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Abstract. A retrieval algorithm that uses a statistical strat- 1994, and the Tropospheric Emission Spectrometer (TES)
egy based on dimension reduction is proposed. The methodn the AURA satellite launched in 200B¢er et al. 2001).
ology and details of the implementation of the new algorithm In March 2002, the European Space Agency launched En-
are presented and discussed. The algorithm has been applietsat, an advanced polar-orbiting Earth observation satel-
to high resolution spectra measured by the Infrared Atmo-ite which provides measurements of the atmosphere, ocean,
spheric Sounding Interferometer instrument to retrieve atmodand, and ice. It is equipped with the Michelson Interfer-
spheric profiles of temperature, water vapour and ozone. Themeter for Passive Atmospheric Sounding (MIPAS), thatis a
performance of the inversion strategy has been assessed Bpurier transform spectrometer for the measurement of high-
comparing the retrieved profiles to the ones obtained by cofesolution gaseous emission spectra at the Earth’s limb and
locating in space and time profiles from the European Centreperates in the near to mid infrareBigcher et gl 1996

for Medium-Range Weather Forecasts analysis. 2000.

The new arrived in the family of high resolution infrared
sensors is the Infrared Atmospheric Sounding Interferometer
1 Introduction (IAS]) (EUMETSAT, 1998 on the first European Meteoro-

logical Operational Satellite (METOP/1) launched in 19 Oc-
The development of satellite high-spectral resolution infraredt®Per 2006. 1ASI is a Fourier Transform Spectrometer based
spectrometers is expected to improve quality and densitfnaMlchelsonInterferometercoupled to an_lntegrated imag-
of retrieval of atmospheric parameters. Both NumericalN9 system that observes and measures infrared radiation

Weather Prediction and Earth’s monitoring are expected tg¢Mitted from t?e Earth in the spectral range 3.62-15.5um
benefit from these new modern sensors. (645-2760 cm~), covering the peak of the thermal infrared

The pioneer of this new generation of instruments hasand particularly the intense G®and around 666 crt, with

been the Interferometric Monitor for Greenhouse (IMG) an apodizeld resolution of O:5§H1and a spectral sgmpling
gases sensoKobayashi et a/.1999, that flew on the AD- of 0.25cnr+. 1ASI characteristics have been specified to get

vanced Earth Observing Satellite (ADEOS) platform from observations, which are compatible in terms of sampling, res-
August 1996 to June 1997. At present, high-resolution in-olution, accuracy and overall performances with the mission

frared sensors on operational meteorological polar orbiter?lﬁ)lecwes of providing improved information on tempera-

include the Atmospheric Infrared Sounder (AIRS) on the sec-lure, water vapour, ozone, cloud top pressure and tempera-

ond Earth Observing System (EOS) polar orbiting platform, ture: cloud cover and cloud optical properties.

EOS-Aqua, launched in April 200Agmann and Pagano The large amount of observed data needs algorithms for
the radiative transfer equation and its inversion specifically
designed for IASI. In this paper we describe a statistical

Correspondence td: De Feis regression methodology for temperature, water vapour and
BY (i.defeis@iac.cnr.it) ozone, [, g, 0), which exploits IASI observations. The
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methodology is based on a suitable statistical dimension re- The paper is organized as follows. Sectwill deal with
duction technique, FSIR (Functional Sliced Inverse Regresthe mathematical aspects of FSIR. Application of FSIR to
sions. FSIR Amato et al, 2006 generalizes the well known 1ASI data will be described and discussed in SécEinally
Principal Component Analysis (PCAJdlliffe, 2002 e.g.) or  conclusions will be drawn in Sedi.

