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Abstract

This work investigates the feasibility of using the nadir Tropospheric Emission Spectrometer
(TES) measurements to retrieve the abundance and altitude dependence of sulphur dioxide from
a volcanic plume.

TES, one of the four instruments on board on NASA’s Aura satellite, is a high-resolution,
infrared (650 - 2250 cm−1) imaging Fourier transform spectrometer that observes both in the
nadir and in the limb with a high spectral resolution (from 0.1 to 0.025 cm−1).

This study has been carried out using an information contentapproach which describes how
many independent pieces of information can be extract from the measurements. It has been
applied for different plume configurations and SO2 column abundances.

The extremely low information content obtained suggests the use of a singular vector decom-
position (SVD) approach to reduce the instrumental noise. The SVD reconstructed spectra with
reduced noise increases the information content. As an example a tropospheric plume of 150
DU has only 0.1 degrees of freedom for signal (DFS) but this improve to 3 DFS using an SVD
approach.

A procedure to optimise the selection of the spectral measurements is also described.

iii





CONTENTS CONTENTS

Contents

1 Introduction 1

2 Background 2
2.1 Optimal Estimation inversion technique . . . . . . . . . . . . .. . . . . . . . . . . . . . . . 2
2.2 Error Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .. . . . . . . . 3
2.3 Information Content . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .. . . . . . . . . . 4

3 Tropospheric Emission Spectrometer 4

4 Information content analysis 8
4.1 Characteristics of simulations . . . . . . . . . . . . . . . . . . . .. . . . . . . . . . . . . . . 8
4.2 Information content setting parameters and results . . .. . . . . . . . . . . . . . . . . . . . . 11

5 Singular Vector Decomposition 12
5.1 Main Concepts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .. . . . . . 12
5.2 Application to TES measurements . . . . . . . . . . . . . . . . . . . .. . . . . . . . . . . . 13

6 Microwindow selection 18

7 Conclusions 21

v





1 INTRODUCTION

1 Introduction

During eruptions volcanoes emit large quantity of gases andparticles that have important effects
on the atmosphere and climate. The most abundant gases typically released into the atmosphere
from volcanic systems are water vapour (H2O), carbon dioxide (CO2) and sulphur dioxide (SO2).
Volcanoes also release smaller amounts of other gases as hydrogen sulphide (H2S), hydrogen (H2),
helium (He), carbon monoxide (CO), hydrogen chlorine (HCl), hydrogen fluorine (HF), nitrogen (N)
and argon (Ar). In addition to the release of a number of gases, an explosive eruption also ejects solid
rock fragments and ash into the air. The largest fragments fall back to the round near the vent while
the ash continues rising forming an eruption column which then follows the local wind patterns
(Grainger and Highwood, 2003). Ash size distributions are approximately multimode log-normal
distributions with a nucleation mode (rmode < 0.05 µm), an accumulation mode (rmode ∼ 0.05–
0.5 µm), and one or more giant modes (rmode > 0.5 µm). The nucleation mode is composed of
sulphuric acid-water drops (Hobbs et al., 1991), where the H2SO4 is produced either in the volcanic
throat or by gas to particle conversion of the SO2 in the volcanic plume. The accumulation and giant
modes are thought to be composed of silicate particles.

Strong perturbations to atmospheric chemistry and radiation are caused by the volcanically en-
hanced stratospheric aerosol layer composed of H2SO4 particles. Such sulphate aerosol mainly scat-
ter solar radiation back to the space, with the immediate effect of reducing the solar irradiance at the
ground and causing a negative radiative forcing (Grainger and Highwood, 2003). Additionally the
aerosol also absorbs long-wave radiation from the surface and lower atmosphere that would other-
wise be emitted to space (Grainger et al., 1993). Some of thisradiation is re-emitted back towards the
Earth’s surface. This results in a small positive radiativeforcing. Generally, however, this effect is
overwhelmed by the negative radiative forcing (Stenchikovet al., 1998). The radiative effects caused
by larger and heavier particles ejected by the eruption, as dust and ash, tend to have an impact on
the radiation budget on smaller spatial and temporal scalesbecause they quickly precipitate from the
atmosphere.

