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Prediction of aerodynamic characteristics of compressor blade profile
based on deep learning
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Abstract: A combination of numerical simulation and machine learning was used to investigate the
prediction of aerodynamic coefficients in the flow field of a double-circular-arc leaf shape of a compressor.
Parametric batch modeling of the double-arc impeller shape was carried out, and numerical simulation was
performed by computational fluid dynamics. The mapping of model data from numerical simulation to
aerodynamic performance was provided to multilayer neural network (MLP) and convolutional neural
network (CNN) for learning, and the accuracy of the prediction models was tested and compared
respectively. It was found that the accurate prediction of the impeller mechanical internal flow field
aerodynamic coefficients can be effectively performed by deep learning, and the error rate of the model
predicted pressure coefficient was less than 0.2% and the error rate of loss coefficient was less than 1.2%,
proving that CNN was better than traditional fully connected neural network in the accuracy of

aerodynamic coefficient prediction.
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Fig. 1 Typical compressor aecrodynamic design process
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2% % (error ratio, ER, &7 510°h E,), B &L
TR B T a5 22, R A A an

Erms =V Ems (10)
E.=E./E (y) an

Af E() BB EIE, & 2 Pl LA ), 1
T Ik VRS EAe D5 ik, i EE AL D5 %
RCR BA W RIS 5771 2 XTI RUA H,
B RBUZ X BRI A S A & B RIIE . 53 4h
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Table 2 Comparison of test results

) G, w

AT %

B E/% Emg E/%

Wik 0.1504 2.872 0.2475 10.45

Frik 2 0.2792 5.332 0.3263 13.78

ResNet-18 0.009 7 0.184 0.0293 1.256

ResNet-50 0.0126 0.240 0.0313 1.343

ResNet-34 0.009 1 0.173 0.278 1.192

M 3 FifAS [A] B ResNet 9 M BE Lb 4 AT LA ) Res-
Net-34 LI E4F, ST 2.2 W 0 A REE, %L
% 1 2% ResNet-18 A Lt # T ResNet-34 KA fig
FIARIE, BRI M 2% ResNet-50 A b4 T ResNet-
34 Y Zriem i 05, 1 Uk RE SR

4 & g

1) AR T —F SIS s 2
B I vk, ¥ CFD BB SR 2= S M4 6
AT DA RIS B0 B s )

2) MR 5£ 5589 CFD &AL, 7T LA,
Bl 2 B0 E B TN, P B T e R R R,
ATDLVE W BAT W A O3, O S AR B it A
g A B TIOI RS AR, B RT R D O B S
X > AT SR BUE AR AL S AL 8% 2 T 45 5 BB
iy

3) BRI B R ) REORZEF/NT 0.2%,
BUEIR REORZEFRNTF 1.2%, B 248 3| Rl
TH 0T TRORG B

4) ZRICR AR B S B R AR AL T —
FPO7 v o Anfapfe T 00 A S] CNN, DL KB & 10
BT 77 AV RE 7 FIUR JBE 2 2] I 52 32 B N\ B0
SEAR SO TAERE T ARSI 1) o
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