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Deep energy method for geometrical nonlinear bending analysis of thin plates

PENG Lin-xin'?, LUO Wei-man', HUANG Zhong-min"'
(1. College of Civil Engineering and Architecture, Guangxi University, Nanning 530004 ,China;
2. Key Laboratory of Disaster Prevention and Structural Safety of China Ministry of Education, Guangxi Key Laboratory
of Disaster Prevention and Engineering Safety,Guangxi University, Nanning 530004 ,China)

Abstract; An incremental deep energy method is developed to solve geometric nonlinear bending problems
of thin plates. According to the minimum potential energy principle and Von-Karman nonlinear theory,
an incremental deep neural network model driven by thin plate potential energy is constructed. Firstly,
the solution domain of the thin plate is discretized into a grid, and the Hammer integral points are
calculated by reading the grid data in Python, which is used as training set to be substituted into the
network model to predict the bending displacement of the plate. Then,the load is divided into a series of
load increments. In each increment step, the potential energy of the thin plate is calculated as the loss
function of the neural network. With the goal of minimizing the potential energy, the parameters of the
network model are updated by Adam optimization algorithm.and the calculation of the next load step is
continued after the potential energy takes a stationary value. In this paper, the geometric nonlinear
bending problem of thin plates with different shapes and different boundary conditions is solved,and the
calculated results are compared with the finite element Abaqus solution using Abaqus from the
literattere. The research shows that this method is effective and accurate in solving the geometric
nonlinear bending problem of thin plates, and the incremental neural network model needs a low
computer,and can effectively improve the computational efficiency and the stability of the model.

Key words: geometric nonlinearity; deep energy method; incremental neural network; Von-Karman
nonlinear theory



