RESOLUTION-AWARE PRIOR GENERATION
FOR REDUCED DATA ASSIMILATION
IN FLUID DYNAMICS

Valentin Resseguier, Agustin M. Picard,
Matheus Ladvig, Guillaume LePape,
Antoine Moneyron, Pierre Jacquet,

Laurence Wallian, Dominque Heitz and

Giovanni Stabile

@Scalian 2019. All rights reserved.

= SCALIAN



9 SCALIAN

AIM

Data assimilation of 3D fluid flow under severe dimensional reduction
typically, 107 — 0(10) degrees of freedom

Application:
Real-time estimation and prediction

using strongly-limited computational resources & few sensors
for monitoring or control
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DATA ASSIMILATION
= Coupling simulations and measurements y

_ Data _
Numerical assimilation On-line

Simu|ati0n (e.g., particle filtering) measurements

(ROM)
- incomplete

-> erroneous - possibly noisy

More accurate

Need for uncertainty / eallmelon /\
. - globally in space

errors gquantification /_. P

- Random dynamics p(wly) « p(y|v)p(v)

P(Vey1l|ve)

while minimizing

— errors (closure)
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LOCATION UNCERTAINTY MODELS (LUM),
Randomized Navier-Stokes

v=w+7v’

Resolved fluid velocity:
w

Unresolved fluid velocity:

v' = oB (Gaussian, white wrt t)

Usual
terms Skew-symmetric
multiplicative
random
forcing

Symmetric
negative

Balanced
energy
fluxes
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From Ito-Wentzell

formula (Kunita 1990)
with Ito notations

| Resseguier V. & al. (2017). Part . Geophys. Astro. Fluid. hal-01391420
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’ (¢J ) j PCA modes
. ~ "(vT < '
a(x) At v (v ) l PCA residual v' ]
; 1JTf ‘ Kiql¢] = = [y C(6:00) | T
T'Jo | Resseguier et al. (2021). SIAM-ASA J Uncertain . hal- 03169957
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POD-Galerkin gives SDEs for resolved modes Reduced ardor -~ 10

v=w+7v’

qui(x) (8w + C(w,w) + F(w) + C(cB,w) = F) dx
Q

Resolved fluid velocity: (1) x (n+1) % 1

w(x,t) = Xizo bi(£)p;(x)

Unresolved fluid velocity:

/ odBy . .
v = 7 (Gaussian, white wrt t)

I\/Iultiplicative skew-symmetric noise

Variance tensor: . .
Covariance to estimate
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v=w+7v’

qui(x) (8w + C(w,w) + F(w) + C(cB,w) = F) dx
Q

Resolved fluid velocity:

w(x,t) = Xizo bi(£)p;(x)

(n+1) x (n+1) nx1

Unresolved fluid velocity:

/ odBy . .
v = 7 (Gaussian, white wrt t)

I\/Iultiplicative skew-symmetric noise

Variance tensor:

E{(cdBy)(cdBy)T) Covariance to estimate

a(x,x) = ” b, Ab;
29 order polynomial E (qu(cdet) Kip(adBt)) /dt ~ At Kjq | = 3 V’]
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REDUCED LUM (RED LUM) | 7
POD-Galerkin gives SDEs for resolved modes Reduced ardor -~ 10

v=w+7v’

qui(x) (8w + C(w,w) + F(w) + C(cB,w) = F) dx
Q

Resolved fluid velocity:

w(x,t) = Xizo bi(£)p;(x)

(n+1) x (n+1) nx1

Unresolved fluid velocity:

/ odBy . .
v = 7 (Gaussian, white wrt t)

I\/Iultiplicative skew-symmetric noise

Variance tensor:

E{(cdBy)(cdBy)T) Covariance to estimate

R : | o,
2" order polynomial E (qu(cdet) Kip(adBt)) [dt = At Kjq | == 5 v
. : A bp
Coefficients given by : T A
 Randomized Navier-Stokes Randomized Navier-Stokes I
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REDUCED LUM (RED LUM) | 7
POD-Galerkin gives SDEs for resolved modes Reduced ardor -~ 10

v=w+7v’

jﬂqbi(x) - (atw + C(w,w) + F(w) + C(O‘B,W) = F) dx New estimator

Consistency proven (At — 0)

