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In this paper, Genetic Algorithms (GAs) are applied to structural optimization problems. These problems are one
of the complex and constrained optimization problems. Therefore, to solve the problems, the GAs with strong
searching capability and the mechanisms which handle the constraints efficiently must be prepared. So this paper
applies penalty method and pulling back method to Distributed Probabilistic Model-Building Genetic Algorithm
(DPMBGA). DPMBGA is the extended algorithm of Probabilistic Model-Building GA (PMBGA) and it has high

searching capability.

DPMBGA with the penalty method and pulling back method are applied to truss structural optimization prob-
lems. Through the simulation, the searching capability and efficiency of penalty method and the pulling back
method are discussed. From the discussion, it is concluded that the pulling back method can derive good solution
even when the problem is difficult. Compared to the penalty method, the number of the individuals that violate

the constraints is smaller in the pulling back method.

Key word: Probabilistic Model-Building GA, Distributed GA, Distributed PMBGA, Pulling Back Method,
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0O 1: Outline of DPMBGA
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O 2: Target Truss Structures
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O 1: Parameters of DPMBGA

Number of Individuals (1 island) 16
Number of elites 1
Number of islands 1,2,4,8,16,32
Migration rate 0.0625
Migration interval 5
Archive size for PCA 100
Sampling rate 0.25
Amp. of Variance 2
Mutation rate 0.1/ (Dim. of Func.)

O 2: Number of Times that the Optimum is Found (2
Stages Truss)

Number of Island | Penalty Function | Pulling Back
1 0 25
2 6 25
4 14 25
8 18 25
16 22 25
32 25 25
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O 3: Number of Times that the Optimum is Found (3
Stages Truss)

Number of islands | Penalty Function | Pulling Back
1 0 24
2 1 19
4 4 24
8 4 19
16 5 5
32 12 0
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Number of Evaluations
When Optimum is found
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O 3: Average of Number of Evaluations when the Op-

timum is Found (2 Stages Truss)
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