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l. Introduction: In this paper we introduce some new multi-modal test functions to
assess the performancd global optimization methods. These functions have been
selected partly because several of them are aesthetippialang and partly because a
few of them are really difficult to optimize. We also proposegbmize some important
benchmark functions already in vogue. Each function has been graphicabytec to
appreciate its geometrical appearance. To optimize these funei®rsve used the
Repulsive Particle Swarm (RPS) method, with wider local bkeaabilities and
randomized neighbourhood topology.

ll. The Particle Swarm Method of Global Optimization: This method is an instance of
successful application of the philosophy of SimorB®unded rationality and
decentralized decision-making to solve the global optimization problm®n, 1982;
Bauer, 2002; Fleischer, 2005). As it is well known, the problems of tleteage of
global order, its integrity, stability, efficiency, etc. have bkemy standing. The laws of
development of institutions have been sought in this order. Newton, Hobbes, Adam
Smith and Locke visualized the global system arising out of individa@bns. In
particular, Adam smith (1759) postulated the roleneisible handin establishing the
harmony that led to the said global order. The neo-classical ecos@ppdted the tools
of equilibrium analysis to show how this grand synthesis and ordstablished while
each individual is selfish. The postulate of perfect competitionfelat be a necessary
one in demonstrating that. Yet, Alfred Marshall limited himselfpartial equilibrium
analysis and, thus, indirectly allowed for the roleimfisible hand (while general
equilibrium economists hoped that the establishment of order can bénegpty their
approach). Thorstein Veblen (1899) never believed in the mechanistic mepleaded
for economics as an evolutionary science. F. A. Hayek (1944) believedsimilar
philosophy and believed that locally optimal decisions give rise tglti®l order and
efficiency. Later, Herbert Simon (1982) postulated th@uhded rationality hypothesis
and argued that the hypothesis of perfect competition is not necéssarplaining the
emergent harmony and order at the global level. Elsewhere, |. Pregdd984)
demonstrated how the global ‘order’ emerges from chaos at the local level.

It is observed that a swarm of birds or insects or a schoolloséarches for
food, protection, etc. in a very typical manner (Sumper, 2006). If one of¢h#ers of
the swarm sees a desirable path to go, the rest of the swhrollaw quickly. Every
member of the swarm searches for the best in its localigams from its own
experience. Additionally, each member learns from the others, ftypicam the best
performer among them. The Particle Swarm method of optimizatianicsii this
behaviour (see Wikipediahttp://enwikipedia.org/wiki/Particle swarm_optimizatior).
Every individual of the swarm is considered as a particle in #diménsional space that
has a position and a velocity. These patrticles fly through hypergpaceemember the



best position that they have seen. Members of a swarm commurocategsitions to
each other and adjust their own position and velocity based on these goashgosit
There are two main ways this communication is done: (i) “swaest” that is known to
all (ii) “local bests” are known in neighborhoods of particles. Updatiegposition and
velocity is done at each iteration as follows:

Vi =+ GR(X - X+ Gu(%- X

X=X +tVa
where,
xis the position and is the velocity of the individual particle. Thebseriptsi
andi +1stand for the recent and the next (future) iterstjoespectively.
w is the inertial constant. Good values are usuétiptly less than 1.
¢, and ¢, are constants that say how much the particlerectdid towards good
positions. Good values are usually right around 1.
r, andr, are random values in the range [0,1].

Xis the best that the particle has seen.
X,is the global best seen by the swarm. This caneptaced byx , the local

best, if neighborhoods are being used.

The Particle Swarm method (Eberhart and Kenned95)1®as many variants.
The Repulsive Particle Swarm (RPS) method of opttmn (see Wikipedia,
http:/fen.wikipedia.org/wiki/RPSY) one of such variants, is particularly effectiire
finding out the global optimum in very complex ssaspaces (although it may be slower
on certain types of optimization problems). Othariants use a dynamic scheme (Liang
and Suganthan, 2005; Huang et al., 2006).

In the traditional RPS the future velocity,, of a particle at position with a recent
velocity, Vi, and the position of the particle are calculatgd b

Vi, SN +arn(X - x)+wb(% - xr wgrz

X =% +Ya

where,
xis the position and is the velocity of the individual particle. Thebseriptsi
andi +1stand for the recent and the next (future) itersjoespectively.
r, r,r, are random numbers, 0,1]
w is inertia weight][ 0.01,0.7]
X is the best position of a particle
X, 1S best position of a randomly chosen other parfrom within the swarm
z is a random velocity vector
a, b, g are constants

Occasionally, when the process is caught in a lopimum, some perturbation
of v may be needed. We have modified the traditi&RS method by endowing stronger



(wider) local search ability to each particle am@ theighbourhood topology to each
particle is randomized.

lll. The New Test Functions We used RPS method for a fairly large number of
established test problems (Mishra, 2006 (c) repavtsut 30 benchmark functions). Here
we introduce the new functions and the resultsinbthby the RPS program (appended).
These new functions are as follows.

