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History
• EnKF dates back to ~1994,

– Several classes of EnKF
– Many different “flavours”

• Application to
– Data assimilation, 
– EPS,
– Parameter estimation, etc.

• Pre-ACCESS, was the BMRC future strategy 
– still is for ocean.



• Kalman Filter 
– evolution of full field & error variance

• Single Ensemble Kalman Filter (SEnKF) 
– Monte Carlo representation of error covariance

Definition of EnKF
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Outline
• Parallel research strategy:

– Investigate detailed properties of various (bits of) algorithms.
– Begin testing “vanilla” atmospheric EnKF.

• Will discuss
– Estimation of background error covariances:

• Improved covariance localisation

– Progress on prototype atmospheric system.



• Single Ensemble Kalman Filter (SEnKF)

• Observation-covariance Ensemble Kalman Filter (OCEnKF) (Evensen, 2003)

Potential trap: Ensemble Obs Error
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OCEnKF Collapse
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• Background ensemble mean 0, prescribed 
Gaussian covariance L=8, nens=64, 
nobs=128, H=I , obs error=1.

• Ensemble of OI analyses with true Pb

(yellow) & mean (red dash)

• SEnKF analyses (ensemble Pe
b) (yellow), 

SenKF mean (blue), OI mean (red dash)

• OCEnKF analyses (ensemble Pe
b and Re) 

(obscured), OCEnKF mean (blue), OI mean 
(red dash).

• Ensemble has collapsed, mean analysis has 
too much small-scale power.



Re symmetric positive semi definite, rank Nens – 1

Transform obs: = SY, SdiagonalizesRe

º Nobs – Nens + 1 transformed obs are“perfect”

Rank reduction from assimilating perfect observations,

º Rank( Analyis Ensemble) = Nens – (Nobs – Nens + 1)

Why is this so?
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Nens � Nobs / 2  + 1Complete collapse 

Nens � NobsRank deficiency



Eigenvalues of Gain Matrix
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• Can show that HK eehas nens-1 
eigenvalues of 1, rest are 0.

• In contrast HK has a spectrum starting 
at 1 and going smoothly down.

• Spectrum of HK e is a good 
approximation to that of HK .

• Effect is that large modes kept, small 
ones smoothly damped in OI, SEnKF.

• All modes kept up to a threshhold in 
OCEnKF, remainder eliminated.

• Thus OCEnKFhas excess power at 
smaller scales.

HKHK e

HK ee



Covariance Localisation

• Necessity & problems of covariance localisation

• Present new localisation formulations.
• Results from identical-twin experiments in a global 

shallow-water model, comparing localisation 
formulations.

• Conclusions.
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Covariance Localisation – Why?

• Pe
b is estimated by a Monte Carlo process, so is subject to 

sampling error.
• Localisation

– Removes spurious long-range correlations
– Corrects erroneous response of analysis mean and variance to distant 

observations.
– CoPe

b is still a covariance (Gaspari and Cohn, 1999)

• rank(Pe
b) = O(100) is too small, gives poor fit of analysis to 

observations
– Localisation increases rank of Pe

b

• Eliminates analysis discontinuities between sub-domains.
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Disadvantages of Localisation
• Weakens balances encoded in Pe

b.
– Exact balances correspond to the null space of Pe

b. (Lorenc
2003)

– Advantage of EnKF advantage is better covariances -
localisation reduces this. 

– Canadian experience confirms balance problems. 
(Houtkamer et al 2005)

• Makes analysis suboptimal.
– Changes the gain matrix.

• ad hocprocedure which requires tuning.
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Localisation and Balance

• One-dimensional cyclic domain.
• Very dense observations.
• Bivariate (z,v) analysis using OI 

covariance model with exact 
geostrophic balance, nondivergent.

• Plotted response is from diagonals 
of Fourier transformed gain matrix. 
(c.f. Daley 1991)

• Blue: global analysis, standard OI 
covariance model.

• Red: localised covariance model 
(support = 6L� ).
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Improved Localisation
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Improved Localisation (cont’d)
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Improved Localisation

• and correlations less structure than u and v

• Apply localization function to and correlations

• Localization function explicitly accounted for in 
calculation of wind ( u, v )correlations



Analysis response using new localisation

• Blue: standard OI covariance 
model.

