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Abstract: A flow feature embedding proxy model ( embedding flow feature network, EFFN) was proposed, to
improve the prediction accuracy of the proxy model by integrating the flow field information into the proxy
model, and enable the proxy model to predict flow features. The requirement for the total number of training
data samples in the EFFN is consistent or even less than that of traditional surrogate models used for aerody-
namic optimization. It has higher prediction accuracy than traditional surrogate models with the same sample
size, and can accurately predict flow characteristics, while to some extent solving the problem of poor physical

interpretability of surrogate models. Meanwhile, due to the more reliable values predicted by the EFFN, it has
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while the total pressure loss coefficient of the opti
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better optimization results in aerodynamic optimization design. The results of optimizing the aerodynamic per:
based on the DBN model relatively decreases by 17.3%

mized blade profile based on the EFFN model relatively decreases by 18.0%

formances of the 2D blade profiles show that, the total pressure loss coefficient of the optimized blade profile
mized blade profile based on the EFFN model was highly improved
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Table 1  Latin hypercube sampling parameter settings

parameter setting
number of samples 400
number of dimensions 8
stratification equal-width
sampling method random
variable bound [ -0.006,0.006 ]
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Fig. 3 The computational mesh of the cascade blade

Table 2 Computed performances of 45% span cascades with different meshes

number of grid nodes

total pressure loss coefficient

outlet flow angle/(°)

127 098
173 666
240 298
303 458

0.029 5
0.029 2
0.028 9
0.028 8

22.4
22.5
22.5
22.5

®3 BEBBBITTEH

Table 3 Numerical simulation design parameters

parameter value
freestream velocity 0.8Ma
fluid density/ ( kg/m®) 1.047
reference length/m 0.1
inlet total temperature/K 293
inlet total pressure/Pa 122 800
inlet flow angle/(°) 45.56
turbulent viscosity coefficient/ (m?/s) 0.000 1
outlet static pressure/Pa 101 325
blade pitch/m 0.061 1
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Fig. 4 The schematic architecture of the deep belief network ( DBN) model
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Table 4 AE dimensionality reduction model parameter settings

parameter value
number of encoder hidden layers 3
encoder hidden layer size 64
number of decoder hidden layers 3
decoder hidden layer size 64
learning rate 0.002
number of max epochs 2 000
number of batches 64
— true value

— reconstruction value
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Fig. 8 Reconstruction of the isoentropic Mach number distribution on the blade surface by the AE model
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Fig. 9 Schematic diagram of 2 types of surrogate models
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Fig. 10 Convergence curves of surrogate models
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Fig. 11 Predictions of total pressure loss coefficients for 2D blade profiles
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Fig. 13 Relative errors of EFFN and DBN on the test set
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Table 5 Parameter settings of the genetic algorithm

parameter value
population size 100
crossover probability 0.5
mutation probability 0.1
number of maximum generations 200
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(a) The iteration process of optimal solutions of (b) The iteration process of design variables
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Fig. 14 The genetic algorithm iteration process
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Table 6 Comparison of baseline and optimal blade profiles

total pressure loss coefficient relative error/ % outlet flow angle/(°) relative error/ %
baseline 0.028 9 - 22.5 -
EFFN OPT 0.023 7 -18.0 22.8 1.3
DBN OPT 0.023 9 -17.3 22.9 1.8
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Fig. 15 Comparison of geometric topologies between original and optimized blade profiles
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Table 7 Comparison of acrodynamic parameters for optimized blade profiles

total pressure loss coefficient relative error/ % outlet flow angle/(°) relative error/ %
CFD 0.024 0 - 22.7 -
EFFN 0.023 7 1.3 22.8 0.4

(a) JEIRAT2Y (b) DBN flfb4hR (c) EFFN kg
(a) The original (b) DBN OPT (e¢) EFFN OPT
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Fig. 16 Comparision of the static pressure contours between the original and optimized blade profiles
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Fig. 17 Comparision of the isoentropic Mach number contours between the original and optimized blade profiles
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