Workshop in Data-driven methods, machine
learning and optimization in fluid mechanics.
Leeds, March 30-31, 2023

MANCHESTER
1824

The University of Manchester

A Bayesian hierarchical multifidelity model
for turbulent flow problems

https://doi.org/10.48550/arXiv.2210.14790 - ) ‘d

Fh.V
Saleh Rezaeiravesh!?, Timofey Mukha? and Philipp Schlatter?

O l.
1 Department of Fluids and Environment, The University of Manchester, UK '.:_-i'.EXCELLERAT
2 Engineering Mechanics, KTH Royal Institute of Technology, Stockholm, Sweden
saleh.rezaeiravesh@manchester.ac.uk The

Alan Turing

Institute


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

Re

T

102 103 104 10° 100 107 108

ITITTII T ITITHI L TTITITI T TT’”"' T]uTTT]\TI 1 YTITTIT.[ IUBBLBLELRALL B |
MANCHESTER - e
Gz Introduction == =
- - 3
The University of Manchester 3x10° < Re, <108 U E T o
‘ + largest Re, range simulated in ZDES 1modxc 3)in 2()I~11
_ WRLES mode: N _= 806 x 10 points
Wa” b oun d ed tu rb u Ient ﬂ ows WMLES mode: N, =30 x 10 points
aircraft
3x107 <Re; <8x10%
‘ ships and (77 4
submarines il
% 5x107 <Re; < 10°
106 <R 107 ground
Source: https://www.shutterstock.com/ = r eL<T< : vehicles Deck et al. 2014
Ll L llll 1 llllllll Ll LllLL Ll Ll L Lill Ll Ll Ll LllLl
102 103 10* 10° 106 107 108 10°
Reg

Hierarchy of Turbulence Simulation Approaches
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HC-MFM: Hierarchical MFM with Calibration

Goh et al. Technometrics, 55(4):501-512, 2013
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Forrester et al. 2007;

yu(r) = (0r —
yr(x) = yu(x)

® Prior distribution for 6: t ~ U[5.8,6.2]

® True @ is 6

Fix HF data & increase LF data:

* More accurate predictions,
* More informative posterior for parameter.

Prediction

Application to a Toy Problem
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® NACAO0015 airfoil at Re = 1.6 x 10° 6°, steady flow
® Input: AoA (angle of attack) — > ﬁ

® Qutput: CL, CD (lift & drag coefficients)

Model Hierarchy: 15°, stall point, maximum lift

separation point
® M;: Wind tunnel experiments > ‘/\
® Bertagnolio 2008, LM Glasfiber wind tunnel \

® Inlet turbulence intensity (T.l.): 0.1% >
® AoA € [0°,19°]

2: Detached Eddy Simulation (DES)

® DES: A hybrid RANS/LES approach

® Data: Gilling, Sgrensen & Davidson 2009
o

o

relative
wind

AoA € [87,19°]
T.I. € [0%,2%]
® Mj: 2D Reynolds-averaged Navier-Stokes (RANS) simulations
® Data: Gilling, Sgrensen & Davidson 2009
® AoA € [0°,20°]

F. Bertagnolio. NACA0015 Measurements in LM Wind Tunnel and Turbulence Generated Noise, 2008 [2].
L. Gilling, N. Sorensen, and L. Davidson, AIAA (24)2009-270, 2009 [6].


https://en.wikipedia.org/wiki/Stall_(fluid_dynamics
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The HC-MFM should capture the stall =>
Kernel of the model discrepancy is modified.
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Polars for an Airfoll
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By Voetet al., 2021
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® Re = 5600

® For a ~ U[0.45,1.65] and v ~ U|[0.375, 1.74], estimate the PDF of the Qols.
® Qol: Height of the circulation bubble at some x/h

® Studied by Voet et al. 2021 using PCE-based and co-Kriging MFMs.

e M,: DNS
® Xiao et al. 2020
e M>: RANS

® ANSYS Fluent 2019R3, k& — w SST model with default coefficients except x with prior
k ~ U|[0.3,0.5]

® Total 125 RANS simulations: 5 x 5 x 5 Gauss-Legendre samples for a X v X k

® Computtional mesh: 150 — 500 x 10° cells
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HF: 5 DNS
LF: 125 RANS ~10@  x ® < ®
Ref.: 9 DNS*

Geometrical Uncertainties in Periodic-hill Flow

Predictions by the HC-MFM
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Computers & Fluids, 200:104431, 2020
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Bayes' formula for inverse problems

p(0,8|D) x p(D|6, B) p(0) p(B)

MCMC sampling MAP Estimator
(Markov Chain Monte Carlo) (Maximum a-posteriori)
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Promising results by adapting the HC-MFM of Goh et al. 2013 to turbulent flow applications.
HC-MFM is generative and can account for modeling and observational uncertainties.

For fixed HF data, HC-MFM priotorizes the accuracy of the predictions over the calibration of

fidelity-related parameters.

Keeping HF data fixed and increasing the number of LF data improves the accuracy of the

predictions and lead to more informative posteriors for parameters.

Based on our analyses, adopting an MCMC method for Bayesian inference is essential as point

estimators lead to inaccurate results.

HC-MFM can be applied to other applications.
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