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RESEARCH ON INTELLIGENT IDENTIFICATION ALGORITHMS FOR SHORT-TERM
AERODYNAMICS OF HYPERSONIC WIND TUNNELS?V

Wang Qinchao  Li Shichao ? Gao Hongli Ma Guilin  Wu Guang  Duan Zhiqin
( School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract Pulse combustion wind tunnel force measurement is an important step in the research and development
process of hypersonic aircraft, and with the development of hypersonic aircraft technology, large-scale and heavy-load
aircraft test models has become the trend of hypersonic pulse combustion wind force test. During the effective test time
of several hundred milliseconds, large-scale force measurement system stiffness weakened and other issues will seriously
lead to poor aecrodynamic identification accuracy. The large-scale measurement model poses a challenge to the accurate
aerodynamic identification of the short-term pulse combustion wind tunnel. To solve this problem, a new intelligent
aerodynamic identification algorithm based on traditional signal processing combined with deep learning is presented in
this paper. The algorithm framework is mainly divided into two stages for signal processing: (1) signal decomposition,
(2) data training. In the signal decomposition stage, the original data is decomposed into different modal sub-signals
through variational modal decomposition (VMD). In the training stage, the effective features in the remaining datasets
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containing characteristic sub-signals are extracted by deep learning model, and the real acrodynamic signals are obtained.
In addition, in order to enhance the robustness and applicability of the algorithm, different optimization methods are used
to optimize the hyperparameters in the algorithm at different stages of the algorithm framework to obtain the optimal
parameter combination. This algorithm model has obtained relatively ideal results in terms of aecrodynamic recognition
accuracy and anti-interference. Finally, the algorithm is validated on a suspended force test bench, and the results show
that the algorithm model can effectively identify and filter out the interference components that are difficult to eliminate
by the traditional methods brought by the large-scale model. Finally, the algorithm is successfully applied to the large

scale model force measurement system of pulse combustion wind tunnel. Accuracy of aerodynamic identification of

large-scale model force measurement system is effectively improved.
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GRU )20} I [RRFAEREAT A5, GRU 28— )2 F1 58 — )2
BT BRI 64 R 128, fea T — AN 4ik
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%=1 CNN-GRU FEZFIH#ERSH

Table I CNN-GRU structure and parameters

Number  Network structure Parameter settings Output size

1 dense unit nodes: 128/64 (2000, 128)

2 Convl D number of kernel: 128 (2000, 128)

. pool size: 2
3 maxpooling . (1000, 128)
padding: same

4 GRU unit nodes: 64/128 (64)

5 dense unit nodes: 128 (64)

6 dropout rate: 0.2 (64)

1.4 EF VMD #1 CNN-GRU BRI 75 3%

by s 7 R B AL AR S50 20 1R T A 5 A7 A, 1
BB I L SR BN g A — T N HE AT 55, B ©AT
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VS w2 VE 60 e
1
data pre- IMFs after screening
uy (1), uy (9, L, u,, (2)

1| processing

build the input matrix
u, (l)s U (t)7 L= Uy, (t)= X (t)

!

CNN-GRU

output aerodynamic
signal
K2 T VMD-CNN-GRU (380 e 5 3R—IA TR
Fig.2 Aerodynamic signal extraction algorithm flow based on VMD-
CNN-GRU
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DL, ASCHTH IF B T s &, T SRR
ARSI VCG SE 4 RO R B 3
BT AR UVA R A B

N DRUEAE 2 BRI 70 52496 & B A9 2500 10 HE A
P, BOEE AL & 5 RS KR E R ) R S
(RIAALYE, F A SCINES R« IR A LS55
I HE EEE, AR 2 i R A H S5 AR IR, 5K 0
55 TS KU B AR ) R G 4 TE AR ). )
FIAT AR AT A S5 OB A T AR I 1 ¢ 4 A
I, HLAR K 6 3BIHE I ) aEhe B L8 140y
Ak, LRSS T H A SHN I R e T
PRI MR AT Bk I i mE . 25 B4,
AT ST IS 56 3 AT LA SIE S AT i K of R
eI R G R JE LA W BE A 1y T AT BAAE
A S A 5 (1052 TR

