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Abstract: In recent years, non-destructive detection technology based on deep learning has developed rapidly, but
traditional neural network technology relies too much on data resources and cannot use the physical prior knowledge implied in the
data, which has many limitations. In order to solve this problem, physical-informed neural networks (PINN) were used in this
paper. Based on the wave equation of ultrasonic propagation, the forward PINN model of laser ultrasonic single-mode ( surface
wave) wave field was trained by using the data of numerical calculation, and the inverse PINN model for solving laser ultrasonic
single-mode wave field parameters was further established; therefore, the forward imaging and inverse parameter deduction of
laser ultrasonic field were carried out. The results show that when detection points do not contain the excitation point, the forward
PINN can obtain a high-precision wave field image when the data volume is only 10% , which is an order of magnitude lower than
the original wave field; even when the excitation point is included, the reverse PINN can not only reconstruct the wave field by
using 25% of the wave field data, but also solve the parameters of the control equation without artificial analysis, and the error of
the parameters with the original wave field data is within 5%. Compared with the traditional laser ultrasonic field modeling, the
physical model built by PINN is simpler, which can automatically obtain the parameters of the control equation and has better
robustness. This research can provide a reference for wave field reconstruction and parameter inversion laser ultrasonic
nondestructive testing technology, so PINN has broad application prospects in the field of laser ultrasonic.
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2.925 mm/ s 2. 829 mm/ s 3.28%
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Table 2 True wave velocity and velocity inversed by PINN ( excluding the

excitation point )

real velocity velocity inversed by PINN relative error

2.925 mm/ ps 2.8704 mm/ ps 1.80%
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Fig. 10 Inverse PINN training results when detection points do not contain

the excitation point
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