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Estimation of the Wall Pressure Fluctuation and the Velocity Field
in a Turbulent Channel Flow Using Auto-Encoder
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A combination of auto-encoders is formulated to estimate the wall pressure fluctuation field from the velocity field in a
turbulent channel flow. Each of velocity field data and the wall pressure fluctuation field data is compressed by auto-
encoder. These auto-encoders exhibit successful results showing the output data are qualitatively in good agreement with
the input data. Then the intermediate compressed velocity and pressure data of each encoder are connected through the
layer networks to estimate the compressed pressure from the compressed velocity data. The convergence of the proposed
network is unsatisfactory for the moment, i.e., the value of the loss function is more than one-order of magnitude larger
than the auto-encoders. This might lead unphysical discontinuities in the estimated intermediate pressure data. The results

would be improved by choosing better network configurations.
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Fig. 1 Snapshot of x-velocity comoponent of a turbulent channel flow.
Color scale is arbitrary.
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Fig. 2 Configuration of a network for predicting wall pressure
fluctuation.
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Table 1 Autoencoder for velocity data.
Layer Data size Activation
Input (3, 32, 96, 32)
Conv3D_1 (3, 32, 96, 32) -
Batch Normalization (3,32, 96, 32) RelU
MaxPooling3D_1 (3, 16, 48, 16) -
Conv3D_? (3, 16, 48, 16) -
Batch Normalization (3, 16, 48, 16) Rell
MaxPooling3D_2 (3.8,24.8)
Conv3D_3 (3.8,24,8) -
Batch Normalization (3,8,24,8) RelLU
Upsampling3D_1 (3, 16, 48, 16) -
Conv3D_4 (3, 16, 48, 16) -
Batch Normalization (3, 16, 48, 16) Rell
Upsampling3D_2 (3, 32, 96, 32) -
Conv3D_5 (3, 32, 96, 32)
Output (3, 32, 96, 32)
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Fig. 3 Result of V auto-encoder.
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Table 2 Autoencoder for pressure fluctuation data.

Layer Data size Activation
Input (32,32, 1) -
Conv2D 1 (32,32,2) RelLU
MaxPooling2D 1 (16, 16, 2) -
Conv2D 2 (16, 16, 2) RelLU
MaxPooling2D_2 (8,8,2) -
Conv2D 3 (8,8,2) RelLU
Upsampling2D_1 (16, 16, 2) -
Conv2D_4 (16, 16, 2) RelLU
Upsampling2D_2 (32,32,2) -
Conv2D_5 (32,32, 1) RelLU
Qutput (32,32, 1) -
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Fig. 4 Result of P auto-encoder.
Table 3 Result of the learmning in 2.4.3.
The number of The number of The value of The valua.ﬂf
loss function loss function

full connected layer | convolutional layer
Y Y for training data | for validation data

Case 1 4 0 440 x 1072 442 x 1077
Case 2 3 0 443 %1072 445 % 1072
Case 3 3 1 175 % 1072 175 % 1072
Case 4 2 2 113 x 1072 116 % 1072
Case 5 1 3 116 x 1072 116 x 1072
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