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BRI ML REEREE

B ALY, H B ZWE
(LT RZ HEFSEETRHBERT S LEZLBRKELIRE, LT 100022;
2. EWERIL IR, bR 100045; 3. WA EBERARFHRLR, e 250031)

W OB T FREBE IO, AR SR BAE T, WS P B 200 T AR R B A
JBE, AT o ] A R AR IR B, 4R Bt (R T R et 6 MBI R B B E T HA T, R
BAE T AR A FAR AR, T HAEREARI 39 1.

XK. BIEHE,; AN, 2BBEHE
hESHE. TU311.4 XERPRIRE: A XEHS: 0254 - 0037(2006)11 — 0992 - 04

iﬁ%%?ﬁ(evolutionary computation)*ﬁfﬂ HYFE BRI P LS BRI i — &R 2 R
Trik . X T N B R AR AL Y (R R, 00 4T AP i R B B R A AT LUK . AR SR 1 &
FEBMEE S, AN G SREREMLESRLT —HINERIRHE—2RREHE, B TR
% S o R [0 B SR g 2 TR) B 43 A7 R8T AR 8 TSR0

1 ZRREERE

HAET, #EH RS AT HEMENLS S EEEPAFHREREREMEME T ). —2AFN
Nk, 7 I MK E R 2 E M ERAE; “RZIMEMEBMH NG . SRR FERW I £ FH
FEE, &R BEA S T A ME, XA E R B AT S R R BUE T 5, MR BR ] T Sk i AT
R, AR SCHR 2R AR Tk, R 18 R oK ROME T S I e R 4 Y T T RE SR 92 L, D B R,
REBITEE. HEaHN S PMEALR.

1) BEHLIHE = WA TIEE X, (2 =0), ISR IF B # 20 70 190 2% 5000 15 210 477 4 o 38 4 385 17 25 1)

2) SR IR BRI N, DMK, SR FATE N, A AME, EAR — R X, (1= +1);

3) PSR GF B 2 I 28 T AT — ARFRBE X, 1938 BB 1) 5

4) WHEAME N, DA OB RS T HOE R B, 5 B 0838 R B0 R RS B R, UGB AR . R
X IS H AN A D9 B A5

5) AN RREEER, WEF 2).

3K B 2 0 ) A4 A TR 1o Ll A R A SR AT N A ARG

ASGRAERYR AT BRI, w2 M SRR ) BP M4

2 ZHEFGINR

2.1 EESHEM
FHEERUBEN 70; SRR HLE] b 58 PR S b R U 5 d A 07 OB P R BY s AR BB S T A B R SR R B

WCRS H 3. 2005-09-01.
HE&WH. B ERHEESUI(50325826.50278006) ; JL AT H AR EF 34 ¥ HH (8031001) .
EZMMN . s (1962 ), 8, W= A, ##%.
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28; E T IR SR IE RS E 7 4‘%‘%(%’8/}%%ﬂEﬂ’Ei’M\W}EE«3?%’8%%@5%@%@5%@*%
R THRER BRRFERNREN 4, EHAEREZF0 2, WERTE2EN 10; LT M 4%
ZHUHR 200; LT BT BEAECH 70; B EFEITEMMEE N S MEMBZER N 3;% JE K 0.9;5)
BETHN0.7; 28 B EHEWSOREE N 0.000 1.
2.2 6 MR

1) Shubert B

Fl(x,y):{ iicos[(i + Dz + 1]}{ i;icos[(i + 1)y + i]} +

0.5[(2+1.42513)>+ (y +0.080032)*] =, y€[ -10,10] (1)

VR EE 760 AR H /N (A 1 BiR), K, (2, y) = (- 1.42513, —0.800 32) K & R &,

B/MEHN - 186.7309. BRI & RIRMA A (2, y) =(~0.80032, —1.42513), MEE N - 186.340 5.
2) Camel ERE

4
Folz,y)= 4—2.112+% 22t ay+ (—4+4y%)yr z,y€[-100,100] (2)

WEREE 4 MRS E 2 FR), B9, (2,y)=(-0.0898,0.7126). — (x, y) = (0.089 8,
=0.712 6) &R, J/AMEN - 1.031 628.

200 FAI T T T T
‘”“_ T
100 T o
<o =
-lnni’_/_-' i ‘.IE‘. i
_2tmL === _qz
-3 ] --]-..1:_, ___5—“.
X ' 2
Bl 1  Shubert %L B 2 Camel BE
Fig.1 Shubert function Fig.2 Camel function
3) Shekel’ s Foxholes %X
25 2
F3(z)=0.002+ >, 1/[;‘+ D (xi*a;j)6:| x,y€[-32,32] (3)
i=1 i=1
He
[ ]_[—32 -16 0 16 32 -32 -16 - 0 16 32}
i -32 -32 -32 -32 -32 -16 -16 - 32 32 32

WEBHEZANRWBKX A (WA 3 IR, HEHEH DT L HP, HFE1AMEKF 1, 51,002 (2, =
-32,x2,= —-32).