Eruptions that do not penetrate into the stratosphere are usually regarded as being unimportant
for long-term or local climate impacts. However, if such an effusive eruption persists with any
strength for an extended period of time, it can at least produce a large radiative forcing over local or
regional scales. Such tropospheric eruptions can produce local damage to population, cattle, crops
and environment and can be also extremely hazardous to aircrafts (Casadevall et al., 1994). The study
of the volcanic gaseous emission provides important insights into subsurface magmatic processes
(Gerlach et al., 1985; Casadevall et al.,1987), and emittedgas composition and flux variations can
help to predict eruptive activity (Malinconico et al., 1979; Malinconico et al., 1987; Caltabiano et al.,
1994).

Remote sensing is one of the most suitable techniques to detect volcanic emissions due to the
sporadic nature of volcanic eruptions and the large geographic extent of volcanoes. The first satellite
data used for SO2 stratospheric volcanic eruption retrieval were the Total Ozone Mapping Spectrom-
eter (TOMS) ultraviolet measurements (Krueger et al., 1983; Krueger et al., 1990). In 1993 Readet
al. used the microwave measurements of the Microwave Limb Sounder (MLS), on board on NASA’s
Upper Atmosphere Research Satellite (UARS), for the Mt. Pinatubo volcano eruption SO2 retrieval.
More recently the Moderate Resolution Imaging Spectrometer (MODIS) was used to estimate the
SO2 of some eruptions (Watson et al., 2004) and the Thermal Infrared (TIR) bands of the Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) were used to compute SO2 map
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2 BACKGROUND

of a volcanic plume in the low troposphere (Urai et al., 2004). SO2 volcanic columnar content have
been retrieved using the High Resolution Infrared Spectrometer (HIRS) (Prata et al., 2004) and the
Atmospheric Infrared Sounders (AIRS) (Prata et al. submitted).

In this work the Tropospheric Emission Spectrometer (TES) nadir measurements are used to
investigate the feasibility of retrieving volcanic plume sulphur dioxide amounts and its altitude.

Section (2) briefly describes the optimal estimation inversion technique, the error sources and
information content theory. Section (3) summarises the main characteristics of TES instrument. In
Section (4) the information content approach has been applied to two different SO2 configurations
(a plume placed in the troposphere and in stratosphere) and SO2 columnar abundances. Section (5)
describes the singular vector decomposition theory used for the measurements noise reduction and its
application to TES measurements. In Section (6) we report the results of the microwindow selection
and in Section (7) the conclusion are presented.

2 Background

The optimal estimation (OE) technique provides a natural solution to the ill-conditioning problems
typically found in remote sensing atmospheric retrieval applications; it combines information on the
state vector contained in the measurement with an a priori information on the state vector itself.

This section is entirely based on the publications of Rodgers (Rodgers, 1990; Rodgers, 2000).

2.1 Optimal Estimation inversion technique

For any remote measurement, the quantity measured,y, is some vector valued functionF of the
unknownstate vectorx, and of some other set of parametersb not included in thestate vector.
Therefore we write the relationship between themeasurements vector(y ∈ R

m) and thestate vector
(x ∈ R

n) as:
y = F(x,b) + ε (1)

whereε ∈ R
m is themeasurements errorvector andF : R

n → R
m is theforward model(FM) that

describes the physics of the measurements and maps state space to measurement space.
In the general atmospheric retrieval case, as in SO2 retrieval, the problem described by equation

(1) is not linear. In addition an analytical solution to express the state vector in terms of the mea-
surement vector does not exist. An approximate solution canbe found using a numerical iterative
procedure obtained from linearising the forward model about some reference statex0:

y − F(x0) =
∂F(x)

∂x
(x − x0) + ε = K(x − x0) + ε (2)

whereK is theweighting function(WF) matrix of dimensionm × n and describe the measurement
sensitivity to the state. Each element ofK is the partial derivative of a spectrum with respect to a
state vector element:

Ki,j =
∂Fi(x)

∂xj

, (∀i = 1, . . ., m; ∀j = 1, . . ., n) (3)

Form > n there is not an unique solution that maps the measurements inthe state space. We have to
use additional constraints to select an acceptable solution, for example using an a priori information.
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2 BACKGROUND 2.2 Error Analysis