*2 BEMNHIRESREEENNRGIL

Table 2 Comparison of suspension force measuring test bench with suspension force measuring system

Suspension force measurement system

Suspension test bench

structure composition
material
load channel

loading method

models, tie rods and fixtures, support frames, sensors
00Ni19Co8Mo5TiAl
Fx, Fy, Fz, Mx, My, Mz

form of a step load

models, tie rods and fixtures, bases, sensors
00Ni19Co8Mo5TiAl
Fx, Fy, Fz, Mx, My, Mz

release the weight to apply a step load impact
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Fig. 3 Step load training sample acquisition system
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Table 3 Validation data errors of VCG, MEAN and Fourier

method
Algorithm MAE MSE RMSE
filter-mean 0.21 0.09 0.28
FFT 0.39 0.17 0.41
transfer function 0.23 0.09 0.28
CNN 0.31 0.11 0.37
VMD-CNN-GRU 0.21 0.06 0.25

3 VCG ETERKHHAGR XU o A R

T B sz & BRI AE, AR
VCG V2R T R R B4 RAT S B <80 )



® 3 M

RO A B ARG LN B ) R BRI A 695

R G L H AL, DRtk — 20 N 1 kP R 4 XU <
Bl 3R E SRt ik R Jee KGR Hh e R ) &R
GEIEAT B R fr WA, 15 BN ) R K VCG &
AR SR S 3 R ik b R R 565 2030 A S
i, N EERRAS B B SR s . erh E
KB WIS R A0 e R R AR HIE AT O )
@600 mm ik A RE KT T TF RE 0 ) S, ik bk
4% IR 8 o SR FH R I 4 1) 7 QR HR v S SRS
A AT I RS0 2, ASCI T VCG Uk
o kb A e RG] Hh AT () B AR ) RGh S S
HEAT T AR EE. & 4 45 T ARECH 6. Wi ToL &
FEM ) 2 80 1) TF 3 i i A 2k LR A
FRATERSR A . WAL TR 00, Bl AT A
JE 4 26 km. 8L S HAE S5 AT LA, 7F 0.2 s 224K
TWIFME RS, HE 0.32 s AAKRRETRE, 25
260 ms /e A3 RIS TR BN RSOE BE, 75 0.63 s )5, SR TT
BB, BB I SR [RT FF h vh o 4 FH 316 AT 4
B b, 7 AR KR B AN R U4 95, 0 1R 58t o 6%
AETN

pressure
balance-Y 160
signal after VCG =~

stability time 50

pressure/MPa
— o = N W A L O
(98]
S
signal output/mV

e B ! Ll-10
0 0.2 0.4 0.6 0.8
times/s

M4 RVLL S S

Fig.4 Total pressure and balance output signals

FEAT BORE AL BE A, VCG 03k T LR B 1) ik
G AN R TP 5 25 16 5 ), 32 oh T okl DRG]
R ) RGN BEES, 7Rkt T, 45 &tk
JIEEAT LA ARG, 51 A5 5 AR ST
PeR oy 8. 1 VCG Hik 1 seiiid VMD J i 255
FHRPEA SRR 115 5 )5, fFil it CNN-GRU ¥
J5E 2 2] W 4% 3R B A8CRR IR A S HEAT B I %, 90
T AN TP 225 R (e T4, TR A e e e
RIS

4 Zip

(1) FE ik R rh AT A A KRB AR e 34

ORI ) 2R G )0 SR A M LA CRAIE [ e, AN
HE T VCG HIEMRL, 5008 S5 A KRS 5 26
WL VMD i ity T 115 5 5, Rl AR G 4
AT 078 28 tH A A B ) HR B A5 A R R ) R S
A CNN-GRU M8 4780 SR, & 5 iEA X T
YV FRT v LA ST LLREORE A 1R U A 3%
FEAEAT S CL RO B 4020, DA T 45 380 VR Aff 1) 2 5
KB oA

(2) MR K U3 H, VCG VEAE MAE, MSE
M RMSE 3 TRPEAN 1% 22 Fi b vh 28 3R ISR 4. AHGE T
VCG VK ut, FFT . JERMEESE AR N R
MG rh e A R, U R ) A A R T
B B AT 5 A7 AR TE TR HE A D BR T4
2, FEAI) PR BRI, VG EH T4
AT AR T RO R BT P R I 0T )
BN IHA

