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LEO Sounders  LEO Imagers 

GEO imagers GPS Radio Occultation 

Example of 6-hourly satellite data coverage 

9 April 2010 00 UTC 

•  AMSU-B/MHS on NOAA-17/19, Metop 
•  SSM/I on DMSP F-15, AMSR-E on Aqua 





Monitoring of the Observed‐Background at ECMWF 

Much improvements can be done 
 in water vapour channels in the 
opera5onal centers 

Mean 
STD 



Introduc5on 

•  Bonne couverture spa5ale en globale 
(mauvaise résolu5on temporelle) 

•  Informa5on intéressante sur la WV 
Mais :  
•  Des problèmes de calibra5on/valida5on 
•  Res5tu5on au dessus des con5nents difficile à 
cause de la contribu5on de la surface 
(beaucoup de données rejetées à cause de 
cela, notamment pour la basse troposphère). 



Outline 

•  Total Column Water Vapour avec SSMI 
– First‐guess 
– Emissivités de surface 

•  Sondage de la WV avec AMSU 
•  Sondage avec AMSU‐B/HSB/MHS/Saphir 
(AQUA/METOP/Megha‐Tropiques) 
– Telsem : ou5l pour First‐Guess des émissivités MW 
– Calibra5on pour l’inversion 
– Ou5ls de valida5on 



Retrieval Results 

Aires, Prigent and Rossow, JGR, 2001. 
Prigent, Aires and Rossow, JAM, 2003. 
Prigent, Aires and Rossow, JGR, 2003. 



AMSU 
Atmospheric Humidity and Temperature Profiles Over Land From  

AMSU-A and AMSU-B Observations(1)  

-  First Guess information 

-  ISCCP: cloudy / clear, skin 
temperature 

-  ECMWF temperature and humidity 
profiles 6 hours before the AMSU 
observation 

-  AMSU surface emissivities(2,3) at 
23.8, 31.4, 50.3, 89, and 150 GHz 

-  Observations: Observed brightness       
temperatures at AMSU frequencies 

NN  -  Temperature profile 

-  Humidity profile 

+ Simulated noise 

(1) Karbou, F., Aires, F., Prigent, C. Retrieval of temperature and water vapor atmospheric profiles over Africa using  
AMSU microwave observations. Journal of Geophysical Research, 110(D7), 2005. 
(2) Prigent, Rossow, Matthews, Global maps of microwave land surface emissivities: Potential for land surface  
characterization, Radio Science, 33, 1998.  
(3) Karbou, Prigent, Eymard, and Pardo, Microwave land emissivity calculations using AMSU-A and AMSU-B  
measurements, IEEE TGRS, 43(5), 2005. 

Over land 

Collabora5on: 
‐  C. Prigent 
‐  F. Karbou 
‐  L. Eymard 



Impact FG for Specific 
Humidity Profile 

24h Forecast 

6h Forecast  Analyse 



Bias Sta<s<cs / FG and NN Retrieval 



Sondeur Atmosphérique du Profil d’Humidité  
Intertropicale par Radiométrie 

Frequencies Polarization Pixel size Noise Main use 

18.7 GHz ± 100MHz V + H 40 km 0.46 / 0.53 Ocean rain and surface wind 
23.8 GHz ± 200MHz V 40 km 0.48 Integrated water vapor 
36.5 GHz ± 500MHz V + H 40 km 0.44 / 0.49 Cloud liquid water 
89 GHz ± 1350MHz V + H 10 km 0.63 / 0.58 Convective rain rates 

157 GHz ± 
1350MHz V + H 6 km 1.75 / 1.65 Cloud top ice 

183.31 ± 0.2 GHz 

H 10 km (at 
nadir) 

2.03 
1.53 
1.37 
1.25 
1/06 
0.99 

vertical distribution of water 
vapour  

183.31 ± 1.1 GHz 
183.31 ± 2.7 GHz 
183.31 ± 4.0 GHz 
183.31 ± 6.6 GHz 
183.31 ± 11 GHz 

‐  0.2 GHz 
‐  1.1 GHz 
‐  2.7 GHz 
‐  4.0 GHz 
‐  6.6 GHz 
‐ 11.0 GHz 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Retrieval Chain 
Input data 
(obs+addit.) 

Calibra5on/Inv. 

Inv.  
Land/Clr 

Inv.  
Land/Cld 

Inv.  
Sea/Clr 

Inv.  
Sea/Cld 

Land/Sea 
Clr/Cld 

WV 

iRTTOV 

Quality 
Flag 

IWV 

LWC 

wind 
Ts 

Geos. or MW  
Classif. 

