L 2% Bl 1R

Aeronautical Science & Technology

», » »—" _a »

T IR PEHh 2 28 1) 5 1a sh i Yt
% {?Wﬁ Z é 2 1a 81

WE W i gy k2
HkE % i EM
BB BB T4 A R
1. VG238 e MUES S SRshIEI % i gaubas, BRI PhZe 710049
2. VHZEAS Y JEi RATAS IR AL S il o 2 s 52055, B PHZe 710049
3L T FREORIFZERT, BRIG Ph%¢ 710049
B OB ITAEE B P AERS ARG BETNNE R, BRETHER S T E R ALK, FEERITEAN
KN AT REAEAREENEE ., RHBACRET A EMKRKAR2ENTA A RANEEET R EN, K
TP T —METHERNEN R TNER, kF ] FFNEs A AW ANEE TR ENLTE, MHERETLLETY
MR RARARZHERFTMNE T — 2R IR A, BT F IR MR ZARTE T 35 30 B AR 280 8] 241, 4K T R X
RUNHERNEEANTINEERZ . ERNERNTNERF T ERE Y FFEERET R EHy & ERS, L&
T FMARFHEEFLF ENE I FRLOBRIANAS L EARGNEE ., MRERERER T ZM 2 WEHEA LA BTN

Dec. 25 2023 Vol. 34 No.12 37-42

UM A, B S T DU T VEHRIRRE S R EE T RIRAS

KEEE R EEE MWL RES; REFM

RESES:V211.3 SCEAHRRES A
RATER S B I BRI KA TR S s A
FE K FR 2 — PSR Y i TR A5 TP A, TR S e vp i fl
FATHR AR J12% (CFD) MR A543 )12 (CSDORE A I 3R
B ARAT AT a8l Sk i ok 7 . {HJ& CFD/CSD #4
AV SEFERT ™ 5 R BIRTE T 2R AU AT R )
S B ABURE IR L A HE LA 2 1 o A ) A
R EFERT i B R CFD SRR A AL i A, TRy 2 0
5% S A K Sl 1 B S R 5, SR A Y
PR TN, DA T 9820 A B A o R A AR RE B, s
B RGEHRESE . BT, B X AR Lt B 1 I R A )
R, ATyl = S a3 Sl 2R T R R B U S bR A
UEAFER , T R R 118 R 3 Ao 28 I 2% Bl AR T s R
ARZePE2 ST BT, AR IR BERFIE R HE RE T , 76 I 3% A ]
B IS T3 22 BN P R I 2 R A
PAE LRSI E BT B ot = W R P RS b i
Sy R rh R SO R T R B A R AR
AR, DA ey R A A [ RS e b (RS B2, i A AR

RFSEHA: 2023-06-16; EISEHA: 2023-10-09; RFABHI: 2023-11-03

BB : faSR3E$(20200014070001)

DOI.10.19452/j.issn1007-5453.2023.12.005

HER U IR 2 > B0 5 RS ) W T S i 2
[ AR A O 2%, 45 7 T 2l 0 Ao 22 o0 2% BRIV Rl 500 1 ok 221
GRS, PR SC B e A B T AT 5 5 = it o] it 2l
B Z BN T Z 18 ST 56 &, EL IR T AL AU LA
SME Al PRSI L 454 52 R P

TH TRy 1 N RE PR 45 24 i i R 2 i 4 52 K
T o T IR M 22 45 1) R U S S A Ve g s 3R L,
TR AL 0 100 2828 ] 15 A A 5 18 2 g S AR
ST XA [ S SE I S O PO T . Al E R I S i
PCRAIE AR, 3 S0 1o 3T 370 e 1 45 5 8 o 222 o 2% o {1
LN )30 AL RSB, BB 7 AU ALIR AR IE 22 73 (POD)
U 222 [ 25 R ) . e R AR U S AR 23 (] A
PR , AR R AR R E TR RIHEE ARG

BT B , 7 A% 35 ol 22 1) 24 0 =l 5 Wt S ik A R
JE, FEAPAE R E R SRR IR b X TS is s R AR E
WIS, AU W A SRR 18 52 45
Hay3 S BRI, Sk IR T AR TRE o 22 R i L N 2

SIFE#I: Han Renkun, Du Jiaoxi, Liu Ziyang, et al. Research on the prediction method of unsteady flow field with moving boundary based
on deep neural network[J].Aeronautical Science & Technology,2023,34(12):37-42. B5{"1#, ftEE, XIIF15, F. BF REWLEM
BV IEFNINRIEE S RGBT EHFLJ ] ESRISF R, 2023,34(12) : 37-42.



