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I. Global Optimization: Optimization, that is finding minimum or maximum (that is,
optimum) of a single-valued function f (x) — often with constraints on x or some other
function(s) of x, e.g. h(x) < x — is required in many practical applications. If the problem
is convex (it has only one minimum or maximum point), the local minimum (maximum)
is also a global minimum (maximum). However, this is not always the case. One may
have to optimize a function that has many local optima (and sometimes several global
optima as well).

Many methods were developed in the 1960s that perform very well in
optimization of convex (nonlinear) functions. We find a number of good Fortran
programs of such methods in Kuester and Mize (1973). However, these methods (and
programs) fail when the optimand function is non-convex (or multi-modal), because the
search process is caught in some local optimum of the optimand function.

Starting with the Genetic algorithm, many methods are now available to find the
global optimum of non-convex functions. Some of these are: Clustering method,
Simulated Annealing, Generalized simulated annealing, Ants Colony meta-heuristic,
Tunneling method, Particle Swarm method, differential Evolution method, and so on.
Yet, it may be noted, that no method is successful in optimizing an arbitrary function;
none can guarantee a sure success. Perhaps, no method can ever do that.

Among these methods, the Particle Swarm method is perhaps the simplest to
understand and implement. Due to its simplicity, it can be easily modified to suit the
purpose and therefore, it has better prospects as well. It is well founded on philosophical
and methodological grounds also.

I1. The Particle Swarm Method of Global Optimization: This method is an instance of
successful application of the philosophy of bounded rationality and decentralized
decision-making to solve the global optimization problems (Simon, 1982; Bauer, 2002;
Fleischer, 2005). It is observed that a swarm of birds or insects or a school of fish
searches for food, protection, etc. in a very typical manner. If one of the members of the
swarm sees a desirable path to go, the rest of the swarm will follow quickly. Every
member of the swarm searches for the best in its locality - learns from its own
experience. Additionally, each member learns from the others, typically from the best
performer among them. The Particle Swarm method of optimization mimics this
behaviour (see Wikipedia: http://en.wikipedia.org/wiki/Particle_swarm_optimization).
Every individual of the swarm is considered as a particle in a multidimensional space that
has a position and a velocity. These particles fly through hyperspace and remember the
best position that they have seen. Members of a swarm communicate good positions to



each other and adjust their own position and velocity based on these good positions.
There are two main ways this communication is done: (i) “swarm best” that is known to
all (i1) “local bests” are known in neighborhoods of particles. Updating the position and
velocity is done at each iteration as follows:

Vig =@V, +5h ()Aci —x,)+ CZrZ()’egi - X;)
Xigt =X T Vi
where,
e xis the position and v is the velocity of the individual particle. The subscripts i
and i +1 stand for the recent and the next (future) iterations, respectively.
® @ is the inertial constant. Good values are usually slightly less than 1.
® ¢ and c, are constants that say how much the particle is directed towards good

positions. Good values are usually right around 1.
® 1 and r, are random values in the range [0,1].

® Xis the best that the particle has seen; £, is the global best seen by the swarm.

This can be replaced by %, , the local best, if neighborhoods are being used.

The Particle Swarm method (Eberhart and Kennedy, 1995) has many variants. The
Repulsive Particle Swarm (RPS) method of optimization (see Wikipedia,
http://en.wikipedia.org/wiki/RPSO), one of such variants, is particularly effective in
finding out the global optimum in very complex search spaces (although it may be slower
on certain types of optimization problems). Other variants use a dynamic scheme (Liang
and Suganthan, 2005; Huang et al., 2006).

In RPS the future velocity, v,,, of a particle at position with a recent velocity, v,,
and the position of the particle are calculated by:

Vg = ov, +arn (X, —x,) + 0fr, (%, — x,) + oyrz
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where,
e xis the position and v is the velocity of the individual particle. The subscripts i
and i +1 stand for the recent and the next (future) iterations, respectively.
r,, r, are random numbers, €[0,1]; &, S, ¥ are constants

[ ] ri,

*  isinertia weight, €[0.01,0.7]; z is a random velocity vector
e X is the best position of a particle; x, is best position of a randomly chosen other
particle from within the swarm
Occasionally, when the process is caught in a local optimum, some perturbation of v
may be needed

II1. Test of Performance of the Repulsive Particle Swarm Method: The objective at
present is to test the performance of RPS method (as modified by us through endowing
stronger local search abilities to each particle and defining variable randomized



neighbourhood at different iterations). We have chosen a good number of test functions
for this purpose. A synoptic idea about the nature of these test functions is given in the
sections that follow. Graphical presentations of most of these functions also are given to
facilitate conceptualization of the nature of these functions by visual means.