For moderately nonlinear problems, defined when FM is linearover the domain of the retrieval
errors, it can be shown (Rodgers, 2000) that the expected value of state vectorxi+1 ∈ R

n for the
(i + 1)th iteration is given by:

xi+1 = xa + SaK
T
i (KiSaK

T
i + Sε)

−1[y − yi + Ki(xi − xa)] (4)

whereKi is the WF matrix for theith iteration,yi = F(xi), Sε is themeasurement covariancematrix
(the diagonal elements are the variances ofy (σε

2)), xa is thea priori state vectorandSa is thea
priori covariancematrix (the diagonal elements are the variances ofxa (σa

2)). For i = 0, x0 ≡ xa.
The iterative process ends when given convergence criteriaare satisfied.

2.2 Error Analysis

The retrieval error has four components:retrieval noise, smoothing error, forward model parameter
error andforward model error. They will be briefly described as follows.

Retrieval noise
The retrieval noiseis the error induced by the error in the measurements. Its covariance matrix

(noise covariance matrix(Sm)) is defined as:

Sm = GSεG
T (5)

whereG is thegain matrix that represents the sensitivity of the retrieval (R) to the measurements
(y):

G = ∂R/∂y = (KTSε
−1K + Sa

−1)−1KTSε
−1 = SaK

T (KSaK
T + Sε)

−1 (6)

Smoothing Error
Thesmoothing errorrepresents the way in which the observing system smooths theprofile. The

smoothing error covariancematrix is defined as:

Ss = (A − In)Sa(A − In)T (7)

whereIn is the unit matrix in the state vector space andA = ∂x̂/∂x = GK is called theaveraging
kernelmatrix.A represents the sensitivity of the retrieval (x̂) to the true state (x). TheA rows can be
regarded as smoothing functions; in an ideal inverse method, A would be a unit matrix.A rows are
generally peaked functions whose half-width is a measure ofthe spatial resolution of the observing
system.

In the absence of other sources of error thetotal retrieval error(Ŝ) is defined as the sum between
thenoiseand thesmoothing error:

Ŝ = Sm + Ss (8)

Forward Model Parameter Error
TheFM parameter errorsare due to errors in the forward model physical parameters. Assuming

that the uncertainties on forward model parameters (b) are characterised by Gaussian statistics with
error covarianceSb, the FM parametererror covariancematrix (Sf ) becomes:

Sf = GKbSbKb
TGT (9)

3



2.3 Information Content 3 TROPOSPHERIC EMISSION SPECTROMETER

These parameters are those quantities that influence the measurements, they are known with some
accuracy and are not intended as quantities to be retrieved.In the current retrieval the aim of the
FM parameters error calculation is to understand the effectof atmospheric and surface parameter
uncertainty on the retrieval.

Forward Model Error
An additional source of error on the retrieved profile arisesfrom approximations made in the

FM itself. This error source is treated as systematic because its effect manifests as an offset on the
retrieved state:

εfm = G∆F (10)

where∆F = f(x,b) − F(x,b) and f(x,b) is the forward functionthat describes the complete
physics of the measurements.

2.3 Information Content

The information content represents how many independent pieces of information can be extracted
from the measurements. The information content allows us tounderstand if the measurement can
improve our knowledge on the retrieved quantities. The information content is described by theDe-
grees of Freedom for Signal(DFS) and theShannon information content(H). DFS can be interpreted
as the number of linear combinations of thestate vectorthat can be independently retrieved from the
measurements. It is given by:

DFS =
m

∑

i=1

λ2
i

1 + λ2
i

= tr(A) (11)

whereλi are the singular values of̃K = S
−

1

2

ε KS
1

2

a andtr(A) is the trace ofA.
If n is the dimension of the state vector, DFS= n when the measurements completely determine

the state, and DFS= 0 when there is no information at all in the measurements.
TheShannon information content(H) of a measurement can be defined qualitatively as the scalar

quantity which relates prior knowledge to knowledge improved by making the measurements. It is
computed as the entropy difference between the final (after the measurements) and the initial system
state, and it is given by:

H =
1

2

m
∑

i=1

ln(1 + λ2
i ) = −

1

2
ln |In −A| (12)

whereIn is the n-dimension identity matrix and|In − A| the determinant of(In − A).
As H tends to 0 the measurements do not improve the knowledge of the quantity to be retrieved.

