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Abstract: In this paper, a knowledge-based Artificial Fish-Swarm (AFA) optimization algorithm with
crossover, CAFAC, is proposed to enhance the optimization efficiency and combat the blindness of the
search of the AFA. In our CAFAC, the crossover operator is first explored. The knowledge in the Culture
Algorithm (CA) is next utilized to guide the evolution of the AFA. Both the normative knowledge and
situational knowledge is used to direct the step size as well as direction of the evolution in the AFA. Ten
high-dimensional and multi-peak functions are employed to investigate this new algorithm. Numerical
simulation results demonstrate that it can indeed outperform the original AFA.
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1. INTRODUCTION

The Artificial Fish-Swarm Algorithm (AFA) is a simulation
behaviour and population based optimization method, which
was firstly developed by Li Xiao-lei in 2002. (Li, et al.,
2002). The AFA can search for the global optimum
effectively, and has an adaptive ability for search space. The
AFA individual behaviour is to hunt for the local optimum.
Therefore, avoiding individual premature becomes indeed
difficult. In this case, artificial fish can be stuck into local
optima when dealing with multi-modal optimization
problems. To improve the global convergence of the AFA,
we embed the crossover operator into the process of the
AFA, and apply culture algorithms to guide the evolution of
artificial fish.

The Cultural Algorithm (CA) was proposed by Reynolds in
1994, which has been utilized in various evolutionary
algorithms (Reynolds, 1994; Chung and Reynolds, 1996;
Reynolds and Chung, 1997; Coelho and Mariani, 2006; Wu,
et al., 2010a, b).

In this paper, we add the crossover operation into the AFA,
and a fusion of the CA and AFA with crossover, CAFAC, is
proposed to overcome the drawback of the blind search of
the regular AFA. A total of four versions of the CAFAC
algorithm are explored.

The rest of this paper is organized as follows. Section 2
briefly introduces the background of the AFA and CA.
Section 3 discusses the underlying principle of the four
versions of CAFAC. In Section 4, ten test functions are used
to investigate the behaviour of our CAFAC and compare it
with the original AFA.
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2.  ARTIFICIAL FISH-SWARM ALGORITHM AND
CULTURAL ALGORITHMS

2.1 The Artificial Fish-Swarm Algorithm

In lakes and seas, the fish can find the areas with the most
nutriment. The basic idea of the AFA is to imitate the fish
behaviours, such as praying, swarming and chasing. Suppose
that the problem under consideration has D-dimensions.
Initialize the swarm with N artificial fish. The state of one
artificial fish can be formulated as:
X, =(xy,....x,) fori=1,...,N , where X, represents the
target variable for the problem under -consideration.
y= f(X,) stands for the food concentration of the artificial
fish currently, where it is the objective function. The
parameters in the AFA can be depicted as in Table 1:

Table 1. Parameters in AFA

d; = "X_/ - X, " distance between X; and X;

Visual visual distance of the artificial fish
individual

step size of the movement of artificial fish

s crowd factor of the artificial fish

The basic behaviours of the artificial fish are explained as
follows:
(1). Preying: suppose the current state of the artificial fish is

X, the artificial fish selects a state X ; randomly within the
visual distance, such as X ;= X, +rand(0,1)xvisual .
If f(X;))<f(X,) the

artificial fish moves from
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X, towards X, , which means that X/ — X/"'. The

formulation can be explained as follows:
t t

X[ = X[ + rand (0, 1) step X7 —— (1)

;-]
If f(X;)> f(X,), the artificial fish selects another state

randomly again. If the artificial fish cannot meet the
requirement in a given time, it moves one step randomly as:

X" = X! +rand(0,1)X step . )

(2). Swarming: suppose the current state of the artificial fish
is X;, and nf is the number of its fellows within the visual
distance, which is equal to the number of elements in the set
of B={X,|d; <Visual}. If nf #0, which means the set B

nf
is not empty, let X = ZX ; Inf and y_ .. =f(X, er)
j=1
stand for the fitness of the centre position.
If nfxy,., <0xy, this area is not crowded. If
Veorer < ¥;» the artificial fish moves one step towards the

centre position:

t t

X' = X! +rand(0,1)X step Xm 3)

Otherwise, it executes the behaviour of preying.

