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ABSTRACT

This paper presents modified Particle Swarm Optimization to avoid trapping in local
optimum, premature convergence problem. Since all the particles have a tendency to move
toward the same Global Best (Gbest), it is easily to trap in global local optimum (Global Best). To
circumvent this problem, a pool of historical best solution is kept from positions generated by
each particle. This solution pool is used to generate new solution using technique similar to
Harmony Search. This solution is used to update the pool and also the Global Best of PSO. This
pool is updated while the swarm is searching through the search space. The advantage provided
by the pool is the diversity of generating new global best solution instead of following only a
single Gbest from PSO. The experiment is tested over 20 benchmark functions. As the result of

this experiment, MPSO-HB shows a significant superior performance over PSO.
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procedure genetic algorithm begin t=0
initialize P(t)
evaluate P(t)
while (not termination-condition) do
begin
t=t+41
select P(t) from P(t-1)
recombine P(t)
evaluate P(t)
end
end
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3.1.1 Ackley Function

Ackiey Function
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— exp (é Z;cos(c.r;)) + a + exp(1)
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3.1.2 Griewank Function
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3"1] 3.2 Griewank Function

3.1.3 Rastrigin Function

Rastrgn Function
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3.1.4 Sphere Function

Sphere Function
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31] 3.4 Sphere Function

3.1.5 Rosenbrock Function — 31] 3.5

Rosenbrock Function
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3.1.6 Schwefel Function

Schwefel Function
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ToJsunsu 4.1.1 War¥u add to_best_pool

bestPool[] []
FUNCTION add to best pool (data)
FOR/j =-0-to bestPool.size =1
IF dataFitness < BestPool|[j].Fitness
Shift data in bestPool by 1 time
Set bestPool[]j] to data
Break from the FOR
END IF
END FOR
END FUNCTION

To)sunsa 4.1.2 Wan¥u add_to_best_pool with_similarity

bestPool[] []
FUNCTION add to._best pool with similarity(data)
FOR j = 0 to bestPool.size -1
IF dataFitness < bestPool{j].Fitness
IF similar (data,]j)
SetwbestPool 3] to data
ELSE
Shift data in bestPool by 1 time
Set bestPool[]j] to data
END IF
Break from the FOR
END IF
END FOR
END FUNCTION
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Tlsunsy 4.1.3 Wan¥u similar

bestPool[] []
FUNCTION similar(data, index)
count = 0
FOR j = 0 to bestPool.size -1
IF ABS(data[j] - bestPool[index][j]) /
bestPool[index] [j]) < 0.1
count = count + 1
IF count > 0.94 * data.size
RETURN TRUE
END FOR
RETURN FALSE
END FUNCTION
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Talsunsu 4.2 Wanyu generate_answer

bestPool [][]
FUNCTION generate answer
FOR i ="1+.to 10
data = random_generate
dataFitness = evaluate(data)
add_to best poel(data)
END FOR
END FUNCTION




23

¢
Tilsunsw 4.3 Wansu random_generate

FUNCTION random generate
FOR 1 = 0 to D
r = Random number between 0 to bestPool.size-1
Set data[i] to bestPool[r][1i]
END FOR
END FUNCTION
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5.5.2 Griewank Function
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5.5.3 Rastrigin Function
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5.5.4 Sphere Function
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5.5.6 Schwefel Function
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Equation Name D
sin?(x?+y? - 0.5
f-(x) =05+ "ty ) Schaffer )
(1.0 + 0.001 = (x2+yz))2
— Zakharov 30
fi) = ) it + cz Zu)+ (Z -%)*
i=1 i
folx) = (1.5 —x, + x1x2)2 + (2. 25 =X T x1x2)2 Beale 2
< B 30
fro) = ) [ 4 (2 54) e
i=0
o Cigar 30
f11(x) = %% + 1062 B,
i=1
fi2(0) = [1+ (x4 + x; +1)%(19 = 14x, + 3x,2 = 14x%, + 6%, x, Goldstein- | 2
+ 3x;2)] % [30 + (22, — 312)2(18 = 32x, + 12252 |
+ 48x, = 36x, %, +27x,%)] Piece
n
E ial | 30
fi3(x) = —exp (-—0.5 Z xf‘) +1 KRpAcntia
i=1
° Parallel 30
f1a(x) = Z(i 4 x12)
=1 Ellipsoid
Fis () Zn:zl( 2) Rotated 30
15\X X
i=1 Ellipsoid
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Wardu | saoufiafiga [duwmnzan|  veuwamsdum | veuwaiszansisudy
ﬁqtﬂ Feasible Bound

f7 0.0” 0.0 (-100, 100) (~100, 100)
fa 0.07 0.0 (-5, 10) (-5, 10)
fo 2,35 0.0 (-4.5,4.5) (-4.5,4.5)
fio 0.0” 0.0 (-1, 4) (-1,4)
fi1 1.07 0.0 (-10, 10) (-10, 10)
fiz 0,1 0.0 (-2,2) (-2,2)
fi3 0.0” 0.0 (-1, 1) (-1, 1)
fia 0.0° 0.0 (-5.12,5.12) (-5.12,5.12)
fis 0.07 0.0 (-10,10) (-10, 10)

5.6.1 Schaffer Function

31' 5.7 Schaffer Function
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5.6.2 Zakharov Function

Zekharov Function

d d 2 d 4
f(x) = sz + (Z O.Sia:,-) + (Z 0.5iz;)

31] 5.9 Zakharov Function
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5.6.3 Beale Function

Beale Function

f(x) = (1.5 —z) + 2,25)* + (2.25 — 2y + 7,73)* + (2.625 — z, + 7,7))?

