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- GMAO AGCM, 2 x 2.5 x L34
- LSM: Mosaic (SVAT) =
- OGCM: Poseidon v4, 1/3




Multivariate compacﬂy suppor"red covariances
°Updq're T,S uédv

Layer thicknesses (h) adjust between analyses
Incremental update |

~ Process SSH and T observatio -

Online buaf\esj'lmahon

'+ Used in SSH assimilation

Hybrid (3DVAR + ensemble) covariances
* Used in T assimilation
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_.st‘:_'re) and climatological error (bias)
are evolved side by side
' \_" model cli v \F

observable

", Online bias estimation
.
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RMS OMF

Control
RMS OMA

TR

he differds

Passive Data residuals: mean(0-B) rms(0-B)

T

Active Data residuals mean{O-E)rms(0-E) rms{0-4)
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S\‘n. ‘ 2" Control
08 T ol

0.04  0.06

« Control is most biased
* OI partly corrects SSH bias
- EnKF runs have no noticeable SSH bias

\ Time averages J

> 0.04

0.06



Passive Data residuals mean(0O-E) rms{O-B) mean(0-4A) rms(0-A)

Control -
RMS OMF

RMS OMA
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Active Data residuals:

OI+S(T) TTIT RS i FTH :

Active Data residuals mean{O-E)rms(0-BE) mean(0-4) rms({0-A)

EnKF 33

"
(Hybrid covariances used in T assimilation with EnKF result in stronger data weights °

EnKF17 EnKF33
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32 leading EOFs

T(156E, EQ, 150m) and T(x, y, 150m) T(156E, EQ, 150m) and T(x, y, 150m)
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32 leading EOFs

T(156E EQ, 150m) and S(x, y, 150m)
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140E 150E 160E 170E
T(180E EQ, 150m) and S(x, y 150m)

140E 150E 160E 170E
T(180E EQ, 150m) and S(x, y, 150m)
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160E * 160E 170E 180W 170W 160W

EnKF 32 - 12/31/01

T(156E, EQ, 150m) and S(x, EQ, 2)

T(156E, EQ, 150m) and S(x EQ, 2)

Zonal sections
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Steady state: 32 leading EOFs
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ginal S Kalman gain for a 1 o,
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-+ EnKF9 produces spurious covariance structures
i* Apparent consistency between EnKF17 & EnKF33

Steady state: 32 leading EOFs
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LMPAcIFoTRasSImMIIaoNIoNICEEMEhINAdcasiaskill
* Old'code withia J:JJJmJJ.;rJJn [nimodel JJ/J‘“‘ l7=membertEnkiz
Assimilate T+ SSH S oraEeor _J,u*y-,&gril off each year o 1995=2002 :
> Couple OGCM 'ro AGCM & _SMiaftter :*_umim ODAS
* 12-month CGCM hmdcas'rs ml'l‘iallze\ sing ocean' states firom' EnkE"runsi
(to save CPU time, CGCM hindcasts have only 5 ensembl e’member')

Assess impact of assimilation on SST hindcast skill

Compare to history of C6CMvl May-start hindcasts (problematic month)
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NSIPP GGCMv1 Forecasts: May starts

NINOG.4 88T anomaly {1}

o

NINCG.4 38T anomaly {°C}
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missed EN

Nino-3.4 SST

false LN alert false LN alert







