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Machine learning of turbulent channel flows using autoencoders
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We use a convolutional neural network autoencoder (CNN-AE) to establish a machine learning based reduced
order model (ML-ROM) for three-dimensional turbulent flow. As a preliminary exam, a minimal turbulent channel
flow at Re; = 110 is considered. The reconstructed flows with the CNN autoencoder show reasonable agreement
with the DNS results though the accuracy falls with smaller latent vector size. We also examine the influence
of pressure field as the input and output attributes. The current study suggests the possibility of extending the
ML-ROM for three-dimensional turbulent flow by unifying some machine learning models which can follow a
temporal evolution of latent vector obtained from the present CNN-AE.
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Fig. 2: Schematic of convolutional layer.
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Fig. 3: Illustration of the convolutional operation.
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Case Attributes e Latent vector
VP1 u',p 0.125 (16,32,16,4)
VP2 u',p 1.56 x 1072 (8,16,8,4)
VP3 u',p’ 1.95 x 1073 (4,8,4,4)
V1 u’ 0.125 (16, 32,16, 3)
V2 u’ 1.56 x 1072 (8,16,8,3)
V3 u’ 1.95 x 1073 (4,8,4,3)

Tab. 1: The detail of each model in the present study.
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Fig. 4: Schematic of the hybrid Skip-Connection Multi-Scale (SC/MS) model.
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