31.' 5.11 Beale Function
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5.6.4 Brown Function
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g“lJ 5.13 Brown Function
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5.6.5 Cigar Function
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5.6.6 Goldstein-Price Function

Goldsten-Prce Function

f(x) =[1+ (21 + 22 + 1)%(19 — 142, + 32? — 14z, + 62,2, + 323)]
X [30 + (221 — 3z2)*(18 — 32z1 + 122% + 48z, — 367122 + 2713)]

31] 5.17 Goldstein-Price Function
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5.6.7 Exponential Function

3‘1] 5.19 Exponential Function
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5.6.8 Parallel Ellipsoid Function

objedive value

variable 2

variahle 1

31 5.21 Parallel Ellipsoid Function
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5.6.9 Rotated Ellipsoid Function

Fotaled Hyper-Ellpsoid Funchon

gﬂ 5.23 Rotated Ellipsoid Function



43

10 —\ T T T 1

1E-08
1E-17 N\

1E-26 -
1E-35
1E-44
1E-53 AN
\ 1E-62
Fitness iE71 \\
i::f;g NN\ e PSO-HB
1E-98 \ PSO
0 = 1 T S — - "

1E-116 \\

16125 +— n
1E-134 \

c 100000 200000 300000 400000

Evaluation Calls

31 524 narulmaasimanzanluianiu Rotated Ellipsoid

o :) c;dﬂi
8 Nﬁﬂ]iﬂﬂﬁﬂ‘ﬂiﬂﬂ']ﬂﬂ‘ﬂﬂﬂ'ﬂ@ﬂ
A A
N

Y dy o ~ 1 o ar
TT'JﬁTﬂuuTlﬂuﬂNﬂﬂ1iﬂﬂﬂﬂﬂ A i:fﬂﬁluﬂ'l'j“ﬂﬂﬁﬂq 10 153 VoILARENINTUNAT DY

' 4 ¥ a Y o Te A 1 = a v A
msmﬁaugﬂuwmmﬂauumwﬂwmuNﬂ”lﬁ'"lu*’mmmmﬂ'nmﬁmﬂiaﬂaﬂaawmwmwm

1 ]
= =

Ve @ g; @ o 1 ] 1 £y
L!ﬂﬂ‘i\ilﬂﬂ’]ﬂ'lﬂﬂ"l'iiuﬂﬁﬂﬂﬂﬂﬂflﬁ’ﬂ'llﬂﬁﬂﬂllﬁu'lllﬂﬁiﬂﬂ'lﬂuﬂ'lﬁ’lﬂ ﬂ’l‘iﬂﬂﬂﬂ\‘lﬁ%ﬂﬂﬂﬁﬂﬂ

o A Aa A
ﬁzﬂﬂlﬁﬂﬂiﬂﬂﬂhﬂﬁﬂﬂf}’ﬂmuﬁm



100 - E—
10 —

0.1 “
0.01 \
F 0.001 - \
i 0.0001
¢ 0.00001 \f——— -
0.000001 \
.0000001 \
\

e 1E-08
1E-09 \ - S —
1E-10 . .
S qp11 —\—— -
1E12 o ———
1E-13 \
1E-14 - L — e —
1E-15 - : :
0 100000 200000 300000

400000

Evaluation Calls

51 5.25 seumsSunsinan ngaluWand Ackley

100 -
{4 : :

F 001
i 0.0001 all
t0.000001 4+
N 1r08 ——P50
: 1E-10 | ==—PSO-HB
s \ LE45 A7)

W\t =

1E-16 ~_d

0 100000 200000 300000 400000
Evaluation Calls

’ T d 7
51 5.26 soumsTuniwadngaluanty Griewank




w o ® I ~

1000

100

10

e PSO-HB

T . = s

0 100000 200000 300000 400000

Evaluation Calls

o A ! d o
31 5.27 seumisTunimaangalufanyu Rastrigin

“»w v D 3 ~

1000
1E-05
1E13
1E-21
1629
1E-37

1E-45 -

1E-53
1E-61

1E-69 -

1E-77
1E-83

1E-93 -

1E-101
1E-109

1E-117

1E-125
1E-133

PSO-HB

‘——PSO

0] 100000 200000 300000 400000

Evaluation Calls

51 5.28 seumsSuniinanngaluandu Sphere

45



w o ® I e~

1.00E+07
1.00E+05
1.00E+03
1.00E+01
1.00E-01
1.00E-03
1.00E-05
1.00E-07
1.00E-09
1.00E-11
1.00E-13
1.00E-15
1.00E-17

1.00E-19 +—

1.00E-21

1.00E-23 -

1.00E-25
1.00E-27

0 5000000 10000000
Evaluation Calls

= PSO-HB
— PSO

31 5.29 seumsSuiifinanngalulandu Rosenbrock

46

21 |

“wu v D S e -

100 -

10

0 100000 200000 300000 400000

Evaluation Calls

——PS0-HB

31 5.30 seumsSuniinanngaluilandu Schwefel



1

0.1

0.01

0.001
0.0001

F 0.00001
i 0.000001
0.0000001
1E-08
1E-09
1E-10
1E-11
1E-12
1E-13
1E-14
1E-15
1E-16
1E-17

-+

w v O I

PSO-HB

=—PSO

0 100000 200000 300000 400000

Evaluation Calls

31531 seumsiuiiinannigaluansu Schaffer

1.00E+08
1.00E+06
1.00E+04

1.00E+02 -
F 1.00E+00 -

1.00E-02

1.00E-06
1.00E-08
1.00E-10
1.00E-12
1.00E-14
1.00E-16
1.00E-18
1.00E-20
1.00E-22
1.00E-24
1.00E-26

w ® 3 e~

1.00E-04 -

0] 100000

200000 300000 400000

Evaluation Calls

31 5.32 seumsSuiiiinadfigaluilandu Zakharov

47



-

7 7 T T R —

== PSO-HB

—PSO

0

100000 200000 300000 400000

Evaluation Calls

315.33 seums Suidinadngaluslaniu Beale

Fitness

0.001
1E-22
1E-21
1E-30
1E-39
1E-48
1E-57
1E-66
1E-75
1E-84
1E-93
1E-102
1E-111
1E-120
1E-129
1E-138

SN n PSO-HB

\\ PSO

0

100000 200000 300000 400000

Evaluation Calls

51 5.34 seumsSuniinadigaluiantu Brown

48



1.00E+06
1.00E-02
1.00E-10
1.00E-18
1.00E-26
1.00E-34
1.00E-42
1.00E-50
1.00E-58
1.00E-66
1.00E-74
1.00E-82
1.00E-90
1.00E-98
1.00E-106
1.00E-114
1.00E-122
1.00E-130

