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Abstract

Current microwave sensors are limited to a couple of channels. This restricts the amount
of information in the measurement. A new technology called Kinetic Inductance Detec-
tors (KIDs) is emerging. KIDs can be used to build low-noise hyperspectral microwave
instruments. These instruments allow measurements with high spectral resolution.
In this thesis a concept for a hyperspectral microwave sensor is derived. A state-of-the-
art radiative transfer model is used to simulate measured spectra. These simulations are
used to perform humidity and temperature retrievals based on the Optimal Estimation
Method (OEM).
The one-step linear retrieval solution is compared to a hyperspectral infrared sensor,
similar to the Infrared Atmospheric Sounding Interferometer (IASI). Both instruments
show comparable retrieval performance. Temperature profiles can be retrieved with a
vertical resolution of roughly 1000m. The resolution of water vapor soundings is around
1500m for KID and 2000m for IASI.
As a final check, an iterative retrieval is performed for the KID instrument. It can
be shown that the retrieval provides robust results even for challenging atmospheric
situations. The vertical resolution achieved by the iterative retrieval is poorer than the
linear theory suggests. Perturbations smaller than 3–5 km are only partly detectable.
In summary, hyperspectral microwave sensors based on the KID technology are able to
provide useful information for atmospheric science. In a next step the retrieval of cloud
particles has to be evaluated. If the development remains constant an airborne prototype
may be operable within the next years.
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Chapter 1

Introduction

Remote sensing of atmospheric properties is a key element in numerical weather pre-
diction as well as in climate research. In general, remote sensing can be performed in
different spectral regions each having its own characteristics. Two important ones are
the millimetre/submillimetre (microwave) and infrared ranges.
Infrared measurements offer a large amount of information as a lot of spectral lines can
be observed. Instruments observing at a lot of different spectral channels are called
hyperspectral instruments. One of them is the Infrared Atmospheric Sounding Interfer-
ometer (IASI) which is already in operational use and provides high resolution spectra of
a broad part of the infrared spectral region. However infrared measurements are strongly
sensitive to clouds (even thin cirrus) and atmospheric soundings can only be retrieved
in clear-sky situations. This limitation constrains their use for continuous observations
which are needed for numerical weather prediction. Also, a dry-bias is introduced to
humidity measurements as clear-sky scenes are overrepresented (John et al., 2011).
Microwave instruments are less influenced by clouds and can observe water vapor and
temperature even in moderately cloudy conditions. This advantage makes them particu-
larly valuable for numerical weather prediction as cloudy regions are especially important
for the future development of weather situations. Unfortunately, current microwave
sensors lack the spectral resolution to compete with infrared sensors. AMSU-A, for ex-
ample, offers only 15 discrete frequency channels (Rosenkranz, 2001). This limits its
information content.
Kinetic Inductance Detectors (KIDs) combine the benefits of both spectral regimes.
They allow hyperspectral microwave observations. The synergy of having a lot of chan-
nels that are only weakly affected by clouds offers the possibility of high resolution
measurements even in cloudy conditions. This is a significant advantage compared to
current technologies as it drastically increases the operating time in real measurement
situations.
In this thesis the potential performance of a KID-based hyperspectral microwave sensor
is investigated. For this purpose an instrument concept is developed, considering the
latest technical benchmarks of the KID technology. A state-of-the-art radiative transfer
model is used to simulate measurements for this sensor concept based on an atmospheric
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data base. The results are compared with simulations for a hyperspectral infrared instru-
ment, simulating IASI. An Optimal Estimation Method retrieval is used to yield retrieval
quantities to benchmark the performance of both instruments.
In a final step the KID concept is used to simulate a real atmospheric retrieval. The setup
is applied to perform an iterative retrieval using the Levenberg-Marquardt algorithm. The
robustness of the simultaneous retrieval of the atmospheric quantities temperature, water
vapor and ozone is examined. This is done using synthetic profiles as well as atmospheric
soundings from weather model output. Finally, the results of those researches are used
to decide, if a hyperspectral microwave sensor is able to provide comparable retrieval
performance to current infrared sensors.
Chapter 2 introduces the field of satellite measurements and briefly describes the two sen-
sor concepts, IASI and KID. Technical characteristics for both instruments are given and
the measurement principle is explained. Chapter 3 provides an insight into the radiative
transfer simulations that were done during this thesis. It is explained what knowledge
and which assumptions are needed to properly simulate the emission and propagation of
radiation in the atmosphere and how to simulate the behavior of an instrument. Also
the atmospheric soundings used for the simulations are introduced. Chapter 4 describes
the retrieval methods used and defines some fundamental retrieval properties. These are
the fundamentals for the retrievals performed later, both, to compare the instrument
concepts, and to retrieve atmospheric profiles. Chapter 5 compares the performances of
the infrared and microwave sensor concepts. Chapter 6 describes the retrieval of actual
atmospheric profiles for the microwave instrument. Chapter 7 gives an outlook on future
developments of KID sensors and their applications for atmospheric sciences.



Chapter 2

Instruments

Atmospheric observations can be done using a variety of different measurement tech-
niques. In remote sensing there are ground-based, airborne and satellite measurements,
each of which offer individual benefits and downsides. The focus of this thesis is on
satellite measurements, which provide a global coverage of atmospheric measurements.
Satellites can travel through space in different orbits. Geostationary satellites are located
35.786 km above the Earth’s surface. At that distance the satellite needs exactly one
day to fully orbit the earth. As the earth itself is rotating, the observation point on the
surface is not moving. Geostationary orbits provide information of the same scene every
time a measurement is taken. This way it is possible to observe temporal developments
in the atmosphere. However geostationary satellites lack spatial resolution. In theory
their spatial coverage is limited to the hemisphere that is pointing to them. This whole
hemisphere is seen as a disk. In practice the regions closer to the rim, like the polar
regions, are observed with a poor accuracy, if at all. To increase the coverage and spatial
resolution satellites can be flown at a lower orbit, e.g. a polar-orbit. These are orbits a lot
closer to the Earth (400–800 km). The shorter distance to the Earth directly increases
the spatial resolution. The footprint is decreased and hence spatial coverage is reduced.
But polar-orbiting satellites change their observation point quickly. So with increasing
observation time (usually half a day) global coverage can be achieved.
Instruments have to fulfill strict requirements in order to be installed on a satellite.
They have to work in the rough conditions of the space environment: Vacuum and
sometimes large temperature changes, depending on insolation. Also repairs in space
are not practical which requires the instruments to be reliable through out the whole
mission (usually around 7 years).
Lastly all these requirements have to be compatible. The orbit, the measurement tech-
nique, and the quantities to be retrieved are highly interdependent.
This chapter briefly summarizes the concepts and technical characteristics of two mea-
surement systems: Firstly, the infrared sensor IASI, which is already providing atmo-
spheric temperature and humidity profiles, and second, a concept for a microwave in-
strument using a newly emerged technology, KID sensors.
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2.1 Instrument noise

The main goal of this thesis is to intercompare different measurement techniques. To
draw a proper comparison one needs well defined metrics to assess instrument perfor-
mances. Measurement noise is one of the most important instrument characteristics. It
is defined as the variability of the signal when observing an object at a constant tem-
perature. There are several ways to define the noise of an instrument. In the following
the noise-equivalent temperature difference Ne∆T is used:

Ne∆T = Tscene + Tinst√∆ν∆t = Tsys√∆ν∆t . (2.1)

This allows a straight-forward comparison of both instruments as this approach is also
used by Clerbaux et al. (2009) to describe IASI. The Ne∆T is the standard deviation of
the measured brightness temperature of a constant target. Brightness temperature is a
unit for radiance, and the conventional unit for instruments measuring thermal radiation.
Tscene is the noise temperature of the observed object (the Earth’s atmosphere). Tinst
is the noise temperature of the instrument. This means that even when observing the
atmosphere with a perfect sensor noise would be present. Equation 2.1 shows that
the sum of both values is the relevant quantity. Additionally, ∆ν is the measured
frequency interval (often referred to as the width of the instrument channel), and ∆t
is the integration time. A smaller frequency interval therefore increases the instrument
noise, whereas a longer integration time t reduces the instrument noise.