Resolved fluid velocity:

w(x,t) = Xizo bi(£)p;(x)

(n+1) x (n+1) nx1

Numerically efficient

Unresolved fluid velocity:
/ O'dBt

Physically-based

v = — (Gaussian, white wrt t) — Robustness in extrapolation
I\/Iultiplicative skew-symmetric noise
Variance tensor: i i
225 = E{(cdBy) (0dB)T) Covariance to estimate
x) = e o) | Ty ab;
29 order polynomial E (qu(adBt) Kip(adBt)) jdt = At Kjq | = 3 v ]
. . A p
Coefficients given by : T A
 Randomized Navier-Stokes Randomized Navier-Stokes | J
’ (¢J ) j — PCA modes |
) a(x) ~ Aty (v,)T < l PCA residual v’ }
_ T Kigl§l = —J, ;- C(§, ¢ -
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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
Ressegquier et al. (2022). J Comp.Phys . hal-03445455
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DATA ASSIMILATION
On-line estimation of the solution

Resseguier et al. (2022). J Comp.Phys . hal-03445455 16
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D ATA A S S I M | L AT | 0 N From 107 to 8 degrees of freedom
On-”ne eStimatiOn Of the SOlUtiOﬂ ®) Single measurement point (blurred & noisy velocity)

Reference Our method State-of-the-art
PCA-projection of the DNS POD-Galerkin with Navier-Stokes POD-Galerkin with Navier-Stokes + optimally
(Optimal from 8-dof linear decomposition) under location uncertainty (LUM) tuned eddy viscosity & additive noise

Vorticity Vorticity Vorticity

Re 100
2D
(DNS has
10* dof)

_ .

8 10 12 14 16 I8

5 G @ Q-criterion Q-criterion
30 P
(DNS has
107 dof)
bs. p—_
[

i
(round) wind turbine blade VOrLices

Resseguier et al. (2022). J Comp.Phys . hal-03445455
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From 107 to 4 degrees of freedom
@ Single measurement point (blurred & noisy velocity)

DNS

“true” simulation
(Re 300, 107 degrees
of freedom)

b

AN
o
s

LR o e 3 X e N b x|

=
o
-
N
-

N )

8 10 12 14

Synthetic PIV
blurred & noisy
2D velocity

4 N

/ Our method :

Reference : o
PCA-projection of the Data a\s;iltr::llatlon
“true” simulation POD-Galerkin of

_ (DNS) randomized

(Optimal from 4- Navier-Stokes

degrees of freedom (LUM)
Qnear decomposition)/ (4 degrees of freedomj_
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Open\VFOAM® 5 SCALIAN

DATA ASSIMILATION

From 107 to 4 degrees of freedom
@ Single measurement point (blurred & noisy velocity)

- 3 05
DNS ] o | Synthetic PIV
5 10 2 blurred & noisy

“true” simulation
(Re 300, 107 degrees
of freedom)

w -
| s ’ 00 !:A
\ / : — | —

2D velocity

Reference : . s i ma e Data assimilation
PCA-projection of the - s . T / with
“ " o : A ) ) “‘ f“‘«
true (;llilnsl;latlon \ “\\ ‘ / e POD-Galerkin of
(Optimal from 4- ' e < Nr:\?ii?-?tlcz)igs
degrees of freedom ' '

linear decomposition) (LUM)

% o B i (4 degrees of freedom)
k / \ - AR A - w oR e, \ 17
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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 ITHACA - FV

= 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

» 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 19
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CONTEXT
Observer for wind turbine application

Application: Real-time estimation and prediction of 3D fluid flow
using strongly-limited computational resources & few sensors

74 SCALIAN

Wind

Estimation and prediction: Controller * Blade pitch o
uctuations

|

* Air flow *  Fluidic
* Lift, drag, inflow Simple actuators
. .. model ‘

Wind

Observer

turbine
blade

Simple

Damages ]

model

Few sensors

[ Which simple model? How to combine model & measurements?

