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Data-driven Turbulence Modeling



Motivation

3

𝑥𝑥

𝐶𝐶 𝑓𝑓

• Both SA and SST 𝑘𝑘-𝜔𝜔 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 𝑘𝑘-𝜔𝜔 model predicts a faster skin 
friction recovery compared to the SA 
model



Inferring a model inadequacy field via Field Inversion using FUN3D
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Feature Design for SA model
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Generalizability to different flow Reynolds numbers

6



Designing the analytic augmentation

Presenter Notes
Presentation Notes
Beta is multiplied to the production term in the SST model.



Results
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𝑥𝑥 𝑥𝑥
2D NASA wall-mounted hump 2D Curved backstep 2D Periodic Hill

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



Modeling the Amplification of TS Instabilities in 2D BLs
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• 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

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

• CNN-encoder architecture provides a computationally 
efficient alternative to conventional fully connected networks
– Can also enable physical interpretation of learned features of BL



Physical Interpretation of CNN Based Latent Features
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 Correlation between feature (𝝭𝝭) extracted by CNN from airfoil velocity profiles and 
profile shape factor (H) shows that CNN is learning the velocity shape factor

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓



Surrogate Model for Crossflow Instability

(a) Average relative error in predicting envelope N-factor for several infinite-swept wing 
configurations with multiple combinations of  Reynolds number, sweep angle, and angle of 
attack. 

(b) Detailed model assessment for a canonical flow configuration: NLF(2)-0415 airfoil with 45-deg. Sweep, -4 
deg. AoA abd Rec = 3.2e6. Comparison of N-factor curves and resulting transition locations (Ntr = 7) 
based on neural network models (blue lines) with those based on direct stability computations (red 
curves, denoted as LST)

• Database of >105,000 different configurations for flows over infinite wings across 26 airfoil geometries 
and various angles of attack, Reynolds numbers and sweep angles

Presenter Notes
Presentation Notes
Improved modeling of boundary-layer transition is critical to accurate predictions of aerodynamic metrics, particularly, the skin-friction drag. Phenomenological transition models based on RANS-like transport equations have enhanced the ability to predict boundary-layer transition in a CFD integrated manner.  However, they have a loose connection, at most, to the pertinent transition mechanisms and their validity is restricted by the limited range of the underlying empirical correlations. Models based on linear stability correlations have a stronger link to the transition physics; however, they are difficult to integrate into largely-scale CFD computations and also require significant user expertise. 



Surrogate Models Based on Deep Learning
HIFiRE-1 Flight Experiment: Ascent Phase (t = 21.5 sec) 
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Re = 4.9 × 106/m 

N-factor envelopes: 
NS: Navier-Stokes (NS) 
TM: locally self-similar profiles based on 
Taylor-Maccoll post-shock conditions 
LE: self-similar profiles based on local 
edge conditions (LE) with zero or 
nonzero Hartree pressure gradient 
parameter 𝛽𝛽𝐻𝐻 

N-factor curves based on CNN
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Presentation Notes
Improved modeling of boundary-layer transition is critical to accurate predictions of aerodynamic metrics, particularly, the skin-friction drag. Phenomenological transition models based on RANS-like transport equations have enhanced the ability to predict boundary-layer transition in a CFD integrated manner.  However, they have a loose connection, at most, to the pertinent transition mechanisms and their validity is restricted by the limited range of the underlying empirical correlations. Models based on linear stability correlations have a stronger link to the transition physics; however, they are difficult to integrate into largely-scale CFD computations and also require significant user expertise. 
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