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Abstract

Convective clouds are key players in the climate system of the Earth. They influence both in-

coming solar and outgoing terrestrial radiation, and they regulate the hydrological cycle through

complex feedback mechanisms. Despite their importance, clouds remain one of the largest sources

of uncertainty in climate models — posing persistent challenges to scientists around the globe.

Among all cloud types, convective systems stand out due to their ability to evolve rapidly from

harmless cumulus clouds into intense thunderstorms. Accurately predicting this evolution is vital

for effective risk assessment and mitigation — especially as extreme weather events are expected

to occur more frequently in a warming world.

Satellite observations offer profound insights into the behavior of convective clouds. Although the

volume of satellite data has grown tremendously in recent decades, extracting meaningful patterns

from these large and complex datasets remains a daunting task. However, recent advances in

machine learning have introduced new tools that can help address this challenge. While satellite

data often lack fine vertical resolution or have limited temporal coverage, machine learning tech-

niques allow to bridge these gaps, revealing previously hidden patterns associated to the dynamic

evolution of cloud systems.

This thesis addresses current challenges by developing a machine learning framework that com-

bines multiple satellite datasets to improve our understanding of convective clouds. Specifically,

it uses 2D imagery from the geostationary MSG SEVIRI satellite to predict 3D cloud structures

as observed by the CloudSat cloud profiling radar, which provides 2D vertical cross-sections of

the radar reflectivity. This approach helps overcome current limitations in vertical cloud profiling.

The model evaluation demonstrates that it can accurately reconstruct both the vertical structure

and the distribution of hydrometeors. By leveraging the high spatial and temporal resolution of

MSG SEVIRI alongside the vertical detail from CloudSat, this method considerably enhances the

availability of 3D cloud structures across broad regions on Earth.

Building on this foundation, the thesis applies the predicted 3D cloud fields to investigate tropical

convective cloud behavior, with a focus on the role of convective cores and large-scale spatial

clustering in shaping cloud structure. An adapted, object-based detection algorithm first identifies

individual cloud objects and their cores, then tracks their evolution over time. This method

may provide detailed insights into how cores influence the 3D structure of clouds and how such

patterns relate to broader phenomena — such as convective organisation, a process closely tied to

extreme weather events. The findings also reveal connections between cloud morphology, convective

clustering, and larger-scale atmospheric dynamics, including the seasonal migration of the ITCZ.

Although this work centers on convective clouds, the machine learning framework developed here

has broader applicability for questions related to atmospheric and climate sciences. By improving

access to high-resolution, 3D atmospheric structures, it offers valuable tools for a wide range of

studies on cloud processes — and lays the groundwork for supporting a more accurate assessment

of climate-related risks in the future.
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Zusammenfassung

Konvektive Wolken spielen eine zentrale Rolle im Klimasystem der Erde. Über ihre Feedback-

Mechanismen beeinflussen sie sowohl die solare und terrestrische Strahlung als auch den globa-

len Wasserkreislauf. Trotz zahlreicher Studien bleiben Wolken eine der größten Unsicherheiten in

Klimamodellen und stellen die Wissenschaft weiterhin vor große Herausforderungen. Besonders

konvektive Wolken, die im Mittelpunkt dieser Arbeit stehen, bergen Risiken – vor allem durch ihre

Fähigkeit, sich schnell von harmlosen Kumuluswolken zu schweren Gewittern zu entwickeln. Eine

zuverlässige Vorhersage ist daher unerlässlich, gerade angesichts der Zunahme extremer Wetterer-

eignisse im Zuge des Klimawandels.

Satellitendaten bieten herausragende Möglichkeiten, das Verhalten konvektiver Wolken besser zu

verstehen. Zwar sind die Archive satellitengestützter Beobachtungen in den letzten Jahrzehnten

massiv gewachsen, doch es bleibt herausfordernd, aus diesen komplexen Datensätzen verlässliche

Erkenntnisse zu gewinnen. Fortschritte im Bereich des maschinellen Lernens – besonders in den

letzten zehn Jahren – eröffnen hier neue Perspektiven. Solche Verfahren können helfen, typi-

sche Schwächen satellitengestützter Messungen, etwa eine eingeschränkte vertikale Auflösung oder

begrenzte zeitliche Abdeckung, auszugleichen. Durch die Erkennung bisher verborgener Muster

ermöglichen sie es, die Dynamik von Wolkenbildung und -entwicklung detaillierter zu erfassen.

Ziel dieser Arbeit ist es, unser Verständnis konvektiver Wolken mithilfe eines maschinellen Lernan-

satzes zu vertiefen, der verschiedene Satellitendaten kombiniert. Konkret werden zweidimensionale

Bilder des geostationären MSG SEVIRI Satelliten verwendet, um daraus dreidimensionale Wolken-

strukturen vorherzusagen, wie sie vom CloudSat-Radar in Form vertikaler Querschnitte gemessen

werden. Dieser Ansatz trägt dazu bei, bestehende Lücken im Bereich vertikaler Wolkenprofile zu

schließen. Die Ergebnisse zeigen, dass das Modell sowohl die vertikale Struktur als auch die hori-

zontale Verteilung von Hydrometeoren zuverlässig rekonstruieren und in die Fläche extrapolieren

kann. Durch die Verbindung der hohen zeitlich-räumlichen Auflösung von MSG SEVIRI mit der

vertikalen Detailtiefe von CloudSat kann die räumliche Abdeckung dreidimensionaler Wolkenstruk-

turen verbessert werden.

Mit Hilfe dieser Datensätze untersucht die Arbeit weiterhin das Verhalten konvektiver Wolken in

den Tropen – mit besonderem Fokus auf die Rolle konvektiver Kernregionen sowie die Auswir-

kungen großräumiger Clusterbildung auf die 3D-Struktur von Wolken. Ein objektbasiertes Erken-

nungsverfahren identifiziert einzelne Wolken und ihre zugehörigen Kernregionen und verfolgt deren

Entwicklung über die Zeit. So lassen sich präzise Rückschlüsse auf den Einfluss der konvektiven

Kerne auf die dreidimensionale Struktur ziehen. Darüber hinaus wird untersucht, wie diese Mu-

ster mit großskaligen Phänomenen wie dem räumlichen Organisationsverhalten korrelieren – einem

Prozess, der häufig mit extremem Wetter in Verbindung gebracht wird. Die Ergebnisse verdeut-

lichen Zusammenhänge zwischen Wolkenstruktur, verstärkter Clusterbildung und großräumigen

Dynamiken wie der saisonalen Verlagerung der ITCZ.

Obwohl sich die Arbeit auf konvektive Wolken konzentriert, besitzt das entwickelte maschinelle

Lernverfahren vielfältige Anwendungsmöglichkeiten. Die verbesserte Verfügbarkeit detaillierter 3D-

Atmosphärenstrukturen kann künftige Studien zu Wolkenprozessen maßgeblich unterstützen – und

damit einen Beitrag zu einer robusten Bewertung klimabedingter Risiken leisten.
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1 Introduction

1 Introduction

Motivation

Clouds are fundamental to the climate system of the Earth - they regulate the planet’s radiative

balance, shape the hydrological cycle, and influence climate dynamics across a range of spatial

and temporal scales (e.g., Emanuel et al., 1994; Grabowski and Petch, 2009; Stevens, 2005).

Despite major strides in understanding anthropogenic climate change, clouds remain one of the

most persistent sources of uncertainty in climate models (e.g., Bony et al., 2015; Sherwood et al.,

2020; Rolnick et al., 2022).

A key challenge lies in an accurate representation of processes at the convective scale (Gentine

et al., 2018). Convective cloud systems, in particular, pose substantial risks to both ecosystems

and human communities, often triggering extreme weather events such as intense winds, heavy

rainfall, hail, and flash floods (Tippett et al., 2015). These phenomena result in significant loss of

life and property every year. Between 1980 and 2020, meteorological and hydrological events were

responsible for up to 10,000 deaths and an estimated €346–400 billion in damages across Europe

alone (European Environment Agency, 2024). As such, accurately simulating cloud behavior is

not only a scientific imperative - according to the Intergovernmental Panel on Climate Change

(IPCC), it is also essential for mitigating the societal and environmental impacts of a warming

world (Seneviratne et al., 2012).

To support climate adaptation strategies, researchers rely on a variety of data sources (Houze,

2018). In situ measurements offer high-resolution insights into atmospheric processes but are

limited in both spatial and temporal coverage. Ground-based observations provide continuous

time series yet remain geographically sparse, especially over oceanic regions. Satellite-based remote

sensing, which is the focus of this thesis, addresses these limitations by offering near-global coverage

with high spatial and temporal resolution (Young et al., 1998). The data allow monitoring the

life-cycle of convective systems - from small cumulus clouds to intense thunderstorms - thereby

helping us to understand cloud dynamics within the climate system.

Since the advent of operational satellite missions in the 1960s, the volume of atmospheric data

has grown exponentially. However, extracting meaningful insights from these vast and complex

data remains a challenge. The atmosphere is a highly dynamic and chaotic system, and even with

abundant data, issues of coverage and quality can complicate analysis (Reichstein et al., 2019).

To address these hurdles, atmospheric scientists are increasingly adopting tools from computer

science. Among these, machine learning (ML) - and particularly deep learning (DL) - has emerged

as a powerful approach for modeling complex, non-linear relationships in heterogeneous datasets

(e.g., Beucler et al., 2024; Boukabara et al., 2019; Ebert-Uphoff and Hilburn, 2020). Owing to

its flexibility and efficiency, ML is now a valuable tool in atmospheric and climate research (Rasp

et al., 2018), enhancing predictive capabilities while often reducing computational costs compared

to traditional modeling methods (Camps-Valls et al., 2014). By integrating diverse observational

platforms and leveraging advanced data-driven techniques, researchers may continually improve our

understanding of cloud behavior and its interactions with the climate. These efforts are crucial -

not only for refining climate projections and improving weather forecasts, but also for strengthening

societal resilience in the face of increasingly frequent and severe weather events.
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1 Introduction

Central objectives

This thesis aims to contribute to an advanced understanding of convective cloud behavior, which is

crucial to assess climate risk around the globe. Specifically, the project explores how ML techniques

may be leveraged to predict the three-dimensional (3D) structure of cloud systems from two-

dimensional (2D) observational data. For instance, a focus lies on effectively using satellite data

from active and passive remote sensing instruments to reconstruct the 3D cloud field, capturing

both the horizontal spread and vertical evolution of individual clouds.

Following, the research is structured around three main objectives:

• Reconstruction of a 3D cloud field : The first objective involves designing and training a ML

framework to infer contiguous 3D cloud structures from multi-sensor 2D satellite data, which

may provide a more comprehensive view of cloud morphology than traditional approaches.

• Identifying convective systems and their cloud life-cycle: The second objective focuses on

developing an object-based algorithm to detect and track convective cloud systems within

the reconstructed 3D cloud field. By distinguishing between cloud and core regions, the study

compares the development and life-cycle of convective cells from different convective regimes.

• Analysing spatio-temporal patterns of convective organisation: The third objective examines

the spatial clustering among cloud objects, investigating a process known as “convective

organisation”. It aims on revealing how cloud properties relate to observed patterns of

organisation. Special attention is given to understanding regional variations in convective

organisation across tropical regions.

Together, these objectives may help to provide a novel perspective on studying cloud systems,

based on a synergistic integration of open available observational data from multiple sensors. The

results potentially offer new insights into the spatio-temporal variability of cloud structures, cloud

development, and large-scale cloud organisation.

Structure of the thesis

This thesis provides an introduction to the topic, the key scientific objectives, and the structure of

the thesis in Sect. 1, whereas Sect. 2 comprises the scientific background of the thesis. Section 2.1

describes the development of convective clouds and their role in the climate system. In Sect 2.2

and Sect. 2.3, the thesis provides an overview about principles of satellite-based remote sensing

and the application of ML techniques, in particular in a meteorological context. Section 3 contains

the results of the thesis. Section 3.2 has been published by the journal Atmospheric Measurement

Techniques. It focuses on the first objective, dealing with a ML-based extrapolation of a contiguous

3D cloud field from 2D data. Section 3.3 is accepted for publication by the journal Atmospheric

Chemistry and Physics. It presents the results for the second objective including the approach

to detect and track convective clouds and their associated core regions in the predicted 3D field.

The analysis focuses on the life-cycle and 3D properties of identified cloud objects. Likewise, Sect.

3.4 is accepted for publication by the journal Atmospheric Chemistry and Physics. The study is

based on data from Sects. 3.2 and 3.3 and sheds a light on the third objective, which revolves

around characterising regional patterns of convective organisation. The main conclusions, further

challenges, and implications of this thesis are highlighted in Sect. 4.

2



2 Scientific background

2 Scientific background

About 67 % of the Earth’s surface is covered by clouds at all times (King et al., 2013), making

them one of the most prominent visible features of our atmosphere. They form when warm,

moist air rises, cools, and condenses into water droplets (Stevens, 2005). Clouds come in a great

variety of shapes and sizes along both the spatial and temporal scale. For example, on a hot

summer day, the formation of shallow cumulus clouds is often followed by deep and precipitating

convective clouds. Due to their ubiquitous occurrence, clouds play a critical role in shaping global

weather and climate. They are accompanied by complex atmospheric and terrestrial feedback

mechanisms which may alter precipitation patterns and large-scale weather dynamics (Grabowski

and Petch, 2009). Given their profound impact on both natural ecosystems and human activities,

understanding and accurately simulating cloud behavior is of vital importance.

2.1 Clouds in the climate system

Clouds may reflect, absorb, or scatter incoming solar and terrestrial radiation. In the solar wave-

length regions, they cool the Earth by reflecting sunlight to space. In contrast, thermal wavelength

regions are connected to the enhanced warming of the earth as clouds absorb and re-emit the ra-

diation emitted by the surface and lower atmosphere (Wielicki et al., 1996). The cloud radiative

properties are inherently connected to the cloud type. Optically thick, low-level clouds usually

have a negative net radiative forcing as their thermal effect is small and reflection of solar radiance

dominates. In contrast, the net radiative effect of high-level clouds is often positive due to a sub-

stantial thermal contrast between them and the surface (Boucher, 1999; Schumann et al., 2012).

Monitoring clouds and quantifying their associated dynamics is essential to understand their role

in the weather and climate system. Despite the progress research has achieved in the last decades,

an insufficient representation of clouds in climate models may still considerably disturb the energy

balance of global climate models (Wilcox et al., 2023; Beucler et al., 2021).

2.1.1 Atmospheric convection

Atmospheric convection operates across a wide range of spatial and temporal scales and plays a

central role in the general circulation of the Earth. It facilitates the vertical transport of mass,

momentum, and energy needed to offset imbalances caused by net radiative fluxes (Hartmann et

al., 2019). For instance, convection can be defined as the vertical transport of sensible and latent

heat driven by an unstable air mass distribution (Emanuel et al., 1994). In principle, it occurs in

two forms: dry convection, which shapes the atmospheric boundary layer without cloud formation,

and moist convection, which relates to the visible convection process. The latter occurs when moist

air rises and cools adiabatically, gaining extra buoyancy from the release of latent heat (Figure

1). This additional supply of buoyancy is stored in the water vapour content, creating conditional

instability and fueling cloud development (Houze Jr., 2004). In the following sections, this thesis

will focus on moist convection as a fundamental driver of severe weather.

3
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Figure 1: A simplified schematic for the formation of moist convection under diabatic and adia-
batic conditions. Figure by the author based on Wielicki et al. (1996) and Emanuel et al. (1994).

2.1.2 Deep convective clouds

Clouds are not only integral to the large-scale atmospheric circulation but also influence the spatial

distribution, frequency, and intensity of precipitation (Nesbitt et al., 2006). Among them, deep

convective clouds are particularly important. Their formation and evolution are driven by moist

convection and the release of latent heat. These cloud systems feature towering vertical struc-

tures with one or more active convective cores, strong updrafts and low temperatures. At higher

altitudes, these updrafts often merge together inducing expansive anvil-shaped outflows near the

cloud top (Fan et al., 2013).

Formation of mesoscale convective systems

Deep convective clouds may frequently merge together into large-scale systems. A prominent

example of these are mesoscale convective systems (MCSs) - organised clusters of deep convection

that contribute substantially to total precipitation in the tropics and subtropical midlatitudes

(Aumann et al., 2018). These systems typically exhibit a horizontal extent exceeding 100 km in

at least one dimension and persist for several hours (Houze, 2018). MCSs consist of one or more

deep convective cores (hereafter: cores) embedded within extensive stratiform cloud regions. These

cores are characterised by intense updrafts, high rainfall rates, and radar reflectivities indicative of

strong convective activity, while the surrounding stratiform regions feature widespread moderate

precipitation and extensive anvil cloud coverage (Leary and Houze, 1979). The vertical heating

profiles associated with MCSs strongly influence large-scale circulations, including the Hadley

and Walker cells. In the tropics, MCSs are the dominant contributors to latent heat release

and significantly modulate the cloud radiative forcing, particularly through longwave cloud-top

emissions and shortwave cloud albedo effects (Wilcox and Ramanathan, 2001). The temporal

scale of extreme precipitation is closely tied to the structural and dynamical characteristics of

convective systems. Short-duration extremes (e.g., flash floods) are often associated with isolated

4



2 Scientific background

or small-scale convective cells exhibiting high rainfall intensity and rapid development. In contrast,

longer-duration events are typically linked to larger MCSs with prolonged lifespans and sustained

moisture convergence. Hence, it is essential to understand the spatio-temporal distribution and

variability of convective systems.

Convective clusters, such as MCSs, are frequently associated with hazardous weather, including

hail, damaging winds, and tornadoes (Houze Jr., 2004). Here, thunderstorms display a particular

threat. A thunderstorm is a specific type of MCS (Zipser and Liu, 2021; Lafore and Moncrieff,

1989), which requires sufficient moisture in the air, unstable air masses by a steep mid-tropospheric

lapse rate, and a lifting force (Doswell III, 2001). They can be classified by their physical charac-

teristics, such as the presence or absence of rotation, their anvil size, the number of locations of

updrafts and downdrafts, or the occurrence of overshooting tops that penetrate the upper cloud

layer (Figure 2). While single-cell thunderstorms are short-lived, typically lasting less than one

hour, multicell systems involve organised clusters that can persist for several hours (Chan et al.,

2023). Supercell thunderstorms, distinguished by their rotating updrafts (mesocyclones), are the

most intense and dangerous convective storms due to their rapid development and complex dy-

namics (Sieglaff et al., 2011).

Overshooting top

Anvil

Updraft

Figure 2: A cumulonimbus cloud recorded from the International Space Station (ISS) during the
Principia mission between December 2015 and June 2016. The image shows the morphology of
a mature thunderstorm including its updraft and anvil regions. Overshooting tops appear at the
central part of the anvil where strong updrafts cause to penetrate the cloud top layer. Figure by
the author, image credit: ESA/NASA/T. Peake.

The idealised life-cycle of a convective cloud follows three stages (Futyan and Genio, 2007). The

first stage, the development stage, is characterised by enhanced updrafts that lead to the vertical

growth of the cloud. Convective core regions start to form. They remain in the following maturity

stage while the cloud reaches its maximum vertical expansion. An intense outflow at the cloud

edges induces the formation of a stratiform cloud anvil. Ongoing updrafts may lead to the for-

mation of overshooting tops that penetrate through the upper cloud layer (Machado et al., 1998).

Downdrafts initiate the onset of precipitation, which is maintained in the following stage. During

this dissipation stage, enhanced downdrafts cause the cloud to fade out slowly (Figure 3).
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Figure 3: Simplified concept of the cloud life-cycle for an unicellular thunderstorm. It follows
three stages, which comprise: (a) the development stage, (b) the mature stage, and (c) the
dissipating stage. Figure by the author based on Doswell (1985) and Houze Jr. (1989).

Deep convection in the tropics

Overall, a high proportion of extreme events caused by convective activity is located in tropical and

subtropical regions (Wu, Dong, et al., 2020), particularly over continental regions during the sum-

mer months (Houze Jr., 2004). However, the intensity and spatial organisation of deep convection

are highly dependent on the surrounding dynamical and thermodynamic environment. Regional

variability arises from differences in land–sea contrast, topography, and atmospheric circulation

(Chen and Houze, 1997). Convective clouds over land are characterised by more rapid heating,

variable moisture availability, and strong diurnal forcing. Peak activity typically occurs in the late

afternoon and early evening when surface heating is at its maximum. For instance, orographic

features can trigger intense but short-lived convective events. In contrast, oceanic convection is

modulated by the ocean’s high heat capacity, abundant and consistent moisture supply, uniform

surface temperature, and large-scale atmospheric circulation patterns. These factors support more

persistent and widespread convective systems - which appear often enhanced at night due to ra-

diative cooling at the cloud top (e.g., Chen et al., 2021; Wu, Yuan, et al., 2020; Seidel et al.,

2008).

Impact of severe weather

Extreme weather events, such as convective thunderstorms, are often linked to specific cloud mi-

crophysical processes (Ashley et al., 2019). For instance, towering convective clouds with very

high cloud tops may transport near-surface hydrometeors and pollutants to the upper troposphere

and even to the tropopause (Jensen and Pfister, 2004), affecting the stratosphere-troposphere ex-

change (Holton et al., 1995; Sherwood and Dessler, 2000). Through their impact on atmospheric

conditions, convective storms may pose a peculiar threat to human health, infrastructure, and

ecosystems (Bouwer, 2019). Accurate forecasting, early warning, and effective mitigation rely on a

6



2 Scientific background

detailed understanding of their microphysical characteristics and dynamic interactions (Wilson and

Mueller, 1993). Despite advances in capturing the spatio-temporal variability of deep convection,

key mechanisms remain poorly understood (Kunz, 2007). In response, a mischaracterisation of

extreme events may continue to contribute to socio-economic and environmental damages around

the world (e.g., Zipser and Liu, 2021; Chan et al., 2023).

2.1.3 Convective organisation and self-aggregation

Although the term “convective organisation” has become increasingly popular among researchers,

it is often used vaguely. For example, Mapes and Neale (2011) broadly summarise convective organ-

isation as “non-randomness in meteorological fields in convecting regions”. The process describes

the spatial clustering of deep convective cells, which is ubiquitous throughout the atmosphere,

particularly in the tropics.

Based on this, clouds may appear in spatial patterns ranging from an unorganised or random to

organised state. In an unorganised state, the clouds should be randomly distributed in space where

their morphological and lifetime properties represent independent draws from the same probability

density function. In contrast, convective clusters are classified as organised when they show a

spatial or temporal correlation to other clouds (Muller et al., 2022). A spatial correlation arises

when the clouds’ positions are more clustered or regular than random. Moroever, a temporal

correlation occurs when unique timesteps are affected by the attributes of previously existing

convective cells (Bläckberg and Singh, 2022; Holloway, 2017). This organised state occurs on scales

ranging between 100–1000 km, comprising multiple types of convective systems such as single-cell

thunderstorms, linear squall lines, or mesoscale convective complexes (Tan et al., 2015). However,

investigating convective organisation from observational data remains challenging - there exists no

distinct quantification on how to identify and differentiate organisation. To this day, relatively

little is known about the relationship of convective organisation with the large-scale state of the

atmosphere. The morphological variability of convective organisation makes it hard to measure. In

response, previous studies have developed various metrics aiming towards a deeper understanding

about the underlying physical mechanisms. These indices analyse the spatial distribution of clouds

within a defined area, contributing to approximating the strength of spatial clustering within this

domain (Pscheidt et al., 2019).

In contrast, idealised model setups configured in radiative-convective equilibrium (RCE) may

demonstrate a large-scale clustering of convective clouds, which occurs on a timescale between

days and weeks (Wing, 2019). Despite homogeneous initial conditions, the domain eventually

gets separated into moist and dry regions, with convection confined to the moist regions and a sur-

rounding dry subsiding atmosphere (Hartmann et al., 1984). Studies suggest that an approximately

random distribution of convective cells starts to differentiate into convecting and non-convecting

regions that grow upscale over time (Figure 4). This process describing the transition from an

initially random state to an organised state is known as “self-aggregation” of convection (e.g.,

Bretherton et al., 2005; Held et al., 1993; Wing et al., 2017). Numerous studies have been able to

observe this process (e.g., Wing et al., 2018; Hohenegger et al., 2020; Tompkins, 2001). Research

emphasises that self-aggregation may be driven by either internal dynamics, like cold pools and

radiative feedback, or external forces, such as the land-sea-breeze and other large-scale flows (e.g.,
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Muller and Held, 2012; Haerter et al., 2019; Tompkins, 2001). Moreover, the feedback between

convection, surface fluxes, and radiation triggers and further drives aggregation (Windmiller and

Hohenegger, 2019).

(a) (b) (c)

Figure 4: Time series of the daily accumulated precipitation [mm d−1] from a model configured
in RCE, used as an approximation for cloud activity. The panels show the temporal dependency
of convective self-aggregation: While the spatial distribution of the clouds follows initially a more
random pattern at day 10 (a) and 20 (b), a single moist domain develops at day 50 (c), suggesting
a more organised state. Figure by the author, adapted from Bretherton et al. (2005).

These simulations induced new insights into how convection may interact with climate, e.g., helping

to explain influences on the width and intensity of the Intertropical Convergence Zone (ITCZ) or

the Madden-Julian oscillation (Wodzicki and Rapp, 2022). While Holloway (2017) found self-

aggregation relevant to real-world convection, a simple transfer to a observational perspective is

difficult as climate conditions (e.g., surface temperatures) are neither homogeneous nor constant

(Tompkins and Semie, 2017). Previous findings highlight how further investigations are necessary

to estimate the role and impact of convective organisation (Bao and Sherwood, 2019).

2.1.4 Convective clouds in a changing climate

Over the last century, increasing concentrations of greenhouse gases accelerated the warming of

the Earth. Extreme events, particularly those connected to deep convection, shape the public’s

perception of climate change like no other (Wong and Teixeira, 2016; Singh et al., 2017). Despite

substantial advances, existing uncertainties concern the response of convective clouds to a warming

climate.

So far, simulations by Tan et al. (2015) showed that convective organisation and extreme precipi-

tation will likely increase. Depending on the scenario, extreme events may become stronger, more

frequent, or both in climate models (Rolnick et al., 2022). Notably, research widely agrees that

future environments will contain favourable conditions for extreme events associated with deep

convection (Feng et al., 2016; Westra et al., 2014). The predictions follow the Clausius-Clapeyron

relation, stating that saturated atmospheric moisture increases almost exponentially with temper-

ature (Clausius, 1850). For instance, the most extreme scenarios show an increase in the size of

MCSs and the intensity of their associated maximum precipitation rates (Prein et al., 2017).

Open questions remain about the intensity and spatio-temporal distribution of future extremes

(Agrawal et al., 2019). Research has shown that the occurrence of severe weather follows a non-

uniform spatio-temporal distribution, with a focus on tropical regions around the ITCZ (Dougherty
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and Rasmussen, 2020). In these areas, projected changes could be particularly devastating. They

may induce a drying of the subtropics through increased subsidence and lead to an intensification

of desertification (Seidel et al., 2008), which may affect agriculture, property, and the distribution

of water resources (Spekkers et al., 2017; Bouwer, 2019). While extreme precipitation events are

closely tied to organised convective systems, quantifying the overall connection between convective

organisation and warming surface temperatures shows more ambiguous results (Nesbitt et al.,

2006). Model limitations arise due to a coarse resolution and systematic bias in the distribution

and intensity of convection (Sherwood et al., 2014). Nevertheless, a deeper understanding of

convective organisation appears fundamental to accurately predict precipitation extremes in the

present and future (Muller and Bony, 2015).

2.2 Satellite-based remote sensing

The launch of the first meteorological satellite in 1960, the Television InfraRed Observation Satellite

(TIROS-1), marked the starting point for the operational usage of satellite-based atmospheric

observations (Bluestein et al., 2022). Today, various sensors are in orbit to estimate the global

cloud distribution, which is fundamental to diverse meteorological and climatological applications.

Satellites provide detailed insights about the atmosphere, even above remote areas where it is

challenging to deploy ground-based sensors (Lee et al., 2021; Fu et al., 2019). These data deepen

our understanding of the Earth-atmosphere interactions, making satellites an invaluable asset to

understanding and mitigating climate change and its consequences (Kidd et al., 2009).

Atmospheric observations from satellite systems provide diagnostic information for assessing and

analysing meteorological features (Gómez-Chova et al., 2015). Data from satellites can be lever-

aged to measure radiation, surface temperature, wind, aerosols, clouds, or precipitation (Thies

and Bendix, 2011). Typical cloud parameters derived from satellite comprise, e.g., the cloud-top

height (CTH) (Schmetz et al., 2002), cloud optical thickness (COT) (Nakajima and King, 1990),

cloud effective particle radius (CER) (Liou, 1992; Winker et al., 2017), cloud liquid water path

(CWP) (Várnai and Marshak, 2002), or the cloud type (Bankert et al., 2009). Technical advances,

like the increase in temporal and spatial resolution of the sensors, steadily advanced the quality

and quantity of satellite data. Today, vast data archives display the basis for creating versatile

applications for forecasting and monitoring cloud activities (Hilburn et al., 2020).

2.2.1 Passive sensors

Passive remote sensing sensors obtain global observations of the Earth and its atmosphere indepen-

dent of the weather or daytime. They do not provide a source of energy, but detect natural energy

(radiation) that is emitted, reflected, and scattered into space by Earth’s atmosphere (Stephens

and Kummerow, 2007). Optical sensors typically cover wavelengths from the visible light (VIS)

between 0.4–0.6 µm to the near (NIR) and thermal infrared (IR) spectrum up to about 13 µm

(Figure 5).

As clouds appear on various scales, data with a high spatial and temporal resolution is necessary

to capture their occurrence around the globe. Here, passive satellite imagery may help to capture

unprecedented detail of cloud fields occurring at different latitudes, e.g., over the Atlantic Ocean
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(Figure 6). With a fast repeat cycle, the information from satellite channels can be leveraged to

continuously monitor the spatio-temporal behaviour of clouds. They allow an in-depth analysis

of cloud properties over land and sea, closing data gaps connected to ground-based or in situ

measurements.
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Figure 5: Schematic visualisation of multispectral optical sensors. Individual sensors can be
distinguished by their number of spectral bands which lie in the visible, near-infrared, and thermal
infrared spectrum across which the sensor measures radiance. Figure by the author based on
Bluestein et al. (2022) and Pettorelli et al. (2018).

(a)

(c)

(b)

(a)

(b)

(c)

Figure 6: Satellite image received from the MSG SEVIRI sensor taken on April 22, 2022. The
image covers the full disk of the sensor with a nadir centered over 0◦ longitude. Images (a) -
(c) show oceanic cloud systems over Europe (a), tropical convective clouds near the equator (b),
and marine cumulous fields near the tropic of Capricorn (c). Figure by the author, image credit:
ESA/METEOSAT.

There exist two types of sensors: low-Earth (including polar) orbiting system (LEO) and geosta-

tionary satellite system (GEO) (Figure 7). The LEO satellites - such as the National Aeronautics

and Space Administration’s (NASA) Moderate-resolution Imaging Spectroradiometer (MODIS) -
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circle the Earth in a sun-synchronous orbit with consistent illumination of the Earth-scan view

(Gorooh et al., 2023). Most LEO orbits are located between 500 and 2000 km altitude, providing

global imagery through a cross-track scanner with rotating mirrors at least twice daily with a

spatial resolution of less than 1 km (Salomonson et al., 2006; L’Ecuyer and Jiang, 2010). They are

complemented by GEO systems - such as the Meteosat (MSG) Second Generation Spinning En-

hanced Visible and Infrared Imager (SEVIRI) - which are positioned 35 786 km over the Equator.

