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ABSTRACT

The use of linear estimation for the study of the information content of a given satellite radiance
data set for temperature and humidity profile retrievals is first reviewed. A particular formulation
of the retrieval approach is then used to obtain an intrinsic characterisation of the Infrared
Atmospheric Sounding Interferometer (IASI) data set, in terms of accuracy versus vertical
resolution of retrieved profiles. The performance of the IASI instrument alone is analysed and
compared to that of the currently-used HIRS-TOVS. The problem is then regularized by addi-
tion of a priori independent information to the initial data set. The potential use of IASI data
for some particular choices of the a priori information associated with practical problems such
as profile inversion or data assimilation for weather forecasting is analysed. The approach is
finally used to derive an ‘‘empirical’’ objective framework to define the vertical discretization
adapted to these problems.

1. Introduction radiation between absorption lines (Kaplan et al.,

1977). To approach the ultimate vertical sounding
For more than two decades, radiance measure- resolution and accuracy achievable with passive

ments by satellite-borne multispectral infrared instruments, a new generation of high-spectral-
radiometers have been used to remotely sense resolution observing systems are proposed, based
atmospheric temperature and moisture profiles on large-detector-array grating spectrometer like
(Kaplan, 1959; Smith and Wolf, 1976). Because the Advanced Infrared Sounder (AIRS; Chahine,
the radiances arise from thick layers of the atmo- 1991), or on Michelson interferometers like the
sphere, the poor vertical resolution and associated IASI instrument (Diebel et al., 1996). Such devel-
accuracy of the derived profiles limit their use in opments will have a significant impact on future
numerical weather prediction (Thépaut and Moll, remote sensing science missions and on the
1990; Prunet et al., 1998). The poor vertical reso- improvements of atmospheric process understand-
lution of current operational satellite sounding ing and prediction. To quantify the potential of
instruments is attributable, in part, to a low spec-

these new observing systems, one needs develop-
tral resolution. Due to this coarse spectral reso-

ments of tools and schemes to quantitatively ana-
lution, the radiometer does not separately sense

lyse their performances in a scientifically consistent

and objective manner.

Modern techniques for objective analysis of* Corresponding author.
e-mail: pascal.prunet@noveltis.fr satellite observations that account realistically for
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the measurements share a common Bayesian stat- The linear inverse problem, the methodology
and some well-known techniques of regularizationistical framework with techniques for retrieving

atmospheric profile information from radiance of the retrieved solution are first described and

included in a common formalism, in an approachdata (Lorenc, 1986), in the way that they deduce
the ‘‘best’’ estimate of the state of the atmosphere, to the information content study of satellite data

which allows a controlled compromise betweengiven a set of measurements together with any

appropriate prior informations that may be avail- accuracy and vertical resolution of the atmo-
spheric state reconstructed from these data, andable about the system. There are two distinct

aspects to this question, which may be described inclusion of independent informations on the

atmospheric state (Section 2). This methodologyas the ‘‘inverse’’ problem and the ‘‘estimation’’
problem (Rodgers, 1976b). The former is the prob- is then first applied to quantify the vertical reso-

lution and accuracy provided by the IASI sound-lem of inverting a known functional relationship

between the radiance data and the atmospheric ing instrument, and to compare it with that of the
HIRS-TOVS radiometer (Section 3.1). Inclusionstate so as to express that state in terms of the

data. The latter concerns the treatment of errors, of independent information is then examined, and

the potential performance of the IASI data utiliza-ill-conditioning and underconstraint that arise in
dealing with most of the radiance data inversion tion in particular applications such as temperature

and humidity profile inversions or data assimila-problems. This treatment consists in modifying

the initial inverse problem by adding some inde- tion for numerical weather prediction are studied
(Section 3.2). Finally concluding remarks are givenpendent information in order to obtain a physic-

ally plausible solution, and is known as the in Section 4.
regularization of the inverse problem (Hansen,
1998, and references therein).

This paper will use a linearized version of the 2. Methodology
radiative transfer equation so that the inverse
problem is straightforward, and focuses on the When it is possible, the unified notation pro-

posed by Ide et al. (1997) for data assimilation isquestions associated with the estimation problem:
understanding and describing the information respected in this section. Deducing atmospheric

information from radiance data requires the inver-content of the radiance measurements. The term

‘‘information content’’ is not used here strictly in sion of the radiative transfer equation (RTE)
(Rodgers, 1976a; Rochard, 1979). For the purposethe sense of information theory (Shannon, 1949),

but as some estimation of the quality, in terms of of discussing information content, the non-linear-

ity of the RTE is not a major issue. We focus onprecision and accuracy, of the atmospheric state
retrieved from the data, by the analysis of the the linearized discrete radiative transfer equation,

where the measurement vector y is related to therelationships between the true atmospheric state

and the one retrieved using inverse methods, and vector x representing the atmospheric state such
that:the error analysis of the retrieved state. The tech-

niques of linear optimal estimation and the general
y−y0=H (x−xo)+eu d=Hf+e , (1)

methods of regularization developed by Tikhonov
(1963) and Twomey (1963), along with the theor- where y0 and x0 define some arbitrary linearization

point. H is the linearised radiative transfer oper-etical vertical resolution analysis (Backus and

Gilbert, 1970; Conrath, 1972; Purser and Huang, ator, i.e., the m×n matrix of the so-called
weighting functions, and e is the data noise vector:1993) and error analysis (Rodgers, 1990) are used

in a common framework to quantify and compare, eq. (1) is the matrix formulation which approxi-

mate the Fredholm linear integral equation of thein a case study, the information content of data
from two different sounding instruments: the first kind. d, y, y0 and e are m-vectors defined on

Rm, hereafter named the data space, and f, x andfuture high-spectral-resolution IASI instrument
proposed in the context of the METOP program x0 are n-vectors defined on Rn, hereafter named

the parameter space. The data noise e is supposedon the forthcoming European polar platform

(EPS); and the currently operational HIRS-TOVS to be unbiased and with known covariance matrix
R. One attempts to find a solution to eq. (1) byradiometer aboard the NOAA satellites.
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linear inversion. The principle of any linear inver- the study of the radiative transfer problem, it is
convenient to use the data error covariance matrixsion method is to obtain an estimate f̂ of f as a

linear combination of the measurements d: R for the definition of the data space metric. Then

one defines M−1=R.f̂==Kd ,
The rank k of the system is lower than the

where matrix K can be viewed as a general linear minimum of m and n. In order to solve the over-
inverse of H. By taking account of (1) determination of (1), one minimizes the following

objective function:f̂=Gf+Ke, G=KH. (3)

