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Data Assimilation (DA) 

Numerical models Observations 

©Vaisala 

Data assimilation best combines 
observations and a model, and 

brings synergy. 

Data Assimilation 



DA has an impact. 

JMA operational system under development 

Using the same NWP model and observations. 

DA matters! 
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Miyoshi and Sato (2007)  

SV w/ 4D-Var LETKF 



DA method has an impact. 

SYNOP(+),SOUND(△), 
DROPSONDE(○),
Typhoon center (X) RIP better use the “limited observations”!

Flight data

Typhoon Sinaku (2008)

3-day forecast

Obs
LETKF-RIP
LETKF

Running-In-Place method improved TC track forecasts. 

S.-C. Yang (2012)  



Data have an impact. 

~28 samples 

Too deep to resolve by 60-km WRF 

Adding AIRS data improved TC forecasts. 

Miyoshi and Kunii (2012)  



Motivation for estimating data impact 
The NCEP 5-day skill dropout problem 

This suggests that bad forecasts are mostly due to bad analyses. 



Forecast Sensitivity to Observations (FSO) 

Estimated observation impact 

TY Sinlaku 

Degrading 

Improving 

With FSO approaches, 

observation impacts can 

be estimated without 

performing expensive 

data denial experiments 

(or OSEs). 

Kunii, Miyoshi, Kalnay (2012)  



Forecast sensitivity to observations 

 

 

 This difference comes 

from obs at 00hr 

Observation impact can be calculated using an adjoint model 

(Langland and Baker 2004) 
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The error reduction (or increase) due to obs at 00 (i.e., obs impact): 
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analysis increment! 
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Forecast sensitivity to observations 
Observation impact can be calculated without an adjoint model 

(Liu and Kalnay 2008; Li et al. 2009; Kalnay et al. 2012) 

𝐽 ≈ 𝛿𝐲𝑇𝐊𝑇𝐌𝑇𝐶 𝐞𝑡|0 + 𝐞𝑡|−6  (Langland and Baker 2004) 

In the ensemble Kalman filter (EnKF), 
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Kalnay et al. (2012) We just need an ensemble of forecasts. 



Denying negative impact data improves forecast! 

Estimated observation impact Typhoon track forecast is 

actually improved!! 

Improved 

forecast 

36-h forecasts 

TY Sinlaku 

Original 

forecast 

Observed

track 

Kunii, Miyoshi, Kalnay (2012)  



Impact of NRL P-3 dropsondes 

Kunii, Miyoshi, Kalnay (2012)  



Impact of WC-130J dropsondes 

Kunii, Miyoshi, Kalnay (2012)  



Impact of DLR Falcon dropsondes 

Kunii, Miyoshi, Kalnay (2012)  

K. Bessho mentioned 

his mistake when he 

dropped this one 

before landing! 

too far from 

the storm 



Overall impacts of dropsondes (T-PARC/ITOP2010) 

T-PARC 2008 ITOP 2010 

improving degrading 

improving degrading 



Composite of dropsonde impact over many TCs 

T-PARC 2008 

Most dropsonde data improve the forecasts, but suggesting 

strong case dependency. 

Dropsonde impact (J kg-1) per observation count 

Location relative to the TC center 

ITOP 2010 

N 



An issue on localization 

We need to consider “mobile” localization function. 

𝐽 ≈
1

𝑁𝑒𝑛𝑠 − 1
𝛿𝐲𝑇𝐑−1𝐘0

𝑎𝐗𝑡|0
𝑓 𝑇

𝐶 𝐞𝑡|0 + 𝐞𝑡|−6  

The ensemble-based covariance needs localization. 

cf. Bishop and Hodyss (2009) 



Ideas for “mobile” localizaiton 
a) Nonlinear incremental evolution b) Constant advection 

Kalnay et al. (2012) 



Impact of mobile localization 
Results from idealized experiments with the Lorenz-96 model. 

Kalnay et al. (2012) 

mobile localization 

immobile localization 



Impact estimates with NCEP GFS 
Ota et al. (2012) 

AMSU-A (Satellite) RAOB (In-situ) 
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Impact estimates with NCEP GFS 

Improving 

Ota et al. (2012) 



Impact of AIRS channels 

Ota et al. (2012) 

improving dry component improving moisture degrading 



RAOB impacts 

Degrading Improving 

Ota et al. (2012) 



24-h forecast skill dropout cases 
 Identified all cases of large 30x30 deg. regional errors 

 Rerun the forecasts denying bad obs  substantial reduction of errors! 

closer look 

Ota et al. (2012) 



Impact of MODIS winds in the dropout case 

24-h forecast error 

Actual impact of 

MODIS winds 

Estimated impact from 

the ensemble 

 MODIS winds amplify the error (i.e., the phase error of the trough) 

 Ensemble can estimate the error structure very well!! 

i.e., we don’t need data-denial test if we have ensemble forecasts. 

Color shading: 500-hPa height difference (m) 

Ota et al. (2012) 



Summary 

New formulation of forecast 

sensitivity to observations (FSO) 

was developed (Kalnay et al. 2012). 

 Dropsonde impacts on TCs 

 NCEP GFS 

We can identify bad observations by the FSO approach and can apply to 

 Non-real-time QC 

 Observation planning 

 Dealing with the 5-day forecast skill dropout 
e.g., we can make an improved re-forecast if we identify very bad observations. 