In contrast to polar-orbiting satellites, they appear quasi-stationary, covering large areas with a

high temporal resolution and an orbital period of 24 h. Hence, they provide frequent observations

covering the same area (Schmetz et al., 2002). Their spatial resolution typically ranges between 1

km to 3 km. Depending on the sensor, they receive information in intervals of 5 min to 15 min.

Rapid scan techniques may enable a high temporal resolution of 1 minute, which can be used to

monitor the dynamic development of even fast-evolving cloud clusters. Through a harmonisation of

related sensors, GEO systems enable global investigations of clouds and their feedback mechanisms

(Kidd et al., 2009).

LEO

GEO
35 786 km

500 - 2 000 km

Figure 7: Comparison of the height and sensor coverage for satellites on the LEO and GEO orbit.
The schematic illustration of the orbit is overlayed on a full disk image of the GOES geostationary
satellite focused over the Americas taken on August 21, 2017. Figure by the author, image credit:
NOAA/NASA.

Spectral and textural features captured by satellites play a key role in characterising clouds and

their properties (Lee et al., 2021). To achieve a robust estimation of these properties, satellites anal-

yse radiances across various spectral bands, also known as atmospheric window channels (Figure 8).

In these channels, atmospheric gases absorb very little radiation, allowing clearer observations of

the Earth’s surface or cloud tops (Gao et al., 1998). The specific wavelengths used in these window

channels vary between satellite missions (Zhang et al., 2019). However, each wavelength — alone

or in combination — helps distinguish between surface types (e.g., vegetated vs. non-vegetated

areas) and atmospheric features such as cloud type, cloud phase, or aerosol content (Amato et al.,

2008). Using this information, satellites can detect cloud structures (Bankert et al., 2009), analyse

their properties (Nakajima and King, 1990), and track their evolution over time (Menzel, 2001).
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Water vapor
absorption

Small-scale cloud features

Cloud top properties

Figure 8: Overview of wavelengths used to extract information of different cloud types. The
image shows the simulated directional–hemispherical reflectance spectra of a water cloud, an ice
cloud, and a snow surface with the window channels along the atmospheric windows. Figure by
the author based on Gao et al. (1998).

Various spectral bands are suitable for detecting cloud properties and approximating associated

processes (King et al., 2013). In the visible range (VIS) between 300–700 nm, the channels receive

part of the solar radiation reflected by the clouds or the Earth’s surface. At daytime, they help

to identify visual features, such as cloud edges, and structures connected to small-scale features,

such as overshooting cloud tops or developing cumulus clouds (Schmetz et al., 2002). Near-infrared

(NIR) channels span wavelengths from 0.7 to 3 µm (Hilburn et al., 2020). They provide insights

into how clouds and surfaces reflect, transmit, and absorb NIR radiation, enhancing the contrast

between water particles and their surroundings. For instance, the NIR channel at 1.37 µm shows

a strong water vapour absorption, determining it suitable for detecting thin cirrus clouds during

daytime. Meanwhile, the 1.61 µm channel helps determine the phase of cloud tops: liquid water

clouds appear bright due to strong reflectivity, while ice clouds and snow seem darker because

they absorb more radiation at this wavelength (Thies and Bendix, 2011; Menzel, 2001). In the IR

regions, satellites measure brightness temperatures related to thermal radiation emitted by either

the Earth’s surface or clouds. As these IR channels are daytime independent, they can be used for

contiguous cloud mapping, surface temperature determination, or to detect water vapour across

different atmospheric layers (Stephens and Kummerow, 2007).

2.2.2 Active sensors

Most satellite-based cloud observations rely on passive sensors that detect solar (short-wave) radi-

ation reflected by the Earth’s atmosphere and thermal (long-wave) radiation emitted from it (Kidd

et al., 2009). While valuable, these passive measurements primarily capture information about the

cloud top and offer only limited insights into the vertical structure of clouds and hydrometeors.

To address this limitation, space-borne active sensors offer a powerful complement. Unlike passive

systems, active sensors emit their own energy and measure how the transmitted signal is reflected,
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refracted, or scattered by the Earth’s surface or atmosphere (Figure 9). This approach enables

the identification of cloud droplets and ice crystals by passing through gases, clouds, and even

solids to a limited degree (Stephens et al., 2008). As a result, active sensors augment the view on

atmospheric processes and can retrieve valuable information on the vertical distribution of aerosols

and precipitation particles under most atmospheric conditions (Okamoto and Sato, 2018; Dubovik

et al., 2021).
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Figure 9: Overview of active sensors (LiDAR, radar) and the wavelengths at which they emit
radiation. Figure by the author based on Bluestein et al. (2022) and Pettorelli et al. (2018).

The most common active remote sensing types are radar (radio detection and ranging) or LiDAR

(Light Detection and Ranging) (Delanoë et al., 2013; Stubenrauch et al., 2010). Each instrument

has a specific sensitivity that depends on the wavelength at which it emits radiation (Pettorelli

et al., 2018). While LiDAR sensors primarily operate in the IR spectrum between 750 nm and 1.5

µm, radar sensors typically employ microwave and radio wavelength regions between 0.3 cm (111

GHz) and 120 cm (0.25 GHz).

For LiDAR, the active sensor sends out laser pulses to detect backscattered radiation. The sensor

receives the reflection of the impulse it gave, whereas the distance from the backscatter location

is determined using the time delay of the signal and the speed of light. The intensity of the

backscattered energy depends on the number of particles, the particle size and the squared mass

(Andersen et al., 2006). While LiDAR is sensitive to the concentration of hydrometeors and

small particles like aerosols, it may be attenuated or extinguished in regions with high particle

concentrations (Aubry et al., 2024).

A cloud profiling radar (CPR) - such as NASA’s CloudSat - generates and emits radiation as

regular energy pulses, with waves vibrating in a predetermined orientation. It typically operates

between 35 GHz and 95 GHz, at which the radar may receive the echo from precipitation droplets

to determine the rainfall rate of hydrometeors (Haynes et al., 2009). This data can be leveraged

to discriminate vertical cloud profiles and the corresponding cloud type or phase (Battaglia et al.,

2020). However, the radar signal can be considerably contaminated by orographic features at low
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altitudes. Moreover, the sensor lacks sensitivity for ice clouds and shallow convection (Sassen and

Wang, 2008). Nevertheless, the radar echo return from clouds provides information to reconstruct

a three-dimensional profile of the cloud radar reflectivity, which measures the intensity of the cloud

scattering over the Earth’s surface. The data allow analysis of the cloud vertical column, e.g., to

assess the updraft and axis length of tropical storms (Figure 10). Synergistic approaches have

recognised potentials in combining data from passive and active sensors, aiming towards a deeper

understanding of hydro-meteorological processes (Bellon et al., 1980; Jones et al., 2015).

Figure 10: CloudSat image of tropical storm Dorian acquired on August 27, 2019, near Puerto
Rico. The image shows the radar reflectivity in dBZ associated to each vertical level along the
polar-orbiting CPR flight track. Image credit: NASA/JPL-Caltech.

2.2.3 Limitations of remote sensing

Despite technological progress, challenges remain. At first, observations do not fully constrain

the retrieval problem. Satellite pixels typically cover an area with inhomogeneous clouds (Barker

et al., 2011). Most information - such as from passive sensors - originates from the cloud top,

whereas clouds are vertically extended and have complex structures. A single cloud layer can only

approximate reality. Moreover, the thermal emission of the cloud comes from within the upper-

most cloud layer. In the case of temperature inversions, the conversion from observed brightness

temperature to CTH can be ambiguous and may lead to large displacements (Lee et al., 2021). In

contrast, active sensors cover only a small horizontal extent. Cross-sections of the atmosphere may

provide limited data on the vicinity and 3D properties of detected clouds. During the daytime,

retrievals remain challenging for specific observation geometries such as a high solar zenith an-

gle. Further uncertainties involve ice crystals, for which the shape determines their scattering and

absorption properties, the state of the atmosphere, the albedo and emissivity of the surface, and

the calibration and degradation of the satellite sensor (Zhao et al., 2023; Battaglia et al., 2020).

Spectral similarities can distort the classification of different surface types (Henderson et al., 2013).

All sensors underlie dimensional restrictions with retrievals only on a horizontal plane or along a

limited 3D area (Dubovik et al., 2021). Although data from multiple sensors can be combined to

close data gaps, no operating sensor with global 3D coverage exists to this day.
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2.3 Machine Learning

In recent years, with the advent of big data and efficient supercomputers, the application of ML

technologies across science registered an unprecedented growth in popularity (Sarker, 2021). Ini-

tially, the term “machine learning” described the “field of study that gives computers the ability

to learn without being explicitly programmed” (Samuel, 1959). It comprises methods for a data-

driven optimisation of complex functions that can be applied in artificial intelligence (AI) tasks to

extract insights from diverse data sources. For instance, ML allows systems to learn and enhance

from experience (LeCun et al., 2015). The following section provides a brief overview of differ-

ent ML methods over the years, focusing on recent approaches, their application in atmospheric

sciences, and their limitations.

2.3.1 Theory and methods

While some of the key concepts emerged more than 60 years ago, the popularity of ML varied

over time. Following Goodfellow et al. (2016), it can be divided into three waves closely related to

technological advances (Figure 11). The first wave (1970s - 1990s) focused on rule-based applica-

tions and feature engineering. These systems were good at reasoning but could not generalise well.

In the following decades (1990s - 2000s), statistical models for specific domain problems exceeded

those of the first wave in terms of perceiving and learning. However, they showed little ability to

reason or generalise. The third wave of research started in 2006. Increasing computational power

led to more explainable and applicable results. This wave popularised the term “deep learning”

(DL), which refers to a subspace of ML and describes a technique that enables computer systems to

improve with experience and data. At this time, DL outperformed competing AI systems. Since

then, new concepts have emerged and steadily improved the performance of ML models on an

ever-growing bandwidth of applications.
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Figure 11: Simplified schematic for the three historical waves of AI research. Figure by the
author based on Goodfellow et al. (2016).
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Artificial neural networks

DL belongs to the family of artificial neural networks (ANN/NNs), a ML approach loosely inspired

by the human brain (Ebert-Uphoff and Hilburn, 2020). Its primary goal is to learn from data by

mapping inputs to outputs. The term “deep” refers to the multiple layers within the network, each

adding a level of abstraction to the learned representation (Hanin, 2019). Compared to traditional

ML methods, DL excels at uncovering complex patterns in high-dimensional data by structuring

information into a hierarchical, layered representation (Lu et al., 2017).

A fundamental DL model, the multilayer perceptron (MLP), consists of an input layer, one or more

hidden layers, and an output layer (Figure 12). Once trained, a neural network can process new

inputs to generate predictions (Géron, 2017). It comprises interconnected neurons (or nodes) that

pass signals via weighted connections called synapses. These neurons are arranged sequentially,

transmitting signals in one direction — from the input layer, through hidden layers, to the output

layer. Each neuron connects to one or more neurons in the preceding layer (LeCun et al., 2015).

Input layer Hidden layers Output layer

Figure 12: Schematic of a FCNN. The nodes of each layer are drawn as circles, the weights are
drawn as straight lines between the nodes. The opacity of the lines encodes the weight values. The
shown FCNN consists of an input layer with size 12, hidden layers of sizes 8, 8 and 6, and a single
output neuron. Figure by the author based on Sarker (2021).

In an MLP, every node is linked to all nodes in the next layer with specific weights, making it a

fully connected neural network (FCNN). Each neuron’s state is determined by an activation value,

a scalar computed through a nonlinear activation function. During training, the network optimises

these weights to minimise prediction errors, guided by an objective cost (or loss) function (Sarker,

2021). Weight adjustments are performed iteratively using gradient descent, a process known as

backpropagation, until the loss reaches a predefined threshold (LeCun et al., 1989). However, as

FCNNs grow larger, their weight matrices scale with the number of neurons in adjacent layers.

This increases training complexity and raises the risk of overfitting — where the model memorises

training data rather than generalising to new inputs (Srivastava et al., 2014).
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Convolutional neural networks

The success of DL in the 2010’s - at the begin of the third wave of AI research - was largely

driven by convolutional neural networks (CNNs) (Rawat and Wang, 2017). CNNs are specialised

architectures designed to process grid-like data structures, such as images (LeCun et al., 1989). A

typical CNN consists of three core layers: the convolutional layer, the pooling layer, and the fully

connected layer (Figure 13).

Input Convolution Pooling Flattening Output

Figure 13: Schematic of a CNN. The size of the rectangles encodes the width and height of
the image, the stacked rectangles refer to the color maps and feature maps, respectively. In the
beginning of the CNN the small squares show the effect of filters acting at each position in the image
individually through equivariant operations, e.g., convolution filters and local pooling operations.
At one end of the CNN, a global pooling operation reduces the feature maps to a one-dimensional
vector and a fully connected layer is applied to obtain the output. Figure by the author based on
LeCun et al. (2015).

In the convolutional layer, the network applies a dot product between two matrices: one represent-

ing a small receptive field within the input and another containing a set of learnable parameters,

known as kernel or filter. Instead of full matrix multiplications, these localised convolutions signif-

icantly reduce the number of parameters, as they share the same weights across the entire image

(LeCun et al., 2015). As the kernel slides across the image, it produces an activation map which

displays a two-dimensional representation that highlights relevant spatial features (Liu et al., 2016).

The pooling layer further refines this representation by summarising nearby outputs, reducing the

spatial dimensions and, consequently, the computational complexity and number of weights (Ebert-

Uphoff and Hilburn, 2020). Finally, in the fully connected layer, all neurons from the previous layer

are connected via matrix multiplications, preserving learned representations for final predictions.

Although CNNs require more computational power than MLPs, they significantly outperform them

in image processing tasks (Rasp et al., 2020).

Neural networks for image segmentation

ML algorithms can be categorised into four main types: supervised, unsupervised, semi-supervised,

and reinforcement learning (Sarker, 2021). This thesis focuses on supervised learning, where mod-

els are trained using labeled input-output pairs (Géron, 2017). While self-supervised learning

approaches - a technique where the ML model trains itself to learn one part of the input from

another part of the input - have gained popularity in recent years, supervised learning remains one

of the most widely used ML techniques.

Supervised learning tasks fall into two primary categories: classification and regression. In classi-

fication tasks, the output is limited to a predefined set of discrete classes (binary or multi-class),
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such as determining the cloud type as either convective or non-convective. In contrast, regression

tasks predict continuous values, such as the rainfall intensity or CTH (Reichstein et al., 2019).

While CNNs excel at classifying entire images, other tasks often require pixel-level predictions. To

address this need, Ronneberger et al. (2015) developed the UNet, a convolutional network designed

for fast and precise image segmentation. Its U-shaped architecture consists of two symmetrical

paths: an encoder and a decoder (Figure 14). The encoder, composed of convolutional and pooling

layers, captures the image’s contextual features. The decoder, a symmetric expanding path, refines

spatial details using transposed convolutions for precise localization (Lagerquist et al., 2021). As

an image-to-image translation model, the UNet generates output images that typically match the

dimensions of the input (Hilburn et al., 2020). Due to its flexibility and efficiency, the UNet has

achieved widespread adoption across scientific disciplines (e.g., Chen et al., 2023; Grabowski and

Petch, 2009; Agrawal et al., 2019). Since this thesis focuses on extracting image-based information,

the following sections will explore a UNet-based approach which is described in detail in Sect. 3.2.

Input Convolution Pooling Upsampling Output

Encoder Decoder

Concatenation

Figure 14: Schematic of a UNet. The size of the boxes encodes the height, width, and number
of channels of the image. The input image is shown on the left side and fed into subsequent
convolutional layers of the encoder side. Pooling operations reduce the height and width of the
image while enhancing the number of channels. On the decoder side, the native size of the image is
reconstructed using upsampling layers and convolutional layers. Skip connections are employed to
concatenate the information from the encoder path. As a symmetric network, the UNet typically
generates an output image with similar dimensions as the input image. Figure by the author based
on Ronneberger et al. (2015).

2.3.2 Impact of machine learning applications

Thanks to their power and flexibility, ML applications have become invaluable across various sci-

entific domains (Hanin and Rolnick, 2019; Lu et al., 2017). Today, NNs often drive groundbreaking

advancements in tasks of image recognition, AI, and natural language processing (NLP).
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One of the most impactful developments in recent years is OpenAI’s chatbot, ChatGPT, which

gained unprecedented attention in 2023 for its ability to generate human-like text and engage

in natural conversations (Ray, 2023; Brown et al., 2020). ChatGPT is a generative AI which is

built on the transformer architecture, leveraging the attention mechanism introduced by Vaswani

et al. (2017). This mechanism rapidly became the foundation of modern NLP, powering large

language models (LLMs) and generative AI systems like the Generative Pre-trained Transformer

(GPT) series. Moreover, transformer networks have spread today across various domains and often

dominate DL applications - in particular those dealing with large training datasets and extensive

computational resources.

In image recognition, ML applications span tasks of classification (Krizhevsky, 2012), segmentation

(Xie et al., 2021), and image generation (Goodfellow et al., 2020). Recent advancements have

enabled high-resolution image creation and modification using text prompts (Rombach et al.,

2022). Additionally, image recognition plays a critical role in diverse fields, from aiding medical

diagnoses in public health (Litjens et al., 2017) to advancing autonomous driving technology (Feng

et al., 2021).

2.3.3 Machine learning in atmospheric sciences

The growing computational power, increased data availability, and flexible frameworks have con-

siderably boosted ML adoption in meteorology. The approaches offer valuable alternatives when

direct measurements or observations fall short in quality or quantity (Boukabara et al., 2019).

In recent years, DL models have gained particular traction in atmospheric and climate science

(Irrgang et al., 2021). Around Christmas 2022, Google DeepMind introduced GraphCast, a gen-

erative model for global medium-range weather forecasting (Lam et al., 2022). With a prediction

time of under one minute, GraphCast quickly became a focal point in the field, outperforming

the most accurate operational deterministic systems on 90 % of targets. The following year, the

European Centre for Medium-Range Weather Forecasting (ECMWF) launched the Artificial Intel-

ligence Forecasting System (AIFS), an ensemble of AI models excelling in short- to medium-range

forecasting. AIFS is based on graph neural networks using a regression-based approach to predict

future weather variables by leveraging ERA-5 reanalysis data (Keisler, 2022; Bi et al., 2023). With

their performance and efficiency, those AI-driven models mark a potential revolution in traditional

weather forecasting.

Beyond operational forecasting, ML has been applied across a wide range of meteorological chal-

lenges (McGovern et al., 2023). Use cases include improving bias correction in climate predictions

(Beucler et al., 2024), integrating hybrid models with physical process simulations (Reichstein

et al., 2019), and developing innovative climate process parameterisations (Beucler et al., 2021;

Gentine et al., 2018). DL models have proven particularly effective in image-related meteorolog-

ical tasks. They aid in detecting changes in satellite imagery time series (Pendergrass, 2020),

improving severe thunderstorm predictions (Lagerquist et al., 2021), forecasting precipitation in-

tensities (Sønderby et al., 2020), integrating LEO and GEO observations (Gorooh et al., 2023),

and emulating radar imagery from passive sensors (Hilburn et al., 2020).
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2.3.4 Error sources and limitations

ML approaches have proven highly effective in training specialized models for specific tasks. How-

ever, understanding the internal decision-making of a NN remains a challenge (Montavon et al.,

2018). ML algorithms optimise an objective function based on the training dataset, minimising a

loss function tied to the data distribution (Sarker, 2021). Yet, when faced with inputs outside this

distribution, NNs rely on implicit assumptions, often with no inherent reason to generalise accu-

rately (Srivastava et al., 2014). This can lead to unexpected outcomes, such as confidently incorrect

classifications (out-of-distribution errors) (Beucler et al., 2024). Therefore, assessing prediction

quality and associated uncertainty is crucial for evaluating the reliability of a NN (Boukabara et

al., 2019; Eyring et al., 2024).

Several factors can degrade the model performance, including the selection of an appropriate loss

function or training objective (Nguyen et al., 2014). Real-world datasets - e.g., from measurements

- often contain biases, which are especially problematic in socially sensitive applications (Mehrabi

et al., 2022). Additionally, data acquisition errors or sensor malfunctions can introduce noise or

imbalances into training datasets. In particular in remote sensing applications, the quality and

quantity of training data depend on the availability of annotated observations and pose a significant

challenge to researchers (Sylolypavan et al., 2023; Rasp et al., 2020).

Many ML architectures rely on image datasets with relatively simple structures, such as MNIST

(Deng, 2012) or ImageNet (Deng et al., 2009). In contrast, data from atmospheric sciences incorpo-

rates dynamic, thermodynamic, and radiative conditions, differing considerably from conventional

training datasets. Observational data from passive remote sensing instruments typically spans

multiple spectral wavelengths - which is fundamentally different from standard RGB (red, green,

blue) images and limits the direct use of pre-trained ML models (Reichstein et al., 2019). As a

result, researchers often have to develop custom frameworks tailored to their specific needs.

Lastly, the computational cost of ML should not be overlooked. Training large models requires sig-

nificant energy, contributing to environmental concerns, including its potential role in accelerating

fossil fuel exploration (Rolnick et al., 2022).
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3 Results

3.1 Overview

This thesis builds upon three studies, one of which has been published in a peer-reviewed journal.

The second and third study have been accepted for publication in a peer-reviewed journal. While

the research questions were conceptualised in collaboration with my supervisors, I am the lead

author of all studies presented in this thesis. I designed and implemented the ML model to predict

the 3D cloud field, developed the algorithm for tracking convective clouds and their 3D properties,

implemented the code for analysing convective organisation, produced the figures, interpreted the

results, and wrote the original manuscripts and revised versions after peer-review. A more detailed

overview of the author contributions are included in Sects. 3.2–3.4.

Figure 15 summarises the thesis following the three objectives presented in Sect. 1. Part (a) refers

to the development of the ML model used to extrapolate a 3D cloud field from 2D satellite data

(Section 3.2). The output of this study displays the input data for the study illustrated in Sect.

3.3, focusing on the connection between convective cores and the cloud life-cycle (Part (b)). Part

(c) merges the output from Part (a) and (b) to investigate regional hotspots and spatio-temporal

characteristics of convective organisation (Section 3.4).
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Figure 15: Summary of the content of this thesis, which includes (a) a ML-based extrapolation
of a 3D cloud field from 2D data, (b) the detection and analysis of convective clouds and their
cores, and (c) the identification of spatio-temporal patterns of convective organisation.
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Section 3.2 presents the first study of this PhD project, which has been published in the peer-

reviewed journal Atmospheric Measurement Techniques as a research article. In this study, a Res-

UNet was employed to reconstruct a contiguous 3D cloud field from 2D data, based on vertical

cross sections of the CloudSat CPR and satellite imagery from MSG SEVIRI. The predictions were

evaluated against the CTH derived from the operational CMSAF CLAAS-V002E1 dataset.

Section 3.3 includes a study which was accepted for publication in the peer-reviewed journal At-

mospheric Chemistry and Physics as a research article. In this work, an adapted cloud tracking

algorithm was implemented to detect convective clouds and their core regions in the ML-based

3D cloud field. Cloud objects are linked in time to follow their spatio-temporal evolution. The

study focuses on tropical convection. It includes an analysis of cloud and core properties, and an

evaluation of the connection between core regions and the cloud life-cycle.

Section 3.4 contains a study which was accepted for publication in the peer-reviewed journal At-

mospheric Chemistry and Physics as a research article. This study examines the spatio-temporal

distribution of convective organisation, approximated by three organisation indices. These indica-

tors assess the spatial clustering of detected objected in the previously derived 3D cloud mask. A

statistical analysis of the organisation indices unravels regional hotspots and their relationship to

convective cloud and core properties in the tropics.
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3.2 Machine learning-based reconstruction of 3D cloud fields

This chapter was published as ”Artificial intelligence (AI)-derived 3D cloud tomography from

geostationary 2D satellite data” by Copernicus Publications, Feb 09, 2024 in Atmospheric Mea-

surement Techniques under the terms of the Creative Commons CC BY license: https://creative

commons.org/licenses/by/4.0/.

I am the lead author of this study, where I worked on the design of the ML model, including

data processing and code implementations for a spatio-temporal matching scheme of different

satellite data. Additionally, I trained the ML model, evaluated its performance, analysed the data,

created figures, and wrote the manuscript. The co-authors contributed to implementing the code,

interpreting the results, and proofreading the manuscript. The paper includes a section called

Author contributions detailing individual contributions.
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Abstract. Satellite instruments provide high-temporal-
resolution data on a global scale, but extracting 3D infor-
mation from current instruments remains a challenge. Most
observational data are two-dimensional (2D), offering either
cloud top information or vertical profiles. We trained a neural
network (Res-UNet) to merge high-resolution satellite im-
ages from the Meteosat Second Generation (MSG) Spinning
Enhanced Visible and InfraRed Imager (SEVIRI) with 2D
CloudSat radar reflectivities to generate 3D cloud structures.
The Res-UNet extrapolates the 2D reflectivities across the
full disk of MSG SEVIRI, enabling a reconstruction of the
cloud intensity, height, and shape in three dimensions. The
imbalance between cloudy and clear-sky CloudSat profiles
results in an overestimation of cloud-free pixels. Our root
mean square error (RMSE) accounts for 2.99 dBZ. This cor-
responds to 6.6 % error on a reflectivity scale between −25
and 20 dBZ. While the model aligns well with CloudSat data,
it simplifies multi-level and mesoscale clouds in particular.
Despite these limitations, the results can bridge data gaps and
support research in climate science such as the analysis of
deep convection over time and space.

1 Introduction

Clouds and their interdependent feedback mechanisms have
been a source of uncertainty in Earth system models for
decades. Their influence on atmospheric gases and general
circulation patterns is evident (Rasp et al., 2018; Shepherd,
2014; Bony et al., 2015). In a world affected by climate

change, we require an accurate representation of cloud dy-
namics today more than ever (Norris et al., 2016; Stevens
and Bony, 2013; Vial et al., 2013).

In recent years, observational data from remote sensing in-
struments have been used to investigate cloud properties on
multiple scales (Jeppesen et al., 2019). Nevertheless, tech-
niques to detect three-dimensional (3D) cloud structures on
a large scale are not yet established (Bocquet et al., 2015).
Observations from passive sensors on geostationary satellites
have a high spatiotemporal coverage, but they are limited
to monitoring the uppermost atmospheric layer in 2D (Noh
et al., 2022). By using the satellite’s specificity at different
wavelengths (Thies and Bendix, 2011) and subjective label-
ing or fixed thresholds (Platnick et al., 2017), we can esti-
mate cloud physical properties like the cloud optical thick-
ness (Henken et al., 2011) or the effective radius (Chen et al.,
2020). In contrast, active radar penetrates the cloud top and
delivers information on the subjacent reflectivity distribution
(Barker et al., 2011). The radar receives detailed informa-
tion on the cloud column along a 2D cross section with a
high ground resolution and constant sun illumination. Due
to its sun-synchronous orbit, it observes the same spot at the
same local time. Compared to geostationary satellites, the ac-
tive radar does not provide a continuous spatial and temporal
coverage (Wang et al., 2023). Passive sensors can be used to
deliver an approximation of the cloud vertical column, but
their information density is reduced compared to active sen-
sors (Noh et al., 2022). Combining data sources can fill cur-
rent data gaps (Amato et al., 2020; Steiner et al., 1995). The
combined use of different instruments has been investigated
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before. This research comprises the usage of statistical al-
gorithms (Miller et al., 2014; Seiz and Davies, 2006; Noh
et al., 2022), the integration of radiative transfer approaches
(Forster et al., 2021; Zhang et al., 2012), or the derivation
of the multi-angle geometry of neighboring clouds (Barker
et al., 2011; Ham et al., 2015) to reconstruct the cloud verti-
cal column.

Emerging facilitators of data availability, like open-data
policies and improved technological standards, enable effec-
tive processing of memory-consuming data (Irrgang et al.,
2021; Rasp et al., 2018). This development promotes a fur-
ther integration of computer science methods in climate sci-
ence (Jeppesen et al., 2019; Liu et al., 2016). Ever-growing
quantities of data surpass the capability of the human mind
to extract explainable information efficiently (Lee et al.,
2021; Karpatne et al., 2019). Here, the usage of artificial
intelligence (AI) has been assigned a primary role (Runge
et al., 2019). Cloud properties have been analyzed before by
machine-learning (ML) algorithms (Reichstein et al., 2019;
Marais et al., 2020). The recent technological advances en-
able unprecedented operations (Amato et al., 2020). Deep-
learning (DL)-based networks are suitable for identifying
spatial, spectral, and temporal patterns in big data (Jeppesen
et al., 2019; Hilburn et al., 2020). In contrast to traditional
ML frameworks, they do not require manual feature engi-
neering (Le Goff et al., 2017). Adapting DL frameworks to
applications in climate science offers new perspectives for a
gain in knowledge (Rolnick et al., 2022; Jones, 2017).

So far, cloud properties have been investigated by DL al-
gorithms in various applications. These comprise the detec-
tion (Drönner et al., 2018) and segmentation of cloud fields
(Jeppesen et al., 2019; Lee et al., 2021; Le Goff et al., 2017;
Tarrio et al., 2020; Cintineo et al., 2020) or the classifica-
tion of distinct cloud types from meteorological satellites and
aerial imagery (Marais et al., 2020; Wang et al., 2023). Zant-
edeschi et al. (2022) used a neural network to bring together
information from an active radar and high-resolution satellite
images to reconstruct cloud labels. Regressive models were
used to predict rain rates (Han et al., 2022) or convective
onset (Pan et al., 2021) for an improved weather forecast.
These studies are often limited to reflecting horizontal pro-
cesses within the cloud field. Current studies by Hilburn et al.
(2020) and Leinonen et al. (2019) use AI techniques such
as convolutional neural networks (CNNs) and conditional
generative adversarial networks (CGANs) to address this is-
sue. They reconstruct the 1D cloud column (Hilburn et al.,
2020) or the 2D cross section of the input data (Wang et al.,
2023). To the best of our knowledge, no extrapolation of 2D
radar data to a large-scale 3D perspective was conducted be-
fore (Wang et al., 2023; Dubovik et al., 2021). Clouds move
within a 3D space. This limits the prediction of multi-layer
and mesoscale events by a 1D or 2D pixel-wise reconstruc-
tion (Hilburn et al., 2020). Models that do not consider the
spatial coherence between pixels fail to reconstruct compre-
hensive cloud structures (Hu et al., 2021). Image segmen-

tation approaches like the UNet (Ronneberger et al., 2015;
Jiao et al., 2020; Wieland et al., 2019) may reconstruct the
ground truth data more adequately. They can be used to pro-
vide the indicators for predicting clouds in 3D with their ad-
jacent boundaries, shadow locations, and geometries (Wang
et al., 2023). This can lead to a more realistic representation
of the predicted clouds (Jiao et al., 2020).

In this study, we employ a modified Res-UNet (Diakogian-
nis et al., 2020; Hu et al., 2021) to integrate 2D data from ac-
tive (polar-orbiting satellite, radar) and passive (geostation-
ary satellite, spectrometer) instruments to reconstruct a 3D
cloud field. Previous studies focused on reconstructing the
1D cloud column or 2D cross section. In contrast, our ap-
proach utilizes a DL framework to predict the radar reflec-
tivity, not only along the radar cross section, but also across
the entire satellite full disk (FD). We use the radar height
levels to extend 2D satellite channels to a 3D perspective.
The goal is to establish a spatiotemporally consistent cloud
tomography solely based on observational data. Predicted re-
flectivities can enhance the availability of 3D resolved cloud
structures, particularly in regions with limited data.