V ( f )=dHf−dd2
R−1

. (5)One attempts to construct K such that f̂ is a

physically plausible solution as close as possible The minimum is obtained for a solution f̂ such
to f (that is, G approaches the n×n identity matrix that
I
n
), in such a manner that it prevents noise from HTR−1d=HTR−1Hf̂ . (6)

contaminating the parameter estimates (i.e., K
Due to the under-determination of (1), theapproaches the null matrix 0

nm
). There is con-

matrix HTR−1H is often singular and non-sequently a trade-off relationship between the
invertible. Then the generalised solution (6) hassharpness of the solution and its accuracy. Eq. (3)
to be regularized. It exists various regularizationcharacterizes how f (the departure of the true
techniques (for a thorough description of theseprofile from the linearization point) is smoothed
methods, see for example Rodgers, 1976a;by the retrieval process, and the matrix G indicates
Rochard, 1979; Hansen, 1998). We describe belowthe form of filtering which has been performed.
two forms of regularization. In this two cases, theThis matrix is named the model resolution matrix
regularization is driven by the parameter space(Menke, 1984; Ory and Pratt, 1994). The retrieval
metric N.at any level j is an average of the whole true

profile weighted by the jth row of G, and the rows
of G are named the averaging kernels. From (3), 2.2. T ikhonov regularization
the quality of the solution estimate f can be

The so-called Tikhonov regularization methods
characterized by two main indicators: the noise of

consist in adding to the data some independent a
the solution, which depends on the general inverse

priori information, in order to reconstruct theK and on the data noise e, and the smoothing
complete solution (i.e., to estimate each compon-

properties of the model resolution matrix G. The
ent of the vector f ). In the general form, the

measure of this smoothing is associated with the
Tikhonov regularization (TR) consists in minimiz-

concept of resolution, which may have many
ing the objective function

possible definitions (Backus and Gilbert, 1968;
VTR ( f )=dHf−dd2

R−1
+cd f d2

N
, (7)Thompson, 1982; Purser and Huang, 1993). Since

the model resolution matrix would be ideally equal which finds a compromise between the misfit
to I

n
, the resolution associated with the retrieval between the solution and the data on one hand,

problem is generally characterized by some meas- and the norm of the solution on the other hand,
ure of the distance between G and I

n
. controlled by the regularization parameter c. The

constraint on the solution norm represents the a
2.1. Solution of the linear problem priori information introduced in the system. The

form of this prior information is fixed by N and
One has to define some metrics on the data and

x0, while c control the importance of prior
parameter spaces. We define scalar products and

information in the retrieval process. The joint
norms by using the symmetric, positive definite,

constrained minima of misfit and solution norm
matrices M (m×m) and N (n×n) on Rm and Rn,

bear an inverse, or trade-off, relationship, as a
respectively, such as

function of c, which is also called a trade-off
parameter. Minimizing (7) gives the solutiondgd2

M
=[d, Md]=dTMd,

d f d2
N
=[ f, Nf ]=f TNf ,

(4)
f̂TR= (HTR−1H+cN)−1HTR−1d. (8)

At the limit c=0, there is no regularization andwhere T stands for the transpose. In the case of
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one obtains the solution (6) which gives the min- consists in minimizing the objective function
imum possible misfit. Increasing c leads to an VMR (kj)=dHTkj−ejd2

N−1
+cdkjd2

Rincrease in this misfit while decreasing the noise
at each level j , (14)on the solution.

One can associate with the general TR solution which finds a compromise between the misfit of
an estimate of the error on this solution, under the averaging kernels G to the n×n identity
the form of an ‘‘analysis’’ error covariance matrix matrix and the norm of kj, controlled by the
A (Tarantola and Valette, 1982; Lorenc, 1986): trade-off parameter c. Note that the regularization

term can be rewritten asA= (HTR−1H+cN)−1 (9)

dkjd2
R
=ejTKRKTej (15)

and the generalized inverse within the TR formal-
and as such, it is the noise on the solution at theism is given by:
level j. On the other hand, the misfit between G

KTR= (HTR−1H+cN)−1HTR−1 . (10)
and I

n
is a measure of the smoothing properties

of G, in the sense of the N−1-norm measure. The
MR problem realises a compromise between2.3. Mollifier regularization
smoothing of the solution and noise on this solu-

Mollifier regularization is the general formalism tion. One can plot the smoothing versus noise as
from which the Backus Gilbert approach (Backus a function of c, and obtain a trade-off curve which
and Gilbert, 1970) can be seen as a particular is a powerful analysis tool (Backus and Gilbert,
variant (Hansen, 1998). Considering each aver- 1970; Conrath, 1972; Rodgers, 1976a, 1976b). The
aging kernel gj of the system (each row of G ) minimization of (14) leads to the solution:
given by

kjTMR=ejTN−1HT(HN−1HT+cR)−1 , (16)
gjT=ejTG=ejTKH=kjTH , (11)

f̂ jMR=kjTMRd . (17)
with Then the TR (7) and MR (14) formulations with

the same metric N and the same choice for thekjT=ejTK , (12)
value of the trade-off parameter c, give the same

where ej is the unitary vector pointing at level j, answer, i.e.,
mollifier methods consist in solving the local prob-

kjTMR=ejTKTR , f̂ jMR=ejT f̂TR , (18)lem of finding an estimate of the atmospheric state
at level j which was already shown in a more general form-

alism (Yanovskaya and Ditmar, 1990; Rodi, 1991).f̂ j=ejTKHf+ejTKe=gjTf+kjTe , (13)
At the limit c=0 for the MR formulation, there
is no regularization, and one obtains the solu-such that the averaging kernel gj, which acts as a

‘‘smoother’’ weighting vector of the true atmo- tion (6).
There is a conceptual difference betweenspheric state, is as close as possible to a fixed

‘‘ideal’’ weighting vector pj. We consider here only Tikhonov and mollifier approaches. TR provides

an estimate of the whole profile (i.e., an estimatecases where the ideal form pj of gj is ej, the unitary
vector pointing at level j (that is, finding G as of each component of the n-vector f, given the

parameter space discretization defined a priori)close as possible to I
n
). Mollifier methods are then

essentially regularization methods in which the by adding a priori information and minimizes the
associated noise estimate (which is the combina-ideal form of gj is specified, from which the kj is

computed. These methods are different from the tion of noises coming from data and a priori

informations). MR provides an estimate of aTikhonov regularization in that they exam-
ine what can be said about the solution given smoothed profile, given only the data, by comput-

ing the weakest possible smoothing (in the senseonly the observations. Thus, by their intrinsic
smoothing of the solution through the weighting of a given measure of this smoothing), while the

associated noise comes only from the data. Thisvector gj, they basically consist in decreasing the

dimension of the solution n to the rank of the two conceptual approaches of the regularization
allow us to introduce two physically significantproblem k. The mollifier regularization (MR)
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ways for the consistant regularization of our inver- mation of the first vertical derivative operator
(Rodi, 1991; Press et al., 1992, §18.5 for a descrip-sion problem.
tion of N in this case).

