
A Bayesian Hierarchical Multifidelity Model for

High-fidelity Predictions of Turbulent Flows

Saleh Rezaeiravesh1, Timofey Mukha2 and Philipp Schlatter2

1 Department of Mechanical, Aerospace & Civil Engineering, The University of Manchester, UK

2 Engineering Mechanics, KTH Royal Institute of Technology, Stockholm, Sweden

saleh.rezaeiravesh@manchester.ac.uk

Machine Learning Theme Launch,

University of Leeds, Nov 1, 2022

https://doi.org/10.48550/arXiv.2210.14790

mailto:saleh.rezaeiravesh@manchester.ac.uk
https://doi.org/10.48550/arXiv.2210.14790


Challenges:

• Computational cost

• Uncertainties

Taken from Sagaut et al. 2013

Hierarchy of Turbulence Simulation Approaches

Introduction

Source: https://www.idealsimulations.co

m/resources/turbulence-models-in-cfd/

• Several simulations of turbulent flows are required 

for outer-loop problems

• Multifidelity Models (MFM): achieve high 

accuracy given a limited computational budget

• We need a MFM that:

- is consistent with turbulence modeling hierarchy,

- can handle uncertainties.

Kennedy-O'Hagan, 2001 (KoH-2001):
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Source: https://www.shutterstock.com/

https://www.idealsimulations.com/resources/turbulence-models-in-cfd/
https://www.shutterstock.com/


Hierarchical MFM

• Goh et al. 2013 extended the KoH-2001 model to an arbitrary number of fidelities:

Bayesian Inference:
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Impact of Angle of Attack on Lift and Drag

https://en.wikipedia.org/wiki/Stall_(fluid_dynamics)

Stall

Fidelities:

- Experiments

- DES (Detached Eddy Simulation)

- RANS
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https://en.wikipedia.org/wiki/Stall_(fluid_dynamics


Geometrical Uncertainties

From Voet et al., 2021

RANS modeling parameter

4 DNS

125 RANS

5 DNS

125 RANS

Ground truth: 9 DNS (from Xiao et al. 2020)

Further reading: S. R., T. Mukha, P. Schlatter, 2022, https://doi.org/10.48550/arXiv.2210.14790
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QoI: height of the 

separation bubble
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