2 Methods

2.1 Data overview

Our approach uses observational data from two different re-
mote sensing sensors to predict a 3D cloud tomography. The
input data for the neural network originate from a geostation-
ary satellite. We use data from the European Organisation
for the Exploitation of Meteorological Satellites (EUMET-
SAT) Spinning Enhanced Visible and InfraRed Imager (SE-
VIRI) instrument on the Meteosat Second Generation (MSG)
satellite (EUMETSAT Data Services, 2023). This sensor ob-
serves the Earth from a height of 36 000 km and provides
2D satellite images at a high spatial and temporal resolu-
tion. The ground truth of the study is derived from an active
radar on board the CloudSat satellite which moves in a sun-
synchronous orbit (CloudSat Data Processing Center, 2023).
The 2D profiles along the track contain information on the
cloud reflectivity. In our study, we feed the MSG SEVIRI
data into a neural network to reconstruct the CloudSat radar
reflectivity and extrapolate the 2D profiles to a 3D perspec-
tive.

2.1.1 Geostationary satellite images

Satellite images from the MSG SEVIRI instrument display
the input for the network (later referred to as “imager data”)
(Schmetz et al., 2002). Observing the Earth’s surface in inter-
vals of 15 min and with a spatial resolution of 3 km at nadir,
MSG SEVIRI provides information in 12 channels centered
within wavelengths from 0.6 to 132 µm (Benas et al., 2017).
Depending on the wavelength and daytime of retrieval, the
channels are sensitive to reflected solar radiation or surface
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Table 1. Overview of the MSG SEVIRI channels (Schmetz et al.,
2002). “n/a” stands for “not available”.

Channel Center (µm) Range (µm) Type

VIS0.6 0.635 0.56–0.71 Solar reflective
VIS0.8 0.81 0.74–0.88 Solar reflective
NIR1.6 1.6 1.5–1.78 Solar reflective
IR3.9 3.92 3.48–4.36 Both
WV6.2 6.25 5.35–7.15 Thermal IR
WV7.3 7.35 6.85–7.85 Thermal IR
IR8.7 8.70 8.30–9.10 Thermal IR
IR9.7 9.66 9.38–9.94 Thermal IR
IR10.8 10.8 9.80–11.80 Thermal IR
IR12.0 12.0 11.00–13.00 Thermal IR
IR 13.4 13.4 12.40–14.40 Thermal IR
HRV n/a 0.5–0.9 Solar reflective

emissions (Table 1). They can be applied to approximate
cloud physical properties (Sieglaff et al., 2013). Our ap-
proach uses 11 channels. The high-resolution visible (HRV)
channel is excluded due to its different resolution and uncer-
tain added value. Three of the channels are sensitive to solar
radiation, which restricts us to using only daytime data. We
reformat all imager data onto a spatial grid with geographic
coordinates, employing the global reference system WGS84
(Drönner et al., 2018). Each pixel has a resolution of 0.03◦ in
both width (W ) and height (H ). To account for diminishing
accuracy from the Equator to the poles, we exclude the ar-
eas near the sensor boundaries (Bedka et al., 2010). The des-
ignated area of interest (AOI) extends 60◦ in all directions,
marking the boundaries of the new FD.

2.1.2 Radar data

Within the CloudSat (CS) GEOPROF-2B product, a nadir-
looking 94 GHz cloud profiling radar (CPR) delivers infor-
mation on the cloud reflectivity on the logarithmic dBZ (deci-
bel relative to Z) scale (later referred to as “radar data”)
(Stephens et al., 2008). The radar receives a 2D cross section
of the cloud column with a horizontal resolution of 1.1 km.
The vertical dimension (Z) comprises 125 height levels with
a bin size of 240 m (Guillaume et al., 2018). From the ground
surface to the lower stratosphere, the vertical extent covers
30 km. We use the reflectivity transects as the ground truth to
train and evaluate the model. In the subsequent steps, we ad-
just the height levels of the radar. The lower altitudes, specif-
ically those between 0 and 3 km, are influenced by the to-
pography and a radar signal weakening due to attenuation
(Marchand et al., 2008). To enhance the model performance,
we omit the 10 lowest height levels. Since we notice a signif-
icant imbalance between clear-sky and cloudy pixels, we ex-
clude the predominantly cloud-free areas within the upper 25
height levels (Stephens et al., 2008). The final Z dimension
encompasses 90 height levels ranging from 2.4 to 24 km. We

note that, due to the sun-synchronous orbit of CloudSat, it
has a reduced ability to account for diurnal variations within
specific regions of the AOI (Stephens et al., 2008).

2.1.3 Matching scheme

We obtain training data for our study by aligning MSG SE-
VIRI scenes with CloudSat radar data as shown in Fig. 1a.
To match the datasets, we compare their timestamps and lo-
cations. If the radar coordinates fall within the AOI, we deter-
mine the flight direction to identify whether CloudSat circles
the Earth in ascending or descending orbit. We then extract
images of 128×128 (H×W ) pixels from each MSG SEVIRI
channel along the radar coordinates using a moving-window
approach with a 50 % overlap between image–profile pairs
(Denby, 2020; Jeppesen et al., 2019).

We prepare the matched image–profile pairs for further
processing. To do this, we combine the 11 MSG SEVIRI
channels into a single 3D array with dimensions 11× 128×
128 [C×H ×W ] pixels. CloudSat flies across a horizontal
transect within the satellite scene. It has a higher native res-
olution than MSG SEVIRI. To align the datasets, we down-
sample the radar pixels by aggregating them based on the
local maximum reflectivity. This adjusts the CloudSat pixels
to the MSG SEVIRI resolution of 0.03◦ but leads to some
loss of sharp contrast in radar pixels (Jordahl et al., 2020).
We standardize the data shape by transforming the 2D cross
section into a sparse 3D array of 125×128×128 [Z×H×W ]
pixels, representing reflectivities along the cross section. Af-
ter downsampling, the transect becomes 1 pixel wide. We
label pixels outside the transect as missing values to main-
tain the CloudSat data location during training. We use these
pixel indices to compute the loss between the CloudSat data
and the predicted cross section and to evaluate the model per-
formance.

2.1.4 Data processing

Before training the model, we process the extracted image–
profile pairs. We utilize a full year of data (2017) to in-
corporate seasonal variations into the modeling process. We
split the 30 000 matched image–profile pairs, with 75 % (Jan-
uary to September) used for training and 25 % (October to
December) for validation. Our test set is derived from data
in May 2016, from which the matching algorithm extracts
1500 image–profile pairs. We impute missing data in the 3D
MSG SEVIRI array by an interpolation of neighboring pix-
els (Troyanskaya et al., 2001). Afterwards, data from each
satellite channel x were normalized between [0,1] by

x′ =
x−µ

σ
(1)

using the arithmetic mean µ and standard deviation σ of
the training data (Leinonen et al., 2019). As described in
Sect. 2.1.2, we reduce the height levels of the CloudSat pro-
file from 125 to 90 (Fig. 1b). We use the CloudSat quality in-
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Figure 1. Workflow of the study. Panel (a) shows the moving-window approach used for matching the radar and the imager data. Steps
needed for the processing of both datasets are depicted in panel (b). In panel (c), the architecture of the proposed Res-UNet is illustrated.
The upper row shows an example of the input data, ground truth (with reduced 90 height levels and full transparency for values 5−25 dBZ),
and output, respectively. The location of the radar transect within the 3D output image is pictured with full opacity. The numbers alongside
the boxes in the architecture sketch refer to the feature channels (right) and image sizes (left) at the given model depth.

dex to identify noisy pixels. Pixels with a quality index lower
than 6 were set to a background value of −25 dBZ to reduce
noise (Marchand et al., 2008). All radar reflectivity values
ZdB were normalized between [−1,1] as follows:

Z′dB = 2
ZdB+ 35dB

55dB
− 1, (2)

where the maximum and minimum reflectivities are between
[−35,20] (Stephens et al., 2008; Leinonen et al., 2019). The
CloudSat data are highly skewed towards clear-sky samples.
We limit the percentage of cloud-free profiles to 10 % to
tackle this imbalance (Jeppesen et al., 2019).

2.2 Model architecture and training

Neural networks can capture highly complex relationships
between input and output data (Lee et al., 2021). The Res-
UNet used in this study displays a modified framework de-
signed for remote sensing data (Dixit et al., 2021). Additional
residual connections and continuous pooling operations aim
to reduce the dependence of the network on the input’s lo-
cation (Diakogiannis et al., 2020). Former studies using the
Res-UNet dealt with the classification of tree species (Cao
and Zhang, 2020) or the prediction of precipitation (Zhang
et al., 2023). The obtained results emphasize the ability of the
Res-UNet to adequately address the importance of the spatial

coherence in environmental research (Marais et al., 2020). In
this study, we derive the cloud reflectivities (dBZ) from the
satellite channels by a regression task (Hilburn et al., 2020;
Zhang et al., 2023).

As introduced by Ronneberger et al. (2015), the UNet and
its modifications provide an almost symmetrical architec-
ture. The network architecture of the Res-UNet is shown in
Fig. 1c. The parameters of the network are listed in Table A1
in Appendix A. Each box represents the layer sizes on the
encoder and decoder sides. On the right-hand side of each
box, the filter size is given. The respective height and width
are given on the left-hand side.

The Res-UNet consists of six residual blocks, each includ-
ing two 2D convolutions (3×3 kernel, stride 1) and rectified
linear unit (ReLU) activation (Diakogiannis et al., 2020). On
the encoder side, we add batch normalization. The output is
merged with a skip connection that consists of one 2D con-
volution (3× 3 kernel, stride 1) and a batch normalization.
Adding the skip connection and the convolutional layer rep-
resents the output of a residual block.

We increase the channel dimension of the initial imager
data from 11× 128× 128 pixels with a 1× 1 2D convolu-
tion to a feature map of size 32× 128× 128. In the encoder
branch, we then employ a sequence of three residual blocks
with doubling filter sizes, each followed by a 2×2 maximum
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pooling layer (Lee et al., 2021). We subsequently reduce the
feature map size to 256× 16× 16 pixels in the bottleneck
layer. Here, we apply two 2D convolution layers, followed
by batch normalization and ReLU activation.

The decoder side features three residual blocks, each with
an upsampling layer (2D convolution, 2× 2 kernel, stride 2)
and a corresponding skip connection from the encoder. After
upsampling, we apply a residual block with 2D convolution
(3× 3 kernel, stride 1) and ReLU activation, doubling the
spatial extent to match the skip connection while halving the
channel dimension (Li et al., 2018). The final 1× 1 convolu-
tion maps the output to 90× 128× 128 pixels, representing
the 90 height levels of the radar cross section (Jeppesen et al.,
2019). We remove the border pixels of the output, resulting
in a final radar reflectivity output of 90× 100× 100 pixels
(C×W×H ). Predicted reflectivities are scaled between−35
and 20 dBZ, with values below −25 dBZ considered cloud-
free (Leinonen et al., 2019).

We conducted the training for 50 epochs with a batch size
of 4 and a weight decay of 0.00001 (see Table A1 in Ap-
pendix A). We have 1 893 328 total trainable parameters. The
estimated total size of the model is 194.27 MB (see Table B1
in Appendix B). We use the adaptive moment estimation
(ADAM) method for model optimization due to its fast con-
vergence rate (Kingma and Ba, 2014). The learning rate is
initially set to 0.001 (see Table A1 in Appendix A). It is re-
duced by a learning rate scheduler during the training process
when reaching a plateau. To enhance the number of training
data, we give all input data a chance of 25 % of being rotated
by 90◦ (Jeppesen et al., 2019). These flipped images are per-
ceived as new samples. The goal is to increase the model
invariance to the orientation of the radar cross section.

2.3 Evaluation

2.3.1 Analyzing and comparing the model performance

The model performance is quantified during training (loss
function) and is evaluated afterwards by calculating the root
mean square error (RMSE) (see Table A1 in Appendix A).
The RMSE is equally able to penalize misses and false
alarms (Lee et al., 2021). As described in Sect. 2.1.3, we pre-
serve the pixel indices of the CloudSat cross section within
each image–profile pair during training. We use the locations
of these pixels to filter the observed and predicted transects.
The RMSE is calculated along the filtered cross sections.
Since it is only evaluated on a small subset of 10 % of all the
pixels, we have a sparse regression task (Wang et al., 2020).
We cannot quantify the model performance on the full 3D
prediction of the cloud field.

The results of the Res-UNet are compared against two
competitive methods (Drönner et al., 2018). First, we predict
the radar reflectivity by an ordinary least squares model with
multiple regression outputs (OLS). The 11 satellite channels
were used as independent predictor variables. The output is a

1D cloud column. Second, a random-forest (RF) regression
is applied (Breiman, 2001). The RF is a supervised ML al-
gorithm suitable when working with environmental datasets
in the natural sciences (Boulesteix et al., 2012). Its feasibil-
ity for complex meteorological data was investigated before.
For example, McCandless and Jiménez (2020) used a RF re-
gression to detect clouds. Our study uses a setup with 100
trees, each choosing a random subset of satellite channels to
predict the reflectivity along a 1D cloud column. We use the
same training, validation, and test split as for the Res-UNet.
For each image–profile pair, we filter the 3D array to locate
the radar cross section. This transect is separated into 1D
cloud columns. For every pixel along the cross section, we
receive a ground truth in the form of 90× 1 [Z× (H,W)].
The 3D array containing the satellite channels was filtered
by the radar profile location and was divided into images of
size 11× 1 [C,(H,W)]. The OLS and RF map the imager
data to an output size of 90×1 pixels [Z× (H,W)]. We cal-
culate the RMSE between the observed and predicted cloud
columns and scale the output between −35 and 20 dBZ. We
reconstruct the 2D transect by the preserved index of each
pixel of the cross section. These profiles are compared to the
output of the Res-UNet.

2.3.2 Merging 3D reflectivities on the FD

We predict the radar reflectivity for each MSG SEVIRI file
in the test dataset (May 2016) using the trained Res-UNet.
The result is a contiguous 3D cloud tomography for every
15 min time step. The MSG SEVIRI FD covers an extent of
2400×2400 pixels. For the FD prediction, we divide the FD
into overlapping subsets of 128× 128 pixels. These subsets
are processed and fed into the network. The output is a 3D re-
flectivity image of 90×100×100 pixels [Z×H×W ], which
equals 2.5◦ on the MSG SEVIRI grid. We merge the tiles to
cover the whole satellite AOI. Between the tiles, there is no
overlap. The goal is to evaluate the network’s ability to ex-
trapolate a large-scale cloud field from single tiles.

2.3.3 Computing the cloud top properties

To the best of our knowledge, there exist no comparable
datasets on the 3D cloud tomography in this study. Instead
of a quantitative evaluation of the reflectivity, we evaluate
the predictions based on their ability to derive the cloud top
height (CTH) (Wang et al., 2023). We use the FD predic-
tions for the test dataset (May 2016) for the computation. The
CTH is defined as the distance between the ground surface
and the uppermost cloud layer for every 1D vertical column
(Huo et al., 2020). This calculation requires conversion of the
height levels to a kilometer scale. We use a fixed threshold
of −15 dBZ to differentiate a cloudy pixel from a clear-sky
pixel (Marchand et al., 2008). The result is a binary classifi-
cation for each pixel in the 3D cloud field. In this dataset, we
extract the CTH as the cloud top signal in each 1D cloud col-
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Figure 2. Height-dependent reflectivity distribution for every height bin between 2.4 and 24 km for the CloudSat data (CS CPR) (a), the
Res-UNet (b), the ordinary least squares model (OLS) (c), and the random-forest (RF) regression (d) (n= 1500).

umn of the FD. We aggregate the results on a monthly scale
and compare the predicted CTH to the operational product
CLAAS-V002E1 (CLoud property dAtAset using SEVIRI,
Edition 2) (Finkensieper et al., 2020). It is based on the MSG
SEVIRI channels and additional model data and provides
information on the macrophysical and microphysical cloud
properties. We use a monthly aggregate with a resolution of
0.05◦ on the MSG SEVIRI FD.

3 Results

3.1 Evaluating the reflectivity distribution

We analyze the ability of the three models (Res-UNet, OLS,
and RF) to reconstruct the cloud vertical distribution for the
test dataset in May 2016 (Sect. 2.3.1). The OLS and RF pre-
dict a 1D column, whereas the output of the Res-UNet com-
prises a 3D image of the cloud field. We filter all outputs
by the preserved location of the radar cross sections to de-
rive the original 2D transect. At first, we compute the height-
dependent reflectivity distribution of the CloudSat data and

the three models. Due to the applied quality flag (Sect. 2.1.4),
we have few observations below 5 km height (Fig. 2a). This
leads to a shift in low height levels. The models overestimate
cloud-free values below −25 dBZ. The CloudSat reflectivi-
ties have a peak at 0–10 dBZ between 5 and 7 km. A second,
weaker peak is observed between 12 and 15 km for reflec-
tivities < 0 dBZ. All the predictions underestimate the first
peak > 0 dBZ. Instead, they overestimate the occurrence of
reflectivities <−20 dBZ (Fig. 2b–d). The OLS shows an es-
pecially high shift towards low reflectivities. The Res-UNet
predicts low reflectivities <−20 dBZ along all the height
levels between 5 and 15 km, whereas we observe a distinct
peak at 5 km for the RF.

We analyze the difference between the observed and pre-
dicted reflectivities by a 2D joint distribution plot. For this
purpose, we calculate the density distribution of the reflec-
tivity between 2.4 and 24 km. Here, we use a bin size of
1 dBZ and 240 m height, respectively (Steiner et al., 1995).
All the distributions are calculated on the test dataset and
are normalized by the distribution size (n= 1500). Predic-
tions differ from the original radar data, especially for val-
ues > 0 dBZ and at low altitudes (Fig. 3). In the joint plot,
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the highest agreement appears in the form of a curved line
between low reflectivities > 15 km and high reflectivities at
7 km. The results indicate an overestimation of high reflectiv-
ities and an underestimation of low reflectivities, especially
for low-level clouds. Since we observe few clouds at high al-
titudes (Fig. 2a), the distribution differences become smaller
above 15 km. The joint plot shows a similar distribution for
the Res-UNet and the RF, whereas the error of the Res-UNet
is slightly lower for reflectivities between −15 and 0 dBZ
(Fig. 3a and c). We observe few predictions > 0 dBZ and
a strong overestimation of reflectivities <−20 dBZ for the
OLS (Fig. 3b).

3.2 Height-dependent model performance

We analyze the model error (RMSE) along the vertical cloud
column. For all the models, we calculate the mean RMSE
on the test dataset between 2.4 and 24 km. The results show
an overall lower RMSE for the Res-UNet than for the OLS
and RF (Fig. 4). The mean RMSE varies between 2.99 dBZ
(Res-UNet), 4.1 dBZ (RF), and 4.58 dBZ (OLS). On a dBZ
scale between−25 and 20 dBZ, this is equivalent to errors of
10.1 % (OLS), 9.1 % (RF), or 6.6 % (Res-UNet). Between
2.4 and 5 km, the RMSE is 0. This is due to the lack of
CloudSat observations after filtering noisy pixels (Fig. 2a).
Between 5 and 7 km, the RMSE increases to up to 8 dBZ
for the Res-UNet, 10 dBZ for the RF, and 12 dBZ for the
OLS (Fig. 4). At higher altitudes, the performance of all the
models improves. The RMSE decreases to 4 dBZ (5.7 dBZ,
6 dBZ) for the Res-UNet (RF, OLS) at 15 km and reaches its
minimum at 22 km (24 km for OLS and RF). Above 15 km,
we have few CloudSat observations > 15 dBZ (Fig. 2a). We
observe a lower model error (Fig. 4) and reduced the differ-
ence between the distributions (Fig. 3) at these height lev-
els for all three models. The improved performance can be
traced back to the superior number of background reflectiv-
ities or the presence of more uniform clouds, like extended
tropical cirrus. Over all the height levels, the Res-UNet has
the lowest RMSE of the three models. Compared to the OLS
(RF), the mean RMSE of the Res-UNet is reduced by 34,8 %
(27,1 %).

Figure 5 shows the predicted and observed reflectivities
along the radar transect for four randomly chosen samples.
For all the models, the reconstructed cloud signal is predicted
at the right horizontal location along the cross section. Clear-
sky situations of−25 dBZ are recognized without noise. The
cross sections in Fig. 5a are created using processed Cloud-
Sat reflectivities with a resolution of 0.03◦. Although the
radar pixels lose some sharp contrasts after the downsam-
pling, we observe a higher blurriness for the predictions. The
edges of individual clouds smear out for all three models.
Even though all the transects were labeled “cloudy”, we see
a high percentage of background pixels.

For the Res-UNet, we observe a RMSE between 3.3 and
8.2 dBZ. The overall shape and increased intensification to-

wards the cloud’s core follow the radar, even though edges
are blurred, and peak reflectivities remain underestimated
(Fig. 5b). This issue is reflected within the reflectivity dis-
tribution of the DL model (Fig. 2b). While the Res-UNet ac-
curately identifies single-layer clouds, it misses sharp edges
of multi-layer clouds, especially at mid altitudes. Clouds
over multiple height levels are blurry and show a reduced
small-scale accuracy in the vertical dimension (Fig. 5III).
The lower height levels of multi-layer clouds are only partly
represented (Fig. 5II and IV). Instead, we observe a simplifi-
cation of these cloud layers.

For the OLS and the RF, the underestimation of the cloud
core reflectivities resembles the Res-UNet (Fig. 5II and III).
All four examples show a higher RMSE for the OLS and RF
than for the Res-UNet (Fig. 5c and d). The difference varies
between 0.1 (I) and 2.7 (IV) dBZ. While the error is predomi-
nantly similar for all three models, the shape of the predicted
clouds differs (I, III). The OLS (RF) fails to accurately re-
construct the vertical extent in all the transects. Instead, the
reflectivity is uniform along the cloud column. We see a con-
tinuous cloud signal between 5 and 15 km (Fig. 5c). In con-
trast, the Res-UNet predicts the vertical variability more pre-
cisely (Fig. 5b). While the 2D profiles of the Res-UNet are
smooth, the RF and OLS lead to a fragmented structure with
a high value variability between the single pixels of the tran-
sect (I, IV). The examples show an inaccurate reconstruction
of shallow clouds and multi-layer clouds for the OLS and RF.

3.3 Geographic analysis of the 3D cloud tomography

With the trained Res-UNet, we predict clouds on the MSG
SEVIRI AOI. Since the network was trained using visible-
spectrum (VIS) channels, we cannot provide an accurate rep-
resentation of the nocturnal cloud field. An exemplary 3D
cloud tomography is predicted for 6 May 2016 at 13:00 UTC.
For that purpose, the satellite scene was divided into small
subsets of overlapping 128× 128 pixel images as described
in Sect. 2.3.2. After feeding each subset into the network, the
output tiles of 90× 100× 100 pixels were merged into a FD
scene of 90×2400×2400 pixels for the whole AOI (Fig. 6a).

The results contain a 3D cloud field along 90 height bins
between 2.4 and 24 km. As shown in Fig. 6a, the top view of
the maximum reflectivity per cloud column demonstrates the
absence of hard borders between single prediction tiles. Even
though CloudSat data are only available at the radar tran-
sects, we can extrapolate smooth cloud structures on the FD.
The example tiles (b)–(d) show a fluid transition between the
edges of single prediction tiles (Fig. 6). Each example spans a
horizontal extent of> 2.5◦ (100×100 pixels) to demonstrate
the absence of artifacts between the tiles. High-reaching con-
vective complexes (b) and large-scale structures (c, d) are ex-
trapolated at the FD scale regardless of their location. Even
though the overall reflectivity is underestimated, low-level
and multi-layer clouds are displayed as contiguous entities.
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Figure 3. Joint plot of the normalized difference between the observed and predicted reflectivities on the test dataset (n= 1500). For each
height bin between 2.4 and 24 km, we compare the CS CPR to the distribution of the Res-UNet (a), OLS (b), and RF regression (c).

Figure 4. Height-dependent RMSE for every height bin and the mean RMSE for all the models calculated on the test dataset (n= 1500).

We visualize the mean RMSE between 60◦ N and 60◦ S
to investigate zonal variations for the test dataset. The ge-
ographic analysis is used to evaluate the reliability of the
3D cloud tomography. The RMSE shows a high-latitudinal
variability. At 30–50◦ N, we observe the highest RMSEs of
6–7 dBZ (Fig. 7a). The RMSE at mid latitudes in the South-
ern Hemisphere is lower than in the Northern Hemisphere.
Nevertheless, the lowest RMSE is achieved in the tropics be-
tween 20◦ N and 20◦ S. We analyze the RMSE in relation to
the number of image–profile pairs originating in the match-
ing scheme in Sect. 2.1.3. Most image–profile pairs are lo-
cated around the Equator and at the mid latitudes (Fig. 7b).
Few pairs are matched around 10◦ N and 30◦ S. Regions at
the mid latitudes have the highest RMSE and the highest
number of observations. In the tropics, the RMSE is lower.
Here, we obtain a high number of image–profile pairs from
the matching scheme. The predicted cloud field shows high
geographic variability of the RMSE. We observe a higher
RMSE for the Northern Hemisphere than for the Southern
Hemisphere. Clouds in the subtropics are more accurately

represented than clouds at high latitudes. At the same time,
we lack observations here. The analysis emphasizes the im-
portance of the geographic location for the model predictions
as well as the influence of the CloudSat orbit.

3.4 Comparison of the predicted CTH

To evaluate the quality of the Res-UNet predictions, we com-
pare the reflectivity distribution between CloudSat and the
Res-UNet predictions. In a second step, we calculate the
CTH on the test dataset. The reflectivities in Fig. 8a are
provided on a logarithmic scale due to the high proportion
of cloud-free pixels around −25 dBZ (Fig. 8a and c). Val-
ues<−15 dBZ are visualized with a grey background. They
lie below the threshold used to determine a cloud signal for
the calculation of the CTH (Sect. 2.3.3). The distribution
of CloudSat and predicted reflectivities is similar for up to
−10 dBZ. For higher reflectivities, the distributions diverge.
As demonstrated in Fig. 2, the network fails to accurately re-
construct high reflectivities. The difference increases for re-
flectivities > 0 dBZ. Both reflectivity distributions are dom-
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Figure 5. Reconstructing the radar cross section for four random examples of the test dataset (n= 1500). Values 5−25 dBZ are displayed
transparently. We compare the reflectivity between the processed CloudSat cross sections (a) and the predictions of the Res-UNet (b),
OLS (c), and RF (d) for each transect (I)–(IV). The RMSE describes the error between the CloudSat data and the predicted profile.

inated by cloud-free pixels of −25 dBZ (Fig. 8c). The com-
parison shows the importance of the background value for
the whole distribution. For values>−15 dBZ, the difference
between the distributions decreases. The shift of the distribu-
tion is reflected in the CTH in Fig. 8b. Both datasets display
a maximum CTH at 7 km height. This first peak is overesti-
mated by the model. A second peak around 12–15 km height
is underestimated by the Res-UNet. The difference between
the predicted CTH is reflected within Fig. 8d. The mismatch
between the two peaks is about the same size. The under-
estimated second peak can be traced back to the inaccuracy
of the predicted reflectivities. The Res-UNet overestimates
reflectivities <−15 dBZ at all height levels up to 15 km. It
misses high reflectivities responsible for the peak of the CTH
at 12–15 km (Fig. 3b). Instead, we see an overall surplus of
background values in the FD prediction.

Calculating the CTH on the FD predictions substantially
increases the number of available data points compared to the
CloudSat data. Predicted images surpass the radar observa-
tions by a factor of 10 000. We use the 3D cloud tomography
to derive the FD CTH on the test dataset. For each time step,

we calculate the CTH on the FD and aggregate the results to
a monthly mean. These values are compared to the CLAAS-
V002E1 product with a resolution of 0.05◦ (Finkensieper
et al., 2020). The predicted CTH has a resolution of 0.03◦.
Due to this mismatch, our predictions show more fragmented
structures (Sect. 2.3.3). CloudSat faces sensor limitations at
low and high altitudes of the troposphere (Sect. 2.1.2). While
our analysis reveals an overall high agreement, the lack of,
e.g., thin clouds within the radar data can lead to a reduced
similarity between the CLAAS-V002E1 data and the pre-
dicted CTH. We observe a connection between the similarity
of the datasets and the hemisphere. In the Northern Hemi-
sphere, the highest number of image–profile pairs and the
highest CTH difference occur between 0 and 20◦ N. Between
the tropics of the Southern Hemisphere, the number of ob-
servations is similar, whereas the CTH difference is consid-
erably lower. The variability between the hemispheres can be
traced back to the distribution of land masses. A higher pro-
portion of oceans in the Southern Hemisphere and a modified
solar zenith angle affect the formation of clouds (Bruno et al.,
2021). The result is an increased model performance which
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Figure 6. Prediction of 3D cloud structures from the Res-UNet along the FD MSG SEVIRI domain with a top view of the maximum cloud
column reflectivity for each pixel on 6 May 2016 at 13:00 UTC (a). The detailed views in panels (b–d) span several tiles of 100×100 pixels
(2.5◦ on the geographic grid) to show the absence of artifacts between predictions.

might be caused by the existence of either more uniform or
less complex clouds.

Although the small-scale accuracy of the predicted CTH is
improvable, the results allow an investigation of regional dif-
ferences on the large scale. These differences arise especially
around the Equator and at mid to high latitudes (Fig. 9). At
mid latitudes, the CTH over water bodies is overestimated in
the Southern Hemisphere and underestimated in the North-
ern Hemisphere. These differences can be traced back to an
increased RMSE in these regions (Fig. 7). In contrast, a low
RMSE in the subtropics increases the accuracy of the pre-
dicted CTH. The model is biased toward predicting lower
clouds than the observational data. Overall, the Res-UNet
overestimates the occurrence of clouds in 6–8 km while un-
derestimating high clouds (Fig. 8b).

This issue is reflected within Fig. 10. Here, we visualize
the geographic distribution of the CTH difference (Fig. 10a).
The mean difference over all the pixels accounts for 1.28 km.
While the data show an overall agreement, the pixel-wise
difference rises to a maximum of 10 km. This applies es-

pecially to regions in the subtropics. We observe an under-
estimation of the predicted CTH over land. Above the At-
lantic Ocean, especially in the tropics, the predictions are too
high. The highest difference occurs in the subtropics in the
Northern Hemisphere (Fig. 10b). At 20◦ N, the mean dif-
ference accounts for 5 km. Around the tropics and mid lat-
itudes, both datasets are in higher agreement. The distribu-
tion of the CTH difference is inversely proportional to the
number of matched image–profile pairs (Fig. 7b). The CTH
difference decreases with an increasing number of observa-
tional data from CloudSat. This applies to predictions over
land and sea. Since we lack ground truth in the subtropics,
the performance of the predictions decreases. The geograph-
ical differences are only partly in accordance with the dis-
tribution of the RMSE (Fig. 7a). While the RMSE is lower
in the northern subtropics, the error of the predicted CTH
reaches its peak (Fig. 10b). The RMSE alone does not ap-
pear to be a suitable measure for defining the reliability of
the predicted reflectivity on the FD. This is due to the influ-
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Figure 7. Zonal RMSE of the Res-UNet (a) and number of matched image–profile pairs used for model evaluation (b) for latitudes between
60◦ N and 60◦ S (n= 1500).

Figure 8. Comparing the reflectivity distribution and the derived CTH for CloudSat and the Res-UNet predictions. Data are calculated on
the test dataset and aggregated to a monthly mean (n= 1500). The upper-row frequencies (a) and (b) display the dBZ and computed CTH
for observed and predicted data. Lower-row images (c) and (d) show the difference between the observed and predicted data. Grey areas in
plots (a) and (c) contain reflectivities below the threshold of −15 dBZ applied for the CTH analysis.

ence of the skewed reflectivity distribution on the RMSE and
its geographic variability.