2.2 Infrared Atmospheric Sounding Interferometer (IASI)

The Infrared Atmospheric Sounding Interferometer (IASI) is an instrument onboard the
METOP polar-orbitting satellite. The following technical overview is obtained from
Blumstein et al. (2004). IASI performs passive infrared remote sensing using a Fourier
Transform Spectrometer. It operates in the 19THz–83THz (645 to 2760 cm−1) spectral
region. Although it is common to use wavenumbers when referring to the infrared spec-
tral region, frequencies will be used here to simplify the comparison with the microwave.
One difficulty of this thesis is to compare a conceptual instrument with an already existing
one. To ensure a fair comparison, the infrared sensor setup is kept on a comparable
conceptual level. The channels are evenly spread with a width of 7.5 GHz resulting in
8534 equidistant channels. The instrument noise is characterised for two spectral regions
taking values between 0.1 and 0.2K (Clerbaux et al., 2009). The retrieval with real IASI
measurements would require a more sophisticated setup, but the chosen specifications
are adequate to estimate IASI’s performance in comparison to a conceptual microwave
instrument.
Figure 2.1 gives an overview of IASI’s observed spectra. The shown quantities result
from radiative transfer simulations using the Atmospheric Radiative Transfer Simulator,
ARTS (Section 3.1). The top panel shows the opacity for each relevant absorber. The
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Figure 2.1: Zenith opacity (top) and brightness temperature (bottom) for an IASI-like
instrument.

zenith opacity is defined as the path integral over the absorption coefficient α in each
height z from the surface to the top of the atmosphere, in zenith direction:

τ = ∫ ∞0 α(z)dz (2.2)

A high opacity is related to a more opaque atmosphere. From the viewpoint of a
satellite sensor the line of sight in an opaque atmosphere is shorter. Therefore the
received radiation is emitted in high altitudes whereas in a transparent atmosphere the
sensor can detect signals even close to the ground. For satellite measurements there is a
rule of thumb that an opacity around 1 marks the transition between a transparent and
an opaque atmosphere. Channels with opacities way smaller than 1 are called window
or imaging channels, as they allow to look through the atmosphere. They provide
measurements that can be interpreted as images of the observed quantity at the surface
or total column quantities. Opaque channels (τ � 1) are so called sounding channels.
The radiation in these channels is emitted in different heights of the atmosphere. This
offers information about the vertical distribution of the measured quantity.

Nearly the whole spectral region is dominated by water vapor absorption. Only carbon
dioxide and ozone exceed water vapor around their absorption bands (≈22THz and
≈72THz for CO2 and ≈31THz for O3). The simulated brightness temperature spectrum
(Figure 2.1 bottom panel) perfectly fits the expectations gained from the opacity. There
are some window channels with a opacity far beneath 1 that can see the surface (290K)
and four major sounding bands (τ > 1). These bands are caused by the main absorbers
H2O, CO2 and O3 and allow measurements up to the mesosphere (≈230K).

IASI is based on a Michelson interferometer, a variant of a Fourier Transform Spectrom-
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eter. An interferometer splits the detected radiation into two beams and recombines
them again. The optical interference between both beams contains useful information
about the incoming radiation.
The first beam follows a path of constant length while the second path is adjustable. The
difference between both paths is called Optical Path Difference (OPD). The detected
energy of the recombined beams varies with the OPD. If the OPD is a multiple of the
wavelength, both beams are in phase and the detected energy is at a maximum. If it
is an odd multiple of half the wavelength the two beams cancel each other out, the
resulting energy is zero.
The measured timeseries of radiation is called an interferogram. It can be shown that it
is identical to the Fourier Transform of the incident radiation spectrum. Performing an
Inverse Fourier Transform therefore provides the original spectrum. The Inverse Fourier
Transform, besides calibration and correction of detection non-linearities, is done during
the on-board processing.
IASI has to fulfill spectral requirements directly resulting from the observed gases. The
on-board Michelson interferometer has a maximum OPD of ±2 cm resulting in a spectral
sampling of 0.25 cm−1. This is sufficient to resolve the CO2 absorption lines around the
15 µm band.

2.3 Kinetic Induction Detector (KID)

In the last years a new detector technology has emerged, Kinetic Inductance Detectors
(KID). These cryogenic detectors are very sensitive and therefore used in a broad field of
applications. The technology has only been around for a decade but has gone through a
rapid development (Day et al., 2003; Doyle et al., 2008; Mauskopf et al., 2014; Baselmans
et al., 2008; Bueno et al., 2014). Latest studies have shown that the technology is
operable in space missions (Griffin et al., 2015). KIDs offer the technical possibility
to build instruments containing large arrays of detectors. This way one can construct
hyperspectral microwave sensors for meteorological use.
For this thesis a conceptual KID instrument is designed. Its specifications are chosen
to provide high-resolution water vapor and temperature profiles. An overview of the
instrument characteristics is given in Table 2.1. The individual spectral channel resolving
power is 1000 for all channels. It is defined as the ratio of the center frequency ν and
the channel width ∆ν. The resulting 2303 channels have an increasing width with higher
frequencies. The Ne∆T was calculated with simulated brightness temperatures for an
assumed 410 km orbit.
The values of the Ne∆T are between 0.007 and 0.025K (see Figure 2.2). The relative
channel width results in narrow channels for low frequencies. Therefore, channels at
lower frequencies below 400GHz are more noisy. Additionally, measured brightness
temperatures are slightly higher in this spectral region. This further increases the Ne∆T
(see Equation 2.1).
Figure 2.3 shows the results of radiative simulations for the instrument concept. The
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Figure 2.2: KID noise-equivalent temperature as a function of frequency.

calculations are based on a tropical atmosphere climatology (Section 3.2). The top
panel shows the opacity for different absorbers. The whole microwave spectral region is
dominated by the absorption due to water vapor. There is only one peak at 112GHz
driven by oxygen. Measurements in the microwave spectral region can be used for
atmospheric sounding. The observed brightness temperatures are comparable to the
infrared (290–230K). This indicates, that both instruments are measuring signals from
roughly the same heights.

Table 2.1: Characteristics of the KID instrument.

Orbit height 410 km

Instrument aperture 0.8m

Channels 2303

Spectral range 100GHz - 1THz

2.3.1 Kinetic inductance

Some materials lose their electrical resistance when cooled beneath a critical temper-
ature. This behavior is called superconductivity. It is caused by electrons forming so
called Cooper Pairs, which consist of two electrons attracted to each other. This particle
constellation is able to move through the material without resistance.
A KID is a superconducting resonator cooled to a sub-Kelvin temperature. These res-
onators are used as circuit elements which present an inductive load to a microwave
stripline. When incident photons hit the detector they break the superconducting Cooper
Pairs. This decreases the superconductivity which alters the resonant frequency of the
detector. Changes in resonant frequency shift the detector frequency, amplitude and
phase. This shift is proportional to the incoming photon flux and is therefore the actual
measurement signal.
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Figure 2.3: Opacity (top) and brightness temperature (bottom) for a KID instrument.

It is possible to tune each detector to a slightly different frequency. This means that the
detector is more sensitive to photons with a specific energy. Large arrays of detectors
tuned to different frequencies can be used as a spectrometer. This way hyperspectral
microwave sensors can be built. These sensors have very little instrument noise and
could therefore provide high resolution high accuracy measurements in the microwave
region.

2.3.2 Instrument design

There are two different types of satellite instruments: pushbroom sensors and scanning
sensors. Each of them offers different benefits and downsides.
A pushbroom consists of a line of pixels which scan the Earth simultaneously. Each
of these pixels would be a spectrometer built with KID. The advantage of scanning
multiple pixels at the same time is the increased integration time for each individual
pixel. An increased integration time directly decreases the measurement noise as shown
in Section 2.1. The technical downside of a pushbroom sensor is the limited amount of
total detectors in the instrument. When using 10 detectors at a time, the number of
frequencies covered by each detector has to be decreased by a factor of 10.
The second design is a scanning sensor where all detectors are used as one spectrometer
and the spatial resolution is gained by spinning the whole instrument. This approach is
more affected by noise as the integration time for each pixel decreases. It has to be stud-
ied whether the increased spectral resolution compensates the increasing measurement
noise.



