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Closing spatiotemporal gaps in hydrometeor retrievals:
exploiting geostationary infrared observations via
probabilistic deep learning

ADRIA AMELL

Department of Environmental and Energy Sciences
Chalmers University of Technology

Abstract

Comprehensive characterization of clouds and precipitation is fundamental to
advancing our understanding of weather and climate systems. However, uncer-
tainties persist in key quantities such as the mass of frozen hydrometeors and
surface precipitation. Specialized spaceborne instruments provide high-quality
measurements, but their orbital characteristics restrict their spatiotemporal
sampling. Geostationary satellites, in contrast, offer continuous monitoring
over continental scales, yet they have historically been underexploited. Relying
solely on geostationary radiances, this thesis employs neural networks trained
against gold-standard satellite products to retrieve frozen hydrometeor masses,
cloud probabilities, and surface precipitation. Given the severely ill-posed
nature of this inversion problem, the networks output case-specific probabilistic
information targeting the irreducible uncertainty of these retrievals.

The appended papers challenge traditional paradigms by demonstrating the
value of infrared (IR) observations beyond cloud top properties. Results show
that retrievals of frozen hydrometeor masses using only thermal IR channels
closely align in performance with those incorporating all visible and IR channels.
This alignment overcomes the daytime-only limitation of existing physics-based
methods. Extending this approach, machine learning delivers skilful 2D and
3D retrievals of frozen hydrometeor masses and cloud probabilities from only
a single IR channel. This capability enables creating the Chalmers Cloud Ice
Climatology from multi-decadal records of globally harmonized geostationary
observations. Parallel to cloud properties, a multispectral IR-based retrieval
developed for Rain over Africa provides rainfall estimates that outperform
established products in accuracy, resolution, and latency.

These contributions unlock new applications for geostationary observations,
providing unprecedented spatial and temporal continuity of hydrometeor data.
The developed retrievals facilitate new insights into clouds, reduce observational
uncertainties, and help validate climate models. Moreover, they carry clear
societal value by allowing for timely estimates required for risk mitigation.
Efforts to leverage these new capabilities are already underway.
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Part 1

Introductory chapters






1 Introduction

Advances in machine learning (ML) are currently a key driver of progress
in remote sensing and geoscience. The wealth of observational datasets and
developments in computational systems have catalysed the exploration and
implementation of data-driven algorithms. It suffices to attend any conference,
engage in scientific discussions or follow remote sensing journals to notice
that ML serves not only as a powerful tool for statistical data processing but
also increasingly for learning, understanding, and extracting knowledge. This
paradigm shift in modern remote sensing is also the basis for this thesis.

Acquiring atmospheric information is one of the applications of remote
sensing. Clouds are an integral and dynamic part of the atmosphere. These sus-
pended masses of particulate matter play a crucial role in the Earth’s weather
and climate systems. Clouds are critical for the Earth’s radiation budget by
reflecting incoming sunlight, resulting in a cooling effect, and by retaining
outgoing heat radiated from the Earth’s surface, leading to a warming effect.
Therefore, changes in surface temperature are sensitive to the distribution of
clouds (Romano, 2020), including their shape, size, altitude, and concentra-
tions of hydrometeors—liquid water and ice particles. According to the Sixth
Assessment Report of the Intergovernmental Panel on Climate Change (2023),
‘the cloud feedback remains the largest contribution to overall uncertainty’ in
global warming.

Much of this uncertainty is caused by the presence of ice clouds, which
dominate the upper layers of the troposphere. Unlike the cooling effect of liquid
clouds at lower altitudes, changes in the concentration of cloud ice masses can
shift their radiative forcing, as thin ice clouds are relatively transparent to
the incoming radiation but are highly effective at trapping outgoing heat (e.g.,
Wallace and Hobbs, 2006). Furthermore, the latent heat released during the
formation of atmospheric ice fuels atmospheric circulation and intensifies storm
systems (e.g., Houze Jr., 2014). Moreover, precipitation often originates from
ice crystals that grow until they have a sufficient mass to leave the cloud (e.g.,
Lamb and Verlinde, 2011).

As a direct product of the cloud systems, falling hydrometeors, i.e. precipita-
tion, represent another essential atmospheric variable. Given their fundamental
importance for society and ecosystems, obtaining accurate estimates of surface
precipitation is a primary objective of atmospheric remote sensing, a necessity
for a robust risk management system. Ultimately, precipitation shapes the
availability of freshwater resources and food systems.
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Figure 1.1: Examples of hydrometeors, categorized into frozen and liquid forms,

ranging from pristine ice crystals and cloud droplets to large aggregates and raindrops.

Shapes and renders adapted from Ekelund et al. (2020, CC BY-SA 4.0). Positions
along the axis approximate particle sizes; not drawn to scale.

Hydrometeors

Regardless of the specific hydrometeor quantity of interest, remote sens-
ing relies on indirect measurements of electromagnetic radiation that must
be quantitatively inverted. This algorithmic process of mapping measured
radiances back to physical parameters, such as hydrometeor mass, is known as
a retrieval.

Satellites are indispensable for the remote sensing of clouds and precipitation:
only with retrievals from spaceborne observations can the limited spatial
coverage of ground-based instruments be overcome. Meteorological satellites
are particularly valuable for monitoring remote, mountainous, or oceanic
regions. Moreover, when observations from several missions are combined,
they can deliver continuous and near-real-time estimates across the globe.
Even a single geostationary satellite measures one side of the Earth within
minutes, providing observations suitable for resolving full diurnal cycles and
tracking atmospheric processes, a capability that a single platform in low
Earth orbit cannot achieve due to its intermittent sampling over any given
region. Nevertheless, spaceborne instruments face the inherent uncertainty
that characterizes atmospheric retrievals. This difficulty is intensified by the
broad variety of hydrometeor types and sizes, as illustrated in fig. 1.1.

1.1 Problem statement

Unsurprisingly, the scientific community has already addressed the challenge of
retrieving frozen hydrometeors, surface precipitation, and other cloud properties.
For geostationary observations, however, these efforts have been constrained by
the nature of the measurements themselves, limited to reflected sunlight and
thermal infrared radiances. Traditional retrieval approaches carry additional
shortcomings of their own, summarized in section 3.1.2 and further elaborated
in the appended papers.

Concerning cloud ice masses, the standard technique suffers from a major
drawback: it is restricted to daytime observations. This implies that about
half of the observations are not used and downstream analyses, such as diurnal
cycles, are incomplete. Furthermore, resolving the vertical distribution of cloud
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ice masses and cloud types has historically been deemed infeasible using only
geostationary radiances, as these measurements mainly capture the information
from the cloud top (section 2.1.1). Similarly, it has been widely assumed that
geostationary data alone is insufficient for an accurate description of surface
rainfall, necessitating the use of complementary data sources.

A further limitation exists in the way traditional methods quantify uncer-
tainty. Many existing algorithms rely on Gaussian assumptions. However, such
assumptions fail to capture the inherently skewed distributions and non-linear
relationships between cloud ice, precipitation, and observed radiances. Con-
sequently, the resulting error metrics often lack practical utility, highlighting
the need for retrieval methods that can provide a more physically consistent
description of the retrieval uncertainty.

1.2 Research objectives

The primary objective of this thesis is to enhance the retrieval of hydrometeor
masses from geostationary satellites. Their continuous observations spanning
multiple decades are uniquely suited to closing the spatiotemporal gaps that
limit our understanding of weather and climate systems. To achieve this,
the research departs from traditional physically-based inversions used in the
field, adopting a radically data-driven ML methodology. Deep artificial neural
networks (NNs) are trained to reproduce retrievals from specialized satellites
considered a gold standard. Although the training datasets contain microphys-
ical assumptions which are inherited, the algorithms developed in this thesis
make no such assumptions, relying instead on purely empirical relationships.

A key methodological choice is that only thermal infrared radiances are
selected as input to the models. Not only does this enable continuous retrievals
throughout the day, allowing for a consistent diurnal description of the quant-
ities, but it also leverages geostationary records of the 11 pm channel dating
back to 1980 (Knapp et al., 2011). The information supplied to the NNs is
chosen through exploration of the available geostationary data and the targets
at stake. The choices are guided by black-box experimental results rather than
physical models. The NNs used also vary in size and predefined capabilities,
for example, the ability to leverage spatial information. Furthermore, these
models integrate a probabilistic framework that provides retrieval uncertainty
estimates that are not constrained by Gaussian statistics. This enables the
deep learning (DL) models to generate probabilistic estimates suitable for
sophisticated downstream applications.

Regarding the targeted variables, the research focuses primarily on the
ice water path (IWP), i.e. the vertically-integrated atmospheric ice mass,
followed by instantaneous surface precipitation. Besides IWP and surface
precipitation, the research further challenges the traditional limitations of
infrared retrievals by estimating the ice water content (IWC), i.e. the vertically-
resolved IWP, alongside cloud cover and cloud types across different altitude
levels. Geographically, IWP and rainfall retrievals are first developed and
validated over Africa. Subsequently, retrievals of cloud ice and cloud types
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are developed, validated, and studied on a quasi-global domain for multiple
decades.

These objectives also set the limitations of this thesis. Exploring the
explainability of the NNs is not considered and, therefore, the retrievals are
simply treated as the output of a black-box. Although different NNs have been
used, no exhaustive survey is conducted to find an optimal architecture; it can
be argued that such an optimization would consume plenty of resources for
slight improvements. The lack of suitable probabilistic reference data hinders
the validation of retrieval uncertainties. Therefore, the probabilistic nature of
the retrievals is limited to the evaluation of the internal consistency with the
training data, in the sense of comparing the distribution of random samples with
the training data distribution. The use of infrared radiances as input constrains
the retrieval skill primarily to cloud top properties (section 2.1.2.1), making
them well-suited for studying, e.g., feedbacks from high clouds. Nevertheless,
this input choice also limits the vertical sensitivity of the retrievals, which
remain inherently more uncertain and dependent on the training statistics.
Finally, the research in this thesis does not address the forecasting of future
scenarios at any scale, remaining strictly constrained to the inversion of the
input data.

Overall, this thesis work provides a more comprehensive picture of frozen
hydrometeor masses and cloud systems, together with more accurate and timely
rainfall estimates. The retrievals implemented offer new information on the
distribution and evolution of clouds, facilitating a better understanding of the
changing climate and its repercussions on human activity. Furthermore, such
datasets help support disaster risk management. A final core objective of this
thesis is, therefore, to provide highly accessible datasets generated with the
developed retrieval algorithms.

1.3 Organization of the thesis

This work is structured as a compilation thesis, comprising seven introductory
chapters that provide context for the five appended papers. The papers are
either published or under review at the time of writing the thesis. These
introductory chapters also acknowledge aspects only briefly covered in the
papers and offer broader context on the machine learning principles at the
focus of this thesis. Chapter 1 through 4 establish the scientific background
and research framework. Main contributions of the papers are summarized in
chapter 5,! while chapter 6 is dedicated to summarizing specific applications
that either directly result from this research or where this thesis work played a
significant role. Finally, chapter 7 provides an outlook on potential research
directions.

1A detailed statement of the individual contributions of the author of the thesis to the
appended papers can be found in the summary of contributions on page viii.



2 Spaceborne systems for
retrievals of hydrometeors

2.1 Scientific context

A basic understanding of the governing physics of the atmosphere is essential
for recognizing the possibilities and limitations of remote sensing systems.
Similarly, a general notion of what is theoretically possible allows us to judge
the performance of retrievals constructed with machine learning and set realistic
expectations for the results. The appended papers focus on exploiting infrared
measurements in the 6.2 pm to 13.4 pm range as input. However, the training
targets consist of established microwave-derived data products. This section
therefore provides an overview of the physical constraints governing both the
input and reference data, which also motivate the rationale behind previous
approaches. The following summary is based on standard textbooks, such as
Rees (2012) or Wallace and Hobbs (2006).

2.1.1 Radiation physics

2.1.1.1 The electromagnetic spectrum

The electromagnetic spectrum is divided into ranges based on the wavelength
A or, equivalently, the frequency of its waves. The ranges are defined by
practical applications. The specific thresholds used to limit each range can
vary depending on the application or source.

Our eyes are sensitive to the A = 400 nm to 700 nm range, the visible region.
Wavelengths shorter than the optical region consist of ultraviolet radiation, X-
rays, and gamma radiation. The longest waves of the electromagnetic spectrum
are radio waves with A\ > 1m. Microwaves (MWs) are short radio waves
of A = 1mm to 1m. Radio and MWs are usually defined in terms of their
frequency f instead of the wavelength. As a result, they can be defined by
f <300 MHz to 300 GHz, respectively. The remaining region is the infrared (IR)
region, covering 700 nm to 1 mm.

These ranges of the electromagnetic spectrum can be further subdivided.
For instance, MWs used in radar applications are often designated by letters.
Similarly, the IR can be divided into near, thermal, and far IR, with the
latter acting as the bridge until the MW domain. Furthermore, instruments

7
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measuring radiation are usually characterized by their spectral channels or
bands, which refer to specific, discrete intervals of the electromagnetic spectrum
that the sensor is designed to detect.

2.1.1.2 Intuitively interpreting thermal radiation

Any physical body with a temperature above 0 K emits electromagnetic waves,
i.e. radiation. Its radiance is the quantity that describes the radiation strength
per area and solid angle. Because objects in nature generally emit over a
range of wavelengths, the spectral radiance Ly (Wm ™ 2sr~! pm™1!) defines the
variation of the radiance as a function of wavelength. When an object absorbs
all incident radiation it is called a black-body; at thermodynamic equilibrium,
the radiation it emits is known as black-body radiation.

In the early twentieth century, Max Planck derived the relationship between
a black-body at temperature T and the spectral radiance, given by

2hc?

A5 [exp (A,?; ) — 1]
where h is the Planck constant, kp the Boltzmann constant, and ¢ the speed of
light. From this spectral radiance, other radiometric quantities can be derived.
In particular, by integrating L) over all directions from which radiation is
received, we obtain the spectral irradiance F, which reveals how the energy of
the source is distributed across wavelengths. Integrating E'\ over all wavelengths
yields the total irradiance; the fraction within a given spectral interval follows
from the ratio of the interval’s integral to this total.

Not all objects perfectly absorb and emit radiation and, thus, are not
black-bodies. To relate the radiance measured by a sensor to the physical
state of a body, the emissivity £(\) € [0, 1] describes how efficiently the body
emits compared to a black-body at the same temperature. The brightness
temperature Tz is then defined as the physical temperature a black-body would
need to have to emit the same radiance as that observed; it is obtained by
inverting Planck’s law for the measured radiance. This conversion enables
translating radiometric data into a more intuitive physical quantity that relates
to the thermal state of the object, particularly when handling measurements
across various wavelengths.

Ly = (2.1)

2.1.1.3 Molecular absorption

Electromagnetic waves travelling through a medium can interact with the
elements that constitute it. As a consequence, the radiation experiences at-
tenuation through absorption and scattering processes. In turn, the medium
also emits radiation, as explained in section 2.1.1.5. The electromagnetic
waves carry energy that is directly proportional to their frequency. When this
energy matches one of the internal energy levels of a molecule, radiation can
be absorbed.

There are three main absorption mechanisms. The higher energy radiation
promotes electrons to higher orbitals. Infrared waves are not strong enough to
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Figure 2.1: Schematic representation of the Earth’s atmospheric transmissivity
under clear-sky conditions. The diagram qualitatively illustrates regions of high
transparency, such as the visible spectrum and the thermal IR window centred
near 11 pm, as well as generally opaque regions, such as the IR wavelengths above
20 um. The scattering and absorption curves are merely indicative. Adapted from
Atmospheric window at Wikimedia Commons (public domain).

produce such electronic transitions, but they can make the molecular bonds
between atoms vibrate, similar to a spring attaching two masses. Microwaves,
which have less energy, cause rotations as molecules with an asymmetric
distribution of their electric charge try to align with the travelling wave.
Combinations of these mechanisms can also happen simultaneously, i.e. a
molecule can rotate and vibrate at the same time.

Molecules have discrete energy levels. Combined with their unique structure
and composition, molecules can be characterized by their absorption lines, which
are akin to a molecular fingerprint. However, a given absorption process does
not take place at a single, infinitesimal frequency. Instead, the absorption
frequency experiences a phenomenon known as line broadening. While generally
negligible for spaceborne remote sensing, the Heisenberg uncertainty principle
already imposes a minimum line width. More relevant for atmospheric remote
sensing are two other sources of line broadening.

