55 34 % 5 8 M) M= N FH Vol. 34 No. 8
2019 £ 8 H Journal of Aerospace Power Aug. 2019

XEHS :1000-8055(2019)08-1751-08 doi: 10. 13224/j. cnki. jasp. 2019. 08. 014

ETREZFINESERPNEKET
53 %6 Fu

B Omtt, k&, AR, B
(1. PEJE Tl K2: B ANURFFI R T S LI %, P54 710072;
2. PAL T KR Miss2£Be, % 710072)

1 s RIT — BRI TR B A 2 TR S A 2% K 7 43 A O Dy vk L 3 % 3R LA R AR SR B R
ﬁ%ﬁ[théizﬂ’sé%ﬁﬂk HENL T A B 4 ) 25 AR AL (CNIND L I BT E 55 3 44 T 2% (CFD) [ 3153 25 R A o FL I Rk
A BRI A TR TSR 1 A A B . S5 R R W W R O i T S A SR B L BE KT 0. 98, L TR
R IR RERT 1. 75, CFD J7 ik #ERT K F 50 s, T4 8] R K46 5o 1% 7 5 ARG AL 5 JE VT 50 KRG BE I 4 16 F
P2 5 VSRR IR N Al A 3 A 1 R

x 8 W: BRAEM; BE¥Y: HREMa Hfﬁ (CNN); S8tk ik JE 1o fi

hES%ES: V211.3 MEARERG: A

Prediction of hybrid airfoil leading edge pressure distribution
based on deep learning
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(1. Laboratory of Science and Technology on UAV,
Northwestern Polytechnical University, Xi'an 710072, China;
2. School of Aeronautics,
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Abstract: A prediction model on the leading edge pressure distribution of the hybrid air-
foil based on deep learning was proposed. A convolutional neural network model (CNN) was
established on the basis of the geometric feature extraction of the hybrid airfoil and the pa-
rameterization of the pressure distribution curve. A group of hybrid airfoils with different
trailing edges were analyzed by a verified CFD method. The CFD results were used as the
training set of the CNN. Results show that the goodness of fit of the calculation results of
the two methods exceeds 0. 98. The proposed prediction method based on deep learning takes
1. 7s and CFD method takes more than 50 s, computation time is greatly reduced. The pro-
posed method can improve the computational efficiency with satisfying the calculation accura-

cy and it can be applied to the design processes of other airfoils.

Key words: hybrid airfoil; deep learning; convolutional neural network(CNN) ;

parameterization method; pressure distribution
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