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Design Support Techniques for Turbocharger using Machine Learning and CAE
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Recently CAE is becoming widely used in the design of turbo machinery, such as turbochargers and jet engines, to predict
its performance. In some specific cases, however, it is difficult to predict the performance using CAE. This is mainly because
the physical phenomena are not completely clarified due to their complexities. Furthermore, CAE is also used in combination
with the optimizing techniques, such as genetic algorithms and response surface methods, to obtain better design solutions.
Although many simulations are performed and accumulated, these optimization techniques cannot utilize the accumulated
knowledge. In this research, two machine learning techniques, deep neural network and deep Q-network, are applied to two
problems respectively: performance prediction of the volumetric flow at the surge of compressors and a shape optimization
targeting minimization of pressure drop of the low-pressure turbine airfoils. The results show that deep neural network has high
predictive accuracy while not requiring physical models. It has also been confirmed that deep Q-network acquires high
generalization capabilities to be applied to different scenarios by training with various conditions. In addition, it has been
revealed that deep Q-network puts large weight at the same point as well-trained designers do.
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Table 2 Performance comparison of DNN and other machine learning

methods
— Tt ® RMSE
1 fill (kg/m®)
DNN SVM RF KRR
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B3k Y—ViiE, ¥—YRUL)IHO RMSE
Table 3 RMSE of prediction of volumetric flow rate and pressure ratio at surge for test data

H— Vi D RMSE W — Y RiEJI O RMSE
L il (kg/m®) (-)

A B | Mu<13 | Mu>13 A B | Mu<13 | Mu>13

A 02297 0.076 0 0.349 4 0.005 3 0.004 2 0.006 5

B 0.0324 0.036 5 0.014 7 0.060 9 0.040 3 0.099 8

C 0.083 7 0.048 5 0.1182 0.046 2 0.0122 0.0715

D 0.101 3 0.098 2 0.104 2 0.0529 0.008 8 0.074 2

E 0.196 8 0.0819 0.266 0 0.010'5 0.004 6 0.0142

F 0.387 4 0.180 5 0.787 5 0.036 8 0.006 1 0.0813

MEEH 7 — % 4k | 02083 0.104 6 0.3079 0.040 1 0.017 5 0.060 6
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