Because of their thermal energy, molecules are moving. When the molecules
move towards the sensor, the absorption appears at a higher frequency from
the perspective of the sensor. Similarly, when the molecules move away from
the sensor, the received frequency is lower. Molecules in the atmosphere will
move in random directions, thus the sensor receives a range of slightly shifted
frequencies, centred at the absorption line.

Another important line broadening mechanism is pressure broadening. In
the atmosphere, molecules are constantly colliding with other molecules. These
collisions shorten the lifetime of the involved energy states and, by the uncer-
tainty principle, increase the uncertainty in the energy of the transition. This
results in a widening of the absorption line, particularly in the dense lower
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atmosphere.

The gases that constitute our atmosphere significantly attenuate radiation
across a wide range of wavelengths. For instance, the upper levels of our
atmosphere absorb the higher frequency—dangerous—incident radiation from
space, the ozone layer significantly reduces the ultraviolet radiation, and water
vapour absorbs most of the IR wavelengths. Ranges that are not blocked by the
atmosphere are called atmospheric windows. For example, between A = 8 pm
and 15 pm, water vapour and other gases poorly absorb radiation, constituting
an IR atmospheric window, as shown in fig. 2.1. The optical window is perhaps
the most evident example, as our eyes take advantage of the high atmospheric
transparency in this range. The MW region generally lacks gas attenuation
and, thus, it plays an important role in remote sensing.

2.1.1.4 Particle attenuation

Scattering, the other attenuation process, deflects electromagnetic waves
through their interaction with particles. The combined effects of absorption
and scattering are also referred to as extinction in this context. To describe
how much radiation is attenuated as it traverses a medium, the term optical
thickness (also called optical depth) is used; optical thickness 7 > 0 is defined
as the logarithm of the fraction of incident to transmitted radiant power.

The morphology of the particles and the particle size distribution, among
other factors, determine the severity of scattering effects. Complex particle
shapes, such as aggregates of ice crystals, lack a simple analytical description
of the scattering efficiency. However, for spherical particles of radius r, the
problem can sometimes be analysed in terms of the size parameter x = 271 /.
Therefore, x is instructive to characterize the scattering regime.

Particles with @ < 1 are relatively inefficient at scattering radiation. Con-
sequently, MW and IR scattering due to gaseous compounds is negligible. The
situation is different for larger particles, such as aerosols or hydrometeors,
where x approaches or exceeds unity, and scattering becomes a significant
factor. This sensitivity to the size parameter is exploited by remote sensing
instruments: MWs can penetrate thick clouds that are opaque to IR radiation,
as the lower x values in the MW range result in significantly reduced scatter-
ing. Furthermore, the complex, asymmetric geometry of frozen hydrometeors
implies that radiation is scattered differently depending on its polarization.
This characteristic can be exploited to gain insights not only into the particle
orientation, but also into its phase: spherical liquid droplets exhibit an isotropic
signature, whereas the non-spherical geometry of mixed-phase and ice particles
produces a distinctly anisotropic response.

2.1.1.5 Emission

To measure the atmosphere from space, we require a physical body to emit
radiation. Both the Earth and the Sun emit electromagnetic radiation, though
neither is a perfect black-body. However, the spectral radiance at the surface of
the Earth approximately follows Planck’s law, after scaling with the emissivity
and using appropriate temperature values. As seen from space, the effective
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Wavelength range Region Fraction of total irradiance

5772 K 255 K

10nm to 400nm  Ultraviolet 12.2% 0.0000 %
400 nm to 700 nm Visible 36.6 % 0.0000 %
700nm to 1 mm Infrared 51.2% 99.9991 %
lmmtolm Microwave 0.0% 0.0009 %
>3.9pm 1.1% 99.9522 %

>6.2 pm 0.3% 98.0679 %

Table 2.1: Fractional irradiances for black-bodies at the effective temperatures of
the Sun and the Earth, computed following section 2.1.1.2.

temperatures (the temperature a black-body would need to have to emit the
same total amount of radiated power) of the Sun and the Earth are, respectively,
5772K and 255 K. While the actual numbers are more complicated due to
the presence of the atmosphere, table 2.1 serves to illustrate how each source
can contribute to the radiation observed from a satellite observing the Earth:
the Sun irradiates most strongly in the visible and the shorter IR wavelengths,
while radiation from the Earth takes place in the IR, with a residual percentage
in the MW region.

Remote sensing instruments measuring in the IR can be conditioned on
the presence of sunlight. Particularly for shortwave IR radiation, e.g., 1.6 pm,
measured IR radiances originate from the reflection of solar radiances on the
Earth. For this reason, this type of radiation can also be referred to as reflected
IR, whereas thermal IR (TIR) describes the radiation that does not depend on
the sunlight. As with the divisions of the electromagnetic spectrum, the exact
boundaries between reflected and thermal IR radiation are not universal. The
3.9 um wavelength, a channel measured by satellites used in this thesis, is at the
transition between reflected and thermal IR, implying different information for
day and night conditions. For this reason, this thesis does not include 3.9 pm or
shorter wavelengths in the TIR and considers only wavelengths with negligible
solar contamination as TIR, which for the data used implies wavelengths of
at least 6.2 pm.

2.1.2 Wavelength selection

The opacity of the atmosphere generally restricts the wavelengths suitable for
remote sensing, though this limitation can also be turned into an advantage.
For instance, emissions from the surface of the Earth are largely blocked
at 6.2um (fig. 2.1), as this wavelength falls within a strong absorption band.
Consequently, spaceborne sensors measuring at this wavelength primarily detect
the thermal emission from higher altitudes, specifically from water vapour, thus
enabling the monitoring of atmospheric moisture levels. Similarly, wavelengths
that are transmitted through the gaseous atmosphere but are attenuated by
hydrometeors are essential for retrieving cloud and precipitation properties.
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2.1.2.1 IR versus MW

Both IR and MW radiation interact with hydrometeors, but they do so through
different physical mechanisms and magnitudes. On the one hand, the liquid
water and ice particles will absorb IR radiation that matches their molecular
vibrational modes. On the other hand, because hydrometeors are about the
same size or larger than IR wavelengths, scattering cannot be neglected, and its
strength inevitably depends on the particle size and geometry. The combination
of strong absorption and scattering makes hydrometeors highly opaque in the
IR. Spaceborne instruments measuring in this spectral range therefore mainly
receive radiation emitted from the cloud top.

The hydrometeor MW attenuation is significantly weaker than in the IR
region. Concerning frozen hydrometeors, molecules are fixed in a lattice where
they cannot freely rotate. As a result, ice crystals absorb little MW radiation
(cf. section 2.1.1.3). In the case of liquid water, water molecules collide with
each other as they try to rotate, absorbing some MW energy. Furthermore,
the longer wavelengths of MWs render scattering highly inefficient for small
hydrometeors, as the particles are small relative to such radiation wavelengths.
As a consequence, the low absorption and inefficient scattering allows MWs
to easily penetrate thick cloud layers. However, larger hydrometeors become
more effective scatterers. By targeting specific frequencies, MW retrievals can
thus provide vertical profiles of hydrometeor distributions.

The selection of MW frequencies is, therefore, a strategic compromise
between the sensitivity to specific particles and the attenuation of the sig-
nal by particles of another kind. As an example, 94 GHz (3.19mm) has
been established as a frequency to quantify cloud ice from spaceborne radars,
due to the sensitivity of ice particles to this frequency. The frequencies of
35.55 GHz (8.43mm) and 13.6 GHz (22.04 mm), for their part, are better suited
for precipitation retrievals. At these frequencies, a radar signal can better
penetrate the overlying cloud ice to reach the larger hydrometeors associated
with precipitation.

Surface emissivity also behaves differently between IR, and MW. In the
IR, e()) is close to 1 for most of the Earth’s surface, though it decreases over
desert areas (e.g., Zhou et al., 2011). This implies that the background IR
signal is dominated by the physical temperature of the surface. In contrast,
MW emissivity is more complicated. This complexity arises partly because
the MW region spans a wider range of frequencies than the IR, over which
emissivity varies significantly. In addition, MW emissivity is highly sensitive
not only to the surface type but also to the polarization of the wave (e.g.,
Prigent et al., 2006). Over ocean, the low but uniform MW emissivity results in
a radiometrically cold background as measured from space. Over land, however,
the high variability of MW emissivity makes it difficult to separate the surface
background signal from cloud signals, complicating MW retrievals. Addressing
these challenges in the MW requires accurate modelling of the surface emissivity
or the use of multiple spectral channels to disentangle cloud properties from the
surface contribution. As evidenced in paper V, if this background emissivity
is not handled correctly, retrievals that theoretically benefit from MWs can



2.1. SCIENTIFIC CONTEXT 13

actually underperform in practice.

To summarize, the traditional choice between IR and MW sensing is dictated
by the desired depth of the observation subject to modelling constraints.
Infrared sensors provide a precise characterization of the cloud top environment
due to the strong IR attenuation, which enables the detection of tenuous
clouds. Conversely, MWs inherently enable a better description of the vertical
distribution of hydrometeors.

2.1.2.2 Angular resolution

The diffraction of electromagnetic waves limits the maximum spatial detail an
instrument can resolve, known as the diffraction limit. Assuming a circular
aperture, the angular resolution 6 is defined by

. A
sinf ~ 1.22D (2.2)
where D is the diameter of the aperture sensitive to the radiation, which can
be approximated by the size of the antenna receiving the radiation. Because
the angles 0 are typically small in satellite remote sensing, eq. (2.2) is often
expressed with the small-angle approximation, sin 6 = 6.

Equation (2.2) quickly reveals that larger wavelengths A, such as MWs,
will result in worse angular resolutions than IR for the same antenna size D.
Moreover, the angular resolution is directly related to the ground footprint,
that is, the spatial resolution on the Earth’s surface resolved by the sensor,
with

d~0H (2.3)

where H is the altitude of the satellite. While MWs can be advantageous
for vertically resolving the atmosphere, their poor resolution compared to IR
limit their use. As an example, if we require a ground footprint of 3 km with
a 94 GHz MW from a satellite orbiting at H = 35786km (the altitude of
geostationary satellites, see section 2.4.3), eq. (2.3) suggest an antenna size
of 46 m—roughly the height of a 13-floor residential building. In contrast, we
obtain an antenna size of only 16 cm for an IR wavelength of 11 pm, which is
significantly more feasible to integrate into a satellite payload.

2.1.3 Passive and active remote sensing

The most natural way of measuring hydrometeors is to use a passive system.
When we look at the sky and observe a cloud, our eyes act as passive instruments,
detecting reflected visible radiation. In a similar manner, we can build passive
sensors to measure the electromagnetic spectrum reflected by the Sun or emitted
by the Earth’s surface and atmosphere. Alternatively, we can employ active
instruments, which generate their own signals and measure the portion of the
energy returned after interacting with a target. This is the case of radars (radio
detection and ranging) and lidars (light detection and ranging), which measure
the backscattered radiation.
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The power requirements for generating electromagnetic signals limit act-
ive instruments to a few specialized channels. In contrast, passive systems
can easily incorporate a wide range of spectral bands. This energy efficiency,
combined with broader scanning geometries, enable passive sensors to provide
measurements over larger areas. However, since radars and lidars measure the
time of flight—the duration for a signal to return to the sensor—active instru-
ments provide a more direct and precise determination of the vertical altitude
from which a signal originates. For this reason, active remote sensing is often
considered the gold standard for vertical characterization of the atmosphere.

While passive remote sensing instruments can be used alone for estimating
the state of the atmosphere at synoptic scales, retrievals designed to exploit
synergies between active and passive instruments outperform those based on
either alone. For example, the precipitation training labels used in paper V
originate from a data product that combines radar and 13-channel MW ra-
diometer data. In this specific case, the radar mitigates the ambiguity inherent
in the passive signal by providing explicit vertical constraints necessary to
reduce uncertainties in the retrieval. The radiometer, in turn, contributes its
multiple frequencies and polarized channels to constrain the retrieval. Fur-
thermore, the radiometer provides independent estimates of the total vertical
attenuation and helps constrain the near-surface clutter zone, a region where
surface backscatter makes radar measurements unreliable. This synergistic
information enables disentangling whether the signal comes from suspended
liquid or ice particles, collections of small droplets, or large raindrops: polarized
signals are sensitive to particle shape, while the multi-frequency information
captures size-dependent scattering characteristics.

2.1.4 A note on the definition of clouds and precipitation

Clouds are systematically identified and categorized, generally following a
grouping based on their altitude and physical form as shown in fig. 2.2. For in-
stance, cirrus clouds are at high altitudes and are essentially ice clouds, whereas
cumulus are close to the surface and primarily composed of liquid particles.
Despite this established cloud nomenclature, there is no clear definition
of what a cloud is. Spankuch et al. (2022) have highlighted differences in the
definition of clouds, including differences based on the different disciplines
in atmospheric science, such as remote sensing or numerical modelling. For
instance, the American Meteorological Society defines clouds as visible objects,
while the World Meteorological Organization uses the broader term ‘perceivable’.
The perceivable threshold is generally chosen to be a visible optical thickness
of 7 > 0.3, a limit that excludes groups of subvisible, high-altitude ice masses
as clouds. Furthermore, Koren et al. (2008) demonstrate that the transition
between a cloud and a cloud-free atmosphere is not a sharp boundary; a
significant fraction of cloud mass often falls below the spatial resolution of
modern sensors. Thus, cloud properties such as cloud cover—the fraction of
cloud contained in a grid cell of the retrieval—are inherently dependent on
the resolution. In addition, the actual radiative signature of a cloud can fall
below the sensitivity threshold of the measuring instrument or the retrieval
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Figure 2.2: The cloud genera used in papers II and IV (therein, the term deep
convection is used instead of cumulonimbus). The boundary layer is the lowermost
atmospheric layer, which rapidly responds to surface fluxes of heat, moisture, or wind
in timescales of an hour or less. Adapted from Cloud types at Wikimedia Commons
(original by Valentin de Bruyn, CC BY-SA 3.0).

algorithm; differences in this threshold are evidenced in paper IV.

In any case, clouds and precipitation are not uniform blocks of hydrometeors
but rather consist of distributions of such. Consequently, retrievals that model
their radiative properties require making microphysical assumptions, such as
the particle size distribution, shape, and phase (liquid, ice or mixed). This also
holds for retrievals based on empirical relationships, such as the ones used in
this thesis. However, in this case, the assumptions are not explicit but rather
inherited from the training labels.

Beyond microphysical properties, the vertical distribution of hydrometeors
is a critical factor in determining the observed radiative signal. For frozen water,
this is characterized by the ice water content (IWC), which represents the mass
of ice per unit volume at a specific atmospheric level, and is a quantity targeted
in paper II. Integrating this quantity over the entire vertical column yields the
ice water path (IWP), a quantity that is the primary target of paper I, but also
of papers II and III. How the frozen hydrometeors are vertically distributed
can also be summarized with column quantities, such as the mean mass height
used in paper 1.

As with clouds, the definition of IWP is not universal. Depending on the
field of application, IWP will only account for the relatively small ice crystals
inside clouds. In this way, frozen precipitation, such as snow or hail, is not
included in IWP. Nevertheless, this thesis takes a pragmatic approach when
retrieving the cloud properties, with IWP representing any frozen hydrometeor
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throughout the vertical column in papers I to III. This also motivated using
the term total IWP (TIWP) instead of IWP in papers II and III, although
other authors also employ the term frozen water path. A pragmatic approach
is also employed in paper V when referring to precipitation; the term is used
as a synonym for surface precipitation.!

2.2 The critical role of satellites

Localized rainfall can be directly quantified with rain gauges. However, such
in-situ measurements suffer from limited spatial representativeness and geo-
graphical coverage. In fact, Kidd et al. (2017) estimated that less than half of
a football field would be covered by combining all rain gauges from the Global
Precipitation Climatology Project (GPCP; e.g., Gruber et al., 2007), which
provides the basis for further precipitation datasets. The actual coverage of in-
situ measurements is likely higher when accounting for rain gauges not included
in international datasets, such as those maintained by commercial or private
entities. Nonetheless, the characteristics of these measurements do not resolve
the issue of global coverage, as they are unevenly distributed and only sparsely
available over land. Moreover, maintaining a rain gauge network presents
a variety of challenges, including consistent calibration across instruments,
accounting for various systematic measurement biases, guaranteeing reliable
reporting from the different sources, and achieving the low latency and high
temporal resolution required to support decision-making. While rain gauges
remain the most accurate and representative way to estimate precipitation at
a local scale, more is needed to better describe precipitation at larger scales.
Consequently, for routinely covering regional scales we need to turn to
remote sensing. Ground-based weather radars offer the best spatiotemporal
resolution. However, a dense network is needed to cover large areas with
sufficient precision. Similar to the rain gauges, ground-based weather radars are
not evenly distributed over the globe, as illustrated in fig. 2.3. Moreover, ground-
based radars can be obstructed in urban environments or by mountains, and
lack the ocean coverage necessary to fully characterize the hydrological cycle.
Therefore, ground-based instruments alone are insufficient. Satellites are
the only way to cover remote, mountainous, or oceanic regions inaccessible to
ground-based networks. Although spaceborne data also requires calibration and
distribution, even a single satellite can routinely observe at large scales with
sufficient spatial and temporal resolution to address a multitude of questions.