Even though the comparison of the CTH shows regional
differences, the predictions can be used to represent the CTH
pattern on the FD. The CLAAS-V002E1 data are computed
using the MSG SEVIRI imager data as well as derived prod-
ucts and additional data. Each of them brings its own bias,
potentially multiplying their effects on the final CTH. In con-
trast, our CTH is only based on the predicted reflectivity. In
that way, we can minimize the influence of additional data
sources.

4 Discussion

The Res-UNet makes predictions based on the MSG SE-
VIRI channels, preserving the spatial details and global con-
text during training (Wang et al., 2022). The error of the
model varies depending on cloud structure within the radar
cross section. Compared to pixel-based approaches like OLS,
the Res-UNet better reconstructs the pixel connectivity. The
OLS and RF operate on 1D cloud columns. This limits their
ability to extrapolate cloud information to a larger scale, re-
sulting in fragmented reconstructions (Fig. 5c and d). While
the RMSE and the reflectivity distribution are similar across
all the models, only the Res-UNet predicts a contiguous radar
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Figure 9. Monthly aggregation for the derived CTH for May 2016 (a) compared to CLAAS-V002E1 CTO (b).

Figure 10. Difference between CLAAS-V002E1 CTO and the computed CTH for May 2016. Panel (a) shows the geographic distribution on
the FD, panel (b) the zonal error.

cross section. Choosing a DL framework eliminates the need
for prior predictor variable selection (Kühnlein et al., 2014;
Leinonen et al., 2019). This can reduce the user bias in the
input data (Jeppesen et al., 2019; Jiao et al., 2020).

The Res-UNet shows a 30 % improvement in the mean
RMSE (Fig. 4). We could potentially further enhance the
model performance by utilizing a more complex architec-
ture. Our input data differ from typical grey-scale or RGB
images, as they comprise multiple input channels and re-
sult in 3D output (Drönner et al., 2018). Given the demands
of our data and resource constraints, we adapted a standard
UNet architecture rather than using a pre-trained model (Am-
ato et al., 2020). Selecting the RMSE as a loss function can
increase the blurriness in the results, particularly as model
bias grows (Mathieu et al., 2016). This issue becomes ap-
parent as all the models struggle to predict high reflectivities
(Fig. 2b–d). The predictions are influenced by an imbalance
within the CloudSat data, with the distribution of all the mod-

els skewed toward low reflectivities. A resolution mismatch
between CloudSat and MSG SEVIRI exacerbates this imbal-
ance, causing peak reflectivities to blur out (Fig. 5b–d).

Our study covers a large-scale AOI spanning 60◦ in all di-
rections. In contrast to the studies of Leinonen et al. (2019) or
Hilburn et al. (2020), we incorporate a diverse landscape into
our training. While Hilburn et al. (2020) focused on radar
signal reconstruction over the USA using land-based radar,
Leinonen et al. (2019) concentrated on radar cross-sectional
prediction over the sea. In our study, we match image–profile
pairs over land and the sea to achieve model invariance in
the topography. The performance of our Res-UNet is simi-
lar to their results. Nevertheless, we observe regional differ-
ence, especially for the CTH. We use a geographical analysis
to highlight the importance of the topography and land–sea
distribution and their impact on cloud microphysics (Wang
et al., 2023).
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We emphasize the influence of the geographic location
and the CloudSat orbit, particularly in regions farther from
the Equator, where sensor accuracy diminishes (Fig. 7). Cur-
rently, we estimate the model error to be mainly influenced
by the data imbalance and chosen loss function. In the fu-
ture, addressing the cloud parallax shift in high-angle satel-
lite observations could enhance the results by a more ac-
curate image–profile matching (Bieliński, 2020). The most
accurate predictions fall between 25◦ N and 25◦ S (Fig. 7),
while mid and high latitudes exhibit a higher RMSE. This is
likely due to the land–sea distribution and connected cloud
patterns. Over ocean bodies, the model overestimates the re-
flectivity (Fig. 10a). Using the water vapor channels could
lead to this distortion. Improved predictions are evident over
the Southern Hemisphere. Since CloudSat operates in a sun-
synchronous orbit, it misses diurnal variations in each region
(Sect. 2.1.2). In this study, we only derive daytime predic-
tions. This is due to the influence of solar radiation in VIS
channels (Hilburn et al., 2020; Jeppesen et al., 2019). Addi-
tional distortions may arise from VIS channels, as imager
data only represent the uppermost cloud layer. Depending
on the location, they can be highly influenced by the surface
albedo (Drönner et al., 2018). Training a model without the
VIS channels can help to achieve predictions independent of
the daytime. Reducing the extent of the AOI can mitigate the
geographic performance differences but limits the applica-
bility of the network. Training regional models and adjusting
the loss function and model architectures offer potential so-
lutions to improve the results of the 3D cloud tomography.

The reconstructed CloudSat cross sections are comparable
to results achieved by Leinonen et al. (2019). For both stud-
ies, the RMSE varies between 0 and 1 dBZ for cloud-free
samples, between 3 and 7 dBZ for more uniform clouds, and
by more than 10 dBZ for multi-layer clouds. A common lim-
itation is accurately representing multi-layer clouds. Using
the satellite channels to derive this information may be lim-
ited (Schmetz et al., 2002; Thies and Bendix, 2011). High
reflectivities tend to be underestimated due to noise near the
ground (Stephens et al., 2008). To mitigate this, we exclude
affected height levels, but this results in incomplete model
predictions between 0 and 5 km (Fig. 2). Reducing noise is
crucial for improving the performance of DL applications
in remote sensing (Enitan and Ilesanmi, 2021). Our results
are significantly influenced by the resolution difference be-
tween CloudSat and MSG SEVIRI as well as the choice of
the loss function (Sect. 2.1.3). The aggregation of CloudSat
pixels blurs the contrast within individual clouds (Fig. 5a),
which is further reflected in the increased RMSE. In con-
trast, Leinonen et al. (2019) use data from the MODIS satel-
lite. It has a higher spatial resolution than the MSG SEVIRI
data, allowing for sharper predictions along the radar tran-
sect. However, polar-orbiting satellites like MODIS lack the
spatiotemporal coverage of geostationary satellites (Dubovik
et al., 2021). In their study, Wang et al. (2023) derive 24 000
training samples for matching CloudSat and MODIS over

6 years. By using MSG SEVIRI data, we amplify the vol-
ume of the training data. We have extracted approximately
30 000 training samples from 1 year of imager data, which
results in a ratio of about 1 : 7.

Currently, a compromise on the resolution is necessary to
obtain predictions for Europe and Africa. However, promis-
ing new instruments are emerging. While data from com-
parable sources like the GOES-R series and the Himawari
8/9 satellites already offer a 1 km resolution, the recently
launched Meteosat Third Generation satellite by EUMET-
SAT allows us to close the gap and enables a more precise
representation of individual clouds (Holmlund et al., 2021).
Although our approach currently focuses on a region cen-
tered around 0◦ longitude, we can apply the same frame-
work to other geostationary satellites, potentially achieving
global 3D cloud coverage throughout the troposphere. The
predicted cloud field can be valuable for time series anal-
ysis, enabling the tracking of clouds in four dimensions
across space and time. Our results facilitate the identifica-
tion of large-scale cloud patterns. They offer various appli-
cations, such as analyzing cloud organizational structures,
pinpointing lightning locations, or conducting precipitation
onset analyses. While we use CloudSat radar data as our
ground truth, we need to evaluate whether this approach can
be adapted to other 2D transect data sources, such as aerosol
measurements. Former studies already derived aerosol prop-
erties from imager data (Carrer et al., 2010). The DL frame-
work could help to achieve a full 3D retrieval of aerosols.

5 Conclusions

With the help of a neural network, we demonstrate for the
first time the potential to infer comprehensive 3D radar re-
flectivities from 2D geostationary satellite images. While for-
mer studies were confined to a smaller region or the recon-
struction of the 2D radar transect, we provide a framework
to model the 3D cloud field at a high spatiotemporal reso-
lution. The study is focused on Africa and Europe, but the
approach can be used to predict the radar reflectivity on a
global scale. Using only the predicted reflectivity, we derive
the CTH without external data sources. Overall, the approach
accurately reconstructs cloud structures under varying envi-
ronmental conditions on the FD. Although the results are af-
fected by sensor-specific and technical limitations, a vast po-
tential for applications in atmospheric and climate sciences
is apparent. With steadily growing data and the emergence
of improved instruments, the results can close the existing
global data gap. We emphasize the benefit of extrapolating a
3D cloud field, especially in remote oceanic regions. Future
work will focus on extending the proposed network by data
with an enhanced spatial and temporal resolution and inves-
tigating 3D cloud processes in active applications.
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Appendix A: Overview of Res-UNet parameters

Table A1. Hyperparameters and training parameters of the Res-UNet.

Type Parameter Value

Hyperparameters Depth 4
Input channels 11
Output channels 90
Filter size 3× 3
Pooling size 2× 2
Dropout 0
Activation function ReLU

Training parameters Number of epochs 50
Batch size 4
Input size 128× 128
Crop size 100× 100
Initial learning rate 0.001
Learning rate (LR) scheduler (factor) 0.1
Optimizer ADAM
Weight decay 0.00001
Loss function RMSE
Augmentation (horizontal flip) Randomness= 50%

Appendix B: Summary of trainable model parameters

Table B1. Total number of Res-UNet model parameters.

Total number of trainable parameters Estimated total size (MB)

1 893 328 194.27
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Code and data availability. The source code for the imager data-
matching scheme and the model framework is available at
https://doi.org/10.5281/zenodo.8238110 (Brüning, 2023). The Me-
teosat SEVIRI level 1.5 data used in this study have been down-
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eumetsat.int (last access: 27 July 2023; Schmetz et al., 2002). The
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3.3 Relationship between convective clouds, their cores, and the cloud
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Abstract. In this two-part study, we examine spatio-temporal patterns of convective clouds, their properties, and organisation.

We use a machine learning-based method to extrapolate a contiguous 3D cloud field of 2D satellite data. The predicted data

are used to simultaneously track both the horizontal and vertical development of clouds. Our research focuses on West Africa,

a region known for frequent convective events and severe weather. In Part 1, this study compares cloud and core properties

and the cloud life-cycle over land and ocean during a six-month period from March to August 2019. Our analysis reveals that5

65 % of tracked cloud systems contain only a single core and persist for less than three hours. Despite their shorter lifespan

compared to multi-core clusters, single-core clouds exhibit stronger changes in the radar reflectivity and a higher vertical

growth. In contrast, multi-core clouds show greater horizontal growth, encompassing larger cloud and core areas, higher cloud-

top heights (CTH), and higher average reflectivity at 10 km altitude. We also find that, in systems with more cores, both the

maximum number of cores and the peak core area occur later during the cloud life-cycle. Notably, the differences in cloud10

characteristics between land and ocean are smaller than those associated with the number of convective cores. However, the

results may not fully capture climatological differences. Further research using longer time series is needed to quantify the

observed variability of tropical convection.

Copyright statement.

1 Introduction15

Convective clouds play a vital role in the hydrological cycle of the Earth through their radiative forcing and feedback mecha-

nisms (Wielicki et al., 1995). Despite growing evidence for the connection between clouds and climate warming, they remain

one of the greatest sources of uncertainty in climate sensitivity assessments (e.g., Bony et al. (2015); Sherwood et al. (2020)).

Additionally, convective clouds are key drivers of severe weather, particularly large-scale systems like mesoscale convective

systems (MCSs), which are linked to extreme events such as hailstorms, damaging winds, and intense rainfall (e.g., Houze20
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and Hobbs (1982); Leary and Houze (1980); Maddox (1980)). Because of their societal and environmental impacts, accurately

representing convective clouds remains of particular interest.

MCSs are typically defined as convective storm complexes with an axis length of at least 100 km (Houze Jr., 2004). These

systems often feature a broad cold cloud shield, one or more deep convective cores (hereafter, “cores”), strong vertical updrafts

that connect these cores at higher altitudes, and widespread anvils extending from the convective region (Zipser and LeMone,25

1980). While cores drive intense precipitation, the stratiform anvil and cirrus canopy generally produce lighter rain (e.g.,

Houze Jr. (1989); Hartmann et al. (1984)). Core sizes typically range from 10 to 100 km, with lifespans of 1–3 hours, whereas

anvils can persist for up to 10–20 hours. The idealised MCS life-cycle includes three stages: development, maturity, and

dissipation (Futyan and Genio, 2007). During development, deep convective cells form and transport condensate upward. In

the maturity stage, the anvil and associated mesoscale circulation develop while convection continues. In the dissipation stage,30

deep convection ceases, and the system gradually fades (e.g., Houze and Hobbs (1982); Machado et al. (1998)). The MCS life-

cycle is influenced by location, time of day, and surface type. For instance, small to medium MCSs commonly form over land

in the afternoon due to local thermal instability and, potentially, sea breeze circulations (Chen and Houze, 1997). In contrast,

oceanic MCSs experience weaker diurnal variability because of the surface’s stable thermal properties (Nesbitt and Zipser,

2003).35

Our current understanding of convective clouds largely stems from satellite observations (Haynes et al., 2009). We may iden-

tify convective clouds from satellite data by distinguishing core regions and the surrounding cloud field (Steiner et al., 1995).

When derived from passive satellite observations, cores are typically characterised by cold peaks in brightness temperature,

surrounded by warmer anvil regions. Morphological features such as aspect ratio, length, width, and area may further classify

convective systems (Ganetis et al., 2018). For instance, passive and active sensors provide valuable insights into the tempo-40

ral evolution of clouds. Passive sensors, especially those measuring infrared (IR) radiation, help identify cloud-top features

(Mecikalski et al., 2010). However, they lack vertical resolution, making it difficult to distinguish between deep convection,

stratiform clouds, and cirrus (Liu and Zipser, 2008). In contrast, active sensors like radar can resolve vertical cloud structures

and hydrometeor distributions (e.g., Bacmeister and Stephens (2011); Oreopoulos et al. (2017)). Still, both sensor types offer

only limited spatial or temporal coverage. As Masunaga and Luo (2016) point out, a global, continuous 3D view of convective45

clouds remains unavailable from current satellite missions.

Early studies relied on manual tracking, but automated detection algorithms now enable the processing of large datasets.

Most of these algorithms are centroid-based, linking cloud objects across time steps (Prein et al., 2024). One of the earliest

and most influential tools is TITAN Dixon and Wiener (1993), later adapted into TINT Raut et al. (2021), which is optimized

for tracking fast-evolving storm cells. TOOCAN, developed by Fiolleau and Roca (2013), focuses specifically on convective50

cores and associated anvils in MCSs. More recently, general-purpose tools such as PyFLEXTRKR (Feng et al., 2023) and tobac

(Heikenfeld et al., 2019) have emerged. PyFLEXTRKR offers flexible 2D tracking, while tobac supports 4D analysis, enabling

a more comprehensive view of convective systems.

Despite decades of research, knowledge of the 3D structure of convective cores remains limited. In the absence of high-

resolution, global 3D observational data, our understanding of the relationship between cores and overall cloud evolution relies55
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heavily on 2D observations and simulations. Active and passive sensors contain important vertical or horizontal information,

but are limited in their spatial and temporal coverage (active) or offer only an approximation of the vertical column (passive)

(Masunaga and Luo, 2016; Taylor et al., 2017). To address this gap, we apply a machine learning (ML) framework to reconstruct

contiguous 3D radar reflectivity fields from 2D satellite data (Brüning et al., 2024). Our goal is to simultaneously capture the

horizontal and vertical evolution of convective clouds and their cores. We use imagery from the Meteosat-11 SEVIRI sensor as60

input to the ML model, which is trained to reconstruct vertical cross sections based on CloudSat Cloud Profiling Radar (CPR)

observations. This approach allows us to extrapolate a continuous 3D cloud field between 2.4 and 24 km altitude. The resulting

dataset combines the spatial and temporal characteristics of the SEVIRI input with the vertical structure from CPR. We then

use the tobac package to identify convective clouds and track them over time in 15-minute intervals. This enables the analysis

of 3D convective cloud and core properties over both land and ocean. A focus is comparing the life-cycles of clouds with single65

versus multiple core regions, offering insights into the spatial clustering and organization of convection.

We organise the article as follows. In Sect. 2, we present the data used in this study. Section 3 provides details on details the

ML-based 3D reconstruction and tracking methodology. Section 4 presents the results focusing on the temporal variability of

convective cloud and core characteristics and the connection between the cores and cloud life-cycle. Section 5 compares our

findings to known tropical convection characteristics and outlines limitations. Finally, Sect. 6 contains the concluding remarks.70

2 Data

The area of interest (AOI) for this study spans a tropical region over central and western Africa, extending from 30° N to 30° S

and 30° W to 30° E. This region is characterised by environmental conditions that contribute to the development of convective

clouds (Takahashi et al., 2023). Our objective is to detect and analyse convective clouds and their life-cycles by a six month

period between March and August 2019. This period was selected to highlight key characteristics of 3D cloud structures across75

different surface types within the AOI. Particular attention is given to the seasonal northward migration of the Inter-Tropical

Convergence Zone (ITCZ) and the onset of the West African Monsoon (WAM). Since the WAM plays a critical role in shaping

West Africa’s climate and is responsible for a significant portion of the annual rainfall in the AOI, its arrival is expected to

enhance the frequency of convective cloud formation (Andrews et al., 2024; Kniffka et al., 2019).

To investigate these phenomena, we employ a ML algorithm that generates time series of 3D radar reflectivity fields based80

on 2D satellite observations, as described in Brüning et al. (2024). The input data are derived from the Spinning Enhanced

Visible and Infrared Imager (SEVIRI) onboard the Meteosat-11 (MSG) satellite (Schmetz et al., 2002). The AOI is situated

near the nadir of SEVIRI, which is positioned above the Equator at 0° longitude. SEVIRI captures multispectral imagery across

12 channels in the visible, near-infrared, and thermal-infrared ranges. Eleven of these channels offer a temporal resolution of

15 minutes and a spatial resolution of 3 km, while one high-resolution visible channel provides 1 km resolution at nadir (Table85

1).

To validate our ML-based predictions, we use vertical cross-sections of radar reflectivity from the 94-GHz Cloud Profiling

Radar (CPR) onboard the polar-orbiting CloudSat satellite. This active radar instrument transmits microwave pulses toward
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Table 1. Overview of Meteosat SEVIRI channels (Schmetz et al., 2002).

Channel Wavelength (µm) Description Spatial resolution at nadir Retrieval at nighttime

VIS0.6 0.56-0.71 Visible channel 3 km No

VIS0.8 0.74-0.88 Visible channel 3 km No

NIR1.6 1.5-1.78 Near infrared window 3 km No

IR3.9 3.48-4.36 Near infrared window 3 km Yes

WV6.2 5.35-7.15 Upper-troposphere water vapour 3 km Yes

WV7.3 6.85-7.85 Lower-troposphere water vapour 3 km Yes

IR8.7 8.30-9.10 Mid infrared window 3 km Yes

IR9.7 9.38-9.94 Ozone sensitivity 3 km Yes

IR10.8 9.80-11.80 Clean longwave window 3 km Yes

IR12.0 11.00-13.00 Dirty longwave window 3 km Yes

IR 13.4 12.40-14.40 CO2 sensitivity 3 km Yes

HRV 0.5-0.9 High-resolution visible 1 km No

Earth to detect vertical profiles of cloud hydrometeors. The CPR achieves a vertical resolution of 240 m (distributed across

125 bins) and a horizontal resolution of 1.4 km across-track and 1.8 km along-track (Stephens et al., 2008). For this study,90

we use the level-2 2B-GEOPROF product. To address signal attenuation at lower altitudes, we limit the vertical analysis to 90

height levels ranging from 2.4 km to 24 km (Sassen and Wang, 2008). Additionally, due to reduced sensor sensitivity at high

altitudes, the CPR may underrepresent certain cloud types, particularly thin ice clouds like cirrus. To mitigate noise, we filter

the 2B-GEOPROF dataset using the CloudSat cloud mask quality flag (Marchand et al., 2008).

3 Method95

3.1 Machine learning-based reconstruction of a 3D cloud field

In the following section, we briefly outline the method used to reconstruct a 3D cloud field, based on the framework developed

by Brüning et al. (2024). Our approach employs a ML algorithm built on a 2D Res-UNet architecture — a modified version

of a convolutional neural network specifically designed for image segmentation tasks (Ronneberger et al., 2015). While the

model is primarily trained to reconstruct vertical cross-sections of the CloudSat CPR radar reflectivity using imagery from the100

MSG SEVIRI satellite, its output represents full 3D radar reflectivity volumes rather than just 2D slices.

The reconstructed 3D cloud field spans an area from 60° W to 60° E and from 60° S to 60° N, corresponding to 2400 × 2400

pixels in the horizontal dimensions. SEVIRI satellite imagery serves as input to the Res-UNet model, hence the horizontal

resolution of the 3D data is 3 km x 3 km. Initially, 11 channels covering the visible, near-infrared, and thermal-infrared spectra
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Table 2. Modifications to the Res-UNet applied in this study originally proposed in Brüning et al. (2024)

Parameter Original configuration Modification

Number of input channels 11 8

Loss function L2 L1

Nighttime predictions No Yes

Average RMSE 3.05 2.99

were used (Table 1). For this study, we exclude the visible channels to ensure the model can make predictions independent of105

daylight conditions (Table 2).

Training data consist of 128 × 128 pixel patches of SEVIRI imagery that are spatially and temporally aligned with CloudSat

overpasses. Each training sample includes a diagonal CPR cross-section. Due to the spatial resolution mismatch between MSG

SEVIRI and CloudSat, we downsample the SEVIRI data to match the CPR’s horizontal resolution. To address the strong class

imbalance between cloudy and cloud-free conditions, we limit cloud-free samples to a maximum of 10 % of the training data.110

The model is trained on nine months of data and validated on a separate three-month period. The Res-UNet is trained to

reconstruct CloudSat-like 3D reflectivity volumes with a horizontal size of 100 × 100 pixels and a vertical size of 90 levels.

The predicted radar reflectivity values range from –25 to 20 dBZ and retain the 15-minute temporal resolution of the original

SEVIRI input. We use an L1 loss function (mean absolute error) during training to evaluate the model’s performance. Notably,

direct validation is possible only for the diagonal cross-section, which accounts for about 10 % of each training sample. For115

the three-month test period, the modified daylight-independent model achieves a root mean square error (RMSE) of 2.99 dBZ

— an improvement over the original model (Table 2). This level of accuracy is comparable to the 5 dBZ precision reported for

other CloudSat products (Tomkins et al., 2024).

To generate complete coverage of the domain between 60° W to 60° E and 60° S to 60° N, the individual 3D output patches

are stitched together, producing a unified output volume of with a size 2400 × 2400 × 90 pixels. This method may help to120

obtain a consistent spatial coverage, particularly over remote oceanic regions where active sensors are sparse (Prein et al.,

2024). Visual inspection confirms the absence of artifacts at tile boundaries, indicating a seamless reconstruction of the 3D

cloud field in different parts of the domain. To further assess model performance, we compute cloud top heights (CTH) from

the predicted radar reflectivity and compare them to CTH values from the CMSAF CLAAS-V002E1 dataset (Finkensieper

et al., 2020). The comparison reveals that the model captures realistic spatial patterns of CTH in both tropical and mid-latitude125

regions. However, model accuracy tends to decline with increasing distance from the MSG SEVIRI nadir. Finally, the time-

series of 3D radar reflectivity volumes is merged along the temporal axis to generate a 4D cloud field, which is used to detect

and track convective clouds. For the purposes of this study, we crop the domain to consist of 1200 × 1200 pixels, covering the

region between 30° W–30° E and 30° N–30° S — effectively focusing on the area between the Tropic of Cancer and the Tropic

of Capricorn.130
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3.2 Tracking convective clouds in 4D

In this study, we analyse the development and properties of convective clouds by employing the tobac package, a modular

Python-based package for tracking atmospheric objects in 4D time series (Heikenfeld et al., 2019). In this study, we use the

recently released version 1.5 of the software package (Sokolowsky et al., 2024). We merge the predicted 3D radar reflectivity

fields along the temporal dimension and feed the 4D time series into the tracking algorithm to create continuous trajectories.135

The workflow to identify possibly convective trajectories consists of three steps: detecting cloud features by their centroid’s

position, segmenting the associated cloud field for each centroid, and linking segmented objects through time (Figure 1, a–c).

Moreover, we aim to separate cloud clusters that are only connected by a few pixels in the horizontal and vertical dimensions

(Oreopoulos et al., 2017). The workflow of this object-based approach is depicted in Fig. 1 and will be explained in the

following paragraphs.140

The framework, while enabling detailed analysis of convective cores, has limitations. The predicted 3D cloud fields represent

model-based approximations rather than direct observations, reflecting patterns learned by the ML model. Additionally, using

fixed thresholds in the object-based detection may oversimplify complex structures associated to clouds in the atmosphere.

Nonetheless, we may employ the data to enable a large-scale, high-resolution tracking of convective systems over the tropical

Atlantic and continental Africa.145

3.2.1 Identifying cloud features

Radar reflectivity does not directly measure vertical air velocity, but it can serve as a valuable proxy for detecting hydrometeors

associated with convective cloud development (Luo et al., 2008). To identify potential cloud structures, we apply a fixed

threshold of –15 dBZ to distinguish signals of hydrometeors from background noise in the radar reflectivity data (Marchand

et al., 2008). While this threshold is only moderately restrictive — allowing for the inclusion of short-lived or weak features — it150

is intentionally chosen to capture the full spatio-temporal evolution of convective clouds between development and dissipation

stage (Esmaili et al., 2016).

The detection process begins by applying a Gaussian filter with a sigma value of 0.5 to smooth the input data and reduce noise

(Kukulies et al., 2021). We then compute the centroid of each potential cloud using a weighted center-of-mass approach. Here,

each point’s weight is defined by its reflectivity value above the –15 dBZ threshold (Heikenfeld et al., 2019). These centroid155

positions are each assigned a unique identifier, which is maintained throughout the subsequent tracking and segmentation steps.

Next, we apply a 3D watershed segmentation algorithm to delineate the spatial extent of individual cloud structures associ-

ated with each centroid. In this approach, the 3D radar reflectivity field is interpreted as a topographic surface, where higher

reflectivity values represent peaks and surrounding areas are segmented like catchment basins divided by ridges (Meyer, 1994).

We initialise the algorithm by placing markers at the detected centroids in a binary 3D volume, where all other grid points are160

set to zero. From each marker, the algorithm expands through the volume, assigning reflectivity-based pixels to the correspond-

ing cloud until the threshold of –15 dBZ is reached. The result is a labeled 3D cloud mask, where each pixel is either zero

(indicating no cloud) or an integer label corresponding to a specific cloud object (Fiolleau and Roca, 2013). This mask allows
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Figure 1. Workflow for tracking convective clouds (a)–(c) and their convective cores (d)–(e) using an object-based algorithm and ML-based

4D radar reflectivities. The routine consists of (a) the identification and segmentation of convective cloud centroids and volumes using a radar

reflectivity threshold of -15 dBZ, (b) splitting shallow connected objects along their major axis, and (c) linking the labelled cloud objects

through time. For detecting cores, we apply a Median filter with a kernel size of 3x3x3 pixels to smooth the 3D radar reflectivities associated

to each cloud label (d). We aim to identify convective core regions by adding (e) the number of pixels higher than 0 dBZ and the average

cloud radar reflectivity in each vertical cloud column. This step provides a 2D layer of the combined radar reflectivity and potential core

depth, which is used to search for local maxima displaying the centroid locations of convective cores. Subsequently, we apply a watershed

segmentation to algorithm to derive the core area.
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us to quantify the volumetric structure of clouds: the total number of labeled pixels per centroid corresponds to the cloud’s

volume rather than its area. For analyses requiring horizontal cloud coverage, we compute the 2D projected area by taking the165

column-wise maximum across vertical levels.

3.2.2 Split shallow connected clouds

After identifying the cloud centroids and their associated areas, we analyse the morphology of each cloud object to determine

whether it may represent a merger of multiple cloud systems (Figure 1, b). To do this, we examine the labeled cloud mask to

locate local minima in the cloud area, which may indicate potential split points between merged cloud structures. The shape170

of each cloud is characterised using the best-fitting ellipse (Ganetis et al., 2018). We then calculate the aspect ratio — i.e.,

the ratio of the major to minor axis lengths. If the major axis is more than 75 % longer than the minor axis, we classify the

cloud as elongated (Cui et al., 2021). The orientation of the major axis provides the direction of elongation, which guides the

search for potential split locations. Next, we examine the aggregated 2D cloud area along this direction and analyse the area

distribution to detect change points. If the distribution is unimodal — featuring a single peak — we perform no split. However,175

if the distribution is multimodal, we apply a split at the local minimum, provided that this minimum deviates by more than 75

% from the mean size of the cloud shield. Then, we update the segmentation results by assigning a unique label to each newly

separated cloud object.

3.2.3 Spatio-temporal linking

We track 3D cloud objects over time by linking them based on their estimated movement speed, following the method of180

Heikenfeld et al. (2019). The 3D perspective allows for detailed analysis of both horizontal and vertical cloud evolution—an

essential aspect for understanding core development. At each 15-minute interval, we predict the expected location of a cloud

object using its velocity from previous time steps (Figure 1, c). To streamline the linking process, we define a maximum

search radius between time steps. Only cloud objects within this radius are considered potential matches, significantly reducing

computational effort. When new clouds form, we assign them the average velocity of nearby clouds to estimate their likely185

movement (Sokolowsky et al., 2024). Due to computational limitations, we apply the linking algorithm to only two consecutive

time steps at a time. We assume a successful link is established when a cloud object maintains a 15-minute temporal overlap and

shares a consistent identifier across steps. For instance, we compare the cloud areas of linked objects, assuming that genuinely

connected trajectories may exhibit more similar area changes than unrelated clouds (Prein et al., 2024). Finally, we evaluate

the movement patterns before and after each time step to infer whether cloud objects may be merging or splitting and include190

the information in the final cloud trajectories.
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3.3 Detect convective core regions

Convective clouds often contain one or more core regions, which are typically associated with stronger updrafts and intense

precipitation that can penetrate above the freezing level. Because the formation and dissipation of these cores are closely linked

to severe weather events, analysing their behavior is of particular interest (Takahashi et al., 2017).195

To detect convective cores, we use the previously generated labelled 3D cloud mask (Section 3.2.1), derived from the

ML–based radar reflectivity data. There are different approaches to identify convective cores from radar reflectivities. These

methods may comprise the detection of convective precipitation, which may be associated to core regions in hydrometeors

(Haynes et al., 2009; Pilewskie and L’Ecuyer, 2022) or the analysis of the radar reflectivity employing fixed thresholds along

the vertical column (Luo et al., 2008; Bacmeister and Stephens, 2011; Igel et al., 2014). In this study, we focus on combining200

the latter with an object-based detection algorithm to identify centroids of convective cores in the predicted 3D radar reflectivity

field. The approach is applied to each labelled cloud for each time step along the cloud trajectory (Figure 1, d,e). We begin by

smoothing the radar reflectivity data associated with each cloud label using a 3×3×3 median filter. Core centroids are identified

by locating local maxima in a combined metric that incorporates both smoothed radar reflectivity and the vertical extent of

a contiguous potential core layer. Specifically, we calculate the mean radar reflectivity for each vertical cloud column, then205

determine the height of this core layer by counting the number of pixels with reflectivity values higher than 0 dBZ located

at more than 5 km height. In our study, we do not include cores occurring lower than cloud base layer, where our model

predictions may be less robust. We aim to fill isolated gaps for otherwise vertical continuous cores by expanding the threshold

from 0 dBZ to –5 dBZ in columns that contain at least one pixel higher than 0 dBZ (Igel et al., 2014; Luo et al., 2008). We

apply a minimum vertical extent of 5 km for a column to be considered part of a core; otherwise, its value is set to zero.210

The approach is visualised in Figure 1 (e). We add both indicators (average reflectivity and potential core vertical depth) for

each pixel associated to a cloud label, resulting in a 2D layer in which we search for local maxima to serve as candidate core

centroids. If no local maxima are found - e.g., in case no columns contain pixels higher than 0 dBZ at more than 5 km height -

the cloud is recorded as having zero cores for that time step (Feng et al., 2023). When one or more core centroids are identified,

we use a 3D watershed segmentation to delineate the core volumes. This process is repeated for every cloud object at each time215

step throughout its life-cycle, whereas a cloud may contain multiple cores at the same time.