1. A typical multi-modal function: A multi-modal (non-convex) function (in 2
variables, m=2) is:
F(x) = —cos(x,)cos(x, ) exp [—(1/4) Xt J
It has global minimum f(,"y=-1 at x" =(0, 0).
2. A typical non-linear function: Consider the function in m variables (m>2) that has
the optimal value f(x")=0 in the search domain |x,|<10; i=1,2,..,m given as
fx)= Z:"zzcosﬂx[ -X_, | /|x,, +x_ |] +(m—1)
3. Ackley function: An m—variable (m >1) function with search domain [-15 < x, <30]
for (i=1,2,...,m) given as
f(x)=20+exp(l)-20 exp[—O.Z((i xf)/mj 1— exp {%icos@ﬂxi )}
is called the Ackley function. It is a multi-modal function. The global minimum of this
function is f(x')=0 for x" =(0,0,...,0).
4. Beale function: A 2—variable (m=2) function with search domain [-4.5<x <4.5];
(i=1,2) given as
F)=15-x+x%) +(225-x, +xx)" +(2.625—x, + x,x;)’
is called the Beale function. It is a unimodal function with the global minimum f(x")=0
for x" =(3, 0.5). The two values, (3, 0.5), have a definite relationship with the constants in
the function. The constant in the first term (i.e. 1.5) is equal to 3-3(0.5). The constant in
the second term (i.e. 2.25) is equal to 3-3(0.5)°. The constant in the third term (i.e. 2.625)
is equal to 3-3(0.5)°. Let us now call these parameters (a, b). Then the constant in the first

term is a—ab', the constant in the second term is a—ab® and the constant in the third term
is a-ab’. For any positivea and positive fractional » (0<b<1) the function may be

generalized. The optimal solution would be (a, b) and f(x")=0.

5. Bohachevsky functions: Three 2-variable functions (m=2) characterizing f(x")=0,
x =(0, 0) in the search domain [-100<x <100]; i=1, 2 are called Bohachevsky
functions, which are given as
f.(x) = x> +2x2 —0.3cos(37x,) — 0.4 cos(47x,) +0.7
£, (%)= x} +2x; —0.3cos(37x,) cos(47x,) +0.3
f,(x) =x7 +2x; —0.3cos(37x, +47x,)+0.3
6. Booth Function: A 2—variable (m =2) function with search domain [-10< x, <10];
(i=1,2) given as
fx)=(x +2x, - 7)? + 2x, +x, —-5)°
This function is multi-modal with the global minimum f(x")=0 at x" =(, 3).



7. Branin function: A 2-variable function (m=2) characterizing f(x")=0.397887, with
three global minima in the search domain [-5<x <10; 0<x,<15] is called Branin

function, which is given as
F(x) = (x, = 5x2 [(4n%) +5x,/ T —6)> +10(1— (87) ") cos(x,) +10

8. Dixon & Price function: This function is in m (m > 2) variables with search domain
[-10<x <10]5 (i=12,..,m) and the minimum f(x)=0. Itis given as

fO=0(x-1)"+ Zm:i(inz -x.,)

=2
9. Easom function: This function is in 2 variables (m=2) with search domain
[-100<x <100]5 (i=1,2) and f(x")=-1 at x =(x, 7). Itis given as

£ (x) =—=cos(x,)cos(x,)exp[—(x, —7)* — (x, —7)*] .

10. Griewank function: It is a typical multi-modal function with a large number of local
minima in the search domain [-600<x <600], i=12,..,m and global minimum

f(xH=0at x =(0,0,...,0). It is given as
f(x)= i(xf /4000)—ﬁcos(x,. INiy+1
i=1 i=1
11. Himmelblau function: It is a 2-variable (m=2) function with search domain

[-6<x <6]; (i=1,2) and 4 global minima f(x")=0, one each in the four Cartesian quadrants.

The optimal values of x are: (3,2), (-2.805, 3.131), (-3.779, -3.283) and (3.584, -1.848). The
function is written as:
fx)=(x +x§ —7)2+(x12 +x2—11)2
The modified Himmelblau function has only one global optimum f(x')=0 at
x =(3,2). This (modified) function is given as
FO)= (x5 + X2 =T) + (2 +x, - 117 +0.1[(x, —3)> +(x, —2)*]

12. Hump function: It is a 2-variable (m =2 ) function with search domain [-5<x <5];
(i=1,2) and dual (global) minima f(x")=-1.032 at x" = (£1) (0.0898, —0.7126). Itis given as

F(x)=4x7=2.1x" +x/3+ x,x, —4x; +4x)

13. Levy function No. 3: It is a 2-variable (m =2 ) multi-modal function with search
domain [-10<x <10]. It has some 760 local minima and 18 global minima in this search

domain. Its global minimum is f(x")=-176.542.

f(x)= Zslicos[(i-i-l)xl +i]25:icos[(i +1)x, +i]

i=1 i=1
14. Levy function No. 5: It is a 2-variable (m =2 ) multi-modal function with search
domain [-10<x <10]. It has some 760 local minima in this search domain. Its global

minimum is f(x') =-176.1375 at x" = (~1.3068, —1.4248).

flx)= iicos[(iﬂ)xl +i]25:icos[(i +1)x, +i]+ (x, +1.42513)> + (x, +0.80032)°

i=1 i=l



15. Levy function No. 8: It is a 3-variable (m =3) multi-modal function with search
domain [-10<x <10]. It has some 125 local minima in this search domain. Its only global

minimum is f(x)=0 at x" =(l, 1, 1). This function is specified as
m—1
) =sin®(zy)+ D (y, —D*[1+10sin*(zy, )]+ (y, - 1)’
i=1

where y, =1+(x,—=1)/4 ; i=1,...,m.

