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EXPERIMENTAL
MEASUREMENTS

[KaleO0]

R. E. Kalman. "A new approach to linear
filtering and prediction problems".
(1960)
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THE MULTI-FIDELITY ENSEMBLE KALMAN FILTER : SOME COMPLICATION
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RB MODEL CONSTRUCTION : POPOV’S APPROACH

M M M a few long trajectories are used
to build offline a global RB model
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RB MODEL CONSTRUCTION : POPOV’S APPROACH

M M M a few long trajectories are used
to build offline a global RB model

Er PROS:
m - easy to implement
E¢ : - can incorporate steady states
0 .E}E CONs:
- suffers initial uncertainty
M, M % . Iez.ads to large RB models
It ——t——— — » - mightintroduce biases
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RB MODEL CONSTRUCTION : DONOGHYE’S APPROACH

. M the principal trajectories are used
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RB MODEL CONSTRUCTION : DONOGHYE’S APPROACH

the principal trajectories are used

Ep to build RB models on-the-fly
M
!E || PROs:
oD = - leads to small RB models
E¢ ! - doesn’t introduce biases
) M CONs:
EA

- requires constant retraining
- too little information extracted
= At —————t— i > (poor accuracy for the RB model)
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RB MODEL CONSTRUCTION : OUR APPROACH

principal and auxiliary ancillary
trajectories are used to build RB
models on-the-fly
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models on-the-fly
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[MWW20]
C. Mou, Z. Wang, D. Wells, X. Xie and T. lliescu.

QUAS|-G EOSTROPHIC EQUAT|ONS "Reduced order models for the quasi-

geostrophic equations: A brief survey." (2020)

findw = w(x,y,t), ¥ = Y(x,y,t) such that

d:w = Ro J(w, ) + dp + g—gAw +F0AY+w=0 < J(w, ) = 0oy — I Ppdyw

given the boundary and initial conditions T = 90,
1

w(xyt) =0 (xy)€oQ
Y(xy,t) =0, (xy) €I

w(xy,0) =w,, Xy)€EQ Q
and
F =sin(n(y — 1))
6X1/J0 +%A(OO +F=0, Al/)o +(1)0=0 0 _Z
0 1
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QUASI-GEOSTROPHIC EQUATIONS

high-fidelity physical model constructed considering:

- fully implicit mid-point discretization in time (dt = 0.1)
- P1 finite elements discretization in space (4225 dofs)
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QUASI-GEOSTROPHIC EQUATIONS

high-fidelity physical model constructed considering:

- fully implicit mid-point discretization in time (dt = 0.1)
- P1finite elements discretization in space (4225 dofs)

measurement model constructed considering:

- evenly spaced sensor positions (19x19)
- data collection every 10 time-steps

b
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QUASI-GEOSTROPHIC EQUATIONS

high-fidelity physical model constructed considering:
- fully implicit mid-point discretization in time (dt = 0.1)
- P1 finite elements discretization in space (4225 dofs)

. . # eigen
measurement model constructed considering: 10-1

- evenly spaced sensor positions (19x19) 10-2
- data collection every 10 time-steps

T 1073
< \
probabilistic model assumes: ;b’ ~_

- homoscedastic noise €,,,~ N(0,0%I) (c = 107%)

- normal initial sample distribution wg|o ~ N (0, A™D 10-5
200 400 600 800
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MF-EnKF COMPARISON
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CONCLUSIONS

SUMMARY :

- we improved the performances of “adaptive” RB methods for the MF-EnKF

- we performed preliminary tests using a quasi-geostrophic model
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OUTLOOK :

41

better investigate the trade off between computational cost and accuracy

give better theoretical support to the results obtained so far
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