2.3 Satellite orbits

Satellite orbits can be classified, among others, based on their altitude or func-
tion. Most scientific and meteorological satellites complete one orbit around the

IThe term refers to precipitation above the ground clutter of the reference data, not strictly
at the surface. Because of the area covered in paper V, this precipitation is predominantly rain.
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Figure 2.3: Coverage of ground-based operational weather radars in May 2025,
assuming a range of 200km for each radar. Data from the World Meteorological
Organization radar database. Figure inspired by Saltikoff et al. (2019).

globe in ~100 min. This is possible by orbiting at an altitude of ~800km. Such
satellites are in low Earth orbit (LEO), which spans up to an altitude of 2000 km.

Moreover, most scientific and meteorological satellites are also placed in
a sun-synchronous orbit. This orbit is characterized by an inclination angle
beyond 90°, usually around ~98°, enabling a global coverage; consequently,
in this context, they are often referred to as (nearly) polar orbit satellites.
While the sun-synchronous orbits used by such satellites have an orbital period
of ~100 min, their revisit period—the time between two observations of the
same point—is usually larger than that. The characteristic of this orbit is
that the satellite maintains the same relationship with the Sun throughout one
revolution, i.e. the satellite passes any point on the globe in the same direction
at the same mean local solar time. Consequently, they are often defined by
their equatorial crossing time in the ascent or descent of the orbit. The primary
limitation of these types of orbits is that they do not allow for resolving the
diurnal cycle. Nonetheless, the temporal consistency of these orbits allows for a
direct comparison of seasonal data over multiple years without the interference
of varying solar conditions, such as the solar zenith angle.

In contrast, the non-sun-synchronous orbit is also important. At an in-
clination of, for example, ~65°, satellites on this orbit provide observations
that drift in local solar time over several weeks. Given a sufficiently long
record, non-sun-synchronous satellites sample the diurnal cycle of any point
within their latitudinal range. Although such missions are rare, this unique
characteristic is essential for understanding the temporal variability of the
atmosphere measured from LEO platforms.

The geostationary orbit (GEO) is another type of orbit. At an inclination
of 0° and an altitude of ~35786km over the equator, geostationary satellites
maintain a fixed position relative to the Earth, appearing static when viewed
from the ground. In this case, the revisit period is determined by the scan-
ning mechanism of the instrument rather than by orbital constraints. For
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(a) Meteosat 2nd Gen. (b) CloudSat (¢) GPM-CO

Figure 2.4: Artist’s renderings of satellites employed in this thesis (not to scale).
Image credit: (©) EUMETSAT (a), NASA (b and c).

instance, the geostationary satellites used in papers I and V scan one side of the
Earth every 15 min. Consequently, geostationary satellites allow continuously
monitoring the same locations throughout the day.

A substantial limitation of the geostationary orbit is which region of the
electromagnetic spectrum is feasible to measure. As shown in section 2.1.2.2,
MW remote sensing necessitates significantly larger apertures to resolve the
signal than those measuring in the IR to achieve the same ground resolution.
Designs for synthetic aperture radiometers have been proposed to circumvent
the aperture size required for geostationary MW observations (e.g., Lambrigtsen
et al., 2022). However, no such instrument has yet been deployed, and MW
measurements currently require LEO satellites.

All these orbits are complementary for several reasons. It is only LEO plat-
forms that can have MW instruments, thanks to their lower altitude. Although
constellations of sun-synchronous satellites can provide global coverage, they
are temporally limited and have a constrained field of view, i.e. they can see
only a small portion of the surface at any given time. Therefore, even such
constellations face long revisit times, which in turn are a function of latitude,
with a minimum at the poles where the orbits converge. The continuous
monitoring from geostationary satellites can fill the gaps between LEO obser-
vations, depending on the application. In addition, non-sun-synchronous orbits
enable collocating the paths of sun-synchronous satellites for, e.g., calibration.
Collectively, a constellation of geostationary satellites can cover the Earth in
longitude, a concept known as the ‘geo-ring’. However, because geostationary
satellites cannot observe the highest latitudes, this configuration still requires
polar orbiting satellites for global coverage.

2.4 Satellite data for this thesis

All appended papers employ geostationary radiances as the input to the neural
networks. For their training, however, high-quality data derived from specialized
active sensors serve as the target labels. Table 2.2 lists all satellites used in
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Satellite Orbit Time span® Instruments In paper
Dataset

Meteosat GEOQO, at 0°
2nd Gen.  (81°W-81°E)
Level 1.5 image data

GEO
(180°W-180°E)

2002—Present  VIS+IR imager I,V

Geo-ring 1980-Present® VIS+IR imagers II-1V

GridSat, CPCIR

CloudSat . Radar (94 GHz)
CALIPSO Sun—sync. 2006—2023°¢ e -1V
DARDAR-CLOUD,

2C-ICE, 2B-CLDCLASS[-LIDAR]

Radar and
GPM-CO Non-sun-sync. 2014-Present MW radiometer A%

GPM 2BCMB, IMERG4

2 The range indicates only the period observed by the satellite, not necessarily the interval
used in the papers. P There is no global coverage in 1980, see Knapp et al. (2011).

¢ CloudSat operations were interrupted in April 2011 after the battery anomaly. The radar
remained offline until October 2011, when daylight-only operations began.

4 The IMERG dataset merges observations from the GPM constellation, not only from
GPM-CO. Additionally, it does not leverage the DPR from GPM-CO.

Table 2.2: Main satellites and observational datasets employed in this thesis. Three
of the platforms are depicted in fig. 2.4.

this thesis together with their principal characteristics and the associated data
products, whereas the subsequent sections provide a more detailed description
of the scientific context and technical specifications of each satellite.

Using a scenario of clouds and precipitation as an example, fig. 2.5 illus-
trates both the capabilities and inherent challenges of the various data products
employed in this work. As elaborated in section 2.1, IR signals are primarily
sensitive to the cloud top, with lidar retrievals providing a precise detection of
these upper boundaries. In contrast, radar signals penetrate thick clouds, inter-
acting differently with the internal cloud structure based on their wavelength.
Furthermore, the figure highlights the significant influence of the surface on
the MW measurements, as opposed to the IR signal.

2.4.1 The CloudSat-CALIPSO tandem: profiling of clouds

CloudSat (Stephens et al., 2002) and CALIPSO (Winker et al., 2003), both now
decommissioned, were launched together in 2006. They joined the afternoon
constellation (Schoeberl, 2002), often abbreviated to “A-Train”, a series of
sun-synchronous satellites with a nominal ascending crossing equatorial time of
13:30. The A-Train offered an unprecedented opportunity to make atmospheric
cloud observations on a global level. CloudSat was equipped with the Cloud
Profiling Radar (CPR), a nadir-looking radar with a tilt of 0.16° (Tanelli et al.,
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Figure 2.5: Collocated observations of a cloud scene from the 2B-CSATGPM
CloudSat-GPM coincidence dataset (Turk et al., 2021). White indicates missing or
invalid data. MODIS, also flying in the A-Train, is used here as a proxy for SEVIRI,
as the scene falls outside its field of view. The MW channels show a clear dependency
on surface type, whereas IR channels are largely insensitive to it. The scene was
acquired on 2014-06-09 around 04:00 UTC over Japan.

2008). CALIPSO, in turn, carried the Cloud-Aerosol Lidar with Orthogonal
Polarization (CALIOP), a nadir-looking lidar tilted at 3° (initially 0.3°, Hunt
et al., 2009). These slight tilts improved the quality of the measurements
by preventing the sensors from being saturated by specular reflection, i.e.
mirror-like reflections from the surface or flat ice crystals.

The CPR provided cloud and precipitation information at a 500 m vertical
resolution. Its frequency of 94 GHz represents an optimum compromise between
cloud reflectivity and atmospheric attenuation, enabling the CPR to measure
the vertical structure of clouds. With a sensitivity of almost —30dBZ,? the

2dBZ is the radar reflectivity factor Z [mm® m—3] on a relative logarithmic scale.
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radar can profile most of the clouds affecting the radiation budget. Shallow
boundary layer clouds (fig. 2.2) and cirrus clouds are two of the cloud types
that CloudSat’s instrument struggled to detect for different reasons. While
the small water particles from low-level clouds can return signals weaker than
the CPR’s sensitivity, the low density of thin cirrus layers can give a lack of
backscattered energy to the CPR. This underscores the need for additional
measurements available from its companion satellite.

CALIPSO was designed to fly in close proximity to CloudSat. With CALIOP,
it compensated for CloudSat’s lack of sensitivity to thin cirrus clouds. The
532nm and 1064 nm wavelengths of CALIOP are more than 3000 times smaller
than the size of a 94 GHz CPR wave. These shorter wavelengths are more
adequate for detecting low concentrations found in tenuous cirrus clouds or
the small particles from the water clouds at low altitudes, as well as for
distinguishing between large and small particles. However, the lidar signal is
heavily attenuated in dense clouds compared to the radar signal.

The CALIOP lidar also accurately determined the cloud phase, via the
ratio of its two orthogonal channels; the non-sphericity of frozen hydrometeors
alters the polarization. CALIOP additionally provided finer horizontal and
vertical resolutions than the CPR. While data above 8.2 km was averaged before
downlink to reduce the bandwidth, CALIOP achieved a vertical resolution
down to 30m at the surface. Compared to the 500 m resolution of CPR, the
lidar provided greater spatial discrimination near the ground, enabling the
detection of cloud particles that would be indistinguishable from the Earth’s
surface from the radar echo.

Consequently, the specialized active instrumentation of CloudSat and
CALIPSO established a synergy in the sense that vertical cloud properties
missed by CPR, particularly the shallow lower boundary clouds and the subvis-
ible cirrus, were captured by CALIOP. Thus, their combined retrievals provide
a more complete description of the atmosphere. Readily available synergistic
products include 2C-ICE (Deng et al., 2010, 2013, 2015) and 2B-CLDCLASS-
LIDAR (Sassen et al., 2008) from the CloudSat Data Processing Center (Co-
operative Institute for Research in the Atmosphere, Colorado State University,
USA), or DARDAR-CLOUD (Delanoé and Hogan, 2010; Ceccaldi et al., 2013;
Cazenave et al., 2019) from the AERIS/ICARE Data and Services Center
(University of Lille, France), employing different microphysical assumptions.

Synergistic retrievals from CloudSat and CALIPSO have been the gold
standard for global cloud profiling, have updated the interpretation of radi-
ance observations, and have provided new insights and understanding of cloud
processes (Stephens et al., 2018). However, these retrievals have three char-
acteristics that limit the study of cloud distributions on a global scale: their
spatial sampling, their sun-synchronous orbit, and their temporal coverage.

Being nadir-only profiling instruments, CPR and CALIOP traced a single,
narrow line when projected on the ground. The cross-track effective field of
view of CloudSat was approximately 1.4km, which was also its cross-track
coverage. CALIOP offered an even finer horizontal resolution. The narrow
coverage of the synergistic retrievals is akin to taking a slice of the atmosphere
along the orbit of the satellites. Hence, it is difficult to completely assess any
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Figure 2.6: One full CloudSat repeat cycle for a region centred at 0° latitude and
longitude. The cross-track field of view is not to scale.

spatial variability with the backscattered signals alone.

Their sun-synchronous orbit implies three additional limitations. Firstly,
observations are discontinuous for any location on Earth, and therefore unable
to track clouds in time; measurements are rather snapshots. Secondly, their
repeat cycle is 16 days. These two limitations, jointly with the narrow field of
view, cause a third limitation, which is its spatial coverage and revisit time.
Figure 2.6 illustrates the issue: a considerable portion of the atmosphere is
unobserved by the CloudSat-CALIPSO tandem; there is an equatorial track gap
of ~170km. For most locations observed, the revisit time is 16 days. However,
for fortunate locations it is 8 days, consisting of a day and a night observation,
always at the same local mean solar time.

The CloudSat and CALIPSO missions ended in 2023, exceeding by far
their design requirement of two years of lifespan. However, their temporal
coverage is interrupted due to a series of unfortunate events. The most limiting
is that CloudSat suffered a battery anomaly in April 2011, resorting to only
acquiring data during the sunlit portions of its orbit (Nayak, 2012). CloudSat
also suffered an anomaly in one of the mechanisms that controlled its stability
in the A-Train, threatening a possible collision with other satellites in the
constellation, and was lowered 16 km in February 2018, followed by CALIPSO
months after, establishing the C-Train constellation in October 2018 (Braun
et al., 2019). Accordingly, there is only complete data until the first quarter of
2011, conditioned on operational downtimes.

2.4.2 GPM Core Observatory: the precipitation reference

The Global Precipitation Measurement (GPM) mission is an international
satellite mission with the frequent sampling of precipitation as a primary ob-
jective (Hou et al., 2014). To achieve this goal, a constellation of LEO satellites
delivering MW measurements is employed, with the GPM Core Observatory
(GPM-CO) as its central reference. Launched in early 2014, GPM-CO serves
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two purposes: calibrating the satellites in the GPM constellation and provid-
ing high-accuracy precipitation retrievals. Its 65° non-sun-synchronous orbit
enables GPM-CO to frequently intersect the paths of other sun-synchronous
satellites within the GPM constellation, acting as the satellite of opportunity
for cross-calibration.

The GPM-CO payload features two instruments designed to measure pre-
cipitation: the multifrequency GPM Microwave Imager (GMI; Draper et al.,
2015), and the Dual-frequency Precipitation Radar (DPR; Kojima et al., 2012),
measuring at 13.6 GHz (K, band) and 35.55 GHz (K, band). The 13 channels of
the radiometer enable measurements over a wide range of frequencies, capturing
light to heavy precipitation, while the radar provides three-dimensional precip-
itation characteristics that allow for more accurate discrimination between rain
and snow during the retrieval process. Compared to DPR-only or GMI-only
methods, the combined GPM retrieval (Grecu et al., 2016) significantly reduces
uncertainties (cf. section 2.1.3). In terms of spatial coverage, GMI covers a
885 km swath, whereas DPR measures over a narrower overlapping area of
more than 245 km.?

2.4.3 Geostationary satellites: the input

Beyond its predominant use for telecommunication platforms, the geostationary
belt hosts a series of meteorological satellites. These accommodate instruments
that measure in the visible and IR regions of the spectrum, motivated by the
aperture size, as MW radiometers necessitate significantly larger antennas (cf.
section 2.1.2.2). Additionally, geostationary satellites face geometric constraints:
as shown in fig. 2.7, distortion increases with latitude as larger viewing angles
enlarge pixel footprints, leaving polar regions effectively unobservable.

2.4.3.1 Meteosat Second Generation

Meteosat is the name of the series of geostationary satellites from EUMETSAT.
The first Meteosat was launched in 1977 (WMO, 2024), positioned at 0°,
therefore covering Europe and Africa. In 2002, the debut of Meteosat-8
inaugurated the Meteosat Second Generation (MSG) series, improving the
spatiotemporal resolution and expanding the number of channels. While the
MSG series remains operational, the first satellite of the third generation was
launched in 2022. However, this new platform only became operational at the
end of 2024 after a complicated calibration process (Mousivand et al., 2025)
and thus currently offers a limited data record.

All four MSG satellites carry replicas of the Spinning Enhanced Visible
and InfraRed Imager (SEVIRI; Aminou et al., 1997), the specifications of
which are summarized in table 2.3. SEVIRI operates by leveraging the east-to-
west 100 rpm spin of the satellite while using a mirror to scan from south to
north, thereby composing a full Earth disc image. Consequently, the imagery

30riginally, the Ka-band offered the narrowest swath. In May 2018, the DPR scanning
pattern was reconfigured to expand the K,-band coverage to match the Ky-band swath
(Iguchi et al., 2024; Olson and the GPM Combined Radar-Radiometer Algorithm Team,
2022), while a boost in orbit altitude in 2023 increased the swath width (Kubota et al., 2024).
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Figure 2.7: In the top row, pixel projections for MSG imagery for three different
locations, using a transverse Mercator projection. The bottom plot shows the
latitudinal variation in the native MSG projection at its centre, where projection
distortion is minimized.

exhibits a temporal gradient, which may be critical for real-time applications.
EUMETSAT publicly provides SEVIRI level 1.5 data (EUMETSAT, 2009,
2017) with minimal latency, making it suitable for such applications.

