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Data-driven Turbulence Modeling



Motivation

Both SA and SST k-w models overpredict
the length of the separation bubble

An underprediction of Reynolds stresses is
responsible for the prediction of a delayed
reattachment

Both models accurately predict the skin
friction behavior immediately after flow
separation

The SST k-w model predicts a faster skin
friction recovery compared to the SA
model
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Inferring a model inadequacy field via Field Inversion using FUN3D
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Feature Design for SA model
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Vorticity Reynolds number: Req =
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Turbulence Reynolds number: Re; = —
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Feature candidate: 7, 1 = ReQRet2
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Generalizability to different flow Reynolds numbers

Feature candidate: 1, 1 = RBQRB%

The parameters w1 within an augmentation function ,8(77,,,,1; w1 ) were calibrated based on the data
obtained from field inversion that was performed on the hump case.

Hump case: improves @ Curved back-step: no change@ Periodic hill: no change@

A third quantity is needed within the feature to generalize to different flows.



Designing the analytic augmentation
dwVk

v

Turbulence kinetic energy (TKE) Reynolds number: Rej, =

1

Limiter to activate the augmentation only in regions of Re; > 10: nf. = 15 (100 — 10Rey)
exp — €t

0.61 0.39
ReQ Ret . /
Rey, "

The feature was formulated via trial-and-error as follows: 1y =

A simple closed-form expression for the augmentation (multiplied to the production term in the
transport equation for k) is proposed as follows:
max _ 1
°B
1 + exp(100(cy, — nr))

B=1+

where ¢y, = 0.9 and ¢22X = 5 were found to be appropriate values for the constants.
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Beta is multiplied to the production term in the SST model.


Results
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Based on height the Re is around 125,000
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Stability-Based Surrogate Modeling of Transition



Modeling the Amplification of TS Ins_

« Existing data-driven models based on analytical curve fits
(Drela & Giles, 1987) or rapid interpolation techniques
— Not well-suited for large number of “stability modifiers”
— Do not allow easy modifications for custom/new data
« CNN-encoder architecture provides a computationally
efficient alternative to conventional fully connected networks
— Can also enable physical interpretation of learned features of BL

(a) Convolutional Neural Network

Convolutional layer

- :. |

Pooling layer Pooling layer

boundary layer
profiles (U, U,, U,,)

Convolutional layer /

(b) Fully Connected NN

Encodes boundary layer profiles to latent physical parameters

Zafar et al., Phys. Rev. Fluids, 2020

Maps physical parameters
to instability amplification rate
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Physical Interpretation of CNN B_

= Correlation between feature (W) extracted by CNN from airfoil velocity profiles and
profile shape factor (H) shows that CNN is learning the velocity shape factor
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Surrogate Model for Crossflow Instability
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Surrogate Models Based on Deep Learning
HIFiRE-1 Flight Experiment: Ascent Phase (t = 21.5 sec)

N-factor envelopes:

NS; Navier-Stokes (NS)

TM™: iocally self-similar profiles based on
Taylor—MaccoII post-shock conditions
self-3|m|Iar profiles based on local Nosatip
edge Condltlons (LE) with zero or
no zero Hartree pressure gradient
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