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Abstract: Aerodynamic force affects the stability and safety of bridge structures significantly.

W5 B #A:2023-03-29
ELWH b d AR ARSI BRI H (E2022210078) s BHE & WL T (21475402D) sl A6 4 i 3w A A T H
(3Ip[2019]63 5) s F R [ RF# IS F AR FIL T H (52208494) s Wb A RB¥# R L& FHETH
(E2021210063) ; b4 76 BE AT 58 £E A8 E 1 85 9= 31 H (CXZZSS2023079)
TEF R/ A XK TE (19715, B b e AL 202 3 L gE 248 B0, T 2418 4, E-mail . lqgk@stdu. edu. en.
*@BIAEE K 219920 . R R ALY, T2 4. E-mail: zhangz@stdu. edu. cn.



% 8

R F AT REHTICR S REZEAFHH AN

57

WUHR BE 42 1) 3

The understanding of its evolution is influenced by its unsteady characteristics and by computer
accuracy, making it difficult to achieve long-term predictions. The accurate prediction of the
aerodynamic properties of bridge structures is essential for structural design and vibration
control. Wind tunnel tests and numerical simulations are currently the most widely used methods
in aerodynamic research. However, wind tunnel tests are expensive, simulating complex wind
is difficult,

resources. Therefore, to achieve a balance between computational volume and computational

field conditions and numerical simulations depend strongly on computational
accuracy, in this study, an unsteady aerodynamic time-series prediction model for bridges at
different angles of attack was developed using a long short-term memory (LSTM) network. For
the model, aerodynamic coefficients of 0 to n moments under different wind attack angles were
the input and the aerodynamic coefficients of the n+1 moments were the output. First, an LSTM
network framework was constructed based on the open-source TensorFlow library. Second,
training and test sets were constructed based on the numerical simulation results of the unsteady
aerodynamic forces on a bridge at three angles of attack (3°, 4°, and 5°), and the models were
trained. Finally, in the interpolation prediction, a dataset was constructed from the aerodynamic
coefficients at angles of attack of 3° and 5° to train the model, and the aerodynamic coefficient of
4° was predicted. For extrapolation prediction, a dataset was constructed from the aerodynamic
coefficients at angles of attack of 3° and 4° to train the model, and the aerodynamic coefficient of
5° was predicted. The results show that the LSTM prediction results are basically consistent with
the trajectory, amplitude, and period of the numerical simulation results over time. To verify the
generalization of the model further, the trained LSTM extrapolation prediction model was used to
predict the aerodynamic coefficients at angles of attack of 0° and 3°. The results show that the
model can predict the original results better. Therefore, this algorithm has potential applications
in predicting the unsteady aerodynamics of bridge structures and can provide technical support for
engineering applications.
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Angle of Attack of —3°

AL Ty 0, BT LAV 4607 ELAT 38 1932 AP
4 & iE
UL 3 9 5 15 4 A 50 DAL 3 56 0 5 0 4541

SRR B A o3 R AT AR I 5 L D A7 R0 M A T
W, 25 3R, LSTM 5574 58 4% o o 7000 H 5 50
G EVEE S GRS @2 0 N [ N RS
B T BRI AR R 7E DRIE T SRORS BE I DL T
AR T TR, v] N B R A5 R R s T 4R I T SR 1
T

(3) HAT I LSTM FE B % 4f 5 ¥4k A W im 58
WEOT X B ZE R — 20 1 T AR, % IR iE
175 55 v 800 I B S Bh 1 RABCE L i — 20 4R T
LSTM BRIz APk L IRl B 2% 8% LSTM 5 i B
RIAHZE G K AR 2 8 Ui S o) Y0000 e A A 8 DAl
E BsF [] 366 A R OF 5 0000 oK O B 20 3 i — AP 4R R
MBI,

S % 3Lk :
References:
C1] B #k.ZE B, F B, 45 REENRFRRNEREE R

BRI LRA L], [ A B2 4, 2019,32(10) : 34-48,
ZHAO Lin, LI Ke, WANG Chang-jiang, et al. Review on
passive aerodynamic countermeasures on main girders aiming
at wind-induced stabilities of long-span bridges [J]. China
Journal of Highway and Transport, 2019, 32 (10): 34-48.

[2] Bl UK, DAV, E B R KR 2020 48 5 5 52 it R
U] EAL IR TRZR P IS0, 2021,43 (3 1) :23-30.
LIAO Hai-li, LI Ming-shui, MA Cun-ming, et al. State-of-
the-art review of bridge wind engineering in 2020 [J]. Jour-
nal of Civil and Environmental Engineering, 2021, 43 (S1).
23-30.

[3] BWE. B MOF W RERRZRERRERMIREHERS
L] A B 2019,32(10) :1-18.



