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Fig. 6 Schematic of ensemble methods for model-consistent turbulence modelling
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Abstract: Reynolds-averaged Navier-Stokes (RANS) method is widely used in engineering applications including aerospace
and underwater equipment. However, the inadequacy of turbulence models used in the RANS method often leads to
significant prediction uncertainties. In recent years, data-driven methods have gradually become a powerful tool for
constructing high-fidelity turbulence models. The ensemble Kalman method is one of the data-driven methods based on
Bayes’ theorem, which can combine physical models and sparse observation to improve predictive accuracy. This method
has recently been used for reducing model uncertainty and constructing neural-network-based turbulence models. This
paper mainly introduces the development and application of the ensemble Kalman method in turbulence closure problems,
including the classical ensemble Kalman method, the regularized ensemble Kalman method, and the recent progress of

applying these methods in field inversion and turbulence modelling.
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