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ABSTRACT
The paper describes the study of global approximate optimization utilizing soft computing
techniques such as genetic algorithms (GA's), neural networks (NN's), and fuzzy inference

systems(FIS). GA’'s provide the increasing probability of locating a global optimum over the entire
design space associated with multimodality and nonlinearity. NN’s can be used as a tool for
function approximations, a rapid reanalysis model for subsequent use in design optimization. FIS
facilitates to handle the quantitative design information under the case where the training data
samples are not sufficiently provided or uncertain information is included in design modeling.
Properties of soft computing techniques affect the quality of global approximate model. Evolutionary
fuzzy modeling (EFM) and adaptive neuro-fuzzy inference system (ANFIS) are briefly introduced
for structural optimization problem in this context. The paper presents the success of EFM depends
on how optimally the fuzzy membership parameters are selected and how fuzzy rules are
generated.
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Table 1 Types of design variables in GA's

Design Variable Type
width of panel continuous
number of laminate integer
ply angle discrete
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Fig. 2 Architecture of multilayered BPN
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Table 3 Comparison Result
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Ref[11] |0.84847 | 0.57958 | 3.48710 | 5.12636 | 3.62905
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GA’s  {0.80320 | 0.69000 [ 4.13000 | 5.96154 | 3.00933
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