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Why reanalysis? (example 1)
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32 MPI Validation Report

Figure 1 - Latitude-time section (1979-1993) of the zonally averaged vertical velocity  in 500 hPa. Upper panel:
ECMWF operational analyses, lower panel: ECMWF reanalyses. Units: mPa/s.

32 MPI Validation Report

Figure 1 - Latitude-time section (1979-1993) of the zonally averaged vertical velocity  in 500 hPa. Upper panel:
ECMWF operational analyses, lower panel: ECMWF reanalyses. Units: mPa/s.
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Why reanalysis? (example 2) 
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Anomaly correlation of 500 hPa Z ForecastsAnomaly correlation of 500 hPa Z Forecasts

(b) ERA-40 and ERA -Interim

(a) ECMWF Operations



Reanalysis sales pitch
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(in Time )

across 
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Products are consistent é



Missing data in ñ100% observations, model-freeò datasets

ÅInterpretation (or generation) of such products pretty much always requires 
some form of interpolation. After persistence, interpolation is the 2nd most simple 
model you can think ofé

ÅIn reanalysis, that model is as advanced it gets ïfrom NWP ïto spread 
consistently the information between observations and in various dimensions

Reanalyses produce four-dimensional fields that are consistent

ÅBetween the various geophysical parameters

ÅIn space, in the horizontal and in the vertical

ÅIn time, within each 4DVAR assimilation window

ÅThus also across various spectral scales, within each 4DVAR assimilation

Concentrates all available observations in a unified framework

ÅShould be more beneficial than looking at only a few datasets alone

ÅDiscrepancies between re-analysis and assimilated observations point to 
problems yet to be understood (we can see how far we are from the 
observations)

ÅObs. quality control can be much more powerful than if using one type of obs.

Approach differences with ñobservations-

onlyò gridded datasets
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Changes in operational NWP systems and 

input that affect product quality (usually for the better)

8 14 May 2010ECMWF NWP-DA Reanalysis

Data (real world)

ÅObserving system 
instrumentation

ÅObservation 
processing

ÅBoundary/forcing 
data: SST, sea-
ice, snow, 
greenhouse 
gases

Data assimilation

ÅAnalysis scheme

ÅBias correction

ÅData usage: 
blacklisting, 
thinning, 
active/passive

ÅObservation error 
assignment

NWP forecast 
model

ÅPhysics

ÅDynamics

ÅResolution

ÅSource code

ÅScripts

ÅCompiler settings

ÅComputing 
environment

Changes that 

cannot be avoided
Changes that can be avoided

Changes are difficult to avoid

Products rely on a priori science
(model)

Common ñchange mitigationò trade-off issues:



ÅDynamics, physics etcé
Use a fixed model 

version

ÅMust be computationally affordable to cover  several decades

ÅFor N decades to be run in 1 year: implies a factor N in run-time

Å10-year reanalysis in 1 year = run @ 10 days/day

Use a fixed 
resolution

ÅUse the near-latest, stable, model version that was operational 
at some point

ÅNot the time to start experimenting with new, untested model 
configurations

Use the ñbestò 
model around

ÅBe extra careful when changing machine, compileré.

Keep that setup 
throughout the 

reanalysis

Reanalysis simple as 1 -2-3

Part 1: NWP forecast model
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ÅThink ahead and put in it all that you need, observation-wise:

ÅA blacklist that covers the entire reanalysis period

ÅObservation operators, thinning, obs. errors etcé

ÅUse a B matrix thatôs fit for the job

Use a fixed DA 
scheme

ÅWith few observations (1), and with all observations (2)

ÅTo get a feeling for how the products will be affected when going 
from (1) to (2)

Test the DA scheme 
with various amounts 

of observations

ÅImplement bias correction algorithms

ÅRadiation corrections for radiosondes,

ÅRadiative transfer model biases, etcé
Do not ignore biases

ÅBe extra careful when editing blacklist during run-time etcé so 
as not to lose the backward-compatibility (needed to rerun!)

Keep that setup 
throughout the 

reanalysis

Reanalysis simple as 1 -2-3

Part 2: Data assimilation
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ÅGoal being to produce the best estimate of the 
atmospheric state, at any given time and place

Use as many 
observations as 

possible

ÅUse corrected/reprocessed datasets when available

ÅFocus efforts on long records

Use ñgoodò 
observations

ÅIdeally, one dataset per forcing, to cover the whole time 
period

Shop around for good 
forcing data

ÅImplement dedicated monitoring at key points of the 
assimilation (observation ingest, blacklisting, thinning, 
assimilation)

Keep track of what 
goes in/comes out

ÅBe extra careful with forcing data ïany problem will 
map directly into the products!