1. Test tube holder function (a) This multi-modal function is defined as followa/e
obtainx  -10.872%in the domaix T { 10, 10],+ 1,z

f(x)=- 4‘8"’1()(1 ) COSQ(2 )@05((><12+X22 )/200)

2. Test tube holder function (b) This multi-modal function is defined as followsa/e
obtainx -10.872%in the domaix T { 9.5, 9.4], %,- [ 10.9, 10.€.

f(x)=- 4‘8"’1()(1 ) cosk, )@03(0&2+x§ )1200)|

3. Holder table function: This ‘tabular holder’ function has multiple logalinima with
four global minima atf (x) 26.92. This function is given as:

f(x)=- \cos(xl )cosg, )& x%f“w\

4. Carrom table function: This function has multiple local minima with foutobal
minima at f(x) 24.156815' in the search domairnx1{ 10, 10],¥ 1,z This
function is given as:

f(x)=- {(:os(xl)cos«2 )Ei[(xf”g’o's]”"}2 /3

5. Cross in tray function This function has multiple local minima with tlgobal
minima at f(x) -2.0626121¢ in the search domairx 1 { 10, 10],% 1,z This

function is given as:

2, 2105 01
f(x) =-0.0001| sin )sing, ém“xl el 4

6. Crowned cross function This function is the negative form of the crosstray
function. It has f(X') 0 in the search domaim 1 { 10, 10],# 1,2 It is a difficult

function to optimize. The minimal value obtained by is approximately 0.1. This
function is given as:

2, 42105 0.1
(x) =0.0001 | sing )sing, ™ 7 1 1

7. Cross function This is a multi-modal function wittf (x') 0. Itis given as



éloo 06+ %8)°*1/p]

-0.1
+1

(9= [sing)sinGs)

8. Cross-leg table function This function is the negative form of the crosedtion and
may also be called the ‘inverted cross’ functidgrhds f (x') -1 in the search domain
x1{ 10, 10],# 1,2 It is a difficult function to optimize. We havailed to optimize

this function. This function is given as:
-0.1

f(0=- [sin(y)sing, )& " P4 1

9. Pen holder function This is a multi-modal function withf (X') -0.96354 in the
search domain;jx [-11, 11) given as

-1

f(x)=-exp- ‘coség Jcosg, § D)

10. Bird function: This is a bi-modal function withf (xX') -106.76453 in the search
domainx 1 { 2p, 20]; # 1,2 given as

£ (x) =sin(x )&= %71+ cos(x, )d* %1+ (x- x§
11. Modified Schaffer function #1 In the search domainx, x,1{ 100, 100 this
function is defined as follows and hds,, (0, 0)= 0.
sin® (X’ + x2)- 0.5

f(x) = o.5+[1+0_001(x12 F

12. Modified Schaffer function #2 In the search domainx, x,1{ 100, 100 this
function is defined as follows and hds, (0, 0)= 0.
f() =05+ 3M - %) 0.5
[1+0.001¢ + 5 )f
13. Modified Schaffer function #3 In the search domainx, x,1 { 100, 100 this
function is defined as follows and hds, (0, 1.253115F 0.001566¢.

sin? cos|x12- x22| - 0.f
[1+0.001¢ + x5 )f
14. Modified Schaffer function #4 In the search domairx, x,I { 100, 100 this
function is defined as follows and hds,, (0, 1.253132F 0.2925:.
cos sin|xf- x22| - 0.f
[1+0.001¢ + x5 )f

f(X)=0.5+

f(X)=0.5+

V. Some Well-Established Benchmark FunctionsAs mentioned earlier, we have also
tested the RPS in searching the optimum pointsoofies well-established functions.
These functions are:



1. Hougen function Hougen function is typical complex test farx, | x» | x3 | rate
classical non-linear regression problems. The Hodatson | 470 | 300 | 10| 8.55

model for reaction kinetics is an example of -tinear | 2851 80| 10 3.79
odel for reactio etics is an example of sudn-inear | 228-—2<—> —=>

regression problem. The form of the model is 270 | 80 1120 | 0.02
rate = bx, - X3/ b 470 | 80| 10| 2.75
1+ b2X1 + b3x2 + b4x3 100 190 10 14.39

100 | 80| 65| 254
where the betas are the unknown parametergx, x, x) are a70 190 | 65 | 435

the explanatory variables and ‘rate’ is the depahdariable. The [ 100 | 300 | 54 | 13.00
parameters are estimated via the least squaresianit That is, (0020020020
the parameters are such that the sum of the squliffecences g5 300 I 10 [ 11.32
between the observed responses and their fittacesalf rate is| 285 [ 190 [ 120 | 3.13
minimized. The input data given alongside are used.

Best results are obtained by the Rosenbrock-Quesitdh method:
b, =1.253031; b, =1.190943; b, =0.062798; b, =0.040063; b, =0.112453. The sum

of squares of deviations {Sis = 0.298900994 and the coefficient of correfatiR)
between observed rate and expected rate is =0.99B4& second best results are
obtained by Hooke-Jeeves-Quasi-Newton method with 8.318593458. Most of the
other methods do not perform well.