If H > 0 the entropy of the final state is less than the entropy of the initial state, therefore after the
measurements the system results less chaotic, i.e. the measurements have improved the knowledge
of the system.

3 Tropospheric Emission Spectrometer

The Tropospheric Emission Spectrometer (TES) (Beer et al.,2001) is one of the four instruments on
board NASA’s Aura satellite, launched on July 15, 2004. AURAis a sun-synchronous orbit satellite,
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3 TROPOSPHERIC EMISSION SPECTROMETER

flying at an altitude of 705 km. Every 16 days, Aura re-examines the same portions of the atmosphere,
and its instruments are able to measure changes that have occurred in each sampled area.

TES is a high-resolution, infrared, imaging Fourier-transform spectrometer with spectral cover-
age of 650-2250 cm−1 at a spectral resolution of 0.1-0.025 cm−1, offering line-width-limited discrim-
ination of essentially all radiatively active molecular species in the Earth’s lower atmosphere. TES
observes both straight down (nadir view) and at a sideways angle (limb view) behind the satellite. In
this work only the TES nadir measurements have been considered.

Figure (1) shows the optical-filter specifications and the species in the atmosphere having absorp-
tion or emission features in the specified filter spectral ranges. Not all the filters are used in the global
surveys. Filters 2B1, 1B2, 1A1, and 2A1 are used in nadir Global Surveys2, and filters 2B1, 1B2,
1A1, 2A1, 1B1, and 2A4 are used in limb Global Surveys.

Figure 1: TES optical-filter specifications and species absorbing or emitting in the filter spectral
ranges.

Figure (2) shows the SO2 optical thickness from 0 to 2500 cm−1. The SO2 optical thickness
between 1000 and 1400 cm−1 is completely covered by 2A1 and 2A2 TES filters, but only the 2A1

2TES has two basic science operating modes: Global Surveys and Special Observations. Global surveys are the
routine observations that TES conducts approximately every two days, which produce ”standard products”. Except for
emergencies, Global Surveys are never interrupted. Special (Research) Observations include all other measurements,
including those of validation and such events as volcano eruptions and biomass burning.
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3 TROPOSPHERIC EMISSION SPECTROMETER

filter is used for nadir global surveys so only the 2A1 filter has been considered. In this spectral range
the spectral resolution is 0.06 cm−1.

Figure 2: SO2 optical thickness.

One of the features of a Fourier Transform Spectrometer (FTS) is that it readily supports an
imaging mode, which, in turn, improves collection efficiency compared with the more traditional
spatially scanning systems. TES employs 16 detectors, eachof whose individual field of view is
0.75×7.5 mrad. In nadir mode this means a surface spatial resolution of 0.5 km in-track and 5 km
cross-track (see Figure 3).
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Figure 3: TES detector nadir projection.
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4 INFORMATION CONTENT ANALYSIS

4 Information content analysis

4.1 Characteristics of simulations

The information content for the SO2 volcanic plume retrieval has been computed for TES nadir sim-
ulated data in the 2A1 spectral range considering two different SO2 volcanic profile configurations:
a tropospheric configurationand astratospheric configuration(see Figure (4)). In thetropospheric
configuration, approximating a quiescent volcanic emission, the plume isplaced between 1 and 5
km, while in thestratospheric configuration, approximating a large volcanic eruption, the plume is
placed between 9 and 13 km. The columnar amounts considered for each configuration are 10, 50,
100 and 150 DU (1 DU = 0.0285 g/,m−2). All the simulations for the top of atmosphere (TOA) ra-
diance and the SO2 weighting functionshave been carried out using the Radiative Forward Model
(RFM) developed at the University of Oxford (http://www-atm.physics.ox.ac.uk/RFM/). The SO2

WF have been computed for each wavenumber and for each element of thestate vectorcomposed of
the SO2 profile from 1 to 39 km with 2 km steps in altitude.

Figure 4: SO2 plume configurations.

