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Data assimilation in NWP
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Data Assimilation = Analysis

True state (unknown)
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The error in the initial condition 

(ANL) grows in a chaotic system



Probabilistic view
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ANL w/ errors FCST w/ errors

P

OBS w/ errors
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T=t1

Problem：：：：

d.o.f. of the system: ~O(106)

d.o.f. of the error: even 

Gaussian distribution has 

d.o.f. of the covariance 

~O(1012)

Too large to express 

explicitly



A schematic of EnKF
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A core concept of EnKF

Data Assimilation

Ensemble Forecasting

ANL Error FCST error

This cycle process = EnKF

Analyze with the flow-dependent forecast error, ensemble 

forecast with initial ensemble reflecting the analysis error

Complementary relationship between data 

assimilation and ensemble forecasting



Difference between EnKF and 3D-Var
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Analysis without flow-dependent 

error structure (e.g., 3D-Var)
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Flow-dependence of B in L96

Courtesy of Hotta

Error covariance matrix 

of the Lorenz-96 

system with different 

time levels, showing 

time evolution of B



An example of EnKF analysis accuracy

EnKF is advantageous to traditional data assimilation methods 

including 3D-Var, currently in operations at several NWP centers.

3DVAR (31m)

LEKF (8m)

Serial EnSRF

(5m)

30 ensemble members

Many centers (ECMWF, 

JMA, UK MetOffice, 

MeteorFrance, Canada, 

etc.) switched to 4D-Var

which also considers 

flow-dependent error 

structures.



EnKF vs. 4D-Var

NY (ensemble ptb)Analysis errors?

Y (intrinsic)Y (4D-EnKF)Asynchronous obs?

YNInitialization after 

analysis?

Adjoint requiredOnly forward

(e.g., TC center)

Observation operator

YNAdjoint model?

YY“advanced” method?

EnKF with infinite ensemble size and 4D-

Var with infinite window are equivalent.

Limitation

Simple to code?

Assim. windowensemble size 

N (e.g., Minimizer) Y

4D-VarEnKF



EnKF - summary

• EnKF considers flow-dependent error structures, 

or the “errors of the day”

– “advanced” data assimilation method

• 4D-Var is also an “advanced” method. How different?

• EnKF analyzes the analysis errors in addition to 

analysis itself

– “ideal” ensemble perturbations



LETKF - Local Ensemble Transform Kalman Filter

• Invented by the Chaos Group (e.g., Profs. 

Eugenia Kalnay, Ed Ott, Jim Yorke, Brian 

Hunt, and more) at the University of Maryland

• Selected References of the method:

– LEKF by Ott et al. (2004, Tellus)

– LETKF by Hunt et al. (2007, Physica D)

• More references and information:

– http://www.weatherchaos.umd.edu/



KF and EnKF

Ensemble Kalman FilterKalman Filter
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LETKF (Hunt 2005; Hunt et al. 2007; Ott et al. 2004)

• Two categories of the EnKF (Ensemble Kalman Filter)

• LETKF (Local Ensemble Transform Kalman Filter)

– is a kind of ensemble square root filter (SRF)

– is efficient with the parallel architecture

Not in operations yetAlready in operations 

(Canadian EPS)

Relatively newClassical

No such additional 

sampling errors

Additional sampling 

errors by PO

Square root filter (SRF)Perturbed observation 

(PO) method



PO vs SRF
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Forecast
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Why do we need to perturb obs?
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LETKF algorithm (Hunt, 2005, et al., 2007)
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Derivation of LETKF eqs.
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