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Abstract: Objective To verify the computational feasibility of Physics-Informed Neural Networks (PINN) under
mesh-free conditions, clarify its applicability in complex geotechnical engineering mechanics problems, and
provide theoretical and practical references for intelligent geotechnical computing methods, systematic
application research of PINN in geotechnical engineering scenarios is carried out. Methods First, this study
reviews the theoretical basis and algorithmic framework of PINN, and then conducts verification through three
typical case studies: For the plane strain analysis of a double-layer earth-fill gravity dam, results show that PINN
exhibits good consistency with the finite element method (FEM) in predicting displacement and stress

distribution. Meanwhile, it demonstrates advantages in depicting boundary smoothness and stress concentration
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zones. For the prediction of soil mechanical responses under surcharge loading, PINN can effectively capture the
laws of vertical displacement attenuation and stress concentration, showing sensitivity to boundary effects and
local peaks. For the one-dimensional consolidation problem, PINN successfully reproduces the evolutionary
characteristics of pore water pressure dissipation over time. Results Comprehensive comparison results indicate
that in geotechnical engineering numerical simulations, PINN not only can approximate the results of traditional
methods but also has certain advantages in handling complex boundary conditions, heterogeneous materials, and
parameter inversion problems.The analysis showed that the ReLU activation function is more conducive to
describing the mechanical behaviors of heterogeneous materials compared with tanh, and insufficient network

capacity will lead to an accuracy bottleneck. Conclusion The research content provides preliminary verification

and methodological support for the popularization and application of PINN in geotechnical engineering.
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