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Who am I? 

http://data-assimilation.riken.jp/miyoshi/ 

大学卒業 

↓ 

気象庁企画課 (2年) 

↓ 

気象庁数値予報課 (1年3ヶ月) 

↓ 

メリーランド大学大学院留学 

(2年, M.S. and Ph.D.) 

↓ 

気象庁数値予報課 (3年6ヶ月) 

↓ 

メリーランド大学 (4年) 

↓ 

理化学研究所 (3年+) 
http://tedxsannomiya.com/en/speakers/

takemasa-miyoshi/ 



http://data-assimilation.riken.jp/ 



10/14 理研データ同化ワークショップ 
9/9-10/24 理研内競争的資金 

11/14-18 理研データ同化合宿 

データ同化をハブとした数理科学、実験・観測科学、 

シミュレーション科学の融合研究イノベーションハブの形成 

様々な応用分野におけるデータ同化研究の課題および展望を共有、議論し、データ同
化研究の知の集積、研究者間の交流を促進する。 

 
データ同化をハブとしたイノベーションを生み出す 

広範なデータ同化研究コミュニティの形成および拡大 

理研内研究者によるデータ同化をハブとした融合研究に関
する新しい着想に対して資金を投じる。 

新たな着想を具体的な研究計画にまで練り上げる。 

理研内で融合研究を始めるためのシード
発掘、研究スタートアップの促進 

データ同化に興味を持つ大学院生や若手研究者等を募り、参
加者自身がデータ同化システムを実装する演習を行う。 

データ同化の基礎技術を有する
人材育成、データ同化コミュ 

ニティの裾野拡大 

データ同化をハブとした数理科学、実験・観測科学、シミュレーション科学、データ駆
動科学の融合に関するシンポジウムを開催する 

データ同化の応用範囲を広げ、様々な分野に双方向にフィードバック
する数理科学としてのデータ同化をさらに強化 

イノベーションを生み出す「国際科学技術ハブ」への布石 

ハブ化を助長 

相互連携を牽引 

国内外の優秀な研究者が滞在 

   2017/2/27-3/2 理研データ同化国際シンポジウム 研究計画発表 

研究者招聘 

データ同化をハブとして、実験・観測科学、理論・シミュレーション科学を橋渡しする。データ同化が理研内のハブとしての拠点機能
を構築することができ、将来の国際社会における融合研究イノベーションハブとなるための下地とする。また、理研の枠にとらわれ
ず幅広いシミュレーション科学、実験・観測科学研究の相互連携を牽引する。国際ハブとしての機能は、我が国では科学を総合的
に推進する理研が果たすべき役割であり、今取り組むことで世界のトップ拠点を狙う。 



SPEEDY-LETKFを使った実習 

• 2008年ブエノスアイレ
スで実績あり 

– 約2週間で、3次元変

分法とアンサンブルカ
ルマンフィルタの比較 

– 古いバージョンだった 

 

• 今回は正味2日でアン

サンブルカルマンフィ
ルタのみを扱う 

– 新しいバージョン 



データ同化 

データ同化は、シミュレーションと現実世界
を結びつけ、相乗効果を生み出す。 

双方の情報を最大限に抽出 

シミュレーション 観測・実験データ 

データ同化 



データ同化 

>2 

1 1 + 

データ同化 

シミュレーション 観測・実験データ 



©JAMSTEC・AORI (SPIRE Field3), RIKEN/AICS 
Visualized by Ryuji Yoshida TEDxSannomiyaより 

http://tedxsannomiya.com/speakers/takemasa-miyoshi/ 
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データ同化 

データ同化は、シミュレーションと現実世界
を結びつけ、相乗効果を生み出す。 

双方の情報を最大限に抽出 

シミュレーション 観測・実験データ 

データ同化 



カオス同期 Chaos Synchronization 

Master (drive) system 

何らかの情報伝達 

Slave (response) system 

自然 

観測 

モデル 



DA as Chaos Synchronization (Yang et al. 2006) 

Master (drive) system Slave (response) system 

Nature Simulation 

System’s Instabilities 
Chaotic dynamics 

Coupling strength 
Observing system 

(accuracy, density, frequency) 