The Particle Swarm method too does not ordinaelfggrm well in estimating the
betas of the Hougen function. However, wiglf= a3) = 0.0005 andv=0.05, run for

50,000 iterations we obtaind, =1.5575204; b, =0.0781010629; b, =0.050866667;

b, =0.138796292; b, =0.955739322. The sum of squares of deviatiord (S =

0.301933528. A comparison of Rosenbrock-Quasi-Newtesults with these (RPS)
results indicates that the betas exhibit very higbgree of instability in the
neighbourhood of the minimafS

2. Egg holder function This function is in m n3 2) variables and given as:

f(x)=ril(-(>g+l+ anysing[x.* x /2= 47 ¥ sinf[x- &+ 47{)-)(%))-; M2 & 512 12.n

We obtainf_. (512, 404.2319) 959.t. Itis a difficult function to optimize.

min

3. Sine envelope sine wave functioihe function, also referred as the Schaffer fiomct
(m=2), is given as:

m1 Sin® X%, +x* - 0.5
+
2 (0.004x, +x°) + 1

It is a difficult problem to optimize. For higheintensions it gives repeating
couplets of optimal values of , except their sign.

f(x)=

0.5 ; -10&E x£ 100;i= 1,2,.m



4. Chichinadze function In the search domairx, x,1{ 30, 30] this function is
defined as follows and haf,;,(5.90133, 0.5F - 43.31%.

f(x)=-12x+ 1% 10cosfx /2) 8singdx -) (1/%)e5t 05F

5. McCormick function: In the search domaim 1 { 1.5, 4],4,- [ 3, 4] this function
is defined as follows and hdg,, (- 0.54719,- 1.54718) 1.91.

f(X) =sin(x + %)+ (X - xY- 1.5% 2.5% .
6. Levy function (#13) In the search domair, x,1 { 10, 10] this function is defined
as follows and had, (1, 1)= 0.

f(x)=sin® (3% )+ (4 - 1P [ sif @ % )} (k- @ sid @x% )
7. Three-humps camel back function In the search domairx, x,1{ 5, 5] this
function is defined as follows and hds,, (0, 0)= 0.
f(x)=2x - 1.05¢+ X /6 xx+ X.
8. Zettle function: In the search domairx, x,1{ 5, 5] this function is defined as
follows and hasf . (- 0.0299, 0¥ - 0.0037¢<.
f(X)=(X +x - 2%)*+ 0.25%

9. Styblinski-Tang function: In the search domair, x,1{ 5, 5] this function is
defined as follows and haf,,(- 2.903534 2.903534) 78.3.

min

2
f(9=3  (f-165+ 5%).
i=1
10. Bukin functions Bukin functions are almost fractal (with fine sae edges) in the
surroundings of their minimal points. Due to thisgerty, they are extremely difficult to
optimize by any method of global (or local) optiedibn. In the search domain

x1{ 15; 5],k- [ 3, 3]these functions are defined as follows.
f, =100 + 0.04x + 1f ; f,.(-10, OF O

fo(x) =100 x,- 0.0%| + 0.0+ 1 ; f,, (-10, 1 O

11. Leon function In the search domaim, x,1{ 1.2, 1.2] this function is defined as
follows and hasf_. (1, 1)= 0.
f(x)=1000%, - X Y+ (& XY
12. Giunta function: In the search domaix, x,| { 1, 1] this function is defined as
follows and hasf,,,(0.45834282, 0.45834282) 0.0602472.
f()=0.6+ _[sin€x - I sif £x- B L sin(@fx ).
We have obtainedyf, (0.4673199, 0.4673183) = 0.06447.

min

13. Schaffer function In the search domair, x,1 { 100, 100 this function is defined
as follows and hag_. (0, 0)=0.

min



sin® (x2+x2 - 0.5
[1+0.001” +x2)f

f(x)=0.5+

V. FORTRAN Program of RPS We append a program of the Repulsive Particle Swarm
method. The program has run successfully and opddnimost of the functions.
However, the crowned cross function and the creggdd table functions have failed the
program.

VI. Conclusion: Our program of the RPS method has succeededtimiamg most of
the established functions and the newly introdultedttions. The functions (namely -
Giunta, Bukin, cross-legged table, crowned crosstmugen functions in particular) that
have failed the RPS program miserably may be #ittea¢o other methods such as
Simulated Annealing, Genetic algorithms and tumuelinethods. Improved versions of
Particle Swarm method also may be tested.

New Test Functions for Global Optimization
Tabular Holder Function Carrom tahle function
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Some Well-established Benchmark Functions
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RPSWARM-NTEST.f

1/12

8/29/2006 6:38:42 AM

PARAMETE (N=50 ,NMN=25 , M>=100, NSTEF=21, ITRN=5000)

IMPLICIT DOUBLE PRECISION (A-H, C-2)
COMMC / RNDV/ U, IV

COMMC / KFF/ KF

INTEGEF U, IV

DIMENSION X(N, M), V(N, MY), A(M) , VI (M), TIT (50)

DIMENSION XX(N, M), F(N), R(3), VI( M), V2( M), V3( M) , V4( M) , BST( M)
CHARACTE *70 TIT

DAT# Al, A2, A3, W /.5D00 , .5D00 , .0005D00 , .5D00 /

WRITE(*, *) ' '

DAT/ TIT (1) /'KF=1 TEST TUBE HOLDER FUNCTION(A) 2-VARIABLES M=2' /
DAT/ TIT (2)/ 'KF=2 TEST TUBE HOLDER FUNCTION(B) 2-VARIABLES M=2' /
DAT/ TIT (3)/ 'KF=3 HOLDER TABLE FUNCTION 2-VARIABLES M=2" /