2.4.3.2 Geo-ring

Combining different geostationary satellites in a constellation offers the pos-
sibility to have quasi-global continuous observations in the IR region, only
limited in latitude by the field of view of these satellites. The imagers on-
board each satellite can differ in spatial resolution, revisit time, or measured
wavelengths, among others. On the one hand, and as an example, the imager
on-board Meteosat-9, source of the input data in paper I, located near the
prime meridian during the time of the analysis (EUMETSAT, 2026), provided
a 3km resolution with a full-disc revisit time of 15 min for 11 spectral channels.
On the other hand, the imager on-board the coexisting operational satellite
GOES-11 (Menzel and Purdom, 1994), located at 135°W, offered only five
spectral channels, with resolutions between 1 and 8 km and a worse full-disc
revisit time in the routine mode.

The characteristics of each instrument will depend on the agencies respons-
ible for the satellite and, inevitably, the technological achievements during their
design phase. It should come as no surprise that data products tailored for one
family of imagers cannot be applied directly to others. Nevertheless, observa-
tions from a geo-ring can be merged onto a predefined grid through selecting
shared spectral bands—such as the 11 pm channel in the IR window—and
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Dataset Responsible Channels [pm] Spatiotemporal
agency (not used in this thesis) resolution
0.635, 0.81, 1.64, 3.92,
lselflef{é EUMETSAT 6.25, 7.35, 8.70, 9.66, 3km, 15 min
’ 10.80, 12.00, 13.40
. NOAA Since 1980: ~0.6, ~11
GridSat ey Since 1998: ~6.7 8km, 3h
NOAA . .
CPCIR (NCEP/CPC) Since 1998: ~11 4km, 30 min

Table 2.3: Datasets of geostationary imagery used in this thesis. The spatial
resolution is at the sub-satellite point. Although CPCIR originates from NOAA
NCEP/CPC, it is curated and distributed by NASA GES DISC.

GridSat 2023-01-01T00:00
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Figure 2.8: An 11 pm GridSat observation, combining GOES-17 (—137.2°), GOES-18
(—137.0°), GOES-16 (—75.2°), Meteosat-11 (0.0°), Meteosat-9 (45.5°), and Himawari-
9 (140.7°) data. Dashed lines indicate the field of view of each satellite.

applying, for instance, viewing and parallax corrections.

Figure 2.8 illustrates a geo-ring observation from GridSat-B1 product ver-
sion 2 (GridSat; Knapp et al., 2011; Knapp and NOAA CDR Program, 2014),
a globally gridded product that merges IR observations from the geo-ring.
The other geo-ring dataset used in this thesis is CPCIR—a shorthand used
here for the NOAA Climate Prediction Center globally merged IR product
(Janowiak et al., 2001; Janowiak et al., 2017). Such geo-ring datasets allow
for developing data products with quasi-global coverage. In addition to the
differences summarized in table 2.3, GridSat is designated a climate data record
and employs a temporal calibration of the 11 pm channel for long-term stability.
In contrast, CPCIR targets operational applications. Therefore, CPCIR and
GridSat are complementary, offering distinct advantages.



26

CHAPTER 2. SPACEBORNE SYSTEMS FOR RETRIEVALS OF HYDROMETEORS




3 Machine learning for retrievals
of hydrometeors

As a form of machine learning, neural networks are central to the papers
included in this thesis. This chapter motivates the use of deep learning for the
retrieval problem. Afterwards, it outlines the core principles underlying the
included work, rather than exhaustively justifying specific choices.

To set the context for this chapter, a neural network consists of layers of
interconnected units called neurons. A deep neural network may be formally
defined by the presence of more than one hidden layer, where each neuron k&
computes

J

with wy; and by, as trainable parameters, x; the input, g an activation function,
and hy, its output. Notice that eq. (3.1) essentially exploits differences among
the data, learnt during training. Moreover, the argument of ¢ can be expressed
as a matrix operation, which modern hardware executes efficiently. Further
familiarity with deep learning concepts is assumed throughout this chapter,
as covered in standard texts such as Goodfellow et al. (2016) and Bishop and
Bishop (2024).

3.1 Reshaping the retrieval landscape with
machine learning

3.1.1 The retrieval problem

In the context of remote sensing, recall that retrieval refers to the acquisition
of information about a geophysical parameter through indirect measurements.
Mathematically, the measurements are functionally related to the geophysical
parameter of interest, referred to as the state vector. Following ML convention,
measurements are denoted as x and the state vector as y.! A retrieval thus
consists of inverting the forward function relating y to x or, equivalently, finding
a function f such that y = f(x).

IThis is the opposite of the standard notation used in classical remote sensing literature.

27
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The forward function Fi,,e perfectly describes the physical relationship
from the state vector to the measurements as

x = Fiue(y, b) (3.2)

where b represents all other influencing parameters, such as atmospheric
conditions, surface properties, or characteristics of the measurement instrument.
In practice, however, Fi,,e is either unknown or too complex to be represented
exactly. Therefore, the classical approach to solving retrieval problems starts
with a model for the true forward function, denoted as F'. The relationship
becomes

x=F(y,b) +e¢ (3.3)

where F', the forward model, represents the best approximation of the true
forward function and € accounts for both measurement errors and forward model
errors, i.e. the discrepancy between F' and Fi.u.. Unsurprisingly, designing a
forward model that accurately matches the forward function can be difficult:
the real physics may be too complex, or the level of detail required can still
be uncertain. In addition, a forward model needs to be numerically efficient,
particularly when large amounts of data are processed.

Provided a forward model, one can design a retrieval method by mathemat-
ically inverting it. However, it is likely that this inversion returns a non-unique
solution, yielding an ill-posed problem. Variational methods can solve the
inversion problem by finding the minimizer of a cost function based on the
forward model, but in their naive formulation they lack important information:
the uncertainty of the retrieval. It is of little value to retrieve a quantity without
a corresponding measure of error, particularly for sophisticated applications.
Furthermore, external parameters or measurement noise can influence the
retrieval and are a source of uncertainty.

3.1.2 Traditional physics-based approaches

Retrievals of cloud properties and precipitation have traditionally been grounded
in physical principles complemented by empirical relationships, herein called
physics-based approaches. For IWP retrievals from visible and IR data, the
classical approach employs two spectral channels exploiting the fact that cloud
reflectances in the visible region (e.g., at 0.6 pm) are strongly related to cloud
optical thickness 7 with little dependence on particle size, while IR reflectances
(such as 1.6 pm or 3.9 pm) are primarily sensitive to the effective particle radius
r. (Nakajima and King, 1990). Radiative transfer simulations are performed
for a range of 7 and r. values to build lookup tables that map observed
reflectances to 7 and r.. IWP is then taken to be proportional to 77, (Stephens,
1978). Consequently, IWP retrievals from this bispectral method are limited
to daytime. Paper I provides an overview of products employing this approach;
more recent datasets continue to do so (e.g., Benas et al., 2023).

This method for retrieving IWP is, perhaps, the most established physics-
based approach to determine one of the target variables covered in this thesis.
There is no equivalent standard for providing vertically-resolved retrievals
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of hydrometeors from visible and IR radiances. Concerning the detection of
clouds, thresholds on the brightness temperatures have been used, as shown in
paper II. Thresholds also on the cloud optical thickness and on estimates of
the cloud top height have traditionally classified a cloud into one of the nine
types defined by the International Satellite Cloud Climatology Project (ISCCP;
Rossow and Schiffer, 1999). For precipitation, relationships between r. and 15
(Rosenfeld and Lensky, 1998) or thresholds on T (e.g., Arkin and Meisner,
1987) have conventionally determined the presence of rain. Inevitably, such
physics-based approaches are laden with assumptions.

3.1.2.1 Accounting for retrieval uncertainty

One solution to address the retrieval uncertainty in physics-based approaches
is to consider the retrieved parameter as a random variable instead of a point
estimate, and the measurement as a realization of another random variable.
The Bayesian framework is well suited for this task, where the idea is that
the measurement refines previous knowledge or assumptions of the parameter,
yielding a posterior knowledge distribution for the parameter. The optimal
estimation method (OEM; Rodgers, 2000) is widely used for solving atmospheric
retrieval problems using the Bayesian framework. One characteristic of OEM is
that it is an iterative method, since it repeatedly evaluates the Jacobian of the
forward model. Therefore, one has to define the convergence criteria, which
should include the possibility that there is no convergence. Furthermore, OEM
is inherently limited to Gaussian statistics. In addition, this method requires
initial conditions, the formal specification of prior knowledge, and that the
linearization of the forward model is reasonable, which can all substantially
impact the retrieval. Although OEM has a solid statistical foundation, its
reliance on a forward model, iterations that can be expensive, and predefined
convergence criteria can render the retrieval sub-optimal. More general methods
such as Markov chain Monte Carlo are computationally heavy.

3.1.3 The machine learning paradigm

The proliferation of observational data has fundamentally reshaped the atmo-
spheric retrieval landscape. In contrast to physics-based methods explicitly
formulating the physical relationship between measurements and the state vec-
tor, modern approaches leverage empirical models derived from large datasets.
By employing specialized remote sensing products as target labels, ML can
implicitly approximate the inverse mapping of the forward function, as done in
all appended papers detailing training results (papers I, IT, IV, and V). When
observational data is not available, synthetic datasets generated via radiative
transfer models can serve as training data (e.g., May et al., 2024).

The ML paradigm reformulates the retrieval as a statistical optimization
problem, employing tools that range from classical regression techniques to deep
artificial neural networks, each offering varying degrees of model complexity
and representational capacity. Because these models learn patterns directly
from data rather than encoding explicit physical relationships, they offer
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substantial flexibility in integrating heterogeneous data sources and capturing
complex non-linear dependencies. Moreover, this approach circumvents the
need for a complete analytical formulation, bypassing constraints imposed by an
incomplete physical understanding or the inability to mathematically express
complex phenomena. Paper II serves as a testament to this capability, in which
a DL model produces vertically-resolved estimates of frozen hydrometeor masses
and cloud probabilities from 11 pm geostationary radiances alone, representing
a novel contribution to the field.

A critical limitation of such an empirical approach is that the resulting
statistical relationships inevitably inherit both systematic biases and physical
assumptions present in the training labels, as evidenced in paper III. Further-
more, ML models often lack transparency in their internal logic. While the field
of explainable artificial intelligence is dedicated to providing insights into the
decision-making process of these models (e.g., Molnar, 2025; Samek et al., 2019),
they are frequently employed in atmospheric remote sensing as a black-box.
This thesis adopts the same approach, focusing on model performance rather
than the interpretability of the underlying structure.

From a computational perspective, ML methods effectively transfer the
processing burden from the traditional retrieval scheme to an offline training
phase. While this enables rapid inference once models are trained and facilitates
the generation of near-real-time products with minimal computational footprint,
as in paper V, it introduces a strong dependency on the representativeness of
the training set. Machine learning models are inherently constrained by the
training domain, with an expected degradation in performance when applied
to conditions not adequately represented during training.

Probabilistic ML represents a principled framework to address the uncertain-
ties inherent in the retrieval problem. Rather than producing a deterministic
point estimate, such an approach can characterize the uncertainties associated
with the state vector. This methodology combines the computational efficiency
of the ML framework with the uncertainty quantification traditionally associ-
ated with, for instance, Bayesian schemes. By retrieving, e.g., a conditional
probability distribution instead of a single value, the model can explicitly
account for various sources of uncertainty and provide a quantifiable measure
of credibility. A brief overview of probabilistic ML methods beyond those used
in this thesis is given in section 3.4.2.

3.2 Foundations of effective deep learning
Although machine learning includes a broad range of methods, this thesis

focuses exclusively on deep learning. Consequently, this section limits its scope
to the foundational principles that are relevant for the appended papers.

3.2.1 Model capacity

The objective of DL is to learn the underlying structure of the training data
such that the model can both fit known samples accurately and generalize to
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unseen data. Its efficacy is governed, among other factors, by two architectural
properties: expressivity, which defines the complexity of functions the model
can represent, and capacity, which refers to the model’s ability to store and
represent information from a given dataset. When capacity is insufficient
relative to the complexity of the data, the model experiences underfitting,
failing to capture the underlying patterns adequately. In essence, expressivity
is a product of the network’s structural design, while capacity is primarily
determined by the total number of trainable parameters.

Conventionally, an excessive capacity of the model has been linked to
overfitting the training data. In this state, the model becomes overly sensitive
to unique features and noise specific to the training dataset, rather than learning
the underlying patterns. This high variance—the sensitivity to training-specific
patterns—prevents the model from accurately generalizing on unseen data.
Modern training techniques help mitigate this issue. Interestingly, research on
overparameterized models suggests that extremely large networks can actually
use their massive capacity to find patterns that improve, rather than hurt,
generalization (e.g., Belkin et al., 2019). In the appended papers, however,
model capacity was adjusted pragmatically based on available computational
resources and dataset characteristics, rather than through, e.g., systematic
hyperparameter optimization or scaling laws. Early stopping was employed in
papers I and V as a precautionary measure against overfitting. In papers 11
and IV this issue was not observed, though likely because the computationally
expensive training limited experimentation beyond the main training run.

3.2.2 Dataset design and quality

The quality of a DL model is fundamentally constrained by the quality of its
training data. A well-constructed dataset must satisfy several critical properties
to enable effective learning. First, it must be accurate: labels should be factually
correct and consistent, as errors in the ground truth directly propagate to the
learned model. Second, the dataset must be diverse, covering the full range of
scenarios that the model is expected to encounter. A model trained on narrow
or biased data will fail to generalize beyond those specific conditions. This
issue can be alleviated with data augmentation techniques. Finally, the dataset
should present sufficiently complex patterns that require learning non-trivial
features; for simple datasets, classical methods often suffice, while DL carries a
high risk of overfitting.

In practice, assembling such training datasets in atmospheric remote sensing
is a resource-intensive aspect of a ML project, even when the source data is
publicly accessible. The sheer volume of satellite data, combined with the need
to collocate observations often from different instruments, creates substantial
computational demands. Fach data source can employ distinct projections,
spatial grids, and temporal resolutions, requiring careful harmonization through
regridding and resampling. Moreover, simplifications may be needed to make
the problem tractable. For instance, in papers II and IV, high-resolution vertical
profiles were reduced to a small number of levels. However, such simplifications
can have clear consequences, as evidenced in paper IV: the vertical coarsening
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of cloud masks omitted thin cloud layers from the 3D training labels, leading
to inconsistencies between 2D and 3D retrieval outputs. The preprocessing
pipeline required to transform raw satellite observations can be as demanding
and impactful as the subsequent model development.

For probabilistic models, data quality has additional implications: reliable
uncertainty quantification requires that the training data accurately reflects
the true variability of the underlying distribution. Furthermore, insufficient
data volumes can result in poor uncertainty estimates, particularly in sparsely
sampled regions, as probabilistic models must learn the range of plausible
outcomes across different scenarios. Throughout this thesis, the aim was to
use the large data volumes that remained computationally manageable: where
CloudSat data serves as training labels (papers I, II, and IV), most of the
record with complete diurnal sampling was used for training and evaluation.?

However, even with large data volumes, the reference datasets used as
training labels carry their own intrinsic uncertainties, which limit both the
achievable accuracy and the reliability of the uncertainty estimates of the
retrievals. In principle, these label uncertainties could be incorporated during
training by, e.g., sampling from their distributions. In practice, however, the
available error estimates may not reliably represent the true error structure.
Consequently, this thesis did not explore such approaches, leaving their practical
integration and evaluation as open questions.

3.2.3 Experimental rigour

Effective DL requires rigorous experimental practices to ensure that models
learn generalizable patterns instead of training-specific artefacts. A critical
concern is data leakage, where information from the evaluation data inadvert-
ently influences model training. This can occur through improper splitting of
training, validation, and test sets, leading to models that appear to perform
well during development but fail on truly unseen data.

Data splitting strategies depend on the underlying data structure and
the intended application, typically categorized into random and systematic
approaches. Random splitting is suitable for independent and identically dis-
tributed samples. In satellite imagery, however, spatiotemporal autocorrelation
can cause random splits to produce data leakage, artificially inflating perform-
ance metrics without reflecting the true generalization capability. Despite this
limitation, a random split was used in paper I. Although this likely resulted
in more optimistic performance values for test data, it provided a consistent
internal baseline for comparing the different models. To more rigorously assess
generalization, papers II, IV, and V employed systematic splits by assigning
distinct time periods to the training, validation, and test sets. This systematic
approach was essential for these papers, as each evaluated a single model where
absolute performance accuracy mattered more than relative comparisons.

