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DATA ASSIMILATION
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[Eve03]
DATA ASSIMILATION G. Evensen. "The ensemble Kalman filter: Theoretical

formulation and practical implementation". (2003)
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THE ENSEMBLE KALMAN FILTER

P i
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i _ i i
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THE ENSEMBLE KALMAN FILTER

P i
PREDICT: Wn41jn = P(@njns the1 — tn)
ESTIMATE:  C ~ cov(w! ! eiln)

. n+1|n ~ COV C‘)n+1|nr C‘)n+1|n

i _ i i
ANALYSE:  Wyiqjns1 = @npajn T Kn (Pnt1 — Hopgq)n)
employing the Kalman gain

K, = Cn+1|nH*(HCn+1|nH* + z)_l
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THE ENSEMBLE KALMAN FILTER
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THE MULTI-ACCURACY ENSEMBLE KALMAN FILTERS
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THE MULTI-ACCURACY ENSEMBLE KALMAN FILTERS
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THE MULTI-ACCURACY ENSEMBLE KALMAN FILTERS
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THE MULTI-FIDELITY ENSEMBLE KALMAN FILTER
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[PMS21]

A. Popoy, et all. "A multifidelity ensemble Kalman
filter with reduced order control variates." (2021)
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THE MULTI-LEVEL ENSEMBLE KALMAN FILTER
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A. Chernoy, et all. "Multilevel ensemble Kalman
filter for spatio-temporal processes." (2021)
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THE MULTI-LEVEL ENSEMBLE KALMAN FILTER
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THE MULTI-LEVEL ENSEMBLE KALMAN FILTER
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THE MULTI-ACCURACY ENSEMBLE KALMAN FILTERS
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THE MULTI-ACCURACY ENSEMBLE KALMAN FILTERS
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : AN INFLATION—DEFLATION APPROACH
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ADAPTIVE TRAINING : POD TOLERANCE

the reduced order modeling algorithm selects a space 1?8“ c V such
that the average projection error is bellow a prescribed tolerance

1
(‘)n|n . .
i
. q 2 w
—_ i 1 . n|n,e
err = avg(|a)nn—w )<tol j ’
| n|n,e v wnln
a suitable choice for this tolerance is given by . .- ® ..
[ )
o
tol = L —wl [F) = 26T L), 2 °.
ol = & avg| (fwyn — Wy, o) = grTrace { cov | @y, Wy, ), . . 0.
the trace of the covariance can be estimated using a multi-level or o

multi-fidelity method, consistently with the data assimilation algorithm
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[MWW20]
C. Mou, Z. Wang, D. Wells, X. Xie and T. lliescu.

QUAS'-G EOSTROPHIC EQUATlONS "Reduced order models for the quasi-

geostrophic equations: A brief survey." (2020)
findw = w(x,y,t), Y = P(x,y,t) such that

0,w =RoJ(0,P) + Y + RAw+F, Ap+w=0 +——— J(¥)=0pd,0 — dpdyw

given the boundary and initial conditions T X 90
1

w(x,y,t) =0, (x,y) € 0Q
P(xy,t) =0, (Xy)€EIN

w(X'Yr 0) = wa (X'Y) € Q Q
and
F =sin(n(y —1))/2
axl/)() +%A(OO +F=0, Al/)o +(U0=0 0 _Z
0 1
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QUASI-GEOSTROPHIC EQUATIONS

high-fidelity physical model constructed considering:

- mid-point discretization in time (At = 0.1)
- P1finite elements discretization in space (3969 dofs)

measurement model constructed considering:
- evenly spaced sensor positions (19x19)

- data collection every 10 time-steps \

probabilistic model assumes:

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

- normal initial sample distribution wg_; ~ N(0,A™1) y
—_—

0 1
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