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Abstract: In order to solve the problem of low efficiency of traditional design methods due to the multiple
design parameters for customized blade of heavy-duty gas turbine compressor, a surrogate model for
quickly predicting the loss and deviation angle of customized blade of heavy-duty gas turbine compressors
was established based on artificial neural networks. In this model, an initial database was established
based on the customized blade profiling method for heavy-duty gas turbine compressors and the S1 analy-
sis tool. To further improve computational efficiency, sensitivity analysis was conducted on blade design
parameters, identifying key parameters of blade design and reducing the dimensionality of the surrogate
model. The results show that the surrogate models have good prediction accuracy, and the prediction time
is significantly reduced compared to traditional design methods. Reducing the dimensionality of surrogate

models based on key parameters can lower training costs, enhance model rationality, and improve the ap-

WimEH:2024 - 11 -28; fEITHH:2025 -01 -15
B2 . H R E AL (12019- 11 -0005-0025, J2019- [ -0004-0024 , J2019- 11-0017-0038) , M2 % SHL MRS A HLEERRLE U030 H
(P2022-B-V-004-001)
Fund-supported Project : National Science and Technology Major Project (J2019- Il -0005-0025 ,J2019- Il -0004-0024 ,J2019- 11 -0017-0038 ) ; Scie-
nce Center for Gas Turbine Project (P2022-B-V-004-001)
EZ B XAH (2001 - ), 55, BIBSCHE KA BT A
BAEVEE B HE (1986 - ), 55, LSS K7 B BF ST 5t



$22- e fE

B o TR

2025 4

plication value of surrogate models in blade design and optimization.
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Fig. 1 Calculation process of blade database
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design parameters
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Fig. 3 Comparison between experimental result and MISES

Iculation result of Mach number distribution on airfoil surface
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Fig.4 Comparison between experimental result and
MISES calculation result of total pressure loss

coefficient- incidence angle
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