Empirical Orthogonal Function (EOF) approach (see the re-

cent review on EOF regression methodsSayio et al.2009 ]

and allows one to deal with functional models. Functional2 The regression model

data analysis is about the analysis of information on curve . . _
or functions, and the radiance spectrum is a curve evaluatesgunCtlonal Sliced Inverse Regression (FSIRjnato et al,

. : : . 009 is a statistical tool to reduce the dimensionality based
at fixed points that depend on the design of the interferome- . :
ter P P g on the Sliced Inverse Regression (SIR),(1997), that per-
FSIR needs to be trained on a suitable set of pairs:n_“ts to deal with funct|onal models. _It g_enerahzes the I_Drln-
cipal Component Analysis (PCA) using inverse regression.

radiances, profiles. We have selected the profiles from In functional . bl dict
the well known ECMWF (European Centre for Medium- n functional regression proolems, one predicts a response
variableY from a set of variable®y, ..., R; that are dis-

range Weather Forecasts) Chevallier data ba3keyal- tizati ¢ & at point that |

lier, 200)). The Chevallier data base documentation cre_lzz |0|jsq_allsamedcurh atEO'g.svl’t'."’t.vd’ "_"m's

can be downloaded from the EUropean Organisation forl.e-/ . (Vf)’. J=4,....d, where the discretization points

the Exploitation of METeorological SATellites (EUMET- liein somelnterval. In our caséis the geophysical variable

SAT) Satellite Application Facilities (SAF) Scientific Report to be re:-tnelved (.S urface temperature, temperature or gas con-
/centratlon in a fixed layer) anfl4, ..., R; are the measure-

web page: http://www.eumetsat.int/groups/pps/documents s ie. the radi ; Let
document/002197.pdfalso proper documentation and the ments, 1.e., the raclances a wavenumbers. ., vg. Letus
act:onS|der the model

data-base as well can be obtained directly by F. Chevallier

f.chevallier@ecmwf.intlASI synthetic radiances have been y _ ,, (BL R), ..., Bk, R) +¢, (1)
computed using the radiative transfer ced€ASI (Amato et
al,, 2002. wherem is a smooth link function of th& -dimensional Eu-

The codes-IASI has been extensively validated with the clidean spaceEX, into the one-dimensional space or real
use of the NAST-I instrumenQousins and Gazari¢ck 999 axis E1, that indicates what kind of relation exists between
e.g.). NAST-l is the National Polar-orbiting Operational En- the geophysical variable to retrieve and the radiance and is
vironmental Satellite System (NPOESS) Airborne Sounderassumed to be lineas;is noise assumed independent of the
Testbed Fourier Transform spectrometer, flying onboard thecurve R(v); {Bi(v),i=1, ..., K} are K orthonormal func-
NASA aircrafts, ER-2 and Proteus. An extensive retrieval tions with respect to the usual inner product defined in the
exercise withor-IASI has been performed for the CAMEX/3  spacel 2([vmin, vmaxl) @nd denoted with the symbel -, - >.
experiment (Convection and Moisture ExperimentGau(s- Let X g be the covariance operator Riv) andX, the co-
simo et al, 2005 2006 e.g.). More recentlyg-IASI has  variance operator of the conditional expected vallig|Y),
also been used within the EAQUATE campaign (Europeanof the radiance given the geophysical variable to retrieve.
AQUA Thermodynamic Experiment), for analysis of NAST-  Provided thak <d, with d denoting the number of points
| spectra (Proteus Flight) recoded over the Mediterranean Seim which the radiance curve is known, EQ) Gays that the
(Taylor et al, 2008 Grieco et al.2007). The forward module  regression function depends ®&{v) only throughK linear
o-1ASI has been also validated with the use of AIRS (Atmo- functionals of the explanatory proceRgv). Hence, to ex-
spheric Infrared Radiometer Sounder) data, flying onboardlain the dependent variabl, the space ofl explanatory
the Aqua satelliteSaunders et gl2007). variables can be reduced to a space with a smaller dimen-

The application of FSIR to IASI data has been exempli- sion K. The dimension reduction methods aim at finding
fied through a series of 1ASI soundings recorded over thethe dimensiork of the reduction space and a basis defining
tropical basin. These observations have been FSIR-regressdiis space. The functiong, i=1, ..., K, are called effec-
for (T, g, 0). To simplify the comparison of retrieval prod- tive dimension reduction (edr)-directions and the space they
ucts withtruth data, only clear-sky, sea-surface IASI sound- generate is the edr-space.
ings have been analyzed in this work. Truth data have been FSIR is able to work with this model, indeed it yieldsli-
derived from the ECMWF analysis for the same date andrectionsB; and corresponding (eigen-)valugswhich allow
location as the IASI soundings. The difference (retrieval- one to rank the importance gf, whereg; and; denote the
ECMWF) for temperature, water vapour and ozone has beemstimated values. Obviously thie(v) are determined in the
evaluated, which has allowed us to assess the retrieval perfokaluesy;, j=1, ..., d. The technique takes advantage of the
mance of FSIR. The paper also provides a comparison with anethod of inverse regression. Here the aim is not to estimate
conventional EOF or PCA regression scheme (see%dsio E[Y|R=r] but the reverseE[R|Y=y], a one-dimensional
et al, 2009. regression problem that avoidlse curse of dimensionality

