5 45255 2 ) B K kTR E iRk Vol.45 No.2
20254 4 Journal of Disaster Prevention and Mitigation Engineering Apr. 2025

DOT:10.13409/j.cnki.jdpme.20241219002

ETAIBEFANSEEERMNZMR

XWERDE, AR, mEmAR, #H W

(1. FHRB R AREGHE TR, Fi P HE;
2. WA R Tlk K2 (BRYID B 8 1R 517 TR =B, ) A Y1l 518055)

WE: BAEIRIE AKRAF ERIBFHRB T ZAE, A, B IRAT BRI E RO B A F TR 5K
B et m K, A RBEZFRAZH . HHRBRARARFZ T AITRARALSH SGHEH
TAEMF RS TR TR 2R E, AR MET Turbulent Flow-Vision-Transformer( TF-ViT) #5 A I %5 4t &
=, TF-VIT TR THRIFERE S 6975 Xk RI = 55060 R RR . Ak k3L, TF-VIT 2284\ A5 Trans-
formerE 2 % UNet & #), £ TE-VIT Hk b, F— AR50 A IR 48, L TransformerERL A % %, + &
BT R S A AR AL UNet P %58 D 55, xF o Al 35 40 22 04 B 2 0% 45 6 AT AR, K AR R T AT K R 89
BE RS, M EWENERLRRBRIEF LM TE-VIT Ik, FF R+ £ K% OpenFOAM B T 467 4K %
AL, BT AR AR RIS S E A T TE-VIT B R 69 | 245 F B4 o 4% A 8 3% 4 B} &5 0% 713 & FRIR R ok 8 LAY 7% iR
B8, FRERENABR LN TF-VIT £ E TR A EHLFABR A RGN A RAR G H AN T LR, A5
RIETT TF-VIT AR Z i R ), A KRR AR AR T — A A0 F ik,

KW WA= U i s Bk, A T AR

FEDES: TU443 XEkARIRAD: A NXEHS: 1672-2132(2025)02-0263-08

Spatiotemporal Forecast of Bluff-body Wakes Using

Artificial Intelligence Technologies

LIU Junle"?, SHUM Kihing', Tse K.T.", HU Gang’
(1. Department of Civil and Environmental Engineering, The Hong Kong University of Science and Technology,
Hong Kong, China; 2. School of Intelligent Civil and Ocean Engineering, Harbin Institute of Technology,
Shenzhen 518055, China)

Abstract: Turbulent flow is ubiquitous in mechanical engineering, fluid mechanics, civil engineering,
and other related disciplines. Traditionally, acquisition of turbulent flow data mainly depended on nu-
merical simulations and wind tunnel tests. However, numerical simulations require substantial compu-
tational time, and wind tunnel tests involve high economic costs. With the rapid development of mod-
ern technologies, artificial intelligence technologies have attracted widespread attention in engineering
fields due to their high efficiency, high precision, and reliability. This study developed an artificial in-

telligence algorithm named Turbulent-Flow-Vision Transformer (TF-ViT), which enabled spatiotem-
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poral forecast of turbulent flow based on data-driven approaches. Specifically, the TF-ViT mainly con-
sisted of two components: Transformer framework and UNet structure. In TF-ViT, each component
had distinct functions. The Transformer framework served as the encoder, mainly responsible for pro-
cessing and extracting spatiotemporal features of turbulent flow. Meanwhile, the UNet functioned as
the decoder to decouple the encoded spatiotemporal turbulent flow information. The overall frame-
work enabled the forecast of future spatiotemporal turbulent flow information. This study used the
classical problem of the flow past rectangular cylinders to validate the developed TF-ViT algorithm.
The open-source computational solver OpenFOAM was utilized to simulate the flow past rectangular
cylinders, and the obtained wake flow field data was then used for the training and validation of the
TF-ViT model. 8 continuous frames of transient turbulent flow data were used to forecast the subse-
quent 8 frames of turbulent flow information. The results showed that the developed TF-ViT algo-
rithm in this study could accurately forecast the short-term spatiotemporal development of turbulent

flow in the wake region. This study demonstrates the strong capability of TF-ViT in forecasting spa-

tiotemporal turbulent flow, providing an effective method for turbulent wake field acquisition.

Keywords: deep learning; turbulent flow; spatiotemporal forecast; artificial intelligence
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