Chapter 3

Radiative transfer simulations

3.1 Atmospheric Radiative Transfer Simulator (ARTS)

The Atmospheric Radiative Transfer Simulator (ARTS) (Buehler et al., 2005; Eriksson
et al., 2011) is a radiative transfer model for the millimeter and sub-millimeter spectral
range. ARTS is implemented in a modular way which makes it very flexible to use.
ARTS is a line-by-line model. It is capable of performing radiative transfer simulations
on arbitrary frequency grids. The absorption lines for the observed spectral range can
be read from catalogues in various formats. For the calculations done in this thesis the
latest version of the HiTran catalogue (Rothman et al., 2013) was used. The HiTran
catalogue provides information to describe the shape of each line and its dependency
on the atmospheric conditions. Those parameters make it possible to calculate the
absorption coefficients at any given frequency and atmosphere.
The frequency ranges are chosen in different ways for both instruments. For the infrared a
linear-spaced frequency grid with a spectral resolution of 0.25 cm−1 is used. This spacing
was originally chosen to distinguish the rotational absorption lines of CO2 (Blumstein
et al., 2004). The linear spacing is a consequence of the used measurement technique
(Michelson Interferometer, Section 2.2). When using a constant width the channels tend
to become extremely narrow for high frequencies. For a spectrometer based on single
sensors, this raises the technical issue of building a sensor that can resolve such small
bands. Therefore a relative grid spacing is used. It is chosen to make the width of a
channel relative to its center frequency constant:

ν∆ν = 1000. (3.1)

3.2 FASCOD atmospheres

Radiative transfer simulations need the current atmospheric state to simulate the prop-
agation of the radiation inside the atmosphere. This atmospheric state consists of in-
formation on pressure, temperature and the mixing ratio of all relevant gases. The data
has to be given for each level of interest to provide a decent image of the atmosphere. In
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general, information on cloud particles (e.g. snow and cloud ice) are needed to properly
describe the radiative transfer, especially scattering. But as the microwave sensor is only
weakly affected by clouds, they are neglected for this study. All simulations are based
on clear-sky atmospheres.
The FASCOD atmospheres are a commonly used set of atmospheric profiles published
by Anderson et al. (1986). They represent climatologies at different locations and times
e.g. subarctic-winter, midlatitude-summer or tropical. For this study a tropical atmo-
sphere was used to ensure a strong temperature and water vapor signal.
As the used atmosphere has a huge impact on the results further studies have to prove
that the found results can be obtained using different atmospheres. Nevertheless the
FASCOD atmospheres represent a moderate atmospheric state far from extremes. It
is reasonable to assume that the results are representative for arbitrary atmospheric
profiles.

3.3 Backend channel response

Simulating instrument measurements with a transfer model introduces another level of
complexity. After simulating the radiative transfer through the atmosphere one has to
make assumptions on what a sensor would actually measure. This requires a detailed
understanding of the detector concept to estimate how the different channels behave
when detecting radiation.
In practice, radiances are calculated for a lot of frequencies inside the observed channel.
Weights are used to combine the different radiances to estimate the observed measure-
ment signal. Weighting functions can be of different forms and complexity. For this
study a gaussian mean centered on the channel frequency was used. The width of a
channel is characterised by the full width at half maximum of the gaussian. It is chosen
to be relative to the spectral range so that channels at high frequencies are wider (see
Figure 3.1).

101 102 103 104 105
0.0

0.2

0.4

0.6

0.8

1.0

N
o
rm

a
liz

e
d
 w

e
ig

h
t

900 901 902 903 904
0.0

0.2

0.4

0.6

0.8

1.0

Frequency [GHz]

Figure 3.1: KID backend channel response function in different frequency regions.



Chapter 4

Linear retrieval theory

4.1 Optimal Estimation Method (OEM)

Remote sensing provides indirect measurements. Atmospheric properties are not mea-
sured directly but via their radiative signal. The measured signal has to be transferred
into an actual information about the atmospheric conditions. This task is very chal-
lenging, as the problem is mathematically ill-posed. The radiation at the top of the
atmosphere is a weighted mean over the radiation emitted in different atmospheric lay-
ers. A lot of different atmospheric states can be the solution for the measured spectrum.
It is very difficult to find a reliable solution without further assumptions or information.

Inverse theory offers a variety of methods to retrieve atmospheric properties from mea-
surements. For this thesis the Optimal Estimation Method (OEM) is used. The used
equations are equivalent to the ones derived by Rodgers et al. (2000). The formal
derivation of the methods and equations can be found there. But the basic principles
will be described in this chapter.

OEM combines the measured signal and prior information on the atmospheric state
to constrain the possible solutions. A Bayesian approach is used to find the optimal
combination of both sources of information: For this purpose one needs to estimate how
trustworthy this information is. When using a perfect instrument one would only need
little prior information to constrain the solution. Without any measurements, a retrieval
would rely on the prior information only. Real retrievals are a mixture of both situations
depending on e.g. altitude, frequency range and observed quantity.

Inverse theory requires a detailed knowledge of the relation between the atmospheric
state x and the measured signal y. In general, this is done using a forward model F
that transfers from state to measurement space:

y = F (x). (4.1)

The information coming from the forward model is a crucial part of the retrieval. It
allows to evaluate how well an atmospheric state fits the measured signal.
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4.1.1 Forward model

A forward model is used to simulate measured brightness temperatures emitted by a
given atmosphere. The Atmospheric Radiative Transfer Simulator (ARTS, Section 3.1)
is used as a full forward model. It is capable of solving the radiative transfer inside the
atmosphere. Additionally, instrument characteristics are included to simulate the signal
measured by an actual sensor. Radiative transfer is highly non-linear. A lot of processes
are involved and interconnect, resulting in a complex system that is highly sensitive to
changes in the atmospheric state. Therefore, the full forward model cannot be inverted
directly. However, it is possible to do a linear approximation around an atmospheric
state x0:

y = K (x0)(x − x0) + y0 + ε (4.2)

with the Jacobian K and the measured spectrum for the linearization point y0. De-
spite its non-linearity, it is assumed that the radiative transfer can be linearized locally
with only a small error ε. This linearized equation can be inverted and allows to cal-
culate an atmospheric state fitting the measurement. However, an accurate estimate
of the Jacobian is needed. A more detailed discussion on this is given in the following
subsection.

4.1.2 Jacobians

The matrix K , needed to transfer the current state x into the measurement space y,
is called the Jacobian. It is the derivative of the measured brightness temperature with
respect to changes in a state vector element:

K = ∂F (x)
∂x . (4.3)

The Jacobians are derived from radiative transfer simulations and need to be calculated
for every quantity of interest. However, they are strongly dependent on the atmospheric
state. For that reason it is necessary that the state x0 does not differ significantly from
the true atmospheric state x. Otherwise the linear approximation is no longer applicable.
The Jacobians are calculated for different heights. This allows to determine heights that
are most relevant for changes in the measured signal. These are the regions in which
the retrieval is sensitive. As the Jacobians strongly differ for different frequencies, it is
possible to retrieve atmospheric properties in different heights. Common instruments
are limited to a couple of channels. These channels are chosen in such a way that a
preferably wide range of heights is covered. Hyperspectral sensors cover a large range of
frequencies. It is anticipated that the measurements provide height-resolved information
on atmospheric conditions.
Figure 4.1 shows humidity and temperature Jacobians for a tropical atmosphere. The
temperature Jacobians (Figure 4.1a) are straight-forward to understand. An increasing
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temperature leads to a warmer signal in every channel. This behavior is true for all
clear-sky cases. Figure 4.1b shows the water vapor Jacobians. The simulation was done
assuming an ocean scene, resulting in a cold background for microwave detectors (surface
emissivity ε = 0.6). This is the reason for the positive humidity Jacobians at frequencies
beneath 150GHz. Without any water vapor the atmosphere would be transparent and
the cold ocean could be seen. Increasing the water vapor content makes the atmosphere
more opaque. More radiation is emitted by the atmosphere and the cold background
is masked. This leads to a warmer signal and therefore positive Jacobians. For higher
frequencies the background is not relevant as the atmosphere is always opaque. The
measurement signal in these sounding channels originates from higher altitudes. If the
atmosphere gets more humid the layer that can be seen from the satellite rises as the
sight distance decreases. The colder temperatures in high altitudes lead to a cooler
signal and hence a negative humidity Jacobian.
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Figure 4.1: Temperature and water vapor Jacobians for a KID sensor.
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4.1.3 Linear solution

Using OEM, a solution for the linearized model can be found:

x̂ = xa + (K TS−1
y K + S−1

a

)−1
K TS−1

y (y − Kxa) (4.4)

with the retrieved atmospheric state x̂, the linearization point xa (a priori), the Jaco-
bian K , the signal y and the covariance matrices for the measurement and the prior
information, Sy and Sa, respectively.
Equation 4.4 consists of two terms. The first term is the state xa around which the
linearization is performed (a priori). The second term can be seen as a correction to
adjust the spectra of xa to be more consistent with the signal y. The spectral difference
between the signal and the a priori according to the linearized forward model is given
by y − Kxa. It is weighted using the Jacobian K and the inverse measurement error
covariance S−1

y . For K close to zero or very high values of Sy, the whole second term
becomes neglectable and the retrieval is equal to the a priori. This is the case for
very inaccurate measurements or regions where no signal is emitted. The parenthesized
expression at the beginning of the second term regulates which source of information to
use. If the a priori knowledge is small (high values of Sa), Equation 4.4 simplifies to the
linear solution

x̂ = xa + K (y − Kxa).
In reality one often finds a mixed case, where both sources of information are used for
the retrieval. These are the cases where the measurement system is sensitive to the
atmospheric signal and the a priori information is used to constrain the solution.
The linear solution is highly dependent on the linearization point being close to the true
profile. As this is not the case for most real retrieval cases, the solutions tend to be
very error-prone. There are iterative retrieval algorithms, that continuously update the
linearization point. This improves the retrieval results significantly. A more detailed
discussion of iterative retrieval algorithms and their results is given in Chapter 6.
Nevertheless, linear solutions are useful to explain the basic principles of OEM. Also they
enable the evaluation of the general information content of a retrieval. For that reason
a linear retrieval is used for the comparison of the two sensor concepts.