PW 

WV  WV  WV 

Ts 

IWV  IWV  IWV 

LWC 

PW  PW  PW 

wind 

 MW Observa5ons  
 FG (TS, emissivi5es) 
 priori (TEMP) 



A tool to Es<mate Land Surface Emissivi<es at Microwave 
(TELSEM) frequencies 

Prigent et al. 2008, IEEE TGRM 
Aires et al. 2010 (submiged QJRMS) 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Calibra5on for retrieval: General 
idea 

Any retrieval algorithm uses a Radia5ve Transfer Model (RTM): 
  ‐ itera5ve inversion, 1D‐var, assimila5on: online u5lisa5on 
  ‐ sta5s5cal techniques (NN, Bayes.) : used for the 
     construc5on of the learning database 

→  If this RTM isn’t correctly calibrated/corrected to get close to real 
observa5ons, then the retrieval algorithm will suffer from some 
problems. 

→  We have developed a dedicated sta<s<cal calibra<on procedure 
that projects real observa<ons onto the “RTM simula<ons” space 







Radiosondages 

Inv 

WV_ana 

Tb_obs 

Cal 

WV_ret 
? 



Retrieval examples 





Inv  Tb_obs WV_ret Tb_obs  Tb_sim Rgov 

? 
= 

Valida<on on the TB‐space 



Valida5on on the TB space (4/5) 
TB_error_ret ‐ TB_error_ana 

HSB 

Clear Land 
Cloudy Land 
Clear Ocean 
Cloudy Ocean 
All situa5ons 

•  Posi5ve: degrade the analysis 
•  Nega5ve: improve the analysis 

Very important improvement 
on WV channels 



Valida5on on the TB space (5/5) 

Clear Land 
Cloudy Land 
Clear Ocean 
Cloudy Ocean 
All situa5ons 

Frac5on of improved 
situa5ons for each channel 



Sensi5vity to uncertain5es 

Saphir informa5ve 
zone 



Op5miza5on of retrieval layers 

‐ 10 layers 

‐ 4 layers 
‐ 8 layers 
‐ 5 layers 
‐ 4 layers 
‐ 8 layers 
‐ 4 layers 

We don’t perform retrieval in the high‐layers and 6 undefined  
layers are considered in the low‐atmosphere with variable size. 

Automa5c op5miza5on 

Compensa5on 
problem 



Conclusions/Perspec5ves 

•  Res5tu5on de la WV 
•  Possible de faire des res5tu5ons au dessus des con5nents 
grâce aux ou5ls développés ces 15 dernières années 

•  Problèmes de calibra5on (pour l’inversion, inter‐
instruments et pour les drips instrumentaux) 

•  Valida5ons difficiles 
•  Perspec5ves: 

– Analyse de la variabilité de la WV avec de poten5els post‐
traitements (interpola5ons temporelles et spa5ales)  

– Améliora5on des chaînes existantes, développement d’une 
climatologie 

– Synergie avec l’infrarouge (présenta5on Maxime Paul) 



Impact of microwave sounder data in 
NWP: Met Office OSEs 

(W. Bell) 



Removal of AMSUA results in large increase in AIRS (and other) impacts 

Removal of AIRS results in significant increase in AMSUA impact 

Removal of raobs results in significant increase in AMSUA, aircraft and 
other impacts (but not AIRS) 

Combined Use of ADJ and OSEs  (Gelaro et al., 2008) 

…ADJ applied to various OSE members to examine how the mix of 
observations influences their impacts 



The impact of all types of observa5ons on the short‐range forecast has increased impressively. 
It has been shown that microwave satellite measurements (AMSU‐A) are responsible for 18% 
of the forecast error reduc5on, infrared measurements (AIRS and IASI) for 12% and 10% of 
error reduc5on is due to radio occulta5on observa5ons. Conven5onal observa5ons (surface 
pressure, ver5cal profiler and aircrap) are as well decreasing the forecast error, being 
responsible for an average reduc5on of 6%.  

24‐hour forecast error 
contribu2on in J/kg of the 
components (types) of the 
observing system in winter 
2007. Nega2ve (posi2ve) 
values correspond to a 
decrease (increase) in the 
energy norm of forecast 
error. FSO usesa third order 
sensi2vity gradient.  

Forecast sensi<vity to observa<on (FSO) as a diagnos<c tool  
Carla Cardinali, October 2009   



Relative FC error reduction per system 

Relative FC error reduction per observation 

(C. Cardinali) 

Advanced diagnostics 

The forecast sensitivity 
(Cardinali, 2009, QJRMS, 
135, 239-250) denotes the 
sensitivity of a forecast error 
metric (dry energy norm at 24 
or 48-hour range) to the 
observations. The forecast 
sensitivity is determined by 
the sensitivity of the forecast 
error to the initial state, the 
innovation vector, and the 
Kalman gain. 



3 AMSU-A, 2 MHS vs 1 AMSU-A, 0 MHS 

(C. Cardinali) 

Advanced diagnostics – MW sounder denial 

Forecast error reduction [%] 



Advanced diagnostics – MW imager denial 

(C. Cardinali) 

Forecast error reduction [%] 

No MW-imagers 
Control 


