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Construction of surrogate model for turbulent viscoelastic-fluid channel flow using deep learning
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We tested artificial neural networks (ANNSs) to predict conformation stress in a turbulent viscoelastic-fluid channel
flow using deep learning in order to manage the numerical instability problem in DNS (Direct Numerical Simulation).
We constructed two types of ANNs (multi-layer perceptron (MLP) and U-Net) which learned DNS dataset to predict
the conformation stress from a given instantaneous field. Two kinds of ANN input data of either velocity or velocity
gradient tensor were examined. The ANN predicted accurately the near-wall region in which coherent structures are
dominant. The velocity gradient tensor was better than the velocity for the conformation-stress prediction. The MLP
using the velocity gradient tensor achieved 0.6 of the correlation coefficient accuracy.
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Fig. 1 Schematic of the channel flow field.
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Table 1 Input and output variables in each case.

Case Network Input Output
MO MLP ¢i®, Vu® ci™
M1 MLP u® ci™d
M2 MLP YVu® ci™
U1 U-Net (UMY (™)
u2 U-Net (Vuy, (™)

MLP & U-Net DREREAM 2, 3 1TRT. M3 DL HIZ, UNet
T REIHATE IR TR EAR T i B AR BT K1 sikoT
OMIERL Ry NT—2IZ, #EEE IRy hT—2 T
HD. EEEEICLY, BHARCE RGO RFT SIS
BIROZEWEREINZ CTTRT L 2 ENTE D720, BEEHNLO
FEBE CIEDVE D DT ¥ VIO TFRIZE L TV D EB 2 b
5. 122U, BLIROBHMES 2 X D728, 7=V v U@ E
L7RWRy hT—7 & LT

Hidden layer

Fully connected,
tanh(x)

—

m

Input layer

Fully connected,
Linear

iy
2
=
-
5
£
S
o

Fig. 2 Schematics of MLP. MLP has 3 hidden layers and each has 100
neurons.

64X64X3
*
64X64X1 .
—

=
X S gw
S
A o |
all & b o
LR < .r;(\
3 X S
;i‘ a /;i -
£y gL
X 0
] ——
o 3
* a g *
X »
;,ﬁ - = > ;;,ﬁ » t:mh, )
s Y3 g a< Convolution 4x4
x X
f)*('ﬁai \[‘;;l-ﬁﬁ » Lanh, R
N oga A g Upsampling 2X2
= o
R % Combine
X

Fig. 3 Schematics of U-Net. U-Net for case U1 and U2 is shown, where the
activation function is tanh(x).
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Fig. 4 Instantaneous ¢« field at y*=2.8. (8) DNS. Case (b) U1, (c) U2, (d)
MO, (e) M1 and (f) M2.

Fig. 5 Instantaneous cx« field at y*=18.6. (a) DNS. Case (b) U1, (c) U2,
(d) MO, (e) M1 and (f) M2.
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Fig. 6 Instantaneous ¢« field at y*=180. (a) DNS. Case (b) U1, (c) U2,
(d) MO, () M1 and (f) M2.
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Fig. 7 Spatially averaged conformation stress distribution of (a)cx, (b)Cxy
and (c)ce. Orange and blue inverted triangles is case U1 and U2. U-Net
predicted 3 x-z planes.
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Fig. 8 Correlation Coefficient distribution of (a)cx, (b)cy and (C)Ce
between DNS’s calculation and ANN’s prediction on each x-z plane.
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