16. Matyas function: It is a 2-variable (m = 2 ) function with search domain [-10<x <10];
(i=1,2) and minimum f(x")=0 at x" = (0, 0). It is given as
F(x)=0.26(x" +x3)—0.48x,x,

17. Michalewicz function: It is an interesting multi-modal function in the search domain
[0<x <z, i=12,.,m. It has an additional parameter, p, that determines its surface. For

p=10, its global minima at different dimensions (m) are : f(x')=-1.8013 (m=2),

f(x)=-4.6877 (m=5), f(x)=-6.6809 (m=7), f(x")=-9.6602(m=10), f(x')=-19.6370

(m=20), f(x)=-29.6309 (m=30), f(x)=-49.6248 (m=50). This function is given as
fx)= —i sin(xl.)(sin(ixi2 1 7))*"

i=1
18. Paviani function: It is a 10-variable function (m=10) in the search domain
x € (2, 10), with f(x")=45.77847; x" =(9.3502, 9.3502,...,9.3502) given as

Y [n*(x -2+ 10-x) ][ [T % T'Z
im1

19. Rastrigin function: It is a typical multi-modal function in m (m >1) variables with
search domain [-5.12<x <5.12]; (i=1,2,...m) and the minimum f(x)=0at x" =(0,0....,0). Itis

a difficult function to optimize. It is given as

f(x)=10m+ i(xf —10cos(27x,))

i=1

20. Rosenbrock function: This function is in m (m > 2) variables with search domain
[-5<x <10]5 (i=1,2,...m) and the minimum f(x)=0 and x =(l, L..,1). It is very similar to
the Dixon and Price function. It is often referred to for its very slow convergence in the
neighbourhood of the minimum. It is given as

m—1

D000k = x,_ ) +(x, =1)°]

21. Schwefel function: It is another difficult but interesting multi-modal multi-
dimensional function in the search domain [-s00<x <5001, i=1,2,...,m with its global

minimum at f(x')=0. Itis given as

f(x)=418.9829m — i[xi sin(yx))]
i=l1



22. Shekel Function: A 4-variable function (m=4) for 4 4 4 4 [0.1]
parameter p (2<p<10; p is an integer) in the search 11 1 1 0.2
domain x. € (2, 10) is given as: 8§ 8 8 8 0.2
v . 6 6 6 6 0.4
f,(x) Z—Z(Z(% -a,) +q) 37 3 7 0.4

i=1\_j=1 A= : C=
_ . 2.9 2 9 0.6
The optimal values of f,(x") lie between 10.02 and 10.54 s s 3 3 03
for 2<p<10 and x" =(4, 4, 4, 4). The matrix A and the 8§ 1 8 1 0.7
vector C are given alongside. 6 2 6 2 05
17 3.6 7 3.6] 105

23. Shubert function: It is a 2-variable (m =2) typically difficult multi-modal function
with search domain [-10< x <10]; (i=1,2) and minimum f(x")=-186.7309. Itis given as

f(x)= ﬁ i [i cos((i+ l)xj +1)]

j=1 =l
24. Trid function: This function is in m (m=>2) variables with search domain
[-m* <x <m’]> (i=1,2,..,m).The Trid function is given as

FO=2 (5= = Y xx,

Optimal values of Trid function of different dimensions (m)

P
Mo x | X | X | Xy | X5 | X | X | Xy | Xy | Xyg | Xy | X | Xg | Xy | X5 | f(x)

15 | 15128 |39 |48 |55 160 |63 |64 63|60 [55 [48 |39 |28 |15 |-665

10 110 | 18 |24 |28 {30 |30 |28 |24 |18 |10 -210

6 |6 [10[12[12]10]6 -50

The values of f(x")and those of x at different m are given in the table above.
The pattern observed in the values taken on by decision variables is interesting.