Keep that setup 
throughout the 

reanalysis

Reanalysis simple as 1 -2-3

Part 3: Observation and forcing data
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Data assimilation combines 

information from

ÅObservations

ÅA short-range background 

forecast, carrying forward the 

information extracted from prior 

observations 

ÅError statistics

ÅDynamical and physical

relationships

h(x)yRh(x)yx)(xBx)(xJ(x)
1T

b

1T

b

background constraint observation constraint

(x)hh(x) ɀ simulates the observations

This produces the ñmost probableò 

atmospheric state                        

(maximum-likelihood estimate)***

***if background and observation errors are Gaussian, 

unbiased, uncorrelated with each other; all error covariances 

are correctly specified; model errors are negligible within 

the 12-h analysis window 

4DVAR

The ubiquitous data assimilation slide ïapplied to reanalysis
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Background forecast

12-hourly 4D -Var assimilation



4D-Var CONTROL

3D-Var 4D-Var 

15 February 2005 00 UTC

Illustration: why an advanced DA scheme is helpful in reanalysis
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All observations 

(surface, radiosondes , 

satellite etcé)

Surface pressure

observations 

only

Advances in data assimilation can help extract more 

information from historic data that could ever be thought 

possible at the time the observations were collected



Data assimilation combines 

information from

ÅObservations

ÅA short-range ñbackground ò 

forecast that carries forward  the 

information extracted from prior 

observations 

ÅError statistics

ÅDynamical and physical

relationships

h(x)yRh(x)yx)(xBx)(xJ(x)
1T

b

1T

b

background constraint observation constraint

(x)hh(x) ɀ simulates the observations

This produces the ñmost probableò 

atmospheric state                        

(maximum-likelihood estimate)***

***if background and observation errors are Gaussian, 

unbiased, uncorrelated with each other; all error covariances 

are correctly specified; model errors are negligible within 

the 12-h analysis window 

4DVAR

The ubiquitous data assimilation slide ïapplied to reanalysis
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Analysis Analysis Analysis Analysis

Observations

00UTC 12UTC 00UTC 12UTC
21 March 2010 22 March 2010

Background forecast

12-hourly 4D -Var assimilation

***
unbiased

are correctly specified; model errors are negligible within the 

12

***if background and observation errors are Gaussian, 

unbiased , uncorrelated with each other; all error covariances

are correctly specified; model errors are negligible within the 

12-h analysis window 



ÅInstrument changes, provided a priori 
(RAOBCORE v1.3, Haimberger 2007)

ÅRadiation corrections determined adaptively 
from the past 12 months (Andrae et al, 2004)

Radiosonde
temperature

ÅUsing past departures with respect to 
background

ÅTaking care *not* to correct for large-scale 
model errors

Surface station 
pressure

ÅVariational bias correction

ÅCorrects both for instrument-caused biases 
and radiative transfer model-caused biases

Satellite 
brightness 

temperature 
radiance

Various observation bias corrections

Example: in ERA -Interim
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·Solve for analysis and bias parameters at the same time

The bias parameters: 

The bias model: b(x, ) : Typically a linear combination of bias
parameters with robust predictors to characterize air
mass or observation geometry

·The aim is to correct for observation and observation 
operator (radiative transfer) error bias ïaltogether

·Assuming that these biases are constant for the duration 
of the analysis window

Variational bias correction
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h(x)yRh(x)yx)(xBx)(xJ(x)
1T

b

1T

b
Minimise

(z)hyR(z)hyz)(zBz)(zJ(z)
1

T

b

T

b

~~1

zMinimise

ɓxbxhzh ,
~

TTT
ɓxz

First proposed and implemented by Derber and Wu, 1998
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Bias predictors in ERA -Interim for radiances

17

Sensor Bias predictors

offset z 1000 

-300mb

z 200 

-50 mb

z 10 

-1 mb

z 50 

-5 mb

Total 

col wv

Skin 

Temp.

Sfc wind 

speed

Nadir view 

angle NVA

NVA

**2

NVA

**3

NVA

**4

HIRS

AIRS

GEO IMG

SSU Except channel 3

MSU

AMSU-A Except channel 14

AMSU-B

MHS

SSM/I

SSM/I-S

AMSR-E
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Example 1: AMSU-A Scan -angle bias
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ECMWF NWP-DA Reanalysis 14 May 2010



Satellite orbital drift, as estimated from the data at 1 -

month intervals
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1989 2010
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Example 1 (cont ): AMSU-A biases, after variational bias 

correction
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Example 2: AMSU-A METOP-A recalibration after launch
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Mean global bias correction (K) for channel 9

Data count

METOP-A
NOAA-18

NOAA-16

NOAA-15

EOS-Aqua

Jan 2009Jan 2008Jan 2007
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Example 3: Reference blackbody calibration fluctuations

Variational bias 

estimates for 

NOAA-14

Actual warm-target 

temperatures on 

board NOAA-14 

(Grody et al. 2004)

Dee and Uppala, 2009

MSU NOAA-14 channel 2
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Before bias correction

After bias correction

Mean departures (K) in the Tropics for radiosondes, 60 ð40 hPa

Background

Analysis

Example 4: Mt Pinatubo eruption
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Mean obs -background departures (K) in the Tropics for MSU channel 4

20061990 1992 1994
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