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Prediction of the Reynolds number dependency of flow around a circular cylinder using machine learning
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We present the machine-learned reduced order model (ML-ROM) for predicting the Reynolds number dependency
of two-dimensional flow around a circular cylinder. Convolutional Neural Network (CNN) autoencoder is used to
compress the flow field, and Long Short Term Memory (LSTM) is employed to predict the temporal evolution of

compressed flow field. Training/validation and test datasets are made by numerical simulation at Rep = 20— 160.
Predicted flow field shows good agreement with numerical simulation. Furthermore, it can be seen that ML-ROM
can compress and predict the flow field successfully against unknown Rep datasets. The current study suggests
the possibility of ML-ROM for various situations in fluid dynamics.
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Fig. 1: Computational domain.
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Fig. 3: Convolutional layer.
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Fig. 4: Schematic of CNN autoencoder : Filter size of

CNN are (3 x 3),(5 x 5) and (9 x 9).
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Tab. 1: Structure of CNN autoencoder.

Layer Output shape  Activation function
Input Layer (384, 192, 3) -
1st Conv. (384, 192, 16) ReLU
1st Max Pooling (192, 96, 16) -
2nd Conv. (192, 96, 8) ReLU
2nd Max Pooling (96, 48, 8) -
3rd Conv. (96, 48, 8) ReLU
3rd Max Pooling (48, 24, 8) -
4th Conv. (48, 24, 8) ReLU
4th Max Pooling (24, 12, 8) -
5th Conv. (24, 12, 8) ReLU
5th Max Pooling (24, 12, 8) -
6th Conv. (12, 6, 4) ReLU
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Tab. 2: Structure of LSTM.
Layer Output shape  Activation function

Input Layer (5, 73) -

1st LSTM (5, 128) tanh
1st BN (5, 128) -
1st DO (5, 128) -

2nd LSTM (5, 128) tanh
2nd BN (5, 128) .
2nd DO (5, 128) -

3rd LSTM (128) tanh
Output Layer (73) -
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Fig. 5: Schematic of LSTM.
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Fig. 6: Schematic of ML-ROM.
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Fig. 7: Results of CNN autoencoder (Rep = 100) :
The true DNS flow field are shown in upper line. The

decoded flow field are shown in lower line. The left,
middle and right are u,v and p respectively.
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4.3 ML-ROM
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Fig. 10: Mean streamwise velocity on the centerline :
Left and right are Rep = 100 and Rep = 140 respec-
tively.
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Fig. 11: Strouhal number.
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Fig. 12: Drag coefficient.
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