4) Schaffer’sFs B E

Folz,y)=0.5-[sin® V27 +y?-0.51/(1+0.001(z>+y*))> ,y€[~100,100] (4)

R HEE 1 M 2REREWE 4 FiR)F 0,0)=1.0. BEESFKEREERZABE, ERLEA
SR ERE, Eh R B S REE N 0.990 283, 2 «2+ y?=3.138, £ & Mkt &b, #1k 5
EHAE XA R EW L.

5) Rosenbrock BR %}

M
Fs(z)= Z [100(z; 1~ 2D+ (1 - 2,)])? =, €[-4,4] (5)
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Bl 3 Shekel’s foxholes Fi% Pl 4 Schaffer’ sFs 5 $T[&
Fig.3 Shekel’s foxholes function Fig.4 Schaffer’sFs function

Rosenbrock B HUR—RMNE =M M ﬁ%%f?&@ﬁ, BIEX=(0,1,, DA e RE/NME, BEEN o(n
Bl S BR), 4 H T — 4k Rosenbrock MBS E . B/MEM TIAERBAMN 1 M5 L, I E XA &,
AR R B8, XM BEEMERUERMERMEZER. FE I, Rosenbrock b %Y B 4R f2& S (5 5K %1, (B
EFATURE RN RS RAERERBEERLEE S

6) Rastrigin B %

M

Fe(z)=MA + _2 (22— Acos(2nz;)) x,€[-5.12,5.12] 6)
Ho A NAERER.
RPN ZERE, £ X =(0,0, -, 0)AEE & F/HEAD, BAMER 0CIE 6 FR). WEREEE X
BN KAE 10M R E/ME.

25000
2 000 PR
_ 15007
= 100077
500
v 1 ,,_|
B 5 4 Rosenbrock FE%L B 6 4 Rastrigin B3
Fig.5 Planar function of rosenbrock Fig.6 Planar function of rastrigin

2.3 WRIBITHEITER

BAVFBEUCBOE R PO B AR ME . 25 S DR 2500 35 5 st T IR , 7658 20 T BLEI & 3 Bt
2, MK SAA. TR 20 RESTHER RN THERHERE, & 1 5B GRS 2R R

R SRBEEHZSHEEREITRASXILL

Tab.1 Comparison of compute number between genetic algorithms and empirical genetic algorithms

3K B %
ﬁt%ﬁ% Fs Fé
Fy F, F3 F,
M=2 M=5 M=10 M=2 M=5 M=10 M=15
FHME 7868 5975 567 6195 12933 125006 830270 5397 16513 101783 243387
FRHEE 9529 5823 239 3948 7894 166733 396232 2618 7439 67007 898331
THE 565 430 45 450 930 8935 20660 390 1185 7280 17390

LRBERER
s PRHER 681 420 17 282 564 11916 9780 187 531 5790 20298
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HOk Y EE T HRBE F E IR EE .
1) 2Kt (25X T A A iR RO R Bl s B 2 R B .
2) RBMEFRIEFH AR FHENREEZD T RIERR.
3) WEH RECERCE I, B AW IR S, [ERRBOE D B Bk R 2, BORBRR

3 £FRiE

X RRE H b BRI H R R, A 303 ) — PR R A 22 190 4 6 T00 6 1 R 51 S G
BE BT AEROFE—2B R EH . BN 20 R B BUE T J T, ER X — R R
FRBSMER, R BRE R AN IR EE, HHEKFFE.
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An Efficient Global Optimization Algorithm:
Empirical Genetic Algorithm

DU Xiu-li', HAN ling?, JIANG Li-ping®
(1. The Key Laboratory of Urban Security and Disaster Engineering ( Beijing University of Technology),
Ministry of Education, Beijing 100022, China; 2.Beijing Institute of Architectural Design, Beijing 100045, China;
3. Shandong Provincial Academy of Building Research, Jinan 250031, China)

Abstract: It is necessary to obtain corresponcling solutions to evaluating the fitness of all individuals of every
generation of the population and to analyze the solutions by using Genetic Algorithm. When the scale of prob-
lem is large, the calculation of genetic algorithm will be so enormous that it ean not be used in practice. How-
ever, a new method called empirical genetic algorithm is proposed in the paper. It decrease the number to ana-
lyze the solution and increase the efficiency of the genetic algorithm, in which the fitness of most individuals of
every generation of the population are estimated by the empirical Neural Network. The calculation results

from six classical test functions show that the method is efficient.

Key words: Genetic algorithm; neural network; empirical genetic algorithm