This curse means that high-dimensional spaces have too few
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. . . ~ +
data for local averaging, that is the risk or expected square@vhere z':VN> is the pseudoinverse matrix defined through
error of estimation of a nonparametric regression estimatog,q Singular Value Decomposition (SVDElub and Van
increases rapidly with the dimensignand to maintain a Loan 1983 Golub, 1970. Let (a;);—1...x be the smallest

given degree of accuracy of an estimator, the sample siz@jgenvalues of4) andy; the corresponding eigenfunctions,
must increase exponentially with the dimension p. This doespen,

not happen with parametric techniques, i.e. least squares re- 1

. . . A ~ky \ 1t a1/2
gression, whose risk will decay to zero atarate of, where g, = — (Ze,N) e NN ©))
n is the number of observations. With inverse regression in- i '
stead of having on@-dimensional regression problem we  Summarizing the procedure for computing an esti-
haved one-dimensional regression problems which do nOtmater’:(ﬁ,'(vl), ..., Bi(w))! of the EDR directionsg;,
suffer from that curse. The key of FSIR is the connection;=1 ... K, goes through the following steps:
between the edr-space and the inverse regression curve given
by the covariance operator of the inverse regression curvélgorithm
¥.. Indeed it is possible to prove under some mild assump- R
tions (Amato et al, 2006 that the eigenvalue-eigenvector de- 1. calculateMy (v), the wavelet smoothing ak(v) with

composition of the operat® ;. permits to identify a ba- design pointds, ..., Yy, using the BINWAV estimator
sis for the edr-space. Unfortunately the invers&afis not and evaluate itim, ..., vg;

Ce o 1/2 -1/2, : ) - -
bounded, therefore we (ic;n23|dErR_l ZZeZR ; in particu- 2. estimateX g v by Eq. @) and2, vy by Eq. @);
lar, we use the fact thaf , / Y. Xp /% has the same eigen- 3 | h I iorfof di
vectors as):é/ 2232%{ 2, where X} is the Moore-Penrose ’ .eva.uatAektNespeCtra ecompositioroty and its pro-
generalized inverse operat@roetsch1974). lectionX, y;

Let us now consider a dfsltasethradlance spectramea- 4 evaluate the  spectral  decompositon  of
sured at wavenumberns;, j=1,...,d, and corresponding ~1/2 [aky \T al/2 i .
profiles Yy, that is(R,, Y,), n=1, ..., N, with R, being RN (Zen) Zgy andestimate the EDR directions
vectors of dimension/x1. Then after centering the data, by Eqg. ©).

%k can be estimated by FSIR can be seen as a generalization of PCA. Indeed sup-

1 posing thatX  is the identity operator, than FSIR aims at
iR,N = — ZR,,R; . 2 determining the directions along which to project the data

Nz by the eigenvalues-eigenvectors decompositioB Qfwhich
takes into account the information about the profiles by
means of a regression on the spectra; on the contrary the PCA
uses only spectral information.

For the estimate o, we may proceed in the follow-
ing way. LetMy(v)=E(R|Y) and My (v) be the wavelet
smoothing ofR (v) with design points thé&),’s, n=1,..., N,
obtained through the BINWAV estimatoAftoniadis and
Pham 1998. Then we consider the following estimate for 3 Vertical resolution of the retrieval
X.:

If the vector,Y=(Y (1), Y(2), ..., Y(M))', is made up with
R 1, the layer-mean estimated values of a given parameter, in or-
YN = N ZMYnMY,,’ 3) der to form the profile function of the parameter, then the
n=1 retrieval covariance matrix can be obtained by

with My, =(My, (v;)) j=1..a=(E(R;|Y=Y,));=1. 4 avec- X;=E ((f/ — Yo (¥ — Ytrue)’) : (6)
tor of dimensioni x 1 for eachm=1, ..., N.