BB D T

ANN PSO-HB

NN —PSO

0

100000 200000 300000 400000

Evaluation Calls

Fitness 10

' 1) a o
31 5.35 seumsTuditinaangalulansu Cigar

e PS0-HB
w—PSO

100000 200000 300000 400000

Evaluation Calls

31 5.36 soumsSuniimadnigaluWaniu Goldstein-Price

49



1
0.1

0.01

0.001

0.0001
0.00001
0.000001
0.0000001
Fitness 1E-08
1E-09

1E-10

1611

1E-12

1E-13

1E-14

1E-15

1E-16

e PSO-HB

PsSO

0 100000 200000 300000 400000

Evaluation Calls

31537 seumsSuniiwaafigalulandu Exponential

10
1E-08
1E-17
1E-26
1E-35
1E-44
353
1E-62
1E-71
1E-80
1E-89
1E-98

1E-107
1E-116
1E-125
1E-134

Fitness

s=—=PS0O-HB

— PSSO

0 100000 200000 300000 400000

Evaluation Calls

51 5.38 seumsuniinadigaluianiu Parallel Ellipsoid

50



51

1000000
0.001 1 I I ]
1612 1N\

1621 AN

1E-30 AN

1E-39 AN
N\

1F-48 N

1E-57

Fitness 1E-66
1E-75 N\

1E-84 \

58 \ PSO-HB
1E-102
1E-111
1E-120 —
1E-128 +——— _
1E-138

P50

0 100000 200000 300000 400000

Evaluation Calls

51 5.39 soumsFuiitinan ngaluwenyu Rotated Ellipsoid

5.8 1SeuMguKanIsnAany

¥ a
mIfFeuineunanisnaaeshuide il wilSeuivuiavua 2 sUunu Taouuuusnm

o s 1 L 1 1
MITunanua 10 A¥9 uazihseumsTunnnganSeuieu lamhmamumnzauiangs
Y= by

A ' A R A A ¥ |
LllﬂFJQﬂHﬂ']ﬂthﬁquf‘Eﬂﬁ‘]ﬂTﬂﬂﬂ'J']uv!.ﬂﬂﬂ“ﬂ?ﬂiﬂﬁﬂﬂﬂu“]'J']ﬂ']ﬁf’]‘lﬂmaqpq‘!quﬂu‘ﬂmuﬂ-ﬁ

S pueuANUAWNI0TTMIN PSO LAy PSO-HB #en1IAM Mz auiaiganans
il

o 1 o

¥ v 1
haiuaumsszudana (evaluation call) Y8INSNUATISNVDIMABLNANTANHIUANT

g g o i
Tanouazamoil aaneaslua1s1an s.6



A P ' Al
I NN 5.6 ﬂ]'5]QI‘IEEHJ!TIU‘UFI“?TN“ﬁﬂNﬂﬂﬂQ'ﬂ

Function PSO PSO-HB
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Ackley
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Fit
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MANUIN D

Source Code

.1 Package evaluateFunctions

N.1.1 Abstract Class FitnessFunction

package evaluateFunctions;
public abstract class FitnessFunction
{
public int callCount;
public abstract double getMaxValue();
public abstract double getMinValue();
public abstract double getMaxSpawnPoint();
public abstract double getMinSpawnPoint();
public abstract double getOffset();
public double execute(double[] x)
{
callCount = callCount + 1;
return 0;

}
N.1.2 Class Ackley

package evaluateFunctions;

public class Ackley extends FitnessFunction{
private static final double MAXVALUE = 32;
private static final double MINVALUE = -32;
private double offset = @;

public Ackley() {

}
public Ackley(double offset) {
this.offset = offset;
J
@Override
public double getMaxValue() {
return MAXVALUE;

¥

@0verride
public double getMinValue() {
return MINVALUE;

Iy

@0verride
public double execute(double[] x) {

59
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super.execute(x);
double suml = 0.0;
double sum2 = 0.0;
for (int i = @; i < x.length; i++) {// x.length is a dimension
suml += (x[i] - offset) * (x[i] - offset);
sum2 += Math.cos(2 * Math.PI * (x[i] - offset));
}
return -20.0*Math.exp(-0.2*Math.sqgrt(suml / (double) x.length))
+ 20 - (Math.exp(sum2 / (double) x.length)) + Math.exp(1l);
¥
@Override
public double getOffset() {
return offset;
}

@0verride

public double getMaxSpawnPoint() {
return 32;

}

@Override

public double getMinSpawnPoint() {
return 16;

}

1.1.3 Class Griewank

package evaluateFunctions;
public class Griewank extends FitnessFunction

{

private static final double MAXVALUE
private static final double MINVALUE
private double offset = 9;

600;
-600;

public Griewank() {
}

public Griewank(double offset) {
this.offset = offset;

}

@Override

public double getMaxSpawnPoint() {
return 600;

)

@Override

public double getMinSpawnPoint() {
return 300;//-600;
}

@0Override
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public double getMaxValue() {
return MAXVALUE;

}

@verride

public double getMinValue() {
return MINVALUE;

}

@verride public double execute(double[] x) {
super.execute(x);
double sum = @,pi = 1.9;
for(int i = 8 ; i < x.length ; i++)
{
sum += ((x[i] - offset) * (x[i] - offset));
pi *= Math.cos((x[i] - offset) / Math.sgrt(i + 1));
}

return sum / 4600 - pi + 1;

}

public double getOffset() {
return offset;

¥

N.1.4 Class Rastrigin

package evaluateFunctions;
public class Rastrigin extends FitnessFunction {
private double offset = @;

public Rastrigin() {
}

public Rastrigin(double offset) {
this.offset = offset;

}

@0verride

public double getMaxValue() {
return 5.12;

}

@verride

public double getMaxSpawnPoint() {
return 5.12;

}

@0override
public double getMinSpawnPoint() {



return 2.56;

}

@0verride

public double getMinValue() {
return -5.12;

k

@0verride
public double execute(double[] x) {
super.execute(x);

double sum = @;

for(int i = @ ; 1 < x.length ; i++)

{ A
sum += (x[i] - offset) * (x[i] - offset) - 1@ *
Math.cos(2 * Math.PI * (x[i] - offset));
}

return 10 * x.length + sum;

}

public double getOffset() {
return offset;
¥

1.1.5 Class Sphere

package evaluateFunctions;
public class Sphere extends FitnessFunction{
private double offset = 8;
public Sphere(double offset) {
this.offset = offset;
¥

public Sphere()
{

&

@0verride
public double getMaxValue() {
return 360;

Iy

@0verride

public double getMinValue() {
return -300;

}

@0verride
public double getMaxSpawnPoint() {



return 300;

}

@Override

public double getMinSpawnPoint() {
return 150;