The concept of vertical resolution is thus associ-2.4. Instrument characterization: controlling the
ated with the smoothing properties of the retrievalvertical resolution of the retrieval
method, and is defined here by the measurement

The vertical resolution associated with the of the spread of the averaging kernels. The notion
retrieval is defined as a measure of the smoothing of resolution is linked to the associated noise on
properties of G. Starting with the molifier formal- the solution: degradation of the resolution (the
ism, the resolution is directly defined from the smoothing of the retrieval by the increase of
choice of the metric N. Above results for TR or the spread at each atmospheric level in the MR
MR formulations are also valid when d ·d

N−1
is a formalism , and equivalently by the increase of

semi-norm, i.e., when N−1 is positive but not prior information in the TR formalism) is associ-
definite (Ory and Pratt, 1994; Hansen, 1998; Rodi, ated with the decrease of noise on the retrieved
1991). Such semi-norms, as well as their counter- profile.
parts in the TR formalism, measure geometrical

properties of the averaging kernels or of the
2.5. Optimal atmospheric profile retrieval: addingprofiles. This geometrical measure does not allow

statistical prior informationto work with a multi-profile atmospheric state

vector x dealing with different units. MR or TR The TR formalism may be used for the addition
approaches used with such metrics will thus be of independent information available for the atmo-
applied separately on each profile part of the state sphere to the data. Prior statistics for the behavior
vector x (temperature profile alone and humidity of the atmosphere are always available, with more
profile alone, for example) to investigate the or less accuracy depending on the context of the
information content of radiance data. Useful problem. For temperature and humidity profile
definitions of the resolution, based on the measure- estimates, prior information may be obtained, for
ment of the spread of the averaging kernels, were example, from a climatological database covering
introduced as semi-norms in the MR formulation a large range of typical temperature and humidity
(Backus and Gilbert, 1968, 1970; Johnson and profiles over the whole atmosphere. Statistics com-
Gilbert, 1972; Rodi, 1991). Johnson and Gilbert puted from such a database will give our ‘‘min-
(1972) proposed the following definition for the imum’’ knowledge of atmospheric behavior. In the
spread of the averaging kernel at level j: context of profile inversion from radiance meas-

urements, air mass selection from this database
sjh=12 ∑

n

k=1 C ∑
n

l=k
gjl−U(zj−zk )D2, (19) will give improved statistics. In the context of

using radiance data for assimilation in a weather

forecasting system, statistics provided by thewhere gjl is the lth element of the averaging kernel
vector, and where U is the Heaviside function. numerical model will be available. An estimation

of the information content of a given data setThe Johnson–Gilbert measure shares the essential

properties of the original Backus–Gilbert spread, which takes into account such statistical prior
information is then of obvious practical interest.i.e., when gj is of Gaussian, Lorentzian, box, or

triangular form, sjh gives the full width at half If these prior statistics are used as regularization

constraints, the problem becomes well-posed, andmaximum of the averaging kernel at level j. If the
Johnson–Gilbert spread is substituted into the a solution is usually possible without further

constraint. The TR formulation allows one toconstrained minimization problem (14) (i.e., repla-

cing the first right-hand term in (14) by sjh), one introduce such statistical prior knowledge as a
constraint on the solution, by replacing the normdefines a family of solutions as a function of level

j and trade-off parameter c. As shown by Rodi N in the TR formulation with the inverse of the
error covariance matrix characterizing the a priori(1991) for the continuous problem, this regulariz-

ation problem is equivalent (in the sense of the statistics, and by taking c equal to 1. One obtains

in this case, the best linear unbiased estimateformulation (18)) to the Tikhonov regularization,
where the semi-norm N is the discrete approxi- (BLUE), which minimizes the trace of the analysis
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error covariance matrix A, given a set of data y tion of the information content of the data only,
and of the capabilities of the instrument itself.with error covariance matrix R and a reference

atmospheric state xb known with an error covari- These methods should also be used to estimate

the necessary quality of the a priori informationance matrix B (and the associated reference point
yb in the data space). If the probability density required to obtain a given performance in the

analysis of the atmospheric state with the instru-functions (p.d.f.) associated with the data and the

reference atmospheric state are Gaussian, the ment, or for the estimation of the information
content of the data used with other informationBLUE has also a Gaussian p.d.f. and its covariance

matrix is given by (9) with c=1 and N=B−1. in a particular application. Applications of TR

and MR methods are illustrated below in theRodgers (1990) provides a useful formulation of
this retrieval error. He shows that A can be written context of the information content analysis of the

high spectral resolution IASI infrared remoteas the sum of two terms:

sensor sounder for EPS/Metop. The informationA=Ab+A
m
= (I−KTRH)B(I−KTRH)T

content of the HIRS-TOVS instrument aboard
+KTRRKTTR , (20) the NOAA satellites is also examined for compar-

ison with IASI performances, as has been done bywhere KTR is obtained from (10) with cN=B−1.
Prunet et al. (1998).The Ab term can be defined as the smoothing

The IASI instrument has 8460 channels coveringerror, and the (I−KTRH) operator defines the part
most of the thermal infrared, with an unapodisedof the parameter space for which no information
spectral resolution of 0.25 cm−1 between 645 cm−1is available from the measurements, and for which
and 2760 cm−1 (Diebel et al., 1996). The HIRS-the error is the a priori error. The A

m
term is the

TOVS has 19 spectral channels (Smith et al.,measurement noise component error. The BLUE
1979). For the purpose of comparison with IASI,is given by the TR solution (8) with d=y−yb
one considers the channels used in the ECMWFand f=x−xb. In this case the regularization is
operational system, i.e., channels 1–7 covering thefixed by the a priori information on the reference
15 mm band, channels 10–12 between 6.7 andstate cN=B−1.
8.3 mm for water vapor sounding, and channelsThe BLUE solution may be equivalently
13–15 in the 4.3 mm band (Smith et al., 1979, forobtained in MR formulation by using the prior
further details on these channels).statistics as an extra set of measurements at high

