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Improved wind and wave mean parameters during and afterdevelopment 
an provide some long-lasting e�e
ts to thefore
ast, shown by Lefèvre (2012)
� on wind waves through 
ross-
ovarian
es (dramati
in
rease in the amount of data and 
overage)

� improvement of the wind �elds in the hind
ast (similarto the smoother in Voorrips et al. (1999))

� dire
t wind analysis to in
lude in the spe
tra retrieval(by adapting Lionello et al. (1996))Improved fore
ast un
ertainties from the ensembleIn the ensemble: to improve the initial ensemble spreadand un
ertainty representation in short ranges.
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The fore
ast-analysis step

� the a
tual �errors-of-the-day� lye within a lowerdimension spa
e than the full system without previousknowledge if the ensemble system provides areasonably good knowledge of these errors, thendimension of the problem 
an be redu
ed lo
ally

� multivariate ve
tor wind - wave analysis

� a lo
al transformation allows to assimilate observationssimultaneously and to distribute pro
essing

The �Assimilation� or spe
tra update step into the wavemodel As in Lionello et al. (1996) and Breivik and Reistad(1994), updated as in ECMWF (2013), ex
ept that weintrodu
e the wind expli
itly
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� Advan
ed DA method: 4D, multivariate wind-wave
� Model-independent, ensemble and deterministi
initialization

� Realisti
 in
rements, �ow dependent
� ensures 
y
le-to-
y
le member 
ontinuity
� potentially multis
ale
� TBD: a one-step spe
tra update (in the analysis)

� Validated in 6-hr fore
asts, bene�t extended by swells

� Joint wind-wave analysis was the main sour
e ofimprovement
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Ensemble spread Column of P f at A
Hs δHsδHs

Wu δHsδUw

Wv δHsδVw
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-> the problem is solved lo
ally and simultaneously (independentfrom point to point) Ott et al. (2004) and improved byHunt et al. (2007)Solves the problem in the spa
e spanned by the ensemble byexpressing the analysis ensemble a linear 
ombination of theba
kground perturbations.
Xa = x̄f +w

aδXf

wa base of the spa
e spanned by δXf , parti
ular 
onditions holdfor wf ensemble mean and 
ovarian
e:
P f

≈
δxf (δxf )T

(m−1) = δxf P̃ f (δxf )T where P̃ f = I/(m− 1)

[m×m] and w̄f = 0-> the problem is solved lo
ally to get the m weights wa
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4D: asyn
hronous observations and �model observation� disposedin intermediate time slots within a 
y
le
δyt = H(δxt

f ) => evolving ba
kground error and
ovarian
e

Non-linear: multipli
ative in�ation of the ensemble perturbations
ovarian
e a

ounts for model errors and non-linearitiesBoth ensemble and deterministi
 model initializationhorizontal smoothness of the transformation => 
onsistentpoint-by-point independent 
al
ulations => optimalparalelization=> potentially multis
ale at �zero� 
ost (Yang et al., 2009)
ontinuity of the ensemble perturbations 
lose to
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Realisti
 SWH analysis in
rements in the full s
ale of theperturbations 19 De
ember 2012 06:00

Set up: global 1◦ × 1◦ WAVEWATCH III R©model ensemble in a 6-hourfore
ast/DA 
y
le
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Realisti
 SWH analysis in
rements in the full s
ale of theperturbations 19 De
ember 2012 18:00

Ve
tor winds 
orre
t wind �elds + dire
tly in�uen
e wind waves
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Realisti
 SWH analysis in
rements in the full s
ale of theperturbations 20 De
ember 2012 00:00

altimeters assess 
orre
tions in N Pa
i�
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Realisti
 SWH analysis in
rements in the full s
ale of theperturbations 21 De
ember 2012 00:00


onsistently 
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y
le after 
y
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Ea = AEf (Bf, θ) Lionello et al. (1996)

From Breivik and Reistad (1994),ECMWF (2013) with (no drag
hange) introdu
es the wind expli
itly

windsea
swell
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Ea = AEf (Bf, θ) Lionello et al. (1996)From ε∗ = Eg2

