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/Motivation

* Turbulence modelling!!: 2!

e Volumetric observations 3

 Accurate background condition 1

To assimilate observations and optimise the analysis trajectory for turbulent flows using:

* Background covariance estimation

* Optimised model coefficient

Mathematical Formulation 4]
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Numerical Formulation

Forward/Tangent Iteration* Backward/Adjoint Iteration

Output
Sub-grid model ;

L

| Initialisation
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convection/diffusion |
time advmcuu’
velocity divergence |

*

pressure Pol-_

¥

convection/diffusion

variance calculation

time advancement

SGS diffusion

velocity divergence

effective advection

Time loop

pressure Poisson

pressure grad

divergence contribution

/Glossary:

X, — Initial state (x) of the system

u — Control parameters

B — background covariance matrix
R — observation covariance matrix

H - observation operator
Y — set of observations
M — dynamical evolution model
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pressure gradient

‘ . | velocity correction
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(0,M)* - adjoint of the control dynamical

Initialisation

A — adjoint variable
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model
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* Based on Incompact3d !

v Turbulence modelling facilitates assimilation of

v" Fully-defined background covariance matrix reduceh
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