64

o

i

¥

o

¥ Ik 2023 %

4]

(5]

71

[9]

[10]

[11]

[12]

[13]

[14]

[16]

GE Yao-jun, ZHAO Lin, XU Kun. Review and reflection on
vortex-induced vibration of main girders of long-span bridges
[J]. China Journal of Highway and Transport, 2019, 32
(10): 1-18.

KASPERSKI M. Specification of the design wind load based
on wind tunnel experiments [ J]. Journal of Wind Engineering
and Industrial Aerodynamics, 2003, 91 (4): 527-541.
XER B, Ph— % BRI, 55 f0i 00 4B 1 ARHRr R XIS Bl o
SHLBLT. A 2 B A1, 2019,32(10) £ 200-209.
LIU Qing-kuan, SUN Yi-fei, JIA Ya-ya, et al. Wind-in-
duced vibration characteristics and mechanisms of micro-ellip-
tical section stay cables [J]. China Journal of Highway and
Transport, 2019, 32 (10): 200-209.

BR3CHL, B AR RS BRI R W RUER T MR 2 R BUR
R SR BT B A B AR 2022, 35(4) < 117-127.
CHEN Wen-li, HUANG Ye-wei, MENG Hao, et al. Motion
model and parameter analysis of {low-induced vibration of
suspender in bridge tower wake [J]. China Journal of High-
way and Transport, 2022, 35 (4): 117-127.

MA W, LIU Q, MACDONALD J H G, et al. The effect of
surface roughness on aerodynamic forces and vibrations for a
circular cylinder in the critical Reynolds number range [ J].
Journal of Wind Engineering and Industrial Aerodynamics,
2019, 187: 61-72.

BLOCKEN B. 50 years of computational wind engineering:
Past, present and future [ J]. Journal of Wind Engineering
and Industrial Aerodynamics, 2014, 129 69-102.
STRINGER R M, ZANG J, HILLIS A ]J. Unsteady RANS
computations of flow around a circular cylinder for a wide
range of Reynolds numbers [J]. Ocean Engineering, 2014,
87: 1-9.

JING H, HE X, LI H. Initial condition and damping effects
on rain-wind induced cable vibration [J]. Journal of Wind En-
gineering and Industrial Aerodynamics, 2018, 175: 376-383.
LYSENKO D A, ERTESVAG I S, RIAN K E. Large-eddy
simulation of the flow over a circular cylinder at Reynolds
number 3 900 using the OpenFOAM toolbox [J]. Flow,
Turbulence and Combustion, 2012, 89 (4): 491-518.
ZHANG Z, SONG X, YE S, etal. Application of deep
learning method to Reynolds stress models of channel flow
based on reduced-order modeling of DNS data [ J]. Journal of
Hydrodynamics. 2019, 31 (1): 58-65.

LECUN Y, BENGIO Y, HINTON G. Deep learning []].
Nature, 2015, 521 (7553): 436-444.

HU G, LIU L, TAO D, et al. Deep learning-based investi-
gation of wind pressures on tall building under interference
effects [J]. Journal of Wind Engineering and Industrial Aero-
dynamics, 2020, 201: 104138.

WU T, SNAIKI R. Applications of machine learning to wind
engineering [ J]. Frontiers in Built Environment, 2022, 8:
811460.

LAIMA S, FENG H. LI H, et al. A buffeting-net for buffe-

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[26]

[27]

[28]

ting response prediction of full-scale bridges [J]. Engineering
Structures, 2023, 275: 115289.

WANG H, WU T. Knowledge-enhanced deep learning for
wind-induced nonlinear structural dynamic analysis [J]. Jour-
nal of Structural Engineering, 2020, 146 (11). 04020235.
ZHAI G, NARAZAKI Y, WANG S, et al. Synthetic data
augmentation for pixel-wise steel fatigue crack identification
using fully convolutional networks [J]. Smart Structures and
Systems, 2022, 29 (1): 237-250.

HUANG D, HE S, HE X, et al. Prediction of wind loads on
high-rise building using a BP neural network combined with
POD [J]. Journal of Wind Engineering and Industrial Aero-
dynamics, 2017, 170 1-17.

HU G, KWOK K C S. Predicting wind pressures around cir-
cular cylinders using machine learning techniques [J]. Jour-
nal of Wind Engineering and Industrial Aerodynamics, 2020,
198 104099.

JIN X, CHENG P, CHEN W L, et al. Prediction model of
velocity field around circular cylinder over various Reynolds
numbers by fusion convolutional neural networks based on
pressure on the cylinder [J]. Physics of Fluids, 2018, 30
(4): 047105,

LIS, LAIMA S, LI H. Cluster analysis of winds and wind-
induced vibrations on a long-span bridge based on long-term
field monitoring data [ ]J]. Engineering Structures, 2017,
138: 245-259.

