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Introduction to constituent data assimilation
Satellite retrievals versus radiances
Aerosol data assimilation

In-situ data assimilation

Variational bias correction

Background errors
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DA for atmospheric composition

Not principally different from normal meteorological DA, but

Not as mature
More complex, e.g., atmospheric chemistry

. Surface boundary conditions are often not very well -
known

. Very heterogeneous observational data sets
Not all components are well -constrained by observations
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DA for atmospheric composition

This lecture:
Mostly based on experience at ECMWF
. Chemistry was already presented by Johannes Flemming

Present specific issues for atmospheric composition DA
based on top of normal theory
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RETRIEVALS VS
RADIANCES




Data Assimilation - general

JX)= 5%, = Q'P, (%, = QF (y= 2 (X)) R (y = 4(x))

H(x) represents the link between the state variable
(e.g. ozone) and the observation at locaziand
timet.

Observations can be satellite radiances, profile
retrievals, total column retrievals, surface

Vd

measur ement s, e

in | S ECMWF
ECMWEF Training Course Slide 6 —
20~



Type of observations

. AIRS & IASI infrared radiances for CO ,and CH,
. OMI total column ozone
MLS stratospheric O ; profiles
MOPITT total column CO with averaging kernels
. MODIS Aerosol Optical Depth (AOD)
. OMI total column SO

In-situ continuous CO , observations
, e
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How to deal with retrievals

Take profile retrievak, as measurememt
X =X, TAX—X )t =AXT(-A)X, t°*

With error covariance matri® and averaging kernd:

s, =&"s K+3, _

A=3K'S K

If we assimilatex, with covariances, , we mix in both the
a priori profile and the a priori covariance matrix, which is
likely to be inconsistent with the model background of the

assimilation system.
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Using the Averaging Kernel

We can make use of the averaging kefbly using the
following instead:

X'=X, —(I —A)X,=AX + ¢

We remove the a priori profile from the retrieval and
use the averaging kernel to sample the model profile
according to the assumptions made in the retrieval.

However, the a priori error assumptions are still in there and
we assume everything is linear within the bounds of these a
priori assumptions.
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Column retrievals
T T - . - -
Z = J X, g IS aS|mpIe|ntegrat|on operator
_ T
O-L o \J Srg
a =3'A
If we assimilate a column retrieval product, we lose
Information, even when we take the reduced averaging kernel

a' into account.

If this reduces the quality of the assimilation, will probably
vary on a caséy-case basis, but it should be kept in mind.
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MOPITT CO Averaging Kernels
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Effect of a priori on retrieval product
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MOPITT CO shows changes
from one version to another.
Part of these changes are
caused by changing prior
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Alternative: stay closer to the radiances

y =F(x,,b) +K(x—x,)+ 7 Linearizearoundx,

y'=S, I - F(X,,0) Normalize byS;
=S,‘K (x—x,)+8S,:€
=K'(X—=X,)* ?
Providingyd K6, and t he Wunmiiitl | maatl rlioxw facsrs i

observations in a pragmatic way without too much information loss.

The observation operator is provided by the data provider in the form of
KO . However, there are still assur
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What is pragmatic and accurate?

D —

FuIIy_ _ Column Radiance Radiance
spe(_:lfled retrieval assimilation assimilation
profile with with fast with very
retrieval averaging approximate accurate
with all kernel RT model RT model
needed

Information
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RADIANCES BIAS
CORRECTION




Several satellite instruments (e.g., AIRS, IASI) provide radiance
observations in theinfrared containing information about several
trace gases.
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The IASI methane channels show large biases relative to the ¢Chhodel.
These biases also have strong geographical patterns. The data assimilatio
of these IASI channels would not provide good Cfresults if the bias would
be left uncorrected.
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Potential caveats for bias models

Often used bias model: bias = a,+a,P,+a,P,+a;P;+a,P, with P,
representing air mass indicators.
Radiativetransfer model bias

Fit of bias model
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What is the likely cause of these bias@s

Our first assumption is that the spectroscopy of the R-model is
responsible.

T(p)=exp[—7 [ p)p_p)dp]

P

The gamma bias correction model is chosen because it can
roughly correct an error in the absorption coefficient.

However, it can also correct a relative error in the trace gas
concentration.

The assumption is that the chance of significantly fitting a
relative error in the trace gas distribution is small.
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Uncorrected FG departures Gamma-based bias correction

Corrected FG departures
The gamma model fits the mean
uncorrected FG departures for the
CH, channels very well.

The remaining FG departures
represent ideally the real
differences between the
observations and the CH model.
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