}

@Override public double execute(double[] x) {
super.execute(x);
double sum = 9;
for(int i = @ ; i < x.length ; i++)
sum += ((x[i] - offset) * (x[i] - offset));
return sum;
}
public double getOffset() {
return offset;

}

1.1.6 Class Rosenbrock
package evaluateFunctions;

public class Rosenbrock extends FitnessFunction {
private double offset = 8;

public Rosenbrock(double offset) {
this.offset = offset;
)

public Rosenbrock() {
// TODO Auto-generated constructor stub

}

@Override

public double getMaxValue() {
// KUY
return 30.0;

}

@0verride
public double getMinvalue() {
return -30.0;

¥

@override
public double execute(double[] x) {
super.execute(x);

double sum = 8;

for(int i = @ ; i < x.length - 1 ; i++)

{



sum += 100 * Math.pow(((x[i + 1] - offset) -
Math.pow((x[1] - offset), 2)), 2) + Math.pow((x[i] - offset) - 1, 2);
}

return sum;

}

public double getOffset() {
return offset;
¥

@Override

public double getMaxSpawnPoint() {
return 306;

}

@Override
public double getMinSpawnPoint() {
return 15;

}

N.1.7 Class Schwefel

package evaluateFunctions;
public class Schwefel extends FitnessFunction {
private double offset = 0;
public Schwefel() {
// TODO Auto-generated constructor stub
)

public Schwefel(double offset) {
this.offset = offset;

¥

@Override
public double getMaxValue() {
return 500;
}

@0verride

public double getMinValue() {
return -500;

}

@0verride
public double getMaxSpawnPoint() {
return -250;
¥
@Override
public double getMinSpawnPoint() {
return getMinValue();

64
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}

@Override
public double execute(double[] x) {
super.execute(x);
double multiply = 418.9829 * x.length;
double sum = @;
for(int i = 8 ; i < x.length ; i++)

{

offset))));
}

return multiply - sum;

sum += (x[i] - offset) * Math.sin(Math.sgrt(Math.abs((x[i] -

public double getOffset() {
return offset;

}

1.1.8 Class Beale
package evaluateFunctions;
public class Beale extends FitnessFunction {
public static final double OPTIMAL_VALUE = @;
private double offset = ©;

public Beale() {

)
public Beale(double offset) {
super();
this.offset = offset;
}
@0verride

public double getMaxSpawnPoint() {
return 4.5;

}

@0verride

public double getMinSpawnPoint() {
return 2.25;

&

@0verride

public double getMaxValue() {
return 4.5;

}

@0verride
public double getMinValue() {
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return -4.5;

}

@0verride
public double execute(double[] x) {
super.execute(x);
return Math.pow(1.5 - (x[@] - offset) + ((x[@] - offset)
* (x[1] - offset)), 2) +
Math.pow(2.25 - (x[@] - offset) + ((x[©] -
offset) * Math.pow((x[1] - offset), 2)), 2) +
Math.pow(2.625 - (x[@] - offset) + ((x[@] -
offset) * Math.pow((x[1] - offset), 3)), 2);
3

@verride

public double getOffset() {
return offset;

}

1.1.9 Class Brown

package evaluateFunctions;
public class Brown extends FitnessFunction {
private double offset = 8;

@verride

public double getMaxValue() {
return 4;

}

@Override

public double getMinValue() {
return -1;

)|

@0verride

public double getMaxSpawnPoint() {
return getMaxValue();

}

@verride

public double getMinSpawnPoint() {
return getMinValue();

}

@Override
public double execute(double[] x) {
super.execute(x);

double sum = @ ;

for(int i = @ ; i < x.length - 1 ; i++)

{
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sum += Math.pow(Math.pow((x[1i] - offset),
2),Math.pow((x[1 + 1] - offset), 2) + 1) + Math.pow(Math.pow((x[1i + 1] -
offset), 2),Math.pow((x[i] - offset), 2) + 1);

return sum;

}

@0verride
public double getOffset() {
return offset;

}

public Brown(double offset) {
this.offset = offset;
}

public Brown() {

}

1.1.10 Class Cigar
package evaluateFunctions;

public class Cigar extends FitnessFunction {
public static final double OPTIMAL_X = ©;
public static final double OPTIMAL_VALUE = @;
private double offset = 8;

@Override

public double getMaxValue() {
return 16;

1

@Override

public double getMinValue() {
return -10;

}

@Override

public double getMaxSpawnPoint() {
return getMaxValue();

¥

@Override

public double getMinSpawnPoint() {
return getMinValue();

}

@0verride
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public double execute(double[] x) {
super.execute(x);

double sum = 8;

for(int 1 = 1 ; i < x.length ; i++)

{
sum += (x[i] - offset) * (x[i] - offset);
}
return (x[@] - offset) * (x[B] - offset) + 100006 * sum;
¥
@0verride

public double getOffset() {
return offset;

¥

public Cigar() {

}

public Cigar(double offset) {
this.offset = offset;

}

1.1.11 Class Easom
package evaluateFunctions;

public class Cigar extends FitnessFunction {
public static final double OPTIMAL X = @;
public static final double OPTIMAL_VALUE = 8;
private double offset = @;

@Override

public double getMaxValue() {
return 10;

7

@Override

public double getMinValue() {
return -190;

}

@0verride

public double getMaxSpawnPoint() {
return getMaxValue();

}

@0verride

public double getMinSpawnPoint() {
return getMinValue();

g
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@Override
public double execute(double[] x) {
super.execute(x);

double sum = 9;

for(int 1 = 1 ; i < x.length ; i++)

{
sum += (x[1] - offset) * (x[i] - offset);

}
return (x[@] - offset) * (x[@] - offset) + 1000008 * sum;
}

@Override

public double getOffset() {
return offset;

}

public Cigar() {

}

public Cigar(double offset) {
this.offset = offset;
}

f.1.12 Class Exponential
package evaluateFunctions;

public class Exponential extends FitnessFunction {
public static final double OPTIMAL_X = ©;
public static final double OPTIMAL_VALUE = 9;
private double offset = 8;

@0verride

public double getMaxValue() {
return 1;

}

@0override

public double getMinValue() {
return -1;

i

@Override

public double getMaxSpawnPoint() {
return getMaxValue();
5

@Override
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public double getMinSpawnPoint() {
return getMinValue();
}
@0Override
public double execute(double[] x) {
super.execute(x);
double sum = @;
for(int i = @ ; i < x.length ; i++)

