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Abstract: In wind tunnel experiments, sensors are normally placed on wing surfaces to measure the
aerodynamic load at the corresponding positions. Due to the limited number of the placed sensors, it is
difficult to directly obtain the holographic aerodynamic load distribution of the whole wing. In this paper, we
use machine learning methods to reconstruct the holographic aerodynamic load on the wing surface from the
limited sensor data, and propose a method to optimize the placement of sensors using the simulation data. We

select limited position data from the wing holographic aerodynamic data calculated by computational fluid
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dynamics (CFD) to simulate the sensor experimental data, and compare the reconstruction accuracy of the

deep learning model, Gaussian process regression (GPR) , support vector regression (SVR) and BP neural

network (NN) to the aerodynamic load. The sensor layout is optimized by evaluating the holographic load

accuracy reconstructed by the sensor data. The M6 wing is taken as an example to verify the proposed method

under two given working conditions. The experimental results show that the GPR model achieves the best

accuracy of aerodynamic load reconstruction. The optimal section number and single section number of M6

wing under different total number of sensors, the optimal arrangement under the lowest number of sensors,

and the arrangement of sensors in the leading edge area and spanwise section where the flow field changes

greatly are all given.

Key words: computational fluid dynamics(CFD); aerodynamic load reconstruction of wing; pressure

coefficient; wind tunnel experiment; machine learning
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Table 1 Working condition parameters
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Fig.9 Experimental results of reconstruction error of aero-

dynamic load of wing under different sensor place-

ments with sample number 960 and 1 200
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Fig.11 Experimental results of reconstruction error of aero-

dynamic load of wing under different sensor place-

ments with sample number 240
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Table3 Section Z coordinate

YR Z 445 /m W LA Z 4845 /m
0
0.24 0.56(#m 1)
0.48
0.71
0.95 0.87(#TH 2)
1.18

2.2.3 WHhmEHR L

PRI XU 512 56 e ML 3L 1 2% ] L) 0 2 R A A Oy
522 TS DX 1Y S Bl 28 e AR Ak AR 6T R B, R O AR
T I8 T 2K R A T BN . AR SCHEAT A
BESLI , o 4 S R 2 S0 SRASE RN R A A W] A9 T 2%
%7 AT 8, SR i B SR A Fin . AR A S
J7 2T B 38 Aor FAGAE B W& 19 .20 firn . H B 19,
2000, FE T 1.2 R, 4L SE 58 JL-F- B A2 8 51
ST RRAT T 8 0 T RORS BE . DRI 20 %5 7 =X
PTG B 2 AR R Sk X A a5 R 2 A
173 B0z Iy 20T (0 3R 1R 22 80K, B L AT 2o
5 B DR FF T 2% 5 AR H 4% DA 2095 38 LA

4 HORBENUEMEHSARNBARE

Table 4 Two settings of uniformly and densely placed
sensors at leading edge area
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Fig.21 Experimental comparison between uniformly sam-

pling of 30 points per section and densely sampling

at leading edge (Angle of attack —30°)
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pling of 60 points per section and densely sampling
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Table 6 Spanwise section layout
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