4.1.4 Averaging kernel

In a retrieval a true atmospheric state is indirectly transferred into a retrieved state
through the measurement state. But it is possible to formulate a mapping, that directly
transfers the true state into the retrieved state. This allows to evaluate which information
from the true profile is actually used in the retrieval. The linear solution of the OEM
allows to evaluate this relation between the retrieved profile and the actual atmospheric
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state. This mapping is referred to as averaging kernel matrix A:

A = (K TS−1
y K + S−1

a

)−1
K TS−1

y K. (4.5)

Simply spoken, it describes how the true atmosphere is projected into the retrieved state.
Using A, the linear solution (Equation 4.4) can be written as

x̂ = A · (x − xa) + xa. (4.6)

For a perfect retrieval the averaging kernel matrix equals the identity matrix. This
means, that every element of the true state vector is directly used as a retrieval result.
It is possible to asses the performance of a retrieval by looking at the diagonal elements
of the averaging kernel matrix. The retrieval works well for regions where the diagonal
elements are close to 1.

Figure 4.2 shows the averaging kernel matrices for water vapor and ozone. The water
vapor kernels (Figure 4.2a) show nearly perfect results for the troposphere. All values
on the diagonal are close to 1 and there is barely any correlation between different
altitudes. Above the tropopause the results weaken but the retrieval performance is still
acceptable.

Averaging kernels for ozone (Figure 4.2b) are smaller in general. This directly indicates
that the signal from water vapor is stronger and provides more information. But the
ozone kernels perform well up to much higher altitudes around 50 km. The ozone layer
is the main source for the detected ozone signal and therefore signals from high altitudes
are received. The correlation between layers is high for all altitudes, so it is reasonable to
assume that a retrieval would perform well but lack vertical resolution for these altitudes.
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Figure 4.2: Averaging kernel matrices (color).
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4.1.5 A priori covariances

The concept of OEM is based on combining a priori knowledge and measurements to get
the best possible retrieval result. In order to evaluate which information should be used
in a specific case, the quality of the different information needs to be quantified. For
the measurement this is achieved by using the instrument error as well as the Jacobians.
Together, both quantities give an insight on how much information is gained from the
measurement. For the OEM to decide whether to weight the a priori information or the
measurement stronger the quality of the a priori has to be specified. This is important
and requires careful consideration of the reliability of the assumed climatology. In this
thesis an approach by Schneider and Hase (2011) is followed to quantify the water vapor
a priori covariances. In summary the method uses fixed covariances for given heights, in a
way that the water vapor content in the troposphere is much more variable than in higher
altitudes. Additionally a correlation length is assumed to specify the covariance between
different height levels. The correlation length decreases with altitude. This behavior
describes a high uncertainty within the troposphere. Figure 4.3a shows the resulting
covariance matrix. It is smooth at all altitudes which is a desired feature because
spurious peaks in the covariance matrix can lead to spurious peaks in the retrieval.
A mixed approach is chosen for the temperature a priori covariance. The covariance
coefficients on the diagonal are calculated directly from a set of atmospheric profiles.
These profiles are a subset of the dataset generated by Eresmaa et al. (2012). The
authors used short-range forecasts produced by the European Centre for Medium-range
Weather Forecasts (ECMWF) to create a dataset that describes the atmospheric com-
position. For this thesis the high resolution version (IFS137) with a refined grid of 137
vertical layers is used. The dataset is subdivided such that only tropical atmospheres are
considered. The same exponential decay as for the water vapor is assumed. Figure 4.3b
shows the temperature covariance matrix. In contrast to the water vapor the most un-
certain region is located around the ozone layer in 30–50 km height. The matrix is not
as smooth as for the water vapor but it does not show peaks, either.
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Figure 4.3: A priori covariance matrices.
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4.2 Channel selection

The large number of channels offers potential benefits but poses difficulties to the im-
plementation. Even with the newly developed KID technology (Section 2.3) it is most
likely not possible to have sensors with thousands of channels. For that reason it is
necessary to prove that the retrieval works with a decreased number of channels. This
limitation is relevant for both possible instrument designs — a pushbroom or a scanning
sensor.
Additionally, the retrieval of actual atmospheric profiles requires several iterations of
simulations and post-processing. It is currently not practicable to apply an iterative
approach to measurements with such a high spectral resolution. To reduce the compu-
tational power needed to perform the retrieval it is also helpful to reduce the number of
observed channels.
Fortunately, the information content is not distributed evenly over the whole spectrum.
So an intelligent selection of channels can provide a majority of the information. This se-
lection can be done with an iterative approach. In a first step the information content for
every single channel is identified and the most informative channel is chosen. Following
this, the channel chosen is combined with the remaining channels and the information
content for each channel pair is calculated. This way highly correlated channels are
rejected because they do not contribute further information. The procedure is repeated
to select the 100 most informative channels.
The reduction of degrees of freedom is used as a measure of the information content.
It is defined as the trace of the averaging kernel matrix A:

∆dfs = tr(A). (4.7)

Figure 4.4a shows the ranking of the 100 most informative channels. The axis of or-
dinates is not intuitive and needs some further explanation. The algorithm results in
a sorted list of channels, starting with the channel that reduces the degree of freedom
of the retrieval the most. All following channels add less information to the retrieval
than this channel. Still the total amount of degrees of freedom decreases with each
additional channel. The total reduction of the degrees of freedom is plotted when using
all channels up to the observed one. The total reduction of degrees of freedom is repre-
sented by the space between the bar and the top of the plot. The y-axis is inverted to
detect the information content of a single channel. The higher the bar the more infor-
mation is contained in the measurement. It is obvious that channels located at the sides
of dominant absorption lines are preferred (compare Figure 2.3). After all absorption
lines are covered, the algorithm tends to accumulate channels around the most distinct
absorption lines.
Figure 4.4b shows the reduction of degrees of freedom in dependence of the amount of
channels used for the retrieval. The first 30 channels decrease the degrees of freedom
linearly, which is the theoretical optimum. After this linear region the performance
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reaches saturation very quickly. The 100 most informative channels reduce 40 degrees
of freedom. When using all 2300 channels the reduction is 42. So a significant amount
of the information is found in the selected channels.
The selection of channels allows more efficient simulations. It is possible to decrease the
number of frequencies covered by the radiative transfer simulations by a factor of 20
without losing much information. A decreasing number of frequency channels propor-
tionally reduces the computational power needed for the radiative transfer simulation.
The profit during the Optimal Estimation retrieval is even higher as the frequency is
used in higher orders.
These findings are highly dependent on the chosen atmosphere. A different atmosphere
leads to differing Jacobians, which alters the distribution of information inside the mea-
surement. Tests have shown that the information content decreases significantly when
using the selected channels for other atmospheres. These results suggest that the con-
cept is viable. It is possible to reduce the number of channels while keeping the retrieval
performable. In order to get a robust channel selection statistics over several atmospheres
have to be used.
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Figure 4.4: Selection of most informative frequency channels.

4.3 Retrieval height levels

The number of retrieval levels is an important subject to deal with. Like the amount
of channels the number of retrieval levels directly affects the computational costs of
the simulation. But more levels also offer more information about the atmospheric
state. Therefore it is a goal to reduce the number of levels as far as possible while still
describing the atmosphere with a sufficient accuracy. Unfortunately the task is not as
straight forward as it is for the frequency selection where it is possible to independently
drop channels from the simulations. The task requires a reasonable trade-off between
accuracy and computational costs.
Fortunately, the linear algebra done during the retrieval is in theory not dependent on the
number of levels used. For practical success, the a priori covariances need to be defined
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in a way that takes varying numbers of levels into account. This is done following
an approach by Schneider and Hase (2011) using well defined height dependencies for
covariances and correlation lengths (Section 4.1.5).
Obviously, a coarser grid would waste some of the achievable resolution. A finer grid
increases the computational a costs without improving the results. In practice one tries
to match the internal resolution of the retrieval.
Figure 4.5 shows the vertical resolution for temperature and water vapor retrieval de-
pending on the number of pressure levels. It can be seen that the adaptation of the a
priori covariances works for the considered retrieval quantities. The vertical resolution
is constant for 125 or more pressure levels. When choosing a coarser pressure grid, the
vertical resolution is determined by the grid spacing. This is especially obvious for the
run with 75 levels.
As a reasonable compromise 125 pressure levels are used for the instrument comparison.
This makes it possible to determine differences in the resolution while limiting the number
of pressure levels as far as possible. The iterative retrieval is run with 75 levels for
performance reasons. For an iterative algorithm the run-time is more important than for
a single run.
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Figure 4.5: Vertical resolution in dependence of the number of pressure levels.