2Paper 1 is restricted to data from 6 May 2008 onwards to ensure homogeneity in the
collocated input data; prior to this date, Meteosat data followed a different definition of
radiance (EUMETSAT, 2012). Paper II and IV omit the 2011 record because of its limited
volume, a decision that also serves to simplify the methodology.
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Figure 3.1: Elapsed times for matrix multiplication on a CPU and a GPU, using
the same PyTorch code. Results averaged over 100 runs, with 5 warmups, and in an
isolated computing environment. At small dimensions (n < 100), overhead causes the
CPU to outperform this specific GPU. However, DL workloads typically operate at
larger scales. FP32 and TF32 indicate single-precision floating point operations, but
the latter employs the cores dedicated to matrix operations. GPU: NVIDIA A100
40 GiB; CPU: Intel(R) Xeon(R) Platinum 8358 CPU @ 2.60GHz, 64 cores. Data
created directly on the CPU or GPU.

Finally, rigorous experimental design requires integrating domain knowledge
to account for physical and measurement constraints. Without this context,
performance metrics may obscure the true strengths or limitations of a model.
For instance, paper V differentiates between land and ocean surfaces when
comparing IR and MW precipitation retrievals. This is crucial because the
radiometric complexity of land complicates MW-based retrievals, as explained
in section 2.1.2.1. By acknowledging these physical constraints, the evaluation
allows for a more accurate interpretation of the model performance.

3.2.4 Computational considerations

Deep learning architectures primarily consist of a multitude of linear algebra
operations, such as that in eq. (3.1), which can be executed in parallel. Among
the various hardware accelerators employed in DL (see, e.g., Xu et al., 2026),
graphics processing units (GPUs) excel at such tasks, containing many spe-
cialized cores that perform simultaneous operations. Goodfellow et al. (2016,
section 12.1.2) elaborates on this compelling argument. For instance, the
NVIDIA A100 GPU used for training in paper IV—common in ML clusters—
features, in addition to 6912 cores for general single-precision arithmetic, 432
cores dedicated to matrix operations (NVIDIA, 2020). In contrast, CPUs
such as Intel Xeon or AMD EPYC—commonly found in high-performance
computing clusters—offer at most 40-96 cores per socket favouring sequential
execution, which makes them far less efficient for the highly parallelizable
computations employed in DL. Even when individual network components are
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small, ML software libraries recast the computational problem into large-scale
matrices, further leveraging the capabilities of hardware accelerators. Figure 3.1
illustrates the time required for matrix multiplication for a GPU and a CPU.
Since neural networks consist of many such operations, even a modest speedup
translates to a substantial reduction in total computation time.

However, GPUs are not always advantageous. For small models, the over-
head of transferring data to GPU memory can exceed the computational time
saved, making CPUs more efficient. Models with highly sequential operations
or conditional logic also benefit less from parallelization but more serial power.
Additionally, training can become CPU-bound when on-the-fly preprocessing
leaves the GPU idle awaiting the next data batch.

Efficient data pipelines are equally critical. Repeatedly reading training
data from disk can become a bottleneck that limits throughput regardless
of GPU capacity, making fast storage solutions essential. Beyond hardware
selection, computational efficiency can be improved through strategies like
transfer learning. In paper IV, updating only a subset of parameters through
partial fine-tuning reduced memory requirements and enabled a four-fold
increase in the batch size—the data volume per training iteration—within the
same GPU constraints, thereby requiring less training time.

Ultimately, effective DL requires not only sufficient computational resources
but also model architectures designed to exploit parallelization and the special
features of the dedicated hardware, as well as data systems capable of sustaining
high throughput. Even with optimal infrastructure, however, the physics of
the retrieval problem imposes inherent limits on predictive performance.

3.3 Deep learning architectures

The design and selection of a neural network is a complex problem given its
flexibility. Besides limitations in software and computing resources, this process
relies heavily on the expertise and intuition of the researcher, and can even
resemble an art more than a science (Erenshteyn et al., 1994). A primary
decision concerns the network architecture, i.e. how connections and layers
are organized and how data is transformed as it flows through the network.
This includes, for example, whether the data flows strictly in one direction, as
in feedforward networks, or through feedback loops. The architecture choice
also shapes the inductive bias of the model, i.e. built-in assumptions about
the structure of the data, such as the presence of local spatial features or the
relevance of patterns at multiple scales.

An architecture can be described in terms of its building blocks. Complex
architectures typically combine different layer types or nest entire networks
within larger ones, introducing depth and inductive biases that better fit the
model to the structure of the problem. Therefore, the terms block, layer, and
network are used somewhat interchangeably to refer to different architectural
components and should be understood from context.
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Figure 3.2: Left: schematic of a convolutional filter inside a CNN. The input x is
convolved with the weights w;;, producing an output value y,,» for each receptive
field (in green) as the filter slides across the input; the weights are learned during
training. Right: a filter that detects edges, applied to a 10.8 pm SEVIRI image; the
output highlights cloud boundaries.

3.3.1 Fundamental building blocks

The multilayer perceptron (MLP) is the most fundamental type of modern
neural network, in which every neuron in one layer is connected to every
neuron in the next. Hence, MLPs are also referred to as fully-connected or
dense networks. This type of network is agnostic to any structure in the data,
which is both its strength and weakness. When features lack an inherent
structural order, such as in tabular data, MLPs are well suited, as they can
freely learn interactions between any pair of inputs regardless of their position.
However, this global connectivity comes at a cost: the number of parameters
grows rapidly with layer size. For high-dimensional structured data, such as
images, this becomes problematic. A fully-connected network must learn a
separate weight for every connection across all layers, leading to an explosion
in parameters and high computational cost. More critically, MLPs do not
efficiently exploit the spatial structure present in, e.g., images, as a pixel at the
edge of a feature is treated no differently from one at its centre. Nevertheless,
dense layers are commonly used as the final layers of larger networks, where
earlier blocks have already extracted structured representations of the data,
allowing global connectivity at this stage to capture relationships within the
resulting feature space.

The inherent limitations of MLPs motivated the development of architec-
tures with stronger inductive biases, such as convolutional neural networks
(CNNs) for spatial data. Convolutional filters define CNNs. Rather than as-
signing an independent weight to each input element, the same filter is applied
across the entire input, extracting local features within the receptive field of
each filter, as illustrated in fig. 3.2. This parameter sharing makes CNNs far
more efficient than fully-connected layers for structured data such as images.
Sliding the filter across the input also grants CNNs translational equivariance:
the resulting feature map shifts correspondingly when a feature moves in the
input. This property is particularly desirable for dense prediction tasks, where
a value is assigned to each input element. Furthermore, stacking convolutional
layers allows CNNs to automatically learn hierarchical representations: early
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layers capture simple features such as edges and textures, and deeper layers
combine these into complex structures that inform the prediction.

Despite their advantages over MLPs, CNNs introduce their own challenges.
Because each filter only sees a small region of the input, determined by the
size of the filter, distant dependencies can only be captured indirectly through
network depth. Moreover, because the output of convolutional filters is locally
aggregated information, sharp spatial boundaries are difficult to achieve. This
is particularly experienced with pixelwise averaging losses, such as the mean
squared error or the mean absolute error, which reward smooth predictions
over sharp but slightly misplaced ones. This difference is clearly evidenced in
paper I, where MLP and CNN retrievals are directly compared.

These limitations can be addressed with improved training methodologies,
more architectural components, or strategical decisions. For instance, while
CNNs do not inherently possess rotation equivariance, this property can be
approximated by applying physically meaningful rotations during training. To
capture large-scale features more efficiently, pooling operations—such as taking
the maximum value in a receptive field—or strided convolutions downsample
feature maps, so that subsequent layers focus on coarser features, though at
the cost of losing fine spatial structures required for dense prediction tasks.
The lost details from pooling layers or multiple convolutional layers can be
recovered through skip connections, which shortcut distant layers: by directly
concatenating information from earlier layers to deeper ones, the network
can reintroduce detailed structures, while additive skip connections primarily
ease the training of deep networks (He et al., 2016). Finally, normalization
layers inside the network, such as batch normalization (Ioffe and Szegedy,
2015) or layer normalization (Ba et al., 2016), improve the conditioning of the
optimization problem by smoothing the loss landscape (Santurkar et al., 2018).

More architectural considerations exist beyond those summarized here,
including the choice of non-linear activation functions and the logic to follow
when arranging the different blocks. The principles outlined here, however,
reflect the rationale for the networks used in this thesis.

3.3.2 Design principles

As illustrated by fig. 3.3, clouds and precipitation exhibit an inherent morpho-
logical structure. Consequently, incorporating inductive biases that exploit
spatial context is highly beneficial for the retrievals in this thesis: without such
spatial awareness, for instance, the convective squall line in fig. 3.3f would be
difficult to retrieve from spectral data alone. In addition to complementing
spectral information, spatial context can also compensate for its absence. For
instance, the network in paper II relies solely on a single-channel image.
Convolutional filters provide an efficient mechanism for incorporating this
context in the retrievals. Alongside the critical reduction in parameters com-
pared to MLPs, their translational equivariance is particularly relevant, as
meteorological features are not confined to specific locations within the image.
Furthermore, allowing for both network depth and width is advantageous.
Atmospheric data is inherently hierarchical: individual hydrometeors give
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Figure 3.3: A cloud with a precipitation field over Africa, as shown in (c). The
left and centre panels show four of the seven input channels used by the network in
paper V to produce the retrieval shown in (f), each providing different features. The
brightness temperatures are shown as seen by the network, i.e. standardized using
the training set statistics.

rise to local cloud textures, which then organize into small-scale cells. These
small features, in turn, aggregate to larger structures with clear hierarchical
dependencies: anvils, which may display uniform radiative signatures across
vast areas, are inextricably linked to the cloud cores. This is effectively exploited
with increasing network depth, as successive layers build representations based
on previous layers, thereby exploiting the natural hierarchy of the data. At the
same time, increasing layer width—through more convolutional filters or wider
fully-connected layers—enables the network to develop neurons that specialize
in distinct but complementary features, while also allowing the network to
form a consensus across neurons under ambiguous conditions.

Unfortunately, there are no principled answers to the question of how many
layers, neurons, or what spatial context to incorporate: these all add to the
large list of hyperparameters. In practice, the most pragmatic approach is to
adapt architectures developed for similar problems to the hardware and data
at hand, adjusting for the number of input features and the desired output.
One guiding principle, however, is to have fully-connected layers at the end of
the network, for the reasons outlined in the previous section.

3.3.3 Architecture selection

The use of neural networks for retrieving frozen hydrometeors from geosta-
tionary observations is relatively novel, and even for precipitation retrievals
the literature offers limited guidance. This contrasts with other fields where
well-tested, standard architectures have widely converged, leaving architecture
choice here largely an empirical process.
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Figure 3.4: Schema of a U-Net-like architecture.

Paper I started with few assumptions about a suitable architecture. First,
several principles were gathered to propose a MLP without using any spatial
information. The hyperparameters of this MLP were tuned over a regular grid
to obtain a satisfactory performance. Although it can be argued that a grid
search is not as efficient as, for example, a Bayesian optimization, the search
space was small and manageable.

The CNNs trained in this thesis consisted of many more parameters than
the MLP in paper 1.3 This posed a challenge: both hyperparameter tuning and
designing architectures from scratch can be computationally prohibitive and
practically infeasible within the scope of this thesis. For this reason, all appen-
ded papers employed CNN backbones that, based on previous publications, had
been empirically observed to work reasonably well for hydrometeor retrievals,
employing limited hyperparameter optimization. Only paper I included some
hyperparameter optimization for the CNN, though this was modest compared
to the optimization performed for the MLP in the same paper.

To provide one retrieval per input pixel, the CNNs in this thesis are also fully
CNNs, which preserve the spatial dimensions of the input data. Furthermore,
fully CNNs support different input sizes. Although the backbones differ slightly
across papers due to new ML approaches adopted over time, they share a
common idea: the use of a U-Net-like architecture (Ronneberger et al., 2015),
illustrated in fig. 3.4. The U-Net architecture was specifically designed for
semantic segmentation tasks, i.e. pixelwise classification. Nevertheless, its
structure can easily be adapted for pixelwise regression tasks. In a U-Net-
like architecture, the encoder path extracts high-level features, while the
decoder path recovers the original spatial dimensions. By leveraging skip
connections, the decoder also merges spatial details directly concatenated from
the contracting path with the more abstract representations of the upsampling
path. This type of architecture is, therefore, a natural fit for the retrieval of
hydrometeors, as it exploits features across multiple spatial scales to provide
pixelwise estimates.

3The MLP in paper I has ~2.8 x 10% parameters, and the CNN in the same paper ~5.3x10°.
The CNN in paper V is slightly larger, at ~6.3 x 10°, while the CNN introduced in paper II
(and fine-tuned in paper IV) is almost two orders of magnitude larger, at ~4.7 x 107.
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3.4 Uncertainty quantification

Since retrievals generally map one-to-many possible states, employing a single
point estimate as a retrieval discards information about the solution space.
Knowing how much uncertainty a retrieval carries can matter as much as
the retrieval itself, particularly for downstream applications where a range of
plausible outcomes is required. Uncertainty, however, has different origins, not
all of which are captured equally by the same method.

3.4.1 Types of uncertainty

If a retrieval comes with, for example, a 5% uncertainty, does this reflect a
fundamental ambiguity in the problem itself or a lack of confidence in the
model? This distinction exemplifies the two classical types of uncertainty.

Epistemic uncertainty arises from a knowledge gap due to limited training
data, inadequate models, or a mismatch between the training data and the data
the model encounters in practice.* Also known as model uncertainty, epistemic
uncertainty is in principle reducible given enough high-quality training data
and sufficiently expressive retrieval models.

In contrast, aleatoric uncertainty arises from variance intrinsic to the data
itself. For instance, the same IR radiance can correspond to fundamentally
different cloud or precipitation states, implying that not even a perfect model
can resolve such ambiguity from IR data alone. It is therefore generally
considered irreducible.

In practice, however, these two types are neither strictly orthogonal nor have
a universal mathematical definition (e.g., Hiillermeier and Waegeman, 2021;
Gruber et al., 2025; Bickford Smith et al., 2025): their distinction depends on
the school of thought (Kirchhof et al., 2025). Furthermore, they cannot always
be disentangled (e.g., Mucsdnyi et al., 2024; de Jong et al., 2026). Nonetheless,
the distinction serves a useful communicative purpose: it clarifies what one
targets to solve with a specific uncertainty estimator.

3.4.2 Approaches to uncertainty estimation

One can construct an uncertainty estimator by designing a model to predict
an error quantity as the target variable; for example, a standard deviation in
regression or class probabilities in classification. However, there are methods
that inherently quantify uncertainty. This section briefly presents five of them.
For a more comprehensive survey, see, e.g., Murphy (2023) and Izbicki (2025).

Three common examples for quantifying epistemic uncertainty are ensemble
methods, Bayesian neural networks, and Monte Carlo Dropout. In an ensemble,
the disagreement among the outputs of each predictor serves as a measure of

4This mismatch is also referred to as distributional uncertainty (e.g., Sullivan, 2015). Tt is
a practically relevant concern: for instance, models trained on data from one season may face
substantial differences when applied to another. Although dataset shift can be treated as an
uncertainty class of its own (e.g., Malinin and Gales, 2018), here it is subsumed under epistemic
uncertainty, as it reflects an incomplete knowledge of the true data-generating process.
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model uncertainty. In Bayesian neural networks, model parameters are modelled
by probability distributions: by repeatedly sampling these weights, the resulting
predictive distribution reflects parameter uncertainty. Similarly, in Monte
Carlo Dropout, neurons are randomly deactivated at each forward pass during
inference, and the distribution obtained across a number of such predictions
approximates the parameter uncertainty (Gal and Ghahramani, 2016).

A distinct approach is conformal prediction, which directly combines epi-
stemic and aleatoric uncertainty by producing prediction regions (intervals
for regression, sets of labels for classification) calibrated to contain the true
value with a chosen probability (Vovk et al., 2022; Angelopoulos and Bates,
2023). Although this framework ensures valid uncertainty estimates provided
the calibration data and the unseen samples are exchangeable,® the guarantees
lack validity for conditional estimates: they hold only on average and may yield
uninformative intervals.

Quantile regression, on the other hand, directly estimates conditional
quantiles of a continuous variable. This approach relies on correct model
specification, requiring sufficient model capacity and representative data to
capture the true underlying distribution. When these conditions are met,
the model characterizes the irreducible uncertainty present in the data. It
also admits a Bayesian interpretation, as estimating conditional quantiles is
equivalent to characterizing the posterior predictive distribution of the target
given the input. Moreover, quantile regression is straightforward to implement
and is computationally efficient.