Figure (5) shows the radiance percentage difference between the TOA radiance computed con-
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4 INFORMATION CONTENT ANALYSIS 4.1 Characteristics of simulations

sidering the SO2 default profiles and the TOA radiance computed considering a50 DU SO2 column
amount in either configuration. It can be seen that even if we consider the same SO2 amount in the
troposphere or stratosphere, the TOA radiance variation isgreater in the latter case. Figures (6) and
(7) show the TOA radiance, the SO2 profile and the SO2 WF for a column amount of 50 DU in the
troposphericandstratosphericconfiguration respectively. As Figures (6) and (7) show the WF are

Figure 5: TOA radiance percentage difference between the default SO2 profile and profile containing
50 DU; tropospheric(left) andstratospheric(right).

Figure 6: RFM simulation of 50 DU in thetroposphericSO2 configuration. Top left: TOA radiance.
Top right: SO2 profile. Bottom left: SO2 weighting functions

peaked at the levels where the SO2 bulk is placed.
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4.1 Characteristics of simulations 4 INFORMATION CONTENT ANALYSIS

Figure 7: RFM simulation of 50 DU in thestratosphericSO2 configuration. Top left: TOA radiance.
Top right: SO2 profile. Bottom left: SO2 weighting functions

10



4 INFORMATION CONTENT ANALYSIS4.2 Information content setting parameters and results

4.2 Information content setting parameters and results

To compute the information content themeasurement errorand thea priori covariancematrixes
must be defined.

Themeasurements covariancematrix is diagonal i.e. no correlations between channels and be-
tween spectra from different detectors have been considered. The diagonal elements are the square
root of the 16 detectors mean spectral noise for a given measurement. Figure (8) shows the mean
spectrum and the mean noise over the 16 detectors and also thecorresponding signal to noise ratio.

Figure 8: Mean spectrum and mean noise over the 16 detectors.Top left: mean TOA radiance. Top
right: mean instrumental noise. Bottom left: signal-to-noise ratio. Bottom right: spectral zoom of
the signal-to-noise ratio.

For thea priori correlationmatrix an altitude correlation is considered (Rodgers, 1990; Rodgers,
2000):

Sai,j
= (σai,i

)2exp

{

− | i − j |
δzi,j

h

}

, ∀(i 6= j) (13)

whereSai,j
are thea priori correlation matrix elements,σai,i

the a priori uncertainties,δzi,j is the
level distance between thei andj layer mid-points andh is thescale height.

The a priori uncertainties have been set to 100 % for each level and the height correlation between
levels to 3 km. Table (1) shows the DFS and H for the two different configurations considered. The
information content is very low i.e. the measurements are not able to improve the knowledge of the
a priori SO2 profile in bothtroposphericandstratosphericconfigurations. The measurements noise
is too high for SO2 retrieval in bothtroposphericandstratosphericconfigurations. To reduce the
instrumental noise the SVD approach has been considered.
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5 SINGULAR VECTOR DECOMPOSITION

Column DFS H DFS H
Amount (DU) Troposphere Troposphere Stratosphere Stratosphere

10 0.00 0.00 0.00 0.00
50 0.00 0.00 0.06 0.04
100 0.02 0.02 0.45 0.43
150 0.10 0.08 0.77 1.07

Table 1: DFS andH for the different plume configurations.

5 Singular Vector Decomposition

Data vectors with several thousand elements (as for examplethe TES measurements) contain few
degrees of freedom for signal and many degrees of freedom fornoise: SVD is able to represent the
signal in term of few coefficients that contain most of the information. The new data vector, called the
principal componentvector orreconstructedvector, consist of the components of the original vector
in an orthogonal coordinate system and its elements are independent of each other (unlike the original
vector). The SVD for high spectral resolution sounders (Huang et al., 2001; Goldberg et al., 2003) is
used to reduce the measurements noise, giving the possibility to extract small signals from the spectra
and improving the efficiency of the retrieval. In the first part of this section the SVD theory will be
briefly presented and in the second part it will be applied to the TES nadir measurements.