3.4 Extract cloud and core properties

For each detected cloud trajectory, we extract both horizontal and vertical characteristics to describe the cloud and its internal

structure (Table 3). Cloud properties include cloud area, CTH, CBH, duration, eccentricity, and the ratio of core to total cloud

area. The cloud lifetime displays the total lifetime of the trajectory in hours, beginning from the first detection. Cloud area is220

calculated from the column-wise maximum of the 3D cloud mask, while vertical (CTH, CBH) metrics come from the number

of pixels in the vertical column associated to each cloud label. Eccentricity is derived from the best-fitting ellipse, with values

closer to 1 indicating a more circular shape (Cui et al., 2021). We also record the cloud’s travel distance and assign a surface

type using a binary land-sea mask and the modal value for the locations of the cloud trajectory within this land-sea mask.
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The ratio of core to cloud area may provide a measure of convective compactness and intensity (Haberlie and Ashley, 2018).225

For clouds with one or more cores, we calculate the number, mean area, height, lifetime, eccentricity, and average distance

between cores. The core area and height are derived from the column-wise maximum horizontal extent and vertical extent of

the previously identified cores, similar to the cloud area and CTH. These metrics may help characterise the structural properties

of detected cloud systems.

Table 3. Features used to describe the properties and life-cycle statistics of detected convective clouds and cores.

Feature type Feature name Definition

Cloud

Cloud area Area of the cloud (km2)

Cloud top height (CTH) Maximum height of the cloud (km)

Cloud base height (CBH) Minimum height of the cloud (km)

Area ratio Ratio between cloud area & core area

Eccentricity Roundness of the best fitting ellipse (cloud)

Reflectivity Average radar reflectivity of the cloud at 10 km height (dBZ)

Location Longitude and latitude of the cloud centroid (°)

Travel distance Euclidean distance for coordinates at initiation and dissipation (°)

Cloud lifetime Lifetime of the cloud trajectory (h)

Surface type Modal value from a binary land-sea mask for the cloud trajectory

Core

Number of cores Number of identified convective core regions

Core area Average area of convective cores (km2)

Core vertical depth Depth of the core in the vertical column (km)

Mean distance Average distance between cores in a cloud cluster (km)

Core lifetime Average lifetime of the cores (h)

Core eccentricity Roundness of the best fitting ellipse (core)

Life-cycle

Reflectivity gradient Reflectivity change rate at 10 km height (dBZ)

Area growth Relative cloud area expansion (%)

Vertical growth Vertical growth of the cloud (km)

3.5 Filter convective cloud trajectories230

We filter the cloud trajectories to exclude possibly non-convective tracks from the analysis (Figure 2). For that purpose, we

require the cloud tracks to have at least one core and a radar reflectivity of higher than 0 dBZ at 10 km height for at least 15 min

along the trajectory. Additionally, we apply a minimum CTH of 10 km and a maximum CBH of lower than 5 km for the cloud

during at least one time step (Igel et al., 2014; Luo et al., 2008). While we do not require the convective clouds to have a CTH
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Figure 2. Criteria for filtering potentially convective cloud trajectories. The criteria consist of counting the number of convective cores (A–D)

for each labelled cloud along the cloud lifetime. Moreover, we check the cloud base height (CBH) and cloud top height (CTH) of the cloud,

and the radar reflectivity at 10 km height along the cloud trajectory. Following, we estimate the trajectory to belong to a convective cloud if

we detect at least one core, a CBH lower than 5 km, a CTH higher 5 km, and a radar reflectivity higher than 0 dBZ at 10 km height for at

least 15 minutes along the cloud lifetime.

higher than 10 km at every time step during their trajectory, we discard the trajectories that never reach the CTH threshold. The235

criteria may help to identify convective clouds with an evolved cloud base and vertical height that may be typically associated

to tropical convection (Li et al., 2021; Takahashi et al., 2023).

3.6 Investigating the cloud life-cycle

We analyse the temporal evolution of detected clouds to explore how variations in the cloud life-cycle relate to the number of

convective cores. For this purpose, we divide each cloud’s life-cycle into three idealised stages, following the framework pro-240

posed by Futyan and Genio (2007). Each stage corresponds to distinct spatio-temporal changes in cloud structure, as simplified

illustrated in Figure 3. The first time step of each trajectory marks the beginning of the development stage. Unlike methods

that assess cloud stages using a cooling induced by temperature changes, the ML-based radar reflectivity does not provide

information on temperatures. As an alternative, we approximate the life-cycle using temporal changes in radar reflectivity at

10 km height and the resulting vertical and horizontal cloud characteristics. For estimating the vertical growth of the cloud, we245

compute the difference between CTH and CBH (i.e., to display the height of the cloud layer) for every point in time. For the

horizontal growth of the cloud, we calculate changes of the cloud area derived as proportional differences to the cloud area at

the first timestep of detection.

– Development stage: Building on the approach by Luo et al. (2008), we use a radar reflectivity threshold of 0 dBZ at 10

km altitude as a proxy for potential cloud-top cooling, which may be indicative of convective growth. We calculate the250

temporal gradient of radar reflectivity at 10 km for each cloud trajectory, identifying the time of maximum increase to

mark the cloud development stage. This stage may be associated with a high cloud vertical layer and strong updrafts
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Figure 3. Schematic visualisation of the three stages (development, maturity, and dissipation) of the idealised convective life-cycle. Here,

we show how changes of the radar reflectivity at 10 km height, the horizontal growth of the cloud area, and the vertical growth of the cloud

vertical layer may be connected to the transition between life-cycle stages.

that support continued vertical growth (Kikuchi and Suzuki, 2019; Chen et al., 2021).The transition from development

to maturity is defined by the time of maximum radar reflectivity increase (Takahashi et al., 2023; Hu et al., 2021).

– Maturity stage: Following the time of maximum radar reflectivity, the reflectivity gradient at 10 km height may gradually255

decrease. Instead, both the vertical thickness and horizontal extent of the cloud typically may increase in the maturity

stage, indicating a sustained growth of the cloud (Gupta et al., 2024).

– Dissipation stage: Dissipation begins when vertical growth slows and the cloud reaches its maximum horizontal size.

We continue tracking the cloud until the reflectivity falls below the -15 dBZ threshold and no centroids are identified

during feature detection, indicating cloud decay (Crook et al., 2019).260

For each trajectory, we determine key time points that may approximate changes in the cloud life-cycle: the moment of

maximum reflectivity gradient at 10 km, peak area (horizontal) growth, maximum vertical extent, and the onset of dissipation

(Table 3). We also record when the highest number of cores is detected and when cores reach their maximum area. These

markers are used to compare life-cycle characteristics between clouds with a single core and convective systems containing

multiple cores (i.e., more than one core). We note that the life-cycle statistics derived for this study are based on the ML-based265

radar reflectivities and inherit the uncertainties connected to these predictions. Hence, they may only provide an approximation

of distinct changes occurring within the cloud trajectories over time.
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Figure 4. An example of convective clouds (orange outline) and their cores (red outline) detected in the ML-based 3D cloud field on the

03.05.2019, 12:15:00 UTC. The cloud mask is plotted over the 3D radar reflectivity, which shows the aggregated column-wise maximum.

All times are given in UTC. In (a), we see an overview of the AOI, (b) to (e) show a zoomed perspective in 3 h intervals (black square).

4 Results

4.1 Distribution of convective cloud and core properties

Between March and August 2019, we detected approximately 375,000 convective clouds using ML-based 3D radar reflectivity270

data. After excluding tracks with a lifetime of only one timestep, 338,142 cloud trajectories remained for analysis. Figure

4 shows an example from May 3, 2019, at 12:15 UTC, highlighting tracked convective clouds and cores. While regions

over Morocco and Mauritania showed radar reflectivity higher than 0 dBZ, no vertically continuous convective systems were

identified there. Instead, numerous convective clouds appeared over the Gulf of Guinea, the equatorial rainforest, and the

Atlantic Ocean. Figures 4 (b)–(e) illustrate the development and dissipation of cores, often lasting only a short time. Some275

clusters contained multiple cores, potentially indicating mesoscale convective systems (MCSs) (Takahashi et al., 2017).

Our 3D framework allows us to simultaneously track horizontal and vertical cloud development. For core statistics, we

separate the core region from the anvil cloud, as shown in Figure 5. Clouds are grouped by core count to distinguish potentially

more isolated systems (one core) from clustered systems (multiple cores). For statistical purposes, clouds with 6–9 cores and

those with 10 or more cores are combined into respective categories (Jones et al., 2024).280

Single-core clouds make up roughly 65 % of all trajectories (Figure 6, a), with the frequency decreasing as core count

increases. Only about 5 % of clouds have 10 or more cores. Most clouds (80 %) have lifespans between 0–6 hours (Figure 6,

b). Surface type distribution reveals that 65 % of clouds form over the ocean and 35 % over land—about a 10 % shift toward

ocean compared to land-sea coverage (Figure 6, c). Among single-core clouds, 70 % occur over the ocean, while for multi-

core clouds, the figure is 75 %. This imbalance — 249,484 oceanic clouds vs. 88,658 continental — may reflect differences285
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Figure 5. An example of the convective clouds (orange outline) and their cores (red outline) detected in the predicted 3D cloud field on the

03.05.2019, 12:15:00 UTC. The cloud mask is plotted over the 3D radar reflectivity, which shows the aggregated column-wise maximum. In

(a), we see an overview of the AOI, (b) shows the zoomed perspective (black square) in 3D for the cloud volume (orange) and core volume

(red).

Figure 6. Distribution of (a) the number of associated cores, (b) the average cloud lifetime, and (c) the surface type derived from a land-sea

mask compared to the modal locations of detected clouds with a single core or multiple cores. We show the distribution in (a) and (b) for all

cloud tracks (n = 338,142), clouds over the ocean (n = 249,484), and clouds over land (n = 88,658).

in tropical landmass distribution and the eastward propagation of convective systems. Oceans may also offer more favorable

conditions for multi-core development (Cui et al., 2021).
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Figure 7. Distribution of cloud statistics grouped by the number of associated cores for (a) the cloud lifetime, (b) the travel distance between

first and last detection, (c) the cloud eccentricity, (d) the cloud area, (e) the radar reflectivity at 10 km height, and (f) the CTH.

We assess how the 3D cloud properties described in Table 3 may vary with core count and surface type. Our findings show

that single-core clouds have shorter lifetimes and travel distances than multi-core systems (Figure 7, a–b). Eccentricity exhibits

a weak variation across all groups, mostly ranging between 0.6–0.7 (Figure 7, c). Cloud area increases significantly with core290

count, especially for clouds with 10 and more cores (Figure 7, d). CTH is 10–20 % greater over land, yet radar reflectivity at

10 km height and cloud area are slightly higher over the ocean (Figure 7, d–f). CTH increases from 15.5 km for single-core

clouds to 17.25 km for multi-core ones (Figure 7, f). Land–sea differences are more pronounced for single-core clouds. Despite

expectations based on previous tropical studies (Deng et al., 2016; Takahashi et al., 2017), oceanic clouds often show stronger

reflectivity and larger areas — though overall surface-related differences remain small. The lower number of land-based clouds295

may exaggerate statistical noise.

The analysis of core properties (Figure 8) shows average core lifetimes of 0.3–0.4 hours for single-core clouds, increasing

to about 0.8 hours for clouds with more than 10 cores (Figure 8, a). Core eccentricity shows little variability and ranges from

0.5–0.6 (Figure 8, b). Core area is slightly larger for single-core clouds than for those with 2–9 cores but increases considerably
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Figure 8. Distribution of core statistics grouped by the number of associated cores for (a) the core lifetime, (b) the core eccentricity, (c) the

core area, (d) the vertical depth of the core, (e) the mean distance between individual cores, and (f) the area ratio between the cloud and the

core.

for clouds with 10 and more cores. For single-core clouds, we detect a larger core area over the ocean, while cores for multi-300

core clouds are larger over land (Figure 8, c). Core height and distance between cores both increase with core count (Figure 8,

d–e). The largest distances, which may indicate the least compact core morphology, occur for clouds with 10 and more cores

(Figure 8, e). The area ratio between clouds and cores is highest for single-core clouds and declines with more cores. The

sharp decrease may be connected to a faster increase of the cloud area compared to core area for multi-core clouds (Figure 7,

d, Figure 8, f).305

In summary, clouds with more cores exhibit longer lifetimes, larger areas, greater heights, and increased core size and dis-

tances between cores. Core properties are broadly consistent across surface types, except for core area and core distances

(Figures 7a, 8c). However, these findings may be influenced by the land–sea imbalance in our dataset and inter-annual vari-

ability.
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Figure 9. Distribution of cloud tracks over land and sea for (a) the months between March–August, and (b) the daytime of the first detection.

4.2 Temporal characteristics of convective clouds310

We observe a higher proportion of cloud tracks between March to May, and notably less tracks between June to August. Over

land, we find more clouds in March and April. Over the ocean, the proportion of cloud tracks is higher between May and

August (Figure 9, a). For the diurnal distribution, we observe slightly more tracks between 12:00 to 18:00 UTC than at other

time intervals. During nighttime (21:00–06:00 UTC), more cloud tracks occur over the ocean. In contrast, we detect a higher

proportion of cloud occurrences over land during the day. However, the variability connected to the diurnal cycle and surface315

type remain weak (Figure 9, b).

4.2.1 Diurnal cycle over land and sea

We analyse the diurnal cycle of cloud properties for single-core and multi-core clouds over land and ocean by computing a 2D

density distribution displaying hourly changes of the cloud properties. Figure 10 illustrates these variations in cloud lifetime

(a–d), cloud area (e–h), and radar reflectivity at 10 km height (i–l). Over land, single-core clouds show an afternoon peak320

(12:00–16:00 UTC) in both radar reflectivity and cloud area, while cloud lifetime displays two peaks: one at night and one in

the morning (Figure 10, b, d). Over the ocean, the diurnal cycle is weaker or less distinct. Cloud lifetime lacks a clear diurnal

peak (Figure 10, a, c), whereas cloud area and reflectivity show nocturnal and daytime peaks (Figure 10, e, i, k). Despite

similar diurnal patterns for the cloud lifetime and radar reflectivity, multi-core clouds consistently exhibit higher mean values

than single-core clouds. These differences may reflect environmental contrasts between land and ocean. As suggested by Cui325

et al. (2021), local circulations over land in the tropics often trigger afternoon convection, producing the observed peaks in
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Figure 10. Diurnal cycle for cloud properties grouped by the number of associated cores and surface type. We display the hourly changes

(in UTC) regarding (a)–(d) the cloud lifetime, (e)–(h) the cloud area, and (i)–(l) the radar reflectivity at 10 km height for single- (1 core) and

multi-core (more than one core) clouds over sea and land. The values show the density distribution normalized between 0 and 1.

Figure 10 (f), (h), and (j). In contrast, more constant ocean temperatures may suppress strong diurnal variations (Figure 10, a,

c, g).

The diurnal patterns of core properties (Figure 11) largely mirror those of the cloud properties. Over land, core area peaks

between 12:00–18:00 UTC for both single- and multi-core clouds. Over the ocean, single-core clouds show two peaks between330

00:00–06:00 and 14:00–20:00 UTC (Figure 11, a–d). The core lifetime follows a similar pattern for single-core clouds. For

multi-core clouds, cores over land show two peaks, while oceanic cores point out no clear diurnal variation for multi-core clouds

(Figure 11, e–h). For single-core clouds, peaks of the core lifetime resemble the core area (Figure 11, a, e). The distribution of

the core height follows those of the core area (Figure 11, m–p). On average, clouds with multiple cores have higher and more

variable values for core area, lifetime, and height. In contrast, the area ratio is lower and has a weaker variability for multi-core335

systems. For single-core clouds, we observe an afternoon peak over land and nocturnal and afternoon peaks over the ocean.

Multi-core clouds show a weak diurnal variation, particularly over the ocean (Figure 11, i–l).

Overall, the diurnal cycle highlights a pronounced afternoon peak over land and a two peak, at nighttime and in the afternoon,

over the ocean. These patterns align with observed differences in tropical convective behavior over land and sea (Vondou, 2012).
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Figure 11. Diurnal cycle for core properties grouped by the number of associated cores and surface type. We display the hourly changes (in

UTC) regarding (a)–(d) the core area, (e)–(h) the core lifetime, (i)–(l) the core eccentricity, and (m)-(p) the area ratio between the cloud core

and anvil area for single- (1 core) and multi-core (more than one core) clouds over sea and land. The values show the density distribution

normalized between 0 and 1.

While we find those patterns mostly for single-core clouds, results for multi-core clouds — especially over the ocean - are less340

distinct.

4.2.2 Monthly variability of convective properties

For different months, the value variability may considerably influence the development of convective clouds and their core

structures within the tropics (Andrews et al., 2024). We explore these changes in Figure 12 by comparing monthly averages of
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the cloud area, CTH, cloud lifetime, number of cores, core area, and area ratio over land and sea for single-core and multi-core345

clouds.

From March to August, the cloud area shows a gradual increase for single- and multi-core cloud systems over the ocean. For

clouds over land, the cloud area slightly decreases (Figure 12, a). In contrast, CTH generally decreases, though month-to-month

fluctuations appear to be higher than a consistent decrease (Figure 12, b). Cloud lifetime shows a higher variability between

months with increases in April for single- and multi-core clouds and in April and June for single-core clouds. Overall, clouds350

with multiple cores exhibit a slight decline in lifetime over land. Over the ocean, lifetime rises from March to April, decreases

in May, and increases again in June — returning to near-initial values by August (Figure 12, c). The number of cores per cloud

increases over the ocean from March to July, followed by a sharp drop in August. Initially higher over land, core counts shift

in favor of oceanic clouds after April. Convective systems over land show a decrease of core numbers from March to June, a

peak in July, and another decline in August (Figure 12, d). The core area steadily increases over the ocean but fluctuates more355

over land (Figure 12, e). The area ratio shows a slight decrease for multi-core clouds throughout the period, while remaining

higher for single-core clouds. We observe a high monthly variability over land and ocean, whereas the area ratio remains to be

higher over continental Africa (Figure 12, f).

To quantify the effect of these changes, we compare average values across two periods: March–May (MAM) and June–

August (JJA). Metrics include the cloud area, CTH, cloud lifetime, number of cores, core area, and area ratio (Table 4). We360

calculate Cohen’s D to measure effect sizes, with thresholds defined as small (< 0.2), medium (0.2–0.5), and large (> 0.8)

(Cohen, 2013). Over the ocean, cloud area, number of cores, and core area are higher in JJA, while CTH, cloud lifetime, and

area ratio are greater in MAM. A similar pattern emerges over land, except cloud area and number of cores are higher in

MAM. Overall, observed differences between the two seasons and over land and sea remain weak. Most effect sizes are small,

indicating high internal variability rather than distinct temporal trends within the period. These results highlight the importance365

of analysing longer time periods to account for the inherent variability and imbalance between cloud tracks over land and sea

(Figures 4 and 9), which may influence the representativeness of the findings.

4.3 Impact of convective cores on the cloud life-cycle

4.3.1 Relationship between life-cycle statistics and cloud properties

To analyse the cloud life-cycle (as outlined in Section 3.6), we check the point of time when three key events occur in each cloud370

trajectory: the maximum radar reflectivity gradient at 10 km altitude ("reflectivity gradient"), the maximum cloud area growth

("area growth"), and the maximum vertical growth ("vertical growth"). Figure 13 shows the distribution of these indicators

grouped by the surface type and number of cores. The average maximum reflectivity gradient ranges from 10 to 16 dBZ.

Clouds with 2–3 cores show the highest gradients (14.5–16 dBZ), while the gradient for single-core clouds averages around

14 dBZ. It decreases with further increasing core count, dropping to around 10 dBZ for clouds with 10 or more cores. Surface375

type has little impact overall, though values are slightly higher over the ocean for clouds with 1–3 cores (Figure 13, a). In

contrast, cloud area growth is slightly higher over land. More important, clouds with multiple cores grow considerably more
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Figure 12. Monthly variability of cloud and core statistics between March and August for single-core and multi-core clouds grouped by the

surface type for (a) the cloud area, (b) the CTH, (c) the cloud lifetime, (d) the number of cores (only multi-core clouds), (e) the core area,

and (f) the area ratio between the cloud and the core. Line plots show the mean value with a confidence interval of 95 %.

in area than single-core clouds - ranging from 22 % (single-core) to 52 % (10 and more cores) (Figure 13, b). For the vertical

growth, we observe average values between 5–8 km. Single-core clouds tend to grow higher than multi-core clouds, with only

minor differences between land and sea (Figure 13, c).380

We use Spearman’s rank correlation coefficent R to examine relationships between life-cycle metrics and cloud/core prop-

erties for all cloud tracks, single-core, and multi-core clouds. Overall, cloud and core properties show predominantly positive

correlations. The strongest correlation across all datasets appears between CTH and core height. Additional strong correlations

include the number of cores with the cloud area and the core height. In contrast, cloud lifetime shows weak to moderate correla-

tions (Figure 14, a). For single-core clouds, the correlation between cloud area and core height weakens, while the link between385

core area and cloud area strengthens (Figure 14, b). Multi-core clouds exhibit similar patterns to all cloud tracks, though with

slightly weaker correlations (Figure 14, c). The number of cores correlates positively with area growth but negatively with both
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Table 4. Comparison of mean values for cloud (cloud area, CTH, cloud lifetime) and core (number of cores, core area, area ratio) properties

between March–May (MAM) and June–August (JJA) grouped by the surface type (Sea, Land). We calculate the effect size measured by

Cohen’s D to assess the difference between distributions over sea and land.

March–May June–August

Sea Land Cohen’s D Sea Land Cohen’s D

Cloud area 1605.673 1742.597 0.017 2634.334 1681.849 0.107

CTH 16.061 16.229 0.145 15.982 16.147 0.138

Cloud lifetime 4.327 4.900 0.01 4.356 4.231 0.003

Number of cores 2.128 2.166 0.009 2.459 2.062 0.136

Core area 125.118 128.249 0.013 143.647 131.638 0.035

Area ratio 0.398 0.408 0.032 0.374 0.407 0.115

Figure 13. Life-cycle statistics grouped by the surface type and the number of associated cores for (a) the radar reflectivity gradient at 10

km height, (b) the relative area growth, and (c) the vertical growth of the cloud.

reflectivity gradient and vertical growth. Reflectivity gradient shows a weak positive correlation with area growth (< 0.25) and

a stronger one with vertical growth (up to 0.5 for multi-core clouds). Area growth and vertical growth are negatively correlated,

with medium to strong correlations. The relationship between the reflectivity gradient and other cloud properties is weak, and390

its direction differs by cloud type — positive for single-core, negative for multi-core clouds. Area growth correlates positively

with cloud and core properties, especially the cloud lifetime. Vertical growth shows a negative correlation with cloud lifetime

and mixed, generally weak correlations with cloud area, CTH, and core metrics.

Figure 15 presents the average timing (post-detection) of life-cycle statistics, grouped by surface type and core count. Here,

we compute the average time after detection when the clouds reach their maximum for the reflectivity gradient, anvil growth,395
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Figure 14. Correlation matrix for the life-cycle statistics, cloud and core properties. We calculate Spearman’s R to quantify the correlation

coefficient on a scale between -1 and 1 for (a) the whole dataset (n = 338,142), (b) clouds with a single core (n = 216,798), and (c) clouds

with multiple cores (n = 121,344).

vertical growth, number of cores, and core area. Moreover, we derive the time of dissipation which marks the end of the cloud

life-cycle.

– Reflectivity gradient: Peaks around 0.85 h on average, with little difference for the median between land and sea. How-

ever, the distribution broadens over both surface types with increasing core numbers. The arithmetic mean increases up

to 2.5–3 h for clouds with 10 and more cores (Figure 15, a).400

– Area growth: Occurs at 1.64 h on average. Single-core clouds peak earlier (< 1.5 h), while multi-core clouds range from

1.7 h (2 cores) to 4 h (10 and more cores). For clouds with 3–5 cores, we find a predominantly similar distribution with

only slight variations of the arithmetic mean (Figure 15, b).

– Vertical growth: Peaks around 1.19 h. This occurs earlier for single-core and oceanic clouds. For clouds with 4 (5) or

more cores over land (sea), the distributions are similar and show only a weak variability (Figure 15, c).405

– Core area & core number: The maximum core area typically occurs 1.25 h after detection, while the core number peaks

slightly later at 1.37 h. Surface type has little effect on the time of the maximum core area, though the timing increases

with more cores (Figure 15, d). Clouds over land - especially those with 2–5 cores - reach their maximum number of

cores later than oceanic clouds. Despite this observation, we find less of a linear timing increase compared to other

life-cycle statistics (Figure 15, e).410
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– Cloud dissipation: Clouds over land generally dissipate later than oceanic ones. Lifetime extends further with more cores,

and value variability is also higher over land. Single-core clouds typically dissipate within 1–3 hours, whereas multi-core

clouds last longer, with broader distributions and higher mean lifetimes (Figure 15, f).

Notably, the analysis shows that vertical growth may peak after the reflectivity gradient but before area growth. The times

stretch for multi-core clouds, while single-core systems exhibit more compact timelines. However, outliers may distort observed415

mean values. Hence, the consecutive order of the life-cycle statistics may be affected by a high variability in the distribution.

Across all cloud tracks, core number and core area tend to peak between vertical and area growth maxima. However, the dis-

tributions show a high variability, especially for multi-core clouds and clouds over land. While we observe life-cycle statistics

occurring on average later for clouds over land, the differences induced by the surface type remain overall low.

4.3.2 Temporal variability of life-cycle statistics420

Figure 16 illustrates the diurnal patterns of the reflectivity gradient, the area growth, and the vertical growth for single-core

and multi-core clouds, grouped by surface type. Similar to results from Sect. 4.2.1, the diurnal cycle is more pronounced over

land than over the ocean. The reflectivity gradient exhibits short-term fluctuations with noticeable nocturnal peaks around

20:00–21:00 UTC and 00:00–01:00 UTC, followed by decreases. During the day, peaks occur between 09:00–12:00 UTC

and around 16:00 UTC, with a negative dip around noon (land) and 18:00 UTC (both land and sea). Over the ocean, the425

reflectivity gradient is generally higher and shows a slightly weaker variability than over land. Over land, multi-core clouds

exhibit stronger gradients than single-core clouds. Distinct land-based negative peaks occur around 03:00–06:00, 08:00, and

11:00–15:00 UTC. Over the ocean, we find a weaker nocturnal peak at 01:00 UTC and a gradual increase between 06:00–20:00

UTC. Overall diurnal variability ranges from 0.5 dBZ (ocean) to 1 dBZ (land), or roughly 8–16 % of the mean gradient range

(10–16 dBZ) (Figure 16, a, d). Multi-core clouds show significantly greater area growth (42–48 %) than single-core clouds430

(20–27 %). Over the ocean, we see sporadic daytime peaks that occur around 15:00, 20:00, and 01:00 UTC. Over land, area

growth increases steadily for single-core clouds in the morning and peaks between 12:00–14:00 UTC. For multi-core clouds,

we find several sporadic peaks during the day, similar to clouds over the ocean. Evening peaks appear around 18:00 and 22:00

UTC for multi-core clouds, and 20:00 UTC for single-core clouds. Diurnal variability remains low, ranging up to 5 % over

both land and sea (Figure 16, b, e). Diurnal variation in vertical growth is weak over the ocean with values below 0.5 km.435

Over land, morning peaks are evident, particularly for single-core clouds, while all cloud types show a distinct dip around

noon. Afternoon and evening values rise again, with multiple peaks (e.g., 17:00, 21:00, 06:00 UTC) and troughs (18:00, 22:00,

03:00 UTC), typically within a 1–1.5 km variability range. Over both surface types, single-core clouds reach higher altitudes

(7.5–8.75 km) than multi-core clouds (6.25–7.5 km) (Figure 16, c, f).

Figure 17 presents monthly changes for the reflectivity gradient, the area growth, and the vertical growth between March440

and August 2019 for single- and multi-core clouds over land and sea. Overall, reflectivity gradients increase from March to

August. For single-core clouds, the increase is more pronounced over the ocean (from 14.3 to 15.8 dBZ) than over land (13.5

to 14.25 dBZ). For multi-core clouds, values over land rise more (14.3 to 14.6 dBZ) than over the ocean (14.5 to 14.6 dBZ).
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Figure 15. Distribution of the time dependency (x-axis) for the life-cycle statistics. The boxplot diagrams show the time after detection (in h)

when the detected clouds reach on average the maximum value for (a) the radar reflectivity gradient at 10 km height, (b) the vertical growth,

(c) the anvil growth, (d) the core area, and (e) the core number. Moreover, we show the average (f) dissipation time. Clouds are grouped by

the surface type and number of cores (y-axis). The boxplot contains the median (bold blue or orange lines) and the arithmetic mean (blue or

orange diamonds). The grey vertical lines show the mean time dependency averaged over all clouds tracks.
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Figure 16. Diurnal cycle for the life-cycle statistics. We display the hourly changes (in UTC) regarding (a) & (d) the maximum cooling, (b)

& (e) the cloud area growth, and (c) & (f) the cloud vertical growth for single- (1 core) and multi-core (>1 core) clouds over sea and land.

Line plots show the mean value with a confidence interval of 95 %.

A notable dip occurs across all cloud types in April. Month-to-month variability is high (Figure 17, a, d). Between March and

June, area growth is higher over land, peaking in May for single-core and in June for multi-core clouds. After June, area growth445

becomes higher over the ocean. Over the period, single-core clouds over land show a net decline (around 3 %), while values

increase slightly over the ocean (around 5 %) and for multi-core clouds over land (around 3 %). Monthly changes appear to be

nonlinear and fluctuate considerably (Figure 17, b, e). The vertical growth of single-core clouds peaks in March, drops sharply

in April. From May onward, it rises again over land and decreases over the ocean. The total change ranges between 0.5–1

km. Early in the period, oceanic clouds have a higher vertical growth than clouds over land. From June onward, this pattern450

reverses (Figure 17, c, f). Throughout the study period, single-core clouds consistently show higher reflectivity gradients and

vertical growth, while multi-core clouds exhibit greater area growth. Though the surface type may influence these statistics, the

observed effect in our study remains relatively small. In contrast, the number of cores plays a more substantial role in shaping

the cloud life-cycle.
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Figure 17. Monthly changes for the life-cycle statistics. In (a) & (d), we show the maximum cooling, in (b) & (e) the anvil area growth,

and in (c) & (f) the vertical growth for clouds with a single (1 core) core or multiple (>1 core) cores. Line plots show the mean value with a

confidence interval of 95 %.