Stability of synchronization 



数値天気予報のしくみ 

time 

予報 

観測 

解析 

観測 

真の状態（未知） 

解析 

予報 

解析 

モデル 

シミュレーション 

予報解析サイクル：過去の観測の情報を
時間方向に積み重ねる。→4次元同化 



データ同化（DA）のworkflow 

Simulation 

DA 

Initial State 

Simulated State 

Observations 

(Best estimate) 

PDF represented by an ensemble 

Sim-to-Obs 

conversion 

Sim-minus-Obs 

DA 



データ同化（DA）のworkflow 

Simulation 

DA 

Initial State 

Simulated State 

Observations 

(Best estimate) 

PDF represented by an ensemble 

Sim-to-Obs 

conversion 

Sim-minus-Obs 

Broad-sense DA 



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] 

p 

Temperature of this room 
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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
ffa 

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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LETKF algorithm (Hunt et al. 2007) 

Each grid point is 

treated independently. 

Multiple observations are 

treated simultaneously. 

Local Ensemble Transform Kalman Filter 

 essentially perfectly parallel 

T matrix is computed at each grid point independently. 



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

f
Pf

P

Empirical treatment for… 
• reducing sampling noise 

• increasing the rank 

Localized 




Localization in LETKF 

),,(1 ii

f

ii

f

im

f

i

a

i dRYTx1xx  

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. 
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Two steps of localization: 

R-localization, Hunt et al. (2007) 



Difficulties of localization 

Difficulties include… 
• dependence on (x, y, z, t)  loss of flow-dependence 

• balance issue 

95.0 51.0 08.0



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. 

𝛿𝑥 = 𝛿𝑥ℎ + 𝛿𝑥𝑙 𝛿𝑥ℎ 

𝛿𝑥𝑙 



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 for… 
• variance underestimation 

Error variance is underestimated due to 

various sources of imperfections: 
• limited ensemble size 

• nonlinearity 

• 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 

P(1+a)P 

Covariance inflation inflates 

the underestimated variance. 



Covariance inflation 

T=t0 T=t1 

P(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: 𝛿𝑥𝑓 ← 𝛼 ∙ 𝛿𝑥𝑓 

K 
Problematic in real applications 

Sparse obs  over-dispersive 

Dense obs  under-dispersive 
Tuned constant 



Inflation methods 

~50 hPa T ensemble spread 

1. Multiplicative inflation: 𝛿𝑥𝑓 ← 𝛼 ∙ 𝛿𝑥𝑓 

2. Additive inflation: 𝛿𝑥𝑎 ← 𝛿𝑥𝑎 + 𝛿𝑥𝑟𝑛𝑑 
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 

~50 hPa T ensemble spread 
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Dense obs  under-dispersive 
Tuned constant 



Inflation methods 

~50 hPa T ensemble spread 

1. Multiplicative inflation: 𝛿𝑥𝑓 ← 𝛼 ∙ 𝛿𝑥𝑓 

2. Additive inflation: 𝛿𝑥𝑎 ← 𝛿𝑥𝑎 + 𝛿𝑥𝑟𝑛𝑑 

3. Relaxation to prior: 𝛿𝑥𝑎 ← (1 − 𝛽) ∙ 𝛿𝑥𝑎 + 𝛽 ∙ 𝛿𝑥𝑓 

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 

𝛽~0.7 

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

~50 hPa T ensemble spread 

Sparse obs  over-dispersive 

Dense obs  under-dispersive 
Tuned constant 



Inflation methods 

~50 hPa T ensemble spread 

1. Multiplicative inflation: 𝛿𝑥𝑓 ← 𝛼 ∙ 𝛿𝑥𝑓 

2. Additive inflation: 𝛿𝑥𝑎 ← 𝛿𝑥𝑎 + 𝛿𝑥𝑟𝑛𝑑 

3. Relaxation to prior: 𝛿𝑥𝑎 ← (1 − 𝛽) ∙ 𝛿𝑥𝑎 + 𝛽 ∙ 𝛿𝑥𝑓 

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 

𝛽~0.7 

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

~50 hPa T ensemble spread 

Sparse obs  over-dispersive 

Dense obs  under-dispersive 
Tuned constant 

4. Relaxation to prior spread: 𝛿𝑥𝑎 ← (1 − 𝛽) 𝛿𝑥𝑎 + 𝛽 𝛿𝑥𝑓  

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



Adaptive inflation (Anderson’s 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 𝛼 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 𝑣𝑖
𝑜 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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Posterior Prior Obs 

Miyoshi (2011)  