Convergence in probability of botﬁR,N andie,N toXp
and X, can be found inAmato et al, 200§. To estimate
them accurately, we improve the conditioning ﬁj,N ap-
plying a projector method before performing the spectral de . . ; .
composition: left, denote the orthogonal projector into the The retrieval covariance matrix, for a given parameter pro-

space spanned by the eigenvectors of.. v correspondin file, can be used to analyze the spatial vertical resolution of
P P y the €19 S &N °sp 9 the parameter itself, according to a methodology which has

to theky largest eigenvalues; we 181" = Ty Ze,v Tky-  peen developed b§erio et al(20088 and which is summa-
Estimation of the EDR space is derived from the spectral deyized for the sake of clarity.

where expectation value has to be taken with respect to train-
ing data set an®' e is thetrue value of the parameter. This
matrix will be denoted by 7, X g,0 and X g, for tempera-
_ture, water vapour and ozone profiles, respectively.

composition of The vector(Y (1), Y(2), ..., Y(M))' represents the dis-

+ cretized version of a spatial function (i.e., temperature pro-
&1/2 (kn &1/2 . L . . - .
XN (Ze,N) LR (4) file, water vapour mixing ratio profile, ozone mixing ratio
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profile). A strong correlation, that is a relatively high value  Finally, because of the definition of norm (e@olub and
of the covariance, between any two of the parameters meangan Loan 1983, we have

that the two have not been independently resolved by the data

set, and that only some linear combination of the parameter80rM(Zy) = Sp(L, 1) = By 45(1, D + By (1, 1),  (14)
is resolved. quever, a direct examlna}tlon and mterpretf_;l-wherex(L 1) is the element (1,1) of the given matbix The
tion of the off-diagonal elements (covariances) of a covari-

) . . formula above is fully additive and allows us to decompose
ance operator is not easy, which makes the definition of SOm(ta‘he norm of the retrieval covariance matrix in its diagonal
suitable scalar index highly desirable.

To this end, it has to be considered that the retrieval cor—arld off-diagonal contribution. Thus, a proper index which

relation is determined by the non-null off-diagonal terms in quuacr;]tlif; rtr?:tr?xe?sr?j?)rz];nﬂﬁeg dort])allif:ttlj(i):xzﬁ;am:ﬁr:shg\gn be
the covariance operator. For a full independent retrieval (andn y 9 '

therefore for a retrieval, which attains the maximum possibledeflned by
vertical spatial resolution), the covariance matrix has to be. Bf/,diag(l’ 1)
fully diagonal. Ip = W .
In what follows we will assume that the covariance oper- ’
ator has been normalized in order to obtain the correlation For a full diagonal matrix, we havg =1 and the retrieval

(15)

matrix, is truly independent, whereas for a highly correlated matrix,
=53, ) we haveip=M~1 and we can retrieve only the columnar
Xy, j) < R — . @) amount of a geophysical parameter. As far as IASI is con-
VE§ (DX ) cerned, this is, e.g., the case for trace gases such as carbon
¥ ; may be additively decomposed in its diagonal and off- mMonoxide or methane.
diaglénal components: The index {5) can be easily re-scaled to the range Mo
by simply redefining it as
Yo =%¢ gt Xi - (8) R
Y Y .diag Y, off i = BY,diag(l’ 1). (16)
An index which assesses the dominance of the diagonal Sy(L,1)

term over the off-diagonal one might be simply defined from
the norms of the matrices in EB)( However, the norm is
not additive. In general, we have

Then,ip=1 simply means that for the retrieval at hand
it is as if the full atmosphere had been divided just in one
layer, that is only the columnar amount of the parameter has
normxy) # ”Orm(sz,diag) + ”Orm(zfr,off) : 9) been resolved. On the opposite edge ofithscale, we have

ip=M, and the retrieval has been fully resolved on the grid

therefore, an index such as the ratio of Eig, diag-normto  mesh used to divide the atmosphere. Nearby layers can then,
the X;-norm is not well defined. It could be less or greater e.g., be used to form average quantities and, therefore, reduce
than one depending on the given matrix. the estimation error.