The ill-posed nature of the inverse problems addressed in this thesis sug-
gests that aleatoric uncertainty is expected to dominate. Consequently, the
appended papers focus on capturing this irreducible uncertainty. For regres-
sion, quantile regression is chosen to estimate multiple conditional quantiles,
with its mathematical formulation and implementation given in section 4.2.1.
For classification, the selected approach is cross-entropy minimization, which
naturally captures aleatoric uncertainty through class probabilities, further
detailed in section 4.2.2.

5The property by which the joint distribution of the calibration points and any test points
is invariant under permutation.



4 Retrieval development

The development of retrievals through supervised learning is shaped by the
quality of the training data, the statistical techniques employed, and the
overarching methodology followed. Considerations regarding these aspects,
including practical ones that further shaped the retrievals in the appended
papers, are detailed here.

4.1 Constructing the datasets of collocations

The retrievals developed in this thesis aim to reproduce the estimates of
specialized spaceborne sensors using geostationary observations, treating those
estimates as absolute ground truth. Therefore, it is natural to frame the
machine learning tasks in a supervised learning process. Formally, supervised
learning consists of maximizing the performance of an algorithm when mapping
input data points x to known associated outcomes y. Consequently, any
supervised learning task requires a training dataset Diraining = {(Xk, Y&) } ooy
generated from a distribution Px v on X x ). Note that the dimensionality of x
and y will depend on the problem addressed. In this thesis, X are geostationary
observations and Y retrievals from CloudSat-CALIPSO (frozen hydrometeor
masses, cloud masks, and cloud types) or GPM-CO (surface precipitation).

Despite recent efforts towards benchmark datasets (Pfreundschuh et al.,
2026), readily available collocations D between geostationary observations and
the specific variables in the reference products targeted in this thesis do not
exist. This necessitated producing large datasets of collocations tailored to
the machine learning tasks, and stored in an analysis-ready format suitable for
iterative model training, while keeping the storage footprint low. Generating
these datasets carries a non-negligible computational expense, and design
choices made at this stage are difficult to revisit after model development,
making early decisions important.

Constructing D is inherently challenging, as GEO and LEO satellites
differ in spatial sampling geometries, temporal sampling, and data product
projections. Papers I, I, and IV used more advanced approaches than a nearest
neighbour search for the spatial collocation. This is hypothesized to improve
the quality of D, and consequently the quality of Diyaining C P used to guide the
algorithms. Temporal collocation was determined by the temporal resolution
of the geostationary observations.

41
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A further complication arises specifically for frozen hydrometeors and cloud
masks. The availability of two different sets of equivalent data products (from
AERIS/ICARE or from the CloudSat Data Processing Center, cf. section 2.4.1)
targeting the same physical variables, presents a dilemma regarding which
to employ. Choosing between them is not only a scientific question but also
has practical aspects. Paper I trains and evaluates on DARDAR-CLOUD,
and also compares with physics-based retrievals of IWP from the CLAAS
edition 2.1 dataset (Benas et al., 2017; Finkensieper et al., 2020), which is
also validated against DARDAR-CLOUD by the dataset authors. In contrast,
paper II employs 2C-ICE for training and evaluation of IWP, mainly motivated
by data attribution requirements and further practical considerations. As
evidenced in paper III, however, DARDAR-CLOUD and 2C-ICE can yield
different estimates, raising the question of which constitutes the best reference,
if such a distinction can be made at all.

4.2 Probabilistic retrievals

At the centre of each of the retrievals developed in this thesis is a neural
network fg, which serves as a numerical approximation of f, the inverse of the
forward function. The goal of fg is to learn optimal values for the learnable
parameters 6 such that fg accurately maps inputs from the observation space
X to the corresponding outputs in the state space ), according to the underly-
ing distribution of the collocations. As argued in section 3.1.1, the inherent
non-uniqueness of this mapping benefits from a probabilistic approach. Con-
sequently, fg is formulated to estimate the conditional probability distribution
Py x, rather than a deterministic point estimate.

The specific method to learn Py |x depends on the nature of the target
variable. For continuous variables (such as IWP, IWC, or precipitation), the
appended papers employ quantile regression (section 4.2.1). For the categorical
targets in papers I and IV, i.e. cloud types and masks, fg is trained to minimize
the cross-entropy (section 4.2.2.1). With this cost function for the classifica-
tion task, the model yields a probability distribution over all possible classes.
Although the class with the highest probability is often used to indicate the
state, the full distribution can address classification ambiguities. Rather than
simply selecting the most probable class, paper IV highlights the influence of
probability thresholds to determine cloud occurrences, which facilitates recon-
ciling estimates not only from different retrieval configurations, but also with
estimates from other datasets. The theoretical basis and implementation for
these two probabilistic approaches are described below. Despite being described
separately here, a network fg can integrate both regression and classification
tasks by employing multiple network heads, as demonstrated in, e.g., paper II.

4.2.1 Quantile regression

Koenker and Bassett (1978) introduced linear quantile regression. This method
provides a more comprehensive characterization of the relationship between a
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target variable y and predictors x than the common least squares regression.
It achieves a better description by estimating conditional quantiles rather than
the conditional mean. Given the cumulative distribution function Fy|x for
a distribution Py x, the conditional quantile y, = y.(x) at level 7 € (0, 1) is
defined to be the value such that y, = inf{y : Fyx(y | x) > 7}. The quantile
loss function is defined as

~ _ T(y_QT) ifyA’r<y
Erllrw) = {(1 —7) (e —y) iG>y’ -

It can be proven that the expectation E[L(¢,,Y) | X = x] is minimized when
9r = yr (Koenker, 2005, pp. 5-9).

A quantile regression neural network (QRNN) is a non-linear extension
of quantile regression, suitable for the non-linear nature of remote sensing
retrievals. Therefore, using the notation in this thesis and adopting a Bayesian
perspective, a QRNN seeks an estimator fg able to minimize E[L.(fo(x),Y) |
X = x], where x are realizations of the random variable X.

Pfreundschuh et al. (2018) analysed the performance of QRNNs as an
alternative to estimating the posterior distribution of Bayesian remote sensing
retrievals. Their work can be considered foundational for this thesis, as QRNNs
are the unique method used here for the retrieval of continuous variables. The
actual implementation of QRNNs also follows the approach of Pfreundschuh
et al.: fg is designed to estimate a set of quantiles at fixed levels 7. That is,
the loss function of QRNNSs for a sample (x,y) is given by

L (fo(x) m > Lo(folxi7).y) (42)

TeT

where fg(x;7) indicates the estimated quantile at level 7. Since the network pre-
dicts quantiles for a finite set of levels T, the output is a quantile-parameterized
distribution (QPD), as illustrated in fig. 4.1. The target distribution Py |x can
then be approximated by, e.g., a linear extension of the predicted QPD.

As the notation suggests, this formulation of quantile regression is restricted
to scalar target variables. Consequently, for vector retrievals such as IWC
profiles or precipitation fields, the model only provides marginal distributions
for each variable. Estimating joint distributions is an active area of research
and lies outside the scope of this thesis work.

In any case, the essence of QRNNs consists of training neural networks to
estimate quantiles of the irreducible uncertainty, from which quantities such as
the expected value of a retrieval can be derived. The QRNN approach does not
require assumptions on the target variable, such as a plausible family of distri-
butions, and can be completely data-driven. For hydrometeor retrievals, this is
particularly relevant: in the hypothetical case that the retrieval reproduces the
distribution of the training data, such distribution can be far from Gaussian, as
illustrated in fig. 4.2. It is also reasonable to expect heteroskedasticity, i.e. that
the uncertainties vary with the input. For instance, the uncertainty of an IWP
retrieval for a cloud-free pixel should be minimal when compared with a cloudy
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Figure 4.1: Optimal quantile regression examples for arbitrary random variables
and quantile levels 7 = {0.1,0.3,0.5,0.7,0.9}. The solid orange curve is the true
cumulative distribution function Fy,.. The green markers indicate quantiles estimated
with quantile regression (a QPD), and the blue dotted curve their linear interpolation.
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Figure 4.2: Probability density function from one year of CloudSat 2C-ICE IWP
retrievals, where Pr(IWP < 1075 kgm™2) = 49.7 %. Note the logarithmic axes.

pixel. The non-linear nature of QRNNSs is well suited for capturing this variab-
ility. In addition, quantile regression is invariant to monotonic transformations.
Figure 4.1(b) provides a graphical proof of this property; formally, if & is a
non-decreasing function, then 7 = Pr(Y <y, | x) = Pr(h(Y) < h(y,) | x) = T.

4.2.2 Classification

4.2.2.1 Rationale for the loss function

Although quantile regression can be adapted for retrieving categorical variables
(e.g., Ghosh et al., 2017), retrieving cloud types and masks is more naturally
addressed through a probabilistic classification approach. To motivate this,
the following derivation provides a pedagogical description of this approach,
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focusing on the cloud type retrieval, including clear-sky conditions. For cloud
masks, this approach simply reduces to two classes: cloud and no-cloud.

In the appended papers, the training data consists of mutually exclusive
cloud types: the training labels contain one and only one cloud class type. The
objective of the model is to maximize Pr(Y; = ¢* | x;), i.e. the probability of
predicting the cloud class ¢ = ¢* of the training label y; = [yi1,%i2, - - -, Vi k]
given the input x;. It can be rewritten as

Pr(Y; =" | Xi) = Jier = 901000 lon - 00 g = H gl (4.3)

where y; is the one-hot encoding of the cloud type, and y; = fo(x;) =
[9i1,Ti2,-- 0] represent predicted probabilities for each of the K cloud
types. Because the logarithm is a strictly increasing function, maximizing
logPr(Y; = ¢* | x;) is equivalent to maximizing Pr(Y; = ¢* | x;). Machine
learning usually seeks to minimize a loss function. Therefore, maximizing
log Pr(Y; = ¢* | x;) is equivalent to minimizing its negative. Through this trick
we obtain

K

K
L(Fi,y:) = —log H gt == "yiclogfic=— wiclogplc|x;) (4.4)

c=1

for one training sample, where §; . = Po(c | x;) is used to emphasize that
Ui,c is the probability of predicting class ¢ conditioned on the input data x;.
Equation (4.4) is also known as the negative log-likelihood.

In practice, the loss function in eq. (4.4) is minimized by computing the
average loss across the M samples of the training dataset, as implemented in
Papers II and IV. Using information theory, it can be shown' that

M Kullback-Leibler divergence
Z (¥i,¥i) = E[ H (paata(- | X)) + D (Paata(- | %) | (- | %)) ] (4.5)
— —

Data entropy, irreducible
independent of network parameters 6
p p

where the expectation is computed over pgata(x), which denotes the underlying
marginal distribution that the training inputs approximate, pqata(- | X) is
the conditional distribution over the K classes given x, and pg(- | x) the
corresponding model estimate. The expression inside the expectation of eq. (4.5)
is also known as the cross-entropy. Therefore, minimizing the average negative
log-likelihood is equivalent to minimizing the expected cross-entropy. Since the
data entropy is independent of the model parameters, only the Kullback-Leibler
divergence is minimized. Under ideal conditions, this divergence vanishes,
yielding pg(c | X) = pdatalc | X), i.¢. the true underlying conditional distribution.
The probabilities pg(c | x) therefore, under these conditions, quantify the
aleatoric uncertainty of the retrievals.

IThe full derivation connecting the empirical loss to the information-theoretic quantities is
omitted for brevity. Standard textbooks (e.g., Zhang et al., 2023, section 22.11) cover the un-
derlying steps and concepts, including definitions and interpretations of H(-) and Dk (- || -)-
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The derivation above implicitly assumed that the network outputs, y; =
fe(x;), are valid probabilities. In practice, however, raw network outputs are
unnormalized and can take any real value: in the context of deep learning,
these outputs are referred to as logits, here indicated with z;. Consequently,
logits must be transformed into a valid probability distribution. The softmax
function, defined for class ¢ as

softmax(z;). = % (4.6)
ijl exp 2 j

maps logits to a categorical probability distribution over the K possible classes.
Alternative mapping functions exist (e.g., Martins and Astudillo, 2016), and
research has reported that the softmax can introduce overconfidence and
miscalibration (Guo et al., 2017; Pearce et al., 2021). Nevertheless, the softmax
is the standard function paired with the cross-entropy loss and naturally arises
by reparameterizing the conditional probability.? This standard practice is
evidenced by the implementation of the cross-entropy loss function in, e.g.,
PyTorch (Paszke et al., 2019), which applies a softmax operation directly in
the loss.®* Following this standard, papers II and IV also employ the softmax
to convert the network outputs to cloud type probabilities.

4.2.2.2 Decision criteria for cloud classes

Minimizing the cross-entropy loss does not directly produce a discrete clas-
sification, but instead outputs a probability distribution across the K cloud
types. For simplicity, consider the case of retrieving a binary cloud mask
(K =2, i.e. no cloud or cloud): a probability decision threshold is needed to
transform a probability into a class. The standard cross-entropy loss treats
all misclassifications equally: the same penalty is given to a false positive
(predicting a cloud when there is none) as to a false negative (missing an actual
cloud). Because of the averaging, a model can achieve a low loss by optimizing
for dominant patterns while performing poorly on ambiguous cases; this is
often encountered when there is a large class imbalance, further discussed in
section 4.3. Consequently, adjusting the probability decision threshold allows
for weighting different types of errors. This adjustment determines the criteria
used to flag a retrieval as cloudy.

The precision and recall? metrics quantify the cost of false cloud detections
and the cost of missing clouds, respectively. Using the cloudy conditions as the
positive class, and TP, FP, and FN indicating true positives, false positives,

2For class ¢, the conditional probability can be rewritten as §; . = pe(c | x;) = % =

Pe (xi|c)pe(c) _ __explog(pg(xilc)be(c)) _ _ XPZic _ ) ; :
S pe (il )p0) S, exploglpe (1m0 ()] | S, exp iy SoTmax(zi)e, with logits
z;,; representing log (pe(x; | 1)Pe ().

3While PyTorch’s torch.nn.CrossEntropyLoss automatically applies this operation, its
negative log-likelihood loss class torch.nn.NLLLoss requires manually applying the softmax.

4Computing the softmax within the loss function allows for a more numerically stable
implementation than applying it as a separate layer.

5Recall is also known as sensitivity.
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and false negatives, these metrics are defined as

TP

Precision = TP+ FP Pr(Y = cloud | Y = cloud) (4.7
Recall = ——L  — py(¥ = cloud | Y’ = cloud) (4.8)

Given the irreducible uncertainty in the data, cloudy and clear conditions are
not perfectly separable in all cases. This creates an inherent trade-off: egs. (4.7)
and (4.8) reveal that by flagging every case as cloudy a model achieves perfect
recall but low precision (FN — 0 while F'P increases), whereas flagging only the
most certain cloudy cases yields high precision at the expense of recall (FP — 0
while F'N increases). Consequently, these metrics are most informative when
used in tandem. Through varying the probability decision threshold, papers II
and IV show precision-recall curves to visualize this trade-off on the quality
of cloud detections, ignoring the easier task of correctly identifying clear sky
conditions (precision and recall do not involve true negatives).

To determine an optimal decision threshold that balances both metrics, the
appended papers minimize /(1 — precision)? + (1 — recall)2, i.e. the Euclidean
distance to the point of perfect precision and recall. This approach is visually
intuitive and, given that the curves in the papers are largely symmetric, it
results in values similar to an alternative common approach: maximizing the
harmonic mean of precision and recall (the Fy score).® Papers II and IV
employ this optimal threshold as a formal criterion to separate clear from
cloudy retrievals. Beyond its use as a binary cutoff, paper IV shows the
impact of the sensitivity to this threshold. The resulting insights provide a
more nuanced physical interpretation of the differences between 2D and 3D
retrieval characteristics. Finally, this threshold is a necessary precursor for the
3D classification in the papers, as it defines the cloudy voxels that are then
assigned one of eight distinct cloud types based on their maximum predicted
probability.