{
sum += (x[i] - offset) * (x[i] - offset);
}
return - Math.exp(-0.5 * sum) + 1;
}
@Override

public double getOffset() {
return offset;

}

public Exponential() {

}

public Exponential(double offset) {
this.offset = offset;

}

1.1.13 Class GoldsteinPiece
package evaluateFunctions;

public class GoldsteinPiece extends FitnessFunction {
public static final double OPTIMAL X = @; //y = -1
public static final double OPTIMAL_VALUE = 3;
private double offset = 0;

@Override

public double getMaxValue() {
return 2;

Iy

@Override

public double getMaxSpawnPoint() {
return getMaxValue();

s

@Override

public double getMinSpawnPoint() {
return getMinvValue();

¥
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@Override

public double getMinValue() {
return -2;

}

@0override
public double execute(double[] x) {
super.execute(x);
return (1 +
(Math.pow((x[@] - offset) + (x[1] - offset) +
i,.2)=*
(19 - 14 * (x[@] - offset) + 3 *
Math.pow((x[8] - offset),2) - 14 * (x[1] - offset) + 6 * (x[@] - offset)
* (x[1] - offset) + 3 * Math.pow((x[1] - offset),2)))) *
(30 +
(Math.pow(2 * (x[@] - offset) -
3 * (x[1] - offset) , 2) *
(18 - 32 * (x[@] - offset) + 12
* Math.pow((x[@] - offset),2) + 48 * (x[1] - offset) - 36 * (x[@] -
offset) * (x[1] - offset) + 27 * Math.pow((x[1] - offset),2))));
¥

@Override

public double getOffset() {
return offset;

}

public GoldsteinPiece() {

}

public GoldsteinPiece(double offset) {
this.offset = offset;
)i

N.1.14 Class Holder
package evaluateFunctions;

public class Holder extends FitnessFunction {
private double offset = 9;

public Holder(double offset) {
this.offset = offset;
}

public Holder() {
}
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@0verride

public double getMaxValue() {
return 16;

}

@verride

public double getMaxSpawnPoint() {
return getMaxValue();

}

@verride

public double getMinSpawnPoint() {
return getMinValue();

}

@0verride

public double getMinValue() {
return -10;

}

@Override
public double execute(double[] x) {
super.execute(x);
double exponent = Math.agbs(1 - Math.sgrt(
(Math.pow((x[@] - offset), 2) +
Math.pow((x[1] - offset), 2))
)/ Math.PI);
return - Math.agbs(Math.sin((x[@] - offset)) *
Math.cos((x[1] - offset)) * Math.exp(exponent));

public double getOffset() {
return offset;
¥

N.1.15 Class Levy
package evaluateFunctions;

public class Levy extends FitnessFunction {
private double offset = 0;

public Levy() {
// TODO Auto-generated constructor stub
}

public Levy(double offset) {
this.offset = offset;
}

@0verride
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public double getMaxValue() {
return 10;
}

@Override

public double getMaxSpawnPoint() {
return 10;

by

@Override

public double getMinSpawnPoint() {
return 5;

}

@0verride

public double getMinValue() {
return -10;

}

@0verride
public double execute(double[] x) {
super.execute(x);

double sum = 8;

for(int i = @ ; i < x.length ; i++)

{
sum += Math.pow(w(x,i) - 1,2) * (1 + 10 *
Math.pow(Math.sin(Math.PI * w(x,1i) + 1),2)) +
Math.pow(w(x,x.length - 1) - 1,2) * (1
+ Math.pow(Math.sin(2 * Math.PI * w(x,x.length - 1)),2));

}
return Math.pow(Math.sin(Math.PI * w(x,0)),2) + sum;

}
private double w(double[] x,int index)
{
return 1 + (x[index] - 1 - offset) / 4;
¥

public double getOffset() {
return offset;

}

N.1.16 Class Multimod
package evaluateFunctions;

public class Multimod extends FitnessFunction {
private double offset = 8;

public Multimod() {
// TODO Auto-generated constructor stub



}

public Multimod(double offset) {
this.offset = offset;
}

@Override

public double getMaxValue() {
return 10;

}

@Override

public double getMinValue() {
return -10;

}

@Override

public double getMaxSpawnPoint() {
return 10;

}

@override

public double getMinSpawnPoint() {
return 5;

}

@0verride
public double execute(double[] x) {
super.execute(x);
double sum = @,product = 1;
for(int i = @ ; i < x.length - 1 ; i++)
{
sum += Math.abs((x[i] - offset));
product *= Math.abs((x[i] - offset));
}

return sum * product;

F

public double getOffset() {
return offset;

}

1.1.17 Class ParallelEllipsoid
package evaluateFunctions;

public class ParallelEllipsoid extends FitnessFunction {
public static final double OPTIMAL_X = ©;
public static final double OPTIMAL_VALUE = @,
private double offset = @;



public ParallelEllipsoid() {
// TODO Auto-generated constructor stub
}

public ParallelEllipsoid(double offset) {
this.offset = offset;
J

@verride

public double getMaxValue() {
return 5.12;

¥

@0verride

public double getMinValue() {
return -5.12;

}

@verride

public double getMaxSpawnPoint() {
return getMaxValue();

}

@0verride

public double getMinSpawnPoint() {
return getMinValue();

5

@verride
public double execute(double[] x) {
super.execute(x);

double sum = 9;

for(int 1 = 1 ; i <= x.length ; i++)

sum += i * (x[1i - 1] - offset) * (x[i - 1] -
offset);
return sum;

}

public double getOffset() {
return offset;
}

1.1.18 Class RotatedEllipsoid
package evaluateFunctions;

public class RotatedEllipsoid extends FitnessFunction {
public static final double OPTIMAL X = ©;
public static final double OPTIMAL_VALUE = 8;
private double offset = 9;

73



@Override
public double getMaxValue() {
return 65.536;

}

@0verride

public double getMinValue() {
return -65.536;

}

@Override

public double getMaxSpawnPoint() {
return getMaxValue();

}

@0verride

public double getMinSpawnPoint() {
return getMinValue();

}

@Override
public double execute(double[] x) {
super.execute(x);

double sum = @;

for(int i = @ ; i < x.length ; i++)

for(int j = @ ; j < i Jj++)
sum += Math.pow(x[1] - offset, 2);
return sum;

