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Talk Outline

¢ Ocean Data Assimilation:
o Sequential and Variational Approaches

¢ Predicting Loop Current in Guaif Mexico
o EnKRks. 4DVAR

¢ Hybrid 4ADVARENKF assimilation
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¢ Future Plans for the Saudi Seas
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How to Predict the State of the Ocean?

A1l Courses at The Student Center Room 2205
Refreshments will be provided
More Info: rachad.atat@kaust.edu.sa

THE BEST WAY TO

predict THE
FUTURE IS TO

ALAN KAY
COMPUTEF
MIND THE GAP
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Examples of Red Sea Models at KAUST
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Salinity and currents at 90 m in 1980:16:
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Facts about Ocean Models

¢ Numericalsolution of the discretizedPDEgjoverningthe
evolutionof the oceanvariability

¢ Highlycomplex,very expensive strongly nonlinear,and
chaoticmodels

¢ Subject to many sources of uncertainties Omitted
physics, poorly known parameters, uncertain inputs,
numericalerrors,etc X

Ocean models are often only crude
approximations of the real ocean




Uncertainties in Ocean Models

A
Field True Trajectory
value Observations
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Data Assimilation

¢ Sourcesf information:
o Numericalmodels but imperfect
o Observationshut too sparse

¢ Dataassimilation(5" paradigm) Combinesnodelsanddata
o Modelsdynamicallyinterpolatedatain spaceandtime

o Dataguidemodeltoward the true trajectory

The goal is to p redict, analyze, and quantify
uncertainties of the ocean state

¢ Difficulties:
o Hugedimension(10° ¢ 10%)
o Nonlinearmultiphysicsmultiscalesveryexpensivenodels
o Poorlyknownstatisticalpropertiesof uncertainties
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Bayesian Formulation

Compute probability distribution function of the state
given available observations

System dynamic and observation equations:

Xk = Mxy_1 + n« yi = Hx, + €

Need to estimate: p (xo, x1,...xn|x",yo,¥1,...,yn). Use Bayes rule,

p (XO:N|Xb>YO:N) X p (yo:leb,xO;N) - p (xO;N\xb)

[T (vulxi) - p (xolx") - p (xafxo) p (xalx2) - p (xulxn-1)

= ﬁP(Yk\Xk) P (Xo\xb) ‘ ﬂP(XHXk—l) 2 cl-exp [—%j(XO:N)]

k=0

= Min J (xow) = (xo — x*) B (xo — x) +

N N
Z(Yk — Hxx) "R (yx — Hxy) + Z(Xk — Mx—1) " Qi (xk — Mxy_1)
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Variational Assimilatioq 4DVAR
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Assimilation Period Prediction Period

Perfect Model

MinJ(Xg) =& ¥ Datag 1+ [ - Forecast

Data are assimilatedover a givenperiod
Dynamicallyconsistensolution
Requiresan adjoint modeland non-convexoptimization 9
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Sequential AssimilatiogqFiltering

Need to estimate: p (X«|yo.x) < p (Yi|Xk, Y1:6—1) - P (Xk|Y1:6—1)
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Gaussian UpdateMinJ(X) =|X- Data, 1+ |X- Forecast|}. 1
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o Dataareassimilatedasthey becomeavailable
o UpdatebackgroundBin time, anddynamicallyinconsistentsolution
o Samesolutionas4DVARat end of assimilationfor linear Gaussiarsystems




Sequential Assimilatiog Ol (Good Old Days!)

Time
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Sequential Assimilatiog EnKFs

Time Forecast Analysis

Models
* SE jﬁ Updated
S W Distribution
Analysis - A{Iﬂﬂm
A Forecast
Distribution N
Distribution
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Distributions A Estimates & Uncertainties (decision making)
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EnKFShowcase& Lorenz96 Model

¢ The Loren®6 model mimics time evolution of an atmospheric

variable
&=
€1=1 ,40
%:(X X ) F with {p=g
gt v K 2)% e % 1F=

1 Dt =0.05~ 6h

o A set of reference stateS  were retained
o hoASNBIGA2ya 2T SHe(RBE OF NRA I 0 f
o Initial pdf assumedF (S;cov(S))
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Quantifying & Reducing Uncertainties vahKF

EnKR20 members

State size = 40
Observation size = 40
Ensemble size = 20

Variables Values

Truth Ensemble
|

1 20 40
Model Variables 14
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Predicting Loop Current BoM

¢ Predictthe evolution of the loop current in the Gulf of
Mexicoto supportoil industry

¢ Fundedby BP,in collaboration with = = e o o o o o
Bruce Cornuelle& G. Gopalakrishnan * |

(Scripps), Patrick Heimbach (MIT), _ “f_:‘\'\;::; AT
Armin Kohl (Hamburg),and Tim Hoar { "‘-—:;_ﬁ{\{ SLARNTINN
& JeffreyAnderson(NCAR)
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¢ PredictionSystem

o MITgeneralcirculation model o
o Data Satellites& Gliders
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MITgcmg GoM

¢ 10x 10km horizontalresolutionand 50 verticallayers
¢ ModelstatevariablesU,V,S, T (dimFf 2x 10/)
¢ 6-hourly NCERtmospheridorcing(winds,heat, precipitation, X)

¢ Initial conditions and Open boundaries model nested in
1/12x 1/12degreeglobalassimilatedHYCOM

¢ Monthly NCERnd HYCOMlimatologyfor prediction
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Model vs. Altimetry

Model AVISO SSH
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Assimilation System

¢ Variational(15iterations)and EnKK50 members)assimilation

¢ Along tracks satellites SSHdata and satellite gridded SSTdata are
assimilateceveryday

¢ Assimilationand predictionperiod:

<€ > € >
Assimilation Period Forecast Period

2 months: March April 2 months: May- June

¢ Performancesvaluation
RMSbetweenanalysis/forecasanddata
Comparisowith griddedAVISGsSHand TMI SSproducts
Evaluationagainstun-assimilatedglidersdata and assimilatedHYCOM
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WeeklyEnKH-orecasts and Analyses

Satellite

A150 Data 0500159

Forecast 050199

265 270 275

- 101

Analysis 050139

265 270 275
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4ADVAR vEnKHN GoMb

4DVAR

Forecast
Analysis
Persistence

EnKF
Forecast
Analysis

Persistence
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EnKF mean EnKE

4DVAR MIT tHYCOM IQ

AVISO HYCOM
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