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Data Assimilation in Sequential Mode

Model + observations . >~ prediction
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model model tN

\' update obs update

assimilation assimilation

Assimilation at: t=t, x: = X]{ + Kk (nk - H(x,{))
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Skew-Product Structure of Dynamics
X, =my(x,_)+&,
v =h(x,)+6, v, = ()
X, =my (%, )+
X, =my (xllc—l’xli—l) + &,

* Oneof x,i=1,2 is low-dimensional
* |dea: EnKF on high-dimensional part
PF on low-dimensional part
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Dynamics in GoM

Key structures: elliptic points (trajectories)
hyperbolic points (trajectories)

EIMs & 50m depth on the background of the sea surface anomaly
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MISSION

CARTHE brings together over 50 of the nation's top ocesn

modelers and ar-5ea iInteraction experts 10 share knowledge and
explore the fate of the hydrocarbons released a5 a result of te
Deepwater Hortzon ol spil. Funded through the Gulf of Mexico
Research Instituse, this collsborative effort will produce the first-ever
comprehensive modeling hierarchy that offers a combined space and
time (30+1) descripion of the ol and dispersants’ fate and transport.
From therr current ssudies of oceanic and atmospheric turbulence

PARTNERS IN THIS ACTIVITY INCLUDE SAENTISTS
FROM:

City Univessity of New York — Staten ksland
Flonda Intemational University
Florda State University
Naval Postoraduate School
Naval Research Laboratory
Nova Southeastern Universzy
Texas ASM University-Corpus Christi
Tulane University
University of Arzona
Universiy of Dedaware

Universiy of Miami
Universiy of Texas at Ausen

www.carthe.org

Contact:
Dr. Tamay Ozodkmen
CARTHE Dwrector
Uriversizy of Miami
Rosenstiel School of Marine & Atmosphernic Scence
4600 Rickenbacker Causeway, Miaml, FL 33149
toegokmen@ramas. miami.edu
+1-305-613-2851

CONSORTIUM

for ADVANCED RESEARCH on TRANSPORT
of HYDROCARBON in the ENVIRONMENT

¥

releming the first aatom drifter from
the RN Walton Senith neer the site of the
Despwater Hortzon ol spill.

and mixing, wropical cydones, and coastal and rearshore

obsanvations, the team members wilt

* Develop a multi-scale modeling tool that incorporates
state-of-the-art knowledge.

*» Conduct in-situ observations and laboratory experiments
spedfically designed to quantifying and follow dispersion.
« Create a robust set of tools to assess model performance and

quantify predictive uncertainty.
« Establish sampling strategies and investigations that may be
used in other petroleum release scenarios.

A Project of the Gulf of Mexico Research Initiative

GULF

RESEARCH INITIATIVE

www.carthe.org




Augmented system

Append equations for drifters (floats)

x=| ' - augmented state vector
X
D x" - (u,v,w)

dx’ : D

dF =M, (x,t) --flow equations X7 <> (x,,2)

l

dxz f g : :
— =M (x,,x,,t) --tracer advection equation

Apply DA to augmented system

Ide, Jones and Kuznetsov 2002



Recapturing an eddy




96% g2ow 88°W 4w 80w

Eddies in GoM
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Work with Guillaume Vernieres (NASA) and Kayo Ide (MD) -Physica D, 2011




Perturbed Cellular Flow Field

du dh
ot ' ErS u(z,u,t) = —2wisin(2rkx) cos(2wly)ug + cos(2mmy)uy(t),
dv dh
o —-Uu - 0 v(x, u,t) = 2wk cos(2mkx) sin( 2wy )ug + cos(2mmy)vy (t),
B_h _ _al - dv h(z,y,t) = sin(27kx) sin(27ly) ug + sin(2mmu)h (1),
ot dr oy’
tig = 0,
Uy = vy,
'U.l = —Uuy — 27rmh.1,
’il = 27rm~v1,
Apte, J and Stuart Tellus A 2008

Apte and J. 2014



Assimilating from trajectory staying in one cell
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Varying observational frequency — around the center

Histograms for = (upper) and u; (lower)
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Lagrangian Data Assimilation (LaDA)

dx” iy F - F
Tt_f (x",2) X, =m (X,
dx” \ !
_=fD(xFaxD9t) D D F D
dt Ay =My, (xk—l’xk—l

Slivinskii, Spiller, Apte and Sandstede Monthly Weather Review 2014

Estimate:
high
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Update Step
No resampling:

(according to some criterion on “paucity” of particle ensemble)

Drifter only Joint PDF
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Update Step
With resampling: EnKF on flow variables

Average over set of

Step 1: Move flow states w/ EnKF: drifter ensembles

1
Fk _ _F.f fF{pf 2 D
X, =X +PFD(PDD+R) (Y @ )

PFF PFD
P = D Forecast error Covariance

I PDF PDD

l i °

Fk ~ D k ~ k k
Step 2: Form joint posterior PDF {X- ,wi}{x.. Wl.j} W, = Ewij
J

Step 3: Resample, reset weights and proceed
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Joint State-Parameter Estimation

Lorenz 96
Xi = (Xip1 = Xi2)Xicg =X+ Fiy, =140

/ + cyclic BC

F,_8—|—91sm( )

ldentical twin expt:
0* — [91 ] 02] — [2, 40] “Truth”

Goal: Estimate both state and parameters from obs



Filtering Options

EnKF on augmented system:

Update based on linear regression. Fails if
correlation is not linear (Yang and DelSole, 2009)

PF on augmented system:

Computationally expensive....

Rao-Blackwellized Particle Filter:

Computationally more expensive!
But basis for an approach



Parameter Estimation

dx

E = F(X,Q) X4 = f(xk ’Qk) Ob;i(;]ve:
do
—=0 9k+1 — Qk Estimate:
df low

MIXED FILTER



=[x.0] il y = h(x)

p(wlzk bﬁ:k) o< p('xlzk ‘Ql:k ’ylzk)p(elzk bﬁ:k)

p(wik|yrx) ~ Z“’(:) Il:kwgti Y1:x )0 (O1:x — 99‘)

N

If model is linear,
then Gaussian

wp! o< p(ylyrn-1, 6, )y




Parameter Models

Persistence model

9k+1 — Qk

Random walk model

9k+1 — Hk +1,, M.~ NQO,W,)
Liu-West model

0. =00 +(1-x)d, +n,



STATE

OBS

. Y= h(X,(cj))+8,(€j)

EnKF
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PROBLEM
Lorenz 96

Xi = (Xip1 = Xi2)Xicg =X+ Fiy, =140

/ + cyclic BC

Fi =8 + 64 sin 29—7;[)

ldentical twin expt:
0* — [01 ’02] — [2, 40] “Truth”

Goal: Estimate both state and parameters from obs



Two-Stage +Liu-West Two-Stage +Persistence EnKF

o 20 300 <0 500 €00

BWRE R

o 0 300 400 500 €00

ot = At 200/50 vs. 250



Two-stage+Liu-West

Two-stage+Persistence
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2-layer QG:

U1 = 1Ay sin(kyx — ¢qt) sin(lyy) + €2 Az sin(kaz — cot) sin(lay),
Uy = €1 A sin(kyx — ¢;t) sin(l1y) — €9 Ay sin(kyx — ot ) sin(lyy).

xi — awz
dy,
, oW, =12
Yi=-— L
0x

Problem: observe trajectory in layer 1 and estimate &,

Bimodality trap

L1
L2



Cycle 1 Cycle 2 Cycle 3 Cycle 4 Cycle 5
0 2 4 0 2 4 0 2 4 0 2 4 2

Cycle 6 Cycle 7 Cycle 8 Cycle 9 Cycle 10
0 2 4 0 2 < 0 2 4 0 2 < 2

Cycle 11 Cycle 12 Cycle 13 Cycle 14 Cycle 15
0 2 4 0 2 4 0 2 4 0 2 4 2

Cycle 16 Cycle 17 Cycle 18 Cycle 19 Cycle 20

i X i i X l l

0 2 4 0 2 < 0 2 4 0 2 < 2

Cycle 21 Cycle 22 Cycle 23 Cycle 24 Cycle 25
0 2 4 0 2 4 0 2 4 0 2 4 2

Horizontal axis: pP = kz




Results from Identical Twin Expt
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Mean estimate (Left) and RMSE for the tracer position (Right)

for 10 different experiments and N = 200. The results for the PF with Liu-

West model are plotted in the gray dash lines and for the two-stage filtering
(M = 0.75N) in black solid lines.



Conclusions

Skew-product structure of problem can be
exploited to create new filtering approaches
Two examples: LaDA and JSP estimation
Issues are different in each case (reverse of
dimensional issues)

Basic idea: Use EnKF on high-dimensional part
Issues with nonlinearity focused into low-
dimensional part

Key decision in implementation is in crosstalk