25. Weierstrass function: The Weierstrass function [in its original form,
f(x)= Z::O a" cos(b*x) while bis an odd integer, 0<a <1; ab>(1+37/2)] is one of

the most notorious functions (with almost fractal surface) that changed the course of
history of mathematics. Weierstrass proved that this function is throughout continuous
but nowhere differentiable (Hobson, 1926). In its altered form (Liang and Suganthan,
2005) this function in m (m 21) variables with search domain [—05<x <0.5; (i=1,2,...m)

and the minimum f(x")=0 for x" =(0, 0,..,0); a=0.5; b=3; k=20, is given as
m_k k
F(x) =YD [a" cos2zb* (x, +0.5))]-m) _[a" cos(2zb" 05)]; x,€[-0.5, 0.5]; i=1,2,..m

i=l k=0 k=0
26. Zakharov function: This function is in m (m >2) variables with search domain
[-5<x <1015 (i=1,2,...m) and the minimum f(x)=0 and x" = (0, 0,...,0). The function is:

2 4
f(x)=2xf+[2ixi/2} +[Zixi/2}
i=l i=1 i=1




IV. A FORTRAN Computer Program: The functions described above have been used to
test the performance of the RPS method. The program is appended.

When the program is run, it needs the serial number (KF) to identify the function
to optimize and specify its dimensionality (m = no. of variables in the function). The
serial no. is indicated by the program. For example, the serial no. (KF) of Ackley
function is 10 and it has m >1 variables. The user has to feed this information. In some
cases, the function has additional parameters (such as the Michalewicz function or Shekel
function). These are to be changed in the body of subroutine FUNC(X, M, F) of the
program, if needed.

The program specifies a number of parameters (e.g. N=50, NN=25, MX=100,
NSTEP=21, ITRN=5000) and Al (=alpha), A2 (=beta) , A3 (=gamma) and w. The user may
suitably change these parameters for sake of experimentation. Necessary comments are
given in the program.

V. Conclusion: The program has been run for each function. It has found the optimum
value of the function in each case successfully. Some functions with variable dimension
(the Weierstrass function in particular) are very difficult to optimize while m=30. In
some cases, where multiple global optima exist (such as the Himmelblau function), the
program finds any one of them, depending on the choice of the random number seed.

Some Important Test Functions for Global Optimization Methods*

A typical multi-modal funciion Levy function (£5)

Ackdey Function Beale Funciion




Booth Function

Dixon & Price Function

F Y

Griewank Function

Humip Function




Bogenhrock Function Schwelkl Function

‘.'-l.‘ o e * A

— Hiwellau Function Zalharoy Function

Bohachevsky funciion Branin fimction

* QGraphical presentations (of most of the functions) are creditable to Dr. AR Hedar, Dept. of Computer
Science, Faculty of Computer & Information Sciences, Assiut University, Egypt. A few of the functions and
their properties mentioned in different pages at the site (below) may, however, be taken with caution.

http://www-optima.amp.i.kyoto-u.ac.jp/member/student/hedar/Hedar_files/go.htm
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RPSWARM-TEST.f

1/10

10/13/2006 8:10:33 PM

o O
o Ul

PARAMETER (N=50,

IMPLICIT DOUBLE
COMMON /RNDM/IU,

NN=25,MX=100, NSTEP=9, ITRN=10000)

PRECISION (A-H,0-2)
v

COMMON /KFF/KF,nfcall

INTEGER IU, IV

DIMENSION X (N,MX),V(N,MX),A (MX),VI(MX)

DIMENSION XX (N,MX),F(N),R(3),V1(MX),V2(MX),V3(MX),V4 (MX),BST (MX)

DATA Al,A2,A3,W,

WRITE (*, *) '

WRITE (*, *) 'KF=1
WRITE (*, *) 'KF=2
WRITE (*, *) 'KF=3
WRITE (*, *) 'KF=4
WRITE (*, *) 'KF=5
WRITE (*, *) 'KF=6
WRITE (*, *) 'KF=7
WRITE (*, *) 'KF=8
WRITE (*, *) 'KF=9
WRITE (*,*) 'KF=10
WRITE (*,*) 'KF=11
WRITE (*,*) 'KF=12
WRITE (*,*) 'KF=13
WRITE (*,*) 'KF=14
WRITE (*,*) 'KF=15
WRITE (*, *) 'KF=16
WRITE (*,*) 'KF=17
WRITE (*,*) 'KF=18
WRITE (*,*) 'KF=19
WRITE (*,*) 'KF=20
WRITE (*,*) 'KF=21
WRITE (*,*) 'KF=22
WRITE (*,*) 'KF=23
WRITE (*, *) 'KF=24
WRITE (*,*) 'KF=25
WRITE (*, *) 'KF=26
WRITE (*,*) 'KE=27
WRITE (*,*) 'KF=28
WRITE (*, *) 'KF=29
WRITE (*,*) 'KE=30

WRITE (%, *) ' ——mmmm oo oo

WRITE (*, *) 'CHOOS
READ (*, *) KF,M
nfcall=0
LCOUNT=0

SIGMA /.5D00, .5D00, .0005D00, .5D00,1.D-03/

SIMPLE QUADRATIC FUNCTION 2-VARIABLES M=2'
ROSENBROCK FUNCTION M-VARIABLES M=DEFINE (?)'
LEVY NO 5 FUNCTION 2-VARIABLES M=2'

LEVYS NO 8 FUCTION 3-VARIABLES M=3'

RASTRIGIN FUNCTION M-VARIABLES M=DEFINE (?)'
HIMMELBLAU FUNCTION 2-VARIABLES M=2'

MODIFIED HIMMELBLAU FUNCTION 2-VARIABLES M=2'
GRIEWANK FUNCTION M-VARIABLES M=DEFINE (?)'
EASOM FUNCTION 2-VARIABLES M=2'

ACKLEY FUNCTION M-VARIABLES M=DEFINE (?)'