}

public double getOffset() {
return offset;
g

public RotatedEllipsoid() {
// TODO Auto-generated constructor stub

i

public RotatedEllipsoid(double offset) {
this.offset = offset;
s

N.1.19 Class Schaffer
package evaluateFunctions;

public class Schaffer extends FitnessFunction {
public static final double OPTIMAL X = ©;
public static final double OPTIMAL_VALUE = 8;
private double offset = 8;



public Schaffer(double offset) {
this.offset = offset;
}

public Schaffer() {
// TODO Auto-generated constructor stub
¥

@Override

public double getMaxValue() {
return 100;

}

@Override

public double getMaxSpawnPoint() {
return 100;

}

@Override

public double getMinSpawnPoint() {
return 50;

}

@0verride

public double getMinValue() {
return -100;

i

@0verride
public double execute(double[] x) {
super.execute(x);
double top = Math.pow(Math.sin(Math.sqgrt(Math.pow((x[@] -
offset), 2) + Math.pow((x[1] - offset), 2))), 2) - @.5;
double bottom = Math.pow(1.6 + ©.001 * (Math.pow((x[@] -
offset), 2) + Math.pow((x[1] - offset), 2)), 2);
return 0.5 + top / bottom;
}

public double getOffset() {
return offset;
}

1.1.20 Class Shubert
package evaluateFunctions;

public class Shubert extends FitnessFunction {
private double offset = 9;

public Shubert() {
// TODO Auto-generated constructor stub

=l



}

public Shubert(double offset) {
this.offset = offset;

}

public static final double OPTIMAL_VALUE = 186.7369;

@Override
public double getMaxValue() {
return 10;

}

@Override

public double getMinValue() {
return -10;

}

@Override

public double getMaxSpawnPoint() {
return 10;

}

@Override
public double getMinSpawnPoint() {
return 5;

}

@Override
public double execute(double[] x) {
super.execute(x);
double suml = @,sum2 = 9;
FOERHE—_ = Iy (ARGl \7§ 1)

{
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suml += i * Math.cos((i + 1) * (x[@] - offset) + i);
sum2 += i * Math.cos((i + 1) * (x[1] - offset) + i);

}

return suml * sum2;

}

public double getOffset() {
return offset;
}

1.1.21 Class Step

package evaluateFunctions;

public class Step extends FitnessFunction {
public static final double OPTIMAL_X = 0.5;
public static final double OPTIMAL_VALUE =
private double offset = 9;

9;



public Step(double offset) {
this.offset = offset;
}

public Step() {
// TODO Auto-generated constructor stub
}

@Override
public double getMaxValue() {
return 160;
}

@Override
public double getMinValue() {
return -100;
¥
@0verride
public double getMaxSpawnPoint() {
return getMaxValue();
¥
@0verride
public double getMinSpawnPoint() {
return getMinValue();
I

@Override
public double execute(double[] x) {
super.execute(x);
double sum = @;
for(int 1 = @ ; 1 < x.length ; i++)

{
d

return sum;

sum += Math.pow((Math.floor(x[i] - offset) + ©.5),2);

public double getOffset() {
return offset;
¢

1.1.22 Class Trid
package evaluateFunctions;
public class Trid extends FitnessFunction {

private double offset = @;
private int dimension = @;

public Trid(double offset,int dimension) {
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this.offset = offset;
this.dimension = dimension;

}

public Trid(int dimension) {
this.dimension = dimension;
}

@Override
public double getMaxValue() {
return Math.pow(dimension, 2);

}

@Override

public double getMinValue() {
return - Math.pow(dimension, 2);

¥

@Override

public double getMaxSpawnPoint() {
return getMaxValue();

}

@Override

public double getMinSpawnPoint() {
return getMinvalue();

}

@0verride
public double execute(double[] x) {
super.execute(x);
double suml = Math.pow((x[@] - offset) - 1, 2) ,sum2 = @;
for(int 1 = 1 ; i < x.length ; i++)
{
suml += Math.pow((x[i] - offset)- 1, 2);
sum2 += (x[i] - offset) * (x[i - 1] - offset);
by

return suml - sum2;

}

public double getOffset() {
return offset;
}

1.1.23 Class Zakharov

package evaluateFunctions;
public class Zakharov extends FitnessFunction {
private double offset = @;
@0verride
public double getMaxValue() {
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return 10;

}

@0verride

public double getMinValue() {
return -5;

}

@0verride
public double execute(double[] x) {
super.execute(x);
double suml = @,sum2 = 9;
for(int i = @ ; i < x.length ; i++)

4
suml += (x[i] - offset) * (x[i] - offset);
sum2 += (i + 1) / 2 * (x[1] - offset);
}
return suml + Math.pow(sum2,2) + Math.pow(sum2,4);
g
@override

public double getMaxSpawnPoint() {
return getMaxValue();

.

@0verride

public double getMinSpawnPoint() {
return getMinValue();

}

public Zakharov() {
// TODO Auto-generated constructor stub
}

public Zakharov(double offset) {
this.offset = offset;

ig

public double getOffset() {
return offset;
¥

.2 Package optimizationMethod

N.2.1 Class GenericFunctions

package optimizationMethods;

import dataManager.ParticleSet;
import dataManager.Particle;
import dataManager.Source;
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public class GenericFunctions {
public static Particle generateFromGBest(ParticleSet d) {// used
in GA hybrid too
Particle p = new Particle(d.getDimension());
p.source = Source.RANDOMIZED;
for(int i = @ ; i < d.getDimension() ; i++)

{
//p.data[i] = d.gbest.gbests[(int) (Math.random() *
d.gbest.poolSize)].data[(int) (Math.random() * d.getDimension())];
p.data[i] = d.gbest.gbests[(int) (Math.random() *
d.gbest.numberOfPositions)].data[i];

¥

p.answer = d.b.execute(p.data);//evaluation function
p.updatePBest();
return p;

1.2.2 Class GeneticsAlgorithm

package optimizationMethods;

import evaluateFunctions.FitnessFunction;
import dataManager.ParticleSet;

import dataManager.Particle;

import dataManager.Source;

public class GeneticsAlgorithm {

public GeneticsAlgorithm()
{

}

public void selection(ParticleSet d)
{
d.sort();
d.updateGBest(d.data[@]);
if(d.numberOfParticles > d.getSize() / 2)
d.numberOfParticles = d.getSize() / 2;

