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Fig. 1 Framework for grid generation based on flow

features predicted by machine learning
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Abstract: The grid technique is fundamental to the accuracy of numerical computation. To demonstrate the framework
of grid generation based on the flow features predicted by machine learning, this paper reviews and prospects three
supporting techniques-flow feature indicators, flow prediction using machine learning, grid generation and adaption. It
is an effective method to provide a priori feature reference for grid generation by combining the current flow feature
indicators and machine learning techniques. To reduce the sample size required by the machine learning, it is feasible
to develop physical embedding methods for fluid dynamics. As to the hexahedral grid generation, methods taking both
the topology and the distributed refinement into account remains to be studied.

Key Words: shock detection; error estimation; machine learning; dimension reduction; neural network; flow

prediction; grid generation; grid adaption
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