BEALE FUNCTION 2-VARIABLES M=2'

GENERALIZED BEALE FUNCTION 2-VARIABLES M=2'
BOOTH FUNCTION 2-VARIABLES M=2'

MICHALEWICZ FUNCTION 2-VARIABLES M=2'
SCHWEFEL FUNCTION M-VARIABLES M=DEFINE (?)'
SHUBERT FUNCTION 2-VARIABLES M=2'

HUMP FUNCTION 2-VARIABLES M=2'

MATYAS FUNCTION 2-VARIABLES M=2'

DIXON & PRICE FUNCTION M-VARIABLES M=DEFINE
TRID FUNCTION M-VARIABLES M=DEFINE (?)'

ZAKHAROV FUNCTION M-VARIABLES M=DEFINE (?)'

A TYPICAL MULTI-MODAL FUNCTION 2-VARIABLES M=2'

LEVY NO 3 FUNCTION 2-VARIABLES M=2'

WEIERSTRASS FUNCTION M-VARIABLES M=DEFINE (?)'

SHEKEL FUNCTION 4-VARIABLES M=4'
PAVIANI FUNCTION 10-VARIABLES M=10'
BRANIN FUNCTION (#1) 2-VARIABLES M=2'
BRANIN FUNCTION (#2) 2-VARIABLES M=2'

A TYPICAL N-LINEAR FUNCTION M-VARIABLES M=(?)'
3 BOHACHEVSKY FUNCTIONS 2-VARIABLES M=2'

, 31,32

E KF AND SPECIFY M'

1/10
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95:
96:
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RPSWARM-TEST.f

2/10

10/13/2006 8:10:33 PM

WRITE(*, *) '4-DIGITS SEED FOR RANDOM NUMBER GENERATION'
READ (*, *) IU
DATA ZERO, ONE,FMIN /0.0D00,1.0D00,1.0E30/

DO I=1,N
DO J=1,M
CALL RANDOM (RAND)
X(I,J)=(RAND-0.5D00)*10

ENDDO
F(I)=1.0E30
ENDDO

DO I=1,N

DO J=1,M

CALL RANDOM (RAND)
V(I,J)=(RAND-.5D+00)

ENDDO

ENDDO
227Z=1.0E+30
ICOUNT=0

DO 100 ITER=1, ITRN

DO I=1,N

DO J=1,M
A(J)=X(I,J)
VI(J)=V(I,J)
ENDDO

CALL LSRCH(A,M,VI,NSTEP,FI)
IF(FI.LT.F(I)) THEN
F(I)=FI

DO IN=1,M

BST (IN)=A(IN)
ENDDO

DO J=1,M
XX(I,J)=A(J)
ENDDO
ENDIF

ENDDO

DO I=1,N

BEST=1.0E30

DO II=1,NN
CALL RANDOM (RAND)
NF=INT (RAND*N) +1
IF (BEST.GT.F (NF)) THEN
BEST=F (NF)
NFBEST=NF
ENDIF

ENDDO

DO J=1,M
CALL RANDOM (RAND)
V1 (J)=A1*RAND* (XX(I,J)-X(I,J))
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999

100

CAL
V2 (
IF(
V2 (
END

CAL
RND
CAL

V3

V4 (

V(I
END
ENDDO

DO I=1,N
DO J=1,M
RANDS=0.
CALL RAN
IF (DABS (

X(I,J)=X
ENDDO
ENDDO

DO I=1,
IF (F(
FMIN=
II=I
DO J=
BST (J
ENDDO
ENDIF
ENDDO

Z=FMIN

IF (LCOUN
LCOUNT=0
WRITE (*,
WRITE (*,
write(*,
ENDIF

LCOUNT=L
FORMAT (5

CONTINUE
WRITE (*,
END

SUBROUTI
IMPLICIT
COMMON /
COMMON /
INTEGER
DIMENSIO
AMN=1.0E
DO J=1,N

DO JJ

B(JJ)

ENDDO

1. RANDOM (RAND)

J)=V(I,J)

F (NFBEST) .LT.F(I)) THEN

J) =A2*W*RAND* (XX (NFBEST, J) -X (I, J))
IF

1. RANDOM (RAND)
1=RAND

1. RANDOM (RAND)

(J) =A3*RAND*W*RND1

J)=W*V(I,J)

,J)= V1(J)+V2(J)+V3(J)+V4 (J)

DO

DOO

DOM (RAND)