Chapter 5

Comparing infrared and microwave
retrieval

In the previous chapters all relevant concepts and assumptions were introduced. The
sensor concepts in infrared and microwave were described (Chapter 2) and their benefits
and downsides discussed. It has been shown how sensors can be simulated using a
radiative transfer model, including relevant assumptions and settings (Chapter 3). Finally
the basic concepts of an OEM retrieval were explained (Chapter 4). This framework
provides the possibility to compare the general retrieval performance of both instruments.
The quantities considered are the measurement response, the vertical resolution and the
retrieval error, which allow a detailed estimate of the instrument sensitivity and the
robustness of possible retrieval results.

5.1 Measurement response

The measurement response indicates the sensitivity of a retrieval in different heights. It
is defined as the sum of the column kernels (Section 4.1.4) at each height level. Values
close to 1 imply that the retrieval is sensitive to the changes in a specific height. If the
measurement response is 0, no information is gained from the measured spectrum.
Figure 5.1 shows the averaging kernels and the corresponding measurement response for
the KID instrument. The retrieval is sensitive to temperature up to 60 km (Figure 5.1a).
A distinct change in the averaging kernels can be seen around the tropopause around
15 km. The averaging kernels in the troposphere are very narrow and peak at values
around 0.8. This implies that these atmospheric layers can be retrieved individually
with almost no correlation between neighboring layers. For higher layers (20–50 km)
the averaging kernels get wider and overlap. Although the sensitivity is still high, an
uncorrelated retrieval of values in different heights is no longer possible. The results for
the water vapor retrieval show similar behavior (Figure 5.1b). A measurement response
around 1 is achieved up to altitudes of approximately 50 km, indicating a high retrieval
sensitivity towards water vapor. The averaging kernels are smaller than for temperature
and peak around 0.5. Above the tropopause a significant overlap can be seen. The
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Figure 5.1: Averaging kernels (color) and measurement response (black) for KID.

overlap is even stronger than for the temperature retrieval. This is caused by the low
water vapor content in the upper atmosphere, which weakens the emission of longwave
radiation in these layers.
Figure 5.2 shows the measurement response and the averaging kernels for the IASI-like
simulations. The temperature retrieval (Figure 5.2a) for IASI and KID differs clearly in
high altitudes (above 20 km). The measurement response is close to 1 for the whole
observed altitude range (up to 80 km). This is a consequence of the different absorbers
that can be observed in both spectral regions. While both sensors detect signals from
water vapor, ozone and oxygen, IASI is also detecting some carbon-dioxide bands around
20 and 70THz (compare Figure 2.1). As the CO2 mixing ratio is virtually constant
for all heights, these bands allow temperature retrieval nearly throughout the whole
atmosphere. The water vapor retrieval (Figure 5.2b) is almost the same for IASI and
KID. However the averaging kernels for IASI begin to overlap in lower altitudes and
are slightly weaker. A possible explanation is the smaller frequency range of the KID
instrument, which allows for more distinct observation of the H2O bands (compare
Figure 2.3).
In conclusion, both instruments are sensitive to water vapor and temperature over a
wide altitude range (roughly up to 60 km). IASI is in advantage regarding temperature
retrieval in the upper troposphere, as a simple result of the absorbers observed in the
spectral region. KID is somewhat more sensitive to water vapor in the lower troposphere,
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Figure 5.2: Averaging kernels (color) and measurement response (black) for IASI.

possibly leading to more accurate retrievals in these layers.

5.2 Vertical resolution

The vertical resolution is used to practically describe the retrieval performance. It char-
acterizes the size of the smallest feature in a profile that can still be resolved. The
vertical resolution can be estimated from the averaging kernels of the retrieval. It is de-
fined as the full-width at half maximum — the width of the kernel where its peak value
is decreased to the half. As shown in the previous section the averaging kernels tend
to be very narrow in the troposphere. This makes the calculation of the kernel width
more complex. The problem is solved by using the two values above and below the half
maximum. A linear interpolation of these values is used to find a good approximation
of the pressure level where the half maximum is reached.
The vertical resolutions are shown in Figure 5.3. The results are presented per retrieval
species to directly compare the performance of both instruments. Figure 5.3b shows
the vertical resolution for the temperature retrieval. Both instruments perform equally
well in the lowest 10 km. The achieved vertical resolution is around 1000m, with KID
performing slightly better. But the differences are small, especially when considering
the conceptual state of the study. Larger differences can be seen when comparing
the vertical resolution of water vapor (Figure 5.3b). Both instruments resolve vertical
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Figure 5.3: Vertical resolution for KID and IASI.

structures of 1000–1500m for heights below 5 km. In the upper troposphere, KID seems
to appear to perform better. While the vertical resolution of the KID sensor is nearly
constant around 1500m, IASI only achieves a resolution of 2000m. This behavior fits
the findings in the previous section (5.1), where the averaging kernels tend to be less
distinct for IASI in heights between 5 and 10 km. In general the examination of retrieval
resolutions confirmed the positive impressions of KID. The linear OEM retrieval shows
that a hyperspectral microwave sensor is able to achieve results comparable to IASI. For
the troposphere the performance seems to be even better.
It has to be said that the smallest resolvable feature in a real retrieval setup is probably
larger than this (see Chapter 6). But as the full-width at half maximum is used as an
estimate of the resolution for both instruments, it is sufficient for a comparison.

5.3 Retrieval error

When comparing different retrieval methods it is necessary to compare the retrieval
error. The retrieval error quantifies the uncertainty of a retrieved atmospheric state.
OEM allows to directly estimate the retrieval error from the averaging kernel matrix and
the assumed error covariances. Following Rodgers et al. (2000) the retrieval error S is
described through:

S−1 = K TS−1
y K + S−1

a . (5.1)

The first term combines the Jacobian K with the noise of each channel Sy. Noise in
channels with a strong Jacobian yields to a strong retrieval error, whereas noisy channels
with a weak Jacobian do not affect the result that much. For the extreme case of a
zero Jacobian, the error is obviously equal to the a priori covariance. The Jacobians
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Figure 5.4: Retrieval error for KID and IASI.

allow to also determine the height-dependency of the error. Therefore the retrieval
performance can be evaluated as a function of height (e.g. troposphere for water vapor
and stratosphere for ozone).
Figure 5.4 shows the retrieval error for the temperature and water vapor retrievals of
both instruments. The temperature retrieval error is similar in the lowest atmospheric
layer (Figure 5.4a). Both retrievals show an error of 1.5K. The differences grow for
higher altitudes. In 5–12 km height, KID’s error decreases to roughly 0.7K. Whereas
IASI only improves slightly to an error of 1.2K.
Regarding water vapor, KID performs slightly better. The retrieval error in logarithmic
scale is between 0.16 and 0.22 up to 10 km (Figure 5.4b). The error of the IASI-like
infrared sensor shows a similar height-dependency but is larger, reaching values between
0.21 and 0.3.
The retrievals performed with both instruments are prone to errors in the same order
of magnitude. KID performs slightly better within the troposphere (below 15 km). An
interesting behavior can be seen close to the ground. While the error for IASI increases
significantly, the error for KID decreases to 0.17. The reason for this difference is the
cold background in the microwave simulation (ε = 0.6), which leads to a distinct signal.
In reality, the emissivity is not perfectly known. The real error is expected to be larger.
In summary, the overall performance of the KID concept is comparable with the IASI-
like instrument. The measurement responses of both sensors indicate high sensitivity to
temperature and water vapor up to high altitudes around 50 km. Temperature can be
retrieved with a vertical resolution around 1000m. The water vapor retrieval resolves
structures of 1000 to 2000m.





Chapter 6

Non-linear iterative retrieval

The goal of a retrieval is to translate a set of measurements into information about a
specific quantity. OEM can be used to achieve this goal. It uses a priori information
to estimate the radiative properties (namely the Jacobians). The a priori state does
not represent the real atmosphere perfectly. For some conditions it may differ a lot
from the real state. Therefore the calculated Jacobians are only a rough estimate of
the dependency of emitted radiation and the atmospheric state. This limits the possible
retrieval performance significantly. To improve the quality of the radiative transfer an
iterative approach can be used. During each iteration not only the retrieved profile but
also the assumed Jacobians are updated. These iterative algorithms are computationally
expensive, because the radiative transfer as well as the linear algebra for the OEM has
to be done over and over again. For that reason, the non-linear iterative retrieval is
performed for the KID sensor only.

