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theorem and requires accurate observation and a priori errors, assumed to be Gaussian. These errors are usually evaluated off-line Preparation Statistical Cloud Optimal Atmospheric L2
of the retrieval and applied globally for a given observing system. In the operational IASI L2 processor at EUMETSAT, the Collocation retrieval retrieval estimation \ | composition
observation error has been defined statically as the covariance of the difference between observed and calculated radiances, using
the first guess state vector and RTTOV as a forward model. Two distinct observation error matrices are defined for land and IASI 3 O OEM ::>
maritime scenes since the release of IASI L2 v6.3, with the aim to account for usually more accurate knowledge of surface PWLR ' OEM
Fowiigétgszr;(:r‘;e-mperature over oceans than over continental surfaces. This lead also to more accurate humidity retrieval in the AMSU > All-sky > /\ fﬁﬁiﬁi}?"%ﬂﬁi’% ANN >
In this work, we study the feasibility and advantages of dynamically applying scene-dependent observation errors to each MHS Forecast- - W (reczg;tgulfeitgran gall

free - '
individual retrieval instance from IASI. AVHRR T
First, distinct observation classes are established off-line for IASI by application of unsupervised K-mean clustering to a
representative set of observations, based on their leading principal components. A different observation error matrix is computed Fo@sts T, H,0, T Cloud mas_k, _fgz
as the covariance of OBS-CALC in each of these classes. We analyse the geographical distribution of the observation classes, their O:_*» o Cloud fral_ctlon, (0s)
seasonal variations and the amplitude of the corresponding observation errors. land eml_sswlty top height (CH,,{Hc%oﬂvzo)
Second, to compensate for systematic differences between observations and forward modelling, a scene-dependent bias cloud signal Dust index ’
correction is regressed as a function of IASI observations and viewing geometry (e.g. satellite zenith angle, elevation).

Bayesian approach and Status of OEM configuration in the Study objectives
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] — (x o xa)TS;l(x o xa) + (F(x) o Y)Ts;l(F(x) R y) Explore benefits and operational potential

—— of scene-dependent OEM configuration
e for the retrieval of T, q, O; and Ts.

Current status (since IASI L2 v6, 2014) Current status (since IASI L2 v6, 2014)
* Scene-dependent x, - from statistical method PWLR3 (% * Reconstructed radiances in channels selected to contain as much . L. s
| - inf : : 2) Offline statistical “training
Lincar Problems with Measurement Brror 2 * Error more guaranteed to be Gaussian information as in as many PCS .
Gaussian statistics are usually a good approximation for the errors in real measure- o Background closer to true proﬁle e Bias correction = regression(sat_ Zenith’ 15t PCS of Bands 1 & 2) > La rge set Of OBSEI‘VEd and CALCUIated rad|a nces
ments, so express P as . . . ) . . . .
ey SR ERpReS (;'x)P‘: L pte _— v'"More precise final retrievals * S, = covariance(OBS-CALC) over large clear-sky pixels sample = using RTTOV and the state vector retrieved with
—2InP(y|x) = (y — Kx)" 8, (y — Kx) + 1, 2.2 TC
| . _ o, Less realisti S, initially based on ocean pixels only the statistical method PWLR3
where ¢; is a constant and S, is the measurement error covarljance. ess realistic, | t rt ) L d y . .
but convenient, is to describe prior knowledge of x by a Gaussian paf: niertropicLan * Since v6.2 (2 June 2016), a different Sy for ocean and land pixels " in cloud-free p|Xe|S as per IAS] L2 cloud mask
—2In P(x) = (x — xa)TS; (x - Xa) + 2, (2.22) : ; | v' Larger yield and more accurate humidity retrievals with » Observation space partitioned with K-mean clustering
where x, is the a priori value of x, and S, is the ass{ociated covariance matrix | - SO e v “ | C dedicated errors over land (larger e.g. due surface emissivity » For each k-cluster
So = £{(x — xa)(x —xa)T}- (223 uncertainties) - see figure to the left :
- B ———— = _ | ) © . S’}f= covariance(OBS-CALC)
Substituting Egs. (2.21) and (2.22) in Eq. (2.19) we obtain for the posterior pdj: ; 400} ' o ‘ , (1) Hultberg etAugust, “Evolutions and self-organisation Of the piece- . K . .
—2In P(x[y) = (y - KX)TS:I(y - Kx) + (x - Xa.)TS;](x -X,) +c3, (2.24) %} A : Wise /Inear regression for IASI’: ITSC-XX 2015 . B|aS OBS - CALC - regress (Sat. Zenlth Z, PCS)
I V #2.2e+05 (2) Hultberg et August, ITSC-18, “Hyperspectral retrieval and subspaces”
Error assumptions o 600 oo Ak " #5.1e405 . < .- s
. . . . S ) » Online application — retrieval stage
| Observation error contains more than the instrument noise: a ‘ Y . o o
I [ | gy S gool.. ..oy Fig: IASI L2 q vs ECMWEF analyses » Scene classification within the K clusters
I If static and global: not Gaussian and not most suited to a . - ) - {latcll <'3OI » Compute scene-dependent
: : : _ = Land pixels k ;-
Iven situation . — —
o e 1000 =" = April-May 2016 BC =regress” (z, PCS)
? Bias OBS vs CALC ? Varying with viewing angle and scene 1 0 1 5 > Load and | d dent ob i gk
. . . . .. . = | - -
| Prior error usually not Gaussian if a priori is static global v6.1 - small obs. error evaluated over ocean 0ad and apply scene-dependent observation error 5y,
wv_Q1 [g/kg] = v6.2 - larger obs. error evaluated over land

I Errors (amplitudes and correlation) must be representative

Scene classification based on IASI observations (in first 3 PCS of bands 1 and 2)
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Comparisons of the observation errors in each cluster Next steps

Sy SEA Sy LAN » Perform retrievals with the scene-dependent OEM
L ' | S o L | | | S configuration and independent datasets
] Sea ] o La N d » Analyse the retrievals against radio-sondes
sl = 1A | » Evaluate the optimal number of classes and the

possible benefits wrt added complexity
» Evaluate applicability to retrieval of species without
representative global model data
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