(3) AR AT B T AT ) RGAE AT
AR RBEA P Ak 2 B 55 5 A Wi i 1)
AT BRI R B2,k — 2 R v R R B )
SN I 5T LA R B ) — R AR TRAT A B
BATILSE 5 SO S TR S

2 £ X W

1 Squire LC. A review of the role of some small high-speed wind tun-
nels in aeronautical research. Progress in Aerospace Sciences, 1998,
34(3-4): 107-166

2 Wiriadidjaja S, Hasim F, Mansor S, et al. Subsonic wind tunnels in
Malaysia: A review. Applied Mechanics and Materials, 2012, 225:
566-571

3 IRGERR, NUFHE, BUAE. BRI KGR K LA R AR R R B AL
WS R . SR80 AR 12, 2005, 1: 1-10 (Le Jialing, Liu Weix-
iong, He Wei, et al. Impulse combustion wind tunnel and its applica-
tion in rocket and scramjet research. Journal of Experiments in Flu-
id Mechanics, 2005, 1: 1-10 (in Chinese))

4 R, W, BMERRAE. —MEE ATy AR KR A I A 4T
SN SRR F72, 2007, 21(4): 59-64 (Liu Weixiong, Tan Yu,
Mao Xiongbin, et al. The development and preliminary application
of a pulse combustion wind tunnel with new running way. Journal of
Experiments in Fluid Mechanics, 2007, 21(4): 59-64 (in Chinese))

5 RRBTE, BRZS, R, 2 N B TR B A B A AME I D BOR. Se
55 K 71 %, 1999, 13(4): 57-61 (Cheng Zhongyu, Cheng Hong,
Zhang Qi. Inertia compensation technology based on multi-accelero-
meter vibration separating. Experiments in Fluid Mechanics, 1999,
13(4): 57-61 (in Chinese))

6 Joshi MV, Reddy NM. Aerodynamic force measurements over mis-
sile configurations in IISc shock tunnel at M,, = 5.5. Experiments in
Fluids, 1986, 4(6): 338-340

7 Menezes V, Saravanan S, Reddy K. Shock tunnel study of spiked


https://doi.org/10.3969/j.issn.1672-9897.2005.01.001
https://doi.org/10.3969/j.issn.1672-9897.2007.04.013
https://doi.org/10.3969/j.issn.1672-9897.2005.01.001
https://doi.org/10.3969/j.issn.1672-9897.2007.04.013

696 Vi ¥ F {5 2022 5 54 A&
aerodynamic bodies flying at hypersonic Mach numbers. Shock Xiaoqing, et al. A technique for solving dynamical force identifica-
Waves, 2002, 12(3): 197-204 tion problems by Tikhonov regularization method. Journal of Vibra-

8 Sahoo N, Mahapatra DR, Jagadeesh G, et al. An accelerometer bal- tion Engineering, 2016, 29(1): 31-37 (in Chinese))
ance system for measurement of aerodynamic force coefficients over 19 JEIZMG, ¥k s, s/ 2255, BT IR BE 5 1R 1k KR 2 e U
blunt bodies in a hypersonic shock tunnel. Measurement Science & JIRGW . J) % %4, 2020, 52(5): 11 (Wang Yunpeng, Yang
Technology, 2003, 14(3): 260 Ruixin, Nie Shaojun, et al. Deep-learning-based intelligent force

9 Abdel-Jawad MM, Mee DJ, Morgan RG. New calibration technique measurement system using in a shock tunnel. Chinese Journal of
for multiple-component stress wave force balances. Review of Sci- Theoretical and Applied Mechanics, 2020, 52(5): 11 (in Chinese))
entific Instruments, 2007, 78(6): 670 20 Luo C, Wang Y, Wang C, et al. Wave system fitting: A new method

10 Smith AL, Mee DJ, Daniel W. Design, modeling and analysis of a for force measurements in shock tunnels with long test duration.
six-component force balance for hypervelocity wind tunnel testing. Mechanical Systems and Signal Processing, 2015, 62-63: 296-304
Computers & Structures, 2001, 79(11): 1077-1088 21 R4, ARG, IR, Sl A AT B RS REE A, i

