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1.  	  	  	  Run	  regular	  DA	  cycle	  from	  -‐06h	  to	  00h.	  
2.  Run	  regular	  DA	  cycle	  from	  	  00h	  to	  06h.	  
3.  Detect	  “regional	  dropouts”	  using	  step	  1.,	  2.	  
4.  Perform	  6-‐hour	  EFSO	  to	  idenPfy	  “flawed”	  obs.	  	  
5.  If	  “flawed”	  obs.	  are	  idenPfied,	  repeat	  00h	  analysis	  

without	  using	  the	  detected	  “flawed”	  obs.	  

Ø  Forecast	  Model:	  NCEP	  GFS	  model	  
Ø  ResoluPon:T254L64	  (determinisPc)	  

	  	  	  	  	  	  	  	  	  	  	  	  	  T126L64	  (ensemble)	  
Ø  DA	  system:	  hybrid	  GSI	  (LETKF)	  
Ø  ObservaPons:	  NCEP	  operaPonal	  system	  
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In EnKF, the analysis error covariance Pa
0

is approximated by the sampled covari-
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where an approximation HXa
0

⇡ Ya
0

(ensemble perturbation of analysis at time 0 in

observation space) is used. As we will see later, this approximation turns out to be

extremely powerful and plays a crucial role in our EFSO and EFSR derivation (see

the next subsection and Section 7.3). Note that, in practical situations where the

ensemble size K is smaller than the number of degrees of freedom of the system, the

sampled covariance 1

K�1

Xa
0
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0

T must be localized to avoid sampling error. Using

the above approximation, the analysis equation Eq. (2.1) can be approximated by:
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2.2.2.3 Derivation of EFSO formulation

Now we proceed to deriving the EFSO formulation. The formulation presented

here is identical to that of Kalnay et al. (2012), except that they assumed the
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l = 3, · · · , p. Assume further that the analysis obtained by not using the denied

observations can be approximated by the analysis obtained when those observations

coincide with the corresponding background (i.e., the innovation is zero). Let

x̄a,deny
0

be the analysis that would be obtained without using the denied observations.

Then the analysis equation for x̄a,deny
0

can be written as

x̄a,deny
0

⇡ K
⇣

�ȳob � �ȳob,deny
0

⌘

(2.22)

Thus, from Eq. (2.1) and the approximate analysis equation Eq. (2.5), the change in

analysis that would occur by not assimilating denied observations can be estimated

by
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Similarly, by applying tangent linear approximation to the above equation, the

change in forecast that would occur by not assimilating denied observations can

be estimated by
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Ø The	  NCEP	  “Forecast	  Skill	  Dropout”	  Problem

Kumar	  et	  al.	  (2009)

Kumar	  et	  al.	  (2009)
GFS-‐GSI	  (OperaPonal)	  
ECMWF	  
GFS-‐GSI	  which	  assimilates	  “Pseudo-‐Obs”	  	  
generated	  from	  ECMWF	  analysis	  

“The	  Culprit”	  is	  not	  the	  model	  but	  “flawed”	  observaPons

Ø   QuanPfies	  how	  much	  each	  observaPon	  
	  Improved/degraded	  the	  forecast

Ø  Impact	  by	  each	  observaPon	  type

Ø  To	  make	  it	  affordable	  in	  operaPonal	  implementaPon

Ø SpaPal	  distribuPon	  of	  idenPfied	  “flawed”	  obs

MODIS_WIND	  
Aircrac	  
Ozone	  	  
GPSRO

CASE:	  2012020618Z	  

 We	  could	  improve	  observaPon	  by	  EFSO	  !!	  
Ø Analysis	  difference	  acer	  PQC	  

500	  hPa	  
GeopotenPal	  
Height	  
NonPQC-‐PQC

Approximate	  the	  analysis	  acer	  PQC	  
No	  need	  to	  repeat	  analysis!!	  

Kalnay	  et	  al	  (2012)	  
Units: J kg-1 

6 hrs. 

MODISÆ 

Net EFSO Impact by obs. types 
measured with moist total energy norm 

Å Improve Degrade Æ 

We	  could	  improve	  forecast	  by	  PQC	  !!

00	  GDAS 06	  GDAS

00	  GFS 06	  GFS

18	  GDAS

00	  Z 06	  Z 12	  Z

18	  PQC	  
Analysis

00	  PQC	  
Analysis

Early	  Analysis

Final	  Analysis