DAT/ TIT (4)/ 'KF=4 CARROM TABLE FUNCTION 2-VARIABLES M=2" /

DAT/ TIT (5)/ 'KF=5 CROSS IN TRAY FUNCTION 2-VARIABLES M=2" [

DAT/ TIT (6) / 'KF=6 CROWNED CROSS FUNCTION 2-VARIABLES M=2"/

DATE TIT (7)/ 'KF=7 CROSS FUNCTION 2-VARIABLES M=2" [

DAT/ TIT (8)/ 'KF=8 CROSS-LEGGED TABLE FUNCTION 2-VARIABLES M=2" /
DAT/ TIT (9) / 'KF=9 PEN HOLDER FUNCTION 2-VARIABLES M=2" /

DAT/ TIT (10)/ 'KF=10 BIRD FUNCTION 2-VARIABLES M=2" /

DAT/ TIT (11)/'KF=11 DE JONG SPHERE FUNCTION M-VARIABLE M=?" [/
DAT/ TIT (12)/ 'KF=12 LEON FUNCTION 2-VARIABLE M=2" [

DAT/ TIT (13)/'KF=13 GIUNTA FUNCTION 2-VARIABLE M=2" [

DAT/ TIT (14) / 'KF=14 SCHAFFER FUNCTION 2-VARIABLE M=2" [

DAT/ TIT (15) / 'KF=15 CHICHINADZE FUNCTION 2-VARIABLE M=2" /

DAT/ TIT (16) / 'KF=16 MCCORMICK FUNCTION 2-VARIABLE M=2" /

DAT/ TIT (17)/'KF=17 LEVY # 13 FUNCTION 2-VARIABLE M=2' /

DAT/ TIT (18)/ 'KF=18 3-HUMP CAMEL BACK FUNCTION 2-VARIABLE M=2" /
DAT/ TIT (19)/'KF=19 ZETTLE FUNCTION 2-VARIABLE M=2" [

DAT/ TIT (20) / 'KF=20 STYBLINSKI-TANG FUNCTION 2-VARIABLE M=2' /

DAT/ TIT (21)/ 'KF=21 BUKIN-4 FUNCTION 2-VARIABLE M=2' /

DAT/ TIT (22) / 'KF=22 BUKIN-6 FUNCTION 2-VARIABLE M=2' /

DAT/ TIT (23) / 'KF=23 HOUGEN REGRESSION FUNCTION 5-VARIABLE M=5" /
DATE TIT (24) / 'KF=24 SINE ENVELOPE SINE WAVE FUNCTION M=?" /
DAT/ TIT (25) / 'KF=25 EGG-HOLDER FUNCTION M=?" [

DAT/ TIT (26) / 'KF=26 MODIFIED SCHAFFER FUNCTION #1 2-VARIABLE M=2"'
DAT/ TIT (27) / 'KF=27 MODIFIED SCHAFFER FUNCTION #2 2-VARIABLE M=2'
DAT/ TIT (28) / 'KF=28 MODIFIED SCHAFFER FUNCTION #3 2-VARIABLE M=2"
DAT/ TIT (29) / 'KF=29 MODIFIED SCHAFFER FUNCTION #4 2-VARIABLE M=2'
DAT/ TIT (30) / 'KF=30 QUARTIC(+NOISE) FUNCTION M-VARIABLE M=?" [/

DC | =1, 30

WRITE(*, *) TIT (1)

ENDDO

WRITE(*, *) ' '
WRITE( *, *) 'CHOOSE KF AND SPECIFY M'
REAL(*,*) KF, M

DSIGN=1.D00

LCOUN=0

~— — —
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RPSWARM-NTEST.f

2/12

8/29/2006 6:38:42 AM

WRITE( *, *) '4-DIGITS SEED FOR RANDOM NUMBER GENERATION
REAL(*, *) " IU
DAT/ ZERC, ONE, FMIN /0.0D00 , 1.0D00 , 1.0E30 /

DC I=1,N
DC J=1, M
CALL RANDO( RANI)
X(1, J) =( RANI- 0.5D00 ) * 10

ENDDO
F(1)=1.0E30
ENDDO

DC I=1,N
DC J=1, M

CALL RANDO( RANI)
V(1, J) =( RANI- .5D+00 )

ENDDO

ENDDO

277=1.0E+30
ICOUNT=0

DC 100 ITER=1, ITRN

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

CALL LSRCHA, N, VI, NSTEF, FI)
IF (FI.LT. F(1)) THEN
F(1)=F

DC IN=1, M

BST(IN) =A(IN)

ENDDO

DC J=1, M

XX(1, 3) =A(J)

ENDDO

ENDIF
ENDDO

DC I =1, N

BEST=1.0E30
DC Il =1, NN
CALL RANDO( RANI)
NF=INT ( RANI*N) +1
IF (BEST.GT. F(NF)) THEN
BEST=F( NF)
NFBES=NF
ENDIF
ENDDO

DC J=1, M
CALL RANDO( RANI)
VI(J) =A1* RANI* (XX( 1, J) - X(1, J))

2/12
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999

100

CALL RANDO( RANI)
v2(J)=V(1, J)
IF (F(NFBES) .LT. F(1)) THEN

V2( J) =A2* W RANI* ( XX( NFBES", J) - X(1, J))

ENDIF

CALL RANDO( RANI)
RND:=RAND

CALL RANDO( RANI)
V3(J) =A3* RANI* W RND1

VA(J) =W V(1 J)