• Red: localised covariance 
model (Poor Balance)

• Green: covariances 
localised using new 
method.

• Analysis response is 
geostrophically balanced 
and nondivergent.
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Localise � cross-covariances to zero

• Experience shows that z-� and� -� correlation often 
nearly zero (except in boundary layer).

• It is therefore sensitive to sampling error.

• Can repeat derivation with the � cross-covariances 
“localised” to zero.

• Slightly more complex expressions, EnKF now needs to 
read in rotational and divergent wind components.
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Experimental Design

• Global spectral shallow water of Bourke (1972) at T31.
– Accurate, non-dissipative, includes variable transforms (u,v) to/from (� ,� ).
– Simplest model to have main atmospheric balances.
– Error-doubling time ~ 5 days.

• Identical twin with 60-day truth run
– Start from ERA-40 analysis for 500 hPa 18 Jan 1962.
– Initial ensemble from a climate forecast beginning one year before.
– Analyse last 20 days of assimilation cycle.

• Obs network based on 50% of global radiosondes, observe (z,u,v) 
12-hourly.
– Height error = 100 J/kg, wind error = 5 m/s.

• Standard perturbed-obs EnKF with covariance inflation, various 
localisations, various ensemble sizes.
– Tune localisation length and covariance inflation to minimise errors.
– Verify spread using rank histograms.
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Three localisations tested
• EnKF-zuv: standard localisation.

• EnKF-z�� : new localisation in (z,� ,� ) space.
• EnKF-(z� )(� ) : zeroes out z –� and � – � correlations.

• T31 Shallow water model, error doubling time ~ 5days

• Identical Twin, 60 day truth run
– Analyse last 20 days
– Obs based on 50% current global radiosonde coverage

• Localization & covariance inflation chosen to 
minimize errors
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Performance
• Scores improve with bigger 

ensemble.
– Better estimation of errors.

• New localisations better than 
old for height.
– Equivalent to 50-100% bigger 

ensemble.
– Similar for wind.

– Much better for � .
• New localisations better 

balanced.
• EnKF-(z )( ) best for small 

ensembles, EnKF-z best for 
large.

RMSE z

RMSE � Balance

RMSE wind

Ensemble size Ensemble size

Ensemble size Ensemble size
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analysis

Variance change, background - analysis
EnKF-zuv, 64 members
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Variance change, background - analysis

EnKF-zuv EnKF-(z� )(� )EnKF-z��

z

• New localisations give
– Reduced evidence of suboptimal analysis.
– Somewhat less analysis impact on � variance.

• This diagnostic includes impact of covariance inflation.
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Balance
• Diagnostic is rms(analysis –

initialised analysis).
• Switched normal-mode 

initialisation off in filter at day 30.
• Both filters asymptote to new level 

of imbalance.
• EnKF-zuvhas faster imbalance 

growth, to higher level, with more 
small-scale imbalance.

• Positive feedback: The analysis 
will project more of the 
observations onto the modes with 
the most variance.

• Similar results with other balance 
diagnostics (e.g. rms tendencies).
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Proto-type EnKF system

• Model T119/L19 GASP
• Build on existing GenSI and GASP infrastructure (e.g.: 

1Dvar, most of data quality control and verification) 
• Identical to GenSI with 385 subvolumes over global 

domain

• Tests of 32 ensemble members
• EnKF assimilates every 6 hours

• Observation error perturbation from Gaussian 
probability distributions

• Ensemble derived covariance tuned by inflation and 
localisation factors



EnKF increments reasonable
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Conclusions
• New localisation 
º more accurate and better balanced analyses.

– Removing � ensemble cross-covariances a further improvement for small 
ensembles.

– Tested in perturbed-observation-single-EnKF, but applicable to other flavours 
(except ETKF).

• Disadvantages of new localisations:
– Marginally inferior when analysis cycle includes initialisation.
– Due to additional sampling error (more ensemble covariances calculated)?
– Extra cost (small except in highly sequential schemes).
– Increases response to wind observations (can be compensated for).

• Positive feedback on unbalanced modes in EnKF.

• Prototype EnKF seems reasonable
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