To quantify the relative contribution of the diagonal term
(and off-diagonal term) to the norm &, let us consider
the SVD of £ ;. With the usual notation, we have 4 Application to IASI data

2y =%y giagT Tioff = us; Vv’ (10)  The retrieval accuracy of FSIR procedure has been assessed
] ) . _ both on the Chevallier dataset and directly on IASI data.
whereU andV are unit, orthogonal matrices of sit#¢by M;  apalysis has focused on clear sky, sea-surface, tropical

Sis a diagonal matrix whose elements are the eigenvaluesyngings. To limit the burden of the computational effort,
positive definite and supposed decreasingly ordered, of th%my nadir view soundings have been considered.
operatorXy. From the equation above, we have

P ‘ 4.1 Chevallier dataset
U Z}A’,diagV +U zf/,of“fv = Sf/ (11)

which with the position The training dataset consists of 377, g, o) tropical profiles

for clear-sky and sea surface extracted from the ECMWF

B:s . =UYX., . V compilation by ChevallierChevallief 2007).
B’;’d;g: Uzzl;d;%/ (12) These profiles are the input to thelASI code @mato
’ ’ et al, 2002, which has been used to calculate the related
gives synthetic IASI spectra at nadir view angle.
The spectral ranges used to train the regression algo-
By diag T By ot = Sp (13)  fithm include the intense COband 645cmi-830cnt?,

the ozone band 1010cm-1070cntl, the window

Atmos. Chem. Phys., 9, 532333Q 2009 www.atmos-chem-phys.net/9/5321/2009/
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Fig. 1. Root mean square error of the retrievals as a function of the number of scores, for various atmospheric layers and parameters.

1130cnt1-1180cm?, a portion of thev, water vapour Similarly to the EOF methodology, the FSIR approach
band, 1400 cm!-1700cnt?, and the GO/N,O shortwave  also requires that the user specifies the number of EDR com-
absorption band, 2000 cm+-2230 cnt?, for a total of 3305  ponents,p, (also called scores). To this purpose we define
channels. Thus, the data space is made up of radiance vectafse root mean square error or estimation ew@p), of the re-

of sized=3305. gression ag(p)=E[(Y —Ychev?]V/2, where, as beforeg[ ]

The parameter space is made up of tripléts §;, o;) for means expectation value, agdindenotes a generic param-
each given atmospheric layer. The number of layéfg, eter andYchey refers to values from the Chevallier dataset.
is the same as ia-1ASI, namelyM; =60. For temperature Our algorithm is developed in the general context of a signal
we have one more parameter, since we consider the surfagaus noise model (see, e.g., B, therefore the curve(p)
temperature, as well. reaches a sort of plateau or noise floor. A suitable choice for

The FSIR is implemented according to a single parame-p is the closest value to the knee of the cur(g,) (seeSerio
ter regression algorithm, in which each single element of theet al, 2009.
triplet (T;, g;, 0;) is regressed vs. the EDR components.

www.atmos-chem-phys.net/9/5321/2009/ Atmos. Chem. Phys., 9, 533202009



5326 U. Amato et al.: Dimension-reduction for IASI radiances
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Fig. 2. Temperature root mean square error of the retrievals on therig. 3. Water vapour percentage root mean square error of the re-
Chevallier dataset as obtained for FSIR and EOF. trievals on the Chevallier dataset as obtained for FSIR and EOF.

Examples of these curves are shown in Fig.which 10 F
also provides a comparison with a PCA/EOF regression ap-
proach. Based on these curves the number of scores for
which e(p) reaches a plateau ranges betwgea5 and 10° f
p=20. Also note that FSIR tends to be much more parsi-
monious in terms of the number of selected scores.