RAND-.5D00) .LT.SIGMA) RANDS=RAND-0.5D00
(I,J)+V(I,J)*(1.DO0+RANDS)

N

I).LT.FMIN) THEN

F(I)

1,M

)=XX(II,J)

T.EQ.100) THEN

*) "OPTIMAL SOLUTION UPTO THIS'

*)'X = ', (BST(J),J=1,M),"' MIN F = ',FMIN
*)'No. of function calls = ',nfcall
COUNT+1

F15.6)

*) "OVER'

NE LSRCH(A,M,VI,NSTEP,FI)

DOUBLE PRECISION (A-H,O0-Z)
KFF/KF,nfcall
RNDM/1IU, IV
IU, 1V
N A(*),B(100),VI(*)
30
STEP
=1,M
=A(JJ)+ (J-NSTEP/2-1) *VI (JJ)
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CALL FUNC(B,M,FI)
IF(FI.LT.AMN) THEN
AMN=FTI
DO JJ=1,M
A(JJ)=B(JJ)
ENDDO
ENDIF

ENDDO

FI=AMN

RETURN

END

SUBROUTINE RANDOM (RAND1)
DOUBLE PRECISION RANDI1
COMMON /RNDM/IU, IV

INTEGER IU, IV
RAND=REAL (RAND1)
IV=IU*65539
IF(IV.LT.0) THEN
IV=IV+2147483647+1
ENDIF
RAND=IV
IU=1V
RAND=RAND*0.4656613E-09
RAND1=DBLE (RAND)

RETURN
END

SUBROUTINE FUNC (X,M,F)
IMPLICIT DOUBLE PRECISION (A-H,0-2)
COMMON /RNDM/IU, IV
COMMON /KFF/KF,nfcall
INTEGER IU, IV
DIMENSION X (*),Y(100)
PI=4.D+00*DATAN(1.D+00)
nfcall=nfcall+1l
IF (KF.EQ.1l) THEN

F=-3803.84-138.08*X(1)-232.92*X(2)+128.08*X (1) **2+203.64*X (2)**2+

& 182.25*X (1) *X(2)
RETURN

ENDIF

IF (KF.EQ.2) THEN

F=0.D0O0

DO I=1,M-1

F=F+ (100.DO0* (X (I+1)-X(I)**2)**2 +
ENDDO

RETURN

ENDIF

IF (KF.EQ.3) THEN

F1=0.0D+00
F2=0.0D+00
DO I=1,5
F1=F1+ (I*DCOS((I-1)*X(1)+I))
F2=F2+ (I*DCOS ((I+1)*X(2)+I))
ENDDO
F3=(X(1)+1.42513D+00) **2
F4=(X(2)+0.80032D+00) **2
F=(F1*F2) + (F3+F4)
RETURN
ENDIF
IF (KF.EQ.4) THEN

DO I=1,3
Y(I)=1.D+00+(X(I)-1.D+00)/4.D+00
END DO

(X(I)-1.D00)**2)
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1

F1=DSIN(PI*Y(1))**2
F3=(Y(3)-1.D+00) **2
F2=0.D+00
DO I=1,2
F2=F2+ ((Y(I)=1.D+00)**2)*(1.D+00+10.D+00* (DSIN (PI*Y (I+1)))**2)
ENDDO
F=F1+4F2+F3
RETURN
ENDIF
IF (KF.EQ.5) THEN

F=0

DO I=1,M

F=F+ (X (I)**2-10*DCOS (2*PI*X(I))+10)
ENDDO

RETURN

ENDIF

IF (KF.EQ.6) THEN

F= (X(1)**2+X(2)-11)**2+ (X(1)+X(2)**2-7)**2
RETURN

ENDIF

IF (KF.EQ.7) THEN

F= (X(1)**24X(2)-11)**2+ (X (1) +X(2)**2=7) **2+0.1D00* ((X(1)=-3) **2 +
(X(2)=-2)**2)

RETURN

ENDIF

IF (KF.EQ.8) THEN

F1=0.D00

F2=1.0D00

DO I=1,M

F1=F1+X (I)**2

FI=DFLOAT (I)
F2=F2*DCOS (X (I)/DSQRT (FI))
ENDDO
F=F1/4000.D00-F2+1.0D00
RETURN

ENDIF

IF (KF.EQ.9) THEN

F=-DCOS (X (1)) *DCOS (X (2))*DEXP (- (X (1)-PI)**2 —(X(2)-PI)**2)
RETURN
ENDIF

IF(KF.EQ.10) THEN

F=20.D0O0+DEXP (1.D00)

F1=0.D0O

F2=0.D00
DO I=1,M
FI=F1+X(I)**2
F2=F2+DCOS (2*PI*X (1))
ENDDO

F1=-20*DEXP (-0.2D00*DSQRT (F1/M) )

F2=-DEXP (F2/M)

