2.52E+00
fo Average 0.046205 1.78E+09 47045.22 63548388 18987533 444169.2 350.4017 4521558 68877.38
STD 0.102879 3.82E+08 101980.4 67823300 22158520 487852.4 605.7422 4711688 225166.6
Best 16.84896 9.79E+02 5.52E+02 7.80E+02 6.70E+02 7.30E+02 6.88E+02 3.53E+02 4.48E+02
fio Average 291.3551 1212.644 713.2667 958.8124 831.5621 936.7113 815.8514 439.4116 530.6472
STD 190.3396 112.0141 85.64104 98.00615 86.83269 90.17898 68.74915 48.439 43.24006
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Fig. 3. Convergence performance of the five algorithms on the 10 test functions. f1, /2. f3, fa.

5. Conclusion

In this study, a novel version of CA is introduced and
tested. The proposed novel version of CA benefits
from a RBFNN in its normative knowledge source
and hence is called N*KCA. This version of CA uses
two knowledge sources of normative and situational.
The use of RBFNN in the normative knowledge
source of CA makes it possible to update the
normative knowledge by means of experiences which
are obtained during the optimization process and the
learning capability of RBFNN. The proposed
algorithm pretends what the human brain does, i.e. to
update the new values of the bounds of its normative
knowledge, using the previous values of its
normative knowledge and its experiences gained
during the optimization. In order to optimize the
values of the RBFNN wused in the N3KCA,
evolutionary methods are utilized. A novel mutation
operator is used to train RBFNN. The novel mutation
operator is less complex and easy to implement. In
addition, the output weights of the RBFNN are
trained using PSO.

In order to update the RBFNN and consequently
the normative knowledge source, the input of the
RBFNN is selected by means of an acceptance

function which benefits from a discrete reproducing
algorithm. The lower and upper bounds of normative
knowledge source are obtained using the updated
RBFNN and the selected individual which is called
RAI. The new population is generated by means of
the influence function in the form of two mutation
operators introduced by normative and situational
knowledge sources. In order to show the efficacy of
the proposed algorithm, it is compared with four
other well known optimization methods namely GA,
PSO, DE and existing version of CA using several
unimodal and multimodal benchmark optimization
problems.

In order to have a fair comparison, the
comparisons are done in two cases: same number of
population size and same order of complexities. The
obtained results show that the N’KCA can
successfully jump out of the local minima on all of
the multimodal functions and surpasses all the other
algorithms when the dimension of the problem is
high. In addition, the convergence graphs of the
algorithms depict that the proposed method is capable
of obtaining high quality solutions much faster than
other mentioned algorithms.
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