Figures2—4 exemplify the expected root mean square er-
ror for temperature, water vapour and ozone, respectively.
The figures also allow us to compare the forecast skill of
FSIR with that of the EOF regression. For the temperature 2 ¢
the two regression schemes are almost equivalent in terms of
expected root mean square error. For water vapour FSIR is
superior to EOF, the same as for ozone. 0k ‘ : ‘ v i
0 10 20 30 40 50

Error for 0, (%)

Pressure (mbar)

4.2 ipindex

Using the methodology outlined in Se®.we can analyze Fio. 4.0 . ; f the retrieval
the degree of interdependency of the retrieval for tempera- '9. . JZONe percentage root mean square error of e retrievals on

. g the Chevallier dataset as obtained for FSIR and EOF.
ture, water vapour and ozone, indeed the inggsays how
many independent linear combinations can be resolved from,
the data, and therefore how many independent pieces of inions can be resolved from the data, and therefore how many
formation we have in the retrievals. From a statistical pointindependent pieces of information we have in the retrieved,
of view it gives a measure of the degrees of freedom.

We give to the term degrees of freedom the usual meanin
which is given to it in statistics. In its discretized form a given
geophysical parameter is represented by a veetof,size,
saym. Therefore the vector lives in a space of dimension
m and we need, at least independent equations, henae
pieces of information, to fully resolve for the geophysical pa- " .~" X !
rameter. However, because of data correlation and uncertair‘?’-'s't"_w‘l,Of 377 t.rop|cal profiles. i )
ties, we have that the retrieved elemerftcan be correlated It is interesting to note that the FSIR retrieval is less cor-

each to other, which means that only some linear combina-reIateOI than that produced by the EOF scheme, which means

tion of the elements of has been resolved from the data set. Nat FSIIR hars] a bet.terlcapablhty to reveal features and struc-
The indexip says how many independent linear combina- tU'es along the vertical.

v.

For temperature the value of is 6.8 for FSIR and 5.6
or EOF. This means that FSIR gains more than one degree
of freedom over the EOF regression. For water vapour and
ozone we have 4.7 and 3.7, respectively, in the case of FSIR
and 4.40 and 2.53 for EOF, respectively. The values for the
indexip were evaluated on the whole training dataset con-

Atmos. Chem. Phys., 9, 532333Q 2009 www.atmos-chem-phys.net/9/5321/2009/
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However, in general the abovg values are quite small. FSIR EOF
For ozone, they indicate that only two or three pieces of in- ‘ y
formation are available for the retrieval. For temperature and 100t
water vapourjp says that only the very coarse features of
the profile can be resolved. This is not a serious shortcom-
ing for temperature, which is typically a smooth function of __ 3%}
the altitude, but could become a serious limitations for water 8 40|
vapour, whose profile may be characterized by small-scaleE
vertical structures.

In conclusion, FSIR can resolve important small structures
in water vapour better than EOF. Of course, this does not™ ;4!
mean that FSIR is, in absolute, the best retrieval method, we
can only says that it is superior over EOF.

100

—6&— opt |
—*— opt+5
—<O— opt+10 ||

200 §

300

400
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Pressure (mbar)

Pressure
(2]
o
o

700
800

900
4.3 1ASI retrieval and comparison with ECMWF anal-
ysis

1000t \ E
4 6 0 2 4 6
Error for Temp. (K) Error for Temp. (K)

1000 =
0

The FSIR approach has been tested using IASI data obtained

during the IASI commissioning phase. . . .
Fig. 5. Temperature root mean square difference (IASI retrieval —

The cloud deteCt'on S(_:heme describedGrieco et al. ECMWEF) for 3 choices of the number of EDR (PC) scores for FSIR
(2007 was applied to tropical spectra measured over the S€@eft plot) and EOF (right plot).

surface during the 22 July 2007. This yielded a total of 603
clear sky IASI spectra. To simplify the illustration of the re-

. . . . FSIR EOF
sults only nadir view soundings have been considered. ‘ : ‘ : :
To develop a consistent set of truth data against which +gs:+5 | - +ggt+5 |
IASI retrieval could be compared, ECMWF atmospheric —o— opt+10 —o— opt+10

analysis fields for temperature, water vapour and ozone were 200
considered. These fields where co-located in space and time 5,
to the 603 IASI soundings. We used atmospheric analysis=
fields at 00:00, 06:00, 12:00 and 18:00 UTC on 22 July 2007.
At that time, the ECMWF model was characterized by a ver-
tical discretization of the atmosphere into 60 pressure levels
and a horizontal truncation of T511. This truncation cor-
responds to a grid spacing of about 40km or, equivalently, 700
to a horizontal grid box of 351°x0.351°. The model has 800
a hybrid vertical coordinate, with terrain-following coordi-
nates in the lower troposphere and pressure coordinates it
the stratosphere above about 70 hPa. Of the 60 levels in the 1000 N ‘ W CoalY ‘
vertical, 25 are above 100 hPa and the model top is at 0.1 hPa ° Errolr for H220 (g,kgs) ° Erroifor Hzé (g,kc;
corresponding to about 65 km. The vertical resolution of the