For each instrument, the measurement vector yresolution (Rodgers, 1976b), whose value is equal
consists of the brightness temperature in each ofto the statistical mean of the prior knowledge, and
the corresponding spectral intervals. The statewhose error is given by the associated error covari-
vector x contains surface temperature, and temper-ance matrix. Since statistics are given at each
ature and water vapor specific humidity at eachdiscrete level of our problem, the weighting func-
of the 39 vertical levels given in Table 1. For thistions we attach to them will be represented by the
case study, the atmosphere is assumed to beI

n
matrix (saying that we have a prior estimate of

cloudless, the surface to be black, other atmo-each element of the profile). As before, the problem
spheric constituents to be constant, and an arbit-without further constraint becomes well-posed,
rary meteorological situation is considered. Theand the resolution of the MR minimization (14)
well-studied Floyd case of 10 September 1993, 12with c=0 will give the BLUE solution, without
UTC, was chosen (Rabier et al., 1996, for itsany smoothing of the profile, and a noise estimate
description), and a particular profile x0 (Prunetgiven by (15).
et al., 1998) is taken from the ECMWF operational
analysis state of this situation and used as the

linearization point in our study. To help the3. Applications to the study of HIRS-TOVS
and IASI data information content discussion of the results presented below, the

discretized atmospheric column is separated into
four specific regions, according to the structure ofIn the context of an information content ana-

lysis of a given remote sounding instrument (or the temperature profile. These regions, namely the

troposphere, the tropopause, the stratosphere, andmore generally of any set of data), MR and TR
approaches provide a framework for the estima- upper layers, are defined in Table 1.
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Table 1. Discretized vertical levels on which the atmospheric state is represented, and corresponding vertical
regions of the atmosphere

Levels Height (km) Region Levels Height (km) Region

1 69.6 upper 21 14.5 tropopause
2 65.7 upper 22 13.1 tropopause
3 61.2 upper 23 11.8 tropopause
4 57.2 upper 24 11.1 troposphere
5 52.5 upper 25 10.4 troposphere
6 47.8 stratosphere 26 9.7 troposphere
7 44.6 stratosphere 27 9.0 troposphere
8 41.6 stratosphere 28 8.3 troposphere
9 38.7 stratosphere 29 7.5 troposphere

10 35.8 stratosphere 30 6.8 troposphere
11 33.0 stratosphere 31 6.0 troposphere
12 30.4 stratosphere 32 5.2 troposphere
13 27.7 stratosphere 33 4.4 troposphere
14 25.1 stratosphere 34 3.6 troposphere
15 22.5 stratosphere 35 2.7 troposphere
16 21.1 tropopause 36 1.9 troposphere
17 19.8 tropopause 37 1.5 troposphere
18 18.5 tropopause 38 1.0 troposphere
19 17.1 tropopause 39 0.5 troposphere
20 15.8 tropopause 40 0.0 surface

The matrix H of weighting functions are com-
Table 2. Standard deviations of the radiance obser-

puted from x0, using the radiative transfer pack-
vation for some IASI channels (in cm−1), expressed

ages 4A93 (Tournier et al., 1995; Cheruy et al.,
in noise equivalent temperature diVerence (K) for a

1995; Scott and Chedin, 1981; Scott, 1974) and
reference temperature of 280 K (baseline specifica-

RTTOV (Eyre, 1991) for IASI and HIRS-TOVS,
tions); the complete error spectrum is deduced by a

respectively. The details of the IASI and TOVS
linear interpolation of these values

forward models will not be discussed here (a brief
summary of these models and their use in the Brightness temperature
context of this information content study is pro- Channels (cm−1) equivalent noise (K)
vided in Prunet et al., 1998).

650 0.28The observation error covariance matrix R used
770 0.28to specify brightness temperature data errors is
790 0.34

the sum of 2 matrices: the instrumental error
980 0.34

covariance matrix E, and the forward model error 1000 0.28
covariance matrix F. E and F are assumed to be 1070 0.28
diagonal in this study. The diagonal elements of 1080 0.34

1200 0.34F are all taken equal to (0.2 K)2 (Eyre et al., 1993).
1210 0.28The diagonal elements of E are the squares of
1650 0.28observation noises as specified for the instruments.
1660 0.34

These noises are given in Table 2 for some repres-
2090 0.50

entative IASI channels (Diebel et al., 1996) and in 2100 0.50
Table 3 for HIRS-TOVS channels (Kidder and 2420 0.50

2430 0.60Vonder Haar, 1995, Table 4.5, p. 99).
2500 0.77The information content study is applied separ-
2600 1.10ately to the temperature profile and to the humid-
2700 1.58

ity profile, due to the geometrical aspects of
2760 1.97

the measure of the resolution. Such a univariate
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Table 3. Standard deviations of the radiance obser- in X at level j. DT
j
and DX

j
are typical variations

of temperature and X content at level j. In ourvation for HIRS T OVS channels (ECMWF opera-
tional configuration), expressed in noise equivalent computations, DT

j
is chosen equal to 1K at all

levels, and DX
j
is taken as 10% of the X contenttemperature diVerence (K) for a reference temper-

ature of 280 K at level j, both for humidity and ozone. A given
channel i is removed when Ii

X
is greater than 0.5,

Brightness temperature i.e., when the brightness temperature change due
Channels (cm−1 ) equivalent noise (K)

to X content variation is greater than 50% of the
brightness temperature change due to the temper-668 2.77
ature variation.679 0.74

This selection leads to the removal of about691 0.55
704 0.31 2500 channels sensitive to water vapor and about
716 0.18 100 channels sensitive to ozone in the IASI case,
732 0.18 and 2 channels sensitive to water vapor in the
748 0.14

HIRS-TOVS case (there is no channel sensitive to
1217 0.17

ozone, since channel 9 of HIRS-TOVS is not used1364 0.44
in the initial configuration. For the study of humid-1484 0.96

2190 0.10 ity, the same index definition is used to remove
2213 0.10 channels with significant sensitivity to ozone con-
2240 0.24 tent, with the same typical variation and selection

thresholds. This leads to the removal of about
1150 channels in the IASI case. However, it was

approach assumes by definition that variables not possible to apply such a method to remove
which are not retrieved are perfectly known (the the channels with significant sensitivity to temper-
effect of non-retrieved variable uncertainties on ature, because the IASI and TOVS infra-red radi-
the spectrum data is not take into account in the ance measurements are essentially sensitive to
matrix F). Since each spectral radiance datum temperature. The study of humidity information
may contain information on both temperature content is then performed without temperature
and humidity (as well as on other atmospheric sensitivity selection, which is equivalent to assum-
variables), a selection of the radiance spectral ing that the temperature profile is perfectly known.
channels should be used to avoid overly optimistic This assumption is of course questionable, and
results. The following channel selection is applied will be relaxed in a further study, by introducing
on IASI and HIRS-TOVS data. For the study of the impact of temperature uncertainties in the
temperature, channels with significant sensitivity forward model error matrix F.
to water vapor and ozone content are removed
from the estimation procedure. The sensitivity of

3.1. Instrument characterizationa given channel i to X concentration (X standing
for humidity or ozone) is compared to the sensitiv- In this section, the goal is to quantify the vertical
ity of the same channel to temperature profile resolution and accuracy of the state vector x derived
variations, by computing the following index: from IASI or HIRS-TOVS data without any other

information on the atmosphere. For this character-

ization of the instrument, we first solve the Johnson–
Gilbert minimization problem for a wide range of
values of the trade-off parameter c, and computeIiX=S∑

j
A∂TBi∂T

j
DT

jB2
∑
j
A∂TBi∂X

j
DX

jB2 , (21)
the spread versus noise trade-off diagrams at each
vertical level. Fig. 1 shows these diagrams for some

typical levels for the IASI and TOVS instruments,
in terms of temperature. The same diagrams inwhere TBi stands for the brightness temperature

for channel i; ∂TBi/∂Tj is the sensitivity of channel terms of humidity are plotted on Fig. 2.