5.1 Main Concepts

Singular vector decomposition (SVD) (Rodgers, 2000) is a method to solve the eigenvalue problem
for a non-square matrix. LetY be a non square matrix withm rows andn columns, the eigenvalue
problem can be reconstructed by the symmetric problem:

[

0 Y

YT 0

] [

u

v

]

= γ

[

u

v

]

(14)

wherev andu are arrays of dimensionn andm respectively. The vectorsv andu are calledsingular
vectorsof Y andγ is thesingular value. The symmetric eigenvalue problem is equivalent to the
“shifted” eigenvalue problem:

Yv = γu

YTu = γv (15)

From equation (15) we can obtain by substitution:

YTYv = γYTu = γ2v

YYTu = γYv = γ2u (16)

whereu andv are the eigenvectors ofYYT (m× m) andYTY (n× n) respectively, which have the
same set of real eigenvalues. If the rank ofY is p then there will bep non zero singular values, and
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5 SINGULAR VECTOR DECOMPOSITION 5.2 Application to TES measurements

bothYYT andYTY will havep non-zero eigenvalues. Thus the eigenvectors with zero eigenvalues
can be discarded and we can write:

[

0 Y

YT 0

] [

U

V

]

= Γ

[

U

V

]

(17)

whereΓ is p× p diagonal matrix,U is m× p andV is n× p. There will ben+m-p more eigenvec-
tors of the composite matrix, all with zero eigenvalues. Thesingular valuesandvectorshave the
following property:

Y = UΓVT =
∑

i

uiγiv
T
i (18)

BecauseUTYV = Γ we describeU as left singular vectorsandV asright singular vectors. The
right vectorsV form an orthonormal basis in the row space and theleft vectorsform an orthonormal
basis in the column space. The matrixY maps the row space basis vectorv into a corresponding
column space basis vectoru, andYT mapsu into v. ThusU andV are a natural pair of coordinate
systems for the two spaces.

5.2 Application to TES measurements

As a test case the SVD has been applied for 100 TES observations (i.e. 1600 spectra); the selected
data contain the measurements made over the area where the Anatahan volcano eruption occurred
on 5 April 2005. The Anatahan volcano is located in Mariana Islands in the Central Pacific Ocean (
16.35◦ N, 145.67◦ E).

In this case the matrixY is an ensemble of TES measured spectra i.e. the columns ofY are the
TES spectra (yj). Following equation (18) thejth individual spectrum (yj) can be obtained as:

yj =
n

∑

i=1

uiγiv
T
ij (19)

The spectrum is represented as a sum of columnsui of U, with coefficientsγiv
T
ij .

The total numberm of singular vectorsis equal to the total number of channels, however a
much smaller set ofk singular vectors, ordered from largest to smallest associatedsingular values,
is sufficient to explain most of the variability of the original spectra. Figure (9) shows thesingular
valuesof the selected ensemble of measurements.

Our choice of the number ofsingular valuesto consider is based on the consideration that nearly
the 100 % of the spectra variability is explained with only twentysingular values. This number is
often referred to as the number of independent pieces of information. These twentysingular values
and the associatedsingular vectors, have been considered sufficient to reconstruct the radiance:

ỹj =

k
∑

i=1

uiγiv
T
ij, (k = 20) (20)

BecausẽUT Ũ = Ik (of dimension[m × k]) 3 the coefficients of equation (20) can be computed as:

cj = ŨTyj (21)

3Note thatŨT
Ũ = Ik butŨŨ

T 6= Im
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5.2 Application to TES measurements 5 SINGULAR VECTOR DECOMPOSITION

Figure 9: . Top: all singular values of the spectra ensemble selected. Bottom: first twenty singular
values of the spectra ensemble selected.

with associatedcoefficient error(εcj
) andcovariance coefficientmatrix (Scj

) given by:

εcj
= ŨT εj (22)

Scj
= ŨT Sεj

Ũ (23)

whereεj is thejth spectrummeasurement noise.
Considering equation (21), equation (20) can be written as:

ỹj = Ũcj = ŨŨ
T
yj (24)

Thereconstructed error(ε̃j) andreconstructed covariance(S̃ε) are:

ε̃j = ŨŨ
T
εj (25)

S̃j = ŨŨ
T
Sεj

ŨŨ
T

(26)

