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Scientific problem :
Simulation & data assimilation under severe dimensional reduction

typically, 107 - 0(10) degrees of freedom
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odB¢
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d d
tht =w(t,X;) + a(t Xt)

Bt

J
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Gaussian
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white in time
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POD-Galerkin gives SDEs for resolved modes

v=w+7v’

Resolved fluid velocity:

w(x,t) = Xizo bi(t) P (x)

[ 6160 (0w + COww) + FGw) + (o8, w) = F)
Q
Unresolved fluid velocity:

/ O'dBt
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From 107 to 8 degrees of freedom

TEST CASES

Full-order POD Reduced-order reference
reference eigenvalues o o noar docombetion

Vorticity

Easy case

Reynolds number
(Re) =100
2D
(10* dof)

NDOrT. Ap

Q-criterion

Difficult case -

Reynolds number
(Re) =300
3D
(107 dof)

NOrm. A

. . ti
(round) wind turbine blade 0 Resseguier et al. (2021). SIAM-ASA J Uncertain . hal- 03169957
Resseguier et al. (2022). J Comp.Phys . hal-03445455
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DATA ASSIMILATION
On-line estimation of the solution

Reference

PCA-projection of the DNS

(Optimal from 8-dof linear decomposition)

=5 SCALIAN

From 107 to 8 degrees of freedom

@ Single measurement point (blurred & noisy velocity)

Our method

POD-Galerkin with Navier-Stokes
under location uncertainty (LUM)

State-of-the-art

POD-Galerkin with Navier-Stokes + optimally
tuned eddy viscosity & additive noise

Vorticity

Re 100
2D
(DNS has
10* dof)

‘2

Vorticity

_ﬂ f

Vorticity

6 8 10 12 14 16 18

Q-criterion

Re 300

3D
(DNS has
107 dof)

(round) wind turbine blade

vortices

Q-criterion

-———

Q-criterion

| Resseguier et al. (2022). J Comp.Phys . hal-03445455



= SCALIAN

DATA ASSIMILATION
Error on the solution estimation

State of the art

State of the art

v=w+7v’

Resolved fluid velocity:
W = Z?:o bi¢;

NOMMalzea velooy emor
=3 - =) =] =3
o ~ @

NOMManzea veooy emor
s s ° e
¥ - o o

Unresolved fluid velocity:

Easy case

2
1
o0 A ‘i ‘
-
2
2 4 6 8 10 14

NOrmMaNzea velnoity ermr
=3 =3 =3 =3
b a o o

NOrMaNZea velooity ermr
= =) = =3 -
in o ~ o

Reynolds number
(Re) =300

Reynolds number

(Re) = 100 0 o
2D 3 Bos (107 dof)
(10* dof) :
;M §o7
g g
20
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CONCLUSION

» Intrusive ROM : for very fast and robust CFD (10”7 — 8 degrees of freedom.)
=  Closure problem handled by LUM
= Efficient estimator for the multiplicative noise
= Efficient generation of prior / Model error quantification

= Now implemented in ITHACA-FV

» Data assimilation (Bayesian inverse problem) :
to correct the fast simulation on-line by incomplete/noisy measurements

ITHACA - FV

» First results

=  QOptimal unsteady flow estimation/prediction in the whole spatial domain (large-scale structures)

= Robust far outside the training set

NEXT STEPS

» Real measurements

P Increasing Reynolds

(ROM of (non-polynomial) turbulence models)
» Parametric ROM (unknown inflow)

valentin.resseguier@scalian.com 22