The performance of the IASI instrument ini to temperature variations at level j, and ∂TBi/∂Xj
is the sensitivity of the same channel to variations terms of temperature is illustrated on Fig. 1a. The
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Fig. 1. Temperature trade-off curves presenting the resolution versus noise behaviour of the radiance data information
content, for 3 tropospheric levels (1.0 km, 6.0 km, 9.7 km), 1 tropopause level (15.8 km), and 1 stratospheric level
(35.8 km), when (a) IASI data only are used, and (b) TOVS data only are used. In this last case the stratospheric
level is out of the plotted domain.

first three trade-off curves on Fig. 1a are associated obtained by linear combination of the weighting
functions is about 2.5 km for this level, and showswith three tropospheric levels. The first curve

indicates that the temperature at the height of that the penalty to pay is an increase of noise by
a factor of about 10 compared to the noise associ-1 km can be derived from IASI data with a very

good accuracy, since one can obtain a precision ated with a 6-km resolution. HIRS-TOVS per-

formances in the troposphere indicate a maximumof 1 K with about 0.6 km of vertical resolution, or
a higher precision of 0.4 K associated to a vertical resolution between 2.5 km and 6 km associated

with noises between 1 K and 6 K, with a clearresolution of 1 km. This performance is degraded

for the higher tropospheric levels, with a noise of degradation from low to high troposphere. In the
tropopause region, the 10 km resolution, which isabout 1 K associated with a vertical resolution of

about 3 km. The performance at the tropopause about the thickness of this region, is reached with

a 4 K error on the temperature estimate. Thefor the same 1 K noise level decreases to 4 km of
vertical resolution, and one obtains broader results TOVS performances for the stratospheric temper-

ature restitution (not shown) are also particularlyfor temperature in the stratosphere.
Fig. 1b presents comparable results for the poor. Note that this result is due to our choice of

considering only the ECMWF operational systemTOVS instrument. Performances are poorer than

IASI ones. The top end of the 1.0 km curve TOVS channel configuration, which does not use
the stratospheric channels.indicates that the highest resolution that can be
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Fig. 2. Humidity trade-off curves presenting the resolution versus noise behavior of the radiance data information
content, for 4 tropospheric levels (1.0 km, 2.7 km, 6.0 km, and 9.7 km), when (a) IASI data only are used, and
(b) TOVS data only are used.

Results in terms of humidity are shown on tion in the upper tropospheric region (9.7 km
curve) with a resolution of about 2 km associatedFig. 2, and are provided for the troposphere only,

since most of the information on humidity profile with a noise of about 20%. TOVS data also

provide humidity information in the troposphericdeduced from the data comes from this region.
For the sake of clarity of the curves, noises are region, with the 20% noise level associated with

resolutions between 4 and 6 km.expressed in terms of percentage relative to the

humidity value of the level considered. This ‘‘relat- Results presented above indicate how the
exploration of the trade-off relationship betweenive error’’ is simply obtained by normalizing the

original specific humidity error by the value of noise and resolution allows one to map the essen-

tial properties of the information content of aspecific humidity at the level considered (this
relative error is noted dq/q in the figures). A given data set, and efficiently compare two instru-

ments. More precise quantification of the informa-climatological humidity profile is used for this

normalization, which is computed (Aires, pers. tion content can then be obtained by fixing a
given ‘‘property’’ of the linear profile retrieval, forcomm.) from the TIGR3 climatological database

(Chevalier et al., 1997). IASI results are very good example the desired noise on the profile estimate
or the minimum acceptable resolution. Such anin the low and mean troposphere region (1.0 km,

2.7 km and 6.0 km curves), with a relative noise analysis is illustrated below for IASI and TOVS.

In the case of IASI data, we imposed a retrievalbetween 10% and 20% associated with a vertical
resolution of about 1 km. There is a slight degrada- noise of 1 K over the whole temperature profile,
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and of 10% relative error on the humidity profile.
In the TOVS case, the noise constraint is relaxed
to 5 K on the temperature profile, and to 50% on

the humidity profile. This constraint appears more
reasonable, since the 1 K and 10% noise level
seems to be a limit value in the TOVS case

(Figs. 1, 2).
Imposing the noise on the linear retrieval turns

out to fix the trade-off parameter at each level in

the mollifier minimization, and then leads to a
unique solution and the associated set of averaging
kernels. Such a set of averaging kernels is repres-

ented on Fig. 3 in the IASI case for temperature,
when the 1 K noise level is fixed. An important
indication of the reliability of the averaging kernels

is their miscentering, which indicates to what
extent the data contain useful information on a
given level. Backus and Gilbert (1968, 1970) define
the ‘‘centre’’ of the averaging kernel as the centre Fig. 4. Centre of the averaging kernels as a function of
of gravity: the altitude for which the averaging kernel is computed,

when IASI data only are used, for temperature and
humidity, and when TOVS data only are used, for tem-cj=∑

k
zk(gjk )2N∑

k
(gjk )2. (22)

perature and humidity. The dot-dashed line indicates the
ideal case where the averaging kernel centres would be

The variation of the centre of the averaging ker- at the nominal height.

nels, in the IASI and TOVS case for temperature
and humidity, is shown on Fig. 4 as a function of

computed. In terms of temperature, Fig. 4 showsthe altitude for which the averaging kernel is
useful information on the 1K-noise retrieval until
the top of the stratosphere for IASI, while consist-

ent information is only available until the top of
the tropopause region (about 22-km height) in the
TOVS case (note that correct temperature centres

in this case would go higher if all the 19 HIRS-
TOVS channels were considered). The noisy vari-
ations of the curves after the limit of relevance,

for TOVS temperature, are due to negative side-
lobes in the corresponding averaging kernels. In
terms of humidity, both IASI and TOVS curves

indicate a limit in the relevance of the retrieval
around the top of the tropospheric region, which
indicates the limit on the instruments ability to

detect very low humidity concentrations.
The resolution for temperature and humidity

profiles are presented in Figs. 5, 6. The results for

temperature confirm that the vertical resolution
associated with a 1 K noise level is of 1 km only

in the low troposphere, and increases to 2 or 3 km
in the mean and high troposphere. The resolution