: Grid points 

: Local observations 

: Remote observations 

𝛼 = 𝛼(𝑥, 𝑦, 𝑧, 𝑡) 

: 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)  



Improvements due to adaptive inflation 

~20% improvements 

of analysis RMSE 

Miyoshi (2011)  

Adaptive inflation improves 
the ensemble spread. 

sparse obs, 

large spread 
dense obs, 

small spread 



Step 3: real applications 

Toy models 
(e.g., Lorenz model) 

Intermediate AGCM 
(SPEEDY model, Molteni 2003) 

Real systems 
(e.g., operational models) 

1 
2 

3 



Test with real observations 
Lower troposphere Middle troposphere 

● ADPSFC 

▲ SFCSHP 

□ ADPUPA 

◇ AIRCFT 

○ PROFLR 

× SATWND 

■ VADWND 

△ SPSSMI 

＋ QKSWND 

 Adaptive inflation accounts for imperfections such as 

model errors and limited ensemble size. 

 Large adaptive inflation > 100 % (2.0) appears 

occasionally and is appropriate in limited regions. 

Miyoshi and Kunii (2011)  



Ensemble spread (T500) 

ADAPTIVE 

under-dispersive 

with dense obs 

over-dispersive 

with sparse obs 
Adaptive inflation improves 

the ensemble spread. 

FIXED20% 

Miyoshi and Kunii (2011)  



6-hr forecast vs. radiosondes 

Adaptive inflation reduces the RMSE and BIAS consistently. 

Miyoshi and Kunii (2011)  



Benefits to many applications 

Toy models 
(e.g., Lorenz model) 

Intermediate AGCM 
(SPEEDY model, Molteni 2003) 

Real systems 
(e.g., operational models) 

1 
2 

3 

Benefits to diverse research, 

world-wide users, 

and even operations 

The LETKF code is available at 

http://code.google.com/p/miyoshi/ 



Application to CO2 data assimilation 

Adaptive inflation 
improved the CO2 

analysis 

Courtesy of J.-S. Kang 

ADAPTIVE 

FIXED 

ppmv 

Near-surface CO2 concentration error 

RMSE=0.91 

RMSE=0.59 



Results of Mars GCM 

ADAPTIVE 

FIXED 

Clear advantage of 
adaptive inflation 

Courtesy of S. Greybush 

Zonal mean temperature RMSE 

K 

Global average RMSE 

Pa 

Pa 



JMA operational NWP system 

500 hPa Geopotential Height AC 

Forecast lead time [days] 
0 3 6 9 
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Relative to radiosondes 

Forecast lead time [days] 
0 3 6 9 

Adaptive inflation 

Fixed inflation 

Courtesy of Y. Ota (JMA) 

Adaptive inflation improved the 

global 9-day forecasts significantly. 



Experience from Brazilian CPTEC 
Slide courtesy of J. Aravequia 



Feedbacks inspire future studies 

Toy models 
(e.g., Lorenz model) 

Intermediate AGCM 
(SPEEDY model, Molteni 2003) 

Real systems 
(e.g., operational models) 

1 
2 

3 

Benefits to diverse research, 

world-wide users, 

and even operations 

Feedbacks 

are essential! 

 Inspiring new ideas 

 Demands from operations 

 Technical improvements 



Expanding collaborations 

WRF 

ROMS 

AFES 

CFES 

Mars GCM 

MRI Chem 

U.Tokyo Aerosol 

WRF-ROMS 

JMA MSM 

JMA GSM 

GFS OFES 

CPTEC Brazil 

:Existing 

:Possible future expansion 

JAMSTEC Chem 

SPEEDY CO2 

CAM MOM 

LETKF 

Atmosphere 

Ocean 

Chemistry 

NICAM 
SCALE 



データ同化（DA）のworkflow 

Simulation 

DA 

Initial State 

Simulated State 

Observations 

(Best estimate) 

PDF represented by an ensemble 

Sim-to-Obs 

conversion 

Sim-minus-Obs 

Broad-sense DA 



今回の実習のテーマ 

Simulation 

DA 

Initial State 

Simulated State 

Observations 

(Best estimate) 

PDF represented by an ensemble 

Sim-to-Obs 

conversion 

Sim-minus-Obs 

Broad-sense DA 

アンサンブル数 

観測システム 

（誤差、分布） 

局所化 

膨張係数 