38 LIRAEE L P N

Dec. 25 2023 Vol. 34 No.12

%, BAEBINE Sl A =2 s 0L (R RGO R A AR
GENFRR S TAL N O , ARERLHT T 8 4% 4 . Han Renkun
SEUTE D A AZ (LSTM) #1258 BT N TR S5 A4 B B30k
Iz sl S EAG B ISR S T Sia shil it
Al ISR BE 2 ST R A SNy il , i — AP ol
B EE B 5T 2 AR R, DT i o AR F
RRE AR S 12 Sy A iR (19 32 T

1 A&
1.1 #EMBLEN

Frig Bl P AR T B AR I R An ke i R
SNE BB AR il FLRB U W] ) 27 > B 3 — I 205
Yy i FHE S . ASCER AT AT LSTM AH
g4y S R E F R A AL, I 1 R . A
TS o BUZJE N TR A TR 2 25 A AR AE , AR
T HERE , LSTM J2 0] FH F AR 4k i — B 20 5 S R A 00 T
— B ZIRARHE

LN 7]

-

- B
]

o Iy %

1 R HER
Fig.1 Neural network framework
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Fig.2 Long short term memory neuron
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Table 1 Neural network structural parameters
JZ4 SR s K i RAE
Inputs — 32x128x128x3
Conv 1 3x3/2 32x64x64x4
Conv 2 3x3/2 32x32x32x8
Conv 3 3x3/2 32x16x16x16
Conv 4 3x3/2 32x8x8x32
Conv 5 3x3/2 32x4x4x64
LSTM 3x3/1 32x4x4x64
DeConv 1 3x3/2 32x8x8x32
DeConv 2 3x3/2 32x16x16x16
DeConv 3 3x3/2 32x32x32x8
DeConv 4 3x3/2 32x64x64x4
DeConv 5 3x3/2 32x128x128x3
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Fig.3 Schematic diagram of flow solution domain
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Fig.4 Structured mesh for flow field simulation
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Fig.5 Single step flow field prediction results
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Fig.6  Surface pressure of single step prediction
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Research on the Prediction Method of Unsteady Flow Field with Moving
Boundary Based on Deep Neural Network

Han Renkun'?, Du Jiaoxi'?, Liu Ziyang'?, Li Li*, Chen Gang'?

1. State Key Laboratory for Strength and Vibration of Mechanical Structures, Xi’ an Jiaotong University, Xi’ an
710049, China

2. Shaanxi Key Laboratory for Environment and Control of Flight Vehicle,Xi’ an Jiaotong University,Xi’an 710049, China
3. AVIC Aviation Computing Technology Research Institute, Xi’an 710049, China

Abstract: In order to meet the requirement of rapid prediction of fluid-structure interaction system in aircraft design, a
data-driven unsteady flow field modeling strategy was explored to shorten the time spent on flow field evolution
solution and accelerate the simulation speed of fluid-structure interaction system. The solution of flow field evolution in
fluid-structure interaction system is partially equivalent to the evolution of unsteady flow field with moving boundary.
This paper proposes a flow field prediction model based on neural networks to learn and predict the evolution of
unsteady flow fields with moving boundaries. This neural network can predict the flow field at next timestep based on
the current flow field and boundary motion information. The prediction accuracy and generalization ability of the
proposed neural network model were tested by the flow around a moving cylinder under different vibration frequencies
and amplitudes. The predicted flow fields of the neural network are in accordance with the computational fluid
dynamics simulation results. The aerodynamic force obtained by integrating the pressure on the boundary of the
predicted flow field data also has a high accuracy. The test results demonstrate that the good predictive performance
of the neural network model, so this method can be used to quickly and accurately obtain the unsteady flow field state
around the moving boundary.
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