V(1,3)= V1(J)+V2(J) +V3(J) +V4(J)
ENDDO
ENDDO

DC I=1,N
DC J=1, M

X(1, 3)=X(1,3)+V(1,d)
ENDDO

ENDDO

DC I=1,N
IF (F(1).LT. FMIN) THEN
FMIN=F(1)

I =l
DC J=1, M
BST(J) =xX(Il , J)
ENDDO
ENDIF
ENDDO
Z=FMIN
IF (LCOUN.EQ. 100) THEN

LCOUN=0

WRITE( *, *) 'OPTIMAL SOLUTION UPTO THIS'
WRITE(*, *)'X=",(BST(J),J=1, M), MINF ="

ENDIF

FORMA( 5F15.6 )
LCOUN=LCOUN+1

CONTINUE

WRITE(*, *) 'OVER:" , TIT (KF)
END

SUBROUTINI LSRCH A, N, VI, NSTEF, FI )
IMPLICIT DOUBLE PRECISION (A-H, C-2)
COMMC / KFF/ KF
COMMC / RNDV IU, IV
INTEGEF U, IV
DIMENSION A(*), B(100), VI (*)
AMI=1.0E30
DC J=1, NSTEP

DC JJ=1, M

B(JJ) =A(JJ) +(J- NSTEH 2- 1) *VI (JJ)

ENDDO
CALL FUN((B, N, FI)

IF (FI.LT. AMY) THEN

AMI=FI

DC JJ=1, M

A(JJ) =B(JJ)

ENDDO

ENDIF
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202: ENDDO

203: FI =AMN

204: RETURN

205: END

206:

207: SUBROUTINI RANDO( RAND)

208: DOUBLE PRECISION RAND1

209: COMMC / RNDI/ U, IV

210: INTEGEF U, IV

211: RANI=REAL( RAND)

212: IV =IU * 65539

213: IF(IV.LT. 0) THEN

214: IV =IV +2147483647 +1

215: ENDIF

216: RANI=IV

217: u=Iv

218: RANI=RANI* 0.4656613E-09

219: RAND:=DBLE( RANTI)

220: RETURN

221: END

222:

223: SUBROUTINI FUN(( X, N, F)

224:

225: IMPLICIT DOUBLE PRECISION (A-H, C-2)
226: COMMC / RNDI/ U, IV

227: COMMC / KFF/ KF

228: INTEGEF U, IV

229: DIMENSION X(*)

230: Pl =4.D+00 * DATAN 1.D+00 )

231:

232: IF (KF.EQ. 1) THEN

233:

234: FP=0.D00

235:

236: F=0.D00

237: if (x(1).t -10.d00 .or. x(1).gt. 10.d00 ) fp =fp +x(1)**2
238: if (x(2).t -10.d00 .or. x(2).gt. 10.d00 ) fp =fp +x(1)**2
239: IF (FP.GT. 0.D00) THEN

240: f=FP

241: ELSE

242: f =-4*dabs (dsin (X(1))*dcos (x(2))*dexp(dabs (dcos ((X(1)**2+x(2)**2)/
243: & 200))))

244: ENDIF

245: RETURN

246: ENDIF

247:

248: IF (KF.EQ. 2) THEN

249:

250: FP=0.D00

251: F=0.D00

252: if (x(1).t. -9.5d00 .or. x(1).gt. 9.4d00 ) fp =fp +x(1)**2
253: if (x(2).t -10.9d00 .or. x(2).gt. 10.9d00 ) fp =fp +x(1)**2
254: IF (FP.GT. 0.D00) THEN

255: F=FP

256: ELSE

257: f =-4*dabs (dsin (X(1))*dcos (x(2))*dexp (dabs (dcos ((X(1)**2+x(2)**2)/
258: & 200))))

259: ENDIF

260: RETURN

261: ENDIF

262:

263: IF (KF.EQ. 3) THEN

264:

265: FP=0.D00

266:

267: F=0.D00

268: DC I=1,M
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IF ( DABS(X(1)).GT. 10.D00 ) FP=FP+X(l)**2
ENDDO

IF (FP.GT. 0.D00) THEN
F=FP
ELSE
f =- dabs (dcos ( X( 1)) *dcos (x(2)) *dexp (dabs (1.dO0 - (dsqgrt (X(1)**2+
& x(2)**2)/pi))))
ENDIF
RETURN
ENDIF

IF (KF.EQ. 4) THEN
FP=0.D00

F=0.D00
DC I=1,M
IF( DABS(X(1)).GT. 10.D00) FP=FP+X(1)**2
ENDDO
IF (FP.GT. 0.D00) THEN
F=FP
ELSE
f=-1.d00 /30*(dcos (X(1))*dcos (x(2))*dexp (dabs (1.d00 -
& (dsgrt (X(1)**2 + x(2)**2)/pi))))**2
ENDIF
RETURN
ENDIF

IF (KF.EQ. 5) THEN
FP=0.D00

F=0.D00
DC I=1,M
IF( DABS(X(1)).GT. 10.d00 ) FP=FP+X(1)**2
ENDDO
IF (FP.GT. 0.D00) THEN
F=FP
ELSE
f =-0.0001d00 *(dabs (dsin (X(1))*dsin (x(2))*dexp (dabs(100.d00 - (dsqrt
& (X(L)**2+x(2)**2)/pi))))+1.d00 )**(.1)
ENDIF
RETURN
ENDIF

