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Combining EDA and SVs to initialise 
Ensemble forecasts
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3. Ensemble prediction systems 
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Sources of Uncertainty:

• Initial Conditions

• Model Formulation
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The ECMWF Ensemble:

• 51 Members (50 perturbed + control member without 

perturbations), TCo639 (~ 18 km) to day 15

• 91 vertical levels

• Coupled to NEMO ocean model (1/4 degree) and LIM2 

ice model

• Initial perturbation via an ensemble of data assimilations 

and singular vectors, 5 member ocean data assimilation

• Model error representation (SPPT, SKEB)
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How to construct initial perturbations:

Methods that rely on the dynamics only, e.g.: 
• bred vectors
• singular vectors (with total energy norm)

Ensemble data assimilation methods, e.g.:

• Ensemble of 4D-Var data assimilations (EDA)
• Ensemble Kalman Filter

ECMWF: combination of EDA and singular vectors
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4D-Var assimilation
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The Ensemble of Data Assimilations

• 25 perturbed ensemble members + 1 control, TCo639 outer loops, 137 
levels, TL191/TL191 inner loops. (HRES DA: TCo1279 outer loops, 
TL255/TL319/TL399 inner loops). 

• Observations randomly perturbed according to their estimated error 
covariances (R)

• SST perturbed with climatological error structures

• Model error representation via Stochastically Perturbed Parametrization 
Tendencies (SPPT, see Sarah-Jane’s Talk) 

The EDA simulates the error evolution of the 4DVar analysis cycle:

 uncertainty estimates to initialize ensemble forecasts

 Flow dependent estimates of background error covariances for use in 
4D-Var
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EDA Mean

EDA StDev

EDA Control member

HRES Analysis

T 500hPa
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Early delivery Suite:

12h 4D-Var, HRES and EDA

09 UTC 21 UTC

12h 4D-Var, HRES and EDA

09 UTC

03 UTC

18 UTC AN

BG-FC

00 UTC AN

HRES-FC

ENS

6h 4D-Var, HRES only

21 UTC

06 UTC AN

BG-FC

15 UTC

12 UTC AN

HRES-FC

ENS

6h 4D-Var, HRES only

09 UTC
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EDA Mean 18 UTC + 6h EDA Control 18 UTC + 6h

EDA StDev 18 UTC + 6h HRES Analysis 00 UTC

T 500hPa
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𝑨𝑵𝒑𝒇 = 𝑨𝑵𝑯𝒓𝒆𝒔 ± 𝑬𝑫𝑨𝒊 − 𝑬𝑫𝑨 ± 𝑺𝑽𝑷𝑬𝑹𝑻𝒋

Generation of initial conditions for the ensemble:

Re-centre EDA-Distribution on Hres-Analysis

𝑬𝑫𝑨 𝑨𝑵𝑯𝒓𝒆𝒔𝑬𝑫𝑨𝑨𝑵𝑯𝒓𝒆𝒔

𝑺𝑽𝑷𝑬𝑹𝑻𝒋 =  

𝒍

𝑵𝑺𝑬𝑻

 

𝒌

𝑵𝑺𝑽𝒍

𝜶𝒍𝒌 𝑺𝑽𝒍𝒌

𝒊 = 𝟏. . 𝟐𝟓
𝒋 = 𝟏. . 𝟐𝟓

𝜶
random number drawn from 

Truncated gaussian

NSET : nhem, shem, TCs1-6

NSV   : 50 for nhem and shem, 5 for TCs

EDA : 6h 

Forecasts
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EDA Mean 18 UTC + 6hEDA Mem 1 18 UTC + 6h

EDA Pert1 18 UTC + 6h

-

=

T 500hPa
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+

+ =

HRES Analysis 00 UTC

EDA Pert1 18 UTC + 6h

Singular Vector Pert 1

ENS Mem 1 00 UTC

T 500hPa
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T 500hPa

ENS Mem 1 00 UTC ENS Mem 1 00 UTC + 24h

ENS Control 00 UTC ENS Control 00 UTC + 24h
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Why Singular 

Vectors?
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Singular Vectors?

Directions of fastest 

growth over a finite time 

interval (optimisation 

interval)

EDA + Model Uncertainty 

representation produce 

substantial spread in the 

directions of the leading SVs 

but ensemble still under 

dispersive (Leutbecher and 

Lang (2013))
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Singular Vectors?

