ol 3
20224F 5 H

ke E Al CASRBRERRD) (Fh3E30)
ACTA  SCIENTIARUM NATURALIUM UNIVERSITATIS SUNYATSENI

Vol. 61 No. 3
May 2022

DOI:10. 13471/j. cnki. acta. snus. 2020B085

ST U-Net il9KS T-B5 41 35 5 )ik

Tk, AFM, BB, FEF8E, WFT
P KFREMEFR, S &R )M 510006

B OE: MTIURZETE (LBM) 22572 B I WS T B RS a7 i . BB e T, BXET
PSRRI B R S, — MG 0 ME LS BB AL . SCE A3 T — AT T U-Net BRI Z M 4% (CNN,
convolutional neural network) LAIX} LBM#EAT NG, LL—UAG U2 I 45 A5 0 11 328 A 0 DR AR T B EA T 22 IR I e [
HR . K —RINZ MG S BB TR IS, KB 2 IR TR SRR T RS R I R, AR T
FRATHY LBM B2 78 29 250 A5 i, S6E T 1% 07 ik i A 8k .

KR BRI LBM; SRS M MLt QBT

FESES: P13  XHEIMRER: A XEHS: 2097-0137 (2022) 03 -0101 -09

Lattice Boltzmann Method based on U-Net

NIE Zisen, CHEN Xinyang, YANG Gengchao , JIANG Zichao, YAO Qinghe
School of Aeronautics and Astronautics , Sun Yat-sen University , Guangzhou 510006, China

Abstract: Lattice Boltzmann Method (LBM) is a kind of widely used mesoscopic fluid numerical sim-
ulation method. The drawback of LBM is the high computational cost, which causes difficulties in real-
time simulation. In this work, we created a convolutional neural network (CNN) based on U-Net to
accelerate LBM calculation. The purpose is to replace multiple LBM steps with one single operation of
the CNN model. According to the result of our numerical experiment on a laminar flow around three
obstacles in different geometries, the generated model can maintain the calculation at a high accuracy
and accelerate the LBM calculation by over 250 times.

Key words: data-driven modeling; Lattice Boltzmann Method; convolutional neural network; neural

network architecture; surrogate model
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