IF (KF.EQ. 6) THEN
FP=0.D00

F=0.D00
DC 1=1, M
IF ( DABS(X(1)).GT. 10.d00 ) FP=FP+dexp (dabs (X(1)))
ENDDO

IF (FP.GT. 0.D00) THEN
F=FP
ELSE
f =0.0001d00 * (dabs (dsin (X(1))*dsin (x(2))*dexp (dabs(2100.d00 -
& (dsqgrt (X(1)**2+x(2)**2)/pi))))+1.d00 )**(.1)
ENDIF

RETURN
ENDIF

IF (KF.EQ. 7) THEN
FP=0.D00

F=0.D00
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336: DC I=1,M

337:

338: IF( DABS(X(1)).GT. 10.d00 ) FP=FP+X(1)**2
339: ENDDO

340: IF (FP.GT. 0.D00) THEN

341: F=FP

342: ELSE

343: f=(dabs (dsin (X(1))*dsin (x(2))*dexp (dabs(100.d00 - (dsqrt
344: & (X(1)**2+x(2)**2)/pi))))+1.d00 )**(-.1)
345: ENDIF

346: RETURN

347: ENDIF

348:

349: IF (KF.EQ. 8) THEN

350: FP=0.D00

351:

352:

353: F=0.D00

354: DC I=1,M

355:

356: IF( DABS(X(1)).GT. 10.d00 ) FP=FP+X(1)**2
357: ENDDO

358: IF (FP.GT. 0.D00) THEN

359: F=FP

360: ELSE

361: f=-(dabs (dsin (X(1))*dsin (x(2))*dexp(dabs(100.d00 - (dsqrt
362: & (X(1)**2+x(2)**2)/pi))))+1.d00 )**(-.1)
363: ENDIF

364: RETURN

365: ENDIF

366:

367: IF (KF.EQ. 9) THEN

368:

369: FP=0.D00

370:

371: DC I=1,M

372: IF (DABS( X(1)).GT. 11.D00 ) FP=FP+X(1)**2
373: ENDDO

374: IF (FP.GT. 0.D00) THEN

375: F=FP

376: ELSE

377: f =- Dexp( - ( Dabs(Dcos( X( 1)) *Dcos( X(2)) * Dexp( Dabs( 1.DO - ( Dsqrt
378: & (X(1)**2+X(2)**2)/pi))))**(-1)))

379: ENDIF

380: RETURN

381: ENDIF

382:

383: IF (KF.EQ. 10) THEN

384:

385: FP=0.D00

386:

387: DC I=1,M

388: IF (DABS( X(1)).GT. 2*pi ) FP=FP+X(1)**2
389: ENDDO

390: IF (FP.GT. 0.D00) THEN

391: F=FP

392: ELSE

393: f=(dsin (x(1))*dexp((1.d00 -dcos (x(2)))**2) +
394: & dcos (x(2))*dexp ((1.d00 -dsin (x(1)))**2))+(x(1)-x(2))**2
395: ENDIF

396: RETURN

397: ENDIF

398:

399: IF (KF.EQ. 11) THEN

400:

401: F=0.D00

402: DC I=1,M
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F=F+X(1)**2
ENDDO
RETURN
ENDIF

IF (KF.EQ. 12) THEN
FP=0.D00

DC 1=1, M
IF (DABS(X(1)).GT. 1.2d00 ) FP=FP+X(1)**2
ENDDO
IF (FP.GT. 0.D00) THEN
F=FP
ELSE
f=100% (X(2) - X( 1) **2) **24+( 1.d00 -x(1))**2
ENDIF
RETURN
ENDIF

IF (KF.EQ. 13) THEN
FP=0.D00

DC 1=1,M
IF (DABS( X(1)).GT. 1.dO0 ) FP=FP+X(1)**2
ENDDO
IF (FP.GT. 0.D00) THEN
F=FP
ELSE
¢=16.d00 / 15.d00
f=dsin (c*x(1)-1.d0 )+dsin (c*x(1)-1.d0 )**2+dsin (4*(c*x(1)-1.d0))/50+
&dsin (c*x(2)-1.d0 )+dsin (c*x(2)-1.d0 )**2+dsin (4*(c*x(2)-1.d0 ))/50+.6
ENDIF
RETURN
ENDIF

IF (KF.EQ. 14) THEN
FP=0.D00

DC I=1,M
IF (DABS( X(1)).GT. 100.d00 ) FP=FP+X(1)**2
ENDDO
IF (FP.GT. 0.D00) THEN
F=FP
ELSE
fl =dsin (dsqrt (x(1)**2+x(2)**2))**2-0.5d00
f2 =(1.d00 + 0.001 *(x(1)**2 + x(2)**2))**2
f=f1/f2 +0.5d00
ENDIF
RETURN
ENDIF

IF (KF.EQ. 15) THEN
FP=0.D00

DC 1=1, M
IF (DABS(X(1)).GT. 30.d00 ) FP=FP+X(1)**2
ENDDO

IF (FP.GT. 0.D00) THEN

F=FP
ELSE
f=X( 1) **2- 12%X( 1) +11.D00 +10* DCOY PI*X( 1) / 2) +8* DSIN( 5* P1 * X( 1) ) -
& (1/ DSQR(5.D00 ) ) * DEXF( - ( X(2) - 0.5D00 ) ** 2/ 2)
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ENDIF
RETURN
ENDIF