6.1 Cost function

In order to evaluate the different iteration steps it is necessary to define proper metrics.
Like this it is possible to prevent the retrieval from developing into non-physical solutions.
This metric is called a cost function. The cost function is also used to determine if the
retrieval has converged into a stable state. It is defined in a way to penalize deviations
from the measured spectrum y as well as differences to the a priori state xa:

χ2(x) = [x − xa]S−1
a [x − xa] + [F (x)− y]S−1

y [F (x)− y]. (6.1)

The weighting of the different terms is dependent on the measurement covariance Sy
and the a priori covariance matrix Sa. If the measurement noise is low and the knowledge
of the a priori state is limited, it is reasonable to trust the measurement. In this case
the differences between the measured spectrum and the calculated spectra are weighted
more than differences to the a priori state. Using χ2 one can quantify the quality of
a retrieved state compared to the measurement and the chosen a priori state. When
starting with xa obviously only the difference to the measured spectra is non-zero. So
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the aim of the retrieval is to reduce this term while keeping the deviation to xa moderate.
Mathematically speaking we are looking for a minimum in the cost function. Unfortu-
nately this cannot be done analytically as the evaluation of the cost function depends
on the forward model. But there are different methods of finding a function’s minimum.
The approach used in this study is the so called Levenberg-Marquardt algorithm. The
basic concept and a sketch of its implementation is given in the following section.

6.2 Levenberg-Marquardt algorithm

The Levenberg-Marquardt algorithm is an iterative approach to find the minimum of
the cost function. The solution is found by performing several iterations i of an OEM
retrieval (Rodgers et al., 2000). Hereby, the next step xi+1 is dependent on the current
solution xi:

xi+1 = xi+[(1 + γ)S−1
a + K T

i S−1
y Ki

]−1 {
K T
i S−1

y [y − F (xi)]− S−1
a [xi − xa]} . (6.2)

The algorithm includes a damping parameter γ which controls the step size done by the
retrieval in each iteration. For high γ values the algorithm follows the steepest descent.
This leads to robust results but is very slow. The algorithm needs a vast amount of
iterations to converge to a solution. If γ is zero the Levenberg-Marquardt algorithm is
equal to the linear OEM solution. The idea is to adjust γ after each iteration to get
the benefits of both methods. The retrieval is started with a very high γ (order of 109),
so that the solution is found by following the steepest descent. After each iteration the
cost function is evaluated to see, if the retrieval fits the measurement better. If this is
the case, γ is decreased which leads to an increasing step size. Simply put, when the
results are good the retrieval gets more scope for development in the next step. If the
cost function increased, γ is also increased. This prevents the solution from “exploding”.
As soon as the retrieved state further deviates from the measurement, it is discarded
and the course is adjusted to closer follow the steepest descent. The procedure is as
follows:

1. Compute χ2.
2. Choose a value for γ.

3. Solve the linear equation (Eq. 6.2).

4. Run the forward model and evaluate χ2.
5. If χ2 increased, increase γ and go back to 3.

6. If χ2 decreased, decrease γ and update the retrieval solution.

A practical problem for each iterative algorithm is to find or define a criterion when to
stop further iterations. The straight-forward solution is to define a threshold for the
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cost function. This is not practical because the starting value of χ2 can vary in order of
magnitudes depending on the measured spectrum; and so does the final value of χ2 for
the converged solution. A more robust criterion is to use the relative change in the cost
function. If χ2 decreases less than 1‰ the solution is considered to be converged and
further iterations are skipped. A more detailed analysis of the convergence behavior of
different runs is given at the end of this chapter (Subsection 6.3.3).

6.3 Retrieval results

To gain a better understanding of the retrieval behavior, runs with different atmospheric
profiles were performed. Afterwards several retrieval metrics were compared to find
special characteristics and maybe link them to features in the specific atmosphere.
For that reason, forward simulations were calculated to get simulated measurements of a
KID sensor. The atmosphere sample consists of synthetic profiles and randomly selected
Eresmaa profiles. Synthetic profiles give the opportunity to investigate certain features,
like the vertical resolution, without other side-effects. The retrieval of an actual (model)
profile is a final check to see how the retrieval performs in a realistic setup. Artificial
noise is added to the simulated spectra to make the setup more realistic. The noise is
normally distributed and the mean noise for each channel is equal to the assumed Ne∆T
(Section 2.1).
The most relevant quantity is the retrieved atmospheric profile (“Retrieval”). It is shown
beside the used a priori (“A Priori”) and the true profile (“Truth”). The retrieved
profile is presented with an uncertainty range. This allows an estimate of the value
range in agreement with the retrieval. In addition the averaging kernel as well as the
measurement response are investigated. This is done to ensure that the sensitivity of
the retrieval is constant during all iterations. A final relevant measure is the so called
kernel smoothing. It shows how the retrieval would look like for a perfect measurement
without any measurement error. It therefore allows to visualize the smallest features
possible to detect.
All these measures are calculated in the state space. To fully understand a retrieval
it is necessary to also investigate the measurement space. Therefore the simulated
spectra for the measured signal, the a priori state and the final retrieval result are
shown. As the retrieval tends to show very good agreement in spectral space, it is often
hard to distinguish the retrieved spectrum from the signal. This is why the residuum
between both quantities is calculated, too. It is shown alongside the noise-equivalent
temperature (Section 2.1). This gives the opportunity to decide whether remaining
differences are caused by limited measurement accuracy, or if the solution found is the
optimal estimation although some error in the spectral signal is left.
Together all these quantities allow a detailed analysis of the retrieval performance. The
results are expected to be strongly dependent on the atmospheric state. The regarded
atmospheres were chosen to cover a wide range of features to get a proper estimate of
this dependency. Both investigations are described in detail in the following section.
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6.3.1 Synthetic sine wave retrieval

Synthetic profiles are an easy way to investigate certain aspects of the retrieval perfor-
mance alone. They offer the possibility to only change some parts of an atmospheric
situation separately to see how the retrieval responds to this adjustment. In the follow-
ing, synthetic profiles are used to see how sensitive the retrieval is towards structures
that span over different vertical spaces.
The setup is simplified as far as possible by setting all retrieval quantities (water vapor,
temperature and ozone) to the a priori values. Afterwards an artificial sine wave with
different wavelengths (5 and 10 km) is added to the water vapor profile, keeping the other
quantities fixed. The retrieval is still run in “full-mode”, meaning that all three quantities
are retrieved and the retrieval is in principle free to adjust the values of temperature and
ozone. Albeit the usage of a sine wave is a hard test for the retrieval, as for every small
positive difference in the profile there is an equalizing negative one in one of the next
layers. This leads to a reduction in the spectral signal, as the radiation at top of the
atmosphere is always a weighted mean over several atmospheric layers. Therefore an
added sine wave may be harder to detect than simple perturbations in single layers.
Figure 6.1 shows the retrieval results for the synthetic profile with an added sine wave
of 10 km wavelength. This test case simulates a good-natured retrieval situation. The
true profile is close to the used a priori state and there are only very smooth structures
to be retrieved. The measurement response indicates that the retrieval is sensitive up to
heights of around 50 km. Indeed the vertical resolution is not constant over the whole
height range. The averaging kernels peak in the troposphere with a sudden drop at the
tropopause (at approximately 12 km). The retrieval solution represents the true profile
and is in agreement with the promising linear retrieval metrics (Chapter 4). For higher
altitudes the retrieval lacks the vertical resolution to resolve the sine wave. In heights
between 15 and 50 km the retrieved solution has adjusted from the a priori to slightly
higher values.
The robust retrieval results in the state space can also be verified by looking into the
measurement space. Figure 6.2 shows the simulated brightness temperature spectrum
for the signal, the a priori and the retrieved profile. All spectra are similar for a broad
frequency range, especially for high frequencies above 300GHz. This is a direct result
of initializing the temperature and ozone profiles with the true values. Therefore the
simulated spectrum around the oxygen lines is already in good agreement. But there are
differences around the water vapor spectral lines (e.g. 183GHz). In these regions signal
and a priori have differences of up to 10K. The retrieval eliminates these differences
nearly completely. The signal and the simulated spectra for the retrieval solution can
hardly be distinguished. Figure 6.3 shows the residuum between signal and retrieved
solution in spectral space. The residuum is below 0.05K for most of the observed
frequencies. The retrieval reduced the differences in the spectra to an order of magni-
tude comparable to the assumed instrument noise (grey area). This is the theoretical
optimum, as the retrieval does not consider information smaller than the noise.
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Figure 6.1: Synthetic water vapor retrieval for KID. The added sine wave has a wave-
length of 10 km.
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Figure 6.2: Simulated brightness temperatures for KID. The observed profile was super-
imposed by a sine wave of 10 km wavelength.
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Figure 6.3: Residuum between the simulated measurement and the spectrum of the
retrieval result. The observed profile was superimposed by a sine wave of 10 km wave-
length. The grey area shows an estimate of the instrument noise.

