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ABSTRACT

In this paper, a data-driven model order reduction framework is proposed for efficient nonlinear

structural analysis. The data-driven model order reduction framework consists of two stages: data

mining/analysis with reduced-order modeling (offline) and parametric simulation (online). Herein, the

reduced-order modeling is performed using proper orthogonal decomposition and an autoencoder in

the offline stage. Furthermore, a variational autoencoder is considered as an artificial neural net-

work-based model order reduction to improve the efficiency within the offline stage. The proposed

approaches are compared to the full-order model by analyzing nonlinear numerical examples to dem-

onstrate their efficiency and accuracy.
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Table 1 Design space for L-shape frame

Design parameter [mianrgne ax] Units
Young’s modulus, E =mn, [50, 100] GPa
Thickness, thick=1, [3, 6] mm
Density, p=1, [2500, 3000] kg/m’
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Table 2 Parameter space for 2D cantilever beam

Parameter [mliiinrieax] Units
Thickness, t =1, [0.05, 0.15] m
Load factor, A=, [-1:0.002:1] -
Load, P=mn, A X150 kN
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