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NWP forecast skill varies due to  

Åmodel and DA upgrades  

Åchanges in the observing 

system 

Åatmospheric predictability 

Difference in precipitation skill 

(SEEPS) between operational 

forecasts and ERA-Interim re-

forecasts 

Comparing with re-forecasts skill 

can isolate the effect of 

model/DA upgrades  

Reanalysis system must be 

ñsimilarò to the NWP system 

Use of Reanalysis to Evaluate Forecast 



Credit: Ménétrier 

Data Assimilation Basics 

Analysis increment:          xa - xb 

 
Obs-model departures:  October 29, 2014 

4D-Var assimilation (2/3)  

Unknown forcing is introduced (additive, Gaussian, constant within the assimilation 

window, no cross-correlation with the background error). 

Weak-constraint 
 

First-guess trajectory 

Observations 

Compute a correction at initial time 

Compute a model forcing   

Analysis trajectory 

Cost function depends on the initial state and the model forcing  



Outline 

ÅForward Operator 
ÅObservation Processing 
ÅError and Bias Characterization 
ÅForecast Sensitivity - Observation impact 
ÅCommunity Infrastructure 

 



  
FORWARD OPERATOR 
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Big Data is here! 



Source: Geer (2015) 

Satellite Observations 
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Models 

Forward Operator 

ÅHorizontal, vertical, and time interpolation from model to observations 

ÅVariable transform and integration along observation geometry 

ÅFast Radiative Transfer Model 

 
 

Å  
 
 



Sieron, S.B., Clothiaux, E.E., Zhang, F., Lu, Y. and Otkin, J.A., 2017. Comparison of using distributionȤspecific versus effective radius methods for hydrometeor singleȤscattering 

properties for allȤsky microwave satellite radiance simulations with different microphysics parameterization schemes. Journal of Geophysical Research: Atmospheres, 122(13), 

pp.7027-7046. 

Emulation of the Community Hydrometeor Model (CHyM) providing consistency  

between model microphysics and assumed CRTM cloud microphysics.    

      WSM-6                                  Goddard                                  Morrison                       SSMI/S Observation 

Community Radiative Transfer Model (CRTM) 



Multi -Domain Forward Operator 

With CRTM default salinity 

With MOM6 salinity background 

SMAP Observations, Simulated, and Departures 



Temperature Bias in ECMWF model 

Source: Laloyaux et al. (2019) 



  
OBSERVATION PROCESSING 



Å Channel selection, blacklisting 

Å Thinning or super-obbing  

Å Forward operator 

Å Observation bias correction  

Å Quality control 

Å Cloud detection, Variational QC 

Å Observation error assignment 

Screening 

Observation Processing 

Metric of fit to observations:  Jo = 



Complex Quality Control Procedures 

NOAA Operational QC Flowchart for Infrared Sounders  





  

ERROR AND BIAS 
CHARACTERIZATION 



Credit: Ménétrier 

Ensemble Data Assimilation 



AIRS Diagnostic R Matrix Source: Weston (2011) 

Correlated errors  
(esp. for moisture channels) 
 
At least partly due to 
representativeness error 
(Waller et al. 2014)  

Error Covariances Diagnostics 

Desroziers et al., 2005 
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Data  

Assimilation 

Earth System 

Numerical Model 

Training Statistical Inference 

Control System Theory 
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Data Assimilation  

+ Training 
Earth System 

Numerical + Statistical Inference 

Example 1: Observation bias 
 
Example 2: Systematic model error 
 

Control System Theory 



NOAA-14 recorded warm-target 

temperature changes, due to orbital 

drift (Grody et al. 2004) 

Source: Dick Dee (ECMWF) 

Satellite Radiance Bias Correction 

 
Variational Bias Correction 



October 29, 2014 

4D-Var assimilation (2/3)  

Unknown forcing is introduced (additive, Gaussian, constant within the assimilation 

window, no cross-correlation with the background error). 

Weak-constraint 
 

First-guess trajectory 

Observations 

Compute a correction at initial time 

Compute a model forcing   

Analysis trajectory 

Cost function depends on the initial state and the model forcing  

Source: Laloyaux et al. (2019) 

Model Error in Weak Constraint 4DVar 

Data assimilation cost 
function depends on 
initial conditions and 
model forcing 

October 29, 2014 

4D-Var assimilation (2/3)  

Unknown forcing is introduced (additive, Gaussian, constant within the assimilation 

window, no cross-correlation with the background error). 

Weak-constraint 
 

First-guess trajectory 

Observations 

Compute a correction at initial time 

Compute a model forcing   

Analysis trajectory 

Cost function depends on the initial state and the model forcing  

Weak Constraint 4DVar 



  

FORECAST SENSITIVITY 
OBSERVATION IMPACT 



Where does GNSS-RO Influence the Forecast? 

Vertically-integrated moist energy norm of the difference between analysis increments with 

and without radio occultation. Each blob corresponds to a GNSS-RO observation. 
Source: Chris Burrows (2016) 



Vertically-integrated moist energy norm of the difference between analysis increments with 

and without radio occultation. Each blob corresponds to a GNSS-RO observation. 

Where does GNSS-RO Influence the Forecast? 

Source: Chris Burrows (2016) 



observations 

assimilated 

0 h -6 h +24 h 

Time 

Fcst Error 

From Langland and Baker (2004) 

The difference        measures the collective impact 

at 24 h of all observations assimilated at 0 h.  (model space) 

Observation Impact Estimation 



Raob 

T-500 

AMSU-A 

 Ch.6 Tb 

 
3-Month Average (MJJ 2015) for 24h Forecasts Initialized at 00z 

Aircraft 

u-250 

Drift Buoy 

Ps  

improve degrade 

Observation Impact Estimation 

Credit: NASA/GMAO 



Observation Impact Estimation 

Mar 10 - May 10, 2020 Mar 10 - May 10, 2019 

COVID-19 

from 10.2 to 5.5% 

JCSDA processing and distributing near-real-time data from NASA, NRL and Met Office on https://ios.jcsda.org  

Source: NASA/GMAO Source: NASA/GMAO 


