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Lattice Boltzmann method based on deep neural network
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Abstract: Compared to the traditional computational fluid dynamics techniques, the Lattice Boltzmann
method has the advantages of simple structure of program, strong adaptability to complex boundaries as
well as nonlinear problems, and high parallelism. However, since LBM is an explicit algorithm, its cal-
culation usually involves many iteration steps, and thereby consumes a huge amount of computing re-
sources. This study takes advantage of deep learning in prediction and regression to accelerate LBM cal-
culations innovatively. We establish a prediction model (compressed LBM or C-LBM) , which involves
an artificial neural network composed of convolution layers and convolution long-term and short-term
memory layers. The prediction model is an equivalent substitution of multiple ordinary LBM iterations.
For the two dimensional driven cavity circulation problem, the mean square error of C-LLBM is less than
5 x 107 for the test set, and is less than 107 for the generalized calculation example. The calculation ef-
ficiency of C-LLBM is about 15 times higher than that of the serial LBM.
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Table 2 Time—consuming comparison

AR IR BE JE LBGK FkFE /s BRI FERT /s
1 000 1 000-2 000 16. 25 1.01
1 000 2 000-3 000 15.98 1.01
1 000 3 000-4 000 16. 08 1. 06
2000 1 000-2 000 16. 41 1. 05
2000 2 000-3 000 16.47 1.03
2 000 3 000-4 000 16. 04 1.04
2 000 4 000-5 000 16. 19 1.08
4000 1 000-2 000 16. 07 1.08
4 000 2 000-3 000 16. 03 1. 06
4 000 3 000-4 000 16. 39 1.07
4000 4 000-5 000 16. 28 1. 06
4000 5 000-6 000 15.99 1.02
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Table 3 Calculation efficiency experiment results

THAEIH FEI /s %f ¥ MLUPs
C-LBM 5% Re = 1000 FLA] T HLyGz FT-FERT (B0 T8 1153 1 000 %At 1.03 24.9
C-LBM 55 Re = 2 000 5345 F BAUGE -V Y FERT (SR T8-@ 115 1 000 kAR 1.05 24. 4
C-LBM#84 Re = 4 000 5509 T HyGa 5P YFEm (SR T8 315 1 000 WA 4R) 1.06 24.2
W38 LBM (HB47 1 0001~1%4%) 16. 18 1.58
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