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Abstract

In recent years, the application of deep learning technology in fluid mechanics has become a re-
search hotspot. However, currently pure data-driven neural network models do not have the in-
terpretability of the laws of physical knowledge, and when used as a prediction model, its predic-
tion accuracy is poor. Based on this, a neural network model coupled with the laws of physics was
developed. Taking laminar two-dimensional cylindrical flow as an example, the approximate solu-
tion of the N-S equation was achieved, and the short-term flow field prediction ability of the model
was verified. The results show that the model can use a small amount of training data to approx-
imate the governing equations and reconstruct the corresponding flow field. When predicting the
flow field, the model has smaller prediction error than pure data-driven neural network model
under the same conditions.
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Figure 1. Algorithm flow
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Figure 3. N, = 50 Predicted velocity field and real velocity field of x-direction
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Figure 4. N, = 50 Predicted velocity field and real velocity field of y-direction
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Figure 5. N; = 50 Predicted and actual pressure fields
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Figure 6. N; = 110 The predicted results of pure data-driven neural network model
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Figure 7. Ny = 110 The predicted results neural network model coupled with governing equations
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