𝑪𝟎
−𝟏/𝟐
𝑴∗𝑷∗𝑪𝟏𝑷𝑴𝑪𝟎

−𝟏/𝟐
𝒗 = 𝝈𝟐𝒗

Singular vectors are computed by solving an eigenvalue 

problem (e.g. Leutbecher and Palmer, 2008):

• 𝐶0 and 𝐶1 initial and final time metrics

• 𝑀(0, 𝑡) linear propagator from time 0 to t and its adjoint 𝑀∗

• 𝑃 and 𝑃∗ local projection operator and its adjoint
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SV-Opt Regions
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Initial SV, T mlevel 68 evolved SV, T mlevel 49
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Initial SV, T mlevel 68 evolved SV, T mlevel 49

Analysis, Wind 200hPa 48h Fcst, Wind 200hPa
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Analysis Increments (beginning of window), Vo mlevel 78
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Analysis Increments (beginning of window), Vo mlevel 78
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Singular vector ensemble perturbations

𝑺𝑽𝑷𝑬𝑹𝑻𝒋 =  

𝒍

𝑵𝑺𝑬𝑻

 

𝒌

𝑵𝑺𝑽𝒍

𝜶𝒍𝒌 𝑺𝑽𝒍𝒌

𝜶
random number drawn from 

Truncated gaussian

NSET : nhem, shem, TCs1-6

NSV   : 50 for nhem and shem, 5 for TCs

𝑨𝑵𝒑𝒇 = 𝑨𝑵𝑯𝒓𝒆𝒔 ± 𝑬𝑫𝑨𝒊 − 𝑬𝑫𝑨 ± 𝑺𝑽𝑷𝑬𝑹𝑻𝒋
𝒊 = 𝟏. . 𝟐𝟓
𝒋 = 𝟏. . 𝟐𝟓

𝜷 : standard deviation of 

Gaussian for a set of singular 

vectors depends on the EDA 

ensemble standard deviation of 

the day
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Combine SVs to construct Perturbations:

𝜶𝟏 × + 𝜶𝟐 ×

SV1 SV2

SVTCn

+ 𝜶𝑻𝑪𝟏 ×

SVTC1

+⋯

+⋯

SV50

=

SVPERT 1
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Ensemble Spread vs Error
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How to improve?

Improve SV perturbations:

• SV resolution

• Moist processes in SV computation

• Number of SVs

Improve EDA:

• Number of ensemble members

• Analysis quality and resolution

• Specification of observation errors

• Model uncertainty representation
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50 dry T42 evolved SVs 150 moist TL95 evolved SVs

East coast blizzard, 27/28 Jan 2015

Normalised vertically integrated total energy: vte=vte/vte_max (global max)

2015012600+48hSingular Vector Configuration:
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50 dry T42 initial SVs 50 moist TL95 initial SVs

150 moist TL95 initial SVs

Normalised vertically integrated 

total energy: vte=vte/vte_max

Date:

2014020200
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ENS with 

perturbations from 

TL399 EDA

ENS with 

perturbations from 

TL639 EDA

Typhoon BOLAVEN 2012

MSLP ENS StDev
Example: EDA Resolution
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ENS with 25 member EDA plus-minus vs. 50 member EDA

Grid Point Temperature values of Ensemble members at t=0
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Re-centring with multiple centre analyses

Single Centre Analysis Multiple Centre Analyses

Wish: start from high quality real-time EDA (see Lang et. al 2015) 

->  very expensive

Here: centre on a small number of HRES like analyses with different satellite obs

selection for thinning (ECMWF’s Data Assimilation Strategy 2017). No model unc. 

representation and obs perturbations in the centre analyses to limit sampling 

uncertainty.
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Re-centring with multiple centre analyses
5-Ana ENS Mean Step 0, 

Vorticity 500hPa

Ref ENS Mean Step 0, 

Vorticity 500hPa
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Summary

• Combining SVs with EDA results in a quite reliable system

• In order to obtain the best forecast skill it is currently necessary to re-centre on 

the HRES analysis

• Use of SVs justified as long the ENS lacks spread in the directions of the SVs

Options to improve the perturbed ENS initial condition in the future:

• singular vector resolution, number and moist processes

• Increase the number of EDA members and quality of the members, model 

uncertainty in EDA, obs. perturbations

-> Big challenge: how to use the available computer resources in the most effective 

way?
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Additional Slides
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How can we adjust the ensemble spread?

Pert*  = a x Pert + b x Z

multiplicative inflation additive inflation
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Flow dependency vs no flow dependency

Analysis Irma Analysis some other day

Perturbation 

EDA member 1
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4DVAR
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The Ensemble of Data Assimilations

From M. Bonavita’s ECMWF DA training course lecture


