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Abstract: Computational Fulid Dynamics (CFD) simulation method is one of the main research methods in the
field of wind engineering, but its cost is high for flow fields with significant unsteady effects. This paper perform
a rapid time-series lift-drag prediction model of two-dimensional unsteady flow around a circular cylinder based
on the Long short-term memory (LSTM) neural network. First, the LSTM framework is constructed based on the
open source Tensorflow library. After that, training set and testing set are generated based on the numerical
simulation results with Reynolds numbers of 300, 600 and 1000, and the LSTM is trained to learn the time
evolution of the mapping and the information of Reynolds number. Finally, the trained model is used to perform
interpolation prediction and extrapolation prediction based on the Reynolds number distribution. The prediction
results show that the LSTM model can accurately predict the lift and drag coefficients of two-dimensional flow
around circular cylinder outside the Reynolds number distribution, and provide a reliable prediction for nonlinear
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fluid flow.
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Fig.1 Schematic diagram of LSTM neural network
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Fig.2 Computational domain and boundary condition of flow around a circular cylinder
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Fig.3 Lift and drag coefficients of different Reynolds numbers
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Table 1 Data of Training set, validation set, and testing set

Method of prediction Training set Validation set Testing set
Single Reynolds number Model 1, 2 Re=300: 700s~800s Re=300: 800s~900s Re=300: 900s~1000s
Interpolation Reynolds number Model 3, 4 Re=300, 1000: 800s~900s Re=600: 800s~900s Re=600: 900s~1000s
Extrapolation Reynolds number Model 5, 6 Re=300, 600: 800s~900s Re=1000:800s~900s Re=1000: 900s~1000s
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Table 2 Model training errors

Y T FEN MSE RMSE MAE
1 Single (Re=300) VAWAE %14 0.000032 0.005617 0.004677
2 Single (Re=300) FH T &4 0.000000 0.000271 0.000227
3 Interpolation (Re=600) SAWAE %4 0.005003 0.070735 0.052742
4 Interpolation (Re=600) FH ) 2% 0.000008 0.002863 0.002214
5 Extrapolation (Re=1000) PAWAE 1 0.001092 0.033041 0.027183
6 Extrapolation (Re=1000) FH ) R % 0.000020 0.004495 0.003772
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Fig.4 Model prediction results (Upper: single Reynolds number; Middle: interpolation; Lower: extrapolation)
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