U4
∗

Breivik and Reistad (1994),
ε∗ = 5.054 ∗ 10−4f̄−2.959

∗ ECMWF (2013) with f̄∗ = u∗f̄
g

(no drag
hange) introdu
es the wind expli
itly

windsea 


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B = f̄f

f̄a =
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Uf

Ua

)0.3518 (
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ws

H
f
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A = B
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H
f
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swell



Updating the Wave Model Spe
tra

SummaryThe AssimilationFlow-dependentba
kground errorsand lo
alizationThe EnKF generalapproa
hThe Lo
alEnsembleTransform KalmanFilterMultivariateanalysis and SWHin
rements

⊲

Updating theWave ModelSpe
traThe ensemblemean in the fullpro
essSWH update inmixed seasVeri�
ation in the4D-LETKF/WWIIIassimilation 
y
leCon
lusions
Etala and E
hevarría, 2013 15 / 30

Ea = AEf (Bf, θ) Lionello et al. (1996)From ε∗ = Eg2

U4
∗

Breivik and Reistad (1994),
ε∗ = 5.054 ∗ 10−4f̄−2.959

∗ ECMWF (2013) with f̄∗ = u∗f̄
g

(no drag
hange) introdu
es the wind expli
itly

windsea 





B = f̄f

f̄a =
(

Uf

Ua

)0.3518 (
Ha

ws

H
f
ws

)0.6759

A = B
(

Ha
ws

H
f
ws

)2

swell 









B =
(

Ha
sw

H
f
sw

)
1

2

A = B
(

Ha
sw

H
f
sw

)2



The ensemble mean in the full pro
ess

SummaryThe AssimilationFlow-dependentba
kground errorsand lo
alizationThe EnKF generalapproa
hThe Lo
alEnsembleTransform KalmanFilterMultivariateanalysis and SWHin
rementsUpdating theWave ModelSpe
tra

⊲

The ensemblemean in the fullpro
essSWH update inmixed seasVeri�
ation in the4D-LETKF/WWIIIassimilation 
y
leCon
lusions
Etala and E
hevarría, 2013 16 / 30

Ba
kground wind 19 De
ember 12:00
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Wind analysis 19 De
ember 12:00
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Ba
kground SWH 19 De
ember 12:00
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SWH analysis 19 De
ember 12:00
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SWH after spe
tral update 19 De
ember 12:00
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WS ba
kground WS analysis Wind waves (det.)

SWH ba
kground SWH analysis SWH assim.19 De
ember 06:00
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Globally, the fore
asted SWH error vs. observations before theassimilation redu
es during the spin-up and remains lower in thefull time period
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Waves within the storm (6-hr fore
ast DA vs. no DA 
y
les)

This is the ensemble mean of a prototype: not to be 
ompared toordinary deterministi
 model performan
e
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N Hawaii SW Australia

Time of arrival is improved in the analysis 
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ay tendsto be unrealisti
 · · ·

the assumption on swell steepness in the spe
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onsistent with a repositioning of the storm
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LOWER blue and red: with assimilation (mean error and STD)green and light blue: id. no assimilationStandard deviation of the errors is 
learly redu
ed by the DABias is less 
lear due to o
assional spikes in this rough prototype
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� So far we fo
used the dis
ussion on the ensemble mean, i.e.,the deterministi
 approa
h.
� Validation plots at buoys were based on the 6 hr-fore
ast(possible impa
t at longer ranges is out of the s
ope of thiswork)

� Eviden
e of improvement was found on global and
ase-by-
ase basis
� Joint de�nition of storm winds and waves (positioning,intensity and timing) seems to be the main sour
e ofimprovement
� Bene�t is extended in spa
e and time by swells
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� un
lear di�eren
es in the �nal Hs vs analysis
� 
onsiderations on steepness for swell updating may beinadequate

=> spe
tral update: method to be repla
edDeterministi
 model updateMultis
ale approa
h
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