oh=E

tol

2026 A L3 A

o

= =0

i
A

3|

| ==&

KSR20265319

0535 HHAA e} AIE

AT T2AE HAI PHE AT

Structural Strength Optimization Methodology Using NSGA-I1 and MLP-based Artificial

Intelligence
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Fig. 2 RMS error(a, b, c), Thickness optimization(d, e, f)
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