F=F+F1+F2

RETURN

ENDIF

IF(KF.EQ.11) THEN

F1=(1.5D00-X(1)+X(1)*X(2))**2
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336: F2=(2.25D00-X (1) +X (1) *X(2)**2)**2
337: F3=(2.625D00-X(1)+X (1) *X(2)**3)**2
338: F=F1+4F2+F3

339:

340: RETURN

341: ENDIF

342: IF(KF.EQ.12) THEN

343:

344:

345: MM="7

346: C1=9.D00

347: C2=0.1D00

348:

349: F=0.D0O0

350: DO I=1,MM

351: D= C1*(1.D00-C2**1I)

352: F=F+ (D-X(1)+X (1) *X(2) **I)**2

353: ENDDO

354: RETURN

355: ENDIF

356:

357: IF(KF.EQ.13) THEN

358:

359: F=(X(1)+2*X(2)-=7.0D00) **2+ (2*X (1) +X(2)-5.0D00) **2
360: RETURN

361: ENDIF

362:

363: IF (KF.EQ.14) THEN

364:

365:

366:

367:

368: MP=10

369:

370: F=0.D0O0

371: F1=0.D0O

372: DO I=1,M

373: F=F-DSIN(X(I))* (DSIN(I*X(I)**2/PI))** (2*MP)
374: IF(X(I).LT.0.D00 .OR. X(I).GT.PI) Fl=F1 + F**2 + X(I)**2
375: ENDDO

376: IF(F1.GT.0) F=F1

377: RETURN

378: ENDIF

379:

380: IF(KF.EQ.15) THEN

381:

382: F=0.D0O0

383: F1=0.D0O

384: DO I=1,M

385: F=F+ X (I)*DSIN(DSQRT(DABS(X(I))))
386: IF (DABS (X (I)).GT.500) F1=(500.D00+DABS(X(I)))**2
387: ENDDO

388: F=418.9829D00*M - F

389: IF(F1.GT.0.D00) F=F1

390: RETURN

391: ENDIF

392:

393: IF(KF.EQ.16) THEN

394:

395: F1=0.D0O

396: F2=0.D0O0

397: FP=0.D0O0

398: DO I=1,5

399: F1=F1+I*DCOS((I+1.D00)*X(1)+1I)
400: F2=F2+I*DCOS((I+1.D00)*X(2)+1I)
401 : ENDDO

402: F=F1*F2
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&

DO I=1,M

IF (DABS (X (I)).GT.10.D00) FP=FP+X(I)**2
ENDDO

IF (FP.GT.0) F=FP

RETURN

ENDIF

IF(KF.EQ.17) THEN

F=4*X(1)**2 — 2.1D00*X(1)**4 + (X(1)**6)/3.D00 + X(1)*X(2) -
4*X(2)**2 + 4*X(2)**4

RETURN

ENDIF

IF (KF.EQ.18) THEN

F=0.26D00*(X(1)**2 + X(2)**2) - 0.48D00*X(1)*X(2)
RETURN
ENDIF

IF (KF.EQ.19) THEN

F=0.D0O0

DO I=2, M

F=F + I*(2*X(I)**2-X(I-1))**2
ENDDO

F=F+(X(1)-1.D00)**2

RETURN

ENDIF

IF (KF.EQ.20) THEN

F1=0.D00
F2=0.D00

DO I=1, M

F1=F1+ (X(I)-1.D00) **2
ENDDO

DO I=2, M
F2=F2+X (I)*X(I-1)
ENDDO

F=F1-F2

RETURN

ENDIF

IF (KF.EQ.21) THEN

F1=0.D00

F2=0.D00

DO I=1, M

Fl=F1+ X(I)**2

F2=F2 + I*X(I)/2.D00
ENDDO
F=F1+F2**2+F2**4
RETURN

ENDIF

IF (KF.EQ.22) THEN
F=-DCOS (X (1)) *DCOS (X (2))*DEXP (- (X (1) **2 + X(2)**2)**2/4.D00)
RETURN
ENDIF
IF (KF.EQ.23) THEN
F1=0.0D+00

F2=0.0D+00
FP=0.D00
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470 DO I=1,5

471 F1=F1+(I*DCOS((I-1)*X(1)+I))
472 F2=F2+ (I*DCOS ((I+1)*X(2)+I))
473: ENDDO

474 F=F1*F2

475: DO I=1,M

476 IF (DABS(X(I)).GT.10.D00) FP=FP+X(I)**2
477 ENDDO

478: IF(FP.GT.0.D00) F=FP

479: RETURN

480: ENDIF

481 :

482: IF (KF.EQ.24) THEN

483:

484: DATA AX,BX,KMAX/0.5D00,3.D00,20/
485: £1=0.D00

486 : £2=0.D00

487: fp=0.D00

488: NVIO=0

489: DO I=1,M

490: IF (DABS(X(I)).GT.0.5D00) NVIO=1
491: ENDDO

492: IF (NVIO.NE.1) THEN

493: DO I=1,M

494 : 5=0.D00

495: DO KK=1,KMAX+1

496 : K=KK-1

497: S=S+ (AX**K*DCOS (2*PI*BX**K* (X (I)+0.5D00)))
498: ENDDO

499: F1=F1+S

500: ENDDO

501:

502: DO KK=1,KMAX+1

503: K=KK-1

504: F2=F2+ (AX**K*DCOS (2*PI*BX**K*0.5D00) )
505: ENDDO

506: F=F1-M*F2

507: RETURN

508: ELSE

509:

510: DO I=1,M

511: FP=FP+DEXP (DABS (X (I)))

512: ENDDO

513: F=FP

514: RETURN

515: ENDIF

516: ENDIF

517:

518: IF (KF.EQ.25) THEN

519:

520: DATA NR /8/

521:

522: CALL SHEKEL (M,NR, X, F)

523: RETURN

524: ENDIF

525:

526: IF (KF.EQ.26) THEN

527:

528: F1=0.D00

529: F2=1.D00

530: FP=0.DO0O0

531: DO I=1,M

532: F1l=F1+ DLOG(X(I)-2.D00)**2+DLOG(10.D00-X(I))**2
533: F2=F2*X(I)

534: IF(X(I).GE.10.D00 .OR. X(I).LE. 2.D00) FP=FP+ X(I)**2
535: ENDDO

536: F=F1-F2**0.2
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537: IF(FP.GT.0.D00)F=FP

538: RETURN

539: ENDIF

540:

541: IF (KF.EQ.27) THEN

542:

543: F=(1.D00-2*X(2)+DSIN(4*PI*X(2))/2.D00-X(1))**2+(X(2)—
544: & DSIN(2*PI*X(1))/2.D00)**2

545: FP=0.DO0O0

546: DO I=1,M

547: IF (DABS (X (I)).GT.10.D00) FP=FP+X(I)**2

548: ENDDO

549: IF (FP.GT.0.D00) F=FP

550: RETURN

551: ENDIF

552: IF (KF.EQ.28) THEN

553:

554: F=(X(2)-5.D00*X (1) **2/ (4*PI**2)+5*X (1) /PI-6.D00)**2 +
555: & 10*(1.D00-1.D00/ (8*PI))*DCOS(X(1))+10.D00

556: RETURN

557: ENDIF

558:

559: IF (KF.EQ.29) THEN

560:

561: F=0.D00

562: FP=0.D0O0

563: IF (DABS (X (1)) .GT.10.D00) FP=FP+DEXP (DABS (X (1)))
564: DO I=2,M

565: F=F+DCOS( DABS(X(I)-X(I-1)) / DABS(X(I-1)+ (1)) )
566: IF (DABS (X (I)).GT.10.D00) FP=FP+DEXP (DABS (X (I)))
567: ENDDO

568: F=F+ (M-1.D00)

569:

570: F=F+0.001*X (1)

571: IF(FP.GT.0.D00) F=FP

572: RETURN

573: ENDIF

574:

575: IF (KF.EQ.30) THEN

576:

577: F=X(1)**2+42*X (2)**2-0.3D00*DCOS (3*PI*X(1))-0.4D00*DCOS (4*PI*X (2))
578: & +0.7D00

579: RETURN

580: ENDIF

581:

582: IF (KF.EQ.31) THEN

583:

584: F=X(1)**2+42*X (2)**2-0.3D00*DCOS (3*PI*X (1)) *DCOS (4*PI*X(2))+0.3D00
585: RETURN

586: ENDIF

587:

588: IF (KF.EQ.32) THEN

589:

590: F=X(1)**2+42*X (2)**2-0.3D00*DCOS (3*PI*X (1) +4*PI*X(2))+0.3D00
591: RETURN

592: ENDIF

593:

594: WRITE (*, *) '"FUNCTION NOT DEFINED. PROGRAM ABORTED'
595: STOP

596: END

597:

598: SUBROUTINE SHEKEL (M,NR, X, F)

599:

600: PARAMETER (NROW=10, NCOL=4)

601: IMPLICIT DOUBLE PRECISION (A-H, 0-%)

602: DIMENSION A (NROW,NCOL),C (NROW) , X (*)

603: DATA ((A(I,J),J=1,NCOL),I=1,NROW) /4. ,4.,4.,1.,1.,1.,1.,8.,8.,
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&
&

&

8.,8.,6.,6.,6.,6.,3.,7.,3.,7.,2.,9.,2.,9.,5.,5.,3.,3.,8.,1.,8.
1.,6.,2.,6.,2.,7.,3.6D00,7.,3.6D00/
DATA (C(I),I=1,NROW)/0.1D00,0.2D00,0.2D00,0.4D00,0.4D00,0.6D00,
0.3D00,0.7D00,0.5D00,0.5D00/
F=0.D00
DO I=1,NR
$=0.D00
DO J=1,M
S=S+ (X(J)-A(I,JT))**2
ENDDO
F=F-1.D00/ (S+C(I))
ENDDO
RETURN
END

’
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