5 Discussion455

5.1 Summary of results

In this study, we use a ML–based 3D extrapolation of radar reflectivity, derived from 2D satellite imagery, to characterise

single- and multi-core convective clouds in the tropics. Our analysis shows that the majority of detected clouds are short-lived

(under three hours) and dominated by a single core (65 %). Compared to multi-core clouds, these single-core systems tend

to have a smaller cloud area, lower reflectivity at 10 km, and reduced CTH. Their cores are also typically smaller, shorter-460

lived, and lower in altitude — though they exhibit a higher area ratio between cloud and core area. In contrast, multi-core

systems a larger in area, persist longer, reach a greater CTH and core height, and form larger individual cores (Section 4.1).

Correlation analysis reveals a high interdependence among cloud and core properties. The strongest positive relationships are

found between CTH and core height, and between the number of cores and both cloud area and core height (Figure 14).
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Over land, the diurnal cycle exhibits a midday-to-afternoon peak (12:00–16:00 UTC) for the cloud and core area, the re-465

flectivity at 10 km, the core height, and area ratio, with a secondary overnight peak for the cloud and core lifetimes. Over the

ocean, the diurnal cycle is less pronounced but still shows afternoon, evening, and nighttime maxima. These patterns are espe-

cially distinct for single-core clouds (Section 4.2) and are largely consistent with prior tropical observations (e.g., Chen et al.

(2021); Takahashi et al. (2017); Gupta et al. (2024)). Derived life-cycle statistics indicate that peaks for the reflectivity gradient

typically precede vertical growth and subsequent area expansion — mainly around local noon and early evening over conti-470

nental Africa. In oceanic regions, a less consistent pattern emerges, with a high variability throughout the day (Section 4.3.2).

Compared to Wilcox et al. (2023), we observe weaker diurnal amplitudes over both land and ocean; however, the differences

between single- and multi-core clouds are more pronounced than those between land- and sea-based convection.

We also find that changes in cloud area, core number, and cloud height often evolve in line with an idealised convective life

cycle described in Sect. 3.6. Longer-lived clouds tend to exhibit more cores and larger maximum core areas. Multi-core systems475

reach their peak core number and core size later in their life cycle than single-core clouds (Section 4.3.1). The reflectivity

gradients correlate positively with vertical growth and negatively with area expansion, reflecting transitions from development

to maturity, as noted by Hu et al. (2021). Single-core clouds display stronger vertical ascent and higher reflectivity gradients,

though most correlations are weak — aside from a strong negative relationship between cloud lifetime and vertical growth,

and a moderate positive link between lifetime and area growth. For multi-core systems, average area growth is about 20–30 %480

higher than for single-core clouds. Reflectivity gradient and vertical growth are negatively correlated with most other properties,

while the area growth shows positive correlations with the core count, core area, and core height. However, correlations differ

between single-core and multi-core systems (Figure 13, Figure 14). Finally, our results underscore how differences in core

structure and number may influence convective cloud development and the associated life-cycle.

5.2 Influences on convective clouds in the tropics485

Compared to previous studies by Takahashi et al. (2023) and Hu et al. (2021), our analysis identifies a significantly higher

number of potentially convective cloud tracks. The derived cloud characteristics align well with aircraft observations (Zipser

and LeMone, 1980) and precipitation-based studies (Zipser et al., 2006). Over tropical Africa, our core distribution results are

consistent with those derived for geostationary satellite data (Jones et al., 2024) or the CloudSat CPR (Deng et al., 2016), both

of which found a high prevalence of clouds with one to three cores. Similarly, Pilewskie and L’Ecuyer (2022) reported that490

one-third to half of convective systems observed globally by the CloudSat CPR contain a single core. For the tropics, however,

our results are in closer agreement. In line with these findings, we observe that cloud area generally increases with the number

of cores. However, this relationship exhibits substantial variability, especially in multi-core systems (Section 4.3.1).

Our results show that convective cloud properties over land typically peak during the day, while over the ocean, we observe

two peaks during daytime and at night (Sect. 4.2.1). These findings align with the diurnal cycle of tropical convection (Vondou,495

2012; Takahashi et al., 2023). A nocturnal enhancement over the ocean may be linked to the diurnal cycle of free-tropospheric

humidity, which peaks overnight and supports convection (Wall et al., 2020). After sunrise, solar heating may stabilize the

atmosphere. A weakening land breeze may lead to the dissipation of night-time clusters (Houze Jr., 2004). While these diurnal
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patterns may be reflected by the cloud properties (Sections 4.2.1), differences in the daytime of the first detection for the cloud

tracks appear weaker (Figure 9). Throughout the day, we observe several peaks for the reflectivity gradient, followed by phases500

of vertical and horizontal cloud growth (Section 4.3.2). Notably, as the number of cores increases, both reflectivity gradient

and vertical growth decline, while area growth becomes more pronounced (Section 4.3.1). This finding may correspond to a

higher reflectivity at 10 km and broader spatial extent seen for multi-core systems (Section 4.1). Our observations may point

to a self-sustaining mechanism where cores are regenerated in response to diurnal heating (e.g., Deng et al. (2016); Hartmann

et al. (2018); Takahashi et al. (2017)). However, we did not explicitly investigate this process.505

Seasonal variability in tropical convection has been highlighted in past studies. For example, multi-core systems often

persist overnight during the onset of the West African Monsoon (Futyan and Genio, 2007). During this period, convection may

frequently initiate over high terrain and propagate downslope at night under katabatic flow (Nicholson, 2018). While our results

may be influenced by interannual variability, as the dataset spans only one year and does not capture a full annual cycle, we

may observe temporal changes in cloud and core properties between March and August. For instance, we find an increase of the510

cloud area, cloud lifetime, number of cores, and core area over the ocean. Over land, these properties slightly decrease (Section

4.2.2). Reflectivity gradients increase along the period, in particular over the ocean, while vertical and area growth vary more

considerably (Section 4.3.2). Between June and August, we detect overall a lower proportion of cloud tracks than between

March and May. However, we see a shift regarding the distribution of cloud tracks over land and sea along the period: While

we detect a higher proportion of cloud tracks over continental Africa in March and April, the number of detected clouds over the515

ocean exceeds those over land from May to August. The differences between monthly averages over both surface types remain

small. Here, our results may diverge from studies that report more pronounced spatial and seasonal variations for convective

clouds over land and sea (e.g., Takahashi and Luo (2012); Wilcox et al. (2023)). More striking than these surface-type induced

differences in mean cloud properties are the contrasts between single- and multi-core clouds. Longer-lived, multi-core systems

often exhibit repeated phases of growth (Takahashi et al., 2017). Consistent with Taylor et al. (2017), we observe slightly larger520

cores, especially between March and May, and enhanced area growth for continental convection (Sections 4.2.2 and 4.3.2).

5.3 Limitations and future challenges

Our analysis is based on ML-derived 3D radar reflectivity fields. While the results may help to extend the data availability of

global radar reflectivities, they possibly contribute to mitigating limitations in approximating the cloud vertical extent from

geostationary satellite observations. However, we point out several important limitations. The input data for the ML model are525

based on observations from the Cloud Profiling Radar (CPR) aboard the CloudSat satellite, which has known limitations in

detecting ice clouds due to its tendency to underestimate the height of upper-level outflow (Wang et al., 2014). Additionally,

signal attenuation near the surface caused by topography reduces the CPR’s sensitivity to shallow convection. As a result,

our analysis underrepresents both shallow convective and cirrus cloud types. Emerging satellite systems, such as the Flexible

Combined Imager on the Meteosat Third Generation (MTG) platform (Holmlund et al., 2021) and the enhanced CPR on the530

EarthCARE mission (Eisinger et al., 2024), offer improved spatial and temporal resolution. These instruments are expected

to enhance the detection and characterisation of the convective cloud life-cycle. Moroever, our study does not account for
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several potentially important influences on convection, such as aerosol interactions, vertical wind shear, and entrainment rates

(Masunaga and Luo, 2016). Incorporating these factors in future analyses could lead to a more comprehensive understanding

of convective processes. Our study focuses on a domain within the tropical band from 30° W to 30° E and 30° N to 30° S.535

As extratropical influences may blur the statistics at the domain’s northern and southern edges, it may be beneficial to explore

the intra-tropical variability and the role of large-scale dynamics beyond this region to distinguish tropical from midlatitude

convective processes.

To identify isolated and clustered convective systems, we employ the tobac framework (Sokolowsky et al., 2024). However,

this object-based approach relies on manually set thresholds for the detection, introducing a degree of subjectivity that may540

influence the resulting cloud statistics. This includes potential limitations in the analysis of the cloud life-cycle, which itself

does not provide insights on actual changes of the cloud temperature. It is important to emphasise that no universally optimal

detection algorithm exists (Lakshmanan and Kain, 2010); each method has context-specific strengths and limitations depending

on the intended application and geographic domain (Prein et al., 2024). While our approach may enable an approximation of

the vertical cloud column, radar reflectivity alone does not substitute for measurements of vertical wind shear (Luo et al.,545

2008). Although vertical shear may have a smaller impact on convective processes in the tropics than in mid-latitude regions,

its role still warrants further investigation (Takahashi et al., 2017). Finally, to better assess current and future convective risks,

particularly those posed by multi-core systems, future work should explore their associated precipitation patterns in more depth

(Atiah et al., 2023).

6 Conclusions550

This study analyses the properties and life-cycle of convective clouds and their deep convective cores over a tropical region

covering the Atlantic Ocean and West Africa. Using an ML-based extrapolation of radar reflectivities, we may enhance the

number of detected clouds compared to retrievals from CloudSat CPR alone. Hence, the approach may help to close current

data gaps. In this study, we aim to showcase the 3D data and their ability to track convective clouds and cores along their life-

cycle. Compared to using data from only either a passive or active sensor, our perspective may allow a simultaneous coverage555

of cloud development in the horizontal and vertical dimension.

The results suggest that differences based on the number of cores are higher than the surface-type induced variability. Single-

core clouds develop and dissipate on shorter timescales. They have a smaller cloud and core area, and lower CTH and core

height than multi-core systems. The longer cloud lifetime of multi-core clouds may be associated to a later occurrence of

the maximum number of cores and core area. Between single-core and multi-core clouds, we find considerable differences in560

the cloud life-cycle statistics regarding the changes in the radar reflectivity at 10 km height, the vertical growth, and the area

growth of the cloud. While the former two are higher for clouds with a single core, multi-core cloud clusters with a larger

cloud area tend to grow more along the horizontal dimension. The more cores we find, the later the maximum number of

cores and the maximum core area occur. While the differences between the convective clouds over land and ocean are lower
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than expected, we emphasise our analysis uses six months of data and may not represent the annual cycle of convection.565

Nevertheless, expanding the approach to investigate a longer time series may account for current uncertainties.

In this work, we use the number of convective cores to compare the effects of spatial clustering. However, we think that it

is worth comparing these results to a quantification of convective organisation using more advanced metrics, as done in the

accompanying manuscript.
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3 Results

3.4 Investigating effects and spatial patterns of convective organisation
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Abstract. This series of papers explores spatio-temporal patterns of convective cloud occurrence and organisation. We use

a machine learning-based method to extrapolate a contiguous 3D cloud field of 2D satellite data. In Part 2, we focus on

convective organisation in tropical West Africa between March and August 2019, examining how it relates to the 3D properties

of convective clouds and their core structures. We quantify organisation using three indices (SCAI, COP, ROME) to capture

different aspects of spatial cloud clustering. Our findings highlight how cloud properties may interact with organisation. Hence,5

strong organisation may occur with larger cloud areas, lower cloud tops and core heights, and shorter lifespans compared to the

average convective system. In contrast, weak organisation may be associated with smaller clouds, fewer cores, but similarly

shorter lifespans. We find an increasing frequency of convective organisation in the northern hemisphere during boreal summer

months, likely linked to the northward migration of the Intertropical Convergence Zone (ITCZ). From March to May, patches

of strong convective organisation emerge along the African coastlines and over the southern Atlantic Ocean. Between June10

and August, hotspots shift inland, particularly across the Sahel and wider West African plains. Notably, oceanic regions show

slightly stronger organisation overall. However, overlapping regions of strong and weak organisation may complicate the

interpretation of regional statistics. While the machine learning-based 3D perspective helps bridge observational gaps in the

representation of cloud structures, the inherent complexity and variability of convective organisation highlight the need for

continued investigation.15

Copyright statement.

1 Introduction

Atmospheric convection plays an essential role in the climate system through its contribution to weather and climate variability

(Brune et al., 2020). In the tropics, we observe convective clouds forming as spatially connected structures of extensive size

(Houze, 1977). These mesoscale convective systems (MCSs) are one of the main drivers for the transport of heat and moisture20

through the atmosphere. Furthermore, they affect the hydrological and radiative variability on Earth (Hartmann et al., 1984).
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The spatial clustering of convective systems - also known as convective organisation - may promote the occurrence of severe

weather events such as hail and floods (Becker et al., 2021). However, a robust assessment of the connection between convec-

tive organisation and extreme weather, in particular in a future climate under global warming, expresses the need for further

research.25

Although the term convective organisation has become increasingly popular in climate research, it is often used vaguely.

Mapes and Neale (2011) broadly summarise organisation as "non-randomness in meteorological fields in convecting regions".

This definition induces a clustering of deep convective cells which is ubiquitous in the atmosphere, particularly in the tropics.

However, the underlying mechanisms remain insufficiently understood (Muller and Bony, 2015). While convective organisa-

tion is difficult to quantify in observational data, idealised model configured in radiative-convective equilibrium (RCE) could30

demonstrate a large-scale clustering of convective clouds which is known as self-aggregation of convection (e.g, Nakajima and

Matsuno (1988); Held et al. (1993); Wing et al. (2017)). Following Bretherton et al. (2005), it occurs on a timescale between

days and weeks and describes the transition of an approximately random distribution of convective cells into convecting and

non-convecting regions that grow upscale over time. Convective aggregation is driven by either internal dynamics, like cold

pools and radiative feedback, or external forces, such as the land-sea-breeze (e.g., Haerter et al. (2019), Coppin and Bony35

(2015), Dauhut et al. (2016)). Self-aggregation increases with the size and proximity of convective clouds and affects the ra-

diative feedback, large-scale circulation, and moisture distribution in the vicinity of a cloud cluster (Hartmann et al., 1984).

For instance, an idealised model setup shows that an aggregated state consists of a single moist region surrounded by dry

regions. Moreover, the feedback between convection, surface fluxes, and radiation further drives aggregation (Tobin et al.,

2012). Research shows that self-aggregation may increase with a warming climate (Wing et al., 2020). However, there remain40

uncertainties connected to a large model spread (Bläckberg and Singh, 2022).

Despite these insights derived from models, identifying and quantifying convective organisation in observational data persists

to be a challenge. This may be due a high variability in the quality and quantity of observations. In response, previous studies

have developed various metrics aiming towards a deeper understanding about the underlying physical mechanisms. The indices

analyse the spatial distribution of the clouds within a defined area to estimate the strength of convective organisation (Pscheidt45

et al., 2019). For instance, they help differentiate a regularly distributed, randomly distributed, or organised cloud field by

using morphological attributes such as the number of clouds, their nearest-neighbour distances, size, shape, pattern, and timing

(Pendergrass, 2020; Retsch et al., 2020).

Providing timely forecasts and a robust climate risk assessment requires even more a correct representation of convective

organisation. While satellite observations has shown that organisation within the tropics may increase overall with extreme50

precipitation (Semie and Bony, 2020), we have limited knowledge about convective organisation on a regional level. In this

study, we aim to provide a deeper understanding of the relationship between cloud properties and convective organisation

on this regional scale, comparable to the work of Bao et al. (2024). The area of interest (AOI) covers West Africa and the

tropical Atlantic Ocean between 30◦ N–30◦ S and 30◦ W–30◦ E and lies within the Inter-Tropical Convergence Zone (ITCZ).

Here, the environmental conditions favour the development of deep convective clouds, which are often associated to heavy55

rain (Takahashi et al., 2023). A heterogeneous landmass distribution in the northern and southern hemispheres and land-ocean
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contrasts may affect the development of convection (Zipser et al., 2006). Over the tropical Atlantic Ocean, a weaker large-scale

forcing may induce lower cloud tops and less intense rain rates than over continental Africa (Futyan and Genio, 2007). The

rainfall variability between the individual regions of the AOI substantially depends on the moisture availability and thermal

gradients (Berthou et al., 2019). Overall, the West African monsoon (WAM) dominates the West African climate. A strong60

temperature gradient between the warm Sahara and the colder waters of the Gulf of Guinea drives the WAM (Fontaine and

Philippon, 2000). Stronger convection generally leads to an increase in heavy rain, a larger detrainment, and a slightly smaller

thick anvil emissivity. For instance, Stubenrauch et al. (2023) found a distinct annual cycle of convective organisation connected

to seasonal shifts of the convective cloud properties.

In Part 1 of this sequence of papers, we derived contiguous trajectories of convective clouds and their deep convective65

core regions (hereafter: cores) in 15-minute intervals for a six-month period between March to August 2019 (Brüning and

Tost, 2025). In this study, we examined cloud and core properties of tropical convection and the life-cycle of single-core and

multi-core convective clouds. In this paper, we aim to complement the findings by an in-depth analysis of spatio-temporal

patterns of convective organisation. Moreover, we aim to investigate the connection between convective organisation and

cloud properties within the AOI. For this purpose, we quantify convective organisation at each point in time by employing70

three organisation indices. The goal is to derive spatial patterns of organisation and compare their spatio-temporal variability

(Biagioli and Tompkins, 2023). Our study employs convective cloud trajectories derived from a 4D time series of contiguous

3D radar reflectivities, which we predict from a machine learning (ML)-based extrapolation of 2D satellite data (Brüning et al.,

2024). We employ an object-based algorithm to detect and track convective clouds in the predicted radar reflectivity field.

This perspective allows a simultaneous coverage of the horizontal (cloud and core area) and vertical (cloud and core height)75

properties in the AOI, including remote oceanic regions over the Atlantic Ocean. Our aim is to showcase how convective

organisation is distributed in the AOI within the six-month period. Furthermore, we strive to quantify how differences in the

cloud and core properties are connected to a weak or strong convective organisation.

We have divided this article into five further sections. In Sect. 2, we describe the dataset used in this study. Section 3 presents

an overview of metrics employed to quantify convective organisation. Section 4 contains an overview of the results comprising80

the spatio-temporal variability of organisation indices and cloud properties. Section 5 relates our key findings to other studies.

Moreover, we discuss some limitations we encountered and evaluate the role of the ITCZ and other environmental drivers for

the development of tropical organisation. Finally, Sect. 6 contains a summary and the main conclusions.

2 Data

To quantify convective organisation over tropical West Africa, we use a ML-based 3D cloud mask build on the 3D cloud85

reconstruction method described in Brüning et al. (2024) and the convective cloud detection framework by Brüning and Tost

(2025). The following section outlines the workflow for producing the 3D radar reflectivity dataset, detecting convective clouds

and cores, and extracting cloud properties (Figure 1).
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Figure 1. Overview of the workflow for this study. In (a), we show how to derive a contiguous 3D cloud field from 2D data by a machine

learning-based extrapolation (Brüning et al., 2024). For this purpose, 2D satellite imagery from the MSG SEVIRI sensor is fed into a 2D Res-

UNet and trained to predict a 3D image of radar reflectivities validated against vertical cross sections of the CloudSat CPR. The predictions

cover 100 x 100 pixels along 90 vertical bins of 240 m. These patches are combined to cover an area between 60◦ W–60◦ E and 60◦ N–60◦

S. In (b), an object-based algorithm is employed to detect convective clouds and their cores within the predicted 3D radar reflectivity field.

The temporal resolution of the data is 15 minutes. Through each point in time, we link identified cloud objects and filter the trajectories by

the cloud top height (CTH), cloud base height (CBH), and number of cores to identify possible convective tracks (Brüning and Tost, 2025).

In the current study (c), we aim to quantify convective organisation by calculating organisation indices that are based on the area, distance,

and number of objects in each cloud mask. The indices are calculated in 15-minute intervals for a period between March–August 2019. The

results are used to analyse regional differences of convective organisation and to describe the relationship between convective organisation

and cloud properties.
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Table 1. Overview of MSG SEVIRI channels used to predict 3D radar reflectivities in this study.

Channel Wavelength (µm) Description Spatial resolution at nadir Retrieval at nighttime

IR3.9 3.48–4.36 Near infrared window 3 km Yes

WV6.2 5.35–7.15 Upper-troposphere water vapour 3 km Yes

WV7.3 6.85–7.85 Lower-troposphere water vapour 3 km Yes

IR8.7 8.30–9.10 Mid infrared window 3 km Yes

IR9.7 9.38–9.94 Ozone sensitivity 3 km Yes

IR10.8 9.80–11.80 Clean longwave window 3 km Yes

IR12.0 11.00–13.00 Dirty longwave window 3 km Yes

IR 13.4 12.40–14.40 CO2 sensitivity 3 km Yes

2.1 Satellite data

To identify, track, and analyse convective clouds, we employ a machine learning (ML) algorithm that generates time series of90

3D radar reflectivity fields based on 2D satellite observations, as described in Brüning et al. (2024). The input data are derived

from the Spinning Enhanced Visible and Infrared Imager (SEVIRI) onboard the Meteosat-11 (MSG) satellite (Schmetz et al.,

2002). The AOI is situated near the nadir of SEVIRI, which is positioned above the Equator at 0◦ longitude. SEVIRI captures

multispectral imagery across 12 channels in the visible, near-infrared, and thermal-infrared ranges. Eleven of these channels

offer a temporal resolution of 15 minutes and a spatial resolution of 3 km, while one high-resolution visible channel provides95

1 km resolution at nadir. From these, we use eight channels to train our ML model (Table 1).

We employ vertical cross-sections of radar reflectivity from the 94-GHz Cloud Profiling Radar (CPR) onboard the polar-

orbiting CloudSat satellite to validate our ML-based predictions. The CPR is an active radar instrument, which transmits

microwave pulses toward Earth to detect vertical profiles of cloud hydrometeors. It has a vertical resolution of 240 m (dis-

tributed across 125 bins) and a horizontal resolution of 1.4 km across-track and 1.8 km along-track (Stephens et al., 2008). Our100

study employs data from the level-2 2B-GEOPROF product. While the CPR has a reduced sensor sensitivity at high altitudes,

thin ice clouds like cirrus may be underrepresented. Moreover, the radar may be affected by signal attenuation at low altitudes

caused by the topography (Sassen and Wang, 2008). To address these limitations, we limit the data to contain 90 height levels

ranging from 2.4 km to 24 km. To improve the ML model performance, we filter the radar reflectivities by the CloudSat cloud

mask quality flag to reduce the number of noisy pixels (Marchand et al., 2008).105

2.2 3D cloud field reconstruction

In the following section, we describe the methodology used to reconstruct a 3D cloud field, based on the framework developed

by Brüning et al. (2024). Our approach utilises a ML algorithm built on the 2D Res-UNet architecture — a modified convo-

lutional neural network specifically designed for image segmentation tasks (Ronneberger et al., 2015). The model is primarily
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Table 2. Modifications applied in this study to the Res-UNet originally proposed in Brüning et al. (2024)

Parameter Original configuration Modification

Number of input channels 11 8

Loss function L2 L1

Nighttime predictions No Yes

Average RMSE 3.05 2.99

trained to reconstruct vertical cross-sections of the CloudSat CPR using data from the MSG SEVIRI satellite. Due to the U-Net110

architecture, the model is capable of producing full 3D radar reflectivity volumes rather than just 2D slices.

The AOI for the reconstructed 3D cloud field spans from 60◦ W to 60◦ E and from 60◦ S to 60◦ N, corresponding to 2400

× 2400 pixels in the horizontal dimensions. MSG SEVIRI satellite imagery serves as input to the Res-UNet model, setting

the horizontal resolution of the 3D data to 3 km × 3 km. Initially, we used 11 spectral channels covering the visible, near-

infrared, and thermal-infrared ranges. However, the visible channels were excluded in this study to enable daylight-independent115

predictions (Tables 1 and 2).

The training data consist of 128 × 128 pixel patches of MSG SEVIRI imagery, spatially and temporally aligned with Cloud-

Sat overpasses. Each training sample includes a diagonal CPR cross-section. To address the resolution mismatch between MSG

SEVIRI and CloudSat, the CPR data are downsampled to match the horizontal resolution of MSG SEVIRI pixels. To mitigate

the strong class imbalance between cloudy and cloud-free conditions, cloud-free samples are limited to a maximum of 10 % of120

the training data. The model is trained on nine months of data and validated on a separate three-month period. It is optimised

to reconstruct CloudSat-like 3D reflectivity volumes with a horizontal resolution of 100 × 100 pixels and 90 vertical levels.

Predicted radar reflectivity values range from –25 to 20 dBZ and maintain the 15-minute temporal resolution of the MSG SE-

VIRI input. An L1 loss function (mean absolute error, MAE) is used during training to evaluate performance. Direct validation

is only possible for the diagonal cross-section, which constitutes about 10 % of the data points in each training sample. During125

the three-month test period, the modified daylight-independent model achieves a root mean square error (RMSE) of 2.99 dBZ,

improving upon the original model’s average RMSE of 3.05 dBZ (Table 2).

To achieve complete spatial coverage of the domain (60◦ W to 60◦ E and 60◦ S to 60◦ N), individual 3D output patches are

stitched together to form a contiguous volume of 2400 × 2400 × 90 pixels (Figure 1, a). This approach may enable consistent

spatial coverage, especially over remote oceanic regions where active sensors are scarce (Prein et al., 2024). Visual inspection130

confirms that no artifacts are present at tile boundaries, indicating seamless reconstruction across the domain. However, model

accuracy tends to decrease with increasing distance from the MSG SEVIRI nadir. Finally, the 3D radar reflectivity volumes are

concatenated along the temporal axis to create a 4D cloud field, which is then used to detect and track convective clouds. For

the purposes of this study, we crop the domain to 1200 × 1200 pixels, covering the region from 30◦ W to 30◦ E and 30◦ N to

30◦ S — effectively focusing on the area between the Tropic of Cancer and the Tropic of Capricorn.135
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2.3 Detection and tracking of convective clouds and cores

Convective clouds are detected and tracked using the tobac package (Sokolowsky et al., 2024), which supports an object-based

analysis of 3D meteorological data. The detection framework - as described in Brüning and Tost (2025) - proceeds in three

stages: the cloud detection and tracking, the core detection, and the classification of potentially convective clouds. We use

the ML-based predictions of the radar reflectivity as input data for the detection framework. While radar reflectivity does not140

directly measure vertical velocity, it may provide information for detecting hydrometeors associated with convective cloud

development (Luo et al., 2008). By merging the 3D data fields along the temporal dimension, we receive a 4D time series that

is fed into the tracking algorithm to create continuous trajectories with a temporal resolution of 15 minutes.

We identify potential candidates of convective clouds within the 3D cloud field by applying a fixed radar reflectivity threshold

of -15 dBZ. This threshold is used to distinguish hydrometeors from background noise in the radar reflectivity data (Marchand145

et al., 2008). Although moderately restrictive, this threshold is intended to capture the full spatio-temporal evolution of con-

vective clouds throughout their life cycle, thereby supporting the formation of contiguous trajectories (Esmaili et al., 2016). To

reduce noise, we first apply a smoothing Gaussian image filter with an effective scale of half a standard deviation (sigma = 0.5)

on the 3D radar reflectivity field. Next, we compute the centroids of potential cloud structures using a weighted center-of-mass

approach, where the weight of each point is determined by its reflectivity value above the -15 dBZ threshold. Each identified150

centroid is assigned a unique identifier, which is retained throughout the subsequent tracking and segmentation processes. We

then apply a 3D watershed segmentation algorithm to delineate the volume of individual cloud structures associated with each

centroid. The algorithm places markers at the detected centroids within a binary 3D volume, where all other grid points are

set to zero. From these markers, the algorithm expands outward through the volume, assigning reflectivity-based pixels to the

corresponding cloud until the –15 dBZ threshold is reached. This process produces a labeled 3D cloud mask. Subsequently,155

we analyse the morphology of each cloud to determine whether any structures might represent a merger of multiple cloud

systems. Each cloud’s shape is characterised using the best-fitting ellipse, and we compute the aspect ratio — that is, the ratio

of the major to the minor axis length. If the major axis is more than 75 % longer than the minor axis, we split the identified

cloud into separate objects for further analysis. We track the labeled 3D cloud objects over time by linking them based on their

estimated movement speed. At each 15-minute interval, we predict the expected position of a cloud object using its velocity160

from previous time steps. To streamline this linking process, we define a maximum search radius between time steps, within

which only cloud objects are considered potential matches. When new clouds form, we assign them the average velocity of

nearby clouds to estimate their likely movement (Heikenfeld et al., 2019). We require a minimum area overlap of 50 % to

determine similarity between clouds across consecutive 15-minute intervals.

We aim to detect convective cores for each cloud object at every time step throughout its life cycle. For this purpose, we use165

the previously generated labeled 3D cloud mask. Core centroids are identified by locating local maxima in a combined metric

that incorporates both smoothed radar reflectivity and the vertical extent of a contiguous potential core layer. Specifically, we

calculate the mean radar reflectivity for each vertical cloud column, and determine the height of the core layer by counting

the number of pixels with reflectivity values greater than 0 dBZ located above 5 km altitude. To fill isolated gaps in otherwise
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Table 3. Cloud and core properties derived from the contiguous convective cloud trajectories.

Feature type Feature name Definition

Cloud

Cloud area Area of the cloud (km2)

Cloud top height (CTH) Height of the cloud (km)

Lifetime Lifetime of the cloud trajectory (h)

Surface type Value of land-sea mask

Core

Number of cores Number of identified convective core regions

Core area Average area of convective cores (km2)

Core height Depth of the core in the vertical column (km)

vertically continuous cores, we expand the threshold from 0 dBZ to -5 dBZ in columns that contain at least one pixel exceeding170

0 dBZ (Luo et al., 2008; Igel et al., 2014). We then combine both indicators —average reflectivity and potential core vertical

depth — for each pixel associated with a cloud label, resulting in a 2D layer where we search for local maxima. If at least one

local maximum is detected, the corresponding locations are considered candidate core centroids. If no local maxima are found

— for example, if no columns contain pixels above 0 dBZ at altitudes higher than 5 km — the cloud is recorded as having zero

cores for that time step. Otherwise, we use a 3D watershed segmentation algorithm to delineate the core volumes surrounding175

each centroid, allowing for multiple cores to exist within a single cloud at the same time.

2.4 Extraction of cloud properties

We use the labelled cloud masks to extract cloud and core properties at each point in time. Moreover, we compute average

properties across the cloud’s lifetime to derive distinct key properties that may characterise the trajectory. These properties

include the cloud lifetime, cloud area, cloud top height (CTH), number of cores, and mean core area and height (Table 3). The180

cloud area is computed from the column-wise maximum horizontal extent of the 3D cloud mask, while CTH is derived from

the vertical extent. For the cloud lifetime, we extract the time (in hours) between the first and last detection of each trajectory

of the labelled pixels. Each cloud track is classified as either marine (sea) or continental (land) using a binary land-sea mask.

For this purpose, we determine the most frequent (modal) surface type across all grid points along the cloud trajectory. While

this method does not capture changes in surface type throughout the cloud’s life-cycle, it may provide insights on the effect185

of the most frequently occurring surface type. For clouds with one or more cores, we count the maximum number of cores

associated to the trajectory. Moreover, the core area and height are derived from the column-wise maximum horizontal extent

and vertical extent of the previously identified cores, similar to the cloud area and CTH.
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2.5 Filter convective cloud trajectories

We filter the cloud trajectories to exclude possibly non-convective tracks from the analysis. For that purpose, we employ three190

criteria occurring for at least a single timestep of 15 minutes: (a) One or more core regions, (b) radar reflectivity of higher

than 0 dBZ at 10 km height, and (c) minimum CTH of 10 km and maximum cloud base height (CBH) of less than 5 km.