Inserting the (23) into (26) we obtain:

S̃j = ŨScj
ŨT (27)

The resultingreconstructed covariancematrix, S̃j, is singular.
Figure (10) and (11) show the original and the reconstructed spectrum and the original and the

reconstructed noise respectively for a selected spectrum contained in the ensemble using the first 20

14



5 SINGULAR VECTOR DECOMPOSITION 5.2 Application to TES measurements

singular values. The reconstructed noise has been computedas the square root of thereconstructed
noise correlationmatrix (̃Sj) diagonal elements. As Figure (11) show after the SVD application the
measurements reconstructed noise results two order of magnitude lower than the original noise.

The information content has been computed considering thereconstructed covariance matrixand

Figure 10: Top: original spectrum. Bottom: reconstructed spectrum using the first 20 singular values.

the same a priori matrix defined before (see Section (4.1)). Table (2) shows the DFS and H for the
two different configurations considered. Figure (12) and (13) show theaveraging kerneland thetotal

Column DFS H DFS H
Amount (DU) Troposphere Troposphere Stratosphere Stratosphere

10 2.41 7.76 1.95 12.57
50 3.42 17.76 3.05 20.37
100 3.01 22.42 3.00 21.45
150 3.00 24.92 3.00 21.57

Table 2: DFS andH for the different plume configurations considering the reconstructed noise co-
variance matrix (̃S).

retrieval error for 50 DU of SO2 columnar content fortroposphericandstratosphericconfigurations
respectively.

Using the SVD approach the information content (see Table (2)) increases meaningfully. Looking
at theaveraging kernelof Figures (12) and (13) it can be seen that eachaveraging kernelcurve peak

15



5.2 Application to TES measurements 5 SINGULAR VECTOR DECOMPOSITION

Figure 11: Top: original spectrum noise. Bottom: reconstructed spectrum noise using the first 20
singular values.

Figure 12: 50 DU SO2 columnar content -troposphericconfiguration. Left: the solid lines represents
theaveraging kernelwhile the dotted line is the sum ofaveraging kernelrows. Right: the solid line
is the a priori standard deviation and the dash-dot line is the total retrieval error.

is located at the right level, where the SO2 is placed. The area ofA is approximately unity from 1 to
5 km and from 9 to 13 km, indicating that the retrieval is sensitive to the true profile over these height
ranges. The same consideration can be done looking at theretrieval error plot of the same figures
where an improvement of a-priori standard deviation occurred at the altitude where SO2 is.
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Figure 13: 50 DU SO2 columnar content -stratosphericconfiguration. Left: the solid lines represents
theaveraging kernelwhile the dotted line is the sum ofaveraging kernelrows. Right: the solid line
is the a priori standard deviation and the dash-dot line is the total retrieval error.
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6 MICROWINDOW SELECTION

6 Microwindow selection

High spectral resolution instruments provide more channels than can be used, or are needed because
of duplication of information. We must define a criteria to select channels or microwindows that
contain most of the measurement information.

For the optimisation of a measurement method a single scalarfigure of merit is required. There
are two quantities of general applicability which can be defined without reference to the specific
retrieval method; these are the degrees of freedom for signal and the variation of entropy. The basic
strategy is to consider microwindows, of selected width, independently and sequentially (Rodgers
1998; Dudhia et al., 2002). Starting with no microwindow selected: (1) compute the information
content of each microwindow of the entire spectral range; (2) select the microwindow providing the
most information; (3) repeat until enough information has been gathered.

The microwindows width has been set equal to 3 cm−1 and the procedure has been applied con-
sidering the two different plume configurations (troposphericandstratospheric) and the different
column amounts of SO2 (10, 50, 100 and 150 DU). For each microwindow the information content
has been computed considering 100 % of a priori profile uncertainty (with 3 kmscale height) and
asmeasurement covariancematrix thereconstructed covariancematrix computed using the SVD
approach described in the previous Section.

