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The accurate prediction of structural responses under complex loading is crucial
for ensuring structural integrity in engineering systems. Conventional finite
element method (FEM) analyses provide high-fidelity solutions but become

computationally expensive for iterative evaluations, whereas purely data-driven
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deep-learning models exhibit limited extrapolation capability and reduced
physical consistency. This study proposes a hybrid physics-informed neural
network surrogate model for a three-dimensional oil-water separator pressure
vessel subjected to internal pressure. The model integrates FEM-generated
displacement and stress data with soft physics constraints from linear elasticity
and boundary conditions. To improve the training stability in high-dimensional
settings, a two-stage transfer learning strategy comprising data-driven pretraining
followed by physics-informed fine-tuning is adopted. Validation results indicate

the accurate prediction of displacement and von Mises stress fields as well as
reliable performance under unseen pressure conditions, including extrapolation at
4.0 MPa, highlighting the potential of the proposed model for rapid and efficient
structural assessment.
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Fig. 1 Schematic diagrams of the oil-water separator
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Table 1 Material properties of Nylon 6

Table 3 Summary of FEA results under various internal pressure

Property Value Unit conditions
Young’s modulus (£) 2,500 MPa Max. Von Mises Max. displacement
Poisson’s ratio (V) 0.39 - stress (Oyuma) (fttl )
Density (p) 1.13x107° ton/mm’> 0.5 MPa 18.5 MPa 0.63 mm
Yield stress () 85 MPa 1.0 MPa 33.2 MPa 1.29 mm
1.5 MPa 52.2 MPa 1.96 mm
Table 2 Ductile damage parameters for Nylon 6 2.0 MPa 75.2 MPa 2.61 mm
Fracture Strain Strain rate | Fracture energy 2.5 MPa 75.7MPa 323 mm
strain triaxiality s [N/mm] 3.0 MPa 78.7 MPa 3.88 mm
0.6 0 3.5 MPa 82.2 MPa 471 mm
0.25 0.33 4.0 MPa 86.1 MPa 5.49 mm
0.18 0.5 0.001 5
0.15 0.67 approximation) 53} £2] H2] 7|5 AloF 213 At
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6 Hidden layers
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Fig. 2 Schematic diagram of the proposed PINN architecture
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