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Abstract; Neural network model can quickly and accurately predict the aerodynamic performance of
wind turbine airfoil based on existing data,but the construction of a large number of learning samples re-
quires a high time cost. To solve this problem, a neural network model of wind turbine airfoil based on
small sample set was established,and an optimization design method for aerodynamic performance of air-
foil under multiple constraints was proposed,which solved the problem of insufficient learning caused by
too little training data. Based on the established optimization design model , the optimization design of NA-
CA4415 airfoil was completed by using particle swarm optimization algorithm. The aerodynamic character-

istics of the new airfoil and the original airfoil were compared and analyzed. The results show that the
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maximum lift coefficient and the maximum lift-drag ratio of the new airfoil in the main angle of attack are

increased by 6.96% and 7.37% ,and the aerodynamic performance of the new airfoil is significantly im-

proved. Moreover, the optimization efficiency of this method is much higher than that of the traditional

method , which verifies the feasibility of this method.

Key words: wind turbine airfoil , neural network,small sample ,multiple constraints , optimization design
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Fig. 3 Neural network training and prediction results
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2 BREMBAREN

DUAL S (0 3L O 35 Foe KA X B AN o7
AIE SRR 8, e KA i A X B A
BAEGHATEE N, I, &2 A 3 4
TEARZHOG AT, SR Jim 1) P L 2 o 42 ) 248 S T 4
BREE LI T Z2UAufet. B4 hE AL
ZER R B B AT AR BB, AR
TR HLE, JB T AL R M T 3 Y

0.15

0.10 -

~0.05 I I I I
0 0.2 0.4 0.6 0.8 1.0

x/mm

B4 SRAURM=EREEER
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Tab. 3 Parameters of airfoil shape

FORAAR KRB

) BAHIN RS WY
3

CST 2% LR TR
1 0.3358 0.2250
2 0.347 2 0.212 2
3 0.437 8 0.220 3
4 0.334 6 0.207 0
5 0.402 0 0.190 4
6 0.456 3 0.2399
7 -0.1315 -0.204 9
8 -0.042 7 -0.174 6
9 0.047 2 -0.1920
10 -0.014 3 -0.163 5
11 0.076 1 -0.194 5
12 0.072 0 -0.114 0
13 0.020 4 -0.1956

R/ % BLE/ % JE R/ % 7B/ % mm?
G 4.02 40.29 15.00 30.00 0.10
ik 5.36 43.44 15.00 34.20 0.10

y/mm

x/mm
7 MAETEERNT L E
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Tab. 4 The errors of optimization results
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Tab.5 Time comparison of the two methods
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1 0.006 8 0.344 6
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