These results lead to the conclusion that the retrieval works well for smooth atmospheric
profiles. This result indicates the general capability of the retrieval as a whole. As shown
in the previous chapters, an iterative retrieval algorithm consists of a variety of different
parts, all of which have to be chosen consistently to work reliably. The capability to
retrieve a simple profile gives confidence in the chosen setup and lays the foundation of
further, more demanding test cases.
The next step is to decrease the wavelength of the added sine wave to 5 km. This leads to
finer structures in the profile to be retrieved and therefore a more challenging retrieval.
The structures are comparable to these found in the troposphere. Temperature and
ozone are again set to the true values, but free retrieval quantities. Figure 6.4 shows the
retrieval overview. The measurement response as well as the averaging kernels are very
similar to the results of the previous run. This is due to the fact that the simulations
for both retrieval results show nearly identical Jacobians. The information coming from
different atmospheric layers are the same in both runs. More interesting is the resolution
of the finer structures in the actual profile. The retrieval is very sensitive in the lower
atmosphere, hence the water vapor content close to the surface is retrieved correctly.
But even fine structures in higher layers can be resolved. Especially the small inversion
at around 5 km height is retrieved accurately. However some small differences can be
seen in all altitudes. The retrieval and the true profile do not match as well as for the
previous run. This indicates that the structures get too fine to add a significant signal
to the measurement. The practical retrieval resolution seems to be reached.
Figure 6.5 shows the spectra for the retrieval, the true profile and the a priori. The a
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Figure 6.4: Synthetic water vapor retrieval for KID. The added sine wave has a wave-
length of 5 km.

priori spectra shows differences around the water vapor spectral lines as already known
from the previous run. The spectra agree even more for higher frequencies, where the
three lines can hardly be distinguished. This indicates that small disturbances do not
add much signal to the measured spectrum.

A look at the remaining residuum (Figure 6.6) strengthens this impression. The simu-
lated spectrum for the retrieval result is in even better agreement with the measurement
than for the smooth profile. The spectral differences closely follow the assumed mea-
surement noise. Therefore the retrieval does not see differences to minimize any more.

In summary, the study of retrieval results for synthetic profiles has lead to important
results. The retrieval suggests general consistency which strengthens the confidence
in retrieval solutions. Initializing retrieval quantities with the true values leads to the
expected behavior, that these quantities are not changed by the retrieval. This is not
shown in plots, but the retrieved profiles for temperature and ozone were constant
for all iterations during both retrieval setups. Also, the information on the retrieval
sensitivity calculated from the measurement response agrees with the observed results.
The retrieval of water vapor profiles is sensitive up to 50 km, with a decent vertical
resolution limited to the troposphere. In addition the two case studies allow a more
practical estimate of the vertical resolution than in the previous chapters. The usage of
the full-width at half maximum of the averaging kernels is only as theoretical concept to
quantify the general correlation between different retrieval layers. In practice, structures
slightly smaller than 5 km seem to be the detection limit. Smaller structures do not add
enough information to the measured signal.
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Figure 6.5: Simulated brightness temperatures for KID. The observed profile was super-
imposed by a sine wave of 5 km wavelength.
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Figure 6.6: Residuum between the simulated measurement and the spectrum of the re-
trieval result. The observed profile was superimposed by a sine wave of 5 km wavelength.
The grey area shows an estimate of the instrument noise.
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6.3.2 Retrieval of atmospheric soundings

As a final test case, some real atmospheric soundings were retrieved. The Eresmaa et al.
(2012) dataset is again the basis for the simulations. A random subset of 10 profiles
was used to simulate measurements. ARTS was used as a forward model to simulate
the received measurement signal. Afterwards the iterative retrieval algorithm was used
to try to retrieve the atmospheric state. This opens the possibility to test the retrieval
in a realistic setup while still being able to compare the results with a known state. The
retrieval is again run in its full mode — with water vapor, temperature and ozone being
retrieved. In this test case all retrieval quantities show significant differences to the a
priori. The algorithm has to adjust all species to decrease the discrepancies in spectral
space. This introduces some additional complexity with respect to the discussion of the
retrieval results. Errors in the retrieval of one species induce errors in the other retrieval
quantities. So while trying to evaluate the retrieval performance for each species, we
will have to keep the others in mind to explain certain features.
Most of the randomly chosen soundings are smooth and close to the a priori. The
iterative retrieval works well for these cases and yields results comparable to those of the
synthetic soundings. A detailed discussion of these retrievals is omitted, because they do
not give new insights into the retrieval performance. Instead the retrieval with the most
relevant features will be discussed. This allows to investigate the retrieval response to
special atmospheric conditions. Furthermore, some internal coherences of the iterative
retrieval can be understood.
The chosen sounding is very challenging as it shows vast differences to the a priori.
The tropopause is only weakly distinct. Also, the temperature profile is warmer around
the tropopause than in an average climatology. This gives the chance to inspect some
interesting features including, but not limited to, the interactions of different retrieval
species.
Figure 6.7 shows the overview plot for the water vapor retrieval. The averaging kernels
show a similar behavior to the previous section. The retrieval is sensitive for regions
below 15 km altitude. Therefore the retrieved solution nearly perfectly matches the
water vapor mixing ratio close to the ground. There are significant deviations around
the tropopause. Above 15 km the solution found underestimates the true water vapor
content. Especially the strong feature located at the tropopause (≈ 15 km) leads to
errors in lower atmospheric layers. This oscillating propagation of deviations is a direct
result of the radiative transfer inside the atmosphere. If the signal in one layer is too
high, this can be balanced with a decreased signal in a neighboring layer. The question
of interest is, what causes the problems above the troposphere. On that score a look on
the temperature retrieval (Figure 6.8) gives an explanation. As already mentioned in the
first paragraph the temperature profile is unusual as it has a weakly distinct tropopause.
This can be seen in a warm tropopause temperature and small vertical temperature
gradients. The vast differences between the true temperature profile and the chosen a
priori state result in significant deviations in spectral space (Figure 6.9). The simulated
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Figure 6.7: Water vapor retrieval for an Eresmaa profile.

measurement and the a priori spectrum differ by several Kelvin in the whole spectral
range. Changes in atmospheric temperature lead to analogues changes in the observed
brightness temperature. In the end the retrieval result is in good agreement with the
true temperature profile. The differences of around 10K in the beginning are decreased
significantly. Also the shape of the temperature profile follows the true temperature
profile. But there are some features that cannot be found in the retrieved solution, most
noticeably the differences around the tropopause. The retrieved state is off by 2–3K
and the vertical gradients are slightly off. These discrepancies become amplified in the
water vapor retrieval. The algorithm tries to draw out the remaining spectral residuum
caused by the wrong temperature profile by adjusting the water vapor profile. Even
though this works in spectral space, the retrieved profiles can be off. This development
is not penalized by the cost function as the improvement in spectral space is weighted
more than the discrepancies to the a priori.
Finally the ozone retrieval in Figure 6.10 is considered. The averaging kernels show
a sensitivity of the retrieval over the whole altitude range. But the vertical resolution
is coarser than for the other species. This can be seen in the retrieved ozone profile.
The solution found roughly follows the shape of the true profile, but it is not capa-
ble of resolving finer structures. It seems that the retrieval is only useful to estimate
the integrated ozone content. Nevertheless the retrieved profile allows to estimate the
distribution of atmospheric ozone in general.
To wrap up the case study of an actual retrieval, the spectral state is examined. Fig-
ure 6.9 shows the simulated brightness temperature spectrum. As already mentioned,
the a priori and the simulated measurement differ in an order of up to 10–15K in the
whole simulated frequency range. The reason for the general bias especially at higher
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Figure 6.8: Temperature retrieval for an Eresmaa profile.
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Figure 6.9: Simulated brightness temperature spectrum for an Eresmaa profile.
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Figure 6.10: Ozone retrieval for an Eresmaa profile.

frequencies is the difference in the temperature profile, which can be seen directly in
the spectrum. In addition the behavior around the H2O spectral lines is different from
the a priori state. Therefore it is a success for the retrieval algorithm to minimize the
residuum between the retrieval spectrum and the signal down to 1K. A closer look at
the residuum (Figure 6.11) shows that the remaining error is below 0.2K for frequencies
above 300GHz. In general, frequencies dominated by oxygen absorption agree very well
in the spectral space. These are regions mainly driven by the temperature profile. The
differences in the final iteration start to look randomly distributed but are 2–3 times the
size of the assumed measurement noise. The results for lower frequencies look worse at
first sight. At frequencies around the 183GHz line, the residuum is over 0.6K. This is
due to the insufficiencies in the retrieval of the water vapor profile around the tropopause.
In general the retrieval solution is still good, keeping in mind the challenging atmosphere.
It was far off the a priori and had some unusual features, that proved themselves hard
to be retrieved. Therefore it is a success that the retrieval algorithm was capable of
finding solutions that both, followed the shape of the true profile and also stayed stable
during the whole iterative process. Moreover the differences in the retrieval seem to be
acceptable for most real applications. The temperature profile is showing differences of
around 2K in the lower 30 km, which is a good result. The water vapor retrieval is more
difficult to evaluate. For the lower troposphere the differences in log-space are below
0.2, which is sufficient, regarding the influence of the temperature retrieval. Around
15 km the error is over 1 (over 100%), but the absolute values in this altitude are of
several orders of magnitude lower than close to the surface. These regions nearly do not
affect the spectral signal at all, which makes them hard to retrieve, although they are
very interesting for atmospheric sciences.
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Figure 6.11: Residuum between the simulated measurement and the spectrum of the
retrieval result (Eresmaa).