11 Wang Y, Liu Y, Luo C, et al. Force measurement using the strain- i, 2015, 36(1): 58-85 (Wu Ziniu, Bai Chenjuan, Li Juan, et al. Ana-
gauge balance in a shock tunnel with long test duration. Review of lysis of flow characteristics for hypersonic vehicle. Acta Aeronaut-
Scientific Instruments, 2016, 87(5): 1068 ica et Astronautica Sinica, 2015, 36(1): 58-85 (in Chinese))

12 Wang Y, Liu Y, Jiang Z. Design of a pulse-type strain gauge bal- 22 Mee DJ. Dynamic calibration of force balances. Shock Waves, 2003,
ance for a long-test-duration hypersonic shock tunnel. Shock Waves, 12(6): 443-455
2016, 26(6): 1-10 23 Dragomiretskiy K, Zosso D. Variational mode decomposition. /EEE

13 Li S, Li K, Liu B, et al. A new dynamic modeling methodology of a Transactions on Signal Processing, 2014, 62(3): 531-544
force measuring system for hypersonic impulse wind tunnel. Meas- 24 Cohen J. Statistical power analysis for the behavioral sciences. Com-
urement, 2020, 164: 108012 puters, Environment and Urban Systems, 1990, 14(1): 71

14 LiS, You Z, Gao H, et al. Force measurement and support integ- 25 Lecun Y, Bengio Y, Hinton G. Deep learning. Nature, 2015,
rated device in hypersonic wind tunnel. /EEE Transactions on In- 521(7553): 436
strumentation and Measurement, 2021, doi: 10.1109/TIM.2021. 26 Liu W, Wang Z, Liu X, et al. A survey of deep neural network archi-
3129495 tectures and their applications. Neurocomputing, 2017, 234(19): 11-

15 Mizuno T, Ishino Y, Takasaki M. Fabrication of a three-dimension- 26
al force measurement system using double series magnetic suspen- 27 Levent E. Bearing fault detection by one-dimensional convolutional
sion. I[FAC Paper-Sonline, 2016, 49(21): 536-540 neural networks. Mathematical Problems in Engineering, 2017,

16 Laurence S, Schramm JM, Hannemann K. Force and moment meas- 2017: 1-9
urements on a free-flying capsule model in a high-enthalpy shock 28 Hochreiter S, Schmidhuber J. Long short-term memory. Neural
tunnel//28th Aerodynamic Measurement Technology, Ground Test- Computation, 1997, 9(8): 1735-1780
ing, and Flight Testing Conference. New Orleans, LA, USA, June 29 Afrasiabi M, Mohammadi M, Rastegar M, et al. Advanced deep
2012, ATAA 2012-2861 learning approach for probabilistic wind speed forecasting. [EEE

17 T, ATHE, A, AR v A T kv R AR 78 B o 0 A Transactions on Industrial Informatics, 2020, 99: 1-10
7. Y8l 5 ph i, 2015, 24: 202-208 (Wang Feng, Ren Hu, Zhou 30 Dobbin KK, Zhao Y, Simon RM, et al. How large a training set is
Zheng, et al. Drag force measurement in impulse facilities by using needed to develop a classifier for microarray data? Clinical Cancer
load identification method. Journal of Vibration and Shock, 2015, Research, 2008, 14(1): 108-114
24: 202-208 (in Chinese)) 31 Figueroa RL, Zeng-Treitler Q, Kandula S, et al. Predicting sample

18 T4, Bk, 5K /NKAE. Bl 2580 H 1 il 750 1 1 04k SR A 8 77 9% size required for classification performance. BMC Medical Informat-

R 5 TFE 2], 2016, 29(1): 31-37 (Wang Feng, Wu Long, Zhang

ics and Decision Making, 2012, 12(1): 8



	引  言
	1 理论基础
	1.1 VMD方法
	1.2 Pearson相关系数
	1.3 CNN-GRU深度网络模型
	1.4 基于VMD和CNN-GRU的识别方法

	2 试验验证
	2.1 试验装置介绍及可信度分析
	2.2 试验数据采集及可靠性验证
	2.3 测试验证结果

	3 VCG法在脉冲燃烧风洞中的应用
	4 结  论

