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Ocean Data Assimilation (DA); Four-Dimensional Variational (4DVar) Method (in words):

Goal of DA, given state vector x(t — 1), is to adjust model trajectory by incorporating
observations y(t), such that new estimate of x(t) is “optimal”.

So, x, = xp, + Kd where x; is the background state (or prior), X, is the new state (or posterior)
and d = (y — Hx}) are the innovations due to observations.
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4DVar is a DA method wherein Kd is expressed as a _control vector of increments:

oz = [6x(0), 6 (¢;), 6b(t;), on(t)]" for increments in initial conditions 6x(0), forcing 6£(¢;),
boundary conditions db(t;) and model error on(t;). The model error increments are very
hard to estimate and are neglected in “strong constraint” 4D Var.

The posterior is “maximized” by minimizing a cost function. Minimization is achieved
iteratively by incrementing the control vector. We will compare increments in the surface
wind stress part of the control vector 6f with ensemble winds from a

Bayesian Hierarchical Model (BHM)




Hypothesis: In a strong constraint 4DVar, places where the wind stress control vector
iterations are driven outside a BHM wind ensemble are candidate loci for

model error.
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Ensemble Winds from a Bayesian Hierarchical Model (BHM)
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Comparing 4dVar Increments with BHM

Estimate u,v from t every day
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Comparing 4dVar Increments with BHM

Estimate u,v from t every day 22-Mar-2003: jdate 12721
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Model Error as a dynamical 01-Mar-2003: jdate 12700
function of space, time . [
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Summary

L Ocean forecast model error estimates are important for assessing forecast accuracies
and improving model and observation array designs (strong vs. weak constraint in 4dVar).

O Model error is hard to identify.

L Precisely specified error properties (uncertainty) in QuikSCAT winds have been used
to help identify regions of probable model error in a state-of-the-art ocean forecast

system.

O The probability distributions from a surface wind BHM (based on QuikSCAT and COAMPS)
have guantitative value (see also Pinardi et al., 2011).

Work in Progress

<> Wind stress distributions can be summarized directly from surface wind BHM posterior
<> Other forcing control variable fluxes require BHMs as well (e.g. heat, fresh water)

<> Model error dynamics can be modeled given data stages of the kinds suggested here.
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Temporal Autocorrelation Comparison: BHM vs. COAMPS (all of 2003)

AR-1 model for temporal autocorrelation: U(t; z,y) = r1(x,y)U(t — 1;x,y) + e(t — 1)

I (ZII, y)

0.8 0.8

0.7 0.7

.6 .6

.5 0.5

. .4 0.4

u wind

.3 .3

.2 .2

.1 .1

-130 -125 -120 -130 -125 -120
u wind u wind

0.8 0.8

0.7 7

0.6 .6

0.5 0.5

0.4 0.4

v wind

.3 .3

.2 .2

.1 .1

-130 -125 -120 -130 -125 -120

v wind 95% v wind