analysis fields gradually decreases from 20 m at the surface

to about 250m at 1km altitude, and about 1km to 3km ingig 6. water Vapour root mean square difference (IASI retrieval —
the stratosphere. The analysis fields were extracted from thecMwF) for 3 choices of the number of EDR (PC) scores for FSIR
ECMWEF archive at the full T511 resolution, interpolated to (left plot) and EOF (right plot).

a grid of points with a separation of3 x0.3° and then co-

located to the IASI soundings. The statistics of the difference

between global radiosonde observations and ECMWF analThese analyses are based on ship, buoy and satellite observa-
ysis in the troposphere show values of the standard deviatiotions. In shallow waters, where rapid changes due to the up-
typically between 0.5 and 1K for temperature and betweerwelling radiation can occur close to land, the observed SST
0.5and 1.5¢kg for water vapour. In addition to fields of can sometimes differ as much as 5K from the NCEP analy-
temperature, water vapour and ozone, ECMWF fields of seasis.

surface temperature (SST) were also used in the study. It One important aspect which has been possible to analyze
should be noted that these fields are based on analyses reith the help of the ECMWF analysis is the sensitivity of the
ceived daily from the National Centers for Environmental retrieval accuracy to the choice of the numbgey,of FSIR
Prediction (NCEP), Washington DC, on &0x0.5° grid. and/or PCA scores. Because of many factors, which include
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Fig. 9. (a) — Mean retrieved water vapour profile obtained by
averaging over the 603 IASI soundings and comparison with the
Fig. 7. Ozone root mean square difference (IASI retrieval — ECMWF corresponding mean profilgb) Percentage root mean
ECMWF) for 3 choices of the number of EDR (PC) scores for FSIR square difference (IASI retrieval - ECMWF) as obtained for EOF

(left plot) and EOF (right plot). and FSIR methodologies.
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Fig. 8. (a)— Mean retrieved temperature profile obtained by averag-

ing over the 603 IASI soundings and comparison with the ECMWF Fig. 10. (a)— Mean retrieved ozone profile obtained by averag-

corresponding mean profiléh) Root mean square difference (IASI  ing over the 603 IASI soundings and comparison with the ECMWF

retrieval - ECMWF) as obtained for EOF and FSIR methodologies.corresponding mean profiléb) Percentage root mean square dif-
ference (IASI retrieval - ECMWEF) as obtained for EOF and FSIR
methodologies.

radiative transfer accuracy, noise specifications, cloud con-

tamination, in practice it may happen that tygimalchoice,

Ppopt, performed based on the training data set may result tdeen performed for FSIR and PCA. It can be seen that, in

be sub-optimal. Thus, when this value is applied to real date&comparison to EOF, FSIR is more robust in terms of accu-

and real conditions, a misfit may occur, which is much largerracy to variations in the number of scorgs, This is much

than that expected on the basis of the training data set. more evident for the case of water vapour (Fdpand ozone

To address this point we have redefined the root mearFig. 7).
square differenceg(p), aSe(p)zE[(?—YecmWf)z]l/z. For Apart from some isolated error spikes, evident in the
temperaturee(p) is shown in Fig.5 for three values op, case of ozone, FSIR also provides a more accurate retrieval,

namely popt: popt+5 and popt+-10. The calculations have once compared to EOF. This can be seen in the three next
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Figs.8-10which compare FSIR performance to EOF for the Antoniadis, A. and Pham, D. T.: Wavelet regression for random or
case of temperature, water vapour and ozone. irregular design, Computat. Stat. Data An., 28, 353-369, 1998.
Figures8-10 also suggest that FSIR accuracy for temper-Aumann, H. H. and Pagano, R. J.: Atmospheric Infrared Sounder
ature is within 1-2 K, which is a bit larger than the 1 K ex- _ on the Earth Observing System, Opt. Eng., 33, 776-784, 1994.
pected for IASI. However, it is important to consider that B€€r R. Glavich, T. A, and Rider, D. M.: Tropospheric emis-
the ECMWF analysis also has an uncertainty, which, as dis- sion spectrometer for the earth observing system’s aura satellite,