(3). Chasing: suppose the current state of the artificial fish
is X,,and X, stands for the best artificial fish individual

within X, 's visual distance. nf is the number of X . 's

min

fellows within the visual distance. y_ = f(X, ) ., if
Vi <¥; andnf Xy, . <Xy, the artificial fish moves one
stepto X, :

X !
X = X! +rand (0,1)X step x —=0——_
[ = 1]

Otherwise, it executes the behaviour of preying.

“

2.2 Culture Algorithms

As proposed by Reynolds, the CA is composed of the
population space, belief space, and communication protocol
(Chung, 1997). The framework of the CA can be given in

Fig. 1.
Knowledge updated
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Fig. 1. The Framework of Culture Algorithms

3. NOVEL KNOWLEDGE-BASED AFA WITH
CROSSOVER

The AFA has many interesting features, such as tolerance of
initial values and parameters settings. However, due to the
random step length and random behaviour, the artificial fish
converges slowly at the mature stage of the algorithm. Thus,
the optimization precision usually cannot be high enough,
which result in the blindness of search and poor ability of
maintaining the balance of exploration and exploitation. To
combat with these shortcomings, a novel cultured AFA with
crossover, CAFAC, is proposed and studied in this paper to
enhance the optimization performance of the original AFA,
especially the precision of the AFA.

We first add the crossover operation to the AFA in order to
change the state of the artificial fish such that it can search
for the possible solution in more diverse areas. When the
artificial fish hunts for food, it generally moves to a better
direction. The exploitation of the crossover operator can
help the artificial fish not only jump out the blindness search
but also inherits the advantage of its parents. Next, inspired
by the principle of the CA, we apply the normative
knowledge and situational knowledge stored in belief space
(Reynolds and Peng, 2004) in the CA into the AFA. Here,
the fish swarm is regarded as the population space, where
the domain knowledge is extracted from. Hence, the domain
knowledge is formed and stored in belief space so as to
model and impact the evolution of the population at
iteration. Note that in this paper, the optimization problems
under consideration are all static and constraint-free. In the
four versions of the CAFAC, we use the situational
knowledge and normative knowledge to guide the direction
and step size of the evolution procedure. Both of them can
be depicted as follows.

3.1 Structures of Belief Space in CAFAC

The situational knowledge provides a set of exemplars or
best individuals, which are available for the interpretation of
specific individual experience (Chung, 1997). Here, the
situational exemplar set consists of only the best particle
found SO far, that is, at t iteration,

S=<S8"1S"={s,5,,....,s.} >, In other words, it can be

initialized with the best particle in the initial fish swarm, and
updated by the following function:

1+1 . 1+1 '
141 Xghest,j l\f f(ngm ) < f(S )
i )
! stf otherwise

N

()

where X'

wesr denotes the best artificial fish individual in the

swarm at generationt+1.

The normative knowledge describes the feasible solution
space of the optimization problems (Chung, 1997). It is a set
of information for each variable, and is given as:

N=(I,U,L,D), (6)
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where U, L and D are n -dimensional vectors, and
I'={xIl1<x<u}, nis the number of the variables, /, and
u; are the lower and upper bounds for the j™ variable,
respectively, L ;and U, are the values of the fitness function
associated with the bound lj and u;. Generally, / i and u

are initialized with the lower and upper bounds of
individuals. L; and U; are usually initialized with positive

infinity. The normative knowledge is updated as follows:

X, if x <Ioor f(X)<L

l[.+l — LJ
! l.;. otherwise
' [ i (7
o X, if x;zujor f(X,)<U;
! u;. otherwise
f(X) ifx . <lorf(X)<L,
[ = i ij = i j
! L’j otherwise
. [ ) (8
o _ F(X) if x2u;or f(X,)<U;
! U otherwise

where the i” individual affects the lower bound for
variable j, and the k" individual affects the upper bound for
variable j . Note, ¢ denotes the current generation of the
belief space.

3.2 Acceptance Function in CAFAC

The acceptance function determines which individuals and
their performances can have impact on the knowledge in the
belief space. The number of the individuals accepted for the
update of the belief space is obtained according to the
following function (Reynolds and Chung, 1994):

f,(N.O=N-B+|N-Bit], ©9)

where, N is the size of the swarm, ¢ is the iteration number,
and £=0.2.

3.3 Influence Functions in CAFAC

The belief space can influence the evolution in the
population space in three different ways:
¢ Determining the step size of the evolution.

¢ Determining the direction of the evolution.

e Determining the visual distance of the AFA.

More precisely, if the normative knowledge is used to
determine the step size of the evolution and visual distance
in the AFA, our knowledge-based AFA is named as CAFAC
(Ns). The influence function for the CAFAC is defined as in
Tables 2, 3, and 4.

If the situational knowledge is used to guide the direction of
the evolution, our knowledge-based AFA is named as
CAFAC (Sd).

If the normative knowledge guides the step size and visual
distance and the situational knowledge is used to determine
the direction of the evolution, respectively, our knowledge-
based AFA is named as CAFAC (Ns+Sd).

If the normative knowledge is used to determine the step
size and direction of the evolution and visual distance, our
knowledge-based AFA is named as CAFAC (Ns+Nd).

Table 2. Influence Function for Swarming

) : ) ize(1)X rand (0,1)X (x! — x;
swarming x:k,:x,,A+szze( WX rand(0,1) X (x, —x;)
(Ns) |x:-x;
d(0,1)x stepx (x', — x.,)|.
4t ﬁxf Sy <
. d(0,1) X st =X
swarming PR g UL ©, )Xf i f(xfk Xl x>
(Sd) |x:-x;
d(0,1)X step X (x!, — x, .
X, rand( ﬁX’S e;;(’(xd %) otherwise
. .vize([k)X;"‘at;fi(O;2X(x;k - X)) if %, <st
swarming =ty = size(l,) X rand (0,1) X (xg = X;) if xi > st
(NsSd) ik ik HX: _Xi, ik k
size(I d (0,1)x (x!, —x,
‘4 size( k)era;z (_0;(2X(xd< ) otherwise
ize(1,)X rand (0,1)X (x, — x/)|.
S B o S (A
. size(I d(0,1)% (x!, — ]
swarming O size(1,)X ran’( , ?X(xd, X;) if X, > u!
(NsNd) [xi-x;
ize(1, )% rand (0,1)x (x!, — x, .
ka+me( ) rHa;t( X? (x, —x)) otherwise

Table 3. Influence Function for Preying

selection
operator X" =X/ +rand(0,1)X size(I,)
i<try_num
wi o size(I)xrand(0,1)x (x;" —x)
i Xt =x +
preying(Ns) i ik ‘ XX
x step X (xi = x!
X+ rond@. I‘)X jl[ep Xf(xm )i X <,
. o , |rand (0,)x stepx (X" = x| .. .
preying(Sd) Xt = - foﬂ _Xx! : E2if x> s,
d(0,1)x stepx (x" — x'
X, rand( ‘)X il EPXfx’k %) otherwise
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ize(1,)X rand (0,1)x (x!  —x})|.
o+ size(1) r‘t‘l; ’( ;’(xmmk X)) i3 <
Chasing i+ . |size(I)xrand (0,1)X (x5, = Xi)| ., o ,
= X >
(NsNd) e =7 i (X0, -x; if x> u,

- size(1,)xrand (0,))X (x!, . — xi)
o

min

otherwise

. |size(I)xrand 0,1 % (%" — x| ..
Xik : HXM—X' . if xi <s
i X x (xS —x!
preying = el n;?i(o’zf b o if x> s
(NsSd) ‘ P
. Lt
. ‘wze(lk)xﬂﬂ;?i(qgf(xm %) therwis
size(1,)X rand (0,1)x (x5 — x}.)| . )
X+ £ HXM—X' : 2 if x, <]
. ot
preying Xt =4 - szze(lk)xragzi(o,i;?((x,k ) if x>
(NsNd) i -x;
. X X 1+1 _ 1
X, + size(l,) "“‘Zlfl(o’zi (e = %) otherwis|

i>try _num

1+1

preying(Ns) x;' = x;, +size(I,)x rand(0,1)
. X} +|rand (0,1)x step|if x}, < s,
Teyin 1+l t ep t t
p(Syd)g Xy =4 —‘rand(O,l)Xstep‘zfx,k > 8,
x;, +rand(0,1)X step otherwise
X +‘size(1k)>< rand (0,1)|if x;, <s,
reyin + . .
I()NsySd{)g Xt =4x —‘stze(IA)Xrand(O,l) if xj, > s}
x;, +size(1,)xrand(0,1) otherwise
xb +|size(1,)x rand (0,1)|if xj, <1
reyin "+ : . . :
I()Ns);\ldfi x,k1 =3 —‘szze(lk)xrand(o,l) if X, >uy,

x; +size(I,)xrand(0,1) otherwise

Table 4. Influence Function for Chasing

v, Size(I)Xrand (0.1)X (X, — X))
Chasing(Ns) Xt = g X, X, —
X X 1 . _ 1
X rand(@. lﬁ X,mp X( ,xm'"A 1) if xj <s;
Chasing e =y rand (0,1) X step X (X, — X3 if x> s
(Sd) | X0 - X
d(0,1)X step X (x,, — x, .
L ( ﬁxfs ep )((;X‘:k %) piherwise
. size(IA)Xrﬁl;lii(O, 1;x,(x,’,,i..k Xl v <
Chasing s size(I, )X rand (0,1) X (xy;,, — X;) if x> s
(NsSd) x5, —x
ize(I,)x rand (0,1)x (x,., — x| ,
ka+me( i) V‘T;’( ;"(Xmmk %) ptherwise

In Table 2, 3, and 4, size(I,) =u, —I, is the size of the belief
interval, which is decided by the normative knowledge for

the k™ variable. The rand(0,1) is a random number uniformly
distributed within interval of (0,1). The other parameters are
givenin 2.1 and 3.1

3.4 Crossover Operator

A criterion is set up to judge whether the algorithm falls into
the local optimum:

‘f(XZ )X (10)

" <0.1.
FX) ‘

When the criterion is satisfied, the crossover operator (Wang
and Cao, 2002) will be applied to the i” artificial
fishX,(i=1,...,N):

X, =x,+ox(x,—x,),

Y

where x,,x, are two individuals selected randomly,
r, 1, are two integers, which are generated randomly in the
interval of [I,N] and 7 #r, #i. « is random number
uniformly distributed in interval of [-d,1+d], and d is

chosen as 0.25. Evaluate the child xlf , and replace the

individual x; with the child, if xlf performs better.

In summary, the basic procedure of our CAFAC algorithm
can be described as:

(1). Set all the values for the parameters, and initialize the
N artificial fish in the search ranges with random positions.

(2)Evaluate all the artificial fishes using the fitness function
y, and initialize the belief space.

(3). For eachi” artificial fish, simulate the preying pattern,
swarming, and chasing patterns separately, and select the
best child fish. If the child is better, replace the i" artificial
fish with the child.

(4). Update the belief space.

(5). If the crossover criterion is satisfied, apply the crossover
operator to the i" artificial fish from Step 3.

(6). Return back to Step 3 until the termination criterion is
satisfied.
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4. SIMULATIONS

In this section, a total of 15 nonlinear functions are used to

investigate the optimization capability of our CAFAC. Al

1

these functions are multi-modal functions, as given in Table
5, and they have a lot of local optima around the global
optima. As mentioned above, there are a total of four

versions of our CAFAC: CAFAC(Ns),

CAFAC(Sd),

CAFAC(NsSd) and CAFAC(NsNd). The parameters of the

four CAFAC variants are chosen as:
visual=250, step=225, J =24, and try_num=10.

Table 5. Test Functions

30 30
Frsiey () =—20exp(-02, 3—10 D) exp(3—10 > c0s27x)+20+e
i=l i=l

Fan(x)=-0.1Y cos(57x)+ 2 ¥}
i=1 =

30
-3 .4
fDe.lungF4 (= Zl X
=]

fEipfun ()= exp(—O.SZ x)
=

5 1 &, &4 X
iew =N - —=)+1
Sériewank (X) 2000 ;X‘ II;ICOS(\/IT)

20
° _ 2 2
fllypcrcmpuc(x)— E i°x;
i=l

S ()= (x/ n)(10sin* (zy,)

n-1
+ (=D +sin’ (zy, )1+ (v, =D

i=1

() =0.1(sin* 37x,) + i(x,, —1)*[1+sin*(37x,,,)]

i=1

+(x, —1)’[1+sin*(27x,)])

\ \
9 _ 2
Freamaien =2 (6, =1 =) xx,
i=1 i=2

30
Froign () = D (x7 =10cos(277x,) +10)

i=1

29
Feosntroa () = 2, (100(x,,, = x7) +(x, =)
i=1

30 30
fi2(x)=1-cos(2x, z x7)+0.1 Z x
i=1 i=1

18 (1) = 418.9820-10+ 3" (—x; sin(y[x )

30 ’
Pt =257 4520 {[sin 5006+, T +1)

i=l

15 _ & 2
fimen ()= X
i=1

The four versions of our CAFAC are compared with the
original AFA, and the comparison results are provided in

N=40, D=30,
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Table 6. It shows that the proposed CAFAC behaves much
better than the AFA for almost all the functions except for
the Sal function and Schwefel function. For the DeJongf4
function, Expfun function, Griewank function, Sphere
function and Neumaier3 function, the CAFAC (NsSd) can
find the global optimum successfully. For the other
functions, the four versions of CAFAC yield significant
performance improvement in optimization compared with
AFA. Moreover, we can observe from Table 6 that the
CAFAC (NsSd) is superior to the other three CAFAC
variants. From Table 6 we can see that, in most cases, the
best optimization performance can be achieved by using the
knowledge in the belief space to determine both the step size
and direction of the evolution in the AFA.

AFA
——  CAFAC(NsSd)
— — — CAFAC(NsNd)
——— CAFAC(Ns)
CAFAC(Sd)

Mean fitness value

I I 1 I I I 1 I
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
lterations

Fig. 2. Optimization results of Rosenbrock function

250,

AFA

——  CAFAC(NsSd)
— — — CAFAC(NsNd)
CAFAC(Ns)
CAFAC(Sd)

200

150

\

\ \

Mean fitness value

100+ X

\
N

°Oo<>m
o,
o,
~ i,
o200y,
m%@m ceoccoconcoon

\\

50

0

. . . . . . . . .
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Iterations

0

Fig. 3. Optimization results of Rastrigin function

Figures 2-3 illustrate the comparison of convergence
performance among the four versions of the CAFAC. In
order to obtain a clear picture, e.g., in Fig. 2, a logarithmic
(base 10) scale is used for the vertical axis and we draw the
points every 50 iterations. The mean best value is the
average over 10 separate trials for each of these algorithms.
From the above figures, it can be discovered that the original
AFA has a fast convergence speed at the beginning, but after
that it is trapped into a local optimum, and cannot jump out
of that.

5. CONCLUSIONS

As we know that the AFA is good at the global search at the
beginning of its optimization stage. However, when dealing
with high dimension problems, the artificial fish can be
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easily stuck into the blindness hunting. In order to improve
the performance of the regular AFA, the cultural framework
is introduced and utilized in this paper. The knowledge,
namely situational knowledge and normative knowledge, is
stored in the belief space to guide the evolution of the AFA.
In addition, the crossover operator is utilized to increase the
diversity of the fish population. From the simulation results,
we can find out that the knowledge-based AFA does
perform much better than the original algorithm. Therefore,
the knowledge in the cultural framework can be viewed as a
effective and directive term in the evolution of the AFA.
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