Fig. 3. Johnson–Gilbert averaging kernels associated
for TOVS temperature retrieval is broader andwith 1 K noise level in the case of temperature retrieval
noisier, with a loss of information around thefrom IASI. 10 kernels out of the 40 (1 for each 4 levels)

are plotted. tropopause. In terms of humidity, good results are
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Fig. 5. Vertical resolution of the temperature retrieval computed for the averaging kernels using the Johnson–Gilbert
spread formulation when (a) IASI data are used only, and (b) TOVS data are used only.

obtained for IASI, with 1 or 2 km resolution minimal climatological prior information; and
the ‘‘forecast case’’ which includes backgroundassociated with 10% relative error below 9 km

height in the IASI case, while the TOVS data information coming from a given numerical

weather prediction (NWP) system. A prioriinstrument gives a resolution between 4 and 6 km
in the troposphere, associated with a 50% noise information associated with these two problems

is detailed below. The MR formulation allows uslevel. Note finally the noisy behavior of the reso-

lution curves (Fig. 6) and of the averaging kernel to analyse the information content of the classical
BLUE solution at the limit c=0, and to investi-centre positions (Fig. 4) for humidity near the

surface in the TOVS case, which suggests a lower gate how the precision of this solution could be

improved by a smoothing of the solution (i.e., adetection limit for the humidity near the surface,
a feature which is not present in the IASI results. degradation of the vertical resolution in the sense

of the Johnson–Gilbert spread), using the trade-

off curve.
3.2. Adding a priori information

We use below the MR approach with the inclu- 3.2.1. Climatological case. The error covariance
matrix associated with the climatological know-sion of prior statistics as extra measurements to

investigate the information content of the IASI ledge of the atmosphere behavior (hereafter named

Bc ), which is used as prior information in thedata in the context of two particular problems:
the ‘‘climatological case’’ which includes the context of the climatological case, was computed

Tellus 53A (2001), 3



.   .392

Fig. 6. Same as Fig. 6 but for the humidity retrieval.

empirically (Aires, pers. comm.) from the TIGR2 weighting functions is the I
n

matrix where the

diagonal terms are forced to zero for levels 1 todatabase (Chedin et al., 1985; Achard, 1991;
Escobar, 1993) for temperature, and from the 16, which simply means that no prior information

is available for these levels (i.e., above theTIGR3 database (Chevalier et al., 1997) for humid-

ity. Associated standard deviations are shown in tropopause).
We may compute trade-off curves for the radi-Table 4. Note that inter-level correlations for tem-

perature and humidity structures (not shown) are ance data with prior information, and for the prior

statistics alone, which may be compared to theimportant constraints for the inversion problem.
These statistics show relatively high noise, and in trade-off curves for the radiances alone computed

in Subsection 3.1. All three curves are shown forthe case of a realistic inversion, more accurate

climatological statistics based, for example, on air temperature on Fig. 7 for some typical levels. The
trade-off curve for prior information alone justmass selection should be commonly available. In

terms of temperature, the Bc matrix was directly means that we may derive prior statistics with

broader resolution which will have smaller valuescomputed over the 40 atmospheric levels given in
Table 1, and the associated matrix Hc of weighting of variance. When we make use of both the

measurements and the prior information we obtainfunctions is the I
n
matrix. However, useful statistics

on the TIGR humidity profiles are available only a major improvement in the noise, regarding the
IASI radiances alone, in regions of (relative) lowfor the lowest 23 levels ( levels 17 to 39 in Table 1).

Then in terms of humidity, Bc is a 23×23 covari- spread. Note that on the graphs of Fig. 7, the
spread scale does not start at zero, but at 0.5 km,ance matrix, and the associated matrix Hc of
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Table 4. Standard deviations of the climatological statistics for temperature (K) and humidity (in relative
error, obtained by dividing the standard deviation by the mean climatological profile value at the considered
level); no useful statistics was available for the 16 first humidity levels (see text)

Temperature Humidity Temperature Humidity
standard deviation standard deviation standard deviation standard deviation

Levels (K) (dq/q) Levels (K) (dq/q)

1 14.7 21 9.5 71.6
2 12.3 22 8.9 74.3
3 10.5 23 9.3 79.4
4 10.2 24 9.0 81.8
5 11.3 25 9.4 84.2
6 13.9 26 9.4 85.4
7 14.1 27 9.9 87.3
8 14.6 28 10.2 87.1
9 14.6 29 10.5 86.2

10 15.1 30 10.8 84.5
11 14.9 31 11.1 82.4
12 14.7 32 11.2 76.9
13 13.9 33 11.4 74.5
14 13.8 34 11.7 73.2
15 13.1 35 12.1 71.5
16 12.6 36 12.8 69.7
17 12.1 57.8 37 13.2 69.2
18 11.7 60.7 38 14.0 68.7
19 11.2 63.6 39 15.2 68.6
20 10.5 67.7 40 16.8 –

which is the vertical discretisation of the lower The trade-off curves computed for several tropo-
spheric levels using both the measurements andlevels. At 1 km height, a useful improvement

around a spread level of 1 km can be noticed the a priori information (not shown), indicate no
difference with those computed with the radiances(Fig. 7a). Figs. 7a–c show that a noise lower than

or equal to 1 K is obtained even without any alone in the useful noise versus spread regions.

This is due to the very low quality of the climatolo-smoothing of the profile, in the troposphere and
tropopause region. Good results are also obtained gical humidity statistics (Table 4) which have an

effective impact on the information content onlyin the stratosphere (Fig. 7d). In this case however,

the prior information may be unrealistically good in the region of the trade-off curves where the
noise is relatively high (larger than 50% of relativein particular for the low spreads. Indeed, the

measured profiles of the TIGR climatology data- standard deviation).

The MR method performed for c=0 for temper-base are frequently extrapolated with climatolo-
gical models in the stratosphere, which implies ature, when both measurements and a priori

information are used, gives the BLUE estimate oflittle variability at small spatial scales at these

altitudes. Nevertheless, These results indicate a the temperature profile, which realizes the linearly
optimal use of the available information, givenuseful improvement in the ability to retrieve tem-

perature profiles using the IASI radiances when our profile vertical discretization. One may com-

pute the noise associated with this estimate, andthey are used with such climatological informa-
tion. This suggests that the 1 K noise/1 km reso- with its parts coming from the measurements and

the statistics, using the A, A
m

and Ab matrices oflution specification on temperature retrieval would
be easily reached, at least in the troposphere, from eq. (20), respectively. Diagonal terms of these

matrices are shown on Fig. 8, and represent theIASI radiance inversion.