Scientific problem :
Simulation & data assimilation under severe dimensional reduction

typically, 107 - 0(10) degrees of freedom

D



= SCALIAN

LOCATION UNCERTAINTY MODELS (LUM),
Randomized Navier-Stokes

Momentum conservation

v=w+7v’

Resolved fluid velocity:

. . %(W(t, Xt)) — F (Forces)

Unresolved fluid velocity:

odB¢
v = 7 (Gaussian, white wrt t)

(assuming7 -w =0 and V-v' = 0)

Positions of fluid parcels X; :

d d
tht =w(t,X;) + a(t Xt)

Bt

J

Y

Gaussian
process

white in time

Resseguier V. & al. (2017). Part . Geophys. Astro. Fluid. hal-01391420
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LOCATION UNCERTAINTY MODELS (LUM),
Randomized Navier-Stokes

v=w+7v’

Resolved fluid velocity:
w

Unresolved fluid velocity: atW +w*-VYw+oB-Vw—-V- E aVw

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:
E{(cdB;)(cdB)T}

a(x,x) = o

=F

= SCALIAN

From Ito-Wentzell

formula (Kunita 1990)
with Ito notations

Resseguier V. & al. (2017). Part . Geophys. Astro. Fluid. hal-01391420
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LOCATION UNCERTAINTY MODELS (LUM),

Randomized Navier-Stokes From Ito-Wentzell
formula (Kunita 1990)

with Ito notations

v=w+7v’

Resolved fluid velocity:
w

Unresolved fluid velocity: atW +w*-Vw +0oB - Vw V.-l=—alw|=F

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:
E{(cdB;)(cdB)T}

a(x,x) = o

Resseguier V. & al. (2017). Part . Geophys. Astro. Fluid. hal-01391420 73
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LOCATION UNCERTAINTY MODELS (LUM),

Randomized Navier-Stokes From Ito-Wentzell
formula (Kunita 1990)
; with Ito notations
v=w+4v

Resolved fluid velocity:
w

Advection “Turbulent” diffusion

Unresolved fluid velocity: atW +w*-Vw +0oB - Vw V-

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:
E{(cdB;)(cdB)T}

a(x,x) = o

Resseguier V. & al. (2017). Part . Geophys. Astro. Fluid. hal-01391420 4



LOCATION UNCERTAINTY MODELS (LUM),
Randomized Navier-Stokes

v=w+7v’

“Turbulent” diffusion

Resolved fluid velocity:
w

Unresolved fluid velocity: atW +w*-Vw +0oB - Vw V-

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:
E{(cdB;)(cdB)T}

a(x,x) = o

= SCALIAN

From Ito-Wentzell

formula (Kunita 1990)
with Ito notations

Resseguier V. & al. (2017). Part . Geophys. Astro. Fluid. hal-01391420
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LOCATION UNCERTAINTY MODELS (LUM),
Randomized Navier-Stokes

v=w+7v’

Resolved fluid velocity:
w

Unresolved fluid velocity:

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:

E{(cdB;)(cdBy)T
a(x,x) = % Usual

terms

= SCALIAN

From Ito-Wentzell

formula (Kunita 1990)
with Ito notations

Resseguier V. & al. (2017). Part . Geophys. Astro. Fluid. hal-01391420
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Randomized Navier-Stokes

v=w+7v’

Resolved fluid velocity:
w

Unresolved fluid velocity:

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:

E{(cdB;)(cdBy)T
a(x,x) = % Usual

terms

Skew-symmetric
multiplicative
random
forcing

= SCALIAN

From Ito-Wentzell

formula (Kunita 1990)
with Ito notations
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v=w+7v’

Resolved fluid velocity:
w

Unresolved fluid velocity:

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:
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a(x,x) = % Usual

terms

Skew-symmetric
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random
forcing
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From Ito-Wentzell

formula (Kunita 1990)
with Ito notations
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Randomized Navier-Stokes

v=w+7v’

Resolved fluid velocity:
w

Unresolved fluid velocity:

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:

E{(cdB;)(cdBy)T
a(x,x) = % Usual

terms

Skew-symmetric
multiplicative
random
forcing

Symmetric
negative
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From Ito-Wentzell

formula (Kunita 1990)
with Ito notations
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LOCATION UNCERTAINTY MODELS (LUM),
Randomized Navier-Stokes

v=w+7v’

Resolved fluid velocity:
w

Unresolved fluid velocity:

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:

E{(cdB;)(cdBy)T
a(x,x) = % Usual

terms

Skew-symmetric
multiplicative
random
forcing

Symmetric
negative
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From Ito-Wentzell

formula (Kunita 1990)
with Ito notations
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LOCATION UNCERTAINTY MODELS (LUM),
Randomized Navier-Stokes

v=w+7v’

Resolved fluid velocity:
w

Unresolved fluid velocity:

v' = oB (Gaussian, white wrt t)

(assumingV -w =0 and V-v' = 0)

Variance tensor:

E{(cdB;)(cdBy)T
a(x,x) = % Usual

terms

Skew-symmetric
multiplicative
random
forcing

Symmetric
negative

Balanced
energy
fluxes

= SCALIAN

From Ito-Wentzell

formula (Kunita 1990)
with Ito notations

| Resseguier V. & al. (2017). Part . Geophys. Astro. Fluid. hal-01391420
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R E D U C E D L U M ( R E D L U M ) Full order (~ nb spatial grid points): M ~ 107

Multiplicative noise covariance NUmbe of e Storm s N 10%
v=w+7v
db(t) = H(b(¢)) dt a! b(t) with K;y[€] = — [, ¢; - C(£dq) New estimator

Resolved fluid velocity: (n+1) x (n+1)

w(x, ) = iz bi(t) i (x) »  Curse of dimensionality SeEB ey EorE (4F = ()

Numerically efficient
. . = Since gdB; is white in time,
Unresolved fluid velocity: ‘

. odB, Zig.ip = E (Kjq(0dBy) Kip(0dBy)) /dt ~ At K;q(v) Kyy (@)

= —— (Gaussian, white wrt t)
dt

Physically-based

— Robustness in extrapolation

" K is a matrix of integro-differential operators — cannot be evaluated on v'(x, t) at every time t

Randomized Navier-Stokes = Covariance of 0dB, ~ At? (v'(x,t))(v'(, t))T : M X M ~ 103 coefficients — intractable
PCA modes

PCA residual v’

from synthetic data

Resseguier et al. (2021). SIAM-ASA J Uncertain . hal- 03169957



v=w+7v’

Resolved fluid velocity:

REDUCED LUM ( RED LUM ) Full order (~ nb spatial grid points): M ~ 107
Multiplicative noise covariance Reduced order : n ~ 10

=1 SCALIAN

Number of time steps : N ~ 10*

db(t) = H(b()) dt a! b() with Kjgl¢]=—Jq¢; - C(&bq) New estimator

(n+1) x (n+1)

w(x, t) =X bi(t)p;(x) >  Curse of dimensionality Consistency proven (At — 0)

Unresolved fluid velocity:

= —— (Gaussian, white wrt t)
dt

Randomized Navier-Stokes -
PCA modes .

PCA residual v’

from synthetic data

Numerically efficient
Since odB; is white in time,

Zig.ip = E (Kjq(0dBy) Kip(0dBy)) /dt ~ At K;q(v) Kyy (@)

Physically-based

— Robustness in extrapolation

K is a matrix of integro-differential operators — cannot be evaluated on v'(x, t) at every time t

Covariance of 6dB; ~ At? (v’(x, t))(v’(y, t))T : M X M ~ 103 coefficients — intractable

% % v’ l (hybrid fitting & physics-based)
D

requires only O(n?M) correlation estimations and 0(n?) evaluations of K

Efficient estimator ¥;, ;,, = At K,

24

Resseguier et al. (2021). SIAM-ASA J Uncertain . hal- 03169957
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REDUCED LUM ( RED LUM ) Full order (~ nb spatial grid points): M ~ 107
Multiplicative noise covariance Reduced order : n ~ 10

Number of time steps : N ~ 10*

db(t) = H(b()) dt a! b() with Kjgl¢]=—Jq¢; - C(&bq) New estimator

n (n+1) x (n+1)
w(x,t) = Xizo bi(t)p;(x) »  Curse of dimensionality

v=w+7v’

Resolved fluid velocity:
Consistency proven (At — 0)

Numerically efficient

: : = S dB; is white in time,

Unresolved fluid velocity: nee oty B Whe I fime : :

. _oas, Zqip = B (Kjq(0dBy) Kip(odBy)) /dt ~ At Kig(v') Ky (v')
v = 7 (Gaussian, white wrt t)

Physically-based

— Robustness in extrapolation

= K is a matrix of integro-differential operators — cannot be evaluated on v'(x, t) at every time t

Randomized Navier-Stokes = Covariance of 0dB, ~ At? (v'(x,t))(v'(, t))T : M X M ~ 103 coefficients — intractable
PCA modes = Efficient estimator X, ;, ~ At K, 22 B l (hybrid fitting & physics-based)

b_zzJ At
PCA residual v’

requires only O(n?M) correlation estimations and 0(n?) evaluations of K

from synthetic data » Consistency of our estimator (convergence in probability for At — 0, using stochastic calculus and continuity of K)

Ab; Ab; 1T 1T — _
At Kjq [ pr_tL v ] = At pr—tLqu [v'] = ;fo b, d < b;,Kjq(oB) > = ;fo by Y=o brd < K;;-(0B), Kjq(0B) > =¥1_0 Zjqir bpbr = Zjq,ip bzz, (orthogonality from PCA)
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REDUCED LUM ( RED LUM ) Full order (~ nb spatial grid points): M ~ 107
Multiplicative noise covariance Reduced order : n ~ 10

Number of time steps : N ~ 10*

db(t) = H(b()) dt a! b() with Kjgl¢]=—Jq¢; - C(&bq) New estimator

n (n+1) x (n+1)
w(x,t) = Xizo bi(t)p;(x) »  Curse of dimensionality

v=w+7v’

Resolved fluid velocity:
Consistency proven (At — 0)

Numerically efficient

: : = S dB; is white in time,

Unresolved fluid velocity: nee oty B Whe I fime : :

. _oas, Zqip = B (Kjq(0dBy) Kip(odBy)) /dt ~ At Kig(v') Ky (v')
v = 7 (Gaussian, white wrt t)

Physically-based

— Robustness in extrapolation

= K is a matrix of integro-differential operators — cannot be evaluated on v'(x, t) at every time t

Randomized Navier-Stokes = Covariance of 0dB, ~ At? (v'(x,t))(v'(, t))T : M X M ~ 103 coefficients — intractable
PCA modes = Efficient estimator X, ;, ~ At K, 22 B l (hybrid fitting & physics-based)

b_zzJ At
PCA residual v’

requires only O(n?M) correlation estimations and 0(n?) evaluations of K

from synthetic data » Consistency of our estimator (convergence in probability for At — 0, using stochastic calculus and continuity of K)

Ab; Ab; 1T 1T — _
At Kjq [ pr_tL v ] = At pr—tLqu [v'] = ;fo b, d < b;,Kjq(oB) > = ;fo by Yr=0brd < Kir(0B), Kjq(0B) > =¥1_0Zjqir bpbr = Zjg.in bzz, (orthogonality from PCA)

P Optimal time subsampling at At needed to meet the white assumption

Resseguier et al. (2021). SIAM-ASA J Uncertain . hal- 03169957



= SCALIAN

REDUCED LUM ( RED LUM ) Full order (~ nb spatial grid points): M ~ 107
Multiplicative noise covariance Reduced order : n ~ 10

Number of time steps : N ~ 10*

a’ b(®) with Kjgl¢l = = Jo ;- €[4 ba) New estimator

n (n+1) x (n+1)
w(x,t) = Xizo bi(t)p;(x) »  Curse of dimensionality

v=w+7v
db(t) = H(b(t)) dt

Resolved fluid velocity:

Consistency proven (At — 0)

Numerically efficient

: : = S dB; is white in time,

Unresolved fluid velocity: nee oty B Whe I fime : :

. _oas, Zqip = B (Kjq(0dBy) Kip(odBy)) /dt ~ At Kig(v') Ky (v')
v = 7 (Gaussian, white wrt t)

Physically-based

— Robustness in extrapolation

= K is a matrix of integro-differential operators — cannot be evaluated on v'(x, t) at every time t

Randomized Navier-Stokes = Covariance of 0dB, ~ At? (v'(x,t))(v'(, t))T : M X M ~ 103 coefficients — intractable
PCA modes = Efficient estimator X, ;, ~ At K, 22 B l (hybrid fitting & physics-based)

b_zzJ At
PCA residual v’

requires only O(n?M) correlation estimations and 0(n?) evaluations of K

from synthetic data

» Consistency of our estimator (convergence in probability for At — 0, using stochastic calculus and continuity of K)

Ab; Ab; 1T 1T — _
At Kjq [ pr_tL v ] = At pr—tLqu [v'] = ;fo b, d < b;,Kjq(oB) > = ;fo by Yr=0brd < Kir(0B), Kjq(0B) > =¥1_0Zjqir bpbr = Zjg.in bzz, (orthogonality from PCA)

P Optimal time subsampling at At needed to meet the white assumption ‘

r » Additional reduction for efficient sampling : —
J f diagonalization of ¥ — K(adB;) = a(df;) with a n-dimensional (instead of (n+1)2-dimensional) Brownian motion § 5,4
0
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b;(t) VS reference

UNCERTAINTY QUANTIFICATION (PRIOR)

9 SCALIAN

From 107 to 8 degrees of freedom
f No data assimilation
7% Known initial conditions b(t = 0)

Reference
(full-order simulation)

Temporal mode 1 Temporal mode 2 -
I § | | \ | ! | § | | | |7 N
o - - I~ f I P . 5 P a I,- i I i | lizat
— A ,{ f.-..{, £\ 'r1, 2l -~ e . A W, N AR ~ A Y realization
= o A A h f g = o B A Voangy AR
= ) R LW S ,f VLI VT = AW T y L/ T VA A S 1\ Red. LUM
- E”I e T W s N G ~ - Voo WO AN UM mean
= | \ o f | | | | = | / ] f | | ik
—:!I N 5 ' L] 1 1 L] 1 —:I 1y 1 L 1 1 1 Red |_U|\/|
10 20 30 40 10 20 30 40 confidence
— — interval
[1me ['1me State of the art
Temporal mode 3 Temporal mode 4 Temporal mode 5
/' A . ' ' | IR |kl |
5 sl o ~. 5 PRA R Lo B .t S HN Ah P AVAR
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Time Time lime
Temporal mode 6 Temporal mode 7 ~ lcmporﬁl mode § c
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lme Time Time
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Resolved fluid velocity:
w = Z?:o bi¢;

Unresolved fluid velocity:

1%

!

Error on the reduced solution w

v=w+7v’

NOTTL. CITor

Time

IOTIL. CITOr

Reynolds number (Re) = 100 / 2D
(full-order simulation has 10* dof)

IO, CITOr

20 40 60 80

NOTIL. Crror NOTI. error

IO, CIror

UNCERTAINTY QUANTIFICATION (PRIOR)

10

= SCALIAN

From 107 to 8 degrees of freedom
No data assimilation
Known initial conditions b(t = 0)

Time

Red. LUM
RMSE
/ f reference ‘\m‘in distan&
Red. LUM partck
: particle
] ER bias
RMS distance
Red. LUM
40 std

Red. LUM
ensemble
minimal
distance

to the reference

mean
particle

\ ensemble )

Reynolds number (Re) = 300 3D

Time . ) 7
(full-order simulation has 107 dof)
7 =
|
0.5
0!
10 20 30 40
Time
28
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Resolved fluid velocity:
w = Z?:o bi¢;

Unresolved fluid velocity:

1%

!

Error on the reduced solution w

v=w+7v’

NOTTL. CITor

Time

IOTIL. CITOr

Reynolds number (Re) = 100 / 2D
(full-order simulation has 10* dof)

.

IO, CITOr

NOTI. error

O

INOTTNL. O

UNCERTAINTY QUANTIFICATION (PRIOR)

= SCALIAN

From 107 to 8 degrees of freedom
No data assimilation
Known initial conditions b(t = 0)

Time
n =4

The Reference remains always close

to the Red. LUM ensemble

30

Red. LUM

/ RMSE
Red. LUM

' JJES
Red. LUM

40 std

Red. LUM
ensemble
minimal
distance

to the reference

10 20
Time

~

-

reference . .
min dlstan&
closest
particle
bias
RMS/distance

mean
particle

ensemble )

Reynolds number (Re) = 300 3D
(full-order simulation has 107 dof)
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= 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) :
§04 §0?
g g
27
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