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[Abstract] To address the issues of low efficiency and low qualification rates in mesh generation for plate and shell
structures, this paper proposes an intelligent finite element meshing technology based on deep learning. First, typical features of
plate and shell structures are classified, and meshing strategies are developed for each feature type. Second, a feature
recognition model is trained using convolutional neural networks to automatically invoke the corresponding strategies for
meshing in feature regions. Finally, geometry cleanup and mesh optimization are performed for non—feature regions. Verified by
the white body of a passenger car, this method increases the automatic meshing qualification rate from 82.1% to 92.6% and
reduces total working hours by 66.7% compared with the mainstream batchmesh approach, significantly improving both mesh
quality and efficiency. By combining Al models with predefined strategies, this technology minimizes manual intervention and
provides an intelligent solution for meshing in plate and shell structures.
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