6.3.3 Retrieval convergence

It is important to understand how a retrieval converges in different situations. This
information is mandatory for a retrieval in operational use as retrieval solutions have to
be found as fast as possible. Reasonable knowledge of convergence behavior is the key
to reduce the retrieval runtime. But it is also interesting from a pure scientific point
of view. To understand how fast a retrieval adjusts to specific atmospheric situations
allows to roughly estimate the sensitivity towards features that can be seen in the profile.
The change in the value of the cost function (Equation 6.1) can be used as a proxy for
the retrieval convergence. The closer the retrieved solution gets to the truth, the smaller
the change done in each iteration gets. Another possibility is to use the change of the
profile in state space. This solution seems more intuitive and robust, but one has to
define statistical quantities to evaluate the change of all retrieval quantities at all levels
using just one scalar. This would lead to further complexity in the retrieval.
The value of the cost function varies several orders of magnitude for different atmo-
spheres. To compare the convergence behavior it is necessary to normalize χ2. This is
done by dividing all values of the cost function by the value for the a priori state. Hereby
the value range is limited to be between 0 and 1. This makes the form of the decay for
different atmospheric situations comparable.
Figure 6.12 shows the value of χ2 during the iterative retrieval of different atmospheric
situations. Dashed lines mark the iterations where the convergence criterion is fulfilled
and further iterations are skipped. For most of the profiles the number of iterations
needed to find a converged solution is between 15 and 30 iterations. A significant
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Figure 6.12: Normalized cost function χ2 during several iterations for different atmo-
spheres. The retrieved atmospheres consist of three profiles with artificial sinusoidal
perturbations (2.5, 5 and 10 km wavelength) and two Eresmaa profiles (one close to the
“A Priori” and one vastly differing).

outlier is the synthetic profile with an artificial sine wave of 5 km period. It takes 99
iterations to fulfill the convergence criterion. The solution improves with each further
step. But this improvement is only visible in spectral space.

One way to prevent such long runs in operational use could be to limit the maximum
number of iterations even more. To finally address this problem one has to investigate if
the retrieval changes significantly in state space, or if further iterations are not needed
to retrieve profiles with the required accuracy.

Another relevant result is the form of the decay for different atmospheric profiles. Fig-
ure 6.12 shows that the decreasing rate during the first iterations varies a lot. The two
synthetic profiles with short sine waves have a strong decay in in the first few iterations.
This can be explained by the fact that these sine waves do not add much difference in
the measurement space (Figure 6.5). Even small retrieval steps during the first iterations
nearly disperse the spectral difference. This fits the fact that the Eresmaa profile which
is far off the a priori state has the slowest decay of all retrievals. It is completely off
in spectral space during the first iterations and therefore needs more time to develop
towards the true profile. All remaining retrievals lie between these extremes. They all
encourage the very intuitive idea, that a retrieval converges faster, if the a priori and the
true state are similar.
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6.4 Robustness of the retrieval

Although the settings for the retrieval setup were chosen thoughtfully, there is still a high
chance of inadequacies. The iterative retrieval algorithm is dependent on a lot of different
parameters and assumptions. Starting with the instrument design and the consequent
instrument characteristics, through to the assessment of known a priori information.
All assumptions concerning the instrument are error-prone, because of its conceptual
state. The final channel number, the channel frequencies and even the instrument noise
can be different for an actual prototype. These changes could lead to differences in
the retrieval performance. It is important to be sure about the possible consequences
to obtain confidence in the robustness of the results. Another important part of the
algorithm altogether is the a priori information. As described in Chapter 4 the goal of
the retrieval is to find a solution, that fits the measurement but agrees with an assumed
a priori knowledge. This knowledge and its presumed certainty have a strong influence
on the retrieval. To obtain confidence in the presented results, retrieval runs with a
slightly changed setup were performed.
At first the noise-equivalent temperature was altered. Two runs, one with double and one
with halved instrument noise were performed. Especially the run with increased noise was
important to ensure that the retrieval performance is stable, even if a future prototype is
more noisy than currently assumed. The results have not shown a significant difference to
the control run. A detailed presentation of the retrieval quantities is therefore omitted.
It seems like the sheer amount of channels offers robust information. So even with
a higher noise in each channel, the information gained from the measurement is still
decent.
In a second study the a priori covariance matrices were decreased and increased. The
expected behavior was a retrieval result, that sticks more or less to the chosen a priori
state. A decreased covariance had hardly any influence on the retrieval outcome. So
even when setting up a run with a high certainty in the a priori information, the retrieval
yields an unchanged solution. This, again, suggests that the information content of the
retrieval is stable and the results are robust. The more interesting result was found when
increasing the a priori covariance, which means less trust in the a priori. For the chosen
setup halving the values of the covariance matrix lead to exaggerating solutions in the
first iteration. To sum up, the chosen a priori covariance seems to express the a priori
knowledge in a reliable way. The retrieval is still free enough to develop towards the true
atmospheric state, but is kept from diverging.





Chapter 7

Conclusions and outlook

The goal of this thesis was to derive a concept for a hyperspectral microwave sensor
and to investigate its value for atmospheric science. The sensor is based on Kinetic
Inductance Detectors and could provide several thousand channels in the microwave
spectral range.
In a first study the instrument was compared to an idealized infrared instrument. The
infrared sensor is a modified version of IASI. An OEM retrieval based on state of the
art radiative transfer calculations using ARTS were used to compare basic performance
characteristics of both instruments. It has been shown that the sensor concept is capable
of achieving comparable results as the IASI-like instrument. Linear retrieval results have
shown vertical resolutions around 1000m for temperature and 1500m for water vapor
within the troposphere. In higher altitudes the resolution decreases, but the retrieval is
still sensitive.
To further investigate the performance during a real retrieval, a couple of test retrievals
were performed. KID is capable of resolving water vapor profiles with structures of
around 3–5 km vertical range. The simultaneous retrieval of several retrieval quantities
(water vapor, temperature, ozone) even works for extreme cases.
Summarizing, a hyperspectral microwave sensor based on KID technology would provide
a very useful tool for atmospheric science. High resolution profile retrievals could be
performed even in cloudy conditions. This is an improvement for climate sciences in
general. Atmospheric soundings with high vertical resolution in cloudy areas would be a
benefit for numerical weather prediction. The development of cyclones depends highly
on these conditions. The increased spatial coverage would be beneficial for climate
research as it could help to improve the knowledge on the global humidity distribution.
Currently these statistics are biased towards dry values, because clear-sky measurements
are overrepresented (John et al., 2011).
Nevertheless there are several open issues that require further investigation. One of the
most important ones is to examine the possible retrieval of cloud particles. Besides its
usage to retrieve water vapor and temperature profiles during cloudy conditions, the
future sensor could be used to retrieve quantities of the cloud itself (e.g. snow, ice
and liquid water content). In order to achieve this goal the radiative transfer has to be
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adapted to include clouds. ARTS is capable of doing this, so future studies could be
based on the work done during this thesis.
The reduction of frequencies is a necessary step to make retrieval calculations operable
in practice. This thesis showed, as a proof of concept, that it is possible to retrieve
reliable results even when only using 100 selected frequency channels. But those selected
frequencies have to be chosen in a more elaborate way, to be appropriate for a wide
range of atmospheric conditions. It has been shown that a selection based on only
one atmospheric profile is not robust. A statistical approach using a set of sample
atmospheres seems to be the best solution. The brute-force solution used in this thesis
has to be adapted.
It is necessary that further studies keep track of the latest developments regarding the
KID technology. Operating temperature, instrument noise and possible channel numbers
are essential for the instrument design. A close cooperation with scientists developing
this technology is mandatory.
Although these are a lot of issues to solve, all these tasks are manageable. The results of
this thesis are very promising and encourage the further scientific investigation of hyper-
spectral microwave sensors. If those studies lead to positive results and the technology
fulfills the required benchmarks, it seems possible to develop a prototype for airborne
missions within the next years.
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