B SR T A I 2 R I | i
G i 0 W AT 9% A P R A T ) . IR 3h TR 24, 2021, 34 (1)
1-8.

LI Jia=wu, DANG Jia-min, WU Tuo, et al. Radial basis
function networks used in prediction of vortex-induced vibra-
tion of -shape bridge-decks [J]. Journal of Vibration Engi-
neering, 2021, 34 (1) 1-8.

RUMELHART D E, HINTON G E, WILLIAMS R J.
Learning representations by back-propagating errors [J]. Na-
ture, 1986, 323: 533-536

BENGIO Y, SIMARD P, FRASCONI P. Learning long-term
dependencies with gradient descent is difficult [ J]. IEEE
Transactions on Neural Networks, 1994, 5 (2): 157-166.
HOCHREITER S, SCHMIDHUBER J.
memory [ J]. Neural Computation, 1997, 9 (8): 1735-1780.
ik B XIPCSE, TR AR BT R A IE AL W 4% 1 AR e S
MK IR TR S BN L)), h E R P % R0,
2022,52(10) :104-112.

ZHANG Zhen, LIU Qing-kuan, WANG Jing-zhu, et al.

Long short-term

Unsteady cavitating hydrofoil surface pressure prediction
based on long short-term memory network []J]. Science China
Physics, Mechanics & Astronomy, 2022, 52 (10); 104-112.
LIT, WU T, LIU Z. Nonlinear unsteady bridge aerodynam-
ics: Reduced-order modeling based on deep LSTM networks
[J]. Journal of Wind Engineering and Industrial Aerodynam-
ics, 2020, 198. 104116.



% 8 R B - R AT S LR E I i R 65
[29] LI W, LAIMA S, JIN X, et al. A novel long short-term canyon bridge site [J]. China Journal of Highway and Trans-

[30]

[31]

[32]

memory neural-network-based self-excited force model of lim-
it cycle oscillations of nonlinear flutter for various aerodynam-
ic configurations [ J]. Nonlinear Dynamics, 2020, 100 (3):
2071-2087.

TR, R G, 58 o2, 4. KA X 40 R a0 sl it L
ARSI ] PR S5 TR %R 2022.19(3) . 752-
759.

WANG Zheng-jun, TANG Jun-feng, GUO Xiang-rong,
et al. Influence of wind attack angle on aerodynamic charac-
teristics and coupled vibration of vehicle-bridge system []].
Journal of Railway Science and Engineering, 2022, 19 (3):
752-759.

ZEIKIR G IRIWT G S0 WL 55 ISR XUR BRI TR 0 R LR
B AR B AT FE )], TR J12%.2016,33(4) :130-135.

LI Yong-le, XU Xin-yu, GUO Jian-ming, et al. Wind tunnel
tests on aerodynamic characteristics of vehicle-bridge system
for six-track double-deck steel-truss railway bridge [ J]. Engi-
neering Mechanics, 2016, 33 (4). 130-135.

XA ST, PR HE L PRI . 1L DX 0k 25 A7 ik i TR A AL 3o U B AR AL
(17 w2 241 2019,32(10) 1 266-278.

LIU Zhi-wen, CHEN Xiang-yan, CHEN Zhen-qing. Optimi-

zation of transition sections around terrain model at mountain

[33]

[34]

[35]

[36]

[37]

port, 2019, 32 (10): 266-278.

KOZMAR H, PROCINO L, BORSANI A, et al. Sheltering
efficiency of wind barriers on bridges [J]. Journal of Wind
Engineering and Industrial Aerodynamics, 2012, 107-108:
274-284.

GUO W, XIA H, KAROUMI R, et al. Aerodynamic effect
of wind barriers and running safety of trains on high-speed
railway bridges under cross winds [J]. Wind and Structures,
2015, 20 (2). 213-236.

X PR SE. 2P Re KA A2 KU AR T 5 @ik (1], 5056 ik
17,2011, 25(3) : 66-70.

LIU Qing-kuan. Aerodynamic and structure design of multi-
function boundary-layer wind tunnel [J]. Journal of Experi-
ments in Fluid Mechanics, 2011, 25 (3): 66-70.

ZHANG X, JI T, XIE F, et al. Unsteady flow prediction
from sparse measurements by compressed sensing reduced or-
der modeling [J]. Computer Methods in Applied Mechanics
and Engineering, 2022, 393: 114800.

WANG H, ZHANG Y M, MAO J X, et al. A probabilistic
approach for short-term prediction of wind gust speed using
ensemble learning [J]. Journal of Wind Engineering and In-

dustrial Aerodynamics, 2020, 202.: 104198.



