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Physics-informed neural networks based cascade loss model
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Abstract: It is difficult to modify and broaden the scope of application for empirical models because

of its inadequate ability to fit strong nonlinear function relationship. In order to solve these problems, a

physics-informed deep learning cascade loss model of embedding the pressure distribution of cascade into

neural networks was proposed. The loss prediction error decreased by 22.3% compared with empirical

model for end-to-end neural networks and 37.9% compared with physics-informed model.
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Fig. 1 Design process of conventional compressor blade profile
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Fig. 10 Loss predictions of different models and loss from CFD results
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