4.3 Training methodology

Recall that a network fg is a parameterized function whose trainable parameters
0; € 0 are optimized during training to minimize the loss function £. The
methodology in this thesis follows the standard practice of updating these
parameters using gradient descent as

oL

(4.9)

employing mini-batches of data, with the gradients computed via backpropaga-
tion, i.e. by recursively applying the chain rule through the computational graph

6As an example using the CPCIR data in paper IV, maximizing the Fy score for the 2D
cloud mask yields a threshold of 0.460 instead of 0.496, which is obtained by minimizing the
Euclidean distance. This results in a precision and recall of 0.895 and 0.936, respectively,
compared to 0.904 and 0.926 as presented in the manuscript.
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to obtain dL/06;. The scalar 1 denotes the learning rate, a hyperparameter of
the optimization algorithm governing the step size of each update. In practice,
rather than using a fixed global learning rate 1, modern optimization algorithms
modify the update rule in eq. (4.9) to dynamically adjust the update step
for each parameter. Adam (Kingma and Ba, 2017) and AdamW (Loshchilov
and Hutter, 2019) are two such optimizers, employed in the appended papers.
Additionally, papers II, IV, and V employ a cosine annealing learning rate
scheduler: this modifies n following a cosine function during training to further
aid in avoiding poor local minima.

The practical implementation of these optimization strategies, along with
considerations for numerical stability, is provided by modern deep learning
frameworks. In this thesis, PyTorch (Paszke et al., 2019) serves as the primary
framework. Two additional high-level interfaces for PyTorch are used: quantnn
(Pfreundschuh, 2022), providing specialized functions for training and imple-
menting QRNNs, and Lightning (Falcon and The PyTorch Lightning team,
2019), to reduce repetitive code. While these libraries and the architectural
choices argued in section 3.3.3 streamline the retrieval development workflow,
the methodology further necessitates a series of principled decisions regarding
data representation, generalization capacity, and training efficiency.

In the appended papers, the dataset of collocations D was partitioned into
training, validation, and test splits. Training was monitored using both the loss
curve and auxiliary diagnostics, such as the mean squared error of the expected
value of the retrieval and scatter plots at selected checkpoints, providing a
physical interpretation of the training evolution. The validation set was used
to assess generalization performance, from which a network state was selected
as the final model, before overfitting where it occurred. Given the iterative
nature of this process, the final models reflect a trade-off between retrieval
performance and the time required for implementation, training, and evaluation.
The held-out test set was then used to evaluate the retrieval performance of
the final models.

To improve both the data representation and the generalization capacity of
the CNNs, the training accounted for the sampling geometry of the reference
satellites. The collocation of CloudSat-CALIPSO or GPM-CO data with
geostationary imagery introduces a directional bias in the training labels: the
loss is computed only along the swath, which crosses the image diagonally. To
mitigate the risk of the network learning these directional artefacts and to enable
generalization to features regardless of their orientation, data augmentation
was applied at training time: specifically, random rotations and both vertical
and horizontal data flips. This procedure encourages the CNNs to achieve
rotational invariance, decoupling the retrieval performance from the relative
orientation of the satellite path and the atmospheric features.

Concerning the loss function, three core concepts were applied across the
appended papers. First, all retrieval models technically perform multi-task
learning (Caruana, 1997), where multiple targets are simultaneously predicted
for each input pixel. The underlying idea of multi-task learning is that some of
the factors explaining the relationships in the data are shared across different
tasks. Consequently, jointly optimizing for these tasks pressures the model to
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learn more robust relationships, which benefits generalization. In the case of
QRNNSs, these tasks correspond to the estimation of multiple quantiles, while
in paper II the model targets both multiple quantiles and class probabilities.
Intuitively, quantifying frozen hydrometeors connects to identifying not only
the presence of a cloud but also a cloud type. In all cases, the loss function
minimized is the sum of the losses for each variable. In this configuration, the
loss for one variable can dominate the optimization of the shared backbone
at the expense of others. Nevertheless, more complex approaches, such as a
scaling factor for each term, were not pursued, as the straightforward approach
already provided satisfactory retrievals.

The idea that features are shared across tasks also motivated the fine-
tuning strategy in paper IV. Instead of re-initializing the trainable parameters
or retraining the entire model, only specific network heads were fine-tuned.
By preserving the backbone weights from the radar-only cloud type retrievals
learnt in paper II, the optimization focused on adapting the existing feature
representations in the input data to the more informative radar-lidar training
labels of paper IV.

The second concept involves applying log-based transformations to the
training labels for the regression tasks. These transformations were empirically
observed to improve retrieval performance: intuitively, the target variables
(frozen hydrometeor masses and precipitation) are physically meaningful across
several orders of magnitude and exhibit highly-skewed distributions. Applying
such a transformation allows the model to learn relationships in a space where
relative differences are preserved across scales: for example, in log-space and
for precipitation retrievals, differences between 1mmh~' and 10mmh~"! or
10mmh~! and 100mmh~! are equidistant, allowing the model to represent
the target distribution more uniformly across the relevant range.” Because the
logarithmic function and its inverse, the exponential, are strictly increasing
functions, and quantile regression is invariant to monotonic transformations
(section 4.2.1), transforming the predictions back to the original physical space
yields valid quantiles.

Third, regarding the inherent imbalance of the data, with highly-skewed
distributions and approximately 90 % of the observed volume being cloud-free
(table A1 in paper IT or table S2 in paper IV), sample weighting presents a
potential strategy to facilitate the learning of rare but physically significant cases.
However, this technique was intentionally avoided for several reasons. From
a practical standpoint, it introduces an arbitrary hyperparameter regarding
the assignment of weights. Furthermore, it affects quantile regression and
classification differently.® More fundamentally, artificially weighting the training
data permanently biases the model’s learnt priors. This structural bias directly
conflicts with the statistical objective of the QRNNs as employed in this thesis,
which is to characterize the aleatoric uncertainty of the retrieval: any weighting

“For quantile regression, only the factor 9L/09, = 7 or 1 — 7 (cf. eq. 4.1) is propagated
during the weight update rule (eq. 4.9), i.e. the gradient is independent of the error magnitude.

8For quantile regression, sample weighting with weight w scales the constant factor of its
gradient (cf. footnote 7). In contrast, for the cross-entropy loss, L£/0z; = §; — y;: here, the
weight w acts as a multiplier of the actual error, i.e. w(g; — yi).
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would distort the physical validity of the retrieved distributions. Similarly,
for classification, weighting distorts the output probabilities relative to the
occurrence rates in the training data. Although the retrieval distribution can
be adjusted after training by, for example, correcting for the imposed prior,
such methods increase the complexity of the retrieval pipeline. Ultimately, the
unweighted optimization proved sufficient for satisfactory retrieval performance.
One critical factor during the development of the retrievals was access to
specialized hardware, as motivated in section 3.2.4. PyTorch leverages this
hardware by providing efficient implementations of common deep learning
operations. Moreover, its implementation of distributed data parallel (DDP)
training (Li et al., 2020) was used to scale training across four GPUs simul-
taneously in papers IT and IV. In this technique, each GPU maintains a local
copy of the model and optimizer. During each training step, the data batch is
partitioned such that distinct inputs are processed by each GPU to compute
local gradients for the parameter updates. However, the resulting gradients
vary across devices as the inputs differ. To maintain consistency, the DDP
paradigm aggregates and synchronizes these gradients prior to the weights
update. This ensures that the parameter updates are identical across all GPUs,
simulating the processing of a larger batch on one more powerful device.

4.4 FEvaluation

The evaluation of the retrievals developed in this thesis is constrained by
the nature of the reference data products, which are themselves retrievals.
Consequently, microphysical assumptions are present at every stage of the
development, including the evaluation phase.

The terminology adopted throughout the appended papers reflects the fact
that the trained models implicitly leverage the microphysical assumptions of
their reference datasets. The terms evaluation or characterization are generally
preferred over wvalidation, as the latter conveys the existence of an error-free
ground truth; however, validation is used when evaluating against estimates
that constitute an independent benchmark of high quality. When contrasting
estimates with other retrievals that rely on common input data, the term
comparison is employed to acknowledge that neither retrieval is necessarily
absolutely correct.

Although the data products used for some of the training labels provide
their own uncertainty estimates, these were not used in the evaluation process.
This choice was motivated by the same concerns outlined when discussing
data quality in section 3.2.2: reference uncertainties depend on the specific
statistical models and prior assumptions of the data product. Consequently,
the uncertainties of the retrievals developed in this thesis were not evaluated
for absolute accuracy. Instead, the evaluation focused on the model’s ability
to reproduce expected values and statistical characteristics of the retrieval
distribution.

Relying on a single metric for evaluation can be misleading. To obtain a
better picture of model performance, the appended papers employ a diverse
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suite of metrics. These include, among others, bias, root mean squared error
(sensitive to large errors) and mean absolute error (a more robust indicator
of average performance) for continuous variables, as well as precision and
recall for categorical variables. However, such standard pixelwise metrics can
fail to capture the performance regarding spatial features. To address this
limitation, paper V employs a technique relying on Fourier transforms of the
data to evaluate the spatial agreement of the retrievals across multiple scales
(Guilloteau et al., 2021), yielding an interpretable metric of spatial consistency.

In addition to summary statistics, graphical tools inform the evaluation.
In all developed retrievals, the conditional distributions p(¢retrieved | Yreference)
are presented on log-log axes as a proxy for raw scatter plots, which suffer
from overplotting. The logarithmic scale ensures that the wide range of values
relevant to the target variables is adequately examined. Moreover, selected
cases are examined qualitatively to complement the statistical analysis.

Finally, evaluating retrievals that offer spatiotemporal continuity against
LEO satellite data raises specific challenges. For all papers except paper V, the
test data was derived from polar-orbiting satellites, restricting the evaluation to
fixed sampling times and leaving temporal gaps outside those specific overpasses.
Furthermore, constructing a continuous time series to quantitatively evaluate
performance at a specific location is impossible when all reference satellites
are LEO. Temporal consistency was therefore assessed qualitatively, relying
on physical intuition (e.g., in the video supplement of paper I or figs. 8,
S4, and Movie S1 of paper V). Paper II partly mitigated these limitations
by validating the developed retrievals against estimates from independent
specialized instruments: a ground-based cloud radar, as well as an airborne
cloud radar and in-situ measurements from flight campaigns. However, these
independent estimates are not without caveats: flight campaigns are confined
to specific geographical regions and cloud scenarios, while probes specialized
for quantifying hydrometeors are themselves subject to measurement errors
(Strapp et al., 2016).

4.5 Computational environment

The retrieval development relied on a technical ecosystem spanning satellite
data handling, large-scale data management, and a deep learning framework.
For reading and resampling satellite observations, the Pytroll framework (Ras-
paud et al.; 2018) provided the necessary tools. Among the cross-domain
libraries employed, several were critical: xarray (Hoyer and Hamman, 2017) for
manipulating multidimensional data arrays, dask (Dask Development Team,
2016) not only for parallel computing but also for handling computations that
exceed system memory, and the fsspec project (fsspec developers, 2019) for
accessing data remotely. The latter was particularly leveraged in paper IV,
where terabyte-scale data was processed on-the-fly under constrained computa-
tional resources. The Zarr format (Zarr developers, 2015) also played a critical
role: its flexible compression capabilities reduced the storage footprint, which
exceeded 10 TiB on disk for papers III and IV, without sacrificing efficiency in
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data analysis.

Finally, the deep learning workflow relied on the PyTorch library (Paszke et
al., 2019) and its ecosystem, with the machine learning tasks generally executed
on a local high-performance computing cluster. Within this environment,
the integration of more modern GPUs accelerated the research by reducing
computation time. For example, while NVIDIA V100 GPUs were used for
training in paper II, NVIDIA A100 GPUs became available for all subsequent
papers; the latter offer more compute capability and provide a higher data
transfer rate. This increased bandwidth was particularly advantageous when
producing the extensive data records used in papers III and IV.



5 Summary of the papers

The papers appended to this thesis establish two sets of contributions, both
grounded in deep learning applied to geostationary infrared observations but
addressing distinct hydrometeor types. The first set targets frozen hydrometeors
and clouds. Paper I motivated the development of the Chalmers Cloud Ice
Climatology, which is introduced and characterized in papers II-TV. The second
set targets precipitation: paper V introduces Rain over Africa, a precipitation
retrieval algorithm for the African continent. This chapter summarizes each
paper and closes with an overview of their combined contribution to the
scientific field. Practical applications and further research enabled by these
works are discussed in chapter 6.

5.1 The Chalmers Cloud Ice Climatology

Figure 5.1 illustrates the scope and main targets of papers I-IV. The four papers
progress from a regional exploratory study to a quasi-global, multidecadal
retrieval algorithm and dataset.

Papers on clouds and frozen hydrometeors

Paper II1
Focus: 1

e Assess CCIC’s long-term stability
e Compare with other long-term datasets of IWP
Paper II: “CCIC” Highlighted finding: CCIC is the most accurate
Input: GEO .gridded data Aamong the datasets compared

Applicability: 1980 — present

Principal retrieval targets: IWP, IWC Satellite used:

Focus: Appli t

e Offering a large temporal coverage Paper I Pris
e Vertically-resolved retrievals Foc
e Extensive validation o\

Highlighted finding o Channel selection
— skilful IR-only vertical retrievals Highlighted finding
— skilful IR-only retrievals
Focus: Paper IV
e Fine-tuning CCIC from paper II
e Comparing cloud cover trends with ERA5
Highlighted finding:
— Detection sensitivity can explain inconsistent trends

Figure 5.1: Summary of appended papers targeting retrievals of clouds or frozen
hydrometeors. The colours indicate the regions covered by the papers.
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5.1.1 Precursor work

Paper I proposes retrieving IWP from geostationary imagery using QRNNs
trained against CloudSat-CALIPSO IWP retrievals. The study focuses on
tropical Africa, using SEVIRI data as input. Due to the training and evaluation
period chosen, only Meteosat-9 imagery was used, but since all MSG satellites
carry SEVIRI replicas, the approach should generalize to any MSG satellite.

Five neural network configurations were compared by varying the input
channels and architecture. Three pixelwise MLPs, differing only in their
spectral inputs, were trained on daytime observations: a network using all 11
visible and IR channels performed best, though IR-only models followed closely.
This strong IR-only performance motivated retraining on both daytime and
nighttime data, with comparable results. Finally, a CNN trained on the same
IR inputs generally produced more satisfactory retrievals.

Subsequently, the CNN retrievals were compared with physics-based re-
trievals from a publicly available dataset, also derived from Meteosat-9. Un-
surprisingly, the CNN reproduced CloudSat-CALIPSO retrievals more closely.
Diurnal cycles were also examined, and the patterns between the two approaches
generally agreed, though they differed in IWP magnitude. Importantly, by
relying solely on thermal infrared radiances, the CNN provides retrievals during
nighttime, closing the gap left by the physics-based approach (section 3.1.2).

Paper I also explores retrieving the mean mass size and mean mass height
of the frozen hydrometeor column, hinting at the possibility of resolving
the vertical distribution of frozen hydrometeor mass. Overall, the paper
demonstrates that deep learning can retrieve IWP from geostationary satellite
infrared observations even with a limited number of channels.

5.1.2 Retrieval development

Figure 5.1 highlights a limitation of paper I: its geographically limited coverage.
Paper II extends the scope to quasi-global coverage, constrained only by the
combined field of view of geostationary satellites. This broader scope relies
on two complementary datasets of globally gridded geostationary satellite
observations, GridSat and CPCIR (section 2.4.3.2), which also span a longer
time period, with one extending back to 1980.

Extending coverage introduces a challenge: harmonizing spectral informa-
tion across different satellites. Since the 11 pm channel is the only one common
to both input datasets, paper II uses it as the sole input to a CNN, building
on the strong IR-only performance demonstrated in paper I. The outputs of
this network constitute the Chalmers Cloud Ice Climatology (CCIC).

CCIC retrieves not only IWP, but also cloud probabilities. Moreover, CCIC
retrieves IWC and vertically-resolved cloud classes, uncommon for geostationary
imagery. All target variables in paper II were trained against CloudSat-derived
products, using quantile regression for continuous variables and cross-entropy
minimization for classification. The evaluation shows that CCIC-retrieved IWP
correlates well with CloudSat-retrieved IWP, as do the corresponding zonal
means. The vertically-resolved retrievals perform somewhat worse, though this
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is unsurprising given the inherently greater complexity in the vertical dimension.
Nevertheless, as the first long-term dataset to provide such vertically-resolved
retrievals from 11 pm data, the results exceeded expectations. The CCIC
characterization goes beyond the held-out test dataset to include independent
measurements from flight campaigns and a ground-based cloud radar outside
the training period, showing reasonable agreement.

