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QOutline

* The forecast uncertainty

« Bayesian Hierarchical modelling to quantify the
Surface Vector Wind (SVW) uncertainty and
distributions

* A new method of Ocean Ensemble Forecasting
using the BHM-SVW




How do we quantify the uncertainty in the
winds? We use Bayes' Theorem

. Y is a physical variable of interest
« X is a set of observations relevant toY
o [y|X] is the posterior distribution of Y

z|y|[y]
z|y|[y] dy

|z = f

« [X|y] is the measurement error model or Data Stage
« [y] is the prior or Process Model Stage

. _”-75|?/H?/]d?/ Is the normalization so the posterior distribution integrates to 1

Bayesian Hierarchical Modelling

. defines §. 7] parameters necessary to define Data and Process Models
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Review: Bayesian Hierarchical Models (BHM)

BHM Building Blocks:

Data Stage Distribution (likelihood) quantifies uncertainty in relevant observations,
through relevant parameter errors

Process Model Stage Distribution (prior) quantifies uncertainty in knowledge of the
Physical process connected to the field to estimate

Parameter Distributions from Data Stage and Process Models (i.e. [6,], [Op] )
issues of identifiability, uncertainty, model validation

The end product of BHM is the Posterior Distribution of the field of interest

Estimates of posterior distributions are obtained via Gibbs sampler Algorithm and Markov
Chain Monte Carlo methods

Posterior mean is summary
Standard deviation of posterior is an estimate of the spread



Our data stage: QuikSCAT and ECMWEF Surface W
Estimates for the Mediterranean Sea
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ECMWF NWP surface winds g
uncertainty over the Med Sea
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Building the wind distributions using Bayesian
Hierarchical Modelling (BHM-SVW)

Conceptual and implementation blocks:

Data Stage: 2 types of data
QSCAT winds and
ECMWEF analyses/forecasts

P f dp Y Jp

Process model stage: Pl +7 )y pol£* +7*)ox
Raylegh friction surface model - Fop oy ap
translated into a stochastic finite po(F2+7%) ax  po(ri+y%)oy
difference equation U, = 6,D,P +6,.D,P, +e,

I’; QI,IDI_-Pt + ngyDyPt + Eu



Process model (prior) for the SVW :

du_ . 1op_ Choice: begin with RFE
= yu . . "
dt Py Ox linear, includes surface friction
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SVW Model Al: from Deterministic to Stochastic

1. Discretize RFE approximation (geostrophic-ageostrophic model)

f9 2
ST S JN— Vet DR T Dp
P\ +y dy po(_f‘+}/‘_)ax : pu(_f +7 ' po(_f_'i'}/_.} -
r9 3
v P TP V=t DB DF
po(FE+y%) ax  po(£P+y")ay po(F2+7%) pol £ +7%)

2. Make the equations stochastic introducing parameters and model error
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Posterior Distributions of the Parameters:
With and Without QuikSCAT
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The wind posterior distribution
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The Kinetic Energy Spectra of the posterior distribution

BHM winds, analysis period Feb 1-15, 2005, timesteps 1— 57
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Zonal Wind Kinetic Energy Spectra: BHM Metric
with QuikSCAT without QuikSCAT

BHM winds, analysis period 25 Jan—7 Feb 2005, timesteps 1- 57 BHM winds, analysis period 25 Jan—7 Feb 2005, timesteps 1— 57
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QuikSCAT data support (observed) power-law behavior at synoptic and mesoscales.
Without QuikSCAT, high-wavenumber variance is noise.



BHM-SVW realizations: example for
February 7, 2005 at 18:00 GMT

20050207 - time step: 3
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* Onceaweek daily ®gemmm
analyses are produced l._

for the past 14 days (best
satellite information and
all in situ)

« Every day a deterministic
forecast Is issued starting
either from analysis or a

| Anaiysis simulation

B 24hr Model Simulation + Assimilation
B 24hr Model Simulation

[ 10 days physical Forecast



The BHM-SVW =
Ocean Ensemble Forecast

method
Tuesday Tuesday

Each ensemble member run
assimilates data and the winds
. transit smoothly from analysis

to forecast

[ 10 days Forecast I Analysis

Ensemble

members:

10 sets of
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Initial condition spread
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BHM-SVW-OEF last forecast day

spread

Initial condition spread
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BHM-SVW-OEF last forecast day
spread
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Ensemble Spread: Surface Density, Gulf of Lion

mnember 1 of 10 “Mmember 3 of 10

Gulf of Lions Gyre:
small, but climatically
important spread

Algerian Current:
large spread

sigma units
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MFS-Wind-BHM
Forecast day 10F




EEPS forced BHM-SVW
ensemble ensemble
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" ECMWEF EPS forcing
- IS not effective
™ to produce flow
=« field changes
at the mesoscales
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Background Error versus Ensemble Spread
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Ocean Ensemble Forecast Experiments

NAME OF THE EXPERIMENT | ENSEMBLE METHOD

BHM-SVW-OEF-16

EEPS-OEF

TIRP-OEF

BHM-SVW-OEF-4

MEMBERS GENERATED BY e
REALIZATIONS OF BHM-SVW w_,
with full resolution model (1/16)

MEMBERS GENERATED BY
ECMWF EPS WINDS, SAME
INITIAL CONDITION

MEMBERS GENERATED BY
PERTURBED INITIAL
CONDITIONS

MEMBERS GENERATED BY
REALIZATIONS OF BHM-SVW
with low resolution model (1/4)
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Alternative ensemble methods: the TIRP-OEF

THERMOCLINE INTENSIFIED
RANDOM PERTURBATION

The horizontal structure is random,

the vertical is thermocline intensified
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TIRP-OEF

Comparison TIRP-OEF and BHM-SV
OEF spread
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Final considerations

A new method to produce realistic distributions of surfa
winds (SVW) from QSCAT and NWP analyses and
forecasts has been developed (Milliff et al., 2009,
submitted)

BHM-SVW distributions are used to design a new ocean =
ensemble forecasting method: BHM-SVW-OEF (Bonazzi :
et al., 2009, submitted)

The BHM-SVW-OEF produces 10 days forecast spread at
the mesoscales and in the upper thermocline

Ad-hoc I.C. perturbations can produce similar results while
large scale NWP ensemble prediction winds are not
effective

BHM-SVW-OEF coupled to IC condition perturbation
methods promises in the future to contribute to the
understanding of the ‘uncertainty conundrum’