IF (KF.EQ. 16) THEN
FP=0.D00

IF(X(1).LT. -15D00 .OR. X(1) .GT. 4.D00) FP=FP+X(1)**2
IF(X(2).LT. -3D00 .OR. X(2) .GT. 4.D00) FP=FP+X(2)**2
IF (FP.GT. 0.D00) THEN
F=FP
ELSE
f=DSIN(X( 1) +X(2) ) +(X( 1) - X(2) ) **2- 1.5 *X( 1) +2.5 * X( 2) +1.D00
ENDIF
RETURN
ENDIF

IF (KF.EQ. 17) THEN
FP=0.D00

DC 1=1, M
IF (DABS(X(1)).GT. 10.d00 ) FP=FP+X(1)**2
ENDDO
IF (FP.GT. 0.D00) THEN
F=FP
ELSE
f =DSIN(3*PI *X( 1)) **2+( X( 1) - 1.D00 ) ** 2* ( 1.D00 +DSIN( 3* PI *X(2) ) **2) +
& (X(2)-1.D00 ) **2*(1.D00 +DSIN( 2* Pl *X( 2) ) **2)
ENDIF
RETURN
ENDIF

IF (KF.EQ. 18) THEN
FP=0.D00

DC 1=1, M
IF (DABS(X(1)).GT. 5.d00 ) FP=FP+X(1)**2
ENDDO

IF (FP.GT. 0.D00) THEN
F=FP
ELSE
f=2%X(1)**2-1.05 *X( 1) **4+X( 1) **6/ 6 + X(1)*X(2) +X(2)**2
ENDIF
RETURN
ENDIF

IF (KF.EQ. 19) THEN
FP=0.D00

DC 1=1, M
IF (DABS(X(1)).GT. 5.d00 ) FP=FP+X(1)**2
ENDDO

IF (FP.GT. 0.D00) THEN
F=FP
ELSE
f=(X(1)**24X(2) **2-2*X(1)) **2 + 0.25 *X(1)
ENDIF
RETURN
ENDIF

IF (KF.EQ. 20) THEN

FP=0.D00
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536:

537: DC I=1, M

538: IF (DABS(X(1)).GT. 5.d00 ) FP=FP+X(1)**2
539: ENDDO

540: IF (FP.GT. 0.D0O0) THEN

541 F=FP

542: ELSE

543: F=0.D00

544 DC I=1, M

545: f=F+(X(1)**4-16%X(1)**2+5*X(1))

546: ENDDO

547: F=F/ 2

548: ENDIF

549: RETURN

550: ENDIF

551:

552: IF (KF.EQ. 21) THEN

553:

554 FP=0.D00

555:

556: IF(X(1) .LT. -15.D00 .OR. X(1) .GT. -5.D00) FP=FP+X(1)**2
557: IF (DABS(X(2)).GT. 3.D00) FP=FP+X(2)**2
558: IF (FP.GT. 0.D0O0) THEN

559: F=FP

560: ELSE

561: F=100*X(2)**2 + 0.01 *DABS(X(1) +10.D0 )
562: ENDIF

563: RETURN

564 ENDIF

565:

566: IF (KF.EQ. 22) THEN

567:

568: FP=0.D00

569:

570: IF(X(1) .LT. -15.D00 .OR. X(1) .GT. -5.D00) FP=FP+X(1)**2
571: IF (DABS(X(2)).GT. 3.D00) FP=FP+X(2)**2
572:

573: IF (FP.GT. 0.D0O0) THEN

574 F=FP

575: ELSE

576: F=100* DSQR( DABS( X( 2) - 0.01D00 *X( 1) **2) )+ 0.01 * DABS( X( 1) +10.D0 )
577: ENDIF

578: RETURN

579: ENDIF

580:

581: IF (KF.EQ. 23) THEN

582:

583:

584: CALL HOUGE(, X, F)

585: RETURN

586: ENDIF

587:

588: IF (KF.EQ. 24) THEN

589:

590: f =0.d00

501: fp =0.d00

592: f1 =0.d00

593: f2 =0.d00

594: do I=1,m1

595: f1 =dsin (dsqrt (x(1+1)**2+x(i)**2))**2-0.5d00
596: 2 =(0.001d00 * (x( 1 +1) **2+x(i ) **2) +1.d00 ) **2
597: f=f+(f1/f2)+0.5d00

598: enddo

599:

600: do I=1,m

601: if (dabs(x(i)).gt. 100.d00 ) fp =fp +x(i)**2
602: enddo
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603: if (fp.gt. 0.d00 ) f=fp

604: return

605: endif

606:

607: IF (KF.EQ. 25) THEN

608:

609: f =0.d00

610: fp =0.d00

611: do I=1,m1

612: fl =-(x(I+1)+47.d00 )

613: f2 =dsin ( dsqrt ( dabs( x(l+1)+x(i)/2+47.d00 )
614: f3 =dsin ( dsqrt ( dabs( x(i)-(x(1+1)+47.d00 ) ) ))
615: f4 =-x(i)

616: f=f+ f1*f2 +f3 *f4

617: enddo

618: do I=1,m

619: if (dabs(x(i)).gt. 512.d00 ) fp =fp +x(i)**2
620: enddo

621: if (fp.gt. 0.d00 ) f=fp

622: return

623: endif

624:

625: IF (KF.EQ. 26) THEN

626:

627: FP=0.D00

628:

629: DC =1, M

630: IF (DABS(X(1)).GT. 100.d00 ) FP=FP+X(1)**2
631: ENDDO

632: IF (FP.GT. 0.D00) THEN

633: F=FP

634: ELSE

635: fl =dsin (x(1)**2 + x(2)**2)**2-0.5d00
636: f2 =(1.d00 + 0.001 *(x(1)**2 + x(2)**2))**2
637: f=f1/f2 +0.5d00

638: ENDIF

639: RETURN

640: ENDIF

641:

642: IF (KF.EQ. 27) THEN

643:

644: FP=0.D00

645:

646: DC =1, M

647: IF (DABS(X(1)).GT. 100.d00 ) FP=FP+X(1)**2
648: ENDDO

649: IF (FP.GT. 0.D00) THEN

650: F=FP

651: ELSE

652: fl =dsin (x(1)**2 - x(2)**2)**2-0.5d00
653: f2 =(1.d00 + 0.001 *(x(1)**2 + x(2)**2))**2
654: f=f1/f2 +0.5d00

655: ENDIF

656: RETURN

657: ENDIF

658:

659: IF (KF.EQ. 28) THEN

660:

661: FP=0.D00

662:

663: DC =1, M

664: IF (DABS( X(1)).GT. 100.d00 ) FP=FP+X(1)**2
665: ENDDO

666: IF (FP.GT. 0.D00) THEN

667: F=FP

668: ELSE

669: f1 =dsin (dcos ( dabs (x(1)**2 - x(2)**2) ))**2-0.5d00
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670: f2 =(1.d00 + 0.001 *(x(1)**2 + x(2)**2))**2
671: f=f1/f2 +0.5d00

672: ENDIF

673: RETURN

674: ENDIF

675:

676: IF (KF.EQ. 29) THEN

677:

678: FP=0.D00

679:

680: DC I=1,M

681: IF (DABS( X(1)).GT. 100.d00 ) FP=FP+X(1)**2
682: ENDDO

683: IF (FP.GT. 0.D00) THEN

684: F=FP

685: ELSE

686: f1 =dcos (dsin ( dabs (x(1)**2 - x(2)**2) )) **2-0.5d00
687: f2 =(1.d00 + 0.001 *(x(1)**2 + x(2)**2))**2
688: f=f1/f2 +0.5d00

689: ENDIF

690: RETURN

691: ENDIF

692:

693: IF (KF.EQ. 30) THEN

694:

695: f =0.d00

696: FP=0.D00

697: DC I=1,M

698: IF (DABS( X(1)).GT. 4.28D00 ) FP=FP+DEXF DABS(X(1)))
699: ENDDO

700: IF (FP.NE. 0.D00) THEN

701: F=FP

702: RETURN

703: ELSE

704: DC I=1,M

705: CALL RANDO( RANI)

706: F=F+(1*X(1)**4) +RAND

707: ENDDO

708: RETURN

709: ENDIF

710: ENDIF

711:

712: WRITE(*, *) 'FUNCTION NOT DEFINED. PROGRAM ABORTED'
713: STOP

714: END

715:

716: SUBROUTINI HOUGE( M, A, F)

717: PARAMETE( N=13, K=3)

718: IMPLICIT DOUBLE PRECISION (A-H, C-2)

719: DIMENSION X(N, K) , RATE(N) , A(*)

720:

721:

722:

723:

724:

725:

726:

727:

728:

729:

730:

731:

732:

733:

734:

735:

736: data x(1,1),x(1,2),x(1,3),rate (1) /470, 300, 10, 855/
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data
data
data
data
data
data
data
data
data
data
data
data

x(2,1),x(2,2),x(2,3),rate (2)
x(3,1),x(3,2),x(3,3),rate (3)
x(4,1),x(4,2),x(4,3),rate (4)
x(5,1), x(5,2), x(5, 3), rate (5)
x(6, 1), x(6, 2), x(6, 3), rate (6)
x(7,1),x(7,2),x(7,3),rate (7)
x(8,1),x(8,2),x(8,3), rate (8)
x(9,1),x(9,2),x(9,3),rate (9)
x(10, 1), x( 10, 2), x( 10, 3), rate
x(11, 1), x(11, 2), x(11, 3), rate
x(12, 1), x(12, 2),x(12, 3), rate
x(13, 1), x(13, 2), x(13, 3), rate

F=0.D00
fp =0.d00
DC I=1,N
£=1.D00
DC J=1,K

D=

D+A(J+1) *X(1, J)

ENDDO
FX=(A(1)*X(1,2)-X(1,3)/A(N))/D

F=F+(

RATE(1) - FX)**2

ENDDO
do j=1, m

if (dabs(a(j)).gt.

enddo
if (fp

gt. 0.doo ) f=fp

RETURN

END

(
(
(
(

/
/
/
/
/
/
/
/

285, 80, 10, 3.79 /
470, 300, 120, 4.82 /
470, 80, 120, 0.02 /
470, 80, 10, 2.75 /
100, 190, 10, 14.39 /
100, 80, 65, 2.54 /
470, 190, 65, 4.35 /
100, 300, 54, 13/

10) /100, 300, 120,8.5/

1
1
1

1) /100, 80, 120, 0.05
2) /285, 300, 10, 11.3
3) /285,190, 120, 3.1

5.d00 ) fp =fp +dexp (dabs (a(j)))

/
2/
3/
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