}
public void crossOver(ParticleSet d)
{
forlint~i = 07 50 digetSize 2 ; i+=2)
{
d.data[d.numberOfParticles] = cross(d.b, d.data[i],
d.data[i + 1]);
d.numberOfParticles++;
¥
}

public Particle cross(ParticleSet d,int indexl, int index2){
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//this isn't crossover, it do only cross data in every
dimension between 2 input index and return value in every dimension of
child

Particle child = d.data[index1].clone();
for(int i = © ; i < d.getDimension() ; i++)
{
double rand = Math.random();
child.data[i] = (d.data[index1].data[i] *
rand) + (d.data[index2].data[i] * (1 - rand));

child.source = Source.CROSSED;

if(child.data[i] > d.b.getMaxValue())
child.data[i] -= (child.data[i] - d.b.getMaxvalue());

else if(child.data[i] < d.b.getMinValue())
child.data[i] -= (child.data[i] - d.b.getMinvalue());

child.answer = d.b.execute(child.data);
child.updatePBest();
return child;

}

public Particle cross(FitnessFunction b,Particle pil,
Particle p2){

//this isn't crossover, it do only cross data in every
dimension between 2 input index and return value in every dimension of
child

Particle child = pl.clone();
for(int i = @ ; i < pl.data.length ; i++)

double rand

= Math.random();
child.data[i] =

(pl.dataf[i] * rand) +
(p2.data[i] * (1 - rand));
}
child.source = Source.CROSSED;
bounding(child,b);

return child;

,

public void mutate(ParticleSet d)// mutation chance is
between 9,100
{
//int[] chosen = rouletteWheel(d,d.getSize() / 3);
double roll;
for(int 1 = @ ; 1 < d.getSize() / 4 ; i++)
{

int index = (int) (Math.random() *
d.numberOfParticles);

for(int j = @ ; j < d.getDimension() ; j++)

{

roll = Math. random( ).:
if(roll < 8.1){
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if (roll < ©.85)//if true
increase else decrease

{

(d.data[index].data[j] * ©.85 *Math.random());

d.data[index].data[j] +=

else d.data[index].data[j] -=
(d.data[index].data[j] * @.05 *Math.random());
}

}
d.data[index].source = Source.MUTATED;

bounding(d.data[index],d.b);
]
}
protected void bounding(Particle p,FitnessFunction function)

{
for(int 1 = @ ; 1 < p.data.length ; i++)

{
if(p.data[i] > function.getMaxValue()) p.data[i] =
function.getMaxValue() - (p.data[i] - function.getMaxValue());
else if(p.data[i] < function.getMinValue())
p.data[i] = function.getMinvalue() - (p.data[i] -
function.getMinValue());

p.answer = function.execute(p.data);//evaluation function
p.updatePBest();

}

1.2.3 Class ParticleSwarmOptimization

package optimizationMethods;

import evaluateFunctions.FitnessFunction;
import dataManager.ParticleSet;

import dataManager.Particle;

import dataManager.Source;

public class ParticleSwarmOptimization {

protected final double C1 = ©.729;
protected final double C2 = 1.496180;
protected final double C3 = 1.496180;

public static int out = 9;
public ParticleSwarmOptimization() {

lg

public Particle move(ParticleSet d, int index,double vLimit) {
Particle result = d.data[index].clone();

for (int j = @; j < d.getDimension(); j++)'{
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result.v[j] = C1 * result.v[j] + C2 * Math.random()
* (result.pbest[j] - result.data[j]) + C3 * Math.random() *
(d.gbest.gbests[®].data[j] - result.data[j]);

if(result.v[j] > vLimit) result.v[j] = vLimit;

else if(result.v[j] < - vLimit) result.v[j] = -
vilimit;

result.data[j] = (result.data[j] + result.v[j]);//
change position

¥

boundHandle(result,d.b);
return result;

result.source = Source.MOVED;

i

public void move(ParticleSet d) {
int bestIndex = 9;
double bestEvaluate = 9e307;
double vLimit = (d.b.getMaxvalue() - d.b.getMinValue()) /

for (int i = @; i < d.numberOfParticles; i++) {
d.data[i] = move(d, 1i,vLimit);// change position
if(bestEvaluate > d.data[i].answer)

{
bestEvaluate = d.data[i].answer;
bestIndex = i;
}
}
d.updateGBest(d.data[bestIndex]);
5
protected void boundHandle(Particle p,FitnessFunction function)
{

for(int i = @ ; i < p.data.length ; i++)

{
if(p.data[i] < function.getMinValue() || p.data[i] >

function.getMaxValue()) {
out++;
return;

}
}
p.answer = function.execute(p.data);//evaluation function
p.updatePBest();

N.2.4 Class PSOWithHistoricalBests

package optimizationMethods;
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import dataManager.ParticleSet;
import dataManager.Particle;

public class PSOWithHistoricalBests extends ParticleSwarmOptimization {
public void move(ParticleSet d) {
double vLimit = (d.b.getMaxValue() - d.b.getMinvalue()) /
2;
for (int i = @; i < d.numberOfParticles; i++) {
d.data[i] = move(d, i ,vLimit);// change position
d.updateHistoricalBests(d.data[i]); //decide should
it be in historical bests or not

:

}

public void generateNewFromGBest(ParticleSet d) {
for(int i =8 ; 1 < 1 ; i++)

{
Particle p =
GenericFunctions.generateFromGBest(d);// harmony search
d.updateHistoricalBests(p); //decide should it be in
historical bests or not

}
}

.3 Package dataManager

1.3.1 Class Particle

package dataManager;
import evaluateFunctions.FitnessFunction;
public class Particle {
public double[] data;
public double answer;
public double[] v;
public double[] pbest;
public double pbestAnswer;
public Source source;
public Particle(int dimension)
{
data = new double[dimension];
pbestAnswer = 9e307;
v = new double[dimension];

public void initialize(FitnessFunction b)

I

for(int i = ©@ ; i < data.length ; i++)

{



data[i] = Math.random() * (b.getMaxSpawnPoint() -
b.getMinSpawnPoint()) + b.getMinSpawnPoint();
v[i] = @.1 * data[i];
}
source = Source.INITIATED;
answer = b.execute(data);
pbest = this.data.clone();
pbestAnswer = this.answer;

}

public Particle clone()

{
Particle p = new Particle(data.length);
p.data = this.data.clone();
p.v = this.v.clone();
p.pbest = this.pbest.clone();
p.pbestAnswer = this.pbestAnswer;
p.source = source;
p.answer = this.answer;
return p;

