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Application analysis of convolutional neural network in
static calibration of wind tunnel balance
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(1. State Key Laboratory of High Temperature Gas Dynamics, Institute of Mechanics, Chinese Academy of Sciences, Beijing 100090, Chinas
2. School of Engineering Science, University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: The wind tunnel balance is the most important measuring device in aerodynamic testing, which is
used to measure the magnitude, direction and point of the aerodynamic loads (forces and moments) acting on the
test model. The accuracy of the measurement is directly related to the static calibration performance of the wind
tunnel balance. The static calibration of the balance is the process of establishing the mapping relationship
between the balance output signals and the aerodynamic loads through the calibration equipment. To reduce the
error caused by load deformation and improve the performance of the static calibration of the strain-gauge
balance further, this paper explored the application of deep-learning technique in the static calibration of wind
tunnel balance, and used the calibration system AiBCS, which was built by Institute of Mechanics of Chinese
Academy of Sciences, to carry out the research on the calibration of a strain-gauge balance based on
convolutional neural networks (CNN). The purpose of this study is to use the deep-learning training model to
replace the traditional balance calibration formula, in order to obtain higher measuring performance. The
applicable conditions, validity and reliability of the artificial intelligence modeling in the balance calibration were
discussed and evaluated. The results obtained by the CNN-based calibration method and the traditional
polynomial fitting method were compared and analyzed, which shows that the CNN-based calibration method
can reduce the load interference between the various components of the balance effectively, and its measuring
performance was greatly improved. The cross-application of deep-learning technology and calibration of wind

Yoke B #A:2022-06-01; {817 A#A:2022-07-13; %A H#A:2022-07-19

SR K 8 AR 34 (11672357,11727901)

VEB B HEIBI(1978-), B, BIBTIL 5, BF 4277 10: kit R -0 /7. E-mail: wangyunpeng@imech.ac.cn

SIRE: g, B %, T, 5 GRUNE W45 75 KR T AR HE H IS 434 0], 258l 115 54R,, 2022, 40(X): 1-8.
WANG Y P, NIE S J, WANG Y, et al. Application analysis of convolutional neural network in static calibration of wind tunnel balance[J]. Acta
Aerodynamica Sinica, 2022, 40(X): 1—8(in Chinese). doi: 10.7638/kqdlxxb-2022.0096



2 AN

540 %%

tunnel balance has great engineering application value.

Keywords: acrodynamic measurement; wind tunnel strain-gauge balance; static calibration; deep-learning;

convolutional neural network
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Fig. 2 Flow chart of the CNN calibration model
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Table 4 Relative error (%) of CNN calibration model with
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Z 0.60 0.85 0.73
M, 0.91 0.95 1.09

o a4t
Y 5000 N
M, 200 N-m
M, 50 N-m
X 2000 N
Z 2000 N
M, 100 N-m
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AR SCEE X G kb BN B A R AR RS CRej AR
“S01-2 RF7, WIE D IFRE T F s At N A 5 1 e
VAl o 1% R BEE R  J) R A N T JF-12 3
B RS B 0 &R, Fog T EmT R AR L3R 5.

B3 ASERAHBMNERE

Fig. 3 The six-component pulse-type strain-gauge balance
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Wy=————xX F;i — P;;) x100%
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Table 6 Balance combining loading error (%FS)

i KPRHEAR CNNIRHERR [HE &40 B bRt bs

Y 0.05 0.015 0.4 0.1
M, 0.11 0.047 0.4 0.1
M, 0.21 0.157 0.5 0.2
X 0.02 0.017 0.5 0.2
z 0.04 0.024 0.4 0.1
M, 0.24 0.067 0.4 0.1
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YRS TR A0 B S ) KT S IR 22, O 5 [ 7 A S it
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L 70% IR AL F] T E 5 bR HE bR R
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s SRR KA I L35 I B 5 X Xipax 70 01l 2R
718 R P A B AT B K BT 3 s m R R 73
RHE BV RIREG TR i M R R o A
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Table 7 Balance combining loading repeatability (%FS)

1 n
=1

x 100%

g TR ONNEE  WERGH WG
AR B b b
Y 0.02 0.037 0.2 0.06
M, 0.02 0.013 0.2 0.06
M, 0.04 0.025 0.3 0.1
X 0.03 0.009 0.3 0.1
7 0.02 0.016 0.2 0.06
M, 0.14 0.041 0.2 0.06
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AL RV A I HE AN € BE AT T 40 47, VF
it A AR Y 15 B 1 45 SR 5 B S B A 2 1) ) el R
P, 7 s s e ) 25 2 v 1 R G i 22 R BE B R 22 o

8 NAEGE KT A A CNN A AR Y AN ff o2
FEXT LU H R, Horh k 7R BAG KP4 95% I 1AL 35 [
To RPARSUEA R CNN R HERBLRL 1) B RANH 2 5
CF ZAHE AT IR AT E B R RERG I AA

®8 REYFRIMEE (k=2) (%FS)
Table 8 Balance expanded measurement
uncertainty (k =2) (%FS)

I %f&/ﬁ ONNfge  EFbREH  EFEbRE

A3 A LA fitr
Y 1.0 0.26 1.0 0.3
M, 0.98 0.27 1.0 0.3
M, 1.74 0.78 1.2 0.5
X 0.51 0.47 1.2 0.5
Z 0.87 0.27 1.0 0.3
M, 1.0 0.29 1.0 0.3

i E B AN HE ¥ 28 5N KA 28 B PR FF — 2, o=
B EAABUAE A AT E L (EEAUE R ZRa
BARZEM R P LA MBEEN) . CNN K HER R
RAF WA E BLI /N T R PR 2 S 543 B A
B SE L o 2T CNIN A 10 5 25 I HE 11k RE e A% G % T
NIRRT BORIEE 3R TT .

5 Zit5RE

N TR R T AR TP ER S R HEPE R, AN SCIR
F R F CNN X R P s o 00 330 47 U8 B2 2 > g2 A 4k
. 7E5] N CNN AR Z 1, 5t 28 W 2% 5 R (L H6
BP 1 22 [0 4% . CNN 45 ) 75 KU K 1 5 28 e v v R
(R F 1 25 R AT T8 o N AR R T B S A e
RE, KPR HE it 8 e T 1) B RSP A il A R R —
B, AN T2 88 T S 8w 2. I, R A
A AR UE H B 3 2 ALY RE IR HE 1 %, FEXNT R AR R
AREHE AT CNN J7 v A8, mT KR HR R P e o

K FH CNN I G5 B AR o A5 28 S B0 7 R~ B 4 H
55 BT 52 B4 1 RS FE LG OC R o HdiR 45 R BRI
e85 ik, gR A IR 2 B M A E B =1
8 b d5e K PR IR R B BB I 70% . CNIN A #4528 56 R
PSS R AR TR R TR R T A
RUFAR T 2/ 4 5 18] B 2 T4, AR B0 T CNN 7E K
FERSRE R A S, NTEBEBRESEIEARS
JRGIR R P 458 HE R A8 XORE B A ORI A2 HE T 1 H
W AE )2 1 R Al 5 .
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