. Appl. Opt., 40, 2356-2367, 2001.
cussed above, is of the order of 0.5 to 1K. Thus(p) we Carissimo, A., De Feis, I., and Serio, C.: The physical retrieval

also include the uncertainty of the ECMWF analysis. methodology for IASI: thé-IASI code, Environ. Modell. Softw.,
The same as above can be said for water vapour: including 20, 1111-1126, 2005.

the ECMWF uncertainty, the performance of FSIR reachesCarissimo, A., Grieco, G., Serio, C., Cuomo, V., Masiello, G., and

the expected accuracy of 10% only in the very deepest part Smith, W. L.: Application of sigma-IASI to NAST-I, IRS 2004:

of the atmosphere. Current problems in atmospheric radiation. Proceedings of the
For ozone we get a very smooth retrieval, as it was ex- International Radiation Sy_mp_osium, Busan, Korea, 23-28 Au-

pected based on thg index for this parameter. However, ~ 9usSt2004, A. Deepak Publishing, Hampton, VA, USA, 247-250,

: : . 2006.
the result compares fairly well with ECMWF mean profile. ; . )
P y P Chevallier, F.: Sampled database of 60 levels atmospheric profiles

from the ECMWF analysis, Tech. Rep., ECMWF EUMETSAT
. SAF programme Research Report 4, 2001.
5 Conclusions Cousins, D. and Gazarick, M. J.: NAST Interferometer Design and

o ) . . Characterization, Final Report, MIT Lincoln Laboratory Project
A new statistical strategy based on dimension reduction for report NOAA-26, July 13, 1999.

the retrieval of atmospheric parameters from IASI radianceSEUMETSAT: IASI science plan, EUMETSAT, Darmstadt, 1998.
has been presented and discussed. Applications to IASI dateischer H. and Oelhaf H.: Remote sensing of vertical profiles of
have been considered for the case of tropical soundings. The atmospheric trace constituents with MIPAS limb-emission spec-
new strategy, FSIR, has been also compared to a usual EOF trometers, Appl. Opt., 35, 2787-2796, 1996.

regression scheme. The Comparison shows that, most|y deiSCher H., Blom C. E., Oelhaf H., Carli. B, Carlotti M., Delbouille
gases (we have analyzed water vapour and ozone), FSIR getsL-v EhhaltD., Flaud J. M., Isaksen 1., Lopez-Ruertas M., McElroy
a higher performance with respect to EOF. In general, FSIR C. T., and Zander R.: ENVISAT, MIPAS An instrument for AT-

seems to provide a retrieval which is better resolved along the mospheric Chemistry and Climate Research, editors C. Readings
n 9t€ and R. A. Harris, ESA Publications Division, ESTEC, P.O. Box

vertical, which is particularly interesting for water vapour. 299, 2200, AG Noordwijk, The Netherlands, SP-1229, 2000.

For temperature the FSIR scheme provides results quitgsoup, G. H. and Van Loan, C. F.: Matrix Computations, Baltimore,
close to the expected performance of 1K in the lower part of  The Johns Hopkins University Press, 1983.

the atmosphere. For water vapour the goal of 10% accuracyolub, G. H. and Reinsch, C.: Singular value decomposition and

is reached only for the very lower part of the atmosphere. least squares solutions, Numer. Mat., 14, 403-420, 1970.
For ozone it seems that FSIR is capable to provide at leasgrieco, G., Masiello, G., Matricardi, M., Serio, C., Summa, D., and
3 pieces of information. Cuomo, V.: Demonstration and validation of theASI inver-

We think that FSIR can provide a valid initialization ~ Sion scheme with NAST-l data, Q. J. Roy. Meteor. Soc., 133(S3),

. . . L 217-232, 2007.
Schem_e for phy_smal-based inversion strategy, which is noWGroetsch, C. W.: Generalized Inverses of Linear Operators: Repre-
under investigation.

sentation and Approximation, Dekker, New York, USA, 1977.
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