Similar calculations have been carried out for standard deviation noise associated with each
discretized level. The noise coming from the priorhumidity, but the conclusions significantly differ.
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Fig. 7. Temperature trade-off curves for prior statistics alone (dotted line) for the IASI radiance data alone (dashed
line), and for the radiance data with prior statistics (solid line): (a) at 1.0 km height (low troposphere), (b) at 9.7 km
height (high troposphere), (c) at 15.8 km height (tropopause), and (d) at 35.8 km height (stratosphere).

information is also called the smoothing error their IASI information content study. The diag-
onal terms of Bf are shown in Table 6. The correla-(Rodgers, 1990) and results from those compon-

ents of the profile that cannot be recovered by the tion structures for temperature and humidity may
be found in Prunet et al. (1998). The Bf matrix isradiance inversion. The total noise shows errors

of around 1 K up to the top of the tropopause, only available over the 31 levels of the ECMWF

numerical model (Table 5), which have no exactand reasonable errors in the stratosphere. This
confirms our previous results. correspondance with the 40 levels of our discretiz-

ation. The pertinent problem, in the context of the

radiance utilization for NWP, is to retrieve the3.2.2. Forecast case. The error covariance
matrix used to illustrate the problem of IASI data atmospheric state at the discretization of the

forecast numerical model, to obtain an analysis ofutilization for NWP (hereafter named Bf ) is deter-
mined by averaging the non-separable background the atmospheric state which will be used as an

initial condition for this model. In this section, weerror covariance matrices used by the ECMWF

NWP system (Rabier and Mac Nally, 1993), and modified our initial discretization of the atmo-
sphere to provide an information content analysisis the same as that used by Prunet et al. (1998) in
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there is no level in the ‘‘upper layers’’ defined

in Table 1).

If such high quality prior information is avail-

able, one can obtain considerably better results as

shown in Fig. 9 in terms of temperature, and in

Fig. 10 in terms of humidity. Below the 30 km

height where the numerical forecast model pro-

vides information, the impact of this information

on IASI information content is determinent, and

leads obtaining a noise lower than 1 K on the

temperature retrieval at all levels, even when no

smoothing is performed. No result for the strato-

spheric region is presented in Fig. 9, since the new

discretization has only two very thick layers in

this region, which does not allow significant results

to be obtained on the trade-off curves for the

stratosphere. The results for humidity are also

improved. In the troposphere, the forecast model

prior information allows a reduction in the noise
Fig. 8. Error standard deviations of the retrieved tem- of the humidity retrieval in the regions of the
perature profile in the BLUE case (dashed line), with the

trade-off diagram where the resolution is lower
proportions coming from the data (solid line) and from

than 3 km. A noise of around 10% is reached,the prior statistics (dotted line).
when c=0, in the low and mean troposphere

(Fig. 10a–c), while a noise level of 20% is foundwhich answers this problem. The results presented
in the top of the troposphere (Fig. 10d).below are computed for a temperature/humidity

The noise associated with the BLUE estimate,profile discretized over the 31 levels given in
and its parts coming from the measurements andTable 5. The separation of the atmospheric column
the prior information, are shown on Fig. 11 forinto troposphere, tropopause and stratosphere
temperature and humidity, and are compared withregion is maintained, and is also indicated in

Table 5 for this new discretization (in this case, the initial a priori noise associated to the prior

Table 5. Discretized vertical levels on which the atmospheric state is represented in the ECMWF forecast
model, and the corresponding vertical region

Levels Height (km) Region Levels Height (km) Region

1 31.1 stratosphere 17 6.2 troposphere
2 23.8 stratosphere 18 5.6 troposphere
3 20.6 tropopause 19 5.0 troposphere
4 18.4 tropopause 20 4.4 troposphere
5 16.8 tropopause 21 3.8 troposphere
6 15.5 tropopause 22 3.2 troposphere
7 14.4 tropopause 23 2.7 troposphere
8 13.4 tropopause 24 2.2 troposphere
9 12.4 tropopause 25 1.8 troposphere

10 11.5 tropopause 26 1.3 troposphere
11 10.7 troposphere 27 0.96 troposphere
12 9.9 troposphere 28 0.63 troposphere
13 9.1 troposphere 29 0.35 troposphere
14 8.3 troposphere 30 0.15 troposphere
15 7.6 troposphere 31 0.03 troposphere
16 6.9 troposphere 32 0.00 surface
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Table 6. Standard deviations of the forecast error for temperature (K) and humidity (in relative error)

Temperature Humidity Temperature Humidity
standard deviation standard deviation standard deviation standard deviation

Levels (K) (dq/q) Levels (K) (dq/q)

1 1.5 0.0003 17 0.95 1.6
2 1.1 0.004 18 0.93 1.3
3 1.0 0.006 19 0.91 1.1
4 0.96 0.02 20 0.91 1.0
5 0.94 0.07 21 0.91 0.90
6 0.88 0.19 22 0.91 1.0
7 0.91 0.44 23 0.94 1.5
8 0.95 1.0 24 0.94 1.4
9 1.0 1.8 25 0.90 0.85

10 1.1 7.2 26 0.88 0.43
11 1.1 2.8 27 0.88 0.26
12 0.96 11.7 28 0.84 0.21
13 0.90 2.1 29 0.72 0.17
14 0.91 1.6 30 0.60 0.15
15 0.94 2.9 31 0.53 0.14
16 0.97 1.6 32 2.0 –

statistics alone (diagonal terms of the Bf matrix), model information give a perfect resolution with
noise always better than 1 K. For the humidityallowing an estimation of the contribution of the

data to the analysis. For both the temperature case, configuration with IASI data plus climatolo-
gical information gives similar results than thatand humidity BLUE estimate, the contribution of

statistical information to the analysis of the atmo- with IASI data only, and therefore is not shown.

These figures summarize our above results onspheric state is obviously important. For temper-
ature, the contribution of the data is significant at IASI data performance. In terms of temperature,

the 1 K versus 1 km performance can not beall levels, leading to an improvement by a factor

of 2 on the noise estimate, compared to a priori achieved using the IASI data only, since it leads
to a vertical resolution between 2 and 3 km in thestatistics. In terms of humidity, the contribution

of the data is slight below 1 km, and becomes troposphere for the 1 K noise level. However, the

addition of a ‘‘minimal’’ climatological informa-important for higher levels, allowing an improve-
ment by a factor of 3 or 4 on the noise estimate, tion strongly improves the results, and leads to a

vertical resolution equal to or better than 1 km incompared to a priori statistics.