Figure (14) and (15) show the microwindows selected, by the procedure described, for the two
configurations. The figures show that almost all the microwindows selected, with high information

Figure 14:Micro-windows for Tropospheric plume configuration. Top left: SO2 columnar content=10 DU.
Top right: SO2 columnar content=50 DU. Bottom right: SO2 columnar content=100 DU. Bottom left: SO2

columnar content=150 DU. The solid line is the smoothed SO2 cross section (multiplying by a1022 factor)

content, are within the SO2 cross-section peak spectral range i.e. as expected the microwindows
selected coincide with the maximum of the SO2 absorption.

Table 3 summarises the spectral ranges of the microwindows selected with an information con-
tent greater than 1 (as shown in Figures (14) and (15)). As Table 3 shows the microwindows selected
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Figure 15:Micro-window for Stratospheric plume configuration. Top left: SO2 columnar content=10 DU.
Top right: SO2 columnar content=50 DU. Bottom right: SO2 columnar content=100 DU. Bottom left: SO2

columnar content=150 DU. The solid line is the smoothed SO2 cross section (multiplying by a1022 factor).

Columnar MCW MCW
Content (DU) Tropospheric Stratospheric

10 [1136.02-1139.02] [1124.02-1127.02]
[1163.02-1166.02] [1163.02-1166.02]

50 [1124.02-1127.02] [1136.02-1139.02]
[1139.02-1142.02]

100 [1133.02-1136.02] [1136.02-1139.02]
[1139.02-1142.02] [1145.02-1148.02]

[1187.02-1190.02]
150 [1145.02-1148.02] [1130.02-1133.02]

[1127.02-1130.02]

Table 3:SO2 retrieval microwindows fortroposphericandstratospheric configurations.

for the two troposphericandstratospheric configurationsare approximately the same: except the
1133.02-1136.02 cm−1 microwindow, all the other microwindows selected for thetropospheric con-
figurationhas been found also for thestratospheric configuration.

For the SO2 volcanic profile retrievals all the microwindows selected will be considered. These
microwindows are given in Table (4).
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MCW Spectral Range
1 [1124.02-1127.02]
2 [1127.02-1130.02]
3 [1130.02-1133.02]
4 [1133.02-1136.02]
5 [1136.02-1139.02]
6 [1139.02-1142.02]
7 [1145.02-1148.02]
8 [1163.02-1166.02]
9 [1187.02-1190.02]

Table 4:Microwindows selected for SO2 profile retrieval.
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7 Conclusions

In this work has been investigated the feasibility of the useof the TES nadir measurements for the
SO2 volcanic plume columnar abundance and altitude retrieval.

The analysis has been carried out considering two differentplume configurations,tropospheric
(plume bulk between 1 and 5 km) andstratospheric(plume bulk between 9 and 13 km), considering
an SO2 columnar abundance of 10, 50, 100 and 150 DU. The SO2 weighting functions, needed for
the information content analysis, have been computed usingthe Radiative Forward Model developed
at the Atmospheric Oceanic and Planetary Physics Department (AOPP) of the Oxford University, for
each element of thestate vectorcomposed of an SO2 profile from 1 to 39 km in steps of 2 km.

The information content analysis shows that the instrumental noise is too high for this kind of
retrieval, i.e. the measurements are not able to improve theknowledge of the system. In all the cases
considered, the degrees of freedom for signal results are less than 1.

To reduce the TES instrumental noise the singular vector decomposition (SVD) approach has
been applied. The SVD has been applied to 100 TES nadir observations (1600 spectra) over an area
containing the Anatahan volcano (Mariana Islands, CentralPacific Ocean) on 5 April 2005, when
a volcanic eruption occurred. The first 20 singular values has been used to reconstruct the TES
spectrum and noise. Thereconstructed measurements covariancematrix is singular and the square
root of its diagonal elements, i.e. thereconstructed measurement errors, are two orders of magnitude
lower than the original noise. The information content increases meaningfully reaching 3 DFS, the
maximum obtainable from the configurations selected.

A procedure, based on the optimisations of a single figure of merit, has been applied for the
3 cm−1 microwindows selection, considering the SVD reconstructed data. As expected almost all
the microwindows selected fall into the maximum SO2 absorption spectral range and for the two
configuration considered the microwindows results approximately the same. For the SO2 columnar
abundance and altitude retrieval purpose all the microwindows selected will be considered.
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