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DA as Chaos Synchronization (Yang et al. 2006) 

Master (drive) system Slave (response) system 

Nature Simulation 

Systemôs Instabilities 
Chaotic dynamics 

Coupling strength 
Observing system 

(accuracy, density, frequency) 

Stability of synchronization 
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Data Assimilation 

DA corrects forecast fields to 

fit better with observations. 

 

DA produces the best estimate 

of the current state, which is 

used as the initial condition. 

Geopotential height at upper atmosphere 

is basically parallel to winds. 



A simple example: two thermometers 

20 30 [C] 
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A simple example: two thermometers 

20 30 [C] 

p 

Temperature of this room 

A B 

Best estimate 
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More accurate analysis is 

obtained by combining two 

independent information. 



Multidimensional generalization 
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Generalizing to a multidimensional variable 

Background PDF 

Observation PDF 

Joint distribution 

Analysis is given by the maximizer x (maximum likelihood). 

Background error covariance 

Observation error covariance 



We consider the evolution of PDF 
Obs. 

Analysis ensemble mean 

T=t0 T=t1 T=t2 

Analysis w/ errors FCST ensemble mean 
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An approximation to KF with 

ensemble representations 



LETKF (Local Ensemble Transform Kalman Filter) 

TXxX
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Analysis is given by a linear combination of forecast ensemble: 

Ensemble Transform Matrix 
(ETKF, Bishop et al. 2001; LETKF, Hunt et al. 2007) 
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Analysis error covariance in the ensemble subspace 



LETKF algorithm (Hunt et al. 2007) 

Each grid point is 

treated independently. 

Multiple observations are 

treated simultaneously. 

Local Ensemble Transform Kalman Filter 

Ą essentially perfectly parallel 

T matrix is computed at each grid point independently. 



Covariance localization (e.g., Houtekamer and Mitchell 1998) 

f
PArf
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Empirical treatment foré 
Å reducing sampling noise 

Å increasing the rank 
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Localization in LETKF 
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Analysis of the i-th variable: 

1. Selecting a subset of global obs for the i-th variable 
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2. Obs error std. is weighted by the localization factor 

are composed of only selected local obs. 

iii RR A
1~-«r so that far-away obs have large error. 
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Two steps of localization: 

R-localization, Hunt et al. (2007) 



Difficulties of localization 

Difficulties includeé 
Å dependence on (x, y, z, t) Č loss of flow-dependence 

Å balance issue 

95.0=s 51.0=s 08.0=s



10240-member SPEEDY-LETKF (Miyoshi and Kondo 2014) 



A challenge: multi-scale localization 

Localization plays an essential role 

in an EnKF to cope with limited 

ensemble size. 

Higher resolution requires more 

localization, limiting the use of 

observations. 

Localized  

No localization  

We look for better use of 

observations by separating the 

scales. 

Analysis increment from a single 

profile observation (20 members) 



Scale-separated analysis increments 

We will construct analysis increments at high (h) and low (l) 

resolutions separately. 

ὼ‏ ὼ‏  ὼ‏ ὼ‏

 ὼ‏



Results are promising. 

Experiments with the T30L7 SPEEDY model (Molteni, 2003) 

Regular localization (700 km) 

Dual localization (600-900 km) 

Mid -level U  Low -level T  

Near -surface Q  Surface pressure  

Global -average RMSE  



Improved almost everywhere 



Covariance inflation (e.g., Houtekamer and Mitchell 1998) 

Empirical treatment foré 
Å variance underestimation 

Error variance is underestimated due to 

various sources of imperfections: 
Å limited ensemble size 

Å nonlinearity 

Å model errors 

inflation 

No inflation 5% inflation 



Variance underestimation 

T=t0 T=t1 

P 

Forecast ensemble tends to be 

under -dispersive . 



Covariance inflation 

T=t0 T=t1 

PĄ(1+a)P 

Covariance inflation inflates 

the underestimated variance. 



Covariance inflation 

T=t0 T=t1 

PĄ(1+a)P 

Covariance inflation inflates 

the underestimated variance. 

This also inflates the 

off-diagonal terms: 

a side effect. 



Inflation methods 

~50 hPa T ensemble spread 

1. Multiplicative inflation: ‏ὼ ᴺ‌Ͻ‏ὼ  

K 
Problematic in real applications  

Sparse obs Ą over-dispersive 

Dense obs Ą under-dispersive 
Tuned constant 
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Inflation methods 

~50 hPa T ensemble spread 

1. Multiplicative inflation: ‏ὼ ᴺ‌Ͻ‏ὼ  

2. Additive inflation: ‏ὼ ᴺ‏ὼ ὼ‏  

3. Relaxation to prior: ‏ὼ ᴺ ρ ‍Ͻ‏ὼ ‍Ͻ‏ὼ  

K 

This brings new directions to span, 

but it is not trivial to have proper random fields. 
Generally better spread, but an unfavorable 

high-frequency pattern appears. 

Problematic in real applications  

K 

‍ͯ πȢχ 

Zhang et al. (2004) showed this worked well. 

~50 hPa T ensemble spread 

Sparse obs Ą over-dispersive 

Dense obs Ą under-dispersive 
Tuned constant 

4. Relaxation to prior spread: ‏ὼ ᴺ ρ ‍ ὼ‏ ὼ‏‍  

Whitaker and Hamill (2012), Ying and Zhang (2015) 



Adaptive inflation (Andersonôs Bayesian approach) 

Anderson (2007; 2009) applied the Bayesian estimation theory to 

adaptive inflation. 
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Adaptive inflation 
Anderson (2007; 2009) applied the Bayesian estimation theory to 

estimate the inflation parameter ‌ adaptively. 

Posterior 
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Prior Obs 

Li et al. (2009) applied the Gaussian assumption. 
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Posterior Prior Obs 

The Gaussian approach is 

adopted, with additional 

enhancements of ὺ  and 

localization (next slide). 

Non-Gaussianity 

is very weak. 

Miyoshi (2011)  



Localization of inflation estimates 

Apply the maximum likelihood estimate 

at each grid point independently. 
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Miyoshi (2011)  

: Grid points 

: Local observations 

: Remote observations 
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: Current grid point 



First step to test the new idea 

Toy models 
(e.g., Lorenz model) 

Intermediate AGCM 
(SPEEDY model, Molteni 2003) 

Real systems 
(e.g., operational models) 

1  
2  

3  
Easy to implement, fast to run, 

accumulating experiences by trial and error 



Results with the Lorenz model 

Adaptive inflation reduces the RMS errors significantly.  

Miyoshi (2011)  

Fast computations 

allow many kinds 

of sensitivity tests. 

Adaptive inflation with 

various prior variance 



Results with the Lorenz model 
Fast computations 

allow many kinds 

of sensitivity tests. 

under-dispersive 

with dense obs 

over-dispersive 

with sparse obs 

Adaptive inflation 
improves the 

ensemble spread.  

Adaptive inflation with 

various prior variance 

Adaptive inflation reduces the RMS errors significantly.  

Miyoshi (2011)  



Step 2: more realistic testing 

Toy models 
(e.g., Lorenz model) 

Intermediate AGCM 
(SPEEDY model, Molteni 2003) 

Real systems 
(e.g., operational models) 

1  
2  

3  

Testing applicability and feasibility 

with a single PC! 



Spatial pattern of inflation 

Generally large inflation over densely observed areas  

Miyoshi (2011)  



Improvements due to adaptive inflation 

~20% improvements 

of analysis RMSE 

Adaptive inflation improves 
the ensemble spread.  

sparse obs, 

large spread 
dense obs, 

small spread 

Miyoshi (2011)  