Paper III extends the characterization of CCIC by evaluating its IWP
estimates against those from 2C-ICE and DARDAR (section 2.4.1) over the
entire CloudSat-CALIPSO mission lifetime. Moreover, it compares the full
CCIC IWP record through 2023 with three other long-term observational
datasets, namely ISCCP (H-series dataset Knapp et al., 2016), PATMOS-x
(Foster et al., 2021), and MODIS (daily gridded level 3 product Platnick, 2019),
as well as ERAD reanalysis data (Hersbach et al., 2020). The results show
that CCIC generally provides the most accurate IWP estimates relative to the
CloudSat-CALIPSO reference data, thus demonstrating its long-term stability.
Although absolute global IWP estimates differ substantially across datasets,
they agree on key structural features. Trends over 20 years reveal consistent
interannual variability between CCIC and most other datasets, though this
consistency weakens over 40-year trends: the competing datasets exhibit clear
artefacts or apparent biases, and while CCIC also shows some artefacts, they
are directly traceable to the input data.

A limitation of papers IT and III is that cloud probability retrievals were not
a primary focus. Moreover, the original cloud probability outputs were trained
on radar-only data which did not capture the thinnest clouds (cf. section 2.1),
resulting in an incomplete cloud description. Figure 5.2 illustrates this by com-
paring radar-only with combined radar-lidar retrievals. Paper IV addresses these
limitations by updating the cloud mask and cloud class training labels originally
extracted from the 2B-CLDCLASS product with 2B-CLDCLASS-LIDAR data,
and fine-tuning only the network heads corresponding to cloud probabilities.
This update also underscores that CCIC is applicable to all cloud types, not
only ice clouds; the name reflects its principal target, not its full scope. The
evaluation in paper IV follows the same approach as paper II, with results
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Figure 5.2: Comparison of cloud classification products for a fraction of a CloudSat
orbit. The comparison illustrates the enhanced sensitivity of the radar-lidar product
(2B-CLDCLASS-LIDAR) in capturing thin cloud layers, particularly cirrus, which
are often missed by radar-only retrievals (2B-CLDCLASS).
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consistent with the revised training labels, while also expanding on the vertical
characterization of CCIC for cloud probabilities.

Paper IV further analyses cloud cover trends stratified by altitude. Ex-
isting long-term observational datasets providing stratified cloud cover, such
as CLARA-A3 (Karlsson et al., 2023), report only the topmost cloud layer,
missing clouds hidden beneath. Addressing this gap, the paper compares
CCIC, the first long-term observational dataset providing retrievals in mul-
tilayer cloud scenarios, with ERA5 at different levels across more than four
decades. Both datasets agree on a general decline in total cloud cover over the
past two decades, though ERA5 exhibits an abrupt increase around the year
2000. CCIC reproduces this pattern under a specific retrieval configuration,
and its flexibility allows this discrepancy to be reconciled by adjusting the
cloud-detection sensitivity. This suggests that thin clouds can explain the
discrepancies, at least in CCIC trends. This reconciliation is also evident in
local trends computed over a 30-year period.

5.2 Rain over Africa

Accurate estimation of precipitation is a critical societal challenge, as it directly
impacts water resources, agriculture, and more generally, disaster preparedness.
Despite its importance, timely and reliable rain rate data remains scarce across
Africa. Existing datasets, such as IMERG (Huffman et al., 2023), are well
established but suffer from high latency. The Rain over Africa (RoA) project
aims to fill these gaps by providing timely and reliable precipitation data.

Paper V introduces the RoA retrieval, a QRNN that provides instantaneous
rain rate estimates for Africa using all SEVIRI thermal infrared channels
as input to a CNN. The network was trained against retrievals from the
GPM 2BCMB data product (Olson, 2022), which integrates passive MW and
radar measurements (section 2.4.2). Training was conducted with Meteosat-11
data between 2018 and 2021, but the evaluation used observations from 2023
predominantly from Meteosat-10, thus providing a more rigorous assessment of
RoA’s generalization ability.

The paper also compares RoA with both the final and IR~only versions
of IMERG. This comparison demonstrates that IMERG IR-only performs
considerably worse than RoA, even though both products rely on the same geo-
stationary satellite. Although RoA and IMERG are comparable across several
metrics, RoA exhibits higher fidelity to GPM 2BCMB in terms of effective spa-
tial resolution over land, while IMERG maintains an advantage over the ocean.
This disparity is attributed to the complex microwave emissivity of different sur-
face types (section 2.1.2.1). Further comparisons of annual mean distributions
show that RoA maintains closer agreement with the GPM 2BCMB mean.

A key advantage of RoA over established products is its timeliness. While
the final version of IMERG requires several months to be produced, paper V
demonstrates that RoA estimates can be generated in less than a minute
after the dissemination of a Meteosat input image, using the accompanying
open-source RoA code. Furthermore, since the RoA retrieval consists of a
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QRNN, it enables probabilistic statements regarding extreme rainfall events,
which are critical for flood and drought risk management.

5.3 Contributions to the research field

This thesis advances the application of machine learning in atmospheric remote
sensing, specifically by leveraging geostationary satellite data to close existing
gaps in hydrometeor observations. While geostationary platforms provide dec-
ades of continuous spatial and temporal coverage, their spectral characteristics
have historically limited the accuracy or availability of cloud and precipitation
retrievals. This thesis work challenges these limitations by demonstrating that
deep learning architectures can enable IR-only retrievals that are competitive
with, and in specific contexts exceed, the performance of established products.

A primary contribution of this research is CCIC, which, by exploiting
the full geostationary record, provides the first quasi-global, 3D estimates of
frozen hydrometeors and cloud probabilities continuous in time over more than
four decades. Expanding the same methodological framework to precipitation,
this thesis also introduces RoA, a retrieval algorithm for Africa that remains
highly competitive with established products such as IMERG. Crucially, RoA
provides probabilistic estimates that are timely, adding another dimension for
risk mitigation at minimal computational cost.

This thesis is also committed to open and accessible science. Both CCIC
and RoA are available as open-source software. High-performance computing
resources are beneficial for processing the vast volumes of satellite data involved.
Nevertheless, the software can be executed on any modern workstation. The
corresponding datasets have likewise been made publicly available: at the
time of writing (May 2026), the Registry of Open Data on Amazon Web
Services hosts both CCIC (https://registry.opendata.aws/ccic) and RoA
(https://registry.opendata.aws/roa) with cloud-optimized access. A more
complete CCIC record, updated monthly, is additionally available at https:
//clouds-and-precip.group/datasets/ccic, while RoA is also distributed
through third parties, as discussed later in section 6.1. Together, these efforts
lower the barrier to adoption and aim to make the contributions of this thesis
directly usable by the scientific community.

Ultimately, the developments presented here stand to influence established
retrieval frameworks, support new research through the released datasets, and
complement retrievals from upcoming mission-specific satellite instruments.
Chapter 6 illustrates several such applications.


https://registry.opendata.aws/ccic
https://registry.opendata.aws/roa
https://clouds-and-precip.group/datasets/ccic
https://clouds-and-precip.group/datasets/ccic
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6 Downstream applications

The value of the open-access tools and datasets developed in this thesis lies in
the new scientific capabilities they enable. As demonstrated in this chapter,
both local and external research groups are already utilizing RoA and CCIC to
facilitate downstream applications that were previously difficult or impossible.
This ongoing work illustrates how the outputs of this thesis contribute to
closing spatiotemporal gaps in hydrometeor retrievals.

6.1 Towards early
warnings in Africa

A notable use of RoA has come through its
adoption in the Weather and Climate Inform-
ation Services programme’s Early Warnings
for Southern Africa project (WISER-EWSA,
wiser-ewsa.org), which aims to ensure that
urban communities in southern Africa receive
early weather warnings and know how to act
on them. To this end, the project works
with regional meteorological agencies and non-
governmental organizations to co-produce
nowcasting tools with community feedback.
As part of its activities, WISER-EWSA
conducted two testbeds (e.g., Ageet et al.,
2024; San Roman Pineda et al., 2025): short,
intensive campaigns that brought together
key stakeholders to evaluate new tools in
real time. The testbeds evaluated RoA
alongside other nowcasting and forecasting
products, with the project team eventually
running their own implementation of the
RoA code; a catalogue of RoA retrievals
produced by WISER-EWSA is available at
https://science.ncas.ac.uk/wiserewsa.
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Figure 6.1: Screenshot of
https://africa-hydrology.ceh.
ac.uk/nowcasting (May 2026).

Using data shared under the

WISER-EWSA project, Ageet et al. (2026) evaluate RoA and other precipitation
products against sub-hourly rain gauge measurements, finding that RoA gener-
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ally outperforms the alternatives across most metrics, even for accumulations
over eight hours. Demonstrating further adoption, the UK Centre for Ecology &
Hydrology also provides RoA estimates in near real time, as shown in fig. 6.1.

In a separate effort, RoA has been included in ongoing research on soil
moisture assessment. Ahmad et al. (2026, in preparation) evaluate medium-
resolution (0.1°) soil moisture datasets developed under ESA’s Climate Change
Initiative, using daytime land surface temperature as a proxy for spatial
variability in soil moisture. Among the datasets evaluated, only the soil
moisture derived from ASCAT (a spaceborne 5.255 GHz radar) significantly
captured spatial variability in land surface temperature at medium resolution.
ASCAT soil moisture at 0.1° is then used to rank precipitation products based
on the correlation between soil moisture and accumulated rainfall patterns at
sub-daily timescales. In this ranking, RoA outperformed the other products,
including IMERG and ERAS5-Land.

6.2 Benchmark for atmospheric models

CCIC’s combination of multidecadal coverage with half-hourly, quasi-global
coverage has made it a reference dataset for evaluating not only reanalysis data
but also atmospheric models down to the km-scale. The works below illustrate
a range of applications CCIC can cover.

Deutloff et al. (2026a) identified a previously unrecognized positive climate
feedback using km-scale simulations: surface warming causes a partial shift of
tropical deep convective clouds from daytime to nighttime, reducing sunlight
reflection and amplifying the warming. Deutloff et al. (2026b) recently tested
this prediction using CCIC’s multi-decadal, diurnally continuous IWP record,
and derived a global feedback of +0.12+0.02 W m—2 K~!, which is comparable
in magnitude to other cloud feedbacks and implies a higher climate sensitivity.

Building on Leko (2025), Leko et al. (2026, in preparation) analyse the agree-
ment of CCIC, ERA5, IMERG, and the km-scale models from the DYAMOND
intercomparison project (Stevens et al., 2019). As a novel application of CCIC,
Leko et al. not only compare IWP estimates across the datasets, but also
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Figure 6.2: Harmonic-fitted diurnal amplitude and peak time of IWP for CCIC and
the DYAMOND multi-model average. Adapted from Leko (2025), with permission.
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the high cloud cover following the update in paper IV. Specifically, the study
examines how these quantities vary geographically and covary, together with
precipitation, throughout the day across six tropical regions.

The covariance between IWP and precipitation further allows for the estim-
ation of precipitation efficiency. While strictly defined as the ratio of surface
precipitation to the rate of new hydrometeor mass forming from water vapour,
an approximation can be derived by replacing the denominator with the tem-
poral rate of change of IWP (Kukulies et al., 2024). Kukulies et al. (2026)
exploit the high temporal resolution of the CCIC IWP alongside this formu-
lation to assess how well a km-scale model simulation estimates precipitation
efficiency for six storm types over the contiguous United States. CCIC IWP
estimates have also been used over the Asian monsoon region as a robustness
check on precipitation efficiency derived from IMERG and ERA5 (Makgoale
et al., 2026).

In a different setting, CCIC has provided the observational reference for
evaluating simulated IWP in a km-scale model simulation of an Arctic marine
cold-air outbreak (Lin et al., 2026). For this application, the spatiotempor-
ally continuous coverage of CCIC complemented the limited sampling of the
CloudSat-based reference.

Finally, Eriksson et al. (2026) leverage CCIC in three distinct roles. First,
it is used in a cross-comparison of CloudSat-derived estimates given by 2C-ICE,
DARDAR, and inversions with the Atmospheric Radiative Transfer Simulator
(Buehler et al., 2025), extending the evaluation work presented in this thesis.
The two other roles are oriented towards model evaluation. On the one hand,
CCIC’s multidecadal record serves as the observational benchmark against
which climate models are evaluated, specifically for the annual cycle of IWP. On
the other hand, CCIC is used to evaluate km-scale models from DYAMOND,
with an emphasis on characterizing the spatial organization of convection, as
well as the diurnal cycle, number, and size of convective cores, with the latter
two shown in fig. 6.3.
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Figure 6.3: Number (left) and size (right) of tropical convective cores from CCIC
and DYAMOND models; figs. 13 and 14 from Eriksson et al. (2026, CC BY 4.0).
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6.3 Baseline for new satellite products

In a parallel role, CCIC provides the necessary data to support the evaluation of
new IWP retrievals. The following two examples demonstrate this application.

Operational since 2025, the Arctic Weather Satellite (AWS, Eriksson et al.,
2025) is the prototype for the upcoming EPS Sterna constellation. For the first
time in an operational setting, AWS provides sub-millimetre (above 300 GHz)
observations in addition to MW information. Building on these new obser-
vations, McEvoy et al. (2026) present the Chalmers Hydrometeor Inversion
Product from AWS (CHIP-AWS), which currently retrieves IWP using a QRNN.
CCIC, in turn, provides an IWP dataset independent of CHIP-AWS, since the
latter is trained against radiative transfer simulations. Given its sub-millimetre
channels, CHIP-AWS can achieve higher accuracy at larger IWP values. Fur-
thermore, it resolves finer-scale features than CCIC, due to its instrument
characteristics and retrieval design. Figure 6.4 illustrates both this difference in
resolution and a strength of CCIC: the limited swath inherent to LEO platforms
leaves gaps in the scene that CCIC’s geostationary-based retrieval naturally fills.

CCIC’s quasi-global continuous coverage, ensuring overlap with LEO plat-
forms, is also leveraged in the evaluation of FYAI (Yang et al., 2026), a new
dataset of IWP estimates derived from MW observations acquired by the
Fengyun-3 satellites. Given their shared reliance on a QRNN trained against
2C-ICE, the value of CCIC here lies in providing an additional observational
dataset for assessing the performance of FYAI during a tropical cyclone overpass.
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Figure 6.4: IWP estimates for the same scene. The dotted outline in (a) indicates
the AWS swath footprint; regions outside the swath are not retrieved by CHIP-AWS
but are covered by CCIC. Adapted from McEvoy et al. (2026), with permission.



7 Outlook

Building on the retrievals and datasets presented here, this chapter outlines
several research directions to further develop them, together with challenges that
remain open. These topics span more advanced algorithms, the downstream
use of the probabilistic outputs, and the maintenance of the large data records.

A fundamental question is whether more advanced ML approaches will
substantially improve the retrievals. Although the models are ultimately
constrained by physics and cannot be expected to overcome irreducible un-
certainties, extensions of the methods suggest the answer may be affirmative.
Two directions are particularly relevant.

First, the temporal continuity that distinguishes geostationary observations
is unexploited by the networks developed here, which process each image
independently. Informing the models of the preceding state of the atmosphere
would provide a basis for the networks to capture dynamics of atmospheric
systems, such as the evolution and trajectory of deep convective systems,
potentially reducing retrieval uncertainties.

Second, as discussed in section 4.2.1, the quantile regression approach
adopted here describes only the marginal distributions of the output variables,
not the correlations between them. One line of research is therefore to explore
statistical learning methods capable of approximating their joint distribution.
Capturing the dependency between spatially adjacent outputs would, moreover,
make it possible to determine a case-specific effective resolution of the retrievals.

Even without further algorithmic development, the practical application of
the current probabilistic outputs presents an unexploited opportunity. While
the retrievals presented here output full probability distributions, in practice
they are reduced to their expected values, both within this thesis and in
downstream applications. Making use of this information requires addressing
research questions where retrieval uncertainty itself is not only a statistic, but
constitutes the core of the answer.

For the datasets produced in this thesis to deliver lasting value to the
scientific community, they must be both maintained and extended as new
observations become available. This poses processing and long-term storage
challenges; these terabyte-scale datasets exceed what standard repositories
such as Zenodo offer. To date, the distribution of CCIC has relied on a time-
limited industry sponsorship, complemented by a self-managed solution. A
truly sustainable solution requires a robust and durable infrastructure, ideally
managed by organizations with the capacity to keep such large data records
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openly accessible over the long term. Furthermore, it is unrealistic to leave the
processing burden to researchers simply because the code and input data are
available, particularly given the relatively small community working on such
problems. Consequently, the extension of the datasets calls for an operational
pipeline, ideally hosted by those with the capacity to do so.

The extension of the datasets also matters in light of new and upcoming
missions, such as EarthCARE (Illingworth et al., 2015) or the imminent Ice
Cloud Imager on MetOp-SG (Eriksson et al., 2020). These satellites will
narrow existing observational gaps, but will not entirely close them. Retrievals
from geostationary radiances will thus remain complementary, providing the
spatiotemporal continuity and long record that these LEO platforms cannot
offer.
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