While we do not require the convective clouds to have a CTH higher than 10 km at every time step during their trajectory,

we discard trajectories that never reach the CTH threshold. After filtering the dataset, we receive 375,000 uniquely labeled

3D cloud objects, each associated with a continuous time trajectory and structural information about cloud and core properties195

(Figure 1, b).

For further analysis, we exclude cloud tracks detected for a single time step of 15 minutes. This results in a refined dataset of

354,073 convective cloud trajectories between March and August 2019. In Fig. 2, we showcase the spatio-temporal distribution

of the cloud trajectories. Most clouds are located between 5◦ S and 20◦ N, with peak activity from 5◦–10◦ N (Figure 2, a).

Approximately 75 % of cloud tracks occur over ocean, with land-based tracks comprising the remaining 25 % (Figure 2, b).200

Compared to the land-sea distribution of grid points across the AOI, we observe a 10 % shift toward ocean for detected clouds

(Brüning and Tost, 2025). Most trajectories contain a single convective core (70 %), while the proportion of multi-core systems

declines with increasing core count (Figure 2, c). Cloud frequency is higher in March–May (MAM) than in June–August (JJA)

(Figure 2, d). The diurnal variability is less pronounced than these monthly differences along the period (Figure 2, e). We

observe a high proportion of clouds have a lifetime between 0–3 h (42 %) or 3–6 h (37 %). Hence, about 80 % of the cloud205

tracks last for less than 6 h. The proportion of cloud tracks with a longer lifetime is considerably lower (Figure 2, f).

While this framework enables a seamless tracking of convective systems along the ML-based 4D time series, it remains

subject to several limitations. The predicted data display a ML-based extrapolation of the received CloudSat CPR reflectivities.

Hence, they include uncertainties connected to the ML model, such as the blurriness of predictions induced by the loss function

which optimizes towards the mean. We receive few information on thin ice clouds due to a reduced sensitivity of the CloudSat210

CPR to ice clouds in high altitudes (Sassen and Wang, 2008). Moreover, the detection framework rests on an object-based

perspective to investigate atmospheric processes. We note the identified trajectories may underlie simplifications caused by an

inherent subjectivity of the thresholds applied in the cloud detection step. Nevertheless, the approach may help to bring further

insights into the structure and organisation of convective clouds.

3 Method215

3.1 Quantifying convective organisation

Convective organisation describes the contrast between convective cells randomly distributed in space and time from those

clustering together inducing a stronger convective organisation (Pendergrass, 2020). While there exist various organisation

indices to quantify the spatial clustering, each index alone may not sufficiently characterise convective organisation (Stuben-

rauch et al., 2023). Instead, all indices have specific limitations, such as a sensitivity to the mean cloud area or to the number220
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Figure 2. Summary of cloud tracks retrieved between March–August 2019 (n = 354,073). We show the spatial and temporal distribution of

the data based on (a) the latitude grouped in 3◦ intervals between 30◦ S and 30◦ N, (b) the surface type derived from a land-sea mask, (c)

the number of cores, (d) the month, (e) the daytime, and (f) the cloud lifetime.

of individual objects. In response, we chose a combination of three organisation indices (SCAI, COP, ROME). All indices are

designed to work on 2D data. Their input is a binary field, in this case the cloud mask derived in Sect. 2.3, representing the

location of labeled convective objects (Semie and Bony, 2020). We calculate the three organisation indices for the AOI between

30◦W–30◦E and 30◦N–30◦S at each timestep of 15 minutes (Figure 1, c).

The first index is the simple-to-compute and straightforward Simple Convective Aggregation Index (SCAI). SCAI describes225

the ratio of the degree of convective disaggregation to a potential maximal disaggregation within a domain (Tobin et al., 2012).

The index is unitless and inversely proportional to the number of grid boxes. SCAI compares the number of objects in the

domain (N) and the geometric mean distance (D0) between the centroid positions of all possible object pairs to the possible

maximum number of objects that can exist in the domain (Nmax) and the characteristic domain size (L).

SCAI =
ND0

NmaxL
1000. (1)230
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SCAI is a unitless index between 0 and infinity whereas lower values point towards a stronger convective organisation. By

design, calculating SCAI requires the presence of multiple cloud clusters.

The Convective organisation Potential (COP) was developed by White et al. (2018) as an adaptation of the Iorg index. It

assumes objects that are larger and closer together are more likely to interact with each other. In contrast to SCAI, the index

takes the cloud size into account. COP uses the number of objects (N), the area of the i-th object (Ai) and the j-th object (Aj),235

and the distance between the centroids of the i-th and the j-th object (dij). It adds the characteristic domain size (L) and the total

image size (L2). The index is defined by

COP =
2

N(N − 1)

N∑

i=1

N∑

j=i+1

√
Ai/π+

√
Aj/π

dij
(2)

which is the mean over all the possible pairs of the interaction potential. COP is a positive and unitless index between 0–1

whereas higher values indicate a stronger convective organisation. Larger and closer objects have a higher increase in COP240

than small and widespread objects (Pscheidt et al., 2019).

Additionally, we calculate the Radar Organisation MEtric (ROME). The index considers the average size, proximity, and

size distribution of convective clouds. Initially, it was designed to analyse radar observations. However, it also worked well

with other data (Bläckberg and Singh, 2022). The index assesses connections between pairs of continuous convective regions

and assigns a weight to each pair that increases with their respective areas and decreases with their separation distance. The245

weight is equal to the area of the larger contiguous convective region plus a contribution from the smaller contiguous convective

region that depends on the separation distance (Retsch et al., 2020). It employs the smallest distance between the edges of the

i-th and the j-th object in the domain (d̃ij) to define

ROME =
2

N(N − 1)

N∑

i=1

N∑

j=i+1

·
[
A

(max)
ij +A

(min)
ij ·min

(
1,

A
(min)
ij

d̃2ij

)]
(3)

where Aij
(max) = max(Ai,Aj) and Aij

(min) = min(Ai,Aj). ROME is a positive index measured in units of area. Its value consists250

of a contribution from the mean area of contiguous convective regions and the distribution of sizes and interaction between

different contiguous convective regions. The index is positive, with an increasing ROME value corresponding to a stronger

aggregation.

While SCAI and COP are easy to compute, the calculation of ROME is less convenient. Since it has been designed to

retrieve information from radar reflectivities, we include the index in our study. In contrast to SCAI and COP, ROME may also255

be computed when only a single object is present. As evaluated by, e.g., Mandorli and Stubenrauch (2024) and Biagioli and

Tompkins (2023), each index has its own strengths and weaknesses. SCAI is insensitive to the size of the objects and mainly

dominated by the variability in the number of clouds. However, it is less affected by shifts in time and space which induce high

fluctuations of the index values, e.g, due to changes in the resolution of the input image or between two consecutive time steps.

In contrast, the calculation of COP includes the object area. While COP correctly increases with the proximity and size, it is260

sensitive to noise caused in a domain with only a few objects. The index is correlated to the image resolution and shows a high

variability for consecutive time steps. While ROME is more noise-safe and independent of the dataset resolution, it strongly
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Figure 3. Visualisation of the moving-window approach used to calculate the organisation indices from the labeled 3D cloud mask. When

using a fixed grid cell size (a), clouds may be split at the borders leading to an enhanced small-scale value variability between the subsets.

In this study, we employ a moving-window which iterates along the grid cells with a kernel size of 1◦ x 1◦. At each iteration, we update the

index value by calculating the mean between the index at the former and current subset (b). In contrast to (a), the indices are less influenced

by a single grid cell and rather represent the average composed of all window locations.

connects to the object size. Compared to SCAI and COP, ROME shows a lower variability along consecutive time steps and it

is less sensitive to the proximity of objects. Despite these limitations, we employ these indices that have been applied before

in our studies to retrieve comparable results. However, building an adapted methodology for assessing convective organisation265

may benefit future research.

3.2 Calculating grid-based organisation indices

To assess regional variability in convective organisation, we refrain from computing organisation indices over the entire domain.

Instead, the AOI is partitioned into overlapping 3◦ × 3◦ grid cells (e.g., Semie and Bony (2020); Tobin et al. (2012)). Given that

the spatial extent and number of convective cloud elements affect the resulting index values, it may be beneficial to mitigate270

artifacts arising from cloud systems intersecting grid boundaries. In response, we implement a moving-window approach.

The initial window is anchored at the northwestern corner of the AOI (27◦–30◦ N, 27◦–30◦ W) and is incrementally shifted

by 1◦ in both the zonal and meridional directions (Figure 3). For each time step, the spatial organisation indices (SCAI,

COP, and ROME) are computed within a 3◦ × 3◦ window. To enhance statistical robustness and reduce sensitivity to window

placement, we calculate a local mean across adjacent overlapping windows, assigning the averaged value to the central grid cell.275

This approach may reduce boundary-related discontinuities and contribute towards a more stable representation of convective

structure, particularly in regions where cloud systems span multiple windows (Jin et al., 2022).
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Figure 4. Distribution of convective organisation indices grouped by the surface type (for clouds over the sea, over land, and for all cloud

tracks independent of the surface type). We see the frequencies of (a) SCAI, (b) COP, and (c) ROME.

4 Results

4.1 Distribution of organisation indices

This section analyses the spatial and temporal distributions of the three convective organisation indices: SCAI, COP, and280

ROME. Lower SCAI values (or higher COP and ROME values) are indicative of enhanced convective clustering, reflecting

stronger spatial organisation. Conversely, high SCAI (low COP or ROME) values correspond to more scattered convective

structures, implying weaker organisation (Biagioli and Tompkins, 2023).

Figure 4 (a) shows that SCAI values range between 0 and 1, with a peak concentration between 0.2–0.4. Oceanic regions

have a slightly higher frequency of SCAI values lower than 0.4, whereas values higher than 0.4 are more common over land.285

This finding may suggest SCAI detects stronger convective organisation over water. COP values are mainly distributed between

0.2 and 0.6. Over the ocean, values above 0.4 are more frequent, whereas over land, lower values dominate — again pointing

to stronger convective organisation over the ocean (Figure 4, b). ROME displays a right-skewed distribution, with most values

falling below 20,000. Differences between land and ocean are minor compared to SCAI or COP (Figure 4, c). Overall, the

results may indicate a marginally stronger convective organisation over oceanic regions, with ROME showing the weakest290

land–sea contrast.

Figure 5 compares the diurnal cycle, changes to core numbers, and latitudinal averages of the indices over land and ocean

within the 30◦ S–30◦ N domain. For SCAI, we find predominantely lower values over land throughout the day. The diurnal

cycle exhibits minima between 09:00–12:00 UTC and 21:00–00:00 UTC, particularly over land. SCAI increases between

00:00–06:00 UTC and 12:00–21:00 UTC (Figure 5, a). COP shows a weaker temporal variability than SCAI but with values295
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consistently suggesting higher organisation over the ocean (Figure 5, d). Diurnal variations in SCAI and COP reach up to 10

% of the indices’ scales. ROME shows daytime (06:00–18:00 UTC) and nocturnal (00:00–03:00 UTC) peaks over land and

mostly nocturnal peaks (21:00–06:00 UTC) over the ocean (Figure 5, g). Collectively, the indices indicate maximum convective

organisation occurs over land in the afternoon and over the ocean in the night and early morning; minima occur at night over

land and from noon to afternoon over the ocean. SCAI and ROME decrease with increasing numbers of convective cores300

(Figure 5, b, h). For ROME, organisation decreases up to five cores but increases beyond six, particularly over land (Figure 5,

h). COP, by contrast, remains largely unaffected by core number as it points out only a slight decrease of convective organisation

with increasing core numbers and an increase for clouds with more than six cores (Figure 5, e). This finding suggests for SCAI

a stronger convective organisation for higher core numbers, which opposes the results for COP and ROME. Latitudinally, all

indices show stronger organisation near the equator, although the spatial variability differs for the three indices. As SCAI is305

sensitive to object numbers, a higher frequency of detected clouds near the equator and less clouds near the borders of the AOI

may contribute to the variability of the index (Figure 2, Figure 5, c). COP varies less with latitude, whereas we observe slightly

higher values between 20◦ S–20◦ N (Figure 5, f). For ROME, we find the highest variability between latitudinal averages and

surface types with peaks over land between 20◦ S and the equator, and over oceanic regions near the equator and between 20◦–

30◦ S (Figure 5, i). Compared to other regions in the domain, the results show a considerably stronger convective organisation310

over the southern Atlantic Ocean (30◦ S) for SCAI and ROME.

4.2 Spatial patterns and statistical relationships

Figure 6 presents the spatial distribution of the three organisation indices (SCAI, COP, ROME), along with associated cloud and

core properties, interpolated onto a 3◦ × 3◦ grid and displayed as latitudinal cross-sections. Distinct regional patterns emerge

across the AOI, highlighting potential links between convective organisation and cloud structure. Near the equator - particularly315

over continental Africa - higher SCAI values may coincide with a smaller cloud area, elevated cloud top height (CTH), and

taller convective cores. In contrast, lower SCAI values are found primarily over the Atlantic Ocean and in subtropical zones

of northern and southern Africa (15◦–30◦ N/S). These regions are characterized by larger cloud areas, a lower CTH and lower

core heights (Figure 6, a, d, e, i). For the cloud lifetime, the number of cores, and the core area, we observe a less distinct

connection. They show a high spatial variability along the AOI, whereas a longer cloud lifetime, a higher number of cores, and320

a larger core area may be related to a smaller cloud area, higher CTH, and higher core height in near-equator regions (< 15◦

N/S) and to a larger cloud area, lower CTH, and lower core height near the tropics (> 15◦ N/S) (Figure 6, d–i). COP exhibits low

spatial variability, with most values between 0.2–0.5 (Figure 6, b). ROME, in contrast, displays pronounced spatial differences:

high values occur between 15◦–30◦ N/S, particularly over the Atlantic Ocean and near African coastlines, and near the equator

over the Gulf of Guinea and continental Africa (Figure 6, c). Over the Sahel, clouds tend to be large, with numerous, wide325

but relatively shallow cores. Over the South Atlantic (15◦–30◦ S), cloud systems exhibit large areas, long lifetimes, and a high

number of cores. This pattern may reflect cloud clustering in the AOI may be influenced by oceanic circulation and adjacent

landmasses (Atiah et al., 2023). Overall, regions with stronger convective organisation - indicated by low SCAI and high COP

or ROME - tend to exhibit smaller clouds with low CTH and core heights. For the number of cores, the core area, and cloud
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Figure 5. Comparison of the organisation indices (a)–(c) SCAI, (d)–(f) COP, and (g)–(i) ROME. The columns show the diurnal cycle

(grouped in 3 h intervals), the number of cores, and the latitude (in 10◦ intervals) grouped by the surface type (land, sea). Vertical errorbars

show the standard error of the mean.
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Figure 6. Mean values for (a) SCAI, (b) COP, (c) ROME, (d) the cloud area, (e) the CTH, (f) the cloud lifetime, (g) the number of cores, (h)

the convective core size, and (f) the core height. The plot shows the spatial distribution in the AOI interpolated on a 3◦ x 3◦ grid (left) and

the average for each latitude between 30◦ N and 30◦ S (n = 354,073).

lifetime, a higher regional variability may be apparent. These contrasts are most apparent between equatorial and subtropical330

regions.

To quantify the relationship between organisation indices and cloud properties, we compute Spearman’s rank correlation

coefficient R using data from all cloud tracks (Figure 7). The logarithmic distributions reveal a general skew toward low values

for SCAI, ROME, cloud area, lifetime, number of cores, and core area. The correlation analysis shows that COP and ROME

may be positively associated with cloud area, lifetime, CTH, number of cores, and core height (Figure 7, g–r). In contrast, SCAI335

is negatively correlated with all of these properties except for CTH and the core height (Figure 7, a–f). For the core area, we see

a weak negative correlation to all indices. The findings suggest that stronger convective organisation may be statistically linked

to larger, longer-lived cloud systems, a higher CTH and core height, and more cores. Interestingly, these statistical relationships

contrast with some spatial patterns in Fig. 6. For instance, while higher ROME values spatially co-occur with smaller clouds

and shorter lifetimes in some regions, correlation coefficients suggest that, overall, organisation increases with cloud area and340
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Figure 7. Histogram showing the logarithmic frequency distribution for the SCAI, COP, and ROME against the (a, g, m) the cloud area, (b,

h, n) the cloud lifetime, (c, i, o) the CTH, (d, j, p) the number of cores, (e, k, q) the convective core size, and (f, l, r) the core height. In each

histogram, we add the Spearman correlation coefficient R to quantify the strength of the relationship (n = 354,073) (significant with *: p <

0.1).

duration. However, most correlations are weak, with maximum coefficients around 0.26 between ROME and the cloud lifetime.

They highlight the complex and regionally variable nature of these relationships.

4.3 Temporal variability of cloud properties and organisation indices

The previous analysis suggests the overall correlation between convective organisation indices and cloud/core properties is

generally weak. In this section, we aim to capture changes in convective behaviour along the period that may help to explain345

observed patterns. For this purpose, we filter the dataset into two subsets between March to May (MAM, n = 212,984) and June

to August (JJA, n = 141,089). Here, we analyse monthly means over land and ocean (Figure 8). Overall, differences between

land and ocean typically span up to 10 % of each index’s dynamic range (Figure 4). For the monthly changes, most variables

do not exhibit a linear trend. SCAI, COP, and the number of cores remain relatively stable, while the CTH and core height
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vary non-monotonically (Figure 8, a, b, e, g, i). SCAI generally decreases over the ocean and increases slightly over land until350

June, returning to near-March values by August (Figure 8, a). COP displays similar changes over land, while over the ocean, it

increases marginally throughout the period (Figure 8, b). ROME exhibits the strongest variability, increasing over both surface

types, especially over the ocean (Figure 8, c). Notably, average CTH, cloud lifetime, and core height are consistently higher

over land, whereas cloud and core areas are larger over the ocean, particularly from May to August (Figure 8, d–f, h–i). The

number of cores remains fairly constant across the time series (Figure 8, g). Over the ocean, we observe a steady increase in355

cloud and core area and a decrease in CTH. Core height peaks in May and July, followed by a decline in August. Over land,

temporal changes are less pronounced, though the core area shows a slight dip until May and then rises again by August.

Figure 9 illustrates the mean differences between boreal spring (MAM) and boreal summer (JJA), calculated as MAM

minus JJA. The data are interpolated onto a 3◦ × 3◦ grid and averaged along latitudes. While SCAI shows only a weak monthly

variability (Figure 8, a), we observe regional differences of up to ± 0.4 across the AOI. Notably, SCAI increases between360

15◦–30◦ N and decreases south of 15◦ N, especially over the Gulf of Guinea and central Africa (0◦–15◦ S) (Figure 9, a).

COP tends to increase between 0◦–15◦ N and decrease north of 20◦ N during JJA, although these changes are generally small,

remaining within ± 0.2. More pronounced decreases of up to -0.4 are seen south of 15◦ S, over the Sahel, and near the Canary

Islands (Figure 9, b). ROME shows small localised decreases during JJA across northern Africa, the Canary Islands, and coastal

southern Africa. In contrast, it increases between 15◦ N and 15◦ S, especially near the equator and around 15◦ S (Figure 9, c).365

The spatial patterns of the cloud properties partly align with (cloud area, cloud lifetime) or oppose (CTH, core height) those

observed for the organisation indices. For instance, both cloud area and lifetime tend to increase in the Southern Hemisphere

during JJA, though the magnitude and intensity of these changes vary considerably across the AOI. Over northern continental

Africa and the Congo River basin, cloud area and lifetime decline from MAM to JJA (Figure 9, d, f). In contrast, the CTH

increases north of 15◦ N and decreases south of 15◦ S during JJA (Figure 9, e). The number of cores reveals a less consistent370

pattern, with a high spatial variability. Increases are observed during JJA over the Atlantic Ocean, the West African coast,

northern continental Africa, and the equatorial rainforests. Conversely, declines are noted over coastal areas north of 15◦ N

and south of the equator (Figure 9, g). Similarly, the core area displays a rather fragmented spatial pattern across the AOI, with

slightly larger values in the Northern Hemisphere and a particular increase south of 20◦ S during JJA (Figure 9, h). The core

height broadly follows the same pattern as CTH, rising north of 15◦ N and declining south of 15◦ S. Additionally, core heights375

increase between 0◦–10◦ S in boreal summer (Figure 9, i). Observed increases of the cloud area, core area, and cloud lifetime

may coincide with a reduction in CTH, core height, and core number. However, there appear spatial and temporal variations

which may reflect the influence of, e.g., local circulations and land–sea contrasts on convective development across the AOI.

We evaluate how the relationships between organisation indices and cloud/core properties evolve along the two seasonal

subsets by comparing the correlation coefficients between MAM and JJA (Table 4). Overall, SCAI maintains negative correla-380

tions with cloud properties, while COP and ROME remain positively correlated. The direction of correlation does not change

along the period, though some coefficients vary in strength. From boreal spring to summer, correlations between SCAI and

cloud properties increase slightly - except for the CTH and core height. Correlations between COP and cloud properties pre-

dominantly increase, whereas the differences are lower than for SCAI. For ROME, we see an increase for the correlation to
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Figure 8. Monthly changes of the organisation indices and cloud and core properties between March and August 2019. We show (a) the

SCAI, (b) the COP, (c) the ROME, (d) the cloud area, (e) the CTH, (f) the cloud lifetime, (g) the number of cores, (h) the convective core

size, and (f) the core height grouped by the surface type. Line plots show the mean value (solid line) with a confidence interval of 95 %.
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Figure 9. Changes between boreal spring (MAM, n = 212,984) and summer (JJA, n = 141,089) showing the average differences for MAM

minus JJA. The plot shows the spatial distribution in the AOI interpolated on a 3◦ x 3◦ grid (left) and the average value for each latitude

between 30◦ N and 30◦ S (right). Values are derived for (a) SCAI, (b) COP, (c) ROME, (d) the cloud area, (e) the CTH, (f) the cloud lifetime,

(g) the number of cores, (h) the convective core size, and (f) the core height.
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Table 4. Spearman’s R for the SCAI, COP, and ROME against the cloud area, the cloud lifetime, the CTH, the number of cores, the convective

core size, and the core height. The table shows the correlation coefficient for boreal spring (MAM) and summer (JJA) and the difference

(MAM - JJA).

SCAI COP ROME

MAM JJA Difference MAM JJA Difference MAM JJA Difference

Cloud area -0.06 -0.13 0.07 0.12 0.12 0.00 0.09 0.07 0.02

Cloud lifetime -0.01 -0.12 0.11 0.05 0.10 -0.05 0.08 0.11 -0.03

CTH 0.24 0.12 0.11 0.04 0.07 -0.03 0.04 0.07 -0.03

Number of cores -0.04 -0.08 0.05 0.07 0.09 -0.02 0.05 0.05 0.0

Core area -0.04 -0.04 0.00 0.02 0.01 0.01 0.01 -0.03 0.02

Core height 0.12 -0.01 0.11 0.05 0.08 -0.03 0.05 0.07 -0.02

the cloud lifetime, CTH, and core height, and a decrease to the cloud area and core area. However, these shifts are small, with385

changes up to 0.11 (SCAI vs. cloud lifetime, CTH, and core height). Despite apparent spatial patterns and temporal shifts in

convective cloud organisation and structure as seen in Figs. 8 and 9, statistical relationships remain overall weak. These weak

correlations suggest that relations may be affected by additional factors which were not integrated in our analysis, such as the

large-scale circulation, interannual variations (caused by, e.g., El Niño-Southern Oscillation (ENSO)), or local topography.

4.4 Investigating effects of convective organisation390

To identify regional patterns of convective organisation and their effects on cloud properties, we adopt a percentile-driven

approach. There exist no universally defined thresholds to distinguish between weak and strong convective organisation. In

response, we compute the 10th, 25th, 75th, and 90th percentiles based on the distribution of each organisation index (SCAI,

COP, and ROME) using the cloud tracks between March to August 2019 (Table 5). These percentiles serve as thresholds to

classify the data into subsets of weak and strong convective organisation, as induced by the interpretation of the indices: strong395

organisation may be related to low SCAI and high COP/ROME, weak organisation to high SCAI and low COP/ROME (Biagioli

and Tompkins, 2023; Semie and Bony, 2020). Following, regions of strong convective organisation are defined as cloud tracks

with an index value below the 10th percentile for SCAI or above the 90th percentile for COP and ROME. Conversely, regions

of weak organisation correspond to values that lie above the 90th percentile for SCAI or below the 10th percentile for COP

and ROME. To identify spatial and temporal patterns of convective organisation, we create two subsets from all data points400

in the dataset, whereas one represents the 10 % strongest convective organisation (Q10 for SCAI; Q90 for COP and ROME,

hereafter: P90), and the other representing the 10 % weakest convective organisation (Q90 for SCAI; Q10 for COP and ROME,

hereafter: P10). These may represent so-called “hotspots”. We also define the interquartile range (IQR, values between the
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Table 5. Percentiles for the organisation indices (SCAI, COP, ROME) derived from the time series between March and August 2019. The

table contains the percentiles Q10, Q25, Q75, and Q90 which are used as thresholds to filter subsets of strong or weak convective organisation.

Q10 Q25 Q75 Q90

SCAI 0.165 0.224 0.418 0.528

COP 0.237 0.278 0.381 0.443

ROME 3260.327 5652.496 14695.356 22659.608

25th–75th percentile) to represent a baseline, which is used to contrast the spatial distribution of average organisation against

the identified hotspot regions.405

4.4.1 Characteristics of percentile-based subsets

We filter the dataset by the percentiles from Table 5 to create the subsets of weak (P10) and strong (P90) convective organi-

sation. Both subsets include 84,132 samples. Our analysis reveals that the frequency and location of convective clouds — and

their strength of organisation — are not evenly distributed spatially or temporal. The majority of cloud tracks was detected

between 10◦ S and 20◦ N (Figure 2). However, we observe distinct temporal and land–sea contrasts reflected in both P90 and410

P10. During March–May (MAM), strong convective organisation (P90) is more prevalent over land in the southern hemisphere

and over ocean regions between 10◦–30◦ S and 5◦ S–10◦ N. From June–August (JJA), P90 occurrences shift northward, peak-

ing over land between 10◦ S–5◦ N and over ocean between 5◦–15◦ N. A persistent local minimum appears around 0◦–5◦ N in

both seasons (Figure 10, a, c). In contrast, weak convective organisation (P10) is rare north of 15◦ N in boreal spring and south

of 15◦ S in JJA. In MAM, it is more frequent over land from 10◦ S–10◦ N and over ocean between 0◦–10◦ N. In JJA, we see415

an overall northward shift of the distribution (Figure 10, b, d).

Comparing the surface types of all cloud tracks and both percentile subsets, we observe a higher proportion of clouds over

the ocean than over land for all datasets. However, there are differences within the surface-type distribution for the organisation-

based subsets: when comparing all three datasets (all cloud tracks, P90, P10), strong convective organisation occurs about 5–15

% more frequently over the ocean, whereas the proportion of cloud systems with a weak convective organisation is about 10–15420

% higher over land (Figure 11, a). P10 clouds are generally associated with fewer cores and shorter lifetimes than both P90

and the full dataset. They may be associated to a higher proportion to single-core clouds (15 % higher than P90) and clouds

with a lifetime between 0–3 h (30 % higher than P90). We observe more clouds from P90 with a cloud lifetime of more than

3 hours. However, the longest lifetimes in the dataset may be found for clouds not connected to the percentile subsets (Figure

11, b, d). Clouds were detected slightly more frequently in MAM than JJA. In March, the proportion is especially high for P10425

(15 % higher than P90). In contrast, occurrences of P90 are less common in MAM and increase in JJA (10 % higher than P10).

These findings may indicate an increase of strong convective organisation during boreal summer (Figure 11, c).
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Figure 10. Distribution of detected clouds grouped in 3◦ intervals between 30◦ S and 30◦ N. The histograms show the proportions of cloud

tracks grouped by the surface type (land, sea) for (a) the 10 % strongest convective organisation (P90, n = 84,132) and (b) the 10 % weakest

convective organisation (P10, n = 84,132) between March–May (MAM) and June–August (JJA).

4.4.2 Relationship between organisation subsets and cloud properties

To explore how the relationship between cloud and core properties differs for weak (P10) and strong (P90) convective organi-

sation, we compare the correlation coefficients between all cloud tracks and the two subsets. As noted in Sect. 4.2, SCAI tends430

to correlate negatively with cloud properties, while COP and ROME show positive associations. For all cloud tracks, correla-

tions between the indices range from -0.08 to 0.26 (Figure 7). Figure 12 highlights that inter-index and intra-cloud property

correlations are stronger than those between indices and cloud properties. Here, COP and ROME exhibit moderate to strong

positive correlation, while COP and SCAI are moderately negatively correlated (Figure 12, a). SCAI and ROME show a weak

to moderate inverse relationship. Among cloud and core properties, the strongest positive correlation is between cloud area435

and number of cores, followed by CTH and core height. The number of cores, core area, and core height are also moderately
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Figure 11. Comparison of the distributions between all cloud tracks, the 10 % strongest convective organisation (P90), and the 10 % weakest

convective organisation (P10) for (a) the surface type derived from a land-sea mask, (b) the number of cores, (c) the month, and (d) the cloud

lifetime after first detection.

correlated. Cloud lifetime, however, shows only weak to moderate associations with these properties. In the P90 subset, all

three indices are positively correlated - a departure from the expected negative SCAI–COP/ROME relationship seen for all

cloud tracks. Correlations between cloud and core properties in P90 remain largely similar to the full dataset, though some

relationships (e.g., between COP/ROME and core height or area) strengthen slightly (Figure 12, b). In P10, we find similar440

property-to-property correlations, though the strength varies more. The strongest correlation remains between the number of

cores and core area and the core and cloud height (Figure 12, c). For all data, we remain to find the strongest correlation be-

tween SCAI for the indices and CTH for the cloud/core properties. Uniquely, SCAI and ROME show a high positive correlation

in both P10 and P90, despite being theoretically opposed in their interpretation of convective organisation (Section 3, Section

4.1). This apparent contradiction underscores the complexity of the indices, particularly when filtered by percentiles.445
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Figure 12. Correlation matrix for the organisation indices, cloud and core properties. We calculate Spearman’s R to quantify the correlation

coefficient on a scale between -1 and 1 for (a) the whole dataset of cloud tracks (n = 354,073), (b) the 10 % most organised clouds (P90, n =

84,132), and (c) the 10 % least organised clouds (P10, n = 84,132).

To assess whether differences between datasets are statistically significant, we compare parameter distributions for all cloud

tracks, P90, and P10 subsets. We apply Welch’s t-test, which may be more robust for unequal sample sizes (Derrick and White,

2016). For instance, we complement this with Cohen’s D to estimate the effect size as small (< 0.2), medium (0.2–0.5), or large

(higher than 0.8) (Cohen, 2013). The organisation indices show statistically significant differences across the three subsets,

with large effect sizes for SCAI, COP, and ROME. Here, the effect size is largest between all data and P10 (Figure 13, a–c).450

Cloud and core properties exhibit more nuanced differences. The cloud area shows the largest effect size between all data and

P10, while the CTH shows higher differences between all data and P90 (Figure 13, d, e). Compared to all cloud tracks, P90

clouds tend to be larger, with lower CTH, slightly shorter lifetimes, and slightly less, larger, and lower cores. P10 clouds are

smaller, with a higher CTH, shorter lifetimes, fewer cores, and a larger core area and lower core height than clouds in the full

dataset (Figure 13, d–i). For the number of cores, we find very low differences between all data and P90. As seen in Fig. 2,455

single-core clouds dominate the dataset. This skewness may affect statistics - in particular of data in P10 - which are heavily

weighted toward fewer cores. Core area is larger in P90 and P10, whereas core height is lower in P90 and P10. However, for

the core area, we observe only very small differences between the subsets (Figure 13, f–i).