Note that these results are in good agreement the whole troposphere, and between 1 and 2 km
in the tropopause region. Since this a prioriwith results of a comparable study performed by

Prunet et al. (1998) and complete that study by information is always available, such performances

are accessible with the IASI instrument. Foradding the notion of resolution versus noise per-
formances of the IASI radiance data. humidity, results with IASI data only are very

promising, with a vertical resolution between 1The impact of adding a priori information on

the performance of IASI data information content and 2 km in the troposphere associated with the
10% noise level, and the addition of the lowis summarized on Fig. 12, in the case where 1 K

noise for temperature and 10% relative noise for quality climatological prior information has no

impact on such good performances. However, thehumidity are specified. Fig. 12 shows for each level
of the discretized temperature and humidity pro- combination of these data with high quality

humidity information provided by a NWP modelfiles, the associated vertical resolution for the
different configurations examined above. For tem- leads to a significant improvement of the reso-

lution for the same noise level, particularly in theperature, only configurations with IASI data alone

and with IASI data plus climatological informa- low troposphere.
Fig. 12 also illustrates an empirical way totion are considered, since results which use NWP
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Fig. 9. Temperature trade-off curves for the forecast prior statistics alone (dotted line), for the IASI radiance data
alone (dashed line), and for the radiance data with forecast prior statistics (solid line): (a) at 1.0 km height (low
troposphere), (b) at 9.9 km height (high troposphere), and (c) at 15.5 km height (tropopause).

deduce an optimal vertical discretization of the case (if the initial discretization of the atmospheric
profile chosen to perform the information contentatmospheric column for a temperature/humidity

retrieval, depending on the particular configura- analysis is sufficiently accurate, such optimal layers
can be deduced without ambiguity). The sametion. Indeed, as illustrated for the temperature

case with IASI data alone (Fig. 12a), it is possible approach allows one to deduce, from the other

results plotted in Fig. 12, about 30 layers for theto use these results to derive the relevant independ-
ent layers which give an optimized vertical discret- temperature retrieval from the IASI data plus

climatological information (given the 1 K noiseization, given the fixed configuration (in the

example, temperature retrieval from IASI data level ), about 6 tropospheric layers for the humidity
retrieval from IASI data alone, and about 15alone) and the desired noise figure associated with

the retrieval (in the example, 1 K standard devi- tropospheric layers if NWP model information is
added, given the 10% relative noise level. Thisation at all vertical levels). The bold vertical

resolution bars on Fig. 12a suggest the 11 or 12 approach may easily be applied to any desired

configuration, and can be seen as a comprehensivevertical layers (below 50 km height) on which the
temperature profile could be discretized in this and objective first step to deal with the problem
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Fig. 10. Humidity trade-off curves for the forecast prior statistics alone (dotted line), for the IASI radiance data
alone (dashed line), and for the radiance data with forecast prior statistics (solid line) at 4 tropospheric levels: (a) at
1.0 km height, (b) at 2.7 km height, (c) at 6.2 km height, and (d) at 9.9 km height.

of finding appropriate vertical discretizations in allowing a degradation of the vertical resolution
of the retrieved profile. The formal equivalenceany retrieval problem.

between these two methods was used to propose
a complete analysis of the information content
of the radiance data in terms of potential accur-4. Conclusions
acy and vertical resolution associated with the
temperature/humidity profile derived from theseWe used in this work two methods of regulariz-

ation of the ill-posed linear inverse problem for data.

The MR approach was first applied to thethe study of the performance of the IASI and
HIRS-TOVS infra-red sounders. The Tikhonov analysis of the information content of IASI and

HIRS-TOVS radiance data without any otherregularization (TR) is based on the addition of
independent information about the atmospheric independent information. This analysis showed

that the estimation of the temperature and humid-state to reduce the noise on the solution, while

the mollifier regularization (MR) explores what ity profile is considerably improved when IASI
measurements are used instead of the HIRS-TOVScan be said from the radiance data only by

Tellus 53A (2001), 3



     399

Fig. 11. Error standard deviations of the retrieved profile in the BLUE case (dashed line), and the proportions
coming from the data (solid line) and from the prior statistics (dotted line). The standard deviation noise associated
with the a priori forecast statistics (dotted-dashed line) is also given. (a) temperature retrieval, and (b) humidity
retrieval.

data currently used for operational applications. above IASI performances may also be compared

with comparable studies on other new generationThe analysis of the behaviour of resolution versus
noise suggests that the performance of the IASI souding instruments (e.g., Huang et al., 1992 ;

Rodgers, 1998).measurements is close to 1 K accuracy at 2 km

resolution for temperature in the troposphere, and Then TR and MR equivalence was used to
study the behavior of the IASI information contentbetween 10 and 20% relative error at 1 km reso-

lution for humidity in the troposphere. The same when independent a priori information is available

under the form of statistics on the atmosphericanalysis shows broader results for HIRS-TOVS,
for which the useful temperature information is state. Two cases were examined. First, the ‘‘clima-

tological case’’ is considered, when minimal clima-limited to the troposphere, with a maximum reso-
lution of 2 km associated with noise between 1 tological prior information on temperature and

humidity profiles are added to the IASI data toand 5 K, and for which humidity information in

the troposphere indicates 20% relative error asso- perform the analysis of the atmospheric state.
In terms of temperature, we obtained a majorciated with a resolution between 4 and 6 km. The
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In terms of humidity however, the climatological
statistics are poor regarding the IASI instrument
performances, and no significant improvement was

provided by the use of these statistics. Second,
the ‘‘forecast case’’ was considered, when a priori
statistics are provided by a numerical weather

prediction system. If such a priori information is
available with IASI data, then the analysis of the
atmospheric state is considerably better both for

temperature and humidity, and shows that the
detection of temperature structures at a very good
vertical resolution with a noise better than 1 K,

and of humidity structures at a good accuracy
with a vertical resolution of 1 km in the tropo-
sphere, may be achievable in the context of the

assimilation of IASI data in NWP systems.
Finally, the above results are used to propose a

possible way to objectively determine a vertical

discretization of the atmospheric column adapted
to any given temperature/humidity profile

retrieval problem.
It is worth stressing that the results presented

above are conditioned by the limitations of the

study, essentially the linear hypothesis, and the
univariate approach of the information content
analysis which probably give optimistic results in

terms of humidity. However, this case study clearly
points out the improved performances of the next
generation of infra-red sounders such as IASI, and

the potential gain one can obtain from these new
observing systems. Furthermore, such an analysis
allows to illustrate the importance of the introduc-

tion of our a priori knowledge on the atmosphere
for the study of information content, and the
necessity of a good understanding of how this

information is used by the inversion procedure,
Fig. 12. Schematic representation of the vertical reso- for a correct interpretation and an efficient use of
lution as a function of height: (a) temperature, when IASI data potentialities.
data alone are used, and when IASI data are used with
climatological prior information; (b) humidity, when
IASI data alone are used, and when IASI data are used
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