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Ensemble Kalman filtering

Forecast Analysis

Observations

1. Initial uncertainty

2. Model uncertainty

3. Measurement uncertainty
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Vocabulary and Analogies with 4D-VAR

Å4D-VAR

ïCost function (quadratic)

ïAdjoint sensitivities

ï4D assimilation

ïOptimal solution in 
linear cases

ÅNot analogous

ïPowerful iterative 
gradient descent 

ïStrong constraint

ÅEnKF

ïPosterior variance (min)

ïCross-covariances

ïAsynchronous EnKF

ïOptimal solution in 
linear cases 
Åbut sampling errors

ÅNot analogous

ïMonte-Carlo framework

ïExplicit model errors



MyOcean
GMES Marine Service



The MyOcean ñTordesillasñ

1. Global Modeling and 
Forecasting Center
ïLead Mercator

ÅNEMO + fixed based SEEK filter 

2. Arctic Modeling and 
Forecasting Center 
ïLead developments NERSC

ïExploited operationally at MET 
Norway

ïBased on the TOPAZ system
ÅHYCOM + EnKF

3. until 7, see http://myocean.eu

http://myocean.eu


The HYCOM model at NERSC

Å3D numerical ocean model
ïHybrid Coordinate Ocean 

model, HYCOM (U. Miami)

ÅHybrid vertical coordinate
ï Isopycnal in the interior

ïZ-coordinate at the surface

ïTOPAZ4 uses 28 layers

ÅCoupling to sea ice model 
ï9±t ŘȅƴŀƳƛŎǎ Χ

ïSemtner Thermodynamics 

ÅData assimilation: 
ï9ƴYC όǇǊƻōŀōƛƭƛǎǘƛŎύ Χ



The state vector X

Å3D variables
ïTemperature

ïSalinity

ïLayer thickness (can be zero)

ïX-current 

ïY-current

Å 2D variables
ï Sea ice area

ï Sea ice thickness

ï Snow depths 

ï Barotropic currents + pressure

Å Typical grid size
ï Horizontal: 800x880

ï Vertical: 28

ïTotal unknowns: ~10^8 
ÅNeed to perform local analyses Evensen 2002



Computations 
DEnKF 100 members

ÅEnsemble Forecast

Å2500 CPU hours / cycle

ÅEmbarrassingly parallel

Å100x 133 CPU 11 min jobs

ÅEach job requires 400 Mb
ïMPI parallelization

ÅAnalysis

Å20 CPU hours / update

Å6 datasets simultaneously

ÅOne 20 CPU 1h job

ÅMemory required 1 Gb
ïMPI parallelization

Á HPC Machine:

Á Cray XE6m, updated 2012

Á22272 cores, 205 Tflop/s

Á676 nodes (32-cores)

Á1-4 Gb per node



The TOPAZ system

Å Exploited operationally at met.no

ÅSince 2008

ÅEcosystem added in Jan. 2012

Å 20 years reanalysis at NERSC

Å Took 2 years to produce

Å 3-years ecosystem reanalysis

ÅMyOcean(Arctic MFC) 

Å Free distribution of data

ÅDynamical viewing (Godiva2)

ÅData used by ECMWF wave 
model (J. Bidlot)
Å Sea ice edge forecast

Å Surface currents
Ice thickness forecast for 14th Aug. 2012



TOPAZ

Assimilation

ÅDEnKF, asynchronous
ï100 members

ïLocal analysis (~90 km radius)

ïEnsemble inflation by 1%

ÅObservations:
ïSea Level Anomalies (CLS)

ïSST (NOAA, then UK Met)

ïSea Ice Concentr. (OSI-SAF)

ïSea ice drift (CERSAT)

ïT/S profiles (Coriolis)

ï400.000 observations per week

ï~100 in each local radius

SRF: local spread reduction factor



EnKF Correlations, SST

15th June 2008 24 Dec. 2008



Why dynamic Data Assimilation in the Arctic?
Example of ice-salinity correlations in the Barents 

Sea

Sakov et al., the TOPAZ4 system, OS 2012
Also seeLisæter et al. Oc. Dyn. 2003

warm+ salty AW flux

ice 
formation/ 

melting



Comparison to static / climatological 

covariances



Data assimilation statistics SLA

Stable ensemble spread

Stable / decreasing errors 



Independent data: surface drifters



Data assimilation statistics SST



SST forecasts in real-time

Myocean.met.no



In situ profiles assimilated

Å! άDƻƻŘ ǇŜǊƛƻŘέ 
2003-2008
ïArgo floats
ïSections
ïIce-Tethered Profilers 

from Damocles IPY 
ïAll reprocessed quality 

controlled data 
ïNot all profiles contain 

salinity

ÅStill very poor 
coverage compared to 
atmosphere 



Data assimilation stats T100-300

IPY


