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The Use of Automated Weighting to Generate
an Objective Function by Penalty Method

YUKIHIRO MURATA," RYUUuYyA ANDOt and MITSUSHI ABE?

This paper proposes a method to generate an objective function with automated weighting,
and how it can be applied to optimization algorithms, such as penalty method. In cases
where a lot of constraints exist, the weighting is critical. In this paper, the ratio of the
evaluated function value over each penalty function value is used to determine each weight.
Each function value is smoothened through spline fitting. These weights should be updated
automatically at predefined times. This proposed method could diminish the values of each
function impartially, thereby avoiding obtaining local optimum solutions. In addition, this
paper shows the results of benchmark tests which showed good performance at solving some

test problems.

1. Oo0oano

obooooboooooooobooooooooo
gooooboooooooooboooobooooo
ooooooooooooobOoooooooooooo
goooooooooooooobooooooooo
gooooooooobobOOoboOo0o0ob0ooooooaa
gooooooooooooooboobooooooo
goooooooobooooooobooboonoooo
goooooooooooo
obooooooooooobooboooooooo
goooboboooooooboobooooooboobooon
gbooooboobooocboooooboooboooboann
gboobooooboobooboobooooanon
OParmee00000000000000OOOO
goooboboooooboooooooooooooo
000Y00000000000000000000
gooooooooooooobooOooonoooon

t+0000000000000DDODOD
Power & Industrial Systems R&D Laboratory, Hitachi,
LTD.

99

000000000000000000000000
oooQ
00000000000000000000000
000000000000000000000000
000000O00Y000000000000000
000000000000000000000000
00000000000000
0000000000000 D00O0D0O0D0O
000000000000 00O00D0O00D0O
O O O 0 Genetic Algorithm: GAOODOOOOO
0000000000000 O00D0O0DODO
0000000 COMOGAYOVEGAPOMOGA®D
NPGAPMGAOOODODODOODOODOOOOO
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000
00000000000000000000000
000000000000000000000000
000000000000000000000000



100 go0oo0oooOooooooooooooo

gooobooooooooobooobooooooooo
goooooooooboooOooooobooooooon
goooboooooooooooboooooooo
gobooooooooooooboobooon

goooooooooooooobooboooooo
goooboboooooooobobooooobooobo
gooobobooooooooboobobooooooo
gooooobooooooooobocoooooooo
goooboboooooobooooobooooooooo
gooobobooooooobooobooooooooo
goooboooooooobooobooooooooo
gooobooooooobooooooooooooo
goooboooooooooooooboooooooo
goooboooooooooooboobooooooo
gooooboooooboooobooooooooDo
goooboboooooooboooboobooooooo
goooboooooooboooooobooooooo
goooboooooooooooobooooooo
goooboboooooooboobooooobooooo
goooboooooooooooocooboooooo
gobooooobobooobooooboooobooboooobooo

gbooooooooobooooobooooooo
goboooobooooo

2. 00OODOOoOooooOo

O00U0o0oO0ooooooooon f(x) 0OOO
m 0000000 g(z) <00k =1,2,---,m00
ood

Minimize: f(x)

subject to:

g(x) <0, k=1,2,--- ,m.

gbooooooboobooobooooboobooboo
000000000pe(z)0k=1,2,---,m00000
0000 f(z) 000000000 o(x) 000000

o(@) = f(x)+ > wipi(@). (1)
k=1

00000000000 pe(e) DODOO w0 > 00
0000000000p(x) 00000000000
000000000>00000000000000
ooooo

pr(x) = max{0, gr(x)}, (2)
000000000000000000000000
0000000000000
0000000000000000000000 Sim-
ulated Annealing: SAOO0OOOOOCOODOOOOO

Dec. 2007

| BEORHE

01 00ooOooooooooooOoOooobooooooooooo
gooo1000000000000

Fig.1 Schematic drawing showing the example that the
optimum is not to be obtained.
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Fig.2 Examples of the probability density function.
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Table 1 Iteration number in order to get the optimal so-

lution as parameters of weights update frequency.
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Table 2 Benchmark test results.
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Fig.3 Transition of the weights (top) and the values of
the test function g01 (bottom).
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Fig.6 Fluctuations of the weights of test function g06 by

proposal and average method.
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