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Real-time hybrid test method based on physical information neural network
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Abstract; Real-time hybrid testing is an important test method for exploring the seismic performance of structures
incorporating velocity-dependent components. However, current real-time hybrid tests encounter the challenge that
the numerical substructure calculation efficiency fails to meet the real-time requirements, thereby restricting the
application of this method in seismic tests of large-scale engineering structures. In order to improve the
computational efficiency of the numerical substructures, a physical information neural network suitable for real-time
hybrid testing is proposed, and a real-time hybrid testing method for neural network surrogate models is
implemented. First, a neural network model was constructed based on different physical constraint equations. Then
the seismic response of a two-story frame structure with a damper was numerically simulated by finite element
software, and these simulation data were employed to train the network model. Finally, the trained physical
information neural network was used to carry out real-time hybrid test simulation. The simulation results show that
the physical information neural network has high prediction accuracy, among which the physical information neural
network using resilience as the loss function has the highest accuracy. The real-time hybrid test method based on the
physical information neural network agent model is feasible.
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Fig. 1 Schematic diagram of real-time hybrid test based on neural network agent model
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Fig.2  Framework of physical loss function based on kinematic constraints
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Fig.3 Framework of physical loss function based on restoring force constraints
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Fig. 13 Hysteresis curves of experimental substructure of ViscousDamper model
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Fig. 14  Hysteresis curves of experimental substructure of Bouc-Wen model
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Table 4  Errors of surrogate models under different experimental substructure models

R T 251 PR REL Yk L PR RMSE/mm TG PE/% WP RAFERS /ms
Xl Kb (U= 0.74 0.58 1.05 0.037
ViscousDamper 1% KE 7 2.61 0.68 4.2 0.042
Bouc-Wen #5%! U= 4.67 0.81 5.8 0.039
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