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Abstract: The airflow characteristics of the internal flow path of an aero-engine compressor are complex, and
the vortex flow field around the blade is characterized by high pressure, high speed, rotation, and unsteadi-
ness. Therefore, there is an urgent need to calculate and predict the aerodynamic characteristics of the complex
flow field around the compressor blade efficiently and accurately. The computational fluid dynamics ( CFD)
method was used to generate the aerodynamic load distribution on the blade surface under different operating
conditions for the study of the complex flow fields around aero-engine blades. The radial based function ( RBF')
neural network was applied to establish the pressure surface aerodynamic load prediction model, and the neural
network modeling method was combined with the flow field calculation. The neural network method can learn

and train the CFD-based data set to properly compensate the errors from the CFD, which provides a reference
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for the effective prediction of the complex flow fields around aero-engine compressor blades.

Key words: radial basis neural network; computational fluid dynamics; compressor blade flow field
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Fig. 1 The blade meshing
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Fig. 2 The flow field channel meshing
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Fig. 4 The blade position distribution in the flow passage
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Fig. 5 The flow direction diagram of the pressure surface
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Fig. 6 The flow direction diagram of the suction surface
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Table 1  Experimental design

experiment No. rotational speed w /(1/min)  entrance flow ¢ /(kg/s) temperature T /K outlet static pressure P, /Pa
1 4 000 1 280 150 000
2 4 000 3 300 160 000
3 4 000 5 320 170 000
4 4 000 7 340 180 000
5 4 000 9 360 190 000
6 8 000 1 280 150 000
7 8 000 3 300 160 000
8 8 000 5 320 170 000
9 8 000 7 340 180 000
10 8 000 9 360 190 000
11 12 000 1 280 150 000
12 12 000 3 300 160 000
13 12 000 5 320 170 000
14 12 000 7 340 180 000
15 12 000 9 360 190 000

gL
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gk
experiment No. rotational speed @ /(1/min)  entrance flow ¢ /(kg/s) temperature T /K outlet static pressure P, /Pa
16 16 000 1 280 150 000
17 16 000 3 300 160 000
18 16 000 5 320 170 000
19 16 000 7 340 180 000
20 16 000 9 360 190 000
21 20 000 1 280 150 000
22 20 000 3 300 160 000
23 20 000 5 320 170 000
24 20 000 7 340 180 000
25 20 000 9 360 190 000
26 4 000 5 300 150 000
27 4 000 7 300 150 000
28 8 000 5 300 150 000
29 8 000 7 300 150 000
30 12 000 5 300 150 000
31 12 000 7 300 150 000
32 16 000 5 300 150 000
33 16 000 7 300 150 000
34 20 000 5 300 150 000
35 20 000 7 300 150 000
36 4 000 3 300 150 000
37 8 000 3 300 150 000
38 12 000 3 300 150 000
39 16 000 3 300 150 000
40 20 000 3 300 150 000

2  RBF ffi& M %%

BP #4514 A JZ BIBZ B IC Z [N AGE R, 11 RBF #0128 W 255 A2 21 B2 o0 2 (8] E 42,
BP 125 W 25 5y L1 B Ry i dre/ DML, 2 >0 i BRI SIGHE P12 B )2 5 e 21 s B EME LA & , 1T RBF #2225 B
A AR T A RRE ] RBF AR B BT« 7 A4 il a2 25 ] 3 gt T IR i A ] o B e S 3 B2 25 1]
HATE LRI AEZE Y RBF WO € 5, Wi 1 3 F i 5 G 28 B2 380 i 1 2 () iy il 559 2 4
14, B0V 285 Fréy i 25 T B2 B e A 1 A IR, HLTC SRy AR /N Tl R A  f 1 JRi S e P AR 38 BP 2
P2 RBF 28 [0 265 ELAT S v 1) FR0IUA B2 | REABAS 3 SO A sl P 25 58 | i LAAS SCHE 3 RBF il 28 19 28 % 4
AT IR,
AT FH 30 PREUE: Gauss B2 PR, WNZN (1) 7R, Gauss B BRELEA B 4F 00 R Rt BEE 5 o0 5,
Y BE B4 K RBF RH 52 B a3 IR B s TF. x, WA i MAREA, ¢, Ao s IS j Mo
BB L FROR R R
Ri(x)=exp{_ I~ ZJ. (1)
20°
&1 10 iy RBF 125 [0 2% 22 A Sty 80 () SR A 25y | TRl rh s AT 0K n A4S B 5 80 m At T
HNIADAE—RAT R X = [x),2,,-,x, ] 50 DEERITHHE T RBF N o (| X —¢; | ),¢;=[c;,cn,,
0] NIRRT, 10 = 1,2, ,m) 5 K 0 5 e 2 I AR, RBF 02202 10311

Y(X)= Dwe( | X-¢ll), j=1.2,+,m. (2)
j=1



1194 A R~ G SO | ) = 2023 4E i 44 %

10 RBF 14 M 454544
Fig. 10 The RBF neural network structure
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Fig. 11 RBF neural network prediction results for the middle, the tip and the root at 5 000 r/min
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Table 2 Error comparison results

rotational speed @ / (r/min) 4 000 8 000 12 000 16 000 20 000
error 8 /% 4.59 4.29 2.42 1.33 5.52

TEASCHY 40 2B R BT e b, S 1A ST A RO Y B 00 B AN B, S B UE BT i 57 RBF
Mz AR Iz ALRE ), BT TR R R, XS PN BORE A EAT IO, JE XS ARAE 40 ZH 5250 i
BB 12 BTG BUHEAT TN, BUMERZE AN 3 B, RZEITE 5% LIRS, U] RBF 22 0 2810 Y T 24
B

R 3 HABFHAAE T R 2

Table 3 Prediction errors at other speed conditions

rotational speed @ /(r/min) entrance flow ¢ /(kg/s) temperature 7' /K outlet static pressure P, /Pa error 8 /%
5 000 3 300 150 000 1.2
6 000 3 300 150 000 2.3
7 000 3 300 150 000 2.6
9 000 3 300 150 000 2.7
10 000 3 300 150 000 3.1
11 000 3 300 150 000 2.4
13 000 3 300 150 000 2.6
14 000 3 300 150 000 3.1
15 000 3 300 150 000 2.6
17 000 3 300 150 000 2.4
18 000 3 300 150 000 2.5
19 000 3 300 150 000 3.0
4 4 ik

ARSOR A2 M 25 535 B T s A sh LR ML 2R I I, 2 T BIR i) JELAEL 3 o X == % 3
HURE RIS Sl e A R e IR R 1 I RS s B 7 vk S T SR IR B4 R AR A
.

ARSCEE ST AU s S T 137509 RBF M2 ROZEASRY | Sf i 3R TR 1 AT 1 9 oA, S8l T
N A2 R 28 7 iR RSP AR R g, THE O 45 R AL ERL 3 20 000 +/min Z54F T BYIR 2N 5.52%,
HRFM T RRZEL/INT 5% 5T M2 M4 B IR R S 2R i S AL, AT L3 3 A28 90 0 2% 1 ok B0 AN
[IRIAG 26 PF T F LM Fr 9T 1 3, TR AT i i sl a2 O A R v, it A 2 G BRASE A A — E 1Y
WRZE, M R LT AT LASRANX — A A2

EH T2 TARR IR E R MLE 2 -~ 53k, P B A FERS 52 5 715 SO TR A A B 48, (AN ]
S A 22 6] A4 S O AR REAS L R AT B2 B IR LI e R TR B R, A R SR L A
A ARLANE B ) A BT SR A RN ) 2 5 TR 1.
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