While we detect statistically significant differences between percentile-based subsets and the dataset with all cloud tracks,

the effect sizes for cloud and core properties remain mostly small to moderate. Our results indicate that strong convective460

organisation (low SCAI, high COP and ROME) tends to co-occur with larger cloud and core areas, slightly less and lower
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Figure 13. Boxplot showing the distribution of the convective organistaion indices, cloud and core properties for the whole dataset (n =

354,073), the 10 % most organised clouds (P90, n = 84,132), and the 10 % least organised clouds (P10, n = 84,132). We show the distribution

of (a) the SCAI, (b) the COP, (c) the ROME, (d) the cloud area, (e) the CTH, (f) the cloud lifetime, (g) the number of cores, (h) the convective

core area, and (i) the core height. The boxplot contains the median (bold black lines) and the arithmetic mean (black diamonds). Annotations

depict the effect size measured by Cohen’s D and the p-value derived from Welch’s t-test (not significant (ns): p higher than 0.1, significant

with *: p < 0.1, **: p < 0.05, ***: p < 0.01).
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Table 6. Summary of differences between cloud and core properties for all cloud tracks against the percentile-based classification of weak

(P10) and strong (P90) convective organisation. The table contains the arithmetic mean of all properties for the three datasets. We show in

which direction the subset mean differs from all tracks (Direction) and the effect strength (Cohen’s D) for all tracks compared to P90 or P10.

All tracks P90 P10

Arithmetic mean Direction Arithmetic mean Cohen’s D Direction Arithmetic mean Cohen’s D

SCAI 0.331 - 0.198 large + 0.433 large

COP 0.334 + 0.449 large - 0.240 large

ROME 11858.977 + 24274.897 large - 4413.081 large

Cloud area 421.225 + 485.431 small - 223.537 medium

CTH 16.077 - 15.696 medium - 15.755 small

Cloud lifetime 4.119 - 3.691 small - 2.501 medium

Number of cores 1.774 - 1.740 small - 1.305 medium

Core area 44.976 + 50.074 small + 47.636 small

Core height 10.704 - 10.428 small - 10.266 small

cores, and slightly shorter lifetimes. The highest effect sizes may be found for the CTH, core height, and cloud lifetime. Weak

organisation (high SCAI, low COP and ROME) is associated with smaller clouds, lower CTH, fewer cores, a smaller core area,

lower core height, and shorter lifetimes. Here, we observe the highest effect sizes for the cloud area, number of cores, and

cloud lifetime (Table 6). These findings - and the differences between the two percentile-based subsets - suggest that different465

aspects of cloud and core morphology may contribute to the strength of convective organisation.

4.4.3 Spatial distribution of percentiles

To identify how convective organisation may be spatially distributed for each of the three organisation indices (SCAI, COP,

ROME), we filter the dataset of all cloud tracks by the percentiles (Q10, Q90) and we map the frequency of cloud occurrences

across the area of interest (AOI) between 30◦ N–30◦ S and 30◦ W – 30◦ E. The data is interpolated using a 3◦ × 3◦ grid and470

smoothed with a Gaussian filter (sigma = 0.5). In addition to the percentiles Q10 and Q90, we visualise the interquartile range

(IQR; 25th–75th percentile) for each organisation index. Frequency values (0–140 per grid cell) are colour-coded to represent

absolute counts.

As shown in Sects. 4.1 and 4.2, high SCAI values - indicating weak convective organisation - are typically concentrated

near the equator. In MAM, low SCAI values (Q10) occur over the equatorial Atlantic Ocean and land/sea areas south of 15◦475

S. High values (Q90) appear over equatorial Africa (0◦–15◦ N), especially in rainforest zones, and Cameroon. The IQR peaks

near the equator, particularly over the Ivory Coast, Guinea, Benin, Angola’s coast, and Lake Victoria (Figure 14, a–c). In boreal

summer, values shift north to 0◦–15◦ N, with SCAI Q10 regions over the Atlantic and coastal West Africa. High SCAI (Q90)

values occur in MAM over the Congo and Central African Republic. The IQR also shifts north in JJA, with hotspots over the
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West African plains, Jos Plateau, and Congo River basin (Figure 15, a–c). COP exhibits weaker spatial variability than SCAI or480

ROME. We detect clusters of low (Q10) COP near the equator in both seasons, over the Atlantic in MAM and across continental

Africa in JJA. For high values (Q90) in MAM, strong peaks are found along West and Central African coasts and offshore in

the Atlantic Ocean - many overlapping with regions of low COP, suggesting coexisting weak and strong organisation (Figure

14, d–f). In boreal summer, peaks of high COP (Q90) are concentrated over the Atlantic Ocean near Cape Verde and coastal

zones between Senegal and Sierra Leone. Secondary peaks appear inland across West Africa (Figure 15, d–f). The IQR aligns485

closely around the equator but shifts northward in JJA, with dominant peaks over Central Africa’s rainforest and minor peaks

across the West African plains (Figures 14 b, e, 15, b, e). ROME shows greater latitudinal variability than SCAI and COP. In

MAM, low values (Q10) values focus primarily along 15◦–30◦ W near the equator, and secondarily between 15◦ S–15◦ N.

High values (Q90) values are concentrated along the West African coast and between Cameroon and Gabon. IQR peaks are

dispersed over the equatorial rainforest and coastlines (Figure 14, g–i). In JJA, low ROME (Q10) clusters around the Congo490

River and more diffusely across continental Africa. Peaks for high values of ROME (Q90) appear over the Jos Plateau, Congo

River, and Atlantic. Like COP, ROME shows overlapping regions of weak and strong organisation over rainforests and oceans.

IQR values peak between 0◦–15◦ N and extend to coastal West Africa (Figure 15, g–i).

The spatial patterns of COP and ROME are closely aligned, with the 10th and 90th percentiles showing often spatial overlaps.

SCAI has an inverse pattern due to its opposing index scale: regions with high COP/ROME may correspond to low SCAI (and495

vice versa). This inverse relationship is evident throughout the period, with all three indices exhibit consistent spatial patterns.

The IQR maps, consistent across indices, reveal a northward shift of the indices which aligns with convective cloud occurrences

during boreal summer as depicted for the percentile-based subsets in Fig. 10.

4.4.4 Identifying hotspots of convective organisation

In contrast to the former analysis, we examine the spatial distribution for clouds in the two subsets (P90, P10) (Section 4).500

These subsets of the 10 % strongest (P90) and the 10 % weakest (P10) convective organisation may help to identify cumulative

hotspot regions averaged over the three indices. The data may allow us to analyse spatial patterns and temporal changes of

convective organisation across two seasons from boreal spring (March to May, MAM) to summer (June to August, JJA). The

occurrences are interpolated onto a 3◦ × 3◦ grid between 30◦ N–30◦ S and 30◦ W–30◦ E and smoothed using a Gaussian filter

with a kernel size of 0.5.505

In MAM, the highest proportion of strong convective organisation (P90) occurs over the Atlantic Ocean, with a notable

concentration near the equator and between 15◦ and 30◦ S. Additional hotspots are found along the West African coastlines,

the Gulf of Guinea. Moreover, we observe small peaks over the equatorial rainforest, Angola, and parts of the Sahel. Overall,

most of the data points for the 10 % strongest convective organisation during boreal spring are located south of the equator

(Figure 16, a). Weak convective organisation during MAM displays two primary clusters. The first is located over the equatorial510

Atlantic Ocean, particularly between 15◦ and 30◦ W. The second spans continental Africa, where more dispersed peaks emerge

between Cameroon and the Congo River. Across the belt from 15◦ N to 15◦ S, the frequency of the 10 % weakest convective

organisation is generally high (Figure 16, b). In boreal summer, the spatial distribution of strong convective organisation shifts
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Figure 14. Spatial distribution of the percentiles Q10, Q25–Q75, and Q90 for the convective organisation indices (a–c) SCAI, (d–f) COP,

and (g–i) ROME between March and May (MAM, n = 212,984). The values represent the frequency distribution interpolated on a 3◦ x 3◦

grid.
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Figure 15. Spatial distribution of the percentiles Q10, Q25 - Q75, and Q90 for the convective organisation indices (a–c) SCAI, (d–f) COP,

and (g–i) ROME between June and August (JJA, n = 141,089). The values represent the frequency distribution interpolated on a 3◦ x 3◦ grid.
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Figure 16. Spatial distribution of convective organisation based on an aggregation of the percentiles for SCAI, COP, and ROME in boreal

spring (MAM, upper row) and summer (JJA, lower row). Clouds are grouped as the (a) & (c) strong organised or (b) & (d) weak organised

using Q10 lowest (SCAI) or Q90 (COP, ROME). The values represent the frequency distribution interpolated on a 3◦ x 3◦ grid.

northward. Regions with a frequent occurrence of strong convective organisation emerge over the Atlantic Ocean and become

more widespread across the West African plains, including areas around the Niger and Congo rivers (Figure 16, c). Weak515

organisation, on the other hand, is concentrated primarily over continental Africa, especially between 15◦ and 30◦ E, with a

peak located just north of the Congo River (Figure 16, d).

As suggested in Sect. 4.4.3, we observe overlapping regions of weak and strong convective organisation throughout the

period. In MAM, this overlap is evident over both ocean and land, whereas in JJA, it is mainly confined to continental Africa.

Overall, cloud occurrences and spatial patterns suggest a shift between MAM and JJA which is consistent to the imbalance be-520

tween cloud tracks over land and ocean observed in Fig. 11. In boreal spring, strong convective organisation is more frequently

observed over the ocean, while weak organisation is distributed across both land and sea. By boreal summer, strong organisa-

tion becomes more prominent over land, and weak organisation is largely confined to the African continent. This migration of

convective hotspots appears consistent with the northward movement of the ITCZ, as described in Atiah et al. (2023).

31

3 Results

113



5 Discussion525

5.1 Summary of key findings

Our analysis reveals that convective cloud occurrence and convective organisation vary considerably across both space and

time. While the study spans only six months and does not provide a full climatology, the results highlight spatial and temporal

changes of convective organisation during the period. Notably, the frequency of the 10 % strongest convective organisation

increases during the boreal summer months (June to August, JJA), particularly north of the equator (Figure 11, Figure 16, c–d).530

In boreal spring (March to May, MAM), it may occur more frequently south of the equator (Figure 16, a–b). Between March

and May, we observe a higher concentration of strongly organised convection over the Atlantic Ocean, primarily between 0◦

and 30◦ S. This peak shifts northward to between 0◦ and 15◦ N in JJA, with additional hotspots appearing over the equatorial

rainforest and West Africa. Meanwhile, weakly organised convection tends to dominate over the Atlantic Ocean in boreal spring

and shifts to continental Africa in JJA. These findings suggest a broader northward movement of convective cloud occurrences535

throughout the study period (Section 4.2, Section 4.4).

Correlations between convective organisation indices (SCAI, COP, ROME) and cloud/core properties suggest generally

weak to medium relationships for all cloud tracks. SCAI is negatively correlated to the properties, except for the CTH and

core height, while COP and ROME show positive correlations except for the core area. In all cases, the coefficients remain

below 0.3 (Section 4.2). These correlations partly change for the 10 % strongest and 10 % weakest convective organisation.540

Within these subsets, we find the highest corelation coefficient between SCAI and the CTH for clouds with a strong convective

organisation. However, the relationships between the cloud and core properties remain similar over all subsets (Section 4.4.2).

In contrast, we observe pronounced changes in both the indices and the associated cloud characteristics along the period and

across the AOI. These changes reflect a high variability for average values, though the correlation strength remains limited

(Section 4.3). The distribution of cloud and core properties within identified hotspot regions differ from those observed in the545

full dataset of all cloud tracks. We analyse the effect size using Cohen’s D to reveal how organisation strength may influence

cloud characteristics. Compared to all cloud tracks, the cloud systems of the 10 % strongest organisation tend to have larger

cloud and core areas, a lower CTH and core height, a shorter lifetime, and a lower number of convective cores. In contrast,

weaker convective organisation may be typically associated with smaller clouds and larger cores, fewer cores, shorter lifetimes,

and lower vertical extent. Strong convective organisation differs the most from all cloud tracks regarding the CTH and from550

weak organisation regarding the cloud lifetime. Between weak convective organisation and all cloud tracks, we identify the

cloud area to have the highest effect size (Section 4.4.2). Hence, the cloud area appears to be more important to identify weak

convective organisation, whereas strong convective organistaion may be stronger driven by the CTH. Despite these differences

in the distribution of cloud and core properties, we detect partly the same direction for correlations in case of strong and weak

convective organisation, highlighting the complexity of involved processes.555
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5.2 Spatio-temporal drivers of organisation

Our results show that convective organisation tends to be stronger for cloud properties typically associated with large convective

systems containing multiple core regions, such as MCSs (Stubenrauch et al., 2023). In line with Brüning and Tost (2025), we

observe that cloud area, lifetime, cloud top height (CTH), core area, and core height all grow with the number of convective

cores (Figure 12). While multiple cores may enhance cloud longevity, promote cloud area growth, and strengthen vertical560

updrafts, the number of cores may also be a key factor in determining the strength of convective organisation. Interestingly,

our findings contrast with Takahashi et al. (2017), as we observe stronger convective organisation - reflected in higher COP

and ROME values and lower SCAI values - more frequently over the ocean. Over continental Africa, spatial patches of weak

convective organisation appear in both seasons (Section 4.2, Section 4.4.4). However, the difference between land and ocean

remain small and may partly stem from an uneven distribution of cloud tracks (Figure 2).565

Spatial patterns of convective hotspots show differences over land and ocean. Around the equator, we observe a great share

of cloud systems with a weak and strong organisation. This spatial overlap occurs between March–May, in particular over the

ocean, and between June–August, especially over continental Africa (Section 4.4.4). Overall, the distribution of convective or-

ganisation varies notably between hemispheres and between equatorial and tropical zones (Section 4.3). These differences may

be driven by a mix of local surface features (Vondou, 2012), monsoonal dynamics (Futyan and Genio, 2007), and topographic570

influences such as katabatic flows (Nicholson, 2018). Although our study reveals distinct geographical patterns, isolating the

role of topography will require more targeted analysis.

We also detect a link between convective core occurrence and organisation that may follow the northward migration of the

ITCZ in boreal summer. As the ITCZ shifts, it may alter regional circulation, surface energy balance, and moisture availability

— particularly influencing cloud development over the northern Sahel and southern Sahara, as observed by, e.g., the spatial575

distribution of SCAI between June and August (Section 4.4.3). These changes may be associated with increased humidity,

reduced subtropical subsidence, and deeper ascent within the tropical rainbelt (Fontaine and Philippon, 2000). Together with

strengthened meridional pressure gradients (Lavaysse et al., 2009), they may contribute to the occurrence of large convective

systems with multiple cores. This observation may be reflected in our results as a northward displacement of convective clouds

and an increase in cloud area, core area, and core number over continental Africa in July and August (Section 4.2, Section580

4.3). While our findings highlight the variability of convective organisation, the limited six-month time frame prevents a

climatological interpretation. Extending this analysis across multiple years may provide deeper insights into the annual cycle

of convective organisation and help refine operational forecasting and early-warning systems (Pendergrass, 2020).

5.3 Uncertainties and limitations

Our analysis may offer additional insights into the spatio-temporal distribution of convective organisation in the tropics. How-585

ever, overall statistical relationships between convective organisation indices and cloud properties remain weak as we observe

mostly small to medium effect sizes and low to moderate correlation coefficients (Section 4.2, Section 4.4.2). They highlight

the complexity of quantifying convective organisation across space and time. Although our study may help to map patterns
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of convective organisation across the AOI, gaining a deeper understanding of the underlying processes may require incorpo-

rating additional cloud parameters — such as cloud radiative properties - or associated precipitation rates (e.g., Stauffer and590

Wing (2024); Stubenrauch et al. (2023)). Moreover, addressing the imbalance between land and ocean cloud occurrences could

strengthen the robustness of our findings. Currently, the cloud track distribution is skewed, with a heavy concentration near the

equator. Notably, all indices indicate overlapping occurrences of both weak and strong organisation within the same regions —

particularly over the Atlantic Ocean and continental Africa in boreal spring, and over the Congo River basin in summer. These

spatial overlaps may obscure clearer statistical signals (Section 4.4).595

Our dataset describes the three-dimensional structure of the tracked clouds, which may enable segmentation of cloud and

core regions across horizontal and vertical dimensions at each point in time. Still, it is constrained by the performance of the ML

model and the underlying tracking algorithm. Based on evaluations from Brüning et al. (2024) and Brüning and Tost (2025),

the ML-predicted radar reflectivities exhibit a mean error of 2.99 dBZ. While suitable for building contiguous 3D cloud fields,

the predictions struggle to accurately represent shallow cumulus and cirrus clouds — limitations inherited from the CloudSat600

CPR (Sassen and Wang, 2008). Incorporating higher-resolution satellite data or ground-based radar could enhance prediction

accuracy. Other sources of uncertainty include the chosen thresholds for the detection algorithm and the skewed distributions

underlying our percentile-based classifications of convective organisation. The indices themselves are sensitive to cloud object

count (SCAI) or area (COP, ROME), which may affect spatial patterns, especially since equatorial convective clouds tend to be

smaller and more frequent than those near the tropics (Section 2.5, Section 3.1). Additional uncertainties involve the influence605

of the terrain on cloud organisation (Biagioli and Tompkins, 2023). Future research could benefit from using combined indices

or integrating temporal and spatial factors into a unified metric for 3D data. Our current method uses a moving-window,

grid-based approach (Section 3.2), differing from past studies that partitioned the AOI into equal-area subsets (e.g., Tobin

et al. (2012); Stubenrauch et al. (2023); Retsch et al. (2020)). While a moving window may reduce noise from small-scale

fluctuations, its kernel size is manually chosen. To address this, we plan to explore unsupervised clustering techniques such as610

the Density Based Spatial Clustering of Applications with Noise (DBSCAN) (Ester et al., 1996) or the extended Hierarchical

Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) (Campello et al., 2013) as a more data-driven

alternative. Zuo et al. (2022) successfully applied DBSCAN to identify cloud clusters in 3D radar data, while Kim et al. (2023)

used the approach to derive precipitation probabilities from geostationary satellites. In future work, we aim to test whether

such algorithms may reliably quantify convective organisation across space and time.615

6 Conclusions

This study explores the spatial and temporal patterns of convective organisation in tropical West Africa using ML-based 3D

radar reflectivities. We focus on the relationship between convective organisation, cloud structure, and core properties, using

three organisation indices to statistically identify regional hotspots through a percentile-based classification.

Our analysis reveals that convective organisation tends to be slightly stronger over the ocean. However, differences between620

the indices over different surface types and along the period remain low and average around 10–15 %. We observe a consid-
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erable spatial variability and a temporal shift in the distribution of strong convective organisation which appears linked to the

northward migration of the ITCZ. From March to August, COP and ROME values increase while SCAI decreases, especially

in the northern hemisphere, indicating an enhanced spatial clustering of convective clouds. Our regional analysis shows that

the most cloud systems with a strong convective organisation during boreal spring (March–May) are concentrated over the625

Atlantic Ocean and coastal West Africa, predominantly in the southern hemisphere. In boreal summer (June–August), these

hotspots shift inland toward the equatorial rainforest, West African Plains, and Sahel region. Notably, both weak and strong

convective organisation frequently co-occur in the same regions, complicating statistical interpretation and underscoring the

complexity of convective systems.

While correlations between organisation indices and cloud or core properties are generally weak to moderate, we observe that630

clouds with the 10 % strongest convective organisation tend to have larger cloud areas, lower cloud top and core heights, and

more less but larger cores than the average cloud trajectory. In contrast, the 10 % weakest convective organisation are associated

with smaller cloud areas, shorter lifetimes, fewer but larger cores, and a lower cloud and core height. Differences in CTH appear

to be the most important for identifying cases of strong convective organisation. In contrast, the cloud area, cloud lifetime and

number of cores appear to be a driver of weak convective organisation. Despite these findings, observed relationships and635

spatial patterns vary notably across the indices. The indices themselves often yield opposing results, reflecting their individual

sensitivities and limitations. This variability is further influenced by the characteristics of the ML-based dataset. As the current

study relies on 2D indices, developing a 3D organisation metric could provide a more accurate and holistic view. In summary,

our findings highlight substantial variability in convective organisation across time and space. Given its influence on extreme

weather, understanding these variations - and the mechanisms behind them - is crucial for improving climate risk assessments640

and forecasting capabilities in West Africa and beyond.
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4 Conclusions and outlook

This section contains a summary of the presented thesis and an outlook on future potentials

and challenges. Overall, the project explores how ML techniques can address open questions in

atmospheric sciences, focusing specifically on improving the representation of convective clouds.

Modern ML algorithms, combined with large volumes of satellite data, are used to enhance our

understanding of convective cloud development and their 3D characteristics. Currently, vertically

resolved cloud properties are mainly obtained from active sensors on polar-orbiting satellites like

the CloudSat CPR, which suffer from limited spatial and temporal coverage. In contrast, passive

instruments, such as MSG SEVIRI, offer high-resolution observations across a broad domain but

lack vertical detail. Since clouds are dynamic phenomena, an accurate depiction of their evolution

— both horizontally and vertically — is essential for advancing a physical processes understanding

(e.g., Seneviratne et al., 2012; Dubovik et al., 2021; Beucler et al., 2024).

Summary

To address its objectives, this thesis integrates 2D satellite datasets, creating a synergistic view

that supports deeper insights into the representation and variability of convective clouds. ML-

based predictions are used to identify convective cloud and core regions, which are linked over time

into trajectories. These data reveal key features of cloud development, advancing our perspective

on the relationship between 3D cloud structure and spatial organisation.

Section 3.2 deals with the first objective and introduces a simple ML architecture — a 2D Res-

UNet — that maps geostationary MSG SEVIRI data to the vertically resolved observations of the

CloudSat CPR. The model reconstructs vertical cross-sections and extrapolates them into 3D radar

reflectivity images across nearly the entire MSG SEVIRI disk. Due to the limited swath and revisit

times of CloudSat, only about 10 % of the predicted pixels can be validated. Despite this, the

model effectively reconstructs vertical cloud structures and hydrometeor locations, achieving an

average RMSE of 3.05 dBZ within a reflectivity range of -25 to 20 dBZ. This performance is on par

with generative DL models (Leinonen et al., 2019) but offers spatial continuity in three dimensions.

The Res-UNet outperforms the linear regression and random forest models in both accuracy and

spatial coherence. By combining the high resolution of MSG SEVIRI with vertical information

from CloudSat, the ML approach significantly expands the availability of vertically resolved cloud

profiles. Although this study focuses on Africa, Europe, and the Atlantic Ocean, the method is

transferable to other regions and satellite systems (e.g., NASA’s GOES over the Americas) or to

other applications like aerosol tracking. Harmonising datasets could lead to globally available -

and thus highly valuable - resources for the broader scientific community. Nonetheless, questions

remain regarding the physical consistency and interpretability of ML models (e.g., Beucler et al.,

2021; Gentine et al., 2018). Overall, the results demonstrate the potential to extract insights from

complex, large-scale atmospheric datasets even for ML models with a relatively simple architecture,

such as the UNet (Reichstein et al., 2019).

Section 3.3 addresses the second objective which is to examine the relationship between 3D cloud

structures, convective cores, and cloud life-cycle, using the radar reflectivity output from Sect.

3.2. An object-based detection algorithm identifies and tracks convective clouds and their cores

over time. While the ML model covers a domain of 60◦ N–S by 60◦ E–W, analysis focuses on
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tropical convection within a 30◦ N–S by 30◦ E–W region. Using six months of data (March–

August 2019), the study reproduces known convective cloud characteristics — such as the differing

diurnal cycles of land and ocean convection and the prevalence of short-lived, single-cell clouds

(e.g., Chen and Houze, 1997; Takahashi et al., 2023; Jones et al., 2024). The findings suggest

that a higher number of cores is linked to larger, deeper, and longer-lived cloud systems, possibly

indicating feedback mechanisms like self-sustaining convection (e.g, Deng et al., 2016; Hartmann et

al., 2018). Generated cloud trajectories offer simultaneous vertical and horizontal information over

time, enabling new insights — particularly over data sparse remote oceanic regions. However, land-

sea differences in this domain are less pronounced than expected. A more extended climatological

analysis and validation of object-based methodologies inherently connected to a subjectivity of

chosen thresholds would strengthen these results.

Section 3.4 sheds a light on the third objective and applies a percentile-based approach to quan-

tify the spatial and temporal distribution of convective organisation across the tropics. Using the

cloud tracks obtained from Sect. 3.3 (March–August 2019, 30◦ N–S × 30◦ E–W), the study aims

to reveal “hotspot regions” of strong or weak convective organisation. Analysing the relationship

between three established organisation indices and the previously extracted cloud and core proper-

ties emphasises how stronger organisation is typically associated with larger cloud areas, lower tops

and core heights, and shorter lifetimes, while weaker organisation corresponds to smaller clouds

with fewer cores. These results align with known traits of MCSs in the tropics (Stubenrauch et al.,

2023). Moreover, the 3D dataset offers unique insights into both horizontal and vertical drivers of

organisation. Seasonal variations show a shift in convective hotspots — from the Gulf of Guinea

and the southern Atlantic in spring to West Africa and the equatorial rainforest in summer —

possibly linked to the northward migration of the ITCZ (Stephens et al., 2024). However, overlaps

between strong and weak organisation patterns may blur the statistics. The study concludes that

long-term datasets and adaptive indices that incorporate 3D cloud structures are essential for a

robust assessment of convective organisation.

To summarise, this thesis reveals that a further integration of ML models offers a novel perspective

on cloud behavior and with this, may bring added value to the research community. The evaluation

of predicted data and subsequent applications in this work highlight the possibility to derive deeper

insights on convective cloud dynamics, which is of uttermost importance for an accurate assessment

of their hazard potential. Despite remarkable potentials, the usage of ML comes along noteworthy

limitations and uncertainties - in particular regarding the feasibility of state-of-the-art approaches.

The robustness of the output is inherently connected to the quality of the input, which is reflected

in this work, e.g., by an insufficient representation of ice clouds passed on from the CloudSat CPR.

The model architecture and training design are crucial for deriving meaningful results (e.g, Ebert-

Uphoff and Hilburn, 2020; Sarker, 2021). Although the integration of ML and DL in atmospheric

and climate sciences is currently at an early stage, the approaches may help to address data

gaps and improve cloud coverage compared to using observational data alone. By uncovering

complex patterns and dynamics, ML-based analyses can potentially reduce uncertainty in weather

forecasting and climate risk assessments (Rolnick et al., 2022). Hence, the findings demonstrate

the value of even simple ML architectures in enhancing our understanding of convective processes

and suggest promising avenues for further research.
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4 Conclusions and outlook

Outlook

The ML framework developed in this thesis enables a contiguous prediction of 3D cloud fields from

2D satellite data, providing valuable insights into both the horizontal and vertical distribution of

cloud properties. Despite some limitations — such as the under-representation of ice clouds, or the

blurring introduced by the chosen loss function — the framework captures the evolution of cloud

properties across a wide domain spanning the tropics, subtropics, and mid-latitudes.

Subsequent analyses include identifying distinct life-cycle stages and associated physical changes.

While the thesis focuses on convective cloud development in the tropics, the data itself is neither

limited to convective clouds or the chosen domain. Potential applications further include identifying

different convective regimes or tracking of tropical cyclones (McGovern et al., 2023). Moreover, the

data may provide suitable information to analyse the evolution of various cloud types and assessing

rain rates in connection with 3D cloud properties. Such applications may enhance understanding

of cloud formation, support climate modeling, and aid in mitigating severe weather impacts. The

data can also serve as observational constraints for validating high-resolution atmospheric models.

Currently, the ML model uses geostationary satellite input images to reconstruct vertical cross-

sections from CloudSat CPR and generate 3D cloud fields. It serves as a compelling example of how

ML can integrate the strengths of multiple datasets while addressing their individual limitations.

Although designed for MSG SEVIRI and CloudSat, the framework’s flexible architecture can be

adapted to other 2D multi-sensor datasets to produce synergistic outputs. For instance, Ceamanos

et al. (2021) showcase how a combination of five geostationary satellites (the so-called GEO-Ring)

may induce a simultaneous full globe coverage - together with the framework introduced in this

thesis, global predictions of 3D cloud fields may become feasible.

Looking ahead, the robustness of the results could be enhanced using data from next-generation

geostationary satellites with a higher native resolution, like EUMETSAT’s Meteosat Third Genera-

tion (MTG) (Holmlund et al., 2021). The ML model may also be extended to predict vertical-profile

datasets such as attenuated backscatter from the Cloud-Aerosol Lidar and Infrared Pathfinder

Satellite Observations (CALIPSO) satellite (Winker et al., 2007). Further opportunities lie in in-

tegrating data from EarthCARE, a mission equipped with multiple active and passive instruments

that succeeds CALIPSO and CloudSat. EarthCARE promises deeper insights into clouds, aerosols,

precipitation, and radiative fluxes (Illingworth et al., 2015), including an improved retrieval of

cloud-scale updrafts. A dataset combining EarthCARE and MTG, built using the approach pre-

sented here, may offer exciting avenues to enhance the accuracy and applicability of the framework.

Such integration of ML methods can hold great promise for advancing scientific understanding and

achieving an improved representation of Earth system processes (Beucler et al., 2023).

The findings illustrate that even relatively simple ML architectures can extract meaningful patterns

from complex or sparse datasets, as shown in the analyses in Sects. 3.3 and 3.4. Still, advanced

architectures could further improve cloud representation. For example, Girtsou et al. (2025) have

built upon this work by applying self-supervised learning with Masked Autoencoders and Vision

Transformer backbones to reconstruct 3D cloud structures, aiming towards a near real-time, global

representation. Feeding the data from such ML models into operational systems could substantially

enhance climate predictions, risk assessment, and decision-making capabilities in the future.
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List of Acronyms

List of Acronyms

2D Two-dimensional

3D Three-dimensional

AI Artificial intelligence

AIFS Artificial Intelligence Forecasting System

ANN/NN Artificial neural network

CALIPSO Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observations

CER Cloud effective radius

CMSAF Satellite Application Facility on Climate Monitoring

CNN Convolutional neural network

CPR Cloud profiling radar

CTH Cloud top height

CWP Cloud waterpath

DL Deep learning

ECMWF European Centre for Medium-Range Weather Forecasting

ESA European Space Agency

FCNN Fully connected neural network

GEO Geostationary earth orbit

GOES Geostationary Operational Environmental Satellite

GPT Generative pre-trained transformer

IPCC Intergovernmental Panel on Climate Change

IR Infrared

ITCZ Inter-Tropical Convergence Zone

LEO Low earth orbit

LiDAR Light Detection and Ranging

LLM Large language model

MCS Mesoscale convective system

ML Machine learning

MLP Multilayer perceptron

MODIS Moderate Resolution Imaging Spectroradiometer

MSG Meteosat Second Generation
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List of Acronyms

MTG Meteosat Third Generation

NASA National Aeronautics and Space Administration

NIR Near infrared

NLP Natural language processing

NOAA National Oceanic and Atmospheric Administration

radar radio detection and ranging

RCE Radiative-convective equilibrium

SEVIRI Spinning Enhanced Visible and InfraRed Imager

VIS Visible light
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