}

public void updatePBest()

{
if(pbestAnswer > answer) {

pbest = this.data.clone();
pbestAnswer = answer;

}

}

public String toString()

{

String s = new String();
for(int j = @ ; j < data.length ; j++)

{
s += (String.format("%.2f", data[j]) + ",");
}
s += ("Answer," + String.format("%.2f", answer) +
")
S += (source + ",");
return s;
}
}

1.3.2 Class ParticleSet

package dataManager;
import evaluateFunctions.FitnessFunction;
public class ParticleSet {
public FitnessFunction b;
public int numberOfParticles;
public Particle[] data;
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private int dimension; // dimension of
equation function

private int size;

public HistoricalBestPositions gbest;

public int getDimension() {
return dimension;
¥

public int getSize() {
return size;

)
public ParticleSet(FitnessFunction b, int dimension, int size) {
this.b = b;
this.dimension = dimension;
this.size = size;
numberOfParticles = size / 2;
data = new Particle[size];
gbest = new HistoricalBestPositions();
firstGenerate();
}
public void firstGenerate()
{
for(int i = 8 ; i < numberOfParticles ; i++)
{
data[i] = new Particle(dimension);
data[i].initialize(b);
updateGBest(data[i]);
¥
.
public void sort()
{
boolean sorted = false;
while(!sorted)
{
sorted = true;
for(int i = @ ; i < numberOfParticles - 1 ; i++)
{
if(data[i].answer > data[i + 1].answer) {
Particle temp = data[i];
data[i] = data[i + 1];
data[i + 1] = temp;
sorted = false;
}
¥
}
}

public void updateHistoricalBests(Particle p)

{



if((p.answer < gbest.gbests[gbest.numberOfPositions -
1].answer))

{
gbest.add(p.clone());
}
}
public void updateGBest(Particle p)
{
if(gbest.numberOfPositions == @ || p.answer <

gbest.gbests[@].answer)

gbest.gbests[@] = p.clone();
gbest.numberOfPositions = 1;

¥

public String toString()

{
String s = gbest.toString();

for(int i = @ ; 1 < numberOfParticles ; i++)

{
s +=("Data " + (1 + 1) + ",");
s += data[i].toString() + "\n";
b
return s;

public void addParticle(Particle p)
{

}

data[numberOfParticles++] = p;

i

1.3.3 Enum Source

package dataManager;

public enum Source {
MUTATED, INITIATED, CROSSED,MOVED, RANDOMIZED;

}
N.3.4 Class HistoricalBestPositions

package dataManager;
public class HistoricalBestPositions {
public Particle[] gbests;
public int numberOfPositions;
public static final int MAX_SIZE = 50;
public HistoricalBestPositions()
{
gbests = new Particle[MAX_SIZE];
numberOfPositions = @;

}
public void add(Particle p)

89
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t if(gbests[@] == null) {
ghests[@] = p;
numberOfPositions++;
return;
}
for(int i = @ ; i < numberOfPositions ; i++)
{
if(p.answer < gbests[i].answer)
: if(! isFull())
: for(int j = numberOfPositions ; j > i ;
==
{
gbests[j] = gbests[j - 1];
¥
numberOfPositions++;
¥
else
{
for(int j = numberOfPositions - 1 ; j >
15714
{
gbests[j] = gbests[j - 1];
}
i
gbests[i] = p;
break;
¥
. !
}
public boolean isFull()
{
return numberOfPositions == MAX_SIZE;
}
public String toString()
A String s = "";
for(int i = @ ; i < numberOfPositions ; i++)
{

s += ("GBest " + (i + 1) + ",");
for(int j = @ ; j < gbests[i].data.length ; j++)

{
s += (String.format("%.2f",
gbests[i].data[j]) + ",");
i
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s += ("Answer," + String.format("%.2f",
gbests[i].answer) + "," + gbests[i].source + "\n");

}

return s;

1.4 Default Package

f.4.1 Class Main
import java.util.Scanner;

import evaluateFunctions.*;
import dataManager.ParticleSet;
import optimizationMethods.*;

public class Main {
private final static int SIZE = 100; // population size * 2
public final static int DIMENSION = 30;
private final static int END_CALL_COUNT = 300008;
private static double LastGBestAnswer = 9e307;
private static int unchangedStreak = 6;
private final static int ROUND = 1;
private static ParticleSet d;

public static void main(String[] args) {

int i; // Rounds
for (1 = @; 1 < ROUND ; i++) {
FitnessFunction b;
int j = new Scanner(System.in).nextInt();// Evaluate
Fx

switch (j) {

case 1:
b = new Ackley();
break;

case 2:
b = new Griewank();
break;

case 3:
b = new Rastrigin();
break;

case 4:
b = new Sphere();
break;

case 5:
b = new Rosenbrock();
break;
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default:
b = new Schwefel();
break;

}

b.callCount = @;

d = new ParticleSet(b, DIMENSION, SIZE);
LastGBestAnswer = d.gbest.gbests[@].answer;
unchangedStreak = ©;

int k = new Scanner(System.in).nextInt(); // Method
System.out.println(k + " " + j + " " + 1i);
switch (k) {
case 1: { //Standard PSO
ParticleSwarmOptimization pso = new
ParticleSwarmOptimization();
while (!isStopConditionMeet(d)) {
pso.move(d);
}

break;

¥
case 2: { //GA
GeneticsAlgorithm g = new
GeneticsAlgorithm();
while (!isStopConditionMeet(d)) {

g.crossOver(d);
g.mutate(d);
g.selection(d);

iy

break;

¥
case 3: { //PSO with Historical bests

PSOWithHistoricalBests pso = new
PSOWithHistoricalBests();
while (!isStopConditionMeet(d)) {
pso.move(d);
if(d.gbest.isFull()) {

pso.generateNewFromGBest(d);

¥

break;
}
¥
System.out.println(d.toString());
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private static boolean isStopConditionMeet(ParticleSet d) //check
if it meet stop condition
{
if(d.gbest.gbests[@].answer < lastGBestAnswer){
LlastGBestAnswer = d.gbest.gbests[0].answer;
if(unchangedStreak > 10) {
System.out.println("Evaluation call count = "
+ d.b.callCount);
System.out.println(d.toString());
new Scanner(System.in).nextLine();
}
unchangedStreak = @;
}
else unchangedStreak++;
return d.b.callCount »>= END_CALL_COUNT; //stop condition





