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Augmented system

Append equations for drifters (floats, gliders, AUVs)

Ide, Jones and Kuznetsov (2002)

&, o0
x=% 7 T - augmented state vector
& X0 g
dx' :
;F =M .(x.,f) --flow equations
t
dx . .
% =M (x,,x,1) - advection equation
t

Apply filtering to augmented system:
1. Ensemble Kalman Filter
2. MCMC (Particle Filter)



Key Issues

Vertical information propagation

Observations at unknown locations

Use of autonomous vehicles to collect
subsurface data



Drifters
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ARGO Floats
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6 -12 hours at surface
to transmit data to satellite

[

: Descent to crusing depth
~10 cm/s (~6 hours)
Salinity & Temperature
profile recorded during ascent
~10 cm/s (~6 hours)
Cruising depth,
1500 db (1500m)

Drift approx. 9 days

Float descends to begin
profile from greater depth
2000 db (2000m)




Ocean gliders




Data Assimilation in Predictive Mode

Model + observations . ~  prediction

tO
model model
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update obs update
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assimilation assimilation
Assimilation at: t=t, Xia — )(i]c + Ki (77' —H ()(i f ))
posterior obs prior
preseer (. ‘hl.) P (h|x )P (xl.)

Sequential DA/Forward Problem/Filtering




DA in State Estimation Mode

Model run + observations » state estimate
L, L L, L, t
‘ model A model A model e P. X(tN)
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4DVAR: Minimize the cost function:
N
J0) =% =% B (% =% ))+ 2 {my =HX(t,). R™ (m; - H(X(1)) )
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X, = estimate B = background error covariance matrix
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Variational DA/Inverse Problem/Smoothing 9



Lagrangian Data in a Traveling Wave
J (z)=-cy+AsSIN2pkxsin2py
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McDougall and J. (in prep)



Instrument control to optimize information

E — Add simple control:
v - fle)=(0o)
v+ /@) =T
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vi = x(te) + e, e ~ N(0,6°T), k=1,...,K/2 no control

vi = x(te) + M, M ~N(0,0°I), k=K/2...,K control

Want: P(V‘yl,yz)
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A Posteriori Control
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Lagrangian DA issues:

* Non-